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Bulk RNA sequencing (RNA-seq) produces high-dimensional gene expression data where the number of
measured features greatly exceeds the number of available samples, which challenges artificial intelligence
(Al)-based modeling. In this setting, models are highly susceptible to overfitting and may fail to generalize
across independent datasets when feature dimensionality is not adequately controlled. Feature (gene)
selection is therefore essential for reliable inference, particularly when it is performed strictly within
training data to prevent information leakage. This review examines how high dimensionality and limited
sample size constrain Al-based analysis of bulk RNA-seq data and surveys feature selection strategies used
to address these challenges. Emphasis is placed on statistically guided, training-only frameworks, with a
focus on generalized linear models with quasi-likelihood F tests and magnitude-altitude scoring (GLMQL-
MAS). Across published viral infection studies, GLMQL-MAS yields compact, interpretable gene sets that
support robustness, reproducibility, and cross-dataset generalization in bulk transcriptomic modeling.
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Introduction

Bulk RNA sequencing (RNA-seq) enables genome-wide quan-
tification of transcript abundance, generating expression mea-
surements for tens of thousands of genes per sample. These
datasets are intrinsically high dimensional, where the number
of molecular features far exceeds the number of biological
samples typically available. Such conditions place bulk RNA-
seq data firmly within the setting of the curse of dimensionality
[1,2], where expansion of feature space without proportional
sample support limits model generalizability.

In practice, bulk RNA-seq studies are frequently constrained
by limited sample size due to cost, experimental complexity, or
restricted availability of biological material. Analytical settings
defined by small sample size and large feature dimensionality,
where features correspond to measured transcripts or genes,
are particularly susceptible to overfitting, where models learn
dataset-specific noise rather than reproducible biological signal
[3]. Models affected by overfitting often exhibit high apparent
performance during training yet fail to generalize to indepen-
dent datasets, which undermines reproducibility and transla-
tional relevance.

Feature selection provides a principled strategy to mitigate
overfitting by restricting the predictor space to genes that show
statistically supported associations with phenotypic outcomes.
When feature selection is performed exclusively within training
data, it reduces noise while preserving strict separation between
model development and evaluation (Fig. 1). For this reason,
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statistically guided gene pre-selection can be used as a founda-
tional component of predictive modeling pipelines in bulk RNA-
seq studies, particularly under small-sample conditions.

Among available feature selection frameworks, generalized
linear models with quasi-likelihood F tests and magnitude—
altitude scoring (GLMQL-MAS) [4-10] offers a statistically
rigorous and phenotype-informed approach for identifying
informative transcriptomic features. By combining edgeR-
based [11] generalized linear modeling with composite ranking
that integrates effect size and statistical confidence, GLMQL-
MAS produces compact gene sets that support robust and
reproducible downstream modeling.

This review examines the interaction between high dimen-
sionality and limited sample size in bulk RNA-seq data, the
implications for artificial intelligence (AI)-based modeling, and
the role of statistically grounded, training-only feature selection
frameworks such as GLMQL-MAS in addressing overfitting
and reproducibility limitations.

Al in Bulk Transcriptomics: High Dimensionality,
Overfitting, and the Role of Feature Selection

AT methods have become widely adopted in bulk RNA-seq
analysis due to their capacity to model complex, multivariate
relationships across large gene expression spaces [12]. However,
their direct application to bulk transcriptomic data is funda-
mentally constrained by the structural properties of these data-
sets. Bulk RNA-seq studies typically measure expression for
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Fig. 1. High dimensionality of bulk RNA-seq data and the role of training-only feature selection in Al-based modeling. Bulk RNA-seq data comprise approximately 20,000
protein-coding genes per sample, which creates a high-dimensional learning setting with elevated overfitting risk under limited sample size. Statistically guided feature selection
is applied strictly within the training data, either prior to cross-validation or independently within each training fold, to reduce dimensionality while preventing information
leakage. The resulting reduced gene set supports more stable model fitting and improved generalization to held-out data.

tens of thousands of genes while containing only a limited
number of samples, which places Al models in a setting where
reliable parameter estimation is difficult and predictive perfor-
mance often fails to generalize beyond the training data.

Most machine learning models process all provided input
features without any inherent mechanism to distinguish bio-
logically meaningful signal from noise unless explicit feature
selection or regularization components are introduced. When
bulk RNA-seq expression matrices are used without prior fea-
ture restriction, models are exposed to thousands of genes,
many of which exhibit low expression, weak phenotype associa-
tion, or stochastic variation. Under small-sample conditions,
this configuration substantially increases the likelihood that
models assign importance to noise-driven features, which
results in overfitting and inflated training performance.

High-capacity learning architectures, including ensemble
methods [13] and deep neural networks [14], are particularly
vulnerable in this setting when model complexity is not matched
to sample size and feature dimensionality. Their flexibility enables
close fitting of training data, which in high-dimensional tran-
scriptomic spaces often leads to memorization of dataset-
specific artifacts rather than extraction of reproducible biological
signal. As a consequence, learned patterns may reflect technical
variation or cohort-specific structure instead of phenotype-
associated transcriptional programs.

Overfitting in Al-based bulk RNA-seq analysis often arises
from a fundamental mismatch between data dimensionality
and sample availability rather than model choice alone. Without
statistically grounded feature selection applied strictly within
training data, and without matching model complexity to the
number of available samples and selected features, AT models
may remain prone to learning noise and technical artifacts.

To address these challenges, feature selection strategies used
in transcriptomic machine learning must balance statisti-
cal rigor, compatibility with the distributional properties of
RNA-seq data, and preservation of biological interpretability.
Approaches differ in how they incorporate phenotype informa-
tion, how they rank candidate genes, and whether they retain
genes as interpretable predictors or transform the data into
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latent representations. These methodological differences influ-
ence the stability of selected gene sets and the reliability of
downstream predictive models. The following section there-
fore examines GLMQL-MAS in detail and places it within
the broader landscape of feature selection approaches used in
bulk RNA-seq analysis, with emphasis on how its statistical
design supports interpretable and robust gene selection for
predictive modeling.

GLMQL-MAS: A Statistically Grounded
Framework for Feature Selection in Bulk
RNA-seq Analysis

The principal approaches that can be used to control dimen-
sionality in transcriptomic machine learning include statisti-
cal gene-ranking methods, machine learning-based feature
selection strategies, probabilistic variable selection frame-
works, dimensionality reduction techniques, and neural-
network regularization strategies. Each category provides
different mechanisms for identifying relevant predictors and
mitigating overfitting. However, these approaches also differ
in their compatibility with the statistical properties of bulk
RNA-seq data and in the extent to which they preserve bio-
logical interpretability.

Statistical gene-ranking approaches

Many transcriptomic machine learning workflows begin by
ranking genes using differential expression analysis and select-
ing the highest-ranked genes as predictors for downstream
classifiers. Common frameworks include DESeq2 [15] and
limma-voom [16], which evaluate gene—phenotype associa-
tions using statistical models that account for experimental
design and biological variability. Genes are then prioritized
according to metrics such as P values, adjusted P values, or log,
fold change. This strategy provides a straightforward mecha-
nism for dimensionality reduction while maintaining a clear
statistical connection between gene expression and phenotype
association.
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Univariate filtering methods such as the Fisher score [17]
similarly can evaluate genes independently by comparing
between-class and within-class variance. While computation-
ally efficient, these methods do not account for gene-gene
dependencies and do not incorporate statistical models tailored
to RNA-seq count data. As a result, their rankings may be sensi-
tive to technical variation and may not fully capture the distri-
butional properties of transcriptomic measurements.

Machine learning feature selection methods

Machine learning feature selection approaches identify subsets
of genes that improve predictive performance of downstream
classifiers. These methods incorporate phenotype information
during feature selection and often consider relationships among
predictors.

Wrapper-based approaches such as minimum redundancy
maximum relevance (mRMR) [18] can select genes that maxi-
mize relevance to the phenotype while minimizing redundancy
among selected features. This strategy attempts to identify com-
pact gene sets that contain complementary predictive infor-
mation. However, reliable estimation of mutual information
requires sufficient sample size, which is often limited in bulk
RNA-seq studies.

Embedded feature selection methods integrate gene selec-
tion directly into model training. Lasso regression [19] per-
forms variable selection by imposing an L1 penalty that drives
some coefficients to zero, which yields sparse predictive models.
Elastic Net regression [20] extends this strategy by combining
L1 and L2 penalties, which improves stability when predictors
are highly correlated and allows groups of correlated genes to
be retained.

Boruta feature importance [21] uses random forest (RF)
classifiers to estimate feature importance and compares
observed gene importance to randomized shadow features
that provide an empirical baseline. Genes that consistently
outperform shadow features are retained as relevant predic-
tors. Although Boruta can detect nonlinear interactions, its
importance estimates may be sensitive to correlation struc-
ture and stochastic variation, particularly when sample size
is limited.

Another strategy for improving robustness of selected fea-
tures is stability selection [22]. In this framework, regularized
models such as Lasso or Elastic Net are repeatedly fitted on
subsampled versions of the training dataset, and genes that
are consistently selected across multiple resampled models are
retained as stable predictors. This approach reduces sensitivity
to sampling variability but remains dependent on the assump-
tions of the underlying regression model.

Probabilistic variable selection approaches
Probabilistic feature selection methods model uncertainty in
feature inclusion directly. Bayesian variable selection frame-
works [23] introduce prior distributions over model parameters
and estimate posterior probabilities that individual genes con-
tribute to predictive models.

By explicitly modeling uncertainty in feature inclusion,
Bayesian approaches can incorporate prior biological knowl-
edge and generate probabilistic rankings of candidate genes.
However, Bayesian variable selection methods can become com-
putationally demanding when applied to genome-scale datasets
containing tens of thousands of predictors. Furthermore, many
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implementations rely on transformed expression measurements
rather than directly modeling RNA-seq count distributions.

Dimensionality reduction and representation

learning

Dimensionality reduction techniques address high dimen-
sionality by transforming gene expression data into lower-
dimensional representations. Projection-based approaches
such as principal components analysis (PCA) [24] and inde-
pendent components analysis (ICA) [25] generate latent com-
ponents that summarize patterns of variation across genes.
These components can then be used as predictors for down-
stream modeling tasks.

Deep learning methods extend this concept through rep-
resentation learning. Autoencoders compress the input gene
expression matrix into a lower-dimensional latent space that
captures major structure in the data before reconstructing
the original input [26]. Related latent embedding approaches
generate compact representations suitable for predictive
modeling [27]. Although these approaches can capture com-
plex relationships among genes, the resulting latent variables
represent combinations of many genes and therefore reduce
direct biological interpretability compared with gene-level
feature selection.

Neural-network regularization strategies

Deep learning models often address high dimensionality
through regularization techniques that constrain model flexi-
bility during training rather than selecting genes explicitly.
Dropout randomly omits a subset of hidden units during each
training iteration, which reduces co-adaptation among neurons
and improves generalization [28]. Early stopping halts training
when validation performance ceases to improve, which pre-
vents continued fitting to noise in the training data [3]. Weight
decay, typically implemented as L2 regularization, penalizes
large parameter values and encourages smaller weight magni-
tudes that generalize more reliably [29]. These strategies reduce
effective model complexity but do not directly identify biologi-
cally interpretable gene subsets.

GLMQL-MAS framework

Although the methods described above provide various strate-
gies for dimensionality control, many approaches either rely
on statistical assumptions that do not explicitly reflect the dis-
crete and overdispersed structure of RNA-seq count data or
transform gene expression measurements into latent variables
that reduce biological interpretability. In addition, several gene-
ranking strategies prioritize genes using a single selection cri-
terion, such as statistical significance (P value) or expression
effect size (log, fold change), which may not fully capture
multiple aspects of gene relevance. GLMQL-MAS [4-10] was
developed to address these limitations through a statistically
grounded feature selection framework designed specifically
for bulk RNA-seq predictive modeling.

Unlike projection-based dimensionality reduction methods,
GLMQL-MAS retains individual genes as predictors. This
design preserves biological interpretability and enables direct
linkage between selected genes and disease-related molecular
mechanisms.

The statistical foundation of GLMQL-MAS is based on general-
ized linear modeling of RNA-seq count data using the negative
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binomial distribution implemented in edgeR [11]. This frame-
work explicitly models the discrete and overdispersed nature of
RNA-seq measurements, where variance frequently exceeds
the mean [15,30]. Raw read counts are normalized using the
trimmed mean of M values method [31] to correct for library
size differences and compositional bias. Experimental conditions
and covariates are encoded through a design matrix, and gene-
wise dispersion estimates capture inter-sample variability.

Gene-phenotype associations are evaluated using quasi-
likelihood F tests [32], which account for uncertainty in dis-
persion estimation and improve control of false positives in
small-sample settings. Resulting P values are adjusted for multiple
testing using the Benjamini-Hochberg procedure [33], yielding
statistically controlled significance estimates for each gene.

To prioritize genes by combined biological effect size and
statistical confidence, GLMQL-MAS applies magnitude-altitude
scoring (MAS) [34,35], which integrates absolute log, fold
change and adjusted P value into a composite ranking metric.
For each significant gene /, a composite MAS score is computed
as follows:

M
MAS;=| log, (FC)| " |fogyo (PP™) (1)

|A
where PlBH denotes the BH adjusted P value and FC; is the
fold change. This approach avoids reliance on a single selec-
tion criterion and favors genes that exhibit both large abso-
lute expression changes and strong statistical support, with
weighting controlled by the user-defined parameters M and
A. When the raw P value p; is used instead of PIBH in Eq. (1),
the resulting metric is termed the relaxed magnitude-altitude
score (RMAS) [4], and the associated pipeline is referred to
as GLMQL-RMAS. For multi-condition experimental designs,
Cross-MAS [6] integrates rankings across contrasts, promoting
genes with consistent effects while preserving condition-specific
signals.

Figure 2 presents a schematic overview of the GLMQL-MAS
pipeline, which illustrates normalization, dispersion modeling,
quasi-likelihood testing, and MAS-based gene ranking per-
formed strictly within the training phase. Figure 3 further illus-
trates the separation of training and held-out test datasets
required for valid performance evaluation, with GLMQL-MAS
applied exclusively to the training data to identify gene signa-
tures subsequently evaluated on independent samples.

Comparative assessment of feature selection

strategies for bulk RNA-seq predictive modeling

Taken together, the feature selection and dimensionality con-
trol strategies outlined in Statistical gene-ranking approaches,
Machine learning feature selection methods, Probabilistic vari-
able selection approaches, Dimensionality reduction and repre-
sentation learning, and Neural-network regularization strategies
sections address high-dimensional transcriptomic data through
distinct mechanisms, including univariate statistical ranking,
predictive feature subset selection, probabilistic variable inclu-
sion, latent representation learning, and model regularization.
In contrast, GLMQL-MAS provides a statistically grounded
feature selection framework that directly models RNA-seq count
data and prioritizes genes using combined measures of statisti-
cal significance and expression effect size. The suitability of
these approaches for bulk RNA-seq analysis therefore depends on
whether they preserve gene-level interpretability, accommodate
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limited sample size, and appropriately account for the discrete
and overdispersed structure of RNA-seq measurements.

Statistical gene-ranking approaches such as DESeq2 [15],
limma-voom [16], and univariate filtering methods such as the
Fisher score [17] provide interpretable gene-level prioritization
and can be used for dimensionality reduction prior to machine
learning. However, gene ranking in these pipelines is often
based on a single criterion, such as statistical significance or
fold change, which may not fully capture multiple aspects of
gene relevance. Machine learning feature selection methods
including mRMR [18], Lasso regression [19], Elastic Net [20],
and Boruta feature importance [21] can identify compact predic-
tive subsets and may capture dependencies among predictors.
Nevertheless, these approaches typically operate on transformed
expression values and do not explicitly model RNA-seq count
distributions or overdispersion.

Probabilistic variable selection frameworks such as Bayesian
feature selection [23] incorporate uncertainty in feature inclu-
sion through posterior probability estimates, although their
computational demands may limit application to genome-scale
transcriptomic datasets. Dimensionality reduction and repre-
sentation learning approaches, including PCA [24], ICA [25],
and neural autoencoder models [26], compress gene expression
data into latent representations that summarize global expres-
sion structure. While effective for reducing dimensionality,
these approaches replace individual genes with latent variables
and therefore reduce direct biological interpretability.

Finally, neural-network regularization strategies such as
dropout [28], early stopping [3], and weight decay [29] improve
model generalization by constraining parameter learning dur-
ing training, but they do not directly identify informative gene
subsets. Moreover, these techniques are typically applied within
deep learning architectures that contain large numbers of train-
able parameters and therefore require sufficiently large training
datasets to achieve stable model estimation. In bulk RNA-seq
studies, where the number of measured genes often greatly
exceeds the number of available samples, such models may
remain prone to overfitting despite regularization and do not
directly identify interpretable gene subsets.

Within this landscape, GLMQL-MAS differs in that it com-
bines RNA-seq-appropriate count modeling, quasi-likelihood-
based inference, effect-size-aware ranking, and strict training-only
feature selection while retaining genes as interpretable predic-
tors. This combination is particularly relevant in bulk RNA-seq
studies with limited sample size, where robustness, biological
interpretability, and protection against information leakage
are central considerations. Rather than relying on latent rep-
resentations or feature selection procedures detached from
count-based statistical inference, GLMQL-MAS integrates
gene prioritization within a framework specifically matched to
the statistical properties of bulk RNA-seq data. Table 1 provides
a comprehensive comparison of these methods and highlights
the conceptual and practical characteristics that distinguish
GLMQL-MAS from alternative strategies for dimensionality
control in transcriptomic predictive modeling.

Taken together, the comparison summarized in Table 1 high-
lights that GLMQL-MAS is among the approaches that combine
RNA-seq-appropriate statistical modeling, phenotype-guided
inference, effect-size-aware ranking, and strict training-only
feature selection. In this pipeline, GLMQL-MAS explicitly inte-
grates these components within a single training-only fea-
ture selection module while retaining genes as interpretable
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Fig. 2. Schematic overview of the GLMQL-MAS training-phase feature selection framework for bulk RNA-seq analysis. The schematic illustrates normalization, dispersion
modeling, quasi-likelihood testing, and magnitude-altitude scoring used to rank genes within training data, yielding compact and interpretable gene signatures for downstream

machine learning.

features. A recent comparative evaluation of GLMQL-MAS
variants demonstrated improved performance relative to some
alternative methods [10].

Therefore, GLMQL-MAS functions as an upstream feature
selection module that yields compact, biologically interpretable
gene sets for downstream classification, where model complex-
ity is matched to sample size to reduce overfitting and support
reproducible transcriptomic modeling. The selected genes serve
as predictors for supervised learning, with linear classifiers such
as logistic regression [36] or linear support vector machines
[37] favored under small-sample conditions due to their reli-
able generalization. With larger cohorts, tree-based ensemble
methods, including RFs and boosting approaches [38], can be
applied to capture nonlinear effects and interactions.
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Applications of GLMQL-MAS in Bulk
Transcriptomics of Viral Infections

Across diverse biological contexts, GLMQL-MAS and related
magnitude-altitude frameworks have been applied to bulk
RNA-seq studies that are high dimensional and small in sample
size, which makes robust, statistically guided feature selection
central for reproducible modeling. In this review, we focus spe-
cifically on its use in viral infection studies.

In upper-airway lung organ tissue equivalents infected with
influenza A virus, human metapneumovirus, or parainfluenza
virus type 3, GLMQL-MAS highlighted a conserved innate
antiviral program enriched for interferon-stimulated genes,
including IFIT1, IFIT2, IFIT3, and OAS family members, and
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Fig. 3. Dataset splitting and training-only feature selection using GLMQL-MAS. GLMQL-MAS is applied exclusively to training data to identify top-k gene signatures, which are

then used for machine learning and evaluated on held-out test data.

supported compact signatures that improved multinomial
classification under stratified cross-validation [4]. In human
induced pluripotent stem cell-derived colon organoids infected
with multiple Mpox clades, GLMQL-RMAS and Cross-RMAS
identified clade-discriminatory stress and epithelial-response
genes, and the resulting compact set enabled clear separation
under strict cross-validation, which demonstrated stable fea-
ture discovery under severe sample constraints [6].

Cross-platform robustness was demonstrated in Ebola virus
studies, where OASI was selected and served as a single-gene
predictor that achieved clear discrimination across platforms
and an independent held-out human dendritic cell dataset [7].
Variant-agnostic signatures for SARS-CoV-2 were derived via
GLMQL-MAS and Cross-MAS across multiple cohorts, which
produced conserved ranked genes that included IF127, CDC20,
RRM2, HJURP, CDC45, and BIRC5 and supported high accu-
racy across held-out blood datasets plus external tissues and
stimulation systems [8]. Finally, in primary human endothe-
lial cells infected with Venezuelan equine encephalitis virus
(VEEV), GLMQL-MAS and Cross-MAS separated an inter-
feron and cytokine-driven untreated response from an NRF2-
centered omaveloxolone program while preserving a shared
antiviral backbone, which provided mechanistic stratification
without relying on supervised classification [39].

Across the diverse viral systems summarized in Table 2,
GLMQL-MAS-based feature selection consistently priori-
tizes a conserved host antiviral transcriptional core, which
emerges independently across tissues, species, and experi-
mental platforms. This convergence reflects the fact that
interferon-stimulated genes exhibit larger and more consistent
infection-associated expression changes than most other tran-
scripts in bulk RNA-seq data, which makes them statistically
prominent under rigorous modeling of count-based variance.
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Note that several studies reported perfect separation; how-
ever, such results may reflect highly discriminative signals and
modest sample sizes in specific experimental settings, and per-
formance may be lower in larger or more heterogeneous cohorts.

Application Scenario Boundaries

Although GLMQL-MAS provides a statistically grounded frame-
work for training-only feature selection in bulk RNA-seq analy-
sis, its applicability depends on several characteristics of the
input dataset and study design. As with other statistical model-
ing approaches applied to high-dimensional transcriptomic
data, the reliability of gene prioritization can be influenced by
factors such as sample size, technical variation, experimental
complexity, and the nature of the phenotype being modeled.
In particular, extremely small sample sizes can limit the sta-
bility of dispersion estimation and gene-level inference within
generalized linear models. When the number of biological
replicates per condition falls below approximately 5 samples,
statistical power becomes severely constrained and gene rank-
ings derived from GLMQL-MAS may become sensitive to
individual sample variability. Under such conditions, the result-
ing feature sets may reflect stochastic variation rather than
stable phenotype-associated transcriptional signals. In these
settings, results obtained with GLMQL-MAS should therefore
be interpreted cautiously and ideally validated using indepen-
dent datasets or complementary experimental evidence.
Strong batch effects represent another scenario that may
affect the reliability of statistically guided feature selection. Bulk
RNA-seq datasets that combine samples from different sequenc-
ing runs, laboratories, or experimental protocols can contain
systematic technical variation unrelated to the biological phe-
notype of interest. If such effects are not properly accounted
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Table 1. Comparison of GLMQL-MAS and classical feature selection and dimensionality reduction methods in bulk RNA-seq analysis. Meth-
ods marked with an asterisk select predictors that correspond to genes, but the stability of the selected gene set may be affected under

conditions of strong feature correlation or very small sample sizes.

Models RNA- Produces
seq count Accounts for interpretable Interpretability of  Gene selection/ranking
Method Category distribution overdispersion genes reduced dimension criterion
Fisher score  Statistical No No Yes Ranked gene list Between-class vs. within-
ranking class variance
DESeq2/ Statistical Yes Yes Yes Ranked gene list Differential expression
limma-voom  ranking/ significance (P value,
ranking differential adjusted P value, or log,FC)
expression filter
mRMR Filter feature No No Yes Selected gene Maximum relevance to
selection subset phenotype and minimum
redundancy among genes
Lasso Embedded No No Yes* Selected gene L1-regularized model
regression feature subset coefficients
selection
Elastic Net Embedded No No Yes* Selected gene Combined L1 and L2
feature subset regularized coefficients
selection
Boruta Wrapper feature  No No Yes Selected gene Random forest feature
selection subset importance relative to
shadow features
Stability Resampling- No No Yes* Selected gene Selection frequency across
selection based feature subset resampled models
selection
Bayesian Probabilistic No No Yes Selected gene Posterior inclusion
variable selection subset probability
selection
PCA Dimensionality ~ No No No Latent Variance-maximizing
reduction components principal components
ICA Dimensionality ~ No No No Latent Statistical independence of
reduction components latent components
Autoencoder  Representation  No No No Latent Reconstruction-based latent
learning embeddings representation learning
Deep learning  Model No No No Model parameters ~ Parameter regularization
regularization regularization (dropout, weight decay, early
stopping)
GLMQL-MAS  Statistical Yes Yes Yes Ranked gene list Integrated adjusted P value
ranking/ and log, fold change
differential (magnitude-altitude score)

expression filter

for within the design matrix or through appropriate preprocess-
ing procedures, batch-associated variation may influence gene
ranking and lead to the prioritization of technically driven
features. Standard RNA-seq workflows typically address this
issue through explicit modeling of batch covariates or through
normalization and correction procedures prior to differential
expression analysis.

Experimental designs that include multiple biological fac-
tors or covariates can also influence the interpretation of gene
prioritization results. Although the generalized linear modeling
framework underlying GLMQL-MAS supports complex design
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matrices that incorporate multiple variables, gene ranking may
depend on the contrasts used to define phenotype associations.
In studies involving several interacting experimental factors,
careful specification of contrasts and covariate structure is
therefore important to ensure that prioritized genes reflect the
biological processes of interest rather than secondary sources
of variation.

The nature of the phenotype being modeled may also affect
the behavior of statistically guided feature selection. While
many bulk RNA-seq studies involve categorical phenotypes
such as disease versus control or infected versus uninfected
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conditions, some applications involve continuous phenotypic
variables such as biomarker levels, clinical severity scores, or
viral load measurements. In such cases, generalized linear mod-
eling can incorporate quantitative predictors within the design
matrix; however, the stability of gene ranking may depend on
the strength of the association signal and the available sample
size.

Finally, the relative advantages of different feature selection
strategies may vary across dataset scales. GLMQL-MAS is par-
ticularly well suited for high-dimensional transcriptomic data-
sets with limited sample size, where robust statistical modeling
of RNA-seq count distributions and strict training-only feature
selection can help reduce overfitting and preserve biological
interpretability. In contrast, in larger cohort settings that
include hundreds or thousands of samples, embedded machine
learning approaches such as ensemble-based feature selection
methods may become increasingly competitive for predictive
modeling tasks. In such scenarios, statistically guided gene
prioritization approaches such as GLMQL-MAS may function
as complementary strategies for interpretable feature selection
rather than the sole dimensionality control mechanism.

Taken together, GLMQL-MAS is most reliable when applied
to datasets that contain adequate biological replication and
where major sources of technical variation are either controlled
experimentally or explicitly modeled during statistical analy-
sis. Within these conditions, the framework provides stable
gene prioritization and compact feature sets suitable for down-
stream machine learning while preserving gene-level inter-
pretability and alignment with the statistical properties of bulk
RNA-seq data.

Conclusions

Bulk RNA-seq analysis operates at the intersection of extreme
feature dimensionality and limited sample size, which creates
a structural propensity for overfitting and poor generalization
in Al-based modeling. Across this review, evidence from pub-
lished studies indicates that these limitations arise less from
model choice and more from inadequate control of the feature
space. Feature selection that is statistically grounded, pheno-
type informed, and confined strictly to training data emerges
as a necessary prerequisite for reliable inference, reproducibil-
ity, and cross-dataset transfer in bulk transcriptomics.

GLMQL-MAS addresses these challenges by aligning feature
selection with the statistical properties of RNA-seq count data
and by integrating effect size with controlled inference. Its reli-
ance on generalized linear modeling with quasi-likelihood test-
ing enables robust gene-level prioritization under small-sample
conditions, while magnitude-altitude scoring produces com-
pact and interpretable gene sets that reduce noise without dis-
carding biologically meaningful signal. Across viral infection
studies spanning tissues, platforms, and viral families, GLMQL-
MAS consistently converges on conserved interferon-driven
host response programs and supports models that generalize
beyond their training cohorts. These applications demonstrate
that statistically guided, training-only feature selection can
stabilize AI workflows and reveal reproducible transcriptional
structure in high-dimensional bulk RNA-seq settings.

From a practical perspective, several best practices emerge
for Al-based bulk transcriptomic modeling. Feature selection
should be performed exclusively within training data, for exam-
ple, through nested selection within cross-validation, in order
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to prevent information leakage. Whenever independent data-
sets are available, external validation should be used to evaluate
model generalization. In addition, model complexity should
be matched to the available sample size and the number of
selected features. Adhering to these principles can substantially
reduce overfitting and improve the reproducibility of transcrip-
tomic predictive models.

Future methodological development may further extend sta-
tistically guided feature selection frameworks to emerging tran-
scriptomic modalities and integrative AT workflows. Increasingly,
transcriptomic studies combine multiple molecular data types,
including epigenomic, proteomic, and clinical information,
which creates opportunities for multimodal Al models that
integrate heterogeneous biological signals. In such settings,
statistically grounded gene prioritization may provide a stable
foundation for selecting informative transcriptomic features
before multimodal integration. In parallel, advances in single-
cell RNA-seq and spatial transcriptomics are generating data-
sets that capture cellular heterogeneity and tissue organization
with unprecedented resolution. Although these technologies
differ from bulk RNA-seq in structure and scale, they present
similar challenges related to high dimensionality and noise.
Feature prioritization strategies that account for the statistical
properties of count-based expression data may therefore remain
valuable components of analysis pipelines in these emerging
contexts. Integrating statistically guided feature selection with
multimodal AT frameworks and next-generation transcriptomic
technologies represents a promising direction for improving
interpretability, robustness, and biological insight in future com-
putational genomics studies.
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