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Abstract

The Coronavirus Disease 2019 (COVID-19) pandemic has highlighted the significance of reliable molecular biomarkers in clinical use.
Despite the popularity of traditional statistical approaches, the high dimensionality of transcriptomic data presents challenges for these
conventional methods. While artificial intelligence (AI) algorithms have emerged as highly advantageous for handling these complex
datasets, there is a lack of evaluation of these approaches in COVID-19 transcriptomic studies. This review aims to provide an evaluation
of these studies employed for transcriptomic biomarker discovery in COVID-19 using Al, assessing their study designs, methodologies,
and outcomes. Based on a comprehensive search for literature across five databases including Web of Science Core Collection, Scopus,
PubMed/MEDLINE, IEEE Xplore Digital Library, and LitCovid from December 2019 to March 2025, this review selected 63 studies for a
narrative synthesis of four key sections: (i) The Landscape of AI-Driven COVID-19 Transcriptomics, (ii) Limitations of Studies, (iii) A Proposed
AI-Driven Transcriptomics Framework, and (iv) Clinical Translation Challenges, Opportunities, and Future Directions. Our analysis revealed
limitations in data quality, sample size, and heterogeneity, as well as methodologies regarding validation and interpretability. Thus,
we proposed an evidence-informed workflow that addresses these current limitations in study design, while acknowledging real-world
constraints. We further discuss the emerging potential of agentic Al systems as a promising solution to current limitations. By bridging
methodological gaps with translation considerations, this review can enhance pandemic response strategies for future emerging infectious
diseases.
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Key Points

* Applications observed in reviewed studies mainly included applications in diagnosis and severity stratification of COVID-19 patients.

* The limitations of current studies included small sample sizes, the reliance on public datasets lacking detailed metadata, batch
effects and data heterogeneity reducing model robustness, the lack of external validation, risks of data leakage and circular
validation leading to inflated performance metrics, and challenges in model interpretability.

* An evidence-informed Al-driven framework is proposed, acknowledging real-world constraints including small pandemic cohort
sizes, domain shift from viral evolution, and resource-limited settings, with emerging agentic Al systems offering potential
solutions.

Introduction multi-organ failure, making it crucial for molecular biomarkers to

In late 2019, the Severe Acute Respiratory Syndrome Coronavirus 2
(SARS-CoV-2) outbreak marked the start of a global health emergency,
where limitations in our existing diagnostic and prognostic capa-
bilities of infectious diseases were accentuated. The heterogeneous
symptoms of Coronavirus Disease 2019 (COVID-19) can manifest as
an asymptomatic disease, acute respiratory distress syndrome, or

stratify patient risk and improve therapeutic interventions. Molecular
biomarkers can be obtained using transcriptomic profiling method-
ologies to understand the underlying interactions and biological path-
ways in COVID-19 pathogenesis.

Using high-throughput technologies such as bulk RNA sequenc-
ing (RNA-Seq), single-cell RNA sequencing (scRNA-Seq), and spatial
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transcriptomics, large amounts of gene expression data from respi-
ratory samples, blood, and infected tissues were generated. These
data can provide crucial information on viral tropism, host immune
responses, and cellular heterogeneity of SARS-CoV-2 infection. How-
ever, the high dimensionality of transcriptomic data, where the num-
ber of features (genes) greatly exceeds the number of samples, makes
it difficult for traditional statistical methods to comply with the funda-
mental assumptions. This can lead to overfitting, estimation instability,
and suboptimal convergence [1], highlighting the need for specialized
computational approaches designed to combat these problems.

Artificial intelligence (AD) is often equipped to handle these
computational demands, having already demonstrated robust
scalability across diverse omics domains, from genomics, proteomics
to metabolomics [2-5]. It can handle a high number of features, solving
this problem in transcriptomic data analysis. Under the AI branch,
machine learning (ML), neural networks, and deep learning (DL) are
some common techniques [6]. A comprehensive review by Cheng et al.
[7] highlighted the applications of ML in transcriptomics, including
to predict disease states, identify gene biomarkers, and deconvolute
single-cell data. ML also enables cross-platform integration by
learning platform-specific biases and batch effects while facilitating
the detection of complex splice variants and transcript isoforms in
long-read sequencing [7]. Therefore, complex, nonlinear relationships
between gene expression patterns and clinical outcomes can be
studied, transforming the challenge of high dimensionality into an
opportunity to discover novel biological insights. This has made ML
a crucial tool for modern transcriptomic analysis, particularly in
complex infectious diseases like COVID-19.

Previous COVID-19 reviews have examined Al applications, includ-
ing diagnostic, prognostic, therapeutic, epidemiological surveillance,
molecular biomarker discovery, and systems biology applications [8-
17]. While a systematic review by Sekaran et al. [10] has been con-
ducted on multimodal genetic information which includes transcrip-
tomic aspects, critical gaps remain, especially considering the signifi-
cant challenges of extreme dimensionality, batch effects across stud-
ies, platform-specific technical noise, biological variability between
patients, and the critical need for interpretable results translatable to
clinical applications [1, 18-21].

In addition, the heterogeneity in methodological approaches from
the traditional ML to deep neural networks and DL, combined with
inconsistent validation strategies and different performance metrics,
has raised questions about selecting optimal algorithms for biomarker
discovery. This review distinguishes itself from existing reviews by
providing a focused, critical, and systematic evaluation of Al-driven
transcriptomic biomarker discovery in COVID-19, moving beyond
prior broad surveys of Al applications. Without systematic evaluation
and comparison of these approaches in COVID-19 transcriptomic stud-
ies, researchers risk employing suboptimal approaches and missing
clinically translatable biomarkers. Therefore, we aim to address this
significant gap by providing a comprehensive review of AI methods
specifically applied to COVID-19 transcriptomic biomarker discovery,
offering evidence-based recommendations for future emerging infec-
tious diseases or pandemics.

This review starts with the introduction followed by the methodol-
ogy, describing the search strategy, eligibility criteria, and screening
process used to identify the 63 studies. The next section presents the
results and discussion, beginning with the landscape of Al-driven
COVID-19 transcriptomics, followed by a critical assessment of data
and methodological limitations, as well as an evidence-informed

Al-driven transcriptomics framework that synthesizes lessons from
the reviewed studies. The final sections discuss the challenges in clini-
cal translation, opportunities, and future directions, such as the emerg-
ing agentic AI before concluding with a summary of key findings.

Methodology
Search strategy

A comprehensive literature search was conducted across the Web of
Science Core Collection, Scopus, PubMed/MEDLINE, IEEE Xplore Digi-
tal Library, and LitCovid from 1 December 2019 to 31 March 2025. Our
search strategy combined controlled vocabulary terms and keywords
in three conceptual domains connected by Boolean operators. The
terms searched were listed below:

1) COVID-19 terms: ‘COVID-19’, ‘COVID19’, ‘coronavirus disease
2019, ‘SARS-CoV-2’, ‘novel coronavirus’, or ‘2019-nCoV’.

2) Al terms: ‘artificial intelligence’, ‘machine learning’, ‘ML’
‘deep learning’, ‘DL, ‘support vector machine’, Tandom forest’,
‘XGBoost’, ‘gradient boost’, ‘feature selection’, ‘Boruta’, ‘SHAP’,
‘explainable AP, ‘computational model’, ‘predictive model’,
‘supervised learning’, or ‘unsupervised learning’.

3) Gene expression terms: ‘gene’, ‘gene expression’, ‘gene
biomarker’, ‘differentialx expressed genex’, ‘DEG’, DEGS’, ‘RNA-
Seq’, ‘differential gene expression’, ‘DGE’, ‘transcriptoms’,
‘molecular signatures’ or ‘host response’.

Search strings were revised to the requirements for each database’s
syntax. Filters were used to restrict results to the English language.
Conference proceedings were also included to minimize publication
bias. The full search strategy with database-specific syntax used in this
review was documented in Supplementary Table S1. The records were
imported into EndNote software for deduplication and screening.

Eligibility criteria
Studies analyzing any type of transcriptomic data from microarray
and next-generation sequencing technologies, including bulk RNA-
Seq, scRNA-Seq, microRNA sequencing (miRNA-Seq), and T/B-cell
receptor (TCR/BCR) profiling, were included in this review. Studies
were included if these inclusion criteria were met:

1) Transcriptomic data were analyzed from human COVID-19
patients.

2) Al or ML algorithms were employed for biomarker discovery,
feature selection, or predictive modeling based on gene expres-
sion.

3) Quantitative performance metrics such as accuracy, sensitivity,
specificity, and the area under the receiver operating character-
istic (AUC) were reported.

4) Validation strategies for Al models were employed.

Meanwhile, studies were excluded when:

1) Only animal models or in vitro systems without human valida-
tion were used.

2) Only traditional statistical methods without AI components
were conducted.

3) Al applications were employed on non-transcriptomic data
such as genomic variants, radiological images, and clinical
parameters.
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Figure 1 Selection process for literature in this review.

4)  Studies included review articles, editorials, or opinion pieces
without original data.

5) Studies where full text could not be retrieved.

6) Studies lacked sufficient methodological detail, such as algo-
rithm parameters, training or testing splits, and feature selec-
tion methods, for reproducibility assessment.

Screening process

After deduplication, 2145 unique records were subjected to title and
abstract screening using the predefined inclusion and exclusion cri-
teria, resulting in 353 studies selected for full-text review. Full-text
articles were obtained for all studies meeting the inclusion criteria
or where eligibility was unclear from abstract alone, so that it can be
assessed again for final inclusion. All full-text articles were assessed
for final inclusion. Figure 1 shows the selection process.

Data extraction, synthesis, and analysis

Data were extracted from 63 selected studies. These review find-
ings were synthesized narratively and divided into the following key
sections: (i) The Landscape of AI-Driven COVID-19 Transcriptomics,
(ii) Limitations of Studies, (iii) A Proposed AI-Driven Transcriptomics
Framework, and (iv) Clinical Translation Challenges, Opportunities,
and Future Directions.

Results and discussion
The landscape of Al-driven COVID-19 transcriptomics

These studies were published between 2021 and 2025, reflecting the
influx of research a year into the pandemic. The predominant tran-
scriptomic datasets, which included RNA-Seq, scRNA-Seq, microarray,
and miRNA-Seq datasets, were obtained from databases such as Gene
Expression Omnibus (GEO), ArrayExpress, Sequence Read Archive,
Genome Sequence Archive (GSA), and CNGB Nucleotide Sequence
Archive. Studies analyzed respiratory specimens, whole blood, periph-
eral blood mononuclear cells, plasma, bronchoalveolar lavage fluid,
tissues, and cell lines.
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There was a shift in the trends of AI methodologies across
the years. In 2021, many studies focused on the prediction of
hub genes as potential biomarkers of COVID-19 for diagnosis and
patient stratification [22-30]. These studies established the initial,
broad candidate biomarkers and pathways of COVID-19, where
a majority relied on bulk RNA-Seq datasets. Methodologies were
relatively simple, commonly utilizing principal component analysis
for dimensionality reduction and paired with foundational classifiers.

In the following years, while there were studies prevalent in iden-
tifying broad candidate biomarkers of COVID-19, certain studies had
transitioned to refine the discovery of minimal two to three gene
signatures [31-33]. Studies became more specialized, highlighting the
critical role of different immune cell types in COVID-19 pathogenesis,
such as T cells, macrophages or neutrophils, and miRNAs, which
utilized scRNA-Seq datasets [34—40]. Instead of obtaining only general
candidate biomarkers, studies also investigated specific cell death
mechanisms like cuproptosis [41], ferroptosis [42], and immunogenic
cell death in COVID-19 [43, 44]. A diverse use of multiple classi-
fiers, including Random Forest (RF), Support Vector Machine (SVM),
and gradient boosting variants such as Extreme Gradient Boosting
(XGBoost), Light Gradient Boosting Machine (LightGBM), and Categor-
ical Boosting (CatBoost) were the most common, alongside integration
of other feature selection, feature extraction, and Explainable AI (XAI)
methods.

In addition to the mentioned studies, recent studies reported
the involvement in therapeutic applications such as drug target
identification and phytomedicine [45, 46]. An emergence of specific
tools was identified, where deep learning was dominant [47-51]. The
most recent trend showed the maturity of graph learning frameworks
with detailed biological knowledge, moving on to provide more
translatable tools. Thus, Al models were observed to be applied mainly
in domains including the diagnosis of COVID-19, the differentiation
of SARS-CoV-2 from other diseases, and patient stratification by
severity (Supplementary Tables S2 to S4), while novel tools aimed to
address and solve specific problems in data analysis, interpretation,
and prediction within the context of COVID-19 (Supplementary
Table S5).

These applications of Al for transcriptomic data can be grouped
into a few primary functions. From classical ML algorithms to
advanced DL algorithms, it can be grouped into methods used for
dimensionality reduction, classification, prediction, and XAI. An
overview of the methodology used in these studies can be summarized
in Fig. 2.

Limitations of studies

The assessment and evaluation of studies revealed major issues that
affect the clinical utility of many Al-driven COVID-19 transcriptomics
studies. Limitations were related to the data and samples, as well as
methodological flaws.

Data and sample-related limitations

In Al studies, a high-quality dataset that considers completeness, accu-
racy, timeliness, and representativeness is fundamental, especially
in clinical research [52]. The model’s output reflects the input data
used to train the model. Many studies also rely on public datasets,
which may lack metadata or any other necessary information [31,
32, 53]. This limited control over research factors such as the sample
collection, patient treatment, or other precise metadata. Moreover,
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Dimensionality Reduction Main Algorithms
- Feature Selection - Traditional ML
Filter methods: e SVM
e Statistical tests: DE analysis, e LR
chi-squared test, Wilcoxon e NB
rank-sum test e KNN
e Network-based approaches e DT
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e Autoencoders
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Wrapper methods: Bagging ensembles:
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Selection
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e Boruta e GB
e Genetic algorithm e XGBoost
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e UMAP
e t-SNE

Figure 2 Asummary of Almethodologies in this review. Overall methodologies were grouped into dimensionality reduction, main algorithms including
ML and DL, as well as XAl methods. Note: DE analysis: differential expression analysis; MI: mutual information; mRMR: minimum-redundancy maximum-
relevancy; MCFS: Monte Carlo feature selection; PCC: Pearson correlation coefficient; IFS: incremental feature selection; RFE: recursive feature
elimination; LASSO: least absolute shrinkage and selection operator; RF: random forest; XGBoost: extreme gradient boosting; CatBoost: categorical
boosting; AdaBoost: adaptive boosting; LightGBM: light gradient boosting machine; PCA: principal component analysis; LDA: linear discriminant
analysis; UMAP: uniform manifold approximation and projection; t-SNE: t-distributed stochastic neighbor embedding; SVM: support vector machine;
LR: logistic regression; NB: naive bayes; KNN: k-nearest neighbor; DT: decision tree; GB: gradient boosting; ANNSs: artificial neural networks; MLPs:
multilayer perceptron; DANNSs: deep artificial neural networks; GCNs: graph convolution networks; GATs: graph attention network; SHAP: SHapley

additive exPlanations.

without accessible information on confounding factors such as age,
sex, and comorbidities, the reliability of resulting model outputs may
potentially be biased [35].

A major consequence of the reliance on public datasets was the
inconsistencies in metadata, particularly for patient stratification [54].
Some studies classified severity based on their qualitative disease
presentations, ranging from asymptomatic, mild to severe, or acute
and convalescent groups [24, 33], while others utilized outcome-based

metrics such as hospital-free days and intensive care unit (ICU) admis-
sion [41, 55]. Studies also employed standardized scoring systems such
as the World Health Organisation (WHO) Ordinal Scale; Sequential
Organ Failure Assessment; and Acute Physiology, Age, and Chronic
Health Evaluation (APACHE II) Scores [28, 41, 56, 57]. This inconsis-
tency emphasized the need for standardized definitions to address the
complexity and heterogeneity of the disease and allow for cross-study
comparison.



Beyond metadata, statistical and technical challenges, such as sam-
ple size and data heterogeneity, can affect a model’s performance.
Among the bulk RNA-Seq studies with reported patient-level sample
size, nine studies relied on training their models with small sam-
ple numbers below 100 patients [22, 24, 30, 31, 45, 58-61]. With a
high feature-to-sample ratio, the risk of overfitting was significantly
increased, leading to the model learning the noise rather than true
biological signals and having poor performance on new data [1, 62].
This risk is applicable to DL architectures with millions of trainable
parameters applied to small sample size [27, 63], as models may mem-
orize the noise structure of a small training set, rather than abstracting
generalizable disease biology. With the sparse, heterogeneous nature
of single-cell data, it is difficult to achieve a balance between model
complexity and the limited data [64]. Critically, dataset size also affects
the interpretation of algorithm performance across studies, as model
performance can inherently improve when the number of samples
increases [65, 66].

Besides, data heterogeneity can introduce batch effects due to the
integration of data from multiple sources or different technical plat-
forms [37, 51, 65, 67]. Models trained on one specific tissue, plat-
form, or parameter often fail to generalize across different datasets,
indicating poor robustness [65]. There is also a risk of conflating
technical batch effects with true biological variance, as models trained
on specific cell types rarely generalize to other lineages [51].

To address data quality issues, computational strategies were
employed. To fill missing values, data imputation strategies included
Multiple Imputation by Chained Equations (MICE) for clinical data
[57, 68]. A study by Hausmann et al. [51] introduced a novel method,
DISCERN, which addressed problems of these traditional imputation
methods in scRNA-Seq through novel expression reconstruction. In
this study, they compared DISCERN to traditional methods for SCRNA-
Seq, like Deep Count Autoencoder (DCA), Markov Affinity-based Graph
Imputation of Cells (MAGIC), scImpute, DeepImpute, and CarDEC.

Similarly, to handle data imbalance, data augmentation methods,
such as Synthetic Minority Over-sampling Technique (SMOTE), Adap-
tive Synthetic Sampling (ADASYN), and random resampling, were
employed [36, 38, 56, 62, 65, 69, 70]. For example, a study by Sethi
et al. [70] used ADASYN to oversample minority classes for them
to be balanced, resulting in a significant increase in accuracy from
40% to 95%. Class weighting was also frequently implemented by
assigning higher importance to correctly identify minority samples
during training and avoid bias [63, 71]. This is crucial as an imbalance
in datasets makes it difficult for models to generalize effectively [26,
36, 38-40, 60, 62, 63, 65, 69, 70, 72-76]. As datasets are skewed to a
small minority class compared to a large majority class, this will cause
models to be biased towards the majority class.

Multicohort meta-analysis can overcome the sample size problems
but risks the introduction of batch effects. Thus, batch effect correction
is necessary to ensure that ML models capture true biological signals
rather than technical noise, especially due to differences in sequenc-
ing platforms, laboratories, and experimental protocols. For instance,
studies utilized ComBat-Seq and limma to correct for technical vari-
ability before the integration of RNA-Seq count data from different
cohorts before performing ML [24, 37, 74]. For scRNA-Seq, Seurat CCA
was often used to align samples from different patients [39, 63, 73].
Implementing these corrections is important as prediction accuracy
can significantly increase, such as in Xie et al. [71], which increased
from 0.67 to 1.00, effectively improving cross-dataset prediction accu-
racy using their scPanel tool.
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Although pre-processing techniques such as data imputation, aug-
mentation, and batch effect correction were necessary to enhance
data quality, these strategies risk introducing technical artifacts or
discarding valuable biological data. For instance, data imputation that
addresses missing data can potentially generate artificial correlations
that do not exist biologically, while aggressive batch correction can
remove true biological signals when batch and biological variables are
confounded [19, 77]. Thus, the application of these data refinement
strategies should be considered carefully. Ultimately, this highlights
the need for high-quality raw data as these computational techniques,
while useful, cannot replace it.

Reproducibility remains a concern in Al-driven transcriptomic
studies. Most of the reviewed studies did not provide publicly accessi-
ble code repositories, and only certain studies provide their codes in
GitHub or Zenodo (Supplementary Table S6). Therefore, unavailability
of code and data affects the verification of findings and benchmarking,
especially cross-institutionally. Simply making code publicly available
does not make it reproducible, as model non-determinism, data
variations and pre-processing, and computational challenges affect
reproducibility as well [78]. While fields such as computer vision have
established benchmarks for fair algorithm comparison, COVID-19
transcriptomic studies employ heterogeneous datasets with different
sample sizes, pre-processing pipelines, and class definitions [79, 80].
By developing version-controlled benchmark datasets, encompassing
diverse tissue types, sequencing platforms, and severity definitions, it
would overcome issues in direct performance comparison.

Furthermore, Kapoor and Narayanan [81] also reported the repro-
ducibility crisis caused by code and data availability, data leakage, lack
of standard reporting practices, variable data quality, and evaluation
metrics choices. To enhance reproducibility, future studies should
ensure data transparency and integrity, adopt reporting standards
adapted from frameworks such as TRIPOD-AI, and employ version
control for code or containerized computational environments like
Docker and Singularity to ensure consistent execution across institu-
tions [81-83].

Methodological limitations

A significant challenge in current Al research is the model’s gener-
alizability and robustness on other new datasets. Studies that rely
on internal validation without testing on an independent validation
cohort reported results that may not be reflective of real-world perfor-
mance [68, 84, 85]. Notably, several studies that relied only on internal
cross-validation (CV) had reported near-perfect performance metrics,
reflecting overfitting to the training data rather than genuine predic-
tive ability. Furthermore, several researchers underscored the impor-
tance of in vivo experimental validation, which they did not perform
in their own studies [22, 72, 75]. The majority of biomarkers identified
across the 43 biomarker-focused studies in Supplementary Table S6
remain exploratory, with only a few studies, such as Albright et al.
[32] and Carapito et al. [61], achieving both external and experimental
validation of their gene signatures. This highlights a significant gap
between biomarker discovery and clinical translation in the current
literature.

Among the reviewed studies, there are methodological patterns
that suggest risk of data leakage or circular validation in several
studies. Data leakage can happen when the training dataset is not
separated from the test dataset during pre-processing, modeling, and
evaluation [81]. Performing feature selection using the entire dataset
before splitting into training and validation sets may introduce test-set


https://academic.oup.com/bib/article-lookup/doi/10.1093/bib/bbag249#supplementary-data
https://academic.oup.com/bib/article-lookup/doi/10.1093/bib/bbag249#supplementary-data

6 | Briefings in Bioinformatics, 2026, Vol. 27, Issue 3

information into the selected features. For example, there are studies
that first conduct differential expression analysis across all samples
and then train classifiers on identified genes and evaluate perfor-
mance using CV on the same data [22, 58, 60, 65]. Such workflows can
produce optimistically biased results due to the failure to separate dis-
covery and validation datasets. Consequently, the high performance
frequently reported in reviewed studies may be partially attributable
to methodological artifacts rather than genuine predictive ability.

While the reviewed literature may share similar computational
pipelines, it is critical to distinguish between predictive modeling,
biomarker discovery, and clinical translation. Certain studies that
were obtained from our search strategy are primarily oriented
towards predictive modeling, focusing on optimizing classification
accuracy and selecting gene features based on statistical discrimi-
native power, rather than biological function [58, 60]. In contrast,
true biomarker discovery aims to identify genes with mechanistic
relevance to disease pathogenesis, where AI serves to verify
biologically driven hypotheses rather than to maximize classifier
performance. It is important to note that high statistical significance
does not equate to biological causality or mechanistic plausibility [65].

Furthermore, computationally identifying a biological driver does
not guarantee its viability as a clinical biomarker. Clinical transla-
tion further requires practical deployability, including robust, real-
world assay validation, as demonstrated by the reverse transcription
quantitative polymerase chain reaction (RT-qPCR) assay developed by
Albright et al. [32]. Thus, to provide clarity, Supplementary Table S6
documents experimental validation status, allowing the differentia-
tion of exploratory computational findings from experimentally con-
firmed and validated biomarkers, as well as help identify studies at
the risk of overfitting or data leakage.

In addition to validation gaps, some studies have discussed the
black-box nature of models, therefore making interpretability and
obtaining biological insights difficult [39, 57, 63]. As years progress,
the practical applicability and interpretability of these models have
been increasingly utilizing XAI to overcome the black-box nature.
The most common XAl in this review, SHapley Additive exPlanations
(SHAP), was utilized to explain the output of ML models by quantifying
how much each feature contributed to a specific prediction [70, 86].
Additionally, DL interpretability relies on methods like GNNExplainer,
designed for Graph Neural Networks (GNNs) as a model-agnostic
approach in identifying the most influential subgraph and features
that contribute to GNN’s prediction [27, 63, 87]. XAl methods, including
the Local Interpretable Model-Agnostic Explanations (LIME) that was
not found in this review, play a part in interpreting model predictions
and identifying the contribution of specific features.

Beyond overfitting and interpretability limitations, DL models, due
to their millions of trainable parameters, are particularly sensitive to
hyperparameter choices such as learning rate, decay, and dropout rate
[88]. Nevertheless, many reviewed studies on DL do not report sys-
tematic hyperparameter tuning or sensitivity analyses. Furthermore,
model stability remained a challenge. Based on the specific conditions
for training of the model, models may not be stable when tested under
different circumstances, such as in Ma et al. [89]. Additionally, the
practical application of certain tools is restricted by requirements.
For example, DL models such as moETM require data types to be
from the same cells, while DeepDRIM requires a pre-existing set
of validated interactions [50, 90]. This highlighted the inflexibility
of application of such tools in heterogeneous research settings.

Thus, these methodological limitations highlight the need for more
rigorous and standardized evaluation frameworks before Al-derived
transcriptomic biomarkers can be translated into clinical applications.

A proposed Al-driven transcriptomics framework

In AI workflows, data collection and pre-processing are the founda-
tional steps to ensuring the quality of subsequent analyses. Essential
pre-processing steps in Al-driven COVID-19 transcriptomic studies
included quality control, feature scaling such as normalization and
standardization, and batch effect correction. For instance, quality
control involved assessing and removing low-quality elements in
raw read data to prevent noise or bias, such as using FastQC, Fastp,
Trimmomatic, HTQC, and QTrim [33, 60, 72, 84]. After obtaining gene
expression data, low expressed genes and outliers should be filtered
to enhance statistical power [61, 63, 84].

Feature scaling is a very crucial step in accounting for technical vari-
ations to make it comparable across samples and datasets. Methods
of normalization based on data technology and downstream analyses
included simple scaling like transcripts per million and fragments per
kilobase million, statistical modeling for count data like scTransform,
edgeR, and DESeq2, quantile normalization, reference gene normal-
ization, as well as variance and scale transformation like Variance
Stabilisation (VST) and StandardScaler [33, 39, 68, 74, 91]. For scale-
sensitive ML models, Z-score standardization is a common method of
pre-processing data [48, 51, 67, 70].

Batch effect correction should be conducted to adjust data for the
systematic, non-biological variations introduced. Depending on the
data type, there are different methods such as ComBat, ComBat-seq,
or limma::removeBatchEffect for bulk RNA-Seq and microarrays, and
Seurat CCA for scRNA-Seq [39, 71, 74, 91]. Before feature selection, data
imputation to impute missing values and address class imbalances
was required. Common methods to impute missing data included
using MICE for clinical metadata [57, 68], while scRNA-Seq may use
methods like DCA, MAGIC, scImpute, DeepImpute, and CarDEC [51, 92].

In addressing the high dimensionality of data, feature selection is an
important step to keep useful features, improving training efficiency
and reliability of models [89]. Most studies did not rely on a single
method, rather used multiple methods by filtering genes initially
using differential expression analysis before refining the genes fur-
ther using wrapper and embedded methods. To ensure biologically
relevant genes, network or functional enrichment analysis tools were
used to identify both significant and biologically insightful genes.
By conducting these pre-processing methods, clean, comparable, and
relevant genes can be obtained to ensure high model performance and
interpretability. Before the selection of models, data augmentation (as
discussed in the “Data and sample-related limitations” section) should
be conducted to address the class imbalance to prevent bias, with
strategies such as SMOTE, ADASYN, and random resampling applied
within CV folds to prevent data leakage [36, 56, 62, 69, 70].

Next, the selection of these algorithms is primarily driven by identi-
fying the research question, whether to classify, predict, or uncover
new hidden patterns. Sample sizes can also affect the models [66].
Hence, choosing models based on sample size is ideal, such as using
more complex models including DL for larger sample sizes, while
using simpler models like RF and SVM for smaller sample sizes.
This can improve performance, generalizability, and reliability. As no
specific algorithm is inherently better than another, a few different
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models should be used to compare their performance and validate the
final selection of the model.

Despite the many algorithms used in this review, we found certain
algorithms that were frequently reported as high-performing models
in their respective studies such as ensemble methods, XGBoost and RE,
as well as the traditional model, SVM (Supplementary Table S6). Due
to heterogeneity in datasets, sample sizes, pre-processing pipelines,
class definitions, and evaluation metrics, direct quantitative compar-
ison of algorithm performance across studies is constrained. Hence,
the observations for model performances reported in this review
reflect the frequency and study-level findings, rather than inherent
algorithm superiority. It should also be noted that publication and
reporting biases may favor the presentation of positive results, so the
frequency with which certain models appear as high performing may
not fully reflect their comparative advantage across all experimental
conditions.

XGBoost was consistently found to be a top performer in different
studies. Its success in severity prediction and identifying diagnostic
genes was demonstrated in their high performance [29, 45, 70]. Some
observations from these studies included the use of XGBoost for fea-
ture selection with other methods like Incremental Feature Selection
(IFS) before using KNN as final classifier [75], the incorporation of
Least Absolute Shrinkage and Selection Operator (LASSO) regulariza-
tion to prevent overfitting [62, 70], and interpretability with SHAP [29,
65, 701.

Another frequently reported high-performing model in multiple
studies was RF, which was applied on a variety of transcriptomic
data, including bulk RNA-Seq, scRNA-Seq, TCR, and miRNA [54, 56,
63, 72]. Its performance showed improvement, especially after feature
selection. For instance, Bao et al. [62] achieved almost perfect scores
on internal validation of 10-fold CV after pre-ranking with algorithms
like CatBoost, XGBoost, and LASSO; Li et al. [40] used RF which yielded
higher accuracy than Decision Tree (DT) after IFS; and Maleknia et al.
[74] achieved higher accuracy after LASSO in their respective studies.
Furthermore, traditional models like SVM were often reported as
reliable models with high performance, especially with the use of ker-
nels [22, 60]. SVM, when paired with Recursive Feature Elimination,
is a known wrapper method, effective in identifying relevant gene
signatures with discriminative power [37, 43, 71].

On the other hand, DL models are highly specialized tools designed
to solve biological challenges in complex, unstructured data. DL mod-
els, particularly GNNs, achieved good performance in specific tasks
such as Graph Attention Network in a study by Li et al. [63], learning
important connections in a network and Graph Convolutional Neural
Network in Flores et al. [39], incorporating graphs of known gene—
gene interactions. Some developments in DL can be observed to
include multi-omics analysis and unified frameworks starting from
data cleaning and batch correction to prediction in a single model [50].

The choice of CV for model evaluation depends on the data size and
the objectives of the study. The most common CV methods, including
the train-test splits, also known as holdout validation, are used for
large datasets while k-fold CV is more robust with its multiple splits
in smaller datasets [93]. Most studies employed 5- and 10-fold CV for
model tuning. Another CV method included the leave-one-out CV [30,
58]. To overcome overfitting and data leakage, choosing the correct
technique is crucial. Performance metrics, which commonly include
accuracy, precision, recall, specificity, F1-score, Matthews Correlation
Coefficient, and AUC, can be used to evaluate the performance. Pre-
vious mentioned feature selection methods are recommended to be
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conducted within these CV processes on training datasets to prevent
data leakage and biases to model performance.

In the validation of AI models, two commonly used approaches
were external validation using independent datasets and experi-
mental validation with wet lab. External validation on independent
datasets remains crucial to prevent overfitting as well as ensure the
generalizability and reliability of models for translatable clinical use.
Meanwhile, experimental validation with wet lab, such as using
qPCR, should be conducted to confirm the key hub genes found.
Besides, a prediction is not understandable without an explanation.
Thus, methods such as XAI and functional enrichment analysis can
confirm the biological meaning of the candidate biomarker genes
obtained. Both approaches can further strengthen the transition of
computationally identified candidate biomarkers using Al models to
biologically validated biomarkers, after experimental validation.

Therefore, in addition to the choice of algorithm, the overall
methodological workflow, including the pre-processing and quality
control of datasets, was crucial in AI COVID-19 transcriptomic studies.
The combination of the integration of different types of data, with
the selection of robust feature selection, AI models, metrics, and
validation strategies, can significantly enhance the identification
of gene biomarkers. The overall workflow can be summarized in
Fig. 3. However, it is crucial to acknowledge that this framework
faces several real-world constraints and potential failure cases. In
early stages of emerging pandemics, sample sizes are usually limited,
when biomarker discovery is most critical. Under conditions of
limited sample size, classical ML and complex DL models are prone to
overfitting as they capture the stochastic noise, resulting in biased and
overoptimistic performance metrics that fail to generalize to external,
real-world datasets [66].

During the pandemic, metadata that is incomplete or inconsistent,
common in public datasets, introduced confounders and affected
model reliability [35]. Additionally, while batch effect correction is
essential, caution must be taken as it can overcorrect to remove
genuine biological signals, when applied aggressively or when batch
and biological variables are confounded [19, 77]. Over-sampling tech-
niques like SMOTE can also introduce data leakage and inflate perfor-
mance metrics when applied before CV splitting [81, 94].

Rapid viral evolution, such as in SARS-CoV-2, can induce domain
shift, where models trained on one variant may be unreliable and
fail to generalize to other variants with distinct transcriptomic pro-
files [95]. Moreover, in resource-limited settings where computational
infrastructure needed for more complex processes like DL models is
unavailable, simpler models with pre-selected genes must be prior-
itized [96]. Nevertheless, emerging systems, such as agentic Al dis-
cussed in the “Opportunities and future directions” section, can offer
potential solutions.

Clinical translation challenges, opportunities, and
future directions
Challenges in clinical translation
The gap between algorithm performance on transcriptomic data in
research settings and real-life clinical implementations remains criti-
cal. A real-world, multicentre clinical trial needs substantial funding,
time, and coordination. Firstly, employing these Al models in clinical
settings requires large technical infrastructure demands and compu-
tational resources [96]. For instance, complex graph-based or DL algo-
rithms, such as DeepDRIM, can require up to 51GB of memory and 11
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GPU hours to evaluate a single dataset [90]. Predictive models often fail
when met with real-world data sparsity, leading to overfitting. Hence,
the deployment of these biomarkers in a clinical setting requires
reproducible, predictable performance, which cannot be guaranteed
when input data are inherently sparse, inconsistently imputed, and
compromised by institution-specific batch effects.

High-throughput technologies are costly and time consuming for
routine, rapid patient care, causing a need for standardized, cost-
effective tests like multiplex RT-gPCR and flow cytometry for clin-
ical utility [32, 51, 71]. However, transitioning to these platforms
would often disrupt the stability of targeted gene measurements,
hence, obstructing commercial scalability in these diagnostic tools
[89]. Among the reviewed studies, only Albright et al. [32] developed a
clinically deployable RT-qPCR assay from their computationally iden-
tified two-gene host-response signature, highlighting the gap between
computational discovery and assay development.

Clinical deployment also involves technical and logistical chal-
lenges, such as interfacing with various electronic health record
systems, ensuring data privacy and security in compliance with
Health Insurance Portability and Accountability Act and General
Data Protection Regulation, and providing outputs to clinicians in
a simple, actionable format [97, 98]. These challenges are applicable
to transcriptomic data as well, which contains identifiable genetic
information that requires additional security beyond standard clinical
data protections. Besides, ethical hurdles and regulations would
require extensive processes for approval, as it involves the use of
patient data, raising ethical questions on consent and data ownership
[97]. Interpretability limitations further add to these issues, as the
black-box nature of the model weakens clinician trust and hinders
regulatory approval.

For routine clinical use, a rapid and cost-effective assay must
be developed. Depending on their intended clinical application,

translational feasibility of these assays can differ. Diagnostic assays
that detect COVID-19 through gene signatures, such as the two-gene
signature in Albright et al. [32], will require analytical validation,
clinical validation in prospective multicentre trials, and regulatory
submission through pathways such as the U.S. Food and Drug Admin-
istration 510(k), European Union’s In Vitro Diagnostic Regulation, or
WHO Prequalification [99]. For prognostic severity stratification tools
that predict patient outcomes like ICU admission models by Bello
et al. [57], a pathway such as clinical decision support software under
the International Medical Device Regulators Forum framework for
Software as a Medical Device (SaMD) is applicable, as they inform
rather than replace clinical judgement [100, 101].

Thus, a concrete roadmap for clinical translation would include (i)
the discovery and internal validation of a minimal gene signature with
biological significance; (ii) external validation across independent,
multicentre cohorts with diverse demographics; (iii) assay develop-
ment by transitioning from RNA-Seq to clinically deployable platforms
such as multiplex RT-qPCR; (iv) prospective clinical validation through
clinical trials evaluating clinical utility and patient outcomes; and
(v) regulatory submission with accompanying evidence of analyti-
cal performance, clinical performance, and software validation for
any integrated Al decision support. The reviewed literature remains
largely at the discovery phase, with very few studies progressing
further, underscoring the significant translational gap.

The final goal is the development of point-of-care testing that inte-
grates assay testing and Al analysis into a single, rapid workflow [102].
The COVID-19 pandemic has accelerated research and development
on Al-driven transcriptomic biomarker discovery pipelines that can
be studied for future emerging pathogens. Key lessons included the
importance of standardized RNA processing protocols, data annota-
tion standardization, and data sharing principles to enable collabora-
tion for transcriptomic research in response to the pandemic.



Opportunities and future directions

Currently, Al trends are rapidly advancing, with an increase in appli-
cations to the biological fields, including transcriptomics. There has
been a shift from passive analytical pipelines to autonomous agentic
workflows. Agentic Al utilizes reinforcement learning, goal-oriented
architecture, and adaptive control mechanisms to complete complex
goals, with minimal human intervention [103]. A key difference from
the conventional Al tools is the autonomous pursuit of research objec-
tives through iterative planning, tool invocation, code generation, and
feedback-driven refinement, rather than discrete prompts.

A prominent example is a genomic multi-agent system, known
as GenoMAS, which will allow for autonomous processing of gene
expression analysis using six distinct agents with orchestration, pro-
gramming, and advisory roles [104]. Their research showed that Geno-
MAS was successful in executing end-to-end data pre-processing and
statistical analysis, discovering biological relationships on the Geno-
TEX benchmark. GenoMAS achieved a Composite Similarity Corre-
lation of 89.13% for data pre-processing and an F1 of 60.48% for
gene identification, surpassing the best prior methods by 10.61% and
16.85%, respectively.

Similarly, for broader omics data integration, AutoBA has intro-
duced the automation for data analyses, code generation, and
execution based on the input data, requiring only data path,
description, and analysis goal [105]. Its robustness and adaptability
have been validated across diverse omics data, including RNA-Seq,
SCRNA-Seq, chromatin immunoprecipitation sequencing, and spatial
transcriptomics in 40 real-world cases. Additionally, the Agentomics
framework has emerged as a specialized solution for the autonomous
ML lifecycle, focusing on the rigorous optimization of data splitting
and hyperparameter tuning specifically for transcriptomic variables
[106]. Meanwhile, instead of large language models (LLMs), BioAgents
offers an alternative, and was built on small language models,
enhanced with retrieval-augmented generation. Performance on
conceptual genomics tasks was found to be comparable to that of
human experts, suggesting that resource-efficient, domain-adapted
architectures may offer a practical choice, where computational
infrastructure or data privacy constrains the use of larger models.

At the level of single-cell and spatial transcriptomics, CellAgent
performs end-to-end data analysis through natural language inter-
actions, employing a multi-agent framework that simulates a deep-
thinking workflow to ensure each analytical step remains consistent
with the overall task objective [107]. Against human experts, CellAgent
achieved an improvement in efficiency while maintaining accuracy
comparable to existing approaches. For spatial transcriptomics specif-
ically, STAgent is an autonomous multimodal agentic Al integrating
multimodal LLMs with specialized computational tools, capable of
performing expert spatial analysis in minutes [108].

The use of agentic Al also extends to autonomous data mining and
knowledge synthesis. With big data availability, re-analysis of these
data could provide insight into molecular signatures beyond the scope
of their original study. For instance, in a specific use of mining exist-
ing scientific literature, ClockBase Agent uses specialized Al agents
to reanalyze human and mouse methylation and RNA-Seq samples
with 40 ageing clock predictions, to generate ageing biomarkers and
interventions for ageing [109]. Similarly, Paper2Agent addresses chal-
lenges of adapting a paper’s code, data, and methods by convert-
ing the paper into an Al agent acting as a knowledgeable research
assistant [110]. Applying Paper2Agent to AlphaGenome, TISSUE, and
Scanpy, the agents were successful in transforming research papers
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and their codebase, constructing a Model Context Protocol server
into interactive chat agent via natural language queries. Cell Atria
also enables automation of literature-driven metadata extraction and
dataset retrieval to standardized scRNA-Seq analysis through con-
tainerized pipelines [111].

These systems illustrate the value of the agentic Al in transcrip-
tomics, hence, potentially being the solution for current constraints of
Al in transcriptomics. Whereas earlier generations of Al in transcrip-
tomics were largely confined to supervised classification, the tran-
sition towards autonomous multi-agent systems enables the orches-
tration of nonlinear, complex workflows. In the context of evolving
SARS-CoV-2, agents such as GenoMAS, AutoBA, and CellAgent provide
a framework for real-time molecular surveillance. They are highly
analytical, capable of processing data, analyzing data, linking bio-
logical relevance, to generating reports autonomously. With mini-
mal user input and performance on standardized benchmarks that
meet or exceed manually curated pipelines, these efficiency improve-
ments demonstrate that well-architected multi-agent systems can help
streamline workflows and enhance productivity. Furthermore, these
systems prevent data leakage and biomarker prediction conflation by
enforcing a guided-planning framework, as seen in GenoMAS, where
the isolated agent roles ensure that feature selection remains strictly
within CV loops.

For instance, CellAtria autonomously ingests literature from PDFs
or URLs to extract structured metadata, including sample annotations
and accession identifiers from GEO [111]. Agentomics introduced
the autonomous splitting and optimizing of train-validation data, as
highlighted in the high validation-test score correlation, to ensure
models trained on small datasets generalize effectively [106]. CellAgent
employs the Evaluator Agent to evaluate and produce the best batch-
correction result through iterative optimization [107]. Ten different
metrics were employed to quantify batch removal, while preserving
biological variation, ensuring that domain shift does not obscure true
signal.

Despite these advances, several gaps remain that limit the trans-
lational utility of current agentic systems. An end-to-end closed loop
system, incorporating processes of interpretability, designing valida-
tion experiments, and revising its model accordingly to experimental
feedback, would transform the application of agentic AL The current
pipeline remains open ended, without agents being able to revise
models accordingly due to a lack of intervention to bridge computa-
tional outputs to physical experiments. This is a challenge that requires
interdisciplinary collaboration to address.

In addition, there is a gap in inferring causal versus correlational
relationships, important for domains like drug development. For
discovery of biomarkers such as in COVID-19, a gene whose
expression co-varies with disease severity may reflect downstream
immunopathology rather than upstream driver, making it a poor
target of therapeutic intervention. Hence, combining planning
capabilities of agentic Al with causal Al can be a high-potential
direction [112], particularly for drug target discovery workflows,
where correlation and causation differences has direct translational
effects. Diseases like COVID-19 have complex pathophysiology;
thus, the development of agentic systems capable of harmoniz-
ing multi-omics data, including genomics, transcriptomics, pro-
teomics, and metabolomics, would be a major scientific opportunity.
These datasets are often characterized by high dimensionality
and heterogeneity, representing a major unresolved integration
challenge.
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Research on transfer learning approaches must be done for future
pandemic preparedness. SARS-CoV-2 continues to evolve and the next
pandemic pathogen will require rapid, de novo biomarker discovery
with limited data, where transfer learning would excel in. Future
work should test the transferability of COVID-19 transcriptomic mod-
els to other variants or respiratory pathogens. For instance, mod-
els like Geneformer pre-trained on transcriptomic data for network
biology predictions, which can be fine-tuned for specific tasks [113].
Ultimately, future research should move towards directions outlined
above, where the development of Al systems that do not merely
assist but actively participate in it should be conducted. Agentic Al
offers promise in bridging the gap in transforming transcriptomic
biomarker discovery, aligning its technical capabilities with biological
and clinical evidence. A shift to prospective validation of these tran-
scriptomic biomarkers, comprising various healthcare systems world-
wide, should be carried out to prove the model’s utility. Translation
of these validated biomarkers to the clinical setting through a simple,
rapid, and cost-effective test would be the aim for progressing towards
the future of personalized medicine, improving patient outcomes and
recovery.

Conclusion

In conclusion, the integration of AI with transcriptomic analysis in
studying the complex COVID-19 disease has become more common
with the abundant studies reflected in this review. A comprehensive
review of these scientific literature reveals the various Al method-
ologies applied in COVID-19 transcriptomic studies, which mainly
focus on diagnosis and disease severity stratification, but are not
limited to prognosis, risk stratification, and identifying drug targets.
Our understanding of the underlying mechanism of SARS-CoV-2 and
the identification of potential candidate biomarkers can be improved
through these AI workflows. By using Al on transcriptomic data, large
volumes of complex data can be more efficiently handled, accelerat-
ing candidate gene biomarker discovery, especially in heterogeneous
diseases like COVID-19.

Key challenges to data quality, sample heterogeneity, and method-
ology can be addressed by well-structured workflows. These work-
flows can address the problem of extreme dimensionality through
robust feature selection and extraction techniques to identify the best
set of genes, while correcting for technical variations from multi-
ple sources as needed using batch-correction algorithms. Algorithm
selection should be guided by sample size and research objectives,
with data augmentation strategies applied strictly within CV folds to
prevent data leakage. The performance of models should be eval-
uated by multi-metric validation frameworks. The identification of
specific molecular signatures in consistently high-performing models
across diverse datasets, together with XAI techniques, can support
the computational findings and improve their interpretability before
experimentally validating the findings.

Looking beyond model performance, the translational gap between
biomarker discovery and clinical deployment should be addressed.
The emergence of agentic Al systems provides significant potential
for addressing current methodological constraints in Al-driven tran-
scriptomics, offering autonomous orchestration of complex analytical
workflows within predefined, reproducible frameworks that struc-
turally reduce risks of data leakage, inconsistent validation, and ana-
lytical bias. By employing a standardized workflow, validating models
across various datasets and experimentally, as well as integrating

explainability, the development of reliable, validated biomarkers can
be accelerated, leading to rapid, cost-effective clinical applications,
which is a step forward to precision medicine in infectious diseases.
This review offers a critical step towards pandemic preparedness in
the future.
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