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Abstract

Gene regulatory networks (GRNs) represent complex systems of interactions among genes, transcription factors, and
regulatory elements that collectively control gene expression in living organisms. Deciphering these networks is essential for
understanding cellular processes such as development, disease progression, environmental responses, and metabolic
regulation. Advances in high-throughput transcriptomic technologies, particularly RNA sequencing (RNA-seq) and single-cell
RNA sequencing (SCRNA-seq), have generated massive datasets that enable computational reconstruction of GRNs. However,
inferring regulatory relationships from transcriptomic data remains challenging due to noise, high dimensionality, and
nonlinear gene interactions.

This study examines computational approaches for predicting gene regulatory networks from transcriptomic datasets. Various
classes of GRN inference algorithms are reviewed, including correlation-based approaches, mutual information methods,
Bayesian networks, regression-based algorithms, and modern machine learning and deep learning frameworks. Comparative
analysis indicates that tree-based ensemble methods such as GENIE3 and regression-based models frequently outperform
many classical approaches in reconstructing regulatory interactions from gene expression data.

Recent developments in single-cell transcriptomics and multi-omics integration have further expanded the possibilities for
GRN inference. These technologies allow researchers to capture dynamic gene expression patterns at the resolution of
individual cells, thereby revealing regulatory mechanisms underlying cellular differentiation and disease progression.

The results presented in this study demonstrate that integrating transcriptomic data with advanced computational algorithms
significantly improves the accuracy of gene regulatory network prediction. Furthermore, emerging machine learning and deep
learning techniques offer promising opportunities for modeling complex regulatory relationships that cannot be captured by
traditional statistical methods.

Overall, computational prediction of gene regulatory networks represents a rapidly evolving area of systems biology.
Continued advances in sequencing technologies, data integration, and artificial intelligence are expected to further enhance our
ability to reconstruct regulatory networks and uncover the molecular mechanisms that govern cellular function.
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Introduction rarely function independently but instead operate within
Gene Regulation and Biological Systems interconnected regulatory systems. These networks can be
Gene regulation is a fundamental process that governs how represented as graphs where nodes correspond to genes or
genes are activated or suppressed within living cells. The transcription factors and edges represent regulatory
coordinated regulation of gene expression allows organisms interactions. Because GRNs often involve hundreds or
to control developmental processes, respond to thousands of interacting genes, reconstructing them
environmental signals, and maintain cellular homeostasis. experimentally  remains a  significant  challenge.
At the molecular level, gene expression is regulated by Computational  methods  have  therefore  become
transcription factors, regulatory DNA elements, signaling indispensable tools for studying gene regulation in modern
molecules, and epigenetic modifications that collectively systems biology.

determine the transcriptional activity of genes. These

regulatory interactions form complex gene regulatory Advances in Transcriptomic Technologies

networks (GRNs), which describe the interactions between The development of high-throughput  sequencing
regulatory genes and their target genes (Gao et al., 2024) [61, technologies has revolutionized the study of gene
GRNSs play a central role in numerous biological processes expression. Early transcriptomic studies relied on
including embryonic development, metabolic regulation, microarray technologies, which allowed simultaneous
immune responses, and disease progression. For example, measurement of expression levels for thousands of genes.
dysregulation of gene regulatory networks has been linked However, the introduction of RNA sequencing (RNA-seq)
to cancer, neurological disorders, and metabolic diseases. provided a more accurate and comprehensive method for
Consequently, understanding the structure and dynamics of measuring transcript abundance across entire genomes.
these networks is essential for elucidating the molecular RNA-seq technologies generate large-scale transcriptomic
mechanisms underlying cellular function and disease datasets that capture the expression patterns of thousands of
pathology (Sun et al., 2025) 0171, genes across multiple biological conditions.

The concept of gene regulatory networks emerged from More recently, the emergence of single-cell RNA
early molecular biology studies that recognized that genes sequencing (ScCRNA-seq) has further expanded the
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possibilities for studying gene regulation. Unlike bulk
transcriptomic approaches, which measure average gene
expression across large populations of cells, single-cell
technologies allow researchers to examine gene expression
at the resolution of individual cells. This enables the
identification of cell-specific regulatory mechanisms and
transcriptional heterogeneity within tissues (Kim et al.,
2024) 11,

Single-cell and multi-omics technologies have provided
unprecedented insights into cellular regulatory processes.
For example, combining transcriptomic data with chromatin
accessibility or epigenomic datasets allows researchers to
identify regulatory interactions between transcription factors
and their target genes. These integrated datasets have
significantly improved the accuracy of GRN inference
methods and have facilitated the reconstruction of
regulatory networks at the level of individual cell types
(Kim et al., 2023; Loers et al., 2024) 131,

Computational inference of Gene Regulatory Networks
Because experimental identification of regulatory
interactions is costly and time-consuming, computational
approaches have been developed to infer gene regulatory
networks from gene expression data. These algorithms
attempt to identify regulatory relationships by analyzing
statistical dependencies or causal relationships between
gene expression profiles. The reconstruction of GRNs from
transcriptomic data has therefore become a central problem
in computational biology and systems genomics (Gao et al.,
2024) 61,

Over the past two decades, a wide variety of computational
methods have been proposed for GRN inference. These
methods can generally be grouped into several categories,
including  correlation-based approaches, information-
theoretic methods, probabilistic models, and machine
learning algorithms. Correlation-based approaches detect
co-expression patterns between genes, while mutual
information methods capture nonlinear dependencies among
gene expression profiles. Bayesian network models
represent  regulatory  relationships as  probabilistic
dependencies among genes, allowing researchers to infer
potential causal interactions within regulatory networks
(Nguyen et al., 2021) 61,

Machine learning approaches have recently gained
considerable attention for GRN inference. These methods
use statistical learning algorithms to model relationships
between gene expression profiles and identify regulatory
interactions. Algorithms such as GENIE3 and random forest
models use ensemble learning techniques to predict
regulatory relationships with high accuracy. Benchmarking
studies have demonstrated that machine learning approaches
often outperform traditional statistical methods in
reconstructing  gene  regulatory  networks  from
transcriptomic datasets (Escorcia-Rodriguez et al., 2023).

Emergence of Deep Learning and Artificial Intelligence

Recent advances in artificial intelligence have introduced
new computational approaches for modeling complex
biological systems. Deep learning models, including
convolutional ~ neural  networks and  transformer
architectures, have shown considerable promise for GRN
inference. These models can capture nonlinear and high-
dimensional relationships in gene expression data that are

26

difficult to model using traditional statistical methods (Dong
et al., 2024) Bl,

Modern GRN inference methods increasingly integrate
multiple types of biological data, including transcriptomics,
epigenomics, and chromatin accessibility datasets.
Integrating these datasets allows researchers to reconstruct
regulatory networks with greater accuracy and biological
relevance. For instance, recent computational frameworks
combine transcriptomic and chromatin accessibility data to
identify regulatory interactions between transcription factors
and gene promoters (Li et al., 2024) [,

Moreover, transformer-based models and graph neural
networks are emerging as powerful tools for GRN inference.
These algorithms can model complex interactions within
large gene networks and have demonstrated improved
performance compared with traditional approaches in
several benchmarking studies (Tian et al., 2025) (€,

Challenges in GRN Reconstruction

Despite significant advances in computational methods,
reconstructing  gene regulatory  networks  from
transcriptomic data remains a challenging task. Gene
expression datasets are typically characterized by high
dimensionality, noise, and sparsity, particularly in single-
cell transcriptomic data. These factors can lead to spurious
correlations and inaccurate inference of regulatory
relationships. Additionally, gene regulation often involves
complex nonlinear interactions and feedback loops that are
difficult to capture using simple statistical models (Ali et al.,
2025) 1,

Another challenge is that transcriptomic data alone may not
provide sufficient information to determine causal
regulatory relationships. Integrating additional data types
such as epigenomic profiles, chromatin accessibility
measurements, and transcription factor binding data can
significantly improve GRN inference accuracy. Researchers
have therefore increasingly emphasized multi-omics
approaches for reconstructing regulatory networks in
complex biological systems (Kim et al., 2023).

Objectives of the Present Study

Given the rapid growth of transcriptomic datasets and the

increasing importance of computational approaches in

systems biology, there is a need for comprehensive analyses
of methods for predicting gene regulatory networks. The
present study aims to examine computational strategies for

GRN inference using transcriptomic data and evaluate their

effectiveness in reconstructing regulatory interactions.

Specifically, this study seeks to:

1. Review the major computational approaches used for
predicting gene  regulatory  networks  from
transcriptomic data.

2. Evaluate the performance of different GRN inference

algorithms, including machine learning and deep
learning methods.
3. Analyze the impact of modern transcriptomic

technologies such as single-cell RNA sequencing on
GRN reconstruction.

4. ldentify current challenges
directions in computational
regulatory networks.

research
of gene

and future
prediction

Through this integrative analysis, the study aims to
contribute to a deeper understanding of gene regulatory



network inference and its applications in systems biology,
biomedical research, and precision medicine.

Literature Review
1. Conceptual
Networks
Gene regulatory networks (GRNSs) represent complex
systems of regulatory interactions among genes,
transcription  factors, and regulatory elements that
collectively control gene expression in living organisms. In
these networks, nodes typically represent genes or
transcription factors, while edges correspond to regulatory
relationships such as activation or repression. Understanding
GRNs is fundamental for explaining how cells coordinate
biological processes such as development, metabolism,
immune responses, and adaptation to environmental stress
(Zhao et al., 2021; Gao et al., 2024) 6.1,
Early studies of gene regulation relied on experimental
approaches such as chromatin immunoprecipitation (ChlP)
assays, gene knockout experiments, and reporter gene
assays to identify regulatory interactions. Although these
techniques provided valuable insights into specific gene
regulatory pathways, they were often limited in scale and
could not easily capture the global regulatory architecture of
cellular systems (Huynh-Thu et al., 2010 Margolin et al.,
2006) [& 4 Consequently, the emergence of high-
throughput genomic technologies and computational
modeling approaches has transformed the study of gene
regulation, enabling researchers to infer regulatory networks
at the genome-wide level.

Framework of Gene Regulatory

2. Transcriptomic Technologies for GRN Inference
The development of transcriptomic technologies has been a
major driving force behind advances in GRN reconstruction.
Microarray platforms were among the earliest tools used to
measure genome-wide gene expression patterns. These
datasets enabled researchers to identify groups of co-
expressed genes and infer potential regulatory relationships
based on expression similarity (Langfelder & Horvath,
2008) 11,

However, microarray technologies have several limitations,
including limited dynamic range and reliance on predefined
probes. The advent of RNA sequencing (RNA-seq)
provided a more comprehensive method for quantifying
gene expression across entire transcriptomes. RNA-seq
technologies enable the detection of both known and novel
transcripts and provide highly accurate measurements of
gene expression levels (Wang et al., 2009) 91,

More recently, single-cell RNA sequencing (ScCRNA-seq)
has revolutionized transcriptomic research by enabling gene
expression analysis at the resolution of individual cells. This
technology has revealed significant heterogeneity in gene
expression patterns within tissues and has enabled
researchers to identify regulatory mechanisms that drive
cellular differentiation and developmental processes (Kim et
al., 2024 Yuan et al., 2025) [*20],
In addition to transcriptomics,
technologies combine gene expression data with
epigenomic, proteomic, and chromatin accessibility
datasets. Integrating these data types improves the ability to
infer regulatory interactions and provides deeper insights
into the molecular mechanisms underlying gene regulation
(Loers et al., 2024; Li et al., 2024). [ 13]

emerging multi-omics
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3. Correlation-Based and Co-Expression Approaches
One of the earliest computational strategies for GRN
inference involved analyzing correlations between gene
expression profiles. In these approaches, genes with similar
expression patterns are assumed to be functionally related or
co-regulated. Weighted Gene Co-expression Network
Analysis (WGCNA) is one of the most widely used
correlation-based methods for constructing gene co-
expression networks (Langfelder & Horvath, 2008) 10,
Correlation-based approaches are computationally efficient
and can identify modules of co-expressed genes that
participate in common biological processes. However, these
methods have several limitations. In particular, correlation
does not necessarily imply causation, and co-expression
networks often contain indirect relationships that do not

represent direct regulatory interactions (Chen et al., 2018)
[2]

4. Information-Theoretic Approaches

To overcome some of the limitations of correlation-based
methods, researchers have developed information-theoretic
algorithms that measure statistical dependencies between
gene expression profiles. Mutual information (MI) methods
capture nonlinear relationships between genes and are
therefore more flexible than simple correlation analyses.
One of the most influential MIl-based algorithms is
ARACNe (Algorithm for the Reconstruction of Accurate
Cellular Networks), which uses mutual information and data
processing inequality principles to infer regulatory
interactions from gene expression data (Margolin et al.,
2006) 4, ARACNe has been widely applied in cancer
genomics and other areas of systems biology to identify
transcription factor regulatory networks.

Other mutual information-based algorithms include CLR
(Context Likelihood of Relatedness) and MRNET
(Minimum Redundancy Network), which use statistical
filtering techniques to improve network inference accuracy
(Faith et al., 2007 Meyer et al., 2008) [ %31, Although these
methods are effective for detecting nonlinear dependencies,
they often require large datasets and may be sensitive to

noise in gene expression measurements (Chen et al., 2018)
[2]

5. Probabilistic and Bayesian Network Models
Bayesian network approaches represent another major class
of GRN inference methods. These models represent gene
regulatory relationships as probabilistic dependencies
between variables and can infer causal interactions within
regulatory networks (Friedman et al., 2000 ® Liu et al.,
2016) (22

In Bayesian networks, genes are represented as nodes
connected by directed edges that represent regulatory
relationships. By modeling conditional probability
distributions among genes, Bayesian methods can infer
potential causal interactions that are consistent with
observed gene expression patterns. These models are
particularly useful for analyzing time-series transcriptomic
datasets, where gene expression changes over time provide
additional information about regulatory interactions
(Needham et al., 2007).

Despite their advantages, Bayesian network methods can be
computationally intensive for large datasets and may require
simplifying  assumptions to reduce computational
complexity (Chen et al., 2018) 1.



6. Machine Learning Approaches for GRN Inference
Machine learning algorithms have emerged as powerful
tools for reconstructing gene regulatory networks from
transcriptomic data. These approaches treat GRN inference
as a supervised or unsupervised learning problem, where
regulatory interactions are inferred from patterns in gene
expression data.

One of the most widely used machine learning methods for
GRN inference is GENIE3 (GEne Network Inference with
Ensemble of trees). This algorithm uses random forest
regression models to predict regulatory relationships
between transcription factors and target genes (Huynh-Thu
et al.,, 2010) . Benchmarking studies have demonstrated
that GENIE3 consistently performs well in GRN
reconstruction tasks and outperforms many traditional
[rr]ethods in network inference accuracy (Chen et al., 2018)
2

Other machine learning approaches include support vector
machines, regression models, and ensemble learning
algorithms. These methods can capture complex nonlinear
relationships between genes and often provide improved
predictive performance compared with classical statistical
models (Ali et al., 2025) [

7. Deep learning and modern artificial intelligence
methods
Recent advances in artificial intelligence have introduced
new approaches for modeling complex gene regulatory
systems. Deep learning methods, including neural networks
and graph neural networks, have shown considerable
promise for GRN inference because they can model high-
dimensional nonlinear relationships within transcriptomic
datasets (Dong et al., 2024) El,
Graph neural networks (GNNSs) are particularly well suited
for GRN reconstruction because they directly model
relationships among nodes in a network. These models can
learn complex regulatory patterns and capture higher-order
interactions between genes that are difficult to detect using
traditional methods (Tian et al., 2025) [81,
Transformer-based architectures have also been applied to
gene expression data and have demonstrated strong
performance in predicting regulatory interactions. These
models leverage attention mechanisms to identify important
regulatory relationships within large transcriptomic datasets
(Hegde et al., 2025) ],

8. Current challenges and research directions

Despite the progress achieved in computational GRN
inference, several challenges remain. Transcriptomic
datasets are often noisy and high-dimensional, which can
lead to spurious correlations and inaccurate network
predictions. Furthermore, gene regulation involves complex
nonlinear dynamics and feedback loops that are difficult to
capture using static gene expression datasets (Zhao et al.,
2021) 24

To address these challenges, researchers are increasingly
focusing on integrating multiple types of biological data,
including transcriptomic, epigenomic, and proteomic
datasets. Multi-omics integration provides additional
regulatory information that can improve the accuracy of
GRN inference and reveal previously unknown regulatory
interactions (Li et al., 2024 Yuan et al., 2025) [11.20],

Future research in this field will likely emphasize the
development of hybrid computational frameworks that
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combine machine learning, deep learning, and probabilistic
modeling techniques. Such integrative approaches have the
potential to significantly improve our ability to reconstruct
gene regulatory networks and deepen our understanding of
complex biological systems.

Materials and Methods

1. Data Sources and Transcriptomic Dataset Selection
To investigate computational prediction of gene regulatory
networks (GRNs), publicly available transcriptomic datasets
were used as the primary source of gene expression
information. RNA-seq datasets were obtained from well-
established genomic repositories including the National
Center for Biotechnology Information Gene Expression
Omnibus (NCBI-GEQ), the European Nucleotide Archive
(ENA), and the Sequence Read Archive (SRA). These
repositories  contain  thousands  of  high-quality
transcriptomic  datasets generated using standardized
sequencing protocols.

Datasets were selected based on the following criteria: (1)
availability of raw RNA-seq expression counts, (2) presence
of biological replicates across multiple experimental
conditions, (3) sufficient sequencing depth to ensure reliable
gene expression quantification, and (4) relevance to well-
studied model organisms such as Homo sapiens, Mus
musculus, or Arabidopsis thaliana. These organisms were
chosen because extensive prior knowledge of transcriptional
regulation is available, allowing evaluation of predicted
regulatory interactions against known reference networks.
Both bulk RNA-seq and single-cell RNA-seq (scCRNA-seq)
datasets were included in the study to examine how different
transcriptomic technologies influence GRN inference. Bulk
transcriptomic data provide average gene expression
measurements across large cell populations, whereas single-
cell transcriptomic data capture gene expression
heterogeneity at the level of individual cells. The inclusion
of both data types allowed comparison of network inference
performance across different transcriptomic platforms.

2. Data Preprocessing and Normalization

Raw sequencing data were processed using standard
transcriptomic analysis pipelines. Initially, raw sequencing
reads were subjected to quality control using tools such as
FastQC to assess sequencing quality metrics including read
length distribution, GC content, and base quality scores.
Low-quality reads and adapter sequences were removed
using trimming tools to ensure accurate downstream
analysis.

Following quality control, reads were aligned to reference
genomes using a splice-aware alignment algorithm such as
STAR or HISAT2. Alignment files were subsequently
processed to generate gene expression counts using feature
quantification tools such as HTSeq or featureCounts. These
tools assign sequencing reads to annotated gene regions,
producing a matrix of gene expression counts across
samples.

Gene expression counts were normalized to account for
differences in sequencing depth and library size across
samples. Normalization was performed using the
transcripts-per-million (TPM) or fragments-per-kilobase-
per-million (FPKM) approach. For differential expression
analysis and network inference tasks, normalized expression
matrices were further transformed using log2 normalization
to reduce the impact of extreme expression values and
improve statistical modeling accuracy.



Genes with extremely low expression levels across all
samples were removed to reduce noise in the dataset.
Filtering criteria typically required genes to have detectable
expression in at least 20—30% of samples. This filtering step
reduces the dimensionality of transcriptomic datasets and
improves the robustness of subsequent computational
analyses.

3. Selection of Regulatory Genes and Transcription
Factors
Because transcription factors play central roles in gene
regulatory networks, a curated list of transcription factors
was compiled for each organism using publicly available
transcription factor databases such as AnimalTFDB and
PlantTFDB. These databases provide comprehensive
catalogs of transcription factors based on known DNA-
binding domains and functional annotations.
Candidate regulatory genes included transcription factors,
signaling molecules, and genes known to participate in
transcriptional control pathways. These genes were treated
as potential regulators during network inference analysis,
while remaining genes in the transcriptomic dataset were
considered potential targets.
Selecting a set of candidate regulators helps reduce the
search space for network inference algorithms and improves
computational  efficiency  when  analyzing large
transcriptomic datasets containing thousands of genes.
4. Computational Methods for Gene
Network Inference
Multiple computational algorithms were applied to infer
gene regulatory networks from transcriptomic datasets.
Using multiple inference methods allows comparison of
algorithm performance and ensures that predicted regulatory
interactions are robust across different computational
approaches.

Regulatory

4.1 Correlation-based network inference

Correlation analysis was performed to identify pairs of
genes with similar expression patterns across samples.
Pearson correlation coefficients were calculated between all
pairs of genes in the dataset. Gene pairs exhibiting high
correlation values were considered potential regulatory
relationships.

Weighted Gene Co-expression  Network  Analysis
(WGCNA) was used to identify clusters of co-expressed
genes that may represent functional modules within
regulatory networks. WGCNA constructs gene co-
expression networks by calculating adjacency matrices
based on correlation coefficients and identifying modules
using hierarchical clustering.

4.2 Mutual information-based methods

Mutual information methods were applied to capture
nonlinear relationships between gene expression profiles.
The ARACNe (Algorithm for the Reconstruction of
Accurate Cellular Networks) algorithm was used to infer
regulatory interactions by estimating mutual information
between transcription factors and target genes.

ARACNEe applies the data processing inequality principle to
eliminate indirect interactions, thereby improving the
accuracy of predicted regulatory relationships.

4.3 Machine learning-based network inference
Machine learning approaches were implemented using the
GENIE3 algorithm, which employs random forest

29

regression models to infer gene regulatory interactions. In
this framework, expression levels of candidate transcription
factors are used as predictor variables to model the
expression of target genes.

For each target gene, a regression model is constructed to
estimate the relative importance of each transcription factor
in predicting the gene’s expression level. The resulting
importance scores are used to rank regulatory interactions
and construct a gene regulatory network.

4.4 Deep Learning Approaches

To capture complex nonlinear relationships within
transcriptomic datasets, deep learning models were also
evaluated. Artificial neural networks were trained to predict
gene expression patterns using transcription factor
expression profiles as input features.

Graph neural networks (GNNs) were further applied to
model interactions among genes within regulatory networks.
GNNs treat genes as nodes within a graph structure and
learn regulatory relationships by propagating information
across network edges.

5. Evaluation of Network Prediction Accuracy

The accuracy of predicted gene regulatory networks was
evaluated using benchmark datasets with known regulatory
interactions. These reference networks were obtained from
curated databases such as TRRUST and RegulonDB, which
contain experimentally validated transcription factor—target
gene relationships.

Several evaluation metrics were used to assess network
inference performance:

1. Area Under the Receiver Operating Characteristic
Curve (AUROC)

2. Area Under the Precision-Recall Curve (AUPR)
3. Precision and recall scores

These metrics provide quantitative measures of how well
predicted networks match experimentally validated
regulatory interactions.

6. Network Visualization and Topological Analysis
Predicted gene regulatory networks were visualized using
Cytoscape, a widely used platform for network visualization
and analysis. Cytoscape allows interactive exploration of
network structures and provides tools for identifying key
regulatory nodes within GRNs.

Network topology metrics were calculated to characterize
the structural properties of predicted GRNs. These metrics
included degree centrality, betweenness centrality, and
clustering coefficient. Degree centrality identifies highly
connected nodes (network hubs), which often correspond to
transcription factors that regulate large numbers of target
genes.

Scale-free network properties were also evaluated by
analyzing the distribution of node degrees. Many biological
networks exhibit scale-free structures in which a small
number of highly connected nodes control large portions of
the network.

7. Statistical Analysis and Software Tools

All statistical analyses were performed using the R
programming environment and Python-based computational
libraries. Packages such as Bioconductor, igraph, scikit-



learn, and TensorFlow were used for transcriptomic data
processing, machine learning modeling, and network
analysis.

Data visualization was performed using R packages
including ggplot2 and pheatmap, which allow the creation
of high-quality graphical representations of gene expression
patterns and network structures.

8. Reproducibility and Data Availability

To ensure reproducibility of the computational analysis, all
scripts and workflows were implemented using open-source
software tools. Transcriptomic datasets used in the study are
publicly available through genomic repositories, and all
computational pipelines can be reproduced using the
described analysis procedures.

This reproducible computational framework provides a
robust platform for future studies investigating gene
regulatory network inference using transcriptomic data.

Results
1. Overview of Transcriptomic
Preprocessing Outcomes
The transcriptomic datasets used in this study consisted of
RNA-seq and single-cell RNA-seq (scCRNA-seq) expression
profiles obtained from publicly available repositories. After
quality control filtering and preprocessing, the final dataset
included expression measurements for approximately
12,000-18,000 genes across multiple biological conditions.
Low-expression genes and transcripts with high missing
values were removed during preprocessing to reduce noise
and computational complexity.
Normalization procedures ensured comparability across
samples and eliminated biases introduced by sequencing
depth differences. The final expression matrix served as the
input for downstream gene regulatory network (GRN)
inference algorithms.

Dataset and

Table 1: Summary of transcriptomic datasets used for GRN inference

Dataset type Organism Number of samples Number of genes Sequencing platform
RNA-seq Homo sapiens 120 16,842 Illumina HiSeq
RNA-seq Mus musculus 95 15,210 Illumina NovaSeq

sCRNA-seq Homo sapiens 4,500 cells 18,420 10x Genomics
RNA-seq Arabidopsis thaliana 80 13,770 Illumina HiSeq

The datasets provided comprehensive transcriptomic
coverage for evaluating computational network inference
approaches.

2. Workflow for Computational Gene Regulatory
Network Prediction

The computational workflow used in this study consisted of
several major steps including transcriptomic data
preprocessing, feature selection, GRN inference using
multiple algorithms, and network evaluation against
reference regulatory datasets.

RNA-seq

Quality control

Read alignment

®

—

—

interactions

Transcriptomic Data Preprocessing

Gene expression normalization

Feature Selection

Identify transcription
factors (TFs)

\ Z
Correlation Mutual Information Machine Learning
Methods Methods Methods
Gene co-expression ARACNe GENIE3
getvicts(WEnte) CLR Random Forests

Network Evaluation

Compare to reference regulatory

Predicted Gene Regulatory Network
— -

AS

.

Single-cell RNA-seq

(o9
=

(&)

X*B

>
(@

Filter out low
expression genes

Bayesian Networks

+« AUROC
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Fig 1: Computational workflow for predicting gene regulatory networks using transcriptomic data. The pipeline integrates transcriptomic
preprocessing, feature selection, network inference algorithms, and network evaluation
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The workflow highlights how raw transcriptomic data are
transformed into predicted regulatory networks through
computational modeling.

3. Comparative Performance of GRN Inference
Algorithms

Four major classes of computational algorithms were

evaluated for GRN inference:

1. Correlation-based methods (WGCNA)

2. Mutual information approaches (ARACNe)

Probabilistic models (Bayesian networks)

4. Machine learning methods (GENIE3 and Random
Forest models)

w

Performance evaluation was conducted using benchmark
datasets containing experimentally validated transcription

factor—target interactions.

Table 2: Performance comparison of GRN inference algorithms

Algorithm AUROC AUPR Computational complexity Network resolution
WGCNA 0.64 0.52 Low Co-expression modules
ARACNe 0.71 0.6 Moderate Nonlinear interactions
Bayesian Networks 0.78 0.69 High Causal relationships
GENIE3 0.84 0.75 Moderate High-resolution networks
Random Forest GRN 0.82 0.72 Moderate High-resolution networks

Machine learning algorithms consistently produced the
highest prediction accuracy, with GENIE3 achieving the
best overall performance. These findings are consistent with
previous benchmarking studies demonstrating strong
performance of tree-based ensemble methods for GRN
inference.

4. Structure of Predicted Gene Regulatory Networks

Network reconstruction revealed complex regulatory
architectures involving numerous transcription factors and
target genes. Predicted networks exhibited characteristics

typical of biological regulatory systems, including
hierarchical organization and modular structure
® =
.® ?
Y
O D ”k‘ T
7t ®

@ Transcription Factors Target Genes
@® ARACNe GENIE3
@ CLR Random Forests

Fig 2: Visualization of a predicted gene regulatory network
derived from transcriptomic data. Nodes represent genes, and
edges represent predicted regulatory interactions

The predicted networks contained several highly connected
nodes corresponding to transcription factors that regulate
large numbers of target genes. These regulatory hubs play
central roles in controlling gene expression patterns across
the network.

5. Network Topology Analysis

Network topology analysis was performed to examine
structural properties of the predicted regulatory networks.
Several key metrics were calculated, including node degree
distribution, clustering coefficient, and betweenness
centrality.

Table 3: Topological characteristics of predicted gene regulatory

networks
Network metric |Observed value | Biological interpretation
Average n L
erage node 6.2 Moderate connectivity
degree
Network diameter 8 Efficient signal propagation
Clustering 0.41 Modular network
coefficient ' organization
Hub nodes (t _
u n;) /:))S (top 320 genes Key transcription factors

The analysis indicated that the predicted networks exhibit
scale-free properties, where most genes have few
connections while a small number of hub nodes regulate
many genes. Such scale-free architectures are commonly
observed in biological regulatory systems.

6. Influence of Transcriptomic Technology on GRN
Inference

A comparison of bulk RNA-seq and single-cell RNA-seq
datasets revealed notable differences in network inference
outcomes. Bulk RNA-seq datasets produced relatively stable
networks with consistent regulatory relationships across
samples. However, single-cell datasets revealed greater
heterogeneity in gene regulatory interactions.
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Fig 3: Comparison of regulatory network reconstruction using bulk RNA-seq and single-cell RNA-seq datasets

Single-cell transcriptomic data enabled identification of

7. ldentification of Regulatory Hub Genes

an Several transcription factors were consistently identified as
ceII-typeI-speplflc ILeguIator_y networks that were not central regulators across the predicted networks. These hub
detectable using bulk transcriptomic datasets. genes exhibited high degree centrality and played key roles

in coordinating gene expression patterns.

Table 4: Example regulatory hub genes identified in predicted networks

Gene Regulatory function Degree centrality
MYC Transcription factor controlling cell proliferation 115

TP53 Tumor suppressor gene regulator 102
NF-xB Immune response regulator 96
STAT3 Cytokine signaling regulator 91
FOX03 Stress response transcription factor 84

These regulatory hubs are known to play major roles in
cellular signaling pathways and disease processes.

8. Graphical Analysis of Algorithm Performance

To visually compare the predictive performance of different
algorithms, receiver operating characteristic (ROC) curves
were generated using benchmark datasets.

——— ¥
1.0- =
D
< 0.8
o
e
= : WGCNA
8 06 / ARACNe
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. .-~ Random GENIE3
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Forests
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Fig 4: ROC curves comparing the performance of GRN inference algorithms
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The ROC curves show that machine learning algorithms
achieved higher prediction accuracy than correlation-based
methods.

9. Dynamic Gene Regulation Patterns

Time-series transcriptomic datasets were used to analyze
dynamic regulatory interactions during cellular processes
such as differentiation. Dynamic network reconstruction
revealed that regulatory relationships change over time as
cells transition between functional states.

In early stages of differentiation, regulatory interactions
were dominated by transcription factors associated with cell
proliferation and metabolic regulation. As differentiation
progressed, additional transcription factors controlling
lineage-specific gene expression became active.

These findings demonstrate the dynamic nature of gene
regulatory networks and highlight the importance of
temporal transcriptomic data for accurately reconstructing
regulatory relationships.

10. Summary of Key Findings
The results of this study demonstrate several important

aspects of computational gene regulatory network
prediction:
1. Machine learning algorithms provide superior

predictive performance compared with traditional
statistical approaches.

2. Predicted GRNs exhibit scale-free network structures
with highly connected transcription factor hubs.

3. Single-cell transcriptomic data reveal cell-type-specific
regulatory interactions not observable in bulk datasets.

4. Network topology analysis identifies key regulatory
genes that play central roles in controlling gene
expression.

5. Integrating multiple transcriptomic datasets improves
the robustness and biological relevance of predicted
regulatory networks.

These results highlight the power of computational
approaches for reconstructing complex regulatory systems
and provide a foundation for further exploration of gene
regulation in biological systems.

Discussion

The reconstruction of gene regulatory networks (GRNS)
from transcriptomic data has become a central objective in
systems biology and computational genomics. Advances in
high-throughput sequencing technologies have generated
vast quantities of gene expression data, enabling
computational approaches to infer regulatory interactions at
the genome-wide level. The present study evaluated several
computational approaches for predicting GRNs from
transcriptomic datasets and compared their performance
using benchmark regulatory interaction datasets. The results
demonstrate that machine learning-based methods provide
superior predictive performance compared with classical
statistical approaches, while emerging transcriptomic
technologies such as single-cell RNA sequencing offer
additional insights into cell-specific regulatory mechanisms.
1. Performance of Computational GRN Inference

Methods

One of the most significant findings of this study is the
superior performance of machine learning algorithms in
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reconstructing gene regulatory networks. Ensemble learning
approaches such as GENIE3 and random forest models
achieved higher AUROC and AUPR scores than
correlation-based or information-theoretic algorithms. These
findings are consistent with previous benchmarking studies
demonstrating that tree-based ensemble algorithms perform
well in GRN inference tasks due to their ability to capture
nonlinear relationships between genes (Huynh-Thu et al.,
2010; Chen et al., 2018) 28],
Traditional correlation-based approaches such as Weighted
Gene Co-expression Network Analysis (WGCNA) were
able to identify clusters of co-expressed genes, but these
methods often failed to distinguish direct regulatory
interactions from indirect associations. This limitation has
been widely recognized in earlier studies of gene co-
expression networks, which emphasize that correlation does
not necessarily imply causal regulation (Langfelder &
Horvath, 2008) [9  Consequently, correlation-based
networks are typically used for identifying gene modules
rather than precise regulatory interactions.
Information-theoretic methods such as ARACNe address
some of these limitations by detecting nonlinear
dependencies between gene expression profiles. The
ARACNe algorithm uses mutual information and data
processing inequality to remove indirect interactions,
thereby improving the reliability of predicted regulatory
relationships (Margolin et al., 2006) @4, In the present
analysis, ARACNe performed better than correlation-based
approaches but did not achieve the predictive accuracy of
machine learning algorithms. Similar observations have
been reported in comparative studies of GRN inference
methods, which indicate that information-theoretic
approaches perform well for identifying transcription factor
regulatory networks but may still generate false-positive
interactions in noisy datasets (Faith et al., 2007 Meyer et al.,
2008) 191,
Probabilistic modeling approaches such as Bayesian
networks also demonstrated strong performance in
reconstructing regulatory interactions. Bayesian models are
particularly valuable because they can infer causal
relationships between genes rather than simple statistical
associations. These methods have been widely applied in
systems biology to analyze regulatory pathways and
signaling networks (Friedman et al., 2000 B! Liu et al.,
2016) ™1 However, Bayesian network inference is
computationally demanding, particularly when analyzing
large transcriptomic datasets containing thousands of genes.
As a result, these methods are often applied to smaller gene
subsets or combined with feature selection techniques to
reduce computational complexity (Chen et al., 2018) @1,
2. Role of Transcriptomic Technologies in GRN
Reconstruction
The results of this study also highlight the importance of
transcriptomic technologies in enabling computational GRN
inference. RNA sequencing (RNA-seq) provides highly
accurate measurements of gene expression levels across
entire transcriptomes, enabling researchers to analyze
regulatory relationships among thousands of genes
simultaneously (Wang et al., 2009) ¥l Compared with
earlier microarray-based studies, RNA-seq offers greater
sensitivity, dynamic range, and the ability to detect novel
transcripts, making it a powerful platform for studying gene
regulation.



The emergence of single-cell RNA sequencing (SCRNA-seq)
has further expanded the scope of GRN reconstruction by
enabling gene expression analysis at the resolution of
individual cells. Single-cell transcriptomic datasets reveal
substantial heterogeneity in gene expression patterns across
cell populations, allowing researchers to identify regulatory
interactions that are specific to particular cell types or
developmental stages (Kim et al., 2024) 1],

In the present study, regulatory networks reconstructed from
single-cell transcriptomic data exhibited greater variability
compared with networks derived from bulk RNA-seq
datasets. This observation reflects the inherent heterogeneity
present in cellular populations and highlights the advantages
of single-cell approaches for capturing dynamic regulatory
processes. Recent studies have similarly demonstrated that
scCRNA-seq datasets enable more precise reconstruction of
cell-specific regulatory networks, particularly during
developmental processes and disease progression (Yuan et
al., 2025) [20],

3. Network Topology and Regulatory Hub Genes
Analysis of the predicted gene regulatory networks revealed
structural properties that are consistent with known
characteristics of biological networks. In particular, the
predicted GRNs exhibited scale-free topology, in which a
small number of highly connected hub genes regulate large
numbers of downstream targets. Scale-free network
structures are common in biological regulatory systems and
are thought to contribute to the robustness and adaptability
of cellular processes (Zhao et al., 2021) 24,

The identification of regulatory hub genes is particularly
important for understanding the functional organization of
GRNs. In this study, several transcription factors—
including MYC, TP53, NF-kB, and STAT3—were
consistently identified as central regulators within predicted
networks. These genes are known to play critical roles in
cellular signaling pathways and disease processes,
particularly in cancer biology and immune regulation.
Previous studies have similarly identified these transcription
factors as key regulatory hubs controlling gene expression
programs in diverse biological contexts (Sun et al., 2025)
[17]

Hub genes often serve as master regulators that coordinate
the activity of large numbers of downstream genes. Because
of their central role in regulatory networks, these genes
represent potential targets for therapeutic intervention in
diseases characterized by dysregulated gene expression.
Identifying such regulatory hubs through computational
GRN inference can therefore provide valuable insights into
disease mechanisms and potential drug targets.

4. Integration of Multi-omics Data for Improved GRN
Inference

Although transcriptomic data provide valuable information
about gene expression patterns, gene regulation is
influenced by multiple layers of biological control,
including chromatin accessibility, DNA methylation,
histone modifications, and transcription factor binding.
Integrating transcriptomic data with additional omics
datasets can significantly improve the accuracy of GRN
inference (Li et al., 2024) (111,

Recent studies have demonstrated that combining
transcriptomic and epigenomic datasets allows researchers
to identify regulatory interactions between transcription
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factors and their target genes with greater precision. For
example, integrating RNA-seq data with chromatin
accessibility measurements obtained through ATAC-seq can
reveal regulatory interactions that are supported by both
Era}nscriptional and epigenetic evidence (Loers et al., 2024)
13

Multi-omics integration also helps address one of the key
challenges in GRN inference—distinguishing direct
regulatory interactions from indirect correlations. By
incorporating multiple sources of biological evidence,
integrative computational frameworks can improve the
reliability of predicted regulatory networks.

5. Emerging Artificial Intelligence Approaches

Recent advances in artificial intelligence and deep learning
have introduced new possibilities for modeling complex
gene regulatory systems. Deep learning architectures such
as neural networks and graph neural networks have
demonstrated strong potential for capturing nonlinear
relationships ~ within  high-dimensional  transcriptomic
datasets (Dong et al., 2024) I,

Graph neural networks are particularly promising for GRN
inference because they directly model relationships among
genes within network structures. These models can learn
hierarchical regulatory patterns and capture complex
interactions that may be difficult to detect using traditional
statistical approaches (Tian et al., 2025) 1281,

Similarly, transformer-based models have recently been
applied to gene expression data, enabling researchers to
identify regulatory interactions using attention-based
mechanisms. These models have demonstrated improved
performance in several benchmarking studies and may play
an increasingly important role in future GRN inference
research (Hegde et al., 2025) ['],

6. Challenges and Future Research Directions

Despite significant progress in computational GRN
reconstruction, several challenges remain. Transcriptomic
datasets often contain noise and measurement errors that can
lead to inaccurate inference of regulatory interactions.
Additionally, gene expression datasets are typically high-
dimensional, containing thousands of genes but relatively
few samples, which complicates statistical modeling (Ali et
al., 2025) 1,

Another challenge is that gene regulatory networks are
dynamic systems that change over time and across different
biological conditions. Most computational GRN inference
methods rely on static gene expression datasets and
therefore cannot fully capture temporal regulatory
dynamics. Time-series transcriptomic datasets and dynamic
modeling approaches may help address this limitation.
Future research should focus on developing integrative
computational frameworks that combine transcriptomic data
with additional biological datasets, including epigenomic,
proteomic, and metabolomic information. Such multi-omics
approaches will likely provide more comprehensive insights
into gene regulatory systems and improve the accuracy of
GRN reconstruction.

7. Summary
Overall, the results of this study demonstrate that
computational approaches provide powerful tools for
reconstructing  gene  regulatory  networks  from

transcriptomic data. Machine learning algorithms offer



improved predictive performance compared with traditional
statistical methods, while emerging technologies such as
single-cell transcriptomics and deep learning provide new
opportunities for exploring complex regulatory interactions.
Continued advances in computational biology and multi-
omics integration will further enhance our understanding of
gene regulatory systems and their roles in health and
disease.

Conclusion

The computational prediction of gene regulatory networks
(GRNs) using transcriptomic data has become an essential
approach for understanding the complex regulatory
mechanisms that control gene expression in biological
systems. In this study, multiple computational strategies for
GRN inference were examined, including correlation-based
approaches, mutual information methods, probabilistic
models, and machine learning algorithms. The comparative
analysis demonstrated that machine learning-based methods,
particularly ensemble learning approaches such as GENIE3
and random forest models, provide higher predictive
accuracy than traditional statistical techniques. These
algorithms effectively capture nonlinear relationships
among genes and enable the reconstruction of large-scale
regulatory networks from high-dimensional transcriptomic
datasets.

Advances in transcriptomic technologies, particularly RNA
sequencing and single-cell RNA sequencing, have greatly
expanded the potential for computational GRN inference.
Bulk transcriptomic datasets allow identification of global
gene regulatory patterns, while single-cell transcriptomics
provides insights into cell-type-specific regulatory
interactions that are often masked in bulk analyses. The
integration of these technologies with advanced
computational  methods  enables  more  accurate
reconstruction of dynamic regulatory systems.

Despite these advancements, several challenges remain in
GRN prediction, including noise in transcriptomic datasets,
high dimensionality, and the difficulty of distinguishing
direct regulatory interactions from indirect associations.
Future research should focus on integrating transcriptomic
data with additional omics datasets such as epigenomics,
proteomics, and chromatin accessibility profiles to improve
the reliability of inferred networks.

Overall, the integration of high-throughput transcriptomic
technologies with advanced computational algorithms
provides a powerful framework for uncovering gene
regulatory mechanisms. Continued developments in
machine learning, deep learning, and multi-omics
integration will further enhance our ability to reconstruct
gene regulatory networks and deepen our understanding of
complex biological systems.
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