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ABSTRACT

Traditional transcriptomic classification approaches may obscure cell-type-specific dis-
ease signals when heterogeneous cellular populations are treated as a single analytical
unit. Single-cell RNA sequencing addresses this limitation by providing cellular resolu-
tion, but its datasets are typically high-dimensional, sparse, imbalanced, and susceptible
to information leakage when feature selection or model optimization is performed outside
the training data.

This study presents a computational framework for single-cell transcriptomic classifica-
tion that integrates feature selection, supervised learning, multiobjective model selection,
and SHAP-based interpretation. The framework was evaluated on a chronic obstruc-
tive pulmonary disease single-cell RNA-sequencing dataset, restricting the analysis to
male samples to reduce sex-related transcriptional confounding. After global filtering,
the dataset retained 69,366 cells and 31,902 genes, with 27 cell populations eligible for
downstream modeling. For each cell population, Wilcoxon-based feature selection was
performed within cross-validation folds, and Logistic Regression, Support Vector Ma-
chine, Random Forest, K-nearest neighbors, and Multilayer Perceptron classifiers were
evaluated using accuracy, sensitivity, specificity, and Fl-score. The proposed strategy
was also compared with alternative feature-selection methods, including ANOVA, Ran-
dom Forest importance, and recursive feature elimination.

The results showed that predictive performance varied across cell populations, indicat-
ing that no classifier was universally optimal. In the CD4-positive, alpha-beta T-cell case
study, the Multilayer Perceptron achieved the most balanced metric profile, represented
the only Pareto-optimal solution, and maintained comparable performance in the final
hold-out evaluation. SHAP-based interpretation highlighted influential genes, while en-
richment analysis associated the selected features with translation, stress-response, and

regulatory processes.

Keywords: SCRNA-seq; feature selection; interpretable machine learning; multiobjective

optimization; chronic obstructive pulmonary disease.



RESUMO

Abordagens tradicionais de classificacao transcriptomica podem ocultar sinais de doenga
especificos de cada tipo celular quando populacdes heterogéneas sdo tratadas como uma
unica unidade analitica. O sequenciamento de RNA de célula tnica (scRNA-seq) reduz
essa limitac@o ao oferecer resolugao celular, mas seus dados frequentemente apresentam
alta dimensionalidade, esparsidade, desequilibrio entre classes e risco de vazamento de
informacdo quando a selecdo de caracteristicas ou a otimiza¢do de modelos € realizada
fora dos dados de treinamento.

Este estudo apresenta uma estrutura computacional para classificacdo transcriptomica de
célula dnica que integra selecdo de caracteristicas, aprendizado supervisionado, selecao
multiobjetivo de modelos e interpretacao baseada em SHAP. A estrutura foi avaliada em
um conjunto de dados de scRNA-seq associado a doenca pulmonar obstrutiva cronica,
com anélise restrita a amostras masculinas para reduzir efeitos transcricionais relaciona-
dos ao sexo. Ap6s a filtragem global, o conjunto de dados reteve 69.366 células e 31.902
genes, com 27 populagdes celulares elegiveis para modelagem. Para cada populagdo ce-
lular, a selecdo de caracteristicas baseada no teste de Wilcoxon foi realizada dentro das
dobras de validacao cruzada, e os classificadores Regressao Logistica, Mdquina de Veto-
res de Suporte, Floresta Aleatdria, K-vizinhos mais préximos e Perceptron Multicamadas
foram avaliados por acurécia, sensibilidade, especificidade e escore F1. A estratégia pro-
posta também foi comparada com ANOVA, importancia da Floresta Aleatdria e elimina-
cdo recursiva de caracteristicas.

Os resultados mostraram que o desempenho preditivo variou entre populacdes celulares,
indicando que nenhum classificador foi universalmente superior. No estudo de caso das
células T alfa-beta CD4-positivas, o Perceptron Multicamadas apresentou o perfil de mé-
tricas mais equilibrado, constituiu a dnica solu¢do Pareto-6tima e manteve desempenho
comparavel na avaliacdo final por hold-out. A interpretacdo com SHAP destacou genes
influentes, enquanto a andlise de enriquecimento relacionou as caracteristicas seleciona-

das a processos de traducio, resposta ao estresse e regulacao.

Palavras-chave: scRNA-seq; selec@o de atributos; aprendizado de maquina; inteligéncia

artificial interpretavel; otimizacdo multiobjetivo; doengca pulmonar obstrutiva cronica.
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1 INTRODUCTION

Bioinformatics is an interdisciplinary field that brings together biology, computer
science, and statistics to interpret the vast complexity of life at the molecular level (BAYAT,
2002; MORRIS, 2017). Its primary goal is to develop and apply algorithms, compu-
tational tools, and databases that enable the storage, organization, and analysis of mas-
sive volumes of biological data, transforming raw sequences into functional knowledge
(BAYAT, 2002; MCCUE; MCCQY, 2017). This convergence enables researchers to man-
age the data deluge generated by modern high-throughput technologies and establishes an
essential bridge between experimental data collection and the systemic understanding of
biological phenomena (VITORINO et al., 2024; PINU et al., 2019).

Bioinformatics supports omics research by providing methods for genomic variant
analysis, protein-structure prediction, and the reconstruction of molecular and metabolic
networks (OULAS et al., 2019; PINU et al., 2019; ROST; SCHMITT et al., 2018; AUS-
LANDER etal., 2021). In silico analysis and machine-learning-based approaches help re-
searchers formulate testable hypotheses, prioritize experiments, and relate molecular ob-
servations to biological mechanisms (AUSLANDER et al., 2021; MARTORELL-MARUGAN
et al., 2019). Machine learning supports transcriptomic analysis by helping researchers
identify informative variables and build predictive models for disease classification, cell-
state discrimination, and biomarker discovery (NG et al., 2023). However, transcrip-
tomic datasets present specific analytical constraints. They usually contain more mea-
sured genes than samples or cells, and this high dimensionality interacts with technical
noise and biological variability (FELTES; POLONI; DORN, 2021).

Single-cell and single-nucleus transcriptomics intensify these constraints. These
technologies measure gene expression at cellular resolution and therefore expose hetero-
geneity that bulk assays can average out. However, single-cell data also contain sparsity,
dropout events, and technical variation (HWANG; LEE; BANG, 2018), which complicate
downstream analysis and increase the risk of overfitting (CUI et al., 2025). Computational
strategies for these data must therefore address predictive performance, scalability, and
biological interpretability together.

Feature selection addresses part of this problem by reducing dimensionality, pri-
oritizing informative genes, lowering computational cost, and improving interpretability
(BARBIERI; GRISCI; DORN, 2024). Different feature-selection strategies define rele-

vance in different ways. Filter, embedded, and wrapper methods rank genes according
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to statistical association, model-based importance, or predictive contribution, and these
choices can affect both classification outcomes and the biological conclusions derived
from the analysis (PUDJIHARTONO et al., 2022).

The use of machine learning in bioinformatics also requires interpretable model
outputs (RIZZO et al., 2025). In biomedical research, predictive performance does not
by itself identify the molecular features that drive a model decision. Shapley-value-based
methods estimate feature contributions and connect model outputs to biological interpre-
tation (PHAM; MILAZZO, 2025). Model evaluation also requires more than one metric.
In transcriptomic classification, accuracy, sensitivity, specificity, and Fl-score capture
different aspects of performance. Multiobjective optimization methods, including Pareto
optimality and hypervolume, allow candidate models to be compared across these com-
peting criteria (HORN; BISCHL, 2016).

The main objective of this research is to develop a computational framework
for transcriptomic data analysis that integrates feature selection, machine learning, in-
terpretability, and multiobjective optimization in order to identify informative genes and
build predictive models. To achieve this objective, the study: (i) examines the biological
and computational foundations of transcriptomics, single-cell sequencing, and bioinfor-
matics analysis; (i1) investigates filter, embedded, and wrapper feature-selection strategies
in high-dimensional gene expression data; (iii) evaluates linear and nonlinear machine
learning models for transcriptomic classification tasks; (iv) employs multiobjective opti-
mization concepts, including Pareto front analysis and hypervolume, to guide model se-
lection; and (v) applies interpretable machine learning methods, with emphasis on SHAP-

based approaches, to quantify feature contributions and support biological interpretation.
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2 MACHINE LEARNING

Machine learning comprises a set of computational methods that learn patterns
from data and use these patterns to support prediction, classification, or structure discov-
ery (BADILLO et al., 2020). In contrast to rule-based programming, machine learning
methods infer decision rules from empirical observations, which makes them especially
useful in domains characterized by complex, high-dimensional data. In bioinformatics,
these properties are particularly relevant because molecular datasets often contain thou-
sands of variables, nontrivial noise structure, and nonlinear relationships that are difficult

to model with conventional statistical approaches (LIBBRECHT; NOBLE, 2015).

2.1 Supervised learning

Supervised learning addresses tasks in which each training observation has an
associated label or target value. Classification assigns an observation to a discrete cat-
egory, whereas regression predicts a continuous numerical value (GERON, 2022). In
biomedical applications, supervised models can classify medical images, support diag-
nostic screening, and analyze labeled clinical or molecular datasets (ALJUAID; ANWAR,
2022). In natural language processing, the same paradigm supports tasks such as senti-
ment classification, where annotated text provides the target labels used during training
(NAGARHALLI; VAZE; RANA, 2021).

Across these applications, labeled data define the mapping between input vari-
ables and known outcomes. The reliability of the resulting model therefore depends on
annotation quality, class representation, and the correspondence between the training data

and the intended prediction task.

2.2 Unsupervised learning

Unsupervised learning analyzes data without predefined labels or target categories.
Rather than predicting a known outcome, these methods identify structure in the data,
including clusters, correlations, latent dimensions, and distributional patterns (GERON,
2022). This exploratory role makes unsupervised learning useful in exploratory data anal-

ysis, especially when researchers need to inspect structure before defining a supervised
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task (HAFEN; CRITCHLOW, 2013).

Clustering represents a common application of unsupervised learning. Algorithms
such as K-means (HARTIGAN; WONG, 1979) group observations according to similar-
ity, which allows researchers to identify gene-expression modules, candidate disease sub-
types, or cell populations with related transcriptional profiles (ANG et al., 2016). Dimen-
sionality reduction provides a second major application by projecting high-dimensional
data, including RNA-sequencing matrices, into lower-dimensional representations that
support visualization and interpretation (LI; VARGHESE; RESSOM, 2024).

Unsupervised methods also support anomaly detection and association-rule learn-
ing. Anomaly detection estimates a reference pattern and flags observations that de-

viate from it, whereas association-rule methods identify dependencies among variables

(AGYEMANG, 2024; YASSINE; MOHAMED; ACHHAB, 2021).

2.3 Reinforcement learning

Reinforcement learning models sequential decision-making through interactions
between an agent and an environment. At each step, the agent observes a state, per-
forms an action, and receives feedback through a reward signal. The learning objective
is to identify a policy that maximizes cumulative reward over time (SUTTON; BARTO,
2018). Reinforcement learning supports applications that require sequential optimiza-
tion, including autonomous navigation, robotics, resource allocation, and game-playing
systems. More recent applications include reinforcement learning from human feedback,

which uses preference signals to adjust language-model behavior toward target response

criteria (YOUNG:; LEE, 2023; LAMBERT, 2025).

2.4 Semi-supervised learning

Semi-supervised learning combines labeled and unlabeled data. This paradigm
suits settings in which labeled observations are limited but unlabeled observations are
abundant. The model uses the labeled subset to estimate the task structure and then
incorporates information from unlabeled observations to refine the decision boundary
(KASHYAP; MISHRA, 2022). Self-training represents one common strategy: the model

assigns provisional labels to high-confidence unlabeled observations and adds them to the



16

training set. This strategy appears in bioinformatics and medical image analysis, where
manual annotation of cell types or clinical images requires domain expertise and substan-

tial time (CHEN; LU; RAO, 2024).

2.5 Linear Models

Linear models relate input variables to an output through a weighted linear com-
bination. They estimate coefficients that, together with a bias term, minimize the discrep-
ancy between predicted and observed values (WITTEN et al., 2017). This relationship

can be expressed in simplified form by the equation:

y:60+ﬂlx1+62x2+"'+6nxn+6

Where [ represents the weights learned by the model during training, and ¢ de-
notes the residual error. The simplicity of this structure allows researchers not only to
make predictions, but also to understand the magnitude and direction of the influence of
each variable on the final outcome, a characteristic known as model transparency.

Within this category, Linear Regression (KUCHIBHOTLA et al., 2019) and Lo-
gistic Regression (CHUNG, 2020) stand out. While the former predicts continuous val-
ues, the latter, despite its name, performs classification by using the sigmoid function to
map any real value to the interval [0, 1], thereby representing the probability that a sam-
ple belongs to a given class. Researchers often use linear models as baselines in complex
predictive studies because they are computationally efficient and less prone to overfitting
in smaller datasets (SCHULZ et al., 2020). In addition, extensions such as regularization
techniques, including Lasso and Ridge, allow these models to handle high-dimensional
problems by selecting the most relevant variables and improving the system’s generaliza-

tion ability (MELKUMOVA; SHATSKIKH, 2017).

2.5.1 Logistic Regression

Logistic regression models categorical outcomes by linking a linear predictor to
class probabilities. Multiple logistic regression incorporates several predictors into the
same model, which allows researchers to adjust for covariates and estimate how biological

variables, such as age, metabolite levels, or genetic markers, relate to the probability of an
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outcome (BROWN, 1998; ELKAHWAGY; KIRIACOS; MANSOUR, 2024). In single-
cell analysis, the outcome can include more than two categories. Multinomial logistic
regression extends the binary formulation to assign each cell to one of several cell states or
lineages according to estimated class probabilities. This extension supports classification

tasks in tissues that contain multiple interacting cell populations (FISCHER et al., 2024).

2.5.2 Support Vector Machines

Support Vector Machines (SVM) (CORTES; VAPNIK, 1995) classify observa-
tions by estimating a separating hyperplane in feature space. With a linear kernel, the
algorithm maximizes the margin between the hyperplane and the closest observations
from each class, known as support vectors. This margin-based formulation focuses the
decision boundary on the observations that define class separation.

In bioinformatics and genomics, linear SVMs are often applied to high-dimensional
data, where the number of variables, such as genes, can exceed the number of sam-
ples (YANG, 2004). Gene-expression studies have used SVMs to classify tumor sub-
types and distinguish experimental groups from molecular profiles (MASTROPIETRO;
FELDMANN; BAJORATH, 2023). Although nonlinear kernels can model more complex
boundaries, the linear formulation offers a direct balance between interpretability, com-
putational cost, and predictive performance when the data support approximately linear

separation (ZHANG et al., 2013).

2.6 Nonlinear Models

Nonlinear models address relationships that a straight line or simple hyperplane
cannot represent. In biological systems, gene regulation and cellular responses can in-
volve saturation, threshold effects, and interactions among molecular components (HEGDE;
NGUYEN; CHENG, 2025). Algorithms such as neural networks and kernel-based meth-
ods can model curved decision boundaries, but this flexibility increases the risk of over-
fitting when sample size, noise, or dimensionality constrain the learning problem. For
this reason, nonlinear modeling in bioinformatics usually requires cross-validation and
regularization to evaluate whether predictive patterns generalize beyond the training data

(ZHOU; YAN; ZHANG, 2024).
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2.6.1 Random Forest

Random Forest (BREIMAN, 2001) is an ensemble method that combines multiple
decision trees. During training, the algorithm builds each tree from a bootstrap sample
of the data and evaluates a random subset of variables at each split. For classification,
the forest assigns the class by majority vote across trees; for regression, it averages tree
predictions. This aggregation reduces the instability associated with individual decision
trees (ALTMAN; KRZYWINSKI, 2017).

In omics analysis, Random Forest can handle high-dimensional inputs and nonlin-
ear relationships among variables. Transcriptomic studies use the method to classify cell
types or distinguish healthy and diseased tissues (POUYAN; KOSTKA, 2018; FELTES
et al., 2019). Because each tree evaluates different subsets of samples and genes, the
ensemble can capture interactions that linear models may miss. Random Forest also pro-
vides feature-importance measures, which makes it useful for ranking candidate genes in

predictive analyses (YUAN et al., 2023).

2.6.2 K-nearest neighbors

K-nearest neighbors (KNN) (LAAKSONEN; OJA, ) is an instance-based super-
vised learning method, also described as a lazy learner (HULETT; HALL; QU, 2012).
KNN stores the training set and classifies a new observation by comparing it with la-
beled observations at inference time. The method assumes that observations with similar
feature profiles lie close to one another in a multidimensional space. Common distance
metrics include Euclidean, Manhattan, and Minkowski distances, and the choice of metric
depends on the data structure (ALFEILAT et al., 2019). The Euclidean distance between

two points p and ¢ in an n-dimensional space is given by:

d(p,q) = 2.1)

After calculating distances, the algorithm identifies the £ nearest neighbors and
assigns the new observation to the majority class among them. The value of &k controls
the locality of the decision rule: small values increase sensitivity to noise, whereas large

values smooth local decision boundaries and can mask class-specific structure.
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In computational biology, KNN has been used for missing-value imputation in
gene-expression matrices, where values are estimated from genes or samples with similar
expression profiles (LIEW; LAW; YAN, 2010; TROYANSKAYA et al., 2001). KNN also
supports cell-type classification in single-cell studies by comparing the transcriptional
profile of an unknown cell with a labeled reference atlas (COTTRELL; HOZUMI; WEI,
2024). Its main limitation is computational cost at inference time, because the method

requires distance calculations against the stored reference set.

2.6.3 Multilayer Perceptron

The multilayer perceptron (MLP) is a feed-forward neural network architecture
(GONZALEZ-CAMACHO et al., 2016; FENG et al., 2023). Unlike the single-layer per-
ceptron (ROSENBLATT, 1958), which can solve only linearly separable problems, an
MLP contains an input layer, one or more hidden layers, and an output layer. Each layer
contains processing units, or neurons, connected to units in the next layer. During train-
ing, the algorithm updates the connection weights to map input features to target outputs.

The MLP uses nonlinear activation functions, such as the Rectified Linear Unit
(ReLU), sigmoid, and hyperbolic tangent (tanh), to model nonlinear relationships (LED-
ERER, 2021). Without these functions, stacked linear layers would collapse into a single
linear transformation. Mathematically, the computation performed by an individual neu-

ron can be expressed as:

y=¢ (Z wiz; + b) 2.2)

where x; represents the input variables, w; denotes the corresponding weights, b
is the bias term, and ¢ is the activation function. In biological applications, this flexibility
allows the network to model nonlinear relationships among genes or proteins, including
interactions that linear models may not capture.

An MLP learns through the backpropagation algorithm (RUMELHART; HIN-
TON; WILLIAMS, 1986) combined with optimization methods such as gradient descent.
During training, the model performs a forward pass, computes the discrepancy between
predicted and true values through a loss function, and propagates the error backward to
update the weights. The model repeats this cycle until the optimization procedure reaches

a stopping criterion. Because MLPs can overfit noisy and high-dimensional data, their
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use in sequencing and molecular biology datasets requires careful architectural choices
and regularization strategies, such as dropout and weight decay (BORHANI et al., 2022;
HUANG et al., 2024).

2.7 Interpretable Machine Learning

Interpretable Machine Learning (IML) studies methods that explain how model
inputs contribute to model outputs (AGARWAL; DAS, 2020). Complex architectures,
such as deep neural networks and ensemble models, can obscure the relationship between
input variables and final predictions. Interpretability methods help researchers identify
variables that influence model behavior and evaluate whether a model relies on biologi-
cally plausible signal rather than noise or spurious correlations.

Model interpretability generates responses from the decision-making function that
elucidate the connections between the input and output variables of the machine learning
model. In various fields, stakeholders may face challenges in enforcing interpretability,
either due to legal constraints or the risk of introducing bias into decision-making pro-
cesses. Nevertheless, enhancing interpretability holds significant value for users, as it
fosters greater trust in the system (MILLER, 2019).

Interpretability also supports model auditing in applications where automated de-
cisions affect biomedical inference or clinical reasoning (DOSHI-VELEZ; KIM, 2017;
RUDIN, 2019). Researchers generally distinguish between intrinsic interpretability, in
which the model structure itself remains understandable, and post-hoc interpretability, in
which external methods explain a trained model (DU; LIU; HU, 2018; MURDOCH et al.,
2019). In scientific applications, these explanations help researchers evaluate whether the
model uses variables that align with domain knowledge and experimental context (MUR-
DOCH et al., 2019; ALLEN et al., 2023).

Black-box models contain internal structures that make the path from input vari-
ables to output predictions difficult to inspect directly. Deep neural networks and ensem-
ble models often fall into this category because they combine many parameters with non-
linear transformations. Although these models can perform well on large-scale datasets,
including single-cell sequencing atlases, limited transparency can obscure biases, techni-
cal artifacts, or spurious correlations (RUDIN, 2019; MURDOCH et al., 2019).

The accuracy - interpretability trade-off describes the practical tension between

flexible predictive models and models whose decisions researchers can inspect directly.



21

Linear regression and simple decision trees provide transparent decision rules, but they
may not capture nonlinear biological relationships. In genomic medicine and molecu-
lar biology, predictive accuracy alone does not establish biological validity; researchers
also need explanations that make model decisions auditable and biologically plausible
(RUDIN, 2019; MARCINKEVIcS; VOGT, 2023).

Explainable artificial intelligence (XAI) provides post-hoc methods for analyzing
complex models after training. Methods such as SHAP estimate each feature’s contri-
bution to a prediction and help researchers examine whether genes or biomarkers drive
model decisions in biologically plausible ways. In this dissertation, this function matters
because model interpretation connects classification performance with downstream bio-
logical reasoning (LUNDBERG; LEE, 2017; MURDOCH et al., 2019; RYO; RILLIG,
2022).

2.7.1 Game theory

Game theory examines settings in which outcomes depend on the contributions of
multiple agents. Machine-learning interpretability uses cooperative game theory through
Shapley values, introduced by Lloyd Shapley (SHAPLEY, 1953). In this framework, a
total payoff is distributed among players according to their marginal contributions across
coalitions (LUNDBERG; LEE, 2017).

In model interpretation, input variables correspond to players and the model pre-
diction corresponds to the value to be explained. To estimate the contribution of a variable,
Shapley-based methods evaluate how the prediction changes when that variable enters dif-
ferent feature subsets. This formulation addresses feature interdependence by averaging
contributions across multiple coalitions (LUNDBERG; LEE, 2017; BORGONOVO et al.,
2024).

Shapley-based explanations satisfy mathematical axioms such as efficiency and
additivity. These axioms connect individual feature contributions to the difference be-
tween the current prediction and a baseline prediction. In biological modeling, this struc-
ture allows researchers to audit model decisions, compare feature attributions with do-
main knowledge, and identify candidate variables for downstream interpretation (LUND-

BERG; LEE, 2017; RYO; RILLIG, 2022).
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2.8 Multiobjective optimization

Multiobjective optimization addresses problems in which two or more objectives
must be optimized simultaneously. In most practical settings, these objectives conflict
with one another, so improving one criterion may reduce performance in another. In-
stead of producing a single optimal solution, multiobjective optimization identifies a set
of trade-off solutions. These solutions are commonly described as Pareto-optimal when
no objective can be improved without degrading at least one other objective (ZHOU et
al., 2011).

This formulation is particularly relevant when classifier selection cannot rely on
a single performance metric, since different measures summarize different aspects of
the confusion matrix (SOKOLOVA; LAPALME, 2009). In transcriptomic classification,
accuracy, sensitivity, specificity, and F1-score may favor different classifiers, especially
when class imbalance affects the interpretation of global accuracy and class-specific er-
rors (HE; GARCIA, 2009; SUN; WONG; KAMEL, 2009). A multiobjective formulation
allows these criteria to be evaluated jointly as competing objectives rather than collapsed
into a single weighted score (MARLER; ARORA, 2004).

Multiobjective evolutionary algorithms (MOEAs) provide a suitable search frame-
work for this type of problem because they evaluate a population of candidate solutions
at each iteration. This population-based strategy allows MOEAs to approximate multi-
ple non-dominated solutions in a single run. In contrast, many scalarization-based ap-
proaches require repeated optimizations with different weights to recover distinct regions
of the Pareto front (ZITZLER; THIELE, 1999; ZHOU et al., 2011). Effective MOEASs
must therefore satisfy two complementary requirements: they must move candidate so-
lutions toward the Pareto front and preserve diversity across the front. Diversity remains
important because it provides decision-makers with alternative trade-offs before selecting
a final solution based on methodological or domain-specific criteria (SHUKLA; DEB,
2007).

2.8.1 Pareto front

The Pareto front is defined mathematically in terms of dominance. A solution 2"
dominates another solution z(?) if two conditions are met: first, z(!) is not worse than z(®

in all objectives; second, W s strictly better than 2@ in at least one objective (DEB,
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2011). In the entire search space, the points that no other point dominates form the Pareto
front, representing the theoretical limit of system efficiency. At these points, optimization
reaches a balance where improving one objective requires sacrificing at least one other
objective (DEB, 2011). The figure 2.1 illustrates that the solutions on the Pareto front line

exhibit different combinations of tradeoffs among the multiple conflict objectives.

Figure 2.1: A Pareto-optimal solution set or Pareto front from (YANG et al., 2018).

A property of the Pareto front is the distinction it draws between decision variable
space and objective space. The decision variable space contains the problem’s technical
configurations, and the objective space provides a multidimensional representation of out-
comes for each objective. The trade-off structure inherent to the Pareto front enhances the
value of multiobjective optimization by revealing the conflicts among objectives (DEB,
2011).

The Pareto front supports downstream decision-making by exposing alternative
trade-offs among objectives. This representation reduces dependence on arbitrary scalar-
ization weights, which can favor one region of the objective space while ignoring other
viable solutions. MOEAs therefore aim to approximate the Pareto front while preserving
diversity among non-dominated solutions. A broad view of the front allows specialists to
include additional criteria when selecting a final solution (COELLO, 2011; ZHOU et al.,
2011).

2.8.2 Hypervolume

The hypervolume (HV) metric, or dominated space measure, is used in multiob-

jective optimization to capture both convergence and diversity in a single scalar value.
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It quantifies the volume of the region in objective space dominated by a set of non-
dominated solutions, bounded by a predefined reference point(GUERREIRO et al., 2021).
In scenarios with two objectives, such as minimizing cost while maximizing torque, the
hypervolume is the area enclosed by the union of the rectangles formed by each solution
on the Pareto front approximation and the reference point (AUGER et al., 2012; ZIT-
ZLER; BROCKHOFF; THIELE, 2007).

In Pareto front analysis, a higher HV value usually indicates that the solution set
dominates a larger region of objective space. This increase can reflect better convergence
toward the Pareto front, broader coverage of non-dominated solutions, or both. For this
reason, researchers use the hypervolume indicator as a quality measure in evolutionary
multiobjective optimization (GUERREIRO et al., 2021; BEUME et al., 2009; AUDET et
al., 2021).

However, despite its advantages as a unary indicator, there are certain limitations.
The HV value depends on the choice of reference point, and different reference points
can affect algorithm comparisons. Additionally, the computational cost of precise hy-
pervolume calculations increases significantly with dimensionality, making them more
challenging to use in many-objective contexts. Nonetheless, due to its theoretical founda-
tion and its dual ability to capture both convergence and diversity, hypervolume remains
one of the primary metrics for assessing the progression of populations toward the Pareto-

optimal front (ZITZLER; BROCKHOFF; THIELE, 2007; AUGER et al., 2012).

2.9 Feature Selection

Dimensionality reduction, particularly feature selection, actively identifies a sub-
set of variables that retain the most relevant information for a specific downstream task
while discarding noisy, redundant, or irrelevant features (GUYON; ELISSEEFF, 2003).
When dealing with high-dimensional data, this approach enhances predictive performance,
reduces computational costs, and improves interpretability by concentrating the analysis
on features more likely to reflect the underlying data distribution. These benefits are espe-
cially crucial in transcriptomics data, where the number of measured genes often exceeds
the number of samples or labeled cells. In these cases, factors such as sparsity, techni-
cal noise, and feature redundancy can significantly impact classification, clustering, and
marker discovery (LUECKEN; THEIS, 2019; TOWNES et al., 2019).

Researchers categorize feature selection methods into three primary types: filter,
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embedded, and wrapper methods. Filter methods independently evaluate each feature
without considering the learning algorithm, while embedded methods select features dur-
ing model training. In contrast, wrapper methods assess candidate feature subsets based
on the predictive performance of a specific model (KOHAVI; JOHN, 1997). This clas-
sification remains significant in bioinformatics, as each type strikes a different balance
between computational efficiency, model awareness, and the ability to capture feature

interactions.

2.9.1 Filter

Filter methods rank features using statistical, correlation-based, or information-
theoretic criteria before training models. Because these methods do not rely on the final
classifier, they scale efficiently to high-dimensional omics datasets and provide an effec-
tive strategy for dimensionality reduction during preprocessing (GUYON; ELISSEEFF,
2003). However, filter methods typically evaluate each feature independently, potentially
missing important feature interactions.

One widely used parametric filter is one-way analysis of variance (ANOVA). For
a given gene j, ANOVA compares the variance between groups to the variance within
groups. For K groups and /N total observations, you can express the ANOVA statistic as

follows:

K
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Here, z;;;, denotes for example the expression of gene j in sample 7 from group k,
T, 1s the mean expression of gene j in group k, and Z; is the global mean expression of
gene j. Large F; values indicate that the gene discriminates among groups more strongly
than expected from within-group variation alone. In transcriptomics, ANOVA offers a
critical framework for identifying differentially expressed genes in microarray experi-
ments, especially in studies involving multiple biological conditions or factorial designs
(KERR; MARTIN; CHURCHILL, 2000; PAVLIDIS, 2003). This same rationale applies
to labeled single-cell datasets, where researchers can rank genes based on their ability to

separate predefined cell types or cellular states.
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A commonly used nonparametric filter is the Wilcoxon rank-sum test, which com-
pares two groups without assuming normality (WILCOXON, 1945). For a given gene j,
this method pools the observations from both groups, assigns ranks to all observations,

and computes the rank sum for one group:

W, = Z R;, (2.4)

In this equation, n, is the number of observations in the first group, and R; rep-
resents the rank of the ¢-th observation in that group. The equivalent Mann—Whitney

statistic is:

ni(ny + 1)

Uy =W, — =

(2.5)

Extreme values of WW; or U; indicate substantial differences in the expression dis-
tribution of a gene between groups. This rank-based strategy proves particularly useful in
bioinformatics due to the often skewed, heteroscedastic, outlier-prone, and zero-inflated
nature of expression data. In single-cell data analysis, the Wilcoxon rank-sum test are
used for marker-gene identification and differential expression analysis across cell popula-
tions (SONESON; ROBINSON, 2018). Recent benchmarking studies have revealed that
Wilcoxon-based ranking remains highly competitive for identifying informative marker
genes in single-cell data (PULLIN; MCCARTHY, 2024).

Overall, filter methods are appealing to bioinformatics researchers because they
are fast, transparent, and easy to interpret. In bulk transcriptomics, these methods are used
to rank candidate biomarkers before classification or pathway analysis. In single-cell tran-
scriptomics, they facilitate marker discovery, cell-type annotation, and gene prioritization
for subsequent dimensionality reduction and machine learning applications (PAVLIDIS,

2003; LUECKEN; THEIS, 2019).

2.9.2 Embedded

Embedded methods perform feature selection during model training, these meth-
ods estimate feature relevance during classifier optimization. As a result, embedded meth-
ods are usually more model-aware than filters and more computationally efficient than
wrappers (GUYON; ELISSEEFF, 2003).

A random forest constructs an ensemble of decision trees and aggregates their pre-
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dictions (BREIMAN, 2001). In classification, one common measure of feature relevance
is the total impurity reduction a feature achieves across the forest. For a node ¢, the Gini
impurity is:

C

G(t)=1-Y plc|t) (2.6)

c=1
where p(c | t) denotes the proportion of observations from class ¢ at node ¢. If

gene j is used to split node ¢, the impurity reduction is

AG; = G(t) — prG(ty) — prG(tr), (2.7)

where 7, and ty are the left and right child nodes, and p;, and pg are the propor-
tions of observations assigned to them. The overall importance of gene j can then be

estimated by aggregating the impurity decrease across all relevant nodes and trees:

T
I;= %Z > p(t) AG,, (2.8)

T=1t€S; ,

where 7' is the number of trees, S is the set of nodes in tree 7 split by gene
j, and p(t) weights the contribution of node ¢ by the proportion of samples it contains.
Random forests can also compute permutation importance, which measures the increase
in prediction error after randomly permuting the values of a feature (BREIMAN, 2001).

In transcriptomics, random forest importance measures are used to reduce data
dimensionality, capture nonlinear relationships, and naturally provide rankings of infor-
mative genes. Early studies demonstrated that random forests could support both classi-
fication and gene selection in microarray datasets, including multiclass problems (DiAZ-
URIARTE; ANDRES, 2006). In single-cell analysis, researchers have employed random-
forest-based strategies to select genes that enhance clustering, cell-type discrimination,
and biological interpretability. For instance, RFCell utilizes random forest importance for
gene selection in scRNA-seq clustering, while CellBRF combines class balancing with
random forest-based ranking to improve feature selection for single-cell data (ZHAO et
al., 2021; XU et al., 2023). These applications demonstrate that embedded methods can
identify genes based on their direct contributions to the predictive task rather than on their

marginal statistical significance alone.
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2.9.3 Wrapper

Wrapper methods evaluate feature subsets by repeatedly training and validating
a predictive model. Unlike filter methods, wrappers assess the quality of a feature sub-
set based on the performance of a specific learning algorithm (KOHAVI; JOHN, 1997;
GUYON; ELISSEEFF, 2003). This model-dependent strategy often yields highly predic-
tive subsets, but it increases computational costs due to the need for multiple retrainings.

One of the most influential wrapper methods is Recursive Feature Elimination
(RFE) (GUYON et al., 2002). RFE starts with the full feature set, fits a predictive model,
and ranks features using a model-derived importance score. It removes the least informa-
tive feature or group of features and repeats the process until reaching the desired subset
size (GUYON et al., 2002). In the classical support vector machine recursive feature
elimination (SVM-RFE) framework, the ranking criterion for feature j is defined as

r = w? (2.9)

VR

where w; represents the weight assigned to feature j by a linear support vector
machine. After ranking all features, the algorithm eliminates the feature with the smallest

Score:

§t+1) — g \ arg J?Sig) T, (2.10)

where S® denotes the feature subset at iteration t. This backward elimination
strategy progressively refines the feature set, preserving the variables that strongly con-
tribute to the decision boundary.

In bioinformatics, RFE is a seminal wrapper-based method for dimensionality re-
duction that selects genes based on their predictive utility rather than isolated univariate
significance(GUYON et al., 2002; SAEYS; INZA; nAGA, 2007). The original SVM-
RFE study demonstrated strong performance in cancer classification with gene-expression
data, establishing wrapper-based selection as an important strategy in transcriptomics
(GUYON et al., 2002). More recent omics studies have built on this logic by using dy-
namic recursive feature elimination, which adjusts the elimination rate across iterations
to reduce computational burden while maintaining predictive performance (BENJAMIN;
KATIPALLI; PAQUOLA, 2023). In single-cell analysis, wrapper-style approaches have

also facilitated the identification of compact, interpretable gene sets that differentiate cell
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identities and biological states (PARK et al., 2020). The stochastic behavior of RFE
results from its reliance on a predictive model with inherent randomness in its training
process, stemming from factors such as initial parameter settings, random data sampling,
or how certain algorithms handle ties in feature importance.

Filter, embedded, and wrapper methods address different practical goals in tran-
scriptomics and single-cell analysis. Filter methods prioritize statistical simplicity and
computational speed, embedded methods combine feature ranking with model training,
and wrapper methods evaluate feature subsets through repeated model fitting. These dis-
tinctions matter in omics studies because each method defines gene relevance differently

and can therefore select different feature sets.

2.10 Chapter summary

This chapter reviewed machine learning concepts used in computational biology
and bioinformatics. It presented supervised, unsupervised, reinforcement, and semi-
supervised learning as distinct analytical paradigms and related them to classification, re-
gression, clustering, dimensionality reduction, anomaly detection, and sequential decision-
making. The chapter then described linear and nonlinear models, with emphasis on
logistic regression, support vector machines, random forests, k-nearest neighbors, and
multilayer perceptrons. These models give bioinformatics researchers different ways to
analyze molecular data, from transparent linear decision rules to nonlinear architectures
that can represent interactions among genes, cells, and biological states. The discussion
also connected interpretability to predictive modeling, because model explanations help
researchers relate computational predictions to biological hypotheses.

The chapter also introduced interpretable machine learning, game-theoretic attri-
bution, multiobjective optimization, Pareto-front analysis, hypervolume, and feature se-
lection as tools for model evaluation and biological interpretation. These topics provide
the conceptual basis for understanding how predictive performance, transparency, feature
relevance, and trade-off analysis guide machine learning workflows in high-dimensional
omics studies.

The next chapter, Central Dogma of Molecular Biology, provides the molecular
context for transcriptomic data. It explains how genetic information flows from DNA to
RNA and protein and connects this biological framework to gene-expression measure-

ments and the molecular features used in machine learning models.
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3 CENTRAL DOGMA OF MOLECULAR BIOLOGY

Francis Crick proposed the Central Dogma of Molecular Biology in 1958 and
later clarified its formulation in 1970 (CRICK, 1970; KOONIN, 2015). In its classical
form, the dogma describes the transfer of genetic information from nucleic acids to pro-
teins: DNA stores genetic information, RNA acts as an intermediate, and proteins perform
structural and catalytic functions (CRICK, 1970; GUO; PRICE, 2014). Figure 3.1 illus-
trates the flow DNA — RNA — Protein, which provides the conceptual basis for relating
gene expression to cellular function (CRICK, 1970; LOUTEN, 2016).

Figure 3.1: The Central Dogma of Molecular Biology from (LOUTEN, 2016).

The steps of the dogma involves three major processes: replication, transcription,
and translation (LOUTEN, 2016; GUO; PRICE, 2014). During replication, cells copy
DNA to preserve and transmit the genome across cellular generations (LOUTEN, 2016).
During transcription, the information encoded in a gene is transcribed into a messenger
RNA (mRNA) molecule that serves as a mobile template for gene expression (GUO;
PRICE, 2014; ALBERTS et al., 2002). During translation, the ribosome interprets the
nucleotide sequence of the mRNA and converts it into a chain of amino acids according
to the genetic code, thereby synthesizing the protein specified by the original genetic
instruction (ALBERTS et al., 2002; GUO; PRICE, 2014). Overall, these processes form
the canonical pathway by which stored genetic information is expressed as biological
function (CRICK, 1970; KOONIN, 2015).

Although the original concept shaped modern biology, subsequent discoveries re-
vealed important exceptions and additional regulatory layers that made the system far
more dynamic than initially envisioned. The discovery of reverse transcription in retro-
viruses demonstrated that genetic information can also flow from RNA to DNA, thereby
expanding the classical interpretation of Crick’s model (CRICK, 1970; COFFIN, 2021).
In addition, the study of RNA viruses established that RNA can serve not only as an in-
termediate but also as a direct template for genome replication through RNA-dependent
RNA synthesis (RAMPERSAD; TENNANT, 2018; NAGY; POGANY, 2011).

Further advances in epigenetics and non-coding RNA biology showed that gene-

expression regulation also shapes phenotype. Epigenetic mechanisms modulate tran-



31

scriptional potential without altering the underlying DNA sequence, whereas non-coding
RNAs participate in chromatin remodeling and in transcriptional and post-transcriptional
regulation (KAIKKONEN; LAM; GLASS, 2011; HASELTINE, 2024; MATTICK et al.,
2023). Bioinformatics and transcriptomic analyses therefore need to account for regula-
tory layers when linking molecular variation to phenotypic effects (HASELTINE, 2024;
MATTICK et al., 2023).

3.1 Transcriptomics

Transcriptomics is the study of the complete set of RNA transcripts, known as
the transcriptome, produced by the genome in a specific cell, tissue, or organism under
defined conditions (HRDLICKOVA; TOLOUE; TIAN, 2017). Whereas the genome is
largely static, the transcriptome is highly dynamic and changes according to developmen-
tal stage, environmental stimuli, and pathological state (WANG; GERSTEIN; SNYDER,
2009). By capturing this snapshot of gene activity, transcriptomics allows researchers to
determine which genes are actively expressed and to what extent, thereby providing a crit-
ical link between the information encoded in DNA and the resulting functional phenotype
(OZSOLAK; MILOS, 2011).

Technical advances in this field were marked by the transition from microarrays to
next-generation RNA sequencing (RNA-seq), which transformed both the precision and
the scale of transcriptome analysis. RNA-seq not only enables sensitive quantification of
known transcripts but also supports the discovery of novel splice isoforms, non-coding
RNAs, and sequence variants present in transcribed regions (WANG; GERSTEIN; SNY-
DER, 2009; HRDLICKOVA; TOLOUE; TIAN, 2017). At a finer resolution, technologies
such as single-cell RNA sequencing (scRNA-seq) and single-nucleus RNA sequencing
(snRNA-seq) reveal cellular heterogeneity within complex tissues, enabling the identifi-
cation of rare cell populations and differentiation trajectories that would remain hidden
in bulk tissue analyses (HWANG; LEE; BANG, 2018; JOVIC et al., 2022; HABIB et al.,
2016; KIM; KIM; KIM, 2023).

In addition to its descriptive function, transcriptomics serves as a powerful tool
for systems biology and precision medicine (HASIN; SELDIN; LUSIS, 2017; OULAS
et al., 2019). It enables the construction of gene co-expression networks and the identifi-
cation of dysregulated pathways in diseases such as cancer, cardiovascular disorders, and

neurodegenerative conditions (LANGFELDER; HORVATH, 2008; DAM et al., 2018;
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MUBARAK et al., 2022). By comparing the transcriptional profiles of distinct bio-
logical states, researchers can identify diagnostic biomarkers and candidate therapeu-
tic targets, thereby translating computational findings into clinically relevant insights
(CHAKRABORTY et al., 2024; CHEN et al., 2023). Thus, transcriptomics remains at
the forefront of genomic research by providing a detailed view of the molecular programs
that sustain cellular and organismal function (WANG; GERSTEIN; SNYDER, 2009; OZ-
SOLAK; MILOS, 2011).

3.2 Single-cell sequencing

Single-cell RNA sequencing (scRNA-seq) and single-nucleus RNA sequencing
(snRNA-seq) represent the current frontier of biological resolution by enabling the anal-
ysis of cellular heterogeneity in complex tissues (HWANG; LEE; BANG, 2018; JOVIC
et al., 2022). Whereas scRNA-seq typically requires intact and viable cells to capture
both cytoplasmic and nuclear RNA, snRNA-seq profiles RNA from isolated nuclei and
is therefore especially useful for tissues that are difficult to dissociate, highly fibrotic, or
available only as frozen material (HABIB et al., 2017; PIMPALWAR et al., 2021). This
feature makes snRNA-seq particularly valuable for organs such as the heart and brain,
where cell dissociation can bias recovery and compromise cell integrity, while nuclear
material often remains preserved (PIMPALWAR et al., 2021; KIM; KIM; KIM, 2023).

The generation of these data relies predominantly on droplet-based microfluidic
systems, including widely used commercial platforms such as 10x Genomics Chromium
(ZHENG et al., 2017; CHOW et al., 2024). In these workflows, dissociated cells or nuclei
are suspended in solution and co-encapsulated in oil droplets together with barcoded gel
beads. Each bead carries oligonucleotides containing a poly(dT) capture sequence for
polyadenylated RNA, a cell barcode that identifies the cell or nucleus of origin, and a
unique molecular identifier (UMI) that enables molecule-level counting (PETUKHOV et
al., 2018). Within each droplet, RNA molecules are reverse-transcribed into barcoded
cDNA, which allows pooled sequencing while preserving the identity of the original cell
and transcript molecule (ZHANG et al., 2019).

After sequencing on high-throughput [llumina platforms, fluorescence images are
processed into base calls and represented as sequencing reads in FASTQ format. In
droplet-based single-cell RNA-seq workflows, bioinformatics pipelines align reads to a

reference genome or transcriptome, assign reads to cells using cell barcodes, collapse
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transcript observations using unique molecular identifiers (UMIs), and generate a gene-
by-cell count matrix. Each matrix entry represents the number of detected transcript
molecules for a given gene in a given cell. This count matrix provides the quantitative
basis for downstream analyses such as quality control, normalization, clustering, trajec-
tory inference, and differential expression testing (COCK et al., 2010; ZHENG et al.,
2017; LUECKEN; THEIS, 2019).

3.3 Single-cell data characteristics and processing steps

Single-cell sequencing data are primarily organized as a digital count matrix in
which genes define one dimension and individual cells define the other, making the count
table the basic input structure for most scRNA-seq analyses (AHLMANN-ELTZE; HU-
BER, 2023; HWANG:; LEE; BANG, 2018). These data are often stored in efficient file for-
mats such as HSAD, which support the AnnData framework for annotated matrix-based
data and allow researchers to keep the core expression matrix together with cell-level
metadata and gene-level annotations in a single compact object (WOLF; ANGERER;
THEIS, 2018). The AnnData structure has become a central data container in modern
bioinformatics frameworks because it supports scalable computation, standardized meta-
data handling, and rapid access to large single-cell datasets (WOLF; ANGERER; THEIS,
2018; VIRSHUP et al., 2021).

One of the most striking and analytically challenging properties of single-cell
RNA sequencing data is their extreme sparsity, with a large proportion of matrix entries
equal to zero (JIANG et al., 2022; KIM; ZHOU; CHEN, 2020). These zeros arise from a
combination of biological factors, such as true absence or low abundance of gene expres-
sion, and technical effects, including incomplete capture and amplification inefficiencies
that are often described as dropouts (JIANG et al., 2022; KIM; ZHOU; CHEN, 2020).
As a result, a statistical modeling is essential to avoid confounding technical noise with
genuine biological signal. In practice, negative binomial models are widely used for UMI-
based single-cell data, whereas the use of zero-inflated models remains context-dependent
and has been the subject of substantial debate, particularly because droplet-based UMI
data are often adequately described without explicit zero inflation (SVENSSON, 2020;
VIETH et al., 2019).

In addition to sparsity, single-cell transcriptomic data present a high-dimensional

structure that complicates analysis and interpretation (HE et al., 2023; IMOTO et al.,
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2022). Because the human genome contains on the order of tens of thousands of genes,
each cell or nucleus can be represented as a point in a very high-dimensional space.
However, biologically meaningful variation typically lies on a much lower-dimensional
manifold defined by coordinated gene programs rather than by all genes independently
(LUECKEN; THEIS, 2019). For this reason, the analysis of these data depends heavily
on dimensionality reduction methods such as principal component analysis (PCA) and
Uniform Manifold Approximation and Projection (UMAP), which project complex tran-
scriptional variation into an interpretable low-dimensional space and facilitate the visual-
ization of cellular clusters and developmental trajectories (BECHT et al., 2019; CHAP-
PELL; RUSSELL; VOET, 2021).

These data are commonly processed with the Scanpy ecosystem, a Python library
designed for scalable and efficient analysis of large single-cell datasets (WOLF; AN-
GERER; THEIS, 2018). A typical workflow begins with quality control (QC), in which
researchers filter nuclei or cells with low gene counts, which may indicate empty droplets
or poor-quality captures, and with high proportions of mitochondrial transcripts, which
are often used as indicators of stressed or damaged cells (LUECKEN; THEIS, 2019).
Scanpy supports this exploratory process through standard visualizations, including vi-
olin plots and scatter plots, that help define dataset-specific filtering thresholds before
downstream analysis (BALZER et al., 2021).

After filtering, the data undergo normalization and logarithmic transformation.
Because each cell or nucleus can exhibit a different sequencing depth for technical rea-
sons, normalization adjusts counts to make observations more comparable across cells, of-
ten by rescaling each profile to a common library size before log-transformation (LUECKEN;
THEIS, 2019; HEUMOS et al., 2023). Next, highly variable genes (HVGs) can be identi-
fied so that subsequent analyses can focus on the genes that contribute most to biological
heterogeneity, while genes with relatively stable expression across cells contribute less to
distinguishing between cell populations (STUART et al., 2019).

The final stage of basic processing involves clustering and annotation. Graph-
based community detection algorithms, such as Louvain and Leiden, group cells accord-
ing to the similarity of their transcriptional profiles after construction of a neighborhood
graph (BLONDEL et al., 2008; TRAAG; WALTMAN; ECK, 2019). Researchers typ-
ically visualize these clusters with UMAP, where transcriptionally similar cells appear
close together in a low-dimensional embedding (BECHT et al., 2019). They can then

perform differential expression analysis to identify marker genes for each cluster, which
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supports biological annotation, such as assigning clusters to cardiomyocytes, fibroblasts,
or endothelial cells, and provides a starting point for deeper investigation of experimental

effects (SONESON; ROBINSON, 2021; HEUMOS et al., 2023).

3.4 Chapter Summary

This chapter established the relationships among genetic information, gene ex-
pression, and transcriptomic analysis. It reviewed the Central Dogma of Molecular Bi-
ology, in which DNA stores genetic information, RNA acts as a molecular intermediate,
and proteins perform structural and catalytic functions. It also described replication, tran-
scription, and translation as linked processes that support genome maintenance, RNA
synthesis, and protein production.

The chapter then extended this view by discussing reverse transcription, RNA-
dependent RNA synthesis, epigenetic regulation, and non-coding RNA activity. These
mechanisms show that gene expression depends not only on nucleotide sequence but also
on regulatory processes that modulate transcriptional output and cellular phenotype.

The second part introduced transcriptomics and single-cell sequencing. It de-
fined the transcriptome as a measurable representation of gene activity and explained
why RNA-seq, scRNA-seq, and snRNA-seq support the analysis of biological variation
across tissues, cell types, and disease states. The chapter also described droplet-based
sequencing workflows, barcode-based cell identification, UMI-based transcript counting,
and gene-by-cell count matrices as the quantitative basis for downstream analysis.

Finally, the chapter summarized the main analytical characteristics of single-cell
data, including sparsity, high dimensionality, quality control, normalization, highly vari-
able gene selection, dimensionality reduction, clustering, and annotation. The next chap-
ter, Methodology, builds on this foundation to describe the computational framework used
in this study, including preprocessing, feature selection, machine learning model training,

multiobjective model selection, and interpretability analysis.
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4 METHODOLOGY

4.1 Introduction

This chapter presents the methodological framework developed for the compu-
tational analysis of transcriptomic data. The methodology was organized around four
requirements: reproducible processing of sparse expression matrices, prevention of infor-
mation leakage, biological interpretability, and systematic comparison of feature-selection
and classification strategies.

To satisfy these requirements, the framework was organized into four major com-
ponents: Research Design, Algorithmic framework, Experimental Protocol, and Complex-
ity and Implementation Considerations. The chapter first defines the analytical design and
then describes the computational framework, experimental protocol, and implementation

constraints.

4.2 Research Design

Figure 4.1 presents the conceptual organization of the methodological framework
adopted in this study. The framework was designed as an end-to-end analytical system
for scRNA-seq classification, feature prioritization, and biological interpretation. Rather
than treating preprocessing, learning, and interpretation as isolated procedures, the pro-
posed design connects these stages through a leakage-aware, cell-type-specific analytical
structure.

The framework begins with an annotated scRNA-seq dataset and an initial prepro-
cessing stage. At this stage, the framework performs dataset sanitization, metadata vali-
dation, and preprocessing according to the numerical characteristics of the input matrix.
When required, this stage includes quality control, filtering of cells and genes, normaliza-
tion, logarithmic transformation, and low-dimensional embedding for diagnostic inspec-
tion. The design also incorporates stratification by cell type, since the supervised learning
problem is defined separately within each cellular population. This decision reduces bi-
ological heterogeneity within each classification task and improves the interpretability of
the selected transcriptomic signatures.

After preprocessing, the framework applies a filter-based feature selection strategy

within each training fold. In the proposed method, genes are ranked using a Wilcoxon-
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Figure 4.1: The framework begins with an annotated scRNA-seq dataset and proceeds
through preprocessing, including data sanitization, quality control, filtering, normaliza-
tion, transformation, and cell type-specific stratification when required. Within each
cell type-specific learning problem, the proposed method performs fold-wise filter-based
feature selection using Wilcoxon-based ranking to retain the top 100 genes. These fea-
tures are used to train and tune machine learning classifiers under stratified 5-fold cross-
validation, with performance assessed by accuracy, sensitivity, specificity, and F1-score.
Model selection is then conducted through multiobjective analysis using Pareto frontier
and hypervolume. Finally, SHAP-based interpretation is applied to quantify feature con-
tributions and generate a reduced set of biologically informative genes for downstream
analyses, including functional enrichment, literature-based interpretation, and potential
biomarker discovery.
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based differential analysis, and the top 100 are retained based on adjusted significance
and effect-related criteria. This stage reduces dimensionality before classifier induction
and ensures that feature selection remains consistent with the leakage-control principle
adopted throughout the methodology, since no information from the test fold is used dur-
ing ranking.

The selected features are then used as input for machine learning models. For each
cell type-specific dataset, the methodology uses stratified 5-fold cross-validation. Within
each fold, class balancing is applied only to the training partition when the disease and
control classes are unequally represented, using random undersampling of the majority
class to match the minority class. The validation and test partitions remain unbalanced
to preserve the original data distribution. Within this structure, classifiers are trained,
tuned, and evaluated using multiple performance criteria, namely accuracy, sensitivity,
specificity, and F1-score. Because classifier quality cannot be adequately represented by
a single metric, model comparison is conducted under a multiobjective framework.

The next stage of the framework performs model selection through Pareto frontier
analysis and hypervolume. Instead of selecting a model from a single scalar measure,
the framework identifies solutions that balance competing objectives. This step links
predictive performance to a selection procedure that avoids favoring models that perform
well only under a narrow criterion.

Once the best-performing solutions are identified, the framework applies SHAP-
based interpretation to quantify each selected gene’s contribution to model predictions.
This interpretability stage allows the final classifier to be examined in terms of gene-
level contributions, which are then evaluated through expression-attribution correlation
and functional enrichment. The resulting ranked feature set is subsequently used in down-
stream analyses, including expression-attribution correlation, differential expression as-
sessment, functional enrichment, literature-supported interpretation, and biomarker dis-
covery.

Therefore, Figure 4.1 should be interpreted as a schematic representation of the
main methodological blocks of the study rather than as an exhaustive algorithmic descrip-
tion. The figure summarizes the logical progression from annotated scRNA-seq data to
biologically interpretable reduced feature sets. At the same time, the following sections

formalize each step of the framework in mathematical and computational detail.
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4.2.1 Methodological perspective

This work constructs a computational framework that identifies informative tran-
scriptomic features and uses them for accurate and interpretable classification. The method-
ology evaluates how machine learning algorithms and feature-selection strategies be-
have when applied to scRNA-seq data under controlled comparison. The analysis there-
fore considers classification performance, stability, interpretability, and downstream func-
tional enrichment. The enrichment step evaluates whether selected features define biolog-
ically coherent signatures and allows direct comparison between machine-learning-based
and traditional feature-selection strategies.

The framework addresses three connected problems. First, the representation
problem arises because transcriptomic data are high-dimensional, sparse, and hetero-
geneous; preprocessing and structured storage therefore define the numerical input for
learning. Second, the learning problem requires training and evaluation procedures that
prevent information leakage and estimate generalization reliably. Third, the interpreta-
tion problem requires feature rankings and model explanations that support downstream
biological reasoning.

The framework therefore treats preprocessing, validation, feature selection, clas-
sification, and interpretation as linked stages. Preprocessing defines the valid numerical
input space for learning. Cross-validation defines which information each stage may use.
Feature selection reduces dimensionality before classification. Model interpretation oc-
curs only after the classifier is trained under leakage-safe conditions. This sequential

dependency defines the methodological logic of the chapter.

4.2.2 Data abstraction and formal definition

The input data are modeled as an annotated transcriptomic dataset, defined as

D= {X,y,c,m}, (4.1)

where X € R"™*P denotes the gene-expression matrix, n denotes the number of observa-
tions, p denotes the number of genes, y denotes the vector of target labels, c denotes the
vector of cell-type annotations, and m denotes additional metadata. As shown in Eq. 4.1,

the input data are modeled as an annotated transcriptomic dataset.
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This abstraction was chosen because transcriptomic learning problems cannot be
formulated using the expression matrix alone. The labels, cell identities, and metadata
are not auxiliary details; they define the structure of the learning task. In particular, this
methodology performs classification within cell-type-specific subsets, meaning that the
annotation vector c plays a direct role in defining each supervised problem. Thus, the
dataset is treated as a structured computational object rather than merely as a numeric

table.

4.2.3 Design principles

The methodology is governed by five design principles:

e Adaptivity: datasets may arrive in raw or partially processed form. The framework
must therefore infer how much preprocessing is still required instead of assuming
homogeneous input data.

e Leakage control: no operation that depends on label structure or sample distribu-
tion is allowed to access test data during model training or feature selection.

e Local biological context: the same condition can induce different transcriptomic
patterns across cell types. Therefore, the classification problem is defined separately
for each cell population.

e Multi-criterion evaluation: classifier quality cannot be represented adequately by
a single metric. The methodology therefore evaluates models through multiple ob-
jectives simultaneously.

e Interpretability: the framework output must include not only predictions, but also

ranked biological features, attribution scores, and stability estimates.

These principles guided every technical choice described in the following sections.

4.2.4 Justification for cell type-specific modeling

A central design choice of the methodology is to analyze each cell type indepen-

dently. Let c denote a given cell type. The associated subset is defined as

De = {(zi,y:) | ci = c}. (4.2)
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As shown in Eq. 4.2, each cell type defines an independent supervised dataset.

This decision is justified on both biological and algorithmic grounds. Biologically,
transcriptomic responses are highly context-dependent. A gene that is strongly discrimi-
native in one cell type may be irrelevant in another. A global classifier trained across all
cell types would tend to prioritize lineage-level variation and broad expression programs
rather than the condition-specific effects within each cellular context.

Algorithmically, cell type-specific modeling reduces heterogeneity in the learn-
ing space. This improves feature selection, makes the classification boundary easier to
interpret, and reduces the chance that the model learns trivial structure unrelated to the
intended target. The result is a set of smaller, more coherent classification problems rather

than one large but confounded problem (SQUAIR et al., 2021).

4.2.5 Justification for leakage-aware design

Information leakage is one of the most serious threats to validity in high-dimensional
machine learning. In transcriptomic settings, where the number of genes is large and the
number of observations is comparatively limited, even subtle leakage can produce inflated
performance estimates.

For this reason, the methodology adopts a strict rule: any operation that can learn
from the data distribution is applied only within the training split of a cross-validation
fold. This includes class balancing, differential feature ranking, hyperparameter opti-
mization, and final model fitting. The test fold is reserved exclusively for evaluation. This
decision is not merely a technical precaution; it is a methodological necessity to ensure
that the measured performance reflects genuine generalization rather than contamination

from the evaluation data (VARMA; SIMON, 2006).

4.3 Overview of the framework

The computational framework is composed of the following major stages:

1. Ingestion of the annotated dataset and active matrix definition;
2. Matrix sanitization and metadata validation;
3. Automatic preprocessing mode inference;

4. Global quality control, normalization, and embedding;



42

Cell type-specific subsetting and local preprocessing;
Outer cross-validation partitioning;
Training-fold balancing;

Fold-wise feature selection;

o x® 2

Model training and hyperparameter optimization;

10. Fold-wise evaluation;

11. Multi-objective model comparison;

12. SHAP-based interpretation and correlation analysis;
13. Comparison with alternative feature-selection methods;

14. Final hold-out evaluation and export of results.

Each of these stages is described formally below.

4.3.1 Active matrix definition and sanitization

The framework begins by defining the active matrix X, which may correspond ei-
ther to the primary expression matrix stored in the object or to a selected expression layer.
This flexibility is necessary because single-cell transcriptomic objects commonly store
multiple numerical representations of the same dataset, including raw counts, normalized
values, log-transformed values, scaled matrices, or batch-corrected layers.

Before downstream analysis, the active matrix is inspected for non-finite and nega-
tive entries. This inspection is necessary because invalid numerical values may arise from
file conversion, preprocessing artifacts, or previous transformations. However, missing
or invalid values are not biologically equivalent to a true zero expression. In single-cell
RNA-seq data, zero values already have a complex interpretation because they may re-
flect true absence of expression, limited molecular capture, or technical dropout (HICKS
et al., 2018; LUN; BACH; MARIONI, 2016). Therefore, non-finite values are quantified
globally and per gene/cell before correction.

When non-finite entries are rare and are interpreted as computational artifacts,
they are replaced by zero only as a numerical safeguard to ensure compatibility with
downstream algorithms that require finite input values. This replacement is not interpreted
as a biological absence of expression. If non-finite values occur systematically across

specific genes, cells, or groups, the affected entries are flagged for additional quality
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control rather than silently converted. This precaution follows the general principle that
simple deterministic imputation, including replacement by zero, can bias downstream
estimates when missingness is not rare or random (LITTLE; RUBIN, 2019; ZHANG,
2016).

For each entry z;;, the corrected value is defined as

0, ifx;; < 0and X represents a non-negative abundance matrix,
z;; =190, ifwx; € {NaN,+oo, —oc} and non-finite values are rare, (4.3)

x;j, otherwise.

Negative values are clipped to zero only when the active matrix represents raw
counts, normalized counts, or log-transformed abundance-like values, for which non-
negative expression values are expected. This rule is not applied to scaled, centered,
residualized, or batch-corrected matrices, because negative values in these representa-
tions may carry valid analytical information. Thus, the sanitization step is treated as a

conservative numerical correction rather than as a biological imputation procedure.

4.3.2 Preprocessing mode inference

The framework supports two preprocessing modes:

e Full preprocessing mode, used for raw or count-like matrices;

e Curated-matrix mode, used for previously processed matrices.

To decide between them, the framework estimates the fraction of integer-like val-
ues, the minimum and maximum value of a sampled subset, and the presence of previ-
ously computed embeddings. Let p;,; be the fraction of sampled entries that are approxi-

mately equal to their rounded values. The matrix is considered count-like when

Pint > 0.98, max(X) > 20, min(X) > 0. 4.4)

This rule was designed to distinguish raw count matrices from normalized or in-
tegrated matrices while remaining tolerant to small numeric perturbations introduced by

storage or type conversion.
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4.3.3 Metadata validation

The framework removes all observations with missing or empty target labels or

cell-type labels. The valid observation set is defined as

Teatia = {1 yi # Ne; #}. 4.5)

This step guarantees that every retained observation has a well-defined role in both
the supervised and cell-type-specific stages of the framework. Observations without valid
annotations cannot support classification and would create ambiguity in the downstream

analysis.

4.3.4 Global quality control

If the matrix is count-like, cell-level quality control is applied. For each observa-

tion 7, the following quantities are computed:

g; = number of detected genes,

p
7=1
m; = 100 - %’
j=1Tij

where Gir denotes the set of mitochondrial genes.

The retention criteria are defined as

g > 500,  w;>200, m; < 10. 4.7)

Genes are then filtered according to minimum prevalence:

> I(xy > 0) > 30. (4.8)

i=1
In addition, cell types represented by fewer than 30 observations were removed

from the global dataset. This cutoff was adopted as an operational minimum to avoid mod-

eling cell-type-specific subsets with insufficient observations for stratified cross-validation,

class balancing, feature selection, and held-out evaluation. The quality-control thresholds
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were used to remove technically poor observations and lowly detected genes, following
common single-cell RNA-seq preprocessing practices (LUECKEN; THEIS, 2019). The
minimum cell-type size criterion was motivated by the known instability of classification
and validation procedures under very small sample sizes, where performance estimates
and selected features can become highly sensitive to the data split (BELEITES et al.,
2013; VABALAS et al., 2019).

4.3.5 Normalization and logarithmic transformation

In full preprocessing mode, each observation is normalized to a fixed library size:

xij
p
k=1 Lik

-10%, (4.9)

Iij =

The normalized matrix is then log-transformed:

v =log(1+ Zy). (4.10)

These operations are intended to reduce technical variability caused by unequal
sequencing depth and to compress the heavy-tailed distribution of transcript counts. In
curated-matrix mode, both operations are skipped to avoid damaging pre-existing trans-

formations.

4.3.6 Global PCA and neighborhood graph

After preprocessing, PCA is applied to the global matrix. The number of compo-
nents is defined as

dglobar = min(50,p — 1,n — 1). 4.11)

The PCA scores are then used to construct a neighborhood graph, which in turn
supports UMAP embedding. This global embedding serves as a diagnostic representa-
tion of the dataset, enabling inspection of large-scale structure before supervised analysis

begins.
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4.3.7 Cell type-specific processing

For each cell type c, the corresponding subset D, is extracted. Classes with fewer
than 30 observations within that subset are removed, and genes with zero expression
across all remaining observations are discarded.

If full preprocessing mode is active, normalization and log-transformation are re-

peated within the subset. PCA is then recomputed using

dcelltype = min<307pc - 17 Ne — 1)7 (412)

where p. and n. are the number of genes and observations in the subset. A local
neighborhood graph and UMAP embedding are then computed.

The framework recomputes these structures locally because the geometry of a
cell-type-specific subset can differ from the geometry of the global matrix. Local prepro-
cessing therefore produces a representation aligned with the learning task defined for that

cell type.

4.3.8 Outer cross-validation

For each valid cell type-specific dataset D,, the framework applies stratified 5-fold

cross-validation. The dataset is partitioned into five non-overlapping test folds:

5
D.=| | D=, DIFnDEW = fork # (. (4.13)

k=1
For each fold k, the corresponding training set is defined as the complement of the

test fold:

DZrain,k =D, \ DzeSt’k- 4.14)

Stratification preserves class proportions as closely as possible in each test fold,
which is important when the target classes are imbalanced. The use of five folds was
adopted as an operational compromise between repeated evaluation and data availabil-
ity. Because each retained class contains at least 30 observations, a 5-fold split leaves
approximately six observations per class in each test fold and approximately twenty-four

observations per class in each training fold before class balancing. This configuration pre-
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serves enough training data for fold-wise feature selection, hyperparameter optimization,
and model fitting, while still evaluating each observation once across the cross-validation
procedure.

A larger number of folds, such as 10, would increase the amount of training data
per fold but would leave fewer observations from small classes in each test partition, in-
creasing the instability of fold-level estimates. Conversely, fewer folds would reduce the
number of repeated evaluations and provide a coarser estimate of model behavior. Thus,
b-fold cross-validation was selected as a pragmatic choice for cell type-specific transcrip-
tomic subsets, where each subset may contain limited and imbalanced class representa-
tion. This choice follows the general use of k-fold cross-validation for model assessment
and model selection, while recognizing that validation estimates can become unstable

when sample sizes are limited (KOHAVI, 1995; VABALAS et al., 2019).

4.3.9 Training-fold balancing

Within each outer training fold, class imbalance is corrected through random un-
dersampling (LEMAITRE; NOGUEIRA; ARIDAS, 2017; HE; GARCIA, 2009). If n,
denotes the number of training observations in class r, and n,,;, = min, n,., the balanced
training set contains

Npal = C- Nmin (415)

observations, where C is the number of classes.

This balancing strategy was chosen because it avoids generating artificial tran-
scriptomic observations. Although majority-class information is partially discarded in a
given fold, all retained examples remain biologically authentic. Random undersampling
was preferred over synthetic balancing strategies because the objective of the study was
not merely to equalize class frequencies, but to preserve the biological authenticity of
the transcriptomic profiles used for training. In high-dimensional single-cell expression
data, synthetic methods may interpolate sparse profiles in ways that are mathematically
convenient but biologically difficult to justify, particularly when class structure is hetero-
geneous and cell-state boundaries are not well approximated by simple local interpolation.
Although undersampling reduces the number of majority-class observations available in a
given fold, it preserves the empirical character of the retained cells and avoids introducing

artificial expression patterns that could complicate downstream interpretation.
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4.3.10 Fold-wise feature selection

The primary feature-selection method is based on Wilcoxon rank-based differ-
ential analysis computed within each balanced training fold. This choice is supported
by recent benchmarking evidence showing that label-guided marker-gene selection based
on the Wilcoxon rank-sum test can perform competitively in single-cell feature-selection
tasks. In a large benchmark of feature-selection methods for scRNA-seq integration and
querying, Zappia et al. reported that Wilcoxon was the only method that explicitly used
cell labels and achieved the highest average overall score, although with greater variabil-
ity across datasets than several highly variable gene methods (ZAPPIA et al., 2025). This
supports its use when reliable labels are available and when the objective is to identify
discriminative genes associated with biological or phenotypic classes.

After ranking genes by adjusted significance and effect-related criteria, the top

100 genes are retained:
GY = {9192, g0} (4.16)

These genes define the feature space for the fold-specific classification problem.
The fixed cutoff of 100 genes was chosen to balance dimensionality reduction, compu-
tational tractability, and biological interpretability. This compact feature set reduces the
high dimensionality of single-cell transcriptomic data while preserving a sufficient num-

ber of discriminative genes for downstream classification.

4.3.11 Alternative feature-selection methods

To compare the proposed Wilcoxon-based strategy against alternative feature-

selection principles, the framework also computes four reference selectors:

e ANOVA-based ranking (PAVLIDIS, 2003);
e Random Forest importance (BREIMAN, 2001; DiAZ-URIARTE; ANDRES, 2006);
e Recursive Feature Elimination (RFE) (GUYON et al., 2002);
e Random ranking (ZAPPIA et al., 2025);
These methods were selected because they represent distinct methodological cat-

egories. ANOVA provides a univariate parametric filter and serves as a direct statistical

comparator to the Wilcoxon rank-based strategy. Random Forest importance represents
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an embedded non-linear approach, in which feature relevance is estimated during model
fitting and may capture interactions not detected by univariate tests. RFE represents a
wrapper-based strategy, where genes are iteratively removed according to their contribu-
tion to a predictive model. Random ranking is included as a null reference, allowing the
analysis to determine whether informed feature-selection methods outperform arbitrary
gene selection.

For stochastic selectors, 11 replicates are executed to support stability analysis.
This number was chosen as a pragmatic compromise between computational cost and the
need to quantify variability in selected gene sets. Repeated runs allow the framework to
estimate selection frequencies and pairwise overlap between feature sets. The use of an

odd number of replicates also avoids ties when assessing majority recurrence across runs.

4.3.12 Classifier framework construction

For each feature-selection output, the framework constructs a two-stage classifi-
cation pipeline:

Po=MyoS, 4.17)

where S is a min-max scaler and My is a classifier parameterized by 6. For each gene 7,

min-max scaling is defined as
, x;; — min(z.;)

i = max(z.;) — min(z.;)’ (418)

where z;; is the expression value of gene j in cell 7.

The evaluated classifiers are Logistic Regression, k-Nearest Neighbors, linear
Support Vector Machine, Random Forest, and Multilayer Perceptron. These models were
chosen to cover distinct learning paradigms: linear, local, margin-based, ensemble-based,

and neural.

4.3.13 Bayesian hyperparameter optimization

Each classifier is optimized through Hyperopt-based Bayesian search, with an up-

per limit of 50 candidate configurations per classifier (BERGSTRA; YAMINS; COX,
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2013; BERGSTRA et al., 2015a). The search objective is defined as

0* = arg max o(0), (4.19)
where
1
o(0) = 1 [Accuracy(6) + Sensitivity (#) + Specificity () + F1(0)] . (4.20)

This objective function was chosen to avoid selecting models according to a sin-
gle performance criterion. The arithmetic mean of accuracy, sensitivity, specificity, and
F1-score promotes classifiers that maintain balanced predictive behavior across comple-
mentary evaluation dimensions, rather than classifiers optimized for only one aspect of
performance.

The limit of 50 evaluations was defined as a fixed computational budget. Each
candidate configuration requires model fitting and evaluation inside the training partition
of an outer cross-validation fold, after class balancing and fold-specific feature selection.
Therefore, increasing the number of evaluations would substantially increase the total cost
across classifiers, folds, and cell type-specific tasks. The value of 50 evaluations provides
a pragmatic compromise between hyperparameter-space exploration and computational
feasibility, while keeping the optimization protocol consistent across models.

The Bayesian search used only the training partition of each outer cross-validation
fold. For every candidate configuration ¢, the framework estimated ®(6) from train-
ing data after balancing and fold-specific feature selection. The corresponding outer test
fold remained unused until final evaluation. This nesting kept hyperparameter selection,
feature ranking, and model fitting inside the training portion of the outer fold, thereby

preserving the leakage-aware structure of the framework.

4.3.14 Fold-wise evaluation

After hyperparameter selection, each classifier is retrained on the full balanced
training fold and evaluated on the untouched test fold. The fold-level confusion matrix

yields the following class-wise metrics:

TP,

—_— 4.21
TP, + FNj ( )

Sensitivity, =
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TN,

Specificity, = —————. 4.22
pecificity,, ) ( )

2T P,
F1, = . 4.23
"7 2TP, + FP, + FN, (423)

Global accuracy is given by
K
TP

Accuracy = % (4.24)

Macro-averaged sensitivity, specificity, and F1-score are computed across classes

to avoid dominance by larger classes.

4.3.15 Pareto analysis and hypervolume ranking

Each model is represented in the objective space:
z = (Accuracy, Sensitivity, Specificity, F1) . (4.25)

A model A dominates another model B if it is at least as good in all objectives and

strictly better in at least one objective:

zZa - zp < [za;>2p; Vjie{l,...,M}A[Fje{l,...,M}suchthat z4; > 25/,
(4.26)
where M = 4 denotes the number of objectives.
All non-dominated models form the empirical Pareto frontier. To obtain a scalar

ranking, the framework computes the hypervolume indicator:

HV(S) =\ <U[T1,21] X [rg, 20 X + -+ X [TM,ZM]> : (4.27)
zesS
where S is the set of non-dominated solutions, r is the reference point, and A denotes the
corresponding Lebesgue measure.
This stage allows the framework to identify models that achieve a balanced trade-
off across multiple performance criteria rather than selecting models based on a single

scalar metric.
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4.3.16 SHAP-based interpretation

For the selected classifiers, the framework computes SHAP values (PHAM; MI-

LAZZ0, 2025). For an input x, the prediction is decomposed as
q
fl@)=do+ Y o, (4.28)
j=1

where ¢ is the baseline prediction and ¢; is the contribution of feature j.

The choice of SHAP was motivated by the need for additive explanations that
can be applied across different classifier families. Different explainer types are used de-
pending on the classifier family. All explanations are computed on held-out test data,

preserving consistency with the leakage-aware evaluation framework.

4.3.17 SHAP aggregation and expression-attribution correlation

For each feature j, the framework computes the mean signed attribution:

_ 1 <
= i) 4.29
0=~ ;m (4.29)
and the mean absolute attribution:
o, = - anlczﬁ | (4.30)
7o i=1 o .

To connect model explanations with transcript abundance, the framework also

computes the Spearman correlation:
pj = COITSpearman (X.j, P.;) . 4.31)

This step provides directional information on whether higher expression tends to

increase or decrease model attribution for a given feature.
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4.3.18 Integrated output construction

At the end of the framework, all ranking sources are merged into a unified feature
table. For each gene, the output may include differential rank, model-based rank, SHAP
importance, correlation with attribution, replicate frequency, and stability measures. This
integrated representation is necessary because different analytical views capture different

aspects of feature relevance.

4.4 Experimental Protocol

4.4.1 Parameterization of the experiments

The experiments were conducted under a fixed default configuration designed to
ensure comparability across cell types and feature-selection methods. The main parame-

ters are:

e number of selected genes: 100;

e number of plotted top genes: 25;

e number of replicates for stochastic baselines: 11;

e number of outer cross-validation folds: 5;

e maximum number of hyperparameter evaluations per model: 50;
e final hold-out test proportion: 0.30;

e global PCA upper bound: 50;

e cell type-specific PCA upper bound: 30;

e random seed: 42.

These values were chosen to balance computational tractability, repeated evalua-

tion, and interpretability.

4.4.2 Comparative analysis of class separation induced by selected feature subsets

In addition to the predictive experiments described above, the methodology in-
cludes a complementary geometric analysis designed to compare how different feature-

selection methods organize the disease groups in the reduced expression space. This
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additional experiment was introduced to evaluate whether the selected features preserve
a structured distinction between chronic obstructive pulmonary disease and normal cells
beyond their utility for classification. Thus, this stage should be interpreted as a supple-
mentary structural assessment of the selected feature subsets rather than as a replacement
for the main predictive evaluation.

This analysis was performed under a fixed configuration consistent with the gen-
eral parameterization of the experiments. In particular, each method was represented by
a reduced subset of 25 genes, and all outputs were generated under a fixed random seed
and exported at publication-quality resolution. These choices maintain consistency with
the broader experimental framework while allowing direct comparison between reduced
feature spaces derived from different selection strategies.

The analysis was applied to a cell type-specific subset rather than to the full
dataset. In the present configuration, only cells annotated as "alternatively activated
macrophage" were retained. From this subset, the framework preserved only the observa-
tions assigned to the two disease groups of interest, namely chronic obstructive pulmonary
disease and normal. Cells with missing disease labels were excluded before downstream
computation. This design remains aligned with the methodological principle adopted
throughout the chapter, according to which each biological learning problem is defined
within a local cellular context rather than across all cell populations simultaneously.

Let

Deep = (X, y) (4.32)

denote the filtered dataset used in this experiment, where X € R"*? is the expression
matrix of the retained cells and y is the corresponding vector of disease labels. The label

space is restricted to
Y = {COPD, Normal} . (4.33)

Six feature-selection strategies were compared: the proposed method, ANOVA,
Wilcoxon rank-sum test, Random Forest feature importance, Recursive Feature Elimi-
nation (RFE), and a random feature subset used as a negative baseline. These methods
correspond to the same families already defined in the methodological framework and
were included here to compare the structural behavior induced by their reduced feature
subsets under a common geometric criterion.

For each strategy, the framework used a predefined subset of 25 genes. These iden-

tifiers were matched to the variables stored in the AnnData object through an automatic
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resolution procedure that removed Ensembl version suffixes when necessary and also
searched alternative gene annotations such as feature_name and gene_symbol.
Genes that could not be matched to the active dataset were recorded as missing and ex-
cluded from the corresponding method-specific analysis. This procedure ensured that all
methods were compared only on valid genes effectively represented in the expression
matrix.

After gene resolution, the method-specific expression matrix was extracted from
the filtered AnnData object. When required, sparse matrices were converted to dense
format for downstream numerical computation. In the current configuration, no additional
loglp transformation was applied, since the active matrix used in this stage did not
require further count-based transformation. Each extracted matrix was then standardized
using StandardScaler. For gene j, the standardized expression value for observation
1 is given by

2 = @ (4.34)
J

where p; and o; denote the mean and standard deviation of gene j within the reduced
matrix. Standardization was required to ensure that all selected genes contributed on a
comparable numerical scale to the subsequent distance-based analysis.

The main structural metrics were computed in the full standardized feature space

rather than in a two-dimensional projection. Let
zm e R (4.35)

denote the standardized matrix associated with method m, where ¢ is the number of valid
genes retained for that method. For each disease group r € ), the class centroid is defined
as

= z", (4.36)

|| '
" iel,
where I, is the set of observations assigned to group 7. The distance between the COPD

and normal centroids is then computed as

dcentroid = ||I'I’COPD - l‘l’Normal”Q : (437)

To characterize within-group compactness, the methodology computes the mean

Euclidean distance between each observation and the centroid of its own class. For group
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r, the within-group dispersion is defined as

1
o =7 3 HZZSW) — ) (4.38)
e

I
The pooled within-group dispersion is then given by

|Icopp| dcopp + | INormal| ONormal

(4.39)

S —
pocled ‘ICOPD’ + |INorma1’

The principal comparison criterion is the separation ratio:

dcentroid

Ryep = (4.40)

5pooled

which normalizes the displacement between class centroids by the average within-group
dispersion. This ratio follows the same general principle used in classical discriminant
analysis, in which class separation is evaluated through the relation between between-
group and within-group variability (FISHER, 1936). This ratio was adopted because cen-
troid distance alone cannot distinguish between a well-separated structure and a situation
in which large inter-centroid displacement coexists with broad class overlap. By contrast,
the separation ratio jointly reflects class displacement and compactness, providing a more
balanced description of the geometry induced by each feature subset.

To complement the centroid-based analysis, the methodology also computes three
additional structural metrics in the same full standardized feature space: the Silhouette
score (ROUSSEEUW, 1987), the Davies-Bouldin index (DAVIES; BOULDIN, 1979),
and the Calinski-Harabasz index (CALINSKI; HARABASZ, 1974). The Silhouette score
measures how well each observation matches its assigned class relative to the alternative
class. The Davies-Bouldin index summarizes the relation between within-group scat-
ter and between-group separation, with smaller values indicating more favorable struc-
ture. The Calinski-Harabasz index evaluates the ratio between between-group and within-
group dispersion, with larger values indicating stronger class organization. These quanti-
ties are interpreted as complementary geometric descriptors and not as substitutes for the
predictive metrics used in the main learning experiments.

Although the ranking of the methods is based on the full standardized feature
space, low-dimensional embeddings were also generated for qualitative inspection. For

each method-specific matrix, Principal Component Analysis was fitted independently
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with an upper bound of 10 components,

dpca = min(10,¢q,n — 1). (4.41)

and the first two principal components were used to visualize class overlap and centroid
displacement. In parallel, UMAP was computed using 15 neighbors, min_dist = 0.30,
Euclidean distance, and fixed random seed 42. These visualizations were used exclusively
for interpretation and figure generation. They do not define the primary ranking criterion,
which remains based on the metrics computed in the full standardized feature space.

For each feature-selection strategy, the framework stores the list of matched genes,
the list of unmatched genes, the PCA and UMAP visualizations, and a summary table
containing all structural metrics. The final comparison table ranks the methods according
to the separation ratio obtained in the full standardized space. This output structure makes
it possible to interpret the geometric behavior of the selected feature subsets alongside the
predictive and interpretability analyses described in the remaining parts of the chapter.

This complementary experiment does not modify the classifier optimization pro-
cedure described in the next subsection. Instead, it provides an additional structural per-
spective from which the reduced feature subsets can be compared before returning to the

specification of the supervised models and their associated hyperparameter search spaces.

4.4.3 Classifier search spaces

Each classifier is associated with a predefined search space. Logistic Regression
searches over the regularization strength, since regularization controls model complex-
ity and coefficient shrinkage in linear classifiers (HASTIE; TIBSHIRANI; FRIEDMAN,
2009; PEDREGOSA et al., 2011). k-Nearest Neighbors searches over neighborhood
size and weighting scheme, because the number of neighbors and the contribution as-
signed to nearby observations directly affect the decision boundary (COVER; HART,
1967; ALTMAN, 1992; PEDREGOSA et al., 2011). Support Vector Machine searches
over the margin penalty parameter C', which controls the trade-off between margin max-
imization and training-error penalization (CORTES; VAPNIK, 1995). Random Forest
searches over the number of trees and maximum tree depth, two parameters directly
related to ensemble size, variance reduction, and tree complexity (BREIMAN, 2001;

PROBST; WRIGHT; BOULESTEIX, 2019). Multilayer Perceptron searches over hidden-
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layer configuration, activation function, solver, and regularization strength, because these
parameters define the network architecture, non-linear transformation, optimization pro-
cedure, and weight penalization (GOODFELLOW; BENGIO; COURVILLE, 2016; PE-
DREGOSA et al., 2011).

The search spaces were intentionally bounded. Hyperparameter optimization re-
quires repeated model fitting, and broader search spaces increase computational cost with-
out necessarily improving model selection under a fixed evaluation budget (BERGSTRA;
BENGIO, 2012; SNOEK; LAROCHELLE; ADAMS, 2012; BERGSTRA et al., 2015b).
The selected ranges were therefore defined to cover materially different model behaviors
while preserving computational feasibility across classifiers, cross-validation folds, and

cell type-specific tasks.

4.4.4 Final hold-out evaluation

After cross-validation and model comparison, a final train-test evaluation is per-

formed for the selected method:
D, =Dy uDe, Dt NDE =, D] = 0.30 (D (4.42)

The 70/30 partition was chosen to preserve enough data for final training while
retaining a sufficiently large independent test set for evaluation. This final stage ensures
that the model reported in the dissertation is not evaluated exclusively through the same

procedure used for model comparison.

4.5 Complexity and Implementation Considerations
4.5.1 Computational complexity of the framework

The framework combines multiple computationally expensive stages: PCA has
complexity dependent on the matrix dimensions and the decomposition method. Neigh-
borhood graph construction depends on the number of observations and retained compo-
nents. Cross-validation multiplies the cost of feature selection, balancing, optimization,
and model fitting by the number of folds.

The total complexity is further increased by the number of cell types analyzed
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independently. If C7 is the number of valid cell types, K is the number of folds, M is
the number of classifiers, and £ is the number of hyperparameter evaluations, the total

number of optimization fits is on the order of

OCr-K-M-E). (4.43)

This multiplicative structure justifies several practical choices in the methodology,
such as limiting the number of PCA components, capping hyperparameter evaluations at

50, and using 5-fold rather than more expensive repeated or nested outer protocols.

4.5.2 Memory considerations

Transcriptomic matrices from single-cell assays are typically sparse, because many
entries in cell-by-gene matrices are zero or near zero (JIANG et al., 2022). The frame-
work therefore preserves sparse representations whenever possible and converts matrices
to dense format only when required by specific downstream operations. This design fol-
lows the data-management principles used in the single-cell Python ecosystem, where
AnnData and SciPy support sparse matrices to reduce memory usage and enable efficient
handling of high-dimensional biological data (WOLF; ANGERER; THEIS, 2018; VIR-
SHUP et al., 2024; VIRTANEN et al., 2020). Because support for sparse input varies
across estimators and preprocessing functions, dense conversion is restricted to the spe-
cific stages that require it, such as selected classifier-fitting or feature-ranking routines
(PEDREGOSA et al., 2011).

Memory usage is particularly relevant during cell type-specific analysis. By pro-
cessing one cell type at a time, the framework limits peak memory consumption compared
with a design that would attempt to optimize models for all cell types simultaneously.
This strategy is consistent with best-practice recommendations for scalable single-cell
workflows, which emphasize memory-aware data structures, sparse matrices, and partial

processing of large annotated matrices (HEUMOS et al., 2023; VIRSHUP et al., 2024).

4.5.3 Scalability considerations

The methodology was designed to scale across multiple cell types and multiple

classifier families, but not to treat all cell types in a single global model. This was an
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intentional scalability trade-off. A single monolithic model might appear simpler from
an implementation perspective, but would be more difficult to interpret and more likely
to confound cell identity with condition. The chosen design scales by decomposition: a
large biological problem is split into smaller computational tasks.

This decomposition also enables selective re-execution. If a failure occurs for one

cell type, the entire framework does not need to be restarted.

4.5.4 Determinism and reproducibility

A fixed random seed is used throughout the framework whenever possible. This
affects fold generation, undersampling, hyperparameter optimization state initialization,
classifier construction, and stochastic feature-selection baselines. The purpose of fixing
the random seed is not to eliminate stochasticity entirely, but to ensure that the computa-
tional experiments are reproducible.

The framework also records execution logs, metadata, hyperparameters, feature
rankings, model outputs, and summary tables. This level of traceability was considered
essential because a Computer Science dissertation must allow the methodological chain

to be inspected, repeated, and audited.

4.5.5 Output organization

The framework stores outputs at multiple levels:

Global-level exploratory outputs;

Cell type-specific preprocessing outputs;

Fold-level feature-selection and evaluation outputs;

Model-level hyperparameter and metric summaries;

Interpretability outputs;

Integrated summary tables.

This organization was chosen to support both debugging and scientific reporting.
Intermediate artifacts are valuable not only for implementation verification, but also for
methodological transparency. They allow each result in the final thesis to be traced back

to the exact stage in which it was generated.
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4.6 Chapter Summary

This chapter provided the study with its methodological framework. The Research
Design provided the framework with analytical principles for leakage control, local bio-
logical context, and interpretability. The Algorithmic framework gave the analysis a com-
putational sequence from the annotated matrix to the integrated feature tables. The Ex-
perimental Protocol provided the comparison with training, optimization, and evaluation
procedures for feature-selection methods and classifiers. The Complexity and Implemen-
tation Considerations gave the implementation a description of computational trade-offs,
memory constraints, reproducibility procedures, and output organization.

The next chapter, Results, applies this framework to the analyzed single-cell tran-
scriptomic data and presents the outcomes of feature selection, model evaluation, multi-

objective selection, and SHAP-based interpretation.



62

S RESULTS

5.1 Introduction

This chapter reports the results obtained from the proposed computational frame-
work. The organization follows the main stages of the methodology and compares machine-
learning-based feature selection with traditional strategies. The chapter first describes
preprocessing and data-quality outcomes, then reports classification results for each eval-
uated model and feature-selection strategy. It then presents the multiobjective analysis
used to identify compromise solutions across performance metrics. Finally, it examines
interpretability, stability, and downstream biological validation through functional enrich-
ment. This structure relates predictive performance to reproducibility and biological co-

herence.

5.2 Chronic obstructive pulmonary disease dataset

To evaluate the proposed framework, we used the single-cell RNA-sequencing
dataset reported by (RUSTAM et al., 2023). In their study, the authors investigated the
cellular organization of human distal airways and its disruption in chronic obstructive pul-
monary disease (COPD). They generated a transcriptomic atlas comprising 111,412 sin-
gle cells collected from anatomically defined airway regions, including proximal airways,
pre-terminal airways, and terminal airway regions, from healthy lung donors and subjects
with COPD. More specifically, the scRNA-seq dataset included cells isolated from the
proximal airways of 5 healthy donors, pre-terminal airways of 12 healthy donors, termi-
nal airways of 5 patients with COPD, and terminal airways of 7 healthy donors. The study
focused on distal conducting airways, particularly preterminal and terminal bronchioles,
and identified region-specific epithelial, structural, and immune cell populations across
the proximal distal airway axis.

For the present work, this published dataset was used as a benchmark to test the
proposed computational framework under a biologically relevant and clinically motivated
setting. However, to reduce potential confounding effects associated with sex-specific
transcriptional variation, only male samples were retained for the analyses performed in
this study. This restriction was also motivated by sample availability, as male donors

contributed more cells to the dataset subset used here. Therefore, the dataset analyzed in
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Figure 5.1: Global UMAP projection of the male-restricted dataset colored by annotated
cell type. The embedding preserves broad cellular diversity and shows that the retained
subset spans the major transcriptional populations used in the downstream analyses.

this dissertation corresponds to a sex-restricted subset of the original publication, selected
to improve comparability across samples and to minimize sex-related bias in downstream
feature selection and classification analyses.

The UMAP projection colored by annotated cell types shows the cellular diver-
sity retained in the dataset (Figure 5.1), whereas the UMAP colored by condition shows
the distribution of normal and COPD-derived cells across the transcriptional landscape

(Figure 5.2). Figure 5.3 summarizes the relative abundance of each annotated cell type.

5.2.1 Global quality control and filtering

The male-restricted dataset initially contained 69,366 cells and 36,397 genes. Dur-
ing object diagnosis, the active matrix was identified as a f1oat 64 matrix with no ad-
ditional layers, although a raw slot was available. Based on the automatic preprocessing
diagnosis, the dataset was classified as author_gc_mode, indicating that the matrix
was already curated or transformed. This interpretation was supported by the low frac-
tion of approximately integer-valued entries (0.0121), the relatively small maximum ob-
served value (6.5699), and the presence of precomputed embeddings. Therefore, no new
normalize_total or loglp step was applied.

At the global filtering stage, no cells were removed due to missing annotations,
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Figure 5.2: Global UMAP projection of the male-restricted dataset colored by condi-
tion. The embedding shows substantial overlap between normal and chronic obstructive
pulmonary disease cells in the global transcriptional landscape, which reinforces the dif-
ficulty of the classification problem.

Figure 5.3: Relative abundance of each annotated cell type in the male-restricted dataset.
The bar plot shows that the dataset retained broad cellular coverage, although cell-type
abundance varied markedly across populations.
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and no cell types were excluded by the minimum size threshold of 30 cells. In contrast,
genes with zero expression across the active matrix were removed, reducing the feature
space from 36,397 to 31,902 genes. Thus, the global quality-control stage preserved
all cells while removing 4,495 uninformative genes. After filtering, PCA, neighborhood
graph construction, and global UMAP embedding were completed.

Table 5.1: Summary of global quality-control and filtering steps applied to the male-
restricted dataset.

Step Before After Removed
Cells after annotation validation 69,366 69,366 0
Genes after zero-only filtering 36,397 31,902 4,495

At the cell-type-specific stage, 27 cell populations met the minimum class require-
ments. They were processed in the downstream framework, whereas 17 populations were
excluded because they did not retain sufficient class representation after local filtering
(see Table 5.2). The excluded cell types were serous cell of epithelium of lobular bronchi-
ole, respiratory tract suprabasal cell, deuterosomal cell, pulmonary neuroendocrine cell,
endothelial cell of artery, unknown, lung resident memory CDS8-positive, alpha-beta T
cell, natural killer cell, vascular associated smooth muscle cell, Schwann cell, pulmonary
alveolar type 1 cell, pulmonary ionocyte, serous secreting cell of bronchus submucosal
gland, mucus secreting cell of bronchus submucosal gland, myoepithelial cell of bronchus

submucosal gland, neutrophil, and plasmacytoid dendritic cell.

Table 5.2: Eligibility of cell types for downstream analysis.

Category Number of cell types
Processed cell types 27
Skipped due to insufficient classes after filtering 17

5.2.2 CD4-positive alpha-beta T cells

5.2.2.1 Preprocessing outcomes

The CD4-positive, alpha-beta T cell population satisfied the minimum require-
ments for downstream modeling and was therefore retained for cell type-specific analy-
sis. After local filtering, both target classes remained represented, allowing this subset to

proceed to cross-validation and supervised learning. No evidence of class collapse was
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observed at this stage, confirming that this population constituted a valid classification
problem within the proposed framework.

A marked class imbalance was observed in the training partitions of all cross-
validation folds. In each fold, the training set contained 6,417 cells from the normal class
and 320 cells from the chronic obstructive pulmonary disease class. To avoid bias toward
the majority class during feature selection and model fitting, random undersampling was
applied within each training fold. As a result, the balanced training set used in every fold
contained 320 cells per class, yielding a final training distribution of 320 normal cells and
320 chronic obstructive pulmonary disease cells.

Thus, for the CD4-positive, alpha-beta T cell subset, preprocessing at the cell
type-specific stage preserved class eligibility but revealed a strong imbalance between
conditions, which was systematically corrected before downstream feature selection and

classification.

5.2.2.2 Comparative classification performance, multiobjective selection, and final MLP

evaluation

Table 5.6 summarizes the comparative performance of all evaluated classifiers for
the CD4-positive, alpha-beta T cell subset. Among the tested models, the Multilayer
Perceptron (MLP) produced the largest values for accuracy (0.9006), sensitivity (0.9051),
specificity (0.9051), and macro Fl-score (0.7057). These results indicate that, in this
subset, the MLP represented the condition-associated structure more effectively than the
other evaluated classifiers.

The Pareto frontier analysis reinforced this result. Figure 5.4 shows that the MLP
occupied the most favorable region of the comparative performance profile and achieved
the strongest joint balance across accuracy, sensitivity, specificity, and macro Fl-score.
Logistic Regression and SVM formed an intermediate-performance group. In contrast,
KNN and Random Forest showed the weakest overall behavior, particularly in macro
F1-score, indicating a less balanced trade-off between precision and recall under the im-
balanced evaluation setting.

Based on this combined evidence, we selected the MLP as the final classifier for
downstream interpretability analysis. Table 5.7 reports the hyperparameter configuration
of the selected model. The final architecture consisted of two hidden layers with 50
neurons each, ReLLU activation, Adam optimization, and o = 0.0893, providing the best

balance between discrimination capacity and generalization within the proposed leakage-
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aware framework.

To obtain an independent estimate of predictive performance, we retrained the
selected MLP on the training partition and evaluated it on the held-out test set. Table 5.8
shows that the final model achieved an accuracy of 0.8805, macro sensitivity of 0.8977,
macro specificity of 0.8977, and macro F1-score of 0.6774. Although these values were
slightly lower than the cross-validated averages, they remained consistent with the ranking
observed during model comparison. They confirmed that the selected classifier retained
strong predictive ability on unseen data.

The confusion matrices provided additional insight into model behavior. Across
cross-validation folds, the MLP showed a stable predominance of correct classifications
along the main diagonal, indicating consistent generalization across partitions (Figure 5.5).
The final train test confusion matrix preserved this pattern, and the ROC analysis fur-
ther supported this result (Figure 5.6). In the independent evaluation, the MLP achieved
an AUC of 0.96 for both classes, indicating excellent separability between normal and
chronic obstructive pulmonary disease samples.

Because the dataset remained imbalanced, the F1-score represents the most ro-
bust metric for interpreting final performance, as it better captures the joint behavior of
precision and recall than accuracy alone. Thus, although accuracy, sensitivity, and speci-
ficity were high, the lower macro Fl-score indicates that minority-class prediction re-
mained more challenging in the held-out test set. Even so, the final MLP demonstrated
satisfactory generalization and provided a suitable basis for the subsequent SHAP-based
interpretability analysis.

Beyond classifier performance, the comparison of feature-selection methods re-
vealed both shared and method-specific structures within the CD4-positive, alpha-beta
T-cell subset. Figure 5.7 shows that the top-25 gene lists overlapped only partially across
methods, which indicates that each strategy captured a different notion of relevance.
The proposed method shared 11 genes with RFE and 9 genes with both Wilcoxon and
ANOVA, whereas Wilcoxon and RFE showed the smallest overlap. Figure 5.8 comple-
ments this result by showing that Random Forest, RFE, and ANOVA produced distinct
score distributions for their top-ranked genes and differed sharply in computational cost.
In particular, RFE was the most expensive method, whereas ANOVA and Wilcoxon re-

mained computationally lightweight.
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Table 5.3: Hyperparameters selected in each fold for the CD4-positive, alpha-beta T cell
subset.

Fold Model Selected hyperparameters
1 LogisticRegression C = 0.4862, penalty=12, solver=lbfgs, max_iter=1000
1 KNN n_neighbors = 6, weights=uniform
1 SVM C' = 0.1440, kernel=linear
1 RandomForest n_estimators = 200, max_depth=20
1 MLP hidden_layer_sizes=(50,), activation=relu, alpha=0.055574, solver=adam
2 LogisticRegression C = 0.2965, penalty=I12, solver=lbfgs, max_iter=1000
2 KNN n_neighbors = 4, weights=distance
2 SVM C = 0.4973, kernel=linear
2 RandomForest n_estimators = 200, max_depth=8
2 MLP hidden_layer_sizes=(50,50), activation=relu, alpha=0.000180, solver=adam
3 LogisticRegression C = 3.3757, penalty=I12, solver=Ibfgs, max_iter=1000
3 KNN n_neighbors = 2, weights=uniform
3 SVM C' = 1.4089, kernel=linear
3 RandomForest n_estimators = 100, max_depth=11
3 MLP hidden_layer_sizes=(50,), activation=relu, alpha=0.020910, solver=adam
4  LogisticRegression C = 0.7981, penalty=I12, solver=lbfgs, max_iter=1000
4 KNN n_neighbors = 4, weights=uniform
4 SVM C = 0.7071, kernel=linear
4 RandomForest n_estimators = 100, max_depth=11
4 MLP hidden_layer_sizes=(50,50), activation=relu, alpha=0.003023, solver=adam
5 LogisticRegression C = 0.8459, penalty=I12, solver=lbfgs, max_iter=1000
5 KNN n_neighbors = 10, weights=distance
5 SVM C = 0.1724, kernel=linear
5 RandomForest n_estimators = 300, max_depth=8
5 MLP hidden_layer_sizes=(50,50), activation=relu, alpha=0.000193, solver=adam
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Table 5.4: Fold-wise classification performance for the CD4-positive, alpha-beta T cell
subset.

Fold Model Accuracy Sensitivity Specificity F1-score Time (s)

1 LogisticRegression  0.8861 0.8749 0.8749 0.6775 3.1533

1 KNN 0.8582 0.8483 0.8483 0.6398 1.4785

1 SVM 0.8629 0.8508 0.8508 0.6451 7.0130
1 RandomForest 0.8190 0.8515 0.8515 0.6067  114.3384
1 MLP 0.9139 0.9073 0.9073 0.7256  150.4664
2 LogisticRegression ~ 0.8558 0.9005 0.9005 0.6516 3.1173
2 KNN 0.8623 0.8624 0.8624 0.6478 1.7482
2 SVM 0.8558 0.8827 0.8827 0.6469 7.0920
2 RandomForest 0.8000 0.8594 0.8594 0.5942  105.5678
2 MLP 0.8837 0.9033 0.9033 0.6827  143.3167
3 LogisticRegression  0.8901 0.8770 0.8770 0.6832 3.5104
3 KNN 0.8135 0.8606 0.8606 0.6047 1.5918
3 SVM 0.8943 0.8792 0.8792 0.6892 6.3587
3 RandomForest 0.8355 0.8840 0.8840 0.6286  92.5012
3 MLP 0.8967 0.9042 0.9042 0.6996  140.0215
4  LogisticRegression  0.8925 0.9139 0.9139 0.6968 3.0881
4 KNN 0.8343 0.8715 0.8715 0.6244 1.6364
4 SVM 0.8854 0.8923 0.8923 0.6818 7.7385
4 RandomForest 0.8610 0.9211 0.9211 0.6622  92.6245
4 MLP 0.9026 0.9370 0.9370 0.7168  146.3889
5  LogisticRegression  0.9074 0.8682 0.8682 0.7038 3.0019
5 KNN 0.8729 0.8680 0.8680 0.6605 2.2285
5 SVM 0.8996 0.8820 0.8820 0.6972 7.5074
5 RandomForest 0.8605 0.8792 0.8792 0.6507  108.5508
5 MLP 0.9062 0.8736 0.8736 0.7038  150.4991
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Table 5.5: Aggregated classification performance across folds for the CD4-positive,
alpha-beta T cell subset.

Model Accuracy Sensitivity Specificity F1-score

KNN 0.8483 +0.0240 0.8621 +0.0089 0.8621 £ 0.0089 0.6354 + 0.0216
LogisticRegression 0.8864 + 0.0189 0.8869 + 0.0194 0.8869 4+ 0.0194 0.6826 + 0.0203
MLP 0.9006 + 0.0113  0.9051 +0.0225 0.9051 £ 0.0225 0.7057 £ 0.0165
RandomForest 0.8352 +0.0265 0.8790 4+ 0.0271 0.8790 £ 0.0271  0.6285 £ 0.0286
SVM 0.8796 +0.0193 0.8774 +0.0157 0.8774 £ 0.0157 0.6720 £ 0.0244

Table 5.6: Comparative performance of the evaluated classifiers for the CD4-positive,
alpha-beta T cell subset. The MLP was the only Pareto-optimal model and achieved the
highest individual hypervolume score.

Model Accuracy Sensitivity Specificity Fl-score HYV score
KNN 0.8483 0.8621 0.8621 0.6354 0.4006
Logistic Regression  0.8864 0.8869 0.8869 0.6826 0.4759
MLP 0.9006 0.9051 0.9051 0.7057 0.5206
Random Forest 0.8352 0.8790 0.8790 0.6285 0.4056
SVM 0.8796 0.8774 0.8774 0.6720 0.4551

Table 5.7: Hyperparameters of the final MLP selected for interpretability analysis.

Hyperparameter Value
Activation RelLU
Alpha 0.0893
Hidden layer sizes (50, 50)
Max iterations 500
Random state 42
Solver Adam

Table 5.8: Final train test performance metrics obtained by the MLP model.

Model

Accuracy Sensitivity  Specificity F1-score

MLP 0.8804 0.8976 0.8976 0.6774
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Figure 5.4: Comparative macro-metrics of the evaluated classifiers in the CD4-positive,
alpha-beta T cell subset. The MLP achieved the strongest overall balance across accuracy,
sensitivity, specificity, and macro F1-score.

Figure 5.5: Confusion matrices obtained across the five cross-validation folds for the final
MLP in the CD4-positive, alpha-beta T cell subset. The dominant main diagonal indicates
stable classification across partitions, although minority-class errors persisted.
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Figure 5.6: Independent train test evaluation of the final MLP in the CD4-positive, alpha-
beta T cell subset. (A) Final confusion matrix of the selected MLP in the independent
train test evaluation. (B) ROC curve of the final MLP model, showing the discriminative
performance for both classes.

Figure 5.7: Comparison of feature-selection methods for CD4-positive, alpha-beta T cells.
(A) UpSet plot of the top 25 genes selected by each method. (B) Venn diagram of overlaps
among the top 25 genes from the various methods. (C) Heatmap of gene intersections
shows ANOVA and random forest shared the most genes (15), followed by random forest
and RFE (12), and the proposed method with RFE (11). The proposed method shared 9
genes with Wilcoxon and ANOVA, while Wilcoxon and RFE had the least overlap (4).
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Figure 5.8: Comparison of feature-selection methods for CD4-positive, alpha-beta T cells.
(A B C) Ranking of the top 25 genes based on Random Forest importance, RFE score,
and ANOVA score, respectively. (D) Computational time across methods.
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Figure 5.9: SHAP-based interpretability results for the final MLP in CD4-positive, alpha-
beta T cells. (A) Mean absolute SHAP ranking of the top 25 genes in the final model. (B)
SHAP beeswarm plot for the chronic obstructive pulmonary disease output. (C) Spearman
correlation between gene expression and SHAP attribution. (D) Volcano-like representa-
tion of the SHAP expression Spearman correlations.
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5.3 Interpretability results

5.3.1 SHAP global importance

This subsection presents the SHAP-based global feature-importance results for
the best-performing classifier. The global SHAP ranking identified RPS4Y1 as the most
influential gene, followed by DNAJBI, SFTPC, HSPAIB, and DDX3Y (Table 5.9). Other
highly ranked genes included JUND, EZR, RPS26, PLCG2, and UBXNI. The ranking
also retained XIST, RPSS5, CRIP1, RPSS, MT-ND4L, GIMAP7, HSPAIA, JUNB, PTPRC,
RPILAI, RPL27, SMCHDI1, YBX1, SLC25A6, and RPS15A among the top 25 genes. These
results show that the classifier relied on a compact set of genes with consistently high
contributions to the model output.

Table 5.9 further shows that the top-ranked genes combined high mean absolute
SHAP values with mean SHAP values close to zero. This pattern indicates that these
genes strongly influenced predictions across samples but did not act in a uniform direction
across all observations. Instead, the local contribution of each gene varied according to the
molecular context of individual cells. Figure 5.9A supports this interpretation by showing
the genes with the largest mean absolute SHAP values in the final model. In this panel,
RPS4Y]1 remained the dominant feature, while DNAJBI, SFTPC, JUND, and EZR also
showed strong global importance.

Because we computed SHAP values on the final selected feature matrix, the top
SHAP genes overlapped with the genes retained during feature selection. Therefore, the
global interpretability analysis confirmed that the classifier assigned the greatest attribu-
tion to genes already prioritized during the selection step. Taken together, these results
demonstrate that the final model relied on a biologically coherent and internally consistent

feature set.

5.3.2 Class-specific SHAP interpretation

The class-specific SHAP outputs showed that several genes contributed strongly to
the chronic obstructive pulmonary disease output. Figure 5.9B presents the class-specific
SHAP beeswarm plot for chronic obstructive pulmonary disease. In this panel, genes
such as RPS4Y1, EZR, DNAJBI, HSP90AAI, JUND, and SFTPC displayed broad SHAP

distributions, which indicates that these genes exerted strong and heterogeneous effects
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Table 5.9: Top 25 genes ranked by mean absolute SHAP value, indicating their contribu-

tion to the model predictions.

Gene SHAP mean SHAP std Mean absolute SHAP Rank
RPS4Y1 —3.5243 x 10719 2.3850 x 1018 0.0363211 1
DNAJB1 3.7185 x 1019 1.4083 x 1018 0.0212272 2
SFTPC 4.3333 x 10—20 6.6110 x 10—19 0.0115264 3
HSPAIB —6.3060 x 10720 1.6550 x 1018 0.0111047 4
DDX3Y 4.1907 x 10—19 0.0 0.0104498 5
JUND —1.6705 x 10719 1.1166 x 1018 0.0097059 6
EZR 3.1757 x 10—19 1.2255 x 10~18 0.0092657 7
RPS26 —4.6467 x 10719 1.1991 x 1018 0.0083718 8
PLCG2 2.5495 x 10—19 0.0 0.0077492 9
UBXNI1 6.2825 x 10—19 6.4192 x 1019 0.0071792 10
XIST 1.0362 x 10— 19 5.4864 x 10—19 0.0062192 11
RPS5 2.6427 x 1019 1.1429 x 10—19 0.0061579 12
CRIP1 2.9022 x 1019 9.5716 x 10—19 0.0059109 13
RPS8 —2.5533 x 10719 1.1048 x 1018 0.0054927 14
MT-ND4L 1.9592 x 10— 19 9.9325 x 1020 0.0051635 15
GIMAP7 1.5790 x 10— 19 5.9510 x 10—19 0.0049548 16
HSPAIA 4.4034 x 10—19 5.6989 x 1019 0.0049546 17
JUNB —3.1062 x 10719  8.2395 x 10—19 0.0048691 18
PTPRC —1.0834 x 1018 0.0 0.0046386 19
RPL41 —2.1033 x 10719 7.7998 x 1019 0.0045583 20
RPL27 5.8678 x 1020 5.8911 x 1019 0.0044920 21
SMCHD1 5.5870 x 10—19 0.0 0.0044080 22
YBX1 4.2308 x 10—19 7.0556 x 10—19 0.0043728 23
SLC25A6  —1.2540 x 10~19  5.0597 x 10— 19 0.0039962 24
RPS15A 1.5132 x 10~ 19 5.4844 x 10—19 0.0037027 25
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across observations.

Figure 5.9B further shows that high expression values of some genes shifted
SHAP values toward the chronic obstructive pulmonary disease class, whereas negative
SHAP values reduced support for that output and therefore favored the alternative class.
This result indicates that the model used a shared core of discriminative genes, but modu-
lated their local contributions according to the transcriptional context of each observation.
In particular, genes such as SFTPC, RPS4Y1, and DNAJBI produced strong positive and
negative attributions across cells, which confirms that the final model did not rely only on
globally important features, but also on structured local attribution patterns that separated

chronic obstructive pulmonary disease from normal samples.

5.3.3 Correlation between SHAP values and gene expression

To further interpret the model, we evaluated the Spearman correlation between
gene expression and SHAP attribution. Figure 5.9C presents the dot plot of the strongest
expression-attribution correlations, whereas Figure 5.9D presents the corresponding volcano-
like representation. These panels show that several genes exhibited negative correlations,
including GIMAP7, LRRFIPI, RPL36A, RPS19, CRIP1, and RPS15. In contrast, other
genes showed positive correlations, including HSP90AA1, JUNB, JUND, and ANXAI.

Figure 5.9C shows that negative correlations predominated among the strongest
associations, which suggests that higher expression of several genes reduced disease-
associated attribution or reinforced control-associated prediction. In contrast, the posi-
tively correlated genes clustered on the right side of the plot, indicating that higher expres-
sion contributed more to disease prediction. Figure 5.9D reinforces this interpretation by
showing that the most significant genes combined relatively large effect sizes with strong
statistical support. Together, these results indicate that the classifier did not uniformly
favor highly expressed genes or lowly expressed genes. Instead, it learned structured
monotonic relationships in which the predictive contribution of a gene depended on both
its expression level and the class context.

Overall, the SHAP analysis demonstrated that the final classifier relied on a stable
group of globally important genes, assigned class-dependent effects to these genes, and
captured biologically meaningful relationships between gene expression and predictive
contribution. Together, Table 5.9 and Figure 5.9A D show that the model achieved not

only strong predictive performance but also a coherent and interpretable decision struc-
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ture.

5.4 Comparative low-dimensional structure preservation

5.4.1 Comparative low-dimensional structure preservation and full-space class sep-

aration

Figure 5.10 compares the geometric organization induced by the feature subsets
selected by ANOVA, the proposed method, Random Forest, RFE, Wilcoxon, and random
selection. Panels (A) (F) show the PCA projections reconstructed from the features se-
lected by each method. In contrast, panel (G) summarizes the quantitative comparison of
class separation in the full standardized feature space using the separation ratio, defined
as the centroid distance normalized by the pooled within-class dispersion. This distinc-
tion is critical for interpretation. The PCA panels provide a qualitative two-dimensional
representation of the data, while panel (G) reports the quantitative metric used for method
comparison in the original multivariate space after standardization.

A first important result is that the visual arrangement of the classes in PCA did not
fully reproduce the ranking obtained from the full-space separation ratio. This outcome
is methodologically expected. PCA is a linear projection that compresses the multivariate
structure of the selected features into two orthogonal components that maximize variance,
not necessarily class discrimination. Therefore, visual separation in the PCA plane should
be interpreted as an exploratory summary of the dominant low-dimensional structure,
rather than as a direct measure of global class separability. In contrast, the separation ratio
shown in panel (G) was computed in the full standardized feature space and incorporates
both the distance between class centroids and the internal spread of the classes. For
this reason, panel (G) provides a more rigorous basis for quantitative comparison across
feature selection methods.

Among the evaluated approaches, ANOVA produced the highest separation ratio
in the full standardized space (1.402), followed by Random Forest (1.346), RFE (1.089),
the proposed method (1.029), and Wilcoxon (1.003). Random selection yielded a substan-
tially lower ratio (0.175), indicating very limited structured class separation. These values
show that ANOVA and Random Forest generated the feature subsets with the strongest
balance between inter-class separation and intra-class compactness. In contrast, the pro-

posed method and Wilcoxon produced more modest global discrimination under this spe-
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cific geometric criterion. Importantly, the proposed method did not exhibit a collapse
in the centroid distance itself. Rather, its lower ratio resulted from the combination of
moderate centroid separation and relatively high pooled dispersion, which reduced the
normalized separation score.

This point becomes clearer when panel (B) is compared with panel (G). In the
PCA projection of the proposed method, the two classes appear visually displaced, and
the centroids are clearly separated in the projected plane. At first sight, this could suggest
stronger class discrimination than that reflected in the quantitative ranking. However, this
apparent discrepancy does not indicate an error. Instead, PCA emphasizes the directions
of the largest variance in two dimensions, whereas the separation ratio summarizes the
relationship between centroid displacement and class spread across the entire standardized
feature space. In the proposed method, the projected centroids are visually distinct, but
the class clouds remain relatively broad and partially overlap. Consequently, once within-
class dispersion is taken into account in the full feature space, the normalized separation
becomes only slightly greater than 1.0, placing this method below ANOVA, Random
Forest, and RFE.

Negative Silhouette values observed in some cell type method combinations should
not be interpreted as a contradiction of the predictive results, but rather as evidence that
class labels do not always coincide with a simple cluster structure in the analyzed feature
space. In these cases, disease and control cells may remain locally intermixed even when
the selected features still support useful decision boundaries for supervised classification.
This distinction is important because Silhouette quantifies geometric cohesion and sepa-
ration under a distance-based view of the data, whereas the predictive models evaluated in
this study may exploit more complex class structure, including non-linear or distributed
signal that is not fully captured by centroid-based or low-dimensional geometric sum-
maries.

A similar reasoning applies to Wilcoxon in panel (E). Although the PCA projec-
tion shows an organized global structure with visible directional separation, the quanti-
tative ratio in panel (G) remained close to unity (1.003). This indicates that the visual
distinction observed in two dimensions was not accompanied by a strong gain in centroid
separation relative to pooled dispersion in the multivariate space. Thus, the PCA repre-
sentation alone would overestimate the effective class separation if interpreted without
the full-space metric.

By contrast, ANOVA in panel (A) and Random Forest in panel (C) yielded the
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highest quantitative separation ratios, even though their PCA panels do not necessarily
produce the most immediately striking visual separation at first inspection. Their superior
performance in panel (G) indicates that these methods selected feature subsets in which
the class centroids were more favorably displaced relative to internal class variability in
the full standardized space. In other words, they achieved a better geometric trade-off
between separation and compactness. This is precisely why the ratio-based comparison is
more informative than visual inspection alone. A method may appear visually separated
in two dimensions but still perform worse quantitatively if the selected feature space also
produces broad, diffuse, or heterogeneous class distributions.

RFE in panel (D) occupied an intermediate position. Its separation ratio (1.089)
was lower than that of ANOVA and Random Forest, but still higher than those of the
proposed method and Wilcoxon. This suggests that RFE retained features capable of
producing some degree of centroid displacement with moderate control of class disper-
sion, although not enough to match the leading methods under this metric. The pro-
posed method, in turn, remained close to RFE, indicating that its selected feature subset
preserved non-random class structure but did not achieve the strongest global geometric
discrimination among the tested strategies.

The random selection baseline, shown in panel (F), provides an important refer-
ence for interpretation. Its PCA projection showed a highly unstable, poorly structured
geometry, and its separation ratio was markedly lower than those of all informed methods.
This result confirms that the feature subsets selected by the biologically and statistically
guided methods captured the true transcriptomic structure relevant to the classification
problem. In contrast, randomly chosen genes failed to preserve meaningful class organi-
zation. Therefore, even methods with moderate ratios, such as the proposed method and
the Wilcoxon method, still performed substantially better than a null feature-selection
baseline.

Taken together, these results support three methodological conclusions. First, low-
dimensional PCA projections are useful for qualitative inspection of the structure induced
by each selected feature subset. Still, they should not be used as the sole basis for rank-
ing feature selection methods. Second, the full standardized-space separation ratio pro-
vides a more appropriate quantitative summary because it jointly considers between-class
centroid displacement and within-class dispersion. Third, under this criterion, the pro-
posed method preserved a detectable and non-random disease-related structure. Still, its

selected features did not achieve as effective global class separation as ANOVA and Ran-



81

dom Forest. The lower ranking of the proposed method in panel (G) should therefore be
interpreted not as a contradiction of panel (B), but rather as evidence that visual separation
in two dimensions was insufficient to compensate for the broader multivariate dispersion
associated with its feature subset.

From a biological and analytical perspective, this finding is relevant because it
shows that different feature selection methods may emphasize different properties of the
data. Some methods favor a broader variance structure that produces visually expressive
PCA organization. In contrast, others may prioritize features that yield tighter class com-
pactness and stronger centroid-based discrimination in the original standardized space.
Accordingly, the proposed method should not be judged solely based on centroid sepa-
ration. Its full evaluation must also consider classification performance, stability, inter-
pretability, and downstream biological coherence, since geometric separation represents

only one aspect of feature subset quality.

5.5 Functional enrichment and biological validation

5.5.1 Functional enrichment of selected genes by each method

To biologically validate the features selected by each method, we performed a
functional enrichment analysis of the top 25 genes identified by the proposed method,
Wilcoxon, ANOVA, random forest feature importance, and RFE. For the proposed method,
we defined the final feature set as the genes ranked by aggregated SHAP feature impor-
tance, thereby selecting the genes with the highest aggregated SHAP importance across
folds. We then submitted the top-ranked genes from each method to ShinyGO. We in-
vestigated Gene Ontology categories for Biological Process and Molecular Function, to-
gether with protein protein interaction analysis in STRINGdb. For the STRINGdb anal-
ysis, we set the minimum required interaction score to high confidence (0.700) to retain
only strongly supported protein protein interactions. Before enrichment, we converted
Ensembl gene identifiers into gene symbols using the BioTools web tool to ensure com-
patibility with downstream annotation resources. We further supported the biological
interpretation of enriched terms using annotations from the Gene Ontology resource.

Figure 5.11 summarizes the interaction networks and enriched functional cate-
gories obtained for each feature-selection strategy. The proposed method produced a

compact interaction network with a central cluster enriched for ribosomal and transla-
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Figure 5.10: (A)-(F) show PCA projections reconstructed from the features selected by
each method. Colored points represent samples from the two disease groups, and the
markers indicate class centroids in the projected space. (G) reports the separation ratio
computed in the full standardized feature space, defined as centroid distance normalized
by pooled within-class dispersion.
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tional genes, including RPS4Y1, RPS5, RPSS, RPS26, RPL27, RPL41, and RPS15A, to-
gether with smaller subnetworks involving stress-response and chaperone-related genes
such as HSPAIA, HSPAIB, and DNAJBI. Consistent with this structure, Figure 5.11A
shows that the proposed method significantly enriched biological processes related to cy-
toplasmic translation, translation, and chaperone cofactor-dependent protein refolding. It
also identified terms linked to stress adaptation and regulatory programs, including neg-
ative regulation of transcription from RNA polymerase Il promoter in response to stress,
regulation of mitotic spindle assembly, and cellular heat acclimation. These findings in-
dicate that the SHAP-derived feature set captured a biologically coherent combination of
translational, stress-response, and regulatory signals.

Wilcoxon identified a denser, broader interaction network dominated by ribosomal
proteins and heat-shock-related genes. Accordingly, Figure 5.11B shows that Wilcoxon
strongly enriched broad biosynthetic and translational processes, including cyfoplasmic
translation, translation, macromolecule biosynthetic process, cellular nitrogen compound
biosynthetic process, and cellular macromolecule metabolic process. This pattern sug-
gests that Wilcoxon favored genes involved in general cellular biosynthesis and house-
keeping activity. Although these processes remain biologically relevant, they provide less
specific mechanistic resolution than the more structured enrichment profile observed for
the proposed method.

ANOVA recovered an interaction network that also emphasized ribosomal genes,
but included a more limited set of additional markers. Figure 5.11C shows that ANOVA
enriched cytoplasmic translation, translation, gene expression, cellular biosynthetic pro-
cess, and organic substance biosynthetic process. In addition, ANOVA uniquely high-
lighted respiratory gaseous exchange by respiratory system, which may reflect the pul-
monary context of the dataset. However, the overall profile remained centered on broad
biosynthetic functions, again indicating a stronger emphasis on general cellular activity
than on integrated stress and regulatory programs.

Random forest feature importance yielded a more fragmented interaction network
with smaller modules linked to mitochondrial and stress-associated genes. Figure 5.11D
shows that this method enriched processes related to regulation of spindle assembly,
regulation of mitotic spindle assembly, positive regulation of endoribonuclease activity,
and oxidative phosphorylation. These results suggest that random forest prioritized fea-
tures associated with cell-cycle regulation, post-transcriptional control, and mitochondrial

metabolism. Compared with the proposed method, however, the resulting functional pro-
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file appeared narrower and less connected to a dominant translational core.

RFE generated the sparsest enrichment profile among the evaluated strategies. Its
interaction network included only a few small modules, and Figure 5.11E shows that it
enriched only two molecular functions: ¥rRNA binding and structural constituent of ribo-
some. This result indicates that RFE concentrated primarily on ribosome-related features
and captured a more restricted functional space than the other methods.

Taken together, these results show that all methods identified genes involved in
translation-related biology, but the proposed method combined this signal with stress-
response, chaperone-mediated refolding, apoptotic regulation, and spindle-related pro-
cesses. This enrichment pattern supports the biological relevance of the SHAP-aggregated
features and suggests that the proposed method captured functional signals beyond generic
housekeeping programs.

Table 5.10: Comparison of protein protein interaction (PPI) network metrics and the num-
ber of enriched Gene Ontology Biological Process (GO BP) terms for the gene sets se-
lected by each feature-selection method. Wilcoxon produced the most connected PPI

network, whereas the proposed method recovered the largest number of enriched biolog-
ical process terms, indicating broader functional coverage.

Method Number of edges  Average node degree  Avg. local clustering coefficient  PPI enrichment p-value ~ GO-BP
Proposed method 144 12.5 0.846 <1.0x 10716 47
Wilcoxon 166 13.8 0.895 < 1.0 x 10~16 24
ANOVA 44 4.0 0.657 < 1.0 x 10716 7
RF 11 1.0 0.500 2.99 x 1077 4
RFE 15 1.25 0.562 7.13 x 10~4 0

5.5.2 Functional enrichment of positively disease-associated genes selected by the

proposed method

We performed functional enrichment analysis on the 25 disease-associated genes
selected by the proposed method to investigate the biological processes represented by
the positively contributing features. As shown in Figure 5.11, the protein protein interac-
tion network formed a highly connected module dominated by ribosomal and translation-
related genes, indicating strong functional coherence among the selected disease-associated
features (Figure 5.11A). In particular, several ribosomal proteins clustered densely in
the core of the network, whereas genes such as HSP90AAI, HSPAIA, HSPAIB, ENOI,
JUNB, and TAGLN?2 appeared as functionally connected but more peripheral components.
This organization suggests that the proposed method identified a coordinated disease-

associated signature centered on genes involved in translational machinery and stress re-
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sponse.

Gene Ontology biological process enrichment further supported this interpreta-
tion (Figure 5.11B). The most strongly enriched terms were cytoplasmic translation and
translation, which showed the largest signal values and the lowest false discovery rates.
We also identified significant enrichment for broader biosynthetic processes, including
macromolecule biosynthetic process and cellular nitrogen compound biosynthetic pro-
cess. In addition, the analysis highlighted more specific processes related to ribosome
function and post-transcriptional regulation, such as ribosomal large subunit biogene-
sis and rRNA processing. Beyond these translation-centered terms, the enriched set also
included pathways associated with protein homeostasis and stress adaptation, including
regulation of protein ubiquitination, negative regulation of protein ubiquitination, and
positive regulation of nuclease activity. We further observed enrichment for regulation of
intrinsic apoptotic signaling pathway, suggesting that the disease-associated genes may
also participate in survival- and stress-related cellular responses.

Taken together, these results show that the disease-associated genes selected by
the proposed method converged on a biologically coherent program dominated by trans-
lation, ribosome-associated activity, and protein homeostasis. This pattern indicates that
the proposed method did not merely capture predictive markers but also prioritized genes
involved in coordinated molecular processes plausibly linked to disease-associated dys-
function in CD4-positive, alpha-beta T cells.

Table 5.10 presents a summary of the comparative biological profiles obtained
from the evaluated feature-selection methods. The Wilcoxon method produced the most
interconnected protein-protein interaction (PPI) network, featuring the highest number
of edges (166), the greatest average node degree (13.8), and the highest local clustering
coefficient (0.895), indicating superior network cohesion compared to all other methods.
The proposed method ranked second in PPI connectivity, with 144 edges, an average
node degree of 12.5, and a local clustering coefficient of 0.846. Notably, it also identi-
fied the largest number of enriched Gene Ontology (GO) Biological Process terms (47),
surpassing Wilcoxon (24), ANOVA (7), RF (4), and RFE (0). ANOVA demonstrated
intermediate performance, with 44 edges, an average node degree of 4.0, and a cluster-
ing coefficient of 0.657, whereas RF and RFE produced sparse interaction networks with
limited functional enrichment. While all methods achieved statistically significant PPI
enrichment, the network structure of Wilcoxon and the broader GO-BP coverage of the

proposed method underscore their unique strengths. Overall, these results indicate that
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Wilcoxon excels at maximizing interaction network cohesion, while the proposed method

effectively captures a broader functional landscape.

5.6 Global comparative analysis across the remaining cell types

5.6.1 Coverage of the analyzed cell types

To contextualize the global comparative analysis across the remaining cell types,
we first summarized the coverage and class composition of all cell populations retained for
downstream evaluation. As shown in Table 5.11, the male dataset comprised 27 analyzed
cell types and 58,987 cells, including 51,190 normal cells and 7,797 disease cells. Thus,
the global class distribution was markedly imbalanced, with normal cells representing the
large majority of observations. In addition to this overall imbalance, the dataset showed
substantial heterogeneity in cell-type abundance. The largest subsets were CD4-positive,
alpha-beta T cell (8,422 cells), multiciliated columnar cell of tracheobronchial tree (7,348
cells), and monocyte (4,312 cells). In contrast, the smallest subsets were fibroblast of lung
(172 cells), pericyte (188 cells), and bronchiolar smooth muscle cell (283 cells).

Figure 5.12 provides a normalized view of class composition across cell types by
showing the relative proportions of normal and disease cells in each subset. Most cell
types displayed a clear predominance of normal cells, although the degree of imbalance
varied considerably. This pattern is quantitatively confirmed in Table 5.11, where the
imbalance ratio ranged from 1.201 in mast cell, the most balanced subset, to 38.782 in
tracheobronchial serous cell, the most imbalanced subset. Strong imbalance was also ob-
served for macrophage (34.080), conventional dendritic cell (31.194), fibroblast (27.350),
monocyte (21.576), and CD4-positive, alpha-beta T cell (20.055). In contrast, mast cell,
respiratory tract goblet cell (1.703), multiciliated columnar cell of tracheobronchial tree
(2.156), and T cell (2.199) showed comparatively more balanced class distributions.

Taken together, Figure 5.12 and Table 5.11 show that the analyzed cell types dif-
fered not only in sample size but also in the severity of class imbalance. These differ-
ences are important for interpreting downstream classification results, because subsets
with fewer cells or stronger imbalance are expected to pose greater difficulty for model
training, yield more unstable estimates of predictive performance, and depend more on
evaluation metrics such as the Fl-score. For completeness, it is important to distinguish

the scopes of the global result summaries. Table 5.11 reports the 27 cell types retained for
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Figure 5.11: Functional enrichment and protein-protein interaction analysis were con-
ducted on the top 25 genes from each feature-selection strategy. The left panels show
STRINGdb interaction networks with a high-confidence threshold (0.700), while the right
panels display significant Gene Ontology enrichment results. (A) refers to the proposed
method using SHAP for feature importance, and (B-E) represent Wilcoxon, ANOVA,
random forest, and RFE methods, respectively. The proposed method yielded a compact
network enriched in translational, stress-response, and regulatory processes, unlike the
other methods, which highlighted broader biosynthetic or ribosome-related functions.
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descriptive coverage and class-composition analysis, whereas the predictive comparison
tables reported in the next subsection include 25 cell types with complete classifier out-
puts. In this final predictive comparison, pulmonary capillary endothelial cell and vein

endothelial cell of respiratory system are not included.

Figure 5.12: Class imbalance across cell types in the dataset represented as 100% stacked
horizontal bar plots. Each bar shows the relative proportions of normal and disease cells
within one cell type, ordered from the most imbalanced to the least imbalanced, with the
total number of cells indicated on the right. Most cell types showed clear predominance of
normal cells, although the magnitude of imbalance varied substantially. Mast cells were
the most balanced group, whereas tracheobronchial serous cells, macrophages, fibrob-
lasts, monocytes, and CD4-positive, alpha-beta T cells showed the strongest imbalance.
These results demonstrate that class composition differed markedly across cell types and
may influence downstream predictive analyses.

5.6.2 Predictive performance across cell types

Table 5.12 summarizes the stratified k-fold macro F1-scores obtained for all eval-
uated classifiers across the analyzed cell types, together with the hypervolume score and
the final model selected by the multiobjective criterion. Overall, predictive performance

varied markedly across cell types, indicating substantial heterogeneity in classification
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Table 5.11: Class distribution across cell types in the male dataset. The table reports the
numbers of normal and disease cells, the total number of cells, and the imbalance ratio
for each cell type, where higher values indicate stronger class imbalance.

Cell type Normal Disease Total cells Imbalance ratio
fibroblast of lung 138 34 172 4.059
pericyte 157 31 188 5.065
bronchiolar smooth muscle cell 225 58 283 3.879
plasma cell 258 47 305 5.489
endothelial cell of lymphatic vessel 406 50 456 8.120
chondrocyte 453 37 490 12.243
respiratory basal cell 472 43 515 10.977
respiratory tract goblet cell 487 286 773 1.703
T cell 717 326 1043 2.199
lung microvascular endothelial cell 1043 112 1155 9.312
conventional dendritic cell 1123 36 1159 31.194
alternatively activated macrophage 1156 234 1390 4.940
mast cell 937 780 1717 1.201
bronchus fibroblast of lung 1353 426 1779 3.176
tracheobronchial serous cell 2133 55 2188 38.782
fibroblast 2188 80 2268 27.350
blood vessel smooth muscle cell 2296 185 2481 12.411
CDS8-positive, alpha-beta T cell 2337 216 2553 10.819
macrophage 2556 75 2631 34.080
mature NK T cell 2276 370 2646 6.151
pulmonary capillary endothelial cell 2733 165 2898 16.564
vein endothelial cell of respiratory system 2798 145 2943 19.297
pulmonary alveolar type 2 cell 2756 520 3276 5.300
B cell 3029 567 3596 5.342
monocyte 4121 191 4312 21.576
multiciliated columnar cell of tracheobronchial tree 5020 2328 7348 2.156

CD4-positive, alpha-beta T cell 8022 320 8342 25.007
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difficulty beyond the detailed CD4-positive, alpha-beta T-cell case study. The strongest
results were observed for pulmonary alveolar type 2 cell, in which SVM achieved the
highest F1-score (0.9718) and the largest hypervolume score (0.9317), followed by alter-
natively activated macrophage, where Logistic Regression reached an F1-score of 0.9737
and an HV-score of 0.9288. High-performance subsets also included respiratory tract
goblet cell, B cell, mast cell, and multiciliated columnar cell of tracheobronchial tree, all
of which showed consistently high macro F1-scores across multiple classifiers.

In contrast, a smaller group of cell types remained considerably more challenging.
The lowest hypervolume scores were observed for plasma cell (HV = 0.1096), pericyte
(HV = 0.1990), and endothelial cell of lymphatic vessel (HV = 0.2753), indicating
weaker and less stable predictive performance across candidate models. Likewise, res-
piratory basal cell, tracheobronchial serous cell, and macrophage also showed relatively
modest results, with best macro F1-scores below 0.70. These patterns are consistent with
the global heterogeneity in sample size and class imbalance described in the previous
subsection and suggest that some cell populations provide a less separable signal for con-
dition discrimination.

No single classifier dominated all cell types. Among the 25 cell types reported in
Table 5.12, Random Forest was selected most frequently by the hypervolume criterion,
being chosen for 9 cell types, followed by SVM for 7 cell types, MLP for 6, and Logistic
Regression for 3, whereas KNN was not selected for any cell type. This result indicates
that the optimal classification strategy depended on the specific structure of each cell
population. At the same time, the hypervolume-based decision was highly consistent
with the stratified k-fold macro Fl-scores, since the selected model also achieved the
highest Fl-score in 23 of the 25 cell types. Only T cell and bronchiolar smooth muscle
cell showed a small discrepancy between the model with the highest F1-score and the
model selected by HV, which likely reflects the influence of the remaining performance
metrics incorporated into the multiobjective selection procedure.

Taken together, these results show that predictive performance across cell types
was heterogeneous but systematically captured by the proposed selection framework. Be-
cause the dataset remained imbalanced across most cell populations, macro F1-score pro-
vided the summary of classifier behavior, while the hypervolume criterion enabled a prin-
cipled final choice by integrating performance across multiple objectives. This combined
strategy therefore supported a cell-type-specific model selection process rather than as-

suming that a single classifier would be optimal for all biological subsets.
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Table 5.12: Comparative predictive performance across cell types based on stratified k-
fold macro F1-score for each classifier, together with the hypervolume score and the best
model selected by the multiobjective criterion.

Cell type KNN  Logistic Regression ~MLP  Random Forest SVM  HV-score Best model
CD4-positive, alpha-beta T cell 0.6354 0.6826 0.7057 0.6285 0.6720 0.5206 MLP
multiciliated columnar cell of tracheobronchial tree ~ 0.9226 0.9236 0.9609 0.9458 0.9277 0.7293 MLP
monocyte 0.7533 0.7508 0.7274 0.7296 0.7690 0.6268 SVM

B cell 0.8467 0.9196 0.9260 0.9421 0.9457 0.8446 SVM
pulmonary alveolar type 2 cell 0.9599 0.9692 0.9686 0.9248 0.9718 0.9317 SVM
mature NK T cell 0.6472 0.7509 0.7490 0.8109 0.7395 0.5672 Random Forest
macrophage 0.5900 0.6208 0.6145 0.5930 0.6247 0.4429 SVM
CD8-positive, alpha-beta T cell 0.7173 0.7448 0.7330 0.7591 0.7454 0.5401 Random Forest
blood vessel smooth muscle cell 0.5888 0.6930 0.6660 0.7146 0.6764 0.4701 Random Forest
fibroblast 0.8794 0.8902 0.8986 0.9186 0.8860 0.8528 Random Forest
tracheobronchial serous cell 0.6102 0.6129 0.5985 0.5855 0.6142 0.4401 SVM
bronchus fibroblast of lung 0.9005 0.8905 0.8940 0.9128 0.8966 0.7183 Random Forest
mast cell 0.9305 0.9241 0.9378 0.9467 0.9212 0.7995 Random Forest
alternatively activated macrophage 0.9421 0.9737 0.9702 0.9480 0.9689 0.9288 Logistic Regression
conventional dendritic cell 0.8794 0.8902 0.8986 0.9186 0.8860 0.8528 Random Forest
lung microvascular endothelial cell 0.8213 0.8505 0.8340 0.8410 0.8371 0.6907 Logistic Regression
T cell 0.8712 0.8962 0.8716 0.8857 0.8955 0.6680 SVM
respiratory tract goblet cell 0.9444 0.9546 0.9516 0.9599 0.9667 0.8753 SVM
respiratory basal cell 0.6129 0.6667 0.6965 0.6680 0.6505 0.4245 MLP
chondrocyte 0.7373 0.7824 0.7803 0.8644 0.7965 0.6915 Random Forest
endothelial cell of lymphatic vessel 0.5994 0.6416 0.6082 0.6143 0.6235 0.2753 Logistic Regression
plasma cell 0.5075 0.5032 0.5198 0.4471 0.5179 0.1096 MLP
bronchiolar smooth muscle cell 0.8861 0.9127 0.9251 0.8822 0.9257 0.7881 MLP
pericyte 0.4535 0.5851 0.6143 0.5211 0.5495 0.1990 MLP
fibroblast of lung 0.7669 0.7927 0.7469 0.8327 0.7633 0.5591 Random Forest

Table 5.13 summarizes the held-out train test performance of the final model se-
lected for each cell type. Overall, predictive performance remained heterogeneous across
cell populations, which is consistent with the differences in sample size, class imbalance,
and biological separability observed in the previous analyses. The strongest results were
obtained for alternatively activated macrophage, where Logistic Regression achieved an
accuracy of 0.9928 and a macro F1-score of 0.9871, followed by respiratory tract goblet
cell (F'1 = 0.9676, SVM), bronchiolar smooth muscle cell (F'1 = 0.9632, MLP), mul-
ticiliated columnar cell of tracheobronchial tree (F'1 = 0.9584, MLP), and pulmonary
alveolar type 2 cell (F'1 = 0.9510, SVM). These results indicate that several cell popula-
tions supported highly accurate and well-balanced discrimination between conditions in
the independent test set.

In contrast, a smaller subset of cell types remained more challenging. The lowest
macro Fl-scores were observed for conventional dendritic cell (0.4717, Logistic Regres-
sion), pericyte (0.5266, MLP), tracheobronchial serous cell (0.5790, SVM), plasma cell
(0.6077, MLP), and endothelial cell of lymphatic vessel (0.6202, Logistic Regression).
Notably, some of these cell types still showed relatively high accuracy despite lower F1-
scores, which reinforces that macro F1-score provides the most robust interpretation un-
der class imbalance because it better captures the joint behavior of precision and recall.
Across all cell types, the selected final models included Random Forest for 8 subsets,
SVM for 7, MLP for 6, and Logistic Regression for 4, further indicating that no single

classifier generalized optimally across all biological populations. Taken together, the re-
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sults in Table 5.13 confirm that the final train test evaluation preserved the same general
pattern observed during model selection, while also highlighting the cell-type-specific
variability in predictive difficulty.

Table 5.13: Final train test performance of the selected classifier for each cell type. The

table reports the held-out accuracy, sensitivity, specificity, macro F1-score, and the final
model chosen for each cell population.

Cell type Accuracy  Sensitivity  Specificity Fl-score  Final model
CD4-positive, alpha-beta T cell 0.8805 0.8977 0.8977 0.6774 MLP

multiciliated columnar cell of tracheobronchial tree 0.9637 0.9631 0.9631 0.9584 MLP

monocyte 0.9189 0.8770 0.8770 0.7314 SVM

B cell 0.9583 0.9510 0.9510 0.9261 SVM

pulmonary alveolar type 2 cell 0.9725 0.9300 0.9300 0.9510 SVM

mature NK T cell 0.8515 0.8323 0.8323 0.8479 Random Forest
macrophage 0.9008 0.8378 0.8378 0.6483 SVM
CD8-positive, alpha-beta T cell 0.8971 0.8535 0.8535 0.8050 Random Forest
blood vessel smooth muscle cell 0.8977 0.8277 0.8277 0.6913 Random Forest
fibroblast 0.9573 0.7284 0.7284 0.8200 Random Forest
tracheobronchial serous cell 0.9648 0.5505 0.5505 0.5790 SVM

bronchus fibroblast of lung 0.9569 0.8025 0.8025 0.7848 Random Forest
mast cell 0.9467 0.9451 0.9451 0.9468 Random Forest
alternatively activated macrophage 0.9928 0.9843 0.9843 0.9871 Logistic Regression
conventional dendritic cell 0.6925 0.7093 0.7093 0.4717 Logistic Regression
lung microvascular endothelial cell 0.9100 0.9007 0.9007 0.8380 Logistic Regression
T cell 0.9467 0.8889 0.8889 0.9045 SVM

respiratory tract goblet cell 0.9677 0.9694 0.9694 0.9676 SVM

respiratory basal cell 09118 0.8570 0.8570 0.6765 MLP

chondrocyte 0.9449 0.8852 0.8852 0.8907 Random Forest
endothelial cell of lymphatic vessel 0.8587 0.7973 0.7973 0.6202 Logistic Regression
plasma cell 0.8413 0.7428 0.7428 0.6077 MLP

bronchiolar smooth muscle cell 0.9882 0.9662 0.9662 0.9632 MLP

pericyte 0.8947 0.8540 0.8540 0.5266 MLP

fibroblast of lung 0.9423 0.8984 0.8984 0.9034 Random Forest

5.6.3 Global STRING-based network coherence across the remaining cell types by

each feature selection method

To extend the functional comparison beyond the detailed CD4-positive, alpha-
beta T-cell case study, we summarized the STRING-derived network statistics for all
remaining cell types and feature-selection methods in Table 5.14. This global analysis
followed the same interaction-based framework adopted previously, in which the selected
genes were evaluated through STRING-derived protein protein interaction metrics under
a high-confidence threshold, allowing direct comparison of network cohesion across cell
populations and feature-selection strategies. :contentReference[oaicite:0]index=0

Table 5.14 revealed substantial heterogeneity across cell types. The strongest in-
teraction structures were observed in pulmonary alveolar type 2 cell and CD4-positive,
alpha-beta T cell, which reached the highest numbers of edges overall (188 and 166, re-

spectively), together with very high local clustering coefficients and extremely significant
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PPI enrichment values. Strong network organization was also observed for fibroblast,
fibroblast of lung, tracheobronchial serous cell, blood vessel smooth muscle cell, and
monocyte, indicating that these cell populations retained highly connected and biolog-
ically coherent feature sets across at least one of the evaluated selection methods. In
contrast, conventional dendritic cell, endothelial cell of lymphatic vessel, and pericyte
showed much weaker interaction structures, with markedly lower edge counts and, in
some cases, weaker enrichment significance, suggesting that their selected genes formed
sparser or less functionally integrated networks.

At the method level, Wilcoxon showed the strongest overall network tendency
across the remaining cell types. It achieved the highest mean number of edges, the highest
mean average node degree, and the highest mean local clustering coefficient across the full
comparison, indicating that this method most consistently recovered dense and cohesive
interaction structures. The proposed method ranked second overall and showed compet-
itive clustering behavior, supporting the interpretation that it also recovered biologically
organized gene sets across multiple cell populations. Random Forest and ANOVA showed
intermediate behavior, whereas RFE generally produced the sparsest networks and the
weakest average clustering structure. This pattern is broadly consistent with the single-
cell-type comparison described earlier, in which Wilcoxon tended to maximize network
compactness while alternative methods sometimes captured complementary biological
structure.

Taken together, Table 5.14 shows that network-level functional coherence was
strongly cell-type dependent and method dependent. Some populations consistently sup-
ported dense and statistically enriched interaction networks, whereas others yielded only
sparse structures regardless of the feature-selection strategy. These findings reinforce the
view that the biological signal available for downstream interpretation varies substantially
across cell populations and that global conclusions should therefore consider both the se-
lected method and the intrinsic properties of each cell type.

A denser protein protein interaction network should not be interpreted automati-
cally as evidence of greater disease specificity. High edge counts, higher average degree,
or stronger overall connectivity may reflect the selection of broadly connected housekeep-
ing or biosynthetic genes, which are central to general cellular function but not necessar-
ily more informative about the condition under study. In contrast, the proposed method
was considered biologically advantageous not because it maximized network density, but

because it recovered a functionally coherent set of genes associated with processes that
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were more directly consistent with the disease context under investigation. Therefore,
in this study, network density and biological specificity were treated as related but non-

equivalent criteria.

Table 5.14: Global STRING-derived network statistics across the remaining cell types
and feature-selection methods. Corrected floating-point values are reported for average
node degree, average local clustering coefficient, and PPI enrichment p-values.

Cell type Method  Number of edges  Average node degree  Avg. local clustering coefficient  PPI enrichment p-value
B cell Proposed 25 2.17 0.510 0.013
method
Wilcoxon 45 3.91 0.728 5.64 x 1075
ANOVA 38 3.62 0.601 1.43 x 106
RF 62 5.64 0.795 2.33 x 10~15
RFE 61 5.30 0.653 1.11 x 10~15
CD4-positive Proposed 144 12.50 0.846 < 1.0 x 10716
alpha-beta T cell method
Wilcoxon 166 13.80 0.895 <1.0x 10716
ANOVA 44 4.00 0.657 < 1.0x 10716
RF 11 1.00 0.500 2.99 x 10~7
RFE 15 1.25 0.562 0.00071
CD8-positive Proposed 21 1.68 0.381 0.048
alpha-beta T cell method
Wilcoxon 34 2.72 0.729 2.23 x 107°
ANOVA 27 225 0.600 < 1.0 x 10~16
RF 34 2.83 0.653 3.22 x 10~15
RFE 25 2.08 0.497 6.12 x 10~8
T cell Proposed 54 4.91 0.593 8.94 x 10~6
method
Wilcoxon 22 2.10 0.641 0.00062
ANOVA 20 1.90 0.390 1.43 x 1077
RF 21 1.91 0.436 0.00073
RFE 7 6.36 0318 0.035
alternatively Proposed 40 3.20 0.696 2.35 x 10712
activated method
macrophage
Wilcoxon 37 3.08 0.495 5.55 x 10~16
ANOVA 17 1.42 0.407 2.17 x 10~ 7
RF 23 1.92 0.531 8.70 x 1011
RFE 19 1.58 0.311 0.003
blood vessel  Proposed 45 3.60 0.581 3.62 x 10~13

smooth muscle method

cell

Wilcoxon 74 5.92 0.746 <1.0x10~16
ANOVA 57 4.96 0.693 < 1.0x 10716
RF 54 4.70 0.571 < 1.0x 10716

Continued on next page
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Cell type Method  Number of edges  Average node degree  Avg. local clustering coefficient = PPI enrichment p-value

RFE 13 1.13 0.319 0.021
bronchiolar Proposed 32 2.56 0.497 3.91 x 10~5
smooth muscle  method
cell

Wilcoxon 58 4.83 0.740 1.11 x 10716

ANOVA 56 448 0.716 1.33 x 10719

RF 56 4.48 0.709 <1.0x 10716

RFE 17 1.42 0.327 0.009
bronchus fibrob-  Proposed 18 1.57 0.262 7.70 x 1078
last of lung method

Wilcoxon 37 3.08 0475 2.07 x 10713

ANOVA 9 8.18 0.291 0.069

RF 22 1.91 0.418 7.81 x 107°

RFE 15 1.25 0.308 0.00013
chondrocyte Proposed 19 1.65 0.430 2.51 x 10~7

method

Wilcoxon 32 2.67 0.601 7.87 x 1078

ANOVA 23 2.30 0.450 1.19 x 1072

RF 49 4.26 0.600 1.37 x 10710

RFE 24 2.09 0.555 9.23 x 106
conventional den-  Proposed 1 0.09 0.091 0.603
dritic cell method

Wilcoxon 3 2.61 0.174 0.112

ANOVA 0 0.00 0.000 1.000

RF 6 0.60 0.367 0.048

RFE 6 522 0.435 0.139
endothelial cell of ~ Proposed 3 0.25 0.125 0.336
lymphatic vessel method

Wilcoxon 5 5.26 0.368 0.271

ANOVA 5 5.56 0.278 0.007

RF 4 421 0.211 0.036

RFE 8 7.27 0.455 0.004
fibroblast Proposed 86 6.88 0.715 < 1.0x 10716

method

Wilcoxon 99 7.92 0.672 <1.0x 10716

ANOVA 20 1.67 0.375 4.98 x 107°

RF 28 2.33 0.445 9.28 x 10711

RFE 9 0.72 0.440 0.023
fibroblast of lung ~ Proposed 86 6.88 0.715 < 1.0 x 10716

method

Wilcoxon 99 7.92 0.672 < 1.0 x 10716

ANOVA 20 1.67 0.375 4.98 x 1079

RF 28 2.33 0.445 9.28 x 10711

RFE 9 0.72 0.440 0.023

Continued on next page
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Cell type Method  Number of edges  Average node degree  Avg. local clustering coefficient = PPI enrichment p-value
lung  microvas-  Proposed 38 3.04 0.596 1.59 x 10711
cular endothelial  method
cell
Wilcoxon 15 1.20 0.501 0.004
ANOVA 11 9.17 0.472 0.008
RF 18 1.44 0.459 3.36 x 1075
RFE 13 1.13 0.312 0.010
macrophage Proposed 34 2.72 0.593 3.54 x 1010
method
Wilcoxon 40 3.20 0.665 7.66 x 10715
ANOVA 13 1.08 0.422 7.76 x 1077
RF 9 8.18 0.364 0.003
RFE 5 4.55 0.273 0.601
mast cell Proposed 8 6.67 0.347 0.002
method
Wilcoxon 28 2.33 0.681 1.53 x 1077
ANOVA 12 1.09 0.432 0.003
RF 29 2.64 0.515 3.44 x 10~8
RFE 40 3.48 0.610 4.21 x 1076
mature NK T cell ~ Proposed 20 1.67 0.546 0.002
method
Wilcoxon 14 1.17 0.389 0.005
ANOVA 18 171 0.357 3.44 x 10715
RF 20 1.74 0.428 2.14 x 10714
RFE 23 2.00 0.459 1.07 x 1077
monocyte Proposed 20 1.67 0.546 0.002
method
Wilcoxon 73 5.84 0.603 < 1.0 x 10716
ANOVA 43 3.44 0.568 4.65 x 10712
RF 71 5.68 0.726 <1.0x 10716
RFE 26 2.17 0.539 0.001
multiciliated Proposed 31 2.58 0.643 7.44 x 1078
columnar cell of  method
tracheobronchial
tree
Wilcoxon 20 1.67 0.362 0.001
ANOVA 22 1.83 0.433 9.95 x 1075
RF 28 2.33 0.675 5.52 x 10711
RFE 12 1.04 0.458 0.001
pericyte Proposed 0 0.00 0.000 1.000
method
Wilcoxon 11 9.57 0.348 1.16 x 10~°
ANOVA 12 1.00 0.361 5.27 x 1077
RF 5 4.17 0.167 0.050
RFE 7 5.83 0.296 0.020

Continued on next page
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Cell type Method  Number of edges  Average node degree  Avg. local clustering coefficient = PPI enrichment p-value
plasma cell Proposed 15 1.76 0.588 9.63 x 1075
method
Wilcoxon 36 3.27 0.662 7.11 x 10711
ANOVA 5 4.55 0.182 0.035
RF 3.48 0.261 0.244
RFE 10 8.33 0.290 0.025
pulmonary alveo-  Proposed 150 12.00 0.907 <1.0x 10716
lar type 2 cell method
Wilcoxon 188 15.00 0.888 < 1.0x 10716
ANOVA 151 12.10 0.797 <1.0x 10716
RF 91 7.28 0.602 <1.0x 10716
RFE 44 3.52 0.482 <1.0x 10716
pulmonary capil-  Proposed 34 2.72 0.620 1.01 x 10~14
lary endothelial  method
cell
Wilcoxon 32 2.56 0.523 5.16 x 10710
ANOVA 21 1.68 0.424 1.72 x 107°
RF 23 1.84 0.307 6.62 x 107°
RFE 13 1.08 0.378 0.002
respiratory basal ~ Proposed 15 1.25 0.306 0.001
cell method
Wilcoxon 9 0.75 0.347 0.043
ANOVA 12 1.04 0.278 0.118
RF 41 3.73 0.411 4.36 x 10~
RFE 7 6.36 0.318 0.629
respiratory tract  Proposed 21 1.68 0.528 0.00012
goblet cell method
Wilcoxon 25 2.00 0.365 1.27 x 10=6
ANOVA 32 2.56 0.476 6.96 x 10714
RF 41 3.28 0.637 2.17 x 1078
RFE 16 1.28 0.486 0.00026
tracheobronchial Proposed 61 4.88 0.601 < 1.0 x 10716
serous cell method
Wilcoxon 99 7.92 0.748 < 1.0 x 10716
ANOVA 8 0.80 0.283 0.044
RF 26 2.26 0.458 2.48 x 107°
RFE 6 0.50 0.333 0.034
vein endothelial  Proposed 49 3.92 0.600 3.97 x 10~ 14
cell of respiratory ~ method
system
Wilcoxon 55 4.40 0.627 < 1.0 x 10716
ANOVA 11 1.16 0.368 0.001
RF 27 2.35 0.457 1.71 x 1077
RFE 19 1.73 0.311 0.001
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5.6.4 Comparative low-dimensional structure class separation for each cell type

Table 5.15 summarizes the geometric comparison of the feature subsets across all
evaluated cell types. Following the methodological definition adopted in this dissertation,
the primary ranking criterion was the separation ratio computed in the full standardized
feature space, whereas PCA served only as a qualitative low-dimensional representation
of the dominant structure and not as the quantitative basis for model comparison. This
distinction is important because visual separation in two dimensions does not necessar-
ily preserve the multivariate relationship between centroid displacement and within-class
dispersion established by the full-space metric.

Across the 27 analyzed cell types, ANOVA produced the highest separation ratio
in 25 cases, Random Forest was the best method for mature NK T cell, and Wilcoxon
was the best method for fibroblast of lung. At the global level, ANOVA also achieved
the highest mean separation ratio across cell types (R, = 1.371), followed by Random
Forest (R,, = 1.170). In contrast, the proposed method showed a lower average geomet-
ric separation score under this specific criterion (R,., = 0.800), while random selection
produced by far the weakest overall structure (}_%SGP = 0.237).

The strongest class separation was observed for conventional dendritic cell, in
which ANOVA reached a separation ratio of 4.914, indicating a very large centroid dis-
placement relative to within-class dispersion. Other cell types with strong geometric sep-
aration included fibroblast (2.166), respiratory tract goblet cell (1.751), tracheobronchial
serous cell (1.748), chondrocyte (1.608), and macrophage (1.584). These results indicate
that, for these populations, the selected feature subsets were able to organize the disease
groups into comparatively compact and well-separated structures in the standardized fea-
ture space.

In contrast, some cell types remained substantially more difficult from a geometric
perspective. The lowest best-case separation ratios were observed for fibroblast of lung
(0.573), mast cell (0.713), T cell (0.729), and bronchus fibroblast of lung (0.785). In these
cases, even the best-performing feature subset did not produce a strongly separated full-
space configuration, suggesting either greater overlap between normal and disease states
or weaker condition-associated signal for the selected genes.

The complementary structural metrics reinforce this interpretation. Methods with
larger separation ratios also tended to present higher Silhouette values and, in many cases,

more favorable Davies Bouldin and Calinski Harabasz indices, although these secondary
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criteria were not perfectly concordant for every cell type. Overall, the results support
two main conclusions: first, the quality of geometric class separation was strongly cell-
type dependent; second, under this specific structural criterion, ANOVA was the most

consistently effective feature-selection strategy across the full comparison.

Table 5.15: Comparative geometric separation across cell types and feature-selection
methods. For each method, the table reports the separation ratio computed in the full
standardized feature space, the centroid distance, the pooled within-class dispersion, the
Silhouette score, the Davies Bouldin index, and the Calinski Harabasz index. Cell-type
names are shown only once per block and are abbreviated for compactness.

Cell type Method Ry, Centroid Pooled disp. Silhouette DB CH
ANOVA 1.270 5.470 4.306 0.299  1.788 679.139
Random 1.201 5.128 4.269 0.275 1.814 583.555
Forest

B cell Wilcoxon 1.195 5.222 4.372 0.247  1.750 608.964
Proposed 1.094 4.896 4.475 0.233  1.947 524.415
method
RFE 0.937 4.091 4.367 0.214  2.262 350.806
Randomic 0.187 0.653 3.489 0.061 11.186 8.158
selection
ANOVA 1.423 5.521 3.880 0.527 2456 491.519
Random 1.367 5.149 3.766 0.578  2.874 424.320
Forest

CD4+af T RFE 1.089 4.763 4.375 0.442  2.828 360.431
Wilcoxon 1.003 4.382 4.369 0.246  2.282 303.117
Proposed 0.877 3.891 4.439 0.220  2.599 237.234
method
Randomic 0.184 0.427 2.321 0.180 12.566 3.152
selection
ANOVA 1.278 4.935 3.862 0.529  2.755 208.205
Random 1.221 4.799 3.929 0.512  2.803 195.990
Forest

CD8+af T RFE 0.970 4.303 4.436 0.371  2.854 155.235
Proposed 0.778 3.697 4.755 0.182  2.832 112.801
method
Wilcoxon 0.773 3.683 4.764 0.163  2.770 111.876

Continued on next page
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Cell type Method Rsep, Centroid Pooled disp. Silhouette DB CH
Randomic 0.155 0.507 3.262 -0.079 12.044 2.031
selection
ANOVA 0.729 3.347 4.588 0.138  2.866 110.881
Random 0.668 3.119 4.672 0.116  3.088  94.996
Forest

T eell Wilcoxon 0.640 3.021 4.717 0.092  3.147  88.602
RFE 0.607 2.818 4.640 0.109 3417 76.228
Proposed 0.498 2.381 4.780 0.053  4.004 53.317
method
Randomic 0.152 0.428 2.805 0.025 13.341 1.640
selection
ANOVA 1.121 4.785 4.268 0.242  1.899 214.003
Random 1.116 4.738 4.248 0.237  1.894 209.205

Alt. act. Forest

macro. Wilcoxon 1.079 4.580 4.243 0.179  1.803 193.484
Proposed 0.958 4.235 4.421 0.145  2.008 154.961
method
RFE 0.902 4.003 4.438 0.154  2.209 143.103
Randomic 0.309 1.155 3.735 0.035 6.558 11.363
selection
ANOVA 0.983 4.200 4.272 0.297  2.531 126.856
Random 0.954 4.112 4.310 0.309  2.659 121.387

BV smooth Forest

muscle Wilcoxon 0.849 3.832 4.511 0.113  2.323 104.716
RFE 0.714 3.275 4.585 0.221  3.260  75.633
Proposed 0.706 3.217 4.560 0.102  2.868  72.908
method
Randomic 0.154 0.518 3.356 0.081 13.887 1.839
selection
ANOVA 1.528 6.090 3.985 0.304 1.340 89.571
Random 1.467 5.931 4.044 0.286  1.386  83.580

Bronchiolar Forest

SMC

Continued on next page
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Cell type Method Rsep, Centroid Pooled disp. Silhouette DB CH
Wilcoxon 1.435 5.827 4.060 0.251 1.324  79.855
RFE 1.222 5.292 4.329 0.239  1.655 62.735
Proposed 1.164 5.029 4.319 0.188  1.631  55.457
method
Randomic 0.256 0.922 3.600 -0.080  7.080 1.566
selection
ANOVA 0.785 3.589 4.574 0.172  2.759 184.031
Random 0.744 3.438 4.622 0.157 2.876 167.475

Bronchial Forest

fibro. Wilcoxon 0.732 3.416 4.668 0.123  2.806 165.130
Proposed 0.696 3.255 4.678 0.127  2.987 148.587
method
RFE 0.628 2.970 4.730 0.113  3.297 121.993
Randomic 0.153 0.513 3.365 0.014 13.202 3.417
selection
ANOVA 1.608 6.665 4.145 0.505 1970 69.111
Random 1.426 6.274 4.399 0412 1.877  60.260
Forest

Chondrocyte RFE 1.313 6.057 4.614 0.316  1.688  55.694
Wilcoxon 1.208 5.654 4.681 0.230 1.627 47.823
Proposed 1.050 4.797 4.567 0.239 1979 33.513
method
Randomic 0.253 1.087 4.298 -0.050  7.504 1.616
selection
ANOVA 4914 7.222 1.470 0910 3.203  77.526
Random 1.927 6.404 3.323 0.734  3.134  60.084
Forest

<bC RFE 1.047 4.994 4.770 0.324 2432 35812
Wilcoxon 0.897 3.947 4.399 0.275 2.798  22.110
Randomic 0.544 2.125 3.906 0.329  5.131 6.324
selection

Continued on next page
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Cell type Method Rsep, Centroid Pooled disp. Silhouette DB CH
Proposed 0.396 1.754 4.433 -0.189  3.646 4.304
method
ANOVA 1.201 4.969 4.136 0.426 2455 48.441
Random 1.082 4.718 4.361 0.367 2.512  43.223

Lymphatic Forest

EC RFE 0.964 4.242 4.399 0.297  2.526 34312
Wilcoxon 0.948 3.945 4.161 0.350 2.871  29.381
Proposed 0.369 1.579 4.279 -0.152  4.181 4.464
method
Randomic 0.164 0.626 3.811 -0.056 11.690 0.696
selection
ANOVA 2.166 9.161 4.230 0.550 1.480 292.260
Random 2.109 9.059 4.296 0.537 1.472 284971
Forest

Fibroblast Wilcoxon 1.775 7.981 4.496 0.397  1.277 215.140
RFE 1.485 6.999 4.712 0.349  1.513 161.862
Proposed 1.358 6.300 4.640 0.275  1.508 129.431
method
Randomic 0.351 1.270 3.616 0.199  6.823 4.988
selection
Wilcoxon 0.573 2.595 4.527 0.070  3.524 7.585
Proposed 0.570 2.581 4.530 0.070  3.521 7.502
method

Lung fibro. RFE 0.550 2.551 4.637 0.063  3.623 7.321
ANOVA 0.527 2.208 4.191 0.115  4.047 5.659
Random 0.505 2.191 4.341 0.067  4.035 5.570
Forest
Randomic 0.343 1.036 3.020 0.179  6.789 1.951
selection
ANOVA 1.312 5.589 4.260 0414  2.112 141.662
Random 1.240 5.401 4.357 0.372  2.119 131.189

Lung microvascForest

EC

Continued on next page
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Cell type Method Rsep, Centroid Pooled disp. Silhouette DB CH
Wilcoxon 1.039 4.786 4.606 0.168  1.873 100.579
RFE 1.010 4.579 4.533 0.295 2.376  91.400
Proposed 0.825 3.854 4.670 0.072  2.213  63.268
method
Randomic 0.225 0.709 3.146 0.151 10.087 2.035
selection
ANOVA 1.584 6.276 3.963 0.599  2.562 119.960
Random 1.532 5.938 3.876 0.623  2.844 106.855
Forest

Macrophage RFE 1.103 4.624 4.191 0430 2.707 63.776
Wilcoxon 1.090 5.052 4.633 0.215 1903 76.481
Proposed 1.022 4.837 4.733 0.207  2.059 69.936
method
Randomic 0.255 0.908 3.569 0.130  8.731 2.405
selection
ANOVA 0.713 3.282 4.601 0.107  2.818 205.156
Random 0.701 3.189 4.552 0.105  2.863 192.288
Forest

Mast cell Wilcoxon 0.698 3.194 4.579 0.103  2.870 193.088
Proposed 0.614 2.876 4.682 0.083  3.265 153.209
method
RFE 0.596 2.723 4.572 0.087  3.373 136.156
Randomic 0.126 0.489 3.871 0.001 15.779 4.082
selection
Random 0.941 3.365 3.575 0.485  3.487 152307
Forest
ANOVA 0.906 3.444 3.800 0.450 3.432 160.036

Mature NKT RFE 0.726 3.094 4.262 0.341  3.726 127.668
Wilcoxon 0.544 2.622 4.822 0.110  3.891  90.423
Proposed 0.446 2.162 4.844 0.059 4.570  60.825
method

Continued on next page
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Cell type Method Rsep, Centroid Pooled disp. Silhouette DB CH
Randomic 0.114 0.450 3.944 0.001 17.469 2.578
selection
ANOVA 1.028 4.589 4.461 0.320 2.446 159.343
Random 1.017 4.493 4418 0.308  2.441 152.573
Forest

Monocyte Wilcoxon 0.880 4.119 4.681 0.102  2.137 127.494
RFE 0.844 3.846 4.556 0.256  2.802 110.710
Proposed 0.252 1.169 4.644 0.067  8.324  10.004
method
Randomic 0.175 0.571 3.264 0.126 12.704 2.383
selection
ANOVA 0.808 3.660 4.529 0.125  2.482 963.689
Wilcoxon 0.801 3.599 4.496 0.122  2.487 927.769

Multiciliated  Random 0.771 3.467 4.494 0.114  2.565 853.212

TB tree Forest
Proposed 0.729 3.277 4.494 0.105 2.711 753.118
method
RFE 0.617 2.789 4.518 0.077  3.181 530.577
Randomic 0.094 0.337 3.585 0.004 21.275 7.210
selection
ANOVA 1.239 4.595 3.710 0.500 2.582  24.481
Random 1.009 4.207 4.169 0.403  2.793  20.088
Forest

Pericyte RFE 0.861 3.937 4.575 0.246  2.721  17.365
Wilcoxon 0.811 3.349 4.128 0312  3.195 12.249
Proposed 0.596 2.644 4.437 0.088  3.473 7.451
method
Randomic 0.267 1.118 4.181 0.027  7.671 1.289
selection
ANOVA 1.003 3.641 3.629 0.495  3.293  22.498
Random 0.798 3.347 4.191 0.354 3400 18.793
Forest

T coTT

Continued on next page
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Cell type Method Rsep, Centroid Pooled disp. Silhouette DB CH
RFE 0.648 3.028 4.670 0.132 3277 15.213
Wilcoxon 0.628 2.494 3.971 0.218 3.812 10.156
Proposed 0.452 1.718 3.802 0.148  5.001 4.734
method
Randomic 0.290 1.000 3.444 0.100  7.502 1.589
selection
ANOVA 1.496 6.189 4.138 0.236  1.228 842.289
Wilcoxon 1.494 6.138 4.108 0.223  1.208 824.692
Random 1.410 5.987 4.246 0.228  1.294 775.385

AT2 cell Forest
Proposed 1.375 5.790 4.209 0.208  1.347 714.066
method
RFE 1.112 4.977 4.476 0.182  1.713 499.221
Randomic 0.371 1.283 3.460 0.094 5.684 29.048
selection
ANOVA 1.352 5.858 4.333 0.447  2.186 230.459
Random 1.291 5.677 4.397 0412  2.169 215.366

Pulm. capillary Forest

EC Wilcoxon 1.031 4.817 4.674 0.194 1976 151910
RFE 1.029 4.697 4.563 0.322 2420 144.021
Proposed 0.967 4.545 4.702 0.181  2.109 134.455
method
Randomic 0.189 0.611 3.230 0.003 10.571 2.320
selection
ANOVA 1.440 5.920 4.111 0.485 2.201  61.638
Random 1.202 5.204 4.330 0.405 2.355  46.360
Forest

Resp. basal RFE 1.072 4.972 4.638 0.253  2.072  42.000
Wilcoxon 1.056 4.829 4.571 0.188  1.931  39.433
Proposed 0.802 3.747 4.674 0.107  2.454  23.038
method

Continued on next page
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Cell type Method Rsep, Centroid Pooled disp. Silhouette DB CH
Randomic 0.203 0.781 3.851 0.003 9916 0.960
selection
ANOVA 1.751 6.491 3.707 0.319  1.097 498.851
Wilcoxon 1.711 6.388 3.734 0.309 1.114 473.410
Random 1.638 6.198 3.784 0.299  1.167 430.217

Goblet cell Forest
Proposed 1.473 5.823 3.952 0.265 1.317 356.372
method
RFE 1.077 4.641 4.309 0.192  1.815 193.765
Randomic 0.391 1.417 3.628 0.054 5.110 14.718
selection
ANOVA 1.748 6.105 3.492 0.705  3.185  82.898
Random 1.282 5.249 4.096 0.587 3.191  60.682
Forest

1B serous Wilcoxon 0.990 4.553 4.598 0.134 1930 45.336
RFE 0.942 4.413 4.683 0.342 2.843 42542
Proposed 0.852 3.996 4.688 0.119  2.284  34.759
method
Randomic 0.300 0.959 3.195 0.087  7.220 1.974
selection
ANOVA 1.115 4.693 4.209 0.423  2.715 126.576
Random 0.984 4.303 4.375 0.364  2.832 105.680

Resp. venous  Forest

EC RFE 0.805 3.757 4.668 0.229 2907  79.902
Wilcoxon 0.782 3.628 4.640 0.104  2.521 74.384
Proposed 0.694 3.245 4.677 0.081  2.820 59.177
method
Randomic 0.200 0.650 3.256 0.151 11.383 2.333
selection

Abbreviations: Alt. act. macro. = alternatively activated macrophage; BV smooth muscle = blood vessel

smooth muscle cell; Bronchiolar SMC = bronchiolar smooth muscle cell; Bronchial fibro. = bronchus

fibroblast of lung; cDC = conventional dendritic cell; EC = endothelial cell; Lung microvasc. EC = lung
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microvascular endothelial cell; Mature NKT = mature NK T cell; Multiciliated TB tree = multiciliated
columnar cell of tracheobronchial tree; AT2 cell = pulmonary alveolar type 2 cell; Pulm. capillary EC =
pulmonary capillary endothelial cell; Resp. basal = respiratory basal cell; TB serous = tracheobronchial

serous cell; Resp. venous EC = vein endothelial cell of respiratory system.

5.7 Chapter summary

This chapter showed that the proposed computational framework analyzed condition-
associated signals in a single-cell RNA-sequencing dataset of chronic obstructive pul-
monary disease. The preprocessing stage preserved the full set of annotated cells while
removing uninformative genes, yielding a globally filtered matrix suitable for downstream
analysis. At the cell type-specific level, the framework retained 27 eligible populations
for modeling, which showed that the framework could operate across cellular contexts
with heterogeneous abundance and class balance.

The detailed case study on CD4-positive, alpha-beta T cell showed that the frame-
work addressed an imbalanced classification problem through leakage-aware preprocess-
ing, feature selection, and model evaluation. In this subset, the MLP produced a balanced
profile across performance metrics, emerged as the only Pareto-optimal solution, and
maintained discrimination in the independent train test evaluation. These results showed
that the proposed framework recovered predictive patterns associated with disease status
despite the limited representation of the minority class.

The interpretability analyses extended this result. The SHAP-based global rank-
ing identified a compact group of influential genes, and the class-specific analyses showed
that the model used these genes in a direction-dependent manner to distinguish normal
from disease samples. The correlation analysis between gene expression and SHAP at-
tribution showed structured relationships between transcript abundance and model attri-
bution. Together, these findings indicated that the final classifier combined satisfactory
predictive performance with an interpretable decision structure.

The comparative feature-selection analyses also showed that predictive utility,
geometric separation, and biological coherence did not always converge on the same
method. In the CD4-positive, alpha-beta T-cell subset, the proposed method did not
achieve the highest full-space geometric separation, as ANOVA and Random Forest yielded
higher separation ratios under the centroid-dispersion criterion. This result showed that

geometric compactness represents only one dimension of feature-subset quality and that
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low-dimensional visual separation cannot substitute for multivariate quantitative evalu-
ation. When classification, interpretability, and downstream biological validation were
considered together, the proposed method remained analytically informative.

The functional enrichment analyses added biological validation. Although all
evaluated methods recovered genes associated with translation-related biology, the pro-
posed method combined translational, stress-response, chaperone-mediated refolding, apop-
totic, and regulatory processes. The alternative methods tended to emphasize broader
biosynthetic or ribosome-centered signatures. In addition, the disease-associated genes
prioritized by the proposed method formed an interaction network enriched for transla-
tion, protein homeostasis, and stress-related pathways. These results indicated that the
proposed method captured biologically coordinated programs rather than only generic
housekeeping signals.

The global comparison across the remaining cell types showed that classification
performance varied across cell populations. Some cell types supported accurate and bal-
anced discrimination between conditions, whereas others showed weaker signals, smaller
sample sizes, or stronger class imbalance. No single classifier dominated all subsets.
Instead, the hypervolume-based multiobjective strategy selected distinct models for dif-
ferent cell types, indicating that cell population-specific model selection was more ap-
propriate than imposing a universal classifier. In this setting, macro F1-score remained
informative because it captured model behavior under class imbalance.

The structural analysis across cell types reinforced this heterogeneity. ANOVA
produced the highest full-space separation ratios in most populations and therefore per-
formed better under the geometric criterion alone. Nevertheless, the proposed method still
preserved detectable and non-random disease-related structure and supported downstream
modeling and interpretation. This result showed that a feature-selection strategy should
not be judged exclusively by geometric separation, because predictive performance, sta-
bility, interpretability, and biological relevance provide complementary dimensions of
quality.

This chapter showed that the proposed framework supported leakage-aware fea-
ture selection, model comparison, multiobjective selection, interpretable classification,
and downstream biological validation in a single-cell disease setting. Although traditional
methods such as ANOVA sometimes produced larger geometric separation, the proposed
method integrated prediction with biological interpretability. These results support the

proposed framework as a strategy for identifying disease-associated features and building
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interpretable predictive models in single-cell transcriptomic studies.

This chapter presented the results of the proposed computational framework in a
structured manner, covering preprocessing, classification, multiobjective analysis, feature
selection, interpretability, stability, and biological validation. The chapter was organized
to support both computational comparison and biological interpretation, thereby estab-

lishing the empirical basis for the discussion presented in the following chapter.



110

6 DISCUSSION

6.1 The chronic obstructive pulmonary disease dataset as a benchmark for feature

selection

This study used the COPD dataset from Rustam et al. as a benchmark for feature-
selection methods because the dataset links disease biology with a difficult classification
setting. Rustam et al. mapped distal airway organization at single-cell resolution and
reported COPD-associated changes in epithelial, structural, and immune compartments
across defined airway regions (RUSTAM et al., 2023). The dataset therefore places fea-
ture selection in a setting where the disease signal does not belong to one lineage only.
Different cell populations carry different abundances, transcriptional states, and degrees
of overlap between normal and COPD cells. This structure limits the value of methods
that work mainly in cleaner or more homogeneous data.

The results of this dissertation support this choice of benchmark. Figures 5.1
and 5.2 show that the retained male subset kept a diverse cell composition and still
showed overlap between normal and COPD cells in the global transcriptomic space. Ta-
ble 5.1 shows that preprocessing kept all annotated cells and removed only genes with
zero counts. This preprocessing choice left the classification problem largely intact, in-
stead of making the dataset easier through strict filtering. Table 5.2 also shows that some
annotated populations did not enter the downstream models. These exclusions reflect a
common problem in disease single-cell data: some cell types contain too few cells, or too
uneven a class distribution, for stable supervised learning.

Class imbalance added another source of difficulty. Figure 5.12 and Table 5.11
show that several subsets contained many more normal cells than COPD cells, while only
a smaller set showed a more even class distribution. Thus, the feature-selection meth-
ods faced conditions closer to biomedical data than to idealized benchmark data. High
dimensionality, sparsity, uneven cell abundance, and class imbalance can affect both gene-
ranking stability and model generalization (LUECKEN; THEIS, 2019; YANG; HUANG;
LIU, 2021). In this dataset, the analysis therefore tested whether each method could select
useful genes under these constraints, not only whether it could rank genes in a simplified
setting.

The male-restricted design also shaped the interpretation. It reduced sex-associated

transcriptional variation and made the cell-type comparisons more controlled during fea-



111

ture selection and model training. The same choice, however, limits the scope of the
conclusions. The results refer most directly to the male subset analyzed here and should
not be extended without caution to mixed-sex cohorts. This point matters for the SHAP
interpretation because Table 5.9 includes Y-linked genes such as RPS4Y] and DDX3Y.
These genes should be interpreted within the sampling design of this dissertation, rather
than presented as general COPD biomarkers.

For these reasons, the Rustam et al. dataset provides a useful setting for evaluat-
ing feature selection in single-cell transcriptomic data. It includes disease-related varia-
tion, heterogeneous cell populations, high-dimensional gene expression, and uneven class
structure. These properties make it appropriate for testing feature selection as part of the
full classification and interpretation framework, rather than as a separate gene-ranking

step.

6.2 Linear and nonlinear machine learning models for single-cell classification

6.2.1 Why no single classifier dominated all cell types

The results of this study do not support a single preference for linear or nonlinear
classifiers in single-cell disease classification. Instead, the analysis linked model choice
to the signal structure of each cell type. In the CD4-positive, alpha-beta T-cell subset,
the MLP produced the most favorable result among the evaluated classifiers and occupied
the only Pareto-optimal position. This model also yielded larger macro F1l-score and
hypervolume values than the remaining classifiers (Table 5.6; Figure 5.4). These results
indicate that nonlinear decision boundaries represented the disease-associated structure
of this subset more adequately than the linear alternatives.

The comparison across all modeled cell types gave a less uniform pattern. Ta-
ble 5.12 shows that the selection procedure assigned Random Forest to more subsets
during cross-validation than SVM, MLP, and Logistic Regression, while it assigned no
subset to KNN. Table 5.13 retained the same general distribution in the held-out evalua-
tion. This pattern indicates that each biological population imposed a distinct predictive
setting. Some subsets favored classifiers with nonlinear capacity, whereas others favored
linear margins or regularized linear decision functions.

This result agrees with single-cell machine-learning studies that reported compet-

itive performance for linear classifiers, especially SVM and logistic regression, in au-
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tomated cell identification. These models can handle high-dimensional gene-expression
matrices when the number of measured genes exceeds the informative degrees of free-
dom (ABDELAAL et al., 2019; AEVERMANN et al., 2022). Other comparative stud-
ies also reported advantages for nonlinear methods when the dataset contains enough
observations and the phenotype depends on interactions that additive models represent
poorly (CAO et al., 2022). The present results fit this interpretation. They do not re-
ject linear models; rather, they show that disease-state classification within a fixed cell
type may require nonlinear modeling when the transcriptional boundary contains subtle

or interaction-dependent variation.

6.2.2 Which model families were more appropriate under class imbalance

The global analysis gives model suitability under class imbalance a practical in-
terpretation. In subsets where feature selection produced coherent disease-control sepa-
ration, linear classifiers required no highly flexible boundary. Logistic Regression gave
alternatively activated macrophages high held-out performance and gave lung microvas-
cular endothelial cells competitive results (Table 5.13). SVM gave pulmonary alveolar
type 2 cells, B cells, and respiratory tract goblet cells similarly favorable results. These
cases indicate that linear models can classify cell types effectively when selected genes
place disease-associated variation along a stable separable direction.

Nonlinear classifiers gave different subsets a better fit when disease status de-
pended on richer expression patterns. The CD4-positive, alpha-beta T-cell subset provides
the main example. In this subset, the MLP gave the evaluation larger macro F1-score and
hypervolume values than Logistic Regression and SVM (Table 5.6), and the held-out test
set gave it consistent independent performance (Figure 5.6). The MLP also gave multi-
ciliated columnar cells of the tracheobronchial tree and bronchiolar smooth muscle cells
favorable results (Table 5.13). These cases indicate that nonlinear models can represent
disease-control separation when several genes jointly define the transcriptional boundary,
rather than when one linear axis carries most of the signal.

Random Forest gave the global comparison an intermediate pattern. The model-
selection procedure assigned it to several cell types, including fibroblasts, mast cells, and
additional subsets (Tables 5.12 and 5.13). This pattern indicates that tree-based ensembles
captured useful local rules when small groups of genes contributed jointly to prediction.

The CD4-positive, alpha-beta T-cell analysis, however, gave Random Forest lower gen-
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eralization than the MLP. Therefore, the results support a cell-type-specific interpretation
of Random Forest performance, rather than a general preference for this model family.

KNN gave the weakest global pattern and received no final selection in the cross-
validation comparison. Sparse high-dimensional single-cell matrices can give neighbor-
hood relations unstable structure, and class imbalance can give local voting rules biased
decision regions. These properties can disadvantage KNN even after feature reduction,
especially when disease-associated cells occupy diffuse regions instead of compact man-
ifolds. This interpretation agrees with discussions of high-dimensional classification and
imbalance learning (HE; GARCIA, 2009; SAITO; REHMSMEIER, 2015).

In practical terms, the results give each model family a conditional role. Linear
models suit cell types in which selected genes define stable disease-control separation,
especially when limited sample size or class imbalance constrains model fitting. Nonlin-
ear models suit cell types in which disease-associated transcriptional differences depend
on gene interactions, local rules, or non-additive effects that remain after feature selec-
tion. The analysis therefore gives model choice an empirical basis: the data from each
cell type, rather than the classifier family alone, should guide final model selection. This
rationale supports the use of a flexible model-selection procedure across subsets instead

of a fixed classifier strategy.

6.3 Multiobjective model selection in imbalanced single-cell classification

This study used multiobjective optimization to give final model selection a clearer
methodological basis. In imbalanced transcriptomic classification, a single metric can
give the analysis a distorted ranking. Accuracy can assign high scores to models that
mainly predict the majority class, while sensitivity, specificity, and macro F1-score can ex-
pose errors in minority-class prediction (HE; GARCIA, 2009; SAITO; REHMSMEIER,
2015). A selection rule based on one metric can therefore favor classifiers that look ade-
quate in numerical summaries but give the data poor disease-control discrimination.

The CD4-positive, alpha-beta T-cell analysis illustrates this problem directly. Ta-
ble 5.6 and Figure 5.4 show that the MLP produced a balanced joint profile across the
tracked metrics and occupied the only non-dominated position in the comparative anal-
ysis. The selection procedure therefore did not choose the model only because it maxi-
mized one isolated value. It selected the classifier that gave the dataset a balanced profile

across accuracy, sensitivity, specificity, and macro F1-score. The hypervolume criterion
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made this rationale explicit, whereas a single-metric ranking would have hidden part of
the trade-off.

The global comparison gives the same argument additional support. Table 5.12
shows that the hypervolume-based selection matched the highest macro Fl-score in 23
of the 25 analyzed cell types. This agreement indicates that the multiobjective procedure
gave the analysis stable choices rather than arbitrary selections. In most subsets, it se-
lected the same classifier favored by the metric with greater sensitivity to imbalance. In
the remaining cases, it gave the comparison a way to account for accuracy, sensitivity,
specificity, and macro F1-score together. These few differences strengthen the method-
ological argument because they show when F1-score alone did not describe the full per-
formance balance.

This behavior agrees with the role of hypervolume in multiobjective optimization.
Hypervolume gives the selection procedure an indicator that combines dominance and
coverage relative to a reference point (AUGER et al., 2012). In this dissertation, this
property gave model comparison a formal rule for rejecting classifiers that improved one
metric by sacrificing others. This point matters in single-cell disease classification be-
cause each cell type gives the model a different class composition and error structure. A
classifier can therefore differ from another not only in predictive strength, but also in the
balance that it gives false-positive and false-negative errors. The hypervolume framework
made these trade-offs visible during model selection.

The held-out evaluation indicates that this strategy also carried into independent
testing. Table 5.13 shows that the selected models retained the same general performance
pattern in the final train-test analysis. This result suggests that the multiobjective proce-
dure did not only fit the internal cross-validation folds. It gave the framework a stable rule
for moving from model comparison to final model commitment.

For this reason, the thesis does not present hypervolume as a replacement for
macro Fl-score. Macro F1-score remains necessary because class imbalance shaped the
classification task. The combination of macro F1-score, Pareto ranking, and hypervolume
gives model selection a more defensible criterion than any single metric alone. In single-
cell disease classification, where each cell type can impose a different error profile, this
multiobjective strategy gives the framework a practical and transparent basis for choosing

classifiers.
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6.4 Interpretability of machine learning in single-cell transcriptomics

Interpretability is not an optional layer in this study; it is part of the analytical
objective. In single-cell transcriptomics, a classifier that predicts disease state accurately
but fails to reveal which genes drive its decisions contributes limited biological value.
This is particularly true in omics settings, where the same predictive performance can
emerge from feature sets with very different mechanistic meanings (KARIM et al., 2023).
The SHAP-based analysis used here addresses this issue by decomposing the output of
the selected models into feature-level contributions and by connecting these contributions
to expression behavior.

The CD4-positive, alpha-beta T-cell case illustrates this point. Table 5.9 and Fig-
ure 5.9 show that the final model relied on a compact set of influential genes rather than
on diffuse low-amplitude contributions across the selected feature space. This result in-
dicates that the model used a concentrated discriminative signature anchored in a limited
number of genes with measurable attribution magnitudes.

The class-specific SHAP analysis adds an additional layer of biological insight.
Figure 5.9B shows that several genes produced both positive and negative local attribu-
tions within the COPD output. This pattern is highly relevant in disease-state classifica-
tion. It suggests that the classifier did not merely tag one class using one fixed set of uni-
directional markers. Instead, it used a shared core of genes whose local effects depended
on the surrounding transcriptional context. In biological terms, this is a more plausible
decision structure than one based on rigid one-gene/one-class associations, especially in
immune populations where activation, stress response, and homeostatic programs can be
partially overlapping.

The expression-attribution correlation analysis further improved interpretability
because it linked model importance to gene abundance rather than treating attribution
as a purely abstract model quantity. This step is valuable in single-cell studies, where
high importance does not necessarily mean high expression, and where the same expres-
sion level can contribute differently across cellular contexts. By correlating SHAP values
with expression, the framework distinguished genes whose increased expression tended
to strengthen disease prediction from genes whose expression tended to shift attribution
toward the control class. This approach moves the analysis from feature ranking to feature
behavior.

The interpretability results also require caution. Because the benchmark was re-
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stricted to male samples, the prominence of Y-linked genes among the top SHAP features
should not be overgeneralized. Their attribution values apply to this benchmark, but their
biological interpretation must remain tied to the study design. This case illustrates a lim-
itation of interpretable machine learning: an explanation inherits the sampling frame in
which the model learned it. Interpretability therefore does not replace biological judg-
ment; it gives that judgment a more explicit basis.

These points align with recent work arguing that explainable and interpretable
machine learning supports bioinformatics when prediction must be linked to mechanistic
interpretation (KARIM et al., 2023; GONZALEZ-FERRER et al., 2024). In this dis-
sertation, interpretability showed that the selected model was not only predictive but also
traceable to a biologically structured set of disease-relevant signals. The framework there-

fore connected prediction and explanation within the same analytical framework.

6.5 Biological meaning of the enriched GO terms in CD4-positive alpha-beta T cells

The enrichment results for the CD4-positive, alpha-beta T-cell subset support the
biological interpretation of the proposed method. Figure 5.11 and Table 5.10 show that
all evaluated feature-selection strategies recovered translation-related biology. However,
the proposed method differed from the others by combining this translational core with
stress-response, chaperone-mediated refolding, apoptotic regulation, and additional regu-
latory processes. This profile fits the biological context of COPD, a chronic inflammatory
disease in which immune cells are repeatedly exposed to activation signals, proteostatic
stress, and altered tissue microenvironments (FREEMAN et al., 2014; ROBERTS et al.,
2015; PAATS et al., 2012).

This point deserves emphasis because the proposed method did not produce the
densest network. Wilcoxon generated the most connected PPI graph and the highest aver-
age node degree (Table 5.10), but its enriched terms remained centered on broad biosyn-
thetic and housekeeping-like programs. By contrast, the proposed method recovered the
largest number of GO biological process terms and identified a disease-associated mod-
ule that linked translation to heat-shock and stress-adaptation processes. For discussion
purposes, this distinction is crucial. A denser network does not automatically imply a
more disease-informative network. In this case, Wilcoxon appeared to emphasize strong
general-expression differences, whereas the proposed method better captured a function-

ally integrated disease-related program.
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The disease-oriented interpretation becomes stronger when the positively con-
tributing genes selected by the proposed method are considered separately. The corre-
sponding enrichment profile again highlighted translation, ribosome-associated activity,
protein homeostasis, and stress-response processes (Figure 5.11). This pattern is con-
sistent with the idea that activated or chronically stimulated T cells require tight control
of protein synthesis and post-transcriptional regulation (JURGENS; POPOVIC; WOLK-
ERS, 2021; SINCLAIR; CANTRELL, 2025). It is also compatible with broader evidence
showing that stress-response pathways and integrated stress signaling are central to how
cells adapt to proteostatic challenges (COSTA-MATTIOLI; WALTER, 2020; WILLIAMS
et al., 2024). Thus, the enrichment signature recovered here is not only statistically co-
herent; it is also biologically plausible in the context of immune dysregulation.

Among the evaluated strategies, the proposed method showed disease-oriented bi-
ological coherence in the CD4-positive, alpha-beta T-cell subset. This interpretation does
not imply that the proposed method alone identified disease-relevant biology or that the
alternative methods were biologically uninformative. Rather, the proposed method com-
bined three properties in the CD4 analysis: predictive contribution, disease-directional
attribution, and enrichment specificity. Wilcoxon identified a connected network, but its
enriched terms centered more on broad biosynthetic functions. ANOVA and RFE recov-
ered narrower functional spaces. Random Forest produced more fragmented modules.
The proposed method linked positively disease-associated genes to a program that com-
bined translational, stress-response, and regulatory processes. Within the logic of this
dissertation, that combination supports a disease-oriented interpretation.

This conclusion is also important for interpreting the SHAP results. Genes such
as HSP90AAI, HSPAIA, HSPAIB, JUNB, and related factors did not appear as isolated
markers. Instead, they participated in a network architecture that suggests coordinated
adaptive responses. In chronic inflammatory conditions, such coordination is often more
informative than isolated differential expression because it reflects how cells reorganize
multiple regulatory layers rather than simply changing one transcript at a time. Therefore,
the biological discussion favors the proposed method not because it maximized a single
enrichment statistic, but because it produced the most interpretable disease-associated

program.
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6.6 What the top 25 features selected by each method reveal about feature-selection

behavior

The comparison of the top 25 genes selected by each method shows that feature-
selection strategies operationalize different definitions of relevance rather than simply re-
ordering the same genes. Figure 5.7 shows partial overlap among gene lists together with
method-specific components. Figure 5.8 shows that Random Forest, RFE, and ANOVA
produced distinct score profiles for their top-ranked genes and differed in computational
cost. Figure 5.10 and Table 5.10 show that these differences affected geometric organi-
zation and biological interpretation. The top 25 genes selected by each method should
therefore be treated as different summaries of the signal space.

The proposed method selected genes according to predictive contribution aggre-
gated through SHAP-based interpretation. Consequently, its top 25 genes reflected model-
useful, class-relevant features rather than only marginal differential expression. This helps
explain why the proposed method produced the most biologically integrated enrichment
profile even though it did not maximize geometric separation in the full standardized
space. It prioritized genes that contributed to disease discrimination in the chosen predic-
tive setting, not genes that merely produced the strongest univariate contrasts.

Wilcoxon and ANOVA reflected a different notion of relevance. As filter methods,
they emphasize marginal statistical separation between groups. In single-cell data, this be-
havior can strongly privilege genes with stable rank-based or variance-based differences,
including genes associated with abundant translational machinery or other high-signal
programs (SAEYS; INZA; nAGA, 2007; YANG; HUANG:; LIU, 2021; PULLIN; MC-
CARTHY, 2024). This logic helps explain why ANOVA achieved the strongest full-space
separation ratio in the CD4 analysis (Figure 5.10), and why both Wilcoxon and ANOVA
tended to recover broader translation-centered signatures. These methods are therefore
highly effective when the main goal is strong geometric discrimination or marker-like
statistical contrast, but they may be less specific when the goal is disease-oriented biolog-
ical interpretation.

Random Forest and RFE also reflected distinct perspectives on relevance. Ran-
dom Forest selected genes that repeatedly improved tree splits, which made it sensitive
to nonlinear interactions and local partitioning rules. This behavior likely contributed to
its strong performance in several cell types, but it also produced more fragmented en-

richment profiles in the CD4 subset. RFE, in turn, selected genes that best supported
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a classifier-specific decision boundary through iterative elimination. This approach can
produce compact predictive subsets, but it may also narrow the functional scope of the se-
lected genes. The sparse enrichment profile observed for RFE in Figure 5.11 is consistent
with this interpretation.

The random baseline plays an important role in this comparison because it shows
what a non-informative top-25 set looks like. The poor geometric structure associated
with random selection in Figure 5.10 confirms that the informed methods captured real
disease-related organization. Therefore, even when the methods differed in biological
specificity or geometric compactness, they remained clearly distinct from a null selection
Strategy.

This comparison aligns with a central argument in the feature-selection litera-
ture: no method optimizes all desirable properties at once (SAEYS; INZA; nAGA, 2007;
YANG; HUANG:; LIU, 2021; TOWNES et al., 2019). Some methods prioritize statisti-
cal contrast, others prioritize classifier utility, and others preserve interpretability directly.
The results of this dissertation follow that pattern. ANOVA often produced larger geo-
metric separation; Wilcoxon produced a more connected CD4 network; Random Forest
performed well across several heterogeneous cell types; and the proposed method inte-
grated prediction with biological interpretation. The top 25 genes selected by each method
therefore reflect both the biology of the dataset and the bias introduced by the selection
strategy.

For this reason, the proposed method should not be judged solely by whether its
top 25 genes matched those from classical filters. Their partial divergence is expected and,
in fact, informative. It shows that the proposed framework captures a different facet of
relevance: the genes that the final predictive model actually uses to discriminate disease
state and that remain biologically coherent after interpretation. In the context, that is

precisely the kind of relevance that matters most.
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7 CONCLUSION

This dissertation developed and evaluated a computational framework for single-
cell transcriptomic analysis that integrates feature selection, machine learning, interpretable
artificial intelligence, and multiobjective optimization. The main objective was to identify
informative genes and construct predictive models that were both accurate and biologi-
cally interpretable. The evaluation supports the suitability of the framework for high-
dimensional, sparse, and heterogeneous single-cell data. By combining leakage-aware
preprocessing, cell type-specific modeling, fold-wise feature selection, Bayesian hyperpa-
rameter optimization, Pareto-guided model comparison, SHAP-based interpretation, and
downstream biological validation, the framework provided an integrated strategy for tran-
scriptomic classification in which predictive performance and biological interpretability
were addressed jointly.

The evaluation on the COPD dataset showed that no single classifier generalized
across all cell types. Predictive performance varied according to the local biological and
statistical structure of each cell population. This finding supports one conclusion of the
dissertation: model selection in single-cell transcriptomic studies should use cell type-
specific and multiobjective evaluation rather than a universal modeling assumption. The
detailed analysis of CD4-positive, alpha-beta T cells illustrated this point. In this subset,
the Multilayer Perceptron produced a balanced profile across evaluation metrics, formed
the only Pareto-optimal solution, and preserved comparable performance in the final hold-
out evaluation. The interpretability analyses showed that the final model relied on a com-
pact set of genes with biologically interpretable predictive contributions.

The comparative analyses across feature selection methods also showed that dif-
ferent strategies emphasize different notions of relevance. Although ANOVA and Wilcoxon
performed well under specific criteria, the proposed method integrated predictive utility,
interpretability, and biological coherence within the CD4 analysis. This result supports
the conclusion that feature selection should not be judged only by geometric separation or
statistical contrast, but by its combined impact on classification, explanation, and down-
stream biological validation. Overall, this dissertation presents the proposed framework
as a leakage-aware and interpretable strategy for selecting disease-associated features and
evaluating classifiers in single-cell transcriptomic data. Because the framework was eval-
uated on one COPD dataset, future work should test its generalizability in external cohorts

and multiclass datasets.
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APPENDIX A - RESUMO EXPANDIDO EM PORTUGUES

A transcriptomica de célula dnica permite analisar tecidos complexos em res-
olucdo celular, distinguindo programas transcricionais que poderiam ser mascarados em
andlises de populacdes heterogéneas. Essa resolugdo, entretanto, impde desafios com-
putacionais relevantes, como alta dimensionalidade, esparsidade, ruido técnico, desbal-
anceamento entre classes e risco de vazamento de informac¢ao durante a construcdo de
modelos supervisionados. Esses aspectos sdo particularmente criticos quando etapas
como selecdo de atributos, balanceamento ou otimizagdo de hiperparametros utilizam
informacdes externas aos dados de treinamento, produzindo estimativas de desempenho
artificialmente favordveis.

Esta disserta¢ao prop0s e avaliou um framework computacional para classificacao
supervisionada em dados transcriptomicos de célula unica. O método integra selecdao
de atributos, aprendizado de méquina, selecdo multiobjetivo de modelos e interpretacdao
baseada em SHAP. A principal premissa do trabalho € que a sele¢do de genes ndo deve
ser tratada apenas como uma etapa preliminar de redu¢do de dimensionalidade, mas como
um componente central do processo analitico, diretamente relacionado ao desempenho
preditivo, a estabilidade da interpretacdo e a plausibilidade bioldgica dos resultados.

O framework foi desenvolvido a partir de trés decisdes metodoldgicas. Primeiro,
todas as etapas capazes de aprender padrdes da distribuicdo dos dados foram restritas
as parti¢cdes de treinamento em cada dobra da validagdo cruzada, incluindo o balancea-
mento das classes, a selecdo de atributos e a otimizacdo dos classificadores. Segundo,
cada tipo celular foi modelado como uma tarefa independente, evitando que diferencas
entre identidades celulares fossem confundidas com o sinal associado a condicdo biolog-
ica. Terceiro, a interpretacdo dos modelos finais foi incorporada ao fluxo por meio de
valores SHAP, permitindo avaliar a contribui¢do dos genes selecionados para as decisdes
preditivas.

A avaliacdo utilizou um conjunto de dados de RNA-seq de célula inica em doenca
pulmonar obstrutiva cronica. Para reduzir efeitos de confusdo associados ao sexo, a
andlise foi restrita a amostras masculinas. Ap0s a filtragem global, a matriz analisada
reteve 69.366 células e 31.902 genes. Na etapa especifica por tipo celular, 27 populagdes
atenderam aos critérios minimos para modelagem. Para cada uma delas, o fluxo aplicou
validagdo cruzada estratificada em cinco dobras, balanceamento por random undersam-

pling nas particdes de treino, selecdo de atributos baseada em Wilcoxon dentro de cada
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dobra, otimizacdo Bayesiana de hiperparametros e comparacao entre classificadores.

Foram avaliados cinco algoritmos: regressao logistica, maquina de vetores de su-
porte, floresta aleatdria, k-vizinhos mais préximos e perceptron multicamadas. A sele¢ao
final dos modelos ndo se baseou em uma unica métrica. Em vez disso, o estudo con-
siderou simultaneamente acuricia, sensibilidade, especificidade e Fl-score por meio de
fronteira de Pareto e hypervolume. Essa estratégia foi adotada porque o desbalancea-
mento entre classes poderia tornar métricas isoladas pouco informativas, especialmente
em populacdes celulares com menor representacdo amostral ou sinal transcricional mais
sutil.

O estudo também comparou a estratégia proposta com métodos alternativos de
selecdo de atributos, incluindo ANOVA, importancia por floresta aleatdria e eliminacao
recursiva de caracteristicas. Essa comparacdo permitiu observar que diferentes métodos
priorizam diferentes nogdes de relevancia génica. Enquanto métodos univariados tendem
a destacar genes com contraste estatistico marginal, métodos embutidos e wrapper favore-
cem atributos associados ao comportamento de classificadores especificos. A estratégia
proposta buscou equilibrar desempenho preditivo, interpretacio do modelo e coeréncia
funcional das assinaturas selecionadas.

Os resultados indicaram que nenhum classificador apresentou superioridade uni-
forme em todas as populacdes celulares. Em alguns tipos celulares, modelos lineares
obtiveram desempenho competitivo, enquanto, em outros, modelos ndo lineares apresen-
taram melhores combinagdes de métricas. Esse resultado reforca a necessidade de tratar
cada populacgdo celular como um problema de classificagdo préprio, em vez de impor um
unico classificador para todo o conjunto de dados.

O estudo de caso em células T alfa-beta CD4-positivas exemplificou essa vari-
acdo. Nessa populacdo, o perceptron multicamadas apresentou o melhor equilibrio en-
tre as métricas avaliadas, constituiu a unica solucao Pareto-6tima e manteve desempenho
consistente na avaliacao final por hold-out. O modelo final apresentou acuricia de 0,8805,
sensibilidade de 0,8977, especificidade de 0,8977 e Fl1-score de 0,6774. A diferenca entre
o Fl-score e as demais métricas também evidenciou o efeito do desbalanceamento ainda
presente na avaliac@o final, reforcando a importancia de analisar multiplos critérios de
desempenho.

A interpretacdo baseada em SHAP mostrou que o modelo selecionado utilizou
uma assinatura compacta de genes com contribui¢ao preditiva consistente. Entre os genes

mais relevantes no estudo de caso destacaram-se RPS4Y1, DNAJBI, SFTPC, HSPAIB e
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DDX3Y. A andlise das atribuicdes indicou que a contribui¢do de um gene podia variar con-
forme a classe explicada, enquanto a correlacdo entre expressiao génica e valores SHAP
mostrou relacdes estruturadas entre abundancia transcricional e decisdo do modelo.

A validagdo funcional indicou que os genes selecionados se associaram principal-
mente a processos de traducgdo, resposta ao estresse, refolding mediado por chaperonas,
regulacdo apoptética e homeostase proteica. Esses resultados sugerem que o framework
ndo apenas selecionou genes uteis para a classificacdo, mas também recuperou sinais bi-
olégicos compativeis com o contexto da doenca. Na andlise global, a dificuldade das
tarefas variou entre os tipos celulares, refletindo diferencas de tamanho amostral, intensi-
dade do sinal transcricional e grau de desbalanceamento entre as classes.

Em sintese, esta dissertacao apresentou um framework para classificagdo super-
visionada em transcriptomica de célula tnica que combina controle de vazamento, mod-
elagem especifica por tipo celular, selecdo de atributos, otimizacdo de classificadores,
selecao multiobjetivo e interpretacdo baseada em SHAP. Os resultados indicam que essa
integragcdo favorece a construcdo de modelos preditivos mais interpretaveis e biologica-
mente informativos, especialmente em cenérios nos quais a heterogeneidade celular e o
desbalanceamento entre classes limitam abordagens baseadas em métricas tinicas ou em

andlises globais.

Palavras-chave: sequenciamento de RNA de célula tinica; selecio de atributos; apren-
dizado de maquina; inteligéncia artificial interpretavel; otimizacio multiobjetivo;

doenca pulmonar obstrutiva cronica.
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