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Preface

In modern medical practice, patients are encouraged to actively participate in all decisions

affecting their treatment, quality of life, and livelihood. However, patients are rarely qualified or

confident enough to participate in all phases of decision-making about their treatment. Appropriate

medical decision-making is at the heart of evidence-based medicine. It integrates the expertise of

healthcare professionals with the patient’s preferences and value system, as well as the best possible

interpretation of medical information, to effectively guide medical decisions in clinical practice.

Recent advances in artificial intelligence, data science and statistics can improve the quality of medical

decisions and increase public confidence in the value of proposed medical solutions.

Our Special Issue features articles that explore how artificial intelligence, data science, and

statistics come together to improve medical decision-making. We offer a collection of eleven research

works that discuss advances in data analysis and risk management in medical treatment decisions,

applications of artificial intelligence methods, modelling and simulation in medical decision-making,

and policy development for better evidence-based practices and services. Each article addresses

unique aspects of improving medical decision-making through intelligent methods and data analysis.

Collectively, these works exemplify the translational potential of advanced decision methodologies to

deliver safer, more equitable, and evidence-informed clinical care. The contributions of these works

reflect the diversity and richness of current research, focusing on topics ranging from improving

diagnostics using artificial intelligence, through fuzzy data analysis for better medical care, to

exploring drug side effects and improving personalized healthcare cases and decision-making.

Kiril Tenekedjiev and Mike Calford

Guest Editors
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Editorial

Exploring Computational Methods to Advance Clinical
Decision Making

Kiril Tenekedjiev 1,2,* and Mike Calford 3,4

1 Australian Maritime College (AMC), University of Tasmania (UTAS), Launceston, TAS 7248, Australia
2 School of Computer Science, Faculty of Social, Business and Computer Sciences, Varna Free University

“Chernorizets Hrabar”, Varna 9007, Bulgaria
3 Hunter Medical Research Institute, Locked Bag 1000, New Lambton Heights, NSW 2305, Australia;

mike.calford@anu.edu.au
4 School of Medicine and Psychology, Australian National University, Canberra, ACT 2601, Australia
* Correspondence: kiril.tenekedjiev@fulbrightmail.org

The papers comprising our Special Issue on advanced decision making in clinical
medicine (which is part of the series in applied bioscience and bioengineering) were con-
ceived and written during a most challenging time for medical science and its delivery—the
COVID-19 pandemic. Particularly in the pre-vaccine period, terms and concepts which are
normally reserved for specialist journals were, for the first time, the parlance of the daily
news. Public health officials and practitioners were called on to explain their technical
frameworks and jargon to a wide audience. For most, it was a revelation to learn of the
highly mathematical nature of modern medical practice. For many, this was reassuring,
and for others, the message was foreign and fueled distrust.

Recent developments in artificial intelligence, data science, and statistics, however,
have the potential to enhance the quality of medical decision making and bolster public
confidence in the value of the offered solutions. There is a communication gap that is as
much the responsibility of scientists and practitioners as it is of the media and politicians.

The landscape of clinical decision making is transforming, driven by the convergence
of data science, systems engineering, cognitive analytics, and machine learning. As the com-
plexity and volume of patient data expand thanks to genomic, imaging, sensor-derived, and
electronic health record sources, the demand for robust, explicable, and adaptive decision-
support tools has intensified. The challenge to combine, for the best effect, the knowledge
of healthcare professionals (both frontline and their scientist and technical colleagues) with
patient preferences, values and risk tolerance, has never been more pressing.

The role of decision theory and probabilistic reasoning has re-emerged in clinical
contexts. Shared decision making frameworks, supported by Bayesian models and utilities
elicited from patients, are facilitating more personalized and ethically grounded treatment
choices [1]. Simulation-based methods have also gained traction. Studies apply agent-based
models, system dynamics, and discrete-event simulations to optimize clinical pathways
and resource allocation, especially in critical care and pandemic response scenarios [2].

Decision support also requires understanding causality. Advances in causal inference
from observational data—through frameworks such as counterfactual reasoning [3], tar-
geted maximum likelihood estimation (TMLE), and instrumental variable methods—enable
clinicians to assess treatment effects more robustly in the absence of randomized trials [4].

Recent research has progressed to embed artificial intelligence (AI) in diagnostic and
prognostic workflows. For example, ref. [5] demonstrated the potential of deep learning to
match or exceed dermatologist-level accuracy in skin cancer classification. The study [6]

Appl. Sci. 2025, 15, 5636 https://doi.org/10.3390/app15105636
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advocated for a human-centered AI approach that enhances clinician judgment rather
than replacing it. At the same time, explainable AI (XAI) approaches, as outlined in [7],
have emerged as critical tools to improve transparency and trust in clinical environments,
particularly in high-stakes decisions.

Another trend is the use of reinforcement learning (RL) as a decision-theoretic frame-
work for sequential treatment planning, especially in chronic and critical care. The study
referenced in [8] demonstrated how off-policy RL could recommend vasopressor and fluid
management strategies for septic patients in the ICU, often aligning with expert decisions.
Building on this, ref. [9] highlighted the challenges of implementing RL in healthcare,
considering aspects of safety, fairness, and interpretability.

In this Special Issue we present state-of-the-art contributions that examine how arti-
ficial intelligence, data science, and statistics can improve and enhance effective medical
decision making and evidence-based medicine. We curated a collection of studies that
address innovative procedures in evidence-based medicine, data analytics advances and
risk management in medical treatment decisions, applications of artificial intelligence meth-
ods, modeling and simulation in medical decision making, as well as policy development
for better evidence-based practices and services. Collectively, these works exemplify the
translational potential of advanced decision methodologies to deliver safer, more equitable,
and evidence-informed clinical care. We strongly encouraged articles from interdisci-
plinary teams that include medical professionals, researchers, clinicians, data scientists,
and AI experts.

There are eleven state-of-the-art research articles in this Special Issue that are pertinent
to the issues covered. Each paper addresses unique aspects of the enhancement of medical
decision making through intelligent methods and data analysis. The contributions made
by these studies reflect the variety and richness of current research, focusing on topics
ranging from improved diagnostics using AI, through fuzzy data analysis for improved
medical treatment, to exploration of adverse drug reactions and improved personalized
health case and decision making. In the following paragraphs, we shortly describe the
articles included in this Special Issue.

Early or timely detection of serious medical conditions is an area where machine
learning can considerably improve efficiency of medical care and patient outcomes. The
work of Naeem Ullah, Javed Ali Khan, Mohammad Sohail Khan, Wahab Khan, Izaz
Hassan, Marwa Obayya, Noha Negm and Ahmed S. Salama, titled An Effective Approach
to Detect and Identify Brain Tumors Using Transfer Learning [10], explores the use of pre-
trained deep transfer learning (TL) for the detection and recognition of the three types
of brain tumors—gliomas, meningiomas, and pituitary tumors. The latter are among the
most critical, widespread, and life-threatening illnesses worldwide. More specifically, they
assess the performance of nine pre-trained TL classifiers by automatically identifying and
classifying brain tumors using a detailed classification method. The TL algorithms are
tested on a baseline brain tumor classification (MRI) dataset, which is freely accessible
on Kaggle. The deep learning (DL) models are fine-tuned using their default parameters.
The authors find that the inceptionresnetv2 TL algorithm yields the best performance
and achieves the highest accuracy in detecting and classifying glioma, meningioma, and
pituitary brain tumors, thereby ranking as the top classification algorithm, surpassing the
other DL algorithms. The authors also verify their results through comparison with hybrid
methods, where they employ convolutional neural networks (CNNs) for deep feature
extraction and a support vector machine (SVM) for classification.

Another study that deals with improved detection of serious medical conditions
is by Andressa C. M. da Silveira, Álvaro Sobrinho, Leandro Dias da Silva, Evandro de
Barros Costa, Maria Eliete Pinheiro and Angelo Perkusich, titled Exploring Early Predic-
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tion of Chronic Kidney Disease Using Machine Learning Algorithms for Small and Imbalanced
Datasets [11]. The authors discuss chronic kidney disease (CKD), which is recognized as
a global public health challenge, and is typically identified during the later stages of the
condition due to imbalanced and small datasets. The work uses medical record data about
Brazilians with and without a CKD diagnosis, which includes attributes such as hyperten-
sion, diabetes mellitus, creatinine levels, urea, albuminuria, age, gender, and glomerular
filtration rate. They then apply oversampling methods with both manual and automated
augmentation techniques, such as the synthetic minority oversampling technique (SMOTE),
borderline-SMOTE, and borderline-SMOTE support vector machine (borderline-SMOTE
SVM). Modeling is performed using decision trees (DTs), random forests, and multi-class
AdaBoosted DT algorithms. The authors also apply methods for dynamic classifier se-
lection, such as overall local accuracy and local class accuracy. For dynamic ensemble
selection, they use k-nearest oracles-union, k-nearest oracles-eliminate, and META-DES.
The performance of the models is assessed using hold-out validation, multiple stratified
cross-validation (CV), and nested CV. The authors show superior accuracy for the decision
tree model accuracy through manual augmentation and SMOTE. The outcomes of this
work can contribute to the development of systems aimed at the early detection of CKD,
particularly when dealing with imbalanced and limited datasets.

A third related work in this Special Issue addresses the use of artificial intelligence (AI)
in the healthcare sector—the work of Saleem Ameen, Ming-Chao Wong, Kwang-Chien Yee
and Paul Turner, titled AI and Clinical Decision Making: The Limitations and Risks of Computa-
tional Reductionism in Bowel Cancer Screening [12]. While AI techniques are often praised as
enhancers of precision, safety, and quality of clinical decisions, treatments, and patient care,
they depend on reductive reasoning and computational determinism that incorporate prob-
lematic assumptions regarding clinical decision making and practice. They tend to simplify
the autonomy, expertise, and judgment of clinicians to inputs and outputs that are framed
as binary or multi-class classification challenges measured against a clinician’s ability to
identify or predict disease conditions. The authors investigate this reductive reasoning
within AI systems for colorectal cancer (CRC) to underscore their limitations and dangers.
Those refer to the issues caused by intrinsic biases found in retrospective training datasets
and the embedded assumptions present in fundamental AI architectures and algorithms.
They also relate to the inadequate and limited evaluations performed on AI systems before
their integration into clinical practice. Another limitation is the underrepresentation of
socio-technical factors concerning the context-specific interactions between clinicians, their
patients, and the wider healthcare system. As a result, the authors recommend that to
maximize the advantages of AI systems and prevent adverse unintended effects on clinical
decision making and patient care, it is essential to adopt more nuanced and balanced
approaches to the deployment and evaluation of AI systems in CRC.

Two of the works in the Special Issue explore diagnostics techniques of adverse
drug reactions.

The first work is by Jianxiang Wei, Lu Cheng, Pu Han, Yunxia Zhu and Weidong
Huang, titled Decision Tree-Based Data Stratification Method for the Minimization of
the Masking Effect in Adverse Drug Reaction Signal Detection [13]. They posit that data
masking is an inherent flaw in the measures of disproportionality used for detecting signals
in adverse drug reactions (ADRs). They introduce a decision tree stratification approach to
reduce the masking effect by incorporating both patient- and drug-related factors. They
utilize adverse drug reaction monitoring records from the Jiangsu Province in China from
2011 to 2018. The authors define the age divisions for antibiotic-related data and perform
correlation analysis on the gender and age of patients in relation to the properties of drug
categories. They then develop a decision tree using the J48 algorithm, which classified
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whether drugs were categorized as antibiotics based on age and gender. They also introduce
performance evaluation metrics such as recall, precision, and F score (the harmonic mean
of recall and precision). Using four experiments (based on the proportional reporting
ratio methodology: non-stratification, gender-stratification, age-stratification, and decision
tree stratification), the authors show that decision tree stratification outperformed the
other three approaches, and the data-masking effect can be further reduced by thoroughly
considering confounding factors related to both patients and drugs.

The second work is by Jianxiang Wei, Jimin Dai, Yingya Zhao, Pu Han, Yunxia Zhu
and Weidong Huang, titled Application of Association Rules Analysis in Mining Adverse Drug
Reaction Signals [14]. The authors emphasize the use of spontaneous reporting systems
(SRSs) as a key method for tracking ADRs that occur during clinical drug use. To detect
signals for ADRs, researchers often use disproportionality analysis (DPA) and do not
incorporate data mining techniques. Here, the authors rely again on the spontaneous
reports from Jiangsu Province, China for the period from 2011 to 2018 and apply association
rules analysis (ARA) to extract signals. For their analysis, they define crucial metrics for
ARA, e.g., confidence and lift, and develop performance evaluation indicators like precision,
recall, and F1 as objective benchmarks. The results show improvement of the F1 score
using the ARA method, representing a significant enhancement. To mitigate drug risks and
support decision making regarding drug safety, it is essential to integrate and utilize more
data mining techniques for ADR signal detection.

The study by Kiril Tenekedjiev, Daniela Panayotova, Mohamed Daboos, Snejana
Ivanova, Mark Symes, Plamen Panayotov and Natalia Nikolova, titled Quasi-Experimental
Design for Medical Studies with the Method of the Fuzzy Pseudo-Control Group [15], explores
the effect of interventions over a given parameter representing the medical condition of
patients. The authors propose a novel fuzzy quasi-experimental computational approach,
called the method of the fuzzy pseudo-control group (MFPCG), which addresses the limita-
tions of methods commonly used (e.g., the difference-in-differences (DID) method). The
method uses four fuzzy samples as input and statistically compares the favorability of the
differences in a continuous parameter before and after the intervention for the experimental
and the pseudo-control groups. MFPCG applies four modifications of fuzzy Bootstrap
procedures to perform each of the nine statistical tests. As a case study, the team explores a
dataset related to the effect of annuloplasty that acts in conjunction with revascularization
over two continuous parameters that characterize the condition of patients with ischemic
heart disease complicated by moderate and moderate-to-severe ischemic mitral regurgita-
tion. The statistical results proved the favorable effect of annuloplasty on two parameters,
both for patients with a relatively preserved medical state and patients with a relatively
deteriorated medical state. The results of the MFPCG are compared with those of a fuzzy
DID. The work discusses the limitations and adaptability of MFPCG, indicating that it is
not a technique competing with DID but instead should be used alongside it.

Artificial intelligence, machine learning, and data science are becoming commonplace
in data analysis and statistics. However, a versatile software tool tailored to the interactions
in small biomedical teams is often missing. Proprietary commercial software packages bear
inherent risks of abandonment or unpredictable company policies. Open-source software
libraries may require too much effort to use. In the work, titled Anatomy of a Data Science
Software Toolkit That Uses Machine Learning to Aid ‘Bench-to-Bedside’ Medical Research—With
Essential Concepts of Data Mining and Analysis Explained, the authors László Beinrohr, Eszter
Kail, Péter Piros, Erzsébet Tóth, Rita Fleiner and Krasimir Kolev [16] describe a toolkit to
address this problem. Their toolkit is designed from bottom to top with small teams in
mind, which allows individuals with very different expertise to work together with only
specific parts of the software dedicated to their expertise. The proposed approach is based
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on open-source components (existing modular Python platform libraries); thus, company
policy risks are alleviated. This paper also summarizes basic concepts in data science that
serve the structured data organization through a contemporary data analysis applied in
the described toolkit. The authors also show examples from their laboratory using blood
sample and blood clot data from thrombosis patients (suffering from stroke, heart and
peripheral thrombosis disease) and how such tools can help to set realistic expectations
and show caveats.

A different scope of exploration is offered by Andrzej Walczak, Paweł Moszczyński
and Paweł Krzesiński, in their work titled Evolution of Hemodynamic Parameters Simulated
by Means of Diffusion Models [17]. They explore the similarity between diffusion as a
physical concept in particle movement, heat transfer, etc., and the behavior of medical
data. They posit that changes in medical parameters recorded during patient treatment
can also be described using diffusion models. They view a patient medical condition by
a set of discrete values, and the progression of condition is represented as a transition of
continuously changing, temporal attributes from one discrete parameter value to another,
linked to given parameters. The capacity to forecast such diffusion-related characteristics
provides invaluable support in diagnostic decision making. The authors assess several
hundred patients to study how to stabilize their hemodynamic parameters and introduce
a diffusion model based on the simulation of treatment outcomes. As a case study, they
explore the time evolution of thoracic fluid content (TFC). They use the Fokker–Planck
equation (FPE) to verify that the diffusion phenomenon effectively accounts for the changes
observed in heart disease parameters.

The study by Joana Magalhães, Maria José Correia, Raquel M. Silva, Ana Cristina
Esteves, Artur Alves and Ana Sofia Duarte, titled Molecular Techniques and Target Selection
for the Identification of Candida spp. in Oral Samples [18], explores candidiasis and the ability
to avoid overuse of antifungal medications. The use of high-throughput technologies for
diagnosing yeast pathogens offers notable advantages in terms of sensitivity, precision, and
rapidity. While molecular techniques are the subject of considerable investigation, their
implementation in clinical practice faces significant obstacles. In their review, the authors
explore the pros and cons of existing molecular techniques used for identifying Candida
spp., particularly in the context of oral candidiasis. A discussion on their use for diagnosing
oral infections seeks to pinpoint the most rapid, cost-effective, precise, and user-friendly
molecular approaches suitable for point-of-care testing. The authors pay attention to the
challenges healthcare professionals must overcome to ensure an accurate diagnosis.

Another review by Daniela Gifu, titled Soft Sets Extensions: Innovating Healthcare Claims
Analysis [19], focuses on the development and use of soft sets and their various extensions
and how they are used in the analysis of healthcare claims data. They offer adaptable
frameworks for handling the uncertainty and indeterminacy that are characteristic of
healthcare claims data. The review traces the evolution of these mathematical tools and how
they have advanced healthcare research and improved data analysis techniques. Through
real-world illustrations, the author highlights the impact of these tools, emphasizing their
critical role in supporting informed decision making and facilitating knowledge discovery
within the healthcare sector. The author discussed several case studies to demonstrate
the practical usefulness of soft set extensions. The recommendations of this work are to
suggest incorporating soft sets and their extensions as a way to enhance the accuracy and
effectiveness of healthcare data analysis, leading to improved healthcare results.

In our Special Issue, we were able to accommodate a perspectives paper by Franco
Musio, titled The Critical Link in the Successful Application of Advanced Clinical Decision
Making—Revisiting the Physician–Patient Relationship from a Practical and Pragmatic
Perspective [20]. The author explores the rapidly growing field of advanced clinical
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decision making influenced by healthcare technologies and the new dimensions of how
physicians and patients interact to support medical treatment and shared decision making.
The discussion examines the models being researched and utilized in clinical decision
making, as well as the connections between physicians and patients, highlighting their
complex interactions. Moreover, both clinical decision making and the physician–patient
relationship exhibit dynamic, reciprocal relationships that work together in a synergistic
manner. The author presents innovative frameworks to clarify these intricate processes,
alongside real-life clinical examples. The author widely discusses that the physician–patient
relationship serves as a “filter” through which decision-making processes must navigate in
order to be executed.

We express our appreciation to the authors for their significant contributions and to
the reviewers for their thorough feedback, which allowed us to prepare a Special Issue of
such quality. We hope that this Special Issue will motivate future research and findings
in innovative data analytics for improved medical decision making, medical diagnostics,
and healthcare.
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and agreed to the published version of the manuscript.
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Abstract: Adverse drug reactions (ADRs) are increasingly becoming a serious public health problem.
Spontaneous reporting systems (SRSs) are an important way for many countries to monitor ADRs
produced in the clinical use of drugs, and they are the main data source for ADR signal detection.
The traditional signal detection methods are based on disproportionality analysis (DPA) and lack
the application of data mining technology. In this paper, we selected the spontaneous reports
from 2011 to 2018 in Jiangsu Province of China as the research data and used association rules
analysis (ARA) to mine signals. We defined some important metrics of the ARA according to
the two-dimensional contingency table of ADRs, such as Confidence and Lift, and constructed
performance evaluation indicators such as Precision, Recall, and F1 as objective standards. We
used experimental methods based on data to objectively determine the optimal thresholds of the
corresponding metrics, which, in the best case, are Confidence = 0.007 and Lift = 1. We obtained
the average performance of the method through 10-fold cross-validation. The experimental results
showed that F1 increased from 31.43% in the MHRA method to 40.38% in the ARA method; this
was a significant improvement. To reduce drug risk and provide decision making for drug safety,
more data mining methods need to be introduced and applied to ADR signal detection.

Keywords: association rule; data mining; adverse drug reaction; signal detection

1. Introduction

Adverse drug reaction (ADR) refers to an appreciably harmful or unpleasant reaction,
resulting from an intervention related to the use of a medicinal product, which predicts
hazards from future administration and warrants prevention, specific treatment, alteration
of the dosage regimen, or withdrawal of the product [1]. ADR is a common clinical
manifestation, and we must pay attention to the frequency of this potential injury. Because
it is related to morbidity and mortality, it may cause unnecessary economic loss, and, to a
certain extent, it harms the doctor–patient relationship [2]. Under normal circumstances,
it is difficult to detect all possible ADRs before the drug is marketed. After the drug is
marketed and put into use, we can detect more comprehensive ADRs through long-term
observation. To ensure the safety of medication for each patient and reduce ADRs, all
countries have established a spontaneous reporting system (SRS) to collect adverse drug
events (ADEs) as an essential data source for ADR signal detection. SRS has been defined
as an unsolicited communication by a healthcare professional or consumer to a company,
regulatory authority, or other organizations (e.g., the WHO, Regional Centre, Poison
Control Centre) that describe one or more ADRs in a patient who was given one or more
medicinal products and that does not derive from a study or any organized data collection
scheme.
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The traditional ADR signal detection method is mainly based on disproportionality
analysis (DPA). The proportional reporting ratio (PRR) method is the most basic signal
detection algorithm in the early stage [3–5]. On this basis, the British Medicines and
Healthcare Products Regulatory Agency (MHRA) combined the value of PRR with the
target drug, the target ADR report number, and the Pearson Chi-square value as a more
stable signal detection method, called the MHRA method [6]. At present, this method has
been widely used by the Pharmacovigilance Center in the Netherlands, the Drug ADR
Monitoring System in the United Kingdom, the Uppsala Monitoring Center of the World
Health Organization (WHO, UMC), and the Drug ADR Spontaneous Reporting System
in the United States [7]. However, the results of the MHRA method are easily affected
by spontaneous reports. Although the MHRA method is determined by three metrics
and the results are relatively stable and accurate, as the number of spontaneous reports
increases, the value calculated by the formula of the index will inevitably decrease as
the base increases due to the limitations of the metrics themselves. When the specified
thresholds remain unchanged, the sensitivity of the MHRA method will decrease.

As an important data mining method, association rules analysis (ARA) has been
introduced into signal detection to solve the problems of drug safety. Through research
on relevant papers, we found that (1) most of the researchers applied the ARA method
to specific drugs and performed personalized analysis of the ADRs of some drugs. That
is to say, researchers rarely used SRS for many drugs and a larger range of studies to
detect ADR signals. (2) Most researchers used ARA as a preliminary screening tool for
the detection of ADR signals. By calculating the Support, Confidence, or other metrics of
each ADR combination, they filtered out the combinations that were not in the ideal range
and used other algorithms to further detect the ADR signals in the selected high-quality
combinations. This approach failed to tap the maximum potential of ARA, increased the
research cost of data mining, and complicated the experiment. (3) When using ARA to
filter data, only Support, Confidence, or other metrics were used as the screening criteria,
and the performance of the criteria were not evaluated. Therefore, it was difficult to
confirm whether the experimental results were the optimum.

In response to the above situation, we put forward our research hypothesis: firstly,
we tried to introduce SRS in ARA for a larger range of ADR signal detection. Secondly,
we believed that ARA cannot only be used as a preliminary screening tool for data; it
has the ability to do more work. Thus, we proposed using ARA to complete the whole
process of ADR signal detection, using Confidence and lift to finalize the ADR signals,
and using F1 and other indicators to objectively describe the detection performance of
ARA to ensure the best results. In order to verify that our research does make the ability
to mine ADR signals with ARA stronger than other methods, we also compared the ARA
method with the MHRA method to prove the reliability of the ARA.

This paper aims to fully utilize ARA to mine ADR signals, improve the accuracy of
ADR signal detection at a minimum cost, provide more reliable decision support for drug
safety, and strive to minimize the side effects of drugs used to improve health services
and health practices.

The remainder of this paper is organized as follows: related works are given in
Section 2. The process of the experiment and the explanation of the relevant theory
are formulated in Section 3. In Section 4, the experimental results are presented and
compared with other methods. The discussion about the advantages and limitations of
the ARA method proposed in this paper is in Section 5. Finally, the concluding remarks
are provided in Section 6.

2. Related Works

Based on the concept of strong rules, Rakesh Agrawal, Tomasz Imieliński, and Arun
Swami introduced association rules [8]. They used them to mine the rules between
products in large-scale transaction data recorded by supermarket point-of-sale systems.
Today, many ARA algorithms have been proposed. Apriori uses a breadth-first search
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strategy to count the Support of item sets and uses a candidate generation function
that exploits the downward closure property of Support [9]. Eclat (alt. ECLAT, stands
for Equivalence Class Transformation) is a depth-first search algorithm based on set
intersection. It is suitable for both sequential as well as parallel execution with locality-
enhancing properties [10–12]. The ASSOC procedure is a GUHA method that mines for
generalized association rules using fast bit string operations [13]. The association rules
mined by this method are more general than those output by Apriori, for example “items”
can be connected both with conjunction and disjunctions, and the relation between the
antecedent and consequent of the rule is not restricted to setting minimum Support and
Confidence as in Apriori: an arbitrary combination of supported interest measures can be
used.

ARA has a wide range of applications in many aspects, such as Web usage mining,
intrusion detection, continuous production, and bioinformatics. The research in this
paper applies ARA to the field of biomedicine. In this field, many researchers have used
ARA for research. Jenna M. Reps et al. proposed a proof-of-concept method that learned
common associations and used this knowledge to automatically refine side effect signals
(i.e., exposure–outcome associations) by removing instances of the exposure–outcome
associations that are caused by confounding [14]. They then calculated a novel measure
termed the confounding-adjusted risk value, a more accurate absolute risk value of
a patient experiencing the outcome within 60 days of the exposure. Tentative results
suggested that the method works. Sharma D extracted useful information from the
quarterly tables produced, synthesized the information to obtain the rules using Apriori
algorithm to vary the Confidence and other measure levels. Interactions of Patients’
demographic characteristics (such as age, gender, etc.), length of therapy, and dosages of
the drugs taken were also explored to determine if such factors play a role in driving the
reactions [15].

In this paper, we proposed an ARA method based on Confidence and Lift and
used simulation experiments to objectively find their optimal thresholds. Under our
performance evaluation system, this ARA method performed well.

3. Methods

3.1. Date Source

The data source was monitoring reports of ADRs in Jiangsu Province, China, from
2011 to 2018. The reference dataset contains known ADR combinations extracted from
drug package inserts, and it is used as an objective standard for performance evaluation
of signal detection.

3.2. MHRA

The MHRA is a signal detection method adopted by the British Medicines and
Healthcare Products Regulatory Agency, also known as the comprehensive standard
method or MHRA method. It bases on the PRR method and comprehensively considers
the chi-square value x2 and the absolute number of reports a. Only when the three
conditions of a ≥ 3, PRR ≥ 2, and x2 ≥ 4 are met simultaneously can the signal be
considered to exist, indicating that there is a relationship between a specific drug and a
specific ADR.

The PRR method was first applied to the ADR monitoring system in the United
Kingdom. It is a method used to quantitatively analyze the data of ADR records collected
by the SRS [16]. The three metrics mentioned above are all based on two-dimensional
contingency tables of ADRs. In Table 1, a represents the number of the target ADR caused
by the target drug, b represents the number of all other ADRs caused by the target drug,
c represents the number of the target ADR caused by other drugs other than the target
drug, and d represents the number of all other ADRs caused by other drugs other than
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the target drug. The MHRA method is more rigorous than the PRR method; it guarantees
the minimum number of combination cases, and the result is relatively more stable.

PRR =
a/(a + b)
c/(c + d)

, (1)

χ2 =

(|ad − bc| − n
2
)2 · n

(a + b)(c + d)(a + c)(b + d)
, n = a + b + c + d, (2)

Table 1. Two-dimensional contingency table of ADRs.

Signal Suspected ADE All Other ADEs

Suspected drug a b
All other drugs c d

3.3. Association Rules Analysis

ARA is a commonly used data mining method used to discover the interrelationships
between data in large datasets [17]. ARA is defined as the implicit expression of X→Y,
where X and Y are sets of items that originate from the same dataset but do not intersect [8].
Furthermore, X is called the antecedent or left-hand side (LHS) and Y the consequent or
right-hand side (RHS). In this paper, X means “drug” in spontaneous reports, and Y means
“adverse reaction”. In order to filter the signals that meet the requirements, researchers
have designed many different functional metrics, of which the most commonly used are
Support, Confidence, and Lift. According to Table 1, we defined the calculation formulas
of these three metrics as follows:

Support =
a

a + b + c + d
, (3)

Con f idence =
a

a + b
, (4)

Li f t =
con f idence

a + c/a + b + c + d
, (5)

Support indicates the proportion of the data combination that contains both X and Y
to the total data volume. From Formula (3), it can be seen that the denominator in the
expression of Support is the number of records in the entire dataset, and the numerator
only contains the number of records in which the target ADR caused by the target drug
“a”. The base of the denominator is too large, and the numerator is relatively too small,
which causes the value of Support to infinitely approach to 0. If Support were used as the
metric of signal detection in this experiment, the accuracy and sensitivity of the detection
result would be greatly reduced. Thus, we deprecated Support.

Confidence indicates the proportion of data containing X that also contain Y. It can
also be interpreted as an estimate of the conditional probability P(Y|X), the probability of
finding the RHS of the rule in transactions under the condition that these transactions
also contain the LHS [18,19].

Lift indicates the ratio of “the proportion of data containing X that also contain Y”
and “the proportion of data containing Y in the population”. Lift reflects the correlation
between X and Y in the ARA. If Lift = 1, it means that X and Y are not correlated. If Lift >
1, the higher the Lift, and the higher the positive correlation between X and Y. If Lift < 1,
the lower the Lift, and the higher the negative correlation between X and Y [18].

3.4. Performance Evaluation

When the metrics for the detection of ADR signals were determined to be Confidence
and Lift, our core task was to determine the best thresholds for Confidence and Lift.

11



Appl. Sci. 2021, 11, 10828

In order to better compare the performance of different methods for detecting ADR
signals, we defined three indicators to describe the performance of detecting ADR signals,
namely: Precision, Recall [20], and F1 [21,22]. The expressions of these three indicators
depend on Table 2.

Table 2. Performance evaluation metrics of MHRA/ARA method.

Signal
MHRA/ARA Method Tested

Positive
MHRA/ARA Method Tested

Negative

Known as positive in the
ADR dataset TP FN

Known as negative in the
ADR dataset FP TN

Our dataset contains known ADR combinations extracted from package inserts. We
used them as an objective standard for performance evaluation. In Table 2, “Known as
positive in the ADR dataset” means the ADR combination has been recorded in the dataset
as a known ADR combination. “Known as negative in the ADR dataset” means the ADR
combination was not been recorded in the dataset, so we temporarily denied that it was
an objective ADR combination. “MHRA/ARA method tested positive” means the ADR
combination was detected as an ADR signal by MHRA/ARA method. “MHRA/ARA
method tested negative” means the ADR combination was not been detected as an ADR
signal by MHRA/ARA method.

As shown in the Table 2, TP (True Positive) represents the number of known positive
ADR combinations in the ADR dataset that can be detected as positive by the MHRA/ARA
method. FN (False Negative) represents the number of known positive ADR combinations
in the ADR dataset that can be detected as negative by the MHRA/ARA method. FP
(False Positive) represents the number of known negative ADR combinations in the ADR
dataset that can be detected as positive by the MHRA/ARA method. TN (True Negative)
represents the number of known negative ADR combinations in the ADR dataset that can
be detected as negative by the MHRA/ARA method [23].

Precision =
TP

TP + FP
× 100%, (6)

Recall =
TP

TP + FN
× 100%, (7)

F1 =
2 × Precision × Recall

Precision + Recall
× 100%, (8)

Precision represents the proportion of the number of true ADR signals predicted by
a method to the number of all ADR signals predicted by the method, and it considers the
accuracy of the detection. Recall represents the proportion of the number of true ADR
signals to the number of actual ADR signals in the prediction of a certain method. It
considers integrity20. The value of F1 is the harmonic average of Precision and Recall21,22.
The higher the value of F1, the better the performance of the method.

3.5. Method of Determining the Thresholds

We imported the data in the dataset into Microsoft Visual FoxPro and used Mi-
crosoft Visual FoxPro for simulation experiments. Through the existing research data
of Confidence and Lift, the approximate range of the thresholds of the two metrics was
determined, and through continuous precision and refinement, the ideal thresholds were
obtained. Due to the limitation of the definition of performance indicators, when the
value of Precision becomes larger, the value of Recall will inevitably become smaller, so
we used F1 (the harmonic average of Precision and Recall) as the final indicator to reflect
the performance of the ARA.

12



Appl. Sci. 2021, 11, 10828

3.6. Method Comparison

In order to analyze the advantages of the ARA method more objectively, we used
10-fold cross-validation on the ARA method to obtain the average performance level
of the ARA method and compared it with the performance of the MHRA method. In
addition, we compared the two methods from the perspective of formulation, and used
specific drug event examples to concretely present the performance of the two methods.

4. Results

4.1. Study Dataset

A total of 751,606 reports were selected as the study dataset, and all experiments
were conducted based on this dataset. We first processed the data through the above
formulas to obtain the values of all indicators such as PRR, Confidence, and Lift, and
further obtained our experimental results through these data.

4.2. Optimal Threshold

According to the method described above, we determined appropriate thresholds
for the Confidence and Lift to maximize the effectiveness. The specific results are shown
in Tables 3 and 4.

Table 3. The value of F1(Preliminary).

F1 Lift = 1 Lift = 1.5 Lift = 2 Lift = 2.5 Lift = 3

Confidence = 0.005 39.91% 36.85% 34.40% 32.04% 30.38%
Confidence = 0.010 40.30% 36.77% 33.74% 30.94% 29.03%
Confidence = 0.015 39.50% 35.73% 32.70% 29.70% 27.72%
Confidence = 0.02 38.29% 34.51% 31.36% 28.47% 26.56%
Confidence = 0.025 37.22% 33.27% 30.10% 27.07% 25.23%

Table 4. The value of F1(Finally).

F1 Lift = 1 Lift = 1.1 Lift = 1.2 Lift = 1.3 Lift = 1.4 Lift = 1.5

Confidence = 0.006 40.28% 39.50% 38.83% 38.17% 37.65% 37.07%
Confidence = 0.007 40.51% 39.71% 38.98% 38.27% 37.71% 37.15%
Confidence = 0.008 40.49% 39.66% 38.93% 38.21% 37.62% 37.01%
Confidence = 0.009 40.35% 39.52% 38.76% 38.07% 37.45% 36.82%

Starting from the definition of Confidence and Lift, we first selected some reasonable
thresholds for them and observed the value of F1 obtained from that place. As shown
in Table 3, the effective threshold of the Lift should start from 1. We selected five values
of 1, 1.5, 2, 2.5, and 3 and found that the value of F1 decreases with the increase in Lift.
Additionally, we chose 0.005, 0.01, 0.015, 0.02, and 0.025 as the Confidence’s threshold
and found that when the Confidence’s threshold is 0.01, the ARA performs best.

On this basis, we analyzed the adjacent values of the current optimal thresholds
and reasonably suspected that the optimal thresholds would appear between Confidence
∈ [0.005,0.01] and Lift ∈ [1,1.5]. Thus, we used more exact values for the simulation
experiments. It can be seen from Table 4 that when confidence = 0.007 and lift = 1, F1
achieves a maximum value of 40.51%. Thus, we finally determined that Confidence =
0.007 and Lift = 1 are the optimal thresholds.

4.3. Comparison of the MHRA Method and the ARA Method at the Performance Level

However, the best thresholds obtained from the overall sample and the performance
they exhibited were the best results that the ARA method could achieve. In order to obtain
the average performance level of the ARA method, we used 10-fold cross-validation to
evaluate the performance of our method. We divided the dataset into 10 subsets on
average, selected 9 of them as the training set and the other as the test set, and performed
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10 experiments without repeating them. In the training set, we used the ARA method
to obtain the optimal thresholds, then used them as the optimal thresholds in the test
set, and evaluated the performance indicators of the thresholds which we obtained from
training set in the test set. When we determined the thresholds of the metrics used in
the training set, we could divide each piece of data in the test set into four categories:
TP, TN, FP, and FN based on the threshold, and then we used Formulas (6)–(8) to obtain
the performance of the ARA method to detect ADR signals through the simulation
experiments and found the average performance of ten experiments. We used the three
average performance indicators obtained from ten experiments as the final result of the
threshold determination, respectively: Precision = 36.28%, Recall = 45.65%, and F1 =
40.38%. Figure 1 is a comparison of the performance of the ARA method and the MHRA
method.

 
Figure 1. Comparison of the performance of the MHRA method and the ARA method.

As shown in Figure 1, Precision was reduced from 40.41% in the MHRA method to 36.28% in
the ARA method; Recall increased from 25.72% in the MHRA method to 45.65% in the ARA method;
F1 increased from 31.43% in the MHRA method to 40.38% in the ARA method. As can be seen from
Section 3.4, we used F1 as the main indicator to judge the performance of ADR signal detection, and
the F1 of the ARA method was increased by 28.48% compared to the F1 of the MHRA method. These
results showed that the performance of the ARA method was much better than that of the MHRA
method.

We used the data of levofloxacin in the dataset to concretely characterize the superior performance
of ARA. We screened the top ten potential ADRs that may be caused by levofloxacin from the dataset
and reported the results in Table 5 (the frequency of adverse symptoms is in descending order). “Has
been identified as a positive signal” means the ADR was determined as the drug’s ADR. “Detected as a
positive signal by MHRA method” means that the ADR was detected as an ADR signal by the MHRA
method. “Detected as a positive signal by ARA method” means that the ADR was detected as an ADR
signal by the ARA method.
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Table 5. ADRs of levofloxacin and related detection signals.

Adverse Drug Reaction
Has Been Identified as a

Positive Signal

Detected as Positive
Signal by MHRA

Method

Detected as Positive
Signal by ARA Method

Pruritus Yes Yes Yes
Rash Yes No Yes

Nausea Yes No Yes
Vomiting Yes No Yes
Allergy Yes No Yes

Phlebitis Yes Yes Yes
Dizziness Yes No No

Chest distress No No No
Anaphylactoid reaction No No Yes

Abdominal pain Yes No No

In this dataset, the number of rashes caused by levofloxacin was 7088, accounting for about 15.60%
of the ADRs caused by the drug. Moreover, a rash was determined as levofloxacin’s ADR, but the
MHRA method did not detect this as an ADR signal, while the ARA method detected it as an ADR
signal. Similarly, 4226 people had nausea after using levofloxacin, 2967 people vomited after using
levofloxacin, and 2644 people had allergies after using levofloxacin. These were all determined as
levofloxacin’s ADRs, but were only detected as ADR signals by the ARA method. Moreover, pruritus
and phlebitis were detected as ADR signals in the three situations.

In conclusion, the ARA mined six kinds of ADRs that were determined as ADRs before. This was
enough to illustrate the effectiveness of the method. Furthermore, the anaphylactoid reaction was not
previously determined as an ADR signal, but it was detected as an ADR signal by the ARA method,
and relevant medical research has confirmed our conjecture [24]. This showed that the ARA method’s
accuracy and performance are higher than those of the MHRA method.

4.4. Comparison of the MHRA Method and the ARA Method at the Formula Level

We used the controlled variable method to analyze and compared the formulas of the MHRA
method and the ARA method to study the influence of the formulas on the detection of ADR signals.
We took levonorgestrel ethinyl estradiol and etimicin as examples for analysis, and the specific results
are shown in Tables 6 and 7.

Table 6. Levonorgestrel ethinyl estradiol test results.

MHRA Method Tested
Positive

ARA Method Tested
Positive

a Not up to standard, other formulas are up
to standard 0 6

All formulas are up to standard 1 13
Recorded in the package inserts 0 4

Number of reports: 17; number of ADR combinations: 13; total amount of data: 751,606.

Table 7. Etimicin test results.

MHRA Method Tested
Positive

ARA Method Tested
Positive

PRR Not up to standard, other formulas are
up to standard 0 8

All formulas are up to standard 26 16
Recorded in the package inserts 3 6

Number of reports: 3710; number of ADR combinations: 209; total amount of data: 751,606.

In Table 6, levonorgestrel ethinyl estradiol is a long-acting contraceptive that affects the endocrine.
Only 17 cases of its ADRs have been reported in the entire dataset. The amount of data is minimal.
Even when the PRR and x2 met the standard, six ADR combinations appeared negative under the
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MHRA method and appeared positive under the ARA method because the value ‘a’ did not meet the
standard. For example, the ADR of uterine bleeding caused by levonorgestrel ethinyl estradiol focused
on a = 1, b = 16, c = 14, and d = 751,575; the ADR of menstrual disorders caused by levonorgestrel
ethinyl estradiol focused on a = 1, b = 16, c = 227, and d = 751,362. The drug reported a total of 13 ADR
combinations, of which 1 group was detected positive by the MHRA method, and 13 groups were
detected positive by the ARA method. That is, because the number of cases of target ADRs caused
by the target drug is not up to the standard of MHRA, the detection difference between the MHRA
method and the ARA method reached 50%. If the ADRs recorded in the package inserts are used as
the reference standard, then under the dataset, the detection accuracy rate of the drug by the MHRA
method is 0, and the detection accuracy rate of the ARA method is 30.77%.

In Table 7, etimicin is an aminoglycoside antibiotic drug. There are 3710 ADRs that have been
reported in this dataset, accounting for 0.49% of the data in this dataset. In the reported case of this
drug, because it did not meet the criteria of the PRR formula, the number of ADR combinations that
tested negative under the MHRA method and tested positive under the ARA method reached eight
groups. For example, the ADR of palpitations caused by etimicin focused on a = 105, b = 3605, c =
11,104, and d = 736,792; the ADR of rash caused by etimicin focused on a = 641, b = 3069, c = 114,059,
and d = 633,837. A total of 209 ADR combinations were reported for the drug, among which the
detection difference between the MHRA method and the ARA method due to the PRR formula was
3.83%. If the ADRs recorded in the package inserts are used as the reference standard, then under the
dataset, the detection accuracy rate of the drug by the MHRA method is 11.54%, and the detection
accuracy rate of the ARA method is 37.5%.

In conclusion, the ARA method has better universality, and it can handle smaller or larger datasets
more calmly while maintaining high accuracy. This also means that when we want to process data in
other datasets, we only need to execute the methods provided in this paper step by step, and we can
obtain each dataset’s own optimal threshold.

5. Discussion

5.1. Progress in the ARA Field

ARA has become a common method in the field of data mining. Kai Guo et al. used ARA as a data
screening tool combined with embedded models to detect ADR signals and proved that this method
could effectively detect potential ADRs through specific studies on rofecoxib and gadoversetamide [25].
Heba Ibrahim et al. used an optimized tailored mining algorithm called “hybrid Apriori”. The results
showed that the proposed method could extract signals of serious ADRs, and various association
patterns could be identified based on the relationships among the elements which composed a pat-
tern [26]. Dan Zhang et al. used ARA to analyze the characteristics and regularities of cardiac ADRs
induced by Chinese materia medica. They found that the cardiac ADRs had strong correlations with
the ADRs of the nervous system and digestive system, and the aconitum species and other toxic
Chinese materia medica were intimately associated with the ADRs of the nervous system and digestive
system [27]. Through the critical research of the above papers and other papers, we proposed the
research provided in this paper on the use of ARA to mine ADR signals and achieved good results. The
specific manifestations are as follows: 1. We introduced SRS, which greatly expanded the scope of ARA
to detect ADR signals and demonstrated the powerful potential of ARA. 2. We used ARA as the only
tool to mine ADR signals, which fully demonstrated the powerful capabilities of ARA. 3. Because there
was no need to use more tools, the economic cost was greatly saved, which has important practical
significance. 4. We added a performance evaluation mechanism, which ensured the accuracy of the
results to a greater extent. These are also the advantages of our research results.

5.2. Advantages over the Traditional MHRA

Compared with the traditional DPA method, (1) the advantage of ARA lies in the higher adapt-
ability to datasets with different characteristics. Taking the MHRA method as an example, this method
has fixed index combination thresholds. If the data for the dataset were increased, the sensitivity
would decrease. While the ARA method’s index thresholds change dynamically, the thresholds can be
determined by simulation experiments based on the specific characteristics of the dataset. Similarly,
due to the limitation of the combination of metrics of the MHRA method, the amount of data in the
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dataset using this method cannot be too small. Otherwise, it will cause few positive signals to be
detected, which leads to no research values. All metrics of the ARA method are expressed in the form
of proportions, so the result is relatively more stable even if the amount of data is small. (2) The ARA
method has better detection performance for rare ADR signals. We have verified this in the above
experiment. At the theoretical level, due to the different data characteristics of each dataset and some
unavoidable interference factors, such as individual selective reporting of ADRs and over-reporting of
ADRs, these may cause some real and rare ADRs to be masked. If we used the MHRA method, the
positive ADR signal might be ignored due to the fact that the number of records of specific ADRs is
small, or the frequency of ADRs caused by specific drugs is relatively lower in the same ADR range. The
ARA method is more accurate and stable for detecting ADR signals because of its metrics’ proportional
representation and dynamics.

From the perspective of formulas, The MHRA method requires that the ADR combination com-
pletely meets a ≥ 3, PRR ≥ 2, and x2 ≥ 4, then it is determined as an ADR signal. The ARA method
requires that the ADR combination completely meets Confidence ≥ 0.007 and Lift ≥ 1, then it is
determined as an ADR signal.

The three formulas of MHRA method can be explained as

(1) The number of target ADR caused by the target drug ≥3;
(2) The probability of target ADR caused by the target drug ≥ the probability of target ADR caused

by all other drugs ×2;
(3) The Chi-square value of the ADR ≥4, which means the drug is related to the ADR.

The two formulas of the ARA method can be explained as:

(1) The number of cases of target drug producing target ADR accounted for the number of cases of
target drug producing all ADRs ≥ 0.007 (the probability of target ADR occurring when the target
drug is used ≥ 0.007);

(2) When using the target drug, the probability of the target ADR is greater than the probability of
using all the drugs to produce the target ADR. At the same time, Lift also reflects the correlation
between the drug and the ADR.

By analyzing the definitions of the formulas of the two methods and their meaning of expressions,
we divided the variable ‘a’ in the MHRA method and Formula (4) in the ARA method into a group for
comparison, at the same time, we divided Formulas (1) and (2) in the MHRA method and Formula (5)
in the ARA method into a group for comparison.

Formula (5) in the ARA method is more comprehensive Formulas (1) and (2) in the MHRA method.
The function of Lift’s formula expression is similar to that of the PRR’s formula expression in MHRA,
but because it also has the implication of “correlation”, the Chi-square value is added to MHRA to
compensate for the implication of “correlation”. For the PRR’s expression in the MHRA method and
the Lift’s expression in the ARA method, the values of their denominators c/c + d and a + c/a + b +
c + d tend to behave in the same way when the amount of data in the dataset is large enough, so the
requirements needed to achieve the PRR’s formula are more stringent, but this also reduces the ability
of the MHRA method to capture rare ADR signals. When the amount of data in the dataset is moderate
or small, the requirements for reaching the PRR’s formula are similar to those for reaching the Lift’s
formula.

In practical applications, if the amount of data reported for a drug is small or the drug produces
rare ADRs, the value of ‘a’ in the MHRA method may not meet the standard, and the ratio is used in
the ARA method to determine whether the number of cases that the target drug producing target ADR
meets the standard; thus, the ARA method has better stability and can capture rare ADR signals more
accurately, and it also makes the ARA method fairer and more accurate in processing different levels of
data.

It can be seen from the formula that the MHRA method is more suitable for data analysis in a
dataset with a moderate amount of data and the number of ADR reports for each independent drug in
the dataset is sufficient, while the ARA method has better general applicability. Additionally, the ARA
method is more capable of capturing rare ADR signals.
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5.3. Limitations of the ARA

However, in the course of the experiment, we still found some limitations. In the dataset we used,
we used the two variables of Confidence and Lift as metrics to mark the ADR signals according to the
characteristics of this dataset and performed simulation experiments based on the data in this dataset
to obtain the best thresholds of the two metrics. Nevertheless, if we need to update the dataset or
apply it to a new dataset, the performance of these two metrics might fluctuate greatly. Because the
data characteristics of different datasets are different, we may need to replace or add new metrics,
such as the Support mentioned above. Moreover, because of the change of data, the metric threshold
has to be reconfirmed through simulation experiments. That is to say, we have not been able to find
a universal indicator combination and an objective method that can be used to confirm the metric
threshold directly.

From the perspective of data, the unbalanced distribution of the ADR spontaneous report data
means that the frequency of using different tablets may vary greatly, and the frequency of ADRs caused
by drugs may also vary greatly. Therefore, when we use the same index to detect the dataset, it will
produce unfairness, which will lead to inaccuracy of detection. In subsequent improvements, we
will consider using data stratification methods to separate different characteristic data according to
a certain method and, respectively, confirm more effective index thresholds to detect ADR signals.
We are committed to further improving the universality and performance of ARA for mining ADR
spontaneous report datasets.

6. Conclusions

In this paper, we analyzed the current research related to ARA and found some shortcomings in
the process of using ARA. On this basis, we put forward our own research hypothesis: we introduced
SRS and tried to use only ARA as a tool to mine ADR signals because this could better utilize the
capabilities of ARA and save costs to a certain extent. According to the actual situation of the dataset
used, we chose Confidence and Lift as metrics for detecting ADR signals. We used 10-fold cross-
validation. Through the three indicators of Precision, Recall, and F1, we compared the results of the
ARA method with the results of the MHRA method and proved that the ARA method is effective.
Furthermore, at the performance level, we took the drug levofloxacin and its ADRs as an example to
further prove the reliability of the ARA method. At the formula level, by analyzing the mathematical
and physical meanings of the formulas, we have confirmed that the ARA method has better universal
applicability to various datasets.

Finally, we summarized the progress of the ARA method proposed in this paper in ARA-related
fields, and its advantages over other traditional data mining methods. At the same time, we also reflect
on the limitations of the ARA and consider continuing to improve on this basis to make them more
universal and reliable.
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Abstract: Data masking is an inborn defect of measures of disproportionality in adverse drug reac-
tions signal detection. Some improved methods which used gender and age for data stratification
only considered the patient-related confounding factors, ignoring the drug-related influencing
factors. Due to a large number of reports and the high proportion of antibiotics in the Chinese
spontaneous reporting database, this paper proposes a decision tree-stratification method for the
minimization of the masking effect by integrating the relevant factors of patients and drugs. The
adverse drug reaction monitoring reports of Jiangsu Province in China from 2011 to 2018 were
selected for this study. First, the age division interval was determined based on the statistical analy-
sis of antibiotic-related data. Secondly, correlation analysis was conducted based on the patient’s
gender and age respectively with the drug category attributes. Thirdly, the decision tree based
on age and gender was constructed by the J48 algorithm, which was used to determine if drugs
belonged to antibiotics as a classification label. Fourthly, some performance evaluation indicators
were constructed based on the data of drug package inserts as a standard signal library: recall,
precision, and F (the arithmetic harmonic mean of recall and precision). Finally, four experiments
were carried out by means of the proportional reporting ratio method: non-stratification (total
data), gender-stratification, age-stratification and decision tree-stratification, and the performance
of the signal detection results was compared. The experimental results showed that the decision
tree-stratification was superior to the other three methods. Therefore, the data-masking effect can
be further minimized by comprehensively considering the patient and drug-related confounding
factors.

Keywords: decision tree; data masking effect; adverse drug reaction; signal detection; data stratifica-
tion

1. Introduction

Adverse drug reaction (ADR) refers to the harmful effects and negative reactions of
qualified drugs without any relation to the purpose of the drug under normal usage and
normal dosage, that is, discomfort symptoms or pathogenic reactions [1]. Spontaneous
reporting system (SRS) is the main data source of risk reassessment of post-marketing
drugs in various countries. ADR signal detection is the main work of pharmacovigilance,
which is to explore the relationship between drug and adverse event (AE) by using
statistical analysis or data-mining methods. The current methods of signal detection used
in many countries are based on disproportionality analysis (DPA). These methods are
mainly used to calculate whether the reported frequency of adverse reactions of a certain
drug in the database is higher than the expected reported frequency of all drugs, and to
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qualitatively measure the correlation between drugs and adverse reactions. Methods
include proportional reporting ratio (PRR) [2], reporting odds ratio (ROR) [3], information
component (IC) [4], multi-item gamma passion shrinker (MGPS) [5], empirical Bayesian
geometric mean (EBGM) [6], and so on.

DPA has been widely used in various countries, and plays a positive role in the
pharmacovigilance of post-marketing drugs. However, DPA has an inherent defect,
the masking effect, which can be caused by data deviation, competition deviation, con-
founding factors, low data quality and so on [7]. The most common masking effect is due
to overreporting. That is, assuming that there is a large number of reports of drug A and
adverse reaction B in the data, the ADR combination may reduce the contact strength gen-
erated by the combination of drug A and other adverse reactions, or the contact strength
generated by the combination of other drugs and adverse reaction B, so that a part of
the valuable signals will be masked and the detection efficiency will be reduced. Many
scholars have proposed methods to address this issue. The commonly used method for
the minimization of the masking effect is to adopt a data stratification strategy, which is to
stratify the data according to the different classifications of certain variables that need to
be controlled, and then estimate the relationship between a certain exposure factor and a
certain AE. Dodd et al. [8] investigated the impact of age stratification and age adjustment
on the performance of PRR and EBGM based on pediatric data from the US FDA adverse
event reporting system. They thought that stratification could reveal new associations,
and therefore suggest recommendations as to when drug use is age-specific or when an
age-specific risk is suspected. Zeinoun et al. [9] evaluated the impact of stratification, the
comparator dataset and the potential for masking, and conducted a semi-quantitative
assessment by comparing the changes in the disproportionality scores and the number
of vaccine-event pairs that exceeded an arbitrary threshold as a measure of the impact
of any of these choices. The results showed that stratification by age and region has a
significant impact. Hopstadius et al. [10] studied the impact of potential confounding
factors based on stratification—such as gender, age, reporting quarter—and compared
the changes in IC values before and after stratification. Mickael et al. [11] combined
the method of removing the masking factor and the stratification of the confounding
factor, and proposed a method based on the competition index (ComIn) to identify the
disproportionate strength of competitors. They compared the competition factor with the
masking factor (MF) and the masking ratio (MR), and found that the ComIn can minimize
the competition bias. However, when stratifying confounding factors, these researchers
only considered the two major confounding factors, age and gender, and ignored the
influence of drug category. Therefore, the improvement effect of stratification was not
obvious in the results.

Classification is an important subject in data mining. In recent years, researchers
have begun to use the decision tree model to classify datasets. In order to verify the
performances of data mining methodology in the evaluation of cardiovascular risk
in athletes, and whether the results may be used to support clinical decision making,
Barbieri et al. [12] used resampling to balance positive/negative class ratios, and used
a decision tree and logistic regression to classify individuals according to risk, so as to
improve balance in the classification of medical datasets. The results showed that resam-
pling by decision tree can be effectively applied to biomedical data in order to optimize
clinical decision making, and—at the same time—minimize the amount of unnecessary
examinations.
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Since the mass production and use of penicillin by American pharmaceutical compa-
nies in 1942, hundreds of antibiotics have been synthesized. Antibiotic resistance affects
the development of the world economy and threatens public health. Antibiotic-induced
reactions account for half of spontaneous reports of adverse events in China [13]. Due to
the high proportion of antibiotics in the Chinese spontaneous reporting database (CSRD),
this paper proposes a decision tree-stratification method for the minimization of the
masking effect in ADR signal detection by integrating the relevant factors of patients (age,
gender) and drug category (whether or not antibiotics).

2. Methods

2.1. Data Source

The ADR monitoring reports of Jiangsu Province in China between January 1, 2011
and 31 December 2018 were selected for this study, including 754,882 reports. The original
dataset includes the fields of drug category, drug name, ADR name, gender and age.
The object to be predicted in this study is the combination of drugs and adverse reactions.
Due to the lack of age, gender and other information in some reports, a study dataset is
obtained after deleting the records with missing information and standardizing the terms
of drug name and ADR name. The study dataset contains a total of 751,606 ADR records,
which included 1252 drugs, 1262 ADRs and 64,846 drug-event combinations (DECs).

A reference database was established to evaluate the performance of signal detection,
including 53,774 kinds of DECs collected from the package insert of drugs.

2.2. Stratification Strategy

The traditional method based on data stratification selects only a single confounding
factor, such as age or gender. The reason gender can become a confounding factor is that
men and women have many differences in physiological organs and body structures,
such as height and weight, hormone secretion, fat distribution, etc., which can change
the efficacy of drugs and affect the adverse reactions to drugs. The same is true for
age. Due to the large proportion of antibiotic-related reports in CSRD and the complex
relationship between age, gender and antibiotics (for example, metronidazole is mainly
used for female gynecological diseases, and quinolone is mainly used for the elderly),
this paper proposes a stratification method based on a decision tree by integrating the
relevant factors of patients and drugs. The specific steps include:

(1) Determining the age division intervals by using the cumulative distribution of
antibiotic-related reports based on the patient’s age;

(2) χ2 was used to analyze the correlation between age and drug category (“Antibiotics”
or “Non-antibiotics”), as well as gender and drug category;

(3) Data stratification was conducted by a classification algorithm, based on a decision
tree by using drug category as the class label, and the two confounding factors of
“gender” and “age” as the stratification conditions;

(4) DPA was performed on the multiple datasets generated by the decision tree;
(5) The performance of this method is compared with that of non-stratification, gender-

stratification and age-stratification. Classification performances were assessed by
means of precision, recall and F-measure.

The overall research framework is shown in Figure 1.
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Figure 1. Overall research framework.

2.3. Decision Tree

The decision tree is a widely used technology in classification algorithms. Compared with other
algorithms, the classification accuracy of the decision tree is competitive, and the efficiency is also very
high. The classification model representation obtained by this algorithm is in the form of a tree. Among
them, the more commonly used algorithm is the C4.5 [14]. The J48 algorithm is the application of the
C4.5 algorithm in Waikato Environment for Knowledge Analysis (WEKA) [15]. Based on the recursive
strategy from top to bottom, the algorithm uses information-gain ratio as attribute separation [16],
searches for a property field with a maximum amount of information, establishes a decision tree root
node, and then generates a branch for each possible attribute value, dividing instances into multiple
subsets, where each subset corresponds to a branch of the root node. The process repeats recursively
on each branch. Recursion stops when all instances have the same classification or when the Gini value
is less than a certain point with no new leaf nodes generated.

In the design of the algorithm, a good pruning process is considered and added, making it easy
for users to understand the classification rules and which has good accuracy in data processing. It has
attracted the attention of data mining researchers and solved many practical application problems.

2.4. Signal Detection Method

The calculation of DPA is based on the 2 × 2 contingency table shown in Table 1.
If a specific DEC in the database is significantly higher than the background frequency in the en-
tire database and reaches a certain threshold, it is considered a positive signal.

Table 1. Two-by-two contingency table.

The Target ADR The Other ADRs

the target drug A B
the other drugs C D

A represents the number of reports caused by the target drug and the target ADR, B represents the
number of reports of the other ADRs caused by the target drug, C represents the number of reports of
the target ADR caused by the other drugs, and D Represents the number of reports of the other ADRs
caused by the other drugs.

The PRR method is adopted for ADR signal detection. Based on Table 1, the calculation formula is
as follows:

PRR =
A/(A + B)
C/(C + D)

(1)

A positive signal is an output if PRR ≥ 2.
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2.5. Performance Evaluation

As an objective standard, the reference database is used for performance evaluation. If the signal
result is positive and appears in the reference database, it is denoted as a true positive (TP), otherwise it
is a false positive (FP). If the signal result is negative and appears in the reference database, it is denoted
as a false negative (FN). Precision (P) is the proportion of true positive in all predicted positives, and
can be defined as follows:

P =
TP

TP + FP
(2)

Recall (R), the proportion of true positive in all actual positives, is defined as follows:

R =
TP

TP + FN
(3)

F-Measure (F) is the arithmetic harmonic mean of Precision and Recall, is defined as follows:

F =
2•P•R
P + R

(4)

The larger the F value, the higher the performance overall, and the more ideal the effect of
minimizing data masking.

3. Results

3.1. Data Analysis

Due to the high proportion of antibiotics-related reports in CSRD, this paper analyzes the correla-
tion between age and drug category, and gender and drug category. The proportion of ADR reports for
Antibiotics and Non-antibiotics in the study dataset is given in Table 2.

Table 2. The proportion of reports for antibiotics and non-antibiotics.

Drug Category Number of Reports (Proportion)

Non-antibiotics 392,113 (52.17%)
Antibiotics 359,493 (47.83%)

Total 751,606

From Table 2, we can see that the proportion of reports for antibiotics accounted for 47.83% of the
total reports.

Previous related literature does not have a unified division for the confounding factor of age, they
are all subjective individual divisions [17]. Therefore, this paper uses cumulative distribution graphs of
the antibiotics-related ADR reports for division of age range, where the length of the age interval is set
to five years. The resulting cumulative distribution diagram is shown in Figure 2.

Figure 2. Age cumulative distribution of spontaneous reporting of antibiotics.
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It can be seen from Figure 2 that the reported number of antibiotics before and after the age of 60
tends to be flat, while the reported number between 20 and 60 years old has increased significantly.
Therefore the age of patients in the data set was discretized into three values: younger than 20 years
old is “Young”; 20–60 years old is “Middle”; and older than 60 years is “Senior”.

Correlation analysis between gender and drug category was conducted based on Chi-square. The
χ2 value is 343.42, which is far greater than the critical value 3.84 when the degree of freedom is 1 and
the significance level is 95%. In the same way, the χ2 value between age and drug category based on
Chi-square is 36,435.81, which is much larger than the critical value of 5.99 when the degree of freedom
is 2 and the significance level is 95%. Therefore, the drug category is closely related to gender and age.
The contingency table of drug category with gender and age is shown in Table 3.

Table 3. The contingency table of drug category with gender and age.

Male Female Young (≤20) Middle (21~60) Senior (≥61)

Antibiotics 170,739 188,754 25,979 225,676 140,458
Non-antibiotics 194,618 197,495 70,145 209,886 79,462

χ2 343.42 36,435.81

3.2. Decision Tree

The J48 classification algorithm in WEKA software is used to construct the decision tree (Figure 3).

Figure 3. Decision tree.

This decision tree realizes the optimal division of data by using age and gender as conditions and
drug category as a class label. The study data set is divided into four data sets:

(1) The data meeting the condition “Age = Senior” are classified into “Non-antibiotics class”, includ-
ing 219,920 reports. The accuracy rate is 63.87%.

(2) The data meeting the condition “Age = Young” are classified into “Antibiotics class”, including
96,124 reports. The accuracy rate is 72.97%.

(3) The data meeting the condition “Age = Middle” and “Gender = Male” are classified into “Non-
antibiotics class”, including 193,708 reports. The accuracy rate is 54.42%.

(4) The data meeting the condition “Age = Middle” and “Gender = Female” are classified into
“Antibiotics class”, including 241,854 reports. The accuracy rate is 50.28%.

3.3. Performance Evaluation

PRR was used to detect signals in datasets (D1, D2, D3, D4) generated by non-stratification,
gender-stratification, age-stratification and decision tree-stratification. Signal sets (S1, S2, S3, S4) were
generated (See Figure 1). The comparison results are shown in Table 4.
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Table 4. Comparison of detection results of different stratification methods.

Method TP FP FN R P F

non-stratification 7293 28,781 6661 52.26% 20.22% 29.16%
gender-stratification 8369 34,236 5585 59.98% 19.64% 29.59%

age-stratification 8977 35,591 4977 64.33% 20.14% 30.68%
decision tree-stratification 9605 38,225 4349 68.83% 20.08% 31.09%

As can be seen from Table 4, F of the three stratification methods has been improved. Among them,
the F value obtained by decision tree-stratification is the largest, and the
F value of decision tree-stratification is 1.93% higher than that of non-stratification. In addition,
the R obtained by decision tree-stratification is significantly improved, which is 16.57% higher than
that of non-stratification.

4. Discussion

4.1. Discussion of Methods

Unlike other countries, China has a large population and is one of the largest manufacturers and
users of antibiotics. The more kinds of antibiotics that are used, the more ADRs are produced [18].
In this study dataset, antibiotic-related reports accounted for 47.83% of the total reports. Of all 1262
different ADRs, 969 were caused by antibiotics, accounting for 77% of the total. The essence of the signal
masking effect is that when a group of DECs are reported too frequently, other DECs associated with
these drugs will produce signal delay or direct masking phenomenon [19]. Therefore, drug category is
considered an important confounding factor in CSRD, which could cause the data masking effect. The
method based on a decision tree is to minimize the signal masking effect by separating antibiotics from
other drugs.

In the study data set, among the adverse reaction reports of Epirubicin, 1143 were female and 317
were male, as Epirubicin was mainly used in the treatment of female breast cancer. For Cefpiramide,
there are 1851 cases for the young, 1299 cases for the middle, and only 380 cases for the senior. Chi-
square analysis revealed a strong correlation between drug category and gender, as well as drug
category and age. Therefore, previous studies were also used for reference in our method, and gender
and age were considered as two confounding factors. The proposed method integrated the information
of patients and drug categories, so it showed advantages in signal detection performance.

In addition, the age interval division in previous studies was subjective and there was no uni-
fied standard. An objective method was proposed to discretize age data based on the cumulative
distribution of antibiotic-related reports with age.

4.2. Discussion of Results

In this study, four performance comparison experiments are conducted on the same dataset: non-
stratification, gender-stratification, age-stratification and decision tree-
stratification. The first three are previous methods and the last one is proposed in this study. Ex-
perimental results show that the proposed method improves the performance of signal detection
in different degrees compared with the previous three methods. Specifically, compared with non-
stratification, the R obtained by decision tree-stratification increased greatly from 52.26% to 68.83%,
an increase of 16.57%, when the P remains basically unchanged. In addition, the value of F-measure
increased from 29.16% to 31.09%, an increase of 1.93%. Moreover, the F-measure of our method was
higher than that of age-stratification and gender-stratification, which proved the effectiveness of our
method.

4.3. Limitations

First of all, the accuracy of the decision tree algorithm adopted in this paper is only 58.22%. If
higher classification accuracy is needed, more classification attributes need to be added. However,
this will also lead to excessive stratification, which is not good for minimizing the masking signal [20].
Therefore, optimizing the algorithm to improve the accuracy of classification without adding more
attributes is what we need to do in the future.
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Secondly, while the signal detection method adopted in this paper was PRR, some other methods,
such as ROR, IC and MHRA, also need further tested.

5. Conclusions

Data stratification can effectively reduce the data masking effect. The traditional methods were
based on the patient’s age and gender and other confounding factors, ignoring the drug information.
Because there were a large number of reports related to antibiotics in CSRD, we proposed a decision tree-
stratification method for the minimization of the masking effect by integrating the relevant information
of patients and drug categories, and achieved better performance in ADR signal detection.
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Abstract: Diffusion is a well-known physical phenomenon governing such processes as movement
of particles or transportation of heat. In this paper, we prove that a close analogy to those processes
exists in medical data behavior, and that changes in the values of medical parameters measured
while treating patients may be described using diffusion models as well. The medical condition
of a patient is usually described by a set of discrete values. The evolution of that condition and,
consequently, of the disease has the form of a transition of that set of discrete values, which
correspond to specific parameters. This is a typical medical diagnosis scheme. However, disease
evolution is a phenomenon that is characterized by continuously varying, temporal characteristics.
A mathematical disease evolution model is, in fact, a continuous diffusion process from one discrete
slot of the diagnosed parameter value to another inside the mentioned set. The ability to predict
such diffusion-related properties offer precious support in diagnostic decision-making. We have
examined several hundred patients while conducting a medical research project. All patients
were under treatment to stabilize their hemodynamic parameters. A diffusion model relied upon
simulating the results of treatment is proposed here. Time evolution of thoraric fluid content (TFC)
has been used as the illustrative example. The objective is to prove that diffusion models are a
proper and convenient solution for predicting disease evolution processes. We applied the Fokker-
Planck equation (FPE), considering it to be most adequate for examining the treatment results by
means of diffusion. We confirmed that the phenomenon of diffusion explains the evolution of
the heart disease parameters observed. The evolution of TFC has been chosen as an example of a
hemodynamic parameter.

Keywords: Fokker-Planck equation; diffusion; heart failure; impedance cardiography; thoracic
fluid content

1. Introduction

The current state of the art in predicting disease evolution may be summarized in
the following manner. Hemodynamic assessment procedures are widely described in the
literature, primarily by means of biological models for flow or response functions [1–4].
Numerous investigations aimed to estimate the risk of heart failure by relying on common
statistical data processing tools and regression models [5–7]. Highly illustrative inves-
tigations were proposed by Lassnig at al. [8]. Other clinical prediction models (CPMs),
also known as clinical prediction scores or rules, are used to estimate the risk of an ex-
isting disease (diagnostic prediction model) or future outcomes (prognostic prediction
model) for a given individual and consist of analyzing the values of numerous predictors
(prognostic or risk factors), such as age, sex, and biomarkers [9–12]. Generic prediction
models are widely used in adult intensive care medicine. These include, for instance,
acute physiology and chronic health evaluation (APACHE) II, APACHE III, APACHE
IV, simplified acute physiology score (SAPS) II, SAPS 3, and mortality probability model
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III [13]. So, different predictive approaches are present in the literature. The results
presented in there are organized in accordance with risk analysis, and such an approach
does not allow us to simulate disease evolution. The following question arises: are we
able to simulate the evolution of hemodynamic parameters during medical treatment? In
this paper, we propose a model explaining the rules of hemodynamic parameter evolution
in patients with heart failure. Simulation of the disease evolution seems to be possible
with the presented approach.

The activities undertaken may be divided into experimental and theoretical phases.
In the experimental phase of the project, a multicenter, prospective, randomized, open-
label, and controlled, parallel group trial was conducted (ClinicalTrials.gov Identifier:
NCT03476590). Here, 605 patients suffering from heart failure were recruited to participate
in the project. In the theoretical phase, we propose to describe the behavior of the
hemodynamic parameters measured by relying on diffusion models.

In Section 2, experimental observations and analyses are presented. Section 3 presents
theoretical models describing the diffusion phenomena. Section 3 contains the results
of confrontation theoretical models with experimental data. Finally, Section 4 contains a
summary and a discussion.

The achieved aim is the creation of a continuous, differential model for disease evolu-
tion.

2. Experimental Data

The experimental data used in this study were sourced from the AMULET research
project [14], under which a multicenter, prospective, randomized, open-label and con-
trolled, parallel group trial was conducted (ClinicalTrials.gov Identifier: NCT03476590) at
nine locations throughout Poland. In total, 605 patients with heart failure were recruited.
To our study, we examined electrocardiogram (ECG—electrocardiogram) and impedance
(ICG—impedance cardiogram) curves recorded with the use of an ICG device (Cardio-
screen 2000, Medis, Illmenau, Germany). This non-invasive diagnostic method allows one
to collect a set of specific hemodynamic parameters, such as: heart rate (HR—heart rate),
diastolic and systolic blood pressure (DBP—diastolic blood pressure, SBP—systolic blood
pressure), stroke volume (SV—stroke volume), and thoracic fluid content (TFC—thoraric
fluid content). In our analysis, TFC has been used as an illustrative example. The value of
TFC is the inverse of chest impedance with unit (1/Ohm).

TFC values were measured during a clinical examination of 605 patients, performed
in a relaxed, seated position [14]. The total number of measurements made is 2860,
with the number of individual patient observations differing for each patient within the
measurement set. The results registered are illustrated in Figure 1. At least half of the
patients were investigated several times, with the observation period lasting for up to 12
months per patient.

All intervals of the investigated TFC value have been divided arbitrarily into 15 dis-
crete value slots, as shown in Figure 1. The assumed number of slots must be greater than
five to allow statistical analysis (especially χ2 tests) but not too high to avoid complexity
of calculations. With computer calculation, we estimate that 15 slots allow an acceptable
accuracy of calculations. The time series was registered as follows: due to the irregular
flow of the measured data, we adopted a registration period that was 31 days long for
each slot. The result of the measurement was placed inside a given slot if number of days
between the sequenced examination of the patient remained within the k ± 0.5 range,
with k being the duration of the registration period between measurements. Each slot
includes hits counted during measurements registered over a five-month period. Hits
registered during each single measurement period are illustrated below.

One can observe that, for the increasing Δt, the total number of TFC hits registered
tends to have the same stationary distribution of TFC, as shown in Figure 1. We assumed
that the period of 5 months during which the measurements were made (see Figure 2 and
comments to Figure 1) is sufficient for proper estimation of stationary distribution.
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Figure 1. Values of TFC slots filled with the number of measurements.

 

Figure 2. Stepped registration of TFC values in measurement intervals denoted as t in the figure.

3. Theoretical Model and Calculation

The Fokker-Planck equation with one variable (here, variable x denotes the TFC
value) has the following form [15]:

∂P
∂t

=

[
− ∂

∂x
D(1)(x) +

∂2

∂x2 D(2)(x)
]

P (1)

In this equation, D(2) (x) > 1 is the diffusion coefficient, and D(1) (x) is called the drift
coefficient. In general, both coefficients may also depend on time. The equation describes
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behavior P(x, t), i.e., the P(x, t) is distribution of probability. We assumed stochastic
process characterizes the linear drift coefficient, and the diffusion coefficient is constant.

∂P
∂t

= γ
∂(xP)

∂x
+ D

∂2

∂x2 P (2)

In our experiment, drift γx is present due to therapy data registration, so drift
presence is necessary. Diffusion describes the transition between slots of parameter values
measured. A solution of Equation (2) is of the form [15]:

P
(

x, t
∣∣x′, t′) = √

γ

2πD
(
1 − e−2γ(t−t′)) exp

⎛⎜⎝−
γ
(

x − x′e−γ(t−t′)
)2

2D
(
1 − e−2γ(t−t′))

⎞⎟⎠ (3)

Green function (3) of Equation (2) is one of the basic ways for system dynamic
description [15,16]. The stationary solution for γ > 0 and a sufficiently long-period γ(t −
t′) >> 1 takes the following form:

W(x) =
√

γ

2πD
exp

(−γx2

2D

)
(4)

For γ ≤ 0, no stationary solutions exist. Formal mathematical procedures enable us
to find coefficients γ and D with a normalization condition and a boundary condition.
Due to the existence of a stationary shape of W(x) distribution obtained in the experiment,
we can assume that the boundary conditions are properly fulfilled despite not being fully
established in the formal way. In such a situation, the assumption that coefficients γ and
D are well-matched by means of conjugated gradient algorithm and, simultaneously, to
minimize root mean square error (RMSE) between the experiment data and the theoretical
model (4) is permissible.

The set of solutions for W(x) is placed in Table 1, where local and global minima have
been shown for the illustrative subset of γ and D. The shape for stationary distribution
with γ and D for the global minimum is presented in Figure 3.

Table 1. Illustrative values of RMSE, with the global minimum highlighted in bold print obtained
by means of conjugated gradient algorithm.

RMSE γ D

0.09810952 0.4 11.99

0.09838436 0.06 1.75

0.09811257 0.2 5.99

0.09811050 0.3 8.99

The results obtained with the conjugated gradient solution are placed in Table 1. The
global minimum is placed in the first row of Table 1.

The green function of FPE with adjusted γ and D values, and stationary distribution
W(x′) is applied to determine P(x, t) distribution in accordance with:

P(x, t) =
∫

P
(

x, t
∣∣x′ − x0

)
W
(

x′ − x0
)
dx′ (5)

Distribution P(x, t) allows us to verify if the calculated and measured evolution of
TFC values is statistically convergent by conducting an χ2 test. Item x0 is commonly the
maximum observed value of W(x′) or may also be the boundary point. A comparison
of the theoretical P(x, t) with the experiment’s results is presented in Table 2, and the
outcomes of statistical tests are shown in Table 3.
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Figure 3. Result of minimization of RMSE between experimental TFC distribution data and the
stationary distribution model W(x).

Table 2. The TFC slots filling obtained during measurements (see also Figure 2) and values predicted with P(x, t).

TFC Slot
Number

Observation Period
t2–t1

Observation Period
t3–t2

Observation Period
t4–t3

Observation Period
t5–t4

Registered
hits of TFC

Predicted
TFC hits

Registered
hits of TFC

Predicted
TFC hits

Registered
hits of TFC

Predicted
TFC hits

Registered
hits of TFC

Predicted
TFC hits

1 19 18.9475 23 22.8236 40 29.9024 48 28.6218

2 27 31.5513 31 39.8768 55 55.6347 59 55.9634

3 33 40.8633 47 53.8865 75 79.7512 84 84.2399

4 43 39.6876 51 55.9473 91 87.9519 102 97.5805

5 46 37.5247 65 54.1467 100 86.493 104 97.1694

6 39 39.6876 49 55.7919 67 83.7667 71 89.5681

7 42 40.8643 49 44.0522 69 62.3851 75 63.5276

8 26 31.5513 35 15.541 47 20.981 49 20.549

9 17 10.9594 22 19.0808 24 24.5837 24 23.2358

10 15 13.509 22 7.9594 29 9.5469 29 8.5716

11 17 5.8755 22 2.5746 25 2.8579 25 2.4346

12 10 0.7917 14 0.7780 16 0.6587 17 0.5322

13 6 0.5562 8 0.6613 10 0.1285 10 0.0982

14 3 0.1235 3 0 3 0 3 0
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Table 3. Calculations of χ2 test for sequence of period of measurement.

Time Period in
Experiment

χ2 Test Value
Number of Independent

Variables
Significance Level
(Critical Value α)

t2–t1 314,375 14 α = 0.005

t3–t2 570,858 14 α < 0.001

t4–t3 811,461 14 α < 0.001

t5–t4 922,901 14 α < 0.001

4. Discussion and Conclusions

Claiming that hemodynamic parameter values measured in a population of patients behave in
accordance with the rules of drifted diffusion, we have identified a step-by-step procedure allowing to
verify such a statement. From the green function of FPE, we obtained stationary distribution W(x) of
the thoracic fluid content (TFC) parameter observed, and by minimizing RMSE between the theoretical
model and the experimental observations of stationary distribution, we adjusted the parameters of the
stochastic process with the use of conjugated gradient algorithms. It turned out that the resulting form
of the stochastic process is the Ornstein–Uhlenbeck process. So, we found the Ornstein–Uhlenbeck
diffusion process as a model for medical treatment of heart failures. From the analytical form of the
FPE solution (green function of FPE), we determined the “ex definition” distribution P(x, t) for the
observed hemodynamic parameters and determined dynamics of TFC evolution. The last step had the
form of a statistical χ2 test, aiming to accept or to reject the proposed theoretical model. The χ2 test
confirms the accepted level of efficiency of the theoretical model of the Ornstein–Uhlenbeck process,
describing TFC evolution.

Finally, we may conclude that the diffusion processes have turned out to be useful tools for
predicting disease evolution. We have also proved that:

1. The Ornstein–Uhlenbeck process, including the linear drift component, seems to be a precise tool
for simulating the evolution of TFC and, supposedly, other hemodynamic parameters, also during
medical treatment.

2. We obtained the distribution P(x, t), allowing us to predict and simulate TFC evolution.
3. Parameter γ describes the effectiveness of medical treatment in the population of patients, thus

being a mathematical measure of such treatment effectiveness that is worth being analyzed in a
more thorough manner, e.g., by focusing on variations depending on sex, occupation, age, severity
of heart failure in accordance with the NYHA standard, etc.

The idea of diffusion occurring inside a potential force field is deeply exploited in solid state
physics and quantum electronics [16–22], but its successful application in medical diagnostics seems to
be a new approach that suggests, to some extent, the existence of a “hidden general symmetry” between
physics and biology as well. Diffusion theory is relevant not only for microscopic observations made in
physics, but also for much larger scale phenomena, e.g., in medicine. In medicine, fluctuations take
place due to multiple and multilevel interactions occurring in the patient’s system. Such fluctuations
are hard to describe in a precise manner, although their presence seems to be obvious.

The results presented herein are based on data processed during a medical experiment and, to the
best of the authors’ knowledge, form the first model of its type proposed in medical diagnostics. The
results we obtained allows us to predict the time evolution of TFC. Simultaneously, we have confirmed
that the fluctuation theory, reflected here by means of FPE, is an inherent element of medical diagnostic
processes.

It must be underlined that prospective validation of the model is continued now in collaborative
clinics under Amulet project. We do suppose that limitations of the model will be analyzed during
further validation. An evident strength of the model is its continuous, differential model of disease
evolution. As far as authors know, it seems to be a new approach.

34



Appl. Sci. 2021, 11, 11412

Author Contributions: Conceptualization, methodology, software, formal analysis—A.W.; validation and statistics—
P.M.; investigation, resources—P.K. All authors have read and agreed to the published version of the manuscript.

Funding: This work was supported by the National Centre for Research and Development under the program ‘Pre-
vention and treatment of lifestyle diseases’—STRATEGMED III STRATEGMED3/305274/
8/NCBR/2017).

Institutional Review Board Statement: The study was conducted according to the guidelines of the Declaration of
Helsinki, and approved by the Institutional Ethics Committee of Military Institute of Medicine (No. 70/WIM/2016).

Informed Consent Statement: Informed consent was obtained from all subjects involved in the study.

Data Availability Statement: The data used to support the findings of this study are available from the corre-
sponding author upon request.

Acknowledgments: The authors would like to thank the medical staff of their centers for the nursing care and
data collection.

Conflicts of Interest: The authors declare that there are no conflict of interest regarding the publication of this
paper.

References

1. Chen, X.; Schwarz, K.Q.; Phillips, D.; Steinmetz, S.D.; Schlief, R. A Mathematical Model for the Assessment of Hemodynamic
Parameters Using Quantitative Contrast Echocardiography. IEEE Trans. Biomed. Eng. 1998, 45, 754–765. [CrossRef] [PubMed]

2. Aquinoab, K.M.; Robinsonab, P.A.; Drysdaleab, P.M. Spatiotemporal hemodynamic response functions derived from physiology.
J. Theor. Biol. 2014, 347, 118–136. [CrossRef] [PubMed]

3. Mukkamala, R.; Gao, M. A Comparative Analysis of Reduced Arterial Models for Hemodynamic Monitoring. In Proceedings of
the 2013 35th Annual International Conference of the IEEE Engineering in Medicine and Biology Society (EMBC), Osaka, Japan,
3–7 July 2013; pp. 225–228. [CrossRef]

4. Morris, P.; Ryan, D.; Morton, A.; Lycett, R.; Lawford, P.; Hose, D.R.; Gunn, J. Virtual Fractional Flow Reserve from Coronary
Angiography: Modeling the significance of coronary lesions. JACC Cardiovasc. Interv. 2013, 6, 149–157. [CrossRef] [PubMed]

5. Priyanka, H.; Vivek, R. Multi Model Data Mining Approach for Heart Failure Prediction. Int. J. Data Min. Knowl. Manag. Process
2016, 6, 31–37.

6. Bouvy, M.L.; Heerdink, E.R.; Leufkens, H.G.M.; Hoes, A.W. Predicting mortality in patients with heart failure: A pragmatic
approach. Heart 2003, 89, 605–609. [CrossRef] [PubMed]

7. Jiang, W.; Siddiqui, S.; Barnes, S.; Barouch, L.A.; Korley, F.; Martinez, D.; Toerper, M.; Cabral, S.; Hamrock, E.; Levin, S.
Readmission Risk Trajectories for Patients with Heart Failure Using a Dynamic Prediction Approach: Retrospective Study. JMIR
Med. Inf. 2019, 7, e14756. [CrossRef] [PubMed]

8. Lassnig, A.; Rienmueller, T.; Kramer, D.; Leodolter, W.; Baumgartner, C.; Schroettner, J. A novel hybrid modeling approach for
the evaluation of integrated care and economic outcome in heart failure treatment. BMC Med. Inform. Decis. Mak. 2019, 19, 229.
[CrossRef] [PubMed]

9. Steyerberg, E.; Moons, K.; Van der Windt, D.; Hayden, J.; Perel, P.; Schroter, S.; Riley, R.D.; Hemingway, H.; Altman, D.G.;
PROGRESS Group. Prognosis Research Strategy (PROGRESS) 3: Prognostic Model Research. PLoS Med. 2013, 10, e1001381.
[CrossRef] [PubMed]

10. Labarère, J.; Bertran, R.; Fine, M.J. How to derive and validate clinical prediction models for use in intensive care medicine. Intens.
Care Med. 2014, 40, 513–527. [CrossRef] [PubMed]

11. Laupacis, N.; Sekar, N.; Stiell, I. Clinical prediction rules. A review and suggested modifications of methodological standards.
JAMA 1997, 277, 488–494. [CrossRef] [PubMed]

12. Moons, K.; Altman, D.; Vergouwe, Y.; Royston, P. Prognosis, and prognostic research: Application and impact of prognostic
models in clinical practice. BMJ 2009, 338, b606. [CrossRef] [PubMed]

13. Vincent, J.; Moreno, R. Clinical review: Scoring systems in the critically ill. Crit. Care 2010, 14, 207. [CrossRef] [PubMed]
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toth.erzsebet@med.semmelweis-univ.hu (E.T.); Krasimir.Kolev@eok.sote.hu (K.K.)

2 John von Neumann Faculty of Informatics, Óbuda University, Bécsi út 96/b, 1034 Budapest, Hungary;
kail.eszter@nik.uni-obuda.hu (E.K.); piros.peter@nik.uni-obuda.hu (P.P.);
fleiner.rita@nik.uni-obuda.hu (R.F.)

* Correspondence: beinrohr.laszlo@med.semmelweis-univ.hu

Abstract: Data science and machine learning are buzzwords of the early 21st century. Now
pervasive through human civilization, how do these concepts translate to use by researchers and
clinicians in the life-science and medical field? Here, we describe a software toolkit, just large
enough in scale, so that it can be maintained and extended by a small team, optimised for problems
that arise in small/medium laboratories. In particular, this system may be managed from data
ingestion statistics preparation predictions by a single person. At the system’s core is a graph type
database, so that it is flexible in terms of irregular, constantly changing data types, as such data
types are common during explorative research. At the system’s outermost shell, the concept of
’user stories’ is introduced to help the end-user researchers perform various tasks separated by their
expertise: these range from simple data input, data curation, statistics, and finally to predictions
via machine learning algorithms. We compiled a sizable list of already existing, modular Python
platform libraries usable for data analysis that may be used as a reference in the field and may be
incorporated into this software. We also provide an insight into basic concepts, such as labelled-
unlabelled data, supervised vs. unsupervised learning, regression vs. classification, evaluation
by different error metrics, and an advanced concept of cross-validation. Finally, we show some
examples from our laboratory using our blood sample and blood clot data from thrombosis patients
(sufferers from stroke, heart and peripheral thrombosis disease) and how such tools can help to set
up realistic expectations and show caveats.

Keywords: thrombosis; stroke; data science; machine learning; graph database; python; PyTanito;
user story; classification; cross-validation

1. Introduction

Coronary artery disease (CAD), acute ischemic stroke (AIS), peripheral artery disease
(PAD) are cardiovascular diseases and represent the leading morbidity and mortality
causes globally [1]. The acute tissue damage is mostly due to thrombi occluding the
supplying arteries [2]. The lysis susceptibility and stability of these thrombi ultimately
determines the fate of the patient [3]. Can we tell more from their structure and from
common blood test data of patients? Can we predict the diseases from this data? Even
better, can we predict it before disease onset? These are questions that we address with
the help of the data analysis approach described in this paper.

2. Data Science Project Organisation—Industry ’Best Practices’

As with any project, the question arises: where to begin? This is especially so with
complex, data-driven projects, such as the ‘bench-to-bedside’ projects often seen in the
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medical and life science field. Fortunately, this problem has been seen before and some
solutions, or rather, guidelines were devised. Industrial Micro Machines (IBM) researchers
and automotive engineers (Daimler-Chrysler) did indeed face the same problem in the
1990s. The resultant guidelines were standardized in the CRISP-DM standard which
stands for Cross Industry Standard Process for Data Mining [4]. The model, illustrated in
Figure 1, consists of six steps [5].

1. Business understanding. In the medical field, we would need to determine if the
project is for research purposes only. Do we have obvious clinical implications
(with rigorous safety, regulatory and legal requirements)? Do we eye business
potential—which in turn may need strict documentation and reporting?

2. Data understanding. In the medical and life science field, we often have to gather
data via experiments ourselves, and the quality of this data will be crucial. (In the
era of big data, many projects may rely on published open data sources.) What data
can we gather and in what amount? Can we collect enough in a realistic timeframe?
Will the data be sufficient for the questions asked? Do we have good recipes so that
the data is reproducible over large timespans, with changing personnel?

3. Data preparation. We must gather data from handwritten notes or other sources,
collect them in machine-readable form, and normalize or otherwise standardize
them. Watch out for reproducibility issues often encountered with difficult experi-
ments. Can our data be quantified and compared across different investigators and
with human subjects involved? Even standard laboratory tests may differ in testing
methodology. With human subjects, legal issues also arise privacy rights need to be
respected, and data anonymized.

4. Modelling. We need to use our data—somehow. Do we have continuous variables
or categorical ones? Do we have an initial hypothesis to test, or do we need methods
that are suitable for ‘walking in the dark’?

5. Evaluation. We need to use metrics by which we quantify ‘successes. Do we
have concise research questions so that an answer to them can be made? Are we
descriptive or do we have new hypotheses as a result? Without clear questions, no
metrics will be satisfactory, as metrics are often meaningless themselves. Can we
compare our work to that of others via the metrics?

6. Deployment. Pure research may result in scientific outputs, such as presentations or
scientific papers or openly published datasets. However, does our research yield
tangible results such as new scientific hypotheses? Does our research have clinical
implications?

Figure 1. The six elementary steps in a data science project as outlined in the CRISP-DM standard.
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This is the model we will follow and around which we build our homemade software,
which will be described in more detail in the next sections.

2.1. Software Architecture—Incorporation of ‘Best Practices’ for User-Friendliness

The software we are developing is an aid for a small-scale medical research team.
To borrow from the beforementioned concepts, we are developing software that helps
with steps 2–5, with 3–4 essential parts of it. The focus is deliberately limited, it does
not want to do more: it is simply a framework by which a team can gather all their
research data, test various hypotheses and models with it, and report it automatically
in a user-readable form. We feel that this scope fits with a few developers and new
functions may be added as needed; in contrast with large software frameworks, where
such incorporation may take a long time or workarounds.

However, the CRISP-DM standard deliberately does not provide a guideline, how to
actually implement the functionality required. This problem is as old as software develop-
ment itself. Fortunately, industry ‘best practices’ are available. One of these is the widely
popular ‘Agile’ methodology [6]. The ‘Agile Manifesto’ of software developers describes
essential concepts and introduced the concept of ‘user stories’ [7]. With Agile and with
‘user stories’, the system is approached from outside, from the perspective of the users.
Everything else is developed around the needs of the users, every user has a ‘story’ with
the software piece.

In a small research project, we usually have four types of participants:

1. Assistants, who usually have a narrow, well-defined scope of work.
2. Junior researchers (e.g., undergraduate students) and other personnel, who are

strongly dependent on input in their work.
3. Senior researchers (e.g., postdocs), who are able to work independently with

minimal input.
4. Principal investigator, who oversees the whole project and sets goals.

To meet the requirements of data processing in such teams, we have devised a
software toolkit, a data learning framework we named ‘PyTanito’. The Py stands for
‘Python’, an increasingly popular, open-source, machine programming language [8], with
a large following in the science field as of 2021. We have deliberately made this choice,
so that our software may be extended by future researchers without ‘strings attached’
or without potential large costs that come with proprietary systems managed by large
corporations. A secondary benefit of this adoption is that an increasingly large amount
of ‘libraries’ are available for it. These ‘libraries’ are pieces of independent programs
performing specific tasks so that one can rely on the work of others. We do not need to
program every function, especially data analysis or machine learning tasks, which are
usually difficult to code.

Illustrated in Figure 2, the system builds around the needs of four types of users.
The respective four ‘user stories’ are as follows, roughly corresponding to the natural
composition of a small medical research team:

1. Software/database manager, who manages the software; may not need to be a
research person; sets up environment and checks database and software function.

2. Data curator, the role of assistants and junior researchers; collects and inputs data
into the system.

3. Simple data analyser, the role of more senior researchers; may perform simple
analyses on certain selected data.

4. Complex model builder and analysis, the role of the most senior researchers; sets up
different machine learning models.
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Figure 2. Architecture of ‘PyTanito’, organised into three layers. The outermost shell is the user-
interactable components, corresponding to the four roles in a small research team. The middle
layer is the part corresponding to data input-output, managing data formats, and the data analysis
tools themselves. A database is placed at the core, serving as the ‘single point of truth’. The arrows
denote flow of information.

‘PyTanito’ incorporates another software development ‘best practice’: the layers only
interact with the single layer below their level—or, at maximum, at their level. This key
part is illustrated in Figure 2, which shows the direction of information flow. For example,
it is not possible and not desirable for any user to interact directly with the database
sitting in the centre. Simply use the 2nd role functions that read and input data into it.
Another advantage is that 3rd and 4th role users do not need to know where the data
comes from, as they work with the database, where all data is unified.

2.2. Data Storage and Organisation—An Up-to-Date Solution Using a Graph Database

At the core of the system is a database. It is a central, ‘single point of truth’ type
organisation so that all data we work with will be consistent. We do not have to worry
about differently formatted spreadsheet files or other nonstandard sources. We have cho-
sen a graph-type database [9], instead of a traditional, relational type (such as SQL types,
like Oracle SQL or MySQL [10]). Traditional relational type databases are organised into
columns and rows, and usually need to have clearly defined data types/fields/tables [11].
That is, we need to have a clear concept beforehand of what we will store. Unfortunately,
we found out that our exploratory research is not kind to this type of organisation. New
variables emerge constantly as a result of research. In our case, not all parameters are
measured for all patients, and new parameters are added routinely to certain patients.
Patients do not have all their parameters measured—some patients have extra parameters.
From a traditional relational database viewpoint, it is untidy and would require constantly
changing its tables and columns, thus rebuilding the entire database structure.

A graph database does not rely on such assumptions. A graph, as a mathematical
principle, consists of only ‘nodes’ and ‘links. The nodes may be connected with links to
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each other, describing their relation. We illustrate the use of this graph-type organisation
on our dataset in Figure 3 [12], which consists of ~200 thrombosis patients along with their
blood and blood clot parameters. Illustrated in Figure 3a, our minimal graph database
consists of a ‘patient’ node and a ‘measurement’ node. That is, the minimal sensible unit
is a single patient with a single laboratory parameter value.

Figure 3. The organisation of our graph-type database using Neo4j [13] on our actual blood and blood clot data [12]. (a) The
minimal unit of the database consist of a ‘patient’ node (blue) and an attached ‘measurement’ node (red). The two elements
are linked together with a link named ‘measured’. (b) A part of the actual database as viewed with the built-in Neo4j
browser by opening the address http://localhost:7474 in any web browser. The patient nodes are connected to many red
nodes. The patient IDs are shown (e.g., ‘1008′), just as the names of the measured parameters on the nodes (e.g., ‘Sex’ for
sex, ‘Hgb’ for haemoglobin, ‘WBC*’ for white blood cell count, etc.).

Patients have an ID as a property of the node. The ID we added is a four-letter number and is
anonymized; it cannot be used to reveal the identity of the patients. The laboratory measurements are of
course nodes themselves. Patients are linked to their laboratory parameter(s) with a ‘measured’ relation
link. The ‘measurement’ nodes have the value of the measured parameter as property, but others may
be added, such as the name of the parameter, the method by which it was measured, the date, etc.).
This arrangement gives extreme flexibility: patients may be added without much data, new data types
may be added as simple new nodes with different labels, and this does not need database rework, just
an additional operation to an already existing database. The question arises, that with such advantages,
why graph databases are not more widespread? The answer is that the background processes driving
graph databases are more computationally intensive than those driving SQL databases, but this is not a
concern when using relatively small datasets with contemporary hardware.

Our actual implementation uses the Neo4j Community Edition database, which is open source,
and was chosen on grounds discussed before. We note that many more types of graphs exist, such
as hypergraphs, where links (the edges) may link to any number of nodes. The more commonly
encountered ‘property graphs’ described in this paper and software are a subset of such hypergraphs
since a particular link ‘only’ connects two nodes. The universality of hypergraphs makes them more
difficult to comprehend and use computationally, nevertheless, see [14].

2.3. Data Analysis—Typical Tasks, Terms and Algorithms

In the next sections, now that we have data on hand, we need to specify, what we do with it [15,16].
For the sake of simplicity, we will provide examples using our actual patient dataset with blood
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parameters. In broad terms, we usually have three different types of analysis. Let us also have two
types of variables, X and Y.

• Regression/classification analysis. We would like to predict Y from given X. X is the independent
variable and Y is the dependent variable (X → Y).

• Hypothesis testing. If, e.g., given two patient populations (YA and YB), is the so-called null
hypothesis true? The ‘null hypothesis’ usually is that the two populations are different (YA → X is
not equal to YB → X). The ‘alternative hypothesis’ is the opposite, exclusive hypothesis: the two
populations are identical.

• Clustering/dimensionality reducing algorithms. Sometimes we do not even have labelled data
(here denoted Y), only raw data X. We need algorithms that work when we want to reduce the
complexity somehow. In effect, can we cluster/label/group/classify the data based on X alone?

To put these analysis possibilities in context, taken our clotting disorder data [12], usually the Y
dependent variable is a fundamental, clinically relevant label: what disease did our patients suffer
from? Stroke, myocardial infarction or peripheral thrombosis? The Xs, the independent variables are
usually the measured blood/blood clot parameters, such as cell counts, molecular marker (e.g., CRP)
levels, etc. Please note that in a ‘regression analysis’, the Y is a continuous, quantifiable variable, while
in a ‘classification analysis’ the Ys are discrete, non-quantifiable labels.

It is also useful to know that when we talk about ‘labelled data’, we mean data, which was
appropriately tagged with useful (in the medical field this means clinically relevant) properties using
discrete, non-quantifiable variables. This is, e.g., the disease type mentioned before. Unlabelled data
are usually less worthy, as the number of analysis tools available are reduced. Here, using our dataset
as an example, raw data would be, e.g., blood test numbers. If we add disease type and other clinically
relevant labels, our data becomes labelled. This labelling task can be a hard problem, and often requires
human intervention.

Supervised vs. unsupervised learning are additional terms encountered. In supervised learning,
we have some expectations about the data, we have labels on the data, and we direct the analysis using
this expectation. The analysis tools mentioned before Types 1 and 2 are supervised types. Type 3 is of
the unsupervised type.

We provide two tables: one lists the common machine learning algorithms Table 1. The second
table lists the evaluation metrics that may be used to determine how successful we were by using the
beforementioned algorithms Table 2.

Table 1. Machine learning algorithms. This table provides an overview of algorithms that may be used in a Python language
environment. The list may be extended significantly as new algorithms emerge and get incorporated into the Python
environment. Of course, discussions on these methods fall beyond the scope of this paper, so the interested readers are
directed to the excellent books of Hastie and Landau [15,16] for more information.

Name of Method Recommended Use Method Type Input Variables Output
Reference to Python

Implementation

Decision tree

To visusalize and break
down complex decision

making processes. It
also provides an

explainable output.

Supervised learning
(in its basic form it is

used for
classification, but

can be extended for
regression)

Discrete and
continuous data

Trained model (tree, in
the case of CART it is a
binary tree), cllassified

points, (predicted
values in the case of

regression)

From sklearn.tree
import

DecisionTreeClassifier,
from sklearn.tree

import
DecisionTreeRegressor

Random forest

It performs well on
large datasets and
reduces overfitting

compared to decision
trees. Random Forest is

faster than Bagging

Supervised learning
(both Classification

and Regression)

Discrete and
continuous data

trained model (trees for
decision making) and

classified points or
predicted values (in the

case of regression)

From sklearn.ensemble
import RandomForest-

Classifier, from
sklearn.ensemble

import RandomFore-
stRegressor
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Table 1. Cont.

Name of Method Recommended Use Method Type Input Variables Output
Reference to Python

Implementation

SVM (support
vector machine)

It is often used for text
classification tasks such
as category assignment,
image recognition, and

performs especially
well in aspect-based
recognition. It can be

used in linearly
separable and

non-separable cases as
well.

Supervised learning
(both Classification
and Regression) In

basic form it
supports binary

classification, but it
can be extended for

multiclass
classification

problems and for
regression (support
vector regression,

SVR) as well.

Discrete and
continuous data

Trained model,
classified points or

predicted values (in the
case of regression)

From sklearn.svm
import SVC

KNN (K-nearest
neighbour)

It is a very simple
algorithm, which

performs much better if
all of the data have the
same scale, and works

well with a small
number of input

variables, but struggles
when the number of

inputs is very large. It
is also needed, that the
training is continuous

and it only works when
new data is coming.

Supervised learning
(classification)

Discrete and
continuous data

Classified points or
predicted values (in the

case of regression)

From sklearn.neighbors
import

KNeighborsClassifier

Linear Regression

One of the most
frequently used

regression methods,
when a linear

relationship is assumed
between the input and

output variables.

Supervised learning
(Regression) Continuous data Regression line

(predicted points)

From sklearn.neighbors
import

KNeighborsClassifier

Logistic regression

It is a commonly used
algorithm for solving
binary classification

problems.

Supervised learning
(Binary

Classification with
Softmax extension it
can solve multiclass

classification
problems)

Discrete and
continuous data

Classified points-binary
(discrete) value

From
sklearn.linear_model

import
LogisticRegression

ANN (artificial
neural network)

State of the art. It
performs well on a

large and
multi-dimensional

dataset, and should be
applied when there is

no explicit
mathematical equation
for solving the problem.
it is especially useful in

image analysis, text
classification, voice

processing tasks. The
results are not
explainable.

Supervised learning
(both classification
and regression). It

can be used also for
unsupervised

learning tasks, but it
is not so

widespread.

Discrete and
continuous data

Trained model,
classified points or

predicted values (in the
case of regression)

From
sklearn.neural_network
import MLPClassifier,

from
sklearn.neural_network
import MLPRegressor
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Table 1. Cont.

Name of Method Recommended Use Method Type Input Variables Output
Reference to Python

Implementation

k-means Clustering is used
when we want to

divide our datapoints
into groups according

to smilarity. The
k-means algorithm can
find spherical clusters
easily, while DBSCAN
can find clusters of any

shape as long as the
dataset has balanced

density. Moreover,
there are algorithms

which are also good at
the clustering of

datasets with
unbalanced density,
such as mean-shift.

Unsupervised
learning (clustering)

Discrete and
Continuous data

Trained model, clusters

From sklearn.cluster
import KMeans

DBSCAN From sklearn.cluster
import DBSCAN

Gaussian mixture
model

From sklearn.mixture
import

GaussianMixture

Mean-shift From sklearn.cluster
import MeanShift

Others

From sklearn.cluster
import

AffinityPropagation,
from sklearn.cluster
import Agglomera-

tiveClustering, from
sklearn.cluster import

Birch

PCA (principal
component

analysis)

Dimensionality
reduction can serve as

data preparation, as the
machine learning

algortihms work better
on low-dimension data.
However, the reduction

can be the main
exercise too.

Unsupervised
learning

(dimensionality
reduction)

Discrete and
continuous data

Data with reduced
dimensionality (less
features), where as

much information as
possible about the

original data is
preserved.

From
sklearn.decomposition

import PCA

LDA (linear
discriminant

analysis)

From
sklearn.discriminant_

analysis import
LinearDiscriminant-

Analysis

Others

From
sklearn.decomposition
import TruncatedSVD,
from sklearn.manifold
import Isomap, from

sklearn.manifold
import LocallyLin-

earEmbedding

Association

One uses Association
when the aim is to

study the connection
between the datapoints,

and make
recommendation for

new datapoints.

Unsupervised
learning

(association)

Discrete and
continuous data

Association rules,
associations

From
mlxtend.frequent_

patterns import apriori,
association_rules

T-test

To compare the means
of 2 groups. It assumes

that the samples are
(approximately)

normally distributed
and are independent,

and have a similar
amount of variance
within each group.

Hypothesis testing

Continuous data,
normally

distributed, small
sample with

unknown
variance

t-value, p-value,
degrees of freedom

From scipy.stats import
ttest_ind
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Table 1. Cont.

Name of Method Recommended Use Method Type Input Variables Output
Reference to Python

Implementation

F-test

The hypothesis that the
means of a given set of
normally distributed

populations, all having
the same standard

deviation, are equal.
The hypothesis that a
proposed regression

model fits the data well.
(lack-of-fit sum of

squares).
The hypothesis that a

data set in a regression
analysis follows the

simpler of two
proposed linear models
that are nested within

each other.

Hypothesis testing

Independent and
normally

distributed data
with a common

variance.

F-value, p-value,
degrees of freedom

From scipy.stats import
f_oneway

Z-test

One can use Z-test
when the sample size is

greater than 30, the
data points are

independent from each
other, the data is
(approximately)

normally distributed,
sample sizes are equal.

To check whethet
sample mean of the two
groups are equal or not.

Hypothesis testing

Independent and
normally

distributed data
with large (>50)

sample size or the
variance is known

Z-value, p-value,
degrees of freedom

From statsmod-
els.stats.weightstats

import ztest

Chi-cquare Test

Chi-squared test is used
to determine whether
there is a statistically
significant difference
between the expected
frequencies and the

observed frequencies in
one or more categories.

Hypothesis testing

Random sample
that are classified
into k mutually

exclusive classes

p-value From scipy.stats import
chisquare

Table 2. Metrics used for evaluation of machine learning models. In this table, we provide a list of useful metrics used when
quantifying success in a data analysis experiment, be it a regression or classification problem. As with Table 1, the list is not
exhaustive, and interested users are directed to [17–19] for more information.

Name of Error Metrics Recommended Use Typical Drawback Input Variable Output Type and Range
Reference to Python

Implementation

Mean absolute
error/MAE

Regression.
Gives an absolute

measure; can be used
to compare

regression models on
the same dataset.

Specific for the given
model and dataset. Continuous Continuous value, [0; ∞]

From sklearn.metrics
import

mean_absolute_error

Mean square
error/MSE

From sklearn.metrics
import

mean_squared_error

Root mean square
error/RMSE

From sklearn.metrics
import

mean_squared_error

Standard
error/residual standard

error

From scipy.stats
import sem
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Table 2. Cont.

Name of Error Metrics Recommended Use Typical Drawback Input Variable Output Type and Range
Reference to Python

Implementation

R2-value/R squared
Regression. A basic
metric to evaluate
regression models.

Does not take into
account the number

of independent
variables.

Continuous Continuous value, [0; 1] From sklearn.metrics
import r2_score

Adjusted R2/adjusted
R square

Regression. Useful to
compare models with
differing numbers of

independent
variables.

Continuous Continuous value, [0; 1] Import
statsmodels.api

Confusion matrix

Classification. Can be
used to calculate

other classification
metrics.

The simple quantities
of true positives

(TP)/true negatives
(TN)/false positives
(FP)/false negatives
(FN) refer only to the

given model
and dataset.

Discrete Matrix for each classes
values [0; ∞]

From sklearn.metrics
import

confusion_matrix

True positive
rate/TPR/recall/

sensitivity/probability
of detection

Classification.
Recommended when

the costs of FN is
high (such as sick
patient detection).

Not recommeded to
use alone.

Discrete Continuous value, [0; 1]

From sklearn.metrics
import recall_score

True negative
rate/TNR/specificity Classification

From sklearn.metrics
import

confusion_matrix

False positive
rate/FPR/type I error Classification

From sklearn.metrics
import

confusion_matrix

False negative
rate/FNR/type II error Classification

From sklearn.metrics
import

confusion_matrix

Accuracy

Classification. Useful
to compare

classification models
on the same dataset.

Recommended when
every class is equally

important.

Can be largely
contributed by a

large number of TN.
Not recommended
when the costs of

having a
mis-classified actual
positive is high (ex.
virus carrier). Not

recommeded to
use alone.

Discrete Continuous value, [0; 1]
From sklearn.metrics

import
accuracy_score

Misclassification
rate/classification error

Classification. Since
it is = 1-Accuracy, all

properties are the
same

Precision

Classification.
Recommended when
the costs of FP is high
(such as email spam

detection).

Not recommeded to
use alone. Discrete Continuous value, [0; 1]

From sklearn.metrics
import

precision_score

F1 score/F-score/F-
measure

Classification. To
have a balance

between Precision
and Recall and there

is an uneven class
distribution (large
number of actual

negatives)
Discrete Continuous value, [0; 1]

From sklearn.metrics
import f1_score

F2 score

Classification. The
same as F1 score, but
we nominate twice
importance to recall

over precision.

From sklearn.metrics
import fbeta_score
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Table 2. Cont.

Name of Error Metrics Recommended Use Typical Drawback Input Variable Output Type and Range
Reference to Python

Implementation

Micro F1, macro F1,
weighted F1

Multi-class
classification.

Advanced versions of
F1 score where the
difference (micro,

macro, weighted) is
the type of averaging

performed on the
data. Micro precision,
micro recall weighted

precision, macro
precision, etc.,

also exist.

Discrete Continuous value, [0; 1] From sklearn.metrics
import f1_score

ROC (receiver
operating

characteristics)

Classification.
Visualizes the

tradeoff between TPR
and FPR.

In some cases, can be
difficult to compare

more curves *2
Discrete Curve, X axis = FPR, Y

axis = TPR
From sklearn.metrics

import roc_curve

ROC AUC (area under
ROC)

Classification. A
quantity to describe

the ROC curve.

Not recommended
when the data

is heavily
imbalanced *3

Discrete Continuous value, [0; 1] From sklearn.metrics
import roc_auc_score

PR curve
(precision–recall curve)

Classification.
Combines precision
and recall in a single

visualization.

Discrete Curve, X axis = Recall, Y
axis = Precision

From
scikitplot.metrics

import
plot_precision_recall

PR AUC (area under
PR curve)

Classification. A
quantity to describe

the PR curve.
Discrete Continuous value, [0; 1]

From sklearn.metrics
import aver-

age_precision_score

2.4. A Machine Learning Workflow—Common Processes Explained with Examples

In a traditional scientific project, we are convinced of our models and hypotheses when these
are repeated and verified by independent researchers. A single team collects data, and then ‘trains’
their model/algorithm on a part (or whole) of the available data [16]. Thus, this data is called ‘training
data’. Training a model/algorithm means the setting of the model’s parameters so that the model from
Table 1 describes the data ‘best’, according to selected metrics seen in Table 2. Training often involves
other kinds of parameters (hidden variables) during the construction of the model (‘hyperparameters’)
that refine/restrict the behaviour of an otherwise complex model. The model’s ordinary parameters
are, e.g., the two coefficients of a simple linear regression, and in this case, the training may be called
‘linear fitting’. Linear regression is simple, and it has not hidden ‘hyperparameters’, but more complex
models, such as a ‘decision tree’ may have more parameters and several hyperparameters that describe
it.

However, it is possible that the model is not optimal for the problem, for example,
a linear regression does not capture the phenomena studied, and so does not make sense from a medi-
cal/physical/chemical standpoint. To see that the fitted model is reasonable (and does not depend on
cherry-picked ‘training’ datapoints), it is good practice to have
a ‘validation set’ of data. This ‘validation dataset’ is data totally separated from the ‘training data’. It
is not used for the training (e.g., linear regression fitting), and so is ‘unseen’ by the model-building
procedure. The trained model’s error on this ‘validation dataset’ is more indicative of the model’s
appropriateness.

However, even this train-validation procedure may be less than optimal in real life. For example,
because of inherent systematic errors during the experiments or if it just happens that the particular
picking of data into train/validation sets skew results. Figure 4 illustrates how independent obser-
vations by different researchers solve the problem. However, in the medical field, this is often not
possible, because the experiments may be too costly or there is simply not enough interest or resources
to reproduce results.
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Figure 4. The scientific process and the cross-validation process compared. (a) In an ideal world, experiments
can be repeated many times, and the results are reproducible. (b) In the real world, relatively few experiments
can be executed (e.g., expensive and time-consuming medical types with human subjects). In our case, ex vivo
examination of blood clots from thrombosis patients is a costly and time-consuming endeavour. Therefore, a
cross-validation type procedure is used to evaluate the data analysis results. A k-fold cross-validation procedure
produces ‘k’ number of simulated ‘identical’ and ‘random’ datasets. The original dataset is split into ‘k’ number of
equal parts, then each part is used for validation only once—while the rest is used for training.

A so-called cross-validation procedure Figure 4b may solve this problem with
caveats [20,21]. In a cross-validation procedure, we produce simulated ‘independent’ datasets ran-
domly. A k-fold cross-validation procedure produces ‘k’ number of simulated datasets. This procedure
minimizes at least the ‘cherrypicking’ problem of the train-validation dataset split. Still, the problem
of systematic errors remains, therefore, this procedure produces only a hint on the minimum error,
and the real error is certainly larger than that. Still, the procedure will prevent over-optimistic error
estimations by setting a minimum error expectation and is best used to compare the appropriateness of
different machine learning model types (e.g., linear regression vs. polynomial regression, etc.). Another
advantage is that this procedure may be used ‘on top’ of other error metrics, because any error metrics
may be used with these ‘independent’ datasets.

In the last part of this paper, we show the actual outputs of the software. Figure 5 depicts the
use of the software to check the data and available measurements for further analysis (a simple ‘data
curator’ user role). Figure 5 displays the command-line interface which is always available for Python
programming. The output is also always available as a command-line type. Although not as wieldy
or ‘nice’ as graphical user interfaces (GUIs), command-line interfaces and outputs serve an important
purpose: they are read and parsed easily by machines, e.g., by other parts of the same program or even
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third-party software. For this reason, efficient software implements both the command-line interface
and the GUI.

Figure 5. ‘PyTanito’ software in actual use—example of a ‘data curation’ role use. (a) The input: these are code lines
in Python for database import and for printing database statistics. (b) The output of the software in response to the
commands in (a) lists the number of patients in our dataset 12 (209 total), as well as the number of measurements
collected (6997 total), and as a bonus, it lists the type of measurements available for further analysis (43 different
types). The asterisk (*) after a parameter name indicates that the parameter was measured using a pathological
blood clot, unlike the rest, which are from ordinary blood samples.

In Figure 6, we show an actual example of decision making with the help of machine learning. The
figure shows a pair of plots for two different, but related prediction problems using common ‘Decision
Tree’ algorithm implementation. In each of the plots, we compare several ‘tree’ models and decide
which ‘tree’ is the best if there is such a model. The provided example is realistic in the sense that it
also displays commonly encountered, relatively unsuccessful models. A major takeaway is that relying
on a single metric on a single training run is guaranteed to be flawed: even when it seems to be better,
it is not when many random combinations of data are also validated. Extensive use of cross-validation
helped in our case to set realistic expectations. For this particular example, the conclusion is that the
decision trees are better than random guesses, but not by very much. It is an open question as to
whether robust, clinically relevant predictions can be made. More data, more types of variables and
more types of algorithms need to be tested. Thus, from this data only, the prediction of disease before
onset is not practical.
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Figure 6. ‘PyTanito’ software in actual use—example use of the most advanced training and evaluation functions.
(a) Decision tree models and their evaluation on our dataset [12]. Can we tell from mere blood cell counts (X inde-
pendent variables are red ‘RBC’, white ‘WBC’ and platelet ‘Plt’ cell counts) what kind of thrombi were present (Y de-
pendent variable is the ‘Main’ label, which has values ‘stroke’, ‘myocardial’ or ‘peripheral’)? We chose ‘true positive’
rate as error metrics (depicted on y scale) for a classification problem, 5-fold cross-validation was used with repeats.
On the x scale are the different decision tree models, numbered 1–50. They are mostly identical in performance
(on average they are ~40% correct, blue line) and not much better than random guessing (yellow line, 35% correct
on average). (b) In a second problem, we used the same dataset and the same goal as before, but now X indepen-
dent variables are clinically relevant labels (such as, do the patients have diabetes, atherosclerosis, etc.). Now,
the results are better; all trained decision tree models (No. 1–50) seem better than random guessing. Models 1–8
appear better than the rest, with model 2 seemingly the best of all, with average success rate of ~65%, compared to
the average success rate of ~45% of random guessing.
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3. Conclusions and Remarks

We have seen that modern workflow (CRISP-DM standard) with modern software ‘best practices’
(‘Agile’ and software layering) can produce useful tools in medical research. We also provide a
glimpse into how data may be stored in a humanly reasonable way using a graph database. We also
provided lists of the incredible amount of contemporary machine learning methods and metrics for
their evaluation.

We consider two kinds of readers and have conclusions for each.

• First, from the perspective of the software developer involved in a ‘decision making’ project, it is
notable that software specification is a bottleneck during the initial steps. This often stems from
a lack of clarity and vision during the initial stages of the project. Going forward in the project,
the tuning of the machine learning models (‘hyperparameter tuning’) becomes the bottleneck and
this remains so until the end. Curiously, the choice of algorithms does not appear critical now.
Computational capacities are larger than ever, and several highly advanced machine learning
methods are available (in fact, often more than needed in a project). Projects, however, may fail
easily because of data quality issues, and this brings us to the second set of conclusions below.

• Second, from the perspective of the medical professional, the bottleneck is usually a lack of
understanding between them and software specialists during the initial stages of the project.
Going forward, the single but often critical bottleneck is the quality of their data. Experiments may
span years and may be performed by different personnel over time. This may lead to inconsistent
procedures, even if for mundane reasons, e.g., because of no longer available reagents or altered
cell lines. These can introduce large systematic errors that make even advanced machine learning
algorithms ineffective. Other kinds of experiments are inherently difficult to perform consistently
for physical, economical or legal reasons. For example, in our case, the blood clots of ex vivo
human origin pose a significant problem, since the number of experiments is severely limited. In
summary, medical professionals must do everything to ensure reproducibility and consistency of
their experiments and data over long timespans in sufficient quantity.
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Abstract: Advances in artificial intelligence in healthcare are frequently promoted as ‘solutions’ to
improve the accuracy, safety, and quality of clinical decisions, treatments, and care. Despite some
diagnostic success, however, AI systems rely on forms of reductive reasoning and computational
determinism that embed problematic assumptions about clinical decision-making and clinical practice.
Clinician autonomy, experience, and judgement are reduced to inputs and outputs framed as binary
or multi-class classification problems benchmarked against a clinician’s capacity to identify or predict
disease states. This paper examines this reductive reasoning in AI systems for colorectal cancer (CRC)
to highlight their limitations and risks: (1) in AI systems themselves due to inherent biases in (a)
retrospective training datasets and (b) embedded assumptions in underlying AI architectures and
algorithms; (2) in the problematic and limited evaluations being conducted on AI systems prior to
system integration in clinical practice; and (3) in marginalising socio-technical factors in the context-
dependent interactions between clinicians, their patients, and the broader health system. The paper
argues that to optimise benefits from AI systems and to avoid negative unintended consequences for
clinical decision-making and patient care, there is a need for more nuanced and balanced approaches
to AI system deployment and evaluation in CRC.

Keywords: artificial intelligence; machine learning; patient outcomes; socio-technical design;
algorithmic bias; clinical interaction

1. Introduction

In late 2016, Geoffrey Hinton, arguably one of the most influential researchers in the
field of ML and pioneer of neural network architectures and deep learning, evocatively
exclaimed that the technology was so profound that “if you work as a radiologist, you are
like the cayote already over the edge of the cliff that hasn’t yet looked down . . . people
should stop training radiologists . . . it’s just completely obvious that within five years deep
learning is going to do better than radiologists”; a view that was solidified in a published
opinion piece that spoke about how deep learning would fundamentally transform health
care as we know it [1,2]. It has been five years since those remarks and clearly AI has
not replaced radiologists. To the contrary, radiologists are in higher demand than ever-
before [3]. If we trace the long history of healthcare information technologies (HIT), such
as the electronic health record (EHR), computerised physician order entry system (CPOE),
computer aided decision support system (CAD), e-prescription software, and now AI-
enhanced HIT, the narrative has always been the same, that computational systems are
introduced with promises of “computational superiority” to the benefit of patient outcomes,
by enhancing the safety, quality, personalisation, and efficiency of healthcare services.

However, this hyperbole has been constantly challenged by an extensive body of
research in the last three decades that has repeatedly highlighted how HIT results reported
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in experimental settings are rarely emulated in the real-world of clinical practice. There
is also a considerable and growing body of evidence highlighting negative unintended
and unanticipated consequences (NUCs) arising at the interface between new HIT tools
and socio-organisational systems, leading some to suggest that HIT seems to foster the
creation of errors rather than reduce their likelihood [4,5]. These circumstances are no
less prevalent in the era of AI, where overly optimistic descriptions of AI systems tend
to marginalise possible risks associated with their implementation in real-world practice,
particularly when system development is challenged by the nature of contextual and socio-
organisational factors in the practice of diagnostic and therapeutic clinical decision-making
for the delivery of safe, high quality patient care. This has not prevented technology
vendors and AI advocates continuing to promote the view that healthcare is ready for
disruption by AI-enhanced HIT and reiterating the standard computational narrative that
AI will be the panacea for all problems plaguing the healthcare system. These include but
are not limited to problems of misdiagnosis, health costs, time-scarcity, system efficiency,
and treatment reproducibility.

Colorectal cancer (CRC) is currently the second leading cause of cancer and cancer-
related mortality in the world [6], and therefore there has been significant interest by several
IT vendors to promote clinical decision support systems (CDSS) powered by artificial
intelligence (AI) and machine learning (ML) to address a subset of discrete challenges
in the screening, diagnostic, and therapeutic pathways of clinical practice to improve
patient outcomes. These have included preventing missed diagnoses of polyps in CC [7–9],
improving reading time efficiency in CE [10], minimising interobserver variability and
reproducibility in the histopathological examination of CRC [11,12], or introducing risk-
stratification and prognoses prediction for CRC screening or diagnosis more broadly [13–15].
While current evidence suggests these AI tools may help address some of the problems that
exist in the application of CRC screening and diagnostic technologies, it has also emerged
that these AI enhanced systems themselves have their own limitations that require greater
attention, if we are to avoid replacing one set of problems with another set [16]. In particular,
these systems are founded on problematic representational, temporal, and cultural biases
embedded in end-end data pipelines used to train AI algorithms that become further
constrained by the epistemological and ontological limitations inherent to the nature of
AI computation that tends to discretely frame problems of the real-world independent
of context. Given the tendency for AI system developers to prescribe over-confidence
in quantitative metrics produced within experimental settings, this paper explores the
potential risks that arise in the absence of adequate socio-technical evaluations of AI system
integration across context-dependent clinical interactions that may challenge AI efficacy
across socio-cultural and socio-organisational contexts.

Of course, it is acknowledged that technology does have an important role to play
in healthcare and that some forms of AI systems do support clinical decision-making
and practice. However, this paper highlights how it is very important to recognise that
most contemporary AI systems rely on forms of reductive reasoning and computational
determinism that embed problematic assumptions about clinical decision-making, which
may be problematic depending on the context of clinical practice. It is in the context of
these concerns that this paper examines the opportunities and limitations of AI in CRC
screening, diagnosis, and treatment. Furthermore, this paper explores whether investment
in AI augmentation of CRC diagnostic modalities is misdirected, given that the majority of
HIT diagnostic tools that currently support clinicians in the early detection and diagnosis
of CRC, such as the Immunochemical Faecal Occult Blood Test (iFOBT) screening test, and
diagnostic imaging modalities, such as conventional colonoscopy (CC), CT colonography
(CTC), and capsule endoscopy (CE), have done little to change the fact that CRC remains
to be the second leading cause of cancer-related death in the world, despite being one of
the most preventable diseases [6].
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2. Materials and Methods

This paper provides a socio-technical analysis of contemporary research into the
use and impact of AI in colorectal cancer (CRC). This analysis is developed through a
multi-disciplinary selective review, which identified over 120 papers published post-2018
through medical databases PUBMED, EMBASE, BIOMED, and Cochrane; computer science
databases ACM Digital and IEEE Explore; and grey literature through Google Scholar. This
approach is adopted in a similar capacity to recently published MDPI research [17,18], in
order to offer a balanced critique on the opportunities, limitations, and risks of AI system
development and integration in clinical decision-making along CRC screening, diagnostic,
and treatment pathways.

The rest of this paper is divided into six main sections. (1) The opportunities presented
by AI in health and the problematic assumptions that underpin approaches to AI devel-
opment, implementation, and evaluation in healthcare are discussed. (2) The limitations
and risks of these assumptions are then considered in the context of CRC, through an
examination of the multi-faceted dimensions of underlying algorithms in (a) AI and data
and (b) AI and models. (3) The social, legal, and ethical implications of these assumptions
for AI-mediated clinical decision making are then identified and discussed. (4) Beyond
these direct impacts, the paper also considers the broader impact that marginalising socio-
technical factors in CRC may have on misdirecting clinical focus in ways that do little to
improve patient population outcomes. (5) The paper also briefly looks to the future devel-
opment of AI systems and the challenges facing regulators and practitioners in responding
to the prospect of an era of ‘unexplainable’ AI. (6) The paper concludes by outlining steps
towards building a more nuanced and balanced approach to the deployment of new AI
tools in CRC to mitigate the risks to clinicians and patients in CRC diagnosis and treatment
pathways. The paper points to the need for greater clarity around policies and procedures
for AI clinical system validation encompassing four themes: (a) transparency and auditing
of datasets, (b) transparency and reproducibility of algorithmic methodologies and imple-
mentations, (c) reproducibility of quantitative metrics through rigorous testing standards
across diverse population distributions and under-represented edge cases that are known
to challenge AI reliability in clinical practice, and (d) a robust socio-technical framework for
AI system evaluation using a systems based approach that is sensitive to (i) the impact of
AI system integration on patient outcomes, (ii) the clinical utility of AI system development
for health, (iii) the nature of AI integration in the context to existing human computer
interaction (HCI) and workflow considerations, and (iv) the nature of clinical interaction
with and without AI.

To identify papers, the authors searched key terms relevant to the six sections that in-
cluded: artificial intelligence, machine learning, deep learning, medicine, health, colorectal
cancer, bowel cancer, screening, and participation. Duplicate papers were removed, and
subsequent papers were screened according to relevance, application, citation score, and
year of publication. Recent research from the last five years was prioritised for the selective
review (n = 126 papers). However, historical seminal works were still considered where
appropriate. Review papers and opinion pieces were excluded from formal analysis and
discussion. However, they were referenced if it provided more context for the reader. Only
papers with published results were included in the final analysis. In total, 88 peer-reviewed
papers form the main analysis and discussion of this paper.

3. AI in Health: Opportunities and Concerns for Clinical Decision Making

AI in health is a rapidly developing field that has recently demonstrated a remark-
able capacity to learn interrelationships within data in a way that offers utility for clinical
decision making [19–22]. Most of the recent AI optimism for healthcare has been driven
by the phenomenal development and success of deep learning (DL) [21–23]. In this sec-
tion, we briefly review the different supervised, unsupervised, and reinforcement DL
approaches [24,25] that have been used across the screening, diagnostic, therapeutic, and
prognostic pathways of clinical decision making. In navigating the application of these
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methods in medical practice, we introduce some of the problematic assumptions that are
embedded in AI system development. Some of the problems are general in nature and
implicit to the process of AI system development (e.g., the biases embedded in data used
to train AI systems), while others are specific to certain AI algorithmic methodologies that
become more visible in the healthcare space of CRC. The purpose of this section is not to
undertake an extensive review of AI methodologies, but to highlight that there are inherent
methodological considerations that underpin their development that impact on clinical
decision making. This indicates that a more nuanced approach to examining AI in CRC is
necessary if we are to optimise AI benefits and limit its harms in clinical practice.

The medical literature is ripe with examples that demonstrate the highly efficacious
modelling capacity of supervised ML across myriad medical modalities. These have
included predicting: (a) benign/malignant cancerous states from pixel data found in
photographs of skin lesions [26]; (b) classifications of disease states in chest radiographs
(e.g., normal vs. abnormal radiographs, presence of pneumonia, presence of malignant
pulmonary nodules) [27–29]; (c) risk stratification and prognosis from whole slide images
(WSI) of histopathological tissue specimens that are used to inform therapeutic pathways
in areas such as gastroenterology [12,13,30]; (d) arrythmia, atrial fibrillation, or coronary
heart disease from wave data in electrocardiograms [31–33]; (e) the likelihood of sepsis
based on clinical observation notes and test results found in EHRs [34]; (f) the presence or
future onset of neurological diseases, such as brain tumours or Alzheimer’s disease, from
CT, MRI, or positron emission tomography [35–37]; (g) cardiovascular risk from fundus
photography [38]; and (h) colonic polyps in colonoscopy [39], among innumerable other
examples [40,41]. Despite the success of supervised ML across myriad medical contexts,
researchers have started to identify that there are complex nuances that underpin (a) AI
and data, and (b) AI and models, that pose significant challenges to supervised learning
systems when modelling the heterogeneity of the real-world, due to its dependency on
large volumes of labelled data and narrow task definitions framed by the human observer.

One of these issues includes representational harms introduced through data collection
and/or labelling practices [42,43]. For example, in 2019, a landmark study was published in
Science, where Obermeyer and colleagues [44] revealed how systemic racial biases emerged
after auditing a proprietary ML algorithm used routinely on 200 million people in the
United States of America each year that was tasked with assigning risk scores on patients
that would be eligible for subsided “high-risk care management”. While the algorithm was
well intentioned, the elusive nature of systemic racial biases meant that the AI was unable to
recognise that generational inequalities in healthcare access between two sociodemographic
groups resulted in a situation where less money was spent caring for less-healthy Black
patients compared to more-healthy White patients. Therefore, at a given risk score, Black
patients were considerably more ill than White patients. Interestingly, re-labelling the data
with a proxy variable that combined current health status with expenditure was shown to
reduce racial bias by 84% and increase the percentage of Black patients receiving additional
care from 17.7% to 46.5%.

Beyond systemic biases, another issue that arises is that AI generalisability is depen-
dent on diverse and equitable representation in data distributions, which may not always
be achieved by big data. As some genomic studies have shown, marginalised groups
may be underrepresented in the data, and their use in practice may lead to confounders
and incorrect correlations, as was seen in the prediction of hypertrophic cardiomyopathy
in Black versus White patients [45]. Yet, there are public genotype repositories such as
the 23AndMe dataset, which is based on 87% European/White representation and only
2% Asian and Black representation respectively [46], and the UK Biobank has a “healthy
volunteer” selection bias [47]. Both of these tend to form the basis of training published ML
algorithms [48,49]. This could limit the success of the algorithms when used on broader
patient cohorts. While there are approaches to mitigate this issue by balancing the data
through under/over-sampling techniques and data augmentation [50,51], an accuracy
paradox may emerge, since the quality that enabled the AI to perform efficaciously on
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the dominant class initially (prevalence of large volumes of that class) can be conflated by
the prevalence of the newly augmented class. Furthermore, the class that was augmented
may have contentious validity, as the nature of synthetic data generation may mean that
generated samples do not actually represent the disease state in question [52]. For instance,
a chest radiograph that experiences a horizontal flip augmentation can inadvertently result
in the depiction of a different medical condition called situs inversus.

More broadly, other issues that have been reported on in the literature include (a) in-
terobserver variability among labellers, which can limit the veracity of the data used to
train AI models [53], (b) challenges in delineating the suitable level of abstraction when
labelling disease presentations in a way that morphologists agree with [54], and (c) intrinsic
biases introduced by the contentious validity of narrow task definitions pre-imposed by
the human observer in framing a reductive computational relationship that is maximised
between an input X and an output Y independent of broader interrelationships between
clinical history, examination, and interaction [55].

Contemporary unsupervised learning and reinforcement learning approaches have at-
tempted to deal with some of these problems in healthcare by approaching computation in
a way that is more emblematic of human approaches to knowledge discovery and decision
making [56–58]. Unsupervised learning has shown that a data-driven approach indepen-
dent of human interference can successfully disentangle meaning out of complex data
structures, such as learning implicit brain MRI manifolds to enable for better quantitative
analysis and observations about the presence and/or development of disease [59], or deriv-
ing general-purpose patient representations from electronic health records to predict the
onset of future disease states across diverse clinical domains and temporal windows [60].
Similarly, “goal-directed” reinforcement learning has shown much promise in the ICU
setting, where optimising decision making for a longitudinal goal that requires extensive
personalisation (e.g., patient survival) is highly desired. For example, one study explored
how a RL algorithm could use available patient information to define a personalised regime
for sedation and weaning off ventilator support in an ICU, by predicting the optimal time
to extubation in a way that minimised complications arising from either (a) prolonged
dependence on mechanical ventilation on one extreme or (b) premature extubation that
requires reintubation on the other extreme [61]. In another study, it was demonstrated that
continuous state-space models could learn clinically interpretable treatment policies that
could aid ICU physicians in treating septic patients, in a way that improved the likelihood
of patient survival [62].

While such studies present an important stride forward in computational clinical
decision support that more closely resembles human behaviour, the significance of the
results should not be overstated. As Liu et al. [58] highlight in their comprehensive review
of RL algorithms developed for critical care settings, while these approaches do mitigate
against some of the biases introduced by the human observer in supervised learning
approaches, the methods do little to address the fact that data collection itself, may remain
biased since (1) the state space used in RL systems are constructed from data constrained by
the selection of patient demographics, laboratory tests, and vital signs present in the data;
and (2) the task being optimised for is still defined a priori, which means, as in supervised
learning, the efficacy of the system is still heavily influenced by the human observer who
decides what goal should be optimised for. Most importantly, both unsupervised and
reinforcement learning approaches introduce new, more complicated problems around
model evaluation in the absence of a labelled benchmark, which has led to researchers such
as John Kleinberg to famously declare that unsupervised clustering is so problematic that
it’s possible to define an “impossibility theorem” for it [63,64].

Given the importance of data and their role in shaping the efficacy of AI predictions,
this paper advocates for greater collaboration between the ML, health informatics, and
clinical communities to develop a standardised systems-based approach to AI evaluation
prior to clinical integration and posits that datasets and algorithms should be thoroughly
audited prior to integration into clinical practice. For this to work, transparency from

57



Appl. Sci. 2022, 12, 3341

commercial vendor-locked systems and adequate prospective studies must become the
norm. Unfortunately, a recent review of 130 FDA-approved AI medical devices found that
126 systems only ever used retrospective studies to report their results, and none of the
54 high-risk devices were evaluated by prospective studies [65]. Unsurprisingly, when one
of the commercial algorithms that was being used for the detection of a pneumo-thorax
was prospectively evaluated across ethnically diverse population groups, there was a
statistically significant difference in performance on the algorithm’s ability to accurately
predict the pathology in Black versus White patients [65]. Problematically, one meta-
analysis also discovered that in 516 publications highlighting the accuracy of medical
AI systems, only 6% were externally validated [66]. This may suggest that there is over-
optimism on the promise of medical AI and haphazard consequences may arise if sufficient
external evaluations of the impact on patient outcomes in varied socio-organisational
settings prior to clinical integration do not occur [67].

In the next section, we will deepen our examination of the issues of algorithmic bias
in clinical decision making in CRC from a perspective of (a) AI and data, and (b) AI and
models. The section integrates a perspective on how socio-technical interactions at the
interface of clinical practice in CRC may marginalise the opportunities that AI may provide
clinicians, patients, and the healthcare system.

4. AI in CRC: Limitations and Risks of Algorithmic Bias in Clinical Decision Making

Although AI introduces opportunities for clinical decision making, Figure 1 highlights
how there are a range of issues that amalgamate to limit model efficacy in the real-world,
the most significant of which are related to the interrelationship between: (1) AI and data,
through the underlying biases present in data distributions used during model training;
and (2) AI and models, through the reductive computational assumptions that emerge
out of the translation of medical problems into narrow computational task definitions
that are independent of context and that are constrained by limitations in underlying
model assumptions. This section examines these issues in the context of CRC screening
and diagnosis.

Figure 1. This infographic highlights the range of potential challenges associated with AI in clinical
decision making and reinforces the need for a robust framework to AI evaluation prior to clinical
integration, to maximise confidence in the safety and equity of system use in practice.
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4.1. CRC, AI and Data

It is well established that data has the most significant impact on developing effica-
cious AI models that are robust, performant, fair, safe, and scalable across contexts [68–70].
Access to large-scaled labelled data during model training is so significant that Sun et al. [71]
demonstrated that AI model performance increases logarithmically relative to the amount
of training data available. However, ‘big data’ and ‘balanced data’ are not synonymous.
In this section, we explore (1) representational biases and stereotypes that emerge in data
relating to race, gender, ethnicity, religion, disability, sexual orientation, and socioeco-
nomic status that alter what AI systems learn, and discuss how they may marginalise
patients from backgrounds that tend to be at the highest risk of CRC and have the poor-
est outcomes [72–78]. Furthermore, we discuss how (2) class imbalances associated with
the representation of heterogenous and/or underrepresented disease states in datasets
may lead to problematic outcomes for patients with rare diseases, particularly when clin-
ician automation complacency and bias in the presence of AI influence clinical decision
making [50,79,80].

4.1.1. Representational Biases in Data and CRC Risk Stratification Algorithms

In CRC screening, it is well known that the patients who participate the least in
screening, who have the highest risk of CRC, and who present with the poorest outcomes,
tend to be concentrated in groups that have experienced the most social disadvantage,
such as people from (a) Indigenous populations, (b) low socio-economic status, (c) diverse
cultural backgrounds, or (d) with disability [68–70]. For example, African Americans have
the highest incidence of CRC of all ethnic groups in the United States (US), have a mortality
rate that is approximately 20% higher than White Americans, and typically have a younger
onset of the disease [68]. Yet, such groups tend to either be (a) underrepresented in historical
machine learning datasets, or (b) when they are represented, experience algorithmic bias
due to systemic inequities embedded in the nature of the data. This poses potential risks to
patient care when an algorithmic prediction of patient risk and/or prognosis is clinically
implemented to guide clinical decision making around who will benefit from access to
treatment interventions.

These representational issues combined with a lack of a standards-based approach to
medical AI evaluations poses some interesting challenges in CRC screening, particularly
when there is a significant interest in developing ML methods for the screening of early-stage
CRC, given that the current two-tiered “Gold Standard” FOBT + colonoscopy approach
is challenged by a problem of low patient participation in screening [81]. Wan et al. [82]
suggested leveraging ML with whole-genome sequencing of plasma cell-free DNA and
demonstrated that is possible to predict the early onset of the disease with a mean area
under the curve (AUC) of 0.92 and sensitivity and specificity of 85%. One perspective is
that this whole genome approach allows for an unbiased discovery of signals that are not
disease specific and can be extended to the monitoring of non-disease states through the
detection of biomarker correlations. However, as the authors acknowledge, demographic
and institutional biases may impact on the generalisability of the results and the need for
prospective trials is emphasised. The issue with prospective trials that are not sensitive
to these representational issues, is that they can be designed in a way that unwittingly
supports the hypothesis, even when the authors are well intentioned. For example, Chan
and colleagues [83] proposed an ensemble ML algorithm to predict recurrence of CRC
using historical genomic data from a French population and claimed a sensitivity of 91.18%,
which was validated on data from Australia (91.67%) and the United States of America
(80%). There are concerns that the AI is therefore optimised for patients with Caucasian
ancestry, which could lead to problematic outcomes if these same algorithms are then
inappropriately used on patients of different ancestry that they are not optimised for. This
is of particular concern when we consider that (a) patients who are often at the highest
risk and who demand the most urgent care are often the ones that are least represented in
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the data, and (b) that clinical decision making, according to some research, can be heavily
influenced by the presence of algorithms [15,79,80].

To understand the effects that these algorithms have on clinical decision making, we
point to a fascinating study published in Nature, where Kostopoulou and colleagues [15]
setup an experiment to observe how recommendations for referral to specialised oncology
care would change in 157 general practitioners (GP) from the United Kingdom (UK) when
presented with 20 vignettes of patients with symptoms that might indicate potential CRC
and an unnamed algorithm predicting each of the patient’s risk. The researchers observed
two things: (1) after receiving the algorithm’s estimate, a GP’s inclination to refer for
specialised care changed 26% of the time, with the greatest impact seen when the GP
felt that they underestimated the risk compared to the algorithm; and (2) with continued
use, there was a positive GP disposition towards the algorithm, as GPs became better
calibrated to the probabilistic way that the algorithm would associate symptoms with risk
that they started to inadvertently emulate the same algorithmic approach to deduction
and conclusion.

While this study was celebrated as a success with high clinical utility, as GPs seemed
to improve their cancer referral decisions to the benefit of the patient, particularly when
the AI risk predictor was higher than the clinician; what the study does not thoroughly
investigate is the inverse scenario of what happens when patients who are actually high
risk are provided with low-risk scores, as witnessed in the previous Obermeyer study [44].
Even though the study does seem to indicate that GPs tend to err on the side of caution
and so an incorrect low risk algorithm theoretically should not change a GPs disposition
to refer; the effects of these interactions have not been thoroughly investigated. Human
factors engineering suggests the opposite may occur, as humans may subconsciously deflect
accountability to the machine [84], particularly when the effects of confirmation bias [85,86]
and automation complacency [80] set in, where clinicians are believed to lean towards
the decision of an automated system and subsequently stop searching for any further
confirmatory evidence. This phenomenon has been extensively discussed for two decades
in cardiology around the issue of automated electrocardiogram analysis [87,88].

This is concerning, particularly when a close examination of the literature shows
examples of representational biases that are both systemic and distributional in nature
unwittingly emerge in the absence of a robust methodological framework to address
these problems. For example, Nartowt et al. [14] developed an exclusively software-based
screening tool for the early identification and prevention of CRC in large populations by
training a neural network to classify individuals into low, medium, and high CRC-risk
groups using only personal health data found in two public datasets: (1) the National Health
Interview Survey (NHIS) dataset and (2) the Prostate, Lung, Colorectal, Ovarian Cancer
Screening (PLCO) dataset. To maximise machine performance, the authors converted much
of the dataset pertaining to race into a set of binary variables presenting attributes such as
“Not Hispanic/Spanish origin”, “Black/African American only”, “American Indian only”,
“Other race”, “Multiple race”, and “Sex factor”. However, this reductionism clearly has
consequences. Demarcating all other ethnic groups into a single variable of “Other race” is
a dangerous assumption, because it implies that there are no differences between all the
other rich cultures across the world. Compounding the problem is the fact that systemic
disparities that exist across groups due to sociodemographic context are not accounted
for, even though it is already known that this can be a significant limitation to predicting
accurate outcomes.

4.1.2. Class Imbalance, Heterogeneous Disease States, and Underrepresented Disease

Class imbalances and underrepresentation of rare disease states also presents an
interesting challenge for AI in CRC, which is not easily remedied by simply accruing more
data. The quality that makes ML so potentially powerful, the ability to learn patterns
within data by maximising signals that reinforce distributions in the datasets, is also one
that can lead to a situation where an AI optimises for features that are highly predictive of
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over-represented disease states, at the expense of features that detect or diagnose under-
represented rare diseases, even where computational techniques such as data augmentation
and regularisation are implemented. For example, in a recent landmark study, Wang and
colleagues [11] developed a state-of-the-art deep CNN that capitalised on transfer-learning
and demonstrated superior performance to pathologists in the histopathological analysis of
CRC tissue specimens, achieving a 0.988 vs. 0.970 AUC. The experimental setup appeared
sound and resistant to algorithmic bias: (a) they used a large volume of data (170,099
patches sourced from 14,680 whole slide images, captured from >9631 patients), and (b)
the patient cohorts attempted to be clinically representative, by collecting cases from
multi-independent sources across China, the USA, and Germany. However, as the authors
highlight in their analysis, several histological types were excluded from the study, because
they were too rare and had less than a 0.5% incidence. While they acknowledged this
limitation and stated that the algorithm would improve over time through the collection of
more data, it is important to highlight, again, that balanced data are more important than
more data, and the algorithm may remain skewed to the overrepresented class.

This may not be a problem in and of itself, as we acknowledge that rare diseases are
difficult for clinicians to diagnose and that the net benefit of these systems may still be
incredibly valuable when used as a second observer to ensure common cases are not misdi-
agnosed and/or missed on account of human error. However, a socio-technical analysis
evaluating the system may weigh these benefits against the risk that over-confidence in the
AI over time may alter the behaviour of clinical interaction, such that clinicians become less
perceptive of signals that an AI is known to be poor at, due to complacency in the presence
of the machine. This may mean that more careful consideration to HCI in the development
of HIT systems that utilise AI is enacted, or specific clinician retraining around how to
approach clinical practice in the presence of AI is mandated.

This may have interesting ramifications in emergent capsule endoscopy technologies,
where AI has been heavily promoted to increase small bowel findings while reducing
reading time through a mechanism that filters out normal findings and uses image process-
ing techniques to merge similar images together [10]. While this optimisation has largely
been lauded as a profound optimisation and improvement to the workflow through the
reduced reading time, there are concerns around whether the models will be robust against
all possible edge cases, particularly given the highly heterogenous ways that disease can
manifest. We do not know the answer to these questions, but it does indicate that, at
minimum, we need a rigorous framework around the external validation of AI, specific
quantitative testing around edge cases that are expected to be a challenge for AI such as
underrepresented classes, and more evaluations of clinician performance with and without
the use of AI, to ensure that we optimise the benefits of AI and limit their harm when
integrated into clinical practice.

4.2. CRC, AI and Models

In the previous section, the impact of data on AI performance was discussed and
it was acknowledged that more sensitive approaches to developing transparent, repre-
sentative, and equitable datasets could improve the efficacy of AI across diverse patient
cohorts and limit potential harms. This section extends on that discussion, to highlight that
there are broader contextual factors that impact clinical decision making that poses unique
challenges for AI, when consideration is given to the fact that current AI system technology
is functionally unable to transcend the epistemological and ontological assumptions embed-
ded in the nature of model design. This tends to leave AI unaware of the nature of clinician,
patient, or healthcare interactions and may result in erroneous conclusions by an AI system
due to an inability to recognise and appreciate the nuances of (a) temporal context, and/or
(b) situational operator context. Consequently, this section re-emphasises the dangers of
clinician complacency in the presence of AI system implementation in clinical practice.
This section concludes by examining how the inability to adequately explain AI model
predictions exacerbates the impact that context has on AI reliability in practice.
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4.2.1. Temporal Context

An issue that has been widely discussed in the literature is the problem of model
adaptation in the presence of distributional data shift [89], where there is (1) a mismatch
between the training data used by an algorithm at one point in time, and unanticipated
and/or evolving patient/healthcare contexts that emerge at a later point in time; and (2) an
inability of an AI algorithm to accurately adapt to such non-stationary clinical operational
environments due to the way that an AI model frames its assumptions of the world [55].
This tends to manifest most when historical EHRs are used to train a ML algorithm and new
data are later recorded and captured in the EHR, which was absent in the historical data due
to the evolution of clinical practice. This leads to a problem known as model drift [84,90,91].
This is not an easy problem to solve, since historical data cannot suddenly be updated
according to new knowledge, and new knowledge is often not voluminous enough to
train a new algorithm efficaciously. Even though more contemporary methods allow for
continuous learning via a process known as incremental learning [52], it is important to
recognise that this process of adaptation is still bound within the initial constraints of the
problem definition and an AI algorithm cannot epistemologically adapt outside of the
computational model “frame” imposed by the engineer. Importantly, the ML community
has not agreed on the best approach to handling class imbalances that emerge during
incremental learning, since real-time learning may inadvertently undo any efforts used to
balance initial data distributions and may skew the algorithm back too heavily in favour of
diseases or population groups that present commonly.

To show how these issues manifest first-hand in a healthcare setting, Davis et al. [92]
revealed how decreasing rates of acute kidney injury (AKI) led ML models to drift towards
a state of over-prediction of AKI within one year of development and this had the negative
unintended consequence of altering clinical decision making in a way that misdirected
resource allocation and expenditure. A more extreme example of this problem can be seen
in the emergence of the recent COVID-19 pandemic, which witnessed an unprecedented
shift in the patient landscape of a typical emergency department (ED), where an exponential
increase in ED visits for COVID-19 matched an exponential decline in acute visits for stroke
and heart attacks [91]. This presents a potential issue for CRC, given that since the early
1990s, the incidence of colorectal cancer in patients below the age of 50 has nearly doubled,
but this population is often not captured by most screening programs [93,94]. While it is
true that the absolute number of these patients are currently small and are not necessarily
included in screening pathways, it does demonstrate how disease patterns evolve over time,
and this has consequences to how AI systems are developed and evaluated. Observations in
younger CRC patients who present with more advanced stages of CRC have suggested that
there are multifactorial genetic and environmental components that influence the nature of
the underlying disease [93]. How does this then influence prognostic model performances,
e.g., if the underlying biological mechanisms are discovered to have shifted over time?
Therefore, it is important to consider that we need more robust guidelines around how
and when algorithms should be re-trained or re-calibrated, to maintain their performance
across shifting distributions to ensure that clinical decision making, which is inevitably
influenced by algorithmic decisions, remains robust to evolving clinical knowledge and
dynamic clinical settings.

The ramifications of temporal context on algorithmic predictability can be quite elusive,
particularly when we also consider how AI integration into clinical decision making along
therapeutic pathways is quite sensitive to the specific circumstances of the patient’s own
temporal context, independent of the broader population. For example, it was reported in
one study by Jie and colleagues [95], that when IBM’s Watson for Oncology (WFO) was
used to provide an oncologic treatment recommendation for a colon cancer patient, the
WFO did not recommend the usual CapeOX (oxaliplatin + capecitabine) treatment regimen,
because WFO assumed it was unsafe for the patient due to a recent biochemical blood test
that showed a creatinine clearance rate <30. However, when this was reviewed by the
multi-disciplinary team (MDT), the oncologists immediately knew that this was a transient
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reversible biochemical abnormality due to the treatment, which would organically recover
after one week, concluding that it would be irresponsible to stop the CapeOx treatment
scheme. On review, the creatinine clearance rate returned to normal as the MDT expected.

4.2.2. Situational and Operator Context

AI algorithms also tend to be unaware of situational context, where environmental
factors may have a significant impact on the appropriateness of the predictions, which again
reinforces the need for a standardised external validation framework that is sensitive to
technical and socio-technical concerns. There have been countless examples in the broader
ML literature to show how situationally unaware neural network signal optimisations have
led to a model exploiting unreliable artefacts, confounders, or spurious cues in a training
dataset to the detriment of its reliability and generalisability in new contexts. The most
cited example of this problem in the literature is the classic case where a ML algorithm
predicted pneumonia in a chest radiograph due to the type of X-ray machine equipment
that was used, rather than any underlying features of pneumonia. By coincidence, the
situational context was that patients who were most unwell, and most likely to have
pneumonia, were the ones that required point of care imaging by the clinical staff and
those radiographs were incidentally stamped with the term “portable” [29]. Given that it is
known that an AI may maximise spurious cues to forge incorrect classifications, even at the
level of a single pixel perturbation [96], there may be consequences that limit the currently
reported success of AI-assisted polyp and/or CRC detection and diagnosis systems used
in conventional colonoscopy, when they become more mainstream. In a recent study,
Li et al. [97] highlighted the range of situations that contributed to false positive or false
negative detections by an AI-assisted polyp detection system, which included: (a) when a
polyp had approached the corners of frames when they were about to appear or disappear
from the image; (b) when light reflections and shadows were present in the image due to
bubbles arising from a patient’s sub-optimal bowel preparation; (c) when edges of circular
folds could be misconstrued as polyps; or (d) when images were out of focus and blurred.

This introduces an interesting socio-technical question: is the problem here due to the
AI, or due to the interaction of the human observer with the AI? One could argue that the AI
was performing as intended—it disentangled the factors of variation to demarcate polyps
most of the time, as advertised—, but it had some expectations around how the human
observer interacted with it. This could include expectations around the endoscopist’s pace
of movement to limit the likelihood of blur, the patient’s minimal bowel preparation, or
expectations around the endoscopist’s approach to insufflation or irrigation of the bowel.
This highlights that clinical decision making may need to be adjusted in the presence of AI
and clear guidelines around the expectations and limitations of these systems in-use are
needed so that we optimise their benefits and limit their harm.

At times, situational context, patient context, clinician context, temporal context, and
representational biases may all interact to affect the relevance of AI decision making. In
one WFO feasibility study, Liu’s team [98] investigated whether patients with lung can-
cer who were receiving treatment in China, of Chinese descent, could be provided with
treatment recommendations that were consistent with the multidisciplinary team. The
authors concluded that the overall consistency was 65.8% and could have been increased
to 93.2% had the WFO considered differences between Western and Chinese contexts, such
as (1) differences in the presentation of genetic mutations, (2) differences in the sensitivity,
tolerance, and metabolism of chemotherapeutic agents due to different physiques that
influence treatment regimens between nations (e.g., concurrent vs. sequential chemora-
diation), (3) differences in the availability of drugs between markets, and (4) differences
between patient preferences, particularly in lieu of treatment prices and medical insurance.

There are different perspectives around why these issues arise and the significance of
their impact. Some authors such as Strickland [99] argue that these issues arise due to poor
data practices by IBM. However, another perspective could be that the limitation lies in the
way that the AI was framed to model the data, and had it been provided with access to the
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raw data with greater computational capacity, perhaps AI could propose a personalised
treatment recommendation (i.e., rather than having a treatment regimen offered according
to national guidelines that dismisses concurrent chemoradiation, AI could learn to optimise
the dosing of concurrent chemoradiation for the smaller physique). The existence of
these competing perspectives validates the position advocated by this paper, that a robust
methodology to AI evaluation in healthcare is needed. Furthermore, this example also
emphasises that there are clearly dangers when commercial vendors develop algorithms
using multi-centre datasets that appear equitable and efficacious on local population
distributions but proceed to reductively commercialise that same AI system without any
due diligence or oversight to internationally different population distributions.

4.2.3. Interpretability of AI Models

Since AI reliability can be affected by numerous contextual factors that arise in clinical
practice, EU regulators have enforced a position through the 2018 European Data Protection
Regulation stating that “black box” AI algorithms that have a significant effect on users
must be able to explain why a decision was made on-demand, as patients deserve the “right
to explanation” [100,101]. As a precedent, this was an important and sensible step towards
developing safer AI systems that were operationalised in a way that were more complemen-
tary to how clinicians are trained to weigh competing modes of evidence to the contextual
circumstances of the patient. The computational community has responded positively to
these concerns by enhancing AI system interpretability through integrating (a) gradient-
weighted class activation mappings (Grad-CAM) [102–104], (b) replacing singular end-end
classification pipelines with sequential segmentation + classification steps [105], (c) extract-
ing highly active neurons to visualise feature detectors [106], (d) gradient feature auditing
to estimate the indirect influence a feature has on a prediction [107], and (e) using a process
of “deep dreaming” to understand the evolution of a network’s layers [108]. However, the
diversity of the methods also indicates that “interpretability” exists on a spectrum and
knowing what level of interpretation is sufficient to limit the impact of AI bias in clinical
practice is unknown.

5. Social, Ethical, and Legal Ramifications of AI Mediated Clinical Decision Making

In the context of the technical and socio-technical critiques discussed above, it is
important to delve more deeply into the wider ramifications of the underlying concepts
pertaining to computational biases and reductionist assumptions embedded within most
contemporary clinical AI systems. Beyond NUCs at the clinical interface, this section
highlights that there are potentially broader ethical and moral questions raised by the
wide-spread deployment of these systems because of their potential to transform the basis
for clinical decisions. We discuss how the socio-technical perspectives provided are not
simply ‘contextual’ concerns but are more deeply grounded in the fundamental limitations
and risks embedded within AI systems themselves.

Clinical decision making is not just about treating biological disease, it is about treating
a patient with a unique set of psycho-social and cultural factors. It is for this reason that
two critical pillars guide the practice of ethical medicine: beneficence (the need for common
good and benefit) and nonmaleficence (first, do no harm) [109]. Therefore, clinical care
means that even in the absence of evidence, a clinician may choose to “err on the side of
caution” and order an investigation, weighing out the risks associated with the potential
of a missed diagnosis against the risks of overdiagnosis to the unique circumstances of
the patient [84]. AI algorithms are not sensitive to the impact that “absolute” probabilistic
decisions around disease, independent of the patient’s concerns has on the patient’s well-
being. While some may argue that this is too strong of a criticism of AI, since AI is not
the one making the final decision and is merely “supporting” the physician to make their
decision; as we have discussed throughout this paper, clinicians are susceptible to a range
of cognitive biases that can influence clinical decision making.
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Given the influence algorithms have on clinical decision making, who then is account-
able when a clinical error enters clinical practice? Inevitably, the presence of the AI agent
will mean that a clinician will always be influenced by its existence, irrespective of whether
the human operator chooses to accept or reject the AI. If the AI’s deductions are not to
be used by the human operator, but are later discovered to have revealed an outcome
that could have prevented the loss of human life, is the human operator accountable for
choosing to preserve clinical autonomy and ignore the AI? Inversely, if the AI’s conclusions
are used by the human operator, but are later discovered to have resulted in the loss of
human life due to an unexplained statistical error, is the AI or human accountable and
can an AI ever understand the concept of accountability? This is further complicated by
the fact that the methods used to increase model interpretability are currently constrained
to the discrete case of medical imaging and do little to address concerns around more
contemporary unsupervised and reinforcement learning approaches that are increasingly
being applied to genomics datasets [110–112], the raw text in electronic health records [60],
or in some cases across a mixture of data sources sourced longitudinally across different
data contexts [113,114]. In these cases, some ethical issues arise from the fact that even if
the computational methods were able to explain themselves, there remains the broader
problem that there is no guarantee that we may even be able to understand or validate the
conclusion that the AI arrives to.

While these issues are beyond the scope of this paper (refer to [67,84,109] for further
discussions), we mention them to highlight that, given the fact that we know that (a) there
are several potential sources for algorithmic error and bias, (b) algorithms influence clinical
decision making, (c) there is an insensitivity to clinical impact by algorithms, and (d) a
lack of guidelines around accountability in the presence of an algorithm; it reinforces
our position that a more nuanced socio-technical approach to AI system evaluation prior
to clinical integration is necessary if we are to avoid a repeated history where negative
unintended consequences arise in yet another HIT integration.

6. Further Risks and Limitations from Marginalising Socio-Technical Factors in CRC

In this section, the paper highlights how even if technical and socio-technical concerns
are addressed through robust evaluation standards in the interest of patient safety, AI
system development and investment should be directed towards problems that have the
most measurable impact on patient morbidity and mortality outcomes. Much of the AI
optimism in CRC screening has been driven by the fact that it presents a potential solution
to the problem that in a routine screening colonoscopy, between 17–28% of colorectal
polyps (adenomas) are missed, which is concerning given that for every 1% increase in
a clinician’s adenoma detection rate (ADR), there is a 3% decrease in the risk of interval
cancer [115–117]. Several of the vendor-backed AI augmented diagnostic systems have
proposed to address this issue by providing clinicians with a real-time AI polyp detec-
tion system, and the evidence provided by recent RCTs is promising. It suggests that the
ADR increases by up to 50% with the inclusion of an AI detection system, with the most
pronounced effect on trainee gastroenterologists [7–9]. Similarly, in AI-enhanced capsule
endoscopy (CE), experimental evidence suggests that AI augmentation consistently outper-
forms a conventional CE reader in terms of both accuracy and time, showing a 99.88% vs.
74.57% sensitivity in the per-patient detection of abnormalities and, significantly, a 5.9 vs.
96.6-min recording on per-patient reading time between the AI vs. human respectively [10].

While such results are exciting and show some promise in improving patient out-
comes, it is also important to recognise that one of the biggest influences on CRC-related
mortality is not fundamentally due to the nature of the current technology, but rather due
to the prevalence of low rates of participation in CRC screening [118]. Various studies
from Australia, which implemented one of the first national approaches to bowel cancer
screening, have suggested that at the current participation rate of ~40%, a 15–36% reduc-
tion in CRC-related mortality can be expected, and if participation rates in the screening
population were to increase to 70%, a 59% reduction in CRC-related mortality would be
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observed [119–124]. The problem is that several high-income nations have failed to reach
their desired target of 65–80% screening coverage, even in the presence of wide-scale public
health campaigns to raise awareness about its importance [81,125]. Unfortunately, it seems
that these rates are not likely to increase, given that the rate of FOBT-based screening
coverage has plateaued in Australia over the last five years [126]. Participation in follow-up
colonoscopy, where many of the AI-enhanced methods are poised to transform outcomes
are equally discouraging. Studies from Europe, the United States, Canada, and Australia
show that even in the presence of a positive FOBT, only between 50–70% of patients proceed
for a diagnostic examination via colonoscopy [126–129]. Participation among the most
marginalised groups that have historically experienced social disadvantage, such as those
from Indigenous populations, low socio-economic status, cultural and ethnic diversity, or
disability, tends to be the lowest in either stage of the screening process [69,130,131].

Consequently, it is possible that the extensive focus of AI adoption and integration into
the CRC diagnostic pathway may not have the drastic impact it has promised on patient
outcomes. In the following sections, we highlight how the barriers to participation in CRC
screening is permeated by human factors, and that if we are sensitive to these factors, we
can capitalise on AI methods in a way that can lead to a more significant impact to patient
outcomes by developing technology that increases the uptake of screening coverage in
high-risk population groups.

6.1. Interaction between Patient & Healthcare System

Several international qualitative studies [132–138] have concluded that there are nu-
merous psycho-social and cultural factors that interact and accumulate to impact on a
patient’s willingness to participate in CRC screening. Barriers include low awareness and a
misunderstanding of the medical guidelines around the need for CRC screening and/or be-
lieving that screening was only required in the presence of symptoms, which is exacerbated
by a lower perception of risk associated with bowel cancer compared with other more
high-profile cancers [139]. There has also tended to be limited promotion in community
languages among culturally and linguistically diverse populations, which contributes to
challenges around the understanding of the purpose of testing and/or how to apply the
test kit instructions even if patients choose to proceed [69]. Even where promotion has
occurred, screening programme administrators have tended to have limited awareness of
how factors, such as culture or gender, influence the way individuals interpret and receive
information [132,133]. Additional factors have included the logistics relating to a lack of
time to get screened or lack of transportation. For those in urban areas, lack of time could be
related to extensive work commitments and a perception of inefficiency by the healthcare
system, while for those in rural and remote areas, lack of time may relate to distance and
access to healthcare services [134]. Furthermore, fear, anxiety, stigma, shame, uneasiness, or
embarrassment in engaging with a procedure that involves stool collection (e.g., the FOBT),
or an invasive visualisation of the bowels (e.g., the colonoscopy), both of which may lead
to a positive diagnosis of cancer, have been suggested to exacerbate an unwillingness to get
screened regardless of sociodemographic context [132].

6.2. Interaction between Patient & Clinician

Given the problematic issues around sensitivity and rates of false positives arising
from FOBT tests [140,141], patients and clinicians have also been found to convince them-
selves (in the absence of evidence) that a positive FOBT reading is a false positive attributed
to an alternative source of bleeding (e.g., haemorrhoids, menstruation, and straining due
to constipation), dietary factors (consumption of beets or orange juice), or medications
(e.g., the use of blood thinners). In more extreme cases, some patients more speculatively
reported that they believed the toilet was contaminated with someone else’s blood, even
if the toilet had been cleaned prior [142]. Interestingly, despite the established guidelines
around the importance of FOBT-based screening, one qualitative study involving inter-
views of general practitioner (GP) perceptions of CRC screening in Australia found that
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many GPs reinforced negative attitudes towards the FOBT, leading patients to either reject
undertaking the FOBT or reject the result of the FOBT in the presence of a positive result.
For example, GPs were found to use low risk of bowel cancer arguments to negate the
significance of screening, and where a patient returned a positive FOBT, provided explana-
tions that implied that the positive FOBT was more likely the result of a benign source of
bleeding [143].

6.3. Interaction between Clinician & Healthcare System

System based factors have also been implicated in having a significant role in the man-
agement of patients that require CRC screening. Primary care physicians play an important
role in the advocacy, facilitation, support, education, and counselling of patients [144].
However, since screening is typically managed outside of the practice setting by a broader
national bowel cancer screening infrastructure, there are inconsistencies in the way that
results are recorded in patient health records and the availability of that information in the
primary care setting. This introduces complexities in the way that GPs flag patients who
are overdue for screening, particularly given that FOBT-based screening should occur bien-
nially to achieve its purported benefits. Some studies have suggested that even when the
information is made available in the EHR and made accessible in the primary care setting,
poor HIT practices have led to workarounds and the under-utilisation of these systems
by practitioners [145]. These issues are only compounded in busy primary care settings,
where there exists a limited capacity and/or unwillingness to discuss the importance of
screening with patients when other more immediate acute and chronic conditions need to
be managed in a short consultation session [143].

7. The Future of AI and Potential Implications for Clinical Decision Making

In recent years, extensive research and investment has gone into developing (1) novel
AI methods that are more emblematic of human reasoning, (2) cloud computing infrastruc-
ture to support the storage and retrieval of large volumes of structured and unstructured
data through data lakes, and (3) the acceleration of computational processing power in both
the domains of super computing and quantum computing. For AI researchers, the belief
is that the union of these three fields will result in the holy grail of AI research, artificial
general intelligence (AGI). Whether the advancements will correspond to achieving this
esoteric goal of human hubris is yet to be seen. However, it does indicate that AI systems
are here to stay and both regulators and medical practitioners are likely going to need to
grapple with ethical issues surrounding patient autonomy in the presence of contemporary
unexplainable AI systems, where some end-of-life patients may argue that they prefer to ex-
periment with an algorithmically inspired personalised therapy that we do not understand,
and which may have no evidence.

There is some evidence in the literature to suggest that AI is capable of remarkable
feats that can paradoxically be incapable of explanation, problematic for interpretation,
yet remain useful to clinical application. The first was an unsupervised learning algo-
rithm known as Deep Patient that was trained on data aggregated from approximately
700,000 patients to broadly predict the health state of an individual by assessing their
probability to develop various diseases. The algorithm was evaluated on 76,214 patients
comprising 78 diseases across diverse clinical contexts and temporal distributions [60].
Interestingly, the model managed to predict the onset of psychiatric disorders that are
notoriously difficult to detect and diagnose by physicians, such as schizophrenia, with
remarkable precision, significantly outperforming prior efforts. However, as the lead re-
searcher concedes in an interview, “we can build these models . . . but we don’t know how
they work” [146]. Similarly, in the field of computational biology, researchers from Google
achieved a phenomenal leap forward in the 50-year-old “protein-folding challenge”, using
an algorithm, AlphaFold, to determine the structure of a protein based solely on its amino
acid sequence, achieving an accuracy of 92.4 on the Global Distance Test (GDT) [112]. This
has significant ramifications for developing new therapeutics, given that it is the closest

67



Appl. Sci. 2022, 12, 3341

attempt to solving Levintha’s paradox, which describes the peculiar situation where there
are 10300 possible configurations of a protein from a typical sequence of amino acids, yet
nature folds proteins spontaneously to a consistently exact configuration. The success of
such approaches has already found its way into CRC, where deep reinforcement learning
has been applied to understand the association between human MicroRNA and colorectal
cancer disease progression [147].

It is important to remember that the way AI perceives, interprets, and “senses” reality
across millions of data points is epistemologically different to the way humans do, and
therefore there may always remain a divide between our understanding of AI and the
AI’s understanding of the world. Is there a quantitative threshold with which we can
“trust” the AI in favour of human judgement in the absence of understanding if the AI is
consistently correct across longitudinal observation? This is an open question we currently
have no answer to. From the perspective of the EU regulators, a system that cannot explain
itself and one that we do not understand has no place in clinical practice. This view
is certainly one that seems sensible for the time-being, as it would appear as though the
systems that act with profundity are currently the exception, not the rule. However, as more
evidence evolves in the near future, it may be the case that persisting with this position
may itself be an ethical danger, as preventing individuals from access to personalised
algorithmically inspired medical interventions that may be life altering, even in the absence
of understanding, will invite new questions around patient autonomy, as some patients
may simply prefer to take the risk.

8. A Way Forward to Enhancing Clinical Decision Making in CRC: A More Nuanced
Approach to AI Systems Development, Implementation, and Evaluation

This paper has presented a socio-technical analysis of contemporary research into
the use and impact of AI enhanced HIT in healthcare broadly and in colorectal cancer,
specifically to offer a balanced critique on the opportunities, limitations, and risks of AI
system development and integration in clinical decision-making. Through this approach,
the paper has highlighted socio-technical perspectives on the important contextual nuances
that arise from problematic assumptions embedded in the development, implementation,
and evaluation of AI systems when applied along the screening, diagnostic, and treatment
pathways of CRC.

In Section 3, a series of problematic assumptions underpinning approaches to AI de-
velopment and implementation in health were identified. These included the general data
problems associated with systemic representational biases that manifest elusively through
data and the way that unbalanced data distributions tend to marginalise underrepresented
groups even in the presence of “big data”. An examination of specific issues that permeate
supervised learning (intractability of labelling, veracity of labels, and the computational re-
ductionism intrinsic to narrow task definitions), unsupervised learning (the “impossibility”
of evaluation and interpretation), and reinforcement learning (selection biases in the fram-
ing of environmental data and goals) was then provided. Having examined these issues
and in recognition of the fact that minimal external validation of AI in health has existed
in both academic research and commercial FDA-approved systems, this paper advocates
that, moving forward, it is critical that datasets that are used for ML learning training are
independently audited in a transparent way. While the authors do acknowledge that data
are perceived as the currency of ML and many vendors have locked commercial agreements
in place that are also protected by legislation around patient privacy, it is important to
remember that the aircraft industry is supported by an extensive amount of vendor-backed
software and hardware components that have managed to cooperate with one another in
the interests of safety while maintaining competitiveness. Some researchers, therefore, have
advocated that independent auditing analogous to the Aviation Safety Reporting System
should exist in healthcare [148].

In Section 4, these issues in the context of AI in CRC were examined and additional
nuances were identified in the nature of AI through an evaluation of problematic data
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and model assumptions. In data, it was highlighted that there was significant interest
in using ML for the purpose of risk stratification and prognostic prediction, particularly
given that participation in the existing paradigm of CRC screening was low. However,
it was uncovered that several studies reinforced racial biases and used distributions that
underrepresented the most marginalised patients, who tend to have the poorest CRC
outcomes. It was also observed that class imbalances in modelling the heterogeneity of
disease presentation remained a problem, similar to problems that have been identified
in the broader AI in health literature. In models, the frame problem of AI was revisited
and it was observed that the epistemological and ontological assumptions embedded
in ML algorithms were often not resistant to the impact that context-dependent clinical
interactions between the patient, clinician, and health system had on clinical decision
making. These interactions included the way that knowledge and operational practices
evolved over time to create a problem of temporally-influenced model drift; the way
that transient effects in the patient circumstances could obfuscate model conclusions in
oncologic treatment; the way that spurious cues in data due to situational context could
lead to erroneous signal optimisation; the way that operator interactions with AI systems
influenced prediction outputs in colonoscopy; the way that a model built for one local
populace but commercialised in an international market could not synthesise differences in
national guidelines to treatment; and the broader issue where many approaches were not
explainable or interpretable.

In examining these issues, the theme that pervaded the multifaceted discussion was
that human behavioural studies had identified that clinical decision making had a tendency
to be influenced by confirmation bias, algorithmic bias, and automation complacency.
Therefore, there was a risk that even small system errors could have major ramifications
to patient safety. In recognising these issues, it was identified that the emphasis of the
ML literature was on quantitative outcomes, but very few works existed that explored the
qualitative socio-technical impact that this would have on patient outcomes. When the
issue was discussed, it tended to only ever be conjectured as a potential problem, while
studies focused on reporting quantitative outcomes to justify their integration into clinical
practice were often not reproduced. This paper therefore suggests that, moving forward,
ML studies in health and in CRC have strict standards around: (a) the reproducibility of
algorithms prior to publication, (b) reproducibility of quantitative metrics across different
socio-organisational settings, (c) a definition for what “interpretability” should look like,
given the myriad methodologies that claim to achieve machine interpretability in various
ways, and (d) a systems-based approach to the qualitative evaluation that carefully exam-
ines: (i) the impact of AI system integration on patient outcomes, (ii) the clinical utility of
an AI system, (iii) the nature of AI integration in context to existing HCI and workflow
considerations across varied socio-organisational and cultural settings, and (iv) the nature
of clinical interaction with and without AI. Further research into a unified quantitative and
qualitative methodological framework for AI-enhanced HIT evaluation is urgently required.
Indeed, this is something that the broader ML community has identified, motivating an
upcoming dedicated conference (ICLR2022 ML Evaluation Standards) to deal with this
exact issue [149].

In Section 5, the discussion on AI and clinical decision making was broadened to
introduce the fact that there were additional social, ethical, and legal ramifications around
the integration of AI systems into clinical practice. It was highlighted that there were prob-
lems around the fact that AI itself is insensitive to impact, particularly when probabilistic
approaches to clinical decision making that discretise diseases upend decades of medical
dogma that has identified health as an interplay that is influenced by complex psycho-social
and cultural interactions. Issues pertaining to clinical accountability were also discussed. It
was highlighted that the philosophical and ethical debates remain ongoing, particularly
around issues of culpability in the presence of machine and/or human error. Given that this
research suggests that AI errors are inevitable and will have undue influence on the human
observer, moving forward, the authors advocate that careful consideration of the socio-

69



Appl. Sci. 2022, 12, 3341

technical interactions of system use, particularly around the nature of human–computer
interaction is examined. The ML model is only one component, whereas how and when the
prediction is relayed to the clinician is entirely dependent on the nature of HCI. Therefore,
careful examination of how AI is rendered in-use is as critical as the model development,
and well-crafted product design solutions inspired by participatory design principles can
limit some of the complications that may arise from automation complacency.

In Section 6, the paper reasserted the view that AI efficacy and investment need to
be moderated against their impact on patient outcomes. It was identified that the last
three decades of technological advancement have done little to perturb the rate of CRC
mortality, and that in the presence of increased incidence, it is critical that the one factor
that is known to have the most measurable effect on mortality, namely increasing rates of
screening participation, should be the context that future AI technology should attempt to
address. Complex human factors emerged in the interactions between (a) the patient and
healthcare system (misunderstanding, miscommunication, accessibility, cultural sensitivity
and broader psycho-social dimensions), (b) the patient and clinician (trust and perception
of inefficacy of FOBT), and (c) the clinician and healthcare system (poor interoperability
between national and community infrastructure, and poor HIT practices with the EHR). In
recognising these issues, the authors emphasise that sensitivity to socio-technical factors in
the design and implementation of new technologies is critical. One solution that has not
yet been considered in the literature is whether capsule-based technology can be creatively
repurposed, reimagined, and repositioned as a tool for the screening of precancerous
lesions from home, which may address patient anxieties around (a) the anxiety of a cancer
diagnosis, (b) the inconclusiveness of a FOBT result, (c) concerns around the invasiveness
of a colonoscopic investigation, and (d) accessibility to healthcare centres both in terms of
distance and time.

In Section 7, the paper concluded with a brief look into the future to suggest that
the union of big data, high performance computation, and contemporary approaches
to unsupervised and reinforcement learning means that regulators may be required to
grapple with complex issues around patient autonomy in the era of unexplainable AI. Early
evidence suggests that more modern approaches may unlock immense power to the benefit
of the patient through personalised medicine. However, this is complicated by the fact
that these methods are not interpretable, and even if they were, may never be understood.
Where this leaves clinical decision making and clinical autonomy in the presence of patients
who may prefer algorithmic clinical decision making needs to be discussed.

9. Conclusions

Through a socio-technical analysis of the contemporary literature on AI in CRC, it is
evident that a more nuanced approach to AI development and implementation is required.
While there is no doubt that AI itself is a transformative technology that has the capacity
to positively impact clinical practice to the benefit of the patient, AI optimism needs to
be balanced against a thorough understanding of the limitations that also permeate the
underlying nature of the technology. This paper highlighted how there are concerns around:
(a) biases in end-end data pipelines and technical issues associated with algorithmic model
assumptions in the design and development of AI systems; (b) socio-technical issues
relating to confirmation bias, automation complacency, interpretability, and the clinician
workflow that arises from the interaction with AI systems; (c) ethical and legal implications
around accountability and autonomy for both the clinician and the patient; and (d) the
potential for misdirected AI investment in the specific context of CRC, where there may be
less of an impact on patient mortality and morbidity outcomes, given that the larger issue
that proliferates CRC screening is the problem of patient participation that AI currently
does little to address. Through the amalgamation of these issues, the authors conclude
that the way forward is to develop a more robust mixed methods framework around the
auditing and evaluation of AI systems prior to system integration in clinical practice. Such
a framework should be guided by principles of data transparency, the reproducibility of
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ML models, and more balanced evaluation metrics that weigh quantitative ML metrics
against important qualitative clinical considerations, such as (i) the impact of AI system
integration on patient outcomes, (ii) the clinical utility of the system, (iii) HCI and clinical
workflow considerations across varied socio-cultural and socio-organisational contexts,
and (iv) the nature of clinical interaction. In this way, there can be increased confidence that
the future of AI in CRC is safe, effective, equitable, and beneficial to clinicians, patients,
and the broader health system.
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Learning-Based Prediction of Acute Coronary Syndrome Using Only the Pre-Hospital 12-Lead Electrocardiogram. Nat. Commun.
2020, 11, 3966. [CrossRef]

34. Desautels, T.; Calvert, J.; Hoffman, J.; Jay, M.; Kerem, Y.; Shieh, L.; Shimabukuro, D.; Chettipally, U.; Feldman, M.D.; Barton, C.;
et al. Prediction of Sepsis in the Intensive Care Unit with Minimal Electronic Health Record Data: A Machine Learning Approach.
JMIR Med. Inform. 2016, 4, e28. [CrossRef] [PubMed]

35. Kamnitsas, K.; Ferrante, E.; Parisot, S.; Ledig, C.; Nori, A.V.; Criminisi, A.; Rueckert, D.; Glocker, B. DeepMedic for Brain Tumor
Segmentation. In Brainlesion: Glioma, Multiple Sclerosis, Stroke and Traumatic Brain Injuries, Proceedings of the Third International
Workshop, BrainLes 2017, Quebec City, QC, Canada, 14 September 2017; Springer: Cham, Switzerland, 2016; pp. 138–149. [CrossRef]

36. Ding, Y.; Sohn, J.H.; Kawczynski, M.G.; Trivedi, H.; Harnish, R.; Jenkins, N.W.; Lituiev, D.; Copeland, T.P.; Aboian, M.S.; Mari
Aparici, C.; et al. A Deep Learning Model to Predict a Diagnosis of Alzheimer Disease by Using 18F-FDG PET of the Brain.
Radiology 2019, 290, 456–464. [CrossRef] [PubMed]

37. Chilamkurthy, S.; Ghosh, R.; Tanamala, S.; Biviji, M.; Campeau, N.G.; Venugopal, V.K.; Mahajan, V.; Rao, P.; Warier, P. Deep
Learning Algorithms for Detection of Critical Findings in Head CT Scans: A Retrospective Study. Lancet 2018, 392, 2388–2396.
[CrossRef]

38. Poplin, R.; Varadarajan, A.V.; Blumer, K.; Liu, Y.; McConnell, M.V.; Corrado, G.S.; Peng, L.; Webster, D.R. Prediction of
Cardiovascular Risk Factors from Retinal Fundus Photographs via Deep Learning. Nat. Biomed. Eng. 2018, 2, 158–164. [CrossRef]
[PubMed]

72



Appl. Sci. 2022, 12, 3341

39. Lee, J.Y.; Jeong, J.; Song, E.M.; Ha, C.; Lee, H.J.; Koo, J.E.; Yang, D.-H.; Kim, N.; Byeon, J.-S. Real-Time Detection of Colon Polyps
during Colonoscopy Using Deep Learning: Systematic Validation with Four Independent Datasets. Sci. Rep. 2020, 10, 8379.
[CrossRef] [PubMed]

40. Miotto, R.; Wang, F.; Wang, S.; Jiang, X.; Dudley, J.T. Deep Learning for Healthcare: Review, Opportunities and Challenges. Brief.
Bioinform. 2018, 19, 1236–1246. [CrossRef]

41. Aggarwal, R.; Sounderajah, V.; Martin, G.; Ting, D.S.W.; Karthikesalingam, A.; King, D.; Ashrafian, H.; Darzi, A. Diagnostic
Accuracy of Deep Learning in Medical Imaging: A Systematic Review and Meta-Analysis. NPJ Digit. Med. 2021, 4, 65. [CrossRef]

42. Paullada, A.; Raji, I.D.; Bender, E.M.; Denton, E.; Hanna, A. Data and Its (Dis)Contents: A Survey of Dataset Development and
Use in Machine Learning Research. Patterns 2021, 2, 100336. [CrossRef]

43. Sambasivan, N.; Kapania, S.; Highfill, H.; Akrong, D.; Paritosh, P.; Aroyo, L. Everyone Wants to Do the Model Work, Not the Data
Work: Data Cascades in High-Stakes AI. In Proceedings of the 2021 CHI Conference on Human Factors in Computing Systems,
Yokohama, Japan, 8–13 May 2021. [CrossRef]

44. Obermeyer, Z.; Powers, B.; Vogeli, C.; Mullainathan, S. Dissecting Racial Bias in an Algorithm Used to Manage the Health of
Populations. Science 2019, 366, 447–453. [CrossRef]

45. Manrai, A.K.; Funke, B.H.; Rehm, H.L.; Olesen, M.S.; Maron, B.A.; Szolovits, P.; Margulies, D.M.; Loscalzo, J.; Kohane, I.S. Genetic
Misdiagnoses and the Potential for Health Disparities. New Engl. J. Med. 2016, 375, 655–665. [CrossRef]

46. Shaw, R.J.; Corpas, M. A Collection of 2280 Public Domain (CC0) Curated Human Genotypes. bioRxiv 2017. [CrossRef]
47. Fry, A.; Littlejohns, T.J.; Sudlow, C.; Doherty, N.; Adamska, L.; Sprosen, T.; Collins, R.; Allen, N.E. Comparison of Sociodemo-

graphic and Health-Related Characteristics of UK Biobank Participants with Those of the General Population. Am. J. Epidemiol.
2017, 186, 1026–1034. [CrossRef] [PubMed]

48. Zhou, Y.; Zhao, L.; Zhou, N.; Zhao, Y.; Marino, S.; Wang, T.; Sun, H.; Toga, A.W.; Dinov, I.D. Predictive Big Data Analytics Using
the UK Biobank Data. Sci. Rep. 2019, 9, 6012. [CrossRef] [PubMed]

49. Abbasi, J. 23andMe, Big Data, and the Genetics of Depression. JAMA 2017, 317, 14. [CrossRef]
50. Kaur, H.; Pannu, H.S.; Malhi, A.K. A Systematic Review on Imbalanced Data Challenges in Machine Learning. ACM Comput.

Surv. 2019, 52, 1–36. [CrossRef]
51. Nalepa, J.; Marcinkiewicz, M.; Kawulok, M. Data Augmentation for Brain-Tumor Segmentation: A Review. Front. Comput.

Neurosci. 2019, 13, 83. [CrossRef]
52. Luo, Y.; Yin, L.; Bai, W.; Mao, K. An Appraisal of Incremental Learning Methods. Entropy 2020, 22, 1190. [CrossRef]
53. Ahmad, Z.; Rahim, S.; Zubair, M.; Abdul-Ghafar, J. Artificial Intelligence (AI) in Medicine, Current Applications and Future Role

with Special Emphasis on Its Potential and Promise in Pathology: Present and Future Impact, Obstacles Including Costs and
Acceptance among Pathologists, Practical and Philosophical Considerations. A Comprehensive Review. Diagn. Pathol. 2021,
16, 24. [CrossRef]

54. Liu, Y.; Geipel, M.M.; Tietz, C.; Buettner, F. TIMELY: Improving Labelling Consistency in Medical Imaging for Cell Type
Classification. arXiv 2020, arXiv:2007.05307.

55. Yu, K.-H.; Kohane, I.S. Framing the Challenges of Artificial Intelligence in Medicine. BMJ Qual. Saf. 2018, 28, 238–241. [CrossRef]
56. Dike, H.U.; Zhou, Y.; Deveerasetty, K.K.; Wu, Q. Unsupervised Learning Based on Artificial Neural Network: A Review. In

Proceedings of the 2018 IEEE International Conference on Cyborg and Bionic Systems (CBS), Shenzhen, China, 25–27 October 2018.
[CrossRef]

57. Montague, P.R. Reinforcement Learning: An Introduction, by Sutton, RS and Barto, AG. Trends Cogn. Sci. 1999, 3, 360. [CrossRef]
58. Liu, S.; See, K.C.; Ngiam, K.Y.; Celi, L.A.; Sun, X.; Feng, M. Reinforcement Learning for Clinical Decision Support in Critical Care:

Comprehensive Review. J. Med. Internet Res. 2020, 22, e18477. [CrossRef] [PubMed]
59. Plassard, A.J.; Davis, L.T.; Newton, A.T.; Resnick, S.M.; Landman, B.A.; Bermudez, C. Learning Implicit Brain MRI Manifolds

with Deep Learning. In Proceedings of the Medical Imaging 2018: Image Processing, Houston, TX, USA, 10–15 February 2018.
[CrossRef]

60. Miotto, R.; Li, L.; Kidd, B.A.; Dudley, J.T. Deep Patient: An Unsupervised Representation to Predict the Future of Patients from
the Electronic Health Records. Sci. Rep. 2016, 6, 26094. [CrossRef]

61. Prasad, N.; Cheng, L.-F.; Chivers, C.; Draugelis, M.; Engelhardt, B.E. A Reinforcement Learning Approach to Weaning of
Mechanical Ventilation in Intensive Care Units. arXiv 2017, arXiv:1704.06300.

62. Raghu, A.; Komorowski, M.; Ahmed, I.; Celi, L.; Szolovits, P.; Ghassemi, M. Deep Reinforcement Learning for Sepsis Treatment.
arXiv 2017, arXiv:1711.09602.

63. Palacio-Niño, J.-O.; Berzal, F. Evaluation Metrics for Unsupervised Learning Algorithms. arXiv 2019, arXiv:1905.05667.
64. Kleinberg, J. An Impossibility Theorem for Clustering. In Proceedings of the 15th International Conference on Neural Information

Processing Systems, Cambridge, MA, USA, 1 January 2002; MIT Press: Cambridge, MA, USA, 2002.
65. Wu, E.; Wu, K.; Daneshjou, R.; Ouyang, D.; Ho, D.E.; Zou, J. How Medical AI Devices are Evaluated: Limitations and

Recommendations from an Analysis of FDA Approvals. Nat. Med. 2021, 27, 582–584. [CrossRef]
66. Kim, D.W.; Jang, H.Y.; Kim, K.W.; Shin, Y.; Park, S.H. Design Characteristics of Studies Reporting the Performance of Artificial

Intelligence Algorithms for Diagnostic Analysis of Medical Images: Results from Recently Published Papers. Korean J. Radiol.
2019, 20, 405. [CrossRef]

73



Appl. Sci. 2022, 12, 3341

67. Kelly, C.J.; Karthikesalingam, A.; Suleyman, M.; Corrado, G.; King, D. Key Challenges for Delivering Clinical Impact with
Artificial Intelligence. BMC Med. 2019, 17, 195. [CrossRef]

68. Macrae, F.A. Colorectal Cancer: Epidemiology, Risk Factors, and Protective Factors. UpToDate. 2022. Available online: https://
www.uptodate.com/contents/colorectal-cancer-epidemiology-risk-factors-and-protective-factors (accessed on 24 January 2022).

69. Lotfi-Jam, K.; O’Reilly, C.; Feng, C.; Wakefield, M.; Durkin, S.; Broun, K. Increasing Bowel Cancer Screening Participation:
Integrating Population-Wide, Primary Care and More Targeted Approaches. Public Health Res. Pract. 2019, 29, 2921916. [CrossRef]

70. Brenner, H.; Chen, C. The Colorectal Cancer Epidemic: Challenges and Opportunities for Primary, Secondary and Tertiary
Prevention. Br. J. Cancer 2018, 119, 785–792. [CrossRef] [PubMed]

71. Sun, C.; Shrivastava, A.; Singh, S.; Gupta, A. Revisiting Unreasonable Effectiveness of Data in Deep Learning Era. In Proceedings
of the 2017 IEEE International Conference on Computer Vision (ICCV), Venice, Italy, 22–29 October 2017. [CrossRef]

72. Raji, I.D.; Fried, G. About Face: A Survey of Facial Recognition Evaluation. arXiv 2021, arXiv:2102.00813.
73. Zhao, J.; Wang, T.; Yatskar, M.; Ordonez, V.; Chang, K.-W. Gender Bias in Coreference Resolution: Evaluation and Debiasing

Methods. In Proceedings of the 2018 Conference of the North American Chapter of the Association for Computational Linguistics:
Human Language Technologies, Volume 2 (Short Papers), New Orleans, LA, USA, 1–6 June 2018. [CrossRef]

74. Garg, N.; Schiebinger, L.; Jurafsky, D.; Zou, J. Word Embeddings Quantify 100 Years of Gender and Ethnic Stereotypes. Proc. Natl.
Acad. Sci. USA 2018, 115, E3635–E3644. [CrossRef] [PubMed]

75. van Miltenburg, E. Stereotyping and Bias in the Flickr30K Dataset. arXiv 2016, arXiv:1605.06083.
76. Hutchinson, B.; Prabhakaran, V.; Denton, E.; Webster, K.; Zhong, Y.; Denuyl, S. Social Biases in NLP Models as Barriers for

Persons with Disabilities. arXiv 2020, arXiv:2005.00813.
77. De, M. Closing the Gap in a Generation: Health Equity through Action on the Social Determinants of Health; WHO Press: Geneva,

Switzerland, 2008.
78. Showell, C.; Turner, P. The PLU Problem: Are We Designing Personal Ehealth for People like Us? Stud. Health Technol. Inform.

2013, 183, 276–280.
79. Zerilli, J.; Knott, A.; Maclaurin, J.; Gavaghan, C. Algorithmic Decision-Making and the Control Problem. Minds Mach. 2019, 29,

555–578. [CrossRef]
80. Parasuraman, R.; Manzey, D.H. Complacency and Bias in Human Use of Automation: An Attentional Integration. Hum. Factors J.

Hum. Factors Ergon. Soc. 2010, 52, 381–410. [CrossRef]
81. Navarro, M.; Nicolas, A.; Ferrandez, A.; Lanas, A. Colorectal Cancer Population Screening Programs Worldwide in 2016: An

Update. World J. Gastroenterol. 2017, 23, 3632. [CrossRef]
82. Wan, N.; Weinberg, D.; Liu, T.-Y.; Niehaus, K.; Ariazi, E.A.; Delubac, D.; Kannan, A.; White, B.; Bailey, M.; Bertin, M.; et al.

Machine Learning Enables Detection of Early-Stage Colorectal Cancer by Whole-Genome Sequencing of Plasma Cell-Free DNA.
BMC Cancer 2019, 19, 832. [CrossRef]

83. Chan, H.-C.; Chattopadhyay, A.; Chuang, E.Y.; Lu, T.-P. Development of a Gene-Based Prediction Model for Recurrence of
Colorectal Cancer Using an Ensemble Learning Algorithm. Front. Oncol. 2021, 11, 631056. [CrossRef] [PubMed]

84. Challen, R.; Denny, J.; Pitt, M.; Gompels, L.; Edwards, T.; Tsaneva-Atanasova, K. Artificial Intelligence, Bias and Clinical Safety.
BMJ Qual. Saf. 2019, 28, 231–237. [CrossRef] [PubMed]

85. Elston, D.M. Confirmation Bias in Medical Decision-Making. J. Am. Acad. Dermatol. 2020, 82, 572. [CrossRef] [PubMed]
86. Dawson, N.V.; Arkes, H.R. Systematic Errors in Medical Decision Making. J. Gen. Intern. Med. 1987, 2, 183–187. [CrossRef]
87. Bond, R.R.; Novotny, T.; Andrsova, I.; Koc, L.; Sisakova, M.; Finlay, D.; Guldenring, D.; McLaughlin, J.; Peace, A.; McGilligan,

V.; et al. Automation Bias in Medicine: The Influence of Automated Diagnoses on Interpreter Accuracy and Uncertainty When
Reading Electrocardiograms. J. Electrocardiol. 2018, 51, S6–S11. [CrossRef]

88. Tsai, T.L.; Fridsma, D.B.; Gatti, G. Computer Decision Support as a Source of Interpretation Error: The Case of Electrocardiograms.
J. Am. Med. Inform. Assoc. 2003, 10, 478–483. [CrossRef]

89. Nestor, B.; McDermott, M.B.A.; Chauhan, G.; Naumann, T.; Hughes, M.C.; Goldenberg, A.; Ghassemi, M. Rethinking Clinical
Prediction: Why Machine Learning Must Consider Year of Care and Feature Aggregation. arXiv 2018, arXiv:1811.12583.

90. Davis, S.E.; Greevy, R.A.; Fonnesbeck, C.; Lasko, T.A.; Walsh, C.G.; Matheny, M.E. A Nonparametric Updating Method to Correct
Clinical Prediction Model Drift. J. Am. Med. Inform. Assoc. 2019, 26, 1448–1457. [CrossRef]

91. Duckworth, C.; Chmiel, F.P.; Burns, D.K.; Zlatev, Z.D.; White, N.M.; Daniels, T.W.V.; Kiuber, M.; Boniface, M.J. Using Explainable
Machine Learning to Characterise Data Drift and Detect Emergent Health Risks for Emergency Department Admissions during
COVID-19. Sci. Rep. 2021, 11, 23017. [CrossRef]

92. Davis, S.E.; Lasko, T.A.; Chen, G.; Siew, E.D.; Matheny, M.E. Calibration Drift in Regression and Machine Learning Models for
Acute Kidney Injury. J. Am. Med. Inform. Assoc. 2017, 24, 1052–1061. [CrossRef]

93. Done, J.Z.; Fang, S.H. Young-Onset Colorectal Cancer: A Review. World J. Gastrointest. Oncol. 2021, 13, 856–866. [CrossRef]
[PubMed]

94. Saad El Din, K.; Loree, J.M.; Sayre, E.C.; Gill, S.; Brown, C.J.; Dau, H.; De Vera, M.A. Trends in the Epidemiology of Young-Onset
Colorectal Cancer: A Worldwide Systematic Review. BMC Cancer 2020, 20, 288. [CrossRef] [PubMed]

95. Jie, Z.; Zhiying, Z.; Li, L. A Meta-Analysis of Watson for Oncology in Clinical Application. Sci. Rep. 2021, 11, 5792. [CrossRef]
[PubMed]

74



Appl. Sci. 2022, 12, 3341

96. Su, J.; Vargas, D.V.; Sakurai, K. One Pixel Attack for Fooling Deep Neural Networks. IEEE Trans. Evol. Comput. 2019, 23, 828–841.
[CrossRef]

97. Li, J.W.; Chia, T.; Fock, K.M.; Chong, K.D.W.; Wong, Y.J.; Ang, T.L. Artificial Intelligence and Polyp Detection in Colonoscopy: Use
of a Single Neural Network to Achieve Rapid Polyp Localization for Clinical Use. J. Gastroenterol. Hepatol. 2021, 36, 3298–3307.
[CrossRef]

98. Liu, C.; Liu, X.; Wu, F.; Xie, M.; Feng, Y.; Hu, C. Using Artificial Intelligence (Watson for Oncology) for Treatment Recommenda-
tions amongst Chinese Patients with Lung Cancer: Feasibility Study. J. Med. Internet Res. 2018, 20, e11087. [CrossRef]

99. Strickland, E. IBM Watson, Heal Thyself: How IBM Overpromised and Underdelivered on AI Health Care. IEEE Spectr. 2019, 56,
24–31. [CrossRef]

100. Holzinger, A.; Biemann, C.; Pattichis, C.S.; Kell, D.B. What Do We Need to Build Explainable AI Systems for the Medical Domain?
arXiv 2017, arXiv:1712.09923.

101. Goodman, B.; Flaxman, S. European Union Regulations on Algorithmic Decision-Making and a Right to Explanation. AI Mag.
2017, 38, 50–57. [CrossRef]

102. Selvaraju, R.R.; Cogswell, M.; Das, A.; Vedantam, R.; Parikh, D.; Batra, D. Grad-CAM: Visual Explanations from Deep Networks
via Gradient-Based Localization. Int. J. Comput. Vis. 2020, 128, 336–359. [CrossRef]

103. Rajpurkar, P.; Irvin, J.; Ball, R.L.; Zhu, K.; Yang, B.; Mehta, H.; Duan, T.; Ding, D.; Bagul, A.; Langlotz, C.P.; et al. Deep Learning
for Chest Radiograph Diagnosis: A Retrospective Comparison of the CheXNeXt Algorithm to Practicing Radiologists. PLoS Med.
2018, 15, e1002686. [CrossRef] [PubMed]

104. Panwar, H.; Gupta, P.K.; Siddiqui, M.K.; Morales-Menendez, R.; Bhardwaj, P.; Singh, V. A Deep Learning and Grad-CAM Based
Color Visualization Approach for Fast Detection of COVID-19 Cases Using Chest X-Ray and CT-Scan Images. Chaos Solitons
Fractals 2020, 140, 110190. [CrossRef] [PubMed]

105. De Fauw, J.; Ledsam, J.R.; Romera-Paredes, B.; Nikolov, S.; Tomasev, N.; Blackwell, S.; Askham, H.; Glorot, X.; O’Donoghue,
B.; Visentin, D.; et al. Clinically Applicable Deep Learning for Diagnosis and Referral in Retinal Disease. Nat. Med. 2018, 24,
1342–1350. [CrossRef] [PubMed]

106. Yosinski, J.; Clune, J.; Nguyen, A.; Fuchs, T.; Lipson, H. Understanding Neural Networks through Deep Visualization. arXiv 2015,
arXiv:1506.06579.

107. Adler, P.; Falk, C.; Friedler, S.A.; Rybeck, G.; Scheidegger, C.; Smith, B.; Venkatasubramanian, S. Auditing Black-Box Models for
Indirect Influence. arXiv 2016, arXiv:1602.07043.

108. Spratt, E.L. Dream Formulations and Deep Neural Networks: Humanistic Themes in the Iconology of the Machine-Learned
Image. arXiv 2018, arXiv:1802.01274.

109. Currie, G.; Hawk, K.E. Ethical and Legal Challenges of Artificial Intelligence in Nuclear Medicine. Semin. Nucl. Med. 2020, 51,
120–125. [CrossRef]

110. Ma, J.; Sheridan, R.P.; Liaw, A.; Dahl, G.E.; Svetnik, V. Deep Neural Nets as a Method for Quantitative Structure–Activity
Relationships. J. Chem. Inf. Modeling 2015, 55, 263–274. [CrossRef]

111. Alipanahi, B.; Delong, A.; Weirauch, M.T.; Frey, B.J. Predicting the Sequence Specificities of DNA- and RNA-Binding Proteins by
Deep Learning. Nat. Biotechnol. 2015, 33, 831–838. [CrossRef]

112. Jumper, J.; Evans, R.; Pritzel, A.; Green, T.; Figurnov, M.; Ronneberger, O.; Tunyasuvunakool, K.; Bates, R.; Žídek, A.; Potapenko,
A.; et al. Highly Accurate Protein Structure Prediction with AlphaFold. Nature 2021, 596, 583–589. [CrossRef]

113. Goh, K.H.; Wang, L.; Yeow, A.Y.K.; Poh, H.; Li, K.; Yeow, J.J.L.; Tan, G.Y.H. Artificial Intelligence in Sepsis Early Prediction and
Diagnosis Using Unstructured Data in Healthcare. Nat. Commun. 2021, 12, 711. [CrossRef]

114. Yala, A.; Mikhael, P.G.; Strand, F.; Lin, G.; Satuluru, S.; Kim, T.; Banerjee, I.; Gichoya, J.; Trivedi, H.; Lehman, C.D.; et al.
Multi-Institutional Validation of a Mammography-Based Breast Cancer Risk Model. J. Clin. Oncol. 2021, JCO2101337. [CrossRef]

115. Yu, C.; Helwig, E.J. The Role of AI Technology in Prediction, Diagnosis and Treatment of Colorectal Cancer. Artif. Intell. Rev. 2021,
55, 323–343. [CrossRef]

116. Kim, N.H.; Jung, Y.S.; Jeong, W.S.; Yang, H.-J.; Park, S.-K.; Choi, K.; Park, D.I. Miss Rate of Colorectal Neoplastic Polyps and Risk
Factors for Missed Polyps in Consecutive Colonoscopies. Intest. Res. 2017, 15, 411–418. [CrossRef]

117. Corley, D.A.; Jensen, C.D.; Marks, A.R.; Zhao, W.K.; Lee, J.K.; Doubeni, C.A.; Zauber, A.G.; de Boer, J.; Fireman, B.H.; Schottinger,
J.E.; et al. Adenoma Detection Rate and Risk of Colorectal Cancer and Death. New Engl. J. Med. 2014, 370, 1298–1306. [CrossRef]

118. Gini, A.; Jansen, E.E.L.; Zielonke, N.; Meester, R.G.S.; Senore, C.; Anttila, A.; Segnan, N.; Mlakar, D.N.; de Koning, H.J.; Lansdorp-
Vogelaar, I.; et al. Impact of Colorectal Cancer Screening on Cancer-Specific Mortality in Europe: A Systematic Review. Eur. J.
Cancer 2020, 127, 224–235. [CrossRef]

119. Lew, J.-B.; St John, D.J.B.; Xu, X.-M.; Greuter, M.J.E.; Caruana, M.; Cenin, D.R.; He, E.; Saville, M.; Grogan, P.; Coupé, V.M.H.; et al.
Long-Term Evaluation of Benefits, Harms, and Cost-Effectiveness of the National Bowel Cancer Screening Program in Australia:
A Modelling Study. Lancet Public Health 2017, 2, e331–e340. [CrossRef]

120. Li, M.; Olver, I.; Keefe, D.; Holden, C.; Worthley, D.; Price, T.; Karapetis, C.; Miller, C.; Powell, K.; Buranyi-Trevarton, D.; et al.
Pre-Diagnostic Colonoscopies Reduce Cancer Mortality—Results from Linked Population-Based Data in South Australia. BMC
Cancer 2019, 19, 856. [CrossRef]

75



Appl. Sci. 2022, 12, 3341

121. Pignone, M.P.; Flitcroft, K.L.; Howard, K.; Trevena, L.J.; Salkeld, G.P.; St John, D.J.B. Costs and Cost-Effectiveness of Full
Implementation of a Biennial Faecal Occult Blood Test Screening Program for Bowel Cancer in Australia. Med. J. Aust. 2011, 194,
180–185. [CrossRef]

122. Cole, S.R.; Tucker, G.R.; Osborne, J.M.; Byrne, S.E.; Bampton, P.A.; Fraser, R.J.L.; Young, G.P. Shift to Earlier Stage at Diagnosis as
a Consequence of the National Bowel Cancer Screening Program. Med. J. Aust. 2013, 198, 327–330. [CrossRef]

123. Ananda, S.S.; McLaughlin, S.J.; Chen, F.; Hayes, I.P.; Hunter, A.A.; Skinner, I.J.; Steel, M.C.A.; Jones, I.T.; Hastie, I.A.; Rieger, N.A.;
et al. Initial Impact of Australia’s National Bowel Cancer Screening Program. Med. J. Aust. 2009, 191, 378–381. [CrossRef]

124. Howe, M. The National Bowel Cancer Screening Program: Time to Achieve Its Potential to Save Lives|PHRP. Available
online: https://www.phrp.com.au/issues/july-2019-volume-29-issue-2/the-national-bowel-cancer-screening-program-time-
to-achieve-its-potential-to-save-lives/ (accessed on 4 January 2022).

125. European Guidelines for Quality Assurance in Colorectal Cancer Screening and Diagnosis: Overview and Introduction to the
Full Supplement Publication. Endoscopy 2012, 45, 51–59. [CrossRef]

126. National Bowel Cancer Screening Program Monitoring Report 2021. Summary. Available online: https://www.aihw.gov.au/
reports/cancer-screening/nbcsp-monitoring-report-2021/summary (accessed on 12 January 2022).

127. Rao, S.K.; Schilling, T.F.; Sequist, T.D. Challenges in the Management of Positive Fecal Occult Blood Tests. J. Gen. Intern. Med.
2009, 24, 356–360. [CrossRef]

128. Levin, B.; Lieberman, D.A.; McFarland, B.; Smith, R.A.; Brooks, D.; Andrews, K.S.; Dash, C.; Giardiello, F.M.; Glick, S.; Levin, T.R.;
et al. Screening and Surveillance for the Early Detection of Colorectal Cancer and Adenomatous Polyps, 2008: A Joint Guideline
from the American Cancer Society, the US Multi-Society Task Force on Colorectal Cancer, and the American College of Radiology.
CA Cancer J. Clin. 2018, 58, 130–160. [CrossRef]

129. Green, B.B.; Baldwin, L.-M.; West, I.I.; Schwartz, M.; Coronado, G.D. Low Rates of Colonoscopy Follow-up after a Positive Fecal
Immunochemical Test in a Medicaid Health Plan Delivered Mailed Colorectal Cancer Screening Program. J. Prim. Care Community
Health 2020, 11, 215013272095852. [CrossRef]

130. Shahidi, N.; Cheung, W.Y. Colorectal Cancer Screening: Opportunities to Improve Uptake, Outcomes, and Disparities. World J.
Gastrointest. Endosc. 2016, 8, 733. [CrossRef]

131. Hurtado, J.L.; Bacigalupe, A.; Calvo, M.; Esnaola, S.; Mendizabal, N.; Portillo, I.; Idigoras, I.; Millán, E.; Arana-Arri, E. Social
Inequalities in a Population Based Colorectal Cancer Screening Programme in the Basque Country. BMC Public Health 2015,
15, 1021. [CrossRef]

132. Plumb, A.A.; Ghanouni, A.; Rainbow, S.; Djedovic, N.; Marshall, S.; Stein, J.; Taylor, S.A.; Halligan, S.; Lyratzopoulos, G.; von
Wagner, C. Patient Factors Associated with Non-Attendance at Colonoscopy after a Positive Screening Faecal Occult Blood Test. J.
Med. Screen. 2016, 24, 12–19. [CrossRef]

133. Earl, V.; Beasley, D.; Ye, C.; Halpin, S.N.; Gauthreaux, N.; Escoffery, C.; Chawla, S. Barriers and Facilitators to Colorectal Cancer
Screening in African-American Men. Dig. Dis. Sci. 2021, 67, 463–472. [CrossRef]

134. Muthukrishnan, M.; Arnold, L.D.; James, A.S. Patients’ Self-Reported Barriers to Colon Cancer Screening in Federally Qualified
Health Center Settings. Prev. Med. Rep. 2019, 15, 100896. [CrossRef]

135. Turner, B.; Myers, R.E.; Hyslop, T.; Hauck, W.W.; Weinberg, D.; Brigham, T.; Grana, J.; Rothermel, T.; Schlackman, N. Physician
and Patient Factors Associated with Ordering a Colon Evaluation after a Positive Fecal Occult Blood Test. J. Gen. Intern. Med.
2003, 18, 357–363. [CrossRef]

136. Jones, R.M.; Woolf, S.H.; Cunningham, T.D.; Johnson, R.E.; Krist, A.H.; Rothemich, S.F.; Vernon, S.W. The Relative Importance of
Patient-Reported Barriers to Colorectal Cancer Screening. Am. J. Prev. Med. 2010, 38, 499–507. [CrossRef]

137. Wangmar, J.; Wengström, Y.; Jervaeus, A.; Hultcrantz, R.; Fritzell, K. Decision-Making about Participation in Colorectal Cancer
Screening in Sweden: Autonomous, Value-Dependent but Uninformed? Patient Educ. Couns. 2020, 104, 919–926. [CrossRef]

138. Nielsen, J.B.; Berg-Beckhoff, G.; Leppin, A. To Do or Not to Do—A Survey Study on Factors Associated with Participating in the
Danish Screening Program for Colorectal Cancer. BMC Health Serv. Res. 2021, 21, 43. [CrossRef]

139. Clinical Practice Guidelines for the Prevention, Early Detection and Management of Colorectal Cancer—Cancer Guidelines Wiki.
Available online: https://wiki.cancer.org.au/australia/Guidelines:Colorectal_cancer (accessed on 12 January 2022).

140. Hubbard, R.A.; Johnson, E.; Hsia, R.; Rutter, C.M. The Cumulative Risk of False-Positive Fecal Occult Blood Test after 10 Years of
Colorectal Cancer Screening. Cancer Epidemiol. Biomark. Prev. A Publ. Am. Assoc. Cancer Res. Cosponsored Am. Soc. Prev. Oncol.
2013, 22, 1612–1619. [CrossRef]

141. Meklin, J.; Syrjänen, K.; Eskelinen, M. Fecal Occult Blood Tests in Colorectal Cancer Screening: Systematic Review and Meta-
Analysis of Traditional and New-Generation Fecal Immunochemical Tests. Anticancer Res. 2020, 40, 3591–3604. [CrossRef]

142. Llovet, D.; Serenity, M.; Conn, L.G.; Bravo, C.A.; McCurdy, B.R.; Dubé, C.; Baxter, N.N.; Paszat, L.; Rabeneck, L.; Peters, A.; et al.
Reasons for Lack of Follow-up Colonoscopy among Persons with a Positive Fecal Occult Blood Test Result: A Qualitative Study.
Am. J. Gastroenterol. 2018, 113, 1872–1880. [CrossRef]

143. Dawson, G.; Crane, M.; Lyons, C.; Burnham, A.; Bowman, T.; Perez, D.; Travaglia, J. General Practitioners’ Perceptions of
Population Based Bowel Screening and Their Influence on Practice: A Qualitative Study. BMC Fam. Pract. 2017, 18, 36. [CrossRef]

144. Hanks, H.; Veitch, C.; Harris, M. Colorectal Cancer Management—The Role of the GP. Aust. Fam. Physician 2008, 37, 259–261.
145. Baus, A.; Wright, L.E.; Kennedy-Rea, S.; Conn, M.E.; Eason, S.; Boatman, D.; Pollard, C.; Calkins, A.; Gadde, D. Leveraging

Electronic Health Records Data for Enhanced Colorectal Cancer Screening Efforts. J. Appalach. Health 2020, 2, 53–63.

76



Appl. Sci. 2022, 12, 3341

146. Knight, W. The Dark Secret at the Heart of AI. Available online: https://www.technologyreview.com/2017/04/11/5113/the-
dark-secret-at-the-heart-of-ai/ (accessed on 16 January 2022).

147. Cui, L.; Lu, Y.; Sun, J.; Fu, Q.; Xu, X.; Wu, H.; Chen, J. RFLMDA: A Novel Reinforcement Learning-Based Computational Model
for Human MicroRNA-Disease Association Prediction. Biomolecules 2021, 11, 1835. [CrossRef]

148. Middleton, B.; Bloomrosen, M.; Dente, M.A.; Hashmat, B.; Koppel, R.; Overhage, J.M.; Payne, T.H.; Rosenbloom, S.T.; Weaver,
C.; Zhang, J. Enhancing Patient Safety and Quality of Care by Improving the Usability of Electronic Health Record Systems:
Recommendations from AMIA. J. Am. Med. Inform. Assoc. 2013, 20, e2–e8. [CrossRef]

149. ML Evaluation Standards. Available online: https://ml-eval.github.io (accessed on 31 January 2022).

77



applied  
sciences

Article

Exploring Early Prediction of Chronic Kidney Disease
Using Machine Learning Algorithms for Small and
Imbalanced Datasets

Andressa C. M. da Silveira 1,†, Álvaro Sobrinho 2,3,*,†, Leandro Dias da Silva 3,†, Evandro de Barros Costa 4,†,

Maria Eliete Pinheiro 4,† and Angelo Perkusich 5,†

1 Electrical Engineering Department, Federal University of Campina Grande,
Campina Grande 58428-830, Brazil; andressa.queiroz@ee.ufcg.edu.br

2 Computer Science, Federal University of the Agreste of Pernambuco, Garanhuns 55292-270, Brazil
3 Computing Institute, Federal University of Alagoas, Maceió 57072-900, Brazil; leandrodias@ic.ufal.br
4 Faculty of Medicine, Federal University of Alagoas, Maceió 57072-900, Brazil; evandro@ic.ufal.br (E.d.B.C.);

elietepinheiro@uol.com.br (M.E.P.)
5 Virtus Research, Development and Innovation Center, Federal University of Campina Grande,

Campina Grande 58428-830, Brazil; perkusic@virtus.ufcg.edu.br
* Correspondence: alvaro.alvares@ufape.edu.br
† These authors contributed equally to this work.

Abstract: Chronic kidney disease (CKD) is a worldwide public health problem, usually diagnosed
in the late stages of the disease. To alleviate such issue, investment in early prediction is necessary.
The purpose of this study is to assist the early prediction of CKD, addressing problems related to
imbalanced and limited-size datasets. We used data from medical records of Brazilians with or
without a diagnosis of CKD, containing the following attributes: hypertension, diabetes mellitus,
creatinine, urea, albuminuria, age, gender, and glomerular filtration rate. We present an oversampling
approach based on manual and automated augmentation. We experimented with the synthetic
minority oversampling technique (SMOTE), Borderline-SMOTE, and Borderline-SMOTE SVM. We
implemented models based on the algorithms: decision tree (DT), random forest, and multi-class
AdaBoosted DTs. We also applied the overall local accuracy and local class accuracy methods for
dynamic classifier selection; and the k-nearest oracles-union, k-nearest oracles-eliminate, and META-
DES for dynamic ensemble selection. We analyzed the models’ performances using the hold-out
validation, multiple stratified cross-validation (CV), and nested CV. The DT model presented the
highest accuracy score (98.99%) using the manual augmentation and SMOTE. Our approach can assist
in designing systems for the early prediction of CKD using imbalanced and limited-size datasets.

Keywords: primary care; machine learning; limited size datasets; public health; imbalanced datasets

1. Introduction

The high prevalence and mortality rates of persons with chronic diseases, such as
chronic kidney disease (CKD) [1], are real-world public health problems. The world health
organization (WHO) estimated that chronic diseases would cause 60 percent of the deaths
reported in 2005, 80 percent in low-income and lower-middle-income countries, increasing
to 66.7 percent in 2020 [2]. According to the WHO health statistics 2019 [3], people who
live in low-income and lower-middle-income countries have a higher probability of dying
prematurely from known chronic diseases such as diabetes mellitus (DM). Estimates reveal
that in 2045, about 628.6 million people will have DM, with 79% of them living in low-
income and lower-middle-income countries [4].

For CKD’s specific case, the early prediction and monitoring of this disease and its
risk factors reduce the CKD progression and prevent adverse events, such as sudden
development of diabetic nephropathy. Thus, this study considers CKD early prediction
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and monitoring focusing on a dataset from people who live in Brazil, a continental-size
developing country. Developing countries stand for low- and middle-income regions,
while developed countries are high-income regions, such as the USA [5]. Developing
countries suffer from increased mortality rates caused by chronic diseases, e.g., CKD,
arterial hypertension (AH), and DM [6]. AH and DM are two of the most common CKD
risk factors. People with type 1 or type 2 DM are at high risk of developing diabetic
nephropathy [7], while severe AH cases may increase kidney damage. For example, in 2019,
about 10 percent of the adult Brazilian population was aware of having kidney damage,
while about 70 percent remained undiagnosed [8].

The CKD is characterized by permanent damage, reducing the kidneys’ excretory
function, measured using glomerular filtration [9]. However, the diagnosis usually occurs
during more advanced stages because it is asymptomatic, postponing the application
of countermeasures, decreasing people’s quality of life, and possibly leading to lethal
kidney damage. For example, in 2010, about 500–650 people per million of the Brazilian
population faced dialysis and kidney transplantation [10]. This number has grown, warning
governments about the relevance of the CKD early prediction. In 2016, according to the
Brazilian chronic dialysis survey, the number of patients under dialysis was 122,825.00,
increasing this number by 31,000.00 in the last five years [11]. In 2017, the prevalence and
incidence rates of patients under dialysis were 610 and 194 per million [12]. The incidence
continued to be high in 2018 (133,464.00) [13]. Estimates also indicate that, in 2030, about
4 million patients will be under dialysis worldwide [14].

The high prevalence and incidence of dialysis and kidney transplantation increase
public health costs. Therefore, CKD has an expressive impact on the health economics
perspective [15]. For instance, the Brazilian Ministry of Health reported that transplanta-
tion and its procedures spent about 720 million reais in 2008 and 1.3 billion in 2015 [16].
According to the Brazilian Ministry of Health, in 2020, the Brazilian government spent
more than 1.4 billion reais for hemodialysis procedures. The costs and the high rates
of persons waiting for transplantation suggest the increased public spending on kidney
diseases. Preventing CKD has a relevant role in reducing mortality rates and public health
costs [17]. The CKD early prediction is even more challenging for people who live in remote
and hard-to-reach settings because of either lack of or precarious primary care. CKD early
prediction is relevant to improve CKD screening and reduce public health costs.

In this study, we address four problems. The first problem is size limitation, in which
training models using small datasets can result in skewed performance estimates [18]. The
second problem is the imbalance problem [19], in which models may underperform in
minority classes, producing misleading results [20]. The third problem is the choice of the
algorithm to address imbalanced and limited-size datasets. The fourth problem is the early
prediction of CKD using risk levels (low risk, moderate risk, high risk, and very high risk)
and a reduced number of biomarkers. CKD datasets with risk level evaluation are very
scarce and of limited size. The majority of available datasets are composed of binary classes.
The analyses based on risk levels enable patients to have more detailed explanations about
the evaluation results. In the medical area, the availability of imbalanced and limited-size
datasets is common. Although the usage of limited-size datasets may be questioned, it is
already evidenced that such datasets can be relevant for the medical area [21].

Our study relies on data from medical records of Brazilians to provide classification
models to assist in the early prediction of CKD in developing countries. We performed com-
parisons between machine learning (ML) models, considering ensemble and non-ensemble
approaches. This work complements the results presented in our previous study [5], where
a comparative analysis was performed with the following ML techniques: decision tree
(DT), random forest (RF), naive Bayes, support vector machine (SVM), multilayer percep-
tron, and k-nearest neighbor (KNN). In such a previous study, DT and RF presented the
highest performances. However, in our previous experiments, we did not apply automated
oversampling techniques.
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Notwithstanding, in the current study, we used the same Brazilian CKD dataset to en-
able the implementation and validation of the models: DT, RF, and multi-class AdaBoosted
DTs. We conduct further experiments to improve the state-of-the-art by presenting an
approach based on oversampling techniques. We applied the overall local accuracy (OLA)
and local class accuracy (LCA) methods for dynamic classifier selection (DCS). We used the
k-nearest oracles-union (KNORA-U), k-nearest oracles- eliminate (KNORA-E), and META-
DES methods for dynamic ensemble selection (DES). We used such methods due to their
usual high performance with imbalanced and limited size datasets [22]. The definitions of
frequently used acronyms are presented in Table 1.

Table 1. Summary of main acronyms.

Acronyms Definition

CKD Chronic Kidney Disease

WHO World Health Organization

DM Diabetes Mellitus

AH Arterial Hypertension

ML Machine Learning

DT Decision Tree

RF Random Forest

SVM Support Vector Machine

KNN K-Nearest Neighbor

OLA Overall Local Accuracy

LCA Local Class Accuracy

DCS Dynamic Classifier Selection

KNORA-U K-Nearest Oracles-Union

KNORA-E K-Nearest Oracles-Eliminate

DES Dynamic Ensemble Selection

SMOTE Synthetic Minority Oversampling Technique

ROC Receiver Operating Characteristic

PRC Precision-Recall Curve

MCC Matthew’s Correlation Coefficient

FMI Fowlkes-Mallows

GFR Glomerular Filtration Rate

ANN Artificial Neural Network

OCT Optical Coherence Tomography

PR Precision

ACC Accuracy score

PHR Personal Health Records

DSS Decision Support System

CDA Clinical Document Architecture

GUI Graphical User Interface

CV Cross-Validation
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For the implemented ensemble models, we prioritized the attributes of the dataset by
applying the multi-class feature selection framework proposed by Pineda-Bautista et al. [23],
including class binarization and balancing with the synthetic minority oversampling tech-
nique (SMOTE), evaluated with the receiver operating characteristic (ROC) curve and
precision-recall curve (PRC) areas.

To address problems related to imbalanced and limited-size datasets, it is relevant
to carry out data oversampling by rebalancing the classes before training the ML mod-
els [24,25]. We conducted experiments by oversampling the data from the medical records
of Brazilian patients and comparing methods for resampling the data. We also used
dynamic selection methods for further addressing such problems.

Besides, to deploy our approach, we developed a decision support system (DSS) to
embed the ML model with the highest performance. In this article, the development of a
DSS was relevant to discuss a clinical practice context, showing how our approach can be
reused in a real-world scenario.

This work provides insights for developers of medical systems to assist in the early
prediction of CKD to reduce the impacts of the late diagnosis, mainly in low-income and
hard-to-reach locations, when using imbalanced and limited-size datasets. The main con-
tributions of this work are: (1) the presentation of an approach for data oversampling
(i.e., a combination of manual augmentation with automated augmentation); (2) the com-
parison of data oversampling techniques; (3) the comparison of validation methods; and
(4) the comparison of ML models to assist the CKD early prediction in developing countries
using imbalanced and limited size datasets. Therefore, one of the main technical novelties
of this article relates to the presentation and evaluation of our oversampling approach that
combines manual augmentation and automated augmentation.

2. Preliminaries

The research methodology of this study consists of data preprocessing, model imple-
mentation, validation methods, data augmentation, and multi-class classification metrics
(Figure 1). Firstly, we preprocessed the Brazilian CKD dataset (i.e., binarization of attributes)
and translated it to English.

We implemented ensemble (Figure 1a) and non-ensemble (Figure 1b) models using the
algorithms DT, RF, and multi-class AdaBoosted DTs. We also selected the DCS (OLA and
LCA) and DES (KNORA-U, KNORA-E, and META-DES) methods. We used the default
configuration with a pool of classifiers of 10 decision trees. We chose this configuration
because decision tree-based algorithms usually present high performance in imbalanced
datasets. We implemented the ensemble models based on the framework proposed by
Pineda-Bautista et al. [23].

We applied three ensemble and non-ensemble models validation methods: hold-
out validation, multiple stratified CV, and nested CV. We used these methods to investi-
gate whether they satisfactorily control overfitting caused due to the limited size of our
dataset [26]. We applied the multiple stratified CV and nested CV with 10 folds and five
repetitions. For the hold-out method, we split our dataset into 70% for training and 30%
for testing. Thus, we conducted data augmentation only for the training set to ensure
that the test set contained only real data. Our approach combines the data oversam-
pling using: (1) manual augmentation, validated by an experienced nephrologist, and
(2) automated augmentation (experimenting with the SMOTE, Borderline-SMOTE, and
Borderline-SMOTE SVM).

Hence, we applied the following multi-class classification metrics: precision, accuracy
score, recall, weighted F-score (F1), macro F1, Matthew’s correlation coefficient (MCC),
Fowlkes-Mallows (FMI), ROC, and PRC. We used the python scikit-learn library [27] to
implement the models and to apply the validation methods and metrics. For dynamic
selection techniques, we used the DESlib library [22].
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(a)

(b)

Figure 1. (a) Research steps based on the framework proposed by Pineda-Bautista et al. [23]: data
preprocessing, model implementation, validation methods, data augmentation, and multi-class
classification metrics. (b) Research steps based on simple approach: data preprocessing, model
implementation, validation methods, data augmentation, and multi-class classification metrics.
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2.1. Data Collection and Preprocessing

In a previous study [28], we collected medical data (60 real-world medical records)
from physical medical records of adult subjects (age ≥ 18) under the treatment of University
Hospital Prof. Alberto Antunes of the UFAL, Brazil. The data collection from medical
records maintained in a non-electronic format at the hospital was approved by the Brazilian
ethics committee of UFAL and conducted between 2015 and 2016. The dataset comprises
16 subjects with no kidney damage, 14 subjects diagnosed only with CKD, and 30 subjects
diagnosed with CKD, AH, and/or DM. In general, the sample included subjects with ages
between 18 and 79 years; approximately 94.5% of the subjects were diagnosed with AH,
and 58.82% were diagnosed with DM (Table 2). With over 30 years of experience in CKD
treatment and diagnosis in Brazil, a nephrologist labeled the risk classifications based on
the KDIGO guideline [29]. The dataset with 60 medical records from the real world was
classified into four risk classes: low risk (30 records), moderate risk (11 records), high risk
(16 records), and very high risk (3 records).

We primarily selected dataset features based on medical guidelines. Specifically, the
KDIGO guideline [29], the national institute for health and care excellence guideline [30],
and the KDOQI guideline [31]. Besides, we interviewed a set of Brazilian nephrologists
to confirm the relevance of the features in Brazil’s context. The final set of CKD features
focusing on Brazilian communities included AH, DM, creatinine, urea, albuminuria, age,
gender, and glomerular filtration rate (GFR). The dataset did not contain duplicated and
missing values. We only translated the dataset to English and converted the gender of
subjects from string to a binary representation to enable the DT algorithm’s usage.

Table 2. Demographic, laboratory tests, and commodities of patients from the 60 real-world medi-
cal records.

Features Patients

Gender (%) F(41) M (19)

Age Between 18 and 79 years

Creatinine, n (%) 60 (100%)

Urea, n (%) 60 (100%)

Albuminuria, n (%) 60 (100%)

Albuminuria, n (%) 60 (100%)

GFR, n (%) 60 (100%)

DM Yes (15) No (45)

AH Yes (29) No (31)

2.2. Manual Augmentation

In our previous study [5], only for the training set, we manually augmented the
dataset to decrease the impacts of using a small number of instances, including more than
54 records, by duplicating real-world medical records and carefully modifying the features,
i.e., increasing each CKD biomarker by 0.5. We selected the constant 0.5 with no other
purpose than to differentiate the instances and maintain the new one with the correct
label. The perturbation of the data did not result in unacceptable ranges of values and
incorrect labeling. An experienced nephrologist verified the augmented data’s validity by
analyzing each record regarding the correct risk classification (i.e., low, moderate, high, or
very high risk). As stated above, the experienced nephrologist also evaluated the 60 real-
world medical records. The preprocessed original dataset (60 records) and augmented
dataset (54 records) are freely available in our public repository [32]. As an experienced
nephrologist evaluated the new 54 records, all training and testing are conducted using
more than 100 records (an acceptable number of instances for a small dataset). In this
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article, we propose the usage of such a manual step, along with automated augmentation
(e.g., SMOTE), to address extremely small and imbalanced datasets.

2.3. Automated Augmentation

In the current study, based on the Python imbalanced-learn library [33], we conducted
the automated data augmentation using the SMOTE, Borderline-SMOTE, and Borderline-
SMOTE SVM. The SMOTE is one of the most used oversampling techniques and consists
of oversampling the minority class by generating synthetic data through feature space. The
method draws a line between the k-neighbors closest to the minority class and creates a
synthetic sample at one point along that line [34]. Borderline-SMOTE is a widely used
variation of SMOTE and consists of selecting samples from the minority class wrongly
classified using the KNN classifier [35]. Finally, Borderline-SMOTE SVM uses the SVM
classifier to identify erroneously classified samples in the decision limit [36]. In our imple-
mentation, due to a limited amount of data from the minority class, we use k = 3 to create a
new synthetic sample.

2.4. Multi-Class Feature Selection

As stated, we conducted manual data augmentation to improve the original dataset.
Besides, we binarized the translated, preprocessed, and manually augmented dataset to
enable the multi-class feature selection for implementing ensemble models. The multi-
class feature selection included an additional data augmentation using SMOTE to balance
each binary problem (low risk, moderate risk, high risk, and very high risk). We solve
each binary problem with feature selection based on the framework proposed by Pineda-
Bautista et al. [23]. The framework considers multi-class feature selection using class
binarization and balancing. Thus, we applied the one-against-all class strategy and the
SMOTE. Our main objective with the multi-class feature selection is to verify the importance
of features and improve the ML ensemble models‘ implementation. We used the ROC and
PRC areas to conduct evaluations during the multi-class feature selection. Although ROC
and PRC areas are typically used in binary classification, it is possible to extend them to
evaluate multi-class classification problems using the one-against-all class strategy, as is the
case of our multi-class feature selection. This enabled the definition of an ensemble model
to solve our original multi-class problem by voting, trained based on the feature selection
results for each binary problem.

2.5. Hold-Out Validation

We applied the hold-out method by splitting the original dataset into 70% for training
and 30% for testing. For the manual augmentation, a dataset with 54 records, used in our
previous study [5], was added to the training set composed of the original data, resulting
in 96 records: low risk (51 records), moderate risk (18 records), high risk (24 records),
and very high risk (3 records). We used the dataset generated by the manual augmenta-
tion for the automated augmentation and applied the SMOTE, Borderline-SMOTE, and
Borderline-SMOTE SVM. The resampling using the SMOTE and Borderline-SMOTE re-
sulted in 204 records, in which each class contained 51 records. The usage of Borderline-
SMOTE SVM resulted in 181 records: low risk (51 records), moderate risk (51 records),
high risk (51 records), and very high risk (28 records). The test sets, for all approaches,
contained 18 records: low risk (7 records), moderate risk (1 record), high risk (8 records),
and very high risk (2 records). The test set only contains non-augmented data. Thus,
we only conducted data augmentation for the training set to ensure that the test set con-
tained real data. We conducted comparisons using the following datasets: Only Manual
Augmentation, Manual Augmentation + Augmentation with SMOTE, Manual Augmenta-
tion + Augmentation with Borderline-SMOTE, and Manual Augmentation + Augmentation
with Borderline-SMOTE SVM.
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2.6. Multiple Stratified Cross-Validation and Nested Cross-Validation

For the multiple stratified CV and nested CV methods, we split the original dataset into
10-folds, resulting in 54 records for training and 6 for testing. For the manual augmentation,
we included 54 records in each of the 10-folds, in which each fold contained 108 data
for training and 6 for testing. Training folds from 1 to 6 contained: low risk (55 records),
moderate risk (18 records), high risk (30 records), and very high risk (5 records). The 7th-
fold contained: low risk (55 records), moderate risk (17 records), high risk (31 records), and
very high risk (5 records). From the 8th to 10th folds: low risk (55 records), moderate risk
(18 records), high risk (31 records), and very high risk (4 records). We used the dataset
generated by the manual augmentation for the automated augmentation and applied the
SMOTE, Borderline-SMOTE, and Borderline-SMOTE SVM. The resampling using SMOTE
and Borderline-SMOTE resulted in 220 records, in which all folds contained 55 records for
each class. The Borderline-SMOTE SVM resulted in training folds, from 1st to 7th, with
196 records: low risk (55 records), moderate risk (55 records), high risk (55 records), and
very high risk (31 records). Besides, from the 8th to 10th folds, it resulted in 195 records:
low risk (55 records), moderate risk (55 records), high risk (55 records), and very high risk
(30 records).

Besides investigating whether such methods satisfactorily control overfitting for our
dataset (by comparison), in this article, the evaluation results are relevant to increase
confidence in the ML model embedded in our developed DSS (Section 5—clinical context
scenario). Therefore, they enabled us to evaluate the quality of our approach.

2.7. Algorithms

We experimented with supervised learning and the DT, RF, and multi-class Ad-
aBoosted DTs classification models. We also apply methods for DCS (OLA and LCA)
and methods for DES (KNORA-U, KNORA-E, and META-DES).

A DT uses the divide-and-conquer technique to solve classification and regression
problems. It is an acyclic graph where each node is a division node or leaf node. The
rules are based on information gain, which uses the concept of entropy to measure the
randomness of a discrete random variable A (with domain a1, a2, . . . , an) [37]. Entropy is
used to calculate the difficulty of predicting the target attribute, where the entropy of A can
be calculated by:

A = −
n

∑
i=1

pilog2(pi) (1)

where, pi is the probability of observing each value a1, a2, . . . , an. In the literature, DT has
performed well with imbalanced datasets. Different algorithms generate the DT, such as
ID3, C4.5, C5.0, and CART. The Scikit-learn library uses the CART algorithm.

The RF algorithm is used to combine DTs, generating several random trees. The
algorithm assists modelers in preventing overfitting, being more robust when compared
to a DT. It uses the Gini impurity criterion to conduct the feature selection, in which the
following equation [38] guides the split of a node:

i(w) =
L

∑
l=1

pl
w(1 − pl

w) (2)

where pj is the relative frequency of class j [33].
The multi-class AdaBoosted DTs algorithm creates a set of classifiers that contribute to

the classification of test samples through weighted voting. With each new iteration, the
weight of the training samples is changed considering the error of the set of classifiers
previously implemented [37]. A multi-class AdaBoosted DTs performs the combination of
predictions from all DTs in the set for multi-class problems.

Finally, a dynamic selection technique measures the performance level of each classifier
in a classifier pool. If a classifier pool is not defined, a BaggingClassifier generates a pool
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containing 10 DTs. For the DCS method, the classifier that has achieved the highest
performance level when classifying the samples in the test set is selected [22]. For the DES
method, a set of classifiers that provide a minimum performance level is selected.

2.8. Classification Metrics

We computed the performance of the classification models using the python scikit-
learn library [39] and the following metrics: precision, accuracy score, recall, balanced F
score, MCC, ROC, and PRC. Precision represents the classifier’s ability of not label a sample
incorrectly and is given by the equation:

Precision =
TP

TP + FP
(3)

where, TP represents the true positives and FP represents the false positives. The accuracy
score calculates the total performance of the model using the equation:

A(y, ŷ) =
1
n

n−1

∑
i=0

1(ŷi = yi) (4)

where, ŷi represents the value that the model classified the sample, yi represents the real
value of the sample, n is the total number of samples, and I(x) is the indicator function [27].

The recall corresponds to the hit rate in the positive class and is given by

Recall =
TP

TP + FN
(5)

where, FN represents the false negatives. The balanced F-score or F measure is a weighted
average between precision and recall:

F1 = 2 ∗ Precision ∗ Recall
Precision + Recall

(6)

The MCC is used to assess the quality of ratings and is highly recommended for
imbalanced data [40], given by the following equation:

MCC =
TP ∗ TN − FP ∗ FN√

(TP + FP)(TP + FN)(TN + FP)(TN + FN)
(7)

where, TN represents the true negative. Besides, the FMI is used to measure the similarity
between two clusters, the measure varies between 0 and 1, where a high value indicates a
good similarity [41]. FMI is defined as the geometric mean between precision and recall,
given by the equation:

FMI =
√

TP
TP + FP

∗ TP
TP + FN

(8)

The ROC calculates the probability estimates that a sample belongs to a specific
class [42]. For multi-class problems, ROC uses two approaches: one-vs-one and one-vs-rest.
Finally, the PRC is a widely used metric for imbalanced datasets that provides a clear
visualization of the performance of a classifier [43].

3. Related Works

3.1. Early Prediction and DSS

ML models’ usage to assist in decision making has received the attention of researchers
in the last years. For instance, Hsu [28] describes a framework based on a ranking and
feature selection algorithm to assist physicians’ decision-making on cardiovascular diseases’
most relevant risk factors. The author also applies machine learning techniques to enable
identifying the risk factors.
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Walczak and Velanovich [29] developed an artificial neural network (ANN) system
to assist physicians and patients in selecting pancreatic cancer treatment. The system
determines the 7-month survival or mortality of patients based on a specific treatment
decision. Topuz et al. [31] propose a decision support methodology guided by a Bayesian
belief network algorithm to predict kidney transplantation’s graft survival. The authors
use a database with more than 31,000 U.S. patients and argue that the methodology can be
reused in other datasets.

Wang et al. [30] evaluate a murine model, induced by intravenous Adriamycin
injection, using optical coherence tomography (OCT) to assess the CKD progression by
images of rat kidneys. The authors highlight that OCT images contain relevant data about
kidney histopathology. Jahantigh, Malmir, and Avilaq [32] propose a fuzzy expert system
to assist the medical diagnosis, focusing initially on kidney diseases. The system is guided
by the experience of physicians to indicate disease profiles. Neves et al. [34] present a DSS
to identify acute kidney injury and CKD using knowledge representation and reasoning
procedures based on logic programming and ANN. Polat et al. [33] used the support vector
machine technique and the two-feature selection methods wrapper and filter to conduct
the CKD identification early. The authors justify the computer-aided diagnosis based on
high mortality rates of CKD. Finally, Arulanthu and Perumal [35] presented a DSS for CKD
prediction (CKD or non-CKD) using a logistic regression model.

However, these CKD studies have some limitations. For example, relevant topics
are the ML technique used to identify the disease and the costs of required examinations
(predictors). Most of the studies use many predictors and apply complex analysis, increas-
ing costs and making physician double-checking results problematic. Indeed, this type of
functionality is relevant because other clinical conditions influence CKD, and the diagnosis
is usually improved when physicians collaborate to conclude.

3.2. Oversampling Methods

As mentioned earlier, the growing use of ML in the medical field brings challenges
such as limited and imbalanced data. Despite this, the use of such datasets can be quite
relevant for the medical field [21] and studies have been carried out to deal with such
limitations. Some methods use ML algorithms, probability, or weights to define the samples
to be resampled, while some methods perform the combination of oversampling and
undersampling [44]. Some of these works will be reported below.

One of the best-known techniques for dealing with this type of problem is SMOTE [34].
The purpose of SMOTE is to generate new synthetic minority class data, thus selecting a
sample of the minority class randomly and its k nearest neighbors of the same class are
calculated (by default 5) as a line is drawn around the selected samples and new synthetic
data is generated.

Chawla et al. [34] performed a combination of subsampling and supersampling tech-
niques. The subsampling technique was proposed in conjunction with supersampling to
increase the sensitivity of a classifier to the minority class. Thus, in the proposed method,
samples from the majority class were taken randomly and samples from the minority
class were synthetically generated until it has a specific proportion of the majority class.
In another work, Chawla et al. [45] performed a combination of the SMOTE algorithm
with the boosting procedure, changing the update weights and compensating for skewed
distributions of misclassified instances to generate synthetic data, thus creating the SMOTE-
Boost algorithm.

Unlike other methods that resample all examples from the minority class or that ran-
domly select a subset, Han et al. [35] in their study, selects only the minority class samples
that are Borderline and most likely to be misclassified, thus developing a variation of the
SMOTE oversampling method called Borderline-SMOTE. While Nguyen and Kamei [36]
used the SVM classifier to find the boundary region, combined with extrapolation and
interpolation techniques for oversampling the minority boundary instances.
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Das et al. [46] addressed two types of oversampling, namely, RACOG and wRACOG,
where it used joint probability distribution of data attributes and Gibbs sampling to choose
and generate the samples of minority classes synthetically. Wang [44] used the SMOTE
oversampling method only to support minority class vectors that were found by training
the cost-sensitive SVM classifier.

In contrast, we address very limited datasets by combining manual augmentation and
automated augmentation. To verify the best combination, we experiment with manual
augmentation along with automated augmentation using SMOTE, Borderline-SMOTE, and
Borderline-SMOTE SVM.

3.3. Validation Methods

Some studies conduct comparisons of validation methods for ML models. For example,
Varma and Simon [26] compared the multiple stratified CV and nested CV methods.
The authors conclude that CV presents significantly biased estimates, in contrast with
nested CV, that provides an almost unbiased estimate of the true error.

Moreover, Vabalas et al. [18] investigated whether bias, identified in some studies in
the literature when reporting classification accuracy, could be caused by the use of specific
validation methods. The authors also conclude that multiple stratified CV produces strongly
biased performance estimates with small sample sizes. However, they also state that
nested CV and hold-out present unbiased estimates. In another study, Varoquaux [47] also
highlights the possibility of obtaining underestimated performance evaluation using CV.

Krstajic et al. [48] address best practices to improve reliability and confidence dur-
ing the evaluation of ML models. The authors describe a repeated grid-search V-fold
cross-validation approach and define a repeated nested cross-validation algorithm. They
highlight the relevance of repeating cross-validation during model evaluation.

3.4. Comparison of ML Algorithms

Furthermore, some studies focus on the comparison of ML models to predict CKD.
For example, Ilyas et al. [49] compared ML models for early prediction of CKD. They used
the UCI machine learning repository, which consists of two classes (i.e., CKD affected and
NOTCKD, indicating people with no CKD). However, the authors subdivide the CKD class
into stages: Stage 1, Stage 2, Stage 3A, Stage 3B, Stage 4, and Stage 5. The prediction focuses
on such stages.

Qin et al. [50] also used the UCI machine learning repository to assist the early
detection of CKD as a binary problem. The authors apply KNN imputation to fill in the
missing values of the dataset. They implemented ML models using logistic regression, RF,
SVM, KNN, naive Bayes, and feed-forward neural network.

Chittora et al. [51] implemented ML models using ANN, C5.0, Chi-square Automatic
interaction detector, logistic regression, linear SVM with penalty L1 and L2, and random
tree. As a binary problem, the authors apply feature selection and oversampling techniques
based on the UCI machine learning repository.

Chaurasia et al. [52] compared ensemble and non-ensemble models for the prediction
of CKD as a binary problem. They evaluated the models using performance metrics such as
accuracy rate, recall rate, F1 score, and support value. The ensemble models outperformed
non-ensemble models.

4. Experiments

4.1. Statistical Significance

We conducted a correlation analysis to verify the relationship between the variables.
Firstly, we analyze the correlation matrix generated through Person’s coefficients, where
the measures vary between 1 and −1. On the one hand, a value closer to 1 indicates a
strong correlation between two variables. On the other hand, a value close to −1 indicates
an inverse correlation. The values are represented by means of colors. Thus, the lighter the
color, the greater the correlation between the variables.
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Figure 2 shows a sample of the correlation matrix coefficients using our CKD datasets.
Figure 2a presents the correlation matrix from the dataset with the 60 real-world records
and 54 manually augmented data. Samples of correlation matrix coefficients from the
datasets related to the application of the hold-out method are also presented, with data
further resampled with SMOTE (Figure 2b), borderline-SMOTE (Figure 2c), and borderline-
SMOTE SVM (Figure 2d). Figure 2e presents the correlation matrix associated with the
CV method with data further resampled with SMOTE. In general, the highest correlation
coefficients relate to creatinine, urea, albuminuria, and age.

Figure 2. Sample of correlation matrix coefficients. (a) Dataset with the 60 real-world records and
54 manually augmented data. (b) Dataset with the application of the hold-out method and data
further resampled with SMOTE. (c) Dataset with the application of the hold-out method and data
further resampled with borderline-SMOTE. (d) Dataset with the application of the hold-out method
and data further resampled with borderline-SMOTE SVM. (e) Dataset with CV method with data
further resampled with SMOTE

Moreover, we used linear regression to conduct a hypothesis test to verify statistical sig-
nificance. We calculated the p-value to quantify statistical significance and analyze whether
our hypothesis had any correlation between the features and the target. We consider a
p-value < 0.05, as a strong relationship between the feature and the target. We also calcu-
lated the F-statistic to analyze the significance of the model implemented using the datasets
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(must be greater than 1). We used the R-Squared statistic to complement the analysis of the
relationship between two variables, between 0 and 1 (indicates a strong correlation).

A sample of p-value, F-statistic, and R-Squared results is presented in Table S1 of
Supplementary Materials. We identified a strong correlation between variables. For ex-
ample, when using the dataset that relates to the application of the CV method, with data
resampled using the manual approach and SMOTE, the null hypothesis was refuted for
AH, DM, creatinine, albuminuria, and age. Besides, the F-statistic resulted in 126.90 and the
R-Squared in 0.828, indicating a strong relationship between the variables and the target.

4.2. Implementation and Evaluation

We implemented the classification models using the DT, RF, and multi-class Ad-
aBoosted DTs algorithms. Besides, we used dynamic selection methods: OLA, LCA,
KNORA-E, KNORA-U, and META-DES. As mentioned before, we used the validation
methods hold-out, multiple stratified CV, and nested CV, comparing resampling ap-
proaches: only manual augmentation, SMOTE, Borderline-SMOTE, and Borderline-SMOTE
SVM. For the hold-out method, without the usage of the framework proposed by Pineda-
Bautista et al. [23], dynamic selection (OLA, KNORA-E, and META-DES) and the DT model
presented the highest performances using the mean values of precision (PR), accuracy
score (ACC), recall, FMI, MCC, and F1 (e.g., with an equal ACC of 94.44% using the
Borderline-SMOTE SVM). For the other resampling techniques, such models presented
lower performances, with an ACC between 83.33% and 88.88%. We present such results in
Table S2 of the Supplementary Materials. Due to the imbalance and limited size of the test
set used for the hold-out method, we also applied the multiple stratified CV and nested
CV as validation methods. Such methods evaluate the generalization of a model to a new
dataset, using the whole data for training and testing.

Then, we applied the gridSearchCV tool with 5 repetitions for the multiple stratified
CV and nested CV methods. We used such a tool to automate the combination of the
best parameters and obtain the best performance from each algorithm. We used multiple
stratified CV and nested CV with 10-folds and five repetitions. The multiple stratified CV
method obtained a very similar result when compared to the nested CV, in some cases,
with a difference of up to 6%. There is a difference because the multiple stratified CV uses
the entire dataset to perform the best fit, producing optimistic performance estimates [53].
However, the nested CV splits the data into training, validation, and testing, using the
gridSearchCV tool to set the best parameters only for the training data to produce unbiased
performance estimates.

The DT, RF, and multi-class AdaBoosted DTs models presented stable results, obtaining
high performance for all resampling methods. For multiple stratified CV and nested CV, the
models achieved an ACC that ranged between 92.33% and 98.99%. The DT model presented
the best performance, with an ACC of 98.99%, using SMOTE (see Tables S3 and S4 of our
Supplementary Materials).

Furthermore, to improve the experiments, we implemented ensemble models based
on the framework proposed by Pineda-Bautista et al. [23]. We split the original dataset
into 70% for training and 30% for testing to select features from multiple classes. We
improved the data using 38 records from the augmented dataset available in our public
repository [32]. Afterward, we conducted the binarization of the training and test sets
using the one-against-all classes strategy. We conducted the binarization for each class of
our multi-class problem to obtain four different binary problems (low risk, moderate risk,
high risk, and very high risk). We applied the SMOTE to handle imbalanced data for each
binary problem; however, the usage of SMOTE did not improve the results. Finally, we
used the CfsSubsetEval attribute evaluator and the BestFist research method to select the
features of our binary problems. The feature selection results, for each binary problem,
resulted in a maximum of five features for each class (Table 3).
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Table 3. Results of feature selection for each binary problem generated using the low risk, moderate
risk, high risk, and very high risk classes.

Importance Low Moderate High Very High

1 AH DM AH Crea

2 DM Albu DM Age

3 Albu - Albu GFR

4 Age - Age -

5 GFR - Gender -

The resulting ensemble model is composed of four submodels (one per class). Each
submodel is trained based on the augmented dataset and the feature selection results for
a specific class. Thus, each submodel may assign different classes to a new instance. To
conduct the final classifications, we used the majority vote strategy.

We also applied the hold-out, multiple stratified CV, and nested CV validation meth-
ods for the ensemble models, comparing the resampling approaches: manual augmen-
tation, SMOTE, Borderline-SMOTE, and Borderline-SMOTE SVM. In the hold-out vali-
dation method (Table 4), models implemented based on dynamic selection (KNORA-E
and KNORA-U) and the DT algorithm presented the highest performances. KNORA-E
and KNORA-U achieved the highest accuracy score for the Borderline-SMOTE SVM and
Borderline-SMOTE resampling techniques, respectively. The DT model showed stability
for all resampling techniques, with an accuracy score of 94.44%.

Table 4. Results for the hold-out method for the ensemble models implemented based on the
framework proposed by Pineda-Bautista et al. [23].

ACC PR Recall Weighted F1 Macro F1 MCC FMI

Manual Augmentation Only

Decision Tree 94.44 0.95 0.94 0.93 0.90 0.91 0.92

Random Forest 94.44 0.95 0.94 0.93 0.90 0.91 0.92

AdaBoosted DT 88.88 0.91 0.88 0.88 0.86 0.83 0.78

OLA 88.88 0.91 0.88 0.89 0.77 0.83 0.89

LCA 88.88 0.81 0.88 0.84 0.65 0.83 0.90

KNORA-U 88.88 0.81 0.88 0.84 0.65 0.83 0.90

KNORA-E 83.33 0.77 0.83 0.79 0.61 0.75 0.77

META-DES 83.33 0.80 0.83 0.80 0.59 0.75 0.82

Manual Augmentation + Augmentation with SMOTE

Decision Tree 94.44 0.95 0.94 0.93 0.90 0.91 0.92

Random Forest 94.44 0.95 0.94 0.93 0.90 0.91 0.92

AdaBoosted DT 94.44 0.95 0.94 0.93 0.90 0.91 0.91

OLA 88.88 0.89 0.88 0.88 0.84 0.83 0.84

LCA 88.88 0.91 0.88 0.89 0.77 0.83 0.89

KNORA-U 94.44 0.96 0.94 0.94 0.93 0.91 0.90

KNORA-E 94.44 0.97 0.94 0.95 0.90 0.92 0.91

META-DES 94.44 0.96 0.94 0.94 0.93 0.91 0.90

Manual Augmentation + Augmentation with Borderline-SMOTE

Decision Tree 94.44 0.95 0.94 0.93 0.90 0.91 0.92

Random Forest 88.88 0.91 0.88 0.88 0.86 0.83 0.78

AdaBoosted DT 88.88 0.89 0.88 0.88 0.86 0.82 0.80
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Table 4. Cont.

ACC PR Recall Weighted F1 Macro F1 MCC FMI

OLA 88.88 0.89 0.88 0.88 0.84 0.83 0.84

LCA 88.88 0.91 0.88 0.88 0.86 0.83 0.78

KNORA-U 100.00 1.00 1.00 1.00 1.00 1.00 1.00

KNORA-E 94.44 0.95 0.94 0.93 0.90 0.91 0.91

META-DES 88.88 0.91 0.88 0.88 0.80 0.83 0.84

Manual Augmentation + Augmentation with Borderline-SMOTE SVM

Decision Tree 94.44 0.95 0.94 0.93 0.90 0.91 0.92

Random Forest 94.44 0.96 0.94 0.94 0.93 0.91 0.90

AdaBoosted DT 88.88 0.91 0.88 0.88 0.86 0.83 0.78

OLA 88.88 0.89 0.88 0.88 0.84 0.83 0.84

LCA 88.88 0.92 0.88 0.88 0.79 0.83 0.84

KNORA-U 88.88 88.88 88.88 88.88 0.84 0.82 0.84

KNORA-E 100.00 1.00 1.00 1.00 1.00 1.00 1.00

META-DES 94.44 0.96 0.94 0.94 0.93 0.91 0.90

Finally, we applied the multiple stratified CV and nested CV validation methods, in
which the DT and multi-class AdaBoosted DTs models demonstrated stability (the highest
performances for all resampling methods). The multiple stratified CV method achieved an
accuracy score between 95.00% and 97.66% (Table 5), while the nested CV method achieved
an accuracy score between 94.98% and 96.66% (Table 6).

Table 5. Results for the multiple stratified CV method for the ensemble models implemented based
on the framework proposed by Pineda-Bautista et al. [23].

ACC PR Recall Weighted F1 Macro F1 MCC FMI

Manual Augmentation Only

Decision Tree 95.66 0.92 0.95 0.93 0.90 0.93 0.94

Random Forest 91.00 0.84 0.91 0.87 0.80 0.86 0.87

AdaBoosted DT 95.00 0.93 0.95 0.93 0.91 0.93 0.91

OLA 90.33 0.84 0.90 0.86 0.79 0.86 0.88

LCA 87.33 0.80 0.87 0.82 0.74 0.81 0.83

KNORA-U 89.33 0.83 0.89 0.68 0.78 0.84 0.85

KNORA-E 91.33 0.85 0.91 0.87 0.81 0.87 0.88

META-DES 91.66 0.86 0.91 0.88 0.81 0.88 0.89

Manual Augmentation + Augmentation with SMOTE

Decision Tree 94.44 0.95 0.94 0.93 0.93 0.91 0.92

Random Forest 94.44 0.95 0.94 0.93 0.84 0.91 0.92

AdaBoosted DT 97.66 0.97 0.97 0.97 0.97 0.96 0.94

OLA 92.66 0.90 0.92 0.90 0.85 0.89 0.89

LCA 91.33 0.89 0.91 0.89 0.93 0.87 0.87

KNORA-U 94.99 0.94 0.95 0.94 0.89 0.93 0.94

KNORA-E 93.66 0.91 0.93 0.92 0.86 0.90 0.91

META-DES 93.33 0.92 0.93 0.92 0.87 0.90 0.89

Manual Augmentation + Augmentation with Borderline-SMOTE

Decision Tree 96.00 0.94 0.96 0.94 0.92 0.94 0.93

Random Forest 93.33 0.90 0.93 0.91 0.87 0.90 0.89

AdaBoosted DT 95.00 0.93 0.95 0.93 0.91 0.93 0.91

OLA 92.33 0.91 0.92 0.91 0.85 0.89 0.88

LCA 91.33 0.89 0.91 0.89 0.84 0.88 0.85

KNORA-U 94.33 0.93 0.94 0.93 0.88 0.92 0.93
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Table 5. Cont.

ACC PR Recall Weighted F1 Macro F1 MCC FMI

KNORA-E 94.00 0.92 0.94 0.92 0.88 0.91 0.91

META-DES 94.33 0.93 0.94 0.93 0.87 0.92 0.93

Manual Augmentation + Augmentation with Borderline-SMOTE SVM

Decision Tree 96.66 0.94 0.96 0.95 0.92 0.95 0.95

Random Forest 91.66 0.87 0.91 0.88 0.85 0.88 0.84

AdaBoosted DT 95.33 0.93 0.95 0.93 0.91 0.93 0.92

OLA 88.88 0.89 0.88 0.88 0.85 0.83 0.84

LCA 90.66 0.85 0.90 0.87 0.80 0.86 0.87

KNORA-U 94.00 0.91 0.94 0.92 0.87 0.91 0.92

KNORA-E 93.33 0.92 0.93 0.92 0.86 0.90 0.91

META-DES 93.00 0.92 0.93 0.91 0.86 0.90 0.91

Table 6. Results for the nested CV method for the ensemble models implemented based on the
framework proposed by Pineda-Bautista et al. [23].

ACC PR Recall Weighted F1 Macro F1 MCC FMI

Manual Augmentation Only

Decision Tree 95.66 0.94 0.95 0.93 0.90 0.93 0.94

Random Forest 91.66 0.85 0.91 0.88 0.81 0.87 0.88

AdaBoosted DT 95.00 0.93 0.95 0.93 0.91 0.93 0.91

OLA 89.00 0.82 0.89 0.85 0.77 0.84 0.87

LCA 83.99 0.75 0.84 0.78 0.69 0.76 0.78

KNORA-U 88.00 0.81 0.88 0.83 0.76 0.82 0.84

KNORA-E 91.66 0.87 0.91 0.89 0.82 0.87 0.88

META-DES 90.00 0.83 0.90 0.86 0.78 0.85 0.87

Manual Augmentation + Augmentation with SMOTE

Decision Tree 94.98 0.92 0.94 0.93 0.90 0.92 0.91

Random Forest 90.00 0.85 0.90 0.86 0.80 0.85 0.84

AdaBoosted DT 96.66 0.94 0.96 0.95 0.93 0.95 0.95

OLA 92.66 0.92 0.92 0.91 0.85 0.89 0.90

LCA 91.33 0.89 0.91 0.89 0.85 0.87 0.85

KNORA-U 92.66 0.92 0.92 0.91 0.86 0.86 0.89

KNORA-E 90.00 0.88 0.90 0.88 0.80 0.89 0.85

META-DES 92.66 0.90 0.92 0.91 0.85 0.89 0.90

Manual Augmentation + Augmentation with Borderline-SMOTE

Decision Tree 96.00 0.93 0.94 0.94 0.92 0.94 0.93

Random Forest 92.66 0.89 0.92 0.90 0.85 0.89 0.88

AdaBoosted DT 96.66 0.95 0.96 0.95 0.93 0.95 0.94

OLA 90.00 0.88 0.90 0.88 0.82 0.85 0.83

LCA 90.66 0.88 0.90 0.89 0.83 0.87 0.85

KNORA-U 92.33 0.91 0.92 0.91 0.85 0.89 0.89

KNORA-E 92.66 0.91 0.92 0.91 0.85 0.89 0.90

META-DES 92.66 0.90 0.92 0.90 0.84 0.89 0.90

Manual Augmentation + Augmentation with Borderline-SMOTE SVM

Decision Tree 91.33 0.89 0.92 0.88 0.82 0.87 0.86

Random Forest 90.66 0.85 0.90 0.87 0.82 0.86 0.84

AdaBoosted DT 92.66 0.90 0.92 0.90 0.86 0.89 0.87

OLA 90.33 0.86 0.90 0.87 0.81 0.86 0.85

LCA 88.66 0.84 0.88 0.85 0.79 0.84 0.82
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Table 6. Cont.

ACC PR Recall Weighted F1 Macro F1 MCC FMI

KNORA-U 92.66 0.91 0.92 0.91 0.86 0.89 0.89

KNORA-E 91.33 0.89 0.91 0.89 0.82 0.87 0.88

META-DES 93.00 0.92 0.93 0.91 0.86 0.90 0.91

As stated above, our comparisons also considered the results without using the
framework proposed by Pineda-Bautista et al. [23] (see Tables S2–S4 of our Supplemen-
tary Materials). To summarize our findings, we present the decision tree results (from
Tables S2–S4 of our Supplementary Materials) in Table 7.

Table 7. Decision tree results for the hold-out, multiple stratified CV, and nested CV methods without
using the framework proposed by Pineda-Bautista et al. [23].

ACC PR Recall Weighted F1 Macro F1 MCC FMI

Manual Augmentation Only

Hold-out 83.33 0.77 0.83 0.79 0.61 0.74 0.77

Multiple stratified CV 92.33 0.92 0.92 0.91 0.88 0.90 0.86

Nested CV 92.33 0.92 0.92 0.91 0.90 0.90 0.82

Manual Augmentation + Augmentation with SMOTE

Hold-out 83.33 0.86 0.83 0.84 0.80 0.74 0.78

Multiple stratified CV 98.99 0.99 0.99 0.98 0.98 0.98 0.98

Nested CV 98.99 1.00 0.99 0.99 0.98 0.98 0.99

Manual Augmentation + Augmentation with Borderline-SMOTE

Hold-out 88.88 0.88 0.88 0.88 0.84 0.82 0.84

Multiple stratified CV 98.00 0.98 0.98 0.97 0.96 0.97 0.98

Nested CV 95.00 0.95 0.95 0.95 0.94 0.93 0.88

Manual Augmentation + Augmentation with Borderline-SMOTE SVM

Hold-out 94.44 0.95 0.94 0.93 0.90 0.91 0.91

Multiple stratified CV 95.00 0.93 0.95 0.93 0.91 0.93 0.91

Nested CV 96.00 0.94 0.96 0.95 0.91 0.94 0.95

Besides, we calculated the ROC and PRC curves using a one-against-all classes strategy.
We identified the trade-offs between sensitivity (true positive rate) and specificity (true
negative rate) to show the model’s diagnostic abilities using the ROC area. For example, for
the ROC curve performance of the DT model, which relates to the usage of SMOTE and the
nested CV methods, high discriminatory power was achieved for all folds. One can also
identify that the curves are closer to the upper left corner of each graphic (Figures 3 and 4).
In addition, the PRC area shows the relationship between accuracy and recall and is
relevant to analyze imbalanced datasets (see Figures S1–S3 of our Supplemental Materials).
The precision-recall curve shows the trade-off between precision and recall for different
thresholds. For the performance of the DT model, which is related to the use of SMOTE
and nested CV methods, high discriminatory power was achieved for all folds, increasing
confidence in the results presented with ROC curves. The source codes of the experiments
are available in our repository [54].
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Figure 3. ROC curves of the DT model using SMOTE and the nested CV method for the five first
folds. Each graphic represents one of the ten folds.
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Figure 4. ROC curves of the DT model using SMOTE and the nested CV method for the sixth, seventh,
eighth, ninth, and tenth folds. Each graphic represents one of the ten folds.

5. Clinical Practice Context

Using eHealth and mHealth systems to aid in the treatment and identification of
chronic diseases can be one way to reduce high mortality rates through monitoring chronic
diseases such as CKD. This situation refers to using information and technologies intelli-
gently and effectively to guide those whom public health systems will eventually assist.
Early computer-aided identification of CKD can help people living in the countryside and
environments with difficult access to primary care. In addition, mobile health apps (i.e.,
mHealth), which generate personal health records (PHR), can be used to reduce issues (i.e.,
store a patient’s complete medical history with diagnosis, administered medications, plans
for treatment, vaccination dates, allergies) related to primary health care in remote locations.

Therefore, the presented classification models can be used to develop eHealth and
mHealth systems that assist patients, clinicians, and the government in monitoring CKD
and its risk factors. Using the Brazilian CKD dataset, we recommend applying the DT
model with data resampled with the SMOTE technique to develop a DSS. The DT model
achieved high performance, and it is considered a white box analysis approach with a
straightforward interpretation of results. Interpreting the results helps doctors understand
how the model achieved a specific risk rating, increasing these professionals’ confidence in
the results.
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The ML model can be the basis for developing a DSS to identify and monitor CKD
in Brazilian communities, where the interaction between three actors is proposed: doctor,
patient, and public health system (Figure 5). The system used by patients is presented as
a web-based system divided into front-end and back-end, which contains PHR and CKD
risk assessment functionality. The risk assessment is performed after inputting the results
of exams, where the classification of risk of CKD is based on the DT model. After the
user’s clinical evaluation, the system can send a clinical document, structured from the
HL7 clinical document architecture (CDA) to the doctor responsible for monitoring the
patient. The HL7 CDA document is an XML file that contains the risk analysis data, a risk
analysis DT, and the PHR.

The medical system receives the CDA document to confirm the risk assessment by
analyzing the classification, the DT, and the PHR data. In an uncertain diagnosis, the
doctor can send the CDA document to other doctors for a second opinion. The patient and
medical subsystems use web services provided by the Server subsystem to update the PHR
of patients as part of the medical records available at a healthcare facility. We provide a
more detailed explanation of this type of system for CKD and related technologies in our
previous publication [28].

Figure 5. DSS methodology schema of identification and monitoring of CKD in developing countries.

Therefore, we implemented a web-based application considering the system used
by patients, as an improvement of the results presented in [28]. The back-end of such
subsystem was implemented using the Java programming language and web services.
The subsystem comprises the following main features: access control, management of
ingested drugs, management of allergies, management of examinations, monitoring of
hypertension and DM, execution of risk analysis, generation and sharing CDA documents,
and analysis of the emergency. In contrast, the front-end of the subsystem is implemented
using HTML 5, Bootstrap, JavaScript, and Vue.js. For the graphical user interface (GUI) for
recording a new CKD test result (the main inputs for the risk assessment model), the user
can also upload an XML file containing the test results to present a large number of manual
inputs. Once the patient provides the current test results, the main GUI of the subsystem is
updated, showing the test results available for the risk assessment.
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Figure 6 illustrates the main GUI of the patient sub-system, describing the creatinine,
urea, albuminuria, and GFR (i.e., the main attributes used by the risk assessment model).
This study reduces the number of required test results to conduct the CKD risk analysis
from 5 to 4 compared to the previously published research [16]. This is critical for low-
income populations using the sub-system because a very large number of biomarkers
increases costs, that usually cannot be afforded by such people. Indeed, a reduced number
of biomarkers can include more users for this type of DSS that would be possibly excluded
due to their limited financial resources. The sub-system provides a new CKD risk analysis
when the patient inputs all CKD attributes.

Figure 6. Screenshot of the main GUI for the patient sub-system.

During the CKD risk analysis (conducted when all tests are available), and based on
the presence/absence of DM, presence/absence of hypertension, age, and gender, the J48
decision tree algorithm classifies the patient’s situation considering four classes: low risk,
moderate risk, high risk, and very high risk. In case of moderate risk, high risk, or very
high risk, the sub-system packages the classification results as a CDA document, along
with the decision tree graphic and general data of the patient. The sub-system alerts the
physician responsible for the patient and sends the complete CDA document (i.e., the main
output of the DSS) for further clinical analysis. In the case of low risk, the sub-system only
records the risk analysis results to keep track of the patient’s clinical situation. It does
not send the physician alert, automating the risk analysis and sharing. This illustrates an
example of scenario that shows how the definition of risk levels can provide more details
on the patients‘ clinical conditions.

Results presented in this article justify the usage of the DT algorithm and attributes
(i.e., presence/absence of DM, presence/absence of AH, creatinine, urea, albuminuria, age,
gender, and GFR) to conduct risk analyses in developing countries. The physician responsi-
ble for the healthcare of a specific patient can, remotely, access the CDA document by a
medical sub-system, re-evaluate or confirm the risk analysis (i.e., preliminary diagnosis)
provided by the patient sub-system, and share the data with other physicians to get second
opinions. If the physician confirms the preliminary diagnosis, the patient can continue
using the patient sub-system to prevent the CKD progression, including the monitoring of
risk factors (DM and AH), CKD stage, and risk level.

We also implemented the medical and server sub-systems using web technologies
based on Figure 5. However, the description of such sub-systems is not in the scope of
this article.
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6. Discussion

When dealing with imbalanced and limited-size datasets, the evaluation of resam-
pling and validation methods is essential to verify the stability of ML models. Our re-
sults indicated the non-ensemble DT model with data resampled with manual augmen-
tation + SMOTE, with the best performance, obtaining a mean accuracy score of 98.99%
for multiple stratified CV (see Table S2 of our Supplementary Materials) and nested CV
(see Table S3 of our Supplementary Materials). The DT is followed by the multi-class
AdaBoosted DTs model with a mean accuracy score of 97.99% for multiple stratified CV
(see Table S2 of our Supplementary Materials) and 98% for nested CV (see Table S3 of our
Supplementary Materials).

During CKD monitoring, based on the non-ensemble DT model with data resampled
with manual augmentation + SMOTE, assuming the previous DM evaluation, the user
only needs to perform two blood tests: creatinine and urea periodically. Albuminuria
is measured using a urine test, while GFR can be calculated using the Cockcroft-Gault
equation. The reduced number of exams is relevant for developing countries like Brazil
due to the high poverty levels.

From the misclassified instances identified when testing the non-ensemble DT model,
with data resampled with manual augmentation + SMOTE, the model disagreed with
the experienced nephrologist, declaring very high risk rather than high risk (only one
individual). However, the model did not lead to any critical underestimation of individuals’
at-risk status (e.g., low risk rather than moderate risk). This situation would be a critical
issue because the patient is usually referred to a nephrologist at moderate or high risk.
Misleading classifications are less harmful to the patient as they still result in the patient
being referred for evaluation, even if the risk is overestimated.

Along with using a reduced number of features and the absence of critical underesti-
mations, another advantage of the DT model is the direct interpretation of results. A more
straightforward interpretation of the CKD risk analysis by nephrologists and primary care
doctors who need to perform additional tests to confirm a patient’s clinical status is critical
to reusing the model in real-world situations. The tree generated by the DT model encom-
passes each CKD biomarker considered and the related classification. A doctor follows the
decisions to interpret the logic of classification. Of the 8 CKD features, only 5 were used by
the non-ensemble DT model with data resampled with manual augmentation + SMOTE,
to classify the risk (i.e., creatinine, gender, HA, urea, and albuminuria), requiring one
blood test and one urine test when DM has already been evaluated, at the cost of one
misclassified instance.

However, one of the main limitations of this study is the usage of the gridSearchCV
tool to find the best parameters for each algorithm. We faced processing limitations, mainly
for the ensemble models, because the parameter search was conducted for each ML model.
The usage of gridSearchCV with 5 folds for the DT model is one example of such a situation.
We handled 960 candidates, resulting in 4800 adjustments. However, when using the
META-DES model, we handle 8640 candidates, resulting in 43,200 adjustments for the
ensemble model, presenting a higher processing cost to adjust the parameters.

Besides, the reduced amount of manually augmented instances may also be considered
a limitation. For example, the number of instances for the very high risk class in the test
set is too reduced, which can have a negative impact on the performance evaluation for
such class. The nested CV assisted us in reducing this limitation. We did not provide more
augmented data because it is a time-consuming task for the nephrologist. However, given
that one of the main purposes of this study is to address limited size datasets, the manual
augmentation provided by the nephrologist was enough to conduct the experiments.
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7. Conclusions and Future Work

The approach presented in this article can help design DSS to identify CKD in Brazilian
communities. Such a system is relevant because low-income populations in Brazil generally
suffer from the lack/precariousness of primary care. We develop and evaluate ensemble
and non-ensemble models using different data resampling techniques for our CKD datasets.
The result of the DT model with data resampled with the SMOTE technique improves the
results of previous works. The remote identification of chronic diseases through DSS is
even more relevant, considering the epidemics that prevent face-to-face care. For example,
in Brazil, the COVID-19 epidemic negatively impacted the health assistance of low-income
populations with chronic diseases, increasing mortality rates.

As future work, we envision applying formal modeling languages, such as coloured
Petri nets, aiming to improve the accuracy of decision rules extracted from ML models. The
formal modeling of decision rules is relevant, for example, to solve conflicting rules.

Supplementary Materials: The following supporting information can be downloaded at: https:
//bit.ly/3iwcwpK, Table S1: Sample of results from the analysis of statistical significance, Table S2:
Results for the hold-out method without using the framework proposed by Pineda-Bautista et al. [23],
Table S3: Results for the multiple stratified CV method without using the framework proposed by
Pineda-Bautista et al. [23], Table S4: Results for the nested CV method without using the framework
proposed by Pineda-Bautista et al. [23], Figure S1: PRC curves for the DT model using SMOTE and
the nested CV method for the four first folds, Figure S2: PRC curves for the DT model using SMOTE
and the nested CV method for the fifth, sixth, seventh, and eighth folds, Figure S3: PRC curves for
the DT model using SMOTE and the nested CV method for the ninth and tenth folds.
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Abstract: Brain tumors are considered one of the most serious, prominent and life-threatening dis-
eases globally. Brain tumors cause thousands of deaths every year around the globe because of the
rapid growth of tumor cells. Therefore, timely analysis and automatic detection of brain tumors are
required to save the lives of thousands of people around the globe. Recently, deep transfer learning
(TL) approaches are most widely used to detect and classify the three most prominent types of
brain tumors, i.e., glioma, meningioma and pituitary. For this purpose, we employ state-of-the-art
pre-trained TL techniques to identify and detect glioma, meningioma and pituitary brain tumors.
The aim is to identify the performance of nine pre-trained TL classifiers, i.e., Inceptionresnetv2,
Inceptionv3, Xception, Resnet18, Resnet50, Resnet101, Shufflenet, Densenet201 and Mobilenetv2, by
automatically identifying and detecting brain tumors using a fine-grained classification approach.
For this, the TL algorithms are evaluated on a baseline brain tumor classification (MRI) dataset, which
is freely available on Kaggle. Additionally, all deep learning (DL) models are fine-tuned with their
default values. The fine-grained classification experiment demonstrates that the inceptionresnetv2
TL algorithm performs better and achieves the highest accuracy in detecting and classifying glioma,
meningioma and pituitary brain tumors, and hence it can be classified as the best classification algo-
rithm. We achieve 98.91% accuracy, 98.28% precision, 99.75% recall and 99% F-measure values with
the inceptionresnetv2 TL algorithm, which out-performs the other DL algorithms. Additionally, to
ensure and validate the performance of TL classifiers, we compare the efficacy of the inceptionres-
netv2 TL algorithm with hybrid approaches, in which we use convolutional neural networks (CNN)
for deep feature extraction and a Support Vector Machine (SVM) for classification. Similarly, the
experiment’s results show that TL algorithms, and inceptionresnetv2 in particular, out-perform the
state-of-the-art DL algorithms in classifying brain MRI images into glioma, meningioma, and pitu-
itary. The hybrid DL approaches used in the experiments are Mobilnetv2, Densenet201, Squeeznet,
Alexnet, Googlenet, Inceptionv3, Resnet50, Resnet18, Resnet101, Xception, Inceptionresnetv3, VGG19
and Shufflenet.
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1. Introduction

The human brain is the management center and the central organ of the human
nervous system, which is responsible for performing daily life activities. The brain receives
stimuli or signals from sensory organs of the body, performs processing and sends final
decisions and output information to the muscles. Uncontrolled cell division or mutations
generate an abnormal group of cells in the brain, resulting in a brain tumor. This type of
cell has the ability to affect normal brain function as well as damage healthy cells [1,2].
Headaches, cognitive issues, vomiting, personality changes, eyesight and speech are some
of the most prevalent symptoms of brain tumors. The growth of a brain tumor affects the
personality, way of thinking and all other essential functions of patients.

Usually, brain tumors are of two types: non-cancerous tumors, which are called benign,
and cancerous tumors, which are called malignant. Benign tumors are non-progressive and
originate in the brain. This kind of tumor is less aggressive and cannot expand in the body.
On the other hand, malignant tumors are cancerous tumors that spread rapidly throughout
the body. Furthermore, there are two categories of malignant tumors: primary malignant
tumors that originate in the brain and transfer to other body parts, and secondary malignant
tumors that initiate in other body regions and spread to the brain [3]. Meningioma, pituitary
and glioma tumors are common types of brain tumors. Meningioma arises in the thin
membranes, i.e., tissues surrounding the spinal cord and brain. Gliomas arise within the
glial cells of the brain. Pituitary tumors grow when cells in the pituitary gland near the
brain grow in an abnormal pattern. One of the most life-threatening disorders is a brain
tumor. As a result, the timely treatment and identification of brain tumors are required to
preserve patients’ lives. One possible solution is to use machine learning (ML) algorithms
to identify brain tumors and their types in patients automatically. However, because of
brain tumors’ wide range of sizes, shapes and intensities, classifying them into meningioma,
pituitary and glioma tumors is a more difficult task [4]. Moreover, among all brain tumors,
meningioma, pituitary and glioma tumors have the highest occurrence rate [5].

Furthermore, brain magnetic resonance imaging (MRI) provides detailed information
about the brain’s structure due to its high resolution. Hence, MRI images significantly
impact automatic medical image analysis [6–9]. To detect and analyze brain tumors, re-
searchers mostly rely on MRI techniques. Recently, many automated brain tumor detection
and classification approaches have been proposed by researchers using MRI images. For the
detection of brain tumors, traditional ML algorithms, particularly Multi-Layer Perceptron
(MLP) and SVM classifiers, are widely used [10]. DL is a ML subfield in which low-level
features aid in the construction of high-level features, producing a hierarchy of features [11].
The DL structure adds more hidden layers between the input and output layers to extend
the traditional neural network framework. Researchers are now using DL techniques
to solve various medical image analysis challenges, such as image denoising, segmenta-
tion, registration and classification [8,12–15]. CNNs, which use convolutional filters to
accomplish complex tasks, have become the most extensively used DL framework in recent
years. Feedforward layers with convolutional filters, pooling layers and fully connected
(FC) layers make up the CNN framework. A CNN-based classifier can provide a fully
automated classifier considered for brain tumor classification [11]. Pashaei et al. [16] sug-
gested a CNN-based model to efficiently extract features from brain MRI. Since CNN-based
models do not require manual feature extraction, they are faster than standard ML algo-
rithms. However, training a CNN classifier from scratch is difficult and time-consuming
and requires an extensive labeled dataset.

Additionally, there are a lot of irregularities in the sizes and positions of brain tumors,
which makes the natural understanding of brain tumors problematic. Generally, for the
classification of brain tumors, T1-weighted contrast-enhanced (with gadolinium-enhanced)
MRI images (T1c) are used because tumors are considerably better visualized on T1c due
to the stimulation of 0.150 mMol/kg of contrast material (gadolinium) in patients [17].
Diffusion-weighted imaging (DWI) is also considered vital for detecting brain tumors
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because it can visualize restrictions to the free diffusion of water caused by tissue mi-
crostructures [18].

The different features extracted from MRI images are key sources for tumor classi-
fication. DL makes predictions and decisions on data by learning data representation.
DL practices are most widely used for medical imaging classification. However, DL-based
methods have shown satisfactory results in various applications across a wide range of do-
mains in various fields [19–22]. However, DL approaches are starving data approaches, i.e.,
they require a lot of training data. Recently, DL approaches, particularly the CNN model,
have been attracting more and more attention. CNN outperforms other classifiers on larger
datasets, such as ImageNet, consisting of millions of images. However, it is challenging
to employ CNNs in the field of medical imaging. Firstly, medical image datasets contain
limited data because expert radiologists are required to label the dataset’s images, which is
a tedious and time-consuming task. Secondly, CNN training is difficult for a small dataset
because of overfitting. Thirdly, hyperparameters of CNN classifiers need to be adjusted to
achieve better performance that requires domain expertise. Therefore, using pre-trained
models on TL and fine tuning are viable solutions to address these challenges. In TL
approaches, DL models are trained on a large dataset (base dataset) and transfer learned
knowledge to the target dataset (small dataset) [23]. This paper proposes an automatic brain
tumor classification approach intended for three-class classification. Several approaches
utilize manually defined tumor regions to detect and classify brain tumors, preventing
them from being fully automated [1,2,19]. However, the proposed new approach does
not involve any segmentation or feature extraction and selection in the pre-processing
step, in contrast to some previous methods [1,2,19], which require prior segmentation and
feature extraction of tumors from MRI images. We use a standard Kaggle brain tumor
classification (MRI) dataset, including three types of brain tumors: meningioma, pituitary
and glioma. We perform extensive experiments based on this dataset to compare the
performance of nine DL models for the classification of brain tumor MRI images using
TL. We used Inceptionresnetv2, Inceptionv3, Xception, Resnet18, Resnet50, Resnet101,
Shufflenet, Densenet201 and Mobilenetv2 for the automatic detection and classification of
brain tumors using a fine-grained classification approach. Furthermore, several approaches
utilize the manually defined tumor regions to detect and classify brain tumors that prevent
them from being fully automated. The aim is to identify the most effective and efficient
deep TL model for brain tumor classification. We report the overall accuracy, precision,
recall, f-measure and elapsed time of the nine pre-trained frameworks in this paper.

The key contributions of our research include the following:

• Proposing a DL-based framework for automatically detecting and classifying brain
tumors into meningioma, pituitary and glioma tumors.

• Analyzing and validating the TL concept for nine different deep neural networks.
• Analyzing the performance of each TL model in classifying brain MRI images correctly

and efficiently.
• Comparing the performance of TL approaches with hybrid approaches (DL + SVM).

The remainder of the paper is organized into the following subsections. Section 2
provides details about the existing literature on brain MRI classification. Section 3 describes
the proposed methodology and details of TL algorithms. Section 4 elaborates on the experi-
mental work in comparison with existing state-of-the-art TL approaches and hybrid DL
approaches. Finally, Section 5 concludes the research paper and discusses future directions.

2. Related Work

Recently, there has been a lot of work on brain tumor detection and classification [24–32].
For the detection and categorization of brain tumors, various techniques have been pre-
sented. These methods include traditional ML methods and DL methods. This section
includes the investigation of existing brain tumor detection and classification approaches.

Ismael et al. introduced an approach that integrates statistical features and neural
network techniques [24] to detect and classify brain tumor MRI images. Region of inter-
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est (ROI) is used in this method, defined as the tumor segment detected using any ROI
segmentation technique. Moreover, 2D Discrete Wavelet Transform (DWT) and 2D Gabor
filter techniques were used to determine features for the classifier. To create the feature set,
they used many transform domain statistical features. For classification, a backpropagation
neural network classifier was used. A Figshare dataset of 3064 slices of T1-weighted MRI
images of three forms of brain tumors, meningioma, glioma, and pituitary, was used to
evaluate the model. The authors achieved a maximum accuracy of 91.9%. A Deep Neural
Network classifier, one of the DL frameworks, was used by Mohsen et al. to classify a
dataset of 66 brain MRIs into four categories: normal, glioblastoma, sarcoma and metastatic
bronchogenic carcinoma tumors [25]. The classifier was combined with the discrete wavelet
transform (DWT), a powerful feature extraction approach, and principal component analy-
sis (PCA), with promising results across all performance metrics. The authors achieved a
maximum accuracy of 98.4% by combining DNN with DWT. Deepak et al. classified medi-
cal images using a combination of CNN features and SVM [26]. To analyze and validate
their proposed approach, they used publicly available MRI images of brain tumors from
Figshare that comprised three types of brain tumors. They extracted characteristics from
MRI scans of the brain using the CNN classifier. For increased performance, a multiclass
SVM was paired with CNN features. They also tested and evaluated an integrated system
using a five-fold cross-validation technique. The proposed model surpassed the current
techniques with respect to total classification accuracy by achieving a classification accuracy
of 95.82%. When there is limited training data, the SVM classifier outperforms the softmax
classifier for CNN feature extraction. They employed the CNN–SVM approach, which re-
quires fewer computations and less memory than TL-based classification. For brain tumor
identification, the authors of [27] presented a multi-level attention mechanism network
(MANet). The suggested MANet incorporates both spatial and cross-channel attention,
focusing on tumor region prioritization while also preserving cross-channel temporal re-
lationships found in the Xception backbone’s semantic feature sequence. The proposed
method was tested using the Figshare and BraTS benchmark datasets. Experiments show
that combining cross-channel and spatial attention blocks improves generalizations and
results with improved performance with fewer model parameters. The suggested MANet
outperforms various current models for tumor recognition, with a maximum accuracy of
96.51 percent on Figshare and 94.91 percent on BraTS’2018 datasets.

In image detection and recognition challenges, CNN plays a significant role. To extract
features automatically from brain images, CNN filters are convolved with the input image.
Most research methodologies use CNN-based approaches for brain tumor detection and
classification. Afshar et al. used capsule networks for brain tumor classification and
investigated the overfitting problem of CapsNets using a real collection of MRI data [28].
CapsNets require far less training data, making them perfect for medical imaging datasets
such as brain MRI scans. They built a visualization paradigm for CapsNet’s output to
better illustrate the learned features. The achieved accuracy of 86.56% demonstrates that
the presented method for brain tumor classification could successfully overcome CNNs.
MR images are used to diagnose a brain tumor [29]. The use of CNN classification for
automatic brain tumor detection was proposed by the authors. Small kernels were used to
create deeper architecture. The neuron’s weight is described as tiny. When compared to
all other state-of-the-art methodologies, the experimental results demonstrate that CNN
archives have a rate of 97.5% accuracy with little complexity.

Rai et al. adopted a Less Layered and Less Complex U-Net (LeU-Net) framework
for brain tumor detection [30]. The LeU-Net idea was influenced by both the Le-Net and
U-Net frameworks; however, it differs significantly from both architectural approaches.
The performance of LeU-Net was compared to the existing basic CNN frameworks Le-Net,
U-Net and VGG-16. Accuracy, precision, F-score, recall and specificity were used to assess
CNN performance. The experiment was conducted on an MR dataset with cropped (re-
moved unwanted area) and uncropped images. Moreover, the results were compared to all
three models. The LeU-Net model has a much faster processing (simulation) time; training
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the network with 100 epochs achieved 98% accuracy on cropped images and achieved 94%
accuracy on uncropped images, which took 252.36 s and 244.42 s, respectively. Kader et al.
proposed a new hybrid model for brain tumor identification and classification based on
MR brain images [31], intending to assist doctors in the early diagnosis and classification
of brain tumors with maximum accuracy and performance. The approach was devel-
oped using a hybrid deep CNN and a deep watershed auto-encoder (CNN–DWA) model.
The technique can be broken down into six steps: input MR images, preprocessing with a
filter and morphological operation, generating a matrix that represents MR brain images,
using the hybrid CNN–DWA framework, brain tumor detection and classification and
model performance evaluation. The model was validated using five databases: BRATS2012,
BRATS2013, BRATS2014, ISLES-SISS 2015 and BRATS2015. Based on the RCNN tech-
nique [32], Kesav et al. developed a new framework for brain tumor classification and
tumor type object recognition, tested using two publicly available datasets from Figshare
and Kaggle. The goal was to design a basic framework that would allow the classic RCNN
framework to run faster. Glioma and healthy tumor MRI images were initially classified
using a two-channel CNN. Later, a feature extractor in an RCNN was used to locate tumor
locations in a glioma MRI sample categorized from a previous stage using the same frame-
work. Bounding boxes were used to define the tumor region. Meningioma and pituitary
tumors are two more malignancies that have been treated with this method. The proposed
method achieved an average confidence level of 98.83% for two-class tumor classification,
i.e., meningioma and pituitary tumors.

Existing works on brain tumor detection and classification have some limitations.
Most of the approaches are validated with the figshare dataset, which is an imbalanced
dataset and affects the performances of classification approaches. Hence, there is a need
to validate brain tumor classification approaches on another balanced dataset. ML, in
its traditional form, necessitates domain knowledge and experience. Manual feature
extraction necessitates time and effort, reducing the system’s efficiency. On the other
hand, employing DL, particularly CNN, in medical imaging is challenging, as it requires a
significant amount of data for training. In contrast, deep TL-based algorithms can avoid
these drawbacks by using automatic feature extraction and robust classification applications
based on convolutional layers. This study proposes an automatic classification system
for multiclass brain tumor MR images, which is a more complex and difficult assignment
than simple binary classification. However, our dataset is very small, and it is difficult to
train CNN from scratch using small datasets without suffering from overfitting and with
appropriate convergence. Inspired by the success of TL techniques [5,19,33,34], we adopted
the concept of TL in this work. For this purpose, we employed various TL models in this
research work, including Inceptionresnetv2, Inceptionv3, Xception, Resnet18, Resnet50,
Resnet101, Shufflenet, Densenet201 and Mobilenetv2 to achieve brain tumor detection and
classification on the target dataset. Furthermore, we compared the best model with other
methods to show its efficacy in identifying brain tumors.

3. Research Methodology

This section elaborates on the proposed research methodology for fine-grained brain
tumor classification. We thoroughly explain the proposed TL-based approach, its frame-
work and the different pre-trained TL classifiers employed to detect and classify brain MRI
images into meningioma, pituitary and glioma.

3.1. Proposed Approach

The proposed research methodology is depicted in Figure 1, which demonstrates
an abstract view of the proposed TL-based approach for brain tumor classification using
MRI images. The proposed TL-based brain tumor classification comprises the following
steps. Firstly, we downloaded the freely available Kaggle MR image dataset [35], including
glioma, meningioma and pituitary MR images, and we placed the dataset into the training
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directory. Secondly, we employed imageDataStore to read the MR images of the dataset
from the training directory.

Figure 1. Overview of the proposed method for brain tumor classification.

In the third step, we applied a data augmentation technique to test the generalizability
of the TL models. Data augmentation, or increasing the amount of available data without
acquiring new data by applying multiple processes to the current data, has been proven
to be advantageous in image classification. Due to the limited number of images in
the dataset, we applied the data augmentation technique in this study. The images in
the training set were rotated at a random angle between −20 and 20 degrees, and were
arbitrarily translated up to thirty pixels vertically and horizontally to create additional
images. It is also worth noting that the imageDataAugmenter function was utilized to
dynamically create sets of augmented images during each training phase. The number of
images in the training set was significantly expanded using this data augmentation method,
enabling more effective use of our DL model by training with a much higher number of
training images. Furthermore, the augmented images were only used to train the proposed
framework, not to test it; hence, only real images from the dataset were utilized to test the
learned framework.

In the fourth step, the input MRI images of the dataset were resized according to the
pre-trained CNN model’s input image requirements. The images in the dataset were of
various sizes, and different models required input images of various sizes, such as the TL
mobilenetv2 classifier, accepting 224 × 224 input images, and the inceptionv3 classifier,
requiring 229 × 229 input images. Therefore, before being inserted into the DL network,
the training and testing images were automatically scaled utilizing augmented image data
stores of TL.

Next, we employed different pre-trained deep neural networks, i.e., Inceptionres-
netv2, Inceptionv3, Xception, Resnet18, Resnet50, Resnet101, Shufflenet Densenet201 and
Mobilenetv2, to identify their performance in identifying and classifying different kinds
of brain tumors. The proposed TL models consisted of layers from the pre-trained net-
works and three new layers, i.e., the last three layers modified to suit the new image
categories (meningioma, pituitary and glioma). The transfer learned models had a soft-
max layer, classifying images into meningioma, pituitary and glioma. For example, for
“Inceptionv3” and “InceptionResNetV2”, we replaced “predictions”, “predictions_softmax”
and “ClassificationLayer_predictions” with a “fully connected layer”, a “softmax layer”
and a “classification output” layer. We connected the additional layers to the network’s
last remaining transferred layer, i.e., “avg pool”. We replaced the network’s last three lay-
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ers, i.e., “fc1000”, “fc1000_softmax” and “ClassificationLayer_fc1000”, with a “completely
connected layer”, a “softmax layer” and “classification output” layers for “ResNet50” and
connected the additional layers to the network’s last remaining transferred layer (“avg
pool”). Similarly, we replaced the “fc1000”, “prob” and “ClassificationLayer_predictions”
layers of the network with a “fully connected layer”, a “softmax layer” and a “classifica-
tion output” layer for “ResNet101” and connected the new layers to the network’s last
remaining transferred layer (“pool5”).

The detailed structure of the proposed DL framework is shown in Figure 2, extended
from the concept of TL. Furthermore, we evaluated and validated each model to assess
the performance of different pre-trained TL algorithms in identifying brain tumor types.
For this purpose, we divided the dataset into training and testing sets to obtain accurate
and reliable results; more specifically, we used 80% of the data for model training and the
remaining 20% for testing. The overall process of pre-trained TL classification for brain
tumor identification and classification is shown in Figure 1.

Figure 2. Transfer learning setting.

3.2. Transfer Learning in an Inductive Setting

To train and validate a classifier that can achieve accuracy on image classification tasks
near or above the human level, a lot of training data, heavy computational power, time
and resources are required. It becomes challenging to train and validate an image classifier
from scratch until having a large data set. In contrast, TL is a method that uses the gained
knowledge of a trained model and applies it to solve other related problems [19]. The aim
is to employ a wide training dataset provided to the model with more image feature
information before adapting it to a new data field. TL networks are intended to acquire
spatial features using convolutional, pooling and FC layers. Moreover, traditional CNN
requires a lot of training data, time and computation resources for training. Therefore, in
the case of limited data (such as brain tumor recognition, where training image samples
are scarce, then classifier performance suffers significantly) and computational resources,
the TL of pre-trained deep neural networks is a faster and more cost-effective approach
for classification tasks. When there are limited data to learn from, common information
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is transferred from old tasks to new ones, and some specialized knowledge is produced
throughout the problem-solving process. The model learns high-level features specific to
the target domain, e.g., brain tumor classification, whereas the pre-trained layers learns
low-level features of the original networks. Depending on the type of task and the nature
of the data accessible at the source and destination domains, several parameters for TL
are offered [36]. The TL approach is known as inductive TL [37] when labeled data are
available in the source and target domains for a classification task. TL algorithms enhance
classification performance even with limited data available for training and validation.
The key task in TL is selecting a pre-trained deep neural network among the available TL
algorithms. This selection is based on the related problem relevant to the target problem.
The chances of overfitting are high in the case of limited target data, similar to the source
training dataset. In contrast, the chances of overfitting are low if the target dataset is larger
and similar to the source dataset, and then it only needs fine tuning of the pre-trained
deep neural network. For this purpose, we selected nine pre-trained TL algorithms to
identify their performance in detecting and identifying meningioma, pituitary and glioma
brain tumors. Figure 2 represents the basic framework of the TL method employed in
our work. We changed the last three models’ layers to adapt them to the brain tumor
classification domain.

3.3. Transfer-Learning-Based Networks

This section provides in depth details about the nine TL algorithms, i.e., Inception-
resnetv2, Inceptionv3, Xception, Resnet18, Resnet50, Resnet101, Shufflenet, Densenet201
and Mobilenetv2, selected for the purpose of brain tumor classification. The algorithms
were selected based on their popularity and good performance for image classification.
Below, we elaborate on each TL algorithm.

3.3.1. Inceptionresnetv2

Inceptionresnetv2 [37] is a deep CNN made from the family of Inception frameworks,
and it incorporates residual connections. Inceptionresnetv2 uses inexpensive Inception
blocks instead of the original Inception and a filter expansion layer after each Inception
block, having 1 × 1 convolution without activation. Batch normalization (BN) is only
employed on top of traditional layers, not on summations, to increase the number of
inception blocks. This network takes a 299 × 299-pixel image as input for processing.

3.3.2. Inceptionv3

Inceptionv3 [38] is 48 layers deep, and it requires an input image of a size of 229 × 299.
Inceptionv3 is a deep neural network that belongs to the Inception family, and it makes
numerous improvements, such as Factorized 7 × 7 convolutions and label smoothing.
The available pre-trained version of Inceptionv3 is trained on the ImageNet database and
can classify images of 1000 objects into different categories.

3.3.3. Xception

The Xception [39] TL algorithm is 71 layers deep. The Xception network has 36 convo-
lutional layers used as a base for feature extraction. Each convolutional layer has linear
residual connections around it. Moreover, the Xception network is completely based on
depth-wise separable convolutional layers. The framework of the Xception model can
easily be modified. The pre-trained version of the Xception TL algorithm can classify new
related tasks after being trained on millions of images from the ImageNet dataset.

3.3.4. Resnet101, Resnet50 and Resnet18

The residual networks [40] Resnet101, Resnet50 and Resnet18 are 101 layers, 50 layers
and 18 layers deep, respectively. Residual deep neural networks use shortcut connections
to skip some layers; skipping is used to compress the network, thus enabling faster learning.
All three models are trained on the ImageNet database, and the pre-trained versions are
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available to classify new image-related tasks. Resnet101 provides more accurate results
than Resnet18 and Resnet50 because of the increased depth of the TL algorithm.

3.3.5. Shufflenet

Shufflenet [41] is 50-layer-deep TL classifier. Shufflenet is computationally efficient and is
designed for devices with limited computation power (i.e., mobile devices). Channel shuffle
and pointwise group convolution are the core operations used by the Shufflenet model to
reduce computational costs. Shufflenet accepts an input image of size 224 × 224. The pre-
trained version of Shufflenet can be used to classify new image-related tasks.

3.3.6. Densenet201

Densenet201 [42] is 201-layer-deep TL classifier. In the Densenet201 model, all pre-
ceding layers’ feature maps are utilized as inputs in subsequent layers; hence, the model
encourages feature reuse and decreases feature redundancy. The Densenet’s classifier
reduces the vanishing gradient problem and boosts feature reuse. The Densenet’s TL
algorithm is a good feature extractor for numerous computer vision tasks because of its
compact internal representations.

3.3.7. Mobilenetv2

The Mobilenetv2 [43] framework is a 53-layer-deep TL classifier used to classify image-
related tasks. The image input size of Mobilenetv2 is 224 × 224. The Mobilenetv2 model is
computationally efficient; therefore, this model is more suitable for real-time and mobile
applications. The high speed of the Mobilenetv2 model is a result of point-wise and depth-
wise convolution concepts used by the model. Residual connections between bottleneck
layers are used in the network. An initial convolutional layer (with 32 filters) is followed
by 19 residual bottleneck layers in the Mobilenetv2 network.

4. Results and Discussion

This section contains thorough information on the research dataset adopted for the fine-
grained brain tumor classification experimental setup, i.e., the TL setting, and it provides
an in-depth discussion of the findings of numerous experiments designed to assess the
performance of our model. The experimental setup contains information regarding training
the TL models and the software platform used in this study.

4.1. Dataset

For the proposed fine-grained classification approach, we employed the brain tumor
classification (MRI) dataset [35] to test, train and validate the different TL-based approaches,
with the intention of identifying the best DL classifier. The dataset is freely available as a
standard Kaggle dataset. The dataset comprises two brain tumor MRI image collections, i.e.,
testing and training. Each collection contains four types of brain tumor MRI images, i.e., no
tumor, meningioma tumors, pituitary tumors and glioma tumors. However, we only used
the meningioma, pituitary and glioma tumor MRI images. The latest version of the research
dataset contains 822 MRI images of meningioma, 827 MRI images of pituitary tumors and
826 MRI images of glioma brain tumors in the training folder. The samples from each brain
tumor category are shown in Figure 3. Moreover, the testing folder contains 115 images
of meningioma, 72 images of pituitary tumors and 100 images of glioma brain tumors.
We combined images from both folders. Then, 80% of the data was used for training,
and the remaining 20% was used for testing. The dataset comprises grayscale images of
different resolutions. In the preprocessing stage, the MRI images of the dataset were resized
by using the augmented image data store according to the image input size requirements of
different DL models; for example, for mobilenetv2, MRI images were resized to 224 × 224,
and for darknet19, images were resized to 256 × 256. The details of the research dataset
adopted for brain image classification are shown in Table 1, which describes the number of
images against each tumor type, image format and brain image type.
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Figure 3. Samples of the brain tumor classification (MRI) dataset, upper row: Glioma tumor, middle
row: meningioma tumor, and lower row: pituitary tumor.

Table 1. Brain tumor classification (MRI) dataset details.

Tumor Type Number of Images Format Type

Meningioma 937
JPG GrayscalePituitary 898

Glioma 926

4.2. Transfer Learning Setting

The pre-trained TL network classifiers adopted for this research study, i.e., Inception-
resnetv2, Inceptionv3, Xception, Resnet18, Resnet50, Resnet101, Shufflenet, Densenet201
and Mobilenetv2, can categorize images into 1000 different item classes and are trained on
1.28 million images of ImageNet database. The focus of this study is a three-class classifica-
tion of brain tumors using the brain tumor classification (MRI) dataset. Furthermore, we
employed a trial-and-error strategy. Experiments were carried out by assigning different
values to the parameters to determine the optimum values for each parameter. We used
stochastic gradient descent (SGD) to train pre-trained DL models through TL. We utilized a
0.01 learning rate and a 10-image minibatch size. In addition, each DL model was trained
for 14 epochs to conduct the TL experiments for detecting and categorizing brain tumor
types, accounting for the possibility of overfitting. We performed all experimentations on a
machine equipped with Intel (R) Core (TM) i5-5200U CPU and 8GB of RAM. For imple-
mentation, we used the R2020a version of MATLAB. The optimized parameters used for
the classification experiment are shown in Table 2.

4.3. Evaluation Metrics

In this study, we employed the accuracy, precision, recall and F1-score [44] to assess
the performance of all deep neural networks. All the performance metrics were computed
as follows:

Accuracy =
TP + TN

TS
(1)
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Precision =
TP

TP + FP
(2)

Sensitivity (Recall) =
TP

TP + FN
(3)

F1-Score = 2·Precision × Recall
Precision + Recall

(4)

TN stands for true negative, TP for true positive, FP for false positive and FN for false
negative, and TS denotes the whole number of samples.

Table 2. Parameters of all transfer learning architectures.

Parameter Value

Optimization algorithm SGDM
Maximum Epochs 14
Learning rate 0.01
Verbose False
Validation frequency 30
Shuffle Every epoch

4.4. Results

This section discusses the performance of different pre-trained TL classifiers used to
classify brain MRI images from the brain tumor classification (MRI) dataset into menin-
gioma, pituitary and glioma. The main advantage of TL classifiers and fine tuning is
decreasing overfitting issues that frequently occur in DL algorithms when experimenting
with a smaller sample of training and testing images. All the TL models were trained and
validated on the same TL settings indicated in Table 2 for the classification of brain tumors.
We used 2762 brain tumor classification (MRI) images to classify brain tumors. Table 3
represents the detailed results of various TL algorithms in classifying brain tumor images
and shows that each TL classifier achieved satisfactory results. We analyzed and evalu-
ated the TL algorithms using accuracy, precision, recall and f-measure evaluation metrics.
The results show that the inceptionresnetv2 DL model achieved the best average accuracy
of 98.91%, and resnet50 achieved the lowest average accuracy of 67.03%. In contrast, the
TL of the remaining seven deep neural networks achieved average classification accuracy.
It is essential to mention that variants of the Resnet framework achieved different results.
Resnet18 achieved a minimum accuracy of 67.03%, and Resnet50 attained an accuracy of
67.03%, whereas Resnet101 achieved an accuracy of 74.09%, which is the highest among
all variants.

Table 3. Average classification accuracy.

Model Accuracy Precision Recall F-Measure Elapsed Time

Inceptionresnetv2 98.91 98.28 99.75 99.00 1252 min 50 s
Inceptionv3 94.48 93.00 94.5 93.74 667 min 47 s
Xception 98.37 98.51 99.25 98.87 1730 min 25 s
Resnet101 74.09 73.19 67.23 70.08 801 min 36 s
Resnet18 63.04 64.63 52.09 57.68 187 min 47 s
Shufflenet 89.31 87.96 87.43 87.69 159 min 25 s
Densenet201 68.71 73.04 67.46 70.14 950 min 1 s
Resnet50 67.03 70.55 68.13 69.32 525 min 14 s
Mobilenetv2 82.61 81.11 80.32 80.71 318 min 15 s

The training and validation process of our best performing deep neural network,
i.e., Inceptionresnetv2, is shown in Figure 4. The elapsed time returns the total CPU
time used by the DL model since it was started, which is the time taken by the model
to process (classify) all images of the dataset. Since we used the data augmentation
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technique, which significantly increased the dataset’s size, all models took considerable
time for classification. This time also depended on the depth and architectural design
of the models. The elapsed time is expressed in seconds. The Shufflenet TL model was
the most efficient elapsed time classifier, achieving satisfactory classification results and
taking the shortest time, 159 min, for brain tumor classification. In contrast, the Xception
TL model took a maximum time of 1730 min 25 sec to identify and classify brain tumor
MRI images into different types. The Shufflenet model is fast because it uses two new
operations, i.e., channel shuffle and pointwise group convolution, significantly reducing
computation costs while retaining accuracy. It should be noted that the classification time
for different variants of the Resnet TL classifiers increases with the number of framework
layers. For example, Renset18 took a minimum time of 187 min 47 sec, and Resnet50 took
525 min 14 sec. Additionally, Resnet101 took the maximum time of 801 min 36 sec to
classify brain tumors into meningioma, pituitary and glioma. Resnet18 achieved the lowest
classification accuracy because of the ReLU activation function. The ReLU function outputs
the positive input directly, whereas it outputs zero for negative inputs (x < 0). Therefore, the
ReLU activation function fails to activate the neuron when it receives negative inputs,
leaving no guarantee that all of the neurons would be active at all times, resulting in
the dying ReLU problem. In this case, the network cannot learn using the optimization
approach. The dying ReLU problem is undesirable because it causes a large percentage of
the network to become idle over time. We can observe in Table 3 that, in the case of different
variants of Resnet, accuracy improves with increasing depths of the networks because
a deeper DL-based model captures more complicated and essential deep features and
increases the network’s classification performance. However, as the depth of the network
expands, computational complexity increases, which ultimately affects the efficiency of
the network. Furthermore, we can conclude from Table 3 that the inceptionresnetv2 TL
algorithm is identified as the best classification method for detecting and classifying brain
tumors.

 

Figure 4. Training and validation accuracy and loss plots of Inceptionresnetv2 (black line shows
the validation accuracy and loss. Also, the blue lines shows training accuracy and red line shows
training loss).

114



Appl. Sci. 2022, 12, 5645

Inceptionresnetv2 achieved effective results for several reasons. Inceptionresnetv2
achieved the best classification results because of its capability to extract more discrimina-
tive, detailed and robust deep features. Inceptionresnetv2 possesses the features of both
Resnet and Inception such as wider networks, hyperparameters, kernel filters, etc. The two
DL models, i.e., Inception and Resnet, were combined to achieve high-performance results
at lower epochs. Each Inception block in Inceptionresnetv2 is followed by 1 × 1 convolu-
tion without activation, i.e., a filter expansion layer to compensate for the dimensionality
reduction caused by the inception block. To better utilize computing resources for the
classification experiment, the number of inception blocks was increased by adding BN only
on top of traditional layers, not on summations.

The benefits of using pre-trained DL frameworks with TL for the detection and
classification of brain tumors into meningioma, pituitary and glioma are numerous; for
example, the classification method is completely automated, and it removes the traditional
stages of noise filtering, ROI delineation, feature extraction and selection. Moreover, the
results achieved by the pre-trained DL frameworks are reproducible, and, in contrast to [4–
7], the highest level of accuracy is attained. Furthermore, running pre-trained frameworks
with TL on a single CPU computer is computationally expensive. For all pre-trained
frameworks, the computation times for the TLs are approximately 159 min, 187 min, 318
min s, 525 min, 667 min, 801 min, 950 min, 1252 min and 1730 min. Even the most efficient
model, shufflenet, took 159 min for brain tumor classification. Longer computation times
were a result of all models being developed using the MATLAB 2020a platform and running
on a PC with an Intel (R) Core (TM) i5-5200U CPU and 8GB of RAM. The computation
times were long because we ran the code in a MATLAB environment with a single CPU.

4.5. Comparison with the Hybrid Approach

In this section, another hybrid experiment is performed to classify brain tumors into
meningioma, pituitary and glioma to assess the efficacy of the identified best TL model, i.e.,
Inceptionresnetv2. It has been claimed that using an SVM classifier instead of typical deep
neural networks at the top of the net significantly improves classification performance [32].
Hence, we designed a hybrid approach in which we used the twelve most famous deep neu-
ral networks for in-depth feature extraction and used these features as inputs to train SVM
with a linear kernel. We used Mobilnetv2, Densenet201, Squeeznet, Alexnet, Googlenet,
Inceptionv3, Resnet50, Resnet18, Resnet101, Xception, Inceptionresnetv3, VGG19 and Shuf-
flenet in the proposed work. The dataset images were resized differently according to
the image input requirements of the deep neural networks by using augmented image
data stores before inserting them into the DL network for feature extraction. We applied
activations on the last global average pooling layer (a deeper layer) to extract high-level
features. The classification results of deep features and the SVM approach are presented
in Table 4. This experiment shows that the deep features of all twelve networks and the
SVM approach achieved lower accuracy results compared to the TL of Inceptionresnetv2.
An accuracy of 98.91% signifies the effectiveness of the Inceptionresnetv2 deep neural
network for reliable tumor classification.

4.6. Comparison with State-of-the-Art Related Work

We compared the classification performance of the best deep neural network, i.e.,
Inceptionresnetv2, with existing methods for classifying brain tumors into meningioma,
pituitary and glioma tumors. More specifically, we compared the proposed work with
state-of-the-art DL approaches [4,11,16,17,24,26,28,45]. Deepak et al. and Swati et al. used
the same TL techniques for brain tumor classification [17,26]. Deepak et al. suggested a
three-class classification approach based on deep TL [26]. A pre-trained GoogLeNet model
was used for the feature extraction of brain MRI scans to distinguish between glioma,
meningioma and pituitary cancers. Proven classification models were employed to classify
the collected features. The experiment used a five-fold cross-validation strategy on an MRI
dataset from figshare. With an average accuracy of 98 %, the suggested method exceeds all
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current state-of-the-art approaches. The performance metrics used were the area under the
curve (AUC), precision, recall, F-score and specificity. According to the study results, TL
appears to be a valuable method when the availability of medical images is limited.

Table 4. Accuracy comparison among the Inceptionresnetv2 and deep-features SVM approaches.

Model Accuracy

Squeezenet 97.28
Alexnet 97.83
Inceptionresnetv2 98.01
Inceptionv3 97.86
Resnet101 98.01
Resnet18 96.38
Vgg19 97.46
Shufflenet 96.56
Googlenet 96.56
Densenet201 98.37
Resnet50 98.36
Mobilenetv2 98.5

Researchers have used TL techniques and have succeeded in achieving the best re-
sults. Using a pre-trained VGG19 deep CNN model, Swati et al. developed a block-wise
fine-tuning technique based on TL [45]. A benchmark dataset of T1-weighted contrast-
enhanced magnetic resonance imaging (CE-MRI) was used to test the proposed method.
When validated in a five-fold cross-validation setting, the method achieved an average
accuracy of 94.82% for the classification of meningioma, pituitary and glioma brain tumors.
The proposed technique outperformed state-of-the-art classification on the CE-MRI dataset,
according to experimental findings. Arshia Rehman et al. [17] proposed a framework
and performed three studies to classify brain malignancies such as meningioma, glioma,
and pituitary tumors utilizing three convolutional neural networks architectures (AlexNet,
GoogLeNet, and VGGNet). Each study then investigated TL approaches, such as fine
tuning and freezing, utilizing MRI slices from a brain tumor dataset (Figshare). Data aug-
mentation techniques were used on MRI slices to help generalize results, increase dataset
samples and reduce the risk of overfitting. In the presented studies, the fine-tuned VGG16
architecture achieved the greatest classification and detection accuracy of 98.69%.

Table 5 shows a comprehensive comparison of different approaches based on ac-
curacy. Only accuracy is included in Table 5 as a performance parameter because it is
the most prevalent metric used in all relevant studies. According to our current knowl-
edge, Inceptionresnetv2’s TL beats all current state-of-the-art approaches in the literature.
The proposed approach attains the best results because of its capability to extract more ro-
bust and distinctive deep features for classification. Moreover, we used a balanced dataset
(brain tumor classification (MRI) dataset). In contrast, the datasets (CE-MRI) used in previous
approaches such as [17,26] and other approaches (mentioned in Table 5) were unbalanced,
comprising 1426, 708, and 930 MRI images of glioma, meningioma, and pituitary brain tu-
mors, respectively. The third column of Table 5 defines the percentage of the whole dataset
used for training. We used 80% of the data for training all nine deep neural networks.
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Table 5. Comparison with existing approaches.

Work Method Training Data Accuracy

Deepak S et al. [26] CNN features SVM classification 80% 95.82
Afshar et al. [28] Capsnet 80% 86.56
EI kader [31] CNN–DWA 80% 98.00
Jun Cheng [4] BoW–SVM 80% 91.28
Ismael [24] DWT–Gabor NN 70% 91.90
Pashaei [16] CNN–ELM 70% 93.68
Abiwinanda [11] Proposed CNN 70% 84.19
Sawati [45] Block-wise fine tuning 25–50–75% 94.82
Arshia Rehman [17] Transfer Learning 70% 98.69
Proposed approach Inceptionresnetv2 80% 98.91

5. Conclusions

This paper presents a comparative analysis of nine DL models for the classification of
brain tumors through TL. The aim of this effort was to automate the process of detecting
brain tumors by finding the best DL classifier for brain tumor classification. We applied
TL to nine deep neural networks, i.e., Inceptionresnetv2, Inceptionv3, Xception, Resnet18,
Resnet50, Resnet101, Shufflenet, Densenet201, and Mobilenetv2, and classified brain tumors
into glioma, meningioma, and pituitary using a brain tumor classification (MRI) dataset.
Our experimental findings validate that the Inceptionresnetv2 model achieved the most
effective results for the classification of brain tumors. An accuracy of 98.71% signifies
the effectiveness of Inceptionresnetv2 for reliable brain tumor classification. An accuracy
of 98.91% for brain tumor classification has confirmed the superiority of the best model
(Inceptionresnetv2) over other hybrid approaches in which we used DL models for deep
features extraction and SVM for the classification of brain tumors. Although this paper
explored TL of nine DL models for the classification of brain tumor MRI images, other
models remain to be explored. Despite the limited data in our dataset, we have achieved
satisfactory results. We applied data augmentation techniques to increase the size of the
training dataset. However, the results can be further improved in the future by training the
model with a larger dataset.

Moreover, despite the accomplishments of this study, some improvements are still
possible: firstly, the comparatively weak performance of the pre-trained DL models as
stand-alone classifiers; secondly, significant training time elapsed by the transfer of learned
deep neural networks; and thirdly, because of limited training data, the phenomenon of
overfitting was observed. Future exploration in this domain can address these issues,
possibly utilizing larger datasets for training and further tuning the transfer of learned
deep neural networks. In the future, we will explore the TL of the remaining powerful
deep neural networks for brain tumor detection and classification with less time com-
plexity. Furthermore, we will also apply image segmentation techniques to improve the
performance of our best performing model.
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Abstract: Candida species are the causative agent of oral candidiasis, with medical devices being
platforms for yeast anchoring and tissue colonization. Identifying the infectious agent involved in
candidiasis avoids an empirical prescription of antifungal drugs. The application of high-throughput
technologies to the diagnosis of yeast pathogens has clear advantages in sensitivity, accuracy, and
speed. Yet, conventional techniques for the identification of Candida isolates are still routine in clinical
and research settings. Molecular approaches are the focus of intensive research, but conversion
into clinic settings requires overcoming important challenges. Several molecular approaches can
accurately identify Candida spp.: Polymerase Chain Reaction, Microarray, High-Resolution Melting
Analysis, Multi-Locus Sequence Typing, Restriction Fragment Length Polymorphism, Loop-mediated
Isothermal Amplification, Matrix Assisted Laser Desorption Ionization-mass spectrometry, and Next
Generation Sequencing. This review examines the advantages and disadvantages of the current
molecular methods used for Candida spp. Identification, with a special focus on oral candidiasis.
Discussion regarding their application for the diagnosis of oral infections aims to identify the most
rapid, affordable, accurate, and easy-to-perform molecular techniques to be used as a point-of-care
testing method. Special emphasis is given to the difficulties that health care professionals need to
overcome to provide an accurate diagnosis.

Keywords: diagnosis; infection; oral candidiasis; oral health; species identification

1. Introduction

Candida albicans belongs to our normal mucosal surface’s microbiota, from where it
may emerge as a pathogen causing local infections, such as inflammation in the oral cavity
and Candida vaginitis [1,2]. Candida species are still the most common cause of fungal
diseases worldwide: these yeasts cause infections that range from superficial mucosal
membranes to life-threatening invasive diseases, entailing extensive medical or surgical
treatment [3–5]. Candida spp. exist as commensals, and as opportunist pathogens, being
able to compromise various organs and cause diseases in immunocompromised or critically
ill patients [6–9]. Therefore, for clinical purposes, the identification of Candida albicans per
se does not have clinical relevance, especially in colonized environments such as the mouth.

Candida can lead to infection due to changes in the host environment. The infection pro-
cess is dependent on the host tissue integrity and its ability to maintain normal microbiota,
as well as on a healthy immune system. A change in the balance of the resident microbiota,
such as the placement of dental implants [10,11], can result in favorable environmental
conditions for the proliferation of organisms with the potential for host invasion [12].

Candidemia, a bloodstream infection, is a serious hazard to hospitalized patients, be-
ing considered the most clinically relevant form of Candida infection [13]. Candidemia is the
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most common invasive infection, with mortality rates reported in clinical settings ranging
from 30 to 60% [14,15]. The species responsible for the infection has different susceptibility
patterns to antifungal drugs, representing a serious challenge for patient treatment. Al-
though oral candidiasis is also an important form of Candida infection occurring in the
oral cavity, the amount of information available on candidemia is overwhelmingly more
abundant.

Despite the clinical relevance of Candida spp., the distinction between different species
causing oral candidiasis is often difficult. Although there are several molecular techniques
currently available for the identification of Candida spp., the different strengths and weak-
nesses associated with these techniques mean it is difficult to reach a consensus on the
adoption of an optimal identification method. Any diagnostic tool needs to combine a
certain set of attributes in terms of accuracy, specificity, and cost, and at the same time, it
must be user-friendly and as non-time-consuming as possible. Therefore, the purpose of
this review is to analyze the molecular methods currently used for the detection of Candida
spp. with a special focus on Candida involved in oral infections. A comparative analysis in
terms of each method’s accuracy, specificity, cost, time, and complexity will be formed. At
the same time, we also describe currently used molecular targets as well as others with the
potential to improve oral candidiasis diagnosis.

2. Epidemiology of Candida Infections

Several Candida species are commensal and colonize the human skin and mucosal
surfaces either in a free cell form or in a biofilm. Biofilms, a dynamic community of surface-
associated microbes, are protected by an extracellular polymeric matrix and are strongly
related to Candida’s infection [16–18].

Candida albicans is considered the most common Candida species associated with
infection in humans, being often linked to life-threatening situations in elderly, immuno-
compromised, or critically ill patients [19–21]. The increasing number of invasive surgical
procedures, the extensive use of broad-spectrum antimicrobials, and the prevalence of
clinical illness, especially in infant and elderly populations, are some of the reasons for
the globally increased incidence of candidemia [22]. The Centers for Disease Control and
Prevention (CDC) estimate that approximately 25,000 cases of candidemia occur in the
United States of America each year [23]. Non-C. albicans species cause approximately
two-thirds of candidemia cases in the USA [24], with C. auris being considered a relevant
emergent pathogen [15]. In 2019, an epidemiologic meta-analysis was performed in Europe,
showing the increasing incidence rate of candidemia with a higher proportion of Candida
spp. other than C. albicans [25].

Mortality among patients with invasive candidiasis is as high as 40%, even when
receiving antifungal therapy [22,26]. High mortality rates in Candida infections are in
part justified by diagnostic inaccuracy (i.e., incorrect identification at the species level and
of the drug resistance profile), which may compromise the administration of adequate
antifungal therapies and ultimately lead to the patient’s death [27–29]. The criteria for
initiating Candida antifungal therapy remains poorly specified and often contributes to the
widespread prescription of antifungal drugs with no regard for toxicity risks, resistance
selection, and unnecessarily high costs of antifungal treatments [30–33].

Oral candidiasis (“thrush”) is an opportunist oral mucosa fungal infection [1] that
can result in serious health complications and ultimately spread through the bloodstream
and lead to candidemia. Furthermore, this infection is commonly associated with elderly
patients, frequently leading to longer treatments and higher costs for the health systems.
Regarding the diagnosis of oral candidiasis, saliva has been used as a target sample, being
already used in the diagnosis of other oral and systemic diseases, such as oral cancer [34,35]
and SARS-CoV-2 [36].

The antifungal agents in use for the treatment of oral candidiasis are polyenes (nys-
tatin and amphotericin B), allylamines (terbinafine), and azoles (fluconazole, itraconazole,
voriconazole, and ketaconazole). A major concern is the misuse of antimycotic agents
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contributing to antifungal resistance in Candida (Table S1). Miranda-Cadena and col-
leagues characterized Candida oral isolates and showed that most C. glabrata isolates are
susceptible to miconazole and nystatin, but resistant to fluconazole and itraconazole. In the
same study, Candida parapsilosis isolates were susceptible to fluconazole while azole cross-
resistance to miconazole and itraconazole was noted [37]. Increased resistance to antifungal
compounds, especially to azoles and to amphotericin B, was already reported [38–41]. All
isolates investigated by Anjejo and colleagues (2011) were susceptible to amphotericin B,
and 50% of the C. glabrata isolates were resistant to fluconazole [42]. The specific species of
Candida responsible for candidemia and Candida spp. that cause oral candidiasis have
different susceptibility patterns. Interestingly, Candida krusei susceptibility patterns show
multidrug resistance patterns when they are isolated from both oral and blood samples
(Table 1).

Table 1. Susceptibility patterns of Candida species from blood and oral samples. AmB amphotericin
B, FLU fluconazole, ITRA itraconazole, VOR voriconazole, POS posaconazole, MICA micafungin;
CAPS caspofungin, S-susceptible, I-intermediate, R-resistant [43–46].

Blood Samples Oral Samples

Azoles Echinocandins Azoles

AmB FLU ITRA VOR POS MICA CASP AmB FLU VOR

C. albicans S R S I I-R S-I S-I S S S

C. tropicalis S R S S-I I-R S S-I S S S

C. parapsilosis S R S S-I S S S - - -

C. glabrata S-I R I S-I I-R S-I S S S S

C. krusei S R S-I-R S S S S S R S

C. lusitaniae S I S S S S S - - -

C. auris S-I R R R - R R - - -

3. Molecular Identification of Candida spp.

A definitive diagnosis of candidiasis does not rely merely on its detection in the
oral cavity. Since Candida spp. are commensal organisms, a negative culture result, for
example, has a greater diagnostic significance than a positive culture result. Conversely,
a positive culture result for Candida does not mean that the patient has oral candidiasis.
Furthermore, a negative result is only relevant if the techniques used can identify all
members of the genus.

Several Polymerase Chain Reaction (PCR) and non-PCR-based methods are used for
the molecular identification of Candida spp. The search for a precise, fast, and low-cost
identification of fungal species is a great challenge in mycology [47], especially when
dealing with species complexes. Phenotypic-based identification is frequently inconclusive.

Techniques based on PCR usually target fungal pathogens by using species–specific
probes or primers [47–49]. Conventional PCR, semi-nested and nested PCR, PCR-enzyme
immunoassay, various types of real-time PCR, and multiplex PCR have all been used for
the in vitro detection of Candida species, both qualitative and quantitatively [50]. PCR-
based methodologies are often applied in the diagnosis of fungal infections, although
they can differ considerably in terms of the outcome. These techniques can be applied
for the detection of antifungal resistance-inducing mutations, the quantification of fungal
load, and the antifungal therapy surveillance and pathogenesis of Candida infection [51].
The PCR-based approaches rely on broad or genus-specific primers that amplify con-
served rRNA regions that are sequenced afterwards [52,53] or subjected to other tech-
niques such as analysis of polymorphic sequences (RFLP: Restriction Fragment Length
Polymorphism; AFLP: Amplified Fragment Length Polymorphism; RAPD: Random Am-
plification of Polymorphic DNA; STR: Short Tandem Repeats) [54,55], high-resolution
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melting analysis (HRMA) [46,54,56,57], microarray-based detection [58,59], and capillary
electrophoresis [60]. Capillary electrophoresis is better suited than classical electrophoresis
for DNA separation due to its superior speed, efficiency, sensitivity, and simpler suitability
for automation [61]. However, the use of this technique creates the need for complex
equipment adding complexity to equipment maintenance and specialized personnel.

Existing PCR protocols require enhancements in sensitivity, standardization, and
swiftness, as well as a decrease in complexity, in order to be applicable for routine clinical
diagnostics [48]. There is a considerable lack of information related to protocols and
techniques to identify Candida spp. from oral samples, especially when compared to
blood.

3.1. Conventional PCR

Using conventional PCR, Tata and colleagues (2018) were able to identify different
Candida species from oral samples [62]. Candida albicans was the most common (80.9%),
followed by C. tropicalis (7.2%), and C. glabrata (5.3%). The region selected for the amplifica-
tion was the ITS2 (Internal Transcribed Spacer 2) of C. albicans and C. dubliniensis rDNA
using fungal-specific primers (Table S1).

Shi (2016) used oral samples from 20 denture-wearing patients (10 with denture
stomatitis and 10 healthy denture wearers) and used PCR (targeting ITS, Table S1) to assess
each denture sample for the presence of Candida and other fungi and bacteria. In total, 90%
of the samples from the stomatitis group had Candida while in only 50% of those from the
healthy group was a positive identification found [63].

3.2. Real Time-PCR

Conventional PCR amplifies the DNA target that is later detected with an end-point
analysis. In real-time PCR, the amplification product is assessed as the reaction evolves, in
real time, which gives RT-PCR the possibility to track the amplification signals in real time.
As for pitfalls, RT-PCR has the need for consistency with regard to reagents used [64], and
careful consideration in the assay design, template preparation, and analytical methods [65].

Real-time PCR has been widely used for the identification of Candida spp. in blood and
tissue samples [66], but the same does not apply for oral samples [67]. RT-PCR (using ITS
as target) was used to identify Candida species in patients suffering from oral candidiasis,
after piercing the tongue [68], with denture-induced stomatitis [69], and with diabetes
mellitus [70].

3.3. Nested PCR

A nested polymerase chain reaction was designed to increase PCR sensitivity by
re-amplifying PCR products. Two sets of primers are used in two successive reactions,
where the second set intends to amplify a second target within the PCR product from the
first run [71]. To limit the amplification of non-specific products, the first reaction allows
amplification for a low number of cycles. The second primer set must amplify exclusively
the target product from the first amplification and not non-specific products. Nested-PCR
was used by Kanbe and colleagues to amplify the DNA topoisomerase II genes of C. kefyr,
C. krusei, C. tropicalis, C. dubliniensis, C. parapsilosis, C. guilliermondii and C. lusitaniae [72].
The DNA topoisomerase II gene sequence includes highly conserved regions separated by
species-specific regions [61]. Kanbe et al. [72] conducted a nested-PCR amplification, in
which genomic DNA was amplified with a degenerated primer pair (Table S2), followed by
the additional amplification using primer mixtures, to improve specificity.

Nested PCR requires more reagents than conventional PCR, an extra set of primers, and
one extra round of agarose gel electrophoresis, becoming a costly and time-consuming method.
Additionally, a second amplification reaction increases the risk of sample contamination.
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3.4. Multiplex PCR

In Multiplex PCR, several pairs of primers are used to target simultaneously different
DNA sequences. This technique takes advantage of the high copy number of rRNA genes,
length, and sequence variability of the ITS regions of Candida spp. A comparison study
between phenotypic methods and multiplex PCR portrayed this last one as a high-accuracy
diagnostic tool [73]. Some authors used multiplex PCR to distinguish clinically important
Candida species from oral samples [74–77] and blood [78]. A diagnostic strategy was created
targeting approximately twenty clinically relevant yeast species, Candida included. The
results were 100% consistent with the MALDI-TOF MS data [79].

Table S1 contains detailed information on primers’ sequence and annealing tem-
perature for Candida spp. Multiplex PCR provides rapid and effective results. In oral
samples, the elimination of the DNA extraction step saves sample preparation time avoid-
ing hazardous or expensive chemicals [80]. Although this method is used in some clinical
laboratories, it requires proficiency in primer design and protocol optimization [81].

3.5. Restriction Fragment Length Polymorphism (RFLP)

RFLP uses unique patterns in DNA fragments after enzyme digestion (using restriction
enzymes), to genetically differentiate organisms. The distance between these cleavage
sites differs between each organism—the resulting restriction fragments—which can be
separated by gel electrophoresis arranged by size [82].

RFLP can be used in combination with PCR. Williams and co-workers amplified, by
PCR, a region of the ITS rRNA gene from 84 Candida isolates, including 29 from oral samples.
The PCR was designed to amplify intergenic spacer regions of the rDNA with established
primers (Table S3) [55]. Isolates of C. albicans, C. tropicalis, C. stellatoidea, C. parapsilosis, and
C. krusei were identified following the restriction digestion of the PCR products.

The PCR-RFLP protocol used by Cirak and colleagues (2003) was successfully applied
for the identification of five Candida species [83]. The choice of the specific and correct
restriction enzyme is a pivotal point. Digestion with the restriction enzyme HaeII was
effective to differentiate C. albicans from non-Candida albicans, while BfaI digestion was
useful to distinguish C. parapsilosis from C. krusei. The NlaIII restriction enzyme was
effective in differentiating the C. parapsilosis complex [84]. The predicted fragment sizes
for different enzymes with the respective species are depicted in Table S4. Other studies
were able to discriminate Candida species from clinical samples through RFLP, using the
D1/D2 region of the 28S rDNA [84], the secondary alcohol dehydrogenase-encoding
gene (SADH) [85], and the ITS region. RFLP analysis is considered a useful, rapid, and
trustworthy method [9,86,87].

However, the additional steps of enzyme digestion add further complexity and time
in comparison with assays that rely exclusively on PCR-based methods. The time necessary
for PCR–RFLP assay can be similar to routine phenotypic conventional methods [87] but it
is more sensitive. The storage (refrigeration) and use of restriction enzymes are considered
expensive [88], adding to the resulting complex patterns which may be difficult to interpret.

3.6. Microarray

Microarrays consist of thousands of DNA sequences attached to a solid surface. They
allow the detection of the presence of genomic DNA regions or the quantification of the
expression of genes. The low number of studies using microarrays to identify Candida
species is notable. The high cost per sample of a single experiment, when compared with
sequencing, may be a factor that led to the disuse of microarray for species identification.
On the other hand, microarrays depend on specific sequences, and therefore whole genome
or RNA sequencing have clear advantages when compared to microarray technologies.

Microarrays can be applied not only to species identification but also to strain typing
with high levels of specificity, sensitivity, and throughput capacity. In terms of molecular
typing, microarrays were used to identify and obtain different sequence variants of specific
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DNA sequences. Oligonucleotide probe sequences for the identification of different Candida
spp. [89,90] are in Table S4.

Microarrays were used in the identification of Candida spp. from clinical samples,
mostly blood [58,91]. Campa and colleagues used the arrayed-primer extension technique
(APEX) in which the direct labeling of PCR products is not required. This technology
combines the advantages of Sanger dideoxy sequencing with the high-throughput potential
of microarrays [92]. The experiment led to the correct species identification, including of
the highly related C. parapsilosis complex. The microarray was tested for its specificity with
reference strains and blind clinical isolates [58].

The major advantages of gene chip technology are its miniature size, high performance,
and process automation. The process of optimization is long to ensure stable, specific,
sensitive, and reproducible results. The discrimination between specific and unspecific
signals may be a challenge in a mixture analysis, as is the case, for instance, of cross-
hybridization [93].

3.7. High-Resolution Melting Analysis (HRMA)

HRMA is a simple, rapid, and inexpensive tool useful in the identification of a broad
range of clinically relevant Candida species. It is combined with RT-PCR, providing an
alternative for directly analyzing genetic variations [94]. Alnuaimi and colleagues (2014)
used HRMA using the ITS region of rDNA to classify relevant Candida spp. from oral
samples [46]. The authors identified all species in their list and four different genotypes of
C. albicans [46]. Another author suggests real-time PCR followed by HRMA directly in the
biological samples as an efficient method that takes only 6 h to result [54]. HRMA followed
by RT-PCR was more rapid and efficient than the classic biochemical methods used in the
study [95].

HRMA has some advantages over other genotyping methods owing to the inexpensive
single-step procedure, reducing the risk of contamination when compared to a multistep
procedure (such as RFLP or nested PCR). Despite this, the technique does not distinguish
between some Candida spp. due to Tm (Melting Temperature) ranges overlapping [54].

3.8. Multilocus Sequence Typing (MLST)

MLST is a sequencing-based method that analyses nucleotide polymorphisms in
fragments from essential genes, the “housekeeping genes” [96,97]. MLST generates a
molecular characterization with high discriminatory power and reproducibility. MLST
can be used in the epidemiological differentiation of several clinical isolates from Candida
species and polymorphism search [98–100]. MLST has been used to obtain information
about allele diversity in C. tropicalis [101] and to access the evolution of virulence-associated
mechanisms of the emergent pathogen C. krusei [102].

3.9. Loop-Mediated Isothermal Amplification (LAMP)

Amongst all of the currently available isothermal amplification techniques, only
Nucleic Acid Sequence-based Amplification (NASBA) [103], Rolling Circle Amplification
(RCA) [104], Transcription Mediated Amplification (TMA) [105], and LAMP have been
used in the identification of Candida spp. Nonetheless, to the best of our knowledge, LAMP
is the only technique that has been applied to oral samples.

LAMP is an isothermal one-step amplification method that uses two inner primers
(FIP: Forward Inner Primers and BIP: Backward Inner Primer), and two loop primers
creating a continuous loop structure during DNA amplification. LAMP uses a Bst DNA
polymerase with increased activity, which can produce a high molecular weight DNA
fragment within a short time. LAMP’s exceptional specificity is due to a set of four primers
with six binding sites that must hybridize correctly to the target sequence before DNA
biosynthesis occurs. The detection methods include real-time turbidity, fluorescence probes,
and others [106]. The use of LAMP to identify relevant fungi and yeasts has been reviewed
by Niessen and colleagues [107]. LAMP has shown very good results in the identification
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of Candida spp. in clinical samples [108], dairy products [109], and oral samples [110].
When using oral samples, LAMP was executed by Noguchi and colleagues but only for the
detection of C. albicans and not for non-C. albicans species.

The key elements for a good LAMP assay are primer design and concentration. A
higher concentration of the loop primers, FIP and BIP, provides a faster amplification and
therefore a quicker result.

Monitoring LAMP amplification can be performed with a water bath/heating block
instead of an (expensive) thermocycler. It is real-time, fast, and has a higher amplification
efficiency and sensitivity. Naked eye visual amplification monitoring is possible through
the turbidity of magnesium pyrophosphate, a by-product of the reaction, color changes by
fluorescent intercalating dyes using a UV lamp, and agarose gel analysis revealing patterns
that are characterized by a ladder pattern [111]. A list of primers used for the identification
of Candida spp. is available in Supplementary material—Table S5.

3.10. Next Generation Sequencing (NGS)

Next-generation sequencing, including Whole-Genome sequencing, can also be used
for the identification of Candida species [112]. NGS can detect markers of antifungal
drug resistance from pathogenic Candida strains [113,114], ITS variabilities in prevalent
pathogenic Candida spp. [115] and provide insightful metagenomic studies [116]. NGS
provided valuable input in the diagnosis of rare infections such as Candida meningitis [117]
and pseudomembranous oral candidiasis [118].

Although discontinued, pyrosequencing was the first of the NGS technologies to be
commercially available and has provided large amounts of sequence data [119], becoming
a technology of historical interest. DNA pyrosequencing, or sequencing by synthesis,
became possible in the late 1990s as a rapid, cost-effective alternative to Sanger (di-deoxy)
DNA sequencing [120]. Third-generation sequencing, also known as next next-generation
sequencing, refers to those technologies that do not depend on the PCR amplification
of DNA.

The identification of yeasts, including Candida spp., has been performed by pyrose-
quencing using different targets like 18S rRNA gene [52], ITS1, and ITS2 [63,121,122], with
results consistent with classic biochemical tests [121,123,124]. Pyrosequencing has also
been used for the identification of Candida pathogens in various clinical samples such as
vaginal [125], blood [126], and oral samples [127]. Pyrosequencing is only able to read
short-length sequences of nucleotides, providing a disadvantage for the technique when
the target has a longer sequencer. Pyrosequencing data analysis can be complex and chal-
lenging. This approach has provided evidence about mutations, with no known previous
association with phenotypic drug resistance of the ERG and FKS genes in Candida spp. [128].

The use of pyrosequencing has declined because of the rise of new methodologies of
NGS such as Illumina [112], which are less expensive, provide longer sequences, higher
sensitivity to detect low-frequency variants, have a faster turnaround time for high sample
volumes, and a comprehensive genomic coverage [129].

3.11. Peptide Nucleic Acid Fluorescence In Situ Hybridization (PNA FISH)

Peptide Nucleic Acid molecules are synthetic DNA fragments in which the negatively
charged sugar–phosphate backbone of DNA is replaced with a noncharged polyamide [130].
This grants probes to hybridize to their complementary DNA targets with higher affin-
ity and specificity, which means this technique is perfect for targeting highly secondary
structured rDNA molecules [131,132]. The technique has the capacity to identify Candida
spp. within 2.5 h [133]. PNA confers very low background noise, showing it to have a high
sensitivity [71].

The PNA FISH probe test was developed to evaluate multiple Candida spp. from
blood cultures [134–136]. It encompasses three coverage colors: green, red, and yellow for
C. albicans or C. parapsilosis, C. glabrata or C. krusei, and C. tropicalis, respectively [137]. An
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alternative multi-Candida probe was used by Reller and co-workers to identify all Candida
species under study [138].

The PNA-FISH assay major throwback is that visualization implies the use of a
fluorescence microscope, adding costs to the laboratory equipment. This method has
proven to be expensive [139], reaching high economic costs per patient [140].

3.12. Matrix-Assisted Laser Desorption Ionization-Time of Flight Mass Spectrometry
(MALDI-TOF MS)

MALDI-TOF MS is a molecular method broadly implemented in modern clinical
microbiology laboratories [141]. This approach is a rapid and reliable alternative for yeast
identification and consists of the generation of protein ‘fingerprints’ that are compared with
reference spectra [142–144]. MALDI-TOF involves sample ionization with a laser striking
a matrix of molecules to cause the analyte molecules to enter into a gas phase without
fragmentation. It is coupled with the principle of Time-of-Flight analysis, in which ions
of different mass/charge ratios are dispersed in time during their flight along a path of
known length (the equipment analyzer) [145].

MALDI-TOF MS has been used for the speedy identification of C. albicans and non-
albicans species on blood [146,147] and oral samples [148–150], with shorter turn-around
times and higher accuracy compared to conventional biochemical methods [151]. MALDI-
TOF MS was performed on a library composed of clinical and reference strains with
an accuracy of 94% when compared with ITS sequence analysis [142,152]. This method
provided results of genus-specific proteins within 24 h of Candida causing bloodstream
infections [50,143,153].

MALDI-TOF is a promising technique, but the lack of spectra characterization for
microorganisms still needs to be addressed. Without available reference spectra, results
cannot be achieved. This availability of spectra seems to be changing through the emergence
of new studies, building information about Candida spp. [147,154–156]. The equipment cost
is one of the strongest disadvantages of a clinical and routine setting.

Figure 1 provides a qualitative comparison of the molecular techniques used for the
identification of Candida spp. Table 2 presents advantages and disadvantages for each
molecular technique.

Figure 1. Qualitative analysis of the main molecular approaches for Candida species detection.
RT-PCR: Real-Time - Polymerase Chain Reaction; NGS: Next Generation Sequencing; HRMA: High-
Resolution Melting Analysis; FISH/PNA-FISH: Fluorescent In Situ Hybridization/Peptide Nucleic
Acids-FISH; PCR-RFLP/AFLP: Polymerase Chain Reaction - Restriction Fragment Length Amplifica-
tion/Amplified Fragment Length Polymorphism; LAMP: Loop-Mediated isothermal amplification;
PCR-ESI-MS: Electrospray Ionization Mass Spectrometry coupled with broad-spectrum PCR; MALDI-
TOF MS: Matrix-Assisted Laser Desorption IonizationTime of Flight Mass Spectrometry; [95,157].
Brown: Low; Yellow: Medium; Green: Good.
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Table 2. Resume of advantages and disadvantages for currently used molecular techniques in the
identification of Candida spp.

Molecular Technique Advantages Disadvantages

Conventional PCR
Low cost compared with other
PCR-based techniques, low in

complexity

Requires an additional
amplification detection step

RT-PCR
Real-time detection and

quantification, no additional step of
detection

Expensive equipment

Nested PCR Sequence primers available for
different gene targets

Requires more reagents than
other PCR-based techniques

and an additional set of
primers. Prone to

contamination

Multiplex PCR Detection of multiple gene targets Requires an additional
amplification detection step

RFLP High specificity, Sequence primers
available for different gene targets

High-cost enzymes and
storage, requires an additional
amplification detection step.

HRMA Low risk of contamination when
compared to RFLP or nested PCR

Not capable of distinguishing
between some Candida spp.

MLST

High discriminatory power, useful
for epidemiological studies, and
evolution of virulence-associated

mechanisms

High cost

LAMP

High specificity, high sensitivity,
high-speed, low-cost equipment.

Several methods for amplification
detection

Requires attention in
optimization and primer

design

NGS
High discriminatory power, large

dataset allows for additional
analysis

High cost, complex results
which require specialized

analysis

PNA FISH Rapid identification of Candida spp.
in blood cultures

Results visualization adds a
cost to equipment

MALDI-TOF MS High specificity, rapid identification
High cost of equipment, lack
of spectra characterization for

comparison

3.13. Promising Molecular Techniques: ddPCR

Droplet digital PCR (ddPCR) is a new technology based on water–oil emulsion
droplets which provides accurate DNA quantification [158]. ddPCR shows a higher quanti-
tative range in comparison to qPCR for the identification of clinical Candida spp. in blood
samples, providing an early diagnosis as well as a prognostic value for candidemia [159].
ddPCR has yet to be used with oral samples.

4. DNA Target Selection for the Identification of Candida spp.

The selection of a suitable molecular target in the diagnosis of any infectious disease
is of pivotal importance. Regardless of the molecular technique, an accurate diagnostic
strongly depends on the molecular target specificity and its discriminatory capacity. ITS
has been selected as the barcode of choice for the identification of fungal species [160].
The same happens for Candida spp., with ITS1 and ITS2 being widely used. Nonetheless,
there are some alternatives available. The MP65 gene plays a role in maintaining cell
wall integrity, adherence to epithelia, and biofilm formation in C. albicans [57,161]. DNA
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topoisomerase II coding gene is used due to its highly conserved regions, separated by
species-specific regions [72].

Other molecular targets related to virulence, pathogenesis, and antifungal resistance
can also be useful as a complement in the identification of Candida spp. The ergosterol
biosynthetic genes, ERG3, ERG5, ERG6, and ERG11, are common targets for the detection
of antifungal drug resistance to amphotericin B (AMB) [17,162]. A study also showed that
potential mutations in the ERG5 gene confer resistance against AMB [163].

Several genes are useful for MLST, although their use is not widespread. Sequencing
can contribute to improving and simplifying current MLST strategies, as recently described
for C. glabrata and C. albicans [164,165]. Additionally, as mentioned in the NGS Section 3.10,
sequencing is relevant for metagenomics studies, the identification of drug resistance,
and the diagnosis of rare infections. This is crucial for difficult-to-identify or emerging
pathogens, such as C. auris [166], or for adequate therapeutic directions in drug-resistant
species [161].

5. Conclusions

The oral mycobiome is intricate, dynamic and involves extensive biofilm formation.
Candida is frequently found in the human mouth and, as with several other pathogenic
fungi, appears to be an oral resident in some individuals. Because of the similarity between
species, the correct identification is difficult but crucial to the success of the therapy outcome.
When choosing a technique for Candida identification in clinic settings, material costs, the
use of trained professionals, the complexity of the technique, the specificity of the results,
and time should be taken into consideration.

We focused on a broad range of molecular techniques that have been used for the
identification of Candida species in oral samples, having in mind that a timely and accurate
diagnosis of Candida infection is indispensable for timely intervention with appropriate
antifungal therapy. To overcome this challenge, a fast, reliable, inexpensive, and uncom-
plicated point-of-care diagnosis is needed. For Candida spp. identification, only a few
techniques fit this criterion: from the necessary sample treatment to time-to-result, only
LAMP and Multiplex PCR seem to look promising.

LAMP is considered by many authors to be a highly useful diagnostic technique,
especially in areas where access to complex healthcare facilities is limited. However, the
amount of data and results on the efficiency of this technique when applied to the diagnosis
of Candida infections are still scarce when compared to other techniques. Furthermore, the
clinical application of LAMP on a larger scale has yet to be achieved. LAMP requires the
least amount of time out of all the techniques to reach a diagnosis and does not require
costly equipment. Using the ITS sequence as a target, it is possible to design primers to
identify Candida spp. sampled from the area of infection. Taken together, LAMP specificities
and requirements seem to be the most adequate for the simplest and most time-efficient
diagnostic of oral candidiasis. It is worth highlighting that the exponential growth of gene
sequence databases has provided the ideal conditions to develop more efficient and reliable
primer designs, enhancing target specificity and the accuracy of diagnosis.

Ultimately, the pros and cons of each molecular technique detailed in this review can
hopefully help dentists who deal with patients with inflammatory conditions to choose
the most appropriate diagnostic method. Nevertheless, novel developments within this
field of research may lead to improvements in currently available techniques and to the
development of new ones.

Supplementary Materials: The following supporting information can be downloaded at: https:
//www.mdpi.com/article/10.3390/app12189204/s1, Table S1: Primers (Universal and species-
specific) used for Candida species detection and size of fragments separated by agarose gel elec-
trophoresis; Table S2: List of primers used for Nested PCR; Table S3: Restriction Fragment Length
Polymorphism (RFLP) fragment patterns in oral Candida spp. isolates with restriction enzymes; Table
S4: Oligonucleotide probes used for Candida spp. in non-oral isolates; Table S5: Primers used in
Kasahara (2014) for the detection of Candida spp. with LAMP.
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Abstract: In the dynamic arena of healthcare research, where the complexities of data often rival the
intricacies of biological systems, the ability to model and analyze such multifaceted datasets is crucial.
This comprehensive review delves into the evolution and application of soft sets and their extensions,
including HyperSoft Sets, SuperHyperSoft Sets, IndetermSoft Sets, IndetermHyperSoft Sets, and
TreeSoft Sets, in healthcare claims data analysis. These extensions address intricate challenges in data
analysis, offering versatile frameworks for managing the uncertainty and indeterminacy inherent
in healthcare claims data. By exploring their definitions and applications, this review elucidates
how these mathematical tools have evolved and their significance in advancing healthcare research
and enhancing data analysis methodologies. Real-world examples underscore the implications of
these tools, emphasizing their pivotal role in facilitating informed decision-making and knowledge
discovery in healthcare. The review systematically examines various case studies and research
findings to illustrate the practical utility of soft set extensions. Detailed analyses of real-world
scenarios highlight advancements in processing complex healthcare data. The conclusions drawn
from this analysis indicate that the adoption of soft sets and their extensions can significantly
improve the accuracy and efficiency of healthcare data analysis, ultimately contributing to better
healthcare outcomes and more informed policy-making. Future research directions are also discussed,
suggesting further potential applications and developments in this field.

Keywords: soft sets; healthcare data analysis; hypersoft sets; data modeling; healthcare claims data;
decision-making; advanced data methodologies

1. Introduction

In the fast-evolving field of healthcare research [1,2], the complexity of data, particu-
larly within healthcare claims, mirrors the intricacies of biological systems. The ability to
model and analyze this vast, multifaceted data is crucial for making informed decisions
about patient care, diagnostics, and treatment pathways. Soft sets and their numerous ex-
tensions provide a valuable toolkit for addressing the uncertainty and variability prevalent
in healthcare claims data, which encompasses details about treatments, providers, costs,
and prescriptions [3].

These mathematical constructs, first introduced by Molodtsov in 1999 [4], offer a
flexible framework for tackling imprecision. Healthcare claims data, where uncertainty is
intrinsic, benefits from soft set theory, which models this uncertainty more effectively than
classical statistical methods [5,6]. Since their inception, soft sets have evolved significantly.
Extensions like HyperSoft Sets, introduced by Smarandache in 2018 [7], and more recent
advancements such as SuperHyperSoft Sets, IndetermSoft Sets, IndetermHyperSoft Sets,
and TreeSoft Sets [8–11] have been developed to address specific challenges in handling
intricate relationships within healthcare data. Furthermore, the contributions of Alkhazaleh
in 2010 with MultiSoft Sets have further enriched these mathematical tools [12].

While the evolution of soft sets has been robust, with applications spreading across
diverse fields, including bioinformatics, chemistry, and public health, healthcare remains a
relatively underexplored area for these models. The paucity of studies applying soft set
theory to healthcare claims data presents an opportunity for significant advancements.
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A legitimate question arises: How can the application of soft set theory and its recent
extensions in analyzing and modeling healthcare claims data contribute to improving diagnostics
and personalized treatments?

Recent works have examined the fusion of soft set theory with fuzzy logic, yielding
combinations like neutrosophic, picture fuzzy, and plithogenic soft sets, each contributing
unique perspectives on handling uncertainty. TreeSoft Sets, for instance, offer promise
for improving healthcare analytics in the era of Industry 4.0 [13], while IndetermSoft Sets
are increasingly applied to real-world challenges in healthcare [14,15]. However, further
research is needed to explore how these methodologies can be combined with modern
computational techniques to address complex real-world problems.

Future research should focus on refining these applications and addressing exist-
ing limitations, ensuring that soft set methodologies can be fully leveraged to enhance
healthcare decision-making and improve patient outcomes.

2. Evolving Impact of Soft Sets in Healthcare Data Analysis

The ongoing exploration and application of soft sets and their extensions represent a
significant advancement in the realm of data analysis, particularly for addressing real-world
challenges within healthcare. Soft sets, with their ability to handle uncertainty, impreci-
sion, and indeterminacy, offer a versatile framework for analyzing complex healthcare
claims data. This evolving methodology has the potential to transform how we interpret
and utilize healthcare information for improved diagnostics, treatment decisions, and
resource allocation.

The fusion of soft set theory with complementary mathematical frameworks, such as
fuzzy logic, paves the way for deeper insights into healthcare datasets. This convergence not
only enhances our understanding of complex data patterns but also provides a foundation
for the development of innovative tools and techniques that address the specific needs of
healthcare researchers and practitioners.

Current Survey Mission

This paper seeks to explore and assess the evolution and application of soft sets and
their extensions within the domain of healthcare claims data analysis. Our study addresses
the inherent complexities, uncertainties, and interrelationships present in such datasets.
The key contributions of our research are outlined as follows:

• Comprehensive Review of Soft Sets:

We provide a thorough examination of the development of soft sets and their extensions—
such as HyperSoft Sets, SuperHyperSoft Sets, IndetermSoft Sets, IndetermHyperSoft Sets,
and TreeSoft Sets—highlighting their relevance and utility in healthcare claims analysis.
This review offers an in-depth understanding of how these extensions have evolved to
handle complex, multi-attribute data in healthcare scenarios.

• Real-World Applications:

We present practical examples and case studies from healthcare claims data to demon-
strate the real-world applicability of these soft set frameworks. These examples illustrate
how soft set-based methodologies can be leveraged to improve decision-making, opti-
mize treatment strategies, and enhance the analysis of healthcare claims by capturing
uncertainties often overlooked by traditional statistical methods.

• Methodological Advancements:

Our review emphasizes key methodological advancements made possible through the
use of soft sets and their extensions. We show how these tools can improve the accuracy and
efficiency of healthcare data analysis by addressing challenges such as missing information,
imprecise relationships, and multi-dimensional dependencies. This study contrasts soft
set-based methods with classical approaches to highlight their benefits.

139



Appl. Sci. 2024, 14, 8799

• Future Research Directions:

Building on the advancements reviewed in this paper, we propose future research
directions aimed at further enhancing data analysis in healthcare. Specifically, we suggest
exploring the integration of soft sets with fuzzy logic and other computational techniques to
improve predictive accuracy and develop personalized treatment models. We also identify
opportunities for expanding soft set applications to other complex, data-intensive domains
beyond healthcare.

The data discussed in this paper are made available as open-source collections (Browse
by Research Unit, Center, or Department|UNM Digital Repository, https://digitalrepository.
unm.edu/communities.html, accessed on 2 August 2024), with the aim of fostering further re-
search and development in this field, along with the demonstrations of soft sets and their multi-
farious extensions (available at https://fs.unm.edu/NSS/ExtensionOfSoftSetToHypersoftSet.
pdf; https://fs.unm.edu/NSS/IndetermSoftIndetermHyperSoft38.pdf, accessed on 2 Au-
gust 2024).

3. Related Work

In this section, we provide a comprehensive overview of the contributions in the field,
emphasizing their impact and relevance to the application of soft set theory in healthcare
claims data analysis. In fact, soft set theory, applied to healthcare claims data, provides
a flexible framework for analyzing the uncertainty and imprecision inherent in medical
records. Consider a scenario where a patient’s diagnosis is uncertain due to incomplete
information or conflicting test results. Traditional methods may struggle to handle such
ambiguity, leading to inaccurate assessments or diagnoses.

However, by employing soft set theory, we can represent the uncertainty associated
with each diagnosis or treatment option using membership functions. These membership
functions assign degrees of certainty to various outcomes based on available evidence,
allowing healthcare practitioners to make informed decisions despite incomplete or con-
flicting data.

For example, a soft set approach could be used to determine the likelihood of a patient
having a particular condition based on their symptoms, medical history, and test results,
even when some information is missing or contradictory. This flexibility makes soft set
theory a valuable tool for analyzing healthcare claims data, improving diagnostic accuracy,
and ultimately enhancing patient care.

The most notable contributions in this field are mentioned below.
1. Molodtsov’s seminal work laid the foundation for soft set theory, offering a novel

approach to handling uncertainty and vagueness in data analysis [3]. This foundational
work has been pivotal in subsequent research exploring various extensions and applications
of soft sets in different domains, including healthcare claims data analysis.

2. In 2018, Smarandache introduced HyperSoft Sets, an extension designed to better
handle multi-attribute decision-making processes. This extension has shown promise in
dealing with the complex and multi-dimensional nature of healthcare claims datasets,
providing a more nuanced framework for analysis [7].

3. The MultiSoft Set, introduced by Alkhazaleh and his team, expanded the versa-
tility of soft sets by accommodating multiple parameters, making it particularly useful
for applications in healthcare claims data where multiple factors need to be considered
simultaneously. This work has significantly enriched the toolkit available for researchers
and specialists in healthcare [10].

4. In 2022, Smarandache introduced IndetermSoft Sets and IndetermHyperSoft Sets,
which address indeterminacy in data analysis. These extensions have been applied to
real-world scenarios in healthcare, demonstrating their utility in dealing with uncertain
and incomplete healthcare claims data [6,9]. The next year, Smarandache proposed Super-
HyperSoft Sets [15].
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5. Convergence with Fuzzy Logic and its Extensions
The integration of soft set theory with fuzzy logic and its various extensions has formed

a robust framework for managing the inherent fuzziness and uncertainty in healthcare
claims data. P. K. Maji’s seminal work, exemplified by “Intuitionistic Fuzzy Soft Sets”, has
played a pivotal role in this domain [16].

Furthermore, the foundational contributions of Lotfi A. Zadeh and other collaborators
in fuzzy logic have paved the way for the amalgamation of fuzzy logic with soft set theory,
notably documented in fuzzy set applications to pattern classification and clustering
analysis [17] or decision analysis [18].

S. K. Samanta’s research on neutrosophic soft sets and their applications has signifi-
cantly bolstered this convergence, offering invaluable insights into managing uncertainty
in biomedical data analysis [19,20].

Additionally, Florentin Smarandache’s exploration of neutrosophic sets, particularly
showcased in 2020 [21] alongside collaborative endeavors with K. Atanassov on intuition-
istic fuzzy sets [22], have greatly propelled the methodologies for extracting actionable
insights from complex datasets [23]. The research conducted by M. Shabir and M. Naz on
bipolar soft sets [24] and their fusion with fuzzy logic has contributed substantial insights
into multi-criteria decision-making problems, further enhancing the analytical capabilities
in healthcare contexts.

These advancements underscore the potential of integrating soft set theory and its
extensions into healthcare data analysis, offering avenues for enhancing diagnostics and
personalized treatments.

The adeptness of these mathematical constructs in handling uncertainty, multi-
dimensionality, and indeterminacy aligns seamlessly with the intricacies inherent in health-
care claims datasets.

Consequently, delving into systematic applications of these tools to improve medical
outcomes stands as an imperative avenue for future research.

Collectively, these studies underscore the dynamic evolution of soft set theory and
its extensions, emphasizing their growing significance and versatility in the domain of
healthcare claims data analysis. The ongoing research and development in this sphere hold
the promise of unlocking novel possibilities for advancing diagnostics, therapeutics, and
personalized medicine.

6. Recent Applications in Medical Image Analysis and Preventive Practices
Recent studies have highlighted the practical applications of soft set theory in medical

image analysis. For instance, Dhanalakshmi and Bhaskaran explore the application of
soft set methodologies to evaluate the degree of evidence in medical recommendations
and assess factors influencing preventive practices in clinical images with indeterminate
features [25].

Similarly, Yang and Zhao provide insights into the advantages and specific methods
used in employing soft set theory for similar purposes [26]. Additionally, Khan and
Gupta offer a detailed examination of soft set-based approaches in medical image analysis,
focusing on their role in evaluating evidence in medical recommendations and analyzing
factors influencing preventive practices in clinical images [27].

These applications underscore the relevance and adaptability of soft sets in contem-
porary healthcare research, particularly in the domain of medical image analysis and
preventive practices.

7. The innovative work by Alqazzaz and Sallam explored the use of TreeSoft Sets com-
bined with interval-valued neutrosophic sets, providing novel insights into data analysis
within the context of Industry 4.0. [13]. This study demonstrates the evolving nature of soft
set applications and their potential to address modern data challenges.

Given these advancements, it becomes evident that the integration of soft set the-
ory and its extensions into healthcare claims data analysis holds significant potential for
enhancing diagnostics and personalized treatments. The ability of these mathematical
constructs to handle uncertainty, multi-dimensionality, and indeterminacy aligns well with
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the complexities inherent in healthcare claims datasets. Therefore, exploring how these
tools can be systematically applied to improve medical outcomes is a compelling avenue
for future research.

These studies collectively highlight the dynamic evolution of soft set theory and its
extensions, showcasing their growing importance and versatility in the realm of healthcare
claims data analysis.

The ongoing research and development in this field promise to unlock new possibilities
for improving diagnostics, therapeutics, and personalized medicine.

4. Soft Sets Extensions

In this section, we delve into the various extensions of soft sets, each offering unique
capabilities and applications within the realm of healthcare claims data analysis.

These extensions include the HyperSoft Set, SuperHyperSoft Set, Fuzzy-Extension-
SuperHyperSoft Set, IndetermSoft Set, IndetermHyperSoft Set, and TreeSoft Set.

Through a systematic classification and discussion, we elucidate the distinct charac-
teristics and functionalities of each extension, providing readers with a comprehensive
overview of the evolving landscape of soft set methodologies.

We recall the definitions of soft set, HyperSoft Set, IndetermSoft Set, IndetermHy-
perSoft Set, and TreeSoft Set, including a few suggestive examples applied to healthcare
claims data.

4.1. Soft Set

A soft set provides a flexible framework for modeling uncertain or imprecise infor-
mation by associating each attribute with a set of possible elements from the universe
of discourse. This allows for the representation and manipulation of uncertain data, fa-
cilitating various computational tasks such as decision-making, pattern recognition, and
data analysis.

4.1.1. Definition

A soft set is a mathematical abstraction designed to encapsulate uncertainty and
fuzziness inherent in data within a specific domain of discourse. Let us break down
this definition:

Firstly, we define a universe of discourse, denoted as U, which encompasses all
conceivable elements or entities relevant to the context under consideration. The power
set of U, represented as P(U), comprises all possible subsets derived from the elements
within the universe of discourse. Essentially, it represents the complete range of potential
combinations or groupings of elements from U.

Next, we introduce a set of attributes, denoted as A, which serves to characterize the
properties or features associated with the elements within the universe U. These attributes
could represent any discernible traits, qualities, or characteristics relevant to the domain
being studied.

Now, a soft set is formally defined as a pair (F, U), where F: A → P(U).
F represents a mapping function that associates each attribute in A with a subset of

elements from the universe U. In other words, for every attribute within set A, there exists
a corresponding subset of elements from the universe of discourse U, as determined by the
mapping function F.

In summary, a soft set provides a structured framework for capturing and managing
uncertainty by linking attributes to subsets of elements within a given universe of discourse.
This enables the representation and manipulation of imprecise or indeterminate data,
facilitating various computational tasks such as decision-making, pattern recognition, and
data analysis within the specified domain.

4.1.2. Example

Let us define the universe of discourse U as a set of patients.

142



Appl. Sci. 2024, 14, 8799

U = {Patient1, Patient2, Patient3, Patient4} and a subset included in U representing
patients with specific conditions:

M = {Patient1, Patient3, Patient4}.

Now, let us consider an attribute related to medical conditions:

a = condition,

with attribute values representing different medical conditions:

Condition = A1 = {diabetes, hypertension, asthma}.

We define a function: F: A1 → P(U),

where P(U) represents the power set of U.
Then, for example,

F(asthma) = {Patient2, Patient3},

This means that both Patient2 and Patient3 have been diagnosed with asthma.
This representation (Figure 1) allows us to capture complex relationships between pa-

tients and their conditions. It is particularly useful in healthcare claims data analysis because

 

Figure 1. Soft set representation of patient conditions.

It can handle uncertainty: if a patient’s diagnosis is uncertain, we could represent it by
associating the attribute with multiple patients or using fuzzy sets within the mapping.
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It accommodates missing data: if we do not know whether a patient has a particular
condition, we simply would not include them in the corresponding subset.

It facilitates pattern recognition: by looking at the mappings, we can easily see patterns
like comorbidities (e.g., Patient 2 has both hypertension and asthma).

This soft set representation provides a flexible framework for analyzing healthcare claims
data, allowing us to capture and manipulate uncertain or imprecise information effectively.

4.2. IndetermSoft Set

An IndetermSoft Set provides a flexible framework for modeling uncertain or im-
precise information by associating each attribute with a set of possible elements from the
universe of discourse. This enables the representation and manipulation of uncertain data,
facilitating various computational tasks such as decision-making, pattern recognition, and
data analysis.

4.2.1. Definition

An IndetermSoft Set expands upon the foundational principles of the classical soft set
by accommodating indeterminate data, reflecting the inherent uncertainty and ambiguity
prevalent in real-world scenarios. Let us dissect this definition:

We begin with the establishment of a universe of discourse, denoted as U, which
encompasses all relevant elements or entities under consideration. Additionally, we identify
a non-empty subset of U, denoted as H, and its corresponding powerset, P(H), which
comprises all possible subsets derived from the elements within H.

Furthermore, we introduce an attribute, denoted as ‘a’, and a set of attribute-values,
denoted as A.

The mapping function F: A → P(H) is designated as an IndetermSoft Set if one or more
of the following conditions are met:

(i) The set A exhibits some level of indeterminacy.
(ii) The sets H or P(H) demonstrate indeterminacy.
(iii) The function F itself contains elements of indeterminacy, indicating the presence of

attribute-values for which the mapping is unclear, incomplete, conflicting, or non-
unique.

IndetermSoft Sets, characterized by their capacity to handle indeterminate data, arise
from real-world situations where information sources may provide approximate, uncertain,
incomplete, or conflicting data. Rather than introducing indeterminacy artificially, such as
in the classical soft set framework, the indeterminacy is identified within the data itself,
reflecting the limitations and nuances of our world.

The term “Indeterm” signifies “Indeterminate”, encompassing attributes of uncer-
tainty, conflict, incompleteness, or lack of uniqueness within the outcomes. This distinction
prompts the consideration of determinate versus indeterminate operators, leading to the
development of an IndetermSoft Algebra.

Smarandache’s contributions extend the concept further with the introduction of
HyperSoft Sets, which involve multi-attribute functions, and subsequently, the hybridiza-
tion of various soft set variants. These hybrids incorporate elements from crisp, fuzzy,
intuitionistic fuzzy, neutrosophic, and other fuzzy extensions, as well as the plithogenic
HyperSoft Set.

While the classical soft set relies on determinate functions with certain and unique
values, the reality of our world often involves sources that provide indeterminate infor-
mation due to a lack of knowledge or precision. Consequently, operators with varying
degrees of indeterminacy are utilized to model such scenarios, acknowledging the inherent
imprecision of our environment.

4.2.2. Example

Consider a dataset comprising healthcare claims from various patients.
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I. Indeterminacy with respect to the function:

(1a) You inquire from a source:
—“Which patients have been diagnosed with diabetes?”
The source responds:
—“I’m uncertain; it could be patients Patient1 or Patient2”.
Thus, F(diabetes) = Patient1 or Patient2 (an indeterminate/uncertain response).
(1b) Another query:
—“And which patients have undergone surgery?”
The source replies:
—“I’m not certain; all I can confirm is that Patient5 has not had surgery because I have

their records”.
Thus, F(surgery) = not Patient5 (again, an indeterminate/uncertain response).
(1c) Further inquiry:
—“Then, which patients have high blood pressure?”
The source asserts:
—“It’s either Patient8 or Patient9 for sure”.
Thus, F(high blood pressure) = either Patient8 or Patient9 (yet another indetermi-

nate/uncertain response).

II. Indeterminacy with respect to the set P of patients:

You ask the source:
—“How many patients are included in the dataset?”
The source replies:
—“I haven’t counted them, but I estimate the number to be between 100–120 patients”.

III. Indeterminacy with respect to the set C of medical conditions:

You inquire:
—“What are all the medical conditions diagnosed in the patients?”
The source states:
—“I’m certain there are patients diagnosed with diabetes, high blood pressure, and

heart disease, but I’m unsure if there are patients with other conditions”.
The IndetermSoft Set addresses the inherent indeterminacy present in healthcare

claims data by introducing a flexible framework that accommodates varying degrees of
uncertainty. Through the incorporation of indeterminacy measures, the IndetermSoft Set
offers researchers the ability to effectively manage and quantify uncertainty, facilitating
more robust decision-making processes and knowledge discovery.

4.3. Hypersoft Set

A HyperSoft Set provides a robust framework for modeling uncertain or imprecise
information by associating each attribute with a collection of potential elements from
the universe of discourse. This framework is designed to handle a wide range of data
uncertainties, enabling effective decision-making, pattern recognition, and comprehensive
data analysis.

4.3.1. Definition

The extension from soft sets to HyperSoft Sets (HS Sets) marks a significant ad-
vancement in modeling complex relationships by expanding the mapping function to
accommodate multiple attributes.

Here is a breakdown.
Initially, the soft set concept is broadened into the realm of HyperSoft Sets by tran-

sitioning the mapping function F into a multi-attribute function. This transformation
enables the representation of intricate relationships between elements within the universe
of discourse.

Let us delve into the formal definition.
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We begin with the universe of discourse, denoted as U, along with its powerset, P(U),
which encompasses all conceivable elements or entities.

Next, we introduce n distinct attributes, denoted as a1, a2, . . ., an, for n ≥ 1. Each
attribute is associated with a set of attribute values, denoted, respectively, as A1, A2, . . ., An,
with Ai ∩ Aj = Φ, for i 	= j, and i, j in {1, 2, . . ., n}.

Notably, these attribute sets are pairwise disjoint, ensuring no overlap between them.
The pair (F, A1 × A2 × . . . × An) represent a HyperSoft Set over U, where F is a

mapping function defined on the Cartesian product of the attribute sets where A1 × A2 ×
. . . × An.

Formally,
F: A1 × A2 × . . . × An → P(U), is called a → P(U),

signifies that for each combination of attribute values, there exists a corresponding subset
of elements from U.

The introduction of HyperSoft Sets facilitates the exploration of complex relationships
and interactions among multiple attributes within the universe of discourse. This extension
opens avenues for the comprehensive analysis and modeling of intricate systems, spanning
various domains and applications.

Moreover, Smarandache’s contributions have led to the hybridization of HyperSoft
Sets with diverse frameworks, including crisp, fuzzy, intuitionistic fuzzy, neutrosophic,
and other fuzzy extensions, as well as the plithogenic set. These hybrid models integrate
elements from different mathematical paradigms, enhancing their adaptability and utility
in addressing real-world complexities.

In essence, HyperSoft Sets offer a versatile and robust framework for modeling and an-
alyzing complex systems characterized by multiple attributes, thereby facilitating informed
decision-making and knowledge discovery across diverse domains.

4.3.2. Example

Let the attributes be
a1 = diagnosis,
a2 = treatment,
a3 = cost,
a4 = duration,
and their attributes’ values, respectively,
Diagnosis = A1 = {diabetes, heart condition, respiratory issue},
Treatment = A2 = {medication, surgery, therapy},
Cost = A3 = {low, medium, high},
Duration = A4 = {short-term, medium-term, long-term}.
Let the function be F: A1 × A2 × A3 × A4 → P(U).
Then, for example, consider a healthcare claims dataset with the following attributes:

• Diagnosis: {Diabetes, Hypertension}
• Treatment: {Medication, Therapy}
• Cost: {Low, High}
• Duration: {Short-term, Long-term}

We want to analyze claims that involve a diagnosis of diabetes, treatment with medi-
cation, low cost, and short-term duration.

Soft Set Representation:
In a soft set, we might represent the data as follows: F(Diagnosis, Treatment, Cost,

Duration) where F(Diabetes, Medication, Low, Short-term) = {Claim1,Claim2}
This means that both Claim1 and Claim2 involve

• A diagnosis of diabetes,
• Medication as treatment,
• Low cost,
• Short-term duration.
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HyperSoft Set Extension:
The HyperSoft Set extends this by incorporating hyperparameters to refine the analysis.

Let us introduce two hyperparameters:

1. Hyperparameter 1: Interaction Weight for Diagnosis and Treatment

• Description: Adjusts the significance of the interaction between diagnosis and
treatment. For example, a higher weight might indicate that the combination of
diabetes and medication is more significant in the analysis.

• Value: wDiabetes,Medication

2. Hyperparameter 2: Interaction Weight for Cost and Duration

• Description: Adjusts the importance of the relationship between cost and dura-
tion. For instance, a higher weight might emphasize the impact of low cost and
short-term duration on the overall analysis.

• Value: wLow,Short-term

Enhanced Representation:
With these hyperparameters, the HyperSoft Set can be expressed as: FHyper(Diagnosis,

Treatment, Cost, Duration)
Using the hyperparameters, we refine our dataset representation: Enhanced

ScoreDiabetes,Medication,Low,Short-term = wDiabetes,Medication × FrequencyDiabetes,Medication
+ wLow,Short-term × FrequencyLow,Short-term

Where

• Frequency is the count of claims matching the respective attributes.
• Enhanced Score combines these weights to provide a more nuanced view of how often

and significantly these attributes co-occur in the dataset.

Practical Implication:
By integrating hyperparameters, the HyperSoft Set allows for a more detailed and

flexible analysis of healthcare claims data:

• It captures complex relationships between attributes.
• It adjusts the influence of these relationships based on predefined weights, leading to

a more accurate and reliable representation of uncertainty.
• It improves the decision-making process by providing insights into the significance of

various attribute combinations.

Comparison to Classical Methods:
In classical statistical analysis, relationships are often considered in isolation or through

basic frequency counts, which may not capture nuanced interactions. The HyperSoft
Set, with its hyperparameters, offers a more sophisticated approach by incorporating
these interactions into the analysis, enhancing the overall accuracy and interpretability of
the results.

Basically, this is an extension of the previous real example of soft set use.
The HyperSoft Set extends the foundational principles of soft sets by incorporating

hyperparameters that capture complex relationships and interactions within healthcare
claims datasets.

By integrating hyperparameters, the HyperSoft Set enables a more nuanced represen-
tation of uncertainty, thereby enhancing the accuracy and reliability of data analysis and
interpretation within the healthcare domain.

4.4. SuperHypersoft Set

A SuperHyperSoft Set introduces an innovative framework for modeling complex
and uncertain information, where each attribute is associated with an expansive set of
potential elements from the universe of discourse. This advanced approach enables the
comprehensive representation and manipulation of intricate data, facilitating advanced
computational tasks including decision-making, pattern recognition, and data analysis at a
highly refined level.
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4.4.1. Definition

The SuperHyperSoft Set (SHS Set) is an extension of the HyperSoft Set. As for the
SuperHyperAlgebra, SuperHyperGraph, SuperHyperTopology, and, in general, for Super-
HyperStructure and neutrosophic SuperHyperStructure (that includes indeterminacy) in
any field of knowledge, “Super” stands for working on the powersets (instead of sets) of
the attribute value sets.

Let U be a universe of discourse, P(U ) the powerset of U .
Let a1, a2, . . ., an, for n ≥ 1, be n distinct attributes, whose corresponding attribute

values are, respectively, the sets A1, A2, . . ., An, with Ai ∩ Aj = ∅, for i 	= j, and i, j ∈ {1,2,
. . ., n}.

Let P(A1), P(A2), . . ., P(An) be the powersets of the sets A1, A2, . . ., An, respectively.
Then, the pair

(F, P(A1) × P(A2) × . . . × P(An), where × meaning Cartesian product, or
F: P(A1) × P(A2) × . . . × P(An) → P(U )
is called a SuperHyperSoft Set.

4.4.2. Example

If we define the function
F: P(A1) × P(A2) × P(A3) × P(A4) → P(U ).
we get a SuperHyperSoft Set.
Let us consider a scenario involving healthcare claim data, extending the previous

examples. Assume we have a dataset comprising healthcare claims, and we want to
categorize them based on various attributes.

Let us define the attributes and their possible values as follows:
Attribute A1: Type of Treatment (e.g., Surgery, Medication, Therapy)
A1: {Surgery, Medication, Therapy}
Attribute A2: Diagnosis Code (e.g., Injury, Illness, Chronic Condition)
A2: {Injury, Illness, Chronic Condition}
Attribute A3: Patient Age Group (e.g., Child, Adult, Senior)
A3: {Child, Adult, Senior}
Attribute A4: Insurance Provider (e.g., Company A, Company B, Company C)
A4: {Company A, Company B, Company C}
Let the function F:A1 × A2 × A3 × A4→P(U) map combinations of these attributes to

subsets of the set of healthcare claims U.

F({Surgery,Medication}, {Injury,Illness}, {Adult}, {CompanyA,CompanyB}) = {claim1,claim2},

this means that claims claim1 and claim2 involve either surgery or medication, are related
to either injury or illness, are for adult patients, and are covered by either CompanyA or
CompanyB insurance providers.

This SuperHyperSoft Set approach allows for a flexible categorization of healthcare
claims, accommodating various combinations of treatment types, diagnoses, patient age
groups, and insurance providers, reflecting the complexity and diversity of real-world
healthcare scenarios.

In fact, we assume a new theorem: the SuperHyperSoft Set is equivalent to a union of
HyperSoft Sets.

4.4.3. Demonstration

Let us consider the SuperHyperSoft:
F: P(A1) × P(A2) × . . .× P(An) → P(U )
Assume that the non-empty sets
B1 ⊆ A1, B2 ⊆ A2, . . ., Bn ⊆ An and
F (B1, B2, . . ., Bn) ∈ P(U)
B1 = {b11, b12, . . .}, B2 = {b21, b22, . . .}, . . ., Bn = {bn1, bn2, . . .}, therefore
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F({{b11, b12, . . .}, {b21, b22,. . .}, . . ., {bn1, bn2, . . .}) can be composed in many
F
(
b1k1 , b2k2 , . . . , bnkn

)
P(U), which are actually HS Sets.

Considering the attributes diagnosis, treatment, cost, and duration, we can derive the
following 12 possibilities:

1. Diagnosis: diabetes, Treatment: medication, Cost: low, Duration: short-term;
2. Diagnosis: diabetes, Treatment: medication, Cost: low, Duration: medium-term;
3. Diagnosis: diabetes, Treatment: medication, Cost: low, Duration: long-term;
4. Diagnosis: diabetes, Treatment: medication, Cost: medium, Duration: short-term;
5. Diagnosis: diabetes, Treatment: medication, Cost: medium, Duration: medium-term;
6. Diagnosis: diabetes, Treatment: medication, Cost: medium, Duration: long-term;
7. Diagnosis: diabetes, Treatment: medication, Cost: high, Duration: short-term;
8. Diagnosis: diabetes, Treatment: medication, Cost: high, Duration: medium-term;
9. Diagnosis: diabetes, Treatment: medication, Cost: high, Duration: long-term;
10. Diagnosis: diabetes, Treatment: surgery, Cost: low, Duration: short-term;
11. Diagnosis: diabetes, Treatment: surgery, Cost: low, Duration: medium-term;
12. Diagnosis: diabetes, Treatment: surgery, Cost: low, Duration: long-term.

For each of these combinations, the function F yields the set of patients who meet
these criteria, represented by {x1, x2}. In total, 12 are HyperSoft Sets.

4.5. Fuzzy-Extension-SuperHyperSoft Set

A Fuzzy-Extension-SuperHyperSoft Set introduces an advanced framework that com-
bines fuzzy logic with HyperSoft Set theory, providing a robust approach for modeling
highly complex and uncertain information. Each attribute is associated with an expansive
set of potential elements from the universe of discourse, allowing for nuanced representa-
tion and manipulation of uncertain data. This innovative approach empowers advanced
computational tasks such as decision-making, pattern recognition, and data analysis with
enhanced adaptability, precision, and the ability to handle fuzzy boundaries effectively.

4.5.1. Definition

F: P(A1) × P(A2) ×. . .× P(An) → P(U (x(d0))) where x(d0) is the fuzzy or any fuzzy
extension degree of appurtenance of the element x to the set U .

Fuzzy-Extensions mean all types of fuzzy sets [14], such as: suzzy sets, intuition-
istic fuzzy sets, inconsistent intuitionistic fuzzy sets (picture fuzzy sets, ternary fuzzy
sets), Pythagorean fuzzy sets (Atanassov’s intuitionistic fuzzy set of second type), Fer-
matean fuzzy sets, q-Rung Orthopair fuzzy sets, spherical fuzzy sets, n-HyperSpherical
fuzzy sets, neutrosophic sets, spherical neutrosophic sets, refined fuzzy/intuitionistic
fuzzy/neutrosophic/other fuzzy extension sets, plithogenic sets, etc.

4.5.2. Example

In the previous example, considering the attributes diagnosis, treatment, cost, and
duration, we can envision a neutrosophic SuperHyperSoft Set.

Let us assume
({diabetes},{medication},{low},{short-term}) = x1(0.7, 0.4, 0.1)
F({diabetes},{medication},{low},{medium-term}) = x2(0.9, 0.2, 0.3).
This would mean that x1, corresponding to the values ({diabetes}, {medication}, {low},

{short-term}), holds an appurtenance degree of 0.7, an indeterminate degree of 0.4, and a
non-appurtenance degree of 0.1.

Similarly, x2, associated with the values ({diabetes}, {medication}, {low}, {medium-
term}), exhibits an appurtenance degree of 0.9, an indeterminate degree of 0.2, and a
non-appurtenance degree of 0.3.

4.6. IndetermHyperSoft Set

An IndetermHyperSoft Set builds upon the HyperSoft Set framework by incorporating
advanced mechanisms for dealing with indeterminacy in data. Each attribute in this model
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is linked to a set of potential elements, similar to HyperSoft Sets, but with enhanced capa-
bilities to manage and represent varying degrees of uncertainty. This extension facilitates
more nuanced decision-making, pattern recognition, and data analysis, providing greater
adaptability and precision in complex scenarios.

4.6.1. Definition

The IndetermHyperSoft Set represents an extension of the HyperSoft Set to accommo-
date indeterminate data, functions, or sets. Here is a refined explanation:

We start with the universe of discourse, denoted as U, along with a non-empty subset
H of U, and its powerset, P(H), which encompasses all possible subsets of H.

Next, we introduce n distinct attributes, denoted as a1, a2, . . ., an, for n ≥ 1.
Each attribute is associated with a set of attribute values, denoted, respectively, as A1,

A2, . . ., An, with Ai ∩ Aj = Φ for i 	= j, and i, j in {1, 2, . . ., n}.
Notably, these attribute sets are pairwise disjoint, ensuring no overlap between them.
Then, the pair (F, A1 × A2 × . . . × An), where F: A1 × A2 × . . . × An → P(H) represents

an IndetermHyperSoft Set over U if at least one of the following conditions holds true:

(i). At least one of the attribute sets A1, A2, . . ., An has some indeterminacy;
(ii). The sets H or P(H) exhibit indeterminacy;
(iii). There exists at least one n-tuple (e1, e2, . . ., en) ε A1 × A2 × . . . × An such that the

function F(e1, a2, . . ., en) = indeterminate (unclear, uncertain, conflicting, or not unique).
In other words, F yields an indeterminate outcome for that tuple.

In essence, the IndetermHyperSoft Set extends the HyperSoft Set framework to accom-
modate situations where uncertainty or vagueness is present in the attribute sets, subsets,
or the mapping function itself.

Moreover, the IndetermHyperSoft Set provides a flexible and adaptable approach for
modeling and analyzing complex systems in which precise information may be lacking
or uncertain. By incorporating indeterminate elements, functions, or sets, this extension
enhances the applicability of the HyperSoft Set framework in real-world scenarios charac-
terized by inherent uncertainty or ambiguity.

4.6.2. Example

Assume there are many patients in a hospital database.

1. Indeterminacy with respect to the function.

(1a) You ask a source:
—What patients have been diagnosed with diabetes and prescribed medication?
The source:
—I am not sure, I think it is either Patient1 or Patient2. Therefore, F(diabetes, medica-

tion) = Patient1 or Patient2 (indeterminate/uncertain answer).
(1b) You ask again:
—But what patients have hypertension and are undergoing surgery?
The source:
—I do not know, the only thing I know is that Patient5 does not have hypertension

and did not undergo surgery because I have checked their records.
Therefore, F(hypertension, surgery) = not Patient5 (again indeterminate/uncertain

answer).
(1c) Another question you ask:
—Then what patients have asthma and are being treated with therapy?
The source:
—For sure, either Patient8 or Patient9.
Therefore, F(asthma, therapy) = either Patient8 or Patient9 (again indeterminate/

uncertain answer).
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2. Indeterminacy with respect to the set P of patients.

You ask the source:
—How many patients are in the database?
The source:
—I never counted them, but I estimate their number to be between 100 and 120 patients.

3. Indeterminacy with respect to the product set A1 × A2 × . . . × An of attributes.

You ask the source:
—What are all diagnoses and treatments of the patients?
The source:
—I know for sure that there are patients diagnosed with diabetes, hypertension,

and asthma, but I do not know if there are patients with other diagnoses (?) About the
treatments, I recall seeing many patients receiving medication, but I do not remember
seeing patients undergoing surgery or therapy.

Combining the strengths of both the IndetermSoft Set and the HyperSoft Set, the Inde-
termHyperSoft Set provides a comprehensive framework for analyzing complex healthcare
claims datasets characterized by both uncertainty and hyperparameters.

By synergistically integrating indeterminacy measures and hyperparameters, this
extension empowers researchers to unravel intricate relationships and patterns within
biological data, thereby advancing our understanding of biological systems.

4.7. TreeSoft Set

A TreeSoft Set introduces a structured framework for modeling uncertain or imprecise
information, where each attribute is organized in a hierarchical tree-like structure, asso-
ciating each node with a set of potential elements from the universe of discourse. This
hierarchical approach enables the systematic representation and manipulation of uncertain
data, facilitating various computational tasks such as decision-making, pattern recognition,
and data analysis with a focus on hierarchical relationships and dependencies.

Definition

The TreeSoft Set is an innovative extension that introduces a hierarchical structure
to soft sets, providing a comprehensive framework for modeling complex systems with
multiple levels of attributes. Here is a refined explanation:

We begin with a universe of discourse, denoted as U, and a non-empty subset H of U,
along with its powerset, P(H), which encompasses all possible subsets of H.

Next, we define a set of attributes, denoted as A, which consists of parameters, factors,
and other relevant characteristics. This set is organized hierarchically into levels: first-level
attributes A = {A1, A2, . . ., An}, for integer n ≥ 1, where A1, A2, . . ., An are considered
attributes of first level (since they have one-digit indexes).

Each attribute Ai, 1 ≤ i ≤ n, is formed by sub-attributes:

A1={A1,1, A1,2, . . .}

A2= {A2,1, A2,2, . . .}

.........................

An = {An,1, An,2, . . .}

where the above Ai,j are sub-attributes (or attributes of second level) (since they have
two-digit indexes).
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Again, each sub-attribute Ai,j is formed by sub-sub-attributes (or attributes of third level):

Ai,j,k

And so on, with as much refinement as needed going into each application, up to
sub-sub-. . .-sub-attributes (or attributes of m-level (or having m digits into the indexes):

Ai1,i2,. . .,im

This hierarchical structure forms a graph-tree, denoted as Tree(A), with A as the root
node (level zero), followed by nodes at levels 1 to m, where m represents the maximum level
of refinement. The leaves of this graph-tree are terminal nodes that have no descendants.

The TreeSoft Set, denoted as

F: P(Tree(A)) → P(H),

maps subsets of the graph-tree Tree(A) to subsets of H. The powerset P(Tree(A)) encom-
passes all possible subsets of the graph-tree.

All node sets of the TreeSoft Set of level m are

Tree(A) = {Ai1|i1= 1, 2,. . .}

The sets within the TreeSoft Set correspond to nodes at each level of the graph-tree:
the first set consists of nodes at level 1, the second set consists of nodes at level 2, and so on,
up to the last set comprising nodes at level m. If the graph-tree has only two levels (m = 2),
then the TreeSoft Set simplifies to a MultiSoft Set [7].

In summary, the TreeSoft Set provides a structured approach for representing and
analyzing complex systems with hierarchical attributes.

By incorporating a hierarchical organization, it enhances the flexibility and expressive-
ness of soft set-based methodologies, enabling more nuanced modeling and analysis of
multi-level systems across various domains.

An illustrative example of a classical tree is shown in Figure 2.

Figure 2. Schematic representation of a TreeSoft Set of level 3 framework, illustrating the incorpora-
tion of hyperparameters to capture complex relationships within healthcare claims datasets.

This tree contains three levels as followed:
Level 0 (the root) is the node Attributes;
Level 1 is formed by the nodes: Diagnosis, Treatment;
Level 2 is formed by the nodes Diabetes, Cancer, Medication, and Surgery;
Level 3 is formed by the nodes Pills, Injections.
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Let us consider p = {patient1, patient2,. . ., patient10} to be a set of patients, and P(p) to
be the power set of p.

The attributes are defined as follows: A = {A1,A2}
where

A1 = Diagnosis

and
A2 = Treatment

Then,
A1 = {A11,A12} = {Diabetes,Cancer}

and A2 = {A21,A22} = {Medication,Surgery}.
Let us further break down A22 into A221 and A222, representing specific treatments:
A221 = {Pills,Injections} for medication and A222 = {Chemotherapy,Radiation} for

surgery.
Now, let us assume the function F has the following values:

1. F(Diabetes,Medication,Pills) = {p1,p2,p3,p4};
2. F(Diabetes,Medication,Injections) = {p5,p6};
3. F(Diabetes,Surgery,Chemotherapy) = {p7,p8};
4. F(Cancer,Surgery,Radiation) = {p9,p10}.

The TreeSoft Set introduces a hierarchical structure to soft set methodologies, enabling
the representation and analysis of complex biological data in a hierarchical manner.

By organizing data into hierarchical trees, the TreeSoft Set facilitates the exploration of
nested relationships and dependencies within healthcare claims datasets, offering insights
into the hierarchical organization of biological systems.

5. Discussion

While the application of soft sets and their extensions in healthcare claims data anal-
ysis offers numerous advantages, it is essential to address the limitations and challenges
associated with these methods:

• Complexity in Integration: The integration of soft sets with fuzzy logic and its ex-
tensions introduces significant complexity. Healthcare organizations, often lacking
the necessary mathematical expertise, may struggle to implement and maintain these
integrated systems. This complexity poses a practical challenge to the widespread
adoption of such tools in the healthcare sector. Finding qualified experts who under-
stand both soft sets and fuzzy logic is crucial but may not always be feasible.

• Risk of Overfitting: In cases such as Neuro-Adaptive Learning and ANFIS techniques,
there is a risk of overfitting when using soft set extensions. Overfitting occurs when
models perform well on training data but fail to generalize to new, unseen data. In
healthcare, where diagnostic accuracy is paramount, overfitting can lead to misdiag-
nosis or inappropriate treatment recommendations, compromising patient safety.

• Handling Indeterminacy: While IndetermSoft Sets and IndetermHyperSoft Sets are
designed to handle indeterminate and uncertain data, measuring and interpreting this
uncertainty is complex. The subjectivity involved in quantifying indeterminacy can
lead to inconsistent outcomes across different healthcare settings, making it difficult to
standardize and validate results. The lack of standardized frameworks for uncertainty
quantification remains a significant challenge.

• Interpretability and Transparency: The abstract nature of soft set-based models can
make them difficult to interpret, particularly for healthcare practitioners who may not
be familiar with these mathematical constructs. This lack of transparency can hinder
trust and adoption among healthcare stakeholders, who need to understand the basis
for diagnostic and treatment recommendations. Ensuring that soft set models are
interpretable and transparent is crucial for their acceptance in clinical practice.
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These challenges underscore the need for further research and development in soft set
methodologies to ensure their successful integration into real-world healthcare applications.
Addressing issues such as implementation complexity, computational intensity, risk of
overfitting, handling indeterminacy, and enhancing interpretability will be critical for the
future adoption of soft set-based tools in healthcare.

6. Conclusions

The evolution and adoption of soft sets, along with their extensions—such as Hy-
perSoft Sets, IndetermSoft Sets, IndetermHyperSoft Sets, and TreeSoft Sets—represent a
significant advancement in computational methodologies, especially in healthcare claims
data analysis. These extensions offer innovative ways to model and analyze complex
datasets characterized by uncertainty, imprecision, and indeterminacy, which are prevalent
in healthcare data.

In the context of bioinformatics, where data is diverse and frequently noisy or in-
complete [28,29], the adaptability of soft sets proves invaluable. They offer researchers a
structured way to manage inherent uncertainties in biological data, such as those arising
from gene expression profiles, protein interactions, and metabolic pathways [30,31]. By
embracing fuzziness and imprecision, soft sets empower researchers to perform more
accurate and robust analyses, revealing deeper insights into biological systems.

In healthcare, soft sets enable a nuanced representation of relationships within datasets,
capturing complexities that traditional statistical methods may overlook. Given the often
incomplete and ambiguous nature of healthcare claims data, soft sets provide a flexible
framework for handling such uncertainty, improving the accuracy of data interpretation
and decision-making processes.

Additionally, soft sets integrate seamlessly with other computational techniques, such
as fuzzy logic, further enhancing their utility in data analysis across various fields. This
flexibility makes them essential tools not only in healthcare but also in broader domains
where managing uncertainty is critical.

In conclusion, soft sets and their extensions present a powerful framework for ad-
dressing the intricacies of healthcare claims data. Their ability to manage uncertainty,
imprecision, and complexity holds great promise for improving diagnostics, personalized
treatments, and overall decision-making in healthcare. As future research continues to
explore the integration of soft sets with emerging technologies, these methodologies will
play an increasingly pivotal role in healthcare, bioinformatics, and beyond.
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Featured Application: Any statistical analysis where a control group is absent, yet the

study still needs to explore the effect of some sort of intervention over a population of

objects. Medical data analysis naturally falls under this category of cases.

Abstract: (1) Background: Let the continuous parameter X be a proxy variable for the
outcome of an intervention R. Quasi-experimental studies are designed to evaluate the
effect of R over X when forming a randomized control group (without the intervention) is
impractical or/and unethical. The most popular quasi-experimental design, the difference-
in-differences (DID) method, uses four samples of X values (pre- and post-intervention
experimental and pseudo-control groups). DID always quantitatively evaluates the effect
of R over X. However, its practical significance is restricted by several (often unprov-
able) assumptions and by the monotonic preference requirement over X. We propose a
novel fuzzy quasi-experimental computational approach that addresses those limitations.
(2) Methods: A novel method of the fuzzy pseudo-control group (MFPCG) is introduced
and formalized. It uses four fuzzy samples as input, exactly the same as DID. We practically
determine and statistically compare the favorability of the differences in X before and after
the intervention for the experimental and the pseudo-control groups in case of the more
general hill preferences over X. MFPCG applies four modifications of fuzzy Bootstrap
procedures to perform each of the nine statistical tests used. The new method does not use
the assumptions of DID, but it does not always produce a positive or a negative answer, as
MFPCG results are qualitative. It is not a competing methodology; as such, it should be
used alongside DID. (3) Results: We assess the effect of annuloplasty that acts in conjunction
with revascularization over two continuous parameters that characterize the condition
of patients with ischemic heart disease complicated by moderate and moderate-to-severe
ischemic mitral regurgitation. (4) Conclusions: The statistical results proved the favorable
effect of annuloplasty on two parameters, both for patients with a relatively preserved
medical state and patients with a relatively deteriorated medical state. We validate the
MFPCG solution of the case study by comparing them with those from the fuzzy DID. We
discuss the limitations and adaptability of MFPCG, which should warrant its use in other
case studies and domains.
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1. Definition and Necessity of Pseudo-Control Groups

We explore the effect of a given intervention R over a continuous parameter X, which
describes the status of objects in a population P, called a target population. Parameter X
should be selected to be a proxy variable for the outcome of the intervention. To solve such
a task, we would usually conduct an experiment to measure the values of X before and
after intervention R for a set of objects from P, called an experimental group [1]. If we are
only interested in the change in the parameter in the experimental group following the
intervention, then we are at risk of reaching misleading conclusions. Some of the main
reasons for this could be:

• If we observed a favorable change in X that is due to the cumulative effect of factors
unaccounted for in the study rather than to intervention R (that only weakly con-
tributed to the situation, did not contribute, or even contributed unfavorably), then
our conclusion that the effect of R over X for objects from P was favorable would
be incorrect.

• If we observed an unfavorable change in X that is due to the cumulative effect of
factors unaccounted for in the study and not due to intervention R (that only weakly
worsened the situation, did not contribute, or even contributed favorably), then our
conclusion that the effect of R over X for objects from P was unfavorable would
be incorrect.

• If we observed a negligible change in X that combined the favorable effect of R over
X and the cumulative unfavorable effect of the factors unaccounted for in the study,
then our conclusion that there was no effect of R over X for objects from P would
be incorrect.

• If we observed a negligible change in X that combined the unfavorable effect of R
over X and the cumulative favorable effect of the factors unaccounted for in the study,
then our conclusion that there was no effect of R over X for objects from P would
be incorrect.

Therefore, experiments use a control group comprising objects from P that are not
subjected to the investigated intervention R [2]. Several methodologies generate adequate
conclusions from experiments that use control and experimental groups. Often, if inter-
vention R acts in conjunction with another base intervention, V, whose effect cannot be
paused during the experiment (e.g., time), then parameter X is measured before and after
the intervention. As a result, we can form four samples as follows:

1. Eb is the sample that contains the values of parameter X for the experimental group at
the beginning of the experiment.

2. Kb is the sample that contains the values of parameter X for the control group at the
beginning of the experiment.

3. Ee is the sample that contains the values of parameter X for the experimental group at
the end of the experiment, after the group has been subjected to the base intervention
V and the investigated intervention R.

4. Ke is the sample that contains the values of parameter X for the experimental group at
the end of the experiment, after the group has been subjected to the base intervention V.

Since Eb and Kb are two samples drawn from the same population, we would not
expect to find a statistically significant difference between them due to the very definition
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of control groups [3]. We can define the effect of the investigated intervention R over the
selected parameter X as follows:

1. We test the samples Ee and Ke for equality:

• If the values X in Ee are statistically significantly more favorable than in Ke, then
intervention R over parameter X is proven to be statistically favorable.

• If the values X in Ee are statistically significantly less favorable than in Ke, then
intervention R over parameter X is proven to be statistically unfavorable.

• If Ee and Ke have statistically indistinguishable values of X, then the effect of
intervention R over parameter X is considered statistically unproven.

2. We test, for nullity, the change in X in the paired samples Eb and Ee and the change in
X in the paired samples Kb and Ke:

• If the temporal change (TC) in the experimental group is statistically significantly
favorable, whereas the TC in the control group is statistically significantly un-
favorable, then the effect of intervention R over parameter X is proven to be
statistically favorable.

• If the TC in the experimental group is not statistically significant, whereas the
TC in the control group is statistically significantly unfavorable, then the effect of
intervention R over parameter X is proven to be statistically favorable.

• If the TC in the experimental group is statistically significantly unfavorable,
whereas the TC in the control group is statistically significantly favorable, then the
effect of intervention R over parameter X is proven to be statistically unfavorable.

• If the TC in the experimental group is not statistically significant, whereas the
TC in the control group is statistically significantly favorable, then the effect of
intervention R over parameter X is proven to be statistically unfavorable.

• If the TC in both groups are either simultaneously statistically significantly fa-
vorable, simultaneously statistically insignificant, or simultaneously statistically
significantly unfavorable, then the effect of intervention R over parameter X is
considered statistically unproven.

The procedures described above are forms of scientific experiments called random-
ized control trials (RCTs) [4]. Although there are different study designs for RCTs (e.g.,
single-blinded, double-blinded, parallel-group, cluster, pragmatic, noninferiority, etc.), the
defining characteristic of the described scientific experiments is the (theoretical) possibility
to allocate the participating items into treatment and control groups randomly.

In some experiments, the control group may be non-existent for various reasons.
This is very typical in medical research that tests the effect of a medication or a medical
procedure on humans. We shall describe three situations where using a classical control
group is theoretically problematic and highly controversial from a practical point of view.

Sometimes, leaving patients without care is unethical (and even illegal). Therefore,
some patients are assigned standard treatment (medication or procedure), whereas the re-
maining patients are assigned a new experimental treatment (medication or procedure) [2].
Ethical approvals for such studies are rarely granted, and only for treatments with years of
preliminary lab testing. In that case, we have a special type of control group, because the
experiment does not deal with the absolute effect of the innovative treatment but with the
effect relative to the standard treatment.

At the same time, modern concepts favor evidence-based medicine [5]. The contempo-
rary practice questions well-established procedures applied with a base treatment whose
impact has not been thoroughly studied. It is practically impossible to experiment with
a control group to prove the favorable effect of an established procedure. This is because
one would struggle to explain to the individual patient, to their medical treatment team, to
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their insurance company, or to authorities why they did not receive treatment as per the
best medical practice and instead were included in the control group, where the established
procedure in question was omitted. At the very least, such an experiment would not re-
ceive approval from ethics committees, and the results would be inadmissible in reputable
journals. An ethically admissible and legal way to overcome this situation is to choose the
patients in the experiment to be as similar as possible regarding medical characteristics. Yet,
their medical history should be different enough so that some of them (the experimental
group) are assigned the investigated procedure and base treatment. In contrast, the rest are
only assigned the base treatment based on the best judgment of their medical team. We
assume that such patients form what we will call the pseudo-control group.

A similar situation arises when all required experimentation is conducted for a rel-
atively new medication, which proves its favorable effect. However, the company that
produces the medication took part (in one way or the other) in those experiments. The new
medication, as a rule, is more expensive than its previous version(s), yet due to its favorable
effect, it soon becomes the treatment norm, while at the same time, the higher price does not
directly affect the patients as the medical insurance covers it. Modern research assumes that
independent labs can replicate results from every published experiment. If discrepancies
with the original study are identified, then they are immediately shared with the research
community. This assumption is not valid for this new medication, though. Anyone with
doubts about the new medication’s favorable effect has no opportunity to experiment with
a control group, as each patient should be given the best possible treatment. Again, the
only possibility is to compare the effect of the medication in patients from the experimental
group with that in patients with counterindications for that medication. The latter form a
pseudo-control group because their medical condition differs from that of the patients in
the experimental group.

Let us reformulate the problem at hand. We explore the effect of a given interven-
tion (impact, influence) R in conjunction with another base intervention, V, over a given
parameter X, which describes the outcome of objects in a target population, P. Assume
that before and after interventions V and R, we have measured the values of X for a given
group of objects from P, called the experimental group. We can identify the effect in question
compared to the effect of the base intervention V over parameter X, which characterizes
the status of objects from a population Q, similar to P, called a pseudo-control population. We
assume that before and after intervention V, we have measured the values of X for a given
group of objects from Q, called the pseudo-control group.

As a result, we can form four samples as follows:

1. Eb is the sample that contains the values of parameter X for the experimental group at
the beginning of the experiment.

2. PCb is the sample that contains the values of parameter X for the pseudo-control
group at the beginning of the experiment.

3. Ee is the sample that contains the values of parameter X for the experimental group at
the end of the experiment after the group has been subjected to the base intervention
V and the investigated intervention R.

4. PCe is the sample that contains the values of parameter X for the pseudo-control
group at the end of the experiment after the group has been subjected to the base
intervention V.

Scientific experiments that require the assessment of an intervention effect over a
target population, without a control group that can be allocated initially by the random
assignment of the study units, are called quasi-experiments [6]. Most published studies
using that approach never even mention that they have performed quasi-experiments [7].
The fact that pseudo-control groups are traditionally called control groups does not help
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in that regard. There are numerous quasi-experimental designs (panel data analysis,
nonequivalent control group designs, case–control design, etc.), but the most well-known
and widely used pretest–posttest approaches are the difference-in-differences design (DID)
and the regression discontinuity design (RDD).

DID, in its basic form, is equivalent to regression analysis over two dummy variables—
one for the time period and one for the group membership. It is an easy-to-estimate
quantitative method with understandable ideas [8]. It will always assess (correctly or
incorrectly) the effect of intervention R over parameter X. However, the DID requires that
all the assumptions of the least-squares model (the ordinary or the weighted one) hold [9].
One of the additional assumptions of DID is “the parallel trends assumption”. The latter
claims that the expected outcome for the treated and untreated populations would have
been parallel if, counterfactually, no treatment was applied to both populations. This is
a demanding assumption and rarely can be tested properly [10]. The same is true for the
other assumptions of the DID [11]. Another major drawback of DID is that it can work only
when the preferences over X are monotonic, which is rarely the case in medical studies.
Last, but not least, DID is incapable of assessing the practical significance of the observed
changes regardless of their statistical significance.

RDD is a nonequivalent control group design suitable for problems where a cutoff
surface of some vector or scalar discriminant variable is defined. Each participating item in
the experiment is allocated either to the experimental or pseudo-control groups, depending
on which side of the cutoff surface the participant’s discriminant variable is. If we select
only those participants that are near the cutoff surface, we will form two almost randomly
assigned reduced groups, with objects from one and the subpopulation (lying near the
cutoff surface). The average treatment effect is easily estimated by comparing those new
groups [12]. The idea of RDD is very understandable, but the main drawback is the
requirement for huge sample sizes. This is very useful in big-data setups.

Experimental and pseudo-control groups occasionally contain objects whose mem-
bership to P and Q is unquestionable. In that case, the four samples above are crisp sets.
On other occasions, however, there is ambiguity and uncertainty in the membership of
an arbitrary object from the samples to the respective populations. In that more general
case, we can model ambiguity by associating the values of X for a given object with a
positive integer, μ, that takes values between 0 and 1, which is the degree of membership
of the object to the respective group (where 1 indicates undoubted membership, whereas 0
indicates undoubted lack of membership). Therefore, the four samples can be considered
fuzzy in line with the discussions in [13,14].

We shall explore the effect of intervention R over a selected parameter X by testing the
equality of the populations P and Q before the intervention by comparing the samples Eb

and PCb, and after the intervention by comparing the samples Ee and PCe. Comparing the
statistical differences before and after the intervention will show one aspect of the effect of
R over X.

Testing the equality of X in two populations using two fuzzy samples is a non-trivial
task. Here are some reasons for that:

• The task depends on whether parameter X is discrete or continuous.
• We should conduct the task using several statistical tests whose results should match.
• The results from the tests should have high sensitivity and specificity, as judging the

effect of intervention R over parameter X is based on the differences in the equality
tests before and after the intervention.

A typical situation that creates pseudo-control groups is the experimental testing of
medical procedures over patients. In such cases, we can use a pseudo-control group to
assess the relative effect of the medical procedure compared to another procedure [15,16].
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Let us assume that all participants in the experiment have similar medical characteristics,
yet there are sufficient differences to stratify them into two groups. The pseudo-control
group contains the other patients with indications only for the base intervention V according
to the best judgment of their treatment physician or medical team. The experimental group
contains patients with indications that make them suitable for intervention R in addition to
the base intervention V.

In our work, we explore the case when the proxy variables for the outcome of the
intervention are continuous parameters (e.g., X). In the next section, we review Bootstrap
statistical tests for differences in two fuzzy samples, with X values drawn from two
populations. The third problem, mentioned above, is the core of our paper. We shall solve
this problem using a newly proposed quasi-experimental design called the method of the
fuzzy pseudo-control group (MFPCG). Some ideas of MFPCG can be traced back to [15] (in
the case of crisp samples) and to [16] (in the case of fuzzy samples).

2. State of the Art in Bootstrap Statistical Testing with Fuzzy Samples

Assume we have two one-dimensional (1D) samples of a continuous parameter Z,
with a total of n1 and n2 number of observations each, respectively. The observations z1

k
and z2

k of the first and second samples, respectively, belong to Population 1 and Population
2 with degrees of membership μ1

k and μ2
k , respectively. We can then form Fuzzy sample 1

(denoted Z1) and Fuzzy sample 2 (denoted Z2):

Z1 =
{(

z1
1 − μ1

1

)
,
(

z1
2 − μ1

2

)
, . . . ,

(
z1

n1
− μ1

n1

)}
, (1)

Z2 =
{(

z2
1 − μ2

1

)
,
(

z2
2 − μ2

2

)
, . . . ,

(
z2

n2
− μ2

n2

)}
. (2)

We wish to explore how the different conditions to form the fuzzy samples influence
the continuous 1D parameter Z values. In our setting, fuzzy samples are formed from
two different populations, and we need to test whether Z from Population 1 has the same
distribution as Z from Population 2.

We can use every non-fuzzy sample that describes a given random variable (r.v.) to
approximate the cumulative distribution function (CDF) of that r.v. using an empirical
cumulative distribution function (ECDF) [17]. The only condition to build ECDF is that the
measurements in the sample should be independent and identically distributed (i.i.d.):

CDFj(z) ≈ ECDFj(z) =
1
nj

nj

∑
k = 1

zj
k ≤ z

1, for z ∈ (−∞;+∞) and j = 1, 2. (3)

ECDF interprets the observations in Z1 and Z2 as non-fuzzy and neglects the infor-
mation in the degrees of membership of the observations. Equation (3) assumes that we
construct a discrete probability mass function (PMF), which approximates the density of
the continuous r.v. Z. In this PMF, the probability that the r.v. takes an arbitrary value
equals the relative frequency of that value in the sample.

We can use other CDF approximations under different assumptions for the obser-
vations in the sample (e.g., continuous linear, functional continuous linear, and granular
continuous linear) [18].
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Using the information in the degrees of membership from Fuzzy sample Z1 and Fuzzy
sample Z2, we can derive a fuzzy empirical sample approximation of the CDF or an r.v. as
a fuzzy empirical distribution function (FECDF). This is a generalization of the ECDF [19]:

CDFj(z) ≈ FECDFj(z) =
nj

∑
k = 1

zj
k ≤ z

μi
k

/ nj

∑
k=1

μ
j
k , for z ∈ (−∞;+∞) and j = 1, 2. (4)

In an implicit form [20], FECDF uses the probability mass function, yet here, the prob-
ability for an arbitrary value of the r.v. is the relative weight of the degrees of membership
of that value in the fuzzy sample.

There are no analytical generalizations to calculate the p-value of most statistical
tests over fuzzy samples (unlike crisp samples). An alternative approach is to use fuzzy
Bootstrap simulation to calculate the conditional distributions of a given statistic if the
null hypothesis, H0 (that the populations have the same statistics or distributions), is
true [21]. Bootstrap simulation is a computer-intensive technique that uses N pseudo-
realities [22], where N is a large natural. It has proven effective for hypothesis testing
over fuzzy data [23,24]. A fuzzy Bootstrap procedure only requires that the observations
are i.i.d.

The fuzzy Bootstrap procedures we discuss below have four modifications each
(denoted BM1 through BM4). Depending on how we form the synthetic samples, we
have quasi-equal information generation (i.e., the synthetic samples have almost the same
quantity of information as the original sample) and equal-size generation (i.e., the synthetic
samples have the same number of fuzzy observations as the original sample). Regarding
the type of CDF approximation, we can use either ECDF or FECDF. As a result, we can
define the four Bootstrap Modifications:

• BM1: Fuzzy Bootstrap with quasi-equal-information generation using an ECDF. In
each pseudo-reality, any synthetic sample is generated from the ECDF (constructed
using (3) from the original sample) so that the degree of membership sum is almost
identical to the same sum for the original sample. It is unlikely that the synthetic and
original samples will have the same cardinality.

• BM2: Fuzzy Bootstrap with quasi-equal-information generation using a FECDF. In
each pseudo-reality, any synthetic sample is generated from the FECDF (constructed
using (4) from the original sample) so that the degree of membership sum is almost
identical to the same sum at the original sample. It is unlikely that the synthetic and
original samples will have the same cardinality.

• BM3: Fuzzy Bootstrap with equal-size generation using an ECDF. In each pseudo-
reality, any synthetic sample is generated from the ECDF (constructed using (3) from
the original sample) with cardinality equal to the cardinality of the original sample.
It is unlikely that the synthetic and original samples will have the same degree of
membership sums.

• BM4: Fuzzy Bootstrap with equal-size generation using a FECDF. In each pseudo-
reality, any synthetic sample is generated from the FECDF (constructed using (4) from
the original sample) with cardinality equal to the cardinality of the original sample.
It is unlikely that the synthetic and original samples will have the same degree of
membership sums.

We reiterate that these modifications are valid for all Bootstrap tests we present below.
The test statistic measures the difference between two sample CDFs when testing

the equality of two population distributions. This assumes that the two populations have
identical underlying continuous distributions.
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There are three statistics classes when testing the equality of two continuous distribu-
tions. A typical representative of the quadratic class is the quadratic Anderson–Darling
statistic and the Kramer–von Mises statistic [25]. The rank class uses metrics such as the
Mann–Whitney U statistic and the Wilcoxon T statistic [26]. The most frequently used ones
from the supremum class are the Kolmogorov–Smirnov [27] and its improved version—the
Kuiper statistic (Ku) [28]. Ku is the sum of the supremum of positive differences and the
supremum of the negative differences between two approximations of CDF based on the
available samples:

Ku = sup
z
(CDF1(z)− CDF2(z)) + sup

z
(CDF2(z)− CDF1(z)). (5)

The statistic (5) has the same sensitivity to deviations for all values of Z.
For continuous CDF, the estimate of the supremum requires non-trivial optimization

and takes considerable time. The supremum in (5) is often replaced with a maximum, as
suggested in [29]. In the case of fuzzy samples with FECDF approximation of CDF1 and
CDF2, we can represent (5) as

Ku = max
k=1,2,...,n1

(
FECDF1

(
z1

k

)
− FECDF2

(
z1

k

))
+ max

k=1,2,...,n2

(
FECDF2

(
z2

k

)
− FECDF1

(
z2

k

))
. (6)

The work [30] proves that in the case of FECDF calculated using (4)–(6), we can
calculate Ku directly from the sample observations without the need to construct the FECDF:

Kur = max
i=1,2,...,n1

⎛⎜⎜⎜⎜⎜⎝
n1
∑

k = 1
z1

k ≤ z1
i

μ1
k

/ n1
∑

k=1
μ1

k −
n2
∑

k = 1
z2

k ≤ z1
i

μ2
k

/ n2
∑

k=1
μ2

k

⎞⎟⎟⎟⎟⎟⎠

+ max
i=1,2,...,n2

⎛⎜⎜⎜⎜⎜⎝
n2
∑

k = 1
z2

k ≤ z2
i

μ2
k

/ n2
∑

k = 1
z2

k ≤ z2
i

μ2
k −

n1
∑

k = 1
z1

k ≤ z2
i

μ1
k

/ n1
∑

k=1
μ1

k

⎞⎟⎟⎟⎟⎟⎠.

(7)

Dependence (7) brings down the calculation of Ku to a finite number of calculations
of FECDF for given data points. The observations in the samples Z1 and Z2 are random;
hence, Ku is an r.v., and Kur is one possible realization. The work [30] also offered a theorem
to calculate the Kuiper statistic for fuzzy samples. It showed that (a) the statistic always
exists; (b) the criterion is in the interval [0; 1]; (c) the supremum in (6) is a maximum; and
(d) the criterion can be calculated using (7) with no more than (n1 + n2) calculations of
the FECDF.

The non-fuzzy Bootstrap procedure constructs the conditional distributions of the
Kuiper statistic when each observation in the samples (1) and (2) belongs with certainty to
their respective populations if H0 is true [31] (i.e., all degrees of membership in the sample
equal to 1). The work [32] expands these procedures. It offers a numerical simulation algo-
rithm to find the p-value of the statistical test for equality of the 1D continuous distributions
of two populations, represented by the fuzzy samples (1) and (2).

In addition to exploring the distributions, we are also interested in knowing how the
different conditions of obtaining the fuzzy samples impact the numerical characteristics of
the distribution of the continuous 1D parameter in Population 1 and Population 2. This
resembles the situation when the two fuzzy samples originate from two different popula-
tions. We shall explore the equality of the numerical characteristic C of the distribution law
of an r.v. in Population 1 and Population 2. We need to test if Population 1 has the same
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C as Population 2. The statistical tests calculate the value s of a given estimator S of the
resemblance between the numerical characteristic estimates ĉ1 and ĉ2, that originate from
fuzzy samples (1) and (2).

Some works, like [33], that discuss the procedures to assess the equality of arbitrary
numerical characteristics (as presented above), also expand according to the type of the test
(one-tailed or two-tailed). Then, we have eight variants of each fuzzy Bootstrap procedure.

Assume that M1 and M2 are the mean values for Populations 1 and 2, respectively.
We can calculate the weighted mean values of the fuzzy samples (1) and (2), M̂1 and M̂2,
respectively, which we will call fuzzy sample means:

M̂j =

nj

∑
k=1

μ
j
kzj

k

/ nj

∑
k=1

μ
j
k, for j = 1, 2. (8)

We will use the same notation for fuzzy sample p-quantile, fuzzy sample median,
fuzzy sample variance, fuzzy sample STD, fuzzy sample interquartile range, fuzzy tests,
etc. This aligns well with Zadeh’s understanding that fuzzy logic is not logic that is fuzzy
but rather crisp-rule logic dealing with fuzzy sets [34]. However, we never use fuzzy
numbers in the whole paper, yet the samples (1) and (2) are still fuzzy, since the degree
of membership of each observation measures how much that observation belongs to the
respective population. This is the main component of Zadeh’s idea, trying to formalize the
fuzziness of concepts as part of the general uncertainty of the data.

For the test statistic, the works [32,33] use the difference,

Δmean
1−2,r = M̂1 − M̂2 (9)

The difference (9) is a realization of the random variable Δmean
1−2 .

The work [32] presents a Bootstrap statistical test in eight variants to explore the
difference in the means of two populations using fuzzy samples. The null hypothesis H0

for all tests is that the populations have equal means. The alternative hypothesis H1 varies
depending on the test. The tests calculate the p-value, i.e., the probability of observing
a difference between the means of the fuzzy samples as least as great as the measured
one, if H0 is true. The algorithms to calculate the p-values of those Bootstrap variants are
also presented.

Assume that the elements of the fuzzy samples Z1 and Z2 from (1) and (2) are sorted
to derive the sorted fuzzy samples, Z1,sort and Z2,sort:

Z1,sort =
{(

z1,sort
1 − μ1,sort

1

)
,
(

z1,sort
2 − μ1,sort

2

)
, . . . ,

(
z1,sort

n1
− μ1,sort

n1

)}
(10)

where z1,sort
1 ≤ z1,sort

2 ≤ . . . ≤ z1,sort
n1 ,

Z2,sort =
{(

z2,sort
1 − μ2,sort

1

)
,
(

z2,sort
2 − μ2,sort

2

)
, . . . ,

(
z2,sort

n1
− μ2,sort

n1

)}
(11)

where z2,sort
1 ≤ z2,sort

2 ≤ z2,sort
3 ≤ . . . ≤ z2,sort

n2 .
The work [33] offers a generalized procedure to calculate a fuzzy p-quantile of a

distribution using sorted data from a fuzzy sample. The procedure uses the real function
qj(.) from (12) for p ∈ [0; 1], which is linearly approximated on the nodes

(
pj

i , qj
i

)
given in

(13) (where j = 1, 2 refers to the sorted samples (10) and (11)):

qj(p) =

⎧⎪⎨⎪⎩
qj

i for p = pj
i

qj
i +

(
qj

i+1−qj
i

)(
p−pj

i

)
(

pj
i+1−pj

i

) for pj
i < p < pj

i+1
, for j = 1, 2, (12)

164



Appl. Sci. 2025, 15, 1370

(
pj

i , qj
i

)
=

⎧⎪⎪⎪⎪⎪⎪⎪⎪⎪⎪⎨⎪⎪⎪⎪⎪⎪⎪⎪⎪⎪⎩

(
0, zj,sort

1

)
for i = 0(

μ
j,sort
1
2

, zj,sort
1

)
for i = 1(

i−1
∑

k=1
μ

j,sort
k +

μ
j,sort
i
2

, zj,sort
i

)
for i = 2, 3, . . . , nj(

1, zj,sort
nj

)
for i = nj + 1

, for j = 1, 2. (13)

The functions (12) assess the fuzzy p-quantile of the continuous r.v. Z using the sorted
fuzzy samples (10) and (11).

Assume that MED1 and MED2 are the medians for Populations 1 and 2, respectively.
We can calculate the fuzzy sample medians, ̂MED1 and ̂MED2, using the function (12)
as follows:

̂MEDj = qj(0.5), for j = 1, 2 (14)

The test statistic in [33,35,36] is the difference:

Δmed
1−2,r = ̂MED1 −̂MED2. (15)

The difference (15) is a realization of the random variable Δmed
1−2. The Bootstrap algo-

rithms to test the equality of medians over non-fuzzy samples are presented in [35,36].
Assume that VAR1 and VAR2 are the variances for Populations 1 and 2, respectively.

We can calculate the fuzzy sample variances, ̂VAR1 and ̂VAR2, as

̂VARj =

nj

∑
k=1

μ
j
k

(
zj

k − M̂j

)2

nj

∑
k=1

μ
j
k − max

{
μ

j
1, μ

j
2, . . . , μ

j
nj

} , for j = 1, 2. (16)

In (16), M̂j are the sample fuzzy means calculated using (8). For the test statistic, we
can use the ratio

Rvar
1/2,r =

̂VAR1/̂VAR2 . (17)

The ratio (17) is a realization of the random variable Rvar
1/2. The work [37] presents

algorithms for Bootstrap tests for the equality of variances over non-fuzzy samples.
Assume that IQR1 and IQR2 are the interquartile ranges of Populations 1 and 2,

respectively. We can calculate the fuzzy sample interquartile ranges, ÎQR1 and ÎQR2, using
the function (12):

ÎQRj = qj(0.75)− qj(0.25), for j = 1, 2. (18)

For the test statistic, we use the ratio

Riqr
1/2,r = ÎQR1/ ÎQR2 . (19)

The ratio (19) is a realization of the random variable Riqr
1/2. The work [38] presents

algorithms for Bootstrap tests for the equality of interquartile ranges over non-fuzzy samples.
When the degrees of membership in (8), (13), (14), (16), and (18) equal 1, the formulae

simplify to the well-known non-fuzzy sample estimates using the maximum likelihood
estimates for the numerical characteristics of the random variable Z.

The work [39] constructs and uses algorithms for testing the equality of population
medians, variances, and interquartile ranges over fuzzy samples by combining the fuzzy
algorithms for the equality of population means from [32] with the non-fuzzy algorithms
for the equality of population medians, variances, and interquartile intervals from [35–38].
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Our paper does not claim any contributions to the Bootstrap statistical tests described
in the current review section. Please refer to the references for details regarding those tests
and their justification. In this study, we only implement those Bootstrap statistical tests to
solve a challenging new problem.

Modern tendencies in statistical tests use a cluster of tests instead of single tests to
explore the differences between two populations. Similar ideas are proposed in [39], where
two populations are compared using a cluster of Bootstrap tests for means, medians, and
lower/upper quartiles based on data from fuzzy samples.

3. The Method of the Fuzzy Pseudo-Control Group

For practical reasons, we sometimes need to use pseudo-control groups to explore
a given effect. As we showed in Section 1, the standard approach is to define four fuzzy
samples and compare the population characteristics pre- and post intervention. Section 2
shows that a sufficient number of Bootstrap tests can estimate the differences between
the samples well. In this section, we shall introduce the MFPCG as one possible way to
assess the effect using pseudo-control groups. This method may use several continuous
parameters. We shall define the method for only a single parameter, but the application for
the case of several parameters is trivial.

Sections 3.1–3.5 present the essence of each of the key stages of MFPCG as follows:

1. An expert-based definition of the optimal values of parameter X.
2. A favorability assessment of the differences between the populations.
3. The identification of the statistical significance of differences between populations.
4. The categorization of differences between populations.
5. The classification of the MFPCG result.

The realization of the method is not as straightforward as simply going through the
five steps. After we choose the continuous parameter X, we can perform stage 1. We will
quantify the prior (before the effect) differences between the target and the pseudo-control
populations by performing stages 2, 3, and 4 over samples Eb and PCb. Then, we will
quantify the posterior (after the effect) differences between the target and the pseudo-
control populations by performing stages 2, 3, and 4 over samples Ee and PCe. Finally,
we can perform stage 5 and quantify the effect over X. If the investigated effect can be
demonstrated with other continuous parameters, we will repeat the same procedure for
each one of them.

3.1. An Expert-Based Definition of the Optimal Values of Parameter X

Let Fuzzy sample 1 contain the values of the continuous parameter X and their degrees
of membership for patients in the experimental group. In contrast, let Fuzzy sample 2
contain the values of X and their degrees of membership for patients in the pseudo-control
group. We assume that the preferences over the values of parameter X are either monotonic
or unimodal with a “flat” maximum within the range of X. Such preferences were referred
to as hill preferences in [40]. In both cases, we can use expert input to define the optimal
values of parameter X to be between Xd,opt to Xu,opt. The outcome becomes less favorable as
X decreases from Xd,opt, and as X increases from Xu,opt. All values between Xd,opt to Xu,opt

are equally preferred by the expert.
When the expert preferences over X are monotonically increasing, we shall set that

Xd,opt = Xu,opt = +∞. Similarly, when the expert preferences over X are monotonically
decreasing, then we shall set Xd,opt = Xu,opt = −∞. Here, we use the fact that monotonic
preferences are a special case of hill preferences.

Let ΔX be an expert-defined value of parameter X, such that any change in the
parameter below this value is practically insignificant.
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Preferences of this sort are widespread in the medical domain, where we very often
encounter hill preferences and, at times, monotonic preferences. Valley preferences, as
per [40], and multimodal preferences, as a rule, do not occur in medical practice.

3.2. A Favorability Assessment of the Difference Between Populations

For the experimental group, we can calculate the sample fuzzy numerical characteris-
tics of the distribution of X from Fuzzy sample 1, denoted as follows: ME—sample fuzzy
mean value in the experimental group; MEDE—sample fuzzy median in the experimental
group; VARE—sample fuzzy variance in the experimental group; IQRE—sample fuzzy
interquartile range in the experimental group.

Similarly, for the pseudo-control group, we can calculate the sample fuzzy numerical
characteristics of the distribution of X from Fuzzy sample 2, denoted as follows: MPC—
sample fuzzy mean in the pseudo-control group; MEDPC—sample fuzzy median in the
pseudo-control group; VARPC—sample fuzzy variance in the pseudo-control group; IQRPC—
sample fuzzy interquartile range in the pseudo-control group.

Each distribution has multiple measures of location and multiple measures of disper-
sion. For the sake of simplicity, from this point forward in the paper, the term “measures
of location” will refer only to the mean and/or the median. Similarly, “measures of
dispersion” will refer only to the variance (the squared standard deviation) and/or the
interquartile range.

We will assume hill or monotonic preferences over the X values, as discussed in
Section 3.1. Below, we present an algorithm to assess the favorability of differences between
the fuzzy measures of location in the two populations.

Stage 2 Algorithm: A Favorability Assessment of the Difference Between the Fuzzy Central
Tendencies of Two Populations

For fuzzy means:

If |ME − MPC| < ΔX, or
(

Xd,opt − ΔX
)

< ME < MPC <
(
Xu,opt + ΔX

)
, or(

Xd,opt − ΔX
)
< MPC < ME <

(
Xu,opt + ΔX

)
, then ME is assumed to be neutral to MPC.

If MPC ≤ min
{

Xd,opt − ΔX, ME − ΔX
}

≤ Xd,opt − ΔX < ME < Xu,opt + ΔX,

or
(

Xd,opt − ΔX
)

< ME < Xu,opt + dX ≤ max
{

Xu,opt + dX, ME + dX
} ≤ MPC, or(

Xu,opt + ΔX
) ≤ ME ≤ (MPC − ΔX), or (MPC + ΔX) ≤ ME ≤

(
Xd,opt − ΔX

)
, then ME is

assumed to be more favorable than MPC.
If ME ≤ min

{
Xd,opt − ΔX, MPC − ΔX

}
≤ Xd,opt − ΔX < MPC < Xu,opt + ΔX,

or
(

Xd,opt − ΔX
)

< MPC < Xu,opt + dX ≤ max
{

Xu,opt + dX, MPC + dX
} ≤ ME, or(

Xu,opt + ΔX
) ≤ MPC ≤ (ME − ΔX), or (ME + ΔX) ≤ MPC ≤

(
Xd,opt − ΔX

)
, then ME is

assumed to be less favorable than MPC.
If ME ≤

(
Xd,opt − ΔX

)
<

(
Xu,opt + ΔX

) ≤ MPC, or MPC ≤
(

Xd,opt − ΔX
)

<(
Xu,opt + ΔX

) ≤ ME, then the favorability of ME compared to MPC is problem-specific and
should be defined by an expert in the respective field. Such cases only rarely occur, as they
indicate excessive medical intervention.
For fuzzy medians:

If either |MEDE − MEDPC| < ΔX, or
(

Xd,opt − ΔX
)

< MEDE < MEDPC <(
Xu,opt + ΔX

)
, or

(
Xd,opt − ΔX

)
< MEDPC < MEDE <

(
Xu,opt + ΔX

)
, then MEDE is

assumed to be neutral to MEDPC.
If MEDPC ≤ min

{
Xd,opt − ΔX, MEDE − ΔX

}
≤ Xd,opt − ΔX < MEDE < Xu,opt +

ΔX, or
(

Xd,opt − ΔX
)

< MEDE < Xu,opt + dX ≤ max
{

Xu,opt + dX, MEDE + dX
} ≤
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MEDPC, or
(
Xu,opt + ΔX

) ≤ MEDE ≤ (MEDPC − ΔX), or (MEDPC + ΔX) ≤ MEDE ≤(
Xd,opt − ΔX

)
, then MEDE is assumed to be more favorable than MEDPC.

If MEDE ≤ min
{

Xd,opt − ΔX, MEDPC − ΔX
}

≤ Xd,opt − ΔX < MEDPC < Xu,opt +

ΔX, or
(

Xd,opt − ΔX
)

< MEDPC < Xu,opt + dX ≤ max
{

Xu,opt + dX, MEDPC + dX
} ≤

MEDE, or
(
Xu,opt + ΔX

) ≤ MEDPC ≤ (MEDE − ΔX), or (MEDE + ΔX) ≤ MEDPC ≤(
Xd,opt − ΔX

)
, then MEDE is assumed to be less favorable than MEDPC.

If MEDE ≤
(

Xd,opt − ΔX
)
<
(
Xu,opt + ΔX

) ≤ MEDPC, or MEDPC ≤
(

Xd,opt − ΔX
)
<(

Xu,opt + ΔX
) ≤ MEDE, then the favorability of MEDE compared to MEDPC is problem-

specific and should be defined by an expert in the respective field. Such cases only rarely
occur, as they are an indication of excessive medical intervention.

If MFPCG is applied outside the medical domain, then valley preferences over X may
be present, and we will need to adapt the Stage 2 Algorithm. However, if multimodal
preferences are present, then the Stage 2 Algorithm is inapplicable and unadaptable.

3.3. The Identification of the Statistical Significance of Differences Between Populations

We shall use nine fuzzy statistical Bootstrap tests to explore the statistical significance
of differences between the populations of X:

Test 1: Fuzzy Bootstrap Kuiper test for equality of population distributions (FBT1).
Test 2. Fuzzy two-tail Bootstrap test for equality of population means (FBT2).
Test 3. Fuzzy one-tail Bootstrap test for equality of population means (FBT3).
Test 4. Fuzzy two-tail Bootstrap test for equality of population medians (FBT4).
Test 5. Fuzzy one-tail Bootstrap test for equality of population medians (FBT5).
Test 6. Fuzzy two-tail Bootstrap test for equality of population variances (FBT6).
Test 7. Fuzzy one-tail Bootstrap test for equality of population variances (FBT7).
Test 8. Fuzzy two-tail Bootstrap test for equality of population interquartile ranges (FBT8).
Test 9. Fuzzy one-tail Bootstrap test for equality of population interquartile ranges (FBT9).

Let Pvaluei be the probability of incorrectly rejecting the null hypothesis in test i, where
i = 1, 2, . . .,9. Let also α be the significance level of all tests with a value determined by
the expert.

We present an algorithm to identify the statistical significance of differences between
two populations using measures of location and dispersion.

Stage 3 Algorithm: Defining the Statistical Significance of Differences Between Two
Populations

For distributions:

If Pvalue1 ≤ α, then the population distributions are assumed to be statistically
significantly different.

If α < Pvalue1 < 2α, then the population distributions are assumed to be borderline
statistically significantly different.

If Pvalue1 ≥ 2α, then the population distributions are assumed statistically indistin-
guishable.
For means:

If Pvalue3 ≤ Pvalue2 ≤ α and ME > MPC, then the mean of the target population P is
assumed to be statistically significantly greater than that of the pseudo-control population Q.

If Pvalue3 ≤ Pvalue2 ≤ α and ME < MPC, then the mean of the target population P is
assumed to be statistically significantly smaller than that of the pseudo-control population Q.

If Pvalue3 ≤ α < Pvalue2 and ME > MPC, then the mean of the target population P is
assumed to be borderline statistically significantly greater than that of the pseudo-control
population Q.
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If Pvalue3 ≤ α < Pvalue2 and ME < MPC, then the mean of the target population P is
assumed to be borderline statistically significantly smaller than that of the pseudo-control
population Q.

If α < Pvalue3 ≤ Pvalue2, then the mean of the target population P is assumed to be
statistically indistinguishable from that of the pseudo-control population Q.
For medians:

If Pvalue5 ≤ Pvalue4 ≤ α and MEDE > MEDPC, then the median of the target popula-
tion P is assumed to be statistically significantly greater than that of the pseudo-control
population Q.

If Pvalue5 ≤ Pvalue4 ≤ α and MEDE < MEDPC, then the median of the target popula-
tion p is assumed to be statistically significantly smaller than that of the pseudo-control
population Q.

If Pvalue5 ≤ α < Pvalue4 and MEDE > MEDPC, then the median of the target pop-
ulation P is assumed to be borderline statistically significantly greater than that of the
pseudo-control population Q.

If Pvalue5 ≤ α < Pvalue4 and MEDE < MEDPC, then the median of the target pop-
ulation P is assumed to be borderline statistically significantly smaller than that of the
pseudo-control population Q.

If α < Pvalue5 ≤ Pvalue4, then the median of the target population P is assumed to
be statistically indistinguishable from that of the pseudo-control population Q.
For variances:

If Pvalue7 ≤ Pvalue6 ≤ α and VARE > VARPC, then the variance of the target popula-
tion P is assumed to be statistically significantly greater than that of the pseudo-control
population Q.

If Pvalue7 ≤ Pvalue6 ≤ α and VARE < VARPC, then the variance of the target popula-
tion P is assumed to be statistically significantly smaller than that of the pseudo-control
population Q.

If Pvalue7 ≤ α < Pvalue6 and VARE > VARPC, then the variance of the target pop-
ulation P is assumed to be borderline statistically significantly greater than that of the
pseudo-control population Q.

If Pvalue7 ≤ α < Pvalue6 and VARE < VARPC, then the variance of the target pop-
ulation P is assumed to be borderline statistically significantly smaller than that of the
pseudo-control population Q.

If α < Pvalue7 ≤ Pvalue6, then the variance of the target population P is assumed to
be statistically indistinguishable from that of the pseudo-control population Q.
For interquartile ranges:

If Pvalue9 ≤ Pvalue8 ≤ α and IQRE > IQRPC, then the interquartile range of the
target population P is assumed to be statistically significantly greater than that of the
pseudo-control population Q.

If Pvalue9 ≤ Pvalue8 ≤ α and IQRE < IQRPC, then the interquartile range of the
target population P is assumed to be statistically significantly smaller than that of the
pseudo-control population Q.

If Pvalue9 ≤ α < Pvalue8 and IQRE > IQRPC, then the interquartile range of the target
population P is assumed to be borderline statistically significantly greater than that of the
pseudo-control population Q.

If Pvalue9 ≤ α < Pvalue8 and IQRE < IQRPC, then the interquartile range of the target
population P is assumed to be borderline statistically significantly smaller than that of the
pseudo-control population Q.

If α < Pvalue9 ≤ Pvalue8, then the interquartile range of the target population p is
assumed to be statistically indistinguishable from that of the pseudo-control population Q.
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In the Stage 3 Algorithm, we are not ordering p-values of different statistical tests.
Instead, what we aim to do is to calculate whether the one-tail and the two-tail tests are
in compliance. In this sense, we explore four pairs of (one-tail—two-tail) tests—FBT2 and
FBT3, FBT4 and FBT5, FBT6 and FBT7, and FBT8 and FBT9. If both tests in a pair reject
the null hypothesis or if both tests in a pair fail to reject it, the result is clear. However, if
the test results in a pair contradict, then there is no consensus in the statistical community
as to which test should take precedence. In that case, we assume borderline statistical
significance. The proposed Stage 3 Algorithm is a heuristic one that tries to encode common
sense for application of statistical tests.

3.4. The Categorization of Differences Between Populations

Since we have defined the statistical significance and favorability of differences in
parameter X between the target and the pseudo-control populations, we can now define
the category Ct of the established differences in X in the two populations. Ct takes five
different values, as follows:

Category ’C+1’—the continuous parameter X indicates a statistically significant, more
favorable condition in the target population than in the pseudo-control population.

Category ’C+1/2’—the continuous parameter X indicates borderline statistically signifi-
cant, more favorable conditions in the target population than in the pseudo-control population.

Category ’C0’—the continuous parameter X indicates a statistically insignificant dif-
ference in condition for the target and pseudo-control populations.

Category ’C–1/2’—the continuous parameter X indicates borderline statistically signifi-
cant, less favorable conditions in the target population than in the pseudo-control population.

Category ’C–1’—the continuous parameter X indicates statistically significant, less
favorable conditions in the target population than in the pseudo-control population.

To improve the clarity and compactness of the presentation, we have introduced three
conditions. The First Condition holds if the distributions of X in populations P and Q are
statistically significantly different, and both characteristics of dispersion in the populations
P and Q are not statistically different. The Second Condition holds if the distributions of
X in populations P and Q are statistically significantly different, and both characteristics
of dispersion in the populations P and Q are statistically indistinguishable. The Third
Condition holds if the distributions of X in populations P and Q are borderline statistically
significantly different and both characteristics of dispersion in populations P and Q are
statistically indistinguishable.

We categorize the differences in the continuous parameter X between the two popula-
tions by consecutively testing the following 15 rules:

1. If one of the measures of the location of X in the target population P is statistically
significantly more favorable than that in the pseudo-control population Q, whereas the
other measure of location in the target population P is neither statistically significantly
nor borderline statistically significantly less favorable than that of the pseudo-control
population Q, then categorize in C+1.

2. If one of the measures of location of X in the target population P is statistically
significantly more favorable than that in the pseudo-control population Q, whereas
the other measure of location in the target population P is borderline statistically
significantly less favorable than that of the pseudo-control population Q, and the First
Condition holds, then categorize in C+1.

3. If one of the measures of location of X in the target population P is borderline sta-
tistically significantly more favorable than that in the pseudo-control population Q,
whereas the other measure of location in the target population P is either borderline
statistically significantly more favorable, or statistically indistinguishable, or neu-
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tral to that in the pseudo-control population Q, and the First Condition holds, then
categorize in C+1.

4. If one of the measures of location of X in the target population P is statistically in-
significantly more favorable than that in the pseudo-control population Q, whereas
the other measure of location in the target population P is either statistically insignifi-
cantly more favorable or neutral compared to that in the pseudo-control population
Q, and the Second Condition holds, then categorize in C+1.

5. If one of the measures of location of X in the target population P is statistically
significantly less favorable than that in the pseudo-control population Q, whereas the
other measure of location in the target population P is neither statistically significantly
nor borderline statistically significantly more favorable than that in the pseudo-control
population Q, then categorize in C−1.

6. If one of the measures of location of X in the target population P is statistically
significantly less favorable than that in the pseudo-control population Q, whereas
the other measure of location in the target population P is borderline statistically
significantly more favorable than that in the pseudo-control population Q, and the
First Condition holds, then categorize in C−1.

7. If one of the measures of location of X in the target population P is borderline sta-
tistically significantly less favorable than that in the pseudo-control population Q,
whereas the other measure of location in the target population P is either borderline
statistically significantly less favorable, or statistically indistinguishable, or neutral
compared to that in the pseudo-control population Q, and the First Condition holds,
then categorize in C−1.

8. If one of the measures of location of X in the target population P is statistically insignif-
icantly less favorable than that in the pseudo-control population Q, whereas the other
measure of location in the target population P is either statistically insignificantly less
favorable or neutral compared to that in the pseudo-control population Q, and the
Second Condition holds, then categorize in C−1.

9. If one of the measures of location of X in the target population P is statistically signifi-
cantly more favorable than that in the pseudo-control population Q, whereas the other
measure of location in the target population P is borderline statistically significantly
less favorable than that in the pseudo-control population Q, then categorize in C+1/2.

10. If one of the measures of location of X in the target population P is borderline sta-
tistically significantly more favorable than that in the pseudo-control population Q,
whereas the other measure of location in the target population P is either borderline
statistically significantly more favorable, or statistically indistinguishable, or neutral
with that in the pseudo-control population Q, then categorize in C+1/2.

11. If one of the measures of location of X in the target population P is statistically in-
significantly more favorable than that in the pseudo-control population Q, whereas
the other measure of location in the target population P is either statistically insignifi-
cantly more favorable or neutral with that in the pseudo-control population Q, and
the Third Condition holds, then categorize in C+1/2.

12. If one of the measures of location of X in the target population P is statistically
significantly less favorable than that in the pseudo-control population Q, whereas
the other measure of location in the target population P is borderline statistically
significantly more favorable than that in the pseudo-control population Q, then
categorize in C−1/2.

13. If one of the measures of location of X in the target population P is borderline sta-
tistically significantly less favorable than that in the pseudo-control population Q,
whereas the other measure of location in the target population P is either borderline
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statistically significantly less favorable, or statistically indistinguishable, or neutral
with that in the pseudo-control population Q, then categorize in C−1/2.

14. If one of the measures of location of X in the target population P is statistically insignif-
icantly less favorable than that in the pseudo-control population Q, whereas the other
measure of location in the target population P is either statistically insignificantly
less favorable or neutral with that in the pseudo-control population Q, and the Third
Condition holds, then categorize in C−1/2.

15. If none of Rules 1 to 14 apply, then categorize in C0.

Categorizing the differences between populations consecutively, applying the formu-
lated fifteen rules, can be called the rule-based approach.

Alternatively, we can solve the same problem by constructing a discrete function that
depends on two discrete variables and three logical variables.

The first input variable is the category CM of the differences in the means of X in both
populations. CM has seven different discretes, as follows:

M00—when the mean of X in the target population P is neutral compared to that in
the pseudo-control population Q.

M+1, M+1/2, M+0—when the mean of X in the target population P is, respectively,
statistically significant, borderline statistically significant, or statistically insignificant and
more favorable than that in the pseudo-control population Q.

M−1, M−1/2, M−0—when the mean of X in the target population P is, respectively,
statistically significant, borderline statistically significant, or statistically insignificant and
less favorable than that in the pseudo-control population Q.

The second input variable is the category CMED of the differences in the medians of X
in both populations. CMED has seven different discretes as follows:

MED00—when the median of X in the target population P is neutral compared to that
in the pseudo-control population Q.

MED+1, MED+1/2, MED+0—when the median of X in the target population P is, respec-
tively, statistically significant, borderline statistically significant, or statistically insignificant
and more favorable than that in the pseudo-control population Q.

MED−1, MED−1/2, MED−0—when the median of X in the target population P is,
respectively, statistically significant, borderline statistically significant, or statistically in-
significant and less favorable than that in the pseudo-control population Q.

The third input variable is the validity Cond1 of the First Condition. Cond1 takes the
logical values ‘T’ and ‘F’ depending on whether the First Condition is true or false.

The fourth input variable is the validity Cond2 of the Second Condition. Cond2 takes
the logical values ‘T’ and ‘F’ depending on whether the Second Condition is true or false.

The fifth input variable is the validity Cond3 of the Third Condition. Cond3 takes the
logical values ‘T’ and ‘F’ depending on whether the Third Condition is true or false.

Now, we can define the function of categorization Ct as:

Ct = Ct(CM, CMED, Cond1, Cond2, Cond3) (20)

Table 1 presents the values of the discrete function Ct depending on the values of
the input variables. The third column of the table depends on the logical variables Cond1,
Cond2, and Cond3 and is different in each case. If a line in that column is empty, then the
categorization does not depend on the three logical variables.

Performing stage 4 of MFPCG using Table 1 can be called the function-based approach.
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Table 1. The discrete categorization function Ct values depending on the CM, CMED, Cond1, Cond2,
and Cond3 input variables. The last column shows the rule that defines Ct.

CM CMED Generalized Condition Ct Rule

M+1 MED+1 C+1 1

M+1 MED+1/2 C+1 1

M+1 MED+0 C+1 1

M+1 MED00 C+1 1

M+1 MED–0 C+1 1

M+1 MED–1/2 Cond1 = T C+1 2

M+1 MED–1/2 Cond1 = F C+1/2 9

M+1 MED–1 C0 15

M+1/2 MED+1 C+1 1

M+1/2 MED+1/2 Cond1 = T C+1 3

M+1/2 MED+1/2 Cond1 = F C+1/2 10

M+1/2 MED+0 Cond1 = T C+1 3

M+1/2 MED+0 Cond1 = F C+1/2 10

M+1/2 MED00 Cond1 = T C+1 3

M+1/2 MED00 Cond1 = F C+1/2 10

M+1/2 MED–0 Cond1 = T C+1 3

M+1/2 MED–0 Cond1 = F C+1/2 10

M+1/2 MED–1/2 C0 15

M+1/2 MED–1 Cond1 = T C–1 6

M+1/2 MED–1 Cond1 = F C–1/2 12

M+0 MED+1 C+1 1

M+0 MED+1/2 Cond1 = T C+1 3

M+0 MED+1/2 Cond1 = F C+1/2 10

M+0 MED+0 Cond2 = T C+1 4

M+0 MED+0 Cond2 = F and Cond3 = T C+1/2 11

M+0 MED+0 Cond2 = F and Cond3 = F C0 15

M+0 MED00 Cond2 = T C+1 4

M+0 MED00 Cond2 = F and Cond3 = T C+1/2 11

M+0 MED00 Cond2 = F and Cond3 = F C0 15

M+0 MED–0 C0 15

M+0 MED–1/2 Cond1 = T C–1 7

M+0 MED–1/2 Cond1 = F C–1/2 13

M+0 MED–1 C–1 5

M00 MED+1 C+1 1

M00 MED+1/2 Cond1 = T C+1 3

M00 MED+1/2 Cond1 = F C+1/2 10

M00 MED+0 Cond2 = T C+1 4

M00 MED+0 Cond2 = F and Cond3 = T C+1/2 11

M00 MED+0 Cond2 = F and Cond3 = F C0 15
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Table 1. Cont.

CM CMED Generalized Condition Ct Rule

M00 MED00 C0 15

M00 MED–0 Cond2 = T C–1 8

M00 MED–0 Cond2 = F and Cond3 = T C–1/2 14

M00 MED–0 Cond2 = F and Cond3 = F C0 15

M00 MED–1/2 Cond1 = T C–1 7

M00 MED–1/2 Cond1 = F C–1/2 13

M00 MED–1 C–1 5

M–0 MED+1 C+1 1

M–0 MED+1/2 Cond1 = T C+1 3

M–0 MED+1/2 Cond1 = F C+1/2 10

M–0 MED+0 C0 15

M–0 MED00 Cond2 = T C–1 8

M–0 MED00 Cond2 = F and Cond3 = T C–1/2 14

M–0 MED00 Cond2 = F and Cond3 = F C0 15

M–0 MED–0 Cond2 = T C–1 8

M–0 MED–0 Cond2 = F and Cond3 = T C–1/2 14

M–0 MED–0 Cond2 = F and Cond3 = F C0 15

M–0 MED–1/2 Cond1 = T C–1 7

M–0 MED–1/2 Cond1 = F C–1/2 13

M–0 MED–1 C–1 5

M–1/2 MED+1 Cond1 = T C+1 2

M–1/2 MED+1 Cond1 = F C+1/2 9

M–1/2 MED+1/2 C0 15

M–1/2 MED+0 Cond1 = T C–1 7

M–1/2 MED+0 Cond1 = F C–1/2 13

M–1/2 MED00 Cond1 = T C–1 7

M–1/2 MED00 Cond1 = F C–1/2 13

M–1/2 MED–0 Cond1 = T C–1 7

M–1/2 MED–0 Cond1 = F C–1/2 13

M–1/2 MED–1/2 Cond1 = T C–1 7

M–1/2 MED–1/2 Cond1 = F C–1/2 13

M–1/2 MED–1 C–1 5

M–1 MED+1 C0 15

M–1 MED+1/2 Cond1 = T C–1 6

M–1 MED+1/2 Cond1 = F C–1/2 12

M–1 MED+0 C–1 5

M–1 MED00 C–1 5

M–1 MED–0 C–1 5
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Table 1. Cont.

CM CMED Generalized Condition Ct Rule

M–1 MED–1/2 C–1 5

M–1 MED–1 C–1 5

3.5. The Classification of the MFPCG Result

Let b be an integer from the set {+1, +1/2, 0, –1/2, –1} that coincides with the index of
the category Cb, where the differences in the values of parameter X in the target population
P and the pseudo-control population Q were categorized. Let e be an integer from the set
{+1, +1/2, 0, –1/2, –1} that coincides with the index of the category Ce, where the differences
between the values of parameter X in the target population P and the pseudo-control
population Q were categorized. The ordered pair (Cb, Ce) is the MFPCG result and depends
on the data in the four samples: Eb, PCb, Ee, and PCe.

Using the MFPCG result, we can categorize the favorability and significance of the
influence of the explored effect R over the selected parameter X into five classes, as follows:

Class ’YES+’—the effect R has a statistically significantly favorable influence over
parameter X.

Class ’GR+’—the effect R has a borderline statistically significantly favorable influence
over parameter X.

Class ’NO’—the effect R has neither statistically nor borderline statistically significant
influence over parameter X.

Class ’GR−’—the effect R has a borderline statistically significantly unfavorable influ-
ence over parameter X.

Class ’YES−’—the effect R has a statistically significantly unfavorable influence over
parameter X.

We perform the classification using an empirical rule that determines the influence of
the effect over parameter X, using the MFPCG result:

Classify the MFPCG result (Cb, Ce) in

⎧⎪⎪⎪⎪⎪⎨⎪⎪⎪⎪⎪⎩

‘YES+′ , if b − e < −1/2
‘GR+′ , if b − e = −1/2
‘NO′ , if b − e = 0
‘GR − ′ , if b − e = +1/2
‘YES−′ , if b − e > +1/2

. (21)

3.6. MFPCG Algorithm and Flowchat of the Method

Let the continuous parameters, X1, X2, . . ., and Xn, be proxies for the outcome of
intervention R over the target population P compared with the pseudo-control population
Q where R was not applied.

We shall integrate the five key stages shown in the previous subsections into a general
algorithm of MFPCG for identifying the influence of R over X1, X2, . . ., and Xn using
samples from the two populations.

MFPCG Algorithm

1. Select the significance level, α, and the number of pseudo-realities, N, of the Bootstrap
statistical tests.

2. Set i = 1.
3. Choose X = Xi.
4. Extract from the database the fuzzy samples Eb, PCb, Ee, and PCe for this X.
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5. Perform stage 1 of MFPCG and expertly determine for X the optimal value margins
Xd,opt, Xu,opt, and the insignificant change threshold ΔX.

6. Perform stage 2 of MFPCG for Eb and PCb.
7. Perform stage 2 of MFPCG for Ee and PCe.
8. Repeat for Bootstrap Modification BMk (k = 1, 2, 3, 4):

8.1. Perform stage 3 of MFPCG for Eb and PCb using Bootstrap Modification BMk
with N pseudo-realities for each Bootstrap test using significance level α.

8.2. Perform stage 4 of MFPCG for Eb and PCb using Bootstrap Modification BMk.
8.3. Perform stage 3 of MFPCG for Ee and PCe using Bootstrap Modification BMk

with N pseudo-realities for each Bootstrap test using significance level α.
8.4. Perform stage 4 of MFPCG for Ee and PCe using Bootstrap Modification BMk.
8.5. Perform stage 5 of MFPCG for Bootstrap Modification BMk and find the

BMk class.

9. Set i = i + 1.
10. If i < n, then go to step 3. Otherwise, end the algorithm.

Apart from the method’s main stages, the steps of the above algorithm are self-
explanatory and trivial. In their entirety, the results answer the question of how R influences
the continuous proxies X1, X2, . . ., and Xn. To determine R’s overall influence, all 4n
influences (for each Bootstrap Modification and each variable) need to be accumulated.

The flowchart of the method is given in Figure 1.

Figure 1. Flowchart of the MFPCG.
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The MFPCG Algorithm and flowchart show the MFPCG results in four qualitative
assessments for the favorability of intervention R over the target population for each of the
proxies, Xi, of the intervention outcome. MFPCG does not need numerous assumptions to
justify its conclusion, if any. The only notable exception is the hill preference assumption
that, on the one hand, is easily proven if present and, on the other hand, is a significant
relaxation of the monotonic preference assumption required in DID.

4. Annuloplasty Favorability Case Study

We shall illustrate our proposed method with a case study from medical practice.
Ischemic heart disease (IHD) (also known as coronary heart disease or coronary artery

disease) is among the most common heart diseases worldwide. When IHD is additionally
complicated with a secondary mitral regurgitation (MR), the mitral valve (MV) between
the left heart chambers (the left atrium, LA, and the left ventricle, LV) does not fully close.
Blood leaks backward across the valve and into the LA to form the regurgitation volume
(RV). The prognosis for patients with ischemic MR (IMR) is worse than when the MR is
caused by other conditions (e.g., primary MR, which is caused by a primary abnormality
of one or more components of the valve apparatus—leaflets, chordae tendineae, papillary
muscles, annulus, etc.). Such patients suffer an abnormality of the myocardium of the
LV of the heart that leads to the remodeling of the LV and dislocation of the papillary
muscles. This complex mechanism is the leading cause of IMR, which deteriorates over
time and can cause various levels of heart failure [41–43]. Patients with mild IMR (also
called grade I) usually undergo an isolated coronary artery bypass graft (CABG). Patients
with severe IMR traditionally undergo a combined operation that includes mitral valve
repair (MVRepair) through annuloplasty or valve replacement, combined with a coronary
artery bypass (MVRepair + CABG). These surgical recommendations are well-accepted in
medical practice [44].

When patients have moderate or moderate-to-severe IMR, the optimal treatment is
rigorously debated due to factors such as recurring IMR several months to several years
after surgery, long-term survival rates, etc. Research in favor of the combined intervention
is proposed in [45–49]. Research that outlined the shortcomings of anuloplasty in such
patients is provided in [50–52]. The available studies included comparatively small groups
of patients, and the results are hard to compare, as the studies used different diagnostic
criteria and operation techniques. Our analysis aims to demonstrate if annuloplasty
positively influences patients with moderate and moderate-to-severe IMR.

Part of the patients with IMR in our study underwent MVRepair+CABG (group A),
whereas the rest underwent only CABG (group B). The choice of surgical treatment in the
case of IMR is not trivial, for the reasons outlined above. The choice of an approach faces
the following difficulties:

(1) Traditionally, the classification of patients is based on subjective expertise. There is no
specific measure of how typical a patient is to a given group.

(2) The groups are not homogenous. Therefore, comparing them is complicated.

Some patients are very suitable for a given procedure; others are clearly unsuitable for
this procedure, but the decision is unclear and ambiguous for the remaining patients. A
previous study offered two stratification algorithms to allocate the patients in each group
into two comparatively more homogenous subgroups depending on the preoperative
medical status of patients: comparatively preserved status (subgroups A1 and B1) and
comparatively deteriorated status (subgroups A2 and B2) [53]. This allows us to avoid
comparing the groups A and B. Instead, we will compare A1 and B1 on one hand and A2

and B2 on the other. As a result, we can adequately assess the effect of the annuloplasty.
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We shall demonstrate the application of MFPCG to assess the effect of the annuloplasty
(R) that acts in conjunction with the base intervention of revascularization (V) over two
of the continuous parameters (X1 and X2), described in Section 4.1, that characterize the
condition of the target population (P) of patients with moderate and moderate-to-severe
IMR subjected to a combined procedure (MVRepair + CABG). The values of each parameter
X for the patients in the experimental group A are measured before and after the combined
procedure. We judge the effect of the annuloplasty in comparison with the effect of the
isolated procedure over the same parameter X, which now characterizes the condition
of the pseudo-control population (Q) of patients with severe IMR subjected to isolated
revascularization (CABG). The values of parameter X are measured before and after the
isolated CABG for the patients from the pseudo-control group B.

4.1. Database

The database for this case study contains the records of 169 patients with IHD (that
required revascularization) and moderate and moderate-to-severe chronic IMR. The data
are presented in [16]. The study was conducted among patients from the Clinic of Cardio-
vascular Surgery in UH “St. Marina”, Varna (Bulgaria), who underwent surgery due to
IHD complicated with MR in the period from 2007 to 2022. These patients were subjected
to an MVRepair+CABG (group A) or to an isolated CABG (group B) [15]. In the study, each
group was further divided into two comparatively homogenous subgroups:

• Those with a comparatively preserved medical state (A1 and B1)
• Those with a comparatively deteriorated medical state (A2 and B2).

The following parameters are measured and archived for each patient:

• 20 identifiers;
• 18 anamnesis and clinical preoperative parameters; and
• 13 three-dimensional (triple) echocardiographic parameters.

The parameters were collected as part of the patient’s anamnesis or using echocardio-
graphic equipment GE Vivid 7 PRO (till 2017) and GE Vivid 95 (afterward) (Minneapolis,
MN, USA). All patients were subjected to transthoracic echocardiogram (TTE). The 13 three-
dimensional parameters are measured in three different time intervals: (1) prior to surgery,
(2) soon after surgery (from 5 to 30 days after surgery), and (3) late after surgery (from 6 to
54 months after surgery). So, each three-dimensional parameter contains three values at
different time points. As a result, each patient is described with a 75-dimensional record
that contains the above-listed parameters.

4.2. Division into Groups with Fuzzy Degrees of Membership

The work [54] presented three (one main and two auxiliary) fuzzy algorithms, which
produce the degree of membership of each patient to a specific fuzzy subgroup based on
the parameters available before the surgery (which are part of the 75-dimensional record
for each patient). The procedures used the age of the patients, the 18 anamnesis and
clinical preoperative parameters, and the preoperative values of the 13 three-dimensional
echocardiographic parameters. The resulting degrees of membership coincide with the
subjectively defined ones by the medical team, which are confirmed at the end of the
measurement based on all parameters. Finding the degrees of membership of each patient
is a form of classification that shows much better performance than other such classifiers.
This is unsurprising given that the fuzzy algorithms form a specialized classifier that
relies on object-specific knowledge, whereas the others are general classifiers. The fuzzy
algorithms have substantially better performance measures than their crisp counterparts.
That also is to be expected, since the former use more information than the latter, which
incorrectly assumes that any patient is a typical representative of its group.
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The main algorithm (MA) from [54] generates a fuzzy partition of the patients into
two fuzzy sets (A and B) using their degrees of membership. Due to the lack of homogeneity
in those two sets, the work proposed two auxiliary algorithms. They stratify each group
into two homogenous subgroups according to medical state (comparatively preserved or
comparatively deteriorated) using the conditional degrees of membership to the subgroups.
This way, the approach is personalized and reduces the risk of incorrect decisions. It also
allows for higher precision in allocating resources for the medical treatment of patients. The
work compared the results of their approach with classical approaches, including Bayesian
classifiers. The advantages of the classification achieved using the fuzzy algorithms were
demonstrated using four criteria, including the ability of the algorithms to discern typical
patients from outliers and generate a numerical estimate of the degree of typicality of
patients to the subgroups.

In our paper, we use a slightly optimized version of those fuzzy algorithms. We also
adapted the fuzzy algorithms to the new patient data obtained after [54] was published.

4.3. Assessing the Effect of Annuloplasty for Patients with Severe IMR Using Fuzzy
Pseudo-Control Groups

We shall demonstrate the effect of annuloplasty according to two of the most signif-
icant integral diagnostic parameters that summarize the IMR status of the patient: RF
(regurgitation fraction, in %) and MR (mitral regurgitation in an 8-level scale). Both pa-
rameters are measured three times: preoperatively (when the patient is admitted to the
Clinic for cardiovascular surgery), early postoperatively (7–10 days after surgery), and late
postoperatively (ambulatory check-ups from 6 to 54 months after surgery).

The RF (%) is interpreted through three separate parameters: preoperative regurgita-
tion fraction (Preop_RF), early postoperative regurgitation fraction (Early_Postop_RF), and
late postoperative regurgitation fraction (Late_Postop_RF). In each of its three forms, this
parameter is a continuous variable measured in % and is calculated as the regurgitation
volume divided by the total ejected volume (LVEDV–LVESV) [55]:

RF = 100 × RV/(LVEDV – LVESV). (22)

Here, LVEDV is the left ventricular end-systolic volume in mL, LVESV is the left
ventricular end-diastolic volume in mL, and RV is the regurgitation volume through
the MV in mL, which is the volume of blood that returns into the atrium through the
mitral valve.

LVEDV and LVESV are calculated using a modified Simpson’s rule with an apical 2nd
and 4th chamber position, described in [56].

RV is measured from the 4th apical position using color and CW Doppler, and the
radius of the proximal isovelocity surface area (PISAr) is manually measured using a
magnified image and reduced Nyquist usually to 40–45, which allows us to outline the
boundaries of PISA clearly. Each of the three parameters is measured three times, as a preop-
erative (Preop_LVEDV, Preop_LVESV, Preop_RV), early postoperative (Early_Postop_LVEDV,
Early_Postop_LVESV, Early_Postop_RVR), and late postoperative (Late_Postop_LVEDV,
Late_Postop_LVESV, Late_Postop_RV) parameter. In that sense, Equation (22) is three formu-
lae, one per each period.

According to Section 3.1, expert estimates were obtained as follows: Xopt,d = RFopt,d = 0%,
Xopt,up = RFopt,up = 1%, and ΔX = ΔRF = 2%.

The grade of mitral regurgitation (MR) is measured by an 8-level scale: 0—lack of
MR; 1—(grade 0–I) trivial MR; 2—(grade I) mild MR; 3—(grade I–II) mild-to-moderate
MR; 4—(grade II) moderate MR; 5—(grade II–III) moderate-to-high MR; 6—(grade III)
high MR; 7—(grade above III) severe MR. The grade of MR is presented through three
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parameters: preoperative grade of mitral regurgitation (Preop_MR), early postoperative
grade of mitral regurgitation (Early_Postop_MR), and late postoperative grade of mitral
regurgitation (Late_Postop_MR). Strictly speaking, MR is a discrete parameter, yet the large
count of discretes (eight) allows for an approximation by a continuous parameter at a
negligible discretization error. In this way, we illustrate the ability of MFPCG to assess the
influence of the effect using a continuous parameter X, measured in an ordinal scale with
five or more discretes.

According to Section 3.1, expert estimates were obtained as follows: Xopt,d = MRopt,d = 0,
Xopt,up = MRopt,up = 1, and ΔX = ΔMR = 0.5.

On the one hand, we assess the effect of annuloplasty using MFPCG for patients
with a relatively preserved medical state by comparing the values of both parameters for
subgroups A1 and B1. We use four fuzzy samples for RF and four fuzzy samples for MR, as
Sections 4.3.1 and 4.3.2 demonstrate. The fuzzy samples are formed using all patients with
the necessary characteristics, regardless of whether those are typical or outliers.

On the other hand, we assess the same effect for patients with a relatively deteri-
orated medical state and compare the values of MR and RF for subgroups A2 and B2.
We use four different fuzzy samples for MR and four different fuzzy samples for RF, as
Sections 4.3.3 and 4.3.4 show. The fuzzy samples were also formed using all patients with
the necessary characteristics, regardless of whether those are typical or outliers.

In essence, we should apply the MFPCG four times to solve the following tasks:

(Task 1) Assess the effect of annuloplasty over RF for patients with a relatively preserved
medical state.

(Task 2) Assess the effect of annuloplasty over MR for patients with a relatively preserved
medical state.

(Task 3) Assess the effect of annuloplasty over RF for patients with a relatively deteriorated
medical state.

(Task 4) Assess the effect of annuloplasty over MR for patients with a relatively deteriorated
medical state.

We solved the four tasks at a significance level of α = 0.05. The Bootstrap simulation
for each statistical test is performed with N = 2000 pseudo-realities.

We form four fuzzy samples for each of the four tasks, as described in Section 1:

• Eb is a fuzzy sample that contains the values of X and their degrees of membership to
the experimental group Ai before the combined intervention.

• PCb is a fuzzy sample that contains the values of X and their degrees of membership
to the pseudo-control group Bi before the isolated intervention.

• Ee is a fuzzy sample that contains the values of X and their degrees of membership to
the experimental group Ai late after the combined intervention.

• PCe is a fuzzy sample that contains the values of X and their degrees of membership
to the pseudo-control group Bi late after the isolated intervention.

4.3.1. Effect of Annuloplasty over RF for Patients with Relatively Preserved Medical State
(Task 1)

In task 1, we use four fuzzy samples for RF, as described below.
Eb is a fuzzy sample that contains 34 values of Preop_RF and their degrees of member-

ship to the experimental group A1:
Eb = χRF

A1,preop = {(57,0.630), (63,0.900), (42,0.630), (42,0.630), (57,0.360), (64,0.810),
(39,0.810), (47,0.630), (55,0.900), (65,0.630), (37,0.630), (67,0.630), (65,0.490), (62,0.630),
(65,0.700), (31,0.490), (53,0.630), (64,0.630), (44,0.630), (56,0.630), (68,0.700), (43,0.900),
(55,0.630), (36,0.630), (55,0.490), (55,0.900), (68,0.630), (37,0.490), (64,0.630), (56,0.490),
(49,0.630), (69,0.700), (45,0.900), (56,0.700)}.
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PCb is a fuzzy sample that contains 43 values of Preop_RF and their degrees of mem-
bership to the pseudo-control group B1:

PCb = χRF
B1,preop = {(34,0.900), (62,0.810), (28,0.900), (38,0.900), (59,0.630), (51,0.810),

(38,0.630), (39,0.900), (36,0.810), (28,0.900), (24,0.900), (59,0.630), (38,0.490), (49,0.810),
(40,0.900), (59,0.630), (35,0.630), (47,0.630), (24,0.490), (48,0.810), (25,0.900), (38,0.490),
(34,0.900), (32,0.900), (21,0.490), (37,0.810), (22,0.630), (26,0.900), (34,0.810), (29,0.630),
(36,0.900), (36,0.630), (60,0.490), (20,0.630), (21,0.900), (32,0.900), (15,0.900), (19,0.900),
(31,0.700), (41,0.700), (36,0.700), (39,0.700), (21,0.357)}.

Ee is a fuzzy sample that contains 32 values of Late_Postop_RF and their degrees of
membership to the experimental group A1:

Ee = χRF
A1,Lpostop = {(0,0.630), (37,0.900), (27,0.630), (43,0.630), (0,0.360), (24,0.810),

(18,0.810), (12,0.630), (0,0.900), (0,0.630), (0,0.630), (0,0.630), (0,0.630), (13,0.700), (0,0.630),
(0,0.630), (0,0.630), (0,0.630), (0,0.700), (0,0.900), (17,0.630), (12,0.630), (0,0.490), (0,0.900),
(0,0.630), (0,0.490), (0,0.630), (18,0.490), (0,0.630), (8,0.700), (7,0.900), (0,0.700)}.

PCe is a fuzzy sample that contains 41 values of Late_Postop_RF and their degrees of
membership to the pseudo-control group B1:

PCe = χRF
B1,Lpostop = {(0,0.900), (43,0.810), (6,0.900), (13,0.900), (88,0.630), (39,0.810),

(48,0.630), (12,0.900), (65,0.810), (14,0.900), (0,0.900), (48,0.490), (41,0.810), (11,0.900),
(38,0.630), (12,0.630), (14,0.630), (36,0.490), (58,0.810), (27,0.900), (0,0.490), (19,0.900),
(24,0.900), (65,0.490), (23,0.630), (12,0.900), (43,0.810), (10,0.630), (18,0.900), (30,0.630),
(41,0.490), (23,0.630), (0,0.900), (21,0.900), (33,0.900), (12,0.900), (0,0.700), (22,0.700), (0,0.700),
(24,0.700), (0,0.357)}.

Table 2 presents the numerical characteristics of the four fuzzy samples.

Table 2. The numerical characteristics and change favorability for the RF fuzzy samples for groups
A1 and B1.

Sample Eb PCb R Favorability Ee PCe R Favorability

No. of observations 34 43 N/A 32 41 N/A

Fuzzy mean, % 54 35.5 unfavorable 7.79 24.2 favorable

Fuzzy median, % 55.1 35.2 unfavorable 0 20.7 favorable

Fuzzy STD, % 10.8 11.8 N/A 12.1 20.1 N/A

Fuzzy IQR, % 19.9 12.3 N/A 12.8 26.6 N/A

First, let us assess the influence of annuloplasty on the preoperative RF values.
According to Section 3.2, from RFu,opt + ΔRF = 1 + 2 = 3% ≤ MPC = 35.5% ≤

(ME − ΔRF) = 54 − 2 = 52%, it follows that ME is less favorable than MPC. This is
indicated in column four of Table 2. From RFu,opt + ΔRF = 1 + 2 = 3% ≤ MEDPC =

35.2% ≤ (MEDE − ΔRF) = 55.1 − 2 = 53.1%, it follows that MEDE is less favorable than
MEDPC. This is indicated in column four of Table 2.

Line two of Table 3 presents the p-values for the nine Bootstrap statistical tests for the
BM1 Bootstrap. According to the Stage 3 Algorithm, since Pvalue1 = 0 ≤ α = 0.05, then
the preoperative population distributions of RF are assumed to be statistically significantly
different. Since Pvalue3 = 0 ≤ Pvalue2 = 0 ≤ α = 0.05 and ME = 54% > MPC = 35.5%, then
the preoperative mean in the target population A1 is assumed to be statistically significantly
greater than that in the pseudo-control population B1. Since Pvalue5 = 0 ≤ Pvalue4 = 0 ≤
α = 0.05 and MEDE = 55.1% > MEDPC = 35.2%, then the preoperative median of the target
population A1 is assumed to be statistically significantly greater than that in the pseudo-
control population B1. Since α = 0.05 < Pvalue7 = 0.248 ≤ Pvalue6 = 0.4995, then the
preoperative variance of the target population A1 is assumed statistically indistinguishable
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from that in the pseudo-control population B1. Since α = 0.05 < Pvalue9 = 0.0975 ≤
Pvalue8 = 0.169, then the preoperative interquartile interval of the target population A1 is
assumed statistically indistinguishable from that in the pseudo-control population B1.

Table 3. The p-values of the fuzzy Bootstrap statistical tests in MFPCG for parameter RF, comparing
subgroups A1 and B1.

Modification Time FBT1 FBT2 FBT3 FBT4 FBT5 FBT6 FBT7 FBT8 FBT9

BM1 Preop 0.0000 0.0000 0.0000 0.0000 0.0000 0.4995 0.2480 0.1690 0.0975

BM1 Late_Postop 0.0010 0.0000 0.0000 0.0000 0.0000 0.0335 0.0270 0.1870 0.1800

BM2 Preop 0.0000 0.0000 0.0000 0.0000 0.0000 0.5360 0.2565 0.1785 0.1170

BM2 Late_Postop 0.0010 0.0000 0.0000 0.0005 0.0000 0.0285 0.0160 0.1745 0.1495

BM3 Preop 0.0000 0.0000 0.0000 0.0000 0.0000 0.5310 0.2670 0.2075 0.1155

BM3 Late_Postop 0.0010 0.0000 0.0000 0.0010 0.0000 0.0340 0.0320 0.1735 0.1670

BM4 Preop 0.0000 0.0000 0.0000 0.0000 0.0000 0.5410 0.2420 0.1720 0.1135

BM4 Late_Postop 0.0000 0.0000 0.0000 0.0005 0.0000 0.0320 0.0195 0.1500 0.1300

We obtained detailed results for the other three Bootstrap Modifications. Their p-values
are given in lines 4, 6, and 8 of Table 3.

Let us categorize the differences between A1 and B1 using the BM1 Bootstrap.
Section 3.4 defines the values of the five input variables of the discrete categorization
function (20). The preoperative differences in the means of RF in the populations A1 and
B1 are CM = M−1 (the preoperative mean of RF in the target population A1 is statistically
significantly less favorable than that in the pseudo-control population B1). The preoperative
differences in the medians of RF in the populations A1 and B1 are CMED = MED1 (the preop-
erative median of RF in the target population A1 is statistically significantly less favorable
than that in the pseudo-control population B1). Cond1 = T, since the distributions of RF in
populations A1 and B1 are statistically significantly different, and the two characteristics
of dispersion in populations A1 and B1 are not statistically different. Cond2 = T, since the
distributions of RF in populations A1 and B1 are statistically significantly different, and both
characteristics of dispersion in populations A1 and B1 are statistically indistinguishable.
Cond3 = F, since the distributions of RF in the populations A1 and B1 are not borderline
statistically significantly different.

According to the last line of Table 1, the preoperative differences in the continuous
parameter RF between the two populations A1 and B1 are categorized as Ct = C−1. We can
see from the same line of Table 1 that we have applied Rule 5: if one of the measures of
location of RF in the target population A1 is statistically significantly less favorable than that
in the pseudo-control population B1, whereas the other measure of location in the target
population A1 is neither statistically significantly nor borderline statistically significantly
more favorable than that in the pseudo-control population B1, then categorize in C−1.

Columns 3 to 9 on line two of Table 4 show the input variables’ values and the
categorization function’s values. We obtained similar results for the remaining three
Bootstrap Modifications shown in lines 4, 6, and 8 of Table 4.

Let us now assess the influence of annuloplasty on the late postoperative RF values.
According to Section 3.2, from RFu,opt + ΔRF = 1 + 2 = 3% ≤ ME = 7.79% ≤

(MPC − ΔRF) = 24.2% − 2% = 22.2%, it follows that ME is more favorable than MPC.
This is indicated in column seven of Table 2. From RFd,opt − ΔRF = 0 − 2 = −2% <

MEDE = 0% < RFu,opt + ΔRF = 1 + 2 = 3% ≤ max
{

RFu,opt − ΔRF, MEDE + ΔRF
}
=
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max{0 − 2, 0 + 2} = 2% ≤ MEDPC = 20.7%, it follows that MEDE is more favorable than
MEDPC. This is indicated in column seven of Table 2.

Table 4. The MFPCG diagnostics of the influence of R on a continuous parameter RF, comparing
subgroups A1 and B1.

Modification Time CM CMED Cond1 Cond2 Cond3 Ct Rule
Result of
MFPCG

Class

BM1 Preop M−1 MED−1 T T F C−1 5 (Cb, Ce) =
(C−1, C+1) YES+

BM1 Late_Postop M+1 MED+1 F F F C+1 1

BM2 Preop M−1 MED−1 T T F C−1 5 (Cb, Ce) =
(C−1, C+1) YES+

BM2 Late_Postop M+1 MED+1 F F F C+1 1

BM3 Preop M−1 MED−1 T T F C−1 5 (Cb, Ce) =
(C−1, C+1) YES+

BM3 Late_Postop M+1 MED+1 F F F C+1 1

BM4 Preop M−1 MED−1 T T F C−1 5 (Cb, Ce) =
(C−1, C+1) YES+

BM4 Late_Postop M+1 MED+1 F F F C+1 1

Line three of Table 3 presents the p-values for the nine Bootstrap statistical tests for the
first Bootstrap Modification.

The p-values of the nine Bootstrap statistical tests for BM1 Bootstrap are given on line
three of Table 3. According to Section 3.3, since Pvalue1 = 0.01 ≤ α = 0.05, then the late
postoperative population distributions of RF are assumed to be statistically significantly
different. Since Pvalue3 = 0 ≤ Pvalue2 = 0 ≤ α = 0.05 and ME = 7.79% < MPC = 24.2%,
then the late postoperative mean of the target population A1 is assumed to be statistically
significantly smaller than that in the pseudo-control population B1. Since Pvalue5 = 0 ≤
Pvalue4 = 0 ≤ α = 0.05 and MEDE = 0% < MEDPC = 20.7%, then the late postoperative
median of the target population A1 is assumed to be statistically significantly smaller than
that in the pseudo-control population B1. Since Pvalue7 = 0.027 ≤ Pvalue6 = 0.0335 ≤
α = 0.05 and VARE = 12.12 < VARPC = 20.12, then the late postoperative variance of the
target population A1 is assumed to be statistically significantly smaller than that in the
pseudo-control population B1. Since α = 0.05 < Pvalue9 = 0.18 ≤ Pvalue8 = 0.187, the
late postoperative interquartile range of the target population A1 is assumed statistically
indistinguishable from that in the pseudo-control population B1.

Detailed results can be obtained for the other three Bootstrap Modifications. Their
p-values are in lines 5, 7, and 9 of Table 3.

Let us categorize the difference between A1 and B1 using BM1 Bootstrap. According
to Section 3.4, we can define the values of the five input variables of the discrete function of
categorization (20). The late postoperative differences in the means of RF in the populations
A1 and B1 are CM = M+1 (the late postoperative mean of RF in the target population A1

is statistically significantly more favorable than that in the pseudo-control population
B1). The late postoperative differences in the medians of RF in the populations A1 and
B1 are CMED = MED+1 (the late postoperative median of RF in the target population A1

is statistically significantly more favorable than that in the pseudo-control population
B1). Cond1 = F, since the variances in the populations A1 and B1 are statistically different.
Cond2 = F, since the variances in the populations A1 and B1 are statistically distinguishable.
Cond3 = F, since the distributions of RF in the populations A1 and B1 are not borderline
statistically significantly discernible.

According to the first line of Table 1, the late postoperative differences in the contin-
uous parameter RF between the populations A1 and B1 are categorized as Ct = C+1. The
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same line in Table 1 shows that we have applied Rule 1: if one of the measures of location
of RF in the target population A1 is statistically significantly more favorable than that in
the pseudo-control population B1, whereas the other measure of location in the target
population A1 is neither statistically significantly nor borderline statistically significantly
less favorable than that in the pseudo-control population B1, then categorize in C+1.

Columns 3 to 9 on line three of Table 4 show the input variables’ values and the
categorization function’s values. We obtained similar results for the remaining three
Bootstrap Modifications, shown in lines 5, 7, and 9 of Table 4.

According to Section 3.5, the result from MFPCG for BM1 Bootstrap is (Cb, Ce) = (C−1,
C+1). That result is in line two of column 10 of Table 4. Hence, b = −1, and e = 1. According
to Equation (21), the result (Cb, Ce) is classified in class ’YES+’ since b − e = (−1) − 1 =
−2 < −1/2. The resulting class shows that according to BM1 Bootstrap, the influence
of annuloplasty has a statistically significantly favorable influence over parameter RF in
populations A1 and B1. This is indicated in line two of the last column of Table 4.

Similar results can be obtained for the other three Bootstrap Modifications. The results
are in lines 4, 6, and 8 of Table 4.

4.3.2. Effect of Annuloplasty over MR for Patients with Relatively Preserved Medical State
(Task 2)

In task 2, we use four fuzzy samples for MR, as described below.
Eb is a fuzzy sample that contains 34 values of Preop_MR and their degrees of mem-

bership to the experimental group A1:
Eb = χMR

A1,preop = {(5,0.630), (6,0.900), (4,0.630), (6,0.630), (4,0.360), (6,0.810), (5,0.810),
(4,0.630), (6,0.900), (6,0.630), (4,0.630), (5,0.630), (5,0.490), (5,0.630), (6,0.700), (4,0.490),
(4,0.630), (6,0.630), (5,0.630), (5,0.630), (6,0.700), (6,0.900), (6,0.630), (4,0.630), (4,0.490),
(6,0.900), (4,0.630), (5,0.490), (5,0.630), (5,0.490), (5,0.630), (7,0.700), (6,0.900), (6,0.700)}.

PCb is a fuzzy sample that contains 43 values of Preop_MR and their degrees of
membership to the pseudo-control group B1:

PCb = χMR
B1,preop = {(3,0.900), (3,0.810), (3,0.900), (3,0.900), (4,0.630), (4,0.810), (4,0.630),

(3,0.900), (4,0.810), (3,0.900), (3,0.900), (4,0.630), (4,0.490), (4,0.810), (3,0.900), (4,0.630),
(4,0.630), (4,0.630), (4,0.490), (4,0.810), (3,0.900), (4,0.490), (3,0.900), (3,0.900), (4,0.490),
(4,0.810), (4,0.630), (3,0.900), (4,0.810), (4,0.630), (3,0.900), (4,0.630), (4,0.490), (4,0.630),
(3,0.900), (3,0.900), (3,0.900), (3,0.900), (3,0.700), (3,0.700), (4,0.700), (4,0.700), (4,0.357)}.

Ee is a fuzzy sample that contains 32 values of Late_Postop_MR and their degrees of
membership to the experimental group A1:

Ee = χMR
A1,Lpostop = {(0,0.630), (2,0.900), (2,0.630), (4,0.630), (2,0.360), (4,0.810), (2,0.810),

(2,0.630), (0,0.900), (0,0.630), (1,0.630), (0,0.630), (0,0.630), (1,0.700), (0,0.630), (0,0.630),
(0,0.630), (0,0.630), (0,0.700), (0,0.900), (2,0.630), (2,0.630), (0,0.490), (0,0.900), (0,0.630),
(0,0.490), (0,0.630), (2,0.490), (0,0.630), (1,0.700), (1,0.900), (0,0.700}.

PCe is a fuzzy sample that contains 41 values of Late_Postop_MR and their degrees of
membership to the pseudo-control group B1:

PCe = χMR
B1,Lpostop = {(2,0.900), (2,0.810), (2,0.900), (2,0.900), (5,0.630), (4,0.810), (4,0.630),

(2,0.900), (6,0.810), (1,0.900), (1,0.900), (3,0.490), (2,0.810), (2,0.900), (4,0.630), (1,0.630),
(2,0.630), (4,0.490), (4,0.810), (4,0.900), (1,0.490), (1,0.900), (2,0.900), (5,0.490), (4,0.630),
(2,0.900), (4,0.810), (2,0.630), (2,0.900), (2,0.630), (4,0.490), (3,0.630), (0,0.900), (2,0.900),
(4,0.900), (2,0.900), (0,0.700), (1,0.700), (0,0.700), (2,0.700), (0,0.357)}.

The numerical realization of MFPCG for task 2 is given in Tables 5–7, which have a
similar structure to Tables 2–4 described in Section 4.3.1.
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Table 5. The numerical characteristics and change favorability for the MR fuzzy samples for groups
A1 and B1.

Sample Eb PCb R Favorability Ee PCe R Favorability

No. of observations 34 43 N/A 32 41 N/A

Fuzzy mean 5.28 3.48 unfavorable 0.878 2.4 favorable

Fuzzy median 5 3 unfavorable 0 2 favorable

Fuzzy STD 0.865 0.507 N/A 1.2 1.46 N/A

Fuzzy IQR 1 1 N/A 2 2 N/A

Table 6. The p-values of the fuzzy Bootstrap statistical tests in MFPCG for parameter MR, comparing
subgroups A1 and B1.

Modification Time FBT1 FBT2 FBT3 FBT4 FBT5 FBT6 FBT7 FBT8 FBT9

BM1 Preop 0.0000 0.0000 0.0000 0.0000 0.0000 0.0000 0.0000 1.0000 0.9985

BM1 Late_Postop 0.0000 0.0000 0.0000 0.0115 0.0010 0.3015 0.1735 1.0000 0.5240

BM2 Preop 0.0000 0.0000 0.0000 0.0000 0.0000 0.0005 0.0000 1.0000 0.9875

BM2 Late_Postop 0.0010 0.0000 0.0000 0.0080 0.0010 0.3480 0.1570 1.0000 0.5735

BM3 Preop 0.0000 0.0000 0.0000 0.0005 0.0000 0.0000 0.0000 1.0000 0.9980

BM3 Late_Postop 0.0010 0.0000 0.0000 0.0080 0.0020 0.3000 0.1715 1.0000 0.4940

BM4 Preop 0.0000 0.0000 0.0000 0.0000 0.0000 0.0000 0.0000 1.0000 0.9945

BM4 Late_Postop 0.0000 0.0000 0.0000 0.0080 0.0005 0.3165 0.1450 1.0000 0.5945

Table 7. The MFPCG diagnostics of the influence of R on a continuous parameter MR, comparing
subgroups A1 and B1.

Modification Time CM CMED Cond1 Cond2 Cond3 Ct Rule
Result of
MFPCG

Class

BM1 Preop M−1 MED−1 F F F C−1 5 (Cb, Ce) =
(C−1, C+1) YES+

BM1 Late_Postop M+1 MED+1 T T F C+1 1

BM2 Preop M−1 MED−1 F F F C−1 5 (Cb, Ce) =
(C−1, C+1) YES+

BM2 Late_Postop M+1 MED+1 T T F C+1 1

BM3 Preop M−1 MED−1 F F F C−1 5 (Cb, Ce) =
(C−1, C+1) YES+

BM3 Late_Postop M+1 MED+1 T T F C+1 1

BM4 Preop M−1 MED−1 F F F C−1 5 (Cb, Ce) =
(C−1, C+1) YES+

BM4 Late_Postop M+1 MED+1 T T F C+1 1

4.3.3. Effect of Annuloplasty over RF for Patients with Relatively Deteriorated Medical
State (Task 3)

In task 3, we use four fuzzy samples for RF, as described below.
Eb is a fuzzy sample that contains 53 values of Preop_RF and their degrees of member-

ship to the experimental group A2:
Eb = χRF

A2,preop = {(66,0.306), (46,0.630), (68,0.700), (65,0.900), (71,0.490), (61,0.700),
(58,0.810), (50,0.810), (64,0.490), (50,0.306), (47,0.900), (53,0.900), (41,0.630), (51,0.306),
(70,0.900), (65,0.700), (54,0.700), (33,0.810), (66,0.810), (71,0.490), (60,0.630), (54,0.810),
(61,0.490), (50,0.490), (34,0.630), (63,0.700), (69,0.700), (63,0.900), (38,0.900), (64,0.700),
(71,0.630), (60,0.700), (63,0.490), (73,0.700), (68,0.700), (43,0.700), (43,0.810), (59,0.700),
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(59,0.900), (65,0.490), (74,0.900), (50,0.700), (73,0.700), (82,0.700), (70,0.900), (50,0.900),
(76,0.700), (51,0.630), (77,0.900), (43,0.900), (63,0.700), (68,0.630), (48,0.630)}.

PCb is a fuzzy sample that contains 39 values of Preop_RF and their degrees of mem-
bership to the pseudo-control group B2:

PCb = χRF
B2,preop = {(50,0.490), (49,0.490), (46,0.357), (38,0.260), (31,0.630), (35,0.490),

(26,0.700), (21,0.700), (31,1.000), (48,0.490), (28,0.630), (24,1.000), (43,0.510), (39,0.630),
(24,0.490), (46,0.630), (50,0.357), (55,0.630), (39,0.700), (54,1.000), (47,1.000), (50,0.700),
(56,0.810), (30,0.490), (47,1.000), (30,0.700), (41,0.700), (57,1.000), (60,1.000), (48,0.490),
(45,0.357), (35,0.260), (44,0.630), (30,0.510), (43,0.260), (40,0.357), (53,1.000), (23,1.000),
(74,1.000)}.

Ee is a fuzzy sample that contains 44 values of Late_Postop_RF and their degrees of
membership to the experimental group A2:

Ee = χRF
A2,Lpostop = {(0,0.700), (42,0.900), (0,0.490), (0,0.700), (0,0.810), (0,0.810), (14,0.490),

(31,0.306), (20,0.900), (11,0.700), (0,0.810), (10,0.490), (0,0.630), (21,0.810), (10,0.490), (0,0.490),
(0,0.630), (0,0.700), (20,0.700), (7,0.900), (13,0.900), (0,0.700), (12,0.700), (18,0.490), (24,0.700),
(0,0.700), (0,0.700), (19,0.810), (0,0.700), (29,0.900), (0,0.490), (0,0.900), (0,0.700), (25,0.700),
(0,0.700), (0,0.900), (0,0.900), (6,0.700), (0,0.630), (0,0.900), (11,0.900), (0,0.700), (0,0.630),
(0,0.630)}.

PCe is a fuzzy sample that contains 32 values of Late_Postop_RF and their degrees of
membership to the pseudo-control group B2:

PCe = χRF
B2,Lpostop = {(43,0.490), (35,0.490), (53,0.630), (0,0.700), (0,0.700), (7,1.000),

(21,0.490), (15,1.000), (11,0.510), (44,0.630), (25,0.490), (78,0.630), (0,0.357), (77,0.630),
(70,1.000), (57,1.000), (11,0.700), (66,0.490), (28,1.000), (0,0.700), (48,0.700), (76,1.000),
(45,0.490), (19,0.357), (23,0.260), (10,0.630), (13,0.510), (32,0.260), (29,0.357), (16,1.000),
(15,1.000), (47,1.000)}.

Tables 8–10 provide the numerical realization of MFPCG for task 3. These tables have
a similar structure to Tables 2–4 described in Section 4.3.1.

Table 8. The numerical characteristics and change favorability for the RF fuzzy samples for groups
A2 and B2.

Sample Eb PCb R Favorability Ee PCe R Favorability

No. of observations 53 39 N/A 44 32 N/A

Fuzzy mean, % 59 42.6 unfavorable 7.89 32.8 favorable

Fuzzy median, % 61 44.7 unfavorable 0 27.1 favorable

Fuzzy STD, % 11.9 13.2 N/A 11.1 25.6 N/A

Fuzzy IQR, % 18 21 N/A 13.4 39.1 N/A

Table 9. The p-values of the fuzzy Bootstrap statistical tests in MFPCG for parameter RF, comparing
subgroups A2 and B2.

Modification Time FBT1 FBT2 FBT3 FBT4 FBT5 FBT6 FBT7 FBT8 FBT9

BM1 Preop 0.0000 0.0000 0.0000 0.0000 0.0000 0.4730 0.2180 0.5005 0.3030

BM1 Late_Postop 0.0000 0.0000 0.0000 0.0020 0.0020 0.0000 0.0000 0.0460 0.0460

BM2 Preop 0.0000 0.0000 0.0000 0.0010 0.0010 0.4715 0.3350 0.6020 0.4405

BM2 Late_Postop 0.0005 0.0000 0.0000 0.0025 0.0025 0.0000 0.0000 0.0475 0.0475

BM3 Preop 0.0000 0.0000 0.0000 0.0035 0.0030 0.4670 0.1880 0.5025 0.2865

BM3 Late_Postop 0.0005 0.0000 0.0000 0.0000 0.0000 0.0000 0.0000 0.0570 0.0570

BM4 Preop 0.0000 0.0000 0.0000 0.0020 0.0020 0.4475 0.3070 0.5635 0.4270

BM4 Late_Postop 0.0000 0.0000 0.0000 0.0015 0.0015 0.0000 0.0000 0.0475 0.0475
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Table 10. The MFPCG diagnostics of the influence of R on a continuous parameter RF, comparing
subgroups A2 and B2.

Modification Time CM CMED Cond1 Cond2 Cond3 Ct Rule
Result of
MFPCG

Class

BM1 Preop M−1 MED−1 T T F C−1 5 (Cb, Ce) =
(C−1, C+1) YES+

BM1 Late_Postop M+1 MED+1 F F F C+1 1

BM2 Preop M−1 MED−1 T T F C−1 5 (Cb, Ce) =
(C−1, C+1) YES+

BM2 Late_Postop M+1 MED+1 F F F C+1 1

BM3 Preop M−1 MED−1 T T F C−1 5 (Cb, Ce) =
(C−1, C+1) YES+

BM3 Late_Postop M+1 MED+1 F F F C+1 1

BM4 Preop M−1 MED−1 T T F C−1 5 (Cb, Ce) =
(C−1, C+1) YES+

BM4 Late_Postop M+1 MED+1 F F F C+1 1

4.3.4. Effect of Annuloplasty over MR for Patients with Relatively Deteriorated Medical
State (Task 4)

In task 4, we use four fuzzy samples for MR, as described below.
Eb is a fuzzy sample that contains 53 values of Preop_MR and their degrees of mem-

bership to the experimental group A2:
Eb = χMR

A2,preop = {(5,0.306), (5,0.630), (6,0.700), (6,0.900), (4,0.490), (6,0.700), (6,0.810),
(6,0.810), (6,0.490), (4,0.306), (5,0.900), (6,0.900), (4,0.630), (4,0.306), (6,0.900), (6,0.700),
(5,0.700), (4,0.810), (5,0.810), (5,0.490), (4,0.630), (6,0.810), (5,0.490), (5,0.490), (4,0.630),
(6,0.700), (6,0.700), (6,0.900), (6,0.900), (6,0.700), (5,0.630), (6,0.700), (6,0.490), (6,0.700),
(6,0.700), (6,0.700), (5,0.810), (5,0.700), (6,0.900), (5,0.490), (7,0.900), (7,0.700), (7,0.700),
(7,0.700), (6,0.900), (6,0.900), (6,0.700), (6,0.630), (7,0.900), (6,0.900), (6,0.700), (6,0.630),
(6,0.630)}

PCb is a fuzzy sample that contains 38 values of Preop_MR and their degrees of
membership to the pseudo-control group B2:

PCb = χMR
B2,preop = {(4,0.490), (4,0.490), (3,0.260), (4,0.630), (4,0.490), (3,0.700), (3,0.700),

(4,1.000), (4,0.490), (4,0.630), (4,1.000), (4,0.510), (4,0.630), (4,0.490), (4,0.630), (4,0.357),
(4,0.630), (3,0.700), (4,1.000), (4,1.000), (3,0.700), (4,0.810), (4,0.490), (4,1.000), (3,0.700),
(3,0.700), (4,1.000), (3,1.000), (4,0.490), (3,0.357), (3,0.260), (4,0.630), (4,0.510), (4,0.260),
(4,0.357), (5,1.000), (4,1.000), (7,1.000)}.

Ee is a fuzzy sample that contains 44 values of Late_Postop_MR and their degrees of
membership to the experimental group A2:

Ee = χMR
A2,Lpostop = {(0,0.700), (5,0.900), (0,0.490), (2,0.700), (0,0.810), (0,0.810), (2,0.490),

(2,0.306), (2,0.900), (1,0.700), (0,0.810), (2,0.490), (0,0.630), (1,0.810), (1,0.490), (0,0.490),
(0,0.630), (0,0.700), (2,0.700), (2,0.900), (1,0.900), (0,0.700), (2,0.700), (2,0.490), (2,0.700),
(0,0.700), (0,0.700), (1,0.810), (0,0.700), (2,0.900), (0,0.490), (0,0.900), (0,0.700), (2,0.700),
(0,0.700), (0,0.900), (0,0.900), (1,0.700), (0,0.630), (0,0.900), (1,0.900), (0,0.700), (0,0.630),
(0,0.630)}.

PCe is a fuzzy sample that contains 32 values of Late_Postop_MR and their degrees of
membership to the pseudo-control group B2:

PCe = χMR
B2,Lpostop = {(4,0.490), (4,0.490), (5,0.630), (1,0.700), (0,0.700), (2,1.000), (2,0.490),

(2,1.000), (2,0.510), (4,0.630), (3,0.490), (4,0.630), (2,0.357), (5,0.630), (4,1.000), (4,1.000),
(2,0.700), (5,0.490), (4,1.000), (0,0.700), (4,0.700), (4,1.000), (5,0.490), (2,0.357), (2,0.260),
(1,0.630), (1,0.510), (2,0.260), (2,0.357), (2,1.000), (2,1.000), (5,1.000)}.

The numerical realization of MFPCG for task 4 is given in Tables 11–13, which have a
similar structure to Tables 2–4 described in Section 4.3.1.
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Table 11. The numerical characteristics and change favorability for the MR fuzzy samples for groups
A2 and B2.

Sample Eb PCb R Favorability Ee PCe R Favorability

No. of observations 53 38 N/A 44 32 N/A

Fuzzy mean 5.7 3.92 unfavorable 0.827 2.92 favorable

Fuzzy median 6 4 unfavorable 0 2.64 favorable

Fuzzy STD 0.802 0.813 N/A 1.13 1.53 N/A

Fuzzy IQR 1 0.101 N/A 2 2 N/A

Table 12. The p-values of the fuzzy Bootstrap statistical tests in MFPCG for parameter MR, comparing
subgroups A2 and B2.

Modification Time FBT1 FBT2 FBT3 FBT4 FBT5 FBT6 FBT7 FBT8 FBT9

BM1 Preop 0.0000 0.0000 0.0000 0.0000 0.0000 0.9650 0.4540 0.5010 0.4145

BM1 Late_Postop 0.0000 0.0000 0.0000 0.0005 0.0000 0.1550 0.0915 1.0000 0.5060

BM2 Preop 0.0000 0.0000 0.0000 0.0000 0.0000 0.9675 0.6010 0.5290 0.3650

BM2 Late_Postop 0.0000 0.0000 0.0000 0.0000 0.0000 0.1925 0.0775 1.0000 0.5125

BM3 Preop 0.0000 0.0000 0.0000 0.0000 0.0000 0.9690 0.4135 0.5175 0.4340

BM3 Late_Postop 0.0000 0.0000 0.0000 0.0005 0.0000 0.1795 0.1165 1.0000 0.4925

BM4 Preop 0.0000 0.0000 0.0000 0.0000 0.0000 0.9690 0.6085 0.5365 0.3895

BM4 Late_Postop 0.0000 0.0000 0.0000 0.0005 0.0000 0.1885 0.0860 1.0000 0.5335

Table 13. The MFPCG diagnostics of the influence of R on a continuous parameter MR, comparing
subgroups A2 and B2.

Modification Time CM CMED Cond1 Cond2 Cond3 Ct Rule
Result of
MFPCG

Class

BM1 Preop M−1 MED−1 T T F C−1 5 (Cb, Ce) =
(C−1, C+1) YES+

BM1 Late_Postop M+1 MED+1 T T F C+1 1

BM2 Preop M−1 MED−1 T T F C−1 5 (Cb, Ce) =
(C−1, C+1) YES+

BM2 Late_Postop M+1 MED+1 T T F C+1 1

BM3 Preop M−1 MED−1 T T F C−1 5 (Cb, Ce) =
(C−1, C+1) YES+

BM3 Late_Postop M+1 MED+1 T T F C+1 1

BM4 Preop M−1 MED−1 T T F C−1 5 (Cb, Ce) =
(C−1, C+1) YES+

BM4 Late_Postop M+1 MED+1 T T F C+1 1

4.4. Summary

In the annuloplasty favorability case study, the MFPCG Algorithm (Section 3.6) was
applied two times. Let U be the super-population of patients diagnosed with IHD and
moderate and moderate-to-severe IMR with indications for surgery. In both applications,
X1 = RF and X2 = MR. In the first application, P is the population from U consisting of
patients with indications for combined surgery who have a relatively preserved medical
state (subgroup A1 comprises patients from P); Q is the population of U consisting of
patients with indications for an isolated intervention who have a relatively preserved
medical state (subgroup B1 comprises patients from Q). In the second application, P is the
population of U consisting of patients with indications for combined surgery who have
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a relatively deteriorated medical state (subgroup A2 comprises patients from P); Q is the
population of U consisting of patients with indications for an isolated intervention who
have relatively deteriorated medical state (subgroup B2 comprises patients from Q).

5. Validation of the Case Study Conclusions

5.1. External Validation

Each of the four tasks formulated in Section 3 is solved four times depending on the
modification of the Bootstrap tests performed.

Tables 4, 7, 10 and 13 show that for each of the sixteen solutions, we obtain the
following MFPCG result: (Cb, Ce) = (–1, +1), with the MFPCG category: ‘YES+’, as described
in Section 3.5. In their entirety, the results show a favorable effect of annuloplasty on the
analyzed parameters, both for patients with a relatively preserved medical state and
patients with a relatively deteriorated medical state.

These conclusions are in accordance with the conclusions in [15,57–59], which is an
external validation of the MFPCG results for annuloplasty favorability. This affirmative
result is an improvement over the aforementioned publications in the following ways:

• In this study, we used data for all available patients, whereas the cited sources analyzed
the data after rejecting outliers (which comprised about 20% of the data).

• In our study, we prove every influence using four different Bootstrap Modifications,
improving the conclusions’ statistical credibility. Our approach uses a cluster of tests
instead of individual p-values, which is in accordance with the modern trends in data
analysis [33,39].

• Here, we discuss the typicality of patients to a respective subgroup for the first time,
whereas in earlier works, the classification is considered absolute (crisp).

• The statistical support for a favorable effect of annuloplasty is efficiently completed
using only two integral parameters. In contrast, the earlier works used a double-digit
count of parameters to reach the same conclusions.

5.2. Fuzzy DID Method (FDID)

For the sake of internal validation, we will compare the acquired conclusions on the
annuloplasty favorability with the results of the DID method. To improve the comparability
of DID and MFFCG results, we developed a fuzzy DID that uses Bootstrap in the four
discussed modifications to estimate the confidence interval (CI) of the average treatment
effect (ATE):

FDID Algorithm

1. Select the significance level, α, and the number of pseudo-realities, N, to construct the
Bootstrap CIs.

2. Set i = 1.
3. Choose X = Xi.
4. Extract from the database the fuzzy samples Eb, PCb, Ee, and PCe for this X.
5. Estimate the fuzzy mean values of the four samples ME,b, MPC,b, ME,e, and MPC,e

using (8).
6. Estimate the fuzzy DID estimator as the ATE:

ATE = (ME,e − MPC,e) − (ME,b − MPC,b) (23)

7. Find the index of the empirical α/2-quantile from the Bootstrap distribution of ATE,
as Nd = round(N × α/2).

8. Find the index of the empirical (1–α/2)-quantile from the Bootstrap distribution of
ATE, as Nu = round(N − N × α/2).
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9. Repeat for Bootstrap Modification BMk (k = 1, 2, 3, 4):

9.1. Repeat for pseudo-reality r (r = 1, 2, . . ., N):

9.1.1. From sample Eb, generate sEb,r, using Bootstrap Modification BMk.
9.1.2. From sample PCb, generate sPCb,r, using Bootstrap Modification BMk.
9.1.3. From sample Ee, generate sEe,r, using Bootstrap Modification BMk.
9.1.4. From sample PCe, generate sPCe,r, using Bootstrap Modification BMk.
9.1.5. Estimate the fuzzy mean values of the four synthetic samples sME,b,r,

sMPC,b,r, sME,e,r, and sMPC,e,r using (8).
9.1.6. Estimate the fuzzy DID estimator as sATEr in the r-th pseudo-reality:

sATEr = (sME,e,r − sMPC,e,r) − (sME,b,r − sMPC,b,r) (24)

9.2. Sort the synthetic sATEr in ascending order and obtain sATEsort,r (r = 1, 2, . . ., N).
9.3. Estimate the Reverse Percentile 100 × (1 – α)%-CI for ATE using Bootstrap

Modification BMk:

Pr{2 × ATE – sATEsort,Nu < ATE < 2 × ATE – sATEsort,Nd} = 1 – α (25)

10. Set i = i+1.
11. If i < n, then go to step 3. Otherwise, end the algorithm.

5.3. Case Study Solved with FDID

In essence, we should apply the FDID four times to solve the four tasks formulated in
Section 4.3. For the sake of comparability, we solved the four tasks at a significance level of
α = 0.05, and the Bootstrap CIs were calculated with N = 2000 pseudo-realities.

5.3.1. FDID Solution of Task 1 (Effect of Annuloplasty over RF for A1 and B1 Patients)

First, we will solve task 1, as described in Section 4.3, using the fuzzy DID method.
We shall use the four samples given in Section 4.3.1. Table 14 shows the fuzzy mean values
of the four samples. The ATE for task 1 is (–43.9%), given on line 4, column 4 of the table.
Those results are illustrated in Figure 2, which shows the three temporal functions of the
fuzzy means in A1, B1, and the counterfactual of A1, along with ATE. After applying the
algorithm of the fuzzy DID, we obtained four Reverse Percentile 95%-CIs for ATE in task 1:

• For BM1, Pr{−43.7 < ATE < −26.1} = 0.95;
• For BM2, Pr{−44.6 < ATE < −27.1} = 0.95;
• For BM3, Pr{−44.1 < ATE < −26} = 0.95;
• For BM4, Pr{−44.4 < ATE < −26.9} = 0.95.

Table 14. Fuzzy means of RF, % for subgroups A1 and B1.

A1 (E) B1 (PC) Difference (D)

Preop (b) ME,b = +54, % MPC,b = +35.5, % Db = +18.5, %

Postop (e) ME,e = +7.79, % MPC,e = +24.2, % De = −16.4, %

Temporal change (TC) TCE = −46.2, % TCPC = −11.3, % ATE = −34.9, %
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Figure 2. DID graphical illustration for task 1.

5.3.2. FDID Solution of Task 2 (Effect of Annuloplasty over MR for A1 and B1 Patients)

We shall use the four samples given in Section 4.3.2. Table 15 shows the fuzzy mean
values of the four samples. The ATE for task 2 is (–3.31%), given on line 4, column 4 of the
table. Those results are illustrated in Figure 3, which shows the three temporal functions of
the fuzzy means in A1, B1, and the counterfactual of A1, along with ATE. After applying the
algorithm of the fuzzy DID, we obtained four Reverse Percentile 95%-CIs for ATE in task 2:

• For BM1, Pr{−3.97 < ATE < −2.67} = 0.95;
• For BM2, Pr{−3.91 < ATE < −2.54} = 0.95;
• For BM3, Pr{−4 < ATE < −2.64} = 0.95 = 0.95;
• For BM4, Pr{−3.9 < ATE < −2.54} = 0.95 = 0.95.

Table 15. Fuzzy means of MR, % for subgroups A1 and B1.

A1 (E) B1 (PC) Difference (D)

Preop (b) ME,b = +5.28, % MPC,b = +3.48, % Db = +1.8, %

Postop (e) ME,e = +0.878, % MPC,e = +2.4, % De = −1.52, %

Temporal change (TC) TCE = −4.4, % TCPC = −1.08, % ATE = −3.31, %

Figure 3. DID graphical illustration for task 2.
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5.3.3. FDID Solution of Task 3 (Effect of Annuloplasty over RF for A2 and B2 Patients)

We shall use the four samples given in Section 4.3.3. Table 16 shows the fuzzy mean
values of the four samples. The ATE for task 3 is (–41.4%), given on line 4, column 4 of the
table. Those results are illustrated in Figure 4, which shows the three temporal functions of
the fuzzy means in A2, B2, and the counterfactual of A2, along with ATE. After applying the
algorithm of the fuzzy DID, we obtained four Reverse Percentile 95%-CIs for ATE in task 3:

• For BM1, Pr{−52.5 < ATE < −29.5} = 0.95;
• For BM2, Pr{−54.5 < ATE < −29.7} = 0.95;
• For BM3, Pr{−52.7 < ATE < −30.5} = 0.95;
• For BM4, Pr{−54 < ATE < −29.9} = 0.95.

Table 16. Fuzzy means of RF, % for subgroups A2 and B2.

A2 (E) B2 (PC) Difference (D)

Preop (b) ME,b = +59, % MPC,b = +42.6, % Db = +16.4, %

Postop (e) ME,e = +7.89, % MPC,e = +32.8, % De = −24.9, %

Temporal change (TC) TCE = −51.1, % TCPC = −9.78, % ATE = −41.4, %

Figure 4. DID graphical illustration for task 3.

5.3.4. FDID Solution of Task 4 (Effect of Annuloplasty over MR for A2 and B2 Patients)

We shall use the four samples given in Section 4.3.4. Table 17 shows the fuzzy mean
values of the four samples. The ATE for task 4 is (−3.87%), given on line 4, column 4 of the
table. Those results are illustrated in Figure 5, which shows the three temporal functions of
the fuzzy means in A2, B2, and the counterfactual of A2, along with ATE. After applying the
algorithm of the fuzzy DID, we obtained four Reverse Percentile 95%-CIs for ATE in task 4:

• For BM1, Pr{−4.62 < ATE < −3.17} = 0.95;
• For BM2, Pr{−4.56 < ATE < −3.1} = 0.95;
• For BM3, Pr{−4.63 < ATE < −3.15} = 0.95;
• For BM4, Pr{−4.62 < ATE < −3.09} = 0.95.
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Table 17. Fuzzy means of MR, % for subgroups A2 and B2.

A2 (E) B2 (PC) Difference (D)

Preop (b) ME,b = +5.7, % MPC,b = +3.92, % Db = +1.78, %

Postop (e) ME,e = +0.827, % MPC,e = +2.92, % De = −2.09, %

Temporal change (TC) TCE = −4.87, % TCPC = −1, % ATE = −3.87, %

Figure 5. DID graphical illustration for task 4.

5.4. Internal Validation with FDID

According to Section 5.3, each of the four tasks was solved four times depending on
the Bootstrap Modification used to construct the CIs of ATE. For each of the 16 solutions,
we obtain an ATE that is statistically significant and practically favorable. This shows the
favorable effect of annuloplasty on the analyzed parameters for both subgroups A1 and B1,
and subgroups A2 and B2.

The conclusions from FDID are in accordance with the conclusions from MFPCG
from Section 5.1, which internally validate the results of MFPCG. The affirmative result of
MFPCG relates to the affirmative result of FDID in the following ways:

• The results from FDID are conditional upon the assumptions of the method. We do not
have a way of proving the parallel trend assumption, as shown in Figures 2–5. We also
cannot prove that, in this particular case, the classical normal linear regression model
(CNLRM) assumptions [9,60] about nullity, homoskedasticity, normality, correlation,
multicollinearity, and linearity hold.

• Both methods use data for all available patients without rejecting outliers.
• Both methods use a cluster of tests instead of individual p-values.
• Both methods consider the typicality of patients to a respective subgroup.
• MFPCG produces qualitative results that annuloplasty is favorable for patients with an

average or average-to-severe IMR. At the same time, the FDID produced quantitative
results as to how much the annuloplasty improved the outcome for those patients
compared with patients with isolated CABG.

5.5. Internal Validation with Fuzzy RDD (FRDD)

For the sake of internal validation, we also compared the acquired conclusions on the
annuloplasty favorability with the results of the RDD method. To improve the comparabil-
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ity of RDD and MFFCG results, we developed a fuzzy RDD (FRDD) that uses Bootstrap in
the four discussed modifications, on the one hand, to estimate the CIs of ATE, and on the
other hand, to identify whether the reduced Eb and PCb have statistically indistinguishable
Xi values. There is no obvious scalar discriminant variable that separates the experimental
and the control groups. The main challenge was that, in our example, the assignment
to the experimental or control groups was performed by the main algorithm from [54].
MA produces a degree of membership to the combined-operation group (μA) and to the
isolated-procedure group (μB = 1 – μA) for each patient. The closer μA and μB are, the
nearer the patient is to the hypothetical cutoff surface of the vector discriminant variable.
So, we estimated that the reduced fuzzy samples rEb, and rEe are derived from Eb and Ee by
purging all patients with μA > μcutoff (for some pre-selected values of μcutoff). Similarly, the
reduced fuzzy samples rPCb and rPCe are derived from PCb and PCe by purging all patients
with μB > μcutoff. If at least one of the four reduced samples has a cardinality less than six,
or its sum of degrees of membership is less than 3, then we consider that the restriction
is too strict for any additional data processing, and the method does not produce a result.
If not, then using the four Bootstrap Modifications, we can test whether rEb and rPCb are
statistically different. If they are not, then the method does not produce a result. However,
if Eb is statistically indistinguishable from PCb, then we can unite the two samples into the
fuzzy sample Ub and estimate its fuzzy mean value, MU,b, using (8). In that case, we can
safely assume that the fuzzy mean values of rEb and rPCb are equal and coincide with the
fuzzy mean value of Ub:

MrE,b = MrPC,e = MU,b (26)

Then, the fuzzy RDD estimator of the outcome is the reduced ATE (rATE):

rATE = (MrE,e − MrPC,e) (27)

Here, FRDD acts almost the same as RCT, since the reduced pseudo-control group
is indistinguishable from the experimental group, and we can at least mentally assume
a random partition of the patients. Formula (27) is a special case of the (25) under the
assumption (26). We will finish the FRDD Algorithm by calculating the four Reverse
Percentile 100 × (1 – α)%-CI for rATE using Bootstrap Modification BMk with the method
described in the FDID Algorithm.

We have not provided the FRDD Algorithm in this paper, since its application turned
out to be unsuccessful. For μcutoff = 0.7, the cardinality of the reduced samples was between
8 and 18 for all four tasks. That was enough to compare rEb and rPCb. However, for tasks 2,
3, and 4, the 20 most important tests (4 for identity of distributions, 8 for equality of fuzzy
means, and 8 for equality of fuzzy medians) all have p-values of zero. For task 1, there was
a mixed bag of results—the eight tests for equality of fuzzy means had p-values less than α,
the eight tests for equality of fuzzy medians showed borderline statistical significance, and
only one of the tests for identity of distributions showed statistical significance. Overall,
there is sufficient evidence that, for task 1, rEb and rPCb are different. Thus, the entire
algorithm failed.

For μcutoff = 0.69, the cardinality of the reduced samples was between 1 and 4 for all
four tasks. Since the cardinality was less than 6, the FRDD failed again.

The failure of FRDD to solve any of the four tasks in the annuloplasty favorability case
study was expected due to the limitations of RDD, discussed in Section 1.
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6. Discussion and Conclusions

6.1. Basic Idea and Adaptability of MFPCG

The MFPCG Algorithm may seem complicated to practitioners. Yet, it reflects a simple
idea—in the absence of a control group, it is sometimes possible to prove a statistical
influence of R with a pseudo-control group using a certain parameter X. For example, R
has a favorable influence over X if there is a statistically significantly less favorable value
in the experimental group before R, and more favorable values after R, in comparison to
the pseudo-control group. Then, the differences between the control and pseudo-control
groups are irrelevant to the statistical conclusions. The latter cannot be rejected by showing
that the pseudo-control group is different from the experimental group. For that reason,
the method has the potential to be of use.

However, such conclusions are not always possible, e.g., before and after intervention
R, X is less favorable in the experimental group than in the pseudo-control group.

MFPCG has considerable adaptability (and even parametrization in future develop-
ments). The version we proposed in this paper should only be interpreted as general
guidance. It is sufficient only to follow the key ideas and philosophy of the approach. Every
time the method is applied, it is likely that some steps ought to be modified to adjust to
that specific problem and its need for classification. Therefore, the method’s applicability is
broader than our discussion could allude to. The values proposed in Section 3 are robust,
yet every practitioner can modify them to fit their specific task. Future researchers can
even adapt the name of the method, since some fuzzy purists would have issues with
our interpretation of fuzziness, in line with the discussion in Section 2 on that matter. We
are perfectly happy if researchers call our novel approach the Method of the Weighted
Pseudo-Control Group (MWPCG).

Stage 4 of MFPCG summarizes the results from stages 2 and 3. It has the highest
potential to adapt to the specific problem by modifying the proposed rules and/or formu-
lating new ones. This also refers to how stage 4 is formalized. In Section 3.4, we presented
two approaches to suit people with different propensities to formalization. The rule-based
approach is relatively compact. The function-based approach achieves the same categoriza-
tion of the differences between populations with less effort and required attention from the
practitioner. Both approaches are algorithmically equivalent. However, choosing one over
the other is a prerogative of the practitioner applying the method. We can also develop a
third approach, where the inputs are all possible combinations of the five input parameters
from Section 3.4. We can develop a table similar to Table 2, with columns CM, CMED, Cond1,
Cond2, Cond3, Ct, and Rule. That table should have 7 × 7 × 2 × 2 × 2 = 319 rows (note that
Table 2 is a compact version of that 319-row table). Performing stage 4 of MFPCG with
that extended table can be called the explicit function-based approach. The user’s preference
shall dictate which approach would be used. The descending order of the three approaches
regarding compactness is: 1- the rule-based, 2- the function-based, and 3- the explicit
function-based. However, that order coincides with the ascending order of logical simplic-
ity. Therefore, the choice of approach depends on the user’s trade-off between compact
presentation and logical complexity.

From the flowchart in Figure 1 and the MFPCG Algorithm, we can see that our novel
method can be adapted for parallel computing. The Stage 2 blocks can be calculated in-
dependently. The same applies to the four BMk meta-blocks (each including two Stage-3
blocks, two Stage-4 blocks, and one Stage-5 block). The whole section in the flowchart re-
garding Xi can be calculated as n independent parallel processes. The most time-consuming
parts of the discussed algorithm are the eight Stage-3 blocks. In each of them, we calculate
nine statistical tests. Each one of those blocks can be calculated as five independent parallel
processes (it is not computationally efficient to separate a one-tailed statistical test from its
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two-tailed counterpart). Finally, each of those five independent parallel processes can be
separated into N subprocesses estimating the individual independent pseudo-realities. It
thus follows that the sky is the limit as far as parallel computing is concerned. As a result,
we claim that the MFPCG can solve big-data problems.

6.2. Limitations of MFPCG

The first limitation of MFPCG is that, in its current form, it cannot deal with valley
preferences as defined in [40]. The method would need to undergo significant restructuring
to adapt to such preferences. However, if the preferences are multi-modal, no major
adaptation would help. Luckily, such preferences are very rare in medical studies.

A second limitation is that sometimes MFPCG cannot assess the favourability of
the intervention. MFPCG works by comparing the qualitative differences between the
experimental and the control groups before and after the intervention. For example, if
before and after intervention R, X is more favorable in the experimental group than in
the pseudo-control group, then no conclusion can be reached regardless of the relative
magnitude of this favourability.

Another major limitation of MFPCG transpires in the case where a significant factor
changes in the experimental group differently from the way it changes in the pseudo-
control group. For example, such a situation would arise if the medical team focused its
efforts on patients with base intervention V and investigated intervention R more than on
those with only V intervention. This can occur due to financial considerations or due to
cognitive biases. Mathematically, this is a likely problem and causes concern. However,
such cases are rare in medical research that is free from fraudulent or unethical activities.
This limitation is an Achilles heel for any quasi-experiment designs and is not unique
to MFPCG.

6.3. Synergies of MFPCG, FRDD, and FDID

It should be clear by now that MFPCG, FRDD, and FDID are all making causal
inferences between the intervention R and the outcome. However, the three methods
considerably differ:

• FDID always produces a quantitative assessment of the influence, and FRDD some-
times produces a quantitative assessment of the influence, whereas MFPCG sometimes
produces a qualitative assessment of that influence.

• FRDD and FDID apply only to monotonic preferences over X, whereas MFPCG deals
with hill preferences that are very applicable in medical studies, especially in the
current age of overmedication in Western societies.

• FDID uses many assumptions that are hard to verify (the same is true to a smaller
extent about FRDD), unlike MFPCG.

• FRDD and FDID only deal with mean values, whereas the more complex MFPCG op-
erates on distributions, means, medians, standard deviations, and interquartile ranges.

• FRDD and FDID are incapable of assessing the practical significance of observed
changes regardless of their statistical significance, whereas this aspect is incorporated
in MFPCG.

• FRDD and FDID are easy to implement, whereas MFPCG is computationally challenging.
• There is considerable knowledge of how to implement and modify FRDD and FDID

to deal with different problems since these are well known, whereas MFPCG is a
new approach.

The above considerations show that MFPCG is not an alternative to FRDD or FDID
but rather a complement. The three methods should be used in conjunction:
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(1) We should always start by applying FRDD. It generally works when there are large
experimental and pseudo-control groups. The quantitative result, if any, statistically
proves that the pseudo-control sample is, in fact, the control one, since there is no
statistically significant difference between the pre-intervention samples. If the values
of X in the fuzzy samples are in the region of monotonic preferences, the results of
FRDD would be useful.

(2) We then try MFPCG. If the method works, it will provide a very reliable qualitative
assessment of the positive or negative influence of the intervention R.

(3) We can finish with FDID. The reliability of the quantitative result depends on the
validity of the assumptions of the method. If the values of X in the fuzzy samples are
in the region of monotonic preferences, the results of FDID would be useful.

6.4. Applications of MFPCG

Our expectations are that the fuzzy sample input of MFPCG would facilitate its
application, since it allows for encoding the uncertainty and ambiguity in the data. The
latter is a modern trend in statistical data analysis. Using fuzzy samples in medical research
is a well-established practice. The works [13,14] describe their successful use in medical
case studies. On the other hand, MFPCG follows the trend that statistical inference should
be based on a cluster of tests as opposed to one test. This approach is proposed and
motivated in medical case studies in [39,61,62]. The size of the cluster of tests is quadrupled
by the fuzziness of the data. As the flowchart of MFPCG shows, the influence of R over
Xi is determined by 72 fuzzy statistical tests. In most cases, we will use not one but n
parameters Xi. Consequently, the influence of R over parameters Xi is determined using
72n statistical tests (in the special case of crisp samples, those two values decrease to 18
and 18n, respectively). On the one hand, we can interpret the uncertainty of data in a way
that enhances the comprehension of the studied effect. On the other hand, we respond to
recent criticism of the single p-value concept [63].

The proposed MFPCG was invented to solve problems in medical studies. It can be
applied in experimental quantitative research for solving problems from econometrics,
education, statistics, public administration, social sciences, political science, sports man-
agement, etc. Of course, in those new areas, it is more likely to encounter multi-modal
preferences, which could prevent us from using the method.

6.5. Future Research

Future research should focus on some MFPCG modifications while preserving its key
philosophy. It is also worth testing the implementation of the method over other databases
from other areas of knowledge, as the existence of control groups might be an issue in areas
outside medical research.

Some of the members of the team of authors are currently developing a new method
that unites FDID and FRDD, which can provide a different perspective on the problem of
assessing the influence of an intervention over a target population.
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Abstract: Advanced clinical decision making has been rapidly evolving, primarily due to
the ever-expanding field of healthcare technologies. Moreover, the physician–patient rela-
tionship has taken on new complexions, particularly in the realm of shared decision making,
which champions patient autonomy, leading to contemporary “personalized medicine”.
Models currently studied and employed in clinical decision making and the bonds be-
tween physician and patient will be explored to include their intricate interrelationships.
Furthermore, both clinical decision making and the physician–patient relationship demon-
strate dynamic reciprocal associations with each other in a synergistic fashion. Novel
schematics will be highlighted for the elucidation of these labyrinthine processes, and
real-life clinical examples will be shared. A strong bond between physicians and patients,
particularly through the exercise of shared decision making, is inherent and necessary
for the effectuation of clinical decisions and treatment plans. The vital ingredients of
trust, empathy, and communication will be elaborated upon as underpinning the goals
of thorough and meticulous patient care. Ultimately, the physician–patient relationship
acts as a “filter” through which the processes of decision making must pass in order to
be implemented. As such, the strength of this alliance is critical in today’s complex era of
advanced healthcare technologies.

Keywords: clinical decision making; physician–patient relationship; healthcare; communication;
trust; problem solving

1. Introduction

Advanced clinical decision making is entering into a new ever-complex era due to
rapidly developing health care technologies spearheaded by accelerating artificial intel-
ligence. In 2023, 17.6% of the gross domestic product (GDP) of the United States was
spent on healthcare (4.8 trillion dollars), with the greatest percentage based on clinical
decisions by physicians [1]. The importance of this is also reflected in contentions that
erroneous decision making is now one of the top three causes of death in the US and
likely around the world [2]. Conversely, the above is greatly outweighed by the exercise
of judicious medical science problem solving leading to the curing of diseases, longer life
spans, and vastly improved quality of life for many patients globally. Notwithstanding the
wonderous breakthroughs enabling up-to-date clinical decision making, in the majority of
cases, these processes would not have been possible without a strong physician–patient
relationship. This perspective is based on my interactions with thousands of patients and a
similar number of colleagues over many years in my practice of medicine in the fields of
nephrology/internal medicine. My interpretation and use of models of clinical decision
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making and the physician–patient relationship are in their representations as frameworks
for problem solving and delivery of care, particularly in the treatment of multifaceted and
intricate diseases.

Both clinical decision making and the physician–patient relationship are construed
by models with the purpose of applying more concrete structures to formulations that
are often nebulous and ill-defined. Four separate models of clinical decision-making
“processes” will be explored, although it should be noted that there are intersections and
overlapping aspects of each in day-to-day practice. Likewise, four separate models of the
physician–patient relationship will be presented, which similarly demonstrate overlapping
features in the realities of clinical practice. Rapidly advancing healthcare technologies and
mass media are greatly influencing the physician–patient relationship and leveraging its
dynamics to a more collaborative alliance of shared decision making. Emphasis is thus
placed upon patient autonomy in contemporary “patient-centered care”. Moreover, the
elements of trust, empathy, and communication will be discussed as the true foundations
for a solid association between physicians and patients.

Intricate schematic representations will be posited, and real-life clinical examples will
be interspersed throughout the sections of this perspective. Briefly, three separate paradigms
(with sub-paradigms) will be proposed, represented by two- and three-dimensional geomet-
ric figures: the four models of clinical decision making, the four models of the physician–
patient relationship, and the multifaceted relationships and interconnections between the
models of clinical decision making and the physician–patient relationship. The sequen-
tial order of these analyses in this perspective is based on the central importance of the
physician–patient relationship as the “catalyst” for clinical decision making and, thus, the
ultimate purpose of healthcare. These precepts will become more tangible as this perspec-
tive develops. Effectively, my strong leanings favor the model of shared decision making
for both clinical decision making and the physician–patient relationship, which will be
elaborated upon.

At a higher level, the physician–patient relationship acts as a “rate-limiting step” for
the execution of clinical decisions. Furthermore, this alliance interacts with and develops its
characteristics from the models of clinical decision making. Interestingly, the inverse will
also become apparent—that is, the processes of clinical decision making also interact with
and develop their characteristics from the models of the physician–patient relationship.
The main thesis of this perspective, therefore, is the inductively derived precept that the
execution and ultimate effectuation of clinical decision making is accomplished by its filter-
ing and distillation through the medium of the physician–patient relationship. In this vein,
the current vast literature concerning clinical decision making and the physician–patient
relationship will be distinguished from my opinions and personal perspectives, gleaned
and refined throughout my years of medical practice.

The intent of this perspective is to serve as a framework of critical thinking for the
scientific and medical communities. The overriding objective is to shed insight into the con-
structs and components integral to modern-day patient care, particularly those of a complex
nature. Ultimately, the aim is to assist scientists, clinicians, and all professionals directly or
indirectly involved in the healthcare field in the advancement of their appreciation of the
mechanics of the entities of clinical decision making and the physician–patient relationship.
In point of fact, I wish to share my “epiphany”, which will come to light through the
unfolding of this perspective piece, that a synergism and reciprocal interrelationships exist
between the two. In sum, a “bird’s eye view” of this intricate topic will be presented to the
scientific and medical communities in this Special Issue of Advanced Decision Making in
Clinical Medicine.
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This compendium will be partitioned into main segments (and their subsegments),
with the intent of sequentially introducing descriptions, concepts, and precepts in a building
block fashion, ultimately leading to conclusions and their synthesis:

1. The processes of clinical decision making: the four models, with clinical examples,
2. The integral role of the physician–patient relationship: historical notes of the

four models, with clinical examples,
3. The variables of trust, empathy, and communication: hallmarks of shared decision making,
4. Neurobiological, psychosocial, and behavioral components of clinical practice,
5. The essential role of the physician–patient relationship for the effectuation of advanced

clinical decision making.

2. Discussion

2.1. The Processes of Clinical Decision Making: The Four Models, with Clinical Examples
2.1.1. Overview

The skeletal framework of clinical decision making is predicated on the steps involved
in hypotheco-deductive reasoning adapted from the scientific method: hypothesis genera-
tion, evaluation, refinement, and verification [3]. The more recent literature describes slight
variations of the above, although the root of medical decision making is based on a stepwise
process of validations in the initial and subsequent face-to-face encounters with patients [4].
More “ornate” frameworks exist based on the complexity of the individual cases, with
advanced clinical decision making in clinical medicine now able to insert its “tentacles”
within and between any number of steps of this elaborate paradigm (Figure 1). In fact, such
a scaffold may be applied to various degrees to a universal approach in the applications of
scientific inquiry and pursuits of many different disciplines. The preeminent processes in
clinical decision making currently encompass four models:

• Rational Model,
• Evidence-Based Model,
• Intuitive Model,
• Participatory/Shared Decision-Making Model.

The Rational Model emanates from the study of cognitive science, which consists of
critical thinking, metacognition (thinking about thinking), introspection, reflection, and
communication [5,6]. This approach pre-supposes adequate data and information for
well-defined and structured clinical scenarios coupled with the availability of the required
time. This process can optimally be used in cases such as those of slow-growing (or even
aggressive) malignancies or long-term conditions, including chronic kidney, pulmonary,
and heart disease, in which a number of possible diagnostic studies, imaging techniques,
and laboratory and genetic analyses are available for the evaluation and treatment of the
specific malady.

The Evidence-Based Model parallels the Rational Model as it is predicated on high-
quality research engendering empirical pathways, practice guidelines, and clinical decision
rules, although it also includes the wishes of the patient [7,8]. Conversely, in my opinion,
the many nuances, variables, and anecdotal elements so often present in clinical medicine
and contributing to its “art form” are not wholly emphasized in this model. By way of
illustration, this process of decision making is not optimal in all cases, such as with certain
complex illnesses in which the infusion of packed red blood cells would likely benefit the
patient. The above would occur only through the implementation of transfusion thresholds
higher than those recommended by societal guidelines (as the guidance is currently based
on a trigger of a low level of hemoglobin to administer transfusions). Another example
would include the treatment of hypertension, in which adherence to current guidelines
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from a number of medical societies is not always applicable and appropriate for all patients.
These would include those with cerebrovascular and renovascular diseases, which often
require higher blood pressures for the adequate perfusion of blood to these tissue beds. As
a result, although beneficial in many circumstances, this approach is not always tailored to
the individual manifesting unique pathophysiological characteristics.

Figure 1. Diagnostic Paradigm of Clinical Decision Making.

The Intuitive Model employs spontaneous decisions based on the physician’s combina-
tion of experience, wisdom, instincts, and, at times, emotions [9]. This unique approach is
frequently utilized in acute and critical circumstances, such as those seen in the Emergency
Departments with cardiac arrests or intraoperatively when unanticipated anatomical chal-
lenges or complications (such as hemorrhage) spontaneously occur. Under these conditions,
the decision-making process must take place very rapidly, and, at times, immediately due
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to the emergent nature of the condition. Instinctual responses based on the experience of
the physician are thus required at times. Also, it is rare that a decision using this model
cannot be retraced and adjusted in the setting of the unpredictability of the challenges
being addressed.

The Participatory/Shared Decision-Making Model is as much a process for decision
making as the mainstream model for the physician–patient relationship itself, in which
patient autonomy and patient-centered care are highlighted. The shared decision-making
process appears to be abetted by the rapid growth of medical science and mass media,
leading to multiple diagnostic approaches and treatments that were not available until
the last decade or even more recently. As a result, the process of arriving at a decision
is based on the contribution of both the physician and the patient in a climate of respect
for each other’s system of values and goals [10–13]. A prime example of this model of
decision making occurs in the arena of hematology–oncology, in which the very rapid
advancement of diagnostics and medications/treatments now leads to multiple potential
options of care, which require significant input from the patient/family. In addition, my
own field of nephrology has rapidly grown such that multiple treatment regimens for many
different types of kidney diseases now appear to also oblige the involvement of the patient
and their family.

These prodigious advancements in the medical sciences have also affected my practice
as the greater part of my current decision-making processes is based on this model of Par-
ticipatory/Shared Decision Making. Interestingly, studies over the last twenty years reflect
improved outcomes with the application of this model of clinical decision making, partic-
ularly among patients with diabetes mellitus and systemic lupus erythematosus [14,15].
Anecdotal experiences also favor this “prototypical” model in my personal discerning
and formation of decisions. Patients are typically keenly aware of the dynamics, distinc-
tions, and subtleties of their own bodies; thus, they are well-positioned to contribute in a
collaborative fashion to the determination of the plan of action for their specific disease
process/processes. However, this model of decision making may not be preferred by
all physicians (and patients) due to a number of potential circumstances, which will be
explored later.

2.1.2. Geometric Paradigms for the Interrelationships of the Models for Clinical
Decision Making

As a means of conceptualizing the intricacies of these four models of clinical de-
cision making, a novel metaphorical geometric schematic paradigm will be proposed
(never previously introduced in the literature): a 3-dimensional tetrahedral triangular pyra-
mid composed of four triangular-plane figure faces, six straight edges, and four vertices
(Figure 2).

This geometric figure represents the summation and integration of the four models of
clinical decision making as a Principal paradigm. Each vertex represents one individual
model of clinical decision making, with the entire geometric figure consisting of and broken
down into four separate metaphorical plane figure “triangulations” with the following
reciprocal relationships:

• Sub-paradigm a: Participatory/SDM Model—Evidence-Based Model—Rational
Model (Figure 3a),

• Sub-paradigm b: Participatory/SDM Model—Evidence-Based Model—Intuitive
Model (Figure 3b),

• Sub-paradigm c: Participatory/SDM Model—Rational Model—Intuitive Model
(Figure 3c),

• Sub-paradigm d: Evidence-Based Model—Rational Model—Intuitive Model (Figure 3d).
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Figure 2. The Principal paradigm represented as a tetrahedral pyramid metaphorically demonstrating
the summation and integration of the all the reciprocal relationships of the four models of clinical
decision making.

The purpose of the principal paradigm and the sub-paradigms is to improve on the
concept that “real-life” clinical decision making is based simply on individual models.
Rather, this metaphorical tetrahedral triangular pyramid consisting of four triangles il-
lustrates the confluence of the four models required for real-life clinical decision making.
The double-sided arrows are placed between the vertices in a similar fashion to that of a
symbol used in mathematics or logic: each vertex representing a single model is “true”
only if each of the other three vertices is also “true”. Each model is interconnected geo-
metrically, although also in actuality; that is, each model of clinical decision making has a
two-directional relationship with each of the other models. The translation to the real-life
practice of medicine is that decision making cannot be based on just one model, but rather
a composite with varying degrees of contribution by all four models.

206



Appl. Sci. 2025, 15, 2446

Figure 3. Cont.
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Figure 3. (a–d) The four separate triangular sub-paradigms which as a composite constitute the
principal tetrahedral pyramid depicted in Figure 2. These plane figures metaphorically subtype all
the interrelationships involved in clinical decision making.
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For further elaboration, the essence of the four separate metaphorical “triangulations”
is that the individual decision-making models in real-life medical practice cannot be utilized
in isolation; rather realistic and tangible patient care is based on a synthesis of elements
from multiple models. In order for the tetrahedral pyramid to take geometric form, each
individual vertex must share a straight line with and thus be connected to each of the other
three remaining individual vertices. The integration of the above, therefore, results in the
confluence of all four models of clinical decision making in the care of patients. That is,
one individual model (as represented by one individual vertex) does not exist in isolation,
but rather in a fluid and dynamic interaction of various proportionate degrees with the
other three individual models (likewise represented by individual vertices).

At a higher level, the four separate metaphorical triangulations, similarly, cannot
exist in isolation, but rather as a convergence with each of the other individual triangles
in order for the tetrahedral pyramid to take its geometric form. As with the individual
vertices, a fluid and dynamic interaction exists in various proportionate degrees within
and between each entire triangle (each representing three individual models of clinical
decision making). As a result, an intermingling of all the models again occurs in the
composition of the entire metaphorical tetrahedral pyramid. Moreover, certain models of
clinical decision making also contribute to a greater or lesser extent in the overall decision-
making process for each individual patient based on multiple factors: the availability of
data, the complexity of the medical problem(s), the multiple nuances and exceptions seen
in the particular disease process(es), the availability of resources and clinical expertise
in addressing the medical problem(s), and the cooperation and wishes of the patient, in
addition to other considerations.

2.1.3. Clinical Examples of the Convergence of the Models of Clinical Decision Making

Real-life examples of the intersection of the models of clinical decision making abound
in the day-to-day practice of medicine. An example would be the care of a complex renal
transplant patient with many comorbidities in the intensive care unit facing sepsis, hemoly-
sis (breakdown of red blood cells), respiratory failure, and progressive renal failure from an
overwhelming infection. The multiple models/processes essential in attaining the decisions
required in the care of this patient may often change in regard to their relative contributions
and consequences, although they may still interact with each other based on the undulating
courses of the diseases and conditions themselves. The participation of the patient (to the
extent possible) and the family is paramount, although a rational overview of the clinical
course, at times using evidence-based strategies, as well as involving elements of clinical
intuition by the physician are all important components of arriving at the advanced care
decisions required in this and many other complicated cases requiring multiple specialists
at tertiary and quaternary care institutions. Patients requiring a lower amount of involved
care, for example, those with a single clinician caring for a less critically ill individual
than the former, also require varying models (with various relative contributions) in the
decision-making processes. Such an example would be represented by a hemodialysis
patient in the outpatient setting experiencing fluid retention and hypertension, with com-
plications during treatments, such as fluctuating hypotension and hypertension, cramping,
and malaise, ultimately leading to suboptimal treatments. The attending nephrologist and
patient must often use the process of shared decision making, particularly in this case as the
patient will need to gainfully participate in and agree to the treatment plans. The clinician
will also need to utilize rational and evidence-based decision-making processes (possibly
with some intuition) in arriving at the solutions in the care of this particular patient. As the
course continues, the models remain interrelated with each other, although their relative
contributions to the overall treatment plan may change.
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2.2. The Integral Role of the Physician–Patient Relationship: Historical Notes of the Four Models,
with Clinical Examples
2.2.1. Overview

The objective of this segment is to diverge from the models of clinical decision
making discussed in the previous segment and focus on the separate models of the
physician–patient relationship. The interlocking and reciprocal relationship between the
overall models of clinical decision making and those of the physician–patient relationship
will be elaborated in Segment V.

The modern-day study of the physician–patient relationship commenced with the
writings of Talcot Parsons, Professor of Sociology at Harvard University, who described
and championed an asymmetric Paternalistic Model, in which the physician acts as a
fatherly figure and as a trained and institutionally certified expert caring autonomously and
knowing the best course of action, with no input by the patient [16]. In rare circumstances,
elements of this model may still be applicable. This professionally dominant model was
preeminent following World War Two until the mid-1960s, during a period coined as the
Golden Age of Medicine. This period served as the springboard for the evolution of the
physician–patient relationship due to the growing “commodification” of healthcare, in
which the medical landscape was forced to change due to numerous external pressures to
include insurance companies, the rapidly growing pharmaceutical industry, and federal
governments around the world [17].

In 1972, Robert Veatch, Professor Emeritus of Medical Ethics and Philosophy at George-
town University, was the first to accommodate to the new medical landscape by proposing
four models of the physician–patient relationship, upon which all the subsequent literature
and scholarly discussion has been based: Priestly Model, Engineering Model, Contractual
Model, and Collegial Model [18]. Parenthetically, I am honored to have been a student
of Professor Veatch in my early collegiate years. Similar to the Paternalistic Model, the
Priestly Model assumes that the physician makes all the medical decisions without input
from the patient or recognition of their system of values. The Engineering/Scientific Model
can be construed as the antithesis of the above and as the foundation of a consumerism
approach, in which the patient asymmetrically makes the medical decision after the data,
technical information, and options are presented by the physician. Both the Contractual
and Collegial Models are very similar, with slight variations, in which a collaboration exists
between the physician and patient, thus presaging shared decision making in the current
era of patient autonomy and patient-centered care.

Twenty years later, Ezekiel Emanuel and Linda Emanuel, from the Dana Farber Cancer
Institute (Boston, MA, USA) and the Kennedy School of Government of Harvard University,
respectively, elaborated upon four models of the physician–patient relationship (paral-
leling those of Veatch), which remain the basis for current-day scholarship and practice:
Paternalistic Model, Informative Model, Interpretive Model, and the Deliberative/Shared
Decision-Making Model [19]. The Paternalistic and Informative Models retain their age-old
characteristics. The latter is based on Veatch’s Engineering/Scientific Model, which portrays
the physician as the provider of information and the patient as the consumer, thus representing
a relationship presupposing the modern-day “commodification” of medicine. Examples of
the above include the not-so-infrequent patient referred to as the “doctor shopper”, who will
often admit that they have not been satisfied with their previous physicians (or the advice
given); therefore, multiple different clinicians are sought. In my experience, these patients
typically do not seek partnerships or alliances in their interactions with physicians.

On the other hand, the Interpretive Model connotes a collaborative relationship be-
tween the physician and the patient, with the nuance that the physician acts as a counselor
of sorts, assisting the patient in understanding their own value systems and goals in arriv-
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ing at treatment plans. In this case, the physician does not inject his or her own system of
values and thus uses those of the patient as the basis for recommendations in the treatment
plan. This relationship is often close and highly productive, although without true involve-
ment of the physician’s own preferences. Occasionally, I utilize this Interpretive Model style
of interaction and seek to highlight the patient’s own set of principles and morals; thus, I
will not elaborate on my personal recommendations and preferences. However, I certainly
share my experiences and interpretations of the medical condition/s (as well as those of
my colleagues and the medical community) with the patient in a collaborative fashion. An
example would be that of an elderly, although “physiologically fit”, patient with a certain
kidney disease, in which the treatments are evolving and are not clear-cut. This patient
has previously clarified their wishes of “allowing nature to take its course”, which will be
revisited by myself, and thus, the aggressivity of the medication and treatment regimen
would require tailoring. Although my personal preference and recommendations in cases
such as these, at times, would be to pursue a more aggressive plan of action, it would
oppose the patient’s value system and preferences; therefore, a milder regimen with fewer
potential side effects would be chosen.

The Deliberative Model is synonymous with and the template for the current era of
shared decision making between the physician and the patient. Spurred by the prodigious
mass media in tandem with rapidly accelerating medical science, the patient is now ap-
proaching a more central role in clinical decision making and in their engagement in the
physician–patient relationship. As such, the modern-day bond between the two involves
the physician analyzing and presenting the scientific data in the context of the patient’s case,
giving recommendations for courses of action and treatment with mutual input from the
patient regarding their preferences. Both the physician and the patient share each other’s
personal system of values, although the final decision is typically arrived at by the patient.

I principally prefer this latter relationship model, although I also appreciate the inter-
section of the other models of the physician–patient relationship in fostering unions with
patients. This may be illustrated with nephrological diseases such as glomerulonephri-
tides (inflammation of the microscopic filtering portion of the kidneys) and other renal
diseases, in which many forms may exist as primary or secondary conditions. The treat-
ment paradigms have become more numerous and diverse due to ongoing research such
that “one size does not fit all”. There are now multiple medications, immunosuppressive,
biological, and non-biological agents, and procedures that are employed in the arsenal
for the treatment of kidney diseases. As a result, treatment plans must consider variables
such as age, sex, ongoing comorbid issues, and psychological/social/cultural issues, which
require input and mutual discussion between the physician and the patient. I will make
clear my recommendations and preferences to be followed by deliberation in a collab-
orative fashion, although ultimately the decision rests with the individual patient (and
family in many circumstances). In addition to the growing literature supporting the Shared
Decision-Making Model, it appears, in point of fact, that it is a logical outgrowth of the
rapid advancement of healthcare technologies. In my opinion, a maturation and evolution
of the “position” of the patient is occurring in our era of cybermedicine, which is more
adeptly aligned with the model of shared decision making.

2.2.2. Geometric Paradigms for the Interrelationships of the Models for the
Physician–Patient Relationship

In the same vein as schematizing the models of clinical decision making, I will proceed
with also schematizing the four models of the physician–patient relationship in the same
manner. As a means of conceptualizing the intricacies of these four models, I will again
propose a novel metaphorical geometric schematic paradigm (never previously introduced
in the literature) consisting of a 3-dimensional tetrahedral triangular pyramid composed

211



Appl. Sci. 2025, 15, 2446

of four triangular-plane figure faces, six straight edges, and four vertices (Figure 4). This
is the same geometric figure used in the schematization of the models of clinical decision
making in Figures 2 and 3, although they involve a different subject matter. This geometric
figure represents the summation and integration of the four models of the physician-patient
relationship as a Principal paradigm. Each vertex represents one individual model of the
physician–patient relationship, with the entire geometric figure consisting of and broken
down into four separate metaphorical plane figure “triangulations” with the following
reciprocal relationships:

• Sub-paradigm a: Shared Decision-Making Model—Counselor/Interpretive Model—Pater-
nalistic Model (Figure 5a),

• Sub-paradigm b: Shared Decision-Making Model—Counselor/Interpretive Model—Con-
sumerism/Informative Model (Figure 5b),

• Sub-paradigm c: Shared Decision-Making Model—Paternalistic Model/Consumer-
ism/Informative Model (Figure 5c),

• Sub-paradigm d: Counselor/Interpretive Model—Paternalistic Model—Consumer-
ism/Informative Model (Figure 5d).

Figure 4. The Principal paradigm represented as a tetrahedral pyramid metaphorically demonstrating
the summation and integration of the all the reciprocal relationships of the four models of the
physician-patient relationship.
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Figure 5. Cont.
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Figure 5. (a–d) The four separate triangular sub-paradigms which as a composite constitute the
principal tetrahedral pyramid depicted in Figure 4. These plane figures metaphorically subtype all
the interrelationships involved in the physician-patient relationships.
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As with clinical decision making, the essence of the four separate “triangulations” of
the physician–patient relationship is that no single model can be considered in isolation;
rather, patient care involves a synthesis of elements from the multiple models. At a higher
level, in order for the tetrahedral pyramid to take geometric form, each individual vertex
must share a straight line with and thus be connected in a reciprocal fashion to each of the
other three individual vertices. The mechanics of this novel paradigm follow those of the
models of clinical decision making previously elaborated in Figures 2 and 3. The integration
of the above results in a relative confluence of all four models of the physician–patient
relationship, which is operative in the care of patients. That is, one individual model may
take precedence during one period of time in the care of patients, although it does not exist
alone, but rather as a convergence with the others to various degrees. Certain models may
also contribute to a greater or lesser extent to the physician–patient relationship based on
multiple factors: the nature and complexity of the disease processes, the preferences of
the patient and the physician in the delivery and acceptance of care, the individual value
systems of the physician and patient (as discussed above), social and cultural determinants,
geographic and logistical issues, and patient “health literacy” (understanding of health-
related issues), in addition to other considerations.

2.2.3. Clinical Examples of the Convergence of the Individual Models of the Physician
Patient Relationship

Real-life examples of the intersection of the models of the physician–patient relation-
ship are ubiquitous in the day-to-day practice of medicine. An example would include
a patient followed for years with stable lung and kidney disease developing a rapidly
progressive primary cancer of another organ system. The relationship has been built and
based on years of mutual decision making, although benefits may ensue with the physician
assisting in redefining the patient’s own past system of values as a counselor/interpreter
without his or her direct input. The patient may also wish to seek additional opinions (which
may also be recommended by the physician) in a consumer-like fashion, although after this
occurs, both parties again may partake in a collaborative relationship of shared decision
making. Ultimately, the patient wishes to be guided and be “in the hands” of the original
physician, viewed as a paternal figure. Another example is of a younger patient with a history
of drug abuse (although abstinent for a number of years) presenting after a severe motor
vehicle accident developing rhabdomyolysis (breakdown of muscle tissue) and ultimately
multiorgan system failure. A shared decision-making relationship ensued in the Intensive
Care Unit with the mutual collaboration of information and desired treatment plans with the
family. The hospital course eventuated in the need and acceptance of a period of hemodialysis,
although the patient also required revisiting his own set of values clarified by the physician
(in a Counselor/Interpretive fashion) to include this individual’s passion for life, exemplified
by previous philanthropic activities and occupations. The patient also considered and valued
the attending physician as an authoritarian figure in his continued and follow-up care. Such
scenarios exemplify the real-life interrelations and interplay of the four separate models of
the physician–patient relationship captured and schematized above by the paradigm of the
metaphorical geometric tetrahedral pyramid and metaphorical triangulations.

2.3. The Variables of Trust, Empathy, and Communication: Hallmarks of Shared Decision Making
2.3.1. The Component of Trust

From a humanistic standpoint, devoid of deductive or inductive research, the essence
of the physician–patient relationship is profoundly and poignantly captured by the modern-
day Spanish infectious disease specialist, Dr. Teresa Hellin, in her analysis of the requisite
tools for a physician to succeed in treating patients over twenty years ago:
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“To attend to those who suffer, a physician must possess not only the scientific
knowledge and technical abilities, but also an understanding of human nature.
The patient is a human being, at the same time worried and hopeful, who is
searching for relief, help and trust. The importance of an intimate relationship
between patient and physician can never be overstated because in most cases an
accurate diagnosis, as well as an effective treatment, relies directly on the quality
of this relationship”. [20]

Trust by the patient has been shown to influence a number of clinical outcomes in
a positive manner, as corroborated by the literature: emotional health, amelioration of
symptoms, pain control, physiological parameters (including blood pressure control),
and even mortality in certain groups [21–23]. Behavioral research in the early 2000s also
strongly suggested that the trust of the patient in the physician is the bedrock of a privileged
relationship and, coupled with the physician’s positive attitude and approach, may be
even more important to many patients than the medical issues themselves [24]. Conversely,
well-performed studies also signify that the attitude and approach of the physician appear
to be as important, or even more important to the patient, than any information being
transmitted [25,26].

2.3.2. The Component of Empathy

An additional integral variable in the physician–patient “equation” is the key element
of empathy demonstrated by the physician. Reviews investigating the subject of “empathic
communication” in the acute hospital setting are based on relatively little research, although
studies based on outpatient experience are numerous [27]. Intuitively, the expression of
empathy in any type of human interaction will typically result in psychological benefits
for both parties, particularly that of the physician and patient. In fact, research studies
using qualitative assessment tools corroborate higher satisfaction [28] and determination
of quality of care [29] among patients assessing their physicians as cognitively empathic.
Furthermore, studies centering on empathy demonstrated by the physician are provocative
in regard to subjective and objective (measurable) parameters of disease and infectious
outcomes. As an example, a systematic review and meta-analysis of over 6000 patients re-
vealed that greater practitioner empathy and communication of positive messages resulted
in a modest reduction of pain (and other psychological outcomes) and a small benefit in
physical outcomes, such as pulmonary function and length of hospital stay [30]. Moreover,
in one report, levels of glycosylated hemoglobin (HbA1c) and low-density lipoprotein
(LDL) among diabetic patients were found to be significantly improved in those who rated
their physicians as more empathic [31]. Furthermore, a study of patients with the common
cold revealed a shorter duration of illness and elevated levels of nasal wash Interleulin-8
and neutrophil counts among patients who rated their physicians as more empathic [32].
Although these reports suggest associations between empathy and medical outcomes,
they cannot prove causality. Nonetheless, they certainly are compelling and are worthy of
further research. The suggestions and implications of the above, therefore, are that empathy
by the physician leads to improved clinical decision making, treatment plans, and patient
compliance in the setting of a shared decision-making relationship.

2.3.3. The Component of Communication

In the spirit of the themes of confluences and reciprocities discussed throughout this
perspective, the confidence of the patient in the physician can occur only through the art
of communication between both parties. Communication is a learned skill affected by
many factors, including verbal and non-verbal elements. Comparable to the ingredients
of trust and empathy, communication between the physician and patient is multidimen-
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sional and complex in its behavioral, psychological, and cultural components. In tandem
with the benefits of empathy, research supports effective communication as contributing
to successful diagnoses and treatment of medical conditions [33]. Moreover, the most
powerful diagnostic tool available to the physician is still age-old communication as the
majority of information needed to make a diagnosis is often provided by the patient. Best
practices and societal guidelines have now been published over the last decade, addressing
communication as integral to the relationship between the physician and the patient [34,35].
Viewed from a different angle, communication can be construed as the cohesive factor
linking both trust and empathy in the overall care of the patient in the context of shared
decision making. The essential foundation of communication was undoubtedly implied
by a passage written in the early 1990s by the therapist Deborah Rotter in ascribing great
value to the patient’s unique knowledge base (as the bearer of the disease process) as being
just as important as the physician’s medical knowledge such that “the medical visit is truly
a meeting between experts” [36].

2.4. Neurobiological, Psychosocial, and Behavioral Components of Clinical Practice
2.4.1. Overview

Apart from the “mechanistic” analysis of clinical decision-making processes, the
human elements provide their true underpinnings and foundation. A growing field of
study is now exploring neuroscientific and neurobehavioral correlates involved in the
physician–patient relationship and the ultimate results and outcomes of medical treatments.
From a neurobiological point of view, a social–neural system has been proposed, which has
evolved over the millennia (similar to our cellular–humoral immune system) as a defense
and protective mechanism supporting the survival of man [37]. As such, and separate
from the wonders of modern-day medical science, the mere “ritual” of the “therapeutic
act” may result in responses equal to or even greater than the biological effects of the
medications and procedures themselves [37]. These non-pharmacological (placebo) effects,
in my opinion, may or may not be operative in physician–patient relationships or possibly
in varying levels in tandem with the true pharmacologic treatments. However, the study
of the activation and inactivation of neurochemicals and regions of the brain based on
the physician’s words, behaviors, and overall perception by the patient opens the door to
an intriguing field of study to complement the “hardcore” physiological, biological, and
medical sciences.

2.4.2. Specific Examples of Neuroscientific Findings

Although a “fledgling” scientific field, specific findings will be enumerated, which
serve as springboards for ongoing research:

• The thickness of the left caudal anterior cingulate cortex was found to be inversely
correlated with patients’ trust in physicians using structural magnetic resonance imag-
ing (MRI) [38]. Furthermore, using interactive functional near-infrared spectroscopy
of both physicians and patients exhibiting a high level of trust in each other revealed
increased inter-brain synchronization in the bilateral tempo-parietal junction and right
inferior frontal gyrus [39].

• Functional MRI (fMRI) neuroimaging studies of physicians administering anesthesia
to patients undergoing experimentally induced pain revealed the activation of the
medial frontal brain regions [40]. More recent similar studies by the same group
demonstrated the activation of additional brain regions of the physicians, including
the right ventrolateral and dorsolateral prefrontal cortices [41].

• More intricate recent studies were conducted, consisting of interacting whole-brain
mapping and fMRI of physicians administering anesthesia to patients during experi-
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mentally induced acute and repetitive (chronic) pain stimuli. Significant brain-to-brain
concordance with the dynamic coupling of brain nodes was demonstrated among
physicians and patients (both of which with previously established rapport) [42].

• As per a systematic review of fMRI studies, the recently discovered mirror neuron
system of specific areas of the brain appears to be important in establishing the basis
for empathy: ventral premotor cortex, parietal and somatosensory areas, and limbic
and paralimbic structures [43]. The mirror neuron system is a group of specialized
neurons that fire when an individual is performing an activity, and it also fires in
the same pattern when the same individual observes another person performing the
same previous activity (as if the observer was performing the activity again). This
neuronal system is also implicated in neurocognitive functions and neuropsychiatric
disorders [44].

• The neuroendocrine system has also been implicated in correlates in the physician–
patient relationship as manifested by fluctuations in the secretion of stress hormones
(cortisol and epinephrine) as opposed to those secreted during “peaceful” activities
(oxytocin) [45]. In fact, field-labeled socio-physiology is developing, which involves
the associations between social behavior and physiology in multiple areas of medicine.

2.4.3. The Expanding Field of Placebo Research

A fascinating area of research involves that of placebo and nocebo effects, that is, the
results of patients’ positive and negative expectations, respectively, regarding a medication,
procedure, or treatment [46]. The literature concerning this topic is vast, with multiple
approaches proposed in its analysis and ongoing study. Neuroscientific evidence supports
multiple complex brain systems and neurochemical mediators, which are actively being
discovered as underlying the placebo effect [47–49]. A recent meta-analysis shows that
parts of the thalamus, somatosensory cortex, and basal ganglia are key for the placebo effect
to occur [50]. Psychosocial research posits that the placebo effect is based on and evoked
by psychological processes, which are shaped by the contextual elements of social effects
and the environment [51,52]. The effective application of the placebo effect in the contexts
of clinical decision making and the physician–patient relationship has been advocated
by multiple authors, although much remains to be learned regarding its neuroscientific
basis [52,53]. In fact, the placebo effect is a compelling ingredient for the therapeutic milieu
if harnessed properly. Interestingly, behavioral studies performed on physicians themselves
demonstrated their liberal use of placebo techniques on their own patients, particularly
if the former underwent tutorials regarding the benefits of placebo and if the patients
themselves reported positive results from previous placebo treatments [54]. My perspective
addresses this topic from another angle, that is, the grooming of a trusting, empathic, and
communicative relationship in the setting of shared decision making is a powerful adjunct
to the plan between physicians and patients based on medical science. The positive effect
of each of these qualities in the activity of human interaction is intuitive and supported
by many years of research. On the other hand, and in a broader neuroscientific sense, it
can also be argued that trust, empathy, and communication may employ placebo neural
pathways and patterns in the attainment of positive outcomes, although this requires
further clarification and study.

2.5. The Essential Role of the Physician–Patient Relationship for the Effectuation of Advanced
Clinical Decision Making
2.5.1. Interrelationships Between Paradigms of Clinical Decision Making and the
Physician–Patient Relationship: The Secondary Analysis

In many ways, the models of physician–patient relationships parallel and are con-
tingent on those of the clinical decision-making processes. I wish to posit a compelling
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argument that the bond between physicians and patients is the ultimate catalyst and
effectuator for advanced clinical decision making to achieve fruition in optimal patient
care. As asserted throughout this perspective, advanced clinical decision making and the
physician–patient relationship are predicated on each other. The sub-relationships involving
the individual models of clinical decision making and those of the physician–patient rela-
tionship are discussed separately above and schematized in Figures 2–5, respectively. Please
indulge my proposition of novel higher “secondary and tertiary levels of analysis”, again from
a “bird’s eye view” (Figure 4). The secondary level of analysis implies that the clinical decision-
making models and processes cannot occur without the physician–patient relationship, and
conversely, the latter cannot function without the former. Thus, the “domains” of clinical
decision making and the physician–patient relationship do not represent a polarized dialectic
with opposing forces and purposes, but rather a workable synergy and confluence required
for optimal patient care. I would posit an imperative and, in effect, symbiotic interconnection
of the two, depicted by an analogy from the field of astrophysics—a “harmonization” between
all the “liaisons” and “sub-liaisons” within both domains. As a result, clinical decision making
and the physician–patient relationship cannot exist without each other.

From a practical, pragmatic, and personal perspective, the existential aspects of a
partnership between physicians and patients are manifested by mutual engagement in
the framework of shared decision making in the analysis and execution by each party,
as guided by the models of clinical decision making. The physician–patient relationship,
therefore, has a large impact and influence on the models and processes of clinical decision
making. Inversely, and in a similar fashion, the models/processes of clinical decision
making will have a large impact and influence on the ensuing models and methods of
interaction between physicians and patients. As schematized, the secondary analysis is,
therefore, the determination from inductive reasoning that both domains of clinical decision
making and the physician–patient relationship must interact with each other in order for
each domain to function properly.

2.5.2. Clinical Examples of the Secondary Analysis

Real-life demonstrations of the proposed secondary analysis are rife in my practice. The
models/processes contributing to clinical decision making (Participatory/Shared Decision
Making, Evidence-Based, Rational, and Intuitive) will primarily affect the ensuing type
of relationship between physicians and patients. Inversely, the type and character of the
interaction between physicians and patients will primarily determine the model(s) that will
be utilized in the decision-making process in the care of the patient. Therefore, clinical decision
making will be affected based on the type of alliance between physicians and patients (Shared
Decision making, Counselor/Interpretive, Consumerism/Informative, or Paternalism). In
effect, the secondary analysis postulates that clinical decision making and the physician–patient
relationship are tightly knit and thus reciprocally vitalized and energized by each other.

As cases in point, there are numerous examples of scenarios in which the models
of clinical decision making will primarily affect the physician–patient relationship. With
the advent of “cybermedicine”, many patients are now conducting research on their own
health issues via digital media and often proactively proceed with their own literature
searches (complete with highlights and side notes). Typically, these patients are very
interested in a collaborative interchange, including my ongoing opinions and feedback,
without the intention of creating barriers to communication. As a result of these frequent
occurrences, the clinical decision-making process that ensues is predominantly based on the
Participatory/Shared Decision-Making Model and will most often lead to a relationship that
is also predominantly based on shared decision making. On the other hand, another varying
illustration would be a decision-making process based principally on evidence, which may
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lead primarily to a more consumerism/informative relationship between physicians and
patients. In this case, the patient will often clarify their wishes for a decision-making
process based primarily on up-to-date studies, trials, and societal guidelines without the
desire for a true rapport or my personal input based on experience. Although this type of
clinical decision-making model/process is not my preference, I will seek to incorporate
some elements of the other models in formulating the decisions in the treatment of the
patient and conduct the interactions in an informative fashion. However, a decision-making
process based more on reason may result principally in a relationship between physicians
and patients that is more counselor/interpretive in nature. In this case, assistance would be
given to the patient in the clarification of their own thoughts and value systems (without
my personal preferential input), which would then lead to the particular course of action.
In sum, the above examples of my relationships with patients are shaped and take greater
form and purpose predicated on the processes of decision making themselves.

The secondary analysis also consists of a reciprocation such that the type of operative
physician–patient relationship primarily leads to and determines the model/process of
clinical decision making. Correspondingly, multiple scenarios in clinical practice also shed
light on this dynamic. As cases in point, if a shared decision-making relationship predomi-
nates, the model of clinical decision making in arriving at medical plans would most likely
be based on that of Participatory/Shared Decision Making (although it may also include
elements of the other three in various proportions). However, a consumerism/informative
relationship may primarily result in an evidence-based and rational process of decision
making. A counselor/interpretive alliance (although strong and collaborative) would
likely and, in a similar fashion, primarily result in evidence-based and rational processes
of clinical decision making. A Paternalistic Model has become quite rare in modern-day
clinical medicine, although it may be appropriate in isolated situations. This may prevail
when the physician is treating close family members or if a close relationship has been
present for many years between the physician and the patient and family members. In these
cases, the patient may not wish or be able to express their overriding preferences regarding
the processes of arriving at decisions; therefore, the ensuing decision-making models may
consist of a combination of evidence-based, rational, and possibly intuitive ones.

2.5.3. The Tertiary Analysis

The tertiary analysis in this construct reveals the critical nature of the physician–patient
relationship as obligatory for the effectuation of advanced clinical decision making
(Figure 6). In my opinion, the bond founded primarily upon shared decision making
(although also including elements of the other models) gives the necessary energy and
impetus for the process of clinical decision making to be translated into the treatment plan
and overall care of the patient. The relationship is thus the metaphorical filter through
which clinical decision making is distilled, crystallized, and activated in the care of pa-
tients. This tertiary analysis illustrates the critical importance of the physician–patient
relationship for the analysis, interpretation, and ultimate translation of the models and
precepts of clinical decision making. The conveyance of the information resulting from
the decision-making process is afforded by the alliance of the physician and the patient,
leading to its grasping, assimilation, and ultimate incorporation into the treatment plan.
As highlighted in this perspective, both the processes of clinical decision making and the
relationships between the physician and the patient are intertwined and actualize their
constructs through each other. Moreover, in the simplest of terms, my perspective and
opinion are that the pathway of decision making in the clinical arena is based on, and
must “travel through”, the existence of a strong bond between physician–patient based on
mutual respect and collaboration.
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Figure 6. Interrelationships between Paradigms.

3. Conclusions

In summary, the complexities of advanced clinical decision making and the
physician–patient relationship are interwoven amidst the multitude of interconnections
and reciprocal relationships and sub-relationships detailed in this perspective. From my
point of view, the resolute application of paradigms predominantly founded upon shared
decision making within the domains of clinical decision making and the physician–patient
relationship secures the most favorable results. Our modern-day digital era of mass-
media “biomedicalization” is progressively impacting the terrain of healthcare, thus further
necessitating a solid alliance between physicians and patients in the execution of the
decision-making processes. The likelihood of successful medical outcomes is increasingly
predicated on sound and robust practices within the clinical decision-making arena, filtered
through robust collaborative interactions between the physician and the patient. These
activities, including all their nuances and inherent challenges, will lead to the goal of
optimal patient care in today’s ever-complex medical and technological landscape. In
conclusion, the practice of medicine is a delicate balance of art and science, which should
be nurtured and groomed by trust, empathy, and communication between physicians and
patients.

Funding: This research received no external funding.

Institutional Review Board Statement: Not applicable.

221



Appl. Sci. 2025, 15, 2446

Informed Consent Statement: Not applicable.

Data Availability Statement: Not applicable.

Acknowledgments: The author wished to thank his cherished son and wife, Matthew and Laleh
Musio, for the exceptional technical assistance and inspiration to complete this article.

Conflicts of Interest: There are no conflicts of interest.

References

1. Fiore, J.A.; Madison, A.J.; Poisal, J.A.; Cuckler, G.A.; Smith, S.D.; Sisko, A.M.; Keehan, S.P.; Rennie, K.E.; Gross, A.C. National
health expenditure projections, 2023–2032: Payer trends diverge as pandemic-related polices fade. Health Affairs 2024, 43, 910–921.

2. Rodziewicz, T.L.; Houseman, B.; Hipskind, J.E. Medical Error Reduction and Prevention; StatPearls Publishing: Treasure Island, FL,
USA, 2024. Available online: https://www.ncbi.nlm.nih.gov/books/NBK499956/ (accessed on 9 September 2024).

3. Kovacs, G.; Croskerry, P. Clinical decision making: An emergency medicine perspective. Acad. Emerg. Med. 1999, 6, 947–952.
[CrossRef] [PubMed]

4. Trimble, M.; Hamilton, P. The thinking doctor: Clinical decision making in contemporary medicine. Clin. Med. 2016, 16, 343–346.
[CrossRef] [PubMed]

5. Croskerry, P. A model for clinical decision-making in medicine. Med. Sci. Educ. 2017, 27, 9–13. [CrossRef]
6. Djulbegovic, B.; Elqayam, S.; Dale, W. Rational decision making in medicine: Implications for overuse and underuse. J. Eval. Clin.

Pract. 2018, 24, 655–665. [CrossRef]
7. Bate, L.; Hutchinson, A.; Underhill, J.; Maskrey, N. How clinical decisions are made. Br. J. Clin. Pharmacol. 2012, 74, 614–620.

[CrossRef]
8. Gaddis, G.M.; Greenwald, P.; Huckson, S. Toward improved implementation of evidence-based clinical algorithms: Clinical

practice guidelines, clinical decision rules, and clinical pathways. Acad. Emerg. Med. 2007, 14, 1015–1022.
9. Harteis, C.; Morgenthaler, B.; Kugler, C.; Ittner, K.P.; Roth, G.; Graf, B. Professional competence and intuitive decision making: A

simulation study in the domain of emergency medicine. Vocat. Learn. 2012, 5, 119–136. [CrossRef]
10. Thomas, E.; Bass, S.B.; Siminoff, L.A. Beyond rationality: Expanding the practice of shared decision making in modern medicine.

Soc. Sci. Med. 2021, 277, 113900. [CrossRef]
11. Fraenkel, L.; McGraw, S. What are the essential elements to enable patient participation in medical decision making? J. Gen.

Intern. Med. 2007, 22, 614–619. [CrossRef]
12. Frosch, D.; Kaplan, R.M. Shared decision making in clinical medicine: Past research and future directions. Am. J. Prev. Med. 1999,

17, 185–294. [CrossRef]
13. Bomhof-Roordink, H.; Gärtner, F.R.; Stiggelbout, A.M.; Pieterse, A.H. Key component of shared decision making models: A

systemic review. BMJ Open 2019, 9, e031762. [CrossRef] [PubMed]
14. van Dam, H.A.; Van der Horst, F.; Van den Borne, B.; Ryckman, R.; Crebolder, H. Provider-patient interaction in diabetes care:

Effects on patients’ self-care and outcomes. Patient Educ. Couns. 2003, 51, 17–28. [CrossRef] [PubMed]
15. Ward, M.M.; Sundaramurthy, S.; Lotstein, D.; Bush, T.M.; Neuwelt, C.M.; Street, R.L., Jr. Participatory patient-physician

communication and morbidity in patients with systemic lupus erythematosus. Arthritis Rheum. 2003, 49, 298–306. [CrossRef]
[PubMed]

16. Parsons, T. Illness and the role of the physician—A sociological perspective. Am. J. Orthopsychol. 1951, 21, 452–460. [CrossRef]
17. Nelson, O. Doctor-patient relationship. In The Wiley Blackwell Companion to Medical Sociology; Cockerham, W.C., Ed.; John Wiley &

Sons Ltd.: New York, NY, USA, 2021. [CrossRef]
18. Veatch, R.M. Models for ethical medicine in a revolutionary age. What physician-patient roles foster the most ethical relationship?

Hastings Cent. Rep. 1972, 2, 5–7. [CrossRef]
19. Emanuel, E.; Emanuel, L. Four models of the physician-patient relationship. JAMA 1992, 267, 2221–2226. [CrossRef]
20. Hellin, T. The Physician-Patient Relationship: Recent Developments and Changes. Haemophilia 2002, 8, 450–454. [CrossRef]
21. Stewart, M. Effective Physician-Patient Communication and Health Outcomes: A Review. Can. Med. Assoc. J. 1995, 152, 1423–1433.
22. Lee, Y. Linking patients’ trust in physicians to health outcomes. Br. J. Hosp. Med. 2013, 69, 28040. [CrossRef]
23. Schoenthaler, A.; Kalet, A.; Nicholson, J.; Lipkin, M., Jr. Does Improving Patient-Practitioner Communication Improve Clinical

Outcomes in Patients with Cardiovascular Diseases? A Systemic Review of the Evidence. Patient Educ. Counsel. 2014, 96, 3–12.
[CrossRef]

24. Lee, S.J.; Back, A.L.; Block, S.D.; Stewart, S.K. Enhancing physician-patient communication. ASH Educ. Program 2002, 2002,
464–483. [CrossRef] [PubMed]

25. Pearson, S.D.; Raeke, L.H. Patients’ trust in physicians: Many theories, few measures, and little data. J. Gen. Intern. Med. 2000, 15,
509–513. [CrossRef] [PubMed]

222



Appl. Sci. 2025, 15, 2446

26. Dang, B.N.; Westbrook, R.A.; Njue, S.M.; Giordano, T.P. Building trust and rapport early in the new doctor-patient relationship: A
longitudinal qualitative study. BMC Med. Educ. 2017, 17, 32. [CrossRef] [PubMed]

27. Haribhai-Thompson, J.; McBride-Henry, K.; Hales, C.; Rook, H. Understanding of empathic communication in acute hospital
settings: A scoping review. BMJ Open 2022, 12, e063775. [CrossRef] [PubMed]

28. Arshad, M.; Sriram, S.; Khan, S.; Gollapalli, P.K.; Albadrani, M. Mediating role of physician’s empathy between physician’s
communication and patient’s satisfaction. J. Fam. Med. Prim. Care 2024, 13, 1530–1534. [CrossRef]

29. Gerger, H.; Munder, T.; Kreuzer, N.; Locher, C.; Blease, C. Lay perspectives on empathy in patient-physician communication: An
online experimental study. Health Comm. 2024, 39, 1246–1255. [CrossRef]

30. Howick, J.; Moscrop, A.; Mebius, A.; Fanshawe, T.R.; Lewith, G.; Bishop, F.L.; Mistiaen, P.; Roberts, N.W.; Dieninytė, E.; Hu, X.Y.;
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