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1. Introduction

This Special Issue focuses on advancing research on algorithms, with a particular
emphasis on feature selection techniques. A key focus is the broad subject of scheduling,
aiming to include outstanding papers covering both theoretical and practical aspects.
The topics comprise evolutionary search techniques for feature selection [1-5], ensemble
methods for feature selection [6-10], the problem of feature selection in high-dimensional
and time-series data [11-16], and the application of textual data [17-22] and deep feature
selection [23]. Our goal was to bring together some of the best papers from different fields
that deal with this subject matter.

A large number of the submitted papers came in response to the call, with ten re-
searchers submitting papers to the Special Issue, each of them approaching a different area
of feature selection [24-28]. Through a difficult peer review process, carried out by the
invited experts who were there to ensure the quality of the work conducted [29], we are
pleased to say that six very good research papers have been accepted for publication in a
revised form.

Along with other fields such as scheduling and time-series analysis [30-35], the ac-
cepted papers also reveal the use of feature selection in emerging fields such as bioinformat-
ics [36—42] where the selection of the relevant features plays a crucial role in the modeling
of genomics. For example, genetic feature selection [43-50] has helped predict cancer better
by narrowing down the most important markers [51]. Techniques with neural networks,
along with feature importance and dimension reduction, have shown good effectiveness in
the optimization of the computational costs and results [52]. These mixed methods have
mainly been used in tackling large-scale data challenges, and they have already proved to
be successful [53].

Additionally, ensemble methods for feature selection [54-56] have been extensively
examined in this Special Issue. The methods in question are designed to enhance robustness
and lessen the chances of overfitting, which is particularly relevant in the context of big
data analytics [57]. The concept of affirmative action is brought to the forefront by one
study which shows how ensemble techniques, as opposed to traditional methods, can
serve to tackle more data sources [9]. This Special Issue also deals with the challenges
of over-dimensional data [58,59], and, in particular, the combination of statistical and
machine learning methods has been stressed, though through which dimensionality has
been reduced.

2. Special Issue

In the first paper accepted (Neirz et al. 2024) [1], the authors propose a uniqueness
testing model based on binomial algorithms. Such a method allows researchers to verify
independence between categorical variables in these contexts more effectively in compar-
ison to traditional methodologies such as Fisher’s exact test. The model was confirmed
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through three case studies investigating the effects of high-pressure processing, ultrasound
treatment, and polyphenolic compounds on the structure-function relationship of ancient
wheat doughs. The findings support the applicability of computationally simple models
in innovation-oriented green product development and the creation of hybrid goods with
great nutritional value.

The second paper (Favero et al. 2024) that was accepted presents a series of nine levels
of scenario analysis for the analysis of the different users of a housing space in Alarcos,
Cuenca. Research into the problem of planning “affordable housing” has been proposed in
terms of demands and scopes of possible solutions. The results verify that the parameters
of the models used to explain the problems related to the study of the competition among
users of housing spaces provide a good background for decision making. It was the
compact output of the scenario analysis chapter which allowed users to administer various
policies in the housing market, which was recommended by the housing technicians as an
effective tool for the job.

In the third paper accepted (Zulfqar et al. 2024) a novel idea is proposed to use
COT-based RGB feature extraction for the detection of lip synchronization irregularities.
The method was evaluated for detection performance in a comprehensive set of images,
including different variations of input images such as face movement, lighting variation,
and other environmental parameters. The paper, moreover, proposed a simple way to unify
the scales of static and dynamic features. The experimental results show the effectiveness
of the new method and encourage its integration with other existing methods of video
content analysis for the detection of non-compliance with synchronization.

In the fourth accepted paper (Mahmood et al. 2024), it has been suggested that the
effective use of the aforementioned Al-enabling applications can lead to accelerated realiza-
tion of student engagement in science through proper scientific tools and methodologies.
The application of Al technologies, for instance, can promote a culture of continued learn-
ing by providing students with opportunities to work on projects beyond the classroom
and facilitating real-time inquiry into their interests. In this regard, I believe the selling of
Al applications to students and their involvement as co-creators in the areas of study will
be the basic pillars of the future of Al in education.

The fifth accepted paper (Chen et al. 2024) presents a customized detection system for
fatigued drivers, which incorporates a variety of data from eye movement, finger pressure,
and plantar pressure sensors. The system is a self-learning one that acquires the individual
patterns of the driver’s behavioral modifications and can then identify whether the user is
feeling tired through the differences, and therefore it provides a clear-cut intervention that
is well tailored to road safety enhancement.

The sixth accepted paper (Gafar et al. 2024) describes the RBAVO-DE algorithm, which
is a new genetic algorithm based on differential evolution and is specifically designed for
gene selection in high-dimensional RNA-Seq datasets. It demonstrates its efficacy by
showing better classification accuracy and also feature reduction in 22 cancer datasets,
along with being essential in the accuracy of cancer research and genetic marker discovery.

The seventh accepted paper (Ferdous et al. 2024) is about the introduction of AFP-
MVEFL, which is a multi-view feature learning model dedicated to the scientific identification
of antifungal peptides. The combination of sequential and physicochemical properties of
amino acids allows the model to achieve the highest performance values, thus offering a
very promising tool for the computer-based fight against scientific fungal infections.

The eighth accepted paper (Azimov et al. 2024) discusses the application of machine
learning techniques such as CNNs, random forests, and SVMs for the author identification
of Azerbaijani texts. The research processed the text features as a variety of known things
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and reported the best methods of such text classification, representing another contribution
to the advancement of computational linguistics.

The ninth accepted paper (Samkunta et al. 2024) proposes a novel method for the
extraction of features of hand kinematics of humans based on sparse coding, where a
notable improvement in the classification precision can be seen compared to the PCA and
random dictionary techniques. This work provides actionable solutions to the problem of
time-series data analysis in human movement studies.

The tenth accepted paper (Purasevic¢ et al. 2024) deals with the feature selection
process of genetic programming (GP), which is used to build dispatching rules on the basis
of the evolution of the phenotype represented in the scheduling problems of machines.
Focusing on the role of composite terminal nodes, the article records a 7% increase in
performance, with a strong reminder of the importance of the design of the features in the
application of GP optimization.

Funding: This research received no external funding.
Conflicts of Interest: The author declares no conflicts of interest.
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Abstract: This study introduces a novel measure for evaluating attribute relevance, specifically
designed to accurately identify attributes that are intrinsically related to a phenomenon, while being
sensitive to the asymmetry of those relationships and noise conditions. Traditional variable selection
techniques, such as filter and wrapper methods, often fall short in capturing these complexities.
Our methodology, grounded in decision trees but extendable to other machine learning models,
was rigorously evaluated across various data scenarios. The results demonstrate that our measure
effectively distinguishes relevant from irrelevant attributes and highlights how relevance is influenced
by noise, providing a more nuanced understanding compared to established methods such as Pearson,
Spearman, Kendall, MIC, MAS, MEV, GMIC, and Phiy. This research underscores the importance of
phenomenon-centric explainability, reproducibility, and robust attribute relevance evaluation in the
development of predictive models. By enhancing both the interpretability and contextual accuracy
of models, our approach not only supports more informed decision making but also contributes
to a deeper understanding of the underlying mechanisms in diverse application domains, such as
biomedical research, financial modeling, astronomy, and others.

Keywords: feature importance; feature selection; feature ranking; dependency measures; machine
learning explainability; all-relevant problem

1. Introduction

In recent years, there has been significant advancement in methods for feature rele-
vance and dependency assessment across a range of fields, from biomedical research to
artificial intelligence and data engineering. Traditional approaches, such as those based
on linear correlations, are well suited for capturing monotonic relationships but often
fail in the presence of complex, nonlinear dependencies. Recent studies emphasize the
limitations of these classical metrics and advocate for robust methods that adapt to diverse
data characteristics. For instance, Khan et al. (2023) [1] highlight the challenges posed by
high-dimensional data and underscore the need for feature selection methods that ensure
computational efficiency without sacrificing relevance accuracy. Similarly, in biomedical
contexts, methods that go beyond linear dependencies are essential for identifying complex,
nonlinear relationships that could otherwise be overlooked by conventional techniques [2].

The rise of Big Data has intensified the need for scalable metrics capable of managing
noisy and complex datasets [3]. Advanced methods, including metaheuristic algorithms,
have demonstrated strong potential in unsupervised feature selection and clustering,
offering robustness and adaptability for diverse data analysis needs. These methods are
increasingly relevant for applications requiring reliable feature relevance assessment in
complex, high-dimensional settings [4,5].

In the context of high-dimensional data analysis, identifying relevant attributes is
critical for the effective implementation of machine learning methods and statistical anal-
ysis. This challenge can be approached from two primary perspectives: the “minimal
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optimal problem” and the “all-relevant problem”. The former focuses on determining
the smallest set of attributes that optimizes model performance, while the latter aims to
identify all attributes that exhibit a relationship with the target variable, regardless of noise,
redundancy, or indirect interactions [6]. The “all-relevant problem” is particularly valuable
when seeking to understand the underlying mechanisms of the phenomenon under study;,
rather than merely building a predictive model. For example, in the medical field, when
working with large datasets containing multiple attributes potentially related to cancer, the
goal is to identify which of these attributes are truly relevant for prediction, even if they
have been previously overlooked due to noise, complex interactions, or redundancy.

To address the “all-relevant problem”, there is a growing preference for wrapper meth-
ods over classical statistical approaches. Wrapper methods combine a machine learning
algorithm, a relevance criterion, and a search procedure that explores potential subsets of
relevant features. These procedures are often heuristic and guided by the performance
of an underlying model, frequently based on decision trees due to their interpretability
and ability to handle complex variable interactions. However, wrapper algorithms have
limitations, such as the absence of a measure that distinguishes the magnitude of relevance
and the inability to clearly identify interactions among attributes or assess the likelihood of
results being due to chance.

According to Kohavi and John (1997) [7], the relevance of a feature in a classification
context should be defined in terms of its impact on the performance of an optimal Bayes
classifier. A feature x is considered strongly relevant if its removal alone causes a deteriora-
tion in the performance of the optimal Bayes classifier. In other words, a strongly relevant
feature is indispensable for maintaining the classifier’s prediction accuracy. Conversely,
a feature is considered weakly relevant if it is not strongly relevant, but there exists a
subset of attributes S such that the performance of the Bayes classifier on S is worse than
its performance on S U {x}. This implies that while a weakly relevant feature may not
always be critical, it can still contribute to improving the classifier’s accuracy in specific
contexts. A feature is deemed irrelevant if it is neither strongly nor weakly relevant; that is,
its inclusion or exclusion does not affect the performance of the classifier. Understanding
these distinctions is essential for determining the contribution and interaction of each
feature within the dataset, which is a fundamental aspect of effective feature selection.

A notable issue with Kohavi and John's definition is that if we have two identical
attributes x; and x;, both strongly correlated with the target y, removing one will not
degrade the classifier’s performance. Thus, according to their definition, x; and x, would
not be considered strongly relevant, despite their strong relationship with the target. This
limitation raises questions about whether Kohavi and John’s definition intuitively captures
relevance, particularly when an attribute that fully conveys information about the target
could be categorized as weakly relevant [8].

Permutation feature importance, introduced by Breiman [9], is a fundamental tech-
nique for evaluating feature importance in supervised learning models. It involves ran-
domly shuffling (i.e., randomly permuting) each feature’s values and measuring the result-
ing performance drop, directly estimating each feature’s relevance. A feature is relevant
if its permutation significantly decreases the model’s predictive accuracy, indicating its
critical role. However, Strobl et al. [10] found that permutation-based measures can be bi-
ased, favoring high-cardinality features due to their higher chance of reducing impurity by
chance. They proposed conditional permutation and tree-growing algorithm modifications
to mitigate these biases, enhancing interpretability and validity in random forest models.

Stoppiglia et al. [11] introduced an innovative approach to the “all-relevant problem”
in wrapper methods by incorporating a “test attribute” into the feature selection process.
This randomly generated attribute, expected to be unrelated to the target variable, is added
to the candidate attributes. The importance of other attributes is then evaluated based on
their performance relative to the test attribute, determining relevance based on whether
an attribute is ranked higher or lower than the test attribute. Unlike Kohavi and John’s
relevance definition, which may underestimate important attributes, Stoppiglia’s approach
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considers an attribute relevant if its contribution exceeds that of a random attribute acting
as a risk threshold, offering a more intuitive and practical perspective on relevance.

However, Stoppiglia’s approach presents challenges, such as determining an accept-
able risk threshold. In large datasets, more permissive risk thresholds may lead to the
inclusion of irrelevant attributes. Additionally, heuristic-based selection may reduce the
score of collinear attributes, and random attributes might, by chance, improve model
performance, falsely indicating relevance. These issues can lead to the undervaluation or
exclusion of potentially relevant attributes, complicating comprehensive identification of
all relevant features. Such challenges highlight the limitations of Stoppiglia’s method in
effectively addressing the “all-relevant problem”.

Stoppiglia’s concept of outperforming test attributes has been adopted by algorithms
designed to solve the “all-relevant problem”, such as the Boruta algorithm [12]. These
algorithms use admissible risk thresholds, addressing issues identified by Stoppiglia and
reducing the arbitrariness introduced by random attributes.

Boruta, named after a Slavic forest god, was developed to address the “all-relevant
problem” in multivariate classification. It combines concepts from Stoppiglia and Breiman.
Stoppiglia’s idea involved comparing predictor variables against a randomly generated
benchmark attribute, while Breiman introduced permuting attribute values to assess feature
importance. In Boruta, “shadow” attributes, created by permuting original attribute values,
are used as benchmarks. These shadow attributes, unrelated to the target but retaining
key statistical properties, ensure that both original and shadow attributes come from the
same distribution. Boruta rigorously evaluates feature relevance by comparing original
attributes against the highest-performing shadow attribute through statistical tests and
multiple iterations of random forest. An attribute is deemed relevant if it consistently
outperforms the best-performing shadow attribute, setting a high threshold and mitigating
biases in feature selection processes [13]. While Boruta excels in multivariate contexts,
in this work we focus on applying its principles in a univariate framework. In practical
applications, relationships between variables are rarely symmetrical, and attributes with
low cardinality often provide limited predictive power for those with high cardinality. For
instance, an attribute with only three unique values is unlikely to effectively predict another
with 100 unique values, whereas the attribute with higher cardinality could serve as a
near-perfect predictor of the one with fewer values. This challenge, particularly evident in
real-world scenarios, was highlighted by Wetschoreck (2020) [14].

1.1. Reproducibility

The challenges of reproducibility in machine learning, particularly in the context of
high-dimensional data analysis, have been extensively examined. Goodman, Fanelli, and
Ioannidis [15] categorize reproducibility into three essential types: methods reproducibility,
which ensures that technical procedures can be precisely replicated; results reproducibility,
which guarantees that reimplementations of a method produce statistically consistent
outcomes; and inferential reproducibility, the most crucial of the three, which ensures that
conclusions drawn from data are robust and generalizable across different experimental
conditions. Bouthillier et al. [16] built upon this framework, emphasizing its importance
in the context of machine learning, where these forms of reproducibility are essential
for validating research findings and ensuring that they are not mere artifacts of specific
experimental designs.

Moreover, factors such as data sampling, model initialization, and hyperparameter
optimization introduce variability that can obscure true model performance. Addressing
and modeling these sources of variability is essential for enhancing the reliability of ma-
chine learning benchmarks [17]. These principles are particularly related in the context
of feature selection, where rigorous and reproducible methods are vital to ensure that the
identified features genuinely contribute to the model’s predictive power. Collectively, these
approaches highlight the necessity of careful experimental design and robust evaluation
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criteria, which are indispensable for accurately determining the relevance of features in
high-dimensional datasets.

A /B testing, a widely used technique in experimental design and digital marketing,
shares several key principles with reproducibility-focused methodologies. A/B testing
involves comparing two versions of a product or feature (commonly referred to as A and B
versions) to determine which performs better according to a predefined metric [18]. This
process relies on statistical hypothesis testing to assess whether observed differences in
performance are statistically significant, thereby informing decisions about which version
should be adopted [19].

1.2. Phenomenon-Centric Explainability

In the rapidly evolving field of machine learning, the concept of explainability has
become increasingly critical, particularly as models grow in complexity and are applied
in high-stakes domains. Techniques such as SHAP (SHapley Additive exPlanations) [20],
LIME (Local Interpretable Model-agnostic Explanations) [21], and the frameworks pro-
posed by Sokol [22] exemplify this approach by providing insights into how individual
predictions are made. These methods aim to enhance user trust and enable validation of
complex models by attributing importance scores to individual features, thereby making
the model’s decisions more transparent and comprehensible.

However, recent work by Lapuschkin et al. [23], in “Unmasking Clever Hans pre-
dictors and assessing what machines really learn”, highlights the significant limitations
of relying solely on traditional explainability techniques. Their study demonstrates that
models can generate seemingly accurate predictions based on spurious correlations within
the training data, reminiscent of the “Clever Hans” effect observed in psychology [24].

Similarly, machine learning models may appear to perform well by leveraging inciden-
tal patterns in the data patterns that do not genuinely reflect the underlying phenomena.
These issues become particularly evident in studies where models achieve high predictive
accuracy by leveraging spurious correlations in the training data [25,26]. Similarly, in
computer vision, research has shown that models can misclassify images due to subtle
perturbations that are imperceptible to the human eye [27]. Additionally, recent work
by Wang et al. [28] has demonstrated how dataset biases can influence the conclusions
drawn from SHAP values. These examples underscore the necessity of ensuring that model
predictions are grounded in genuine, relevant patterns that accurately capture the true
underlying processes, rather than being influenced by misleading artifacts.

In light of these findings, we propose a paradigm shift towards phenomenon-centric
explainability, which emphasizes understanding the underlying phenomena that models
are designed to capture. This approach is particularly critical in scientific research and
in addressing complex challenges such as the “all-relevant problem”. In these contexts,
the primary objective is to gain deep insights into domain-specific processes, recognizing
the importance of uncovering relationships—whether causal, dependent, or instrumen-
tal—rather than merely optimizing predictive accuracy. This perspective suggests that
phenomenon-centric explainability represents a logical and necessary evolution, aligning
with the traditional goals of scientific inquiry, such as exploring complex relationships
and underlying mechanisms, without relying on interpretations that may be influenced by
spurious correlations in the training data.

2. Proposal: Attribute Relevance Score

In this work, within the framework of the all-relevant problem, we introduce a novel
univariate approach for evaluating attribute relevance, designed to tackle the inherent
challenges of feature selection in high-dimensional datasets. Our approach builds upon the
concept of shadow attributes, introduced by L. Breiman and later used by M.B. Kursa in
the Boruta algorithm, to create a more robust measure of individual attribute importance.
Unlike traditional methods, which may produce biased results due to specific data splits
or data assumptions, our technique systematically evaluates each attribute’s contribution
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by comparing it against its permuted versions. This process ensures that the relevance
identified for each feature truly reflects underlying patterns in the data rather than arti-
facts from specific data splits or model configurations, enhancing both the reliability and
interpretability of the results.

Consider an attribute matrix X € R"*", where n represents the number of samples
and m denotes the number of attributes, along with its corresponding labels y € R". To
evaluate a specific attribute x = [x1, x, ..., xn]T, where each x; represents an observation,
we begin by partitioning x into training and testing subsets, denoted as Xrain and Xest,
respectively, such that X = Xirain U Xtest and Xerain M Xtest = ©.

A model M (e.g., a decision tree) is then trained using the training subset X,in and
its corresponding labels yi,in. Subsequently, a shadow model, Mj, is trained using a
permutation of Xiy,in, denoted as xs, with the same labels yiain.

We then consider a performance measure F that results from evaluating the output of
a model on the test subset X¢est, compared to the correct labels yiest. The choice of F should
be made according to the specific problem at hand.

The core premise of our approach is that the performance measure F of the model M,
trained on the original attribute Xain, should consistently be superior to that of the shadow
model M, trained on the permuted attribute xs, when both are evaluated on the same test
subset Xtest With labels yiest.

Opt(F(M)) > Opt(F(Ms)), )

where Opt(-) represents an optimization criterion for F. Depending on the nature of F, this
criterion could aim to maximize or minimize its value.

To minimize biases from specific test subsets, which could distort evaluations, we
employ random sampling across multiple test subsets. This ensures a comprehensive and
robust assessment of attribute relevance, capturing the magnitude of the observed effects
and articulating them with a level of detail that supports precise and actionable conclusions.

We propose Equation (2) to calculate the attribute relevance score (ARS) for perfor-
mance metrics F, where “the closer to 1, the better”, such as those commonly used in
classification tasks (e.g., accuracy, F1 score, recall, and precision).

@)

ARS = max (O, FM) 1(F(Ms) * 6) ),

1— (F(M;) +e)
where F(M) represents the median performance of model M across multiple test subsets,
F(M;) is the median performance of the shadow model over the same subsets, and € is a
small positive constant indicating the minimum acceptable effect size threshold. The ARS
algorithm for classification is detailed in Algorithm 1.

The primary objective of our measure is to answer two fundamental questions:

1. Is there a significant dependency between an attribute x and another attribute or
target variable y, independent of factors such as cardinality, specific distributions, or
artifacts from the data or model configuration? A score of ARS(x) > 0 would indicate
such a genuine dependency.

2. How effectively can y be approximated based on x using a specific error measure
and a chosen algorithm? The attribute relevance score (ARS) quantifies the practical
capability of x to predict or approximate y, capturing not only the existence of a
statistical dependency but also the magnitude of its predictive power in the context of
the selected model and performance metric. This ensures that any detected relevance
corresponds to a genuine and meaningful predictive capacity, rather than an artifact
of the statistical properties of x or models based on chance.

To illustrate the behavior of the ARS and build intuition, consider the simple equation

y = X1 + X2 + x3, where x; are three independent, nonredundant predictor attributes

within the same range. Suppose that, for the first attribute, we obtain F(M;) +€ = 0.5
and F(M) = 0.75; for the second attribute, F(Mj5) + ¢ = 0.5 and F(M) = 0.65; and for the
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third attribute, F(M5) + € = 0.5 and F(M) = 0.6. Calculating the attribute relevance score
(ARS) for each attribute yields scores of 0.5, 0.3, and 0.2, respectively. Notably, in the ideal
case, the sum of these scores is 1.0, which suggests that these three independent variables,
collectively, have the capacity to fully represent the target variable. This example illustrates
how the ARS quantifies the cumulative relevance of independent attributes, capturing the
extent to which a set of predictors can collectively account for the target variable.

Algorithm 1 Attribute relevance score for classification.

Set up model: (e.g., DecisionTreeClassifier)
Set up performance metric F: (e.g., f1-score)
Set up acceptable error margin: €
Set significance level: « (e.g., « = 0.05)
Initialize lists to store performance metrics of the original and shadow models
for iteration from 1 to N do
Split the data into training and testing sets: Xirain, Xtest, Ytrain, Ytest
Train the original model M on Xain and Yirain
Generate shadow attributes by permuting the original attributes to obtain Xgpaqow
Train the shadow model M on Xghadow and Yirain
Evaluate and store the performance metric F of both models M and M on Xiest, Ytest
end for
: Compute the median performances F(M) and F(M;)
Conduct statistical test: Perform a test of means (e.g., a t-test) on the performance
metrics collected from M and M to obtain a p-value
if p-value < « then
Compute the Attribute Relevance Score (ARS) using the following formula:

e e T
L N =

=
SANSCH

ARS = max (0, EM) i(F(Ms) + e))
1- (F(Ms) +€)

17: else

18:  Set ARS =0

19: end if

20: return ARS and the p-value from the statistical test

In Step 13 of Algorithm 1, we conduct a statistical test (e.g., a t-test) to compare
the performance metrics of the original model M and the shadow model M. This test
provides a p-value that quantifies the likelihood that the observed difference in performance
occurred by chance. If the p-value is less than the significance level «, we consider the
difference in performance to be statistically significant. In this case, we proceed to compute
the attribute relevance score (ARS) using the formula provided. If the p-value is greater than
or equal to &, we conclude that there is no statistically significant difference between the
models. Therefore, we set ARS = 0, indicating that the attribute is not considered relevant.

By incorporating this statistical test, we embed statistical significance into our attribute
relevance score. However, it is important to recognize that a low p-value is a necessary but
not sufficient condition for establishing attribute relevance. Additional factors such as effect
size, consistency across iterations, and practical significance should also be considered
to ensure that the identified relevance corresponds to meaningful patterns rather than
random fluctuations. This holistic approach emphasizes the importance of not relying
solely on statistical significance but also assessing the practical implications of the findings
to confirm that they align with genuine data relationships.

This scoring system not only facilitates the identification of relevant attributes but also
significantly enhances the reliability and validity of the constructed predictive models. By
incorporating multiple test subsets and focusing on statistical robustness, our approach
ensures that the results are both generalizable and reproducible across diverse experimental

12
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conditions, thereby contributing to the advancement of more robust and credible data
analysis in high-dimensional settings.

Moreover, with slight modifications, Algorithm 1 can also be adapted for performance
metrics F where “closer to zero is better” such as mean absolute error (MAE), mean absolute
percentage error (MAPE), and root mean square error (RMSE), which are more common in
regression problems, illustrated in Algorithm 2.

Algorithm 2 Attribute relevance score for regression.

Set up model: (e.g., DecisionTreeRegressor)

Set up performance metric F: (e.g., Mean Absolute Error)

Set up acceptable error margin: €

Set significance level: « (e.g., « = 0.05)

Initialize lists to store performance metrics of the original and shadow models

for iteration from 1 to N do
Split the data into training and testing sets: Xiyain, Xtest, Ytrain, Ytest
Train the original model M on Xiain and Yirain
Generate shadow attributes by permuting the original attributes to obtain Xqhaqow
Train the shadow model M; on Xghadow and Yirain
Evaluate and store the performance metric F (e.g., MAE) of both models M and M
on Xiest, Ytest

end for

: Compute the median performances F(M) and F(M;)

: Conduct statistical test: Perform a test of means (e.g., a t-test) on the performance

metrics collected from M and M to obtain a p-value
. if p-value < « then
Compute the Attribute Relevance Score (ARS) using the following formula:

ARS — max (0, (F(Ms) —¢) - F(M))
(F(Ms) —€) —0

_
= o

=
W N

— =
o G

17: else

18:  Set ARS =0

19: end if

20: return ARS and the p-value from the statistical test

By using models that directly accept categorical variables, such as CatBoost [29],
and selecting appropriate performance metrics for multilabel and multioutput problems,
the ARS method can be seamlessly extended to handle a wide variety of data types and
problem settings. This flexibility ensures that the method remains robust and effective
across different domains, making it a valuable tool for feature selection and attribute
relevance evaluation in diverse applications.

3. Materials and Methods
3.1. Pearson’s Correlation

Among the most widely used filtering methods for determining attribute relevance,
we first encounter Pearson’s correlation, denoted by 7,y (see Equation (3)).

)
Txy = = (©)
LT PP - 9

where x; and y; are the individual observations of the variables, X and 77 denote the means,
and 7 denotes the total number of observations.

This technique identifies attributes that exhibit a high linear correlation with the target
variable, potentially suggesting attribute relevance. Pearson’s correlation values range
between —1 and 1. The closer the coefficient is to 1 or —1, the stronger the linear correlation.
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A coefficient of 1 indicates a perfect positive correlation, meaning that as one variable
increases, the other variable increases in constant proportion. Conversely, a coefficient of
—1 indicates a perfect negative correlation, meaning that as one variable increases, the
other decreases in constant proportion. A coefficient of 0 indicates the absence of a linear
relationship between the two variables, implying no linear correlation.

It is important to note the limitations of Pearson’s correlation in detecting nonlinear
relationships between variables, as well as its sensitivity to outliers, which can lead to
biased or inaccurate interpretations in the attribute selection process.

3.2. Spearman’s Correlation

Another classical option is Spearman’s correlation (Equation (4)), denoted by p. Spear-
man’s correlation, or Spearman’s rank correlation coefficient, is a statistical measure that
evaluates the relationship between two variables. Unlike Pearson’s correlation, which
assesses a linear relationship, Spearman’s coefficient examines monotonic relationships,
meaning that as one variable increases or decreases, the other also tends to increase or
decrease, without requiring a strictly linear relationship.

For its calculation, Spearman’s correlation relies on the ranks of the data rather than
the actual values. That is, each value in a variable is replaced by its position or rank in
magnitude within its respective dataset.

2
p=1- CEA @
n(n?—1)
where d; denotes the rank differences between the observations. If the variables x; and y;
have ranks r,; and ry;, respectively, then d; = r,; — r,;, and n denotes the total number of
observations.
Similar to Pearson’s correlation, Spearman’s correlation values also range between
—1 and 1, but their interpretation is slightly different. A coefficient of 1 indicates a perfect
positive correlation, meaning that as one variable increases, the other variable also tends
to increase in a monotonic relationship. Similarly, a coefficient of —1 indicates a perfect
negative correlation, meaning that as one variable increases, the other variable tends to
decrease in a monotonic relationship. A coefficient of 0 indicates the absence of a monotonic
correlation between the two variables.

3.3. Kendall’s Correlation

Kendall’s correlation, or Kendall’s rank correlation coefficient, denoted by T
(Equation (5)), is a statistical measure that evaluates the association between two ordi-
nal variables. It is based on the concept of concordance and discordance between pairs
of observations. A pair of observations is concordant if the relative order between the
two variables is the same (i.e., if one observation is higher in both variables or lower in
both). A pair is discordant if the relative order is different. Similar to Spearman’s cor-
relation, T is useful for measuring monotonic relationships, and its range of values and
interpretation are equivalent, ranging between —1 and 1. A value of 1 indicates a perfectly
positive monotonic relationship, and a value of —1 indicates a perfectly negative monotonic
relationship. The main advantage of T over Spearman’s correlation is its reduced sensitivity
to outliers.

2
T= m;sgn(xi — xj)sgn(yi — yj) ®)
where sgn(x; — x;) and sgn(y; — y;) are the sign functions that return 1if x; > x; or y; > y;,
—1lifx; < xjory; < yj,and 0if x; = x; ory; = y;. The sum counts the concordant
and discordant pairs of observations. A pair of observations (i, j) is concordant if both
(x; > xjand y; > y;) or (x; < xjand y; < y;); otherwise, the pair is discordant.
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3.4. Phiy Correlation

¢k is a correlation coefficient developed by Baak et al. (2020) [30] to measure the
association between two variables, including categorical and mixed variables (categorical
and continuous), without the need for prior transformations. The aim of this coefficient is
to provide a robust and more informative measure than traditional coefficients previously
mentioned. Another difference is that its values range between 0 and 1, where 0 indicates
no correlation and 1 indicates a perfect correlation. Since its calculation involves several
rules, it does not have a closed-form formula:

1. Variable transformation: Categorical variables are handled using encoding, while nu-
merical variables must be discretized if necessary. It is suggested to use 10 uniformly
spaced bins per variable.

2. Contingency table: A contingency table is created with the transformed variables,
where each pair contains N observations, r rows, and k columns.

3. Pearson’s chi-square test (x?): The chi-square statistic is calculated for the contingency
table, as described in Equation (6), to evaluate the independence between variables.

4.  Calculation of ¢: The value of x? is interpreted as if it were derived from a bivariate
normal distribution without statistical fluctuations, using Equations (7) and (8).

o Ifx’< X%edf then set p to zero.

e Else, with fixed N, r, k, invert the X%.n. function and numerically solve for p in the
range [0, 1].

*  The solution for p defines the correlation coefficient ¢y

& (04— Ey)?
=YY ©®)
i=1j=1 ij
where O;; represents the observed frequency in cell ij of the contingency table, E;; represents
the expected frequency in cell ij under the null hypothesis of independence of the variables,
r is the number of rows in the contingency table, and k is the number of columns in the

contingency table.

Tk (R Fi'(P:()))z
(0,N,7,k) ]P p)— ] v
th P r, 121]21 z](P—O) ()

2 2
Xmux(N/ T’,k) —X d
2 2 pe
Xon (0N, 1, k) = Xpoq +
bn ped X2, (1LN,1,k)

)-xi_n(p, N, k) ®)

3.5. Mutual Information

From a perspective grounded in information theory, mutual information (MI) offers a
distinct approach to understanding correlations by measuring how much information the
knowledge of one variable provides about another. In other words, mutual information
quantifies the reduction of uncertainty about one variable given information about the
other variable (Equation (9)). The minimum value of Ml is 0, indicating that two variables
are completely independent, or that the knowledge of one variable provides no information
about the other. It does not have a fixed upper limit; the maximum value can be as large as
allowed by the entropy of each of the variables.

X; = -y X M
I( /Y)—g]; ( ,,y])10g< P(x;)P (y])> 9)

where P(x;,y;) is the joint probability that x takes the value x; and y takes the value y;,
while P(x;) and P(y;) are the marginal probabilities of x and y, respectively. Mutual
information is generally calculated over discrete probability distributions. Therefore, if
the numerical variables are continuous, they may need to be discretized into intervals or
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categories. Since discretization can affect the accuracy of the calculation and lead to the
loss of important information, in this work, we will use the scikit-learn implementation
based on the work of Ross BC (2014) [31], which avoids discretization by using an entropy
estimation based on K-nearest neighbor distances.

3.6. Maximal Information-Based Nonparametric Exploration Suite

The Maximal Information-Based Nonparametric Exploration (MINE) suite is a collec-
tion of statistical tools designed to detect a wide range of relationships between variables
in large datasets. Unlike traditional correlation measures that often focus on linear associa-
tions, MINE is tailored to capture both linear and nonlinear dependencies without making
strong assumptions about the underlying data distribution. Developed by Reshef et al.
(2011) [32], the MINE suite includes several measures, such as the maximal information
coefficient (MIC), maximal asymmetry score (MAS), maximal edge value (MEV), and gen-
eralized mean information coefficient (GMIC), each designed to identify different types of
associations in a data-driven manner.

One of the primary measures in the MINE suite, the maximal information coefficient
(MIC), represents a significant advancement in detecting complex associations within data.
MIC is specifically designed to identify both linear and nonlinear dependencies between
two variables, making it particularly valuable in scenarios where relationships are complex
or nonlinear and difficult to capture with conventional methods.

The methodology behind MIC involves optimizing the partitioning of the data space
to maximize the normalized mutual information between variables (Equation (10)). It
systematically explores all possible ways of dividing the data into grids and evaluates
the strength of the relationship within each partition, selecting the configuration that
maximizes normalized mutual information:

MIC(x;y) =  max { [y | G) } (10)
GeGrids(xy) | log(min{[x|, [y[})

where I(x;y | G) is the mutual information conditioned on a specific grid partition G, and

|x| and |x| denote the cardinalities of variables x and y. The normalization ensures that

MIC values range between 0 and 1, where 1 indicates a perfect association.

MIC has been recognized for its ability to uncover complex patterns in data, and
software tools like “minepy” version 1.2.6, created by Davide Albanese under a GNU
General Public License (GPL). Refs. [33,34] have made it accessible for large-scale analyses.
However, the exhaustive evaluation of multiple data partitions can be computationally
intensive. To address this, Reshef et al. introduced optimizations to improve computational
efficiency, especially in high-dimensional datasets.

The MINE suite also includes the maximal asymmetry score (MAS), which extends the
capability of detecting asymmetrical relationships that symmetric measures often overlook.
MAS quantifies the degree of asymmetry in the relationship between two variables, offering
a more nuanced perspective:

o (x;y|G)—I(Y}XG)|}
MAS(x;y) = cecri}gs)?x,y){ log(min{]x], [y[}) "

where (x;y | G) and I(Y; X | G) are mutual information measures calculated in opposite
directions. MAS values between 0 and 1 reflect the extent of asymmetry in the association.

Additionally, the maximal edge value (MEV) focuses on identifying the strongest
dependencies within subsets of data, which may not be uniformly strong across all points
but exhibit significant relationships in specific regions:

MEV(x;y) = Geéﬂda;zx y){EdgeValue((x,'y | G))} (12)
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where EdgeValue((x;y | G)) is the mutual information at the boundaries of a grid partition
G, highlighting local dependencies that might be averaged out in global measures like
MIC.

3.7. Generalized Mean Information Coefficient

The generalized mean information coefficient (GMIC), proposed by Luedtke and
Tran [35], extends the maximal information coefficient (MIC) by introducing a more flexible
framework for detecting associations, particularly in finite sample settings. The GMIC
enhances the sensitivity of MIC by incorporating a generalized mean approach, which
allows for a more nuanced detection of statistical dependencies between variables.

The core innovation of GMIC lies in its use of a maximal characteristic matrix, de-
fined as follows:

C 00 y)ij = max{Clxy)ul, (13)
where i, j > 2. This matrix captures the highest normalized mutual information that can
be obtained with grid sizes up to ij, providing a robust measure of the strongest possible
association achievable for each grid resolution.

GMIC itself is calculated using a generalized mean, which is defined as follows:

1/p
1

GMIC,(xy) = | 5 Y. (Cxyip? | (14)
ij<B(n)

where p is a tuning parameter that adjusts the measure’s sensitivity to different aspects
of the data, and Z = #{(7,j) : ij < B(n)} denotes the number of grid sizes considered.
By varying p, GMIC can emphasize different features of the data’s structure; for example,
when p — oo, it approaches the original MIC, while for p — —co, GMIC converges to the
minimal value from the maximal characteristic matrix

The introduction of the tuning parameter p provides flexibility, allowing GMIC to
detect a broader range of complex associations across various data types. In simulations,
GMIC has demonstrated improved power over MIC for detecting associations, particu-
larly in finite samples. It retains desirable properties, such as convergence to zero for
independent variables as the sample size increases, and convergence to one for noiseless,
monotonic relationships.

Overall, GMIC enhances the capabilities of the MINE suite by offering a more adaptive
and sensitive approach to uncovering diverse relationships in complex datasets, making it
a valuable tool for exploratory data analysis in high-dimensional contexts.

4. Simulation Results
4.1. Experiment #1: Computer-Generated Data

This study utilizes a synthetically generated dataset to evaluate the performance of
the proposed methods under various types of bivariate relationships, including both linear
and nonlinear dependencies. The data were created using multiple transformations and
multivariate normal distributions to simulate distinct scenarios that reflect complexities
commonly observed in real-world datasets. The goal is to assess the robustness and effec-
tiveness of the proposed attribute relevance score (ARS) (using decision trees as the base
model), and other established dependency measures across diverse data configurations.

o Multivariate normal distributions: Seven datasets, each containing 1000 samples,
were generated using multivariate normal distributions with correlation coefficients
ranging from —1.0 to 1.0. These datasets represent different degrees of linear relation-
ships between variables, labeled from (A) to (G) in Figure 1.

* Rotated normal distributions: To examine the effect of rotational transformations
on normally distributed data, seven datasets of 1000 samples each were created
by applying specific rotation angles (ranging from 0 to 71/2) to a bivariate normal
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distribution with equal variance and high covariance. These are labeled from (H)
to (N) in Figure 1. A special case, labeled (K) with unique horizontal distribution,
was included to demonstrate a scenario with zero correlation. These transformations
model linear relationships oriented in diverse directions.

¢  Other nonlinear and complex distributions: This category includes seven distinct
datasets representing various nonlinear, asymmetric, and complex dependencies.
They are labeled from (O) to (U) in Figure 1. Key examples are the following:

- (O): Displays a quadratic dependency with added noise.

- (P) and (Q): Represent sequential rotations applied to uniformly distributed data.

- (R) and (S): Exhibit parabolic and partially symmetric patterns.

- (T):Simulates a trigonometric relationship combining sinusoidal and cosinusoidal
transformations.

- (U): Comprises a clustered structure formed by four multivariate normal distri-
butions centered at distinct locations, resembling spatially separated clusters.
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Figure 1. Scatter plots illustrating various bivariate relationships generated. Each subplot represents a
different synthetic dataset: (A-G) are datasets generated from multivariate normal distributions with
varying correlations; (H-N) are datasets generated from rotated normal distributions, illustrating
different linear relationships; (O-U) represent other complex, nonlinear patterns.

To ensure comparability across subsets, all data were scaled using MinMax scaling
within the range of —5 to 5, preserving the inherent structural relationships while normal-
izing their ranges, as illustrated in Figure 1.

Results #1

Table 1 presents the performance of various dependency measures applied to the
synthetically generated datasets described in the previous section. Each dataset was
designed to capture different types of bivariate relationships, including both linear and
nonlinear dependencies, to assess the robustness and effectiveness of the proposed attribute
relevance score (ARS) and other correlation measures.

The results demonstrate that for datasets based on multivariate normal distributions
(A-G), the ARS and other linear measures such as Pearson and Spearman coefficients
perform as expected when the relationship between variables is linear. In particular,
datasets (A) and (G), which exhibit perfect linear correlation, yield maximum values (1.000)
for most measures, including Pearson, Spearman, Kendall, and Phiy, with corresponding
high ARS scores of 0.996. Similarly, datasets with moderate to low correlation levels (e.g.,
(B) and (F)) show a consistent decline in these measures, with ARS scores reflecting these
variations (0.429 and 0.394, respectively).
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Table 1. Comparison of various dependency measures across different datasets. The columns repre-
sent different metrics: ryy is the Pearson correlation coefficient, p is the Spearman rank correlation
coefficient, and T is Kendall’s tau coefficient. These metrics assess the linear and monotonic rela-
tionships between variables, while other columns represent measures of mutual information (MI),
maximal information coefficient (MIC), maximal asymmetry score (MAS), maximum edge-value
(MEV), generalized mean information coefficient (GMIC), and the proposed attribute relevance
score (ARS).

Set  ryy p T [ MI MIC MAS MEV GMIC ARS Proposed
(A) 1.000 1.000 1.000 1.000 5984 1.000 0.000 1.000 1.000 0.996
(B) 0.805 0.783 0587 0.859 0575 0519 0.030 0519 0461 0.429
(C) 0378 0378 0.258 0.373 0.081 0.200 0.017 0200  0.148 0.049
(D) 0.009 0.016 0010 0157 0.007 0.126 0.007 0.126 0.054 0.000
(E) 0394 0.383 0261 0407 0054 0215 0.015 0215 0.158 0.089
(F) 0809 0.800 0.606 0817 0508 0512 0.015 0.512 0.465 0.394
(G) 1.000 1.000 1.000 1.000 5.984 1.000 0.000 1.000  1.000 0.996
(H) 1.000 1.000 1.000 1.000 4373 1.000 0.000 1.000  1.000 0.980
() 1.000 1.000 1.000 1.000 4.373 1.000 0.000 1.000 1.000 0.980
(J) 1.000 1.000 1.000 1.000 4.373 1.000 0.000 1.000  1.000 0.980
(K) 0.606 0624 0483 0.784 0.697 0498 0.038 0498 0412 0.000
(L) 1.000 1.000 1.000 1.000 4373 1.000 0.000 1.000 1.000 0.980
(M) 1.000 1.000 1.000 1.000 4.373 1.000 0.000 1.000  1.000 0.980
(N) 1.000 1.000 1.000 1.000 4373 1.000 0.000 1.000  1.000 0.980
(O) 0052 0046 0033 0732 0733 0773 0.626 0.773  0.670 0.477
(P) 0.014 0014 0006 0525 0240 0.195 0.026 0.195 0.136 0.046
(Q 0036 0044 0.023 0526 0315 0163 0.025 0.138 0.121 0.024
(R) 0.028 0.028 0.018 0.688 0.534 0416 0245 0416 0.382 0.297
(5 0.020 0.021 0.018 0.783 0.902 0450 0.037 0.262 0.208 0.135
(T) 0.025 0.020 0.003 0836 1421 0566 0.079 0376  0.443 0.215
(U) 0013 0025 0017 0000 0012 0.134 0.009 0.134 0.065 0.000

For the rotated normal distributions (H-N), the ARS effectively captures the direc-
tional dependencies across different orientations. Datasets (H) to (J) and (L) to (N) maintain
high scores across all measures (1.000), including ARS values around 0.980, indicating the
robustness of the ARS in identifying dependencies even when the data are rotated. Notably,
dataset (K), which presents no linear or clear directional correlation, shows an ARS value
of 0.000, while other measures still return nonzero values. This highlights the ARS’s unique
sensitivity to the absence of any meaningful relationship, effectively distinguishing it from
traditional dependency measures.

The results for the other nonlinear and complex distributions (O-U) highlight the
limitations of traditional linear measures in capturing intricate dependencies. For instance,
in dataset (O), which exhibits a quadratic dependency, the ARS score (0.477) is notably
higher than those of other measures, such as Pearson (0.052) and Spearman (0.046), demon-
strating ARS’s ability to detect nonlinear patterns. Similarly, datasets (R) and (T), featuring
parabolic and trigonometric relationships, yield ARS values (0.297 and 0.215, respectively)
that surpass those of the linear measures, suggesting that ARS offers a more refined as-
sessment of these complex dependencies. Notably, datasets (D) and (K), which do not
exhibit any significant linear or nonlinear relationships, have ARS scores of 0.000, whereas
other measures still return nonzero values. This distinction underscores the ARS’s unique
sensitivity to the absence of meaningful relationships, effectively setting it apart from
traditional dependency measures. However, for dataset (U), which represents a clustered
structure formed by four multivariate normal distributions centered at distinct locations,
it may be arguable whether any of the measures presented, including ARS, effectively
capture the inherent clustering pattern. In this case, all measures, including ARS, tend to
produce the lowest values observed, indicating the potential limitations of these metrics in
identifying complex clustering structures.
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Overall, the results indicate that ARS is a robust metric for capturing both linear and
nonlinear dependencies across diverse types of relationships. In comparison to traditional
measures such as Pearson, Spearman, and Kendall—which are effective at identifying
monotonic dependencies but limited with more complex nonlinear relationships—the ARS
consistently outperformed these classical methods, particularly on datasets (O) to (U). By
using ARS alongside conventional metrics, a more comprehensive framework is established
for evaluating bivariate dependencies, fulfilling the objectives of this study and providing
valuable insights across a broad range of real-world scenarios.

4.2. Experiment #2: Benchmark Dataset

This section aims to compare our proposed method against established predictive
approaches using a synthetic dataset that has been used in prior research [12,36]. The
selected benchmark dataset is particularly suitable for this evaluation as it incorporates both
informative and noninformative variables, with varying degrees of noise, thus providing a
comprehensive framework for assessing model performance under realistic conditions.

The dataset is generated using a set of equations designed to create correlated predictor
variables that combine both signal and noise components, allowing for a critical evaluation
of each method’s ability to discern relevant features in the presence of spurious or irrelevant
variables. The data generation process is defined as follows:

4
1+ exp(—20(xz — 0.5))

y = 0.25exp(4x1) + +3x3 + 7, (15)

where y is the output variable, 77 is normally distributed with mean 0 and standard deviation
0.2, and the predictor variables x;, x», and x3 are uniformly distributed between 0 and
1(U(0,1)).

Each relationship in Equation (15) contributes uniquely to y, reflecting the distinct
characteristics of their functional forms. The exponential dependency on x; acts as the
primary driver of variability in y. Due to its exponential nature, even small increases in
xq can produce substantial shifts in y, especially when x; reaches higher values within
its range. This makes x; a dominant factor influencing the output variable. In contrast,
the logistic dependency on x, provides a significant but bounded effect on y. The logistic
function has its strongest impact around the midpoint (x = 0.5), where it introduces
notable changes in y. However, this effect stabilizes outside of that range, introducing a
controlled nonlinear influence that is considerable near the midpoint but limited in other
regions. The linear dependency on x3 has a more modest contribution to y. Although this
linear relationship ensures proportional adjustments in y with changes in x3, its effect can
be easily overshadowed by the more pronounced variations introduced by x; and x», as
well as by the error term 7. This suggests that, in the presence of more dominant influences
and noise, the contribution of x3 may be less perceptible and could, therefore, receive a
lower score in certain attribute importance measures.

4.2.1. Results #2.1

Examining the results without the noise term 7 offers additional insight into the ARS
measure’s effectiveness in isolating informative dependencies. To highlight this, we present
the ARS behavior derived from Equation (15) after excluding #. This “noise-free” version
of ARS is evaluated using three distinct base models: decision trees, linear regression, and
k-nearest neighbors (k = 5). By removing the noise component, we aim to reveal how
well each model captures the inherent relationships between x;, X2, and x3 and the target
variable y, thereby underscoring the relative strengths of each approach in detecting true
signal (see Figure 2).
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Figure 2. Performance of ARS with different base models on Equation (15) without the noise term 7
on the benchmark dataset. The informative variables (x1, xp, and x3) and noninformative variables
(x4, x5, and x¢) are evaluated across three base models: decision trees, linear regression, and k-
nearest neighbors.

Performance on benchmark dataset without noise for different base models:
Figure 2 illustrates the ARS measure’s sensitivity to both informative variables (x1, xo,
and x3) and noninformative variables (x4, X5, and x¢) under different base models (decision
trees, linear regression, and k-nearest neighbors) with the noise term # excluded. The deci-
sion tree and k-nearest neighbors models demonstrate a stronger capacity to capture the
inherent dependencies, particularly for the nonlinear relationships in x; and x;. In contrast,
the linear regression model struggles to detect these dependencies, reflecting its limitations
with nonlinear data. For the noninformative variables x4, X5, and x5, ARS consistently
returns zero across all quartiles, with only occasional nonzero outliers, highlighting ARS’s
robustness in distinguishing relevant features from noise. This behavior underscores ARS’s
reliability in filtering out noninformative attributes, even in the absence of noise.

4.2.2. Results #2.2

To increase the dataset’s complexity, additional noninformative predictor variables
X4, X5, and x¢ are generated uniformly within the range 0 to 1 (U(0,1)). These variables
do not contribute directly to y, simulating the presence of noise and further challenging
the model’s ability to differentiate between relevant and irrelevant features. To further
enrich the dataset, we simulates the presence of progressively weaker signal-to-noise ratios,
allowing the method to be tested on its ability to identify relevant variables in the presence
of noise. To achieve this, we generate noise versions of the predictor variables using the
following equation:

05(j—1)

v = x + (0.01 + 0T

1

> N(0;0.3), (16)
forj =1,...,10 the level of noise, where the correlation between x; and VSJ ) systematically
decreases as j increases. i = 1,...,6 corresponds to the index values of the original x;. This
formula generates multiple noisy versions of the base variables x;. This experimental setup
enables a robust comparison of our method against alternative techniques by specifically
evaluating their capacity to distinguish between relevant and nonrelevant features, even in
the presence of noise. By conducting 100 repetitions with 100 observations each, we aim to
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thoroughly assess the robustness, accuracy, and adaptability of the methods when faced
with scenarios that include a mixture of informative and noninformative variables.

The evaluation of our proposed attribute relevance score (ARS) method, using deci-
sion trees as the base model, conducted alongside established dependency measures, was
performed using the benchmark dataset described above. This dataset provides a challeng-
ing environment, containing both informative and noninformative variables with varying
levels of noise, designed to test the robustness and discriminative ability of each method.

Performance on informative variables: For the variable vgj ), both versions vgl) and

vglo) exhibit high mean ARS scores (0.435 and 0.264, respectively) compared to the other

predictors, indicating strong relevance (see Figure 3). This aligns with the role of x; as the
primary driver of variability in y due to its exponential dependency. Furthermore, the low

standard deviation of the ARS across both versions highlights the stability and robustness
()

of this measure in consistently capturing the predictive power of v’

In the case of ng ), represented by vgl) and vélo), the mean ARS scores indicate rel-

evance (0.087, std: 0.063 and 0.069, std: 0.064, respectively); however, these scores are
notably lower than those obtained for vg] ) and other methods. This discrepancy is ex-
pected, considering the second objective of our study, which assesses the effectiveness of
approximating y from x using a specific error measure and algorithm. ARS quantifies this
practical capability, capturing not only the statistical dependence but also the magnitude of
predictive power within the context of the selected model and performance metric. In this
context, despite the added structured noise in Vé] ), the mean ARS remains relatively stable,
suggesting that the relevance of vg ) is not significantly diminished by noise alone. This
stability may imply that the ARS effectively captures a fundamental relationship between
vg ) and y that remains informative despite the noise corruption. The resilience of vg] s
ARS score under noise indicates that the relationship retains predictive utility, though at a
much lower magnitude compared to vgj ),

For V:(,’j ), both versions Vél) and Vélo) register low mean ARS scores (0.019, std: 0.033
and 0.018, std: 0.039, respectively), which is consistent with the weaker dependency of x3

on y, particularly in the presence of external variability and more dominant dependencies.

o Method
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Figure 3. Performance of various dependency measures on informative variables VY ), vg ), and véj )
across different noise levels (j). This figure illustrates the mean and standard deviation of each

measure, highlighting the stability of ARS compared to other metrics.

In comparison, traditional methods such as Pearson and Spearman correlations dis-
played higher mean values for informative variables. For instance, the Pearson correlation
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for vgl) was 0.781 (std: 0.028), indicating strong linear relationships. This pattern per-

sisted across other informative variables, with measures like GMIC and MIC showing
similarly elevated means (e.g., GMIC for vgl) was 0.595, std: 0.065), apparently reflecting
substantial associations. However, it is important to note that this situation also arises for
noninformative variables, as we will show in the next results.

_ Performance on noninformative variables: In the case of noninformative variables
vg ), vé] ) and vé] ), ARS effectively identified the lack of relevance by consistently returning
scores of zero across all instances, with only occasional nonzero values attributable to
random chance (see Figure 4). The ARS scores for these variables were zero in the vast
majority of cases, resulting in extremely low mean values and minimal standard deviations.
For example, for vil), ARS returned a mean score of 0.009 with a standard deviation of 0.024,
indicating that most scores were zero except for rare outliers. This demonstrates ARS’s
robustness in correctly identifying noise and nonrelevant attributes, as the minimal nonzero
scores observed can be attributed to expected statistical fluctuations in practical datasets.

However, other dependency measures exhibited higher variability and occasionally
elevated scores, even for noninformative attributes, suggesting spurious associations.
Metrics such as GMIC and MIC presented mean values of 0.139 (std: 0.027) and 0.240 (std:
0.035), respectively, for vf), suggesting a tendency to overestimate the relevance of noisy
attributes. Similarly, traditional correlation measures, such as Spearman and Pearson also
showed notable variability (e.g., mean Spearman for vfll) was 0.088, std: 0.068), indicating
their limitations in distinguishing between informative patterns and noise.

Overall, the attribute relevance score (ARS) outperformed traditional and information-
based metrics by providing a more stable and reliable assessment of attribute relevance
across both informative and noninformative variables. While measures like Pearson, Spear-
man, and MIC can capture strong relationships when present, their high values—especially
in noninformative scenarios—reduce their effectiveness in complex, noisy datasets. The
fact that ARS returned zero scores for all noninformative variables, except for occasional
outliers, underscores its robustness and practical utility in feature selection processes. By
effectively filtering out noise and avoiding false positives, ARS stands out as a particularly
powerful tool for distinguishing between meaningful and spurious relationships, thereby
enhancing the reliability of feature selection in predictive modeling.

5. Discussion

This study introduces the attribute relevance score (ARS), a novel metric designed
to robustly identify relevant attributes in complex datasets exhibiting both linear and
nonlinear relationships with varying levels of noise. For instance, ARS consistently returned
scores close to zero for noninformative variables, with mean scores below 0.01 and minimal
standard deviations, whereas traditional metrics often yielded higher scores with greater
variability. This distinguishes ARS from traditional dependency measures, which often
exhibit significant fluctuations, especially when assessing noninformative variables.

A key finding from our experiments is ARS’s robustness to noise. Traditional metrics
such as Pearson, Spearman, and Kendall correlations struggle to maintain consistency in
the presence of noise, frequently showing inflated scores for noninformative variables.
This issue is particularly problematic in high-dimensional settings, where distinguishing
between signal and noise is crucial. In contrast, ARS consistently produces low scores for
noninformative attributes vi] ), Vé] ) ,and vg ) with minimal variability, as shown in Figure 4.
This stability suggests that ARS more reliably filters out irrelevant features, enhancing the
quality and interpretability of predictive models. Further supporting ARS’s robustness,
the analysis of ARS in the noise-free scenario (Figure 2) yields results closely aligned with
those observed in noisier conditions. ARS maintains consistent sensitivity to informative
variables (x1, Xp, and x3) across both scenarios, with decision trees and k-nearest neighbors
models effectively capturing the dependencies. The consistency of these results, even in the
absence of noise, underscores ARS’s ability to reliably identify relevant features regardless
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of noise levels. Likewise, noninformative variables (x4, X5, and xg) continue to exhibit
near-zero ARS scores, reinforcing ARS’s capacity to filter out irrelevant features accurately.
These findings demonstrate that ARS provides a stable assessment of attribute relevance,
with minimal influence from random noise—essential for feature selection applications
that demand reliability despite fluctuations in data quality.

Method

Variable
Figure 4. Performance of various dependency measures on noninformative variables VA(L] ), vé] ) and
vé] ) across different noise levels (). This figure shows the mean and standard deviation for each
measure, demonstrating the high variability of traditional metrics compared to the consistently low

scores of ARS. Absolute values are considered for readability.

Our comparative analysis against established metrics such as GMIC, MAS, and MIC
further underscores the strengths of ARS. While these metrics aim to capture complex
nonlinear relationships, they exhibit higher variability and occasionally assign moderate
relevance scores to noninformative attributes, reflecting their susceptibility to noise. The
high standard deviations observed indicate a lack of robustness, potentially leading to
inconsistent feature selection. In contrast, ARS accurately identifies relevant attributes such
as vgj ), vg ) and vgj ) while maintaining low scores for noise variables, effectively balancing
sensitivity to true relationships with resilience to random fluctuations.

The ability of ARS to consistently differentiate between relevant and irrelevant at-
tributes has significant implications for high-dimensional data analysis, particularly in
fields where data complexity and noise pose challenges, such as genomics, finance, and
environmental modeling. By integrating statistical rigor with practical applicability, ARS
contributes to more reliable feature selection, enhancing reproducibility and reducing
the risk of overfitting. This is crucial in scientific research, where the goal is not only to
build predictive models but also to uncover meaningful relationships that drive
further understanding.

The significance of reproducibility in machine learning cannot be overstated, particu-
larly in high-dimensional data analysis. Reproducibility concerns often arise when results
depend heavily on specific data splits or model configurations, leading to conclusions that
may not generalize. In feature selection, these issues are critical, as identifying relevant
attributes is pivotal for subsequent analysis.

Our methodology incorporates concepts from reproducibility and A /B testing. Similar
to A/B testing, we compare models trained on original attributes with those trained on
shadow attributes, which are permuted versions of the original attributes. By evaluating
whether the model using the original attributes consistently outperforms the one using
shadow attributes across various data samples, we assess the relevance of each attribute.
This comparison grounds attribute selection in robust statistical principles, ensuring that

24



Algorithms 2024, 17, 518

the selected attributes are genuinely informative and that the results are reproducible under
diverse conditions.

By employing a probabilistic approach to assessing feature relevance, ARS reduces
the risk of findings being artifacts of particular experimental setups. The use of shadow
attributes and random sampling provides a rigorous framework for quantifying feature
importance while controlling for variability introduced by data sampling and model
configurations. Moreover, the ARS framework strengthens inferential reproducibility by
ensuring that identified relevant attributes consistently contribute to model performance
across various scenarios. This aligns with principles of methods reproducibility, results
reproducibility, and inferential reproducibility.

We acknowledge that ARS computational complexity increases linearly with the
number of input features. Specifically, for datasets with a large number of attributes, the
need to train separate models for each attribute can become computationally intensive,
posing practical challenges in high-dimensional machine learning applications. However,
because each attribute is evaluated independently, ARS can leverage parallel computing
resources by distributing computations across multiple processors or computational nodes.
This parallelization significantly reduces total processing time, enabling ARS to remain
scalable and maintain practical performance even with a large number of attributes.

While ARS offers clear strengths, it is not without limitations. The current implemen-
tation relies on decision trees, which may not capture all forms of attribute interactions,
especially in highly nonlinear or interaction-heavy scenarios. Moreover, ARS is inherently
a univariate approach, evaluating each attribute’s relevance independently. This means it
lacks the capability to detect redundancies and interactions between attributes. Synergistic
effects, where combinations of attributes contribute significantly to the target variable, may
be overlooked. This limitation can be critical in domains where attribute interactions play
a crucial role. Future research should explore extending ARS to incorporate multivariate
analysis techniques or models that can account for attribute interactions.

In summary, our work advances feature selection methodologies in high-dimensional
data analysis and enhances the reproducibility and generalizability of results. By embed-
ding statistical significance into a measure of attribute relevance and ensuring robustness
across different conditions, we contribute to developing more reliable and reproducible
machine learning models. Future work will focus on expanding the applicability of ARS
to a broader range of models and exploring its integration into automated machine learn-
ing frameworks.

6. Conclusions and Future Work

The ARS method represents a versatile approach that can be adapted to various
types of data and problem settings. Its application extends beyond standard regression
and classification tasks to exploratory data analysis and feature engineering, where the
identification of significant predictors is crucial. ARS’s ability to provide consistent and
reliable relevance scores, particularly in noisy and complex environments, aligns with the
increasing need for robust, interpretable, and reproducible methods in data science. Its
stability under noisy conditions and superior performance in distinguishing informative
attributes position it as a valuable tool for researchers and practitioners. By addressing
key challenges in feature selection for complex datasets, ARS improves predictive model
accuracy and interpretability, paving the way for more robust data-driven decision making.

However, the relevance of an attribute should not depend solely on its individual
contribution to model performance but also on its interactions with other attributes. This
perspective highlights the need for a more holistic evaluation of attribute relevance within
complex predictive models. In many scenarios, attributes do not function in isolation; their
true value emerges through interactions with other features. Ignoring these interactions
can lead to underestimating the importance of certain attributes that may appear irrelevant
when considered univariately but have a significant impact in combination with others.
Moreover, attribute redundancy should not unduly diminish an attribute’s univariate
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relevance or intrinsic predictive capability. Two redundant attributes might share valuable
information, and removing one could result in a loss of crucial insights. Therefore, it is
essential to consider redundancy in a way that does not unduly penalize the relevance of
attributes that, despite being redundant, are predictively valuable.

To address these considerations, future research should explore integrating ARS
with other feature selection frameworks capable of effectively evaluating both attribute
interactions and redundancies. Additionally, adapting ARS to more advanced learning
models, such as deep neural networks, could enhance its applicability across different
contexts. Expanding the evaluation of ARS on real-world datasets from various domains
would further validate its effectiveness and uncover additional insights into its utility.

In conclusion, a robust evaluation of attribute relevance that carefully considers both
interactions among attributes and the potential for redundancy is essential for developing
predictive models that are not only accurate but also interpretable and reliable. Furthermore,
this strategy emphasizes the critical distinction between a model that consistently improves
performance due to meaningful insights and one that does so merely by chance. By focusing on
selecting nonredundant variables, even at the expense of optimal performance in some metrics,
we align the model’s outcomes more closely with the realities of the underlying phenomena.
This approach moves us towards a more robust definition of understanding within the field
of machine learning. Through the development of a multivariate relevance measure, we can
assess when a model is not just learning correlations but is genuinely comprehending the
underlying phenomena. This deeper level of understanding enables models to generalize
more effectively, providing reliable interpretations and fostering the model’s capacity to make
informed decisions across diverse scenarios. Consequently, this advancement enhances the fi-
delity and reliability of model interpretations, contributing to a more nuanced and scientifically
sound understanding of the model’s ability to generalize and adapt.
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Abstract: Carefully selecting variables in problems with large volumes of data are extremely im-
portant, as it reduces the complexity of the model, improves the interpretation of the results, and
increases computational efficiency, ensuring more accurate and relevant analyses. This paper presents
a comprehensive approach to selecting variables in multiple regression models using the stepwise
procedure. As the main contribution of this study, we present the stepwise function implemented
in Python to improve the effectiveness of statistical analyses, allowing the intuitive and efficient
selection of statistically significant variables. The application of the function is exemplified in a
real case study of real estate pricing, validating its effectiveness in improving the fit of regression
models. In addition, we presented a methodological framework for treating joint problems in data
analysis, such as heteroskedasticity, multicollinearity, and nonadherence of residues to normality.
This framework offers a robust computational implementation to mitigate such issues. This study
aims to advance the understanding and application of statistical methods in Python, providing
valuable tools for researchers, students, and professionals from various areas.

Keywords: supervised machine learning; stepwise function; Python function

1. Introduction

Data-driven culture, based on data-informed decision-making, has become increas-
ingly relevant across diverse industries, driven by the increasing availability of data and
technological advancements [1]. At the same time, big data have presented new challenges
regarding analyzing and interpreting these massive volumes of information [2].

In this context, Chowdhury and Turin [3] state that it is possible to apply several
variable selection techniques to construct a statistical model. Among them, the stepwise
procedure is applied to identify a limited number of variables in statistical models, espe-
cially in prediction problems or situations with many original variables [4]. However, there
are other techniques, such as lasso-like regularization procedures, which may be more
suitable and perform better in certain cases [5]. Ultimately, it is up to the researcher to
determine which method best fits their needs.

The stepwise procedure has the property of automatically deleting or maintaining the
3 parameters of the linear regression model according to the criteria presented and offering
the final model only with parameters 3 statistically different from zero for a given level of
significance [6].
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Also, stepwise provides a systematic approach to building models, which is especially
useful when dealing with many variables. It allows analysts to focus on the most relevant
variables, simplifying the interpretation of results [7]. Stepwise ensures the validity and im-
portance of the chosen variables and reduces the additional error introduced by redundant
variables [8].

Considering that the practical selection of variables plays a crucial role in constructing
regression models, the computational implementation of the stepwise procedure offers an
automated and efficient approach to selecting variables, allowing the construction of more
robust models. In this sense, it is possible to perform the computational implementation
of the stepwise regression procedure in several programming languages, each offering
specific packages or libraries to assist in this process.

The stepwise procedure is widely found in the literature, with multidisciplinary
applications, such as storm prediction [9]; modeling of real estate sales prices [10]; agricul-
tural production forecast [11,12]; environment-related analyses [13-17]; regression models
in healthcare [18-20]; and analyses related to human behavior [21]. These are just a
few of the many applications of the stepwise procedure in machine-learning models of
multiple regressions.

As for the computational implementation of stepwise, we observe packages and li-
braries in several programming languages and software, such as R (v. 4.3.1), SAS (v. 9.4M8),
MATLAB (v. R2024b), Julia (v. 1.9.3), SPSS (v. 29.0.1.1), Stata (v. 18), Java (v. 21), and
C++ (v. 20), among others. However, Python (v. 3.13.0) requires a specific library that
implements stepwise selection based on the statistical significance of the variables. As the
most popular programming language for data science [22], Python has gained widespread
adoption for statistical analysis and machine learning [23]. This highlights the importance
of having tools that cater to rigorous statistical methodologies within such a versatile
programming environment.

It is possible to perform the stepwise selection procedure based on the statistical sig-
nificance of the variables manually; however, for models with a large number of variables,
it is convenient to have a package that automates this process, making it easier to select
relevant and statistically significant independent variables for the model.

In Python, there is the mlxtend library, which has the SequentialFeatureSelector (SFS)
function that performs stepwise selection. However, two caveats are necessary. First,
the package only selects the variables, and it is necessary to adjust the model again after
selecting them. Second, and more importantly, the package selects the variables based on
some metric, such as RZ, MSE, MAE, RMSE, AIC, and BIC, among others, and it does not
consider the statistical significance of the variables.

The stepwise procedure is applied to models with multiple independent variables
(X), where the issue of multicollinearity arises. [24]. A variable may be removed during
the stepwise process for several reasons: if its parameter is not statistically different from
zero at a given significance level (i.e., the variable X; is not significant on its own); or if
multicollinearity is present, meaning there is a correlation between variables, making it
unnecessary to include two variables when one may already explain the behavior of the
other. From a predictive standpoint, in cases of multicollinearity, one of the independent
variables X; will be removed to avoid prediction issues caused by multicollinearity. In
other words, if an independent variable whose beta is not statistically different from zero is
not excluded, the model loses its predictive power [6]. This is because that B parameter,
in the presence of other variables, ceteris paribus, does not contribute to the predictive
composition, making the variable statistically insignificant in explaining the behavior of
the dependent variable Y alongside other X; variables. Including such a p parameter could
alter the magnitude and potentially even the sign of the other beta parameters, without
contributing meaningfully to the construction of a predictive model [6,24,25].

In this sense, it is important to provide an implementation alternative that uses the
statistical significance of the variables as a criterion. According to [6], metrics such as the
R? adjustment coefficient do not inform researchers whether a given explanatory variable
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is statistically significant and whether it is the true cause of changes in the behavior of the
dependent variable. Moreover, this metric does not allow for an assessment of potential
omitted variable bias or whether the choice of the explanatory variables included in the
proposed model was appropriate. Thus, regarding the application of stepwise selection, it
is insufficient to consider only adjustment or accuracy metrics; it is essential to take into
account the statistical significance of the explanatory variables when selecting which ones
remain in the final model after stepwise selection, since a model built from sample data that
includes statistically insignificant beta parameters is not considered a final model when the
goal is prediction [6,24,26].

It is important to note that this approach is more commonly used in applied sciences,
such as statistics, engineering, and economics, where there is a need to develop models
that identify sample phenomena and align the estimated model with the real-world sample
data. However, in some contexts, the focus on the statistical significance of beta parameters
is less emphasized, such as in the study of deterministic phenomena [6].

Despite the wealth of features offered by libraries such as “stats models” and “scikit-
learn”, there was no specific function for the stepwise procedure based on the statistical
significance of the variables in Python. This gap limits the efficiency and practicality of
implementing this procedure in research projects and practical applications. The absence
of a specific library not only complicates the adoption of the stepwise procedure but also
makes it difficult to standardize and reproduce experiments, resulting in additional efforts
for users who wish to adopt and explore the various methods of variable selection, which
can be based on metrics or statistical significance. Filling this gap represents an opportunity
to advance the development of specialized tools for automated variable selection.

This article proposes the development of a library in Python that implements the
stepwise procedure based on the statistical significance of the variables as a simple and
intuitive function. This function fills the gap in the literature by providing specialized
functionalities for the automated selection of variables in multiple regression models. The
library was developed based on the best practices of programming, modularity, and precise
documentation to facilitate users” use and understanding. In addition, the library will
promote the standardization and reproduction of experiments, simplifying the research
process and the development of statistical projects.

In summary, the present study presents the following objectives:

1.  Propose and detail the stepwise function based on the statistical significance of the
variables in Python;

2. Exemplify how the application of the proposed stepwise function can help in retaining
only the statistically significant variables, potentially improving the overall model
performance and enhancing the statistical reliability of the results;

3. Present a methodological framework for the treatment and mitigation of problems
of heteroskedasticity, multicollinearity, and nonadherence of residues to normality,
providing its computational implementation;

4. Consolidate the concepts discussed in a real case study of real estate pricing, consider-
ing linear and nonlinear multiple regression models stepwise.

Given the above, this paper aims to advance the understanding and application
of statistical methods in Python, allowing researchers, students, and professionals from
various areas to use these techniques in a way that is more effective, intuitive, and grounded.
The results presented here may raise new debates and contributions to data analysis and
statistical modeling.

2. Background
2.1. Multiple Linear Regression
Multiple linear regression (MLR) models are a class of statistical models used to

analyze the relationship between a continuous dependent variable and several independent
variables (or predictors) [27-29].
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Favero et al. [25] state that MLR primarily enables analyses of the relationship between
several explanatory variables, presented in linear form, and a quantitative dependent
variable. Thus, it is possible to define a general MLR model as Equation (1):

Yi=a+ 1 Xi + PaXoi + - A BreXii + U €]

where Y represents the dependent variable; « matches the intercept; ; =1, 2, ..., k)
are the coefficients of each variable (angular coefficients); X; is the explanatory variables
(metrics or dummies); u is the error term (difference between the actual and predicted
values of Y through the model for each observation). The subscript i represents each
sample’s observations under analysis (i = 1, 2, ..., n, where #n is the sample size).

It is possible to write the error term u;, for each observation 7, as presented in Equation (2):

up=Y; - Y; 2

Y; represents the predicted value of the dependent variable that the estimated model
will generate for the observation i [6]. The error terms u occur due to some reasons
that need to be known and considered by researchers [25,30,31], such as the existence of
aggregated and non-random variables, failures during model specification, and errors in
data collection.

One of the most used techniques for estimating a multiple linear regression model is
the ordinary least squares (OLS) method [6]. A model estimated by OLS must determine &
and f, making the sum of the residues’ squares as small as possible [32].

In this context, an important concept related to the explanatory power of the regression
model is the coefficient of adjustment or explanation (R?) [6]. Considering a multiple
regression model, R? represents how much of the behavior of variable Y is explained by the
joint variation of variable X considered in the model. However, Favero and Belfiore [32]
point out that there is not necessarily a cause-and-effect relationship between variables X
and Y.

Stock and Watson [33] define the R? coefficient as the fraction of the variance of the Y;
sample explained by the explanatory variables. It is possible to use the R? coefficient to
measure the degree of fit of the proposed model [31].

Empirical studies highlight the importance of including a comprehensive set of inde-
pendent variables in MLR models [34,35]. However, it is essential to consider the challenges
associated with including many independent variables, such as multicollinearity, which
can distort the results and hinder the interpretation of the estimated coefficients [36].

Furthermore, as discussed in the introduction, it is well-known in the context of
applied sciences that, for predictive purposes, including irrelevant independent variables
can reduce not only the model’s efficiency but also its interpretability [6,24,26]. In this
regard, selecting the appropriate variables is crucial to avoid introducing unnecessary
elements that do not contribute to the model’s predictive power [37,38].

Therefore, including an adequate number of independent variables in MLR models
requires a careful analysis of the theoretical and empirical relationships between variables.
It is essential to seek a balance between the inclusion of relevant variables and the con-
sideration of the problems associated with multicollinearity [3], since it is unnecessary to
include variables when one may already explain the behavior of the other [6].

Another relevant point to discuss when applying regression models refers to quali-
tative explanatory variables, such as gender, age range, or classification of a given client,
when these are on the right side of the regression models to estimate [32].

In these cases, according to [6], assigning values to each of the categories of the
qualitative variable (a procedure known as arbitrary weighting) is an incorrect approach.
The correct way to treat such types of variables is to resort to the artifice of dummy, or
binary, variables, which assume 0 or 1, stratifying the sample to, from there, be included in
the model under analysis [32].
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2.2. Normality of Residuals

The normality of the residuals is an essential assumption for the hypothesis tests
of the regression models to be validated, such as the p-value of the t and F tests [6].
According to [32], this assumption is constantly violated when estimating OLS regression
models. However, normality is vital for defining the best functional form and determining
confidence intervals for model prediction, with exceptions for sufficiently large samples.

In this context, the Shapiro-Francia statistical test, applied to the model’s error terms,
allows for verifying the assumption of the normality of the residuals [32]. This test, pro-
posed by Shapiro and Francia [39], can be applied to samples of size 5 < n < 5000. The
Shapiro-Francia test assumes the following hypotheses [6].

HO. The sample comes from a population with normal distribution.
H1. The sample does not come from a population with a normal distribution.

It is possible to see the Shapiro-Francia statistic (W/ ;) calculation in Equation (3):

[E?:l sz(z)}
Ly mr (X - X)*

where X ;) are the statistics of the i-th ordered observation so that X (1) < X(5) < X(3) < ...
< X(n,l) < X(n) ; m; is the approximate expected value of the i-th observation (Zscore) [6].

For the diagnosis of multicollinearity, the critical values WC’ should be considered,
such that P(W/ , < W/) = « (considering a unilateral test on the left), with the p-values
being established by a correspondence table, found in [6]; The parameter a corresponds to
the level of statistical significance established. For the null hypothesis HO to be rejected,
W/, < W[; otherwise, HO is not rejected [32].

Another form of analysis is the comparison of the p-value (probability associated with
W/ }), obtained in the same table of correspondences [6]. In this case, HO is rejected if
pvalue < o. In short, if HO is rejected, the residues do not adhere to normality.

W/cal =

, fori=1,...,n 3)

2.3. The Problem of Multicollinearity

Multicollinearity occurs when there are very high correlations between the model’s
explanatory variables, which can be caused by the presence of variables with the same
trend or the use of databases with few observations [32].

As forms of multicollinearity diagnosis, we highlight the statistics Tolerance and
Variance Inflation Factor (VIF) based on estimating auxiliary regressions [40], according to
Equations (4) and (5):

Tolerance =1 — R%( (4)
VIF= — L (5)
~ Tolerance

R? is the adjustment coefficient of each of the estimated k auxiliary regressions. Accord-
ing to [32], if Tolerance is too low (which implies a high VIF statistic), there is evidence of
multicollinearity problems. In this case, the explanatory variable depends on this auxiliary
regression, sharing a high percentage of variance with the other explanatory variables [6].

As reference values for diagnosing multicollinearity problems, many authors establish
a VIF threshold above 10. However, Favero and Belfiore [32] warn that a VIF value equal
to 4 will result in an R? of 0.75 for a given auxiliary regression, a relatively high percentage
of shared variance. If the VIF exceeds the established limits, it indicates the presence of
multicollinearity in the proposed model. Therefore, the use of stepwise is recommended so
that only statistically significant variables remain in the model, thus avoiding the problem
of multicollinearity.
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2.4. Diagnosis of Heteroskedasticity

In addition to the assumptions and statistical tests presented above, each random error
term’s probability distribution is represented by u; in Equations (2) and (3) must present
the same variance; that is, they must be homoscedastic [6].

As Favero and Belfiore [32] explain, heteroskedasticity can indicate a correlation
between the terms of the error and the explanatory variables, causing problems with
the hypothesis tests of the t statistics [41,42]. However, it does not necessarily affect the
consistency of the parameter estimates, and it can be addressed by robust standard errors,
such as Huber-White, in order to provide valid inference by adjusting the standard errors of
the estimated coefficients, ensuring that statistical tests remain reliable even in the presence
of heteroscedasticity.

For the diagnosis of heteroscedasticity, the Breusch-Pagan/Cook-Weisberg test stands
out, based on the Lagrange multiplier, with HO corresponding to the variance of the
constant error terms (homoskedasticity) [6]; hypothesis H1 corresponds to the variance
of error terms non-constantly, indicating that the terms u; are a function of one or more
explanatory variables (heteroskedastic errors) [32]. Favero and Belfiore [6] indicate this test
when the assumption of normality of the residues is verified.

It is necessary to obtain each standardized residual using Equation (6) to apply the
Breusch—Pagan test:

2

u;

Ugp; = ——— 6

BP,Z ;«’:1 ”lz/}’l ( )
where u; represents the residual vector, and # is the sample size. Next, the regression model,
Equation (7), through which the sum of squares of the regression is calculated, divided by

two, obtaining the X% p statistic [6].

ugp; = o+ pY; + ¢ @)

Y; represents the dependent variable’s predicted value vector, and ¢; corresponds to
the regression’s error term.

The Breusch-Pagan test presents HO as the calculated statistic 3, with a chi-square
distribution with 1 degree of freedom for a given significance level. In practice, if the
error terms are homoskedastics, the squared residues do not increase or decrease with the
increase of Y; [6].

2.5. Nonlinear Regression Models

The definition of the best functional form of a regression model is an empirical question
to be decided in favor of the best fit of the analyzed data [43]. According to [6], such a
definition is based on the highest R?, considering equal samples and with the same amount
of parameters. Otherwise, one should choose the functional form whose model presents
the highest adjusted R?.

Box and Cox [44] proposed a general regression model as the basis for all functional
forms in this context. From the linear regression model with a single variable, X, it
is possible to obtain a transformed model, replacing Y by (Y* —1)/A and from X by
(X9 - 1) /6, where A and 6 are the parameters of the transformation [25,44,45]. Thus, it is
possible to represent the model by Equation (8):

A 0
u = o+ ﬁw +u; 8)
From Equation (8), values are assigned to A and 0 that provide adherence to the
primary functional forms, such as Semilogarithmic to the right, to the left, Logarithmic
Inverse, Quadratic, and Cubic [6]. When applied to an original variable, the Box-Cox
transformation generates a new variable, which presents a new distribution [32]. When
applying the Box—Cox transformation to a regression model with multiple independent
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variables X, each variable can be transformed individually using its own parameter 6;. The
parameters A and 6; are estimated through maximum likelihood before fitting the linear
regression model to the transformed variables.

According to [46], problems related to residuals in regression models may arise from
specification failures in the model’s functional form. In this sense, the Box-Cox transforma-
tion can help define the functional form most adherent to the data, maximizing adherence
to normality [6].

2.6. The Stepwise Procedure

The main approaches to stepwise regression are forward selection, backward elimi-
nation, and bidirectional elimination [47]. The forward selection procedure begins with
an equation without variables. At each step, the technique involves adding the variable
with the highest F-statistic or the lowest p-value until there is none left to be added to the
model [8].

The backward elimination procedure starts from a “complete” model, with all the
predictive input variables and the intercept. Then, at each step, the variable that least im-
proves the model is deleted, one at a time, until no other excluded variable can significantly
improve the model’s performance [48].

Bidirectional elimination corresponds to a forward selection procedure but with the
possibility of excluding a selected variable at each stage, as in backward elimination. This
approach is commonly applied to stepwise regression, mainly when there are correlations
between variables [48].

2.6.1. Forward Selection

The inclusion criteria forward selection is a procedure that determines whether to in-
clude an independent variable in the model based on its statistically significant contribution
to the model’s fit.

This inclusion is assessed through the significance test, which compares the statistical
improvement from adding the variable to the model with a predetermined significance
level [27].

It is possible to see the general equation for the inclusion criteria below (Equation (9)):

Y:ﬁ0+ﬁ1X1 +& (9)

where Y represents the dependent variable, X; represents the independent variable for
inclusion in the model, and ¢ is the error term, which captures the variation not explained
by the model [27].

The inclusion criteria seek to determine whether adding the variable X; to the model
results in a statistically significant improvement in the ability to explain the variability of
the dependent variable. The procedure takes place by calculating test statistics such as the
p-value. If the p-value is less than the predetermined significance level, the variable Xj is
considered statistically significant and is included in the model [49].

Thus, the inclusion criteria in the stepwise procedure allow the selection of inde-
pendent variables that present a statistically significant relationship with the dependent
variable, contributing to a better adjustment and explanation of the MLR model [50].

It is important to mention that, when new variables X; are added to the model,
it is possible that other variables already included, which were previously statistically
significant, may lose their significance. This occurs because the inclusion of additional
variables can alter the relationships between covariates, affecting their p-values. Therefore,
it is crucial to thoroughly explore all independent variables and select a set in which all
remain statistically significant in the presence of others. This ensures that each variable
meaningfully contributes to the predictive power of the model based on the sample data,
avoiding redundancy [3,6,24,26].
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2.6.2. Backward Elimination

The exclusion criteria (Backward Elimination) guide the decision-making process:
whether or not to remove an independent variable from the model based on statistical
criteria. In this criterion, the independent variables are initially included in the model and
then removed one by one if their exclusion results in a statistically significant improvement
in model fit. The measure of improvement is usually assessed using the significance test,
using a predetermined significance level [27].

It is possible to see the general equation for the exclusion criteria below (Equation (10)):

Y =P80+ p1X1+B2Xo+ -+ BpXp+e (10)

In this equation, Y represents the dependent variable; X1, X5, ..., Xp represent the
independent variables, and ¢ is the error term. The exclusion criteria remove independent
variables one by one based on their statistically insignificant contribution to explaining the
variability of the dependent variable [50].

Statistical tests guide the decision to remove a variable, such as a p-value, which
compares the relationship between each independent and dependent variable. Suppose
the p-value is more significant than the predetermined significance level, indicating that
the variable does not contribute statistically significantly to the model. In that case, the
exclusion criteria remove it from the model [50].

Thus, the exclusion criterion in the stepwise procedure allows for refining the multiple
linear regression model, eliminating the independent variables that are not statistically
significant [27]. If an independent variable with a beta that is not statistically different from
zero is not excluded, the model loses predictive power. This beta does not contribute to
the predictive composition in the presence of other variables, ceteris paribus, rendering
it statistically insignificant in explaining the dependent variable Y. Including such a
variable can also distort the magnitude and sign of other beta parameters, without adding
meaningful value to the predictive model [3,6,24,26].

2.6.3. Bidirectional Elimination

The Bidirectional Elimination is a flexible approach to selecting variables in a MLR
model. This criterion can add or removes independent variables based on their statistical
contribution to the model fit. The significance test usually evaluates the contribution
measure and determines the statistical significance from a pre-established confidence
level [51].

2.7. Applications of the Stepwise Procedure in Multiple Regressions

The academic literature presents several relevant applications of the stepwise proce-
dure in multiple regression machine learning models, as shown in Table 1.

Based on the examples of the application of the stepwise procedure in machine learning
models of multiple regressions, a wide range of studies are observed, covering several
areas of research.

Its use aims to identify and select the most relevant and statistically significant vari-
ables, in the most diverse applications, for example, in the prediction of meteorological
events, understanding of factors that affect prices and production in different sectors, such
as real estate and agriculture, as well as providing valuable information in environmental
fields, such as studies on soil, deforestation and air quality.

The approach also has applications in medicine, helping to estimate ages, predict
disease and analyze the impact of health conditions on drug responses. Its versatility allows
employment in socioeconomic and urban issues, such as impact and balance analyses in
various contexts.

Notably, this literature review is not exhaustive since the stepwise procedure has an
extensive and multifaceted scope. However, the various studies analyzed in this section
allowed us to demonstrate its multidisciplinary applicability.
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From predicting meteorological phenomena to analyzing socioeconomic impacts and
evaluating health issues, the stepwise procedure has proven to be a versatile and valuable
tool for the judicious selection of statistically significant variables in various research fields.
In the study of sample data within applied sciences, it is essential to select only those
variables that demonstrate statistical significance. A model constructed from sample data
that includes betas that are not statistically significant, particularly for predictive purposes,
cannot be considered the final model [3,6,24,26].

Table 1. Examples of stepwise applications in regression models.

Reference Journal Objective
[9] Mausam Select statistically significant variables for forecasting storms
[10] Landscape and Urban Planning Select hedonic variables in modeling real estate sales prices
[12] Poultry Science Predict total egg production in European quail based
on phenotypes
[13] Ecosphere To analyze the depth distribution of organic carbon in the soils of
eastern Australia
[19] Forensic Science International: Genetics Estimation of chronologl.cal age using specific DNA
methylation patterns
[17] Environmental and Ecological Statistics Relate deff)restatlon. and for.est fragmer}tatlon metrics to
socioeconomic and bio geophysical factors
[14] Air Quality, Atmosphere and Health Evaluate and provide hourly air quality forecasting
[18] Clinical Pharmacokinetics Predicting the Effect of Renal Failure on Pharmacokinetics of Drugs
[11] Small Ruminant Research Predict marketable carcass characteristics and cuts of meat
52] Plant Methods Evaluatg the.detechon caPac1ty of terres.tr%al hght. and range da.ta in
the estimation of corn biomass in precision agriculture practices
[15] Ecological Indicators Estimate the above—g.round blgmass 1n<;11cat0r of degraded
grasslands using machine learning methods
(53] Land Use Policy Apply ar}d compare stepwise regression with the.Ranc%om Forest
algorithm for mass evaluation in an urban residential area
[54] Applied Soft Computing Predict mortality from COVID-19
[55] Hydrology and Earth System Sciences Estimate the regionalization of hydrological model parameters
[56] Building and Environment To analyze the .1m.pacts of urbanization characteristics on carbon
emissions from road passenger transport
I, . To analyze the performance of stepwise multiple regression
571 Sustainability (Switzerland) methods to estimate the biomass distribution of eucalyptus
[21] IEEE Engineering Management Review Analyze the work-life balance of'onnen in information
technology organizations
(58] Applied Water Science Predict irrigation water quality m.dlces based on machine learning
and regression models
[20] Journal of Craniofacial Surgery Predict changes in head index after cranioplasty
[59] Information Systems and e-Business Predict the influence of climate variations on the spread

Management

of COVID-19

2.8. Computational Implementation of Stepwise

This section briefly describes implementations in some of the main languages used in

the statistical analysis and data modeling.

The R language is widely known for its efficiency in statistical analyses and has
a variety of packages that support the stepwise procedure [60]. The “MASS” package
(v. 7.3-61) provides the “stepAIC()” function, which allows for the implementation of
the stepwise forward, backward, and bidirectional methods. In addition, the “leaps”,
“stepwise”, and “caret” packages also provide additional functionality for variable selection
and statistical modeling.

The stepwise procedure is available through the PROC REG command for users of
SAS (v. 9.4M8), a statistical tool widely used in industry and research. This command
allows the automatic selection of variables using different input methods, such as the
forward, backward, or stepwise method.
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In MATLAB (v. R2023b), a programming platform commonly used in engineering and
science, the “Statistics and Machine Learning Toolbox” package assists in implementing the
stepwise procedure. This package provides functionality for adjusting regression models,
including the stepwise method.

In addition to the languages mentioned above, other programming languages im-
plement the stepwise procedure. Julia, for example, offers the “GLM” (v. 1.9.0) and
“StatsModels.jl” (v. 0.6.35) packages that provide functionality for stepwise regression.
For SPSS software users (v. 29.0.1.1), the “REGRESSION” command, and the appropriate
options to specify the variable selection method, help to perform the stepwise procedure.
In the Stata environment (v. 18), the “stepwise” command allows for the implementation
of the stepwise procedure.

Other languages like Java, C++, and C# support the stepwise procedure through
different packages and libraries. Java, for example, relies on the Weka package (v. 3.8),
which provides methods for selecting variables, including stepwise, based on p-values
as well as accuracy metrics. Weka allows for forward, backward, or mixed selection
approaches. In the case of C++, the Mlpack library (v. 4.5.0) offers functionality for stepwise
regression, primarily based on performance metrics rather than p-values, and does not
implement a traditional stepwise method but allows for forward or backward approaches
based on model performance. C# has the Accord. NET package (v. 3.8.0), which also focuses
on accuracy metrics rather than p-values, providing features for variable selection using
forward and backward methods.

3. Methodology

The proposed library aims to apply the stepwise procedure to perform a regression
analysis. This procedure makes it possible to select a subset of the independent variables
that best explain the variability of a dependent variable, in such a way that all the indepen-
dent variables selected are statistically significant at a pre-established confidence level.

The technological approach used is the Python language, which we used to propose
and implement the regression model, facilitating its integration into studies that involve the
application of a specific regression model. Figure 1 illustrates the methodological workflow
of the stepwise library to validate and select the statistically significant variables.

After collecting the data, processing and structuring it using Extraction, Transform,
and Load (ETL) techniques is essential. Defining the variables that we want to predict
and the variables that explain that prediction is critical to building a supervised machine
learning model. In addition, it is essential to perform an exploratory analysis of the
variables using unsupervised modeling to complement the evaluation process.

When we have one or more explanatory variables of a qualitative nature, it is necessary
to transform them into dummy variables, creating n — 1 dummies, where 7 is the number
of categories present in each explanatory variable. Next, we built a general regression
model to evaluate the statistical importance of all the variables involved. Next, if there
are variables that are not statistically significant, a diagnosis of multicollinearity should be
performed using the VIF and Tolerance statistics.

Then, the main contribution of this paper is implemented: the stepwise procedure
based on the statistical significance of variables as a function of the Python programming
language. Stepwise automatically excludes variables that are not statistically significant
from the model.
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Figure 1. Methodological workflow.

The variable selection process is automated, allowing the model to select independent
variables without manual intervention. In situations with many independent variables
available, the stepwise method can reduce the dimensionality of the model, avoiding
overfitting problems and improving the model’s generalization to new data. During
this process, variables may be added and then removed, as their statistical significance
can change in the presence of other variables, even if they were significant initially. The
algorithm retains those variables that, together, are all statistically significant, providing the
best fit with all relevant predictors [3]. This is crucial for maintaining the model’s predictive
capability [6]. It is essential that all considered variables are statistically representative to
explain the behavior of the dependent variable y alongside the other X; variables, thereby
preventing the § parameters from being altered by the inclusion of a variable whose f is
not statistically different from zero [3,30]. It is important to note that the implemented
package allows you to define the desired error term. If the “error_type” argument is
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omitted, by default the stepwise function considers conventional error terms. However, if
we set “error_type” to “robust”, the algorithm considers Huber-White standard errors.

After stepwise, a partial model is composed. The next step is to verify the adherence
of the residuals to normality, using the Shapiro-Francia test, also implemented in the
‘statstests.tests” package (v. 1.0.7) in Python and presented in this article.

If there is no adherence of the residues to normality, the next analysis is the diagnosis of
heteroscedasticity. If there is heteroscedasticity in the model, applying the Breusch-Pagan
test, which may indicate the omission of a relevant variable in the model.

Following the flow of Figure 1, considering that the residuals are not adherent to
normality and the data present heteroscedasticity, an efficient procedure is the Box-Cox
transformation in the dependent variable, to maximize its adherence to normality.

To confirm whether the nonlinear model performs better, the stepwise procedure and
multicollinearity, normality, and heteroscedasticity tests should be performed again.

All this process established in the methodological flow shown in Figure 1 and de-
scribed in this section is part of a general model of construction and analysis of a multiple
regression model. In this process, stepwise is of great value in building a model with the
guarantee of using variables with statistical significance for predictive purposes.

You can find all the information regarding the process of installing and using the
stepwise library at: https:/ /pypi.org/project/statstests/ (accessed on 24 June 2024). The
script for the implementation of the stepwise Function in Python can be found in the
Supplementary Material.

To exemplify the flowchart, in the next section a real case study of real estate pricing
will be carried out, which runs through all the steps described in this section.

4. Case Study

To exemplify the use of the proposed library for implementing the stepwise pro-
cedure in Python, an estimation of a multiple linear regression model for evaluating
apartments in the city of Sao Paulo, Brazil, will be performed. We used real estate data
from 200 apartments in three neighborhoods (Vila Nova, Brooklin, and Moema).

We evaluated four explanatory variables: Apartment area (X;), measured in m?,
represented in the database by “area’; Number of rooms (X»), represented by the number of
compartments of the property, represented by ‘rooms’; Land area (X3), in m?, represented
by ‘land_area’; and the neighborhood where the property is located (X4), a qualitative
variable represented by ‘neighborhood’. As a dependent variable, the price of the property
(Y), R$/m?, represented by ‘price’, was considered. Notably, among the explanatory
variables, the apartment area, number of rooms, and land area are quantitative, while the
neighborhood is a qualitative variable with three categories (neighborhoods).

Equation (11) below represents the proposed MLR model, where i varies from 1 to 200
since the database consists of 200 apartments.

price; = oc+ Brarea; + Porooms; + B3land_area; + Byneighborhood; + ¢; (11)

We applied the Python script available in the Supplementary Material to perform all
the analyses presented and discussed in this section.
Figure 2 presents the descriptive statistics of the quantitative variables of the model.

price area rooms land_area
count  200.000000 200.000000 200.000000  200.000000
mean  3223.668000 100.020000 .705000 150€0.660000
std 848.941684  25.095588 .670908  378.796142
min 1774.600000  64.000000 .000000  948.000000
25% 2522.800000  76.000000 .000000 1140.000000
50% 3100.000000  98.000000 .000000 1464.000000
75% 3952.450000 126.000000 .000000 1896.000000
max 5384.000000 136.000000 .000000 2040.000000

\JC\&WNH&S

Figure 2. Descriptive statistics of the quantitative variables.
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The descriptive statistics show that there are 200 observations for each variable; that is,
there are no missing values in the sample. We also verified that the neighborhood variable
is a polychotomous categorical variable with three categories.

Figure 3 shows the heatmap of the Pearson correlations matrix between the metric
variables. The values of the main diagonal are all equal to 1 because they represent the
correlation of a given variable with itself. A high correlation (practically equal to 1) between
the variables ‘area’ and ‘land_area” stands out.
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0.98
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area_terreno
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Figure 3. Heatmap of the Pearson correlation correlations matrix between the metric variables.

Figure 4 consolidates the distributions of the metric variables on the main diagonal,
scatters, values of correlations (r), and respective statistical significance (p), all lower than
0.01, with a confidence level greater than 99%.

Next, the analysis of the frequency table of the qualitative variable is performed, with
the number of apartments for each of the three neighborhoods: 72 apartments in Vilanova,
66 in Moema, and 62 in Brooklyn. As the variable ‘neighborhood’ is qualitative, to avoid
the arbitrary weighting procedure, the n — 1 dummies procedure is applied.

In the proposed case study, the Brooklyn neighborhood was used as a reference
category, as it is the first in alphabetical order, which will have its behavior captured by the
o intercept. Notably, the choice of the reference category does not affect the final result of
the analysis since there will be a rearrangement of the 3 values.

Estimating the multiple linear regression model with 7 — 1 dummies, we arrive at the
results of Figure 5.

The model equation, after the n — 1 dummies procedure, is represented in Equation (12).
The ‘neighborhood’ variable will be summarized by ‘neighb’.

price; = 1532.96 + 89.2area; 4 134.46rooms; — 5.63land_area; + 474.93neighb_moema; + 1175.3neighb_vilanova; +¢; (12)

The value of R? is equal to 0.87; that is, the variable X explains 87% of the behavior of
the variable Y. However, we verified that the p-values of the variables ‘area’ and ‘land_area’
are, respectively, 0.109 and 0.124. Such values are not statistically significant, at a confidence
level of 95%, in the presence of the other variables. In this case, the multicollinearity
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diagnosis was performed using the statistics Variance Inflation Factor (VIF) and Tolerance,
according to Figure 6.
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Figure 4. Distribution of the metric variables.
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OLS Regression Results
Dep. Variable: preco  R-squared: 0.871
Model: OLS Adj. R-squared: 0.868
Method: Least Squares F-statistic: 262.3
Date: Thu, 31 Oct 2024 Prob (F-statistic): 2.89%-84
Time: 15:22:44  Log-Likelihood: -1427.2
No. Observations: 200 AIC: 2866.
Df Residuals: 194 BIC: 2886.
Df Model: 5
Covariance Type: nonrobust

coef std err t P>|t]| [0.025 0.975]
const 1532.6217 156.527 9.791 0.000 1223.908 1841.335
area 89.2355 55.491 1.608 0.109 -20.207 198.678
rooms 134.4406 32.006 4.200 0.000 71.316 197.565
land_area -5.6290 3.643 -1.545 0.124 -12.814 1.556
neighborhood_moema 475.0474 63.235 7.512 0.000 350.331 599.764
neighborhood_vilanova 1175.4929 121.510 9.674 0.000 935.842 1415.143
Omnibus: 25.875 Durbin-Watson: 1.774
Prob(Omnibus): ©.000 Jarque-Bera (JB): 48.368
Skew: ©.622  Prob(JB): 3.14e-11
Kurtosis: 5.663 Cond. No. 1.33e+04

Figure 5. MLR model.
VIF Tolerance

const 51.431258 0.019443
area 4050.486419 ©.000247
rooms 5.973655 0.167402
land_area 3977.022693 ©.000251
neighborhood_moema 1.855901 ©.538822
neighborhood_vilanova 7.140927 ©.140038

Figure 6. Variance Inflation Factor and Tolerance.

Although no cutoff point is established in the literature to define whether or not there
is multicollinearity between explanatory variables, it is necessary to observe VIF values
greater than ten. In this sense, the variables ‘area’” and ‘land_area’ present VIF values
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close to 4000, with Tolerance practically equal to 0, representing a practically maximum R?,
representing a preliminary indication of multicollinearity in the proposed model.

To confirm the multicollinearity and establish the set of statistically significant vari-
ables, we arrive at the main contribution of this work: the implementation of the stepwise
procedure based on the statistical significance of the variables as a function of the Python
programming language. To apply stepwise through the function proposed in this paper,
run the following command:

from stats tests.process import stepwise

model_step_apartments = stepwise(model_apartments, pvalue_limit = 0.05)

where ‘model_apartments’ is the MLR model in Figure 5; ‘model_step_apartments” is the
MLR model obtained after the stepwise procedure; ‘pvalue_limit’ refers to the level of
statistical significance (in this case, equal to 0.05). Figure 7 shows the new model obtained
after applying the stepwise.

Atributes discarded on the process...:

{'atribute': "Q('land_area')", 'p-value': ©.12392157729883521}
{'atribute': "Q('area')", 'p-value': ©.11512639854800828}

Model after stepwise process...:
preco ~ Q('rooms') + Q('neighborhood_moema') + Q('neighborhood_vilanova')

OLS Regression Results

Dep. Variable: preco  R-squared: 0.868
Model: OLS Adj. R-squared: 0.866
Method: Least Squares F-statistic: 429.1
Date: Thu, 31 Oct 2024 Prob (F-statistic): 7.56e-86
Time: 15:25:06  Log-Likelihood: -1429.7
No. Observations: 200 AIC: 2867.
Df Residuals: 196 BIC: 2881.
Df Model: 3
Covariance Type: nonrobust
coef std err t P>|t]| [e.825 0.975]
Intercept 1788.3928 92.330 19.369 0.000 1606.304 1970.482
Q('rooms ") 171.6374 26.672 6.435 0.000 119.036 224.239
Q( 'neighborhood_moema') 506.7849 61.567 8.:231. 0.000 385.366 628.204
Q('neighborhood_vilanova') 1277.9567 106.091 12.046 0.000 1068.731 1487.183
Omnibus: 29.828 Durbin-Watson: 1.756
Prob(Omnibus): 0.000 Jarque-Bera (JB): 62.000
Skew: ©.707 Prob(3B): 3.44e-14
Kurtosis: 5.332 Cond. No. 31.0

Figure 7. New model (‘model_step_apartments’) obtained after applying the stepwise.

According to the preliminary analysis by VIF and Tolerance statistics, the variables
‘area’ and ‘land_area’ present multicollinearity, being excluded from the multiple regression
model after the stepwise procedure, leaving only the variables ‘rooms’ and “neighborhood’
(with two categories, since ‘Brooklyn” was the reference category).

The following analysis consists of the verification of adherence of the residues to nor-
mality using the Shapiro-Francia test, implemented by the ‘Shapiro-Francia’ function of the
‘statstests.tests” package, also presented in this article, according to the commands below:

from stats tests.tests import shapro-francia

shapiro_francia = (model_step_apartments.resid)

where ‘model_step_apartments’ is the MLR model after performing the stepwise procedure.
The Shapiro-Francia test is shown in Figure 8. As a result, a p-value of 0.00002 was obtained,
lower than the established significance level of 0.05. Therefore, we rejected the hypothesis,
which means there is no adherence to the normality of the residues of the analyzed model.
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method Shapiro-Francia normality test
statistics W 0.9428879585951422
statistics z 4.610630444107969
p-value 2.0072482113803717e-06
Statistics W=0.94289, p-value=0.000002

Figure 8. Shapiro-Francia test.

As a result of nonadherence to normality, another essential analysis is the diagnosis of
heteroskedasticity using the Breusch-Pagan test. It is possible to see the result of which in
Figure 9. The p-value was approximately 6.41 x 10~ 1%, lower than the significance level
of 0.05. Thus, there is heteroskedasticity in the data, which means that there is correlation
between the residues and one or more explanatory variables. In short, relevant variables
are omitted from the model.

Breusch-Pagan Test (model_step_apartament)
chisq: 60.790590590891995
p-value: 6.449304131067478e-15

Figure 9. Breusch—Pagan test.

Considering that the residues of the model in question are not adherent to normal-
ity and the data present heteroskedasticity, a solution is the Box-Cox transformation in
the dependent variable “price’, aiming to maximize the adherence of variable Y to nor-
mality. Figure 10 shows the p-values of the model variables after applying the Box—Cox
transformation.

OLS Regression Results

Dep. Variable: bc_preco  R-squared: 0.893
Model: OLS Adj. R-squared: 0.891
Method: Least Squares F-statistic: 325.4
Date: Thu, 31 Oct 2024 Prob (F-statistic): 2.85e-92
Time: 15:34:58  Log-Likelihood: 440.99
No. Observations: 200 AIC: -870.0
Df Residuals: 194 BIC: -850.2
Df Model: 5
Covariance Type: nonrobust

coef std err . - P>|t]| [e.025 0.975]
Intercept 4.5966 0.014 334.628 ©.000 4.570 4.624
area 0.0048 0.005 0.980 0.328 -0.005 0.014
rooms 9.0151 0.003 5.359 0.000 0.010 0.021
land_area -0.0003 0.000 -0.924 9:357 -0.001 0.000
neighborhood_moema 0.0633 0.006 11.407 0.000 0.052 0.074
neighborhood_vilanova 0.1167 0.011 10.945 0.000 0.096 0.138
Omnibus: 3.303 Durbin-Watson: 1.828
Prob(Omnibus): ©.192 Jarque-Bera (JB): 2.890
Skew: -0.247 Prob(3B): 0.236
Kurtosis: 3.320 Cond. No. 1.33e+04

Figure 10. p-values of the model variables after the Box-Cox transformation.

Considering the level of statistical significance of 5%, as in the previous model, we
verified that the variables ‘area’” and ‘land_area’” were not statistically significant in the
presence of the other variables. In addition, there is an increase in R? to 0.893.

Applying the stepwise procedure to the ‘model_bc_apartments’, obtained after the
Box—Cox transformation, we arrive at the result of Figure 11.
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Atributes discarded on the process...:

{'atribute': "Q('land_area')",
{'atribute': "Q('area')",

Model after stepwise process...

‘p-value': 0.3565392251671068}
'p-value': 0.16497153382004484}

bc_preco ~ Q('rooms') + Q('neighborhood_moema') + Q('neighborhood_vilanova')

OLS Regression Results

Dep. Variable: bc_preco  R-squared: 0.892
Model: OLS Adj. R-squared: 0.890
Method: Least Squares F-statistic: 539.3
Date: Thu, 31 Oct 2024 Prob (F-statistic): 2.11e-94
Time: 15:36:53 Log-Likelihood: 439.56
No. Observations: 200 AIC: -871.1
Df Residuals: 196 BIC: -857.9
Df Model: 3
Covariance Type: nonrobust
coef std err t P>t [0.025 0.975]
Intercept 4.6147 0.008 572.576 0.000 4.599 4.631
Q('rooms ") 0.0176 0.002 7.579 0.000 0.013 0.022
Q('neighborhood_moema"') 0.0656 0.005 12.202 0.000 0.055 0.076
Q('neighborhood_vilanova') 0.1244 0.009 13.438 0.000 0.106 0.143
Omnibus: 2.472 Durbin-Watson: 1.806
Prob(Omnibus): 0.291 Jarque-Bera (JB): 2.087
Skew: -0.186  Prob(JB): 0.352
Kurtosis: 3.334 Cond. No. 31.0
Notes:

[1] Standard Errors assume that the covariance matrix of the errors is correctly specified.

Figure 11. Stepwise procedure applied to the ‘model_bc_apartments’.

At the significance level established, the variables ‘area’” and ‘land_area” were once
again removed from the final model by the stepwise procedure.

Comparing the initial models and after the Box—Cox transformation, both having
undergone the stepwise procedure through the function proposed in this article, we arrive

at Figure 12.

Intercept

Q('rooms"')
Q('neighborhood_moema")
Q('neighborhood_vilanova')

R-squared
R-squared Adj.

1788.3928%*x
(92.3305)
171.6374%%*
(26.6724)
506 . 7849%*x
(61.5671)
1277.9567%*x
(106.0908)
0.8679
0.8658

4.6147%**
(0.0081)
0.0176%**
(0.0023)
0.0656%**
(0.0054)
0.1244%%%
(0.0093)
0.8919
0.8903

Standard errors in parentheses.

* p<.1, **¥ p<.05, ***p< .01

Figure 12. Comparison between the two models.

We observed that the R? of the Box-Cox model was higher than the initial one (0.8920
to 0.8679), which reflects a gain in adherence to the nonlinear model. Once again, applying
the Shapiro—Francia test, we arrive at the result of Figure 13.
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method : Shapiro-Francia normality test
statistics W : 0.9868704088633033
statistics z : 1.570841156128166
p-value : 0.058109774822529804
Statistics W=0.98687, p-value=0.058110

Figure 13. Application of the Shapiro-Francia test.

The p-value was approximately 0.0584 higher than the established significance level.
Therefore, we did not reject the null hypothesis; that is, there is adherence to the normality
of the residues. Then, by evaluating the heteroskedasticity, the result of the Breusch-Pagan
test is obtained (Figure 14).

Breusch-Pagan Test (modelo_step_bc_apartamentos)
chisq: 1.0130847799601872
p-value: 0.47767069834924153

Figure 14. Breusch—Pagan test.

A p-value of approximately 0.48 is observed, higher than the established significance
level. Thus, there is no more heteroskedasticity in the data, only by the adequacy of the
dependent variable to a nonlinear form. Given the above, we arrive at the Equation (13)
which is the equation of the final model proposed after the Box-Cox transformation and
application of stepwise, proposed and implemented in this paper. The ‘neighborhood’
variable will be summarized by ‘neighb’.

price; 0144 1
W = 4.6147 + 0.0176 * rooms; + 0.0656 * neighb_moema; + 0.1244 * neighb_vilanova; (13)

5. Conclusions

The present research has achieved the proposed objectives, contributing significantly
to data analyses and statistical modeling in Python. First, we presented the stepwise func-
tion based on the statistical significance of the variables in Python, detailed and exemplified,
offering researchers, students, and professionals a practical and intuitive tool for carefully
selecting variables in multiple regression models. This new tool differs from existing ones,
which rely on accuracy metrics, as it is fundamentally based on the statistical significance
of the variables. This approach is extremely important in the context of regression models
within applied sciences, as failing to exclude variables whose 8 parameters lack statis-
tical significance can lead to a loss of predictive capability. Such inclusion can alter the
magnitude and even the effect of other § parameters in the predictive model.

Then, practical examples demonstrated how applying the proposed stepwise function
can enhance the reliability of multiple regression models by removing non-significant vari-
ables, leading to more accurate and trustworthy model adjustments and predictions. In ad-
dition, we presented a comprehensive methodological framework to address common prob-
lems in data analyses, such as heteroskedasticity, multicollinearity, and nonadherence of
residues to normality, providing a robust and user-friendly computational implementation.

The current case study of real estate pricing, considering linear and nonlinear multiple
regression models through stepwise, allowed us to consolidate the concepts discussed and
validate the effectiveness of the proposed approach. The results showed that the correct
application of the stepwise procedure could lead to more accurate models and a better
interpretation of the factors that influence real estate pricing.

In conclusion, this research fully achieved the proposed objectives, contributing signif-
icantly to advancing the understanding and application of statistical methods in Python.
The results presented in this paper can be widely used and inspire new debates and
contributions in data analysis and statistical modeling. The availability of the stepwise
function based on the statistical significance of the variables in Python and the methodolog-
ical framework will provide practitioners with a more informed and practical approach
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to handling complex data, driving significant advances in their respective research and
application areas.

Despite the promising results achieved in this study; it is essential to recognize some
limitations that may open space for future research. First, while the stepwise procedure
based on the statistical significance of the variables is a valuable approach to variable
selection, there may be better options in some scenarios. Additionally, this stepwise process
can also be conducted using metrics of fit and accuracy, leaving it to the researcher to
decide which method best suits their study. In addition, we focused the case study on
real estate pricing, which may limit the generalization of the results to other application
areas. Future research could explore the applicability of the proposed stepwise function in
different contexts, addressing specific problems and testing the approach’s effectiveness in
other modeling tasks.

Another aspect to consider is that we addressed heteroskedasticity problems, multi-
collinearity, and nonadherence of residues to normality in this study. Still, the complexity of
these problems can vary widely in different data sets. Future research could explore more
sophisticated and specific strategies to address these issues, considering their particularities
in different scenarios.

Finally, although the methodological framework developed has demonstrated effec-
tiveness in mitigating common problems in data analysis, it is possible to improve its
performance and generality through more advanced approaches and adapt to different
contexts. Future research could seek methodological improvements and the validation
of the approach in other types of problems, contributing to a better understanding and
application of statistical methods in Python in an even broader spectrum of research areas
and challenges.

Supplementary Materials: The following supporting information can be downloaded at: https:
/ /www.mdpi.com/article/10.3390/a17110502/s1. Supplementary File: A Proposal for a new Python
Library Implementing Stepwise Procedure.
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Abstract: Maintaining a high input resolution is crucial for more complex tasks like detection or
segmentation to ensure that models can adequately identify and reflect fine details in the output. This
study aims to reduce the computation costs associated with high-resolution input by using a variant
of transformer, known as the Adaptive Clustering Transformer (ACT). The proposed model is named
ACT-FRCNN. Which integrates ACT with a Faster Region-Based Convolution Neural Network
(FRCNN) for a detection task head. In this paper, we proposed a method to improve the detection
framework, resulting in better performance for out-of-domain images, improved object identification,
and reduced dependence on non-maximum suppression. The ACT-FRCNN represents a significant
step in the application of transformer models to challenging visual tasks like object detection, laying
the foundation for future work using transformer models. The performance of ACT-FRCNN was
evaluated on a variety of well-known datasets including BSDS500, NYUDv2, and COCO. The results
indicate that ACT-FRCNN reduces over-detection errors and improves the detection of large objects.
The findings from this research have practical implications for object detection and other computer
vision tasks.

Keywords: adaptive clustering transformer (ACT); object detection; segmentation; computer vision;
classification; feature map

1. Introduction

The Bidirectional Transformer [1] paradigm has demonstrated outstanding improve-
ments in machine translation [2], question—answering [3], text categorization [4], and
document summarization [5], among other NLP issues. This accomplishment is partly due
to the transformer’s ability to recognize complex relationships among input sequences
through self-attention. It uses pre-train models on large datasets without encountering
performance saturation due to its scalability [1,4].

Transformers can be directly applied to images by converting an image into a collection
of patches. Although attention-based transformer models may not perform as well as
convolution-based models on medium-sized datasets, these can be pre-trained on a large
amount of data due to their capacity, as seen in NLP transformers [4]. This shows attention-
based components have the potential to improve or even replace the traditional convolution
approach that has been standard in vision modeling for a long time [5].

The higher-level feature maps of a convolutional network often align with the input’s
spatial layout. This means that features from objects on the left of an input image tend
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to appear on the left of higher-level feature maps [5]. This property makes it easy to
convert convolutional classifiers into object detectors by adding detection heads that
output object classes and positions on high-level convolutional maps. Unlike convolutional
networks, transformers can work at each layer of the network, potentially affecting the
spatial relationship between input features and those at the middle layers. This raises the
question of whether ACT can be adjusted to perform tasks that require more sensitivity to
local context, such as object detection or segmentation.

This research proposes an ACT technique to replace the transformer in the encoder
of the original FRCNN system as an easy-to-add component. The ACT works well with
the classic transformer and does not require new skills. Adding Multi-Task Knowledge
Distillation (MTKD) to ACT can improve its accuracy to match the original transformer.
MTKD can also allow for a seamless transition between models with different computing
resources and accuracy during inference. However, some transformer adjustments can be
made to reduce computational complexity [6-9]. If we have enough processing power, one
obvious question is if we can improve the performance of FRCNN and strike a balance
with computational resources.

In this paper a new model ACT-FRCNN is developed. The model is based on ACT
and includes specific task heads for detecting and locating objects in images. The aim is
to demonstrate that ACT-FRCNN, with its transformer-based backbone, can effectively
preserve crucial spatial information for object detection. The experiment illustrate that
ACT-FRCNN shares many of the desired features of transformer-based models while
achieving strong performance on various benchmarked datasets including: BSDS500 [10],
NC2016 [11], and COCO 2017 [12]. This research examines the benefits of using the exten-
sive pre-training method with transformers for object detection tasks. The experimental
results demonstrate a decrease in false positive detections and improved detection perfor-
mance for large objects, possibly due to the architecture’s ability to attend globally.

In this paper a large-scale computer vision models are typically trained on massive
datasets and then fine-tuned for specific tasksaa.

The main contributions are threefold:

Designed an ACT-FRCNN model that can be used for object detection and segmentation.
Proposed an Adaptive Clustering Transformer (ACT) with Convolutional Neural
Network (CNN) as the backbone of ACT-FRCNN.

e ACT-FRCNN is evaluated on three different datasets: BSDS500, NYUDv2, and COCO
2017, and demonstrate significant outcomes.

The remaining manuscript sections are organized: Section 2 discusses related work.
Section 3 demonstrates the method and materials used in this research. Section 4 describes
the experimental procedure. Finally, Sections 5 and 6 presents the discussion and conclusion
respectively.

2. Related Work
2.1. NLP and CV for Attention Model

The attention model [13] has been widely utilized in computer vision (CV) and NLP
due to its inherent capability to gather evolving information that evolves over time. The
transformer facilitates the exchange of data between two entities, such as regions in CV or
words in NLP. Transformer has achieved cutting-edge results in Machine translation [14],
object detection [15], multimodality reasoning [16], picture classifications [17], video classi-
fications [18], and language understanding [1]. The transformer has performed very well
in different situations.

However, scaling is complex because the length of the input sequence leads to
quadratic complexity. There are many ideas for solving the Transformer’s computational
issues. Kitaev et al. [19] suggested sharing the key and query, clustering features that are
close together into one cluster using Locality Sensitive Hashing (LSH) to perform informa-
tion exchange into each cluster. Zhu et al. [20] approximates the SoftMax between the key
and query interaction with linear complexity, verifiable approximation error, and positive
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orthogonal random features (PORFs). Using the association property, the authors of linear
attention [9] reduce the complexity of key-query value multiplication from quadratic to
linear. By eliminating the input of one layer at a time, the method of progressive elimi-
nation [8] can reduce the computational cost of the transformer while still achieving the
same or better performance as the original. To reduce the computational complexity, asym-
metric attention [21] summarizes essential features into a small number of key vectors
by pooling over these features at many scales. Global graph reasoning [5] uses weighted
pooling to compress input data into globally unique vectors that may then be transmitted.
As mentioned earlier, these techniques altered the original transformer’s structure and
required substantial training and inference resources. Additionally, the performance gap
between ACT and the original transformer can be further reduced with a few iterations of
fine-tuning knowledge distillation [22].

2.2. Deep Learning for Object Detection

The framework for object detection sorts data within a changing time window [22]. The
Viola-Jones Sliding window technique was used for face detection with a face detector [23]
and AdaBoost [24]. In addition, the CNN method has been used for object classification
with great success [25], as will the deep features classification used for object identification.
The object detection utilizing in-depth features can be classified into two types: one-stage
and two-stage approaches. The two-stage solutions include RCNN [26], Fast RCNN, and
Faster RCNN [26], Whereas the one-stage options are YOLO [26] and SSD [27]. Training
and deploying earlier techniques for object detection is more difficult due to the extensive
post-processing pipeline NMS [28], imbalanced loss, and hand-crafted anchor [29]. Instead
of using a sliding window, objects can now be detected by solving a robust set prediction
problem against permutations. Liu et al. [30] developed an end-to-end people detection
using the CNN encoding of visual features and the LSTM [31] decoding of the bounding
box sequentially. Hungarian loss [31] will be applied to the end-to-end training process
to ensure the predicted bounding box is consistent with the ground truth. Recurrent
instance segmentation [32] superimposes an extra-segmentation head over the end-to-end
object identification architecture, testing the concept of instance segmentation with great
success. Using the more powerful transformer instead of LSTM [31] has simplified the
object detection pipeline by solving the end-to-end set prediction problem, removing the
need for custom priors. However, because self-attention has quadratic complexity, end-to-
end set prediction converges slowly and requires high inference costs. SMCA [33] increased
convergence speed by introducing Gaussian before the transformer decoder.

2.3. Self-Attention for Object Detection

DETR [5] is an essential method because it effectively utilizes transformers for object
detection. It includes a set-matching loss, a transformer encoder, and a decoder, all inte-
grated with a standard convolutional neural network (CNN) model such as ResNet-50/101.
This method stands out because it eliminates the need for non-maximum suppression
(NMS), and its decoder design can independently learn to remove redundant bounding
box predictions. Deformable DETR [27] addresses a few drawbacks of DETR: (1) achiev-
ing relatively poor detection performance on small objects and (2) requiring substantially
longer training epochs for convergence than standard detectors. Our proposed ACT aims to
reduce the computational cost of DETR’s inference without retraining, unlike Deformable
DETR and SMCA.

DETR variations have also been suggested as solutions to the issues. By combining a
multi-scale deformable encoder with learnable sparse sampling, Deformable DETR [34]
speeds up convergence. To address problems mostly created by the insurmountable
challenge of processing high-resolution feature maps, deformable DETR implements a
deformable attention module that learns to focus on a small fraction of sample points
in the feature map. Differently, RelationNet++ [35] benefits from multi-head attention.
A “Bridging Visual Representations” (BVR) module built on a transformer decoder is
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suggested to integrate information from various object representations. These results build
on the work conducted by RelationNet [36] and Non-Local Networks (NL) [19] in object
recognition by splitting the focus between bounding box features and pixel features.

DETR and Deformable DETR use convolutional networks to encode visual charac-
teristics, while the transformer decodes these features into detection outputs. This article
explores a new variation of a transformer-based detector in which the transformer encodes
visual information instead of a standard region proposal network (RPN) and also generates
the output detections.

2.4. Pertaining Model and Self-Training

Numerous studies have used large-scale datasets, like JFT-300M [37] and 1G-940M [38],
to investigate how useful pre-training is for learning visual representations. Big Transfer
(BiT) [39] found that detection transfer performance was aided by extensive classification-
based pre-training. He et al. [40] have found that when the detection dataset is large enough,
small-scale classification-based pre-training, such as pre-training on ILSVRC-2012 [41],
does not always improve detection performance compared to training from scratch. In
this paper, the pre-training paradigms for object detection are the primary focus of our
attention. However, semi-supervised learning [42] and self-training [43] paradigms are
also effective when working with enormous amounts of unlabeled data.

2.5. Research Gap

The research discussed in this paper aims to improve our understanding of how trans-
former models, specifically the ACT model, can be used in object identification and other
computer vision tasks. It also aims to enhance object detection systems by addressing the
limitations of current methods. The paper proposes an FRCNN model that integrates ACT,
leveraging the well-known transformer features of extensive pretraining capability and fast
fine-tuning performance. Experimental results demonstrate the superior performance of
the ACT-FRCNN model on the BSDS500, NYUDv2, and COCO 2017 benchmark datasets.
The findings indicate that the ACT-FRCNN model outperforms many state-of-the-art
techniques, achieving higher accuracy using fewer parameters.

3. Method and Materials

In ACT-FRCNN, a detection network is used with Adaptive Clustering backbone. This
addition allows us to determine bounding box classifications and coordinates. The original
transformer’s design is identical to the adaptive clustering transformer (ACT) we proposed.
ACT reduces the calculation cost of the transformer without requiring retraining. Through
a few rounds of knowledge distillation fine-tuning, we can narrow the performance gap
between ACT and the base transformer [1]. Figure 1 shows a visual representation of the
ACT-FRCNN architecture. The RPN generates multiple predictions for each location on
the map to identify exciting areas likely to contain objects. Each prediction corresponds to
a specific anchor on the map and has different sizes and aspect ratios. The first step is to
determine if an object exists in that area, and then the system determines the coordinates
of a box around the object. Parameterization allows us to calculate the bounding boxes as
distances from the anchor boxes.

by = (x — xq) /Wy = (x*—x,)/w,
ty = log(w/wy) tr, = log(w* /wg)
ty, = log(h/h,) tj; = log(h*/ha)
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Figure 1. The ACT-FRCNN model relies on an ACT framework for its object detection capabilities. It
generates a feature map using the last transformer layer’s per-patch outputs to feed into a detection
model. For precise object detection, this model generates both class predictions and box coordinates.
ACT-FRCNN exhibits remarkable performance and shares the benefits of transformer-based models.

The coordinates (x, y, w, h) of the box’s center, width, and height are denoted by
X, Xz, and x*, whereas x, x;, and x* represent the prediction, anchor, and ground truth,
respectively. When comparing the true offsets t* to the projected offsets t, the box training
loss is equivalent to a Huber loss. The best candidates are used to Rol-pool regions from the
feature map based on the RPN’s thorough forecast of object-containing regions, yielding
one feature proposal for each region. The same parameterization as before provides
these pooled features to a pair of lightweight heads, which then generate bounding box
regressions and predictions for object categories (or background).

The DETR encoder includes features that allow it to use the attention mechanism to
gather information from nearby positions. Our research shows that similar features in close
physical proximity tend to produce identical attention maps. ACT must select prototypes
representing the whole and communicate updated characteristics to its neighbor since its
self-attention overlaps with its nearest neighbor. The more complex the encoder becomes,
the more similar its characteristics grow as they start to share data. Also, each encoder
layer shows a significant variation in the distributions of input features. These findings
suggest using an adaptive method to determine the required number of prototypes for
each data layer instead of relying on a predetermined set of cluster centers.

To tackle the issue of encoder attention redundancy, ACT utilizes key-query attention
for representative prototypes. These prototypes are created by clustering similar query
features and then averaging them. The modified features of the prototypes are then shared
with their neighbors by using the Euclidean distance on the query feature space. Due
to the wide variety of encoder characteristics, we need an adaptive clustering method to
categorize features based on their location in the input and encoder layers. Our technique
called multi-round exact Euclidean locality sensitivity hashing (E2LSH) [19] achieves query
feature distribution-aware clustering.

3.1. Implementation Details

In this implementation, the used settings are similar to those for ACT-FRCNN and the
original Faster R-CNN. The RPN predicts 15 anchors at each spot: the used of five sizes
(32 x 32,64 x 64,128 x 128,256 x 256, and 512 x 512 pixels) and three different shapes
(1:1, 1:2, and 2:1). NMS is applied to the region suggestions generated by the RPN with an
overlap threshold of 0.6. During training, the top 22,000 suggestions are sent to the detector
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heads, and during inference, the top 800 are used. To create our final detections, the perform
a final round of NMS at the time of inference using a threshold of 0.4. to explored two
ways to use the encoder outputs: combining all intermediate outputs into a single one and
using only the last one. The use a learned transformation in both approaches to reduce the
spatial feature map’s dimensionality to 512 channels. Finally, added intermediate residual
blocks between the detection module and the encoder spatial feature map was practical
(for a visual representation of the residual block structure, similar to ResNet with some
slight modifications, refer to Figure 2).

Normalization | Activation

Normalization P Activation

Figure 2. The encoder outputs are connected to the detection module using the intermediary residual
convolution blocks. Batch normalization and GeLU activation functions are used in all studies.

3.2. Adaptive Clustering Transformer
3.2.1. Determine Prototypes

The locality sensitive hashing (LSH) prototype is used to join queries that are close
together based on Euclidean distance. This method effectively solves the nearest neighbor
search problem. When vectors are close, they are likely to have the same hash, while those
far apart do not. By adjusting the hash function’s parameters and the number of hashing
iterations, to ensured that all vectors with a distance less than p end up in the same hash
bucket. Specifically, the used the exact Euclidean locality sensitive hashing (E2LSH) as our
hash function [19].
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where 1 : R? — Z is the hash function, r is a hyper-parameter, and a,b are random vari-
ables satisfying q = (ay,az,...... ,a4), witha; ~ N (0,1)and b ~ u (0,r). The results
carry more weight when LSH is applied iteratively. The final hash value obtained by
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where each £; is calculated using Equation (3) with parameters 7 and b drawn at random,
and where B is a constant equal to 4 in our trials. The random normal vectors 71 31 and
offset b; in each hash function h; can be visualized as a series of parallel hyperplanes. The
hyper-parameter r controls the spacing of the hyperplanes. More significant separation
indicates greater importance. In addition, L hash functions partition the search area into
a number of cells, each of which contains vectors that are hashed to the same value. The
likelihood that the vectors enter the same cell increases as the Euclidean distance decreases.
To obtain the prototypes, the hash value for each query was first computed. The
questions that have the same hash value will be clustered together, with the prototype query
serving as the group’s hub. The Q € RN*Pr and the queries P € R“* Dk sets as prototypes,
where N and C are the number of groups for queries and prototypes, respectively. The G;
represent the index of the cluster to which Q; belongs. The Prototype of the jth group can

be obtained by Equation (4).
P — Zi/Gi :]Ql

I ZilGi:jl (4)
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3.2.2. Estimate Attention Output

After the initial stage, a prototype created to represent each set of questions. Then
compute the attention map between the prototypes and keys. After that, the gathered of the
specific target vector for each prototype and applied it to the original questions. This allows
to estimate the impact on attention roughly. By reducing the number of prototypes and hash
rounds, which are much fewer than N and M, this significantly reduce the computation’s
difficulty by a factor of C compared to the exact attention calculation.

Formally, the values K € RM*Dx are the keys V € RE*Pk. The following equations
provide us with an approximation of the output of attention:

L = Lyrea(Y,Y2) + Lkp(B1, B2) ®)
W=AV (6)
Ve=W, G =j 7)

where G; stands for the index of the cluster Q;. SoftMax function is applied row-wise.

3.3. Multi-Task Knowledge Distillation

ACT has been found to reduce the computational cost of FRCNN without need of
retraining. Additionally, it has been discovered that fine-tuning MTKD multiple times,
leads to better performance-to-computability ratio. The process for MTKD is shown in
Figure 3. Image features will first be extracted using the pre-trained CNN backbone, which
is specifically designed to capture intricate spatial hierarchies and patterns within the data.
Once extracted, these features will be passed into both the adaptive convolutional trans-
former (ACT) and the original transformer in parallel, allowing for a comparative analysis
of their respective outputs. To ensure a seamless transition and integration between ACT
and the original transformer, the training process will be guided by Multi-Task Knowl-
edge Distillation (MTKD). This approach facilitates optimal performance by leveraging the
strengths of both models. Below is a notation for the training loss:

L = med(Y, YZ) + LKD(Bl/ Bz.detﬂCh()) (8)

where Y stands for the real world, B; for the ACT prediction’s bounding box, and By, Y for
the whole prediction. The difference between the truth and FRCNN's prediction is denoted
by Lyeq (Y, Y2). The L, distance between the ACT and FRCNN predictions is minimized by
Lkp (B1, B2), which is the knowledge distillation loss.

Len(B1.B)) Knowledge
| Transformer p  Prediction Destilation Loss
Positional ) t
Encodi arameter
g Sharing »  Prediction
X CNN . . ELsy
o — P Prediction-Loss
Input Image —» Backbone el | Ground Truth

Figure 3. Multi-task knowledge Distillation. Initially, the CNN core extract features from images.
The transformer kept in parallel with the excised section being fed into it. Training process guided by
MTKD to ensure a smooth transition from the original transformer to ACT.

The training loss helps with the smooth transition from ACT to transformer by training
the original transformer at the same time. The knowledge transformer includes region
categorization and regression distillation features. The impact of ACT’s approximation
error is more noticeable in the regression sub-branch than in the classification sub-branch.
The transferred of knowledge of the bounding box regression technique. Just by moving
the box regression branch, the convergence rate is significantly improved.

55



Algorithms 2024, 17, 475

3.4. Datasets

The ACT-FRCNN model is evaluated on the BSDS500 [10], NYUDv2 [11], and COCO
2017 [12] benchmarks to determine how well the suggested strategy performed in different
settings. The studies conducted on the BSDS500, NYUDv2, and COCO 2017 benchmarks
provide strong evidence for the effectiveness and adaptability of the proposed strategy and
demonstrate how it can advance the field of computer vision. The aimed is to illustrate
the efficiency and robustness of the proposed method in various image analysis tasks
by evaluating it across these three benchmarks. According to the experimental results,
this strategy outperforms the state of the art regarding accuracy and efficiency across all
three benchmarks. These results showcase the versatility of the technique, indicating its
suitability for tasks such as object identification and segmentation, depth estimation, and
image segmentation.

3.4.1. BSDS500 Dataset

The Berkeley Segmentation Dataset and Benchmark dataset (BSDS500) comprises
500 natural RGB photos, with 200 allocated for training, 100 for validation, and 200 for
testing. Each photograph is meticulously annotated by an average of five different in-
dividuals. The ACT-FRCNN model is tested on the evaluation set after being trained
on the training and validation sets. To augment the dataset, each image can be flipped
and rotated, increasing the dataset size 16-fold. On the other hand, the PASCAL VOC
Context Dataset [44], which contains full-scene segmentation annotations with more than
400 classes and comprises 10,103 training images, used as supplementary training data as
done in earlier research [45]. In Stage One of model training, the outer borders from the
segmentation annotations are used to infer context and semantic signals. Therefore, Stage
One is pre-trained using the PASCAL VOC Context Dataset [44] before refining it using the
BSDS500 [10]. Stage One training is the only phase that utilizes the PASCAL VOC Context
Dataset [44], which offers finer, more specific edge and boundary annotations.

3.4.2. NYUDv2 Dataset

The NYUDv2 dataset is widely used in computer vision research, especially for
tasks such as depth estimation, scene understanding, and object detection. It comprises
1449 paired RGB and depth images, divided into 654 training images, 414 validation
images, and 381 testing images. A key feature of NYUDv2 is its provision of dense depth
maps, where each pixel in the image has a depth value, making it valuable for tasks like
depth measurement and 3D reconstruction. The dataset also includes detailed ground
truth annotations for object recognition and scene understanding, including scene category
labels, object labels, and object borders. To augment the dataset, researchers often combine
the training and validation sets and apply techniques such as four-fold rotation, random
flipping, and scaling of both images and annotations [46].

3.4.3. COCO 2017 Dataset

The COCO 2017 Dataset experiments are performed using 118,000 training and
5000 validation images from the COCO 2017 detection and panoptic segmentation datasets [47].
The dataset includes bounding boxes and panoptic segmentation annotations for each image.
On average, the training set contains seven instances per image, with object sizes varying
from very small to large. Unless specified otherwise, the performance is evaluated using
Average Precision (AP), measured with a range of Intersection over Union (IoU) thresholds.
For the first 1000 photos in the COCO 2017 [12] validation set, the average Floating-point
Operations per second (FLOPs) is also measured. The FLOPs computation includes operations
involving convolutional layers, fully connected layers, attention matrix operations, and other
components like clustering and heuristics.
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4. Experimental Procedure

The experiments on ACT-FRCNN demonstrate its effectiveness on detection datasets
BSDS500 [10], NYUDv2 [11], and COCO 2017 [12]. The experiments conducted on a system
with two GPUs, each with 12 GB of memory, 64 GB of RAM and the Intel Core i9 12th
generation processor. A thorough set of analyses on ACT-FRCNN is provided, showing how
a transformer-based detector might be advantageous due to its simplified training process
and ability to generalize well to unknown data. Object detection studies are conducted by
torch vision [12] implementations of ResNet and Faster R-CNN (FRCNN. Object detection
studies were conducted using the TorchVision [12] ResNet and Faster R-CNN (FRCNN).

4.1. Result Discussion
The Performance and Accuracy

The model’s Average Precision (AP) is compared to DETR-DC5, with a specific focus
on speed-accuracy trade-offs. Additionally, the adaptive clustering approach is compared
to the K-means clustering method used in [46] were the number of clusters is denoted by C.
When L and C are adjusted and the AP is calculated using various computational budgets,
the ACT technique achieves significantly higher AP than K-means under an equalized
computational budget. FLOPs are reduced from 168.9 GFLOPs to 164.3 GFLOPs compared
to DETR-ACT, with only 0.5% loss in AP. MTKD substantially enhances AP, especially for
devices with smaller FLOP capacities. ACT with L = 32 performs similarly to DETR-ACT,
while ACT with L = 16 achieves a 4.6% increase in AP due to MTKD.

The advantages of proposed model over K-means clustering. K-means clustering
requires the same number of clusters across all encoder levels. However, selecting an
appropriate hyper-parameter can be difficult due to the varying distribution of queries
based on the input image and encoder layer’s index. Misusing the hyper-parameter C can
result in inaccurate estimates or unnecessary computational costs. Furthermore, K-means
may not converge properly in certain situations, and many clusters can empty if C is
relatively large, as it is a hierarchical method. To address these issues, the proposed method
employs an adaptive mechanism to dynamically calculate the number of prototypes.

Detailed AP Comparision: The Bounding Box Average Precisions (BBox APs) for the
large (APy), medium (AP)y), and small (APs) instances are reported. Faster RCNN [48]
and Discrete Event Time Series [15] is compared with these metrics. Both DETR and Faster
R-CNN use Dilated ResNet-50 as the backbone. The results are presented in Table 1.

Table 1. A comparison of the AP of ACT-FRCNN model with DETR-ACT and Faster RCNN. Dilated
ResNet-50 serves as the foundation of DETR-ACT and Faster RCNN. The ‘+” in the GFLOPs column
denotes more flops in comparison to the backbone. The BBox APs for large, medium, and small
instances are designated APy, APy, and APg, respectively.

Model GFLOPs AP APL APy APg
Backbone
(ResNet50-DC5) 1107
DETR-DC5 [15] +73.4 433 61.1 47.3 225
FasterRCNN-DC5 [49] +209.3 41.1 55.0 45.9 229
DETR-ACT [50] 168.9 43.1 61.4 47.1 222
ACT (L = 16) +47.2 414 60.8 43.1 17.1
ACT (L = 20) +51.7 40.6 61.1 46.5 18.7
ACT (L = 24) +55.2 39.2 61.3 473 20.2
ACT (L =32) +59.7 44.3 62.5 48.2 23.7
ACT + MTKD (L = 16) +49.6 41.3 61.1 443 18.5
ACT + MTKD (L = 20) +52.5 419 61.9 47.1 20.2
ACT + MTKD (L = 24) +56.7 40.1 61.7 48.2 21.9
ACT + MTKD (L = 32) +60.2 449 62.7 49.1 242
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DETR-ACT performs better than our ACT model, with L equal to 16 while using fewer
FLOPs. However, when it comes to detecting items of a certain size, ACT is much better
than DETR-ACT. For large objects, our ACT model can provide a better approximation than
FasterRCNN-DC5. The most significant AP losses occur with small- and medium-sized
objects. Small- and medium-sized items experience the most AP losses. The most significant
AP losses occur with small- and medium-sized objects. We suggest that our clustering
attention can be considered as a dropout operation that can help prevent overfitting during
the distillation of information.

Importantly, we found that the keys grouped using our strategy performed well. We
tested query grouping, key grouping, and combining queries and keys. We adjusted the
hyper-parameter L and compared the average precision on the validation set to ensure
that the computational cost across all three experiments was consistent. Table 2 shows
the results. Our model’s ability to generalize is demonstrated by the fact that all three
methods achieved similar average precision while using the same computational cost. This
suggests that, when there are significantly more keys than queries, models can benefit from
adaptively grouping the keys to improve performance.

Table 2. FLOPs and AP under various clustering targets.

Cluster Queries Cluster Keys FLOPs AP
L=24 X 165.75 0.418
X L=18 164.90 0.419
L=32 L=12 164.3 0.416

Inference time and memory: The above analyses were based on FLOPs or theoretical
computation costs. We also performed field tests to assess the time and memory require-
ments. Table 3 shows the inference time and memory cost of the Nvidia GeForce GTX
TITAN X for a batch size of 1. It is evident that ACT accelerates in real-world scenarios as
predicted by the theoretical study, and it does so with significantly lower memory costs.

Table 3. The Nvidia GeForce GTX TITAN X's inference time and memory usage with a batch size of

1.
Model Inference Time/Image Memory
ACT (L=16) 0.175s 1010 MiB
ACT (L =20) 0.190 s 1385 MiB
ACT (L =24) 0.196 s 1500 MiB
ACT (L=32) 0.201s 1700 MiB
ACT-FRCNN 0.216 s 1850 MiB

4.2. Comparison with the State of Art
4.2.1. Results on COCO 2017 Dataset

The COCO 2017 dataset enables a comprehensive evaluation of detection models for
domain shift. The models are assessed on the corresponding categories without any fine-
tuning. The ViT-FRCNN models show significant improvement over the ResNet-FRCNN
baselines on this dataset, as illustrated in Table 4. ViT-B/16*-FRCNN achieves a 22.9 AP
(a + 7 AP boost) compared to the ResNet101-FRCNN-FPN baseline. Larger pre-training
datasets result in better out-of-distribution generalization (+1.8 AP boost). These findings
suggest that pre-training detection models with large-scale transformers are promising for
enhancing their effectiveness in realistic, high-stakes scenarios.
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Table 4. ACT-FRCNN outperforms ResNet-FRCNN techniques in terms of out-of-domain perfor-
mance as measured by average precision (AP) in the COCO dataset.

Model AP APsg APy5 APy,
ResNet101-FRCNN-FPN 159 341 129 16.1
ResNet50-FRCNN-FPN 139 30.8 10.2 141
ViT-B/32*-FRCNN 17.9 36.4 15.8 18.0
ViT-B/32-FRCNN l16.4 34.5 14.0 16.5
ViT-B/16*-FRCNN 229 46.6 20.9 23.0
ViT-B/16-FRCNN 20.2 40.5 17.8 20.4
ACT-FRCNN 24.7 48.5 22.6 25.1

4.2.2. BSDS500 Dataset

The model’s efficacy is measured against both conventional detectors, such as SCG [51],
Sketch Tokens [52], SE [53], and MES [54], and deep learning-based detectors, such as Deep
Boundary [55], COB [56], AMHNet [57], CED [58], LPCB [59], BDCN [50], DexiNed [60],
PiDiNet [61], and EDTER-MS-VOC [62]. Table 5 displays the numerical outcomes. Our
method is superior to all current state-of-the-art edge detectors, with accuracy levels of
86.5% (ODS), 88.3% (OIS), and 92.4% (AP).

Table 5. Outcomes on the BSDS500 dataset.

Method Year ODS OIS AP
SCG [46] 2012 0.739 0.758 0.773
Sketch Tokens [63] 2013 0.272 0.746 0.780
SE [64] 2014 0.746 0.767 0.803
MES [48] 2015 0.756 0.776 0.756
DeepBoundary [65] 2015 0.813 0.831 0.866
CED [51] 2017 0.815 0.833 0.889
LPCB [52] 2018 0.815 0834
BDCN [45] 2019 0.828 0.844 0.890
DexiNed [53] 2020 0.729 0.745 0.583
PiDiNet [54] 2021 0.807 0823 -
EDTER-MS-VOC [55] 2022 0.848 0.865 0.903
ACT-FRCNN (our) - 0.865 0.883 0.924

4.2.3. Results on NYUDv?2 Dataset

In NYUDv2, we conducted tests on RGB images and evaluated them in comparison to
cutting-edge techniques, such as gPb-ucm [10], Silberman [11], gPb+NG, SE [53], SE+NG+OEFE,
Semi Contour, HED, RCF [46], AMH-Net [57], LPCB [59], BDCN [50], PiDiNet [61], and
EDTER [61]. On a single-scale input, all outcomes are based. The numeric outcomes of our
approach and those of our rivals are displayed in Table 6. Our approach results in the top
ODS, OIS, and AP scores of 81.3%, 82.0%, and 85.1%, respectively. We improved the results in
three categories by 3.9%, 3.1%, and 3.2% when compared to the second-best method.

Table 6. Quantitative comparisons on NYUDv2.

Method Year ODS OIS AP
gPb-ucm [10] 2011 0.632 0.661 0.562
Silberman [11] 2012 0.658 0.661 -
gPb+NG [56] 2013 0.687 0.716 0.629
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Table 6. Cont.

Method Year ODS OIS AP
SE [64] 2014 0.695 0.708 0.679
SE+NG+ [57] 2014 0.706 0.734 0.738
OEF [58] 2015 0.651 0.667 -
Semi Contour [59] 2016 0.680 0.700 0.690
HED [60] 2015 0.720 0.734 0.734
RCF [61] 2017 0.729 0.742 -
AMH-Net [62] 2017 0.744 0.758 0.765
LPCB [52] 2018 0.739 0.754 -
BDCN [45] 2019 0.748 0.763 0.790
PiDiNet [54] 2021 0.733 0.747 -
EDTER [55] 2022 0.774 0.789 0.797
ACT-FRCNN (Our) - 0.813 0.820 0.831

5. Discussion

The developments in object detection have received numerous inputs from different
models and algorithms, especially the ACT-FRCNN, which is based on transformers. The
results of the experiments on datasets, such as BSDS500, NYUDv2, and COCO, clearly
show that our proposed ACT-FRCNN achieved a better performance than the traditional
models. Thus, incorporating ACT with the detection task head has helped improve the
effectiveness and proficiency in detecting objects within images.

It draws attention to the necessity of an advanced architecture to be incorporated
with the increasing efficacy of the object detection task. Using the conditional generative
adversarial network utilized in developing the current model further enhances the detection
features by creating realistic samples to improve the training procedure. Notably, this
architecture of transformers and generative models not only enhances the accuracy of
detections but also makes the results invariant to the context and other conditions.

The research has benefited from collaboration between institutions: the University
of Agriculture Faisalabad, Skyline University College, Sharjah-UAE, Muhammad Nawaz
Sharif University of Agriculture Multan, and Government College University Faisalabad.
The collaboration with other institutions, especially in organizations, has helped accrue a
wide variety of insights and expertise, thus contributing to the complete development and
testing of the ACT-FRCNN mode.

Consequently, our work demonstrates that transformer models have a promising
future for object detection tasks. The findings of multiple experiments demonstrate that,
even when trained with law-breaking samples, the ACT-FRCNN model does even better
than the current state of the art. More research should be carried out on applying such new
architectures to further advance the possibilities of object detection.

6. Conclusions

An object detection solution based on ACT-FRCNN, which demonstrates robust per-
formance through a transformer backbone, is presented in the proposed research. As
described in these findings, alternative architectures, like transformers, are more promis-
ing than adaptive clustering transformers (ACTs) for advancing complex vision tasks.
Transformer-based models have demonstrated impressive capabilities in pre-training on
large datasets without reaching saturation. ACT-FRCNN demonstrates the advantages of
using transformers in vision tasks. For instance, in the NYUDv2 dataset, ACT-FRCNN
achieved ODS, OIS, and AP scores of 81.3%, 82.0%, and 85.1%, respectively, outperforming
the previous best methods by 3.9%, 3.1%, and 3.2%, respectively. These results highlight
the advantages of transformer-based models, specifically ACT, in vision tasks. This marks
an important milestone, as it is the first exploration of transformer-based architectures for
solving various vision problems in the research community. As a result of the success of
ACT-FRCNN, further research and development in computer vision using transformer-
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based models is encouraged. Future research ideas might be built around novel transformer
kinds and transformer topologies modified for object-detecting applications. Lastly, more
advanced techniques seem promising to improve the results and performance rates of the
particular method, such as Conditional Generative Adversarial Networks (CGANSs), or
conduct additional research into the suitability of transformers in combination with other
machine learning frameworks, like federated learning.
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Abstract: Students’ behavioral and emotional engagement in the classroom environment may reflect
the students’ learning experience and subsequent educational outcomes. The existing research
has overlooked the measurement of behavioral and emotional engagement in an offline classroom
environment with more students, and it has not measured the student engagement level in an
objective sense. This work aims to address the limitations of the existing research and presents
an effective approach to measure students’ behavioral and emotional engagement and the student
engagement level in an offline classroom environment during a lecture. More precisely, video data of
100 students during lectures in different offline classes were recorded and pre-processed to extract
frames with individual students. For classification, convolutional-neural-network- and transfer-
learning-based models including ResNet50, VGG16, and Inception V3 were trained, validated, and
tested. First, behavioral engagement was computed using salient features, for which the self-trained
CNN classifier outperformed with a 97%, 91%, and 83% training, validation, and testing accuracy,
respectively. Subsequently, the emotional engagement of the behaviorally engaged students was
computed, for which the ResNet50 model surpassed the others with a 95%, 90%, and 82% training,
validation, and testing accuracy, respectively. Finally, a novel student engagement level metric is
proposed that incorporates behavioral and emotional engagement. The proposed approach may
provide support for improving students’ learning in an offline classroom environment and devising
effective pedagogical policies.

Keywords: convolutional neural networks; Inception V3; ResNet50; student engagement; transfer
learning; VGG16

1. Introduction

Student engagement in the classroom environment refers to a student’s involvement,
interest, and participation during a lecture. Student engagement may be further categorized
in terms of cognitive, emotional, and behavioral contexts [1]. More precisely, cognitive
engagement relates to the mental efforts that students make in the learning process in class.
Emotional engagement refers to students” emotional responses toward learning, whereas
behavioral engagement is inferred from the student’s actions such as paying attention,
completing tasks, and following instructions. Since behavioral and emotional engagements
are interrelated, and behavioral engagement influences cognitive engagement positively,
behavioral engagement should be precisely assessed to improve the learning experience of
students [2].

To improve learning and the subsequent academic progress, students” engagement in
the classroom environment is necessary. However, students may lose interest in the content
delivered during a lecture due to a lack of relevance, a lack of interaction, a lack of variety,
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the teaching style, distractions, personal reasons, the lack of a challenge, and complex or
overloaded information. Such issues are mostly observed during lectures in a traditional
offline classroom environment (OCE) [3]. However, measuring students’ engagement in
comparatively large classes (more than 30 students) becomes difficult [4]. Moreover, the
limited teaching resources, the limited time, the difficulty in observing non-verbal cues,
and the limited training of an instructor may also be other challenges in measuring student
engagement. Thus, alternative methods may be incorporated for the measurement of
student engagement in an OCE.

Thus, a computer-vision-based solution may be suggested as a more feasible solution
for measuring student engagement. More precisely, non-verbal clues such as affective
states, including being focused, feeling sleepy, yawning, and a skewed head pose (right or
left), may be incorporated to monitor student engagement. When the students are found to
be engaged, the level of focus through facial expressions may be used to measure the level
of student engagement. It has been statistically proven in the prevalent work that students’
facial expressions may reveal their behavioral engagement [5]. Most researchers have
incorporated computer vision for student engagement monitoring in e-learning environ-
ments [6-18]. However, these proposals monitor engagement in a controlled environment
with few students [19-21]. Moreover, e-learning or an online learning environment differs
from an OCE. Some works have also been proposed for student engagement monitoring in
an OCE or in similar settings [2,22-27]. However, these proposals utilize dedicated physical
devices or sensors [6,22,24], incorporate only behavioral features [7,23,25], test on limited
data [8,27], are prone to efficiency issues [26], or use only emotional features [2]. Moreover,
some of these proposals utilize a single pretrained transfer-learning (TL) model [8,25,28] or
train a machine-learning or convolutional neural network model [2,6,8,22-24,26,27]. These
limitations show that more pretrained and self-trained models may be incorporated for
measuring student engagement in order to compare the performance of the underlying
models. Moreover, behavioral and emotional features may be simultaneously incorporated
for measuring student engagement. Furthermore, the level of engagement may be revealed
instead of only classifying the affective states.

The proposed work utilizes pretrained and self-trained models along with behavioral
and emotional features to measure student engagement in an OCE. More precisely, along
with other contributions, the underlying work aims to find the answers to the following
research questions: Can TL be effectively used for measuring student engagement in an
OCE? Which TL model surpasses the others for measuring student engagement in an
OCE? Does a self-trained model outperform the TL-based model for measuring student
engagement in an OCE? How can a student’s engagement level be measured instead of
just being classified into engaged or not-engaged states? The explicit contributions of the
underlying work are listed as follows:

1. To generate behavioral- and emotional-feature-based student datasets in the offline
classroom environment;

2. To compare the performance of TL algorithms in terms of the computation of student
engagement in the offline classroom environment;

3. To propose an effective model for computing student engagement based on behavioral
features and revealing the level of engagement based on emotional features in the
offline classroom environment.

The remainder of this work proceeds as follows: Section 2 briefly presents the preva-
lent works related to student engagement, their limitations, and the gaps to be filled.
Section 3 details the materials and methods from dataset acquisition to the experimental
setup. Section 4 highlights the obtained results, while Section 5 discusses the outcomes,
comparisons with earlier works, the implications of this work, and the limitations and
future directions. Finaly, the conclusions are provided in Section 6.
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2. Related Work

Intelligent systems have thrived with the rise of artificial intelligence (AI) [29]. AI-
based robust solutions are now widely applied across various domains, including edu-
cation [2,30], healthcare [31], agriculture [32], security [33], online social media [34,35],
sports [36], and many others. In particular, Al has been increasingly adopted to provide
more precise and effective solutions in the education sector. For instance, Al is used in
decision-making processes for higher education [37], predicting student performance [38],
developing computer-vision-based attendance systems [39], generating multiple-choice
questions [30], and monitoring student engagement [2,6-9,22-27]. Such smart solutions
not only enhance student engagement and learning experiences but also assist teachers in
ensuring positive learning outcomes.

Student engagement is a multifaceted concept, typically classified into cognitive, be-
havioral, and emotional engagement [1]. However, the constructs within these categories
often overlap [40]. To measure student engagement, researchers estimate the cognitive,
behavioral, and emotional aspects through various modalities, such as affective cues,
including speech, head movements, facial expressions, or body language. Similarly, emo-
tional engagement is often assessed based on Ekman’s model of emotions (e.g., surprise,
happiness, fear, anger, sadness, disgust, or contempt) or Russell’s model (e.g., astonishment,
embarrassment, perplexity, contentment, relaxation, boredom, or unresponsiveness).

Other modalities used to estimate engagement include physiological signals (e.g., heart
rate, blood pressure, respiration, electroencephalograms (EEG), facial electromyograms
(EMQG), functional magnetic resonance imaging (fMRI), galvanic skin responses, or body
temperature) and log files (e.g., number of logins, content views, forum reads and posts,
number of clicks, access duration, or scores).

Several publicly available datasets, such as NVIE [41], DAISEE [42], and EmotiW [43],
have been instrumental in the study of student engagement. However, these datasets are
often affected by challenges such as occlusion, background noise, and poor illumination.
As a result, many researchers prefer to create customized datasets to address these issues.
For example, studies [44—46] have utilized self-generated datasets, although the number
of participants was limited to 61, 50, and 21, respectively. Given the advantages of self-
generated datasets, our study is motivated to use a larger dataset involving more students
compared to prior work.

Incorporating multiple engagement constructs can improve the accuracy of student
engagement estimation. In this regard, Goldberg et al. estimated cognitive engagement
using knowledge tests and behavioral engagement using facial features in an offline class-
room setting [47]. The authors extracted facial features using OpenFace [48], measured the
intraclass correlation to assign final labels, and used regression models to estimate engage-
ment. Other studies [2,13,44,49] have also incorporated behavioral and emotional features,
but with smaller datasets and limited accuracy. Additionally, most of these works do not
propose methods for determining the level of engagement. To address these limitations,
our work integrates both behavioral and emotional features, aiming to not only detect
student engagement but also assess its level.

To compute student engagement, researchers have employed variants of convolutional
neural network (CNN) and fine-tuning-based transfer learning (TL) techniques to detect
behavioral and emotional features from image frames [40]. For example, Ashwin et al.
used hybrid CNN models to detect students’” affective states, achieving a 76% accuracy [45].
Similarly, Pabba and Kumar used CNNSs to classify engagement levels as low, medium,
or high, with a 76.9% testing accuracy [2]. Mehta et al. later proposed a 3D DenseNet
self-attention model for computing student engagement, achieving a 63.59% accuracy on
the DAISEE dataset [50]. Furthermore, Thomas et al. incorporated the VGG16 model and
temporal convolutional network to compute student engagement, reaching a 76% accuracy
at the segment level [51]. However, these studies primarily relied on limited e-learning or
publicly available datasets, resulting in constrained accuracy, as shown in Table 1.
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Table 1. Comparison with earlier works.
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In our work, we apply self-trained CNN and TL models, including ResNet50, VGG16,

and Inception V3, to compute student engagement in a real offline classroom environment.

3. Materials and Methods

This section outlines the proposed methodology for processing video frames to analyze
student engagement by assessing their behavioral features and, subsequently, calculating
engagement levels based on their emotional states. First, video data are collected from OCE
during the lecture sessions. Frames containing behavioral features (e.g., being focused,
looking away, having closed eyes, and yawning) and emotional features (e.g., happy, sad,
neutral, and angry) are extracted from the videos. Next, four models are trained to classify
behavioral engagement, and the best-performing model is selected to compute behavioral
engagement for the remaining data. Once the behaviorally engaged students are identified,
emotional engagement is modeled using the same four algorithms, and the best-performing
model is chosen. Finally, a student engagement level metric is calculated by combining
the models’ confidence scores for both behavioral and emotional classification, along with
survey scores. The following sections provide a detailed explanation of each step. Figure 1
illustrates the proposed methodology.
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Figure 1. Proposed methodology.

3.1. Dataset Acquisition

Previous research suggests using self-generated datasets to compute student engage-
ment levels by analyzing their behavior and expressions in the OCE environment [40].
In line with this approach, a dataset comprising 100 undergraduate and postgraduate
students was recorded over various sessions, each lasting approximately 30 min. Two high-
definition 1080p cameras, operating at 30 frames per second, were used for video recording.
These cameras were strategically placed on the right and left sides of the lecture hall to
capture the students” engagement in the OCE setting. Over the course of one month, a total
of 40 videos were recorded in the OCE environment. The volunteer participants, both male
and female, were between the ages of 19 and 25. All participants were informed about
the study’s objectives, and their consent was obtained for using their facial expressions in
the experiment.

3.2. Pre-Processing

In the pre-processing phase, frames are extracted from the recorded videos and then
augmented for training and testing purposes.

3.2.1. Frame Extraction and Augmentation

Frames were extracted from the videos using Python’s OpenCV and face-recognition
libraries. Since each frame contained multiple students, it was necessary to isolate individ-
ual students from the entire frame. To achieve this, the Haar Cascade Frontal Face module
from the OpenCV library was used to extract a 100 x 100 pixel frame of each student’s face.
In total, 10,000 frames were extracted, with blurred frames automatically rejected by the
same module.

The extracted frames were then divided into two groups. While analyzing frames that
reflected student behavior, various actions were observed, including looking/asking the
teacher questions, talking with peers, using mobile phones, laughing, yawning, resting
their heads, and sleeping. Due to the limited instances of some actions, these behaviors
were grouped into four dominant categories: closed eyes (e.g., sleeping or using a mobile
phone), focused (e.g., looking forward or asking the teacher questions), looking away
(e.g., talking with a peer or looking away from the teacher/board), and yawning, as
illustrated in Figure 2.
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Looking away

Yawning

Focussed

Closed eyes

Figure 2. Behavioral reflecting frames.

The second group of extracted frames was categorized based on emotions using
the DeepFace Python library. Several emotions were observed in the frames, including
sadness, neutrality, frustration, fear, happiness, and anger. However, for analysis, the
emotions selected were sadness, neutrality, happiness, and anger, as these were the most
dominant. The emotion-reflecting frames are shown in Figure 3. Both datasets were split
into 70% for training, 20% for validation, and 10% for testing. Each model was trained
for 200 epochs following the same training steps. For model validation, the metrics used
included Precision, Recall, F-measure, and Accuracy. Additionally, a survey was conducted
to further validate the models.

Sad

Happy

Neutral

Angry

Figure 3. Emotion-reflecting frames.

3.2.2. Data Augmentation

Data augmentation is a pre-processing step that is used to extend the dataset for
generating new set of frames. More precisely, the scaling parameter was set to 0.8 to 1.2 for
both X and Y axes. The translation parameter was set to —0.2 to 0.2 for both X and Y axes.
Rotation was set to —25 for X axis and 25 for the Y axis. Shear was set to —8 for the X axis
and 8 for the Y axis. After data augmentation, the frame count of the training dataset for
behavioral and emotion-based experiments is detailed in Table 2.
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Table 2. Behavioral and emotional features’ frame count.

Dataset Features No. of Frames
Closed eyes 648
Focused 723
Behavioral Looking away 650
Yawning 600
Happy 710
Emotional Sad 708
Angry 500
Neutral 550

3.3. Survey Analysis

A survey was conducted to gather responses from students regarding frames depicting
engagement and non-engagement. Additionally, the level of engagement was assessed by
196 respondents (students and teachers) who were shown different frames. The survey
consisted of 22 questions, each comprising three parts: (1) an image of a feature, (2) a
question, and (3) a selection of either “engaged” or “non-engaged”. Respondents were
asked to determine whether the student in the image appeared engaged or not. After
selecting “engaged” or “non-engaged”, they were required to rate the level of engagement
or non-engagement on a scale of 1 to 10. The results revealed that only students who
appeared focused were categorized as engaged, while all other actions were rated as
non-engaged. This survey was conducted for all seven emotions: angry, fearful, happy,
sad, surprised, disgusted, and neutral. Table 3 presents the percentage of engaged and
non-engaged responses across the engagement scale (1-10).

Table 3. Summary of the survey.

Scale (1-10)

Features Engaged Non-Engaged Average Score
Behavior LO(;klng.away - g?ojo gg
flectin awning - . '
rfe ecting Focused 929, _ 77
eatures Closed eyes - 98% 60
Sad 69% _ 6.6
Emotion Happy 88% - S
reflecting feature Angry 75% - 6.2
Neutral 77% _ 6.8

3.4. Experimental Setup

The following models were trained on the pre-processed dataset, with all key training
parameters detailed in Table 4.

Table 4. Training parameters.

Parameters Values
Epochs 200
Batch size 16
Activation function ReLU
Learning rate 0.0001
Image size 155 x 155 x 3
Optimizer Adam
Binary-class loss function Binary cross-entropy
Multi-class loss function Categorical cross-entropy

The customized CNN model starts with an input layer, followed by several convolu-
tional layers combined with batch normalization layers, which help stabilize and accelerate
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the training process. Max pooling layers are also included to reduce the spatial dimensions
of the feature maps, improving model efficiency. To mitigate overfitting, dropout layers are
incorporated, randomly deactivating units during training. The model includes four stages,
each comprising a combination of the aforementioned layers. Finally, fully connected
(dense) layers are used to connect all neurons from one layer to the next, leading to the
output layer for classification.

ResNet50 is a deep convolutional neural network with 50 layers, utilizing residual
learning to address the vanishing gradient issue, allowing for effective training of very
deep networks. For fine-tuning, after freezing the top layers, we added four stages with
combinations of dense and dropout layers. Various hyperparameters were tested to select
the optimal configuration.

VGG16 consists of 16 layers in total, with 13 convolutional layers and 3 fully connected
layers. It employs small 3 x 3 filters throughout the network. After freezing the top layers,
we added six stages of dense and dropout layers. Multiple hyperparameters were explored
to determine the best performing setup.

InceptionV3, developed by Google, is a deep convolutional neural network specifically
designed for image analysis and object detection. It uses Inception modules, which apply
convolutional filters of varying sizes simultaneously, helping to capture different levels of
detail in images. The model incorporates techniques like factorized convolutions and label
smoothing. We modified the network by adding four stages of dense and dropout layers.
Various hyperparameters were evaluated, and the optimal ones were selected.

3.4.1. Deep-Learning Models for Behavioral-Based Students” Engagement Level

In this work, transfer-learning (TL) models—VGG16, InceptionV3, and ResNet50—
were customized by adding extra layers for binary classification. The performance of these
models was then compared, and the best-performing model was selected for engagement
computation. During training, all the pre-trained layers were frozen, and a flatten layer
was added. Subsequently, six dense and dropout layers were introduced, followed by an
output layer with a ReLU activation function. Additionally, a self-trained CNN model was
proposed, incorporating extra layers to process the behavioral-reflecting dataset. Figure 4
illustrates the architecture of the proposed CNN model. An image of a student in the offline
classroom environment (OCE) was provided as input to the customized CNN model, which
processed the frame and detected the student’s facial actions. If the model labeled the
student as “focused”, they were considered engaged; otherwise, they were classified as non-
engaged. Among all the models tested, the customized CNN model demonstrated superior
performance on the behavioral-reflecting dataset, outperforming VGG16, InceptionV3,
and ResNet50.

/]

@ Conv2D ' BatchNormalization ' MaxPooling2D ' Dropout . Activation @ Flatten - Dense

Figure 4. Proposed CNN architecture for measuring behavior level.

3.4.2. Deep-Learning Models for Measuring Emotion-Based Engagement Level

For the detection of emotion-based features from the dataset, VGG16, Inception
V3, and ResNet50 transfer-learning (TL) models were employed. These models were
used with their basic architectures, enhanced by the addition of extra layers for multi-
class classification. During training, all pre-trained layers were frozen, and a flatten
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layer was added, followed by six dense and dropout layers. Finally, an output layer
with the ReLU activation function was included. Figure 5 illustrates the enhanced layer
structure incorporated into the basic ResNet50 architecture. Additionally, a self-trained
CNN model was developed by adding extra layers, specifically designed to compute
behavior-based features.

@ Functional ' GlobalAveragePooling2 D ' Dense ' BatchNormalization ' Dropout

Figure 5. Proposed ResNet50 architecture for measuring emotion level.

4. Results

The evaluation results of the models are detailed as follows:

4.1. Evaluation of Behavior Detection Models

For detecting behavior-reflecting features, the customized CNN model outperformed
the transfer-learning (TL) models. As shown in Table 5, the proposed CNN achieved
a 97%, 91%, and 83% accuracy for training, validation, and testing, respectively, on the
behavior-based dataset. Among the TL models, Inception V3 achieved the second-best
performance for training, followed by VGG16 in third place and ResNet50 in fourth place.
Notably, all models achieved a training accuracy of 90% or higher. For validation accuracy,
VGG16 ranked second, followed by ResNet50 in third place and Inception V3 in fourth
place, with all models achieving at least an 80% accuracy. During the testing phase, VGG16
again performed second-best, followed by ResNet50 in third place and Inception V3 in
fourth place. Overall, all models attained a minimum of 69% accuracy during testing.

Table 5. Evaluation results for behavior detection.

Model Training Validation Training Validation Testing Optimal
Accuracy (%)  Accuracy (%) Loss Loss Accuracy (%) Solution
CNN 97 91 0.12 0.15 83 Yes
VGGl16 91 85 0.22 0.26 76 No
Inception V3 93 80 0.28 0.46 69 No
ResNet50 90 81 0.23 0.29 71 No

4.1.1. Intra-Model Evaluations’ Comparison of Behavior Detection Models

The detailed evaluation metrics for the behavior detection models are illustrated in
Figure 6. It is evident that all models demonstrate promising results in terms of training
and validation accuracies, as well as training and validation losses. Furthermore, there is
an absence of underfitting and overfitting trends for all models throughout the 200 epochs,
except for the Inception V3 model, which exhibits some variation after 125 epochs.

4.1.2. Inter-Model Evaluations” Comparison of Behavior Detection Models

Figure 7 presents a comparative evaluation of the behavior detection models based
on the respective dataset. It is clear that all models exhibit promising results; however,
the proposed CNN model outperforms the others in terms of both training and validation
accuracy, as well as loss.
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Figure 6. Intra-comparison of behavior detection models’ training and validation accuracies and
training and validation losses: (a) CNN; (b) VGG16; (c) ResNet50; and (d) Inception V3.
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Figure 7. Inter-comparison of behavior detection models: (a) training accuracy; (b) training loss;
(c) validation accuracy; and (d) validation loss.

4.2. Evaluation of Emotion Detection Models

For the detection of emotion-reflecting features, ResNet50 outperformed the other
models. As shown in Table 6, the ResNet50 achieved training, validation, and testing
accuracies of 95%, 90%, and 82%, respectively, on the emotion-based dataset. Among the
other models, the proposed CNN ranked second, followed by VGG16 in third place and
Inception V3 in fourth during training. Overall, all models attained an accuracy of 85%
or higher in the training phase. In terms of validation accuracy, the proposed CNN was
in second place, with VGG16 in third and Inception V3 in fourth. All models achieved
validation accuracies of 79% or greater. In the testing phase, the proposed CNN again
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performed second, followed by VGG16 in third place and Inception V3 in fourth place, with
all models attaining at least a 58% accuracy. Notably, the testing accuracy for the emotion-
based dataset is lower than that for the behavior-based dataset. This discrepancy arises
because the behavior-based dataset addresses a binary classification problem, whereas the
emotion-based dataset involves multiclass classification. Typically, binary classification
problems yield better performance than multiclass classification problems.

Table 6. Evaluation results for emotion detection.

Model Training Validation Training  Validation Testing Optimal
Accuracy (%)  Accuracy (%) Loss Loss Accuracy (%) Solution
CNN 92 86 0.14 0.26 70 No
VGG16 91 80 0.21 0.26 62 No
Inception V3 85 79 0.24 0.46 58 No
ResNet50 95 90 0.15 0.19 82 Yes

4.2.1. Intra-Model Evaluations” Comparison of Behavior Detection Models

The detailed evaluation metrics for the emotion detection models are illustrated in
Figure 8. It is evident that all models demonstrate satisfactory results in terms of training
and validation accuracies, as well as training and validation losses. Additionally, there are
no signs of underfitting or overfitting trends for any of the models over the 200 epochs,
with the exception of the Inception V3 model, which exhibits some variation after 100
epochs.
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Figure 8. Intra-comparison of emotion detection models” training and validation accuracies and
training and validation losses: (a) ResNet50; (b) CNN; (c) VGG16; and (d) Inception V3.

4.2.2. Inter-Model Evaluations” Comparison of Emotion Detection Models

Figure 9 presents a comparative evaluation of the emotion detection models based on
the respective dataset. It is clear that all models demonstrate satisfactory results; however,
the ResNet50 model outperforms the others in terms of both training and validation
accuracy, as well as loss.
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Figure 9. Inter-comparison of emotion detection models: (a) training accuracy; (b) training loss;

(c) validation accuracy; and (d) validation loss.

4.3. Behavior and Emotion Detection Using Optimal Models

The experimental results indicate that the proposed CNN model outperforms the other
employed models in behavior detection. Similarly, ResNet50 excels in emotion detection,
making these two models the preferred choices for detecting the respective underlying
features from the testing data. Table 7 presents the evaluation results for behavior and
emotion detection from the corresponding testing datasets, measured in terms of Precision,
Recall, and F-measure. Behavior is classified as engaged or non-engaged using the binary
CNN classifier, while emotions are classified as Happy, Sad, Angry, and Neutral using
the multiclass ResNet50 classifier. The testing results reveal that the CNN achieves an
F-measure of 83% for both categories of behavior detection. In the case of the four emotion
categories, ResNet50 provides varying F-measure results: it achieves the highest F-measure
of 86% for detecting the Neutral category, followed by the Sad category at 83%, the Angry
category at 81%, and the Happy category at the lowest, at 79%.

Table 7. Evaluation metrics for behavior and emotion detection from testing dataset.

Detection Type Arl; ecs‘:;gcgy Mod Precision Recall  F-Measure
Behavior Engaged 0.84 0.82 0.83
detection using 0.83 Non-Engaged 0.82 0.84 0.83
CNN Happy 0.80 0.78 0.79
q Emotion 0.8 Sad 0.85 0.82 0.83
etg“;“ e : Angry 0.82 0.80 0.81
esiet Neutral 0.82 0.89 0.86
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4.4. Computation of Student Engagement Level

After classifying the behavior and emotion, the Student Engagement Level (SEL) in
the Online Classroom Environment (OCE) is computed. To achieve this, the confidence
scores from the classification models, along with the survey scores for each engagement
state, are integrated. Figure 10 illustrates the process of computing the SEL from the given
input image frame.

Behavior Reflecting Model
(CNN)

Non-Engaged

Engagement

detecV
Model Confidence Score Engaged
(MCS)s
A
Emotion Reflecting Model
(ResNet-50)
Model Confidence Score
(MCS)e \

| Emotion State II

Survey Average Score of
Detected Emotion
(SAS)gs

Survey for
Emotion State
Engagement Score

v
SEL=((MCS)5+(MCS)g +(SAS)zs)/3

Enld\ <

Figure 10. Student engagement level computation.

First, the CNN model classifies the student as engaged or non-engaged. In the case of
engagement, the model’s confidence score for the corresponding image frame is recorded.
The same image is then sent to the ResNet50 model for emotional state classification, and
the model’s confidence score for the detected emotional state is also captured.

Next, the average survey score for the detected emotional state is obtained. Finally,
the Student Engagement Level (SEL) is computed using the formulation provided in
Equation (1):

(MCS;) + (MCS;) + (SAS) g 1)
3

where (MCS;) g refers to the model’s confidence score for the classification of the behavior of
the student in image i, (MCS;) presents the model’s confidence score for the classification
of the emotion of the student in image i, and (SAS) ;g denotes the student’s average survey
score for that particular emotional state. Table 8 depicts some sample image frames and
their corresponding SEL.

SEL; =

76



Algorithms 2024, 17, 458

Table 8. Student engagement level.

Detected

Sample Image Frame  (MCS;)p Emotional State (MCS)E  (SAS)gs SEL
7.5 Happy 8.1 7.1 7.5
NA NA NA NA Not engaged
6.5 Angry 7.0 7 6.8
8.5 Sad 6 6 6.5
7 Neutral 8 6 6.9

5. Discussion

The underlying work presents a novel approach for computing students’ engagement
and the level of engagement in offline classroom environments (OCEs). While earlier
studies have proposed methods for measuring students’” engagement in an OCE or similar
settings [2,22-27], these approaches often relied on dedicated physical devices or sen-
sors [6,22,24], focused solely on behavioral features [7,23,25], tested limited datasets [8,27],
encountered efficiency issues [26], or considered only emotional features [2].

To address these limitations, this study first generated data in the form of facial frames
extracted from recorded videos during lectures in an OCE. A self-generated dataset com-
prising 100 students was utilized, as publicly available datasets [41-43] exhibited noise,
occlusion, or illumination issues. Additionally, existing self-generated datasets [44—46] had a
limited number of participants. Furthermore, using publicly available datasets to train mod-
els could introduce facial bias when measuring local students” engagement levels [52,53].
Following data generation, pre-processing was conducted, and four models—CNN,
ResNet50, VGG16, and Inception V3—were trained, validated, and tested. Although
some proposals have employed machine-learning or convolutional neural network mod-
els [2,6,8,22-24,26,27], or individual pre-trained transfer-learning models [8,25,28], these
works often relied on limited e-learning datasets and achieved constrained accuracy com-
pared to the results presented in this study.

To effectively measure students” engagement, behavior-reflecting feature frames were
incorporated, including having closed eyes (indicating sleeping or using a mobile phone),
being focused (looking forward or asking the teacher), looking away (talking to peers or
diverting attention from the teacher/board), and yawning. These features were classified
into the engaged and non-engaged categories, as seen in similar works [2,7,23,25,54]. The
self-trained CNN demonstrated superior performance in the binary classification task,
likely due to its inherent ability to learn hierarchical features, encompassing both low-level
and high-level details [13]. Once engaged students were identified, their facial emotions—
sad, neutral, happy, and angry—were classified, following methodologies established in
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previous studies [2,13,44,49,55]. Among the employed models, ResNet50 outperformed
VGG16 and Inception V3 in this multiclassification task. ResNet50’s effectiveness in mul-
ticlassification tasks can be attributed to its residual connections, which facilitate deeper
networks in learning identity mappings more effectively, thus handling complex prob-
lems [56]. The model confidence scores from both binary and multiclass classification,
alongside the average survey scores for the detected emotions, were utilized to compute
the Student Engagement Level (SEL) in an OCE. This novel and practical metric holds
potential for measuring individual students’ engagement scores in real time during lectures.

Explicit Comparison: Existing works primarily measure students” engagement in
online contexts or controlled offline environments with limited participant numbers and
constrained accuracy. Moreover, the exploration of students’ engagement levels remains
underdeveloped. Thus, the proposed work offers a more practical solution by being
implemented in a real OCE, incorporating 100 participants, achieving a higher accuracy,
and computing students’” engagement levels effectively.

Implications: The findings from this research may serve as valuable feedback for
novice teachers, enhancing the teaching-learning process. Additionally, the proposed
method can personalize education by providing affective content as feedback to both
students and teachers. Furthermore, it may facilitate the exploration of the correlation
between students” engagement levels and their performance assessments.

Limitations and Future Directions: While this work incorporates both behavioral and
emotional features for measuring student engagement, cognitive features remain unex-
plored and should be investigated in future studies. Additionally, the introduction of an
embedded system for the continuous monitoring of student engagement in real OCE set-
tings could be beneficial. The data collected through this monitoring could provide insights
for analytics and support data-driven decision-making in educational policy development.

6. Conclusions

This study presents an effective method for monitoring student engagement in real-
time online classroom environments (OCEs). Specifically, it incorporates both behavioral
and emotional features to compute student engagement using a self-trained convolutional
neural network (CNN)- and transfer-learning models. In terms of behavioral indicators,
students who are focused (looking forward or asking the teacher questions) are classified
as engaged, which is supported by a 92% survey consensus. Conversely, behaviors such as
looking away (talking to peers or avoiding the teacher/board) and yawning are categorized
as non-engaged. Regarding emotional features, the survey shows that happiness, neutral-
ity, sadness, and anger are associated with engagement at rates of 88%, 77%, 75%, and
69%, respectively. For detecting behavior-related features, the self-trained CNN classifier
outperformed transfer-learning models, achieving training, validation, and testing accu-
racies of 97%, 91%, and 83%, respectively. On the other hand, for emotion-based feature
detection, the ResNet50 model outperformed both the transfer learning-based models and
the self-trained CNN, achieving training, validation, and testing accuracies of 95%, 90%,
and 82%, respectively. In conclusion, both self-trained and transfer-learning-based models
demonstrate efficacy in monitoring student engagement. The overall engagement level
is computed using the models’ confidence scores for behavior and emotion classification,
combined with survey data.
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Abstract: Fatigued driving is a problem that every driver will face, and traffic accidents caused
by drowsy driving often occur involuntarily. If there is a fatigue detection and warning system, it
is generally believed that the occurrence of some incidents can be reduced. However, everyone’s
driving habits and methods may differ, so it is not easy to establish a suitable general detection system.
If a customized intelligent fatigue detection system can be established, it may reduce unfortunate
accidents. With its potential to mitigate unfortunate accidents, this study offers hope for a safer
driving environment. Thus, on the one hand, this research hopes to integrate the information obtained
from three different sensing devices (eye movement, finger pressure, and plantar pressure), which
are chosen for their ability to provide comprehensive and reliable data on a driver’s physical and
mental state. On the other hand, it uses an autonomous learning architecture to integrate these three
data types to build a customized fatigued driving detection system. This study used a system that
simulated a car driving environment and then invited subjects to conduct tests on fixed driving
routes. First, we demonstrated that the system established in this study could be used to learn and
classify different driving clips. Then, we showed that it was possible to judge whether the driver was
fatigued through a series of driving behaviors, such as lane drifting, sudden braking, and irregular
acceleration, rather than a single momentary behavior. Finally, we tested the hypothesized situation
in which drivers were experiencing three cases of different distractions. The results show that the
entire system can establish a personal driving system through autonomous learning behavior and
further detect whether fatigued driving abnormalities occur.

Keywords: intelligent system; fatigued driving; autonomous learning; distraction

1. Introduction

Car driving is indispensable in today’s high-speed and highly mobile society, and
driving safety is critical. However, safe driving must be achieved through constant eye,
hand, and foot coordination. Of course, during this driving process, it may be acceptable
if the eyes, hands, and feet do not cooperate for a short period, but it may also cause
unimaginable consequences. Fatigued (or drowsy) driving is one of the above situations
that may occur daily. Generally speaking, fatigued driving refers to slowness, blurring,
weakness, dizziness, hallucinations, or even coma due to the driver’s inability to control the
driver’s mind or body during driving. The usual reasons for this phenomenon are related
to the driver’s diseases, medications, physiological aging, and lack of sleep. Although
everyone is aware of the dangers of fatigued driving, accidents caused by fatigue still occur
from time to time. This is because most fatigued driving occurs unexpectedly when the
driver thinks there will be no problem. Especially when micro-sleep occurs, most people
will feel that they are awake. However, the scary thing is that even a few seconds of sleep
may occur and cause an accident.

tis generally believed that some of the first signs of fatigued driving can be detected
before a critical situation occurs. There are quite a few studies on drowsy driving. Related
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surveys can be found in [1-5]. Some scholars have proposed invasive physiological moni-
toring methods, such as electroencephalogram (EEG) [6], electrocardiogram (ECG) [7], and
skin conductivity [8]. Intrusion detection generally affects humans. Overall, its acceptance
is low. Therefore, some non-intrusive proposals have been made. Non-invasive methods
use different algorithms to monitor drivers’ facial features, eye signals, head movements,
hand movements, and other physiological characteristics to infer driver fatigue [9-16].
There have been many improvements in artificial intelligence deep learning software and
hardware in recent years. Therefore, some scholars advocate using these technologies to
enhance fatigue judgment from the physiological characteristics of drivers [17-20].

People generally believe that most fatigued driving will cause symptoms such as
blurred vision, red eyes, narrowed field of vision, unconscious nodding, frequent yawning,
facial numbness, slow reaction, the inability to concentrate, decreased thinking ability, stiff
and slow movements, loss of sense of direction, and speeding up and down. Therefore, in
response to the above phenomenon, the method generally used by scholars to explore the
problem of fatigue driving is to use face and eye image detection [21,22]. Some scholars have
also suggested adding mouth shape changes, head movement, and eye information [23,24].
The above studies emphasize the fatigue phenomenon displayed by the head. Another
group of scholars suggests judging fatigue phenomena such as slow response and stiff and
slow movements by observing the position and posture changes of the driving hands [25].
The above methods are all started from the perspective of image processing. We know
that image processing is generally affected by environmental factors (such as light, camera
angle, etc.) but also varies significantly due to personal usage habits (such as wearing
glasses, mouth photos, etc.). Therefore, another group of scholars emphasized the force
exerted by the hand [26-28]. We know that fatigue driving presents many symptoms
that vary from person to person and vary based on environmental conditions. While the
studies mentioned above emphasize local fatigue detection, this study explores integrating
information from three sources: eye movement and hand and foot force exertion.

Safe driving must rely on a high degree of coordination between the eyes, hands,
feet, muscles, bones, ligaments, joints, etc., that control every movement. To achieve this
goal, the human brain plays a vital role. Our brain is a highly developed organ, and its
coordination with the human body’s eyes, hands, and feet is an exquisite masterpiece.
However, we must emphasize that sometimes, even though a driving control action is
seen as simple (especially in an “unconscious state”), it is still highly contingent on the
coordination of eyes, hands, and feet. Based on the above motivation, if a system that
integrates eye movement, finger pressure, and foot pressure sensing information can
be designed and controlled through an autonomous learning mechanism (“brain”), it is
generally believed that the occurrence of accidents caused by fatigued driving can be
reduced.

We plan to start with user behavior classification and train and learn each cluster,
which is called customized learning. A customized detection system may be generated
when driving data are considerably accumulated. Of course, the feasibility of using this
customized intelligent system for fatigue detection will be significantly increased.

Previously, our team developed an intelligent learning system—an artificial neuro-
molecular system (ANM system) [29]. It is an information-processing architecture that
captures biological structure/function relationships. In particular, in addition to infor-
mation processing between neurons, it also emphasizes information processing within
neurons. Because of this, it has sufficient system dynamics and can be transformed into a
particular input/output information processor through evolutionary learning. Due to these
features, it can perform specific functions according to the needs of the problem domain. It
has been proven that it can be effectively applied in different fields, such as chopstick robot
movement [29], finger motion control [30], and rehabilitation action control [31]. The entire
system is implemented on a digital computer (program).

There were two differences between the ANM system currently developed in this
study and the one from before 2015. The first is a classification system in terms of processing
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units, that is, the analysis of correctly classifying a series of time series input data [29]. The
second change is that this research has added processing unit functions that can convert a
series of sequential inputs into other sequential data [30,31]. We know that the functions of
living things in nature result from the high interaction between some component molecular
structures. Therefore, some scholars [32,33] have further proposed that it results from
various weak interactions between constituent molecules. In other words, traditional
learning algorithm research often needs to pay more attention to these interactive processes
because they are too complex and unknown. In recent years, research on deep learning
has shown rapid growth due to the acceleration of computer software and hardware,
dramatically increasing its application scope. However, this line of study still falls into the
style of Hebbian information processing, which still has the so-called problem of stagnating
at the regional optimal solution. The most significant difference between this study and
deep learning research is our hope to increase the dynamics of the processing unit of the
ANM system, especially in adding weak interaction functions. Through this increase, we
hope to make the system’s learning curve show a smooth improvement method: continuous
improvement (there is no complete stagnation of learning). When we allow the system to
learn long enough, it can progress toward completely solving the problem.

We all know that collecting data on fatigued driving based on real-life driving con-
ditions is very dangerous in a natural environment. Because of this, conducting it in a
simulation is relatively appropriate. Instead, in this study, we use the City Car Driving
(CCD) 1.5.9.2 simulation software to conduct driving tests and data collection. This simula-
tion environment provides permutations and combinations of varying vehicle conditions,
weather, and vehicles, allowing us to perform testing and data collection directly on specific
situational settings through the driving simulator in a relatively simple and safe manner.

2. The System

The system will be described in three parts. The first part explains the experimental
test bed of this study—the driving simulation environment. The second part describes the
sensing system. The third part explains the learning mechanism of the ANM system.

2.1. Car Driving Environment

The CCD system provides different settings (including routes, road conditions, vehicle
conditions, weather, and driving modes) that allow us to conduct driving tests in a specific
environment. In addition, because it is a simulation system, we can conduct different
tests under the same driving environment. Figure 1 shows the driver’s field of vision in
front of the vehicle. Figure 2 shows the steering wheel, accelerator pedal, and brake pedal.
The steering wheel has a maximum rotation angle of 270 degrees and has an automatic
return function.
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Figure 1. The simulation situation ahead of the vehicle.
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accelerator pedal

steering wheel
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Figure 2. The simulation system includes the steering wheel, accelerator, and brake pedal.

2.2. Sensing System
2.2.1. Eye Movement Tracking

Currently, four standard eye-tracking methods are used. Electro-oculography is the
earliest tracking method used. This method is simple to use but has the disadvantage of
poor accuracy. A scleral search coil method can improve accuracy, but its disadvantage
is that it is invasive. The use of eye tracker technology improves the shortcomings of the
above two methods. However, its disadvantage is that the user must wear the device on the
head correctly and without deviation. Video-based pupil/corneal reflection combination
is currently the most advanced and widely used method. The Tobii EyeX, which is the
eye-tracking device used in this study, is one such device (Figure 3). It uses near-infrared
light (800-1500 nanometers) to track the movement and gaze of the user’s eyes. When
the user’s line of sight moves, the cursor will move to the corresponding position on the
computer screen. A plug-and-play USB device records the subject’s visual field and eye
movements. The device only captures eye gaze data (not the user’s face), so there are no
privacy concerns. Figure 4 shows part of the user’s captured gaze data (two-dimensional
X- and Y-axes).

—=

Figure 3. Tobii EyeX controller.
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Figure 4. Part of the user’s captured gaze data (two-dimensional X- and Y-axes).
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2.2.2. Finger Pressure Sensing and Plantar Pressure Sensing

Eight piezoresistive pressure sensors were used in this study. Three relate to the brake
pedal, three to the gas pedal, and two to the steering wheel. The brake and oil pedal are
placed at the pedal’s front, middle, and rear, respectively. The steering wheel is installed at
both ends where people usually use the steering wheel. Although the brake and gas pedals
are each equipped with three sensors, we will add up the three values and take the average
when collecting data due to the different methods of use. All of the piezoresistive pressure
sensors mentioned above will be connected to an Arduino board to collect the subject’s
finger pressure data and transmit it to the computer. Figure 5 is a simple schematic diagram
without further processing. After testing its accuracy, this study further strengthened the
closeness of the sensor to these devices.

Figure 5. (a) Two piezoresistive pressure sensors were installed on the simulated driving steering
wheel. (b) Three piezoresistive pressure sensors were installed on the simulated pedal.

2.3. The ANM System

Generally speaking, computer programs using symbolic design methods are unsuit-
able for evolutionary autonomous learning. A slight change in a program may result in a
malfunctioning program. This is because the fitness curve between the structure of the en-
tire program and the functions represents a peak and valley full of distinct highs and lows.
In other words, the feasible paths between mountain peaks are steep, which is unsuitable
for evolutionary autonomous learning. Using the evolutionary learning method, the final
result may lead to learning stagnation, falling into the so-called local optimal solution.

In response to the problems faced by symbolic programs, traditional neural networks
use the connection relationship between neurons (including the strength of the connection)
to store (or express) information to deal with this problem. When inputs and outputs
change, the connections between neurons in the network must also be adjusted accordingly.
In other words, the system’s function entirely relies on the different link relationships on
the network to express. Unfortunately, the processing of neurons’” molecular and chemical
messages has been completely ignored. In recent years, the information-processing function
of neurons has been gradually discovered. For example, the second type of transmitter
(cAMP) may play a role in controlling the firing of neurons in the central nervous system.
These theories propose that some information transmitters and regulators on the cell
membrane are converted into signals of the second type of transmitter. Then, this cAMP
acts on some proteins (kinases), which control some reactor proteins that regulate ion
channels or connect microtubules. These proteins directly or indirectly affect the opening of
ion channels; that is, they directly or indirectly affect the potential or firing of neurons. Some
other researchers believe the cytoskeleton plays the role of integrating signals (information)
or memory functions. It is known that the cytoskeleton of neurons is a multi-molecular
network of microtubules, microfilaments, and neurofilaments and some proteins (MAPs)
that connect these molecules. These MAPs may coordinate other information-processing
behaviors within neurons.

In addition to using the relationship between network neurons to express information,
the ANM system also adds information processing within the neurons. However, a detailed
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simulation of intraneuronal dynamics would require significant computational cost (computer
time). Therefore, we only consider modeling this neural information processing relatively
abstractly. Even so, the fitness curve presented by the structure-function relationships repre-
sented by the internal dynamics of the entire neuron must be rich enough to be suitable for
evolutionary learning. We would use the adjective “multidimensional bypass” to describe
the curve between this structure and the function it represents. Intuitively, this kind of curve
is due to adding extra spatial degrees, which increases the chance of saddle points. The
theoretical basis is that when the number of constituent elements increases, the interaction
between them increases, thereby increasing the opportunities for saddle points. In addition
to adding more interactive elements, two features (redundancy and weak interactions) that
facilitate evolutionary learning also play a crucial role. In simulating the internal dynamics of
neurons, the ANM system uses evolutionary learning inside the neurons to place the above
three factors.

2.3.1. Neuromolecular Information Processing

The ANM system assumes that information processing occurs in the cytoskeleton
of neurons, which we call neuromolecular information processing. This study used a
two-dimensional space cellular automata (CA) to simulate the information-processing
method on the cytoskeleton. We call these types of neurons information-processing (IP)
neurons. Figure 6 illustrates the molecular structure of an information-processing neuron,
where each grid represents a unit molecule of the cytoskeleton. This study assumed three
types of molecules (represented by C1, C2, and C3). Each molecule type is responsible
for signal transmission and has different transmission characteristics. For example, the
transmission speed of the C1 type of elements is the slowest, but the influence of the signal
transmission is the strongest. In contrast, the signal transmission influence of the C3 type
of elements is the weakest but has the fastest transmission speed. Among the three, the
transfer speed and influence of the C2 element type are between C1 and C3.
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Figure 6. The molecular structure of an information-processing neuron is represented as a two-

dimensional grid.

In the cytoskeleton, each component unit can act as a signal input and output site.
The input site is called a readin enzyme, whereas the output site is a readout enzyme. The
readin enzymes receive signals from outside the neuron and convert them into signals that
flow through the molecular structure, while readout enzymes play a role in controlling
whether neurons fire. The neuron fires when a specific combination of signals reaches a
location with readout enzymes and the total signal kinetic state reaches a certain level.
However, this model has some limitations: the readin enzyme can be configured on any
element, but the readout enzyme can only be configured on the C1 element. This is based
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on the hypothesis in this study that only certain combinations of signals will cause neurons
to fire.

When a signal from outside the cell is sent to the cell membrane, it causes the reader
enzyme to activate and further turn on elements in their exact location. Each enabled
piece will affect adjacent aspects of the same type in turn. As described above, it initiates
a specific signal flow in the cytoskeleton. For example, as shown in Figure 6, when the
read enzyme at the (2, 2) position receives a signal, it will activate the C2 element and
generate a signal that moves along the C2 element, moving from (2, 2) to (8, 2). To form a
unidirectional signal flow during the process, the aspect turned on will enter a very short
backlash period after transmitting the signal. During the backlash period, the element
can no longer be activated and must wait until the backlash period ends, which ensures
unidirectional transmission.

Signals on different types of components can also affect each other through the MAP
between them (of course, these effects are asymmetric). When a signal from one end reaches
a place with a MAP, it will affect the kinetic state of different types of elements at the other
end through the MAP (or even prompt the other end to generate new signal flows). The
neuron triggers when a specific combination of signals reaches a location with a readout
enzyme. The firing time of the neuron depends on how the cytoskeleton in the neuron
integrates and processes these messages.

The two-dimensional cytoskeleton in the ANM system is arranged in a wrap-around
manner. There will be no boundary restrictions when moving within the cytoskeleton. Each
basic unit has eight possible directions to move and might form a circular path. Figure 7
shows a schematic diagram of the signal movement path. For example, in Figure 7a, the
signal starting at location (3, 3) will move along (2,3), (1,3), and (8,3) and finally stop at
(7,3). The other example, as shown in Figure 7b, is that the signal starting at location (5,2)
will follow (4,1), (3,8), (2,7), and (1,6) and finally stop at (8,5).
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Figure 7. (a) A signal flows in an upward direction. (b) A signal flows in a left-upward direction.

Currently, the ANM system has 576 information-processing neurons (called cytoskele-
tal neurons). Each neuron has a different cytoskeletal structure when the system is initially
designed. Figure 8 shows a hierarchical structure diagram of all information-processing
neurons, from the population to the molecule level. Each neuron has different information-
processing capabilities. To allow them to learn autonomously, they are divided into eight
competitive subnetworks (each subnetwork has 72 information-processing neurons). The
competitive learning approach used in this study allows each sub-network to have an “in-
formation processing neuron” with a very similar cytoskeletal structure (in the following,
we refer to information-processing neurons with very similar cytoskeletal structures in
different subnetworks as the same bundle of neurons). Given the same input data for the
neurons in the same bundle, the output behavior of these neurons with similar cytoskele-
tons will be very similar (but not exactly equal). Furthermore, for the entire subnetwork
group, the structure of the neurons in each subnetwork is also very similar. Through the
characteristics of this similar structure, we can allow these different subnetworks to com-
pete. First, we evaluate the performance of each subnet then select the better-performing
subnet and copy it to the less-performing subnet (assuming that a slight error occurs dur-
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ing the copying process, a so-called mutation). The learning process described above is
similar to Darwinian evolution, which will train these subnetworks to achieve the intended
purpose of this study:.
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Figure 8. A hierarchical structure diagram of all information-processing neurons
(cytoskeletal neurons).

Evolutionary learning uses a Darwinian evolutionary search method, which can be
roughly divided into three steps (Figure 9).
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Figure 9. Evolutionary learning process at the level of information-processing neurons. (a) Evaluate
the performance of each subnet and select a few subnets with better performance; (b) Copying occurs
from better-performing subnets to worse-performing subnets (copying occurs in the same bundle of
neurons with a similar cytoskeletal structure); and (c¢) Change the subnets with poor performance.
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2.3.2. Manipulation Network

As mentioned, the learning algorithm used in this study produces something similar
to competitive learning by allowing each subnetwork to change its cytoskeletal struc-
ture. Changing the cytoskeletal structure shapes the ANM system with gradual struc-
ture/function switching properties. This feature helps generate paths in multi-dimensional
spaces (please refer to Section 2.1), and the system thus has a relatively high chance of
escaping from the regional optimal solution when searching. However, this kind of change
is a gradual fine-tuning, which improves slowly and takes a long time. The difficulty is
relatively high if the goal is to train a large group of neurons to complete a specified task.
From another perspective, it may not be necessary to use this approach because it may be
possible to train a small group of suitable neurons to perform the same task. To deal with
this problem, this study uses another type of neuron, whose task is to select appropriate
information-processing neurons to achieve it (that is, only the chosen neurons will par-
ticipate in information processing and fitness evaluation). This type of neuron is called a
control neuron (CN). This study assumes that control neurons have hierarchical control
(selection) functions. This hierarchical control method controls a group of information-
processing neurons (selected) to achieve the task. This way of selecting neurons is called
orchestration. The current operation method uses two layers of control neurons, as shown
in Figure 10, to find suitable neurons through the Darwinian variation—selection method.

high-level reference Ra Rb

neurons

low-level reference
neurons

cytoskeletal

neurons
El E2 E3 E4|[El E2 E3 E4

subnet 1 subnet 2

Figure 10. Two layers of control neurons control information-processing neurons.

As mentioned, the current ANM system has 576 information-processing neurons (or
72 bundles of neurons). A lower-level control neuron controls each bundle. Therefore, there
are a total of 72 low-level control neurons. This study utilizes another layer of neurons,
high-level control neurons, to control the firing of lower-level control neurons. Learning
of control neurons occurs only between higher and lower layers. In other words, each
high-level control neuron can select different low-level control neurons and change along
with the learning process. However, the information-processing neurons controlled by
low-level control neurons do not change with the learning process. The entire evolutionary
learning step is first to evaluate the performance of each high-level control neuron and
select the better-performing high-level control neuron. Then, the better-performing higher-
level control neurons are copied to the worse-performing higher-level control neurons.
It is assumed that there are slight errors during the copying process, which results in
the low-level control neurons controlled by the replicator and the copied being different
(Figure 11).
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Figure 11. Evolutionary learning process at the level of control neurons. (a) Cytoskeletal neurons con-
trolled by each reference neuron are activated sequentially to evaluate their performance. (b) Assume
the cytoskeletal neurons controlled by R2 achieve better performance. The pattern of neural activities
controlled by R2 is copied to R1. (¢) R1 controls a slight variation of the neural grouping controlled
by R2, assuming some errors occur during the copy process.

Evolutionary learning is implemented by allowing alternating learning between con-
trol and information-processing neurons. The current approach is to allow the system
to learn at the control neuron level for a while and then allow the system to learn at the
information-processing neuron level for another period. This cycle allows each level to
learn sequentially until the system is stopped or the assigned task is completed.

3. Application Domain

The following will first explain how to collect driving data. We then explain how
to preprocess the collected data. The last part describes how to connect these data to
the system.

3.1. Driving Data Collection

Figure 12 shows our settings for the CCD system. We selected a U-shaped route
with light traffic and good weather conditions, with average driving patterns for general
roads. We selected a straight highway route, with 10% light and 80% heavy traffic. The
details of data collection are explained below. We first connected the Tobii eye tracker to
the computer, then used Open Broadcaster Software (OBS) 29.0.2 to record the coordinate
information of the eye tracker through the computer screen, and finally turned on the CCD
system to determine whether the eye tracker was correctly displayed on the screen. When
all of the above equipment and subjects are ready, we further confirm whether the data
collection of the eye tracker and hand and foot pressure are synchronized. Finally, data
collection was officially carried out. The entire process was screen-recorded, and the time
was recorded until the simulation ended.

The following explains how to synchronize the data collected through eye, hand,
and foot sensors. We note that the data collection of hands and feet was performed
through Arduino. These two data were synchronized. The main problem is synchronizing
eye movement and hand and foot data. The current approach was to find the screen
recording data based on when the hand and foot pressure values were obtained. When the
image data were found, the HoughCircles function provided by the open-source computer
vision library was used to find the coordinate values displayed by the eye tracker, which
completed the integration of specific eye, hand, and foot data at a particular time.

To maintain the consistency of data collection, this study invited the same subjects
to collect data ten times in the same driving environment. Each time, the driver drove on
the entire route. The data on eye movements, braking, finger pressure, and accelerator
were collected at intervals of 0.5 s. The subject was asked to drive the same route every
time, but the traffic conditions varied (due to different traffic lights, pedestrians, and traffic
volume). It took about three to five minutes from the beginning to the end for a drive test.
In terms of driver behavior, this study assumed two types of driving: everyday driving
and distracted driving. The former means the driver is relatively focused, while the latter
means the driver has wandering eyes and changes lanes at will.
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Figure 12. A schematic diagram of the driving environment setting for this study.

3.2. Data Preprocessing

In this study, three participants were invited for data collection. All three collected data
on general roads, while two also collected data on highways. Taking the first participant
as an example, using the sliding window method (with a sliding speed of five time series
points), all of the collected time series data were divided into 567 driving segments. The
driving duration varied among participants, resulting in a different number of final driving
segments. Each clip has 100 timing points (approximately 50 s of driving time). The
clustering method used in this study is described below. The first step is to set a threshold.
The dynamic timing warping (DTW) method is then used to compare two driving clips.
When the difference between two driving clips is within the threshold, they belong to
the same cluster. A new data cluster will be created when the newly-added clip does not
belong to any cluster. This study followed the above method and organized the 567 driving
clips into 73 clusters. The setting of this threshold is arbitrary and has no substantive
significance. When this value is set too high, the number of clusters generated will be
relatively small (relatively, it means that the difference within the cluster is more significant).
On the contrary, relatively more clusters will be generated when set too low. When there
is relatively enough data on subjects in the future, the choice of this value will have more
substantial significance.

3.3. Connecting Driving Data with the 1/O Interface of the ANM System

As mentioned above, the length of each driving clip is 100 time series points, which
is approximately 50 s of driving time. Each time series point has six values, including
eye movement x- and y-axis data (represented by eye-x and eye-y), left and proper finger
pressure on the steering wheel (represented by hand-left and hand-right), the average
foot pressure of the brake pedal (expressed as foot-brake), and the average pressure of the
accelerator pedal (expressed as foot-gas). This study assumes that during each driving clip,
the behavior in the first 25 s will affect the behavior in the next 25 s. The method of this
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study is to use the movements, finger pressure, and accelerator foot pressure (including
accelerator and brake) in the first 25 s as the input data of the system, and then the eye
movements, finger pressure, and accelerator foot pressure in the next 25 s as the system’s
output data. For each data set, the smaller the difference between the outputs generated by
the ANM system and the expected output, the better its learning performance is. Figure 13
gives an example of timing data 25 s before and 25 s after a specific time. In other words,
we hope to convert the input data of Figure 13a into the waveform of Figure 13b through

the ANM system.
(a) (b)
the first half of 50 seconds the second half of 50 seconds
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60 60
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Figure 13. (a) An example of timing data 25 s before a specific time (b) An example of timing data
25 s after a particular time.

All information-processing neurons of the ANM system are divided into six groups,
corresponding to the above six categories of data (eye-x, eye-y, hand-left, hand-right, foot-
brake, foot-gas) (Figure 14). The firing behavior of each group of information-processing
neurons represents the data conversion of specific output data. In the current implementa-
tion, we use the time difference between two adjacent firing neurons of the same group to
describe the degree of data conversion. This study assumes that the relationship between
the time difference and the degree of conversion is similar to a sigmoid-like waveform
(Equation (1)). For a particular group of outputs, the waveforms generated by all of the
same group of neurons that produce firing behavior will be superimposed in series to
form a specific output waveform. Loss is the absolute difference between the waveform
generated by the ANM system and the expected waveform. The smaller the loss value, the
better the fitness of the system.

1

Degree of transformation = (

Loss =) . 2?21 (Eij — Ajj) ’ 2

where E;; and Aj; represent the expected trajectory and the trajectory generated by the
ANM system, respectively; i = eye-x, eye-y, hand-left, hand-right, foot-brake, and foot-gas.
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Figure 14. Input/Output interface of the ANM system.

4. Experiments

Six experiments were conducted in this study. The first part focuses on the learning
ability of the system, exploring whether the ANM system can be used to learn each driving
clip. The second part examines the relationship between a series of driving clips. If there is
some correlation, we can judge whether the driver is fatigued through a series of driving
behaviors (rather than a single momentary behavior). The third partis performed to classify
different driving behaviors. The fourth part is based on the learning experiment from the
first part, followed by adaptive experiments using the obtained information. It investigates
whether the ANM system can be trained to apply one person’s system to different people.
The fifth part introduces driving segments with varying noise levels to explore whether the
ANM system can detect abnormal behavior in drivers while the vehicle is in motion. The
final experiment tests whether the driver has distracted (fatigued) driving.

4.1. Learning Capability

As mentioned earlier, in this study, the data collected by the first participant on general
roads were divided into 73 clusters, the second participant’s data into 62 clusters, and the
third participant’s data into 67 clusters. For highway driving, the first participant’s data
were divided into 58 clusters and the second into 56. This experiment hopes to understand
whether the ANM system has considerable learning capabilities for each data cluster. In
other words, can we use the ANM system for judgment learning for each type of driving
behavior? That is to say, we can use the driving behavior of the first 25 s to judge the
reaction behavior of the next 25 s. If the preliminary experimental results prove that the
above inference is feasible, we can gradually increase the driver’s behavior. On the other
hand, we can gradually increase the system’s complexity according to the needs of the
problem domain (for example, different weather, traffic flow, and road conditions). In this
experiment, we randomly selected 20 clusters from the 73 clusters of the first participant
in a general road environment. Additionally, nine clusters were selected from the other
two participants in a general road environment. For the highway data, nine clusters were
selected from the two participants in a heavy and light traffic environment. Each cluster
also randomly selected a driving clip to test whether the relationship between the first 25 s
and the last 25 s of driving behavior can be established. The results showed that the degree
of learning improvement was relatively rapid in the early stages of learning but slowed
down in the later stages. The degree of improvement became smaller and smaller in the
last stages. Most importantly, however, the system showed continued improvement, even
in the later stages of learning.

We allowed the ANM system’s learning to terminate when the learning improvement
was relatively slow. The results show (Tables 1-7) that the learning results in each cluster
are above 75%. We add here that if the system can continue learning, there is still room for
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continuous improvement (i.e., higher accuracy). However, the experimental results in this
part of the article were suspended at appropriate times to explore the different information
processing of ANM systems more broadly.

Table 1. Participant A’s performance during the first cycle and at termination while driving in a
general road environment.

Cluster  Run é?iiea; Ter];:istiaﬁon Imprl::teement Run é;ii‘:; Ter];r(:isrfaition Improvement Rate
1 3 3933.0 948.0 75.9% 33 3161.0 559.0 82.3%
2 6 4082.4 863.3 78.9% 36 3410.0 744.0 78.2%
3 9 3289.0 756.0 77.0% 39 2937.0 739.0 75.0%
4 12 4139.1 848.4 79.5% 42 2933.0 975.0 66.8%
5 15 3979.0 956.0 76.0% 45 3104.0 730.0 76.5%
6 18 4676.1 864.5 81.5% 48 3057.6 537.9 82.4%
7 21 4316.0 661.0 84.7% 51 3039.0 290.0 90.5%
8 24 4759.3 772.0 83.8% 54 2866.2 460.3 83.9%
9 27 5792.0 879.0 84.8% 57 3425.0 1068.0 68.8%

10 30 4230.6 537.4 87.3% 60 4132.0 957.0 76.8%

Table 2. Participant B’s performance during the first cycle and at termination while driving in a
general road environment.

Cluster Run é;z;ea; Ter];)iss;gon Improvement Rate
1 6 3699.2 991.4 73.2%
2 12 3392.5 712.2 79.0%
3 18 4220.0 823.3 80.5%
4 24 4346.3 783.2 82.0%
5 30 4276.7 1035.0 75.8%
6 36 4738.4 850.7 82.0%
7 42 3563.8 888.9 75.1%
8 48 3599.1 918.3 74.5%
9 54 3211.7 1222.7 61.9%

Table 3. Participant C’s performance during the first cycle and termination while driving in a general
road environment.

Loss at Loss at

Cluster Run Cycle 1 Termination Improvement Rate
1 6 3604.2 944.7 73.8%
2 12 3712.4 1207.6 67.5%
3 18 4202.0 1303.2 69.0%
4 24 4693.6 1199.5 74.4%
5 30 4034.1 1307.7 67.6%
6 36 3665.6 959.5 73.8%
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Table 3. Cont.

Cluster Run é;i;:; Terl;x?isri;;on Improvement Rate
7 42 3229.5 898.6 72.2%
8 48 3638.0 1146.3 68.5%
54 2787.7 743.6 73.3%

Table 4. Participant B’s performance during the first cycle and termination time while driving on

highways with a light traffic environment.

Cluster Run é;ii:; Ter];r(l)isriaat;on Improvement Rate
1 6 2822.4 710.9 74.8%
2 12 2977.7 800.2 73.1%
3 18 2830.0 605.1 78.6%
4 24 2927.1 620.1 78.8%
5 30 3057.8 563.0 81.6%
6 36 3016.9 618.3 79.5%
7 42 3032.6 592.8 80.5%
8 48 4410.4 743.4 83.1%
9 54 3716.0 879.6 76.3%

Table 5. Participant B’s performance during the first cycle and termination time while driving on

highways in a heavy traffic environment.

Cluster Run é;i;:; Terl;x?isr?;;on Improvement Rate
1 6 3206.2 973.3 69.6%
2 12 2769.2 784.1 71.7%
3 18 2859.1 513.1 82.1%
4 24 3075.1 740.1 75.9%
5 30 2783.0 601.8 78.4%
6 36 3002.4 619.9 79.4%
7 42 2863.0 723.3 74.7%
8 48 3837.9 917.4 76.1%
9 6 3206.2 973.3 69.6%

Table 6. Participant C’s performance during the first cycle and termination time while driving on

highways with a light traffic environment.

Cluster Run (I;;i;ea; Ter]::iss;;on Improvement Rate
1 6 3965.3 982.6 75.2%
2 12 2698.2 913.0 66.2%
3 18 2576.9 882.4 65.8%
4 24 2871.1 660.1 77.0%
5 30 2901.4 917.0 68.4%
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Table 6. Cont.

Cluster Run é;i;:; Terl;x?isr?;;on Improvement Rate
6 36 2692.3 774.4 71.2%
7 42 2844.9 722.6 74.6%
8 48 4427.9 706.0 84.1%
9 54 4836.1 580.6 88.0%

Table 7. Participant C’s performance during the first cycle and termination time while driving on
highways in a heavy traffic environment.

Cluster Run é;i;ea; Ter];r(:isr?;;on Improvement Rate
1 6 2768.5 709.2 74.4%
2 12 2659.0 729.5 72.6%
3 18 2570.7 743.3 71.1%
4 24 3157.3 665.0 78.9%
5 30 2628.6 688.1 73.8%
6 36 2770.8 769.7 72.2%
7 42 3034.5 756.8 75.1%
8 48 3885.2 724.8 81.3%
9 54 2726.7 657.3 75.9%

4.2. Correlation Analysis before and after Driving Clips

In the previous part of the experiment, we randomly selected 20 driving clips for
learning. For each clip, this experiment wants to explore whether there is some correlation
between the clips before and after the clip. In other words, if so, we can use different driving
clips continuously (rather than just relying on a single driving segment) to determine
whether the driver is driving fatigued. The testing method of this experiment is to use the
ANM system that has been trained for a long time in the previous experiment and conduct
individual tests on each of the first one to four driving clips and the last one to four driving
clips used in the training period.

This experiment randomly selected 6 of the 20 learned systems from the first experi-
ment. The correlation between a specific driving clip’s first and last four driving clips is
tested for each learned system. If their loss values are not much different from each other
(compared with the loss value that the system has not learned; please refer to Table 1), it
means that there is some correlation between adjacent driving clips. In other words, driver
behavior changes step by step rather than in leaps and bounds. The results (Figure 15)
show that driver behavior is highly similar when the gap between two driving clips is
relatively tiny. As the gap gradually increases, so does the difference in driver behavior.
The important thing is that there is some U-shaped relationship between them. This rela-
tionship represents two meanings. The first is that it again shows that the ANM system has
a gradual transformation capability when the system’s performance function will slowly
change due to changes in the input data. The second is in driving fatigue detection; we can
verify whether the driver is fatigued through a series of driving behaviors (clips).
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Figure 15. The correlation between a specific driving clip’s first and last four driving clips. Annotation
5 on the x-axis is the loss value of a specific driving segment. On the x-axis, the numbers 1 to 4
are the first 4 driving segments of the driving segment, while 6 to 9 are the loss values of the last 4
driving segments.

4.3. Cluster Analysis

The test data of the second experiment were related to driving clips before and after
a specific driving clip. In other words, this is a driving segment of continuous driving
before and after a certain driving period. This experiment’s test data are driving clips from
different periods. As mentioned before, during the data collection phase of this study,
subjects were invited to drive the same route ten times. The test data of this experiment are
similar driving clips of these ten drives at different periods. We interpret the former as the
same type of driving segments, while the latter refers to utterly different driving segments.
Simply put, the second experiment was a test during the same driving period, while this
experiment was a driving test across various periods.

This experiment uses the 20 learning systems from the first experiment and finds
all similar driving clips at different periods. Table 8 shows the number of similar clips
between each driving clip and other clips in different periods. Figure 16 further organizes
the data in Table 2. The results show that among the 20 groups, 10 (more than 50%) have
loss values between 1022.2 and 1442.2. These values are not much different from the
learned values in Table 1. The loss values of the other eight groups are between 1442.2 and
1862.2. These values are slightly higher than those learned in Table 1 but differ considerably.
From the above results, we can roughly say that drivers’ behavior is similar to a certain
extent. In other words, we can perform classification to some extent from the driver’s
fragmentary behavior.

Table 8. Average loss and number of clips within a cluster.

Cluster Average Loss  No. of Clips Cluster Average Loss  No. of Clips
1 2244.1 48 11 1142.3 76
2 1275.6 76 12 1823.7 77
3 1467.2 58 13 1076.7 76
4 1304.3 66 14 1549.5 75
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Table 8. Cont.

Cluster Average Loss  No. of Clips Cluster Average Loss  No. of Clips
5 2191.2 64 15 1434.1 86
6 1401.1 83 16 1365.4 108
7 1700.0 74 17 1022.2 74
8 1199.9 81 18 1239.1 137
9 1550.5 54 19 1719.6 70
10 1487.5 83 20 1543.9 65
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Figure 16. Analysis of loss data of 20 clusters.

4.4. Adaptability
4.4.1. Different Participants Driving the General Road Environment

Based on the learning capability, subsequent adaptive experiments were conducted
to explore whether the ANM system could further train and apply the system of one
individual to others. Our approach is to test whether different subjects perform similarly
in similar driving environments. The approach adopted is to use a system trained on
one user’s driving data to be tested on another user’s driving data. This may be an
assessment of the effectiveness of applying driving skills or knowledge learned through
one participant to another participant in a particular driving scenario. It is a type of
stress test. This study interprets it as adaptive capacity. The trained system was tested
using nine driving segments from another participant with similar driving patterns. For
each test, the system’s loss values were initially recorded when encountering different
drivers, followed by observing the outcomes after running for 500 iterations. Results from
Tables 9-14 indicated that some driving segments achieved improvement rates of over 75%
after just 500 training iterations, while others showed around 40% improvement. Even with
relatively brief training periods, achieving 40% improvement demonstrates the adaptability
of the ANM system. These data suggest that there is still room for learning. Moreover,
using training data from the same individual may better suit drivers with similar habits;
for example, Participant One and Participant Three share similar driving habits, as do
Participant Two and Participant Three. In the future, systems trained on Participants One
and Two could be applied to Participant Three.
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Table 9.

Participant A’s data were tested with Participant B’s learned system in a general

road environment.

Cluster Run é;ii:; Ter];r(:isr?ai;on Improvement Rate
1 6 2723.2 1443.2 47.0%
2 12 1838.0 1095.5 40.4%
3 18 2829.4 1573.5 44.4%
4 24 2052.0 1140.7 44.4%
5 30 2517.2 1438.6 42.8%
6 36 2080.3 906 56.4%
7 42 2131.8 1069.9 49.8%
8 48 1755.1 1149.5 34.5%
9 54 1222.7 1219.9 0.2%

Table 10. Participant A’s data were tested with Participant C’s learned system in a general

road environment.

Cluster Run é;i;ea; Ter];r(:isr?;;on Improvement Rate
1 6 4517.7 1721.9 61.9%
2 12 3799.8 1039.6 72.6%
3 18 3854.7 2119.6 45.0%
4 24 4077.3 1144.5 71.9%
5 30 4263.1 1559.3 63.4%
6 36 3620.8 1175.2 67.5%
7 42 3855.0 1166 69.8%
8 48 4339.0 1372.3 68.4%
9 54 3955.4 1002.8 74.6%

Table 11. Participant B’s data were tested with Participant A’s learned system in a general

road environment.

Cluster Run g;:i:; Terl;r(:isriaatzon Improvement Rate
1 6 1989.1 980.2 50.7%
2 12 1147.3 812.5 29.2%
3 18 2745.4 800.7 70.8%
4 24 1986.3 892.4 55.1%
5 30 1590.3 949.5 40.3%
6 36 2599.2 719.5 72.3%
7 42 1507.3 784.7 47.9%
8 48 1807.8 965.6 46.6%
9 54 1708.7 1291.9 24.4%
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Table 12. Participant B’s data were tested with Participant C’s learned system in a general

road environment.

Cluster Run é;ii:; Ter];r(:isr?ai;on Improvement Rate
1 6 4639.9 2029.1 56.3%
2 12 3487.7 1038.5 70.2%
3 18 4939.2 2148.1 56.5%
4 24 4896.9 1176.0 76.0%
5 30 4295.0 1500.2 65.1%
6 36 4164.1 1338.6 67.9%
7 42 3208.1 1257.7 60.8%
8 48 3888.7 1511.3 61.1%
9 54 3880.1 1133.9 70.8%

Table 13. Participant C’s data was tested using Participant A’s learned system in a general

road environment.

Cluster Run é;i;ea; Ter];r(:isr?;;on Improvement Rate
1 6 4735.4 1102.6 76.7%
2 12 5003.5 1676.1 66.5%
3 18 5240.0 864.5 83.5%
4 24 4386.8 1158.5 73.6%
5 30 5040.4 1364.9 72.9%
6 36 5215.3 891.3 82.9%
7 42 4759.3 773.8 83.7%
8 48 4716.2 1099.5 76.7%
9 54 6275.7 1768.2 71.8%

Table 14. Participant C’s data were tested on a general road environment with Participant

B’s learned system.

Cluster Run g;:i:; Terl;r(:isriaatzon Improvement Rate
1 6 4583.8 1271.8 72.3%
2 12 5558.3 1572.7 71.7%
3 18 6050.3 1784.3 70.5%
4 24 5058.9 1169.7 76.9%
5 30 6005.6 1030.3 82.8%
6 36 6015.4 1451.7 75.9%
7 42 4716.2 1099.5 76.7%
8 48 4287.0 1225.9 71.4%
9 54 5126.3 1370.1 73.3%

4.4.2. Different Participants Driving on the Highway

Like the previous experiment, the driver routes were changed to highway driving. We
selected nine driving segments from both heavy and light traffic to observe the results of the
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system running 500 iterations on different drivers’ driving segments. From Tables 15-18,
it can be observed that the improvement rate on highways is generally lower than that
on general roads. This suggests that driving behavior on highways differs from that on
general roads. The traffic conditions on the road also influence driving behavior. It was
also noted that the initial loss values for highway driving are at least one or two thousand
units lower than those for general roads, indicating that highway driving behavior is
more straightforward from the beginning and can be adequately handled using the system
trained on general road driving.

Table 15. Participant A’s data in a light traffic environment were tested with Participant B’s
learned system.

Cluster Run é;i;ea; Ter];;)isri;zon Improvement Rate
1 6 1337.9 543.3 59.4%
2 12 968.2 823.3 15.0%
3 18 989.4 581.4 41.2%
4 24 1144.8 701.3 38.7%
5 30 762.5 603.3 20.9%
6 36 1541.7 783.5 49.2%
7 42 1182.0 936.1 20.8%
8 48 1626.5 684.8 57.9%
9 54 1656.6 684.7 58.7%

Table 16. Participant A’s data in a heavy traffic environment were tested with Participant B’s
learned system.

Cluster Run é;i;ea; Ter];lzisr?;;on Improvement Rate
1 6 1574.5 523.3 66.8%
2 12 972.3 687.7 29.3%
3 18 1013.6 543.7 46.4%
4 24 1040.0 382.0 63.3%
5 30 1196.3 842.3 29.6%
6 36 1581.0 861.1 45.5%
7 42 1710.5 1066.3 37.7%
8 48 2630.3 923.4 64.9%
9 54 1529.3 864.2 43.5%

Table 17. Participant B’s data in a light traffic environment were tested with Participant A’s
learned system.

Loss at Loss at

Cluster Run Cycle 1 Termination Improvement Rate
1 6 1316.2 672.2 48.9%
2 12 1169.8 858.7 26.6%
3 18 1014.8 604.2 40.5%
4 24 1337.9 378.6 71.7%
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Table 17. Cont.

Cluster Run é;i;:; Terl;x?isr?;;on Improvement Rate
5 30 1081.9 584.3 46.0%
6 36 951.2 567.6 40.3%
7 42 1156.4 489.2 57.7%
8 48 1257.6 792.2 37.0%
9 54 1697.7 750.6 55.8%

Table 18. Participant B’s data in a heavy traffic environment were tested with Participant A’s
learned system.

Loss at Loss at

Cluster Run Cycle 1 Termination Improvement Rate
1 6 1214.6 877.5 27.8%
2 12 1395.9 880.8 36.9%
3 18 674.3 455.2 32.5%
4 24 1461.4 839.0 42.6%
5 30 1541.7 531.2 65.5%
6 36 766.1 550.6 28.1%
7 42 718.9 512.8 28.7%
8 48 1351.0 906.1 32.9%
9 54 1497.5 875.8 41.5%
4.5. Noise

In this experiment, six driving segments from Participant One driving on general
roads were selected, and different levels of noise (1%, 2%, 5%, and 10%) were added to
each segment. The aim was to investigate whether the ANM system can detect abnormal
behavior in drivers while the vehicle is in motion. As shown in Figure 17, even adding just
1% noise resulted in a significant increase in loss values, which increased further as the
noise levels increased. The experimental results indicate that the ANM system can detect
abnormal behavior in drivers while the vehicle is in motion.

Tnoise = k X Ooriginal (©)

4.6. Fatigued Driving

This study sorted out the possible symptoms of driver fatigue from relevant literature,
including blurred vision, involuntary nodding, increasing eye closing frequency, longer
eye closing time, continuous yawning, facial numbness, slow eye reaction, stiff movements,
changing lanes at will, etc. Based on the current settings of this study, this experiment
assumes that drivers are prone to three possible fatigue driving conditions: changing
lanes at will, eyes wandering and closing, and slow reaction speed. The first case (eyes
wandering and closing) tests eye movement information, while the last two instances
(switching lanes at will and slow reaction speed) exist mainly to explore the effects caused
by abnormal pressure on the hands and feet. The first case is to ask subjects to move and
close their eyes while driving deliberately. The primary purpose of this experiment is to
observe the impact of changes in eye movement. The second case (switching lanes at will)
is simulated by asking the subjects to switch lanes at will many times while driving, while
the third case (slow reaction speed) is simulated by asking the subjects to react with slow
hand and foot reactions. As before, the settings for all driving environments are the same.
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The driving clips collected in this experiment’s first, second, and third cases are 40, 43, and
63, respectively. Each case is tested separately in this experiment, and the average value
is taken. The average loss obtained in each case is relatively high (please refer to the loss

value in Table 19).
Loss value when the noise level is 6% Loss value when the noise level is 12%
4000 4000
3000 3000
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1000 1000
0 0
0% 1% 2% 5% 10% 0% 1% 2% 5% 10%
——gyes =—hands =——feet ——eyes ——hands —feet
Loss value when the noise level is 18% Loss value when the noise level is 24%
4000 4000
3000 3000
2000 2000
1000 1000
0 0
0% 1% 2% 5% 10% 0% 1% 2% 5% 10%
——eyes ——hands ——feet ——eyes =——hands ——feet
Loss value when the noise level is 30% Loss value when the noise level is 36%
4000 4000
3000 3000
2000 2000
1000 1000
0 0
0% 1% 2% 5% 10% 0% 1% 2% 5% 10%
——eyes ——hands ——feet ——eyes ——hands ——feet

Figure 17. Loss values at different noise levels.

Table 19. The average loss of each distraction case.

Distraction Case No. of Clips Average Loss
Eyes wandering and closing 40 3293.1
Switching lanes at will 43 3452.3
Slow reaction speed 63 3457.7

In the following, we further explore whether these different distraction phenomena
can be further trained through the ANM system. Similar to the second experiment, we
took 6 of the 20 learned systems to conduct the above research. For each distraction case,
five tests were performed. For each test, we first observed the loss values when the system
faced driver distraction and then allowed the system to run for 500 generations to observe
the final results. The results are shown in Table 20. After 500 generations of learning, some
results can be good, while others still have considerable room for effort. However, looking
at these data, there is still room for learning. However, the distraction test is a semi-random
variation. There is still considerable room for discussion, or a certain degree of controversy,
in trying to draw concrete conclusions from this approach.
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Table 20. The improvement rate of loss at cycle 1 and cycle 500.

Switching Lanes at Will Eyes Wandering/Closing Slow Reaction Speed
Clip Run Loss at Loss at Improvement Loss at Loss at Improvement Loss at Loss at Improvement

Cycle 1 Cycle 500 Rate Cycle 1 Cycle 500 Rate Cycle 1 Cycle 500 Rate

1 4232.9 795.7 81.2% 3577.9 923.7 74.2% 4310.0 1231.4 71.4%

2 4120.1 1020.7 75.2% 3943.0 1578.7 60.0% 4777.8 826.5 82.7%

1 3 3961.8 1549.6 60.9% 3323.1 1387.2 58.3% 5024.9 1377.2 72.6%
4 3657.5 1431.5 60.9% 3323.1 1387.2 58.3% 4664.9 1261.2 73.0%

5 4010.4 1145.7 71.4% 3099.1 1475.3 52.4% 3632.9 1009.5 72.2%

1 4021.7 1001.4 75.1% 3037.9 1130.0 62.8% 3091.7 1340.9 56.6%

2 3919.3 1238.5 68.4% 3523.6 1492.8 57.6% 4548.3 930.1 79.6%

2 3 3331.8 1909.3 42.7% 2952.4 1450.2 50.9% 3834.2 1256.0 67.2%
4 2860.8 1437.4 49.8% 2439.7 1150.1 52.9% 3353.0 1513.1 54.9%

5 3007.4 1585.7 47.3% 2881.3 1128.6 60.8% 2617.0 991.7 62.1%

1 3056.6 580.9 81.0% 2468.9 864.8 65.0% 3267.7 1264.7 61.3%

2 3416.3 883.8 74.1% 3335.5 1423.6 57.3% 4170.0 726.5 82.6%

3 3 3640.8 1450.1 60.2% 2864.4 1564.0 45.4% 4181.6 1183.2 71.7%
4 2944.6 1024.4 65.2% 2791.0 1020.3 63.4% 3462.9 1455.6 58.0%

5 3286.1 1068.8 67.5% 2719.3 1445.5 46.8% 3142.1 1032.5 67.1%

1 3225.0 462.6 85.7% 3092.1 889.9 71.2% 3605.5 1228.1 65.9%

2 3660.5 11221 69.3% 3345.9 1213.6 63.7% 2969.0 965.7 67.5%

4 3 3517.0 1383.6 60.7% 3536.9 1323.0 62.6% 3791.0 1027.1 72.9%
4 3467.3 1065.5 69.3% 3209.2 1093.2 65.9% 3347.2 1377.5 58.8%

5 3684.7 1293.9 64.9% 3186.8 1348.3 57.7% 3446.5 1125.2 67.4%

1 4054.9 763.6 81.2% 4384.6 1273.8 70.9% 3091.7 1340.9 56.6%

2 5115.5 1367.8 73.3% 4838.1 14125 70.8% 45483 930.1 79.6%

5 3 4268.9 1324.9 69.0% 4124.7 1684.9 59.2% 3834.2 1256.0 67.2%
4 4150.1 1524.5 63.3% 3734.5 1173.7 68.6% 3352.0 1513.1 54.9%

5 4181.0 1481.0 64.6% 3445.8 1069.2 69.0% 2617.0 991.7 62.1%

1 2171.6 822.2 62.1% 2769.2 968.5 65.0% 2939.9 1095.4 62.7%

2 2616.2 1257.0 52.0% 2884.0 1458.4 49.4% 3663.4 785.0 78.6%

6 3 3182.4 1773.5 44.3% 2596.0 1515.6 41.6% 4206.4 1206.8 71.3%
4 2669.5 1067.9 60.0% 3018.1 1177.5 61.0% 3812.2 1082.2 71.6%

5 2932.5 1128.4 61.5% 2662.9 1114.4 58.2% 3126.1 816.9 73.9%

5. Discussion

The computer industry is growing significantly as Moore’s Law continues to ferment
in recent years. However, the performance of the hardware could be improved by the
functionality established by the original developers. In contrast, software systems can be
used infinitely according to the user’s imagination. The two play a complementary role,
meaning they must complement each other for the entire computer system to achieve the
state of truth, goodness, and beauty.

Unfortunately, current software design is geared towards programmable design. Un-
der this premise, making programming more convenient is a goal people often consider,
and structured design has become a method people usually use. The thinking of struc-
tured programming is to use appropriate symbols to represent the ideas people want to
express and how to operate these designed symbols (so-called algorithms). When the
entire system design moves towards programmable structural design, it will face a severe
problem. When a specific function needs to be changed, even slightly, it may need to
be significantly changed. From another perspective, when an existing system is created
with minor changes, the entire system may become completely unsuitable (for example,
modification of some initial settings). A feasible thinking is to put features conducive to
malleability into software design thinking. We all know that biological systems are highly
self-modifying. The ANM system used in this study captures some of the characteristics
of organisms that are conducive to modification and implements them in the design of
software systems.

From the perspective of building a customized intelligent fatigued driving detection
system, biological-like adaptability is undoubtedly an ideal goal. This is because it must
be able to meet different needs, such as various groups of people. Under this premise, an
intelligent system must have rich learning capabilities, conduct long-term continuous prob-
lem solving of complex problems, and have a considerable degree of plasticity to adapt to
different needs. The difficulty is that everyone’s driving habits are entirely different. There-
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fore, establishing a fatigue detection system suitable for mass popularization is still a long
way away. Customized design is an inevitable trend. Intelligent assistance systems must
find the best answer and adjust at any time according to the user’s needs in a self-corrective
manner. In addition, the system must have a certain level of noise tolerance to cope with
transient changes in user movements while operating in a disturbed environment.

This research integrates information obtained from three sensing devices: eye move-
ment, finger pressure, and plantar pressure. It uses an autonomous learning architecture
to build a customized fatigued driving detection system. Then, we explore its feasibility
for fatigued driving detection through different experiments. First, we verified that the
ANM system can be used to learn and classify driving clips. Then, we verified that we
could judge whether the driver was fatigued by a series of driving behaviors (rather than
a single momentary behavior). Finally, we verify the results under the assumption that
drivers are experiencing three different distractions. The authors would like to add that
the current stage of this research emphasizes functional exploration, that is, the feasibility
of establishing an intelligent system that integrates eye, hand, and foot sensing. It is still
different from the actual real driving situation.

The current research on intelligent fatigue driving detection includes two lines of
directions. One is the fatigue driving sensor, and the other is the intelligent system.
Regarding the studies on sensors, some studies focus on the judgment of the movements of
the eyes, hands, and feet, while some focus on the analysis of the force of the hands and
feet. However, whether the methods performed are action discrimination or force analysis,
one of the limitations of research in this area is how to process sensor data from different
sources in a timely or even synchronous manner, and another limitation is how to process
sensor data from different sources appropriately. In the data synchronization processing
part, this research is still at the stage of functional exploration. Therefore, the entire research
is still limited to manual processing in the data collection part. However, the ANM system
used in this study has an autonomous learning function in the information integration part.
During the learning process, it can discover each information source’s role in exploring
different types of fatigue driving. However, this research still has limitations: it requires
significant computer computing time to operate the entire ANM system with current
computer hardware. Note that the concept of ANM system construction is a multi-layered
competitive network. The information processing within each neuron can be comparable
with that of the network architecture. We use discontinuous event processing to simulate
such a multi-layer network architecture wherein each neural activity change is an event.
In this way, we can make the system produce different timing processing dynamics (that
is, converting from a series of time and space information to another series of time and
space information). If we plan to use a sequential processing computer to simulate the
entire system dynamics, it will require a lot of computing resources. Because of this, the
information-processing capabilities that this study can present are also limited to some
extent. In the future, when the hardware shows considerable growth, we can increase
the dynamics within neurons (for example, by growing the essential components within
the information-processing unit and the relationship between each other) or increase the
processing methods of operating control neurons. Future research in this area can improve
the integration of facial expressions and head information. Many scholars have made
considerable research results in this area. In this way, we can make the system produce
different timing processing dynamics.

On the other hand, this study considers further integrating the information of the
electroencephalograph (this research team has obtained preliminary experimental results
in this regard, but it has yet to be mature at this stage to the extent that it can be published
publicly). In terms of algorithms, the system used in this study should make additional
use of current deep learning technology (long- and short-term memory) to increase the
system’s functionality in a Hebbian manner (that is, converting a series of spatio-temporal
information into another series of spatio-temporal information). If we plan to use a se-
quential processing computer to simulate the dynamics of the entire system, it will require
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a lot of computing resources. Because of this, the information-processing capabilities
that this study can present are also limited. To a certain extent, in the future, when the
hardware shows considerable growth, the limitation of information-processing capabilities
that the ANM system can simulate will increase (for example, by increasing the essential
components inside the information-processing unit and their relationship to each other);
alternatively, increasing the processing methods of operating control neurons can improve
the integration of facial outcomes.

6. Conclusions

Fatigued driving is a problem that most people will face, and this problem usually
occurs without conscious awareness or through the driver not paying attention. If a cus-
tomized intelligent assistance system can be built to assist driving from people’s sensory
systems, it is generally believed to help people drive more or less safely. Current develop-
ment in this area is mainly accomplished by integrating deep learning, image processing,
biomedicine, human factors engineering, and other technologies. In addition to driving
fatigue, workplace fatigue caused by high-risk workplaces is similar. Most methods are to
establish intelligent physiological fatigue detection systems based on physiological charac-
teristics such as personal faces, eyes, mouth, and hand movements. However, everyone’s
driving behavior differs, and determining how to meet different customized needs is a
severe issue. Intelligent systems play an essential bridge role in customization.

In response to the customization issue, the ANM system proposed in this study has
more processing of the internal information of neurons than the general deep learning
technology. The former emphasizes processing information within neurons, while the latter
emphasizes processing information between neurons. Again, we emphasize that the ANM
system can also include information processing between neurons. Under this premise,
the ANM system in this study can also use the internal dynamics of a single neuron
to express information processing between neurons. In other words, a single neuron
in the ANM system is enough to handle the information processing that a traditional
neural network can represent. Most importantly, we establish the information-processing
activities inside neurons by capturing the characteristics of gradual changes in biological
structure/function. The experimental results of this study prove its permanent learning
ability and sufficient adaptability.

We indeed use simulations to generate distraction data. Undoubtedly, there is still a
considerable difference between these data and the data generated by the driver’s actual
fatigue. In other words, the simulation data used in this study cannot accurately reflect
the actual behavioral information of fatigue. However, this study emphasizes that collect-
ing fatigue driving data from actual drivers is challenging. Undoubtedly, it is not only
hazardous but also costly. Secondly, another insurmountable problem is sorting out the
so-called “drowsy driving episodes” from a continuous period of driving behavior. It is a
controversial issue, as judging “drowsy driving episodes could be subjective. In particular,
it is more difficult for everyone to have different driving behaviors. Regarding this issue,
the purpose of this study is not to immediately apply the entire system to fatigue driving
detection but to prove whether the learning system used in this study has a self-correction
mechanism for continuous learning. When the whole system matures, we can transplant it
to actual driving situations and establish a personalized fatigue driving detection system
through long-term personal use by drivers. In the current experimental stage, this study
uses a series of simulation aspects to gradually fill the gap between simulated data and
actual data during the experimental stage.

This study explores the establishment of a non-intrusive system. It allows us to re-
search different topics without harming or affecting users. Although this study uses a sim-
ple information-processing system that integrates eye movement, finger bending/pressure,
and plantar pressure sensing, the results obtained through this study can prove that in the
future, through better eyes, hand, and foot sensing equipment, we can build a state-of-the-
art, intelligent, customized fatigued driving detection system. It can even be developed
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into a simple and portable device or combined with a cloud server to calculate and analyze
data, significantly increasing the possibility of creating a customized intelligent system.
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Abstract: This study presents a novel method, termed RBAVO-DE (Relief Binary African Vultures
Optimization based on Differential Evolution), aimed at addressing the Gene Selection (GS) challenge
in high-dimensional RNA-Seq data, specifically the rnaseqv2 lluminaHiSeq rnaseqv2 un edu Level
3 RSEM genes normalized dataset, which contains over 20,000 genes. RNA Sequencing (RNA-Seq)
is a transformative approach that enables the comprehensive quantification and characterization of
gene expressions, surpassing the capabilities of micro-array technologies by offering a more detailed
view of RNA-Seq gene expression data. Quantitative gene expression analysis can be pivotal in
identifying genes that differentiate normal from malignant tissues. However, managing these high-
dimensional dense matrix data presents significant challenges. The RBAVO-DE algorithm is designed
to meticulously select the most informative genes from a dataset comprising more than 20,000 genes
and assess their relevance across twenty-two cancer datasets. To determine the effectiveness of the
selected genes, this study employs the Support Vector Machine (SVM) and k-Nearest Neighbor
(k-NN) classifiers. Compared to binary versions of widely recognized meta-heuristic algorithms,
RBAVO-DE demonstrates superior performance. According to Wilcoxon’s rank-sum test, with a 5%
significance level, RBAVO-DE achieves up to 100% classification accuracy and reduces the feature size
by up to 98% in most of the twenty-two cancer datasets examined. This advancement underscores
the potential of RBAVO-DE to enhance the precision of gene selection for cancer research, thereby
facilitating more accurate and efficient identification of key genetic markers.

Keywords: RNA sequencing; gene selection; high dimensionality; meta-heuristic algorithms; African
vultures algorithm; differential evolution; relief technique

1. Introduction

Deoxyribonucleic Acid (DNA) makes up our genetic code, containing the recipe for
our existence. Although every cell has the same DNA, each tissue structure is unique and
serves a distinct purpose. The RNA transcription mechanism determines which genes in
a cell are active, enabling RNA to be transformed into proteins responsible for the cell’s
structure and functionality [1]. We analyze RNA-Seq gene expression data (GED) to deter-
mine genetic changes and evaluate disease biomarkers. Differential expression analysis
identifies quantitative distinctions in gene expression, allowing us to categorize genes
whose expression changes under various conditions. This method helps us understand
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illnesses and find ways to manage them. Gene expression profiling technologies have
significantly developed over the years [2].

Two popular techniques are micro-array, which uses a hybridization-based approach,
and RNA-Seq, which is based on next-generation sequencing. These technologies have
demonstrated their value in advancing our understanding of gene expression [3]. Notable
studies, such as those by Chen et al. [4] and Nunez et al. [5], have highlighted the
potential of these techniques, while Wang et al. [6] have provided valuable insights into
the RNA-Seq approach.

The two methods under consideration serve the purpose of quantifying gene expres-
sion for classification and statistical investigation. This paper has chosen the quantification
data obtained through the next-generation sequencing (NGS)-based RNA-Seq approach
because it offers more accuracy in detecting RNA quantification levels compared to micro-
array data [7]. RNA-Seq has overcome several limitations of micro-array analysis, such
as dependence on prior sequencing knowledge, which restricted the detection range [8,9].
Unlike micro-arrays, RNA-Seq does not require any previous knowledge and significantly
expands the dynamic detection range. This enhancement improves the accuracy of results
and enables the identification of a comprehensive set of genes, providing a precise un-
derstanding of disease biomarkers. As a result, RNA-Seq has emerged as a potent tool
for researchers, offering valuable insights into the underlying molecular mechanisms of
various diseases [10].

The “dimensionality curse” [11] has become a common challenge in contemporary
times owing to the abundance of available data. This has caused a surge in the development
of feature selection (FS) techniques and algorithms. FS algorithms can be classified into
four distinct methods: filter, wrapper, embedded, and hybrid [12,13]. These approaches
aim to identify the most informative features that can distinguish between different classes.
In our case, we are concerned with identifying the genes linked to tumors.

The filter approach is a widely used technique in FS that involves evaluating the
relevance of individual genes based on statistical scores. This method is known for its
high accuracy in selecting the most satisfactory group of genes. Nevertheless, the filter
approach has some limitations, as functioning on each gene individually ignores the
interrelationships between genes, which can result in a local optima issue [14]. It is worth
noting that the filter approach can be categorized into two sub-types—univariate and
multivariate—with the latter considering the correlations between genes. Some examples
of the filter approach include Relief [15], Fisher score [16], t-test [17], and information gain
[18].

The wrapper method investigates all feasible gene subsets to test and create a subset
of genes to determine their implications. A specific classifier is employed to determine
the outcome of each subset, and the categorization technique is used multiple times for
each assessment. Compared to the filter approach, the wrapper approach delivers superior
performance by using a categorization technique that directs the learning procedure. How-
ever, this method requires substantial time and computational resources, especially when
dealing with large-scale data [19].

Meta-heuristic methods (MHMs) are high-level heuristics used in mathematical op-
timization and computer science to find satisfactory solutions to optimization problems
when information is imperfect or resources are limited [20]. MHMSs sample a subset of
solutions, making them useful for various optimization issues due to their few assumptions
about the problem [21]. However, they do not guarantee globally optimal solutions. Many
MHMs employ stochastic optimization, meaning the solution is based on random variables
generated during the process [22].

Meta-heuristic methods (MHMs) are more practical than traditional iterative methods
and optimization algorithms because they can explore a broader range of possible solutions.
Consequently, MHMs have become a preferred strategy for solving optimization prob-
lems [23]. Numerous research papers have demonstrated that among the different wrapper
methods, MHMs are well suited to address the feature selection (FS) issue. Stochastic
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methods, including MHMSs, can produce optimal or near-optimal results quickly. They
offer benefits such as flexibility, self-management without detailed mathematical proper-
ties, and the ability to assess numerous outcomes simultaneously. Various MHMs have
recently been developed to solve the FS problem, providing reliable near-optimal solutions
at significantly reduced computational costs [24].

Embedded FS methods utilize a learning technique to select appropriate genes that
interact with the classification process. This method combines the FS technique as part of
the learning model. The learning algorithm is trained with an initial attribute subset to
estimate a measure for evaluating the rank values of attributes [25]. The ultimate goal is to
decrease the computation time for reclassifying different subsets by incorporating the FS
stage into the training process. Some techniques in this approach perform feature weighting
based on regularization models with objective functions that minimize fitting errors while
enforcing feature coefficients to be small or precisely zero. Examples of embedded methods
are the First-Order Inductive Learner (FOIL) rule-based feature subset selection algorithm
and SVM based on Recursive Feature Elimination (SVM-RFE) [26].

The hybrid method is a well-crafted technique that amalgamates the filter and wrapper
methods to leverage the strengths of each. This approach begins with a filter that reduces
the feature space dimensionality, generating multiple subsets with intermediate complexity.
Subsequently, a wrapper is employed as a learning technique to choose the most suitable
candidate subset [27]. The hybrid approach integrates the accuracy of wrappers and the
efficiency of filters, resulting in an optimal methodology [28,29].

1.1. Motivation and Contributions

An effective global meta-heuristic optimization algorithm is presented in this paper,
which is called the African Vultures Optimization (AVO) algorithm [30], which imitates the
living and eating habits of African vultures. The proposed algorithm consists of four basic
phases: population division into three groups—the best solution, the second-best solution,
and the remaining solutions; famine-level measurement to formulate a mathematical model
for the vultures” exploitation, exploration, and transfer; exploration of vultures employing
two strategies to allow vultures to cover large distances over extended periods to find
food at random sites; and exploitation of vultures involving two sub-phases. Two distinct
strategies are used in the first sub-phase: siege fight for strong vultures and rotational flight,
which forms a spiral activity between the outstanding vulture and the rest. Two strategies
are utilized in the second sub-phase: assembling vultures around the food source and a
hostile siege fight, where vultures become more aggressive and attempt to steal food left
behind by healthy vultures.

This study proposes an enhanced binary variant of the AVO technique, namely the
RBAVO-DE technique, which is a productive approach that demonstrates accurate perfor-
mance in handling the GS problem. At first, there is a high possibility that the recommended
technique will steer clear of local optima and accomplish sufficient examination precision,
quick convergence, and improved stability. Compared to recent MHMSs, the proposed
RBAVO-DE technique achieves enhanced efficacy by producing optimal or substantially
optimal solutions for many of the analyzed situations. The Relief algorithm is utilized to
identify only the related features to produce the final classification dataset. RBAVO-DE
combines the Relief algorithm with the DE approach to increase exploration capability
and obtain the best results within the solution space via repetitions. It also utilizes a
transfer function to transform real position values into binary values. The RBAVO-DE
approach makes sense in GS because it is simple to comprehend and implement, can deal
with various optimization problems, produces valuable results in an acceptable amount of
time, requires less computing power, and uses a small number of control parameters. This
paper’s primary contributions are as follows:

e Level 3 data based on next-generation sequencing (RNA-Seq) have been pre-processed.

112



Algorithms 2024, 17, 342

¢ The ability of the proposed AVO meta-heuristic algorithm to address the GS prob-
lem has not been investigated, as RNA-Seq GED has never been used with the
AVO algorithm.

¢  To construct a binary version known as the RBAVO-DE algorithm, the AVO algorithm
is altered and recreated.

e  The proposed RBAVO-DE algorithm combines the binary variant of the AVO with a
Relief approach and DE to improve the exploration ability of the search space and
enhance the achieved optimal results.

e The proposed RBAVO-DE algorithm is applied to RNA-Seq GED for the first time.

e  Several performance indicators, including average fitness, classification accuracy, num-
ber of selected genes, precision, recall, and F1-score, are used to assess the outcomes.

® A comparison is made between the impact of the presented RBAVO-DE algorithm, em-
ploying the two recommended ML classifiers (SVM and k-NN), and other algorithms
in the literature.

e  Twenty-two distinct cancer datasets are used to assess the proposed RBAVO-DE
method, and the results are shown.

e The chosen genes are investigated using biomarkers associated with cancer.

1.2. Structure

This paper is structured into five main sections. Section 2 reviews previous research on
FS using RNA-Seq GED. This is followed by Section 3, which offers an in-depth dis-
cussion of the RBAVO-DE algorithm, an enhanced version of AVO, including its pa-
rameters for addressing GS. Section 4 showcases the experimental findings compared
to several recent MHMSs. Lastly, Section 6 concludes this study and proposes avenues for
future investigation.

2. Related Works

In this section, we discuss the literature that focuses on the methods researchers use
to classify RNA-Seq GED, which typically has high dimensionality. To achieve optimal
performance of classification methods, it is crucial to disregard irrelevant and unrelated
genes; hence, selecting appropriate genes is a vital stage before utilizing ML and deep
learning (DL) techniques [31] or any other classification techniques. In this regard, we have
explored some relevant papers in this domain to accomplish the objective of RNA-Seq
categorization for cancer identification.

Yaqoob et al. [32] introduced a cutting-edge technique for GS known as the Sine-
Cosine-Cuckoo Search Algorithm (SCCSA), a hybrid method tailored to function alongside
established ML models such as SVM. This innovative GS algorithm was evaluated using a
breast cancer benchmark dataset, where its performance was meticulously analyzed and
compared with other GS methodologies. To refine the selection of features, the minimum
Redundancy Maximum Relevance method was initially applied as a preliminary filtering
step. Subsequently, the hybrid SCCSA approach was deployed to further improve and
fine-tune the GS process. The final stage involved using the SVM classifier to classify the
dataset based on the selected genes. Considering the critical importance of GS in decoding
complex biological datasets, SCCSA emerges as a crucial asset for the classification of
cancer-related datasets.

Joshi et al. [33] introduced an innovative optimization strategy named PSO-CS in-
tegrated with DL for brain tumor classification. This method enhances the efficiency of
the Particle Swarm Optimization (PSO) technique by incorporating the Cuckoo Search
(CS) algorithm, optimizing the classification process. Following this optimization, PSO-CS
utilizes DL to classify GED related to brain tumors, identifying various classes associated
with specific tumors alongside the PSO-CS optimization method. By integrating the PSO-
CS technique with DL, it significantly outperformed other DL and ML models regarding
classification accuracy, as evidenced by various performance measures.
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Mahto et al. [34] unveiled a groundbreaking approach for cancer classification through
an integrated method based on CS-SMO (CS and Spider Monkey Optimization) for GS.
Initially, the fitness function of the Spider Monkey Optimization (SMO) algorithm is
modified using the CS algorithm. This modification leverages the strengths of both MHMs
to identify a subset of genes capable of predicting cancer at an early stage. To further
refine the accuracy of the CS-SMO algorithm, a pre-processing step, MRMR, is employed
to reduce the complexity of cancer gene expression datasets. Subsequently, these gene
subsets are processed using DL to classify different cancer types. The efficacy of the CS-
SMO approach coupled with DL was evaluated using eight benchmark micro-array gene
expression datasets for cancer, examining its performance across various measures. The
CS-SMO method integrated with DL demonstrated superior classification accuracy across
all examined large-scale gene expression datasets for cancer, outperforming existing DL
and ML models.

Neggaz et al. [35] introduced an improved version of the manta ray foraging opti-
mization, called MRFO-SC, which used trigonometric operators inspired by the sine-cosine
(SC) algorithm to handle the GS issue. The k-NN model was used for gene-set selection.
In addition, the statistical significance of the MRFO-SC was evaluated using Wilcoxon’s
rank-sum test at a 5% significance level. The results were evaluated and compared with
some recent MHMSs. The comparison and experimental results confirmed the effective
performance of the proposed MRFO-SC on high- and low-dimensional benchmark datasets
by obtaining the greatest classification accuracy on 85% of the GS benchmark datasets.

Lyu et al. [36] explored cancer biomarkers by focusing on genes’ significance in their
impact on classification. They followed a two-phase approach—data pre-processing and
utilizing a convolutional neural network—to classify the type of tumor. In the second phase,
they created heat maps for each category to identify genes related to pixels with the highest
intensities in the heat maps. They then evaluated the selected genes’ pathways. During
pre-processing, they removed the levels of gene expression that had not been modified
during the GS phase, using a variance threshold of 1.19, which decreased the number of
genes from 19,531 to 10,381. The final classification accuracy obtained was 95.59, which is
good but could still be improved using a more effective FS methodology to further decrease
data dimensionality.

Khalifa et al. [37] built on the aforementioned paper [36]. The focus of their study
was on five types of cancer data: Uterine Corpus Endometrial Carcinoma (UCEC), Lung
Squamous Cell Carcinoma (LUSC), Lung Adenocarcinoma (LUAD), Kidney Renal Clear
Cell Carcinoma (KIRC), and Breast Invasive Carcinoma (BRCA). The benchmark dataset
used for the study comprised 2086 records and 972 attributes. Each record provided
detailed sample information, while each attribute included the RNA-Seq values for a
specific gene, represented as RPKM (Reads Per Kilobase per Million) [38]. The researchers
employed a mixed approach using binary PSO with the decision trees (BPSO-DT) method
to pre-process the data. Out of 971 attributes, 615 were selected as the best attributes of
RNA-SEquation The proposed method achieved an overall testing classification accuracy
of 96.90%, as demonstrated by the suggested outcomes and evaluation measures used.

Xiao et al. [39] assessed their methodology using three RNA-Seq datasets: Stomach
Adenocarcinoma (STAD), BRCA, and LUAD. Their approach relied on DL techniques,
wherein they employed five classifiers and subsequently utilized the DL technique to
ensemble each output of the five classifiers. This led to an improvement in the classification
accuracy of all the predictions, with the BRCA dataset achieving 98.4% accuracy, STAD
achieving 98.78% accuracy, and LUAD achieving 99.20% accuracy.

Liu et al. [40] used micro-array data and a hybrid approach to address the problem.
Unlike the previously mentioned papers, they studied each cancer class separately. To
assess performance, they employed four gene benchmarks related to small round blue cell
tumors, colon cancer, lung cancer, and leukemia. Their proposed method used Relief as
the pre-processing technique to eliminate genes with a lower correlation with the specific
cancer class, followed by PSO as the search technique. Finally, they employed the SVM
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model to evaluate the classification accuracy of the selected subset of genes and obtain the
conclusive optimum gene subset for each cancer type.

Based on the existing research, it seems that most studies using RNA-Seq GED are
still in their early stages, with researchers attempting to implement and test various ideas
in this promising area. While the literature contains a plethora of experiments employing
multiple techniques, such as FS and DL recent methods, no single technique is perfect due
to the high dimensionality of RNA-Seq GED. FS of RNA-Seq GED plays a crucial role in
determining the relationship between a gene and its category. It is a critical pre-processing
task for validating gene biomarkers of cancer and overcoming the dimensionality curse.
Consequently, this study aims to introduce a new wrapper approach, the RBAVO-DE
algorithm, and apply it to RNA-Seq data for the first time. It also compares the proposed
algorithm’s effectiveness with that of other FS techniques.

3. Proposed RBAVO-DE for GS

An improved variant of AVO known as RBAVO-DE is proposed in this paper to
discover the smallest relevant gene subsets from the classification process and to disregard
irrelevant genes. RBAVO-DE utilizes a Relief-based binary AVO algorithm combined with
the DE technique. RBAVO-DE'’s primary feature is its ability to maximize accuracy while
utilizing the fewest features possible. The proposed RBAVO-DE consists of two primary
steps. First, there is a pre-processing step in which the Relief algorithm is used to determine
which features are significant by assigning each feature a weight and then removing the
features that are irrelevant and have the lowest weights. In the second step, the binary
AVO algorithm and the DE technique are applied to identify the more pertinent and unique
features. The AVO algorithm is prone to the local optimum trap when handling large-scale
problems. The AVO algorithm incorporates the DE technique to prevent this.

The proposed RBAVO-DE algorithm for tackling the GS strategy requires applying the
Relief algorithm, initializing, position boosting using the AVO algorithm, binary conversion,
fitness appraisal, and integration with DE. The following subsections explain these steps.

3.1. Applying the Relief Algorithm for Feature Filtration

This step aims to pre-process the population using the Relief algorithm [41], which is
considered a fast, easy, and efficient filtering technique for finding features related to one
another. This algorithm’s primary goal is to find characteristics that differentiate sample
values and group similar samples close together. As a result, the method depends on
the weighted ranking of features, where a feature with a higher weight indicates better
classification performance.

After choosing a sample randomly, the Relief algorithm examines two different kinds
of closest samples: near-hit samples, which are associated with samples from the same
class, and near-miss samples, which are associated with samples from other classes. The
near-hit and near-miss values can be used to determine the features” weights. To assess
the importance in the classification process, the features” weights are arranged from most
significant to least significant. Finally, the features with the most significant weights are
selected. The following formula can be used to determine the weight W for feature A:

Wy = Ji (x]A - I\U\/J(xf)A)2 - (fo - NH(xj)A)z. )

where W, denotes the weight of feature A, xi‘ denotes the value 40f feature A for data x/,
and N denotes the number of samples. The nearest data points to x/ in the same or different
classes are NH(x/) and NM(x/).

The Relief algorithm narrows its focus to only the necessary features and minimizes
the search area to help the AVO algorithm find better features more quickly.
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3.2. Initializing the Population

The proposed BAVO algorithm starts by randomly generating a population of N
positions. A vector of dimensions D equivalent to the number of features in the original
dataset describes each position as a possible solution at its constrained lower and upper
bounds. This randomly initialized step, bounded within the [—1, 1] range for each position
vector’s variable, uses the randomly produced position.

3.3. Boosting Positions via the AVO Algorithm

This paper presents the AVO algorithm [30], a meta-heuristic optimization algorithm
inspired by vultures in Africa and their living and feeding behaviors. Based on fundamental
ideas about vultures, the AVO algorithm is configured as follows: The African vulture
population size is initially presumed by the AVO algorithm to consist of N vultures. The
population of African vultures is then divided into three groups to reflect the primary
natural function of vultures, based on the computed fitness function. The first group
consists of the strongest vulture, which is the best solution; the second group contains
a vulture weaker than the first, which is the second-best solution; and the final group
encompasses the remaining weaker vultures, which are the worst solutions.

Based on the above, the proposed AVO algorithm is composed of four fundamental
phases to simulate the behavior of different types of vultures. The following subsections
clarify these phases.

3.3.1. Phase of Dividing the Population

The initial population is split into groups by assessing the solution’s fitness function.
The best solution is chosen as the best vulture in the first group, while the second group
contains the second-best solution. The third group contains the remaining solutions. As the
solutions constantly strive to approach the best and second-best solutions, the population
needs to be re-evaluated for each iteration, as follows:

RS — BestVulturef, if pr8 =Ly, @)
SecondBestVulture5, if pr8 = Ly,
v8
P = )
Z?:l vs

The best vulture in the first group and the second-best vulture in the second group
at the g'"* iteration are denoted by the expressions BestVul turef and SecondBestVul ture‘g,
respectively. The probability of selecting the best solution for each group at the ¢! iteration
is defined using the roulette wheel approach, as shown in Equation (3), pr8. Two random
parameters within the range [0,1] are L and Lo.

3.3.2. Phase of Measuring the Famine Level

This phase is utilized to formulate a mathematical model for the exploitation, explo-
ration, and transfer among the vultures. When they are not famished, the vultures have a
greater ability to search for food and can fly further. Furthermore, when famished, vultures
cannot fly long distances in search of food and may become violent. The i vulture’s
famine level (FY) during the g*" iteration can be written as follows, which is used to develop
a mathematical model for the vultures’ exploitation, exploration, and transfer:

F$ = (2 x rand +1) x z X (1—Giiax)+t, @)
t=hx (sinw (g X Giiax) + cos (g X G‘j;) —1). (5)

The vultures are presumably full since the variable Fig shows the vultures’ shift from
exploration to exploitation. A random number between 0 and 1 is called a rand. z denotes
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a random value within the interval [—1,1]. The current iteration number is denoted by
gi, while the maximum iteration number is denoted by G;;5x. Equation (5) calculates the
t value to help solve complicated optimization problems more effectively and prevent
reaching a local optimum. An arbitrary value within the interval [—2, 2] is represented by
h. The probability of carrying out the exploration process is regulated by the predefined
constant parameter w; the exploration likelihood grows as its value increases. Exploration
is less probable as its value declines.

Equation (4) states that as the number of iterations increases, Fig gradually lessens. As
a result, the next step in the proposed AVO algorithm can be defined as follows:

Exploration phase (Search food in diverse areas), if |Fzg | >1, ©)
Exploitation phase (Search food in surrounding area), if \Fzg| <1

3.3.3. Phase of Exploration

The vultures are characterized by their great ocular ability to locate appropriate food
during this phase. There are two different strategies used in this phase to enable vultures
to travel great distances for lengthy periods to search for food in random locations. These
locations are selected using a random number randp, and a preset parameter P;, both of
which have values within the range [0, 1]. In the exploration phase, the famine level |Flg | is
greater than or equal to 1. The exploration techniques are described as follows:

X1 _ R8 — D$ x F¥, if randp, < Py, FIF 1, @)
! RS — F* +rand x ((UB — LB) x rand + LB),  if randp, > Py, =

8 8
D? = [(2 x rand) x R8 — X?|. (8)

where the upcoming updated position at the next (g + 1) iteration is denoted by Xf +1.
The best vulture chosen for the current iteration g is denoted by R$. This is determined
using Equation (2). The vultures move randomly to protect the food from other vultures
and to provide a high degree of randomness in their search behavior. rand is a random
value between zero and one. The variables” upper bound is denoted by UB; their lower
bound by LB; and the current position at the g iteration is X;g .

3.3.4. Phase of Exploitation

In this phase, |Fig | is less than 1. The proposed AVO algorithm’s efficacy is evaluated
in two sub-phases that comprise the exploitation phase. Each of these sub-phases uses
two different strategies. For each internal sub-phase, the appropriate strategy is chosen
using two predefined parameters: P, for the first sub-phase and P; for the second, with
values ranging from 0 to 1. These two internal sub-phases are explained as follows:

e  First sub-phase of exploitation: This sub-phase applies two different strategies

when |F#| is less than 1 and greater than or equal to 0.5. The selection of one of these
two strategies is made using a random value randp, within the range [0,1] and a
specified parameter P;.
The initial strategy of this sub-phase is called siege fight, which involves sufficiently
powerful and somewhat satiated vultures. More robust and healthier vultures try
not to share food with others because they convene around a single food source. By
swarming near the healthy vultures and engaging in small fights, the weaker vultures
try to take food from them. Conversely, the second strategy is called rotational flight;
it creates a spiral movement between a superior vulture and the others. The following
illustrates the strategies for the first exploitation sub-phase:

&1 Df x (F8 +rand) —df,  if randp, < P,,
i

= ' g >
{ RS — (87 +S3), if randp, > P, }lfl > [E1205©)
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df = RS — X¢, (10)
< g rand X X;.g <
S8 = RS x (T) x cos(XS), 11)
rand x X$
S8 = RS x (7711) x sin(X$). (12)

where the vulture’s next updated position at the next (g + 1) iteration is denoted
by X;g ) Df" is defined using Equation (8), and rand is an arbitrary value between
0 and 1. The distance d5 between the vulture and one of the best two vultures
is estimated using Equation (10); R3 denotes the appropriate best vulture in the
current g'" iteration, which is computed using Equation (2); Sf and Sg are computed
employing Equations (11) and (12), respectively; and X;g denotes the current position
at the ¢'" iteration.

Second sub-phase of exploitation: This sub-phase is carried out when |Plg | is less than
0.5. Various vulture species gather around the food supply and engage in many sieges
and brawls during this sub-phase. This sub-phase employs two different strategies. A
predefined parameter P; and an arbitrary value randp,, with values ranging from 0 to
1, are used to decide which of these two strategies to use.

This sub-phase’s initial strategy is called assemble vultures around the food source.
In this strategy, different kinds of vultures search for food and may compete near a
single source. The second strategy is known as hostile siege fight. In this strategy,
the vultures become more aggressive and try to plunder the leftover food from the
healthy vultures by flocking around them in different ways. The healthy vultures, on
the other hand, deteriorate and are unable to fend off the other vultures. The following
illustrates the strategies for the second exploitation sub-phase:

1 Ajrdy j dp, <P
X$*1 = 7 if randp, < Ps, Lie |FS| <05, (13)
RS — |df| x F® x Levyy,  if randp, > P,

BestVulture‘f X Xlg
BestVulturef — (X$)

A§ = BestVulture§ — 5 X F$, (14)

g g SecondBestVulturengf g
A5 = SecondBestVulture; SecondBestValture—(X1)? x F?, (15)
Levyy = 0.01 x P27 (16)
v[?
. (1IB 1
T'(1+pB) xsin(=- 3
sigma = ( ( B) ( 25)1) ) P (17)

(1+p2) x px20=

where the next updated position of the vulture at the next (g + 1) iteration, reflecting

the assembly of vultures, is denoted by X;g i Af and A§ are evaluated using, respec-
tively, Equations (14) and (15). To increase the effectiveness of the AVO algorithm,
Levy, is the levy flight distribution function obtained using Equation (16). d is the
dimensional space; ¢ is defined by Equation (17), where f = 1.5 is a constant value;
and y and v are random numbers distributed equally within the range [0, 1].

3.4. Converting to Binary Nature

In the presented AVO algorithm, the positions are shown as real values. As such,

they are not immediately applicable to the GS binary issue. Therefore, there is a need
to convert these real position values into binary values to conform to GS’s binary nature
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and maintain the original algorithm’s structure. In this conversion, 1s represent the real
values of the pertinent selected genes in the binarization vector, whereas Os represent
the real values of the unselected genes, which are not pertinent. At each iteration g, the
following mathematical expression can be used to convert the real position X;g to a binary

position (Xlg Vpin:

1 ifx$ >,

1
0 otherwise. (18)

(Xf)bin = {
where an arbitrary threshold point within [0, 1] is represented by J. According to this
fundamental binary conversion approach, the binary “1” (selected feature) replaces its real
value if (X$)p;, is greater than 6. On the other hand, if (X$);, is smaller than delta, its real
value is set to the binary “0” (a feature that was not chosen).

3.5. Appraising the Fitness Function Value

Finding the fewest number of selected features and optimizing the classification
accuracy of the available classifiers (k-NN and SVM models) are two conflicting objectives
that should be balanced to achieve the best solution and determine its quality. Since the
k-NN and SVM classifiers” accuracies might be hampered if the number of selected features
is lower than the optimal, the fitness function balances the selected features’ size and
accuracy. The fitness function concentrates on lowering the classification error rate rather
than accuracy, as follows:

|f€atpicked|
D] 7 (19)
w1 € [O,l],wz =1—-w;.

fit = w1 X Errpgee + wo X

where featpicked denotes the number of selected features, D denotes the total number of
features in the dataset, and Err,4 represents the classification error rate from the k-NN and
SVM classifiers. The classification accuracy importance and the number of selected features
are denoted by the weight parameters w; and w», respectively. The values of w; (0.99) and w;
(0.01) are determined through extensive trials conducted in previous studies [21,42,43].

3.6. Incorporating the DE Technique

DE [44] is characterized by its high efficiency and simplicity in finding a suitable
solution for complex optimization problems. It can quickly produce value-added results.
Three main processes—mutation, crossover, and selection—are necessary for DE. The
differential mutation process seeks to produce a modified vector v; for each iteration’s
solution vector. This can be computed mathematically as follows:

7i = ?rl + WM(?1’2 - ?73) (20)

Within the range [1, population size], three randomly selected asymmetric vectors
are denoted by the symbols X, , X;,, and X;,. Wy denotes the mutation weighting factor
within the interval [0, 1].

After the mutation operation, DE performs a crossover operation to increase the
population’s variety. An offspring vector u; is produced by combining values from the
target vector X; and the altered vector v;. The most commonly used and basic factor of
crossover search is binary crossover, which has the following mathematical expression:

= i ifrand < Cror d = jrand,
i = { Xi4, otherwise. (21)

where a uniformly distributed random number j,;,4 € [1, 2, ..., Dx] is used to ensure that
the mutated vector has at least one dimension. The possibility of crossing each element is
calculated using the crossover rate Cg, frequently determined to be a big amount (Cgr = 0.9).
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The selection operation is then carried out, as shown in Equation (22). Here, a com-
parison between the fitness function f(X;) of the target vector and the corresponding
offspring vector f(u;) is performed, and the lowest-valued fitness function is kept for the
upcoming iteration.

if f(u;) < f(X5)

otherwise. (22)

) Ui
xi-{ %
3.7. The Complete RBAVO-DE Algorithm

To handle the GS strategy, the steps of the recommended RBAVO-DE algorithm are
described in the following subsections. The pseudo-code for the proposed RBAVO-DE
algorithm is provided in Algorithm 1. A flowchart of the proposed RBAVO-DE algorithm
is shown in Figure 1, illustrating its main steps.

<

Apply the Relief algorithm to pre-process the population by filtering the features.
W
Initialize a population of N positions with D dimensions. and provide the necessary
parameters’ values (Ly, Ly, w, Py, P,, P3). g « 1.
W
Set a random position X_ evaluate the fitness value fit(X) for each position in the initial
population, and arrange the positions depending on fit(X) .

No

Yes
Assign the positions of both the first best vulture Xzﬂt_i and the second best vulture
X:M_z of least fitness, and their fitness values fit{x;_ﬁ_i) and fil(x:.mmj).

Position i =N ?

randp, = P,?

status of Eq. (13) .

status of Eq. (13) .

condition of Eq. (9) .

Amend the position
X9+ by the first state
of Eq. (7).
Upgrade the position
X7+ by the second
state of Eq. (7) .

Adjust the position Upgrade the position Amend the position Adjust the position
X" by the second X7 by the first X" by the second X9+ by the first

condition of Eq. (9) .

L I 1 1

W
‘ Compute the fitness function value ﬁt(xfﬂ) for Xf“, ‘

g1

Fit(x?™) <fit(x?)

xS fr il Eis (e ‘

I

‘ Re-arrange the positions depending on fit(X). then detect X:i and fit( n:::)

%7

¥

‘ Perform the DE technique for every position to ameliorate X5
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—

Figure 1. Flowchart of the RBAVO-DE algorithm.
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Algorithm 1 The proposed RBAVO-DE algorithm.

Input:
N—total number of positions (size of population)
Gaxy—maximum number of permitted iterations
D—problem’s dimensional space
LB—lower bounds of variables
UB—upper bounds of variables
Cr—crossover rate
Wy —mutation weighting factor
Output:
Xpest—the global best vulture’s position found while searching
fit(Xpest)—the global best fitness function value found, which should be lessened
1: Start
: Apply the Relief approach for selecting the related features and filtering them, as demonstrated in Section 3.1;

3 Initialize a population of N positions, and provide the values of the necessary parameters (Ly, Ly, w, Py, P,, and P3);

4 Set a random position X in the initial population;

5: Evaluate the fitness values fit(X) for each position in the initial population;

6: Arrange the positions in ascending order depending on their fitness function fit(X);

7: g+ 1 > Current number of iterations
8 while g < Gy do

9

Assign the positions of both the first-best vulture X3, and the second-best vulture X? , as well as their fitness

Besty SecondBesty
values fit(Xngtl) and fit(Xgecunst'slz ), among all positions in the population;

10: for vulture’s positioni = 1: N do

11: Find the best vulture R¢ using Equation (2);

12: Adjust the vulture’s famine level F using Equation (4);

13: Modify the levy flight distribution function Levy, using Equation (16);

14: if |[F¥| > 1 then

15: if randp, < Pi then

16: Amend the vulture’s position Xf“ based on the first stage of the exploration phase using Equation (7);
17: else if randp, > P; then

18: Upgrade the vulture’s position X? ! based on the second stage of the exploration phase using Equation (7);
19: end if

20: elseif |[Ff| < 1then

21: if |[F{| > 0.5 then

22: if randp, < P; then

23: Adjust the vulture’s position Xf“ based on the first condition of the first exploitation sub-phase using

Equation (9);

24 else if randp, > P, then

25: Amend the vulture’s position X{ *! based on the second condition of the first exploitation sub-phase
using Equation (9);

26: end if

27: else if [Ff| < 0.5 then

28: if randp, < P; then

29: Upgrade the vulture’s position X} ™! based on the first status of the second exploitation sub-phase using
Equation (13);

30: else if randp, > P; then

31: Adjust the vulture’s position X;QH based on the second status of the second exploitation sub-phase using
Equation (13);

32: end if

33: end if

34: end if

35: fit(XF 1) ¢~ Compute the fitness function value for X¢ +

36: if fit(X5T) < fit(X?) then

37: X x5

38: Fit(X8) « fit(xETh;

39: end if

40: end for

41: Re-arrange the positions in ascending order depending on their fitness function fit(X);

42: Detect the global best position Xﬁ;} and its global best fitness value f it(Xi;}) when the current iteration g + 1 is over;

43: Perform the DE technique for every position to ameliorate Xﬁ;}, as shown in Section 3.6;

44: Xpest — X310

45: Fit(Xpest)  Fit(X30);

46: g+—g+1;

47: end while

48: End

4. Experimental Results and Discussion

This section presents the empirical findings of the proposed RBAVO-DE and its
counterparts: Binary Artificial Bee Colony (BABC) [45], Binary Salp Swarm Algorithm
(BSSA) [46], Binary PSO (BPSO) [47], Binary Bat Algorithm (BBA) [48], Binary Grey-Wolf
Optimization (BGWO) [49], Binary Grasshopper Optimization Algorithm (BGOA) [50],
Binary Whale Optimization Algorithm (BWOA) [51], Binary ASO (BASO) [52], Binary Bird
Swarm Algorithm (BBSA) [53], Binary HGSO (BHGSO) [54], and Binary Harris Hawks
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Optimization (BHHO) [55]. The optimizers undergo evaluation through training and
testing benchmarks, with conclusive results derived from the average values of the evalua-
tion metrics. The benchmarks employed for assessing the performance of the proposed
model are detailed in Section 4.1. The parameters used in the operational environments are
outlined in Section 4.2. The metrics used for evaluation are described in Section 4.3. The
analysis of the experimental outcomes is discussed in Section 4.4.

4.1. Dataset Description

In-depth experimental approaches and various wrapper algorithms were applied to
twenty-two datasets of gene descriptions; the data comprise normalized Level 3 RNA-Seq
gene expression data for twenty-two kinds of tumors from the Broad Institute. These
data are publicly accessible and can be found in [56]. We adhered to the methodology
described in [36] and observed discrepancies between the data referenced from GitHub
in the paper and the figures reported within the document, which were sourced from the
website. The website’s data included a mix of tumor and standard samples, whereas the
paper treated the data uniformly as tumor samples. Consequently, we conducted a detailed
examination of the data. Initially, the website offered various formats of the identical
dataset we intended to analyze. Upon delving into the data, we encountered the following
challenges:

e Certain genes are identified by ID but lack an associated symbol.
e  Some genes are absent from the annotation file.
¢ There is a mix-up of samples, including both normal and tumor types.

Consequently, pre-processing was necessary to segregate and identify samples, distin-
guish between normal and tumor samples for use in binary classification, and streamline
the GS process. We addressed the challenges above in the following manner:

e We looked up the corresponding gene symbol for each ID found in the annotation file.

e After cross-referencing with the annotating file, over one hundred genes were eliminated.

*  Based on the sample report, every Excel sheet’s row was organized according to the
kind of sample for binary classification.

Moreover, the Relief approach, as detailed in Section 3.1, was utilized in the pre-
processing stage to calculate the weight of each gene within the benchmark. These weights
were subsequently ordered from highest to lowest. Genes with lower weights were then
removed. The Relief approach was useful for discarding genes that do not contribute
to classification.

Following the pre-processing phase, the data were refined and ready for the GS process.
Contrary to the approach used in [36], which tackled the multi-classification of all types of
cancer together, we opted to analyze every cancer type individually for greater specificity.
Table 1 [57] presents a comprehensive overview of all twenty-two tumor types and their
respective sample counts. The number of features utilized in the benchmark datasets is
32,000 features (genes).

Table 1. Datasets employed in this paper [57].

# Cancer Normal Tumor
Records Records

1 Bladder Urothelial Carcinoma (BLCA) 19 408

2 Thyroid Cancer (THCA) 59 501

3  Cervical and Endocervical Cancers (CESCs) 3 304

4  Cholangiocarcinoma (CHOL) 9 36

5 Colon Adenocarcinoma (COAD) 41 458

6 Esophageal Cancer (ESCA) 13 184

7  Glioblastoma Multiforme (GBM) 5 153
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Table 1. Cont.

#  Cancer Normal Tumor
Records Records

8  Thymoma (THYM) 2 120
9  Head and Neck Squamous Cell Carcinoma

(HNSC) 44 520
10 Kidney Chromophobe (KICH) 25 66
11  KIRC 72 533
12 Kidney Renal Papillary 32 290

(KIRP)
13 Liver Hepatocellular Carcinoma (LIHC) 50 371
14 LUAD 59 515
15 LUSC 51 501
16  Pancreatic Adenocarcinoma (PAAD) 4 178
17 UCEC 35 176
18  Pheochromocytoma and 3 179

Paraganglioma (PCPG)
19 Rectum adenocarcinoma (READ) 10 94
20  Sarcoma (SARC) 2 259
21  Skin Cutaneous Melanoma (SKCM) 1 103
22  STAD 37 415

4.2. Parameter Setting

The proposed RBAVO-DE algorithm was compared against binary variants of different
meta-heuristic optimizers, such as BABC, BSSA, BPSO, BBA, BGWO, BWOA, BBSA, BGOA,
BHHO, BASO, and BHGSO. The critical parameters for the ML models employed in this
study are detailed in Table 2.

Table 2. The key parameters of the employed ML models.

Model Parameters
SVM Polynomial kernel = 2
k-NN Euclidean distance metric k = 5 [21,58,59]

Within the proposed framework, the validity of the results was verified using a 10-fold
cross-validation approach to ensure the reliability of the outcomes. This involved randomly
dividing each dataset into two distinct subsets: 80% for training and the remaining 20%
for testing. The training portion was employed to train the presented classifiers using
optimization techniques, while the testing portion was used to evaluate the selected genes’
effectiveness. The parameters most commonly applied across all compared algorithms are
summarized in Table 3. To execute all experiments in this paper, Python was utilized in a
computational environment with a Dual Intel® Xeon® Gold 5115 2.4 GHz CPU and 128 GB
of RAM on the Microsoft Windows Server 2019 operating system.

Table 3. Parameter configurations of all utilized optimizers.

Optimizer Parameters

All optimizers Execution count = 30
Maximum count of iterations G5, = 100
Size of population N = 10
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Table 3. Cont.

Optimizer Parameters

Dimensionality D = The count of genes
in the employed datasets
Upper boundaries UB
Lower boundaries LB

Proposed RBAVO-DE Parameter Ly = 0.7
Parameter L, = 0.2
Parameter w = 2
Parameter P; = 0.6
Parameter P, = 0.6
Parameter P; = 0.5

BSSA Count of scroungers SD = 0.1 x N
Count of producers PD = 0.2 x N
Safety threshold ST = 0.8

BABC Count of employed bees = 16
Count of scout bees = 3
Count of onlooker bees = 4

BPSO Inertia weight (wmax = 0.9wmin = 0.4)
Acceleration coefficients (c; = ¢; = 1.2)
BBA Loudness A = 0.8

Pulse emission rate r = 0.95
Lower and upper pulse frequencies = 0,10

BWOA a is linearly decreased from 2 to 0
p=205
b=10
BHHO Rabbit energy E € [—1,1]
BGWO a is linearly decreased from 2 to 0
BGOA Cmin = 0.00004 and Cmax =1
BBSA Frequency of flight ff = 10

Effect on birds’ vigilance

Followed coefficient f1 = 0.5
Probability of foraging for food p = 0.8
Acceleration coefficients (¢; = ¢, = 1.5)
behaviors (a1 = a; = 1.0)

BASO Depth weight a = 50
Multiplier weight f = 0.2
BHGSO Count of clusters = 2

& =p=01K=10,and I3 = 1E — 02
l; =5E — 03,1 = 1E + 02

4.3. Evaluation Criteria

To evaluate the proposed RBAVO-DE'’s effectiveness relative to other methods, each
strategy was independently tested thirty times on each benchmark to ensure statistical
validation of the results. For this purpose, the following established performance metrics
for the GS issues were employed:

®  Mean classification accuracy (Mean oc): This measure represents the accuracy of
correctly classifying data, calculated by running the algorithm independently thirty
times. It is determined in the following way:

30 m
Mean pc = Z Z match(PL,, AL;) (23)
k=1r=1
In this formula, m denotes the number of samples in the test dataset, while PL,
and AL, denote the predicted labels from the classifier and the actual class labels
for sample r, respectively. The function match(PL,, AL,) serves as a comparison
mechanism, where if PL, is equal to AL,, then match(PL,, AL,) is assigned a value of
1; if they do not match, it is assigned a value of 0.
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*  Mean fitness (Meanp;): This measure calculates the average meanFi, achieved by
running the proposed approach thirty times independently. It gauges the balance
between lowering the classification error rate and minimizing the number of genes
selected. A lower value indicates a superior solution, assessed based on fitness:

1 30 .
MeanFi = — 24
eanFi 30];]‘* (24)

where f¥ shows the optimum fitness value achieved in the k — th execution.

e Mean number of chosen genes (MeanGe): This metric calculates the average num-
ber of genes chosen (or GS ratio) by running the proposed approach thirty times
independently, and it is defined as follows:

1 30
MeanFe = Z

|D| (25)
Here, |d| denotes the total count of genes chosen in the optimal solution for the k" ex-
ecution, and | D| represents the total number of genes present in the initial benchmark.

e Standard Deviation (STDE): Based on the outcomes above, the overall average
results derived from thirty separate executions of each optimizer on every benchmark
were assessed for stability in the following manner:

1 30
— k_ 2
STDE J 5 k:Zl(Y Meany) (26)

where Y shows the measure to be utilized, Y * k denotes the measure value Y in the
k¢h run, and Meany is the mean of the measure from thirty independent executions.

The data in the subsequent tables represent the mean values obtained from thirty
independent executions, focusing on classification accuracy, the number of chosen genes,
average fitness, precision, recall, and F1-score. The ensuing subsections thoroughly examine
and discuss these experimental findings, with bold figures highlighting the optimal results.

4.4. Results of Comparing the Proposed RBAVO-DE with Various Meta-Heuristic Algorithms

The proposed RBAVO-DE approach with the SVM and k-NN models was compared
with other recent meta-heuristic methods executed under the same conditions to show its
superiority over its counterparts. The proposed RBAVO-DE algorithm was compared with
binary variants of several optimizers, including BABC, BSSA, BPSO, BBA, BGWO, BWOA,
BBSA, BGOA, BHHO, BASO, and BHGSO.

4.4.1. Results Employing the k-NN Model

Table 4 shows the results of the proposed RBAVO-DE algorithm and other optimization
techniques employing the k-NN model, based on accuracy metrics compared under similar
conditions. The experimental outcomes reveal that the proposed RBAVO-DE achieved
the most promising outcomes in four benchmarks. It is noteworthy that all competitive
methods, including the proposed RBAVO-DE employing the k-NN model, produced
comparable outcomes across eighteen benchmarks.

The rest of the metrics for the k-NN model are shown in Appendix A.1. In terms
of the average fitness values, the proposed RBAVO-DE algorithm demonstrated higher
efficiency compared to its counterparts using the k-NN model under similar conditions.
The RBAVO-DE algorithm yielded the lowest fitness results and the most competitive STDE
across all benchmarks. Also, all utilized benchmarks are high-dimensional, demonstrating
that the proposed RBAVO-DE can run effectively on all benchmarks regardless of size. The
RBAVO-DE algorithm shows promise by effectively balancing exploitation and exploration
of the search space, avoiding becoming trapped in local optima during iterations. Unlike
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many other algorithms that tend to become trapped, it demonstrated the ability to escape
such traps.

Regarding the mean results for the genes selected by the proposed RBAVO-DE algo-
rithm and its counterparts employing k-NN, the proposed RBAVO-DE algorithm surpassed
the other methods across all benchmarks concerning the number of chosen genes. Fur-
thermore, the RBAVO-DE’s capacity to identify significant genes is due to its effective
exploration of possible areas while enhancing accuracy.

In terms of the mean precision of the proposed RBAVO-DE algorithm and its coun-
terparts with k-NN, the proposed RBAVO-DE outperformed alternative approaches for
three of the twenty-two datasets. For nineteen datasets, BWOA achieved similar results,
while BABC, BPSO, BGWO, BGOA, and BHHO obtained results similar to those of the
proposed RBAVO-DE. BASO and BHGSO, which produced the same outcomes as the
proposed RBAVO-DE on seventeen datasets, ranked fourth. Ultimately, BBA ranked low-
est among all approaches, producing similar outcomes to the proposed RBAVO-DE for
fifteen datasets.

Regarding the mean recall of the proposed RBAVO-DE and its counterparts employ-
ing k-NN, RBAVO-DE outperformed the alternative approaches for three of the twenty-
two datasets. On the other hand, BSSA, BABC, BPSO, BGWO, BWOA, BGOA, and BBSA
produced the same outcomes as RBAVO-DE for 19 datasets, while BHHO achieved simi-
lar results for 18 datasets. BHGSO, which obtained the same outcomes as the proposed
RBAVO-DE for seventeen datasets, ranked fourth. Ultimately, BASO and BBA ranked
lowest among all approaches, producing similar results to RBAVO-DE for sixteen datasets.

With regard to the mean F1-score of the proposed RBAVO-DE and its counterparts
employing k-NN, the proposed RBAVO-DE outperformed the alternative approaches for
three of the twenty-two datasets. In contrast, for eighteen datasets, BSSA, BABC, BPSO,
BGWO, BGOA, and BBSA produced the same outcomes as RBAVO-DE, while BWOA and
BHHO produced comparable outcomes for seventeen datasets. BASO and BHGSO, which
obtained the same outcomes for 16 datasets as the proposed RBAVO-DE, ranked fourth.
Ultimately, BBA ranked lowest among all approaches, producing similar outcomes to the
proposed RBAVO-DE for fourteen datasets.

Table 4. The results of the proposed RBAVO-DE algorithm and its counterparts using k-NN regarding

average classification accuracy results.

Dataset  Metric RBAVO-DE BSSA BABC BPSO BBA BGWO BWOA BGOA BHHO BBSA BASO BHGSO
BLCA Average  0.998 0.993 0.998 0.993 0.989 0.995 0.994 0.993 0.991 0.994 0.994 0.989
STDE 0.004 0.006 0.005 0.006 0.003 0.006 0.006 0.006 0.005 0.006 0.006 0.002
CESC Average  0.984 0.984 0.984 0.984 0.984 0.984 0.984 0.984 0.984 0.984 0.984 0.984
STDE 0.000 0.000 0.000 0.000 0.000 0.000 0.000 0.000 0.000 0.000 0.000 0.000
CHOL Average  1.000 1.000 1.000 1.000 1.000 1.000 1.000 1.000 1.000 1.000 1.000 1.000
STDE 0.000 0.000 0.000 0.000 0.000 0.000 0.000 0.000 0.000 0.000 0.000 0.000
COAD Average  1.000 1.000 1.000 1.000 1.000 1.000 1.000 1.000 1.000 1.000 1.000 1.000
STDE 0.000 0.000 0.000 0.000 0.000 0.000 0.000 0.000 0.000 0.000 0.000 0.000
ESCA Average  0.974 0.974 0.974 0.974 0.974 0.974 0.974 0.974 0.974 0.974 0.974 0.974
STDE 0.000 0.000 0.000 0.000 0.000 0.000 0.000 0.000 0.000 0.000 0.000 0.000
GBM Average  1.000 1.000 1.000 1.000 1.000 1.000 1.000 1.000 1.000 1.000 1.000 1.000
STDE 0.000 0.000 0.000 0.000 0.000 0.000 0.000 0.000 0.000 0.000 0.000 0.000
HNSC Average  0.993 0.991 0.991 0.991 0.991 0.992 0.991 0.991 0.991 0.991 0.991 0.991
STDE 0.004 0.002 0.002 0.000 0.000 0.002 0.000 0.000 0.000 0.002 0.000 0.000
KICH Average  1.000 1.000 1.000 1.000 1.000 1.000 1.000 1.000 1.000 1.000 1.000 1.000
STDE 0.000 0.000 0.000 0.000 0.000 0.000 0.000 0.000 0.000 0.000 0.000 0.000
KIRC Average  0.998 0.993 0.994 0.992 0.992 0.994 0.992 0.994 0.993 0.993 0.993 0.992
STDE 0.003 0.003 0.004 0.002 0.000 0.004 0.002 0.004 0.003 0.003 0.003 0.000
KIRP Average  1.000 1.000 1.000 1.000 1.000 1.000 1.000 1.000 1.000 1.000 1.000 1.000
STDE 0.000 0.000 0.000 0.000 0.000 0.000 0.000 0.000 0.000 0.000 0.000 0.000
LIHC Average  1.000 1.000 1.000 1.000 1.000 1.000 1.000 1.000 1.000 1.000 1.000 1.000
STDE 0.000 0.000 0.000 0.000 0.000 0.000 0.000 0.000 0.000 0.000 0.000 0.000
LUAD Average  0.991 0.991 0.991 0.991 0.991 0.991 0.991 0.991 0.991 0.991 0.991 0.991
STDE 0.000 0.000 0.000 0.000 0.000 0.000 0.000 0.000 0.000 0.000 0.000 0.000
LUsC Average  1.000 1.000 1.000 1.000 1.000 1.000 1.000 1.000 1.000 1.000 1.000 1.000
STDE 0.000 0.000 0.000 0.000 0.000 0.000 0.000 0.000 0.000 0.000 0.000 0.000
PAAD Average  1.000 1.000 1.000 1.000 1.000 1.000 1.000 1.000 1.000 1.000 1.000 1.000
STDE 0.000 0.000 0.000 0.000 0.000 0.000 0.000 0.000 0.000 0.000 0.000 0.000
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Table 4. Cont.

Dataset Metric =~ RBAVO-DE BSSA ~ BABC  BPSO  BBA BGWO BWOA BGOA BHHO BBSA  BASO  BHGSO
PCPG  Average  1.000 1.000 1.000 1.000 1.000 1.000 1.000 1.000 1.000 1.000 1.000 1.000
STDE 0.000 0.000 0.000 0.000 0.000 0.000 0.000 0.000 0.000 0.000 0.000 0.000
READ  Average  1.000 1.000 1.000 1.000 1.000 1.000 1.000 1.000 1.000 1.000 1.000 1.000
STDE 0.000 0.000 0.000 0.000 0.000 0.000 0.000 0.000 0.000 0.000 0.000 0.000
SARC  Average 0.981 0.981 0.981 0.981 0.981 0.981 0.981 0.981 0.981 0.981 0.981 0.981
STDE 0.000 0.000 0.000 0.000 0.000 0.000 0.000 0.000 0.000 0.000 0.000 0.000
SKCM  Average  1.000 1.000 1.000 1.000 1.000 1.000 1.000 1.000 1.000 1.000 1.000 1.000
STDE 0.000 0.000 0.000 0.000 0.000 0.000 0.000 0.000 0.000 0.000 0.000 0.000
STAD  Average 0.999 0.99 0.999 0.996 0.989 0.99 0.995 0.997 0.992 0.995 0.996 0.989
STDE 0.003 0.005 0.004 0.005 0.000 0.005 0.006 0.005 0.005 0.006 0.005 0.000
THCA  Average  1.000 1.000 1.000 1.000 1.000 1.000 1.000 1.000 1.000 1.000 1.000 1.000
STDE 0.000 0.000 0.000 0.000 0.000 0.000 0.000 0.000 0.000 0.000 0.000 0.000
THYM  Average  1.000 1.000 1.000 1.000 1.000 1.000 1.000 1.000 1.000 1.000 1.000 1.000
STDE 0.000 0.000 0.000 0.000 0.000 0.000 0.000 0.000 0.000 0.000 0.000 0.000
UCEC  Average 0.998 0.985 0.988 0977 0.969 0.984 0977 0.978 0978 0.979 0.976 0.968
STDE 0.008 0.012 0.013 0.006 0.011 0.012 0.006 0.008 0.009 0.009 0.005 0.011
Ranking W|T|L  4[18]0 0/18}4  ©0[18/4  O[184  0/18}4  0|18}4  0[18}4  O[184  O0/18]4  0[18}4  0[18]4  0[18]4

Boldface values denote the best results.

4.4.2. Results Employing the SVM Model

Table 5 displays the outcomes of the proposed RBAVO-DE and various optimization
techniques employing the SVM model concerning classification accuracy results assessed
under identical running conditions. The experimental outcomes demonstrate that the
proposed RBAVO-DE algorithm outperformed the other approaches by obtaining the most
promising values for four datasets. All competitive methods, including the proposed

RBAVO-DE employing SVM, obtained equivalent values across 18 benchmarks.

algorithms that tend to become trapped, it demonstrated the ability to escape such traps.

non-feasible solutions.

for sixteen datasets.

The rest of the metrics utilizing SVM are presented in Appendix A.2. Regarding the
mean fitness values of the proposed RBAVO-DE and its counterparts employing the SVM
model under equivalent running conditions, the proposed RBAVO-DE proved to be more
efficient than the other methods. The proposed RBAVO-DE employing the SVM model
yielded the lowest fitness values and the most competitive STDE across all benchmarks.
Also, all utilized benchmarks are high-dimensional, demonstrating that the proposed
RBAVO-DE can run effectively on all benchmarks regardless of size. The RBAVO-DE
algorithm shows promise by effectively balancing exploitation and exploration of the search
space, avoiding becoming trapped in local optima during iterations. Unlike many other

Regarding the mean results for the genes selected by the proposed RBAVO-DE and its
counterparts employing SVM, the proposed RBAVO-DE achieved more promising results
than other techniques across all benchmarks utilized in this study. Also, the superiority
of the proposed RBAVO-DE employing SVM in this context demonstrates its capability
to effectively explore valuable regions of the search space while avoiding regions with

With regard to the average precision values of the proposed RBAVO-DE and its
counterparts employing SVM, the proposed RBAVO-DE outperformed the alternative
approaches for three of the twenty-two datasets. On the other hand, for eighteen datasets,
BABC, BGWO, BWOA, BBSA, and BASQO yielded comparable results. For seventeen datasets,
BSSA, BPSO, BGOA, and BHHO yielded results similar to those of RBAVO-DE, thereby
ranking fourth. Ultimately, BBA ranked lowest among all approaches, producing similar
outcomes to those of the proposed RBAVO-DE for twelve datasets.
In terms of the mean recall of the proposed RBAVO-DE method and its counterparts
using SVM, the proposed RBAVO-DE outperformed the alternative approaches for three of
the twenty-two datasets. In contrast, BPSO and BHHO performed similarly for eighteen
datasets, while BSSA, BABC, BGWO, BWOA, BGOA, and BBSA produced the same results
as the proposed RBAVO-DE for nineteen datasets. BHGSO, which obtained the same
outcomes as RBAVO-DE for seventeen datasets, ranked fourth. In the end, BASO and BBA
ranked lowest among all approaches, producing outcomes similar to those of REAVO-DE
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Regarding the mean Fl-score of the proposed RBAVO-DE algorithm and its counter-
parts employing SVM, the proposed RBAVO-DE outperformed the alternative approaches
for five of the twenty-two datasets. On the other hand, BWOA produced outcomes similar
to those of the proposed RBAVO-DE for seventeen datasets, while BSSA, BABC, BPSO,
BGWO, BGOA, and BBSA produced comparable results for sixteen datasets. BHHO, which
obtained the same outcomes as the proposed RBAVO-DE for fifteen datasets, ranked fourth.
Ultimately, BBA ranked lowest among all approaches, producing similar outcomes to those
of RBAVO-DE for 12 datasets.

Table 5. The results of the proposed RBAVO-DE algorithm and its counterparts employing SVM
regarding average classification accuracy values.

Dataset Metric RBAVO-DE BSSA  BABC  BPSO  BBA BGWO BWOA BGOA BHHO BBSA  BASO  BHGSO
BLCA  Average  1.000 1.000 1.000 1.000 1.000 1.000 1.000 1.000 1.000 1.000 1.000 1.000
STDE 0.000 0.000 0.000 0.000 0.000 0.000 0.000 0.000 0.000 0.000 0.000 0.000
CESC  Average  1.000 1.000 1.000 1.000 1.000 1.000 1.000 1.000 1.000 1.000 1.000 1.000
STDE 0.000 0.000 0.000 0.000 0.000 0.000 0.000 0.000 0.000 0.000 0.000 0.000
CHOL Average 1.000 1.000 1.000 1.000 1.000 1.000 1.000 1.000 1.000 1.000 1.000 1.000
STDE 0.000 0.000 0.000 0.000 0.000 0.000 0.000 0.000 0.000 0.000 0.000 0.000
COAD  Average  1.000 1.000 1.000 1.000 1.000 1.000 1.000 1.000 1.000 1.000 1.000 1.000
STDE 0.000 0.000 0.000 0.000 0.000 0.000 0.000 0.000 0.000 0.000 0.000 0.000
ESCA  Average  0.986 0975 0977 0.974 0.974 0977 0974 0.975 0975 0975 0.974 0.974
STDE 0013 0.004 0.008 0.000 0.000 0.008 0.000 0.005 0.005 0.005 0.000 0.000
GBM Average 1.000 1.000 1.000 1.000 1.000 1.000 1.000 1.000 1.000 1.000 1.000 1.000
STDE 0.000 0.000 0.000 0.000 0.000 0.000 0.000 0.000 0.000 0.000 0.000 0.000
HNSC  Average  1.000 1.000 1.000 1.000 1.000 1.000 1.000 1.000 1.000 1.000 1.000 1.000
STDE 0.000 0.000 0.000 0.000 0.000 0.000 0.000 0.000 0.000 0.000 0.000 0.000
KICH Average 1.000 1.000 1.000 1.000 1.000 1.000 1.000 1.000 1.000 1.000 1.000 1.000
STDE 0.000 0.000 0.000 0.000 0.000 0.000 0.000 0.000 0.000 0.000 0.000 0.000
KIRC Average  1.000 1.000 1.000 1.000 1.000 1.000 1.000 1.000 1.000 1.000 1.000 1.000
STDE 0.000 0.000 0.000 0.000 0.000 0.000 0.000 0.000 0.000 0.000 0.000 0.000
KIRP Average 1000 1.000 1.000 1.000 1.000 1.000 1.000 1.000 1.000 1.000 1.000 1.000
STDE 0.000 0.000 0.000 0.000 0.000 0.000 0.000 0.000 0.000 0.000 0.000 0.000
LIHC Average 1.000 1.000 1.000 1.000 0.9992 1.000 1.000 1.000 1.000 1.000 1.000 1.000
STDE 0.000 0.000 0.000 0.000 0.0029  0.000 0.000 0.000 0.000 0.000 0.000 0.000
LUAD  Average 0.993 0.991 0.991 0.991 0.991 0.991 0991 0.991 0.991 0.991 0.992 0.991
STDE 0.003 0.000 0.000 0.000 0.000 0.000 0.000 0.000 0.000 0.000 0.002 0.000
LUSsC Average 1.000 1.000 1.000 1.000 1.000 1.000 1.000 1.000 1.000 1.000 1.000 1.000
STDE 0.000 0.000 0.000 0.000 0.000 0.000 0.000 0.000 0.000 0.000 0.000 0.000
PAAD  Average 1.000 1.000 1.000 1.000 1.000 1.000 1.000 1.000 1.000 1.000 1.000 1.000
STDE 0.000 0.000 0.000 0.000 0.000 0.000 0.000 0.000 0.000 0.000 0.000 0.000
PCPG  Average  1.000 1.000 1.000 1.000 1.000 1.000 1.000 1.000 1.000 1.000 1.000 1.000
STDE 0.000 0.000 0.000 0.000 0.000 0.000 0.000 0.000 0.000 0.000 0.000 0.000
READ Average 1.000 1.000 1.000 1.000 1.000 1.000 1.000 1.000 1.000 1.000 1.000 1.000
STDE 0.000 0.000 0.000 0.000 0.000 0.000 0.000 0.000 0.000 0.000 0.000 0.000
SARC  Average  0.994 0.986 0.989 0.986 0.981 0.989 0987 0.986 0.984 0.986 0.984 0.981
STDE 0.008 0.008 0.009 0.008 0.000 0.009 0.009 0.008 0.006 0.008 0.007 0.000
SKCM  Average  1.000 1.000 1.000 1.000 1.000 1.000 1.000 1.000 1.000 1.000 1.000 1.000
STDE 0.000 0.000 0.000 0.000 0.000 0.000 0.000 0.000 0.000 0.000 0.000 0.000
STAD  Average  0.990 0.989 0.989 0.989 0.989 0.989 0.989 0.989 0.989 0.989 0.989 0.989
STDE 0.003 0.000 0.000 0.000 0.002 0.000 0.000 0.000 0.002 0.000 0.000 0.000
THCA  Average  1.000 1.000 1.000 1.000 1.000 1.000 1.000 1.000 1.000 1.000 1.000 1.000
STDE 0.000 0.000 0.000 0.000 0.000 0.000 0.000 0.000 0.000 0.000 0.000 0.000
THYM Average 1.000 1.000 1.000 1.000 1.000 1.000 1.000 1.000 1.000 1.000 1.000 1.000
STDE 0.000 0.000 0.000 0.000 0.000 0.000 0.000 0.000 0.000 0.000 0.000 0.000
UCEC  Average  1.000 1.000 1.000 1.000 1.000 1.000 1.000 1.000 1.000 1.000 1.000 1.000
STDE 0.000 0.000 0.000 0.000 0.000 0.000 0.000 0.000 0.000 0.000 0.000 0.000
Ranking W|T|L  4[18]0 0[18/4 0184  0[184  O[184  O[184  O[18}4  O[18}4  O[18]4 0184  0[18}4 0184

Boldface numbers indicate the best results.

4.5. Convergence Analysis

It is evident in Appendix B [57] that the proposed RBAVO-DE employing the SVM and
k-NN models attained optimum convergence behavior across all benchmarks. Therefore,
the convergence performance of the proposed RBAVO-DE employing the SVM and k-NN
models demonstrates its capability to reach optimal outcomes promptly while maintaining
an efficient equilibrium between search and exploitation.
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4.6. Wilcoxon’s Rank-Sum Test

This paper compares the fitness values achieved by the proposed RBAVO-DE and its
counterparts pairwise using the Wilcoxon rank-sum test [60], which aims to determine
whether there is a statistically significant difference between the different approaches. This
test is a crucial tool for evaluating the success of the proposed algorithm. The Wilcoxon
test is employed in hypothesis testing to compare matched data. It involves sorting the
absolute differences in the outcomes of paired procedures on the j* of N issues. Next,
the lowest value is found by summing the positive (R") and negative (R™) rankings.
The null hypothesis is rejected if the resultant significance level is less than 5%, and not
rejected otherwise.

From examining the results of the comparison made between the RBAVO-DE and its
counterparts pairwise using the Wilcoxon test, we found that all R* values equal 253, all
R~ values equal 0, and all p-values equal 4.768 x 10~ which are less than 0.05 (significance
level of 5%). Hence, it can be concluded that the proposed RBAVO-DE employing SVM
and k-NN performs better than any other algorithm in all cases. Therefore, all p-values
less than 0.05 (significance level of 5%) offer compelling evidence that the outcomes of the
proposed strategy are statistically significant and not just coincidental.

4.7. Computational Complexity of the RBAVO-DE Algorithm and Various
Meta-Heuristic Algorithms

4.7.1. Computational Complexity of the Execution Time of the RBAVO-DE Algorithm

Each of RBAVO-DE's five core steps can be analyzed separately to determine its com-
putational complexity. These steps include filtering features, initializing the population,
boosting and amending the position, appraising the fitness function, and using DE. Then,
Oexecute_time(RBAVO — DE) can be utilized to represent the overall computational com-
plexity of the proposed RBAVO-DE algorithm. This can be computed using the following
big-O notation formulas:

Oexecute_time (RBAVO - DE) execute_time Fﬂtering features) +

O (
Oexecute_time(Initializing population)+
Oexecute_time(Boosting and amending position)+  (27)
Oecxecute_time(Appraising fitness function)+

(

Oexecute._time(Incorporating DE technique).

Since N determines the population size, G4y is the maximum number of iterations
allowed, and D is the problem’s dimensional space. Hence,

Oexecute_time (Filtering features) = Oexecute_time(D )

Oexecuteﬁtime (IniﬁahZing population) = Oexecutejime (N )

Oexecute_time(Boosting and amending position) = O,xecute_time(Gmax X N x D).
Oexecute_time (Appraising fitness function) = O,yecute_time(Gmax X N).
Oexecute._time(Incorporating DE technique) = O,yecute time(N X D).

For that,

Opxecute_time(RBAVO — DE) = Opyecute time(D)+
Ocxecute_time(N) 4 Oexecute_time(Gmax X N x D)+
Oexecute._time(Gmax X N) + Opxecute_time(N x D) =

Ocxecute_time(Gmax X N X D).

129



Algorithms 2024, 17, 342

4.7.2. Computational Complexity of the Memory Usage of the RBAVO-DE Algorithm

This involves measuring the amount of memory required by an algorithm to tackle a

problem as the quantity of the input increases. It is frequently expressed as the additional
memory needed by the algorithm beyond the input. It entails merging the following two
primary elements:

1.

Memory usage of input variables: This is the amount of memory required for the
algorithm to store the input data. There are 13 input variables related to the proposed
RBAVO-DE algorithm, as follows: N, Gy, D, LB, UB, Cr, Wy, L1, Lo, w, Py, P, and
P5. Since each variable stores numerical values, 4 bytes of memory are utilized by each
one. Consequently, the total memory usage complexity of these 13 input variables is
52 bytes (13 x 4 bytes = 52 bytes). The memory usage complexity of the input values
is constant.

Additional memory usage: This shows how much more memory the algorithm needs
in addition to the input. It includes the memory required for data structures, internal
variables, and other components of the algorithm. Regardless of the size of the input,
the RBAVO-DE algorithm requires a specific amount of extra memory. The following
variables are involved:

e The memory usage complexity consumed by Xj,i+iar is (4 X N x D) bytes. This is
because each position in the positions vector X,;si; requires 4 bytes of memory,
and its size is (N x D), proportionate to the initial population of N positions
with dimension size D. Because the amount of memory required rises linearly
with the value (N x D), its memory use complexity is linear.

e The variables pr, g, F;, t, R, D;, dt, S1, Sz, A1, A, sigma, fit(X;), fit(Xpest, ),
fit(XsecondBest, ), and fit(Xpest) require 4 bytes of memory space each since they
only represent numerical values. As a result, the total memory usage complexity
of these 16 variables is 64 bytes (16 x 4 bytes = 64 bytes). This memory usage
complexity is constant.

e The position vectors BestVulture;, SecondBestVulturey, X;, Levyy, u, o, Xf’i”, v;,
X1, Xryy Xry, ttj, and Xpes €ach require 4 bytes of memory space, and the size of
each vector is D, proportionate to the dimension size of the acquired positions.
As a result, the vectors at these 13 points have a total memory usage complexity
of (52 x D) bytes (13 x 4 x D bytes). Since the memory needed grows linearly
with the value D, its memory consumption complexity is linear.

As a result, the overall memory usage complexity for all of the additional variables
listed above is (4 x N x D) + 64 + (52 x D) bytes.

Lastly, the following formula can be used to determine the computational complexity

of the overall memory usage of the proposed RBAVO-DE algorithm:

Memory usage complexity(RBAVO-DE) = Input values memory usage+

Additional memory usage =52+ ((4 x N x D) + 64 + (52 x D)) bytes.

Keep in mind that there are constant bytes that are not taken into account. In big-O

notation, the computational complexity of the total memory consumption of RBAVO-DE
can be represented as Omemory_usage(RBAVO — DE). This can then be calculated in big-O
notation after eliminating all constants in the following way:

Omemory_usage(RBAVO — DE) = Omemory_usage(Input values memory usage)+

Omemory_usage(Additional memory usage) =

Omemory_usage(l) + (Omemory_usage(N X D) + Omemory_usage(l) + Omemory_usage(D)) =

Omemory_usage(N X D)
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It can be difficult to compile a thorough comparison of the memory usage and execu-
tion time complexity of various meta-heuristic algorithms since these complexities might
differ based on the particular implementation, size of the problem, and other operators. Fur-
thermore, not all of the algorithms listed have comprehensive evaluations of the execution
time and memory usage complexity available, and their properties may vary depending
on the problem at hand.

5. Benefits and Drawbacks of the RBAVO-DE Algorithm

This part presents a balanced discussion of the benefits and drawbacks of the RBAVO-
DE algorithm. The benefits of the RBAVO-DE algorithm can be listed as follows:

e  High Accuracy in Classification: The RBAVO-DE algorithm has demonstrated high
classification accuracy, achieving up to 100% in some cases. This is a noteworthy
achievement, particularly regarding cancer datasets, as accurate gene selection can
directly impact diagnostic and therapeutic outcomes.

e  Effective Feature Size Reduction: The algorithm has shown remarkable capability in
reducing the feature size by up to 98% while maintaining or improving classification
accuracy. This dimensionality reduction is crucial for processing high-dimensional
datasets efficiently.

*  Robustness Across Diverse Datasets: The effectiveness of the RBAVO-DE algorithm
across twenty-two cancer datasets indicates its robustness and adaptability to various
genetic data characteristics. This versatility is beneficial for broader applications in
genomics research.

®  Superior Performance Over Competitors: When compared with binary variants
of widely recognized meta-heuristic algorithms, RBAVO-DE stands out for its out-
standing performance in accuracy and feature reduction, highlighting its innovative
approach to gene selection.

On the other hand, the drawbacks of the proposed methodology can be listed as follows:

e Computational Complexity: The high dimensionality of the datasets and the iterative
nature of meta-heuristic algorithms suggest that RBAVO-DE may have a significant
computational cost. This aspect could limit its applicability in environments with
constrained computational resources.

*  Generalizability Concerns: Despite its success across various cancer datasets, the
algorithm’s generalizability to other types of biological data or diseases remains to be
thoroughly investigated. It is crucial to test RBAVO-DE in broader contexts to confirm
its applicability beyond the datasets examined.

e  Parameter Sensitivity: Like many meta-heuristic algorithms, RBAVO-DE might be
sensitive to its parameter settings, affecting performance and efficiency. Detailed
studies on the impact of different parameter configurations and strategies for their
optimization could enhance the algorithm’s utility.

In summary, the RBAVO-DE algorithm represents a significant advancement in gene se-
lection for cancer classification, with notable strengths in accuracy and efficiency. However,
addressing its potential drawbacks through further research could broaden its applicability
and improve its performance, making it an even more valuable tool in genomics and
personalized medicine.

6. Conclusions and Future Directions

The RBAVO-DE approach proposed in this paper was the first to be implemented for
handling GS issues in RNA-Seq gene expression data and determining potential biomark-
ers for different tumor classes to enhance the best solution discovered. The outcomes
were promising, revealing that the proposed RBAVO-DE algorithm’s effectiveness and
capabilities were significantly improved. SVM and k-NN, two widely used classification
models, were employed to evaluate the efficacy of each set of selected genes. The proposed
RBAVO-DE algorithm’s capability was compared to binary variants of eleven widely used
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meta-heuristic techniques to assess it on different tumor classes with various instances.
The assessment was executed employing a combination of evaluation measures, such as
average fitness, classification accuracy, the number of selected genes, precision, recall, and
Fl-score. The proposed RBAVO-DE algorithm using the SVM and k-NN classifiers achieved
more promising results than other optimizers in handling GS issues. Despite the promising
outcomes, this research opens several avenues for future exploration to further advance
the field:

e Algorithmic Enhancements: Improving the algorithm'’s efficiency and reducing com-
putational complexity.

*  Cross-disease Applicability: Testing the proposed algorithm on genetic data from
various diseases beyond cancer.

e Comparative Analyses with Deep Learning Models: Evaluating RBAVO-DE against
advanced deep learning models for genetic data analysis.

e  Real-world Clinical Validation: Collaborating with clinical experts to validate the
practical utility of selected genes in cancer treatment.

e Scalability and Parallelization: Enhancing the algorithm’s scalability through parallel
computing to handle larger genetic datasets efficiently.

e Interdisciplinary Applications: Exploring the algorithm’s potential in other fields
dealing with high-dimensional data, such as finance and environmental modeling.

In conclusion, while the RBAVO-DE algorithm represents a significant step forward in
the field of gene selection for cancer classification, the paths outlined for future research
highlight the potential for further advancements and broader applications of this work.
Continued interdisciplinary collaboration and innovation will be crucial for unlocking the
full capacity of gene selection methodologies to enhance healthcare outcomes and advance
our understanding of complex diseases.
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Abbreviations

The following abbreviations are used in this research:

AVO African Vultures Optimization

HNSC Head and Neck Squamous Cell Carcinoma

DE Differential Evolution

KICH Kidney Chromophobe

RBAVO-DE  Relief Binary African Vultures Optimization based on Differential Evolution
KIRP Kidney Renal Papillary

GS Gene Selection

LIHC Liver Hepatocellular Carcinoma

RNA-Seq RNA Sequencing

132



Algorithms 2024, 17, 342

PAAD
DNA
PCPG
SVM
READ
k-NN
SARC
FS
SKCM
MHMs
Meang;
ML
MeanGe
DL
STDE
SA

RF
FOIL
GSO
SCCSA
SMO
BHGSO
BPSO
BABC
BSSA
BBA
BGWO
BGOA
BWOA
BASO
BBSA
BHHO
BBBO
BAO
BMOA
LUAD
LUSC
BRCA
KIRC
UCEC
RPKM
STAD
SDAE
CGA
BLCA
THCA
CESC
CHOL
COAD
ESCA
GBM
THYM

Pancreatic Adenocarcinoma
Deoxyribonucleic Acid
Pheochromocytoma and Paraganglioma
Support Vector Machine

Rectum adenocarcinoma

k-Nearest Neighbor

Sarcoma

Feature Selection

Skin Cutaneous Melanoma
Meta-heuristic methods

Mean fitness

Machine Learning

Mean size of chosen genes

Deep learning

Standard Deviation

Simulated Annealing

Random Forest

First-Order Inductive Learner
Gravitational Optimizer
Sine-Cosine—Cuckoo Search Algorithm
Spider Monkey Optimization

Binary Henry Gas Solubility Optimization
Binary Particle Swarm Optimization
Binary Artificial Bee Colony

Binary Salp Swarm Algorithm

Binary Bat Algorithm

Binary Grey-Wolf Optimization

Binary Grasshopper Optimization Algorithm
Binary Whale Optimization Algorithm
Binary Atom Search Optimization
Binary Bird Swarm Algorithm

Binary Harris Hawks Optimization
Binary Brown-Bear Optimization
Binary Aquila Optimization

Binary Meerkat Optimization Algorithm
Lung Adenocarcinoma

Lung Squamous Cell Carcinoma

Breast Invasive Carcinoma

Kidney Renal Clear Cell Carcinoma
Uterine Corpus Endometrial Carcinoma
Reads Per Kilobase per Million mapped reads
Stomach Adenocarcinoma

Stacked Denoising Autoencoder

Cancer Genome Atlas

Bladder Urothelial Carcinoma

Thyroid Cancer

Cervical and Endocervical Cancers
Cholangiocarcinoma

Colon Adenocarcinoma

Esophageal Cancer

Glioblastoma Multiforme

Thymoma
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Appendix A. Comparison Results of the Proposed RBAVO-DE and Its Counterparts

Appendix A.1. Comparison Results Based on the k-NN Model

Table A1. The results of the proposed RBAVO-DE algorithm and its counterparts employing k-NN

regarding average fitness values.

Dataset ~ Metric RBAVO-DE  BSSA BABC BPSO BBA BGWO BWOA BGOA BHHO BBSA BASO BHGSO
BLCA Average  0.00190 0.01110 0.00710 0.01120 0.01470 0.00940 0.01070 0.01140 0.01310 0.01030 0.01080 0.01590
STDE 0.00430 0.00530  0.00440  0.00540  0.00240  0.00550  0.00540  0.00540  0.00440  0.00550  0.00540  0.00180
CESC Average  0.01610 001990  0.02020  0.02050  0.01980  0.02000  0.02020  0.02020  0.01970  0.02020  0.02030  0.02060
STDE 0.00000 0.00020 0.00010 0.00010 0.00020 0.00020 0.00020 0.00010 0.00010 0.00010 0.00010 0.00010
CHOL Average  0.00000 0.00390 0.00430 0.00450 0.00390 0.00400 0.00430 0.00430 0.00370 0.00420 0.00420 0.00470
STDE 0.00000 0.00020 0.00010 0.00010 0.00020 0.00020 0.00020 0.00010 0.00010 0.00010 0.00010 0.00010
COAD  Average  0.00000 0.00390  0.00430  0.00450  0.00390  0.00400  0.00430  0.00430  0.00370  0.00420  0.00420  0.00470
STDE 0.00000 0.00020  0.00010  0.00010  0.00020  0.00020  0.00020  0.00010  0.00010  0.00010  0.00010  0.00010
ESCA Average  0.02560 0.02930 0.02960 0.02990 0.02930 0.02940 0.02970 0.02960 0.02910 0.02960 0.02980 0.03000
STDE 0.00000 0.00020 0.00010 0.00010 0.00020 0.00020 0.00020 0.00010 0.00010 0.00010 0.00010 0.00020
GBM Average  0.00000 0.00390 0.00430 0.00450 0.00390 0.00400 0.00430 0.00430 0.00370 0.00420 0.00420 0.00470
STDE 0.00000 0.00020  0.00010  0.00010  0.00020  0.00020  0.00020  0.00010  0.00010  0.00010  0.00010  0.00010
HNSC  Average  0.00710 001250 001290  0.01330  0.01280  0.01240  0.01310  0.01320  0.01270  0.01290  0.01320  0.01360
STDE 0.00350 0.00160  0.00140  0.00010  0.00030  0.00210  0.00010  0.00010  0.00020  0.00150  0.00010  0.00010
KICH Average  0.00000 0.00390 0.00430 0.00450 0.00390 0.00400 0.00430 0.00430 0.00370 0.00420 0.00420 0.00470
STDE 0.00000 0.00020 0.00010 0.00010 0.00020 0.00020 0.00020 0.00010 0.00010 0.00010 0.00010 0.00010
KIRC Average  0.00250 0.01110 0.01040 0.01220 0.01200 0.01020 0.01200 0.01070 0.01040 0.01120 0.01170 0.01290
STDE 0.00380 0.00270  0.00340  0.00190  0.00020  0.00340  0.00190  0.00320  0.00300  0.00280  0.00220  0.00010
KIRP Average  0.00000 0.00390 0.00430 0.00450 0.00390 0.00400 0.00430 0.00430 0.00370 0.00420 0.00420 0.00470
STDE 0.00000 0.00020 0.00010 0.00010 0.00020 0.00020 0.00020 0.00010 0.00010 0.00010 0.00010 0.00010
LIHC Average  0.00000 0.00390 0.00430 0.00450 0.00390 0.00400 0.00420 0.00430 0.00380 0.00430 0.00420 0.00460
STDE 0.00000 0.00020 0.00010 0.00010 0.00020 0.00020 0.00020 0.00010 0.00010 0.00010 0.00010 0.00010
LUAD  Average  0.00870 001260 001290  0.01310  0.01240 001270  0.01290  0.01290  0.01240  0.01290  0.01300  0.01340
STDE 0.00000 0.00020 0.00010 0.00010 0.00020 0.00020 0.00010 0.00010 0.00020 0.00010 0.00010 0.00010
LuUsC Average  0.00000 0.00400 0.00430 0.00450 0.00380 0.00410 0.00430 0.00430 0.00390 0.00430 0.00430 0.00480
STDE 0.00000 0.00020 0.00010 0.00010 0.00020 0.00010 0.00020 0.00010 0.00010 0.00010 0.00010 0.00010
PAAD Average  0.00000 0.00390 0.00430 0.00450 0.00390 0.00400 0.00430 0.00430 0.00370 0.00420 0.00420 0.00470
STDE 0.00000 0.00020  0.00010  0.00010  0.00020  0.00020  0.00020  0.00010  0.00010  0.00010  0.00010  0.00010
PCPG  Average  0.00000 0.00390  0.00430  0.00450  0.00390  0.00400  0.00430  0.00430  0.00370  0.00420  0.00420  0.00470
STDE 0.00000 0.00020 0.00010 0.00010 0.00020 0.00020 0.00020 0.00010 0.00010 0.00010 0.00010 0.00010
READ Average  0.00000 0.00390 0.00430 0.00450 0.00390 0.00400 0.00430 0.00430 0.00370 0.00420 0.00420 0.00470
STDE 0.00000 0.00020 0.00010 0.00010 0.00020 0.00020 0.00020 0.00010 0.00010 0.00010 0.00010 0.00010
SARC Average  0.01890 002260  0.02290  0.02320  0.02260  0.02270  0.02300  0.02290  0.02240  0.02290  0.02300  0.02330
STDE 0.00000 0.00020  0.00010  0.00010  0.00020  0.00020  0.00020  0.00010  0.00010  0.00010  0.00010  0.00010
SKCM Average  0.00000 0.00390 0.00430 0.00450 0.00390 0.00400 0.00430 0.00430 0.00370 0.00420 0.00420 0.00470
STDE 0.00000 0.00020 0.00010 0.00010 0.00020 0.00020 0.00020 0.00010 0.00010 0.00010 0.00010 0.00010
STAD Average  0.00070 0.00830 0.00620 0.00930 0.01470 0.00810 0.00950 0.00800 0.01170 0.00940 0.00840 0.01570
STDE 0.00280 0.00500  0.00360  0.00510  0.00020  0.00500  0.00510  0.00480  0.00480  0.00520  0.00490  0.00010
THCA  Average  0.00000 0.00390  0.00430  0.00450  0.00390  0.00400  0.00430  0.00430  0.00370  0.00420  0.00420  0.00460
STDE 0.00000 0.00020 0.00010 0.00010 0.00020 0.00020 0.00020 0.00010 0.00010 0.00010 0.00010 0.00010
THYM Average  0.00000 0.00390 0.00430 0.00450 0.00390 0.00400 0.00430 0.00430 0.00370 0.00420 0.00420 0.00470
STDE 0.00000 0.00020 0.00010 0.00010 0.00020 0.00020 0.00020 0.00010 0.00010 0.00010 0.00010 0.00010
UCEC  Average  0.00000 001920 001710  0.02780  0.03540  0.02010  0.02770  0.02690  0.02560  0.02520  0.02860  0.03670
STDE 0.00250 001200 001220  0.00610  0.01000  0.01190  0.00620  0.00720  0.00830  0.00910  0.00450  0.01050
Ranking  W([T[L  220[0 0]0|22 0[022 0[0]22 0]0|22 0]0|22 0[0]22 0[0]22 0]022 0[0|22 0[0]22 0]0|22
Boldface values denote the best results.
Table A2. The results of the proposed RBAVO-DE algorithm and its counterparts employing k-NN
regarding average values of selected genes.
Dataset Metric  RBAVO-DE  BSSA BABC  BPSO  BBA BGWO BWOA BGOA BHHO BBSA  BASO  BHGSO
BLCA  Average 142.03 21017 23770 23500 19603 21817 22850 22630 19523 22827 23203  237.13
STDE 017.18 02050  019.07 01712 02383 01827 01943 01481 01317 01460 01890  014.14
CESC Average  122.50 195.13 213.03 225.30 194.10 199.50 213.63 212.67 185.60 213.33 215.90 233.43
STDE 005.45 011.17 005.31 003.11 009.66 009.30 008.35 005.66 006.49 005.88 006.02 005.64
CHOL Average  122.13 195.13 213.03 225.30 194.10 199.50 213.63 212.67 185.60 211.00 211.57 232.63
STDE 006.18 011.17 00531 00311  009.66  009.30 00835  005.66 00649 00644 00508  004.36
COAD  Average  120.30 19513 21303 22530 19410 19950  213.63 21267 18560  211.00 21157  232.63
STDE 005.82 011.17 005.31 003.11 009.66 009.30 008.35 005.66 006.49 006.44 005.08 004.36
ESCA Average 12017 19513 21303 22530 19410 19950 21363 21267 18560 21157 21887  230.07
STDE 006.81 011.17 005.31 003.11 009.66 009.30 008.35 005.66 006.49 006.94 004.68 007.64
GBM Average  120.73 19513 21277 22530 19410 19973 21317 21280 18543  211.00  211.83  232.63
STDE 006.54 011.17 00540 00311  009.66  009.05 00851 00572 00640 00644 00499  004.39
HNSC  Average 13343 202.87 22267 22743 20300 21137  217.97 22087 19593  219.83 22363 24127
STDE 017.63 009.26 011.96 003.91 013.24 007.65 007.41 005.32 008.26 007.71 005.68 006.21
KICH Average 12143 19513 21303 22530 19410 19950 21363 21267 18560  211.00 21157  232.63
STDE 006.58 011.17 005.31 003.11 009.66 009.30 008.35 005.66 006.49 006.44 005.08 004.36
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Table A2. Cont.

Dataset Metric  RBAVO-DE  BSSA ~ BABC  BPSO  BBA BGWO BWOA BGOA BHHO BBSA  BASO  BHGSO
KIRC Average  137.57 20083 22017 22770 19217 209.87 21613 22230 19327 21873 21860  234.10
STDE 017.10 009.63 011.74 008.27 008.73 014.08 010.11 015.18 017.36 013.82 012.78 004.21
KIRP Average  122.33 19513 21303 22530 19410 19950 21363 21267 18560  211.00 21157 23263
STDE 009.08 01117 00531 00311  009.66  009.30 00835 00566 00649 00644 00508 00436
LIHC Average  123.40 19700 21403 22567 19333 20063 21233 21363 18930 21310 21203 23243
STDE 006.59 007.78 005.22 003.36 009.17 010.02 009.35 004.89 006.89 005.69 004.81 004.97
LUAD Average  127.03 197.47 216.13 222.93 190.83 205.33 212.57 215.67 191.80 215.27 217.83 237.90
STDE 008.62 00898 00474 00616 00861 01057 00615 00443  008.50 00613 00471  004.94
LUSC  Average 125.73 198.87 21563  223.00 18913  203.60 21323 21637 19467 21553 21523 24123
STDE 006.35 008.77 003.54 004.89 010.69 007.20 009.70 003.44 006.40 005.54 006.16 004.66
PAAD  Average 12110 19513 21303 22530 19410 19950 21363 21267 18560  211.00 21157  232.63
STDE 007.71 011.17 005.31 003.11 009.66 009.30 008.35 005.66 006.49 006.44 005.08 004.36
PCPG  Average 12217 19513 21303 22530 19410 19950 21363 21267 18560  211.00 21157 23263
STDE 006.42 01117 00531 00311  009.66  009.30 00835 00566 00649 00644 00508 00436
READ  Average 120.13 19513 21303 22530 19410 19950 21363 21267 18560  211.00 21157  232.63
STDE 007.72 011.17 005.31 003.11 009.66 009.30 008.35 005.66 006.49 006.44 005.08 004.36
SARC Average 12247 195.13 213.03 225.30 194.10 199.50 213.63 212.67 185.60 212.90 216.43 231.80
STDE 005.79 01117 00531 00311  009.66  009.30 00835 00566 00649 00630 00498  003.40
SKCM  Average 123.03 19513 21303 22530 19410  199.50 21363 21267 18560  211.00 21157 23263
STDE 008.83 011.17 005.31 003.11 009.66 009.30 008.35 005.66 006.49 006.44 005.08 004.36
STAD Average  142.60 21500 23617 24333 18750 22117 23487 23277 20173 23113 23710 23697
STDE 013.31 018.43 013.94 016.29 010.27 019.24 022.63 014.25 014.00 014.04 015.35 005.86
THCA  Average 117.97 19543 21340 22513 19410  199.63 21413 21280 18653  211.00 21157 23190
STDE 006.67 01120 00529 00310  009.66  009.81 00859 00569 00588 00644 00508 00478
THYM  Average 120.37 19513 21303 22530 19410 19950 21363 21267 18560  211.00 21157  232.63
STDE 004.89 011.17 005.31 003.11 009.66 009.30 008.35 005.66 006.49 006.44 005.08 004.36
UCEC Average  143.93 216.33 237.87 236.00 242.37 220.07 230.80 229.17 206.77 228.40 235.00 266.67
STDE 013.18 01541 01582 01011 03413  011.26 ~ 01127 01166  010.84 01032 00614 03055
Ranking  W|T|L  22(0]0 0[0[22 0[0[22 0[0[22 o[022  ofoj22 0022 o0jo)22  0]0]22 0[0[22 0[0[22 0[0]22
Boldface values denote the best results.
Table A3. The results of the proposed RBAVO-DE algorithm and its counterparts employing k-NN
regarding average precision values.
Dataset ~ RBAVO-DE  BSSA BABC BPSO BBA BGWO  BWOA  BGOA  BHHO  BBSA BASO BHGSO
BLCA 1.00000 1.00000  1.00000  1.00000 099960  1.00000  1.00000  1.00000  1.00000  1.00000  1.00000  1.00000
CESC 0.98390 098390  0.98390  0.98390  0.98390  0.98390  0.98390  0.98390  0.98390  0.98390  0.98390  0.98390
CHOL 1.00000 1.00000  1.00000  1.00000  1.00000  1.00000  1.00000  1.00000  1.00000  1.00000  1.00000  1.00000
COAD 1.00000 1.00000  1.00000  1.00000  0.99890  1.00000  1.00000  1.00000  1.00000  1.00000  1.00000  1.00000
ESCA 0.97370 097370 097370  0.97370  0.97370 097370 097370 097370 097370 097370  0.97370  0.97370
GBM 1.00000 1.00000  1.00000  1.00000  1.00000  1.00000  1.00000  1.00000  1.00000  1.00000  1.00000  1.00000
HNSC 0.99180 0.96470 0.96540 0.96500 0.96350 0.96690 0.96660 0.96570 0.96540 0.96540 0.96100 0.96290
KICH 1.00000 1.00000  1.00000  1.00000  1.00000  1.00000  1.00000  1.00000  1.00000  1.00000  1.00000  1.00000
KIRC 1.00000 1.00000  1.00000  1.00000  1.00000  1.00000  1.00000  1.00000  1.00000  1.00000  1.00000  1.00000
KIRP 1.00000 1.00000  1.00000  1.00000  1.00000  1.00000  1.00000  1.00000  1.00000  1.00000  1.00000  1.00000
LIHC 1.00000 1.00000  1.00000  1.00000  1.00000  1.00000  1.00000  1.00000  1.00000  1.00000  1.00000  1.00000
LUAD 1.00000 0.99770 0.99740 0.99840 0.99870 0.99770 0.99800 0.99540 0.99710 0.99740 0.99670 0.99800
LUSC 1.00000 1.00000  1.00000  1.00000 099790  1.00000 099970  1.00000  1.00000  1.00000 097900  0.99930
PAAD 1.00000 1.00000  1.00000  1.00000  1.00000  1.00000  1.00000  1.00000  1.00000  1.00000  1.00000  1.00000
PCPG 1.00000 1.00000  1.00000  1.00000  1.00000  1.00000  1.00000  1.00000  1.00000  1.00000  1.00000  1.00000
READ 1.00000 1.00000  1.00000  1.00000  1.00000  1.00000  1.00000  1.00000  1.00000  1.00000  1.00000  1.00000
SARC 0.98110 098110 098110 098110  0.98110 098110 098110 098110 098110 098110  0.98110  0.98110
SKCM 1.00000 1.00000  1.00000  1.00000  1.00000  1.00000  1.00000  1.00000  1.00000  1.00000  1.00000  1.00000
STAD 0.99920 095180 095180 095180 094870 095180 095180 095180 095180 095180 099000  0.95090
THCA 1.00000 1.00000  1.00000  1.00000  1.00000  1.00000  1.00000  1.00000  1.00000  1.00000  1.00000  1.00000
THYM 1.00000 1.00000  1.00000  1.00000  1.00000  1.00000  1.00000  1.00000  1.00000  1.00000  1.00000  1.00000
UCEC 1.00000 1.00000  1.00000  1.00000 099910  1.00000  1.00000  1.00000  1.00000  1.00000  0.93330  0.99910
mrl‘%(llf)g 3/19/0 0/193 0193 0/193 015|7 0193 0184 0/19)3 0193 0]193 0/17|5 0]17|5
Boldface values denote the best results.
Table A4. The results of the proposed RBAVO-DE algorithm and its counterparts employing k-NN
regarding average recall values.
Dataset ~ RBAVO-DE  BSSA BABC BPSO BBA BGWO  BWOA  BGOA  BHHO  BBSA BASO BHGSO
BLCA 1.00000 1.00000  1.00000  1.00000  1.00000  1.00000  1.00000  1.00000  1.00000  1.00000  1.00000  1.00000
CESC 1.00000 1.00000  1.00000  1.00000  1.00000  1.00000  1.00000  1.00000  1.00000  1.00000  1.00000  1.00000
CHOL 1.00000 1.00000  1.00000  1.00000  1.00000  1.00000  1.00000  1.00000  1.00000  1.00000  1.00000  1.00000
COAD 1.00000 1.00000  1.00000  1.00000  1.00000  1.00000  1.00000  1.00000  1.00000  1.00000  1.00000  1.00000
ESCA 1.00000 1.00000  1.00000  1.00000  1.00000  1.00000  1.00000  1.00000  1.00000  1.00000  1.00000  1.00000
GBM 1.00000 1.00000  1.00000  1.00000  1.00000  1.00000  1.00000  1.00000  1.00000  1.00000  1.00000  1.00000
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Table A4. Cont.

Dataset ~ RBAVO-DE  BSSA BABC BPSO BBA BGWO BWOA BGOA  BHHO  BBSA BASO BHGSO
HNSC 1.00000 099520  0.99450  0.99480  0.99590 099280 099310 099420 099450 099450 099790  0.99730
KICH 1.00000 1.00000  1.00000  1.00000  1.00000  1.00000  1.00000  1.00000  1.00000  1.00000  1.00000  1.00000
KIRC 0.99710 099040 099040 099040 098970 099040 099040 099040 099040 099040 099010 099040
KIRP 1.00000 1.00000  1.00000  1.00000  1.00000  1.00000  1.00000  1.00000  1.00000  1.00000  1.00000  1.00000
LIHC 1.00000 1.00000  1.00000  1.00000  1.00000  1.00000  1.00000  1.00000  1.00000  1.00000  1.00000  1.00000
LUAD 1.00000 099240 099270 099170 099140 099240 099210 099470 099310 099270 099340 099210
LUSC 1.00000 1.00000  1.00000  1.00000 099580  1.00000  1.00000  1.00000 099930  1.00000 099310  0.99270
PAAD 1.00000 1.00000  1.00000  1.00000  1.00000  1.00000  1.00000  1.00000  1.00000  1.00000  1.00000  1.00000
PCPG 1.00000 1.00000  1.00000  1.00000  1.00000  1.00000  1.00000  1.00000  1.00000  1.00000  1.00000  1.00000
READ 1.00000 1.00000  1.00000  1.00000  1.00000  1.00000  1.00000  1.00000  1.00000  1.00000  1.00000  1.00000
SARC 1.00000 1.00000  1.00000  1.00000  1.00000  1.00000  1.00000  1.00000  1.00000  1.00000  1.00000  1.00000
SKCM 1.00000 1.00000  1.00000  1.00000  1.00000  1.00000  1.00000  1.00000  1.00000  1.00000  1.00000  1.00000
STAD 1.00000 1.00000  1.00000  1.00000 099750  1.00000  1.00000  1.00000  1.00000  1.00000 099620  0.99750
THCA 1.00000 1.00000  1.00000  1.00000  1.00000  1.00000  1.00000  1.00000  1.00000  1.00000  1.00000  1.00000
THYM  1.00000 1.00000  1.00000  1.00000  1.00000  1.00000  1.00000  1.00000  1.00000  1.00000  1.00000  1.00000
UCEC 1.00000 1.00000  1.00000  1.00000  0.99370  1.00000  1.00000  1.00000  1.00000  1.00000  0.99640  1.00000
mﬁ‘l{‘? 3/19(0 0/193 0193 0/19|3 0166 0193 0/19|3 0/193 0184 0193 0166 0175
Boldface values denote the best results.
Table A5. The results of the proposed RBAVO-DE algorithm and its counterparts employing k-NN
regarding average Fl-score values.
Dataset ~ RBAVO-DE  BSSA BABC BPSO BBA BGWO BWOA BGOA  BHHO  BBSA BASO BHGSO
BLCA 1.00000 1.00000  1.00000  1.00000 099980  1.00000  1.00000  1.00000  1.00000  1.00000  1.00000  1.00000
CESC 0.99190 099190  0.99190  0.99190  0.99190  0.99190  0.99190  0.99190  0.99190  0.99190  0.99190  0.99190
CHOL 1.00000 1.00000  1.00000  1.00000  1.00000  1.00000  1.00000  1.00000  1.00000  1.00000  1.00000  1.00000
COAD  1.00000 1.00000  1.00000  1.00000 099940  1.00000  1.00000  1.00000  1.00000  1.00000  1.00000  1.00000
ESCA 0.98670 098670 098670 098670 098670 098670  0.98670  0.98670  0.98670  0.98670  0.98670  0.98670
GBM 1.00000 1.00000  1.00000  1.00000  1.00000  1.00000  1.00000  1.00000  1.00000  1.00000  1.00000  1.00000
HNSC 0.99590 097970 097970 097970 097940 097970 097970 097970 097970 097970 097980 097970
KICH 1.00000 1.00000  1.00000  1.00000  1.00000  1.00000  1.00000  1.00000  1.00000  1.00000  1.00000  1.00000
KIRC 0.99860 099520 099520 099520 099480 099520 099520 099520 099520 099520 099500 099520
KIRP 1.00000 1.00000  1.00000  1.00000  1.00000  1.00000  1.00000  1.00000  1.00000  1.00000  1.00000  1.00000
LIHC 1.00000 1.00000  1.00000  1.00000  1.00000  1.00000  1.00000  1.00000  1.00000  1.00000  1.00000  1.00000
LUAD 0.99500 0.99500 099500  0.99500  0.99500  0.99500  0.99500  0.99500  0.99500  0.99500  0.99500  0.99500
LUSC 1.00000 1.00000  1.00000  1.00000 099690  1.00000 099980  1.00000 099970  1.00000  0.99630  0.99600
PAAD 1.00000 1.00000  1.00000  1.00000  1.00000  1.00000  1.00000  1.00000  1.00000  1.00000  1.00000  1.00000
PCPG 1.00000 1.00000  1.00000  1.00000  1.00000  1.00000  1.00000  1.00000  1.00000  1.00000  1.00000  1.00000
READ 1.00000 1.00000  1.00000  1.00000  1.00000  1.00000  1.00000  1.00000  1.00000  1.00000  1.00000  1.00000
SARC 0.99050 0.99050 099050 099050  0.99050  0.99050  0.99050  0.99050  0.99050  0.99050  0.99050  0.99050
SKCM 1.00000 1.00000  1.00000  1.00000  1.00000  1.00000  1.00000  1.00000  1.00000  1.00000  1.00000  1.00000
STAD 0.99960 097530 097530 097530 097240 097530 097530 097530 097530 097530 097180  0.97360
THCA 1.00000 1.00000  1.00000  1.00000  1.00000  1.00000  1.00000  1.00000  1.00000  1.00000  1.00000  1.00000
THYM  1.00000 1.00000  1.00000  1.00000  1.00000  1.00000  1.00000  1.00000  1.00000  1.00000  1.00000  1.00000
UCEC 1.00000 1.00000  1.00000  1.00000  0.99640  1.00000  1.00000  1.00000  1.00000  1.00000  0.99640  0.99960
E%Tﬁlrj;s 3/19/0 0184 0184 0184 0148 0184 0/17|5 0184 0175 0184 0166 0166
Boldface values denote the best results.
Appendix A.2. Comparison Results Based on the SVM Model
Table A6. The results of the proposed RBAVO-DE algorithm and its counterparts employing SVM
regarding average fitness values.
Dataset Metric ~ RBAVO-DE  BSSA ~ BABC  BPSO  BBA BGWO BWOA BGOA BHHO BBSA  BASO  BHGSO
BLCA  Average  0.00000 0.00390  0.00430  0.00450  0.00390  0.00400  0.00430  0.00430  0.00370  0.00420  0.00420  0.00460
STDE 0.00000 0.00020  0.00010  0.00010  0.00020  0.00020  0.00020  0.00010 ~ 0.00010  0.00010  0.00010  0.00010
CESC  Average  0.00000 0.00390  0.00430  0.00450  0.00390  0.00400  0.00430  0.00430  0.00370  0.00420  0.00420  0.00470
STDE 0.00000 0.00020  0.00010  0.00010  0.00020  0.00020  0.00020  0.00010 ~ 0.00010  0.00010 ~ 0.00010  0.00010
CHOL  Average  0.00000 0.00390  0.00430  0.00450  0.00390  0.00400  0.00430  0.00430 000370  0.00420  0.00420  0.00470
STDE 0.00000 0.00020  0.00010  0.00010  0.00020  0.00020  0.00020  0.00010  0.00010  0.00010  0.00010  0.00010
COAD  Average  0.00000 0.00390  0.00430  0.00450  0.00390  0.00400  0.00430  0.00430  0.00370  0.00420  0.00420  0.00470
STDE 0.00000 0.00020  0.00010  0.00010  0.00020  0.00020  0.00020  0.00010  0.00010  0.00010  0.00010  0.00010
ESCA  Average 0.01370 002840  0.02720  0.02990  0.02930  0.02690  0.02970  0.02880  0.02830  0.02880  0.02980  0.03000
STDE 0.01280 0.00460  0.00750  0.00010  0.00020  0.00750 ~ 0.00020  0.00450  0.00460  0.00440  0.00010  0.00020
GBM Average  0.00000 0.00390  0.00430  0.00450  0.00390  0.00400  0.00430  0.00430  0.00370  0.00420  0.00420  0.00460
STDE 0.00000 0.00020  0.00010  0.00010  0.00020  0.00020  0.00020  0.00010  0.00010  0.00010  0.00010  0.00010
HNSC  Average  0.00000 0.00390  0.00430  0.00450  0.00390  0.00400  0.00430  0.00430  0.00370  0.00420  0.00420  0.00460
STDE 0.00000 0.00020  0.00010  0.00010  0.00020  0.00020  0.00020  0.00010  0.00010  0.00010 ~ 0.00010  0.00010
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Table A6. Cont.

Dataset Metric ~ RBAVO-DE  BSSA BABC BPSO BBA BGWO BWOA BGOA BHHO  BBSA BASO BHGSO
KICH Average  0.00000 0.00390 0.00430 0.00450 0.00390 0.00400 0.00430 0.00430 0.00370 0.00420 0.00420 0.00470
STDE 0.00000 0.00020 0.00010 0.00010 0.00020 0.00020 0.00020 0.00010 0.00010 0.00010 0.00010 0.00010
KIRC Average  0.00000 0.00390  0.00430  0.00450  0.00380  0.00400  0.00430  0.00430  0.00380  0.00430  0.00430  0.00460
STDE 0.00000 0.00020  0.00010  0.00010  0.00020  0.00020  0.00020  0.00010  0.00010  0.00010  0.00010  0.00020
KIRP Average  0.00000 0.00390 0.00430 0.00450 0.00390 0.00400 0.00430 0.00430 0.00370 0.00420 0.00420 0.00470
STDE 0.00000 0.00020 0.00010 0.00010 0.00020 0.00020 0.00020 0.00010 0.00010 0.00010 0.00010 0.00010
LIHC Average  0.00000 0.00410 0.00440 0.00450 0.00500 0.00430 0.00440 0.00450 0.00400 0.00450 0.00450 0.00500
STDE 0.00000 0.00010  0.00010  0.00010  0.00280  0.00010  0.00020  0.00010  0.00020  0.00010  0.00010  0.00020
LUAD  Average 0.00840 0.01250  0.01290  0.01310  0.01250  0.01260  0.01290  0.01290  0.01230  0.01290  0.01260  0.01330
STDE 0.00160 0.00020  0.00010  0.00010  0.00020  0.00020  0.00020  0.00010  0.00010  0.00010  0.00150  0.00010
LUSC Average  0.00000 0.00390 0.00430 0.00450 0.00390 0.00400 0.00430 0.00430 0.00370 0.00420 0.00420 0.00470
STDE 0.00000 0.00020 0.00010 0.00010 0.00020 0.00020 0.00020 0.00010 0.00010 0.00010 0.00010 0.00010
PAAD Average  0.00000 0.00390  0.00430  0.00450  0.00390  0.00400  0.00430  0.00430  0.00370  0.00420  0.00420  0.00470
STDE 0.00000 0.00020  0.00010  0.00010  0.00020  0.00020  0.00020  0.00010  0.00010  0.00010  0.00010  0.00010
PCPG Average  0.00000 0.00390 0.00430 0.00450 0.00390 0.00400 0.00430 0.00430 0.00370 0.00420 0.00420 0.00470
STDE 0.00000 0.00020 0.00010 0.00010 0.00020 0.00020 0.00020 0.00010 0.00010 0.00010 0.00010 0.00010
READ Average  0.00000 0.00390 0.00430 0.00450 0.00390 0.00400 0.00430 0.00430 0.00370 0.00420 0.00420 0.00470
STDE 0.00000 0.00020  0.00010  0.00010  0.00020  0.00020  0.00020  0.00010  0.00010  0.00010  0.00010  0.00010
SARC Average  0.00570 0.01780  0.01570  0.01840  0.02260  0.01480  0.01760  0.01870  0.02000  0.01870  0.02000  0.02330
STDE 0.00860 0.00800 0.00880 0.00800 0.00020 0.00900 0.00820 0.00770 0.00610 0.00770 0.00670 0.00010
SKCM Average  0.00000 0.00390 0.00430 0.00450 0.00390 0.00400 0.00430 0.00430 0.00370 0.00420 0.00420 0.00470
STDE 0.00000 0.00020 0.00010 0.00010 0.00020 0.00020 0.00020 0.00010 0.00010 0.00010 0.00010 0.00010
STAD Average  0.01040 0.01490  0.01530  0.01550  0.01450  0.01500  0.01530  0.01530  0.01470  0.01520  0.01530  0.01560
STDE 0.00280 0.00020  0.00010  0.00010  0.00200  0.00020  0.00020  0.00010  0.00010  0.00010  0.00010  0.00010
THCA Average  0.00000 0.00390 0.00430 0.00450 0.00390 0.00400 0.00430 0.00430 0.00370 0.00420 0.00420 0.00470
STDE 0.00000 0.00020 0.00010 0.00010 0.00020 0.00020 0.00020 0.00010 0.00010 0.00010 0.00010 0.00010
THYM Average  0.00000 0.00390 0.00430 0.00450 0.00390 0.00400 0.00430 0.00430 0.00370 0.00420 0.00420 0.00470
STDE 0.00000 0.00020  0.00010  0.00010  0.00020  0.00020  0.00020  0.00010  0.00010  0.00010  0.00010  0.00010
UCEC Average  0.00000 0.00390  0.00430  0.00450  0.00380  0.00400  0.00430  0.00430  0.00380  0.00420  0.00430  0.00470
STDE 0.00000 0.00020 0.00010 0.00010 0.00020 0.00020 0.00020 0.00010 0.00020 0.00010 0.00010 0.00010
Ranking ~ W/|T|L 22(0/0 0[0[22 0[0[22 0/0|22 0[0]22 0[0[22 0[0|22 0/0]22 0[0[22 0[0|22 0[0]22 0[0[22
Boldface values denote the best results.
Table A7. The results of the proposed RBAVO-DE algorithm and its counterparts employing SVM
regarding average chosen gene values.
Dataset Metric ~ RBAVO-DE  BSSA BABC BPSO BBA BGWO BWOA BGOA BHHO BBSA BASO BHGSO
BLCA Average  121.37 194.70 213.03 225.30 194.10 199.50 213.40 212.67 186.27 211.00 211.83 232.37
STDE 007.49 011.44 005.18 003.11 009.66 009.30 008.44 005.66 005.77 006.44 005.25 004.42
CESC Average  119.83 195.13 213.03 225.30 194.10 199.50 213.63 212.67 185.60 211.00 21157 232.63
STDE 007.02 011.17 005.31 003.11 009.66 009.30 008.35 005.66 006.49 006.44 005.08 004.36
CHOL Average  125.57 195.13 213.03 225.30 194.10 199.50 213.63 212.67 185.60 211.00 211.57 232.63
STDE 007.14 011.17 005.31 003.11 009.66 009.30 008.35 005.66 006.49 006.44 005.08 004.36
COAD  Average 122.63 195.13 213.03 225.30 194.10 199.50 213.63 212.67 185.60 211.00 211.57 232.63
STDE 007.73 011.17 005.31 003.11 009.66 009.30 008.35 005.66 006.49 006.44 005.08 004.36
ESCA Average  125.50 195.13 215.40 225.30 194.10 201.77 213.63 213.13 185.70 212.40 218.87 230.07
STDE 011.18 011.17 009.58 003.11 009.66 012.33 008.35 006.44 006.47 008.98 004.68 007.64
GBM Average  119.73 194.93 213.03 225.30 193.90 198.77 213.70 212.83 185.50 211.00 211.00 232.33
STDE 008.07 011.27 005.31 003.11 009.47 010.28 008.36 005.69 006.51 006.44 004.92 004.15
HNSC Average 12217 196.40 213.90 225.13 194.03 202.10 213.83 213.50 186.93 211.47 210.87 232.17
STDE 008.29 008.49 005.22 003.19 009.56 010.76 009.34 005.22 005.74 005.66 004.79 005.02
KICH Average  121.73 195.13 213.03 225.30 194.10 199.50 213.63 212.67 185.60 211.00 211.57 232.63
STDE 008.49 011.17 005.31 003.11 009.66 009.30 008.35 005.66 006.49 006.44 005.08 004.36
KIRC Average  123.87 197.10 214.70 225.00 191.93 200.30 212.97 213.13 187.57 213.83 214.63 231.27
STDE 007.57 009.42 005.09 004.23 008.70 011.59 007.64 004.94 005.31 005.81 004.20 008.02
KIRP Average  120.07 195.13 213.03 225.30 194.10 199.50 213.63 212.67 185.60 211.00 21157 232.63
STDE 007.87 011.17 005.31 003.11 009.66 009.30 008.35 005.66 006.49 006.44 005.08 004.36
LIHC Average  122.63 204.27 220.37 226.40 212.83 214.07 219.07 223.70 200.60 223.03 225.17 249.90
STDE 008.01 006.99 006.29 006.80 017.60 007.06 007.88 004.13 007.66 006.48 004.81 007.97
LUAD  Average 121.17 195.13 213.03 225.30 194.10 199.43 213.63 212.67 185.87 212.40 214.50 233.00
STDE 007.56 011.17 005.31 003.11 009.66 009.37 008.35 005.66 006.40 006.10 005.98 004.34
LUSC Average  122.67 195.13 213.03 225.30 194.10 199.50 213.63 212.67 185.60 211.00 211.57 232,63
STDE 006.28 011.17 005.31 003.11 009.66 009.30 008.35 005.66 006.49 006.44 005.08 004.36
PAAD Average  119.23 195.13 213.03 225.30 194.10 199.50 213.63 212.67 185.60 211.00 211.57 232.63
STDE 006.90 011.17 005.31 003.11 009.66 009.30 008.35 005.66 006.49 006.44 005.08 004.36
PCPG Average 12243 195.13 213.03 225.30 194.10 199.50 213.63 212.67 185.60 211.00 21157 232,63
STDE 006.68 011.17 005.31 003.11 009.66 009.30 008.35 005.66 006.49 006.44 005.08 004.36
READ Average  123.93 195.13 213.03 225.30 194.10 199.50 213.63 212.67 185.60 211.00 211.57 232.63
STDE 007.45 011.17 005.31 003.11 009.66 009.30 008.35 005.66 006.49 006.44 005.08 004.36
SARC Average  135.27 202.90 226.90 233.77 194.10 210.53 223.87 217.80 189.93 220.57 220.87 231.53
STDE 018.57 020.86 020.25 014.44 009.66 017.74 017.39 013.90 013.41 016.40 011.76 003.70
SKCM Average 12247 195.13 213.03 225.30 194.10 199.50 213.63 212.67 185.60 211.00 21157 232.63
STDE 007.66 011.17 005.31 003.11 009.66 009.30 008.35 005.66 006.49 006.44 005.08 004.36

137



Algorithms 2024, 17, 342

Table A7. Cont.

Dataset Metric ~ RBAVO-DE  BSSA BABC BPSO BBA BGWO BWOA BGOA BHHO  BBSA BASO  BHGSO
STAD Average  123.53 194.60 213.40 225.03 194.30 198.80 214.10 212.70 185.70 211.97 215.07 231.77
STDE 010.65 010.22 005.38 003.29 009.79 009.09 008.68 005.54 006.92 005.88 005.12 004.58
THCA  Average 119.47 195.13 213.03 225.30 194.10 199.50 213.63 212.67 185.60 211.00 211.57 232.63
STDE 005.58 011.17 005.31 003.11 009.66 009.30 008.35 005.66 006.49 006.44 005.08 004.36
THYM  Average 121.80 195.13 213.03 225.30 194.10 199.50 213.63 212.67 185.60 211.00 211.57 232.63
STDE 007.21 011.17 005.31 003.11 009.66 009.30 008.35 005.66 006.49 006.44 005.08 004.36
UCEC Average  122.23 196.00 213.27 224.83 192.03 200.97 212.60 213.03 189.23 212.23 212.93 233.93
STDE 005.93 009.06 006.31 004.27 007.85 008.24 007.74 005.67 008.78 004.98 004.97 003.97
Ranking W[T|L  22/0]0 0/0]22 0lo[22 0[0]22 0/0]22 0[0[22 0[0]22 0/0]22 0[022 0l0[22 0[0]22 0[0]22
Boldface values denote the best results.
Table A8. The results of the proposed RBAVO-DE algorithm and its counterparts employing SVM
regarding average precision values.
Dataset ~ RBAVO-DE  BSSA BABC BPSO BBA BGWO BWOA BGOA BHHO BBSA BASO BHGSO
BLCA 1.00000 1.00000 1.00000 1.00000 1.00000 1.00000 1.00000 1.00000 1.00000 1.00000 1.00000 1.00000
CESC 1.00000 1.00000 1.00000 1.00000 0.99890 1.00000 1.00000 1.00000 1.00000 1.00000 1.00000 1.00000
CHOL 1.00000 1.00000 1.00000 1.00000 1.00000 1.00000 1.00000 1.00000 1.00000 1.00000 1.00000 1.00000
COAD 1.00000 1.00000 1.00000 1.00000 0.99890 1.00000 1.00000 1.00000 1.00000 1.00000 1.00000 1.00000
ESCA 1.00000 1.00000 1.00000 1.00000 0.99820 1.00000 1.00000 1.00000 1.00000 1.00000 1.00000 0.99210
GBM 1.00000 1.00000 1.00000 1.00000 1.00000 1.00000 1.00000 1.00000 1.00000 1.00000 1.00000 1.00000
HNSC 1.00000 0.94140 0.94170 0.93750 0.92840 0.94140 0.93990 0.94170 0.94110 0.94050 0.84550 0.93150
KICH 1.00000 1.00000 1.00000 1.00000 1.00000 1.00000 1.00000 1.00000 1.00000 1.00000 1.00000 1.00000
KIRC 1.00000 1.00000 1.00000 1.00000 0.99940 1.00000 1.00000 1.00000 1.00000 1.00000 1.00000 1.00000
KIRP 1.00000 1.00000 1.00000 1.00000 1.00000 1.00000 1.00000 1.00000 1.00000 1.00000 1.00000 1.00000
LIHC 1.00000 1.00000 1.00000 1.00000 1.00000 1.00000 1.00000 1.00000 1.00000 1.00000 1.00000 1.00000
LUAD 1.00000 1.00000 1.00000 1.00000 0.99870 1.00000 1.00000 1.00000 1.00000 1.00000 1.00000 0.99930
LUSC 1.00000 0.99860 0.99860 0.99860 0.99830 0.99660 0.99860 0.99900 0.99930 0.99860 0.81400 0.99970
PAAD 1.00000 1.00000 1.00000 1.00000 1.00000 1.00000 1.00000 1.00000 1.00000 1.00000 1.00000 1.00000
PCPG 1.00000 1.00000 1.00000 1.00000 1.00000 1.00000 1.00000 1.00000 1.00000 1.00000 1.00000 1.00000
READ 1.00000 1.00000 1.00000 1.00000 1.00000 1.00000 1.00000 1.00000 1.00000 1.00000 1.00000 1.00000
SARC 1.00000 0.99940 1.00000 0.99940 0.99500 0.99940 1.00000 0.99940 0.99620 0.99940 1.00000 0.99120
SKCM 1.00000 1.00000 1.00000 1.00000 1.00000 1.00000 1.00000 1.00000 1.00000 1.00000 1.00000 1.00000
STAD 0.98830 0.94840 0.95110 0.94170 0.93610 0.94730 0.94690 0.94690 0.93910 0.94650 0.95200 0.93500
THCA 1.00000 1.00000 1.00000 1.00000 1.00000 1.00000 1.00000 1.00000 1.00000 1.00000 1.00000 1.00000
THYM 1.00000 1.00000 1.00000 1.00000 1.00000 1.00000 1.00000 1.00000 1.00000 1.00000 1.00000 1.00000
UCEC 1.00000 0.99910 0.99820 0.99820 0.99300 1.00000 0.99820 0.99820 0.99910 1.00000 1.00000 0.99390
E/%T}(llﬂ;s 3|19/0 017/5 0184 0/17/5 012]10 0184 0]18]4 0/17|5 0175 0]18]4 0/19|3 0157
Boldface values denote the best results.
Table A9. The results of the proposed RBAVO-DE algorithm and its counterparts employing SVM
regarding average recall values.
Dataset ~ RBAVO-DE  BSSA BABC BPSO BBA BGWO BWOA BGOA BHHO BBSA BASO BHGSO
BLCA 1.00000 1.00000 1.00000 1.00000 1.00000 1.00000 1.00000 1.00000 1.00000 1.00000 1.00000 1.00000
CESC 1.00000 1.00000 1.00000 1.00000 1.00000 1.00000 1.00000 1.00000 1.00000 1.00000 1.00000 1.00000
CHOL 1.00000 1.00000 1.00000 1.00000 1.00000 1.00000 1.00000 1.00000 1.00000 1.00000 1.00000 1.00000
COAD 1.00000 1.00000 1.00000 1.00000 0.99940 1.00000 1.00000 1.00000 1.00000 1.00000 0.99940 1.00000
ESCA 1.00000 1.00000 1.00000 1.00000 1.00000 1.00000 1.00000 1.00000 1.00000 1.00000 1.00000 1.00000
GBM 1.00000 1.00000 1.00000 1.00000 1.00000 1.00000 1.00000 1.00000 1.00000 1.00000 1.00000 1.00000
HNSC 1.00000 1.00000 1.00000 0.99970 0.99930 1.00000 1.00000 1.00000 1.00000 1.00000 0.99930 0.99930
KICH 1.00000 1.00000 1.00000 1.00000 1.00000 1.00000 1.00000 1.00000 1.00000 1.00000 1.00000 1.00000
KIRC 1.00000 0.99040 0.99040 0.99040 0.99010 0.99040 0.99040 0.99040 0.99040 0.99040 0.98780 0.99040
KIRP 1.00000 1.00000 1.00000 1.00000 1.00000 1.00000 1.00000 1.00000 1.00000 1.00000 1.00000 1.00000
LIHC 1.00000 1.00000 1.00000 1.00000 1.00000 1.00000 1.00000 1.00000 1.00000 1.00000 1.00000 1.00000
LUAD 1.00000 1.00000 1.00000 1.00000 0.99500 1.00000 1.00000 1.00000 0.99930 1.00000 0.99830 0.99770
LUSC 1.00000 0.99100 0.99100 0.99100 0.99130 0.98960 0.99100 0.99060 0.99030 0.99100 0.99100 0.98990
PAAD 1.00000 1.00000 1.00000 1.00000 1.00000 1.00000 1.00000 1.00000 1.00000 1.00000 1.00000 1.00000
PCPG 1.00000 1.00000 1.00000 1.00000 1.00000 1.00000 1.00000 1.00000 1.00000 1.00000 1.00000 1.00000
READ 1.00000 1.00000 1.00000 1.00000 1.00000 1.00000 1.00000 1.00000 1.00000 1.00000 1.00000 1.00000
SARC 1.00000 1.00000 1.00000 1.00000 1.00000 1.00000 1.00000 1.00000 1.00000 1.00000 1.00000 1.00000
SKCM 1.00000 1.00000 1.00000 1.00000 1.00000 1.00000 1.00000 1.00000 1.00000 1.00000 1.00000 1.00000
STAD 1.00000 1.00000 1.00000 1.00000 1.00000 1.00000 1.00000 1.00000 1.00000 1.00000 1.00000 1.00000
THCA 1.00000 1.00000 1.00000 1.00000 1.00000 1.00000 1.00000 1.00000 1.00000 1.00000 1.00000 1.00000
THYM 1.00000 1.00000 1.00000 1.00000 1.00000 1.00000 1.00000 1.00000 1.00000 1.00000 1.00000 1.00000
UCEC 1.00000 0.99550 0.99640 0.98380 0.98200 0.99460 0.99100 0.99010 0.98470 0.99370 0.97840 0.97930
(RV?/T%(IT)g 3/19/0 019]3 0193 0]18]4 0]16/6 0193 0/19]3 019]3 0184 0/19]3 0]16/6 0175

Boldface values denote the best results.
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Table A10. The results of the proposed RBAVO-DE algorithm and its counterparts employing SVM

regarding average F1-score values.

Dataset ~RBAVO-DE  BSSA BABC BPSO BBA BGWO BWOA BGOA BHHO BBSA BASO BHGSO
BLCA 1.00000 1.00000 1.00000 1.00000 1.00000 1.00000 1.00000 1.00000 1.00000 1.00000 1.00000 1.00000
CESC 1.00000 1.00000 1.00000 1.00000 0.99950 1.00000 1.00000 1.00000 1.00000 1.00000 1.00000 1.00000
CHOL 1.00000 1.00000 1.00000 1.00000 1.00000 1.00000 1.00000 1.00000 1.00000 1.00000 1.00000 1.00000
COAD 1.00000 1.00000 1.00000 1.00000 0.99910 1.00000 1.00000 1.00000 1.00000 1.00000 0.99970 1.00000
ESCA 1.00000 1.00000 1.00000 1.00000 0.99910 1.00000 1.00000 1.00000 1.00000 1.00000 0.99820 0.99600
GBM 1.00000 1.00000 1.00000 1.00000 1.00000 1.00000 1.00000 1.00000 1.00000 1.00000 1.00000 1.00000
HNSC 1.00000 0.96980 0.97000 0.96760 0.96250 0.96980 0.96900 0.96970 0.96970 0.96940 0.95730 0.96420
KICH 1.00000 1.00000 1.00000 1.00000 1.00000 1.00000 1.00000 1.00000 1.00000 1.00000 1.00000 1.00000
KIRC 1.00000 0.99520 0.99520 0.99520 0.99470 0.99520 0.99520 0.99520 0.99520 0.99520 0.99320 0.99520
KIRP 1.00000 1.00000 1.00000 1.00000 1.00000 1.00000 1.00000 1.00000 1.00000 1.00000 1.00000 1.00000
LIHC 1.00000 1.00000 1.00000 1.00000 1.00000 1.00000 1.00000 1.00000 1.00000 1.00000 1.00000 1.00000
LUAD 1.00000 1.00000 1.00000 1.00000 0.99690 1.00000 1.00000 1.00000 0.99970 1.00000 0.99880 0.99850
LUSC 1.00000 0.99480 0.99480 0.99480 0.99480 0.99480 0.99480 0.99480 0.99480 0.99480 0.99480 0.99480
PAAD 1.00000 1.00000 1.00000 1.00000 1.00000 1.00000 1.00000 1.00000 1.00000 1.00000 1.00000 1.00000
PCPG 1.00000 1.00000 1.00000 1.00000 1.00000 1.00000 1.00000 1.00000 1.00000 1.00000 1.00000 1.00000
READ 1.00000 1.00000 1.00000 1.00000 1.00000 1.00000 1.00000 1.00000 1.00000 1.00000 1.00000 1.00000
SARC 0.99900 0.99970 0.99810 0.99970 0.99750 0.99970 1.00000 0.99970 0.99810 0.99970 0.99710 0.99560
SKCM 1.00000 1.00000 1.00000 1.00000 1.00000 1.00000 1.00000 1.00000 1.00000 1.00000 1.00000 1.00000
STAD 0.99410 0.97350 0.97490 0.96990 0.96700 0.97290 0.97270 0.97270 0.96860 0.97250 0.96560 0.96640
THCA 1.00000 1.00000 1.00000 1.00000 1.00000 1.00000 1.00000 1.00000 1.00000 1.00000 1.00000 1.00000
THYM 1.00000 1.00000 1.00000 1.00000 1.00000 1.00000 1.00000 1.00000 1.00000 1.00000 1.00000 1.00000
UCEC 1.00000 0.99730 0.99730 0.99090 0.98730 0.99730 0.99450 0.99410 0.99180 0.99680 0.98680 0.98640
g@?ﬁf? 517/0 0/166 0[16/6 0/16/6 0[12]10  0|16]6 0[17]5 0/16]6 0[157 0/16/6 0[139 0[14/8
Boldface values denote the best results.
Appendix B. Convergence Graphs of the Proposed RBAVO-DE and
Competitive Methods
Appendix B.1. Convergence Graphs Employing the SVM Model
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Figure A1. Convergence graphs of the proposed RBAVO-DE algorithm and competitive methods
employing the SVM model on the overall benchmarks [57].
Appendix B.2. Convergence Graphs Employing the k-NN Model
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Abstract: Antimicrobial resistance, particularly the emergence of resistant strains in fungal pathogens,
has become a pressing global health concern. Antifungal peptides (AFPs) have shown great potential
as a promising alternative therapeutic strategy due to their inherent antimicrobial properties and
potential application in combating fungal infections. However, the identification of antifungal
peptides using experimental approaches is time-consuming and costly. Hence, there is a demand to
propose fast and accurate computational approaches to identifying AFPs. This paper introduces a
novel multi-view feature learning (MVFL) model, called AFP-MVFL, for accurate AFP identification,
utilizing multi-view feature learning. By integrating the sequential and physicochemical properties
of amino acids and employing a multi-view approach, the AFP-MVFL model significantly enhances
prediction accuracy. It achieves 97.9%, 98.4%, 0.98, and 0.96 in terms of accuracy, precision, F1 score,
and Matthews correlation coefficient (MCC), respectively, outperforming previous studies found in
the literature.

Keywords: AFP-MVFL; peptide; multi-view feature learning; iFeature; random forest

1. Introduction

Fungal infections pose a significant threat to human health, affecting over one billion
people worldwide annually [1]. Unlike bacteria, fungi share similar biological character-
istics with mammalian cells as eukaryotes, making it challenging to develop antifungal
drugs [2]. Currently, the clinical treatment options for fungal infections are limited to
polyenes, azoles, echinocandins, and a few auxiliary drugs like flucytosine, which are
constrained by fungal resistance and have drug toxicity side effects [3]. Therefore, there is
a critical need to expand the repertoire of antifungal drugs [4].

Antifungal peptides (AFPs) represent a class of naturally occurring peptides produced
by organisms as a defense mechanism against fungal pathogens [5]. Typically consisting of
10-100 amino acids, AFPs are amphipathic. AFPs have low toxicity and high efficiency. Due
to these favorable characteristics, they have emerged as promising alternatives to chemical
antifungal agents [6]. In contrast to traditional antifungal drugs, AFPs exhibit diverse
modes of action, such as disrupting fungal cell membranes or inducing the production of
reactive oxygen species (ROS) [7]. Identifying AFPs experimentally is time-consuming and
costly, especially for the pre-screening of a large number of AFP candidates. Therefore,
there is a pressing need for computational models that can rapidly and accurately predict
AFPs [8].

In recent years, a wide range of machine-learning-based approaches have been pro-
posed to predict antifungal peptides (AFPs). For instance, Leyi Wei et al. introduced a
novel computational model called AFP-MFL (multi-view feature learning) for accurately
identifying antifungal peptides (AFPs) by integrating different feature groups [9]. Later,
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Agrawal et al. [10] employed a combination of amino acid composition (AAC), dipep-
tide composition (DPC), split amino acid composition, and binary profiles to characterize
peptides, subsequently utilizing support vector machine (SVM) classifier to construct
prediction models [11].

More recently, Ahmad et al. introduced a feature fusion scheme to integrate diverse
peptide features, which were then used to train a deep neural network (DNN) for prediction
purposes [12]. Later, Ahmad et al. proposed another innovative computational model for
AFP prediction using sequential and evolutionary information extracted from peptides
and employing a minimum redundancy and maximum relevance (mRMR) based method
for feature extraction [13]. Most recently, Zhang et al. proposed a machine-learning-based
approach for accurately identifying and classifying AFPs by developing a comprehensive
dataset of known AFPs and applying various feature extraction techniques to represent
peptide sequences [14].

Most existing studies heavily rely on expert-knowledge-based handcrafted features to
characterize intrinsic peptide properties [15]. These approaches need help with handling
short peptide sequences. For instance, descriptors such as AAC, DPC, and reduced amino
acid alphabet composition (RAAAC) only consider the frequency of individual amino
acid residues, overlooking the sequential order of amino acids in the peptide sequence.
The integration of different feature vectors into a high-dimensional feature space has been
used to achieve a more expressive feature representation [16]. Nevertheless, this often
leads to the curse of dimensionality, introducing redundant information and resulting in
heightened computational complexity [17].

To address these issues, we present AFP_MVFL, a new machine learning model based
on multi-view feature learning (MVFL) aimed at accurately identifying AFPs. The AFP-
MVFL model leverages a diverse range of sequence-based information and physicochemical
properties to comprehensively represent peptide characteristics [10]. By incorporating mul-
tiple properties of peptides, our model enhances its ability to capture patterns underlying
antifungal activity. AFP-MVFL achieves 97.9%, 98.4%, 0.98, and 0.96 in terms of accuracy,
precision, F1 score, and Matthews correlation coefficient (MCC), respectively, outperform-
ing previous studies found in the literature. The AFP-MVFL model and its source code
are publicly available at https://github.com/MuntahaMim /AFP-MVFL.git (accessed on 1
May 2024).

2. Materials and Methods

The initial steps include importing necessary libraries, loading training and test
datasets, and converting labels into binary values (0 for the negative and 1 for the positive
classes). The training data are then preprocessed via scaling to ensure uniformity. Next, a
random forest classifier with 100 estimators is initialized and fitted to the scaled training
data to determine feature importance. At this stage, features with an importance level
above the mean are selected and extracted. For evaluating classifier performance, stratified
10-fold cross-validation is employed. The general architecture of our model is presented in
Figure 1. This section elaborates on the materials and methods used to build AFP_MVEFL.
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Figure 1. The overall architecture of AFP-MVFL. The AFPs prediction pipeline consists of three
modules: (i) feature extraction module using iFeature; (ii) feature selection using random forest;
(iii) classification module for the prediction task.

2.1. Dataset

To ensure a comprehensive evaluation and proper comparison with previous studies,
this study leverages three benchmark datasets, namely, Antifp_DS1, Antifp_DS2, and An-
tifp_DS3, which have been widely used in the literature [17-21]. These datasets, outlined
in Table 1, encompass distinct characteristics and composition. In Antifp_DS1, Antifp_DS2,
and Antifp_DS3, the positive samples originate from the data repository of antimicrobial
peptides (DRAMP) [20], while excluding sequences containing unnatural amino acids
(BIJOUX). However, the negative samples in each dataset differ. Antifp_DS1 negatives com-
prise active antimicrobial peptides, while Antifp_DS2 negatives are randomly generated
from SwissProt. Notably, the maximum peptide length in these three datasets is 100. On the
other hand, Antifp_DS3 encompasses peptides with lengths ranging from 5 to 30. Positive
samples in Antifp_DS3 were collected from CAMP [21], DRAMP [22], and StarPep [23,24]
databases, whereas negatives were randomly generated from the Swiss-Prot database. As
shown in Table 1, all three datasets are balanced (equal number of positive and negative
samples). They are also normally distributed.

Table 1. Statistics and properties of the datasets employed in this study, namely, Antifp-DS1, Antifp-
DS2, and Antifp-DS3.

Description of AFPs and
Dataset AFPs Non-AFPs Non-AFPs
The non-AFPs were chosen at
random from the Swiss-Prot
Antifp DS1 Train 1168 1168 database, and antimicrobial
ntifp_ Test 291 291 peptides other than
antifungals were obtained
from the DRAMA database.
. The non-AFPs were
Antifp_DS2 ,}:;:in g?s g?s antimicrobial peptides other
than antifungal peptides.
. The non-AFPs were chosen at
Antifp_DS3 F}:;i;n 55?8 %5?8 random from the

Swiss-Prot database.
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2.2. Classifiers

To test the efficiency of our extracted features and identify the best classifier to build
our model, we investigated eight different classifiers, most of which have been effectively
used for similar studies [25]. These eight classifiers are support vector machine (SVM),
logistic regression (LR), decision tree (DT), rotation forest (RT), stochastic gradient descent
(SGD), AdaBoost, naive Bayes (NB), and random forest (RF).

2.2.1. Support Vector Machine (SVM)

SVM is one of the most extensively used machine learning techniques in this field.
It has been shown to outperform other classifiers for similar tasks [26-28]. SVM aims to
identify the biggest marginal hyperplane across classes to decrease prediction errors and
improve classification task generality. In the case of linearly separable data, it generates a
hyperplane with a maximum margin to distinguish two distinct classes. The SVM technique
employs many kernel functions, such as linear, nonlinear, polynomial, radial basis function
(RBF), and sigmoid [29]. In this study, we have used the linear kernel for the SVM and
“C =1" as a regularization parameter to influence the trade-off between having a smooth
decision boundary and classifying the training points correctly.

2.2.2. Logistic Regression (LR)

The probability is estimated using log odds in logistic regression. It has been frequently
employed for a variety of tasks with promising outcomes [30]. It is also an excellent model
for estimating the likelihood of a linear solution to a problem [31]. In this study, we have
used the default random state “0” to ensure the reproducibility of this method in the future.

2.2.3. Naive Bayes (NB)

In the field of machine learning and data mining, naive Bayes is regarded as one of
the most prevalent types of classifiers [32]. It is based on the assumption of conditional
independence between features. This model creates a Gaussian naive Bayes classifier, and
the instance is created with default parameters so that it represents the prior probabilities
of the classes.

2.2.4. AdaBoost

AdaBoost is a booting-based approach that employs a basic classifier, also known as a
weak learner, and improves its performance iteratively. It raises the cost of misclassified
samples in each iteration to ensure they are correctly classified in the following itera-
tions [33]. Adaboost’s performance strongly depends on its weak learner’s performance
in each iteration. We implemented the AdaBoost classifier using a decision tree as weak
learners with 50 n_estimators to shrink the contribution of each classifier.

2.2.5. Random Forest (RF)

Proposed by Breiman in 2001 [34], random forest aims at building a powerful and
divergent decision boundary by employing decision trees on numerous random subsets of
data collected using the bagging technique [34]. Random forest is a flexible technique for
large-scale problems and has yielded promising results for various challenges [35].

2.2.6. Stochastic Gradient Descent (SGT)

Stochastic gradient descent (SGD) is a robust optimization algorithm widely used in
machine learning and deep learning. It is a variant of the gradient descent method that is
particularly well-suited for large datasets and complex models and has obtained promising
results for similar studies [36,37].
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2.2.7. Decision Tree (DT)

A decision tree is a non-parametric supervised learning approach for classification
and regression applications. It has a hierarchical tree structure consisting of a root node,
branches, internal nodes, and leaf nodes [38].

2.3. Feature Extraction

In this study, we employed iFeature, a widely used feature extraction tool, to extract
informative features from the input data [39]. iFeature provides a comprehensive set of
feature descriptors that capture diverse aspects of the data, enabling a more comprehen-
sive analysis. iFeature possesses the ability to compute and derive an extensive array of
18 primary sequence encoding schemes that cover 53 diverse feature descriptors. Within
various feature categories, users are also able to extract distinct physiochemical properties
of amino acids from the AAindex database [40]. The following commonly used feature
descriptors are calculated and extracted using iFeature.

2.3.1. Amino Acid Composition (AAC)

AAC presents the frequency or occurrence of each amino acid residue in the protein
sequence. It provides insights into the overall amino acid distribution, which can be
indicative of certain functional properties [41]. The frequencies are computed for all
20 natural amino acids, denoted as “ACDEFGHIKLMNPQRSTVWY”.

There are 20 elements in the amino acid composition (AAC) feature vector, each corre-
sponding to one of the 20 standard amino acids. These elements indicate the percentage or
frequency of each amino acid in the protein sequence.

2.3.2. Composition of Tripeptide (CTDC, CTDT, CTDD)

Tripeptide composition descriptors capture the occurrence frequencies of different
combinations of three adjacent amino acids in the protein sequence. CTDC focuses on
the composition of tripeptides in the C-terminus, CTDT in the middle, and CTDD in
the N-terminus.

The composition of the tripeptide feature vector is an 8000-dimensional vector, with
each dimension representing the frequency or occurrence of a specific tripeptide in the pro-
tein sequence. Each element in this vector corresponds to a unique tripeptide combination,
capturing the information about the presence and distribution of these tripeptides in the
protein sequence.

2.3.3. Dipeptide Composition (DPC)

DPC quantifies the occurrence frequencies of different combinations of two adjacent
amino acids in the protein sequence. It provides information about local structural patterns
and short-range interactions.

The dipeptide composition (DPC) is a 400-dimensional feature vector [42], with each
dimension representing the frequency of a specific dipeptide in the protein sequence.

2.3.4. Grouped Amino Acid Composition (GAAC)

The “Grouped Amino Acid Composition” (GAAC) feature in iFeature involves group-
ing amino acids into predefined categories or classes and then computing the composition
of these groups. We have used the basic grouping scheme that divides amino acids into
four categories (e.g., hydrophobic, polar, charged, and aromatic). This GAAC feature
vector has four features, each representing the composition of one of these groups in the
protein sequence.

2.3.5. Global Descriptors of Protein Composition (GDPC)

GDPC captures the overall composition and properties of the protein by considering
various physicochemical properties of the constituent amino acids. It provides a holistic
view of the protein’s chemical characteristics.
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The “Grouped Diamino Acid Composition” (GDAC) feature in iFeature involves
grouping dipeptides (two consecutive amino acids) into predefined categories or classes
and then computing the composition of these groups. The GDPC is a 25-dimensional
feature vector, with each dimension representing how dipeptides are grouped and the
chosen classification scheme.

2.3.6. Grouped Tripeptide Composition (GTPC)

GTPC extends the tripeptide composition by grouping tripeptides with similar physic-
ochemical properties. This allows for capturing higher-level structural and functional
patterns in the protein sequence.

The GTPC is a 125-dimensional feature vector. Each feature vector represents the
frequency or composition of tripeptides grouped into predefined categories or classes based
on their physicochemical properties or structural similarities.

2.3.7. Tripeptide Position-Specific Composition (TPC)

TPC captures the position-specific occurrence frequencies of tripeptides in the protein
sequence. It provides insights into the specific arrangement and distribution of tripeptides,
which can be relevant for understanding functional motifs.

For a protein sequence of length L and using a standard scheme where the tripeptide
composition is encoded at each position, the TPC feature vector will be L x 8000 (where
8000 represents the number of possible tripeptides).

2.4. Feature Selection

As is explained in Section 2.3, using iFeature, we extract over 20,000 features. This
number of features exceeds the number of samples in our employed datasets by a 1:20 ratio
(less than 1200 training samples and over 20,000 features). Hence, reducing the number
of features is necessary to avoid under-training. In this study, after extracting the features
using iFeature, we performed feature selection on our extracted features to identify the
most effective features and filter out redundant features or those with limited discrimi-
natory information. In this way, we aim to use a shortened input feature vector, which
consequently enables us to build a more generalizable model. The significance of each
feature in the training data is assessed using a random forest with 100 estimators. We have
investigated several feature selection techniques. Among them, RF demonstrated the best
performance. RF is considered an effective model for feature selection and classification.
Feature importance is calculated, and features with importance surpassing the mean impor-
tance are selected for further analysis. These selected features are then extracted from both
the training and test datasets to focus on the most informative aspects of the data [34,35].

The Gini index, widely employed in decision tree-based algorithms such as RF, is a
metric to evaluate impurity or purity within a dataset [43]. Specifically, it quantifies the
likelihood that a randomly selected element would be misclassified, reflecting the overall
impurity of a set of data points. In the context of the RF method, which is an ensemble
of decision trees, the Gini index plays a crucial role in assessing the importance of each
feature in contributing to the model’s predictive accuracy. Features that lead to nodes
with lower impurity are considered more important, as they contribute to more accurate
classifications [44].

Here, we focused on the most important features to reduce the model’s dimensionality,
which improved computational efficiency. Features with higher Gini importance scores are
indicative of their greater contribution to the overall predictive power of the model. This
process aided in selecting a subset of features that are not only relevant but also collectively
provide meaningful information for the given prediction task.
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2.5. Performance Evaluation

To assess the performance and generalization capability of different classifiers, strati-
fied 10-fold cross-validation and independent test sets are used. To report the results, we
run our experiments 10 times and then report the average.

2.6. Evaluation Metrics

For the evaluation of our model’s performance, various metrics, including accuracy
(ACCQ), precision (PRE), the area under the precision-recall curve (AUPRC), the area under
the receiver-operating characteristic curve (AUC), Matthews correlation coefficient (MCC),
and F1-score are used. These metrics serve as reliable measures to assess the effectiveness
and robustness of the model. The calculations for each metric are defined as follows:

TP+ TN
A =
cc TP+ TN +FP+FN’
TP
SN = TP+ FN’
TN
5P = TN + FP’
TP
Pre = 5 Fp
McC — TP x TN — FP x FN
V(TP +FP) x (TP + FN) x (TN + FP) x (TN + FN)’
Pre x SN
F1-— =2x ——°
score x Pre + SN’

where TP represents the count of true positives, TN represents the count of true negatives,
FP represents the count of false positives, and FN represents the count of false negatives.

3. Results and Discussion

This section showcases the experimental outcomes of multiple models employed for
AFP prediction, utilizing diverse sequence encoding techniques and machine learning
frameworks. A comprehensive comparison between our proposed model and state-of-the-
art AFP classifiers is also provided.

3.1. Performance of the Model for Different Classifiers

We conducted a comprehensive comparison using different classifiers to identify the
best classifier to build AFP_MVLE. The results of the comparison between the classifiers for
10-fold cross-validation and the independent test set are presented in Tables 2 and 3 for the
dataset Antifp_DSI, respectively. Note that for this comparison, we used all the extracted
features using iFeature (no feature extraction). As shown in these tables, RF performs better
than other classifiers used in this study. Using RF, we achieve an accuracy of 93.5%, F1
score of 0.92, precision of 91.2%, and MCC of 0.89 for the 10-fold cross-validation. RF also
stands out with the highest accuracy of 93.8%, F1 score of 0.93, precision of 96.6%, and
MCC of 0.80 for the independent test dataset.

As shown in Tables 4 and 5, again, RF consistently delivered the top performance
among all classifiers for the Antifp_DS2 dataset using a 10-fold cross-validation and inde-
pendent test set, respectively. It achieves remarkable accuracy of (93.5% and 93.1%), F1
scores of (0.93 and 0.93), MCC scores of (0.87 and 0.86), and precision scores of (92.6% and
92.3%), respectively, using 10-fold cross-validation and the independent test dataset.
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Table 2. The results of comparing machine learning algorithms based on various performance metrics
using 10-fold cross-validation for the Antifp_DS1 dataset.

Algo Acc (%) F1 MCC Precision (%) SN (%) SE (%)
SVM 91.5 0.91 0.83 91.2 90.5 91.4
RF 93.5 0.92 0.89 93.1 93.2 93.8
AdaBoost 91.2 0.93 0.90 90.2 89.5 91.1
NB 78.4 0.77 0.57 81.4 80.2 78.8
LR 90.9 0.90 0.81 90.5 90.1 90.5
SGD 89.3 0.88 0.80 89.1 88.3 86.1
Bernoulli NB 87.4 0.87 0.74 88.7 88.3 87.6
DT 91.7 0.91 0.83 90.8 89.5 90.0
RT 91.7 0.90 0.91 92.4 92.3 91.7

Table 3. The results of comparing machine learning algorithms based on various performance metrics
using an independent test set for the Antifp_DS1 dataset.

Algo Acc (%) F1 MCC Pre(%) SN (%) SE (%)
SVM 91.4 0.91 0.82 91.1 90.5 91.5
RF 93.8 0.93 0.80 96.6 93.2 93.5
AdaBoost 91.7 0.92 0.89 90.8 89.5 91.2
NB 78.8 0.78 0.57 79.7 80.2 78.4
LR 90.5 0.90 0.81 90.4 90.1 90.9
SGD 86.1 0.85 0.71 86.7 88.3 89.3
Bernoulli NB 87.6 0.87 0.75 90.1 88.3 87.4
DT 90.0 0.90 0.80 89.1 89.5 91.7
RT 91.7 0.91 0.90 92.5 92.3 91.7

Table 4. The results of comparing machine learning algorithms based on various performance metrics
using 10-fold cross-validation for the Antifp_DS2 dataset.

Algo Acc (%) F1 MCC Precision (%) SN (%) SE (%)
SVM 93.5 0.93 0.87 92.6 90.5 91.4
RF 96.4 0.95 0.92 97.7 93.2 93.8
AdaBoost 92.6 0.91 0.90 89.0 89.5 91.1
NB 88.9 0.89 0.82 86.3 80.2 78.8
LR 92.5 0.91 0.85 92.8 90.1 90.5
SGD 90.9 0.91 0.81 90.9 88.3 86.1
Bernoulli NB 91.1 0.90 0.82 93.9 88.3 87.6
DT 91.6 0.91 0.83 90.8 89.5 90.0
RT 92.5 0.92 0.92 92.2 92.3 91.7

We also conducted the comparison for the Antifp_DS3 dataset and the summarized
result in Tables 6 and 7 for a 10-fold cross-validation and independent test set, respectively.
As shown in these tables, the model constructed with the RF performs the best among all
the other classifiers. The model outperformed, resulting in ACC values of 93.7% and 94.1%,
F1 scores of 0.93 and 0.92, MCC scores of 0.82 and 0.87, and precision scores of 94.3% and
95.1%, respectively.
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Table 5. The results of comparing machine learning algorithms based on various performance metrics
using an independent test set for the Antifp_DS2 dataset.

Algo Acc (%) F1 MCC Precision (%) SN (%) SE (%)
SVM 93.1% 0.93 0.86 92.3 93.5 91.4
RF 96.2 0.96 0.92 96.8 96.4 93.8
AdaBoost 92.3 0.91 0.90 914 92.6 91.1
NB 85.6 0.89 0.86 80.5 88.9 78.8
LR 93.6 0.94 0.87 92.9 92.5 90.5
SGD 91.4 091 0.83 91.4 90.9 86.1
Bernoulli NB 90.4 0.90 0.80 92.1 91.1 87.6
DT 90.4 0.90 0.80 89.2 91.6 90.0
RT 91.1 0.91 0.92 91.2 92.5 91.7

Table 6. Results of the comparison of machine learning algorithms based on various performance
metrics using 10-fold cross-validation for the Antifp_DS3 dataset.

Algo Acc (%) F1 MCC Precision (%) SN (%) SE (%)
SVM 91.4 0.91 0.82 90.9 90.5 92.3
RF 93.7 0.92 0.86 94.3 93.2 96.8
AdaBoost 88.3 0.87 0.85 85.2 89.5 87.2
NB 77.2 0.74 0.55 84.2 80.2 80.6
LR 91.7 091 0.83 90.8 90.1 92.9
SGD 88.1 0.88 0.88 86.8 88.3 914
Bernoulli NB 86.1 0.86 0.72 86.4 88.3 92.1
DT 87.3 0.87 0.74 88.7 89.5 89.2
RT 91.2 0.92 0.90 92.6 92.3 91.3

Table 7. The results of comparing machine learning algorithms based on various performance metrics
using an independent test set for the Antifp_DS3 dataset.

Algo Acc (%) F1 MCC Precision (%) SN (%) SE (%)
SVM 90.8 0.91 0.81 89.9 90.5 92.3
RF 94.1 0.93 0.87 95.1 93.2 96.8
AdaBoost 83.4 0.82 0.81 82.1 89.5 82.0
NB 78.0 0.75 0.57 85.5 80.2 80.5
LR 90.1 0.90 0.80 89.3 90.1 92.9
SGD 88.3 0.88 0.76 89.6 88.3 91.4
Bernoulli NB 86.9 0.86 0.73 89.6 88.3 92.1
DT 87.6 0.87 0.75 90.1 89.5 89.2
RT 92.2 0.90 0.92 91.8 92.3 91.2

The ROC curves of all models on the independent test datasets—Antifp_DS1, An-
tifp_DS2, and Antifp_DS3—are displayed in Figures 2—4, respectively. As shown in these
figures, RF demonstrates better results compared to other classifiers.
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Figure 2. ROC curve of the results for various classification models on the independent test of the
Antifp_DS1 dataset.
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Figure 3. ROC curve of the results for various classification models on the independent test of the
Antifp_DS2 dataset.
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Figure 4. ROC curve of the results for various classification models on the independent test of the
Antifp_DS3 dataset.

3.2. Results Achieved on the Selected Feature Set

As a result of our comparison study, we use RF as the main classifier to build
AFP_MVLF. Next, we use our feature extraction model and compare the results of us-
ing RF with and without feature extraction. The results of this comparison for Antifp_DS1
are presented in Table 8. As shown in this table, the models constructed with feature selec-
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tion consistently outperform the alternative model (RF and the whole feature set without
using feature selection) in terms of accuracy (ACC), precision (PRE), F1 score, and MCC.

Table 8. Comparison of the AFP-MVFL model with and without feature selection of Antifp_DS1.

Datasets Model ACC (%) PRE(%) F1 Score MCC
Antifp_DS1 Without Feature Selection 93.5 93.1 0.92 0.89
With Feature Selection 97.9 98.4 0.98 0.96

Specifically, employing the random forest algorithm with 100 n_estimators in conjunc-
tion with the feature selection model yielded superior predictive capabilities, resulting in
ACC values of 97.9% and 97.6%, F1 scores of 0.98 and 0.75, and MCC scores of 0.95 and
0.95 for the Antifp_DS1 dataset, respectively. These results substantiate the advantage of
employing feature selection in improving the overall performance of the predictive models.

3.3. Comparison of the Proposed Model with Existing Models

Next, to investigate the effectiveness of our proposed model (AFP_MVLF), we com-
pare its results against other state-of-the-art models found in the literature. The results
achieved for AFP_MVLF compared to previous studies for Antifp_DS1 are presented in
Table 9. As demonstrated in this table, AFP_MVLF outperforms previous studies, includ-
ing [9,10,12,14,19,21,23,45] across all evaluation metrics. When compared to AFP-MFL,
AFP-MVFL represents relative improvements of 2.1%, 2.4%, 1.3%, and 0.04 in terms of
ACC, F1 score, precision, and MCC, respectively, for the Antifp_DS1 dataset.

Table 9. Comparison of AFP-MVFL with other antifungal peptide predictors on the independent test
dataset of Antifp_DSI.

Datasets Model ACC (%) PRE(%) F1 score MCC

Antifp_DS1 MIMML [23] 91.3 - - 0.83
AntiMF [45] 90.2 - - 0.80
Antifp [10] 86.3 - - 0.73
AFPDeep [19] 90.2 - - -
Deep-AntiFP [12] 89.1 - - 0.78
iAFPs-EnC-GA [21] 93.9 - - 0.90
AFP-MFL [9] 95.8 97.1 0.96 0.92
AFP-MVFL 97.9 98.4 0.98 0.96

We also compare AFP_MVLF’s performance to the state-of-the-art methods found
in the literature for the Antifp_DS2 and Antifp_DS3 datasets. The experimental results
obtained from these different datasets are presented in Table 10. AFP_MVLF consistently
outperforms the competitive approaches across all evaluation metrics in each dataset.

Specifically, when tested on the Antifp_DS2 dataset, the AFP-MVFL achieves improved
prediction rates with an accuracy of 98.3%, precision of 99.1%, F1 score of 0.98, and MCC of
0.97. A relative increase is observed compared to the AFP-MFL model. On the Antifp_DS3
dataset, the AFP-MVFL achieves an accuracy of 97.4%, precision of 98.4%, F1 score of 0.97,
and MCC of 0.95, representing a relative improvement over the previous three models.
These results establish that the AFP-MVFL consistently outperforms other methods in
distinguishing AFPs from non-AFPs across all evaluated datasets.

We also generated t-SNE graphs in Figures 5-7 for the Antifp_DS1, Antifp_DS2, and
Antifp_DS3 datasets to explore the importance and contribution of different features. Here
we choose t-SNE to investigate feature importance since it was demonstrated as a better
candidate than principal component analysis (PCA) in similar studies [46]. By plotting the t-
SNE, we can visualize the data in a reduced space, which helps us to identify which features
are most relevant for distinguishing between different data points [47]. By visualizing the
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distribution of instances in the reduced space, we can also assess the quality of the feature
selection process [48].

Table 10. Comparison of AFP-MVFL with other antifungal peptide predictors on Antifp_DS2 and
Antifp_DS3 datasets.

Datasets Model ACC (%) PRE(%) F1 score MCC
AFPDeep 93.5 - - -
. Antifp 85.9 - - 0.72
Antifp_DS2 AFP-MFL 94.4 95.9 0.94 0.88
AFP-MVFL 98.3 99.1 0.98 0.97
AFPDeep 88.7 - - -
. Antifp 90.4 - - 0.81
Antifp_DS3 AFP-MFL 96.8 97.6 0.96 0.93
AFP-MVFL 97.4 98.3 0.97 0.95

t-SNE Plot of Data Distribution
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Figure 5. Feature visualization of AFP-MVFL on the AntiFP_DS1 dataset. Blue dots correspond to
instances where the label negative equals 0 and red dots correspond to instances where the label
positive equals 1.
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Figure 6. Feature visualization of random forest on the AntiFP_DS2 dataset. Blue dots correspond
to instances where the label negative equals 0 and red dots correspond to instances where the label
positive equals 1.
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Figure 7. Feature visualization of random forest on the AntiFP_DS3 dataset. Blue dots correspond
to instances where the label negative equals 0 and red dots correspond to instances where the label
positive equals 1.

The results above highlight the robustness and generalizability of AFP-MVFL. By
integrating a co-attention mechanism to fuse semantic information, evolutionary informa-
tion, and physicochemical properties, AFP-MVEFL effectively generates more informative
features. Consequently, AFP-MVFL exhibits superior performance compared to alternative
methods, positioning it as a reliable tool for AFP prediction. The AFP-MVFL model and its
source code are publicly available at https://github.com/MuntahaMim/AFP-MVFL.git
(accessed on 1 May 2024).

4. Conclusions

The accurate prediction of antifungal peptides is crucial for the advancement of
therapeutic peptide design. In this study, we proposed a new machine learning framework
called AFP_MVLEF to predict AFPs accurately. Our approach employed a multi-view feature
learning strategy to extract informative features from diverse perspectives, encompassing
semantic information, evolutionary patterns, and physicochemical properties.

AFP-MVFL initially generated comprehensive profiles of peptide features by incorpo-
rating a set of sequence-based descriptors. AFP-MVFL achieved accurate AFP prediction
based solely on sequence-based input features using the multi-view approach. Through
rigorous cross-validation experiments conducted on three benchmark datasets, we demon-
strated the superior performance of the AFP-MVFL compared to state-of-the-art methods
in AFP prediction. Overall, AFP-MVFL presented a robust tool for accurate AFP prediction
based solely on sequence-based information. The AFP-MVFL model and its source code
are publicly available at https://github.com/MuntahaMim/AFP-MVFL.git (accessed on 1
May 2024).

One of the main limitations of this study is having a limited number of samples with
which to train our model. As shown in the Section 3, the results on the independent
test set are similar or slightly better than those reported using 10-fold cross-validation. It
means that when we use all the training data to build our model, we can achieve better
performance. Hence, if we have more samples, we are likely to achieve better results.
Therefore, for our future direction, we aim to build larger benchmarks to train more
complex models and possibly enhance prediction performance. We also aim to investigate
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more complex classification models to enhance the prediction performance even further to
correctly determine unknown antifungal peptides.
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Abstract: This paper presents various machine learning methods with different text features that are
explored and evaluated to determine the authorship of the texts in the example of the Azerbaijani
language. We consider techniques like artificial neural network, convolutional neural network,
random forest, and support vector machine. These techniques are used with different text features
like word length, sentence length, combined word length and sentence length, n-grams, and word
frequencies. The models were trained and tested on the works of many famous Azerbaijani writers.
The results of computer experiments obtained by utilizing a comparison of various techniques
and text features were analyzed. The cases where the usage of text features allowed better results
were determined.
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1. Introduction

Authorship analysis is widely used to identify the author of an anonymous or disputed
literary work, especially in a copyright dispute, to verify the authorship of suicide letters,
for information to determine whether an anonymous message or statement was written
by a known terrorist, to identify the author of malicious computer programs, for example,
computer viruses and malware, and to identify the authors of certain Internet texts, such as
e-mails, blog posts, and texts on Internet forum pages [1,2].

One of the important classes of problems in the authorship analysis of texts is author-
ship recognition of texts. Studies in the direction of text authorship recognition differ in
the types of the text features, i.e., stylistic characteristics of the authors in the texts, genre
and size characteristics of texts, the language, authorship identification approach used, etc.
Among the scientific studies carried out on the identification of the author of texts, several
works can be found related to the identification of the author of texts in newspapers [3-10]
and the identification of the author of literary works [11-15].

Machine learning methods and models are widely used in text author recognition.
Among these methods and models are support vector machine [4-6,11,16-18], naive
Bayes [7,8,16], random forest [5,6,8,19], k-nearest neighbors [5-7], and artificial neural
network [15,20,21]. The recognition of the author of the text can be considered in the exam-
ple of texts in different languages, e.g., Arabic, Chinese, Dutch, English, German, Greek,
Russian, Spanish, Turkish, and Ukrainian [3-17,22-26]. Different types of text features,
for example, frequencies of selected words or frequencies of some tags/signs that replace
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words (e.g., part-of-speech tags) and frequencies of their n-grams [3,4,6,8,14,16,22,23,27], fre-
quencies of character n-grams [5,7,9,10,12,17,24,25,28], and frequencies of word lengths [13],
can be used in author identification.

In the present study, a comparative analysis of the effectiveness of the use of different
methods and models of machine learning with different feature groups consisting of
different types of text features to recognize the authorship of texts was carried out based
on the results of computer experiments in the example of large and small literary works of
some Azerbaijani writers.

The rest of this article is structured as follows: In Section 2, the considered authorship
recognition problem is discussed. In Section 3, various text feature types used in the study
are given. In Section 4, feature selection procedures used in the study are described. In
Section 5, feature groups used in the study are depicted. In Section 6, the dataset and
characteristics of the recognition methods are given. In Section 7, analysis and discussion
of the results of computer experiments are carried out. Finally, we draw our conclusions in
Section 8 and provide several ideas for future work.

2. Purpose of the Study

There are certain categories of problems in the direction of authorship analysis of
texts, namely:

e  authorship verification of texts—determination of whether a given text was written by
a certain person.

e authorship attribution of texts, author recognition of texts, or authorship identification—
determination of the author of a given text from predetermined, suspected candidate authors.
plagiarism detection—detection of similarities between two given texts.
author profiling—detection of author’s characteristics or building author profile
consisting of some characteristics—age, gender, education level, etc. based on the
given text.

e  detection of stylistic inconsistencies within a text—detection of text parts that do
not correspond to the general writing style of the text that is written by more than
one author.

The purpose of the study is to solve the problem of determining the authors of texts.
The problem arises in relation to the author of a given text among a priori well-known
authors. It is possible that the author of the text is not among these candidates. In the
considered research study, there is a set of texts written by candidate authors. The author of
a text is determined using computer models that use assessments of the stylistic quantitative
characteristics of the texts of this author and the stylistic quantitative characteristics of the
texts of candidate authors.

This evaluation can be performed with the help of machine learning methods. Each
machine learning method can be used with different sets of text features. In the present
study, frequencies of word lengths, frequencies of sentence lengths, frequencies of character
n-grams, statistical characteristics of character n-grams frequencies in the text, and frequen-
cies of selected words were used, where a word length, sentence length, and character
n-gram refer to the number of letters in a word, the number of words in a sentence, and a
given combination of n = 1,2, ... given characters, respectively. Also, in addition to the
frequencies of the selected words in a given text whose author is to be determined, the
frequencies of the words in the candidate authors’ texts in the training set were also used
in some feature groups as text features. The generated feature sets were used with artifi-
cial neural network, support vector machine, and random forest methods, and machine
learning models. In addition, an n-gram frequency character group was also used with a
convolutional neural network in the form of a two-dimensional matrix.

A comparative analysis of different feature sets with different machine learning meth-
ods and models was performed based on the results of computer experiments conducted on
the example of works of literary fiction in the Azerbaijani language by eleven Azerbaijani
authors.
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The results of the conducted research study on feature types, feature selection pro-
cedures, and machine learning techniques can be used for author recognition in many
other languages.

3. Types of Text Features

Below, it is assumed that the author of a given text is one of a certain limited number
of candidate authors, and some other texts written by these candidate authors are known
in advance. Let us adopt the following notation.

Consider the set of given candidate authors A = {Ai ci=1,2,..., L}, where L is
the number of the candidate authors, and let us denote the set of texts of author A’ by

T = {T]’ j=12,..., li}, where J; is the number of texts of the author A, i =1, 2,...,L.
The set of all texts with known authors T is divided into two non-intersecting subsets

T=TUT, TNT = @ where T is the training set and T is the test set.
Text feature groups consist of the following text characteristics, which are considered by
many researchers to be important features and have a distinctive character among authors.

3.1. Sentence Length Frequency

By sentence length, we mean the number of words in a sentence [29]. The frequency
of sentences of a certain length in a given text is calculated by dividing the number of
sentences of that length by the total number of sentences in the text [30].

3.2. Word Length Frequency

By word length, we mean the number of letters in a word [13]. The frequency of words
of a given length in a given text is calculated by dividing the number of words of that
length by the total number of words in the text.

3.3. Character n-Gram Frequency

In the scientific literature, a character n-gram is considered to mean any given combi-
nation of the given n = 1,2, ... characters [12,17,24,25].

For a given n, let us denote the character alphabet set, i.e., the set of all character
1-grams from which characters in any character n-gram are selected as follows:

a!|}.

Hereafter in the article, {% = (i1,...,in) notation will be used for n dimensional multi-
index f;ﬂ Here, each of the i, v = 1, 2,...,n, indices can take a value in the given set
{1,2,...,m}, hencel <i, <m,v=1,2,...,n

After that, we will use n-grams and character n-grams interchangeably. An n-gram
with an arbitrary multi-index 7, whose characters are chosen from the character alphabet
set a! will be used as ty = (i), ..., a;,), where m = |al|.

Let us denote the set of all character n-grams as follows:

alz{zxk: k=1,2,...,

zx":{l 1 1<i,<m, v=1,2,...,n, m:)le‘}.
m

The frequency of any arbitrary character n-gram a;, € " with n characters in a given
text is calculated by dividing the number of times that ap is used by the total number of
character n-grams in the text.

3.4. Variance of Character n-Gram Frequencies

Statistical characteristics (e.g., variances) of character n-gram frequencies in the sepa-
rate parts of an arbitrary given text can be used as text features.

If we calculate the frequencies of an arbitrary character n-gram in the separate parts
of a given text and find the variance [30] of these frequencies, this variance shows the
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fulfillment of this character n-gram in the separate parts—at the beginning, in the middle,
and at the end of that text, i.e., the stability of the character n-gram in the text. In other
words, if the variance of frequencies of a character n-gram in a text, which is calculated
as aforementioned, is small, this n-gram can be considered stable in that text. Even if we
calculate the frequency of an arbitrary character n-gram in each of the texts of a certain
author candidate in the training set and find the variance of these frequencies, the small
value of this variance indicates that the character n-gram characterizes the texts of that
author well. Or if we combine the known texts of each of the author candidates in the
considered problem and get a single text for each author candidate (for L number of authors,
we obtain L texts), if the variance of an arbitrary character n-gram in one of these texts is
small, and the variances in the others” are large, this character n-gram characterizes one
author candidate better than others, so this character n-gram can be effectively used in
the considered author recognition problem. It turns out that the variance values, which
indicate how character n-grams are distributed in a certain text or the stability of character
n-grams, are informative in terms of author recognition. Hence, we considered that along
with the frequencies of character n-grams in a given text, their variances in the text can
be used as text features as well. In other words, by dividing the given text into a certain
number of separate, non-intersecting parts and calculating the frequencies of an arbitrary
character n-gram in these parts, the variance of these frequencies can be used as some of
the features of that text.

To calculate the values of the statistical characteristics of any character n-gram in a
given text for an arbitrary #, the text must first be divided into certain almost equally sized
non-intersecting parts, the frequencies of that character n-gram in each of these parts of the
text must be found, and the variance value of these frequencies must be calculated.

3.5. Word Frequency

Word frequencies in texts are important features that can be related to authors [3,4,14,22].
The frequency of a particular word in a given text is calculated by dividing the number of
times that word occurs by the total number of words in the text.

The results of our research (see Section 7) show that if the frequency of an arbitrary
word in a given text is used together with the frequencies of the unified texts of the
candidate authors among the text features, it positively affects the recognition efficiency,
where, by the unified text of a candidate author, we mean the text resulting from merging
the author’s texts in the training set. In addition to the frequencies of a given word in
the unified texts of the candidate authors, the frequency of this word in the unified text
obtained as the result of merging all the texts in the training set can be used among the text
features. The rules for calculating the frequencies of an arbitrary word in the combined
texts of the candidate authors and in the text resulting from merging all the texts of the
training set are described below.

The total usage frequency of an arbitrary word by any author is obtained by dividing
the sum of the number of that word in the author’s texts in the training set by the total
number of words in the author’s texts in the training set. The total frequency of an arbitrary
word in all texts in the training set is calculated by dividing the total number of that word
in the texts in the training set by the total number of words in the texts in the training set.

4. Feature Selection Procedures

Various feature selection procedures have been proposed [1,2,6,16,31]. Here, two
different feature selection procedures for word selection and two for selecting character
n-grams whose frequencies will be used as text features are proposed, as described below.
Recall that these feature selection procedures are performed on the training set texts whose
authors are known.
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4.1. Procedure for Selecting Frequently Used Words by Authors (Procedure 1)

During the selection of words, the frequencies of which are to be used as text features
in author recognition with the help of this procedure, the total frequencies of words used by
each of the authors are taken into account separately. This first feature selection procedure
differs from the second feature selection procedure (see Section 4.2), i.e., in procedure 2,
word selection is carried out based on the total number of times the words are used in the
texts in the training set without considering the authors of the texts; in procedure 1, the
most or average or least used words of the author Al were selected, wherei = 1,2,...,L,
then words from authors’ lexicons are combined into a final set of words.

The determination of the most or average or least used words in the authors’ lexicons is

based on the total usage frequencies of the words in the Al author’s T]? S Ti, j=12,...1

texts, here T = T N T, where T is the set of texts in the training set, T* is the set of the
author’s texts in the dataset T, and /; is the number of texts of A’ in dataset T. Let us denote

the total usage frequency of an arbitrary word w, € W in A’ author’s texts T' by ¢, where
W is the set of all words in the training set T,and v € {1,...,|W|}, i=1,2,...,L.

In order to select the most or average or least used words by an author A’ from among
the elements of the word set W, at first, W has to be sorted according to the descending
order of the usage frequency of the words by the author Al wherei=1,2,...,L. Let us
denote the set of words arranged according to the descending order of usage frequency of

~1

the words by the author Al by Wi. For given |W |, i=1,2,...,L, consider the set of most

frequently used words of author A* as W C W' and the final set of most frequently used

words of authors A, i =1,2,...,L, as VN\/, where
i Lo 1i 1i L
W= {wg gl = 29l wgeW, j=1,2,.., W]}, 1)

~ 1

~i . ) .
_ 1. 1 1 .
W —{w]-.ijW, j=12,...,|W

7 (U]lgwk/ l#k, l/kzllzl/L}’ (2)

W 3)

Cr=

W:

i=1

The most frequently used words of authors should be selected in such a way that
~ 1 ~1
authors’ lexicons do not intersect, i.e., W1 NW ’ =0, i1 #£ip, i1, =1,2,...,L.

It is possible that the most used words of a certain author A’, although not included
in the set of most used words of A/ , are also used a lot by another author Al , Where
i #7j,i,j=12,...,L These kinds of words may not have a discriminatory character
between authors A’ and A/. Therefore, in the author recognition problem considered in the
study, in addition to the most frequently used words in the authors” lexicons, the selection
of words that are used on average was also used. These words are neither at the beginning
nor at the end of a sorted list Wi, where i = 1,2,...,L. This is analogous to the way
described above, where the most frequently used words of authors are selected, except the
following Formula (4) has to be used instead of the aforementioned (2):

~

W

~

W

iiowioc_ [ IW] W] i gowk -
wj.ijW,]—lzJ— N ,...,Lz + N -1, wjeéW, i#+k i,k=1,2,...

where |d] indicates an integer obtained as a result of rounding down an arbitrary positive
number. For example, [3.7| = 3, [3.4]| = 3.

Formula (4) was obtained by only changing the indices of words, i.e., j, in the set of
words W' in Formula (2), wherei =1,2,..., L. This is an analogous operation not only for
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the most or average used words but also the words in other percentiles, e.g., those with a
frequency higher than 75% can be selected.

4.2. Procedure for Selecting Frequently Used Words in the Training Set (Procedure 2)

During the selection of words, the frequencies of which are to be used as text features
in author recognition with the help of this procedure, the total frequencies of words in the
training set T is taken as a basis without taking into account the authors.

Let us denote the total usage frequency of an arbitrary word w, € W in T by ¢2,
where W is the set of all words in the training set T, and v € {1,..., |W|}. When using this
procedure, the set of all the words W in the texts T]Z eT, i=12,...,1;,i=12,...,Lisat
first sorted according to the decreasing order of the total usage frequency in the training
set T:

W — {wk,. 9 2.2 9h L W EW, i=12,., \W|}, )

wherev € {1,...,|W|},i=1,2,...,L.

W| words W C W in the training set is

}. (6)

In the description of the first feature selection procedure (see Section 4.1), we noted
that some of the most frequently used words of one author may be used a lot by another
author, and in this case, these words may not be discriminative between these authors.
Therefore, in the first feature selection procedure, along with the most frequently used
words by the authors, words used as average were also selected. A similar situation may
arise when using feature selection procedure 2. It is possible that some words, which
are generally the most used words in the training set, are commonly used by more than
one author; thus, they may not have a discriminatory character. Therefore, in addition to
selecting the most used words in the training set, the selection of words that are used on
average, i.e., are neither at the beginning nor at the end of W', is also employed. The set of
these words is as follows:

The set of most frequently used given

as follows:

~

WZ{winiQW/, j=1,2,...,

~

4%

~

W 144
Ve dwwew i— | WH (L] [LAAR I D
W= wl.wIGW,]—{ZJ 5 ,...,LZ + 5 15. (7)

4.3. Procedure for Selecting Frequently Used Character n-Grams in the Training Set (Procedure 3)

During the selection of character n-grams (the frequencies of which are to be used as
text features in author recognition), with the help of this procedure, the total frequencies of
character n-grams in the training set T are taken as a basis without taking into account the
authors. During the execution of this procedure, the set of all character n-grams «”* have
to be sorted according to the decreasing order of the total usage frequency in the training
set. The characters in these character n-grams, each with n characters, are selected from the
character alphabet set a!. Let us denote this obtained sorted set by &". Consider the set of
most or average or least frequently used character n-grams used most or average or least in

n

the training set as X
We will denote the total usage frequency of a certain character n-gram W € «’ in the

texts in the training set T by ¢3.
The set of all character n-grams &" obtained by sorting the character n-grams in the
order of decreasing total usage frequency in the training set is as follows:

a = {IX{Z{ :47?&1 > ... E(P?n\a"l’ zm] = (1]1,...,1@, 1< z{ﬂ <m, v=1,2,...,n,
m

L =12, |a"},

®)

m= |a!
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Iy is the multi-index of a given arbitrary character n-gram &y € &' numbered with j in the

set of character n-grams a”*, where lm1 £ 1) ]1 i j2=12,...,[a".

The set of most used character n-grams A in the training set is as follows:

}. )

Feature selection procedure 3 is used to select character n-grams rather than words,
unlike feature selection procedure 2. In the description of the second feature selection pro-
cedure, it was noted that the most used words in the training set may not be discriminative
among authors; therefore, it is necessary to select the words that are averagely used in
those texts as well. This is also typical for the third feature selection procedure used to
select character n-grams.

~n

-n .
a = {zxmj tamica, j=1,2,...,
Im Im

~Nn
14

~n
The set of character n-grams & that are used on average, which means they are neither
at the beginning nor at the end of &" in the texts in the training set, is as follows:

~Nn ~Nn
O TR I )| R
a = aw.amEa, j= {2J Sl g + S 15. (10)

4.4. Procedure for Selecting Character n-Grams with Different Characterizing Degrees of Authors
(Procedure 4)

In solving author recognition problems, text features should be used such that the
values of these features are similar in the texts of one author and different in the texts
of different authors. In other words, characterizing degrees of authors per feature, the
values of which are used in author recognition, have to differ from each other. This feature
selection procedure was proposed for the selection of character n-grams for which the
characterizing degrees of the authors differ.

During the execution of this procedure, firstly, degrees of not characterizing the authors
in the sense that will be mentioned below per a given n-gram are determined, and based on
these degrees of non-characterization, their complements—the characterizing degrees—are
determined. Then, an indicator indicating how much the characterizing degrees of the
authors differ from each other in terms of one of the following meanings per that n-gram is
calculated. In the study, different metrics were used to calculate the latter.

We consider the degree of not characterizing a given author A’ per an arbitrary n-
gram a;, € o as the average difference of characterizing degrees (mean of the pairwise

differences of these frequencies) of the corresponding frequencies f] ?i" ,7=12,...,1;in

the texts T]’ € Ti, j=1,2,...,1; of author A’ as:

dl

i o )
Z:: Z:: ( it ]Zlm) ! (1)

2

where f]’ s f]’ 5 are the frequencies of n-gram a;, in the texts of author A numbered
15m m m

with jj, j» accordingly, i = 1,2,...,L. Considering that for the frequency Qf an arbitrary
ay € o in a given text T]l eTO< fjlfn < 1 is true, it is clear that 0 < d%n < 1. Then,
m m m

. iy .
the characterizing degree of an author A' per a n-gram ap, € a" is dpy = 1 —d;, , where
1 m m
i=12...,L
For 51mphc1ty, the characterizing degrees of the authors Al i=1,2,...,L peran-gram

Ky €’ d;;:ﬂ,l = 1,2 , L, is sorted in decreasing order: dn,l < <Lk=12...,L

Um

0¥ .
1
where dx 2 PN 2 d°n .
Im Im
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The difference of characterizing degrees d ¥ i = 1,2,...,L, of the authors Af,
i = 1,2,...,L, for an arbitrary character n-gram oc;m € & can be defined as one of
the following:
.41 i\ 2
(Pff,, = dl‘yn —d% ’ (12)
a2 1|/ B2 -5\ 2
i =3 (-ad) (B -48)], &
.43 1 =g Jieen ) 2
Py = 77 (df,"n —dy, ) : (14)
k=1

-4l
As the difference of characterizing degrees per an n-gram a;, € o 4)?” € {‘P?Zl :1=1,2, 3}

can be used.
Sorted set of character n-grams " ordered in the decreasing order of the difference
indicators of characterizing degrees of authors per character n-grams in «” is as follows:

S ! i i i _
n = {“f’,ﬂ .4)1%1 > ‘me\/ 1m = (11,...,zn), 1<, <m, v=1,2,...,n, (15)

m= L j=12,...,]a"},

Iy is the multi—index of a given arbitrary character n-gram «.,; € a" numbered with j in «",
m

where lml £ i i1 # o1 2 = 1, 2 e
The set of character n-grams a " with high discrimination indicator—characterizing

degree difference among authors in the training set—is as follows:

~1’1

~n
I {an] zxnjezx,]—12

Im Im

}. (16)

5. Characteristics of Feature Groups

Using the value of a single feature of a particular text, e.g., the frequency of 5-word
sentences or the frequency of the character 2-gram “ab”, is not sufficient for an effective
author identification in terms of adequately identifying the authors of the texts that will
be executed. Therefore, the values of more than one feature are used in a specific feature
group consisting of different features for an arbitrary text; see [1,25]. The characteristics of
the feature groups used in this study are detailed below.

5.1. Sentence Length Frequency and Word Length Frequency Types of Feature Groups

Only two feature groups consisting of features related to the sentence length frequency
type were used. These feature groups differ according to the sentence lengths to be used and
the number of these different sentence lengths, where sentence length means the number
of words in a sentence. In one such feature group, there are frequencies of sentences with
lengths of 5, 6, ..., 14. We will denote this feature group by the name SL10 in the study,
where SL stands for “sentence length”, and 10 indicates the number of features in the
feature group. Naming the groups of features used in the study with such short expressions
is for the reader to understand the differences in those groups and also for use in the results
of computer experiments if needed. Another feature group, SL25, consists of frequencies of
sentences with lengths of 5, 6, .. ., 29.

The number of feature groups consisting of only word length type features is also two.
These feature groups differ according to the word lengths to be used and the number of
these different word lengths, where word length means the number of letters in a word.
In one such feature group, there are frequencies of words with lengths of 3,4, ..., 7. We
will denote this feature group by the name WL5, where WL stands for “word length”, and

171



Algorithms 2024, 17, 242

5 indicates the number of features in the group. Another feature group, WL10, consists of
frequencies of words with lengths of 3, 4, .. ., 12.

A mixed feature group consisting of features belonging to the types of sentence length
frequency and word length frequency was also used. The values of the features in this
feature group are the frequencies of sentences with lengths 5, 6, . . ., 14 and the frequencies
of words with lengths 3, 4, .. ., 12. Let us denote this feature group by SL10&WL10, where
the “&” symbol is used in the names of mixed feature groups.

In the study, the number of feature groups used in the considered author recognition
problem, which contains features of sentence length frequency and word length frequency
types, is 5:

sentence length frequency: {number of feature groups} = 2;

word length frequency: {number of feature groups} = 2;

mixed groups of sentence length frequencies and word length frequencies: {number
of feature groups} = 1.

5.2. Character n-Gram Frequency and Variance of Character n-Gram Frequencies Types of
Feature Groups

In the study, the character alphabet set—the set that contains the characters in character
n-grams with a given 7 used in the author recognition problem considered in the example
of Azerbaijani writers—is the letters of the alphabet of the Azerbaijani language, in other
words, ' = {a,b,c,,...,z}, where ’wl | = 32. The character alphabet set is clearly the set of
character 1-grams, each with 1 character. In the study, for n = 1, the frequencies of character
1-grams—unigrams—and for n = 2, the frequencies of character 2-grams—bigrams—were
used in the feature groups consisting of character n-gram frequency type features.

A feature group consisting of the frequencies of all unigrams in the character alphabet
set ! was used. We will denote this feature group by Ch1g32 in the study, where “Chlg”
is for “character 1-grams”, and 32 represents the number of features in that group.

Different subsets of all character bigrams set a> were used to create feature groups.
Recall that characters in these bigrams are selected from the character alphabet set a'.
These feature groups differ from each other according to the feature selection procedure
used and the variety and number of bigrams, the values of which are used in these feature
groups. In the study feature selection, procedures 3 and 4 are used to select character
bigrams from a?. For procedure 3—the procedure for selecting frequently used character
n-grams in the training set—and procedure 4—the procedure for selecting character n-
grams with different characterizing degrees of authors—see Formulas (8)—(10) and (11)-(16),
respectively. A total of 26 and 21 different feature groups were created with the help of
feature selection procedures 3 and 4, respectively. Two of these twenty-six feature groups of
bigrams were selected with the help of the third feature selection procedure, each consisting
of frequencies of 100 bigrams selected directly from the set #%. These two feature groups
consist of the frequencies of the 100 most and average used bigrams in the training set
selected from 1024 character bigrams in the set 2. We will denote these feature groups as
Ch2g_p3high100 and Ch2g_p3middle100, respectively. Here, “Ch2g” stands for “character
2-grams”; “p3” indicates that the third feature selection procedure is used; and 100 indicates
the number of features in each of the groups.

The other 24 feature groups were selected from the bigrams whose frequencies were
used in these two feature groups—Ch2g p3high100 and Ch2g_p3middle100. Among
the high-frequency 100 bigrams in the training set 5, 10, ..., 25, 50, the first and last
bigrams in the descending list of bigrams ordered by the frequencies in the training set
are selected. We denote them by Ch2g_p3high100first5, ..., Ch2g p3high100first50 and
Ch2g _p3high100last5, ..., Ch2g_p3high100last50. Among the middle—neither high nor
low—frequency 100 bigrams in the training set 5, 10, . .., 25, 50, the first and last bigrams
in the descending list of bigrams ordered by the frequencies in the training set are also
selected. We denote them by Ch2g_p3middle100first5, . .., Ch2g_p3middle100first50 and
Ch2g p3middlel00last5, ..., Ch2g_p3middle100last50.
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With the help of the fourth feature selection procedure, 21 feature groups consisting
of the frequencies of character bigrams selected from the set a?> were created. In seven
of these groups, the two best-characterized authors, the three best-characterized authors
in the other seven groups, and all the L authors in the remaining seven groups were
taken into account during the calculation of the difference indicator of the characterizing
degrees of authors (see Formulas (12)—(14)). We will denote them by 4.1, 4.2, and 4.3
in feature group names as some variants of the fourth feature selection procedure. Fea-
ture groups consisting of frequencies of 5, 10, .. ., 25, 50, 100 character bigrams with the
highest indicators using each of the aforementioned metrics were created. Let us denote
them as Ch2g_p4.1high5, ..., Ch2g_p4.1high50; Ch2g_p4.2high5, ..., Ch2g_p4.2high50;
Ch2g_p4.3high5, ..., Ch2g_p4.3high50, respectively.

Character unigrams and character bigrams selected with the help of feature selection proce-
dure 3 are used to create feature groups consisting of variance of character n-gram frequencies as
well. They are analogous to Ch1g32; Ch2g p3high100, Ch2g_p3middle100; Ch2g p3high100first5, . . .,
Ch2g_p3high100first50; Ch2g p3high100last5, . . ., Ch2g p3high100last50; Ch2g_p3middlel100first5, . . .,
Ch2g_p3middle100first50; Ch2g_p3middle100last5, . . ., Ch2g_p3middle100last50. But instead of charac-
ter n-gram frequencies, variances of character n-gram frequencies are employed in feature groups. We
use “ ChngVar” prefix instead of “Chng” in the names of these groups, where “Var” is for “variance”.

Mixed feature groups consisting of features of character n-gram frequency and charac-
ter n-gram frequency variance types were also used. In one of these mixed feature groups,
the character n-gram frequencies and variances of character n-gram frequencies for all
unigrams a! were used, i.e., a group Ch1g&Ch1gVar64 was created consisting of all features
in the Ch1g32 and ChlgVar32 groups. In the other four mixed feature groups, character
n-gram frequencies and variances of character n-gram frequencies for the most frequently
used 5, 10, 15, 20 character bigrams in the training set were used. We denote these groups
by Ch2g&Ch2gVar_p3high100first10, ..., Ch2g&Ch2gVar_p3high100first40.

In this study, the number of feature groups used in the considered author recogni-
tion problem, which contains the features of character n-gram frequency and variance of
character n-gram frequency types, is 79:

1-grams: {number of feature types} x {number of n-gram subsets} =2 x 1 =2;

2-grams selected with the help of the third feature selection procedure: {number of
feature types} x ({number of multi-gram n-gram sets} x (1 + {number of selection criteria of
few-gram n-gram subsets) x {few-number of n-gram subsets })) =2 x (2 x (1 +2 x 6)) =52;

2-grams selected with the help of the fourth feature selection procedure: {number of
feature types} x {number of metrics} x {number of n-gram subsets} =1 x 3 x 7 =21;

mixed groups of character n-gram frequencies and variances of character n-gram
frequencies: {number of n-gram subsets} = 4.

5.3. Word Frequency Type of Feature Groups

In the considered author recognition problem, different feature groups consisting of
features related to the type of word frequency were used.

These feature groups differ from each other according to the variety and number
of words used in these groups, as well as the frequency types, i.e., in addition to the
frequencies of the words in the given text, the features of the given text may also include
the frequencies of these words in candidate authors” unified texts and the total usage
frequencies in the training set (see Section 3.5).

We divide these feature groups into several types. It may be confusing, but it is not
about the type of features but the type of feature group. We will only separate groups of
features of word frequency type into such feature group types due to the large number of
approaches used for the selection of words, the values of which, in these groups, are quite
different from each other. Let us take a look at the characteristics of each of the different
feature group types in the study, which consist of features belonging to the word frequency
feature type used:

173



Algorithms 2024, 17, 242

1. With the help of feature selection procedure 1—the procedure for selecting fre-
quently used words by authors (see Formulas (1)-(4))—the most frequently used words of
the authors in their own texts in the training set are determined separately per each author.
Using procedure 1, all the words in the training set are sorted L times for L number of
authors each to the order of the decreasing total usage frequency by an appropriate author,
which gives L sets of words. Then, an almost equal number of words is selected from
each of the word sets. Finally, selected words are collected together as a final set of words
selected with feature selection procedure 1. In the study, 15, 25, 45, and 50 high frequent
and middle frequent words of authors are used as feature groups. We denote these feature
groups by the names W_p1lhighl5, ..., W_plhigh50, W_plmiddlel5, ..., W_p1middle50,
where “W” is “word”, “p1” indicates that the first feature selection procedure is used,
“high” and “middle” indicates that the most and middle frequently used words by the
authors are selected, and 15, .. ., 50 indicate counts of features in these groups.

2. Words that are rarely used in everyday life can be more effective in author recogni-
tion in terms of discriminating texts of different authors than words that are often used in
daily life. Taking this into account, among the most used words by the authors individually,
the frequencies of which were used in groups W_p1high15, ..., W_p1lhigh50, we manually
selected the words that we assume are used less often in everyday life and manually
selected the feature groups consisting of the frequencies of these words. In other words,
we removed words that are often used in everyday life among the words selected with
the help of the first feature selection procedure. The numbers of words in such groups are
3,15, 25, 40, and 45, and let us denote these groups by the names W_p1lhighMANS3, ...,
W_plhighMAN45, respectively, where “MAN” is for “manual”, which means that after
selecting the most used words by the authors with the help of feature selection procedure
1, some of these words were manually selected from this word set.

3. Using the second feature selection procedure—the procedure for selecting frequently
used words in the training set (see Formulas (5)—(7))—5, 10, ..., 25, 50 most and middle
occurring words in the training set where the authors of the texts are not taken into account
were selected and used in feature groups. Let us denote these feature groups as W_p2highb,
..., W_p2high50, W_p2middle5, ..., W_p2middle50.

4. In author recognition problems, such text features should be used that represent
the stylistic characteristics of its author in any given text of him/her [1]. It is clear that
in a given author recognition problem, if the text features effectively reflect the stylistic
characteristics of any author, the features of texts of a certain author must remain invariant
according to their topics.

In this study, an author recognition problem is considered in the example of Azerbai-
jani writers. There are two types of parts of speech in the Azerbaijani language: main and
auxiliary. Based on the morphology of the Azerbaijani language, words related to auxiliary
parts of speech, e.g., conjunctions, do not have lexical meaning, so they do not seriously
affect the topic of a text. These words are function words that do not possess a meaning but
have a function in sentences. For function words, see, e.g., [1]. So, the frequency of words
related to auxiliary parts of speech can be more effective as text features than the frequency
of words related to the main parts of speech because they can more adequately reflect the
author’s stylistics since they are independent of the text’s topic.

For this type of word frequency feature group, feature selection procedure 2 is used,
but the word set W, where selected words are selected, contains only words of auxiliary
parts of speech in the training set instead of all the words in the training set. In this study,
5,10, ..., 25, 50 highest and middle frequent auxiliary parts of speech words are used for
feature group creation. Let us denote them by W_p2highAUXS5, ..., W_p2highAUX50,
W_p2middleAUXS, ..., W_p2middleAUX50, where “AUX" is for “auxiliary”, which means
that the words whose frequencies are used in the feature groups belong only to the auxiliary
parts of speech.

5. In the word frequency feature groups described above, the frequencies of words in
the given text features that were intended to be extracted were used. In this type of word
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frequency group, not only the frequencies of the selected words in the given text but also
the total frequencies of those words in the texts of the authors in the training set and in all
the texts in the training set without taking authors into account are used.

In this study, some feature groups were used in which not only the frequencies of the
selected words in the given text but also the total frequencies of the words in the unified
texts of the authors in the training set and the total frequency in the training set without
taking authors into account were used. During the use of groups belonging to this type
of feature group, among the features of an arbitrary text, there is the frequency of a given
word in that text, the total frequency of the authors’ texts in the training set, and the total
frequency of all texts in the training set.

As is clear from the description above, the main difference between this type of word
frequency group and the previous types is not about the words selected but the text(s)
from which it is calculated. Using a word, the frequency of that word in a given text, the
total frequencies in authors’ unified texts in the training set, and the total frequency in
the training set would be calculated. In the study, in addition to the word frequencies
in a given text, the total frequencies obtained based on the texts in the training set used
with word sets were used in the groups W_p2high50, W_p1highMAN3, W_p1lhighMAN15,
W_plhighMAN25, W_plhighMAN40, W_plhighMAN45. Thus, W&WA&WT_p2high50,
W&WA&WT_plhighMANS, ..., W&WA&WT_plhighMAN45 groups were created, where
“W”,"WA”, and “WT” denote the frequencies of words in the given text, the total usage
frequencies of words by authors, and the total usage frequencies of words in the training
set, respectively.

In the study, the number of feature groups used in the considered author recognition
problem that contain features related to the word frequency type is 43:

1.  W_pl feature groups—feature groups that used procedure 1 for word selection:
{number of word selection criteria} x {number of word sets} =2 x 4=38§;

2. W_pIMAN feature groups—manually intervened feature groups that used procedure 1 for
word selection: {number of word selection criteria} x {number of word sets} =1 x 5=15;

3.  W_p2 feature groups—feature groups that used procedure 2 for word selection:
{number of word selection criteria} x {number of word sets} =2 x 6 =12;

4. W_p2AUX feature groups—feature groups that used procedure 2 to select words from
among words belonging to some chosen parts of speech, i.e., auxiliary parts of speech:
{number of word selection criteria} x {number of word sets} =2 x 6 =12;

5. W&WA&WT feature groups—along with the frequencies of the words in the given
text, the total frequencies in the training set are used: {number of feature groups of
type 3} + {number of feature groups of type 2} =1+ 5 =6.

The calculation of the frequency of an arbitrary word in any given text in the training
set, the total frequencies of that word in the authors’ texts in the training set, and the total
frequency in all texts in the training set are outlined in Section 3.5.

6. Recognition and Dataset

The machine learning methods and text sets, e.g., the training sets or test sets used in
the study, are outlined below.

6.1. Description of Training and Test Sets

The dataset used in the author recognition problem considered in the study was
prepared by the authors of the study as a result of the collection of large and small literary
fiction works of 11 Azerbaijani writers. This dataset consists of 28 large and 123 small
works, for a total of 151 works of those 11 authors (Table 1). Let us call this Dataset-0.
The number of large works per author varies between one and five, and the number of
small works varies between 0 and 46. In order to increase the number of observations, i.e.,
texts with known authorship for use in parameter identifications of mathematical models
in feature selection when using one of the feature selection procedures, and so on, each
of the large literary works in Dataset-0 was divided into 10 almost equal separate parts,
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and another dataset was created with small works and those text parts of large works.
Let us call this Dataset-1. In Dataset-1, the number of texts per author varies between
25 and 56. Since there are 123 small works in Dataset-0, and each of the 28 large works
in Dataset-0 was divided into 10 parts, the total number of observations in Dataset-1 is
123 + 28 x 10 = 403. By splitting Dataset-1, approximately 80-20% training and a test set
of 325 and 78 texts with known authorship, respectively, were created (Table 2).

Table 1. Datasets used in the study.

Dataset-0 Dataset-1
Large Works Small Works
Author Number Number of Total Number of Number of Total Number of Total Number of Texts
Works Words Works Words
1 2 63,421 13 22,923 15 33
2 4 72,253 0 0 4 40
3 1 52,332 15 32,565 16 25
4 5 114,951 0 0 5 50
5 1 23,403 46 69,610 47 56
6 2 19,418 23 34,743 25 43
7 1 49,702 19 38,061 20 29
8 3 112,603 0 0 3 30
9 3 148,647 0 0 3 30
10 3 207,219 0 0 3 30
11 3 26,901 7 18,295 10 37
Total 28 63,421 123 22,923 151 403
Table 2. Training and test sets used in the study.
Number of Texts
Author Number Training Set Test Set Total

1 27 6 33

2 32 8 40

3 20 5 25

4 40 10 50

5 45 11 56

6 35 8 43

7 24 5 29

8 24 6 30

9 24 6 30

10 24 6 30

11 30 7 37

Total 325 78 403

In parametric identifications of mathematical models in feature selection, the training
set was used, where the training and test sets are non-intersecting subsets of Dataset-1,

T=TUT, TNT = @, where T and T are the training and test sets, respectively. Author
recognition approaches, each consisting of mathematical models used in author recognition,
text feature groups, and so on, used in the considered author recognition problem in the
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study were evaluated based on the recognition accuracies obtained for the test set, which is
a subset of Dataset-1 and Dataset-0—sets of large and small literary works themselves.

6.2. Recognition Models

Support vector machine (SVM) and random forest (RF) methods, as well as multilayer
feedforward artificial neural network (ANN) models of machine learning, were used in the
considered author recognition problem.

ANNSs used in the study differ from each other in terms of the number of layers, the
number of neurons in these layers, and the values of synapses and biases among these
neurons. In ANNs used for solving the considered author recognition problem, the number
of neurons at the input layer—the first layer—is equal to the number of elements of the
text feature vector, i.e., the number of elements in the feature group, and the number of
neurons at the output layer—the last layer—is the number of authors. Intermediate layers,
i.e., layers other than input or output layers, are called hidden layers. All ANNs used in the
author recognition problem considered in the study are four-layered. In other words, the
number of hidden layers is two. The number of neurons in the hidden layers of the ANNs
used in the study differs according to the number of neurons in the input layer, i.e., the
number of neurons in the last layer is the number of authors in the problem; in other words,
the same for all ANNSs used in the study. Let us note that the number of neurons in the
input layer equals the number of features in the feature group. The number of neurons in
the hidden layers in the ANNs used in the study varies from 3 to 10, and the total number
of parameters—synapses and biases in the ANNs—varies from 271 to 325.

In ANNSs, SoftMax was used as the activation function for the last layer, and a rectified
linear unit was used for the other layers. In the parametric identification of ANNSs, the
Adam optimization method [32] was used. This method should not be confused with the
Adams method; the Adam method is a finite-dimensional unconstrained optimization
method. For the stopping criterion, “EarlyStopping” was used [33]. This aims to stop
optimization when the value of the object function does not improve. If the stopping
condition “EarlyStopping” is not satisfied, an additional stopping condition is also used to
stop the optimization; with this stopping condition, optimization stops when the number
of epochs exceeds a sufficiently large number. By epoch, we mean at least one step using all
the observations in the training set; for example, training 10 epochs means that each of the
instances/observations in the training set was used 10 times in training. The upper limit
for epochs was taken as 200 in the author recognition problem considered in the study.

The radial basis function was used as a kernel in SVM. The number of trees—estimators
used in RF—is 100, and the maximum depth of trees is 5.

The 2-gram frequencies of the 100 most frequently used character n-grams in the
texts in the training set were also used with a CNN [33] in the form of a 10 x 10 matrix.
The other machine learning methods and models used were tested with nearly all feature
groups. The architecture of the used CNN consists of three convolution layers with 4, 4, 1
filters with dimensions of 3 x 3,3 x 3, and 2 x 2 with padding choices “same”, “valid”, or
“valid”, respectively, one subsampling layer after each of these convolution layers, and two
fully connected layers with 4 and 11 neurons, respectively. For subsampling, layer average
pooling was used.

During parametric identification, the observations in the training set were involved
in training in a mixed manner; in other words, observations in the training set were
“shuffled” [33]. Since the number of observations belonging to different classes, i.e., authors
in the training database differ from each other, the observations in the teaching set were
given different class weights during their participation in training. The weight of each
observation used in training is determined based on the number of observations in the
class, i.e., the author of that observation.

Excluding the character bigrams selected using feature selection procedure 4, all
feature groups were used with ANN, SVM, and RF. Frequencies of character bigrams
selected using feature selection procedure 4 were used with SVM and RFE.
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7. Analysis and Discussion of Results of Computer Experiments

The Python programming language and related libraries were used. Specifically, Scikit-
Learn library was used to work with SVM and RF, and the Keras library in TensorFlow
framework to work with ANN [34,35].

By recognition accuracy in a given set of texts whose authors are known, we mean the
ratio of the number of texts whose author is correctly identified to the number of all texts
in the set [33]. The sets used are as follows: Dataset-0, which consists of large and small
literary works of authors; Dataset-1, which consists of small works and separate parts of
each of the large works in Dataset-0; and training and test sets obtained from the division
of Dataset-1. The recognition accuracies obtained for the training set and the test set, as
well as for Dataset-0—a set of original large and small literary works, themselves used with
different methods of machine learning with different feature groups used—are given in
the tables and images below. Sometimes, recognition accuracies with a certain confidence
percentage on the test set, for example, 50%, 75%, 95%, and 99%, are also given, where
the confidence percentage means that texts whose author is known with a confidence that
is below the percentage are accepted as not correctly recognized. Note that in the figures
and tables provided in this study, we will denote Dataset-0 with the word “Works” for
simplicity and immediate understanding.

7.1. Analysis of the Recognition Effectiveness of Character n-Gram Frequency and Variance of
Character n-Gram Frequencies

In the study, the maximum recognition accuracies obtained using different methods
and machine learning models with character n-gram frequency and variance of character
n-gram frequency types of features on Dataset-0 are given in Table 3. For only groups of
character bigram frequencies, Table 3 takes into account both feature selection procedures
3 and 4. From the recognition accuracies given in this table, it can be seen that character
bigrams—2-grams—are more effective than character unigrams—1-grams—in many cases.
Variance of character n-gram frequency type feature groups did not outperform character
n-gram frequency type feature groups in recognition. Mixed feature groups with features
belonging to both of these two types did not show a more effective result in recognition
than feature groups consisting of features belonging to the character n-gram frequency
type. The highest recognition accuracy was obtained in one of the bigram frequency groups
among all the feature groups that belong to all the feature types using character n-grams.

Table 3. Recognition accuracies (%) obtained by character n-gram frequencies and variances of
character n-gram frequencies.

Feature Tvpe n=1 Character n=2 Character
P ANN RF SVM ANN RF  SVM
n-gram frequencies 1.99 92.72 43.05 31.13 96.69 98.01
variances of n-gram frequencies 9.93 60.93 24.50 31.13 70.20 48.34
Mixture of n-gram frequencies and variances of n-gram frequencies 9.93 85.43 37.75 9.93 74.17 58.94

In the study, two feature selection procedures for selecting character n-grams were
used—a procedure for selecting frequently used character n-grams in the training set and a
procedure for selecting character n-grams with different characterizing degrees of authors.
For feature selection procedures 3 and 4, see Formulas (8)-(10) and (11)-(16), respectively.

In Figures 1 and 2, the maximum obtained recognition accuracies of bigram fre-
quencies and variance of bigram frequencies in various machine learning methods and
models for bigrams selected with feature selection procedure 3 on Dataset-0 were given.
Charts (a) and (b) in each of the figures show the results for bigrams selected from the top
100 and averagely used, i.e., first and middle in the descending list of bigrams ordered by
the total frequency in the training set character bigrams, respectively. In each of the charts
in Figures 1 and 2, two graphs are given. One of these graphs shows the results obtained
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Figure 1. Recognition accuracies obtained with variances of 2-gram frequencies in feature selection
procedure 3: (a) frequencies of first bigrams in the descending order of total frequency in the training
set; (b) frequencies of middle bigrams in the descending order of total frequency in the training set.
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Figure 2. Recognition accuracies obtained with 2-gram frequencies in feature selection procedure 3:
(a) variances of frequencies of first bigrams in the descending order of total frequency in the training
set; (b) variances of frequencies of middle bigrams in the descending order of total frequency in the

training set.

From the graphs in Figure 1, it can be seen that the frequencies of the most frequently
used bigrams in the training set give higher recognition accuracy than the frequencies of
the averagely used n-gram characters in the training set. The second conclusion drawn
from this figure is that among the first 100 bigrams in the descending order of frequency
in the training set, those with lower frequencies in the training set are more effective than
those with higher frequencies. This means that in order to use their frequencies in feature
groups, it is advised to select character n-grams in the training set that are neither among
the most used nor the least used ones in the texts. The conclusions about the recognition
accuracies obtained with groups of features of character bigram frequency type in Figure 1
are analogous to the conclusions about the recognition accuracies obtained with groups of
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features of character bigram frequencies variance type in Figure 2. Character bigrams used
to obtain results are appropriately the same for these two feature types in Figures 1 and 2.

The maximum recognition accuracies obtained on Dataset-0 by various machine
learning methods and models—here, just SVM and RF were used with frequencies of
bigrams selected using feature selection procedure 4 (the procedure for selecting character
n-grams with different characterizing degrees of authors)—are shown in Figure 3. In
each chart in Figure 3, there are two graphs. In chart (a), the results were obtained using
4.1 and 4.2 variants, and in chart (b), 4.2 and 4.3 variants of feature selection procedure
4 are represented. For a detailed description of the feature groups using 4.1, 4.2, and
4.3 variants, see Section 5.2. For 4.1-3 variants of the fourth feature selection procedure,
see Formulas (12)—(14). For calculating the difference indicator characterizing degrees of
authors, these variants use characterizing degrees of best-characterized two, three, and all
authors, respectively.
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Figure 3. Recognition accuracies obtained with 2-gram frequencies using feature selection
procedure 4: (a) 4.1 and 4.2 variants of the feature selection procedure (see Formulas (12) and (13));
(b) 4.2 and 4.3 variants of the feature selection procedure (see Formulas (13) and (14)).

It can be seen from Figure 3 that as the number of best-characterized authors taken
into account when calculating the difference indicator of characterizing degrees increases,
in many cases, more accurate recognition results are obtained. Despite this, the procedure
for selecting character n-grams with different characterizing degrees of authors—feature
selection procedure 4—did not outperform the procedure for selecting frequently used
character n-grams in the training set—feature selection procedure 3.

7.2. Analysis of the Recognition Effectiveness of Word Frequency

The maximum recognition accuracies on Dataset-0 obtained with word frequencies are
shown in Figure 4: from left to right, the first column shows the word selection approaches,
and the second column shows the recognition accuracies. It should be noted that in the
study, two feature selection procedures were used to select words whose frequencies will
be used in word frequency feature groups. For the calculation of word frequencies and
for word frequency feature groups, see Sections 3.5 and 5.3, respectively. In the author
recognition problem under consideration using one of these procedures, the most frequently

and middle frequently used words in the lexicons of the candidate authors were selected.

Using another procedure, the most frequently and middle frequently used words in the
training set were selected without taking into account the author differences. For feature
selection procedures 1 and 2, see Formulas (1)-(4) and (5)—(7), respectively.
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Figure 4. Recognition accuracies obtained with word frequencies (%).

It can be seen from Figure 4 that the frequencies of words selected using only procedure 2
turned out to be more effective in recognition than the frequencies of words selected using
only procedure 1. Recognition accuracy increased when selecting words by manually
removing some words—words used in everyday life, names of characters in literature
works, and so on from among the words most used by authors, i.e., selected using feature
selection procedure 1 (see groups “procedure 1” and “procedure 1, MAN" in Figure 4).
Recognition accuracy decreased when the most common words in the training set, i.e.,
selected using feature selection procedure 2, were not selected from all words but only
from words belonging to auxiliary parts of speech that do not have lexical meaning (see
groups “procedure 2” and “procedure 2, AUX” in Figure 4). When the most frequently used
words of authors are selected separately by the authors using feature selection procedure
1, in addition to the usage frequencies of words in a given text, the total usage frequency
of words in each candidate author’s texts, and the total usage frequency in the training
set are used in recognition, recognition effectiveness decreases (see groups “procedure 1,
MAN” and “W&WA&WT procedure 1, MAN” in Figure 4). This may be due to the fact that
the frequencies in the authors’ texts have already been taken into account when selecting
words using procedure 1. In addition to the frequencies of the most frequently used words
in the training set without taking into account author differences, total usage frequencies
in candidate authors’ texts and the overall frequency in the training set are also used, and
recognition accuracy increases (see “procedure 2” and “W&WA&WT, procedure 2” groups
in Figure 4).

7.3. Comparative Analysis of Different Types of Features

Figure 5 shows the recognition results obtained with different feature types: from left
to right, the first column shows the text set on which accuracy is calculated, the second
shows feature types, and the third column shows the recognition accuracies. From Figure 5,
it can be seen that features belonging to the character n-gram frequency type and features
belonging to the word frequency type were more effective in recognition than features
belonging to other feature types. Mixed feature groups, in which features belonging to
character n-gram frequency and character n-gram frequency variance types were used
together, did not improve the recognition accuracy obtained with feature groups consisting
of features belonging to only one of these types. Mixed feature groups that shared features
belonging to the sentence length frequency and word length frequency types resulted in
higher recognition accuracy than feature groups consisting of features belonging to only
one of these types, i.e., using sentence length frequencies and word length frequencies
together in a mixed feature group was more effective in recognition.
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Figure 5. Maximum recognition accuracies obtained using different types of features.

Table 4 shows the comprehensive recognition results on different text sets and with

different confidence percentages of two feature groups with the highest recognition accu-
racy on Dataset-0 in the author recognition problem considered in the study. One of these
two feature groups contains the character n-gram frequencies, and another contains word
frequencies. It is clear from the results in the table that these two feature groups caused the
same accuracies in Dataset-0 (see “Works” in Table 4), but it seems recognition is performed
with more confidence with character n-gram frequencies (e.g., see “Test 75”—on the test
set with 75% confidence). These two cases differ not only because of obtaining different
recognition accuracies with certain degrees of confidence but also because of recognition
indicators for different author candidates. For these two cases, it seems from the confusion
matrices [33] given in Figures 6 and 7 that they were correspondingly obtained on Dataset-0
and the test set. This can be seen from the precision and recall values on Dataset-0 for
different author candidates of these two cases given in Tables 5 and 6 as well. The overall
precision, recall, F1 score, and Cohen’s kappa [36] values obtained on different text sets
for those two cases are given in Table 7. It should be noted that the values of precision,
recall, and F1 score in Table 7 are the average of per-class precision, recall, and F1 score
indicators for author candidates weighted according to the number of texts of those author
candidates in the text set.

Table 4. Maximum recognition accuracies of two best-performing feature groups (%).

Feature Type Number of Features Recognition Train Test Test50 Test75 Test95 Test99  Works
Method Type
n-gram frequencies 50 SVM 99.38 91.03 76.92 51.28 5.13 0.00 98.01
word frequencies 650 RF 100.00 93.59 0.00 0.00 0.00 0.00 98.01
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Figure 6. Confusion matrices obtained with two best-performing feature groups on the literary works:

(a) n-gram frequencies; (b) word frequencies.
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Figure 7. Confusion matrices obtained with two best-performing feature groups on the test set:

(a) n-gram frequencies; (b) word frequencies.

Table 5. Recognition results per different authors with n-gram frequencies on literary works.

Author Number Precision Recall F1-Score Number of Instances
1 1 1 1 3
2 1 1 1 47
3 1 1 1 4
4 1 1 1 3
5 1 1 1 5
6 1 0.933333 0.965517 15
7 0.952381 1 0.97561 20
8 1 1 1 3
9 0.925926 1 0.961538 25
10 1 0.875 0.933333 16
11 1 1 1 10
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Table 6. Recognition results per different authors with word frequencies on literary works.

Author Number Precision Recall F1-Score Number of Instances
1 1 1 1 3
2 0.959184 1 0.979167 47
3 1 1 1 4
4 0.75 1 0.857143 3
5 1 1 1 5
6 1 1 1 15
7 1 0.95 0.974359 20
8 1 1 1 3
9 1 1 1 25
10 1 0.875 0.933333 16
11 1 1 1 10
Table 7. Overall recognition results.
Text Number of Precision (Weighted  Recall (Weighted F1 (Weighted ,
Feature Type Set Instances Aver(age)g Avi:rageg) A/{veragge) Cohen’s Kappa
word frequencies Train 325 1 1 1 1
word frequencies Test 78 0.943098 0.935897 0.933555 0.928819
word frequencies Works 151 0.982329 0.980132 0.980217 0.975997
n-gram frequencies Train 325 0.994319527 0.993846154 0.99389705 0.993187583
n-gram frequencies Test 78 0.933699634 0.91025641 0.913092463 0.900763359
n-gram frequencies Works 151 0.981428922 0.98013245 0.979912242 0.976025404

Figure 8 shows the maximum recognition accuracies obtained by various machine
learning methods and models: from left to right, the first column shows text sets (the
bases on which recognition accuracies are calculated), the second column shows machine
learning methods and models, and the third column shows recognition accuracies. From
this figure, it can be seen that higher recognition accuracies were obtained using SVM and
RF than using ANN. From the recognition accuracies obtained with 75% confidence on the
test set, it is clear that SVM recognizes with greater confidence than RF.

Train ANN [ Lo e ma——a— RS P
CNN I 1385
RF 1. 100.00
SVM A, 0038
Test ANN I, 359
CNN B 14.10
RF A, 0359
SVM . O1.03
Test 75 ANN 0.00
CNN 0.00
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SVM I, 51.28
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Figure 8. Maximum recognition accuracies obtained by different methods of machine learning.
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In the study, the results of the comparative analysis of using different text feature
types with different machine learning techniques were obtained on the example of a dataset
consisting of texts in the Azerbaijani language. Nevertheless, the approaches used in the
study and the methodology of the conducted experiments can be used in the recognition of
text authors in other languages as well.

The models we have built depend strongly not only on linguistic features but also on
the region (geographical location) of residence of the text authors. This was pointed out by
Gore, RJ. et al., whose research is related to the dependence of the characteristics of the
authors’ texts on the region of their residence [37].

At the same time, we believe that the geographical factor is stable over time for the
authors of texts, and the movement of authors geographically does not significantly affect
the stylistic “fingerprint” of authors.

8. Conclusions

A comparative analysis of the effectiveness of using different machine learning classi-
fication methods with different text feature groups consisting of different feature types and
their mixtures was carried out in the example of literary novels in the Azerbaijani language
of several famous Azerbaijani writers.

Among the feature types, more accurate results in terms of recognition accuracy were
achieved with character 2-gram frequencies and selected word frequencies. On the literary
works considered, the classification methods of support vector machine and random forest
with selected word frequencies had the same accuracy, but the support vector machine
with character 2-gram frequencies showed more reliable results in identifying authors with
higher confidence.

Since the recognition effectiveness of different machine learning methods with vari-
ous groups of features of different types represents comparable results, for future work,
we plan to consider using different group decision-making methods for the combined
decision-making of different author recognition approaches. This is intended to increase
the reliability of the to-be-developed author recognition computer system.
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Abstract: The kinematics of the human hand exhibit complex and diverse characteristics unique
to each individual. Various techniques such as vision-based, ultrasonic-based, and data-glove-
based approaches have been employed to analyze human hand movements. However, a critical
challenge remains in efficiently analyzing and classifying hand grasp types based on time-series
kinematic data. In this paper, we propose a novel sparse coding feature extraction technique based on
dictionary learning to address this challenge. Our method enhances model accuracy, reduces training
time, and minimizes overfitting risk. We benchmarked our approach against principal component
analysis (PCA) and sparse coding based on a Gaussian random dictionary. Our results demonstrate
a significant improvement in classification accuracy: achieving 81.78% with our method compared
to 31.43% for PCA and 77.27% for the Gaussian random dictionary. Furthermore, our technique
outperforms in terms of macro-average Fl-score and average area under the curve (AUC) while also
significantly reducing the number of features required.

Keywords: feature extraction; sparse coding; human grasp types; classification; dictionary learning

1. Introduction

Understanding human hand characteristics involves investigating hand kinematics
during various grasping actions and general patterns of hand usage. This research is critical
across domains such as medicine, rehabilitation, psychology, and product design. Hand
kinematics are studied to understand the characteristics of healthy hand movements [1,2]
and to inform object design based on grasping patterns [3,4]. Moreover, the study of
human hand manipulation has practical applications in the field of robotics, where the
versatility of hand kinematics plays a crucial role. To facilitate effective manipulation,
human hands exhibit coordination and a multitude of degrees of freedom (DoFs). Therefore,
comprehensive hand kinematics data encompassing a wide range of DoFs are essential for
studying interactions with various objects under different environmental conditions.

Existing methods for analyzing hand kinematics often fail to capture the necessary
features for precise classification. The utilization of dimensionality reduction techniques
becomes imperative and is implemented with all hand kinematic recording techniques.
The dimensionality reduction techniques are used as a pre-processing step and can elim-
inate irrelevant data, noise, and redundant features. Dimensionality reduction has been
performed based on two main methods, which are feature selection and feature extraction.
These techniques are utilized for analyzing and interpreting intricate behavior of the human
hand [5]. Feature selection involves choosing the most relevant functions that adequately
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describe the essential indicators. On the other hand, feature extraction entails identifying
and transforming the most informative features from a given dataset. Both feature selection
and feature extraction are fundamental steps in machine learning models [6], as the quality
and relevance of features significantly impact the model’s performance and accuracy. Fea-
ture extraction becomes a necessary method to identify and extract the essential information
so that the investigation of hand kinematics can be made easier.

Due to feature extraction outperforming in terms of performance and accuracy, then
feature representation is important for analyzing hand kinematics. It involves transforming
raw data into a format that highlights essential characteristics, making it easier to identify
patterns and perform classification tasks. Accurate feature representation can significantly
enhance the performance of machine learning models used for hand kinematic analysis.
Hence, this paper addresses this gap by proposing a novel sparse coding feature extraction
technique based on dictionary learning. Our contributions are threefold: we introduce a
new feature extraction method tailored for hand kinematics time-series data, demonstrate
the effectiveness of our method through extensive experimental evaluation, and signifi-
cantly improve classification accuracy while reducing the number of features compared to
existing methods.

Existing hand-based feature extraction methods can be divided into four main cate-
gories. The first category includes global and local statistical-based methods [7-10] that
use features like local binary histograms and graph structures to capture information
from the hand image. Examples of these methods include generalized symmetric local
graph structure (GSLGS) [7], local binary pattern (LBP) [8], and histogram of oriented lines
(HoL) [9] and its alternatives [10]. These methods are popular for hand-based biometric
recognition. Another category is coding-based methods [11-15], which focus on encoding
directional information in the hand image. This information is important because hand pat-
terns often have distinct orientations that are resistant to changes in lighting. Examples of
coding-based methods include sparse coding (SC) [15], ordinal code [11], competitive code
(Compcode) [12], collaborative representation_Compcode (CR_Compcode) [13], and joint
discriminative sparse coding (JDSC) [14]. Subspace-learning-based approaches [16-22] are
another category. These methods, like principal component analysis (PCA) [16-19,21,22]
and linear discriminant analysis (LDA) [20], aim to reduce the dimensionality of the data by
projecting it into a lower-dimensional space. This can help improve recognition accuracy.
Finally, deep-learning based methods [23,24] have recently emerged as a powerful tool for
hand-based biometric recognition. These methods have shown promising performance for
capturing discriminative features from hand images.

Despite recent advancements in hand kinematic analysis, feature extraction approaches
still have several limitations. For example, most feature extraction techniques are specific
to hand kinematic datasets derived from hand image datasets. Additionally, some tech-
niques are only suitable for specific hand analyses using EMG signals [24,25] and are
difficult to extend to other types of hand kinematic data. Moreover, most of the traditional
feature extraction methods are focused on extracting features based on subspace-learning-
based approaches while not adequately exploiting the consistency and complementary
information among the other types of hand kinematic data, especially hand kinematic
time-series formats.

To overcome the challenges in hand kinematic analysis, we propose a methodology
consisting of three primary steps. First, the hand kinematic dataset undergoes preprocess-
ing through resampling. Next, various feature extraction techniques are applied, including
raw data, PCA, sparse coding based on a Gaussian random dictionary, and our proposed
sparse coding based on dictionary learning. Finally, the extracted features are used for
neural network classification. Our method leverages the sparsity-inducing properties of
dictionary learning to capture relevant features from hand kinematics time-series data,
as detailed in Figure 1.

Our proposed method aims to enhance classification accuracy for identifying grasp
types using hand kinematics in a time-series format. The proposed feature extraction
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technique leverages sparse coding based on dictionary learning, as illustrated in Figure 2.
Building on existing sparse coding techniques, our approach provides the sparsest solution
to an underdetermined linear problem by generating sparse coefficients. The process
involves resampling the kinematic dataset to a specific size, vertically concatenating the
resampled data, and partitioning the dataset into training and test sets using random
partitioning. The training set is used to derive a dictionary through an online dictionary
learning algorithm, which is then employed to extract sparse coefficients from both the
training and test sets. These sparse coefficients are subsequently used as inputs for neural
network classification, as depicted in Figure 3.

Hand Kinematic Dataset
(19 objects / 2 trials/ 6 Participants)

h 4

Data Preprocessing
Resampling

h 4
Feature Extractions
- Raw data (Without feature extraction)

- Principle Component Analysis (PCA)

- Sparse Coding based on Gaussian random dictionary
- Sparse Coding based on Dictionary learning

’

Classification
Neural Network Classification

Figure 1. Overview of proposed methodology.
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Figure 2. The sparse-coding-based feature extraction technique based on dictionary learning.
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Figure 3. Details of proposed method.

The main contributions of this paper are summarized as follows:

*  We propose a sparse coding technique based on dictionary learning to extract hand
kinematic features, which is a context that has not been extensively explored before.
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*  Unlike most existing methods that extract features from hand datasets using images,
our proposed method demonstrates the potential of using three-dimensional motion
tracking using a time-series format for feature extraction.

®  Our approach differs from our previous work that utilized traditional sparse coding
with a dictionary based on a Gaussian random distribution. Instead, we apply a
dictionary learning technique to the hand kinematics dataset in a time-series format.
Extensive experimental evaluation of the publicly available UNIPI dataset demon-
strates the effectiveness of our proposed method compared to existing techniques and
our prior work.

e A key distinction from previous studies lies in the estimation technique used. While
previous work employed the Frobenius norm for solving the optimization problem to
obtain sparse coefficients, this work utilizes the L1-norm as the optimizer. This change
results in a sparse representation, minimizing the number of features required.

The organization of the work is as follows. In Section 2, we review related work
on feature extraction based on coding and our previous work on sparse coding for hand
analysis. Section 3 details sparse coding feature extraction based on dictionary learning.
In Section 4, we present the neural network classification used to evaluate the proposed
technique. Section 5 describes the details of the dataset and the obtained experimental
results. The discussion and limitations are presented in Section 6, while the conclusions are
summarized in Section 7.

2. Related Work

Feature extraction based on sparse representations has been widely introduced for
several tasks [26-29]. For example, Liu et al. [26] designed sparse coding based on dic-
tionary learning with orthogonal matching pursuit (OMP) to extract sparse features for
fault classification and recognition. Ma et al. [27] presented a joint sparse coding learning
method for early fault feature extraction in rotating machinery with the aim of preserving
weak fault features, promoting sparsity, and removing noise, thereby enhancing predictive
maintenance. G. S. V. S. Sivaram et al. [28] introduced a novel speech recognition feature
extraction technique using sparse coding. Speech spectro—temporal patterns are repre-
sented as sparse linear combinations of an overcomplete set of dictionaries. The proposed
technique outperform conventional features in both clean and noisy conditions. H. Am-
intoosi et al. [29] presented a novel two-factor authentication mechanism for IoT devices,
addressing the challenge of heterogeneity and security concerns. The proposed method
utilizes sparse coding for feature extraction for remote user biometric authentication.
By employing hash operations and an overcomplete dictionary, it efficiently stores and
retrieves biometric data. Furthermore, many recent works have shown that sparse coding
is well-applied to biometrics recognition and classification tasks [15,30,31], such as B. M.
Whitaker et al. [30] presenting a method for classifying heart sounds using sparse coding.
Preprocessed audio data are decomposed into a dictionary matrix representing key features
and a sparse coefficient matrix mapping these features to each segment. M. C. Yo et al.
[31] investigated the impact of sparse coding in face recognition by using PCA and sparse
representation classification (SRC) with a public image dataset. The proposed method en-
hances face recognition with significant accuracy. In our previous work [15], we proposed
a feature extraction method for hand gesture classification using sparse coding based on
a Gaussian random dictionary to reduce the number of features. The optimizer in the
previous work was the Frobenius norm, which was used to solve the optimization problem
and obtain sparse coefficients. Additionally, the evaluation was performed on a dataset
consisting of only five objects (two-Euro coin, credit card, salt shaker, screw, and marker).
The results showed that the sparse-coding-based approach improved feature reduction
performance. However, the classification accuracy was not satisfactory. Several related
works have shown that sparse-representation-based approaches have achieved satisfactory
performance and motivated various works in the feature extraction tasks [15,26-31].
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Inspired by the success of the sparse-coding-based approach, this work proposes a
sparse coding method based on a dictionary learning algorithm. This method utilizes the
L1-norm as the optimizer to find the sparsest coefficients (the lowest number of nonzeros)
for hand-grasp-type classification.

3. Sparse Coding Feature Extraction Based on Dictionary Learning Approach

Sparse coding represents an unsupervised learning approach with the objective of
attaining a sparse representation of input data through a linear combination of fundamental
elements known as atoms, which are organized in a dictionary. In this paper, we propose
the utilization of sparse coding based on dictionary learning as a feature extraction method.
This method is designed to capture relevant features from data. The main idea of the
proposed method is related to the ability to reconstruct high-dimensional signals using
only a few linear measurements under the condition that the signal exhibits sparsity or
near-sparsity. The algorithm’s outline is shown in Algorithm 1. Initially, an initial dictionary
is generated by randomizing raw data. Subsequently, this initial dictionary is employed in
the construction of an updated dictionary through the application of an online dictionary
learning algorithm [32]:

18 /1 )
min lim — =||x; — Da; Al 1
min tim, 3 (31 - Dl + Al 0
Given x; = [xq,...,X,] € R"™*" is a training set of signals, D is a dictionary, A is a
sparsity-inducing regularizer, & = [a1,...,&,] € RF" are the coefficients of the sparse

decomposition, and C is the convex set of matrices verifying this constraint:
A k : T
c:{DeRW s.t.v]:l,...,k,djdjgl} @)

note that k is prescribed as 70 to construct a dictionary. Assume a matrix of signals
X =[x1,...,Xn] € R™" and a learned dictionary from Equation (1). To obtain a matrix of
sparse coefficients & = [ay,...,a,] € R¥", the learned dictionary was utilized by using
the sparse decomposition technique [33] that implemented a least angle regression (LARS)
algorithm [34] based on the L1-norm for solving the lasso problem of Equation (3). The
LARS algorithm can improve the effectiveness of solving the lasso problem. Moreover,
the LARS algorithm is particularly useful for feature extraction as it can reduce the num-
ber of features by the sparsest coefficients to zero and speed up the process as a matrix

factorization problem:
min||x — Dall5 s.t. |af; <A ©)
a€RK

The matrix of sparse coefficients « from Equation (3) is represented as a significant
feature of hand kinematics that will be used as the training set for classification to evaluate
the performance of the feature extraction method based on the sparse coding approach.

Algorithm 1 Online Dictionary Learning

Require: x € R" ~ p(x) (independent and identically distributed random variable sam-
ples of p), regularization parameter & € R, initial dictionary Dy € R"*¥, number of
iterations T

1: Ag € Rk ¢ 0, By € R™*K < 0 (reset the past information)
2. fort =1to T do

3. Draw x; from p(x)

4:  Sparse coding: compute using LARS

!
& < argmin ||x; — Di 13 + Al 4)
k
aeR

5 Ap<— A+ %ta?.
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Algorithm 1 Cont.

6: By < B;_1 + xtoctT.
7. Compute D; based on Algorithm 2, with D;_; as warm restart:

11
Dtéargmm? Z(2||xi—D“i|§+)‘||“z’||1>f

DeC i=1 )
171 oy
= argmin: ¥~ (5[l — Da [ + Al
pec 'z
8: end for
9: Return Dr (learned dictionary).
Algorithm 2 Dictionary Update
Require: Input dictionary D = [dy,...,d;] € R"¥k,
1. A= [{11,.. .,ak} € Rka,B = [b1,...,bk] S Rka
2: repeat
3 forj=1tokdo
4:  Update the j-th column to optimize for Equation (5)
Uj 1 (bj — Daj) + d;
] AU, ]] ] ] ] ©)
1
il 1
5: end for
6: Until convergence
7. Return D (updated dictionary).

4. Neural Network Classification

Neural network classification was utilized to evaluate the efficiencies of the proposed
feature extraction. The UNIPI dataset contains hand kinematics data and is composed of
2 trials from 6 participants and involves 19 objects, and it was subjected to training using
the “fitcnet” function within the MATLAB 2022b and classified into five grasping types.
This training process employed a feedforward neural network for classification purposes.
The initial fully connected layer of the model was linked to the predictor data, with each
subsequent sublayer connected to the preceding one. Within each layer, the input was
multiplied by a weight matrix and subsequently had a bias vector added to it. Furthermore,
the rectified linear unit (ReLU) function served as the activation function. The limited-
memory Broyden—Fletcher-Goldfarb—Shanno (LBFGS) algorithm was employed as the
parameter estimation solver. In the final layer, the softmax function was applied as the
activation function to generate the output, which consisted of classification scores and
predicted labels. A summary of all hyperparameters used in the proposed method can be
found in Table 1.

Table 1. Hyperparameters of NN classification.

Hyperparameter Value
Layer size 40
Cost function Cross-entropy
Activation function Rectified linear unit (ReLU)
Output classifier Softmax function
Parameter estimation solver Limited-memory Broyden—Fletcher-Goldfarb—Shano

algorithm (LBFGS)

Regularization parameter (lambda) 0
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5. Experiments

A kinematic hand dataset in a time-series format was utilized to demonstrate the
effectiveness of the proposed method. The details of the dataset are described in this
section. The dataset contains recordings of hand movements involving 21 objects and can
be categorized into 5 grasp types, as shown in Table 2. The classification results of these
five grasp types were used to evaluate the performance of the proposed method, which is
also detailed in this section. All experiments were conducted on a MacBook Pro (14-inch,
2021) running macOS, equipped with an Apple M1 Pro 8-core CPU and 16 GB of unified
memory, and using MATLAB 2022b.

Table 2. The details of 19 objects and hand grasp types.

No. Object Hand Grasp Type
1 2-Euro Coin
2 Button Badge Flip
3 Key
4 Credit Card
5 CD Edge
6 Hair-Coloring Comb
7 Saltshaker
8 Tape
9 Chess (Queen) Closing
10 Knob
11 Matchbox
12 Screw
13 Match .
14 Cigarette Pinch
15 Rubber Band
16 Maker
17 Screwdriver Rotati
18 Shashlik otation
19 Glasses

5.1. Dataset

The UNIPI dataset [35] provides hand kinematics data based on visual sensors to
investigate postural synergies of human grasping by six subjects during asked notification
to grasp objects that can be described as a hand posture behavior from a hand kinematic
perspective. Regarding the participants, six volunteers were invited to record and test in the
experiments. The six volunteers, including three females and three males, were 23-27 years
old and had a mean age of 25.17 years. All volunteers were tested in the experiment based
on self-reported right-hand dominance. All volunteers had no neuromuscular disorders
that affected the investigation’s experimental purpose. Before the experiment, all volunteers
signed a consent form to participate in the investigation. The acquisition setup consisted
of two significant acquisition sources. First was the PhaseSpace Motion Capture system,
which records kinematics data based on three-dimensional motion tracking with active LED
markers. The system includes stereo cameras for tracking the 3D positions of active LED
markers, which are attached to the volunteer’s hand and phalanges. The second source
was the set of 21 objects that were selected. In this dataset, two objects were displaced as we
could not clarify the hand grasp types. Then, we considered only 19 objects and clarified
them into 5 grasp types as shown in Table 2. Figure 4 depicts sequences of examples
illustrating various grasping types. In the first row, the hand employs a key to execute
a flip-type grasp. Moving to the second row, a credit card is utilized for a sliding grasp:
guiding it across the surface to the edge of the table. In the third row, tape is employed for
a robust grasp, demonstrating a closing grasp. The fourth row features a screw used for a
pinch grasp. Finally, in the last row, a marker is utilized for reorientation in a rotation grasp.
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Figure 4. Sequences to illustrate five grasp types.

The kinematics model of the human hand has complexity that needs to be described
and investigated. In this work, the kinematics model of the human hand is considered
based on 20 degrees of freedom, as illustrated in Figure 5. Four long fingers, consisting of
the index, middle, ring, and little, are described by four angles. Each long finger is described
based on motions of the joint that have two DoFs at the metacarpophalangeal joints to
describe flexion—-extension and abduction-adduction mobilities along with one DoF at
the proximal and distal interphalangeal joints to describe flexion—extension mobilities.
The thumb is represented based on motions of four joints that have two DoFs at the
trapeziometacarpal for expressing flexion—extension and abduction-adduction mobilities,
along with one DoF at the metacarpophalangeal joints, and one DoF at the interphalangeal
joint to describe flexion—extension mobility. The kinematic structure of the human hand
model is described by Denavit-Hartenberg (DH) parameters to express the kinematic chain
of each finger [35]. The description of hand kinematics based on 20 DoFs is described in
Table 3.

Table 3. Description of degrees of freedom.

No. DoFs Description
1 TA Thumb Abduction
2 TR Thumb Rotation
3 ™ Thumb Metacarpal
4 TI Thumb Interphalangeal
5 IA Index Abduction
6 M Index Metacarpal
7 1P Index Proximal
8 1D Index Distal
9 MA Middle Abduction
10 MM Middle Metacarpal
11 MP Middle Proximal
12 MD Middle Distal
13 RA Ring Abduction
14 RM Ring Metacarpal
15 RP Ring Proximal
16 RD Ring Distal
17 LA Little Abduction
18 M Little Metacarpal
19 LP Little Proximal
20 LD Little Distal
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Figure 5. Kinematic model of the human hand.

5.2. Results for the UNIPI Dataset

The UNIPI dataset contributed hand kinematics data. The dataset is divided into
19 different objects, with each object subjected to 2 separate trials. In the first step, we
applied data processing techniques to ensure that the kinematic data were in a suitable
time-series format by adjusting for differences in data length. This involved resampling
processes to effectively format the data by utilizing linear interpolation to adjust the length
of the dataset to a specific size (500 time series). Before the next process, the resampled
data were utilized to construct training and test sets using random partitions for holdout
cross-validation. The training dataset comprised approximately 80% of the kinematic data,
while the validation dataset accounted for the remaining 20%. The second step focused
on feature extraction, where we employed the proposed technique based on dictionary
learning constructed from the training set. The necessary parameters to construct the
learned dictionary as k is prescribed as 70, and the number of iterations T was 100 itera-
tions. The learned dictionary was utilized to obtain sparse coefficients based on sparse
decomposition from the training and test sets. Additionally, principal component analysis
(PCA) was employed to extract features from the pre-processed data, serving as a bench-
mark for comparing the efficiency of the proposed technique with the traditional technique
for classifying grasping types. The selection of PCA as a benchmark was influenced by this
research and was based on its linearity and well-known effectiveness for hand-based fea-
ture extraction tasks. Specifically, we chose two principal components for experimentation
in benchmarking. This choice aimed to capture essential information while minimizing the
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number of components and ensuring a meaningful representation of the entire dataset’s
variance. These criteria provide a foundation for a meaningful and informative comparison
with the proposed sparse coding approach. The final step involved classification based
on neural network classification, where the goal of classification was to identify grasping
types based on hand kinematic data. The sparse coefficients from the training set were used
to train the NN classification model. The sparse coefficient from the test set was utilized
to evaluate the performance of the NN classification model. The classification results are
visualized by using a confusion matrix. The proposed feature extraction process, along with
PCA as the feature extraction technique, incorporated sparse coding based on dictionary
learning. The dictionary was constructed using a dictionary learning function [32]. Sparse
coefficients were computed using a sparse decomposition toolbox [33], which implemented
the LARS algorithm to enhance the effectiveness of solving the lasso problem and accelerate
the process. To evaluate the performance of the proposed technique and compare it with
PCA, we utilized a neural network classification toolbox.

The experimental results obtained from the neural network classification are presented
in Table 4, which showcases a comparison of the proposed method with other approaches.
These approaches include using raw data (preprocessed without feature extraction), prin-
cipal component analysis (PCA), sparse coding based on a Gaussian random dictionary,
and the proposed dictionary learning technique. The comparison of accuracy was eval-
uated using confusion matrices for four cases: without feature extraction, PCA, sparse
coding based on a Gaussian random dictionary, and the proposed method, as shown in
Figure 6a,b,c,d, respectively. Table 4 shows significant differences in classification accuracy.
The PCA method achieved an accuracy of 31.43%, which is markedly lower than that
of the proposed method, which demonstrated an accuracy of 81.78%. Additionally, it is
remarkable that the accuracy of the PCA method is significantly lower than that of the raw
data, which yielded an accuracy of 68.38%. Sparse coding based on the Gaussian random
dictionary achieved an accuracy of 77.27%, demonstrating better performance than PCA
but still lower performance than the proposed dictionary learning technique. Figure 7a-d
shows the ROC curves of each feature extraction techniques, it is clearly to see that the
proposed method provides higher recall rate compare with other techniques. Moreover,
Table 4 includes the number of features used with raw data, PCA, the Gaussian random dic-
tionary, and the proposed dictionary learning technique. The proposed technique achieved
the highest accuracy with the fewest number of features for grasp type classification using
hand kinematic data.

To further enhance the performance evaluation, the macro-average F1-scores and average
area under the curve (AUC) scores, which are depicted in Figure 8, are included in Table 4.
These additional metrics offer insights into the model’s precision, recall, and overall dis-
criminative ability. The proposed sparse coding technique outperforms both PCA and the
Gaussian random dictionary in terms of accuracy, macro-average Fl-scores, and average
AUC. Specifically, the macro-average F1-scores are 79.87 for the proposed method, 66.65 for
raw data, 76.06 for the Gaussian random dictionary, and only 20.12 for PCA. The average
AUC values further confirm the superior performance of the proposed method, with a score
of 0.9535, compared to 0.8958 for raw data, 0.93926 for the Gaussian random dictionary,
and 0.5701 for PCA. These numerical results emphasize the effectiveness of the proposed
sparse coding approach for achieving accurate and robust hand grasp type classification
with reduced feature dimensions.

Table 4. Comparison of classification performance between raw data, principal component analysis
(PCA), sparse coding based on Gaussian random dictionary, and dictionary learning.

Method Accuracy (%) Number of Features Macro-Average F1-Score Average AUC
Raw Data 68.38 1,620,299 66.65 0.8958
PCA 31.43 855,000 20.12 0.5701
Gaussian Random 77.27 1,823,449 76.06 0.93926
Dictionary Learning 81.78 678,678 79.87 0.9535
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Figure 6. Confusion matrices for NN classification using several feature extraction techniques: (a) raw
data, (b) PCA, (c) sparse coding based on Gaussian random dictionary, and (d) sparse coding based
on dictionary learning.
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Figure 7. ROC curve of feature extraction techniques: (a) raw data, (b) PCA, (c) sparse coding based
on Gaussian random dictionary, and (d) sparse coding based on dictionary learning.
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Figure 8. Comparison of AUC values for each class between raw data, PCA, sparse coding based on
Gaussian random dictionary, and dictionary learning approach.

6. Discussion and Limitations

In the discussion section, we analyze and interpret the results obtained from our exper-
iments, focusing on various performance factors and how our proposed system addresses
the challenges highlighted in the introductory part of the article. Firstly, we observed
significant improvements in classification accuracy with the proposed sparse-coding-based
feature extraction method compared to traditional techniques such as principal component
analysis (PCA). As shown in Table 4, the sparse coding approach achieved an accuracy of
81.78%, outperforming PCA by a substantial margin. This improvement can be attributed
to the ability of sparse coding to capture essential features while effectively reducing data
dimensionality. By representing hand kinematic data as a sparse linear combination of
basis functions, the sparse coding method can extract discriminative features crucial for
accurate classification.

Additionally, our proposed method offers versatility and applicability across a wide
range of classification tasks. Furthermore, the number of features was significantly reduced
using the proposed method (678,678 features) compared to raw data (1,620,299 features),
PCA (855,000 features), and sparse coding based on Gaussian random dictionary (1,823,449).
This reduction in feature dimensionality not only simplifies the computational complexity
but also enhances the interpretability of the model. Moreover, the macro-average F1-scores
and average AUC values for the proposed methods were substantially higher at 79.87
and 0.9535, respectively, compared to other methods, further highlighting the superior
performance of our proposed approach. While the sparse coding approach using a Gaussian
random dictionary (shown in Table 4) achieved a respectable accuracy of 77.27%, it fell
short of the superior performance achieved by our proposed dictionary learning method
(81.78% accuracy). This highlights the importance of learning an dictionary that has been
optimized to the specific data for achieving the best results.

In terms of addressing the issues highlighted, the proposed technique effectively tack-
les the challenge of feature extraction for hand kinematic analysis. By employing sparse
coding based on dictionary learning techniques, we can extract meaningful features from
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high-dimensional kinematic data, reducing the complexity of the dataset while preserving
essential information. This approach addresses the need for efficient data representation
and dimensionality reduction in hand kinematic analysis, facilitating more accurate clas-
sification of grasping types. The experimental results validate the effectiveness of the
sparse-coding-based feature extraction method based on dictionary learning for hand
kinematic analysis and classification. By achieving higher accuracy compared to traditional
techniques, these results indicate that our method not only enhances classification accuracy
but also effectively reduces feature dimensionality, making it a valuable tool for practical
applications in robotics, medicine, and rehabilitation. Future work could explore the appli-
cation of our method to other types of hand kinematic data and investigate its performance
in real-time systems.

In this research, the proposed feature extraction technique was implemented specif-
ically on the UNIPI dataset for classification purposes. Consequently, they may not be
directly applicable to other publicly available datasets related to hand kinematics. Further-
more, while the proposed technique proves effective for hand kinematic analysis, it may
not be suitable for analyzing hand synergies due to its design limitations. Future research
could explore further optimizations and extensions of the proposed method as well as its
application in other domains such as natural language processing.

7. Conclusions

In this paper, we proposed a novel sparse coding feature extraction technique based
on dictionary learning for classifying human hand grasp types. Our method significantly
improves classification accuracy and reduces the number of features required compared to
PCA- and Gaussian-random-dictionary-based approaches. The classification accuracy of
our proposed technique is compared with PCA and sparse coding based on a Gaussian
random dictionary. The results from the classification experiments clearly showed that
the proposed method is highly effective at classifying hand grasp types. Specifically,
the classification accuracy achieved by the proposed scheme is significantly higher than
that of PCA-based and other feature extraction techniques. These findings have important
implications for various applications, including robotics and rehabilitation. Future research
will focus on extending our technique to other types of hand kinematic data and exploring
its real-time application potential. Finally, the sparse-coding-based feature extraction
based on the dictionary learning approach presented in this paper provides an alternative
feature extraction method for classification. Its potential for broader applications makes it a
valuable contribution to the field of machine learning (ML). Particularly, in natural language
processing (NLP), feature extraction is a fundamental process for converting raw text data
into a proper format that can be easily processed by utilizing machine learning algorithms.
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Abstract: The automated design of dispatching rules (DRs) with genetic programming (GP) has
become an important research direction in recent years. One of the most important decisions in
applying GP to generate DRs is determining the features of the scheduling problem to be used during
the evolution process. Unfortunately, there are no clear rules or guidelines for the design or selection
of such features, and often the features are simply defined without investigating their influence
on the performance of the algorithm. However, the performance of GP can depend significantly
on the features provided to it, and a poor or inadequate selection of features for a given problem
can result in the algorithm performing poorly. In this study, we examine in detail the features
that GP should use when developing DRs for unrelated machine scheduling problems. Different
types of features are investigated, and the best combination of these features is determined using
two selection methods. The obtained results show that the design and selection of appropriate
features are crucial for GP, as they improve the results by about 7% when only the simplest terminal
nodes are used without selection. In addition, the results show that it is not possible to outperform
more sophisticated manually designed DRs when only the simplest problem features are used as
terminal nodes. This shows how important it is to design appropriate composite terminal nodes to
produce high-quality DRs.

Keywords: genetic programming; feature selection; unrelated machine problem; feature selection;
scheduling

1. Introduction

The unrelated parallel machine scheduling problem is an important combinatorial
optimisation problem with frequent applications in the real world [1], such as task schedul-
ing [2], device scheduling [3], and manufacturing [4]. Since the problem is NP-hard, it
is traditionally solved using various metaheuristic optimisation methods [5,6]. However,
since real-world problems are often dynamic in nature, traditional optimisation approaches
that continuously improve potential solutions are usually not directly applicable. The
reason for this is that not all information about the problem under consideration may be
known, and in this case, it is not possible to construct a complete solution. This was the
motivation for researching alternative methods that can be used to solve dynamic problems
such as dispatching rules.

Dispatching rules (DRs) have emerged as an alternative solution method for solving
various scheduling problems, mostly dynamic problem variants [7]. They represent simple
constructive heuristics that solve the problem incrementally by making decisions about
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which job to schedule next based solely on the information currently available in the
system. Therefore, such rules can react quickly to the changing problem environment, as
they construct the solution based only on the currently available information. As new
information becomes available, they can take it into account when constructing the solution.
Although many DRs have been proposed over the years [7], they have been developed for
a limited number of problem variants and scheduling criteria. In addition, the developed
DRs perform scheduling decisions using simple heuristic strategies, which affects the
quality of the plans they produce.

To address the above problems, various methods based on evolutionary computation
and machine learning have been used over the years to automatically design new DRs
for various problems [8-10]. One of the most commonly used methods for this purpose
is genetic programming [11]. GP is an evolutionary computational method developed
to enable the generation of various mathematical expressions and even computer pro-
grammes [12]. It has been applied in many fields, where it has achieved competitive results
with humans [13], proving its effectiveness. In recent years, however, GP has established
itself as the leading hyperheuristic method [14,15], a method used to automatically develop
new heuristics.

In the context of DRs, GP is used to generate an expression, often referred to as a
priority function, that is used by the DR to rank all decisions at each decision point and
select the appropriate decision [16]. GP generates the expression based on a set of defined
problem characteristics, which it attempts to combine in a meaningful way to determine
the optimal scheduling decision at each decision point. Therefore, it is necessary to provide
GP with all the relevant information about the problem in the form of terminal nodes
representing certain features of the problem. However, an incomplete or wrong choice
of terminal nodes can result in myopic DRs that offer poor performance [17]. Regardless,
this step is often overlooked, and quite often only the most basic problem information is
used as terminal nodes without a selection of appropriate nodes. Naturally, providing
too many terminal nodes again has the drawback that the search space of the method
grows exponentially, making it more difficult to find high-quality solutions. Although
the definition and choice of appropriate terminal nodes is an important decision that
significantly affects the quality and complexity of DRs, it has not yet been investigated in
the context of the automated design of DRs for unrelated machine environments. Thus,
there is no guarantee that the terminal nodes currently applied in the literature are really
the most appropriate or whether the results could be improved by applying a different set
of terminal nodes.

The aim of this study is to perform a detailed investigation of the influence of different
problem properties on the quality of DRs automatically developed by GP for unrelated
machine scheduling problems. The motivation for this is to determine the set of the most
suitable terminal nodes, with which GP can generate DRs that perform well across a wide
range of problem instances. This is done in a sequential manner, where first, simple atomic
features are analysed, representing only the most basic information about the problem.
Then, composite features are added to the set of terminals to investigate whether by
including more sophisticated terminal nodes, either designed automatically or manually,
they can improve the performance of the generated DRs. Naturally, only providing the
terminal nodes is not enough, since a too-large terminal set can negatively affect the results
simply due to a too-large solution space that the algorithm needs to traverse. Therefore,
to select the appropriate feature set, we use the backward sequential feature selection
method, which is commonly used in the literature for this purpose, but also investigate the
ability of GP to perform feature selection by using the frequency of occurrence of nodes
in the expressions as a criterion for selecting the appropriate features. From the obtained
results, we investigate how the different node sets that were obtained influence not only
the performance and complexity of the generated DRs but also the performance of different
methods in selecting the appropriate features.

The contributions of this study can be summarised as follows:
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*  Analysis of how different types of terminal nodes influence the effectiveness of GP to
generate good quality DRs and their complexity.

e  Construction of new terminal nodes based on the frequency of occurrence of sub-
expressions in the generated DRs.

*  Application and comparison of two feature selection methods to determine appropri-
ate terminal node sets.

The rest of this study is organised as follows. Section 2 outlines the relevant literature
on the generation of DRs with GP. The necessary background information about the
problem under consideration and the application of GP to generate DRs is given in Section 3.
The methodology used to conduct the investigation in this paper is described in Section 4.
Section 5 describes the design of the experimental study and discusses the results obtained.
A more in-depth analysis of the results obtained is presented in Section 6. Finally, Section 7
concludes this paper and provides guidance for future research.

2. Literature Review

The automated generation of DRs has its roots in the pioneering studies of Miyashita [18]
and Dimopoulos and Zalzala [19]. These studies showed that GP can be efficiently used
to design new DRs for various scheduling problems. Since then, GP has been applied in
numerous studies to generate DRs for various problems, such as the parallel machine
scheduling problem [20], flexible job shop problem [21], resource-constrained project
scheduling problem [22], and one-machine variable capacity problem [23].

Over the years, many research directions have been explored in the context of the
automated design of DRs. One line of research has focused on investigating different
representations for DRs. In [24], the authors compared three DR representations: one that
generates an expression that selects an existing DR based on system properties to make the
scheduling decision, one that generates a new DR from basic system information, and one
that combines the previous two approaches. The results showed that the first approach
was inferior to the other two approaches. In [25], the potential of GP to generate DRs was
compared with that of artificial neural networks. The results showed that both methods
performed similarly, but GP developed interpretable and more user-friendly DRs. In [26],
the authors investigated several evolutionary algorithms for developing DRs and found
that their performance was similar in most cases, although some resulted in simpler DRs.
Another line of research focused on the generation of DRs for multi-objective scheduling
problems, which were considered in [27-29] for the job shop problem and [30] for the
unrelated machine scheduling problem.

Ensemble learning is one of the most widely considered topics related to DR cre-
ation, as it has the potential to significantly improve the performance of individual DRs.
This topic has been studied from many aspects, including methods used to construct
ensembles [31-33], methods used to aggregate the decisions of individual DRs in the en-
semble [34,35], and the application of ensemble learning for multi-objective problems [36].
Another way to improve the performance of automatically generated DRs is the application
of surrogate models [37,38] and local search [39], both of which have been shown to im-
prove the performance of GP. Another recent research trend is the application of multitask
learning in GP, which enables knowledge transfer between individuals to solve different
types of problems [40].

Only limited attention has been given to the issues of feature selection and construction
in the context of automatic generation of DRs, and this has focused mainly on the job
shop scheduling problem. In [41], the authors proposed a feature selection algorithm
that is embedded in GP and based on niching. This feature selection method takes into
account both the fitness of the individuals in which the features occur and the frequency of
occurrence of these features. The experimental results showed that the proposed approach
can select features that lead to better results compared to using the entire feature set. In [42],
the authors considered feature selection in the context of developing DRs for the flexible
job shop problem. In this approach, two terminal sets are used and, therefore, features

206



Algorithms 2024, 17, 67

need to be selected for each of them simultaneously. A GP approach with adaptive search
based on the frequency of features was proposed in [43] and was shown to perform better
compared to standard GP in some scenarios. Another feature selection approach was
proposed in [44], which led to simpler DRs that achieved comparable performance to
those developed without feature selection. Finally, in [45], the authors considered feature
construction in addition to feature selection, but no follow-ups or extensions to this original
research were conducted. Overviews of the literature on the remaining studies dealing
with the automated design of DRs for various scheduling problems can be found in [8-10].

The importance of selecting suitable problem features when using GP to create DRs
was discussed in [17]. However, studies in this field rarely explore the definition of the
features used in solving a particular problem. On the contrary, a particular set of features
is usually defined based on previous user experiences, without further investigation into
whether this terminal set is really the most appropriate. As can be seen from the previous
literature review, although several studies deal with feature selection, they focus on the
algorithmic aspect rather than on which features should be used or how they should be de-
signed. Therefore, this study provides a deeper investigation into the definition and selection
of features in the automated development of DRs for unrelated machine environments.

3. Background

As mentioned previously, the unrelated machine environment appears in many real-
world scenarios, such as the manufacturing of pipes, manufacturing cells, distributing jobs
in heterogeneous systems, and scheduling in the textile industry, among others [6]. Many of
those problems are dynamic in nature, meaning that certain aspects of the problem are not
known at the beginning of the system’s execution. In such cases, DRs represent the method
of choice for solving such problems [7]. However, the performance of existing DRs is quite
limited, and they are usually designed for very specific problem variants, thus limiting
their performance and generalisation ability. This means that it is required to design DRs
for all the different problem variants that are considered. Since it is difficult to manually
design DRs for all the available problem variants, the concept of the automated design of
DRs has garnered significant attention. One of the most prominent and commonly used
approaches for this purpose is GP, which has been successfully used to generate new DRs
for various problems.

3.1. Unrelated Parallel Machine Scheduling Problem

In the unrelated machine scheduling problem, a set of jobs must be scheduled and
executed on a scarce set of machines [46]. Each job contains certain properties that are
taken into account in scheduling decisions, such as:

*  pijj—the processing time of job j on machine i.

e rj—the release time of job j, which specifies the earliest time at which the job can be
considered for scheduling.

*  d;j—the due date of job j, which specifies the time by which the job should finish with
its execution.

*  wj—the weight of job j, which indicates the importance of the job.

Each machine can only process one job at a time. As soon as a machine starts executing
a job, it must complete it before it can start executing another job.

Many criteria can be considered and optimised for this problem. In this study, we
focus on minimising the total weighted tardiness criterion (Twt), defined as Twt = Y w;Tj,
which is one of the most frequently optimised criteria in the literature, especially when
considering dynamic environments [6]. T; represents the tardiness of job j and is defined
as T; = max(C; —d;,0), where C; indicates the time at which job j was completed. The
tardiness, therefore, represents the time the job has been completed after its due date,
whereas the total weighted tardiness is simply the combination of all tardiness values
multiplied by the corresponding weights. By minimising Twt, we effectively minimise the
times jobs are completed after their due date.
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Using the standard notation «|p|y for scheduling problems [47], the problem consid-
ered in this study can be specified as R | 7; | 1;w;T;. In this notation, a represents the
machine environment, which in this case, is the unrelated machine environment (denoted
by R); B represents the additional constraints, which in this case, include the release times
of the jobs (denoted by r;); and 7y represents the optimised criterion, which in this case, is
the total weighted tardiness (denoted by }_; w;T;). Moreover, the problem is considered
under dynamic conditions, which means that not all information about the problem is
available during the execution of the system. More precisely, no information about the jobs,
including their arrival time, is known before they are released into the system. However,
once they are released into the system, all their properties are known precisely, and the jobs
can then be taken into account for scheduling.

The most suitable method for solving such dynamic problems is DRs [7]. DRs consist
of two parts: a schedule generation scheme (SGS) and a priority function (PF) [48]. The SGS
represents the algorithmic framework of the DR, which determines when and under what
conditions it performs scheduling decisions. It also ensures that it only creates feasible
schedules, for example, by checking that no machine executes two jobs at the same time.
Algorithm 1 provides the definition of the SGS that is used by the automatically designed
DRs. This SGS performs a scheduling decision every time at least one machine is available
and there are unscheduled jobs in the system. It also ensures that no job is scheduled on a
machine on which a job is already in progress.

Algorithm 1 SGS used by generated DRs

1: while true do

Wait until at least one job and one machine are available

for all available jobs j and each machine i in m do
Calculate the priority 7;; of scheduling j on machine i

end for

for all available jobs do
Determine the machine with the best 77;; value

end for

while jobs whose best available machine exists do

10: Determine the best priority of all such jobs

11: Schedule the job with the best priority

12: end while

13: end while

One of the most important parts of the SGS is determining which scheduling decision
to make at each decision time, i.e., which job should be scheduled on which machine.
The SGS uses a PF to evaluate all available decisions. The best decision, determined by
the lowest or highest rank, is then selected and executed. Over the years, PFs of varying
complexity have been proposed in the literature [7]. For example, the earliest due date
(EDD) rule uses a PF defined as 7 = d;, which means that jobs are executed in order
according to their due dates. The EDD selects the jobs with the earliest due dates first,
where jobs that need to be completed as quickly as possible take priority. The PF can, of
course, be much more complex than that defined by the EDD. In fact, the PF is the most
important part of any DR, and, therefore, great care needs to be taken when developing
new and efficient PFs. However, manually designing meaningful PFs has proven to be
quite a difficult and tedious task, which is why only a limited number of existing PFs are
available [7,8].

3.2. Genetic Programming and Generating DRs

GP is a metaheuristic method based on the concept of natural evolution [12]. It starts
with a set, called the population, of randomly generated solutions, usually referred to as
individuals. These individuals are evaluated using the fitness function, which calculates
the fitness of each individual, i.e., a numerical measure of how well the individual solves a
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particular problem by optimising a certain criterion. GP then iteratively applies a series of
genetic operators to these individuals in search of better solutions until a certain termination
criterion is met. The operators that GP applies are selection, crossover, and mutation. With
the selection operator, GP selects better individuals for the crossover operator and worse
individuals to be eliminated from the population. The selected individuals are then used by
the crossover operator, which combines their properties and creates a new individual that
is potentially better than the individuals from which it was created. In addition, the newly
created individual can be mutated with a certain probability to introduce random changes.
The purpose of the mutation operator is to help the algorithm bypass local optima and
restore lost genetic material in the population. This newly created individual then replaces
one of the underperforming individuals in the population. With such a strategy, GP
iteratively attempts to obtain better solutions through crossover and mutation and place
them into the population, eliminating poor-quality individuals. The variant of the selection
algorithm used in this study is described in Algorithm 2 [48], and the flow diagram of the
algorithm is shown in Figure 1.

Algorithm 2 The GP algorithm

1: Randomly create the population P and evaluate all individuals in it

2: while termination criterion is not met do

3 Randomly select 3 individuals from the population that form a tournament
4 Select the two better individuals

5: Crossover the selected individuals and create a new individual

6: Mutate the newly created individual with a certain probability
7

8

9:

Evaluate the newly created individual
: Replace the worst individual from the tournament with the newly created individual
end while

Initialise starting population

'

‘ Perform 3-tournament selection

v

‘ Crossover two better individuals

v

‘ Mutate the child individuals

v

‘ Evaluate child individual

v

‘ Replace worst from tournament

+——

v

Termination
criterion
satisfied

[
Yes
\4
Best evolved priority function

Figure 1. Flowchart of the GP algorithm.
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As already mentioned, solutions in GP are coded as expression trees consisting of
function and terminal nodes. The function nodes are the inner nodes in the tree and
represent various mathematical, logical, or other types of operations. The terminal nodes,
on the other hand, appear as leaf nodes in the tree and represent different features of the
problem. Therefore, the definition of terminal nodes is one of the most important decisions
that must be made when applying GP to any problem. Through the evolutionary process,
GP searches for the most appropriate expression to solve a given problem.

GP has been successfully used as a hyperheuristic method [14,49] to automatically
generate heuristics for various types of combinatorial optimisation problems, such as
scheduling problems [50,51], the travelling salesman problem [52,53], vehicle and arc
routing problems [54-56], the container relocation problem [57], and the cutting stock
problem [15,58]. When used to generate DRs for scheduling problems, GP has the task
of finding a suitable PF that can be used by the DR to evaluate scheduling decisions.
Each individual represents a potential PF, which is then used by the SGS, as defined in
Algorithm 1, to evaluate its effectiveness for a given set of problem instances. To be able
to meaningfully rank the various decisions in the scheduling problem, e.g., which job to
schedule next, GP must have access to all relevant features of the problem via its terminal
nodes. Therefore, the set of terminal nodes must contain relevant problem characteristics,
such as the processing times of jobs, their due dates, weights, and so on.

The entire methodology for the automatic creation of DRs is shown in Figure 2.
The figure shows that GP is used to generate PFs embedded in an SGS, as outlined in
Algorithm 1. This combination represents a DR, which is then used to generate a schedule
based on the characteristics of the scheduling problem (job processing times, due dates, etc.).
The meaning of the symbols is outlined in Tables 1 and 2. The schedule simply determines
which job is assigned to which machine and the order in which they are executed on these
machines. Finally, the quality of the created schedule can be evaluated using different
performance criteria.

Schedule problem:

Genetic e Processign times
s Release times

e Due dates

o Weights

programming

Generates

Dispatching rule
Priority
function :

Schedule generation
scheme

Schedule l

50 60 70 90 100 110 120 130 140 150 160 170

Figure 2. Outline of the procedure for the automated generation of DRs.
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Table 1. The set of basic terminal nodes.

Name Description

dd The due date of a job j

frma The number of available machines

ma The time when machine i becomes available

nmach The number of machines in the scheduling environment
nrel The number of currently released but not scheduled jobs
pt The processing time of job j on machine i

rel The release time of job j

clk The current time of the system

w The weight of job j

Table 2. The set of extended terminal nodes.

Name Description

age The time that job j spent in the system after being released

mr The amount of time remaining until machine i becomes available

The amount of time until the machine on which job j would be completed the soonest
pat becomes available

pavg  The average execution time of job j across all machines

pmin  The minimum execution time of job j across all machines

The slack of job j, which is defined as the remaining amount of time until it

sl becomes tardy

4. Methodology

As described in the previous section, the definition and selection of suitable terminal
nodes is an important step in applying GP to develop new DRs. This is probably also the
most difficult step, as it requires a certain amount of expert knowledge about the problem
in order to define these terminal nodes in a meaningful way. However, even with good
expert knowledge, there is no guarantee that the defined nodes will enable GP to obtain
good priority functions. Therefore, the aim of this study is to investigate the process of
designing the terminal set in more detail and determine how the inclusion and construction
of different features and nodes affect the performance of GP.

This investigation is divided into three phases, each focusing on the influence of the
following factors: (1) atomic terminal nodes, (2) composite terminal nodes constructed
based on the frequency of occurrence in the previous phase, and (3) composite terminal
nodes designed manually. In the following, we describe each phase in detail.

4.1. Atomic Terminal Nodes

In the first phase, only atomic terminal nodes, labelled in Table 1, are used. These nodes
are called atomic because they represent the most basic information about the problem
at hand, such as the processing times of jobs, their due dates, weights, and so on. They
cannot, therefore, be broken down into sub-expressions of simpler nodes or coded in any
other way. GP can combine these nodes into more complex expressions that are interpreted
as PFs to determine which scheduling decision should be selected at each decision point.

Even if the previously defined set of terminal nodes is sufficient to construct any
complex expression, this might prove quite difficult for GP, since it is very likely that such
expressions are easily perturbed by genetic operators. Therefore, it makes sense to define
composite terminal nodes, i.e., nodes that are represented as a kind of expression computed
from multiple atomic nodes. However, there are several ways to define compound terminal
nodes, and these are analysed in the second and third phases of the study.

4.2. Frequency-Based Composite Terminal Nodes

In the second phase, we analyse whether it is possible to automatically construct new
terminal nodes by using the frequency of occurrence of sub-expressions from previously
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developed PFs that work well. This phase is, therefore, based on the results of the first
phase to determine which sub-expressions occur most frequently but only in the PFs with
the best performance. From the best PFs, we calculate the frequency of occurrence of all
sub-expressions and select the most frequent ones. We also define new terminal nodes that
encode these sub-expressions and add them to the terminal set.

4.3. Manually Designed Composite Terminal Nodes

In the third phase, we investigate the influence of composite, manually designed
terminal nodes that combine different basic information from Table 1 in different ways. The
motivation for introducing these terminals arises from several existing manually designed
DRs that use similar information to that presented in Table 2. For example, these nodes
represent information such as the slack of the job, a feature often used in manually designed
DRs developed to optimise the Twt criterion, or the time until a particular machine is
available. Since such information has proven valuable in various manually created DRs,
there is reason to believe that it could also be useful in the context of automatically created
DRs. Therefore, we have investigated their influence on the performance of GP.

4.4. Feature Selection Methods

Although we have defined various terminal nodes, not all of them are equally useful
for GP in designing new DRs. The problem with including unnecessary terminal nodes
is that the solution space in which GP searches for a suitable PF increases exponentially.
Therefore, it becomes increasingly difficult for GP to converge to good solutions. Therefore,
it is not sufficient to define only a set of terminal nodes that represent all features of the
problem; it is also crucial to determine whether these features are relevant for GP.

Although various algorithms and methods for feature selection have been defined
in the literature [59-61], we use two simple methods: backward sequential feature selec-
tion (BSFS) and frequency-based selection (FBS). Although simple, the BSFS method is
commonly used in the machine learning community to select appropriate features. The
reason we select only the above-mentioned methods is that our goal is to determine the
best feature set for the problem under consideration rather than compare different feature
selection methods.

BSFS starts with the complete feature set and removes one feature from the feature set
in each iteration. GP is then executed with this reduced feature set, and the developed PFs
are evaluated. The reduced set that results in the best performance for the generated DRs is
selected, and the procedure is repeated until all features are removed. So, in each iteration,
this method tests the effect of removing each feature on the results and removes the feature
that has the least negative effect. This process requires a quadratic number of experiments
to determine the appropriate terminal set.

The FBS method also starts with the complete feature set to generate a certain number
of DRs. Based on the best DRs, the frequency of occurrence of each terminal node is deter-
mined. The node that occurs the least frequently is removed, and the process is repeated
until all terminal nodes are removed from the terminal set. This method, therefore, removes
the node that occurs least frequently in the generated PFs in each iteration. Compared to
the BSFS method, this method only requires a linear number of experiments in relation to
the terminal nodes. This is because only one experiment is performed in each iteration,
on the basis of which the frequency of occurrence of terminal nodes can be determined to
decide which node should be removed next.

5. Experimental Study

In this section, we present the experimental study. First, we describe the outline of the
performed experiments, and then, we outline the obtained results.
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5.1. Setup

To conduct the experimental study, we used the dataset proposed in [16], which
consists of 180 problem instances of varying sizes and complexities. The instances involve
between 3 and 10 machines and between 12 and 100 jobs. Moreover, the dataset contains
instances of different difficulty levels considering the Twt criterion, which means that some
instances are easy to solve while others are more complex. The dataset is divided into three
subsets: a training set, a validation set, and a test set. Each set contains 60 instances with
similar characteristics. The training dataset was used by GP to generate new DRs. After
the DRs were generated, the validation set was used by the feature selection procedures
to determine the best feature sets. Finally, the test dataset was used to evaluate the DRs
obtained for the best feature sets, assessing their generalisation performance on unseen
problems. All the results presented below were obtained with the problem instances from
the test dataset. Finally, we compared the results of the automatically generated DRs with
three DRs proposed in the literature [7].

The parameters used to run GP are listed in Table 3. These parameters were optimised
in a previous study [16]. For each experiment, GP was run 30 times to perform a statistical
analysis of the results. Due to the large number of results, only the median values from
these 30 executions are presented in the tables because the Shapiro-Wilk test for normality
showed that not all results followed a normal distribution. To test the statistical difference
between pairs of methods, we used the Mann-Whitney test. On the other hand, to test
for a statistical difference between a group of methods, we used the Kruskal-Wallis test
with Dunn’s post hoc test and the Bonferroni correction method. All statistical tests
were conducted with a significance level of 0.05. All methods were coded in the C++
programming language using the ECF framework (http:/ /ecf.zemris.fer.hr/, accessed on
1 May 2023). The experiments were conducted on a Windows 10 PC with an AMD Ryzen
Threadripper 3990X 64-core processor and 128 GB of RAM.

Table 3. GP parameters.

Parameter Value

Population size 1000

Mutation probability 0.3

Tournament size 3

Crossover operators  subtree, uniform, context preserving, size fair, one point

Mutation operators subtree, hoist, node complement, node replacement, permutation, shrink
Function set addition, subtraction, multiplication, protected division (returns 1 if division

by 0 is encountered), POS(x) = max(x,0)
Termination criterion 80,000 fitness evaluations

5.2. Results

The results in this section are presented in three phases, corresponding to the research
phases described in the methodology section. In the first phase, the set of terminal nodes
consists only of the atomic features of the problem. In the second phase, this terminal set is
extended with composite terminal nodes consisting of the most frequent sub-expressions
of the PFs developed in the first phase. Finally, in the last phase, the basic terminal set is
extended with manually designed composite nodes.

5.2.1. Simple Terminal Set

In the first phase, the terminal set shown in Table 1 was used as the starting set for the
construction of DRs. To determine which features were most important in this set, the BSFS
and FBS methods were used to determine the optimised set of terminal nodes.

The results obtained using BSFS in this phase are shown in Table 4. The columns
in the table denote the results where the corresponding feature was removed from the
feature set, whereas the rows denote the steps of the algorithm. The first row indicates the
results obtained when all features were used. In each subsequent row, the best result is
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indicated in bold, which also indicates which feature was removed from the feature set in
the next iteration. In addition, each cell contains the results of the statistical test comparing
the result presented in this cell with the result obtained with the entire terminal set. The
symbol + means that significantly better results were achieved with the reduced set, —
means that significantly worse results were achieved with the reduced set, and ~ means
that there was no significant difference between the results. We can see from the table that
removing certain nodes almost always led to a significant deterioration in the results. The
nodes where this happened were dd, ma, pt, and w. From this, we can conclude that these
nodes represent the minimum set of features that the GP needs to construct meaningful
PFs. By using only these four terminal nodes, GP achieved a value of 13.88, which was
lower but not statistically better than the value obtained when using all terminal nodes.
Removing all other nodes from the terminal set did not have a significant impact on the
results, or in some cases, even led to a significant improvement. The best overall result
was obtained for the node set that included the clk and nrel nodes in addition to the four
previously mentioned terminals. The clk nodes, in particular, seem to be important, as
they provide information about the current time in the system, which can then be used in
combination with other terminal nodes to determine when a job will become late and thus
prioritise it.

Table 4. Results obtained by BSFES for the feature set outlined in Table 1.

Terminals

Iteration

clk dd frma ma nmach nrel pt rel w
All nodes 14.08
1 14.09 (~) 1636 (—) 13.89 (=) 18.78(—) 14.01(~) 14.12(~) 177.16(—) 13.88(~) 14.49(-)
2 1417 () 1652 (—) - 1881 (—) 13.89(~) 14.10(~) 17845(—) 13.88(+) 14.49(-)
3 13.88 () 1753 () - 18.83 (=) 13.69(+) 13.71(+) 176.04(—) - 14.38 (—)
4 13.81 (+) 17.56 (—) - 19.31 (—) - 13.82 (+) 176.21(—) - 14.22 (=)
5 - 17.16 (—) - 18.69 (—) - 13.88 () 174.68 (—) - 14.66 (—)
6 - 17.49 () - 18.59 (—) - - 173.21 () - 1457 (—)
7 - 25.82 (—) - 20.86 (—) - - 283.27 () - -
8 - 44.62 (—) - - - - 7755 (—) - -

Table 5 shows the results GP achieved when the terminal nodes were removed based
on the frequency of their occurrence in the generated PFs. The first row lists the removed
terminal nodes, whereas the second row shows the corresponding fitness values. Again,
each cell contains the result of the statistical test comparing the results of the entire set with
the reduced sets. We can see that the best overall result was obtained with two terminal
sets: a smaller one with the nodes pt, ma, dd, and w, and a larger one with the nodes nmach
and clk in addition to these nodes. In both cases, the results are significantly better than
the results obtained with the entire terminal set. This shows that it is possible to make a
meaningful selection of features depending on the frequency of the terminal nodes in the
obtained expressions, especially since the four most important terminal nodes consistently
have the highest frequency.

Table 5. Results obtained by GP when selecting atomic features based on their frequency in the PFs.

all nrel frma rel clk nmach pt ma

14.08 14.13 (~) 13.88(x) 13.84(+) 13.87(+) 13.84(+) 172.92(—) 4942.88 (—)

5.2.2. Extended Terminal Set with Composite Features Determined by Frequency
of Occurrence

Based on the best individuals from the first phase of the experiments, we calculated
the frequency of sub-expressions. The sub-expressions with more than 30 occurrences
are listed in Table 6. It is interesting to note that only sub-expressions of size 3 occurred,
whereas larger sub-expressions were rare in several trees. This shows that there did not
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seem to be a larger, well-functioning sub-expression that could be reused; rather, the rules
consisted of small, frequently repeated sub-expressions. The reason for this could be that
either such a sub-expression did not exist or that GP had difficulty obtaining it with the
given settings. If we examine which sub-expressions occurred most frequently, we can
see that GP created certain sub-expressions that occurred frequently in manually created
DRs. For example, the expression ma + pt was often used to determine how quickly the
job would be completed on each machine, using information about when the machine was
available and how long the job would take on the machine. Sub-expressions such as % and
%t were also common, as the purpose was to schedule jobs with a lower processing time or
due date adjusted for the weight of the job. Based on this frequency of occurrence, seven
new terminal nodes were designed and included in the previously optimised terminal set.

Table 6. Frequency of occurrence of most commonly appearing sub-expressions from Phase 1.

Expression Occurrence Frequency
dd x dd 212
ma + pt 127
max w 110
dd
a 99
pt 48
w
pt 40
ma

dd — pt 36

Table 7 provides an overview of the results obtained through the additional use of
the seven features described in Table 6. In this section, the results obtained are statistically
compared with the optimised terminal set from Phase 1, the results of which are also
included in the first row of the table. The results show that the inclusion of these composite
features in the terminal set did not have a positive influence on the results compared to
the optimised terminal set from Phase 1. In most cases, the results either remained the
same or even deteriorated, which was confirmed by the statistical tests performed. The
only node that seemed to have some effect on this terminal set was dd * dd, which occurred
most frequently in the PFs from Phase 1. On the other hand, nodes such as %, ma x w were
the first to be removed, suggesting that they were the least informative.

Table 7. Results obtained by BSFS for the extended terminal set with features created based on their
frequency of occurrence.

Terminals

Iteration i v dd P ad ot ot

p w ma + pt i o ma *x w
Phase 1 optimised 13.69
All terminals 13.86 (=)
1 13.84 (=) 13.86(~) 13.83(x~) 14.09(—) 13.92(—) 1395(—) 13.94(-)
2 14.07 (—) 13.85 (=) - 13.83 () 14.11(—) 13.96(—) 13.82(~)
3 14.00 (—) 13.67 (=) - 1393 (—) 1381 () 14.01(—) -
4 14.01 (—) - - 13.80 (=) 13.95(—) 13.79 (=) -
5 13.86 (=) - - 13.73 () 13.66 (~) - -
6 13.83 (=) - - 13.65 (=) - - -

Table 8 shows the selection process carried out by FBS. We can see that in this case,
the order in which features were removed from the terminal set differed from that of BSFS.
The results in this case showed no improvement over the terminal obtained at the end of
Phase 1. Since neither method achieved a positive result, we can conclude that creating
new composite features based on their frequency of occurrence in well-functioning rules
does not generally lead to better results. These nodes, therefore, offer no advantages over
the original set of atomic features identified in Phase 1.
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Table 8. Results obtained by GP when selecting automatically designed composite features based on
their frequency in the PFs.

phl all yia vt maxw dd—pt mal + pt

ma w w

13.69 13.85(~) 14.05(—) 1390(~) 1384(~) 13.89(~) 1379 (x~) 1391 (=)

5.2.3. Extended Terminal Set with Manually Designed Composite Features

Table 9 shows the results obtained with the BSFS method when using manually
designed composite terminal nodes. Again, the statistical tests were calculated using the
optimised terminal set from Phase 1. The results show that no single combination of
terminal nodes was able to achieve significantly better results compared to the terminal set
obtained after Phase 1. With the set from Phase 1 extended with the nodes mr, pat, pavg,
pmin, and sl, the median value of the results achieved was improved to 13.47. In all other
cases, however, it was not possible to achieve a significant improvement. The results are
either equally good or even significantly worse than those achieved with the terminal set
obtained in Phase 1.

Table 9. Results obtained using BSFS for the extended terminal set with features created based on
their frequency of occurrence.

Terminals

Iteration .

age mr pat pavg pmin sl
Phase 1 optimised 13.69
All terminals 13.93 (=)
1 13.47 (~) 13.88(~) 13.96(~) 13.87 (~) 14.16(—) 14.15(-)
2 - 13.77 (=) 1411(-) 13.95(—) 13.90(—) 14.30(-)
3 - - 14.01(—) 13.80(=) 1395(—) 13.79 (=)
4 - - 13.84 (=) 13.66 () 14.32(—) -
5 - - 13.72 (=) - 13.80 (=) -

The results when using FBS are shown in Table 10. This table shows that in all cases,
the results were as good as with the basic terminal set obtained after Phase 1. Again, we
can see that the order in which the terminals were removed from the set is similar to that
of BSFS.

Table 10. Results obtained by GP when selecting manually designed composite features based on
their frequency in the PFs.

phl all pavg age mr pat pmin
13.69 13.93 (~) 13.90 (~) 13.87 (=) 13.71 (=) 13.93 (=) (~)

Unfortunately, the results obtained when manually defined composite nodes were
included are inconclusive. In most cases, there was no significant difference between
the sets containing these features and the set obtained after Phase 1. However, some
improvement in the results was observed for one feature set. This could indicate that the
additional features were beneficial for GP and allowed it to generate better PFs, but at the
same time, their inclusion also increased the search space, making it more difficult for GP
to converge.

6. Analysis
6.1. Comparison of Results from Each Phase

Table 11 gives an overview of the best results obtained with the validation set for each
terminal set, as well as the best manually developed DRs, namely EDD, COVERT, and
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ATC. The initial feature set from Table 1 is labelled as Phase 0, whereas Phase 2 + 3 refers
to the combination of the best feature sets from Phase 2 and Phase 3, which was used to
investigate whether the combination of these two feature sets led to an improvement in
the results. In addition, the table shows the average rule size obtained when using each
terminal set, which represents the average number of nodes in the expressions generated
by GP. Compared to the manually generated DRs, we can see that GP achieved better
DRs with the best terminal set obtained after each phase compared to the three manually
generated ones. Only in the cases where no optimisation was performed, or when Phases 2
and 3 were combined, did GP fail to outperform the ATC rule. This shows that even for a
terminal set with atomic terminal nodes, GP can reasonably combine them to outperform
the existing rules. However, for more complex terminal nodes, GP can even increase the
gap between manually and automatically created DRs.

Figure 3 depicts the results from Table 11 as a box plot. The figure shows that the
terminal node sets from Phase 1 and Phase 2 lead to the least scattered solutions. This
is favourable, as it means that GP is more likely to produce a result close to the median.
Therefore, the method is more reliable when it comes to generating solutions of expected
quality. On the other hand, the solutions obtained when using the terminal node set
obtained in Phase 3 are quite scattered. The results also show that GP is more likely to
obtain better results with this terminal node set than with any other terminal node set.

»

;§e§§

Phase 0 Phase 1 Phase 2 Phase 3 Phase 2+3
Terminal set

Total weighted tardiness
® » > o o
o o o o 3 o

w
o

Figure 3. Box plot of the best results obtained by each terminal set on the validation set.

Table 11. Comparison of results from all phases on the validation set.

Median Rule Size

EDD 14.53 1
COVERT 14.20 19

ATC 13.73 16

Phase 0 14.08 43.2
Phase 1 13.69 42.7
Phase 2 13.65 43.4
Phase 3 13.47 43.7
Phase 2 + 3 14.22 43.8

To determine whether there was a significant difference between the results, the sta-
tistical tests described above were used, and a p-value close to 0 was determined. This
shows that there was a significant difference between the results obtained. To determine
which of the results were significantly different, the post hoc test was used, the results of
which are shown in Table 12. The table shows that the results in the row are inferior to
those in the column when indicated by “<”, superior when indicated by “>", or equivalent
when indicated by “~”. We can see that the results obtained using only the atomic nodes,
without optimising the terminal set, usually led to the worst results. In contrast, there was
no significant difference between the results from Phases 1, 2, and 3.
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Table 12. Results of the statistical tests on the validation set.

Phase 0 Phase 1 Phase 2 Phase 3 Phase2 + 3
Phase 0 - < < < ~
Phase 1 > - ~ =~ ~
Phase 2 > ~ - ~ ~
Phase 3 > ~~ ~ - >
Phase 2 + 3 ~ =~ ~ < -

The above results summarise the validation set. In order to more objectively evaluate
the performance of GP with the different terminal sets, the rules obtained were evaluated
using the test set. These results are listed in Table 13. It can be seen from the table that
the performance of the rules obtained is now quite different from before. In this case,
the results before feature selection only outperformed the simplest DR but not the two
more complicated ones, namely COVERT and ATC. Even after Phases 1 and 2, GP could
only find rules that performed similarly well to the manually designed rules. Only when
the manually designed terminal nodes were finally introduced did GP generate rules that
clearly outperformed the manually designed rules. The results are also shown as a box
plot in Figure 4 to better illustrate the differences between the results. The figure illustrates
that the introduction of manually designed composite terminal nodes led to the greatest
increase in performance.

Table 13. Comparison of results from all phases on the test set.

Median Rule Size

EDD 17.31 1
COVERT 16.86 19

ATC 16.63 16

Phase 0 17.11 432
Phase 1 16.93 427
Phase 2 16.71 434
Phase 3 15.89 43.7
Phase 2 + 3 16.45 43.8

»

19 .
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Figure 4. Box plot of the best results obtained by each terminal set on the test set.

To confirm that the addition of manually designed composite nodes led to a significant
improvement in the results, the Kruskal-Wallis test was used, and a p-value of 0 was
obtained, meaning that there was a significant difference. The results of the post hoc tests
performed are shown in Table 14. The table shows that although in most cases there was no
significant difference between the terminal sets, the use of manually designed composite
terminal nodes significantly improved the results compared to those obtained in Phases 0,
1, and 2.
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Table 14. Results of the statistical tests on the test set.

Phase 0 Phase 1 Phase 2 Phase 3 Phase2 + 3
Phase 0 - S 2 < <
Phase 1 ~ - ~ < <
Phase 2 = = - < =
Phase 3 > > > - ~
Phase 2 + 3 > > ~ ~ -

Based on the previous results, we can see that the manually designed terminal nodes
actually provided the most valuable information about the problem, allowing the rules to
generalise well to unseen problem instances. Presumably, all methods performed similarly
on the validation set, as the best terminal sets were selected for them. However, it appears
that this may have led to a slight overfitting to the validation set. Based on the previous
observations, it is, therefore, safe to conclude that a mixture of simple and manually
designed composite terminal nodes is required to create the best DRs.

6.2. DR Complexity Analysis

One could assume that a potential advantage of introducing composite features into
the terminal set could be the generation of smaller expressions. To analyse this, Figure 5
presents a scatter plot in which the fitness of the DR (x-axis) is plotted against its size
(y-axis) for each terminal set used. The figure illustrates that the solutions are very widely
scattered and only a very small number of rules below size 30 were obtained. Furthermore,
the smaller rules usually did not perform well, often reaching a Twt value of over 16. It
seems that the generated DRs started to perform well at around size 35. However, the best
overall rule had a size of more than 50, and some other well-performing rules also had
sizes of more than 50 nodes. To determine whether there was a correlation between the rule
size and its performance, Spearman’s rho test was used. Since values between —0.15 and
0.1 were obtained for the results of all phases, we can conclude that there was no obvious
correlation between these two measures. Although it may seem counterintuitive as to why
smaller expressions were not obtained for composite terminal nodes, as more complex
expressions should be represented by a smaller number of nodes, this was most likely due
to the bloating of GP, and could be mitigated by using different mechanisms to control the
bloating [62,63].

6.3. Convergence Analysis

Another interesting aspect to investigate is the rate of convergence of GP when using
different terminal node sets. For this purpose, the best individual was saved after every
10,000 evaluations and later evaluated on the validation set. This was done for all 30 execu-
tions, and the median values were calculated and then used to plot Figure 6. The figure
illustrates that the terminal set significantly influenced the quality of the initial solution.
The worst solution quality was obtained either with the initial terminal set (Phase 0) or the
one obtained from Phase 2 + 3. The reason for this could be that these terminal node sets
were larger and, therefore, it was more difficult for GP to generate a good initial solution.
Interestingly, the terminal set from Phase 2 achieved the best initial solution, indicating that
the dd * dd node used contributed to the development of good solutions. Moreover, this
terminal led to the fastest convergence of the algorithm in the first half of the evolutionary
process, although the algorithm started to stagnate after a certain time. When using the
terminal set obtained in Phase 3, GP started with quite poor solutions; however, in the
end, it reached the best overall solutions. This suggests that this terminal set might have
been the most meaningful, and GP was thus able to produce high-quality DRs. However, it
also seemed to be much more difficult for GP to obtain these solutions, thus requiring a
longer evolution process, as it can be seen that the quality of the solutions themselves had
improved by the end of the assigned number of scores. Therefore, there is a possibility that
with more time, GP could achieve even better solutions with this terminal set.

219



Algorithms 2024, 17, 67

¢ o e PhaseO
55 o o e Phasel
- o [ [ J
° ° ° ] Phase 2
¢ ° oo « o ° e Phase 3
50 - . o o e e Phase 243
) ° e o ° °
N oo o °
n L) ®e °
= ° e ooo ° °
© 45 4 e o ®e oo °
is] ° oo eve oo o o
c e o oo ® o °
= ° ° ° ° °
> e oo o o ®
=2 40 ° ° o o0 o
S o o ®e
= ° oo o o
o ® o o o °
° ° e o )
35 4 e o ®
° eee o °
° °
°
° e o
30 A °
°
° °
T T T T T
15 16 17 18 19
Total weighted tardiness
Figure 5. Scatter plot of DR fitness values plotted against the size of the DRs.
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Figure 6. Algorithm convergence on the validation set.

6.4. Removal-Sequence Similarity

To analyse how similar the order in which the terminal nodes were removed from the
terminal set was, the Levenshtein distance measure was used to determine the similarity of
the two removal sequences. For this purpose, the removal sequences of BSFS and FBS were
determined, and the Levenshtein distance for these two sequences was calculated for each
phase. The Levenshtein distance values obtained, scaled between 0 and 1, were 0.666, 0.571,
and 0.666 for the removal sequences obtained in Phases 1, 2, and 3, respectively. The values
obtained show that there were indeed large differences between the removal sequences of
the two selection methods. Thus, even if FBS could determine the nodes to be removed, it
still deviated significantly from the sequence obtained by a more thorough search for the
optimal feature set.

6.5. Run-Time Analysis

In this section, we briefly analyse the running times of the two feature selection algo-
rithms. The complexity of FBS is linear with the number of features, i.e., to determine the

220



Algorithms 2024, 17, 67

best set of terminals, N — 1 experiments must be performed, where N denotes the number
of features. The —1 appears because it is not necessary to perform the last experiment with
only a single feature. On the other hand, BSFS has a quadratic complexity and requires
about w — 1 experiments. This obviously represents a significant difference in execu-
tion time, as the execution time of GP for the 80,000 fitness evaluations was about 1 h. Thus,
in the case where nine terminal nodes were included in the set, FBS required 8 experiments,
whereas BSFS required 44. Since each experiment was executed 30 times, and each execu-
tion took 1 h, FBS was executed for a total of 240 h, whereas BFSF was executed for 1320 h.
It is assumed that all experiments are run in series. However, in many cases they can be run
in parallel, reducing the total execution time. Although a smaller number of evaluations
could be used, this would likely lead to a degradation in performance, as previous studies
have shown that GP performs best for the given number of feature evaluations [16].

7. Conclusions and Future Work

The aim of this study was to investigate the impact of different types of terminal
nodes on the performance of GP in developing DRs for unrelated machine scheduling
problems. The experimental results show that when GP is equipped with only atomic
features to generate DRs, it can outperform simple DRs but has difficulty in evolving
rules better than complex manually designed DRs. Therefore, two methods were used
to construct composite terminal nodes and improve the performance of GP. In the first
method, new terminals were constructed based on sub-expressions most commonly found
in DRs developed with atomic terminals. Although with these terminals, GP matched the
performance of manually constructed DRs, it still rarely outperformed them. However,
the second approach, where composite terminal nodes were designed manually, proved to
be more efficient and allowed GP to generate DRs that significantly outperformed manually
designed DRs. Therefore, a certain level of expertise is required when designing terminal
nodes, as it is necessary to define terminal nodes that provide more complex information
about the scheduling problem. In addition to defining new terminals, it is also imperative
to apply a feature selection method to determine the appropriate set of terminal nodes
to prevent the search space from growing exponentially. The experiments showed that
selecting terminal nodes based on their frequency of occurrence can help in selecting
meaningful terminal nodes. However, this approach is not as robust as standard feature
selection methods, such as backward sequential feature selection.

The results obtained in this study open up several avenues for future research. One
possible research direction, which was only briefly explored, would be to introduce feature
construction methods into the GP algorithm so that it can automatically design new features.
In addition, better measures for identifying relevant features and sub-expressions are
needed, aside from frequency of occurrence. Finally, another option would be to manually
construct additional terminal nodes, as such nodes usually lead to better results compared
to those constructed based on the frequency of occurrence.
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