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Abstract

Genome-scale gene expression analysis has become a standard approach for discovering biomarkers and understanding molecular
mechanisms. Recent advances in omics technologies now enable investigations beyond conventional case-control comparison and
standard gene-centric differential expression (DE) analyses. In this review, we highlight conceptual and methodological advances in
using transcriptomic and multimodal omic data to elucidate diverse mechanisms of gene expression. We first provide a comprehensive
overview of different types of gene expression study designs, along with suitable statistical testing, as well as key considerations. We then
describe strategies for inferring gene co-expression and regulatory networks, with particular emphasis on context-specific network models
and machine learning methods that capture the multifactorial nature of gene expression regulation. Finally, we present perspectives
on emerging modalities such as single-cell and spatial transcriptomics, which enable unprecedented resolution in mapping regulatory
complexity. We envisage that the concepts and examples described here will raise awareness and encourage the application of advanced
network-based analyses.

Keywords transcriptomics, differential gene expression analysis, gene regulatory network, machine learning, multi-omics data, multi-
modal data

Introduction , . -
comparison [3-5]. Focusing on transcriptomics, one of the most

Gene expression is shaped by a complex interplay between internal
and environmental factors [1]. Together, these multiple determinants
shape gene regulatory responses and phenotypic outcomes, creating
substantial challenges for both experimental design and data analysis
and interpretation.

Omics-based approaches enable comprehensive investigation of
the multimodal nature of gene regulatory mechanisms. In terms
of study designs, the conventional case—control regime is the most
popular one, yet frequently insufficient to comprehensively capture
biological complexity [2]. Furthermore, advanced study designs
such as time-series, multifactorial perturbation, and integration
of multi-omics approaches are increasingly employed to uncover
dynamic regulatory mechanisms that cannot be resolved by pairwise

common modalities of gene expression regulation profiling due to the
extensive adoption of high-throughput sequencing technologies [6],
differential expression (DE) analysis haslong been and continues to be
the primary bioinformatics strategy for identifying genes that exhibit
significant changes in expression patterns. Despite well-documented
strategies for statistical testing and multiple testing correction in DE
analysis [7], suboptimal selection of analytical methods may result
in spurious detection of differentially expressed genes (DEGs) [8, 9],
resulting in misinterpretation and increased validation costs.
Gene-by-gene analyses of gene expression as DE frequently fail to
capture the cooperative and coordinated behavior of genes within
biological networks and pathways [10]. To overcome this limitation,
systems-level approaches, including gene co-expression network
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(GCN) and gene regulatory network (GRN) inference have been
introduced [11]. GCNs are an effective framework for investigating
coordinated gene expression patterns across conditions; however, co-
expression networks alone cannot capture interaction and directions
of TFs and their target genes. Conversely, static GRNs frequently fail to
represent context-specific gene expression regulation. More recently,
new machine learning (ML) approaches have been introduced for
inference as well as in-depth analysis of GCNs and GRNs, including
identification of nonlinear relationships [12]. Other studies also
described integration of multimodal omics data, such as chromatin
accessibility data and proteomics, to perform context-specific predic-
tion, including transcription factor activity (TFA) [13, 14], regulatory
relationships between genes and their regulatory elements [15], GRN
inference from multimodal data integration [16], and higher-order
network analyses [17]. The scale, dimensionality, and variability of
biological data continue to pose challenges in selecting appropriate
data integration and inference methods, highlighting the need for
re-survey of emerging tools suitable for specific research questions.

In this review, we first revisited fundamental concepts of study
designs of gene expression analyses, which can go beyond conven-
tional case-control design and gene-centric studies (see overview in
Fig. 1). We then outlined the strengths and limitations of existing
approaches and assessed whether conventional gene-centric DE anal-
ysis is applicable for different types of experimental designs. We then
described the concepts and update of systems-level strategies, includ-
ing inferences of GCNs and GRNs. Finally, we described emerging
multimodality analyses, including single-cell and spatial omics, and
discussed how integration of multi-omics and Al-driven methods can
offer unprecedented opportunities to dissect gene expression regula-
tion in context-specific and dynamic manners.

Study designs and data modalities for gene
expression analyses

Pairwise comparison study design

Pairwise DE analysis is already widely used to identify significant
gene expression changes between two conditions (Fig. 1A and 2A),
with technical concepts and foundations reviewed elsewhere, e.g. [7].
However, this approach is less suitable for more complex research
questions, such as multifactorial and time-series designs.

Beyond standard gene-level DE analyses; however, pairwise com-
parison designs can be adapted to investigate gene expression mecha-
nisms across several other aspects. For instance, transcript-level quan-
tification enables DE analysis at the isoform level, e.g. [18]. Alignment-
free algorithms can be used to bypass intensive mapping processes,
while accounting for the read-to-transcript ambiguity (RTA) problem,
arising from shared exons among transcript isoforms [19, 20]. More-
over, the variability from the RTA problem can be estimated and
corrected [21], thereby enabling a wide range of transcript-resolution
analyses, including differential transcript expression (DTE) and differ-
ential transcript/exon usage (DTU/DEU) [18, 22-24]. As an alternative
to aggregation of transcript counts which may yield false positives
due to transcript length effects [18], transcript-level DE followed by P-
value aggregation has been proposed [23], and recent developments in
edgeR further address RTA-induced variability through quasi-negative
binomial modeling [20].

Other important aspects of pairwise comparison worth consider-
ing include a limited number of replicates and zero-count inflation
in DE analysis [25, 26]. Under these conditions, robust parameter
estimation in parametric DE methods becomes challenging, as gene

or transcript counts often deviate from assumed probability distribu-
tion [25]. In such cases, non-parametric DE approaches can serve as
alternatives or complementary methods to reduce false DEG detection
[27]. Representative examples include signal-to-noise ratio in NOISeq
[28], and rank-based tests implemented in SAMseq [29] and Swish
[24]. While rank-based methods accommodate diverse experimental
designs and transcript-level analyses, benchmarking studies have
reported higher false positive rates for NOISeq and SAMseq relative to
parametric methods in small-scale RNA-seq datasets [30]. Conversely,
in population-scale studies, rank-based tests such as the Wilcoxon
rank-sum have demonstrated improved false positive control, indi-
cating greater robustness in cohort studies [8, 31, 32]. Although well
suited for cross-platform data integration without uniform normal-
ization, rank transformation discards expression magnitude and may
reduce sensitivity to subtle but biologically meaningful changes [33].

Another important aspect of DE analyses but frequently overlooked
is selection thresholds, which typically rely on an arbitrary user-
defined false discovery rate (FDR) (e.g. 0.05 or 0.01). However, FDR
alone may yield unequal power across comparisons due to differences
in fold changes, variance structures, and sample sizes [34]. To address
this, more recent ML-based meta-analyses have been applied to help
prioritize DEGs across multiple comparison sets, e.g. using support
vector machine (SVM) clustering to identify core stress-responsive
genes across abiotic conditions [35].

Multifactorial study design

In contrast to pairwise designs, more recent genome-wide gene
expression studies consider multiple factors simultaneously, such as
genetic and environmental perturbations, e.g. [4, 36]. These factors
may function independently or interact to influence gene expression
outcomes (Fig. 2B).

A multifactorial study design has been introduced to investigate
perturbation of several factors in multiple manners, including
additive, antagonistic (epistatic), or synergistic effects (Fig. 1B) [37,
38]. Earlier studies often focused only on a primary/main factor,
while treating other sources of variation, such as batch effects [39],
sequencing platforms [40], or timepoints [41], as blocking or random
effects. Consequently, multifactorial gene expression analysis critically
depends on accurately specifying experimental factors and their
interactions within the design matrix. However, in multifactorial
settings, applying standard pairwise contrasts, such as testing one
factor at a time and intersecting DEGs across the contrasts, can yield
unreliable results, and still be confounded by the blocking effects (e.g.
sequencing type) [42].

DE analysis in multifactorial design has several fundamental
aspects in common with pairwise comparisons; however, successful
analysis hinges upon the correct specification of factor structures,
including primary, nested, and random factors. See earlier method
articles for matrix design for multifactorial and compatible analytic
pipeline [43]. Beyond conventional pipeline, Schrode and colleagues
developed a useful framework to dissect multifactorial gene expres-
sion data by explicitly modeling synergistic, additive, and antagonistic
interactions among genetic variants, environmental perturbations,
and drug responses [4, 38].

Time-series study design

In time-series studies, experimental subjects are typically organized
into treatment groups and sampled at predetermined time points
(Fig. 2C). Time-series gene expression data can be analyzed by treating
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637; bioart.niaid.nih.gov/bioart/172).

time as discrete or continuous variables, thereby enable uncovering
waves, periodic, or cyclic gene expression patterns (Fig. 1C).

Time as a discrete variable

Conventional DE methods that treat time as a discrete variable, includ-
ing the Quasi-likelihood F-test in edgeR [44], likelihood ratio test (LRT)
in DESeq2 [45], and linear models in limma [46], are often sufficient for

time-series datasets with short timespans or a number of timepoints.
Under this approach, DEGs are identified simply based on significant
expression changes at one or more time points [47]. Existing tools such
as DESeq2 and edgeR perform comparably for short time series (t < 8),
but diverge in performance for longer series (t>8) [48]. However,
treating time as a discrete variable overlooks continuous transcrip-
tional dynamics, limiting the detection of temporal dependencies,
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Figure 2 Study designs and examples of data structures of differential gene expression studies, including commonly known (A) pairwise comparison
study design, as well as less widely employed (B) multifactorial, (C) time-series, and (D) multi-batch study designs.

delays, and non-linear trajectories. Such models are also sensitive to
sampling frequency and may miss transient or phase-shifted expres-
sion patterns, thereby reducing power to resolve complex temporal
regulation [49].

Time as a continuous variable

Expression analysis that treats time as a continuous variable typically
requires three or a larger number of timepoints, which to investigate
more complex expression dynamic patterns, such as lead-lag [47, 50],
oscillation and cyclical patterns [51, 52].

Lead-lag effects describe how changes at earlier time points
influence later expression after a delay, and can be inferred using
regression-based models, such as EBSeq-HMM (hidden Markov
model) [47] and Trendy [50]. While EBSeq-HMM considers temporal
expression as monotonic or sporadic paths, it may scale poorly for
longer time series due to an exponential increase in possible patterns.
Trendy addresses this limitation by using segmented regression with

model selection to identify breakpoints in gene expression trajectories
[50].

Longer time-course gene expression designs enable the detection
of oscillatory gene-expression patterns, which potentially underlie
dynamic processes such as circadian regulation and metabolism.
Existing approaches perform efficiently under the parametric
assumption, including natural cubic spline regression [3], which
captures non-linear expression patterns over time, and can be
described by a polynomial function; and the quasi-likelihood F-test
in edgeR [53], which models smoothed time point and estimates
expression dispersion. However, polynomial-based methods often
fail to capture asymmetric or complex oscillatory waveforms. To
address this caveat, non-parametric methods such as RAIN [51] was
introduced to detect symmetric and asymmetric umbrella-shaped
oscillations, and is widely used for circadian analyses [54, 55].
However, a limitation of RAIN lies in its constrained assumptions,
as it is applicable only to umbrella-shaped expression patterns and



is sensitive to overdispersion, which can lead to false detection of
rhythmic genes [56, 57].

Other approaches widely used to investigate time-course gene
expression patterns include MetaCycle [52], which employs three
wave detection strategies, namely parametric autoregressive spectral
estimation (ARSER), non-parametric Jonckheere-Terpstra-Kendall test
(JTK_CYCLE), and Fast Fourier transform analysis (Lomb-Scargle),
where optimal model is determined from the consensus across these
three strategies. In this way, MetaCycle achieves robustness through
integration of multiple rhythm-detection algorithms, but they were
first developed for microarray data, and hence may not fully account
for variability in RNA-seq data. In contrast, ImpulseDE2 [49], a more
recent approach developed based on sequencing-based data, models
time-dependent expression changes using a negative binomial-based
impulse function, enabling the identification of transient versus
permanent transcriptional responses through likelihood ratio testing,
based on their relative fit to impulse versus sigmoid models.

Multi-batch study design

In multi-batch study design, primary ‘experimental’ factors normally
include ‘manipulated’ variables, such as genetic, chemical, and envi-
ronmental perturbations (Fig. 2D), and ‘non-experimental’ observa-
tional factors such as gender, age, developmental stage, batches of
experiments, also known as confounding factors. Multi-batch design
is also common in comparative expression studies (e.g. [35, 58]),
and gene expression compendia (e.g. [27, 59, 60]. Here, we describe
key aspects that should be considered when designing a multi-batch
experiment.

Batch effect correction

Batch effects arise from technical variations introduced by various
aspects of experimental settings, laboratory conditions, reagent lots,
analytical pipelines, or even wet-lab proficiency and procedure of dif-
ferent individuals, which collectively can confound gene expression
heterogeneity [61, 62]. When possible, batch effects can and should
be controlled at the experimental design step, through randomization
across batches and blocking strategy [63]. But if not possible and if the
sources of batch effects are known, one can include specific factors or
covariates into the design formula prior to gene count normalization,
such as in edgeR [64], DESeq2 [45], and Combat-seq [65], or during the
normalization process using the removeBatchEffect function of limma
[46]. The Removal of Unwanted Variation (RUV) method uses negative
controls, which are genes or sequences assumed to be unaffected
by experimental factors, such as spike-ins, e.g. [66], or housekeeping
genes, to mitigate the batch effects. Correcting batch effects using
negative controls can be performed during between-sample normal-
ization [67], or post hoc adjustment using factor-augmented regression
models [68, 69]. However, specifying a suitable set of negative controls,
or selecting suitable housekeeping genes for certain experiments,
remains challenging and prone to mis-specification [69].

When known batch labels cannot sufficiently account for the non-
experimental factor differences, computational frameworks such as
surrogate variable analysis (SVA) in svaseq [70] and probabilistic esti-
mation of expression residuals (PEERs) [71], can be used to estimate
latent confounders. SVA infers hidden batch effects and incorporates
them into linear models, but its accuracy may drop when batch effects
are comparable in magnitude to biological signals and can scale poorly
with too many surrogate variables. In contrast, PEER uses empirical
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Bayes matrix factorization, offering greater sensitivity, scalability, and
robustness, and is widely applied in large-scale multi-center (e.g. [59,
60]) and expression quantitative trait loci (eQTL) studies (e.g. [72, 73]).
When the contribution of each factor is unknown, estimating the mag-
nitude of known factors and latent confounders can facilitate effec-
tive batch effect correction. Principal variance component analysis
(PVCA) [74] and VariancePartition [75] quantify factors contributing
to gene expression heterogeneity [76]. The resulting covariates can
subsequently be applied to batch corrector such as limma’s remove-
BatchEffect [46] or lme4 [77].

Over-correction of batch effects can result from inappropriate
method of choice, group imbalance, or the removal of confounding
factors that genuinely reflect biological variability [78]. Mitigating
over-correction remains challenging due to the unsupervised nature
of most batch correction methods. One practical diagnostic is to
monitor the expression of ‘reference genes,” presumed to be either
constitutively expressed, as deviations in their stability or loss of DE,
respectively, may indicate insufficient correction or over-correction
[79]. For a more comprehensive review and practical guideline of
transcriptomic data quality control and preprocessing, please refer to
recent articles [80, 81].

Identification of highly variable genes

Highly variable genes (HVGs) are identified by their elevated expres-
sion variability across samples relative to mean expression levels.
HVGs can be characterized using standard measurements of varia-
tions, including standard deviation (SD) and/or P-values from analysis
of variance (ANOVA), as demonstrated in a comparative transcrip-
tomic study of temperature-responsive arabidopsis HVGs [82], or alter-
native quantification strategies described below.

Coefficient of variation (CV), a ratio of the SD to the mean, pro-
vides a more flexible approach when comparing the measures across
different conditions. However, a simple CV exhibits a strong nega-
tive heteroskedastic relationship when applied to zero-inflated gene
expression data, and biases for genes with low mean expression [83,
84]. Residual CV serves as an alternative measure that applies local
polynomial regression (LOESS) to the CV relative to the median expres-
sion, as seen in [84]. Another alternative is mean/median absolute
deviation (MAD), or the average of absolute deviations, which is more
robust to outliers and skewed gene expression data, as seen in a study
of human gene expression variation related to methylation and aging,
which utilized LOESS regression to estimate the expected MAD and
adjust for it as a measure of expression variation [83].

Matrix factorization for feature/variable classification and
dimensionality reduction
Multi-batch studies often involve a large number of variables
that jointly drive gene expression heterogeneity, resulting in high-
dimensional biologically relevant data, as well as unwanted technical
variability. In such settings, matrix factorization (MF) can provide a
flexible framework for integrative analyses.

For feature subtyping and biomarker discovery, unsupervised
MF-based methods such as canonical correlation analysis (CCA)
[85] and factor analysis (FA) [86], as well as supervised approaches
such as sparse partial least squares discriminant analysis (SPLS-DA)
[87], project data into low-dimensional spaces to extract biologically
meaningful patterns. CCA maximizes the correlations between paired
data, while FA captures shared variance across multiple modalities,
and sPLS-DA selects features that best discriminate predefined
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groups, such as in biomarker discovery between patient and healthy
populations [88].

MF is also applicable for estimating TFA from the transcription
factor (TF) repertoire where regulatory signals are mixed up, such
as independent component analysis (ICA) [89], and network compo-
nent analysis (NCA) [14]. Unlike other methods that maximize the
common latent space, ICA aims at maximizing the statistical indepen-
dence of each feature without requiring training datasets, whereas
NCA requires topological information from prior knowledge to con-
strain the regulatory strength of each TF-target connectivity in TFA
estimation.

Investigating relationships among gene
regulatory components using network biology

While the experimental designs discussed above primarily focus on
identifying changes at the level of individual genes or transcripts,
biological regulation is inherently coordinated and operates across
interacting molecular components. In addition, conventional DE anal-
ysis of individual genes often fails to capture relationships among
gene regulatory components. For example, TFs often exhibit modest
expression changes between conditions yet exert disproportionate
effects on the expression of their target genes [7]. Furthermore, spe-
cific TF-target regulatory patterns can buffer or amplify regulatory
signals [90, 91], which are often missed by conventional DE analysis,
but can be detectable through systems-level and/or network-based
analyses (Fig. 1E). Note that fundamental concepts of network biology,
including what the nodes (vertices) connected by edges (links) repre-
sent, have been extensively reviewed elsewhere, e.g. [92-94]. In this
review, we focus on practical concepts and tools for assessing expres-
sion correlation and regulatory relationship that provide insights
into the modularity and systems-level dynamics of gene expression
regulation.

Inferring gene co-expression network from gene
expression data

Gene co-expression networks (GCNs) capture the relationships among
genes with similar expression patterns through context-specific
relationships (edges) between genes (nodes) and their correlation
coefficients (edge weights), and the edges are normally undirected.
Unlike investigation of individual DEGs, gene-gene relationships
(adjacency) can be quantified using multiple types of matrices
(Fig. 3A and Table 1), and correlation coefficient is one of the most
efficient and widely-adopted approaches [11, 95]. There is; however,
no consensus on optimal sample sizes in GCN inference due to
differences in benchmarking strategies, data types (e.g. microarray
or RNA-seq, experimental or synthetic), organisms of choice, and
normalization methods to name a few. Saying that, it is thought
that for bulk RNA-seq analyses, >20 samples with >10 million
reads per sample can already achieve performance comparable to
the best microarray-based GCNs. [96]. However, this benchmark
relied on simple rather than normalized counts, and accounted
for a small number of independent datasets. A comprehensive
evaluation by [95] demonstrated that sample sizes ranging from 5
to 40 using counts adjusted with TMM-normalization factor (CTF)
or upper-quartile-normalization factor (CUF) can achieve highest
accuracy on large homogeneous and small-multiple heterogeneous
datasets.

For noisy correlation matrices, variances can be stabilized using
context-likelihood of relatedness (CLR) [97], by upweighting regulator-
target gene pairs, and down-weighting spurious correlations [95].
However, such network transformation is only efficient when the
dataset is >40 samples [95]. In addition, network thresholding can be
applied to filter only top-ranked context-specific gene modules, based
on absolute correlations [98], or significant P-values [99]. Additionally,
one can examine the soft-thresholding power from the goodness of fit
of the network degree distribution to the power law distribution [11].
Community detection methods can also be applied to remove sporadic
connectivities in the graph [100, 101].

Inferring sample-specific co-expression networks
from gene expression data

Most GCN inferences aggregate gene expression data across multiple
conditions or samples, and this may not be appropriate when the
differences between samples or conditions are of interest, such as in
patient-specific drug response networks [102, 103]. Methods for infer-
ring sample-specific GCNs, primarily aim to compare between aggre-
gated and perturbed networks (Fig. 3B and Table 1) [104-106]. The key
differences among these tools are how the perturbed networks are
identified and the normalization parameters are utilized. For example,
LIONESS constructs a perturbed network using an adjacency matrix of
all samples except the one of interest, and subsequently employs linear
interpolation to estimate the corresponding sample-specific network
[105]. On the other hand, SWEET modifies the method implemented
in LIONESS and also adjusts for the network size imbalance [104].

Inferring gene regulatory networks from gene
expression data

GRN represent causal relationships (directed edges) between TFs
(source nodes) and target genes (target nodes). Data from GCN can
serve as a proxy for regulatory relationships inference; however,
high correlation in expression of two genes may not reflect their
biological relationship nor causality [107]. GRN inference from gene
expression data shares fundamental concepts with GCN inference,
including adjacency matrix generation (Fig. 3A). However, beyond
correlation coefficients (Fig. 3C), alternative measures can represent
gene—gene adjacency based on different assumptions and concepts as
described below (see also Table 1).

In brief, mutual information (MD) (Fig. 3D) quantifies shared infor-
mation between two genes, and can effectively capture non-linear
aspects of relationships [108]. However, a study using a large num-
ber of samples (n > 200) showed inferior robustness compared with
simple correlations [96]. Ensemble learning (Fig. 3E), such as random
forests, is another alternative that captures non-linear and multifacto-
rial relationships by regressing each target gene against all predictors
[109]. These methods can be extended with ordinary differential equa-
tions (ODEs) to model steady-state and time-series data, though per-
formance remains dataset- and parameter-dependent [110]. GENIE3,
one of better-known GCN inference tools, aggregates predictions from
all subtrees including those with weak predictive power, whereas
another popular tool GRNBoost2 redesigns the inference pipeline
by adopting stochastic gradient boosting machine (GBM) with early-
stopping regularization, which improves its speed, memory efficiency,
and scalability to large datasets [111, 112]. Conditional Gaussian, in
turn, (Fig. 3F) addresses higher-order regulation by clustering genes
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Bayesian/conditional Gaussian modeling.

with shared regulatory logic into modules and using them as proba-
bilistic priors to infer putative regulators and co-regulators [113].

Expression-based GRN inference has been utilized broadly among
gene expression data analysis to investigate context-specific gene com-
munities. However, it less overlaps with GRNs derived from genomic-
context information such as TF-binding assays and motif information
especially when applied to infer eukaryotic GRNs [114]. Therefore,
using genomic-context information as prior knowledge in combina-
tion with genome-wide gene expression data can improve the relia-
bility of the GRN inference.

Inferring gene regulatory network from multimodal
data integration

As thoroughly discussed in earlier sections, gene expression profiling
provides a powerful and accessible readout of cellular states
and responses; however, it cannot capture a complete view of
regulatory processes and mechanisms. Combining gene expression
with other omic layers, including genomics and epigenomics, through
multimodal data integration, can uncover complex, non-linear
relationships across molecular layers, although such data are often
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heterogeneous, high-dimensional, and sparse, introducing challenges
related to the ‘curse of dimensionality’ [115].

Multimodal omic integration starts with converting different data
forms into integratable features, such as assigning cis-regulatory
elements (CREs) to corresponding genes, annotating TF-binding
motifs from accessible chromatin regions, or jointly integrating
multimodal data into a lower-dimensional space [116]. Multi-modal
data integration has been applied to diverse objectives, yielding
different forms of integration outputs, including classification labels
(subtypes), predictor-outcome relationships, and heterogeneous
networks [117]. Heterogeneous GRNs from multimodal omics data
integration can have a single node type with multiple edge types,
or multiple nodes with multiple edge types [94]. See also currently
available computational methods for integration of multi-modal omic
data [115,117-119].

In this review, we focus on GRN inference from gene expression
data, in combination with a prior knowledge to constrain the GRN,
by removing connections that are not supported by evidence from
another omic layer, such as conserved regulatory sequences in the
genome. Such biological evidences include catalogues of characterized
sequence-specific regulatory motifs in relevant databases (e.g.
JASPAR [120] and AnimalTFDB [121]), high-throughput chromatin
accessibility assay (e.g. Assay for Transposase-Accessible Chromatin
with High-Throughput Sequencing (ATAC-seq) and Micrococcal
Nuclease sequencing (MNase-seq)), TF and nucleosome binding
(e.g. Chromatin Immunoprecipitation Sequencing (ChIP-seq)), DNA
methylation (e.g. Bisulfite sequencing (BS-Seq)), transcriptomic studies
following perturbation of TF genes as well as known biological
networks (see also [122, 123]) (Fig. 4A). Incorporating prior knowl-
edge in multimodal GRN inference improves inference accuracy,
and enables several prediction tasks including individual-specific
GRN [124, 125], subnetwork identification [126], time-dependent
GRN [16], and TFA estimation [13, 14, 124, 127-129] (see also
Table 2).

TFA quantifies the regulatory influence of a TF on the expression
of its target genes, which can be activation or suppression to name a
few, frequently in a context-specific manner [130, 131]. TFA can be
measured experimentally, or computationally inferred using MF as
a non-negative matrix [13, 14, 129] (Fig. 4B), ML [124, 127], or deep
learning [128] models.

We further review GRN inference methods that integrate multi-
modal omics data and categorize them by their prior knowledge
requirements, input types, prediction tasks, and their availability (see
also Table 2).

Regression and machine learning

Links between TF and their targets derived from prior knowledge
(see examples in Fig. 4A), and gene expression, can be formulated
as a regression problem. Regression models such as the multi-task
learning in AMuSR [127] and PSIONIC [124], and linear and logis-
tic regression in TEPIC2 [132], can infer context-specific GRNs and
TFA by modeling the gene expression as an outcome of the prior
knowledge and TFA (Fig. 4C). Random forest function in iRafNet [133]
can incorporate protein—protein interactions (PPI) to compute TF-
specific prior weights during tree construction. Supervised nearest
shrunken centroid (NSC) classification in iOmicsPASS [126] identifies
predictive context-specific subnetworks, by applying z-transformation
for edges in the heterogeneous networks, such as PPI and GRN. Unsu-
pervised classification methods such as NCA in NetREX-CF [129], in
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combination with collaborative filtering, can reconcile edges to infer
context-specific GRNs and predict TFA.

Probabilistic graphical models

Probabilistic graphical models (PGMs) infer context-specific GRNs by
integrating the prior knowledge with gene expression data, and rep-
resenting the TFA as conditional probabilities (Fig. 4D). Dependency
network frameworks, such as in MERLIN+P [114], infer the condi-
tional probability of each gene given a set of known regulators from
prior knowledge, and incorporating with NCA and sparsity regular-
ization in MERLIN+P + TFA [14] can improve the accuracy of TFA
estimation and downstream GRN inference. Alternatively, Gaussian
graphical models (GGMs) and covariance shrinkage implemented in
DRAGON [134], infer heterogeneous GRNs from paired multimodal
omics data, such as gene expression and methylation, and stabilize the
noises across modalities. Despite these strengths, Gaussian and linear
methods often fail to capture non-linear regulatory relationships, and
scale poorly to large and complex networks [135].

Message passing

Message passing (Fig. 4E) is at the core of PANDA [136], PUMA [137],
SPIDER [138], and EGRET [125], which were all adapted from an
affinity propagation for iterative data clustering [139], and has been
successfully utilized in yeast GRNs [140]. These methods make use of
prior networks encompassing three edge types: binding or association
(from PPI, miRNA binding, chromatin accessibility, SNPs information),
regulatory (from TF-motif binding), and co-expression (from gene
expression) edges. PANDA [136] iteratively propagates context-specific
expression signals (a.k.a., ‘message’) into the prior network to refine
TF-target interactions until reaching maximum convergence, result-
ing in downstream context-specific heterogeneous GRNs [136].

Deep learning

While message-passing and probabilistic graphical approaches inte-
grate the prior knowledge through iterative refinement or condi-
tional probability modeling, deep learning (DL) methods, particularly
graph neural networks (GNNs) (Fig. 4F), offer a flexible alternative,
which is capable of capturing nonlinear and higher-order interactions
from graph representation [94]. These models typically transform
gene expression and prior knowledge information to nonlinear latent
embeddings. As examples, DeepFGRN [128] formulates GRN infer-
ence as an association-prediction task to infer edge direction and
regulatory types. Recent advancements in neural networks extend to
solving differential equations, e.g. NeuralODEs, and time-dependent
GRN inference, e.g. PHOENIX [16].

Although DL models are suitable for complex and non-linear bio-
logical problems, many rely on supervised learning and therefore
require large, well-annotated training datasets. Despite the abundance
of existing bulk gene expression data, the lack of labels may limit
the development of multimodal deep learning-based GRN prediction
[128]. Nevertheless, DL remains effective beyond GRN construction,
such as predicting regulatory relationships. For example, convolu-
tional neural networks (CNNs) which integrate regulatory sequences,
chromatin profiles, and long-range upstream regulatory sequence
(e.g. Hi-C), can effectively predict gene expression and facilitate func-
tional enhancer-gene interactions [15]. Conceptual reviews of lever-
aging other DL methods for predicting gene expression profiles from
genomic and epigenetic features can be found in [12, 141].
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Figure 4 Gene regulatory network inference from multimodal omics data and prior knowledge integration. (A) Prior knowledge can be made up
of genomic, epigenomic, and other genome-scale methods, such as genetic variation, DNA binding motif information, DNA methylation, TF binding
information, known gene regulatory and protein—protein interaction networks, gene knockout experiments, and chromatin accessibility. Other types of
prior knowledge might also be applicable, depending on the requirements and compatibility of the tools. Examples of key inference methods include (B)
estimating transcription factor activity from gene expression data and prior knowledge integration using matrix factorization. Multimodal omics data
can be integrated using a number of available methods, namely (C) regression and machine learning, (D) probabilistic graphical model, (E) message
passing, and (F) deep learning to construct context-specific gene regulatory networks.

Performance evaluation strategies

The rapid expansion of high-throughput omics and continual
advances in network inference methods, however, rigorous evalu-
ation of inferred networks remains essential. Most GRN inference
approaches are based on assumptions of co-expression or conditional
dependent [107], thus requiring validation against ground truth infor-
mation to ensure biologically meaningful conclusions. Accordingly,
causality-informed molecular measurements can serve as both gold
standard and as prior knowledge for multimodal GRN inference and
TFA estimation (see also [123, 131, 142]).

Common performance measures for GRN inference include overall
performance metrics (e.g. area under curves), and biological ground
truth (e.g. number of predicted TFs). The area under the receiver oper-
ating characteristic (AUROC) curve can be used to evaluate the clas-
sification performance by contrasting true positive rate against false
positive rate, but it can be misleading in imbalanced settings, where

abundant true negatives inflate apparent performance despite poor
precision. Alternatively, the area under the precision-recall (AUPRC)
curve emphasizes the recovery of true positives while penalizing false
positives. However, unlike the AUROC with a fixed base line of 0.5, the
AUPRC baseline is a ratio of positive and negative classes, making it
suitable for imbalanced data but incomparable across datasets.
Evaluation of GRN inference methods from gene expression data
using the Dialogue on Reverse Engineering Assessment and Meth-
ods (DREAM) benchmark revealed varied performance across organ-
isms and datasets in most inference methods due to different under-
lying mathematical assumptions [143]. Notably, integrating predic-
tions from multiple methods (at least three) into community net-
works yielded substantially improved performance, as complemen-
tary strengths offset individual limitations [143]. In addition, ensemble
learners, including GENIE3 [109] and GRNBoost2 [111], demonstrated
robust performance on par in single-cell RNA-seq data [112, 144],



reflecting the generalizability of the methods. Furthermore, inference
methods that incorporate the prior knowledge or estimated TFA out-
perform the approaches relying solely on expression in both bulk and
single-cell RNA-seq data [144, 145].

Single-cell and spatially-resolved gene regulatory
network inference

Beyond conventional bulk gene expression profiling, advances in
single-cell sequencing and spatial-resolved transcriptomics (SRT) now
enable capturing of cellular heterogeneity, spatial organization, and
fine-scale regulatory dynamics (see also [146]).

Single-cell sequencing and SRT capture molecular readout as sparse
cell-by-gene matrices with tens to hundreds of thousands of columns
of cells, with SRT additionally providing spatial coordinates within
tissue contexts. GRNs inferred from scRNA-seq hence enable the dis-
section of cell-type-specific regulatory programs, as well as regulatory
changes along differentiation trajectories or state transitions [146,
147] (Fig. 1G). Extending GRN inference to spatially resolved gene
expression data enables investigation of how cellular organization
and local microenvironments drive intracellular signaling and gene
regulation, as well as providing insights into cell-cell interactions and
tissue organization [148, 149].

GRN inference from single-cell transcriptomic data

Gene-gene relationships in single-cell gene expression data can be
quantified using measures similar to those applied to bulk gene
expression data (Fig. 3C-F), with adaptations to account for the
unique characteristics of single-cell data, such as cell type-specific
expression and sparsity. According to the BEELINE benchmark, both
bulk and single-cell GRN inference methods exhibit comparable
performance [112]. Among the single-cell inference methods, PIDC
[150] achieved the highest overall accuracy and stability, yet captured
only co-expression rather than putative regulatory relationships [112].
Notably, tree-based ensemble learners originally developed for bulk
RNA-seq, such as GENIE3 and GRNBoost2, demonstrated comparable
accuracy to the top performer, suggesting the generalizability and
accuracy of the regression methods.

Building on ensemble learners (see earlier section and Fig. 3E),
the SCENIC pipeline [151]) was developed for inference of regulatory
networks from scRNA-seq data. SCENIC infers regulatory relationships
and subsequently refines network components by incorporating TF-
binding motif enrichment to retain interactions supported by putative
TF-binding evidence. However, its performance and computational
complexity may vary substantially with gene numbers as regression
trees must be constructed for each gene [152]. Furthermore, GRN
inference methods that leverage trajectory inference (i.e. pseudotime
information) are dependent on dimensionality reduction methods
(e.g. Uniform Manifold Approximation and Projection (UMAP), or t-
distributed Stochastic Neighbor Embedding (t-SNE)), which are sensi-
tive to data sparsity and confounding factors [112, 144]). Trajectory
inference itself is inherently limited by complex topologies beyond
simple temporal lag effects, such as branching or cycling trajectories.

As also discussed earlier, GRN inference based on single-cell gene
expression data alone can often lead to spurious connections, which
then weaken the inference performance. Alternatively, multimodal
experiments on the same samples, existing prior knowledge such as TF
binding specificities, or pre-train datasets, can all improve predictive
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performance or generalizability of the models. Chromatin accessibility
profiling via scATAC-seq has been widely adopted with scRNA-seq
for inferring causal GRNs through both experimental and computa-
tional approaches [145, 153, 154]. Notably, SCENIC+ [153] integrates
SCRNA-seq and scATAC-seq by first inferring putative GRNs from gene
expression using GENIE3 or GRNBoost2, and then incorporating TF-
binding motifs from prior knowledge of promoter and enhancer
sequences. While multi-omic assays are ideal for capturing multiple
layers of regulation and readouts of gene expression in a context-
specific manner, they can be cost-intensive and may not be suitable
for certain studies. Alternatively, several single-cell GRN inference
methods leverage publicly available omics data as prior knowledge,
providing a practical and cost-effective strategy for multimodal inte-
gration, albeit with limited standardized benchmarking across meth-
ods (see [123]). More recently, a large collection of bulk and single-
cell omics and causal regulatory datasets have enabled deep learning-
based GRN inference through pre-training or fine-tuning, which then
support other diverse downstream tasks, including cell type-specific
GRN, feature embedding and cell type annotation, TFA estimation, in
silico treatment and perturbation, gene dosage sensitivity, chromatin
and network dynamics predictions [155-157]. Together, these devel-
opments highlight a rapidly evolving landscape for single-cell GRN
inference, which is expected to further expand the scope and impact
of GRN-based analyses.

Spatially-resolved GRNs and spatial-specific inference
tasks

SRT adds an additional dimension beyond the cell-by-gene matrix by
providing spatial coordinates of individual cells or clusters of cells in
spots. SRT readout varies by technology (i.e. sequencing-based and
image-based SRT), and typically pose tradeoffs between throughput
and qualities (i.e. resolution and sensitivity) [148]. For more informa-
tion about the updates on current SRT methods, their concepts and
limitations, see [158].

Spatial transcriptomics captures cellular heterogeneity as well as
their specific spatial niches, revealing that cells of the same types can
adopt distinct GRN states depending on their spatial contexts [159].
These differences arise from the integration of intracellular GRNs
with spatially patterned intercellular signaling, such as receptor—
ligand interactions [149, 160]. At a larger scale, zonation represents
continuous gene expression gradients across spatial domains driven
by gradual changes in ligand availability that progressively modulate
cell type-specific GRNs [161, 162]. A canonical example is liver zona-
tion, where hepatocytes along the portal-central vein axis showing
gradients of oxygen, nutrients and morphogens, leading to gradual
reprogramming of metabolism and gene regulation [162].

Emerging spatial inference tasks can broadly be categorized into
three primary domains: cell-cell communication (CCC) prediction,
cell-specific GRN reconstruction, and joint inference of CCC and GRN.
These inference tasks establish a new paradigm for interpreting the
mechanistic microenvironment that can be thought of as a spatial
neighborhood. For instance, a ligand X from cell type A binds to a
receptor Y on neighboring cell type B, modulating the activation of
the TF Z regulon, ultimately driving phenotypic changes [163, 164].
CCC focuses on identifying molecular interactions between cells that
shape their phenotypes and cellular states. Representative tools such
as CellPhoneDB [165], NicheNet [166], and CellChat [167] infer CCC
primarily from scRNA-seq data by aggregating gene expression into
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cell-specific ‘pseudo-bulk’ gene expression profiles and, quantifying
pairwise relationships between ligand and receptor expression levels
in the sender and receiving cells. Statistical testing, characterized
marker genes, spatial coordinates, or prior knowledge of TFA, can all
be incorporated to prioritize biologically meaningful ligand-receptor
pairs.

Spatial GRN inference offers advantages over GRN inference from
other transcriptomics modalities in the sense that it not only cap-
tures TF-gene regulation but also incorporates cell type specificity
and spatial niches. To date, only a limited number of spatial GRN
methods support true multimodal integration. As an example, Multi-
GATE [168] jointly infers heterogeneous GRNs from paired spatial
RNA-seq and ATAC-seq through graph embedding, and subsequently
integrates with spatial information using a two-level graph attention
autoencoder, producing cross-modality heterogeneous networks, and
suitable for downstream prediction tasks such as spatial domain
prediction, cis- and trans-regulatory link prediction, and PPI inference.
In contrast to earlier multimodal SRT integration methods that were
originally developed for single-cell multimodal data integration [169],
or incapable of inferring regulatory links [170], MultiGATE represents
a dedicated multimodal spatial GRN inference method. However, it is
currently limited to paired sequencing-based SRT, suggesting the need
for future approaches that integrate unpaired multi-batch SRT data.

Most current spatial inference methods model these events inde-
pendently, thereby posing some limitations. CCC predictions alone
often infer ligand-receptor interaction through correlation and select
meaningful interactions by differential correlation and statistical test-
ing [165]. Furthermore, cell-specific GRN inference methods often
overlook the influence of ligand-receptor binding events that modu-
late the signaling pathways governing the TFA. To date, joint infer-
ence methods including CLARIFY [171] and SpaGRN [164] model cell-
specific GRNs coupled with CCC based on image-based SRT, enabling
several prediction tasks, including cell-specific GRNs, spatial domains,
cell type-specific regulons, and TFAs.

Summary and future outlook

Transcriptomics provides a genome-wide snapshot of gene expres-
sion profiles that enables systematic interrogation of transcriptional
regulatory programs across biological conditions. However, similar to
other omics approaches, transcriptomics poses substantial analytical
challenges due to high dimensionality, sparsity, and complex variable
relationships. Consequently, method selection must be matched to the
data regime (as outlined in Fig. 2), as no single analytical approach is
universally applicable.

Beyond DE analysis of individual genes and transcripts, tran-
scriptomic analyses have expanded to capture multiple layers of
regulation and modalities. While conventional DE analysis is sufficient
for revealing transcriptional dysregulation between conditions,
analyses of transcript isoforms or exons enable investigation of
post-transcriptional splicing regulation, including isoform switching,
intron retention, and exon inclusion [172, 173]. Furthermore,
integrative gene expression data analysis with other omic modalities
reveals additional regulatory perspectives, such as aberrant splicing
[174], eQTL [73, 175], cell-type deconvolution [176].

Beyond gene-centric analysis, modern transcriptomics has shifted
towards systems-level analyses to capture gene expression and regula-
tory networks. Network-based approaches also provide a framework
to interpret complex transcriptional regulation and simulate biological
perturbations [177], through investigation of established measures

such as centrality, betweenness, cliqueness, differential coexpression,
community detection, and signal propagation analysis. More recently,
DL models have enabled learning of higher-order and intricate rela-
tionships within biological data, supporting predictive and graph-
based analyses that extend beyond traditional gene-centric statistical
frameworks [94].

Finally, beyond DE analyses of bulk transcriptomics, advances in
single-cell and spatial approaches have enabled the investigation
of cellular heterogeneity and tissue organization at unprecedented
resolution. Both single-cell and spatial data lead to a greater amount
of sparse, high-dimensional, and complex data, which may, at least
in part, mitigate as well as exacerbate the ‘large p, small n’ problem,
where the number of ‘features’ (p), such as genes and transcripts,
exceeds the number of observations (n) [177, 178]. Despite the scale
of these datasets that motivate the utilization of DL and foundational
models to learn complex biological variable relationships or manifold
structures, caution is required to avoid biases arising from intra-
individual variability or pseudo-replication [179].

Key Points

® We provide a comprehensive overview of common genome-wide
expression study designs and corresponding differential expres-
sion (DE) analysis methods.

® We survey current approaches to co-expression and regulatory
network inference, which can resolve context-specific regulatory
mechanisms and molecular cooperativity.

* We describe current machine learning (ML) and neural network
applications for multimodal omics data integration to infer gene
regulatory networks, enabling resolving regulatory complexity.

® Recentadvances in single-cell and spatial omics provide additional
layers for uncovering context-specific dynamics and spatiotempo-
ral heterogeneity.
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