
Citation: Brauner, L.E.; Yao, Y.;

Grigull, L.; Klawonn, F.

Patient-Oriented questionnaires and

machine learning for Rare Disease

Diagnosis: A systematic review. J.

Clin. Med. 2024, 13, 5132. https://

doi.org/10.3390/jcm13175132

Academic Editor: Eleni Jelastopulu

Received: 17 June 2024

Revised: 16 August 2024

Accepted: 26 August 2024

Published: 29 August 2024

Copyright: © 2024 by the authors.

Licensee MDPI, Basel, Switzerland.

This article is an open access article

distributed under the terms and

conditions of the Creative Commons

Attribution (CC BY) license (https://

creativecommons.org/licenses/by/

4.0/).

Journal of

Clinical Medicine

Systematic Review

Patient-Oriented Questionnaires and Machine Learning for
Rare Disease Diagnosis: A Systematic Review
Lea Eileen Brauner 1 , Yao Yao 1 , Lorenz Grigull 2 and Frank Klawonn 1,3,*

1 Department of Computer Science, Ostfalia University of Applied Sciences, 38302 Wolfenbuettel, Germany;
le.brauner@ostfalia.de (L.E.B.); yao.yao1@ostfalia.de (Y.Y.)

2 Center for Rare Diseases Bonn (ZSEB), University Hospital of Bonn, 53127 Bonn, Germany;
lorenz.grigull@ukbonn.de

3 Helmholtz Centre for Infection Research, 38124 Braunschweig, Germany
* Correspondence: frank.klawonn@helmholtz-hzi.de

Abstract: Background: A major challenge faced by patients with rare diseases (RDs) often stems from
delays in diagnosis, typically due to nonspecific clinical symptoms or doctors’ limited experience
in connecting symptoms to the underlying RD. Using patient-oriented questionnaires (POQs) as a
data source for machine learning (ML) techniques can serve as a potential solution. These question-
naires enable patients to portray their day-to-day experiences living with their condition, irrespective
of clinical symptoms. This systematic review—registered at PROSPERO with the Registration-
ID: CRD42023490838—aims to present the current state of research in this domain by conducting
a systematic literature search and identifying the potentials and limitations of this methodology.
Methods: The review adheres to Preferred Reporting Items for Systematic Reviews and Meta-
Analyses (PRISMA) guidelines and was primarily funded by the German Federal Ministry of Educa-
tion and Research under grant no. 16DHBKI056 (ki4all). The methodology involved a systematic
search across the databases PubMed, Semantic Scholar and Google Scholar, covering articles pub-
lished until June 2023. The inclusion criteria encompass examining the use of POQs in diagnosing
rare and common diseases. Additionally, studies that focused on applying ML techniques to the
resulting datasets were considered for inclusion. The primary objective was to include English as
well as German research that involved the generation of predictions regarding the underlying disease
based on the information gathered from POQs. Furthermore, studies exploring identifying predictive
indicators associated with the underlying disease were also included in the literature review. The
following data were extracted from the selected studies: year of publication, number of questions
in the POQs, answer scale in the questionnaires, the ML algorithms used, the input data for the
ML algorithms, the performance of these algorithms and how the performance was measured. In
addition, information on the development of the questionnaires was recorded. Results: This search
retrieved 421 results in total. After one superficial and two comprehensive screening runs performed
by two authors independently, we ended up with 26 studies for further consideration. Sixteen of
these studies deal with diseases and ML algorithms to analyse data; the other ten studies provide
contributing research in this field. We discuss several potentials and limitations of the evaluated
approach. Conclusions: Overall, the results show that the full potential has not yet been exploited
and that further research in this direction is worthwhile, because the study results show that ML
algorithms can achieve promising results on POQ data; however, their use in everyday medical
practice has not yet been investigated.

Keywords: rare diseases; machine learning; diagnostic support

1. Introduction

According to the European Commission on Public Health [1], in the European Union
(EU), up to 36 million people live with a RD. There is no standardised definition for RDs.
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Some definitions are based solely on the prevalence of a disease within a population, while
others consider additional factors, such as the availability of suitable treatments or the
disease’s severity. The most common definitions come from the EU, the United States
of America, the United Kingdom and Japan. In the EU, a disease is considered rare if it
does not affect more than 5 out of 10,000 people. More than 6000 RDs are present in the
EU, varying in prevalence from a few patients to up to 245,000 patients. More detailed
information on individual definitions of RDs can be found in [2–5].

RDs are medical challenges due to their rarity and lack of specificity of symptoms.
Traditional diagnostic routines usually reach their limits here—a recent study [6] presented
progress in this context. Using the publicly available Orphanet database [7] and its Or-
phanet epidemiological file, the authors estimated the cumulative prevalence at the point
of RDs as a group. The population prevalence of RDs was estimated to be 3.5–5.9%, which
equates to about 260–440 million individuals affected worldwide at any time. This reflects
an enormous burden on the health system and affected families. A typical starting prob-
lem in therapy for RDs is usually a diagnostic delay, often caused by nonspecific clinical
symptoms or lack of experience of the doctors consulted in linking symptoms with the
underlying RD [8]. In general, most patients first consult a paediatrician (first indications
for a disease often show up at an early stage of childhood) or a general practitioner, and are
then referred to various specialists before an accurate diagnosis can be made. The results
of the study [9] show that general practitioners have the weakest knowledge about RDs,
while other specialists are better informed. Finding the right doctor commonly takes years
and is often very frustrating for the patients [8].

Although people with RDs face many challenges, the diagnostic delay is still of utmost
importance. Therefore, it is essential to develop alternative approaches to improve the
accuracy and efficiency of diagnostic processes. One possible solution is to use intelligent
systems that can provide diagnostic support. For example, in publication [10], the authors
combined online search data for specific symptoms with national incidence data for RDs in
China. They were able to recognise particular correlations. However, such query forecasts
can also have their pitfalls. The Google Flu Trends [11] project tried something similar to
predict flu epidemics, but this project was abandoned because the results did not behave
as desired [12]. The authors in [10] clearly state that epidemiological data on RDs should
still be included. So, we suggest collecting such epidemiological data on RDs using POQs.
A review paper [13] on general diagnostic support systems for RDs is available, which
declares that such systems can be based on data from questionnaires, images, laboratory
values, or genetic data [14].

Moreover, ML integration has emerged as a powerful tool to improve diagnostic
processes and decision making in medicine. ML, a subset of artificial intelligence, enables
computer programs to autonomously identify intricate patterns and relationships within
vast data sources, such as medical images, laboratory values, or genetic data [15]. It derives
rules from these identified structures, facilitating subsequent predictions based on the
learned patterns [16].

This paper focuses on integrating the patient’s perspective into the diagnostic process.
Patients are experts in their own experiences and experiences with the disease. Their
stories and experiences can provide valuable insights that can help to develop a more
comprehensive understanding of rare diseases. One promising approach is to use patient-
oriented questionnaires (POQs). These tailored tools are designed to capture patients’
day-to-day challenges and experiences, such as the struggle of opening a screw-top bottle,
and can provide important indications for a diagnosis when shared by several patients with
the same disease. POQs are user-friendly instruments that enable patients to portray their
experiences in their daily lives, providing a holistic view beyond just clinical symptoms.
Furthermore, incorporating ML in the automated analysis of POQs presents a promising
frontier. ML algorithms can sift through qualitative data, identify patterns and extract
meaningful insights. By harnessing patients’ expertise in recounting their experiences,
ML can contribute to a deeper understanding of RDs, thereby streamlining the diagnostic
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process. To the best of the authors’ knowledge, a review paper encompassing the latest
state of research in this specific domain is yet to be uncovered.

In this systematic review, we investigate the utility of POQs in combination with ML
techniques in recognising RDs’ studies, that examine the use of POQs in diagnosing RDs
and applying ML to the resulting datasets to generate predictions about the underlying
disease. The aim of this review is to present the current state of research in this area and to
identify the potentials and limitations that have been explored.

The relevance of this research is emphasised by the German National Action Plan
for People with Rare Diseases (NAMSE) [17]. This action plan clearly states the need for
improved diagnostic support for people with RDs. The integration of POQs and ML, as
investigated in this systematic review, could make a significant contribution to the goal on
improving diagnostic support for RDs.

2. Materials and Methods
2.1. Research Design

This paper discusses current challenges and solution approaches to recognising RDs
using POQs and ML techniques. First, a systematic literature research is performed,
following the guidelines of the PRISMA checklist [18], and the current state of research is
presented. This is then used to identify the potentials and limitations of this methodology.
Afterwards, the results are discussed with the help of a conclusion and an outlook.

2.2. Study Selection

The study selection process adhered to a systematic approach following the guidelines
outlined in [18] and the PRISMA checklist. The systematic review was registered at
PROSPERO [19] (Registration-ID: CRD42023490838). Afterwards, the following research
question was developed based on the objectives.

Research Question To what extent has the systematic use of structured history-
taking questions and questionnaires for diagnostic support been explored in
medical research, and what evidence exists regarding the effectiveness and preci-
sion of these methods in supporting the diagnosis of RDs?

Based on the formulated research question, suitable search terms were then specified,
which were used as search criteria for browsing online literature databases. For the research,
English and German search terms were determined to cover the English and German
literature. The combination of these then formed the following search queries, shown in
Table 1.

Table 1. Search queries.

questionnaire
AND
(patient oriented questionnaire OR patient reported outcome OR patient experience OR
patient perspective)
AND
(machine learning OR artificial intelligence OR data mining)
AND
(diagnostic support OR clinical decision making)
AND
(rare disease OR orphan disease)

These search terms were used to browse the PubMed [20], Semantic Scholar [21] and
Google Scholar [22] databases. The literature search was performed by the author LEB. The
time of the literature search, and thus also of the last retrieval of the current state of research,
was June 2023. All other new developments are not taken into account in this work.

Table 2 gives the inclusion and exclusion criteria. Various publications, including
original research articles and reviews, were considered for inclusion, provided they met the
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established criteria. For the administration of the literature, the open-source tool Zotero [23]
was used. The first step involved the elimination of duplicates, which was supported by
the Zotero tool. Then, three screening runs were performed, in which the literature was
checked following the defined inclusion and exclusion criteria. The authors LEB and FK
performed the screening of the literature; they worked independently. In the first run,
only titles and abstracts were considered, while, in the subsequent runs, the full text of the
selected publications was subject to an in-depth review.

Table 2. Inclusion and exclusion criteria.

Inclusion Criteria Exclusion Criteria

• Examination of the use of POQs in diag-
nosing (rare) diseases

• Application of ML techniques to the re-
sulting datasets

• Generation of predictions about the under-
lying disease

• Identification of predictive indicators
about the underlying disease

• Utilisation of other data sources han POQs
• Other objectives than diagnostic procedures
• Not peer reviewed articles
• No use of ML techniques for data analysis

2.3. Data Extraction

In order to generate a comprehensive overview, the following data were extracted
from the selected studies: year of publication, number of questions in the questionnaires
used, answer scale in the questionnaires, the ML algorithms used and the input data for
the ML algorithms. In addition, information on the development of the questionnaires and
performance indicators of the ML algorithms were recorded. The process of data extraction
and preparation was performed by the author LEB.

2.4. Risk of Bias

The risk of bias in this paper can be summarised in the following aspects:

• Selection bias: a lack of comprehensive search strategy or inclusion criteria, leading
to the exclusion of relevant studies. This can result in an incomplete synthesis of
evidence and bias the conclusions drawn from the review.

• Publication and reporting bias: in the majority of publications, positive results are often
emphasised, potentially overshadowing undisclosed negative results and rendering
us unaware of their existence due to non-publication. This selective reporting may
lead to an overestimation of treatment effects and intervention outcomes.

• Recall and knowledge bias: in certain studies, patients were requested to complete
questionnaires post-diagnosis or post-treatment, potentially resulting in patients pos-
sessing enhanced knowledge about the disease. Additionally, participants may be
tasked with recalling information from memory, which can lead to distorted responses
if past events or experiences are inaccurately remembered.

• Methodological bias: when assessing ML algorithms, it is uncommon to evaluate
quality based on a single measure. Certain studies solely mentioned accuracy (with-
out specifying class distribution), while others exclusively presented recall (without
precision or F1-score). The upcoming Section 3.3.5 will delve into a more detailed
explanation of performance measurement.

3. Results
3.1. Literature Search

The search terms given in the previous section were used to browse the PubMed [20],
Semantic Scholar [21] and Google Scholar [22] databases, which yielded 421 results in total.
In Figure 1, the PRISMA flow diagram is shown, which illustrates the systematic literature
research process. The German search terms yielded only one result. Beyond that, only
English literature was retrieved. As we only deal with English literature, it is, of course,
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possible that the results might suffer from a language bias. However, we do not expect this
to be significant, as the main language of science is English. Using the German language
example, we can already see that only one German publication could be found. After
removing duplicates, 285 publications remained.

Figure 1. PRISMA 2020 flow diagram.

In the next step, a first superficial check was performed using the titles and abstracts
to filter which publications did not correspond to the research question. Afterwards, the
remaining 102 publications were inspected more precisely, and the unsuitable ones were
again excluded. This took two more screening runs. The reasons for the exclusion of the
studies were diverse. Some of the studies screened used alternative data sources to the
questionnaire data, for example, blood or urine values, genetic information, or medical
images such as serial CT scans. Furthermore, some studies focused on something other
than investigating diagnostic procedures, instead identifying the support needs of patients
with a particular disease. Also, preprints that had yet to be peer reviewed were excluded
from the analysis. In addition, publications that aimed to build a patient database based on
questionnaire data but did not use ML techniques to analyse the data were not included.
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After this comprehensive screening, 26 publications were identified for further con-
sideration. Sixteen of these studies deal with diseases and use ML algorithms to analyse
data from patient-oriented surveys [24–39]. The other ten studies cannot be applied one-
to-one to detecting RDs, but they are nevertheless helpful in contributing to research in
this field. They are also considered here because the field of RD detection with POQs
has yet to be widely explored. A review of diagnostic systems for detecting RDs from
2020 [13] identified only two suitable publications in the literature that used POQs. This
highlights the limited literature available in this field. Thus, studies were included that did
not focus exclusively on patient experiences but also covered clinical symptoms. Ten of
the twenty-six identified publications are studies that help answer the RQ from a different
perspective ([1,8,9,40–45]). For example, they examine the acceptance of diagnostic sup-
port systems among physicians [41] or present the information needs for the diagnosis of
selected RDs [9].

3.2. Literature Review

Table S1 in the supplement summarises the study characteristics. Across sixteen studies,
six of these are studies that deal with RDs ([24–29]); seven studies deal with non-RDs like
Parkinson, dementia, or infectious diseases ([30–36]). Furthermore, three publications were
identified dealing with the recognition of psychosomatic disorders ([37–39]).

For questionnaire development, there were three predominant approaches [24–29,31,33,38].
The first conducted comprehensive patient interviews in advance, which were used
to identify significant phenomena and extract the questions from the questionnaires.
The second most used method was systematic literature research on the underlying
disease [29–31,33,34,36,37]. Two other studies developed the questionnaires in collabo-
ration with medical experts in the field of the disease ([32,33]). Ref. [38] did not develop
questionnaires, but explored existing questionnaires. Refs. [35,39] did not specify the
questionnaire development process.

For ML technologies, in addition to typical ML methods, we have also included
nonlinear statistical methods like Logistic Regression (LR). LR was used in half of all
studies ([24–28,30,33,37]) and was therefore the most common choice. It should be noted
that the “Threshold” used in [36] is not an ML technique, but rather a fixed decision
boundary. Refs. [38,39] do not specify the ML technologies used. The details can be found
in Section 3.3.4 as well.

For data input for further data analysis, twelve studies focused only on
POQs [24–28,32,33,33,34,37,39]. Ref. [30] additionally used a peak flow meter and lung
sounds. Ref. [31] utilised an extra respiratory flow meter. Ref. [36] used POQs and diag-
noses using spirometry. However, only [35] concentrated not mainly on POQs but passive
digital markers based on electronic health record (EHR) data and patient-reported outcomes
(the Quick Dementia Rating Scale).

Nine studies ([24–28,31,32,36,37]) developed a questionnaire and a POQ-based di-
agnostic tool to detect different diseases. Four studies [29,33,34,39] developed only a
diagnostic questionnaire. Ref. [30] created a mobile tool with the help of questionnaires
and electronic stethoscope to differentiate chronic obstructive pulmonary disease (COPD)
and asthma (AS). Ref. [38] analysed existing questionnaires to find heterogeneity between
mental disorders. Ref. [35] utilised the existing EHR data and patient-reported outcomes
for the early detection of Alzheimer’s disease and related dementias.

3.3. Statistical Facts
3.3.1. Chronological Trend

In Figure 2, the publications are listed on a timeline according to their year of pub-
lication. The figure shows that the number of publications on this topic has increased
considerably in the last 10 years compared to the previous 10 years.
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Figure 2. Timeline of the publications [24–39].

3.3.2. Number of Questions

The number of questions to be answered in the questionnaires varies enormously. There
are questionnaires containing under 10 ([31,36,37]), 10 to 20 ([29,33]), 20 to 40 ([26,28,34]), 40
to 50 ([24,27,28]), 50 to 100 ([25]) and over 100 questions ([39]). The number of questions
present in [30,32,35,38] is not specified.

3.3.3. Answer Scales

Different scales can be found, on the basis of which the questions can be answered.
Mostly they were Likert scaled from 1 (“absolutely not true”) to 6 (“completely true”) or on
a 3-point Likert scale (“yes”, “maybe”, “no”) ([24,25,27,28,31,33,36]). Some questionnaires
only ask about the occurrence of phenomena in binary form ([29,31,34,36,37,39]). The
answer scales in [26,30,32,35] are not specified.

3.3.4. ML Techniques

The studies presented in the previous chapter use a number of ML techniques to
extract diagnostic indications from the collected data. The distribution of these is displayed
in Table 3.

Table 3. ML techniques.

Model Abs. Feq Rel. Freq Publications

Naive Bayes 4 25% [24,26,27,32]
LDA 6 38% [24–28,32]
QDA 1 6% [32]
Decision Tree 1 6% [33,34]
Random Forest 5 31% [24–26,28,31]
Logistic Regression 8 50% [24–28,30,33,37]
SVM 6 38% [24–28,34]
KNN 4 25% [24,26,27,32]
Fuzzy RB 3 6% [27]
MLP 1 19% [27,33,34]
Fusion 5 31% [24–28]
Threshold 1 6% [36]

3.3.5. Performance

For the detection of a disease, the consideration of the evaluation metric recall plays a
major role. A recall of 0.90 means that 90% of the people with the disease were actually
identified as such by the diagnostic tool. It is thus important to maximise this indicator.
Therefore, in the overview of the performance of the individual systems, the focus will
be on the highest achieved recall. However, the relation to other metrics must always
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be considered. A system that simply identifies every subject as “affected” has a recall of
1, but does not provide valuable information. This can be remedied by the F1−measure,
which considers precision and recall together. Publications that do not achieve at least an
F1−measure of more than 0.5 or have not specified any other metrics are not discussed
further, as an interpretation of the results is not possible.

The achieved recalls ranged from 0.69 to 0.98. Results of less than 0.80 were achieved
by [36] and [33]. Refs. [25,28,34,39] reported good results between 0.81 and 0.90. Results
well above 0.95 were achieved by [24,26,27,31].

4. Discussion

The process of discussing and interpreting the results was performed by the authors
LEB, LG and FK.

4.1. Potentials

From the publications presented in the previous section, a range of potentials for
the use of ML on questionnaire data could be identified. On the one hand, there are
different possible applications for ML. Predictive indicators for certain diseases can be
identified [40], for example by using logistic regression parameters. Likewise, classifiers
can be used to predict a possible diagnosis. Furthermore, an advantage lies in the increase
in efficiency. ML techniques are able to analyse large amounts of data and recognise
patterns that are relevant for making a diagnosis but would be difficult for humans to
identify [42]. The easy accessibility of questionnaires, for example by offering POQs via
web applications, allows participation without demographic restrictions. Thus, even
patients with potentially limited access to specialised medical institutions can be reached.
Furthermore, questionnaires are easy to use. They can be completed directly by patients or
their parents/caregivers, making them much easier to use in practice [42]. Research on
RDs can also benefit from the application of ML. New knowledge about RDs can be gained
by identifying predictive indicators. This updates the state of research with regard to
previously unknown correlations and risk factors. Another advantage is the objectivity of
ML methods, as they can bypass subjective human judgements and make objective decisions.
However, this is only valid if the training data is actually unbiased and representative.
Studies like Ref. [41] show that there is already a high level of acceptance among medical
professionals for such technologies and procedures to support diagnosis. In addition, costs
can be saved because the potential for the early detection of RDs can reduce long and
expensive diagnostic procedures. Especially expensive invasive examinations can then be
used in a more targeted manner after the system has suggested a diagnosis. Further studies,
such as [44], that investigate the massive delay in RD diagnosis, point out that the most
important aspects are the improvement in the medical diagnosis system through better
coordination between different health care institutions and the use of digital tools such as
questionnaires in combination with ML techniques.

Furthermore, the questionnaire data obtained offer an added value not only for in-
dividual patients, whose diagnostic process can be accelerated, but for the population
as a whole. The analysis of aggregated questionnaire data can help uncover long-term
health trends and provide insights into the general population health. This can assist in the
development of public health strategies and interventions.

4.2. Scope and Limitations

The use of POQs in combination with ML for the diagnosis of RDs holds promising
potential, but also comes with a range of challenges. One of the key challenges is the
availability of high-quality and sufficient data. POQs capture patients’ subjective experiences
and symptoms, which can be diverse and complex. To achieve meaningful results, it is
necessary to include a sufficiently large and representative sample of patients who actually
have an experience with the disease. However, the limited number of patients with RDs can
complicate data collection and hinder the development of robust diagnostic models [14].
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The questionnaires from the studies discussed here often consist of very many questions
in order to provide a comprehensive snapshot of the patients suffering. People who suffer
from pain disorders or mental illnesses have to invest a lot of energy and concentration to
complete these questionnaires faithfully. To address this disadvantage, the study authors [43]
developed an approach to minimise the number of questions to be answered, still trying to
gather enough information. An algorithm was developed that analyses a patients previous
response pattern. Then, questions that maximise the information gain are specifically and
dynamically selected to provide strong evidence for or against a diagnostic tendency.

The use of patient data for research purposes, especially in the field of health, requires
careful consideration of ethical and data protection aspects. Patients must be informed about
how their data will be used, the risks and benefits involved, and how their privacy will be
protected. A key concern relates to the anonymisation and pseudonymisation of data to
protect the identity of patients. In particular in the case of RDs, it can be easier to identify
individual patients from limited amounts of data, increasing the risk of abuse.

Another obstacle is the heterogeneity of symptoms and the courses of RDs. Often,
patients with the same RD present with different symptoms, which makes it difficult to
develop a uniform diagnostic methodology. The diversity of symptoms therefore requires
an individualised approach and consideration of a wide range of factors even within a
single disease.

4.3. Research Question Review

In response to the research question regarding the systematic utilisation of structured
history-taking questions and questionnaires for diagnostic support, this review reveals
significant exploration in medical research. There are indications that, with appropriately
trained and validated ML models, this approach can definitely serve as a powerful diag-
nostic support tool for various diseases. However, the extent to which this approach can
be fully integrated and its impact on accelerating the diagnosis of RDs requires further
investigation and specific studies. In particular, the actual use of the proposed systems in
the daily clinical routine needs to be examined.

5. Conclusions

In summary, the study of the integration of POQs and ML techniques in the field of
medical diagnosis reveals both great progress and ongoing challenges. The comprehensive
analysis of several studies showed the potential of using patient data in combination with
ML algorithms to support the diagnosis of a wide range of diseases, including both rare
and common physical and mental disorders. These studies have shown that ML models,
when appropriately trained and validated, can provide a helpful first impulse towards
diagnosis and support medical professionals in their decision-making processes. Despite
the promising results, there are still some challenges on the way to effectively implementing
this innovative approach. One notable challenge is the availability and quality of data. Es-
pecially for RDs, obtaining comprehensive and representative datasets remains a challenge
due to the limited number of cases. There is also the question of accountability when these
systems make errors in diagnosis. It is important to note that such systems can only serve
as a support and not as a substitute for the process of finding a diagnosis, for which a high
level of acceptance among medical staff has already been recorded.

The future of RD diagnosis using patient-centred questionnaires and ML is promising,
with steady advances in both the medical and technological fields. Already, some of the
studies presented here used data from patient questionnaires combined with other data.
One promising development concerns the integration of patient data from different sources,
such as image data, laboratory results and genetic analyses, and questionnaire data, to
create more comprehensive and accurate diagnostic models. A second important research
potential is the examination of the use of these systems in the daily clinical routine. From
our perspective, the results show that the full potential has not yet been exploited and that
further research in this direction is worthwhile.
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