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Abstract

High-throughput transcriptomic technologies have made differential gene expression analysis a cornerstone of cancer research
by generating extensive lists of differentially expressed genes across tumor types and conditions. However, such lists provide
limited biological insight without functional and mechanistic interpretation. This review examines the transition from
descriptive gene expression profiles to a mechanistic understanding of cancer biology. We discuss integrative approaches that
place expression changes within signaling pathways, transcriptional regulatory networks, and protein-protein interaction
networks, thereby helping to identify functional modules and candidate upstream regulators. We emphasize the context-
dependent nature of gene expression, which is shaped by genetic alterations, epigenetic landscapes, microenvironmental
signals, and cellular heterogeneity. We also examine methodological advances, including gene set enrichment analysis,
network-based modeling, and integration of genomic, epigenomic, proteomic, metabolomic, and single-cell transcriptomic
data. Case studies across cancer types illustrate how mechanistic analyses can reveal context-specific transcriptional programs
associated with oncogenic signaling, tumor suppression, metabolic reprogramming, epithelial-mesenchymal transition, and
tumor-immune interactions. We highlight potential translational applications, including candidate biomarker discovery,
prioritization of druggable targets, rational design of combination therapies, and investigation of therapeutic resistance.
Finally, we discuss current challenges and emerging technologies, such as spatial transcriptomics and clustered regularly
interspaced short palindromic repeats (CRISPR)-based perturbation screens, that are advancing the field toward dynamic,
systems-level models of tumor biology. Integrating computational analyses with experimental validation can help translate
transcriptomic data into clinically relevant hypotheses for precision oncology and personalized cancer therapy.

interpretation. The central challenge is to translate differential
expression into mechanistic insight by determining how changes
in transcript abundance propagate through regulatory networks,
alter cellular phenotypes, and may contribute to oncogenesis,
metastasis, and therapeutic response.

Differential gene expression analysis has traditionally been
used to identify candidate biomarkers and classify tumors into
molecular subtypes. For example, early microarray studies in
breast cancer identified gene sets that distinguish luminal from
basal-like subtypes, providing prognostic information and
informing treatment strategies."” Similar approaches have been

Introduction

The advent of high-throughput genomic technologies has
revolutionized cancer research, generating an unprecedented
volume of gene expression data. Microarrays and, more recently,
RNA sequencing have enabled simultaneous profiling of
thousands of genes, producing lists of differentially expressed
genes (DEGs) across tumor subtypes, stages, and treatment
conditions. Although these lists provide valuable initial
observations, they offer limited functional insight without further

Keywords: Differential gene expression; Cancer; Functional interpretation; Pathway
analysis; Network biology; Multi-omics; Single-cell transcriptomics; Precision
oncology.

*Correspondence to: Amancio Carnero, Instituto de Biomedicina de Sevilla
(IBiS)/HUVR/CSIC/Universidad de Sevilla, Seville 41013, Spain. ORCID: https://
orcid.org/0000-0003-4357-3979. Tel: +34-955923111, E-mail: acarnero-ibis@us.es
How to cite this article: Carnero A. Functional Interpretation of Differential Gene
Expression in Cancer: From Lists to Mechanisms. Gene Expr 2026;25(3):¢00011.
DOT: https://doi.org/10.14218/GE.2026.00011.

applied to colorectal, lung, and hematologic malignancies. Despite
their utility, gene lists have important limitations: they are context
dependent, sensitive to sample heterogeneity, and generally do not
establish causality or functional relationships. These limitations
highlight the need for methods that move beyond enumeration
toward functional and mechanistic interpretation.

Functional interpretation integrates gene expression data with
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complementary biological knowledge, including signaling
pathways, transcriptional regulatory networks, protein—protein
interactions, and epigenetic landscapes. Pathway enrichment
analysis, Gene Ontology mapping, and network-based approaches
have become standard tools for contextualizing differential
expression and identifying coherent biological processes affected
by transcriptional changes.’>* For instance, upregulation of
glycolytic genes in a tumor subtype may suggest metabolic
reprogramming, but mechanistic insight emerges only when these
genes are linked to upstream regulators, interacting proteins, and
changes in metabolic flux.!®!? Similarly, identifying transcription
factors whose target genes are overrepresented among DEGs can
support inference of candidate upstream regulators and generate
testable mechanistic hypotheses.

The complexity of cancer biology necessitates a multi-layered
approach. Gene expression changes often reflect interactions
among genetic mutations, epigenetic modifications,
microenvironmental signals, and feedback from cellular signaling
networks. For example, activation of the KRAS oncogene does not
uniformly induce a fixed set of genes; instead, the downstream
transcriptional response varies with tissue type, chromatin
accessibility, and coexisting mutations. Likewise, stress responses,
such as hypoxia or DNA damage, induce context-dependent
transcriptional programs that may overlap with developmental or
differentiation pathways.'>'® Functional interpretation must
therefore account for both intrinsic cellular context and extrinsic
influences, requiring integrative, systems-level analyses.

Methods for functional interpretation have evolved
substantially. Gene set enrichment analysis and related techniques
map DEGs to curated pathway databases, revealing
overrepresented biological processes.* Curated resources,
including the Molecular Signatures Database, Gene Ontology, and
Reactome, provide structured biological frameworks for
enrichment analyses.*” Network-based approaches, including
coexpression networks, transcription factor—target networks, and
protein—protein interaction networks, help identify modules of
functionally related genes and support inference of regulatory
relationships.®? Single-cell RNA sequencing has further refined
functional interpretation by resolving cellular heterogeneity and
revealing context-specific gene programs that may be obscured in
bulk analyses. Integration of genomic, transcriptomic, epigenomic,
proteomic, and metabolomic data can provide a more
comprehensive view of the regulatory architecture underlying
differential expression and cancer phenotypes.'’-*!

Mechanistic interpretation of differential expression has
important translational implications. Functional annotation of
DEGs can help prioritize candidate drug targets, support
prediction of therapeutic response, and suggest potential
mechanisms of resistance. For example, enrichment of DNA
repair pathway genes may indicate potential sensitivity to PARP
inhibitors, whereas upregulation of immunosuppressive cytokine
genes may suggest avenues for immunotherapy research.
Network-based approaches can also identify hub genes and
regulatory bottlenecks whose perturbation may have substantial
effects, thereby informing rational drug design and combination-
therapy strategies.

However, the functional relevance of many DEGs is context
dependent and influenced by tissue of origin, tumor stage, the
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microenvironment, and cellular heterogeneity. Static pathway
databases may not capture novel interactions, rewired networks, or
noncanonical regulatory mechanisms active in specific cancer
contexts. Moreover, statistical overrepresentation does not
establish biological causality; genes may covary because of shared
upstream regulators or stochastic transcriptional noise rather than
functional interdependence. Addressing these challenges requires
iterative cycles of computational prediction, experimental
validation, and integration of multidimensional data to build
models that more accurately represent the functional effects of
gene expression changes. An overview of this workflow is
presented in Figure 1.

While numerous reviews have described tools for differential
gene expression analysis, this work specifically focuses on the
critical transition from gene lists to biological mechanisms. We
provide an integrative framework that connects differential
expression results with pathway analysis, network modeling,
multi-omics integration, and experimental validation, emphasizing
their combined role in mechanistic interpretation and clinical
translation.!”1%2223 This review highlights current limitations,
proposes best practices, and outlines emerging strategies to
improve the functional interpretation of transcriptomic data.

Mechanistic dissection and pathway interpretation of
differential gene expression in cancer

Translating lists of DEGs into mechanistic insight requires a
detailed understanding of the molecular and cellular pathways that
govern tumor behavior.> Mechanistic interpretation integrates
pathway knowledge, regulatory hierarchies, and systems-level
interactions to move from descriptive enumeration toward
mechanistically informed understanding.?4%3

One foundational approach is to map DEGs onto well-
characterized signaling pathways. Curated pathway databases,
such as the Kyoto Encyclopedia of Genes and Genomes (KEGG),
Reactome, Gene Ontology, and BioCarta, provide structured
frameworks that link genes to canonical molecular cascades,
thereby enabling identification of enriched biological
processes.*®” For example, in colorectal cancer, a list of
upregulated genes may show enrichment of WNT signaling
components, suggesting a potential role in tumor initiation and
stemness.2®2% However, enrichment alone is insufficient for
mechanistic interpretation; pathway directionality, regulatory
dependencies, and context-specific modulation must also be
considered. Pathways rarely operate in isolation. Crosstalk among
the MAPK, PI3K—AKT, and JAK-STAT pathways, for example,
can modulate transcriptional outcomes in ways that depend on
tumor type, mutational background, and microenvironmental
conditions.?*3! Mechanistic dissection therefore requires
integration of differential expression with functional interactions,
kinetic parameters, and regulatory constraints,>*2532-34

Transcription factor analysis is a critical step in mechanistic
interpretation. DEGs often cluster as targets of specific
transcription factors whose activity governs phenotypic
outcomes.*>3¢ Computational tools, such as motif enrichment
analysis and regulon inference, allow the identification of
transcriptional regulators that may be driving observed gene
expression changes. In cancers driven by MYC or TP53
dysregulation, for example, differential expression often
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Fig. 1. Workflow from differential gene expression to mechanistic insight. This figure summarizes the analytical workflow used to transform differentially
expressed gene (DEG) data into biologically meaningful mechanistic insights. The process begins with transcriptomic profiling and identification of DEGs
between experimental conditions, followed by pathway enrichment and gene set analyses to identify dysregulated biological processes. Network-based
approaches are subsequently applied to uncover gene interactions and key regulatory hubs associated with the observed phenotype. Integration with
complementary omics datasets, including proteomics and epigenomics, further refines biological interpretation and improves mechanistic resolution.
Finally, candidate pathways and regulatory mechanisms are experimentally validated and assessed for their translational and clinical relevance.

converges on transcriptional modules that reflect the downstream
regulatory influence of these oncogenes or tumor suppressors.”’
Mechanistic insight emerges by connecting the observed DEGs to
the activity state of these transcription factors, integrating cofactor
availability, chromatin accessibility, and post-translational
modifications that modulate DNA-binding affinity and
transcriptional output.

Network-based approaches provide a complementary
perspective, emphasizing the modular and interconnected nature
of cellular regulation.®? Co-expression networks, constructed from
correlation patterns among genes across samples, reveal clusters or
modules that often correspond to functionally coherent processes
such as cell cycle regulation, DNA repair, or immune signaling.
Mapping DEGs onto these networks can identify modules
disproportionately affected in specific tumor contexts,
highlighting mechanistic hubs and regulatory bottlenecks.
Protein—protein interaction networks further refine this analysis by
providing physical interaction context, identifying key nodes
whose perturbation may disproportionately affect network stability
and cellular phenotypes. Mechanistic inference is enhanced when
network topology is combined with differential expression
magnitude and directionality, allowing prioritization of candidate
driver genes within broader functional modules.*®

Functional interpretation also benefits from integrating
temporal and spatial dimensions of gene expression.**** Cancer
progression and therapy response are dynamic processes;
transcriptional programs evolve over time in response to intrinsic
genetic changes and extrinsic stimuli.**# Longitudinal sampling,
coupled with differential expression analysis at multiple time
points, can identify early and late response genes, revealing
temporal order in regulatory cascades. Spatially resolved
transcriptomics adds another layer, showing how local microenvir-
onment modulates transcriptional programs in a context-dependent
manner.>*#142 Genes upregulated only in hypoxic tumor regions,
for instance, may reflect activation of HIF-driven metabolic repro-
gramming, whereas genes expressed at tumor—stroma interfaces
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may mediate invasive or immunomodulatory programs,*346

Mechanistic dissection therefore requires not only pathway and
network mapping but also careful consideration of the temporal
and spatial context in which gene expression changes occur.

Post-transcriptional regulation represents another critical
component in mechanistic interpretation. Differential gene
expression is shaped not only by transcriptional control but also by
RNA stability, splicing, and translation efficiency. MicroRNAs
and RNA-binding proteins modulate mRNA abundance and
stability, often in a context-dependent manner.*” For example,
overexpression of specific microRNAs in breast cancer can
selectively repress tumor suppressor transcripts, amplifying
oncogenic signaling pathways. Similarly, alternative splicing
events can generate isoforms with distinct functional properties,
altering signaling dynamics, metabolic flux, or interaction
networks.*

Tumor cells frequently reprogram metabolic gene expression to
meet the demands of rapid proliferation, resist oxidative stress, or
adapt to nutrient-depleted microenvironments.’**° Differential
expression of glycolytic enzymes, mitochondrial transporters, and
lipid metabolism regulators often occurs in concert, reflecting
coordinated transcriptional programs. Mechanistic interpretation
involves linking these transcriptional changes to flux through
metabolic pathways, regulatory feedback from signaling networks,
and potential vulnerabilities that can be therapeutically exploited.
In pancreatic and colorectal cancers, for example, differential
expression of glutamine transporters and enzymes controlling
anaplerotic reactions reflects context-specific metabolic adaptation
driven by KRAS signaling and hypoxic stress, highlighting
mechanistic connections between transcriptional changes and
metabolic phenotypes.5-5?

Finally, integrating mechanistic interpretation with
experimental perturbation studies can validate functional
relevance. RNA interference, CRISPR-mediated gene editing,
CRISPR screens, and Perturb-seq allow hypotheses generated by
differential expression and pathway mapping to be tested.335%
Genes that are highly connected within networks, enriched in
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pathway modules, or identified as candidate upstream regulators
of DEGs can be systematically perturbed to assess their roles in
tumor phenotypes. Such iterative computational and experimental
approaches refine mechanistic models and help distinguish
passenger transcriptional changes from driver events that
orchestrate phenotypic outcomes. Figure 2 illustrates the
integration of multi-omic data for mechanistic interpretation.

In summary, mechanistic dissection and pathway interpretation
transform differential gene expression data from descriptive lists
into functional, mechanistically informed frameworks that help

explain how tumors acquire and maintain malignant phenotypes
(Table 1).

Case studies in oncogenic processes and tumor subtypes

The following case studies highlight how functional dissection
transforms gene lists into mechanistic understanding, revealing
both common principles and context-specific regulatory features
across tumor types. This section explores representative examples,
including oncogene-driven transcriptional programs, tumor
suppressor networks, metabolic reprogramming, epithelial—
mesenchymal transition, and tumor—immune interactions across
diverse cancer subtypes.

KRAS-driven transcriptional programs in pancreatic and
colorectal cancer

KRAS mutations are highly prevalent in pancreatic ductal
adenocarcinoma and a subset of colorectal cancers, yet their
downstream transcriptional consequences are highly context
dependent. In pancreatic ductal adenocarcinoma, differential
expression analysis reveals marked upregulation of genes
controlling glycolysis, nucleotide biosynthesis, and
macropinocytosis, consistent with KRAS-driven metabolic
reprogramming that supports proliferation under hypoxic and
nutrient-limited conditions.>® Mechanistic interpretation links
these transcriptional changes to MAPK and PI3K—-AKT signaling
cascades and to MYC and HIF-1a transcription factors, which
regulate metabolic enzymes such as HK2, LDHA, and GLS.%’

By contrast, in colorectal cancer, KRAS mutations alone may be
insufficient to activate the full metabolic transcriptional program
observed in pancreatic tumors. Additional co-occurring mutations
in APC or TP53 are typically required to induce comparable
proliferative and metabolic adaptation.® Network analysis
suggests that KRAS-driven transcriptional modules in colorectal
tumors show substantial crosstalk with WNT signaling and
immunomodulatory pathways, illustrating how context-specific
co-occurring mutations can reshape transcriptional networks and
functional outcomes.>® These observations underscore the need for
mechanistic dissection: the same oncogenic mutation can produce
divergent transcriptional landscapes depending on tumor context,
lineage, and coexisting genetic alterations.®” Context-dependent
KRAS signaling is illustrated in Figure 3.

TP53 loss and context-dependent regulatory effects

The tumor suppressor 7P53 exemplifies how differential gene
expression integrates with context-specific regulatory programs.
TP53 loss alters hundreds of target genes, but the functional
consequences vary dramatically across tissue types.®! In epithelial
tumors, 7P53 inactivation often leads to upregulation of survival
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and antiapoptotic genes, such as BCL2 and MCLI, contributing to
evasion of programmed cell death.” In hematopoietic
malignancies, TP53 loss preferentially impacts differentiation-
associated transcriptional programs, resulting in accumulation of
immature progenitor cells and leukemogenesis.®

Mechanistic dissection of TP53-dependent expression
integrates transcriptional networks with epigenetic states and
cofactor availability. Mutant p53 proteins may acquire gain-of-
function activities, engaging noncanonical transcriptional targets
and reprogramming chromatin landscapes to promote invasion,
stemness, or metabolic adaptation.®* For instance, in breast cancer,
mutant p53 interacts with ETS2 and NF-Y transcription factors to
drive genes involved in proliferation and extracellular matrix
remodeling, illustrating the power of mechanistic interpretation to
distinguish canonical tumor suppressor effects from context-
specific oncogenic rewiring.%

MYC and tissue-specific transcriptional dependencies

MYC is a pleiotropic oncogenic transcription factor that controls
cell cycle progression, metabolism, and ribosome biogenesis. -7
Differential expression analyses reveal that MYC-induced gene
programs vary with tissue origin and differentiation state.%® In
neural progenitor-derived tumors, MYC preferentially activates
cell cycle and neuronal differentiation genes, whereas in
hematopoietic malignancies, MYC promotes metabolic gene
networks and suppresses differentiation signals.®®® Mechanistic
interpretation incorporates network topology, cofactor
interactions, and chromatin accessibility, allowing identification of
context-specific MYC target modules that are critical for
proliferation and survival.” Such insights have direct translational
relevance: therapies that disrupt MY C-driven transcriptional hubs
can be tailored to the specific context of the tumor, maximizing
efficacy while minimizing systemic toxicity.*

Metabolic reprogramming in hypoxic tumor microenvironments

Tumor hypoxia drives context-dependent transcriptional
adaptation, prominently through HIF-1a and HIF-2a transcription
factors.”®"! Differential gene expression under hypoxic conditions
reveals coordinated upregulation of glycolytic enzymes, glucose
transporters, and angiogenic factors.”> Mechanistic interpretation
links these DEGs to functional outcomes: increased glycolytic
flux, lactate production, and vascular remodeling, which
collectively enhance tumor survival and growth under low-oxygen
conditions.”"7® Importantly, metabolic transcriptional programs
vary by tissue context; renal cell carcinomas, for example, exhibit
stronger HIF-2a-driven angiogenic signatures, whereas
glioblastomas preferentially activate HIF-1a-mediated glycolytic
pathways.”"7* Integrating pathway analysis with flux modeling
and epigenetic context reveals mechanistic principles governing
metabolic adaptation and identifies potential metabolic
vulnerabilities for therapeutic exploitation.”

Epithelial-mesenchymal transition and invasion

Epithelial-mesenchymal transition (EMT) exemplifies the
complexity of context-dependent gene expression.”>’¢ EMT-
associated DEGs vary widely across tumor types and
environmental conditions, yet they converge functionally on
enhanced motility, invasion, and stemness.””””® Mechanistic
dissection links key transcription factors such as SNAIL, ZEB1,
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Fig. 2. Integration of multi-omics data for mechanistic understanding. This figure illustrates the integration of transcriptomic data with additional omics
layers, including proteomics, epigenomics, and metabolomics, to enhance mechanistic interpretation of biological systems. Each omics platform provides

complementary information regarding cellular regulation and functional states, enabling a more comprehensive reconstruction of molecular networks. The

figure highlights key integration points, such as correlations between gene expression and protein abundance or the relationship between epigenetic
modifications and transcriptional regulation. It also emphasizes analytical challenges associated with multi-omics integration, including data heterogeneity
and the need for computational frameworks capable of harmonizing diverse datasets. The figure underscores the importance of multi-omics approaches
for achieving systems-level biological understanding. IncRNA, long non-coding RNA; mRNA, messenger RNA.

and TWIST to downstream target genes governing cytoskeletal
reorganization, extracellular matrix remodeling, and cell
adhesion.””® In breast cancer, EMT programs are spatially
heterogeneous, with cells at the invasive front expressing distinct
transcriptional modules compared to those in the tumor core.?!-8?
Network modeling further reveals that EMT is not a single linear
pathway but a modular and reversible process regulated by
context-specific signaling inputs, including TGF-, WNT, and
NOTCH, highlighting opportunities for targeted therapeutic
intervention. 3384

Tumor-immune interactions and contextual gene programs

Differential gene expression also informs mechanistic under-
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standing of tumor—immune interactions.?%” Tumors exhibit
context-specific expression of cytokines, chemokines, and
immune checkpoint ligands, shaping local immune landscapes.8-
For instance, melanoma subtypes with high expression of inter-
feron-stimulated genes demonstrate enhanced T-cell infiltration

9192 whereas

and increased responsiveness to checkpoint blockade,
tumors expressing immunosuppressive factors such as /DO! or
TGFBI create a hostile microenvironment.”** Integrating differ-
ential expression with pathway and network analyses identifies
key regulatory nodes that modulate immune evasion, providing

mechanistic insight into therapeutic response and resistance.
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Table 1. Comparison of approaches for functional interpretation of gene expression data

Method Main use

Advantages

Limitations

Over-representation analysis  Identifies overrepresented
biological pathways from DEG

lists

Gene set enrichment analysis  Detects coordinated changes in
predefined gene sets without

strict DEG cutoff

Identifies key regulatory hubs
and gene interactions

Network analysis (e.g.,

protein—protein interaction
and coexpression networks)
Identifies upstream regulators

controlling gene expression
changes

Transcription factor analysis

Multi-omics integration Combines transcriptomics with
proteomics, epigenomics,

metabolomics

Resolves gene expression at
the individual cell level

Single-cell RNA sequencing
analysis

Spatial transcriptomics Maps gene expression within
tissue architecture

CRISPR-based functional
validation

Experimentally tests gene
function and causal roles

Simple, fast, widely used; easy
biological interpretation

Uses full dataset; more
sensitive to subtle changes;
reduces threshold bias

Captures system-level
organization; highlights key
drivers (hub genes)

Provides mechanistic insight
into gene regulation; links DEGs indirect inference; context-
to regulatory programs

Provides comprehensive
biological insight; improves
mechanistic understanding
Identifies cellular
heterogeneity; detects rare cell
populations; high resolution

Preserves spatial context; links
molecular data with histology

Provides direct evidence of
gene function; supports target
validation

Depends on arbitrary DEG
thresholds; ignores gene—gene
interactions; biased by database
annotations

Requires large sample sizes;
dependent on gene set quality; may
yield broad results

Network quality depends on input
data; may include false-positive
interactions; complex interpretation

Limited by incomplete TF databases;

dependent activity

Data integration is computationally
complex; requires matched datasets;
potential batch effects

Expensive; technical noise
(dropouts); complex data processing

Lower resolution (in some
platforms); high cost; emerging
analytical tools

Time-consuming; not scalable for all
candidates; may not capture
complex interactions

This table summarizes commonly used approaches for the functional interpretation of differential gene expression data, highlighting their primary
applications, strengths, and current limitations. Integrating multiple methods is often necessary to achieve robust mechanistic insights. CRISPR, clustered
regularly interspaced short palindromic repeats; DEG, differentially expressed gene; GSEA, gene set enrichment analysis; ORA, over-representation

analysis; PPI, protein—protein interaction; TF, transcription factor.

Integration with multi-omic data and single-cell perspectives

Mechanistic interpretation of differential gene expression is
strengthened by integrating complementary biological layers,
including genomics, epigenomics, proteomics, metabolomics, and
single-cell transcriptomics.!”!” Multi-omic integration can help
connect DEGs to upstream genetic and epigenetic drivers, post-
transcriptional regulation, protein activity, and downstream
phenotypic outputs, thereby supporting construction of
comprehensive mechanistic models of cancer biology.!”-1822.95.9

Genomic integration

Genomic alterations, including single-nucleotide variants, copy-
number changes, and structural rearrangements, influence
transcriptional output.”?®* Mapping DEGs onto mutational
landscapes can help identify context-dependent transcriptional
consequences of driver mutations.®® For example, TP53 or KRAS
mutations produce distinct gene expression programs depending
on tissue type, co-occurring mutations, and chromatin
accessibility.'’!1°" Integrating whole-genome or exome

sequencing with expression data can support hypotheses about
causal relationships and help distinguish direct effects of
mutations from secondary transcriptional changes.5®19? This
approach can also facilitate identification of context-specific
synthetic-lethal interactions in which combined perturbation of a
mutated gene and a transcriptionally upregulated target selectively
compromises tumor-cell survival.!®3

Epigenomic and chromatin context

Chromatin accessibility, DNA methylation, and histone modifica-
tions define the regulatory landscape that permits or restricts
transcription.!**1%5 Assay for transposase-accessible chromatin
using sequencing, chromatin immunoprecipitation sequencing,
and bisulfite sequencing provide detailed information about
enhancers, promoters, and epigenetic modifications influencing
gene expression.!’®1"7 Differential expression can therefore be
interpreted mechanistically in the context of epigenetic states:
genes upregulated in tumors often correspond to regions of open
chromatin or hypomethylated promoters, whereas silenced genes
are frequently associated with repressive histone marks.!%%10?
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Fig. 3. Context-dependent signaling in KRAS-mutated cancers. This figure illustrates how oncogenic KRAS signaling produces distinct biological outcomes
depending on tissue context and microenvironmental conditions. Activating KRAS mutations lead to constitutive engagement of downstream pathways,
including the RAF-MEK—ERK (MAPK) and PI3K—AKT-mTOR signaling cascades. However, the intensity and functional consequences of these signaling
outputs vary across tumor types and cellular environments. In pancreatic cancer, KRAS signaling cooperates with inflammatory and stromal cues to
promote metabolic reprogramming and tumor progression. In colorectal cancer, feedback inhibition and lineage-specific transcriptional programs
modulate WNT signaling and immune pathway activity, thereby influencing proliferation, differentiation, and tissue adaptation. The figure emphasizes that
KRAS mutations do not generate a single uniform signaling state but instead produce context-dependent signaling programs that contribute to phenotypic
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heterogeneity and variable therapeutic responses. AKT, protein kinase B; ERK, extracellular signal-regulated kinase; GAPs, GTPase-activating proteins; GDP,
guanosine diphosphate; GEFs, guanine nucleotide exchange factors; GTP, guanosine triphosphate; KRAS, Kirsten rat sarcoma viral oncogene homolog;
MAPK, mitogen-activated protein kinase; MEK, mitogen-activated protein kinase kinase; mTOR, mechanistic target of rapamycin; PI3K, phosphoinositide 3-
kinase; RAF, rapidly accelerated fibrosarcoma kinase; RAS, rat sarcoma viral oncogene homolog; WNT, wingless-related integration site.

Integrating epigenomic data with differential expression enables
identification of upstream regulators, enhancer networks, and
transcription factor binding events that orchestrate context-
dependent gene programs, providing mechanistic insight into both
activation and repression of target genes.'!’

Proteomic integration

Transcript levels do not always correlate with protein abundance
due to post-transcriptional regulation, translation efficiency, and
protein stability.!'" Mass spectrometry—based proteomics,
including quantitative and phosphoproteomics, complements
transcriptomic data by revealing functional protein abundance,
activation states, and signaling pathway engagement.!'>!!? Integ-
rating proteomic data with DEGs allows refinement of mechan-
istic models, highlighting which transcriptional changes result in
functional protein alterations and downstream pathway
activation.!"*115 For example, upregulation of mRNA encoding a
kinase may only be functionally relevant if the kinase is
phosphorylated or stabilized, information obtainable through
proteomic profiling, 16117

Metabolomic context

Metabolic reprogramming is a hallmark of cancer, and transcrip-
tional changes frequently reflect adaptations in nutrient utilization,
energy production, and biosynthetic pathways.!'811° Integrating
differential expression with metabolomic profiling enables
mechanistic interpretation of gene programs in functional
terms.'?"12! For instance, upregulation of glycolytic genes in
hypoxic tumors correlates with increased lactate production, acidi-
fication of the microenvironment, and altered metabolic flux.®
Multi-omic integration allows identification of context-specific
metabolic dependencies, informing therapeutic targeting of
metabolic enzymes, transporters, or cofactor pathways that could
be critical for tumor survival.'?>124

Single-cell transcriptomics

Single-cell RNA sequencing (scRNA-seq) provides a transform-
ative perspective on differential expression by resolving hetero-
geneity within tumors.'?5"13 Bulk RNA sequencing averages gene
expression across thousands of cells, obscuring rare but
functionally important subpopulations.'3"13? Single-cell analyses
uncover context-dependent gene programs associated with specific
lineages, differentiation states, or microenvironmental
niches.!26:127:133.134 For example, in glioblastoma, scRNA-seq
reveals coexisting proliferative, hypoxic, and stem-like transcrip-
tional programs within the same tumor, each exhibiting distinct
regulatory networks and functional phenotypes.'3® Integrating
scRNA-seq with pathway and network analysis may help identify
context-specific drivers and potential therapeutic vulnerabilities in
rare but clinically relevant subpopulations.'3

Spatial transcriptomics and microenvironmental context

Spatially resolved transcriptomics complements single-cell

approaches by preserving tissue architecture, revealing how local
microenvironmental cues influence differential gene
expression.’®*? Genes upregulated at invasive fronts, hypoxic
regions, or tumor—stroma interfaces often reflect context-
dependent signaling influenced by neighboring cells and
extracellular matrix components.'”13% Mechanistic interpretation
combines spatial localization with network and pathway analysis,
connecting microenvironmental signals to transcriptional
programs that regulate invasion, angiogenesis, or immune
evasion.'?*!*" For example, tumors with spatially segregated
immunosuppressive and proliferative niches exhibit differential
expression of chemokines, cytokines, and immune checkpoint
molecules that govern local immune response and therapeutic
sensitivity.!41:142

Multi-omic network modeling

Integrating diverse omic layers into network models provides a
systems-level view of context-dependent gene expression.?%1?
Regulatory networks that incorporate transcription factors,
epigenetic modifiers, protein—protein interactions, and metabolic
nodes provide a framework for examining how perturbations
propagate through a system.'*® Differential expression can be
mapped onto these networks to identify functional modules, hub
regulators, and context-specific vulnerabilities.'** Computational
methods, including Bayesian networks, dynamic simulations, and
machine learning, can support inference of putative causal
relationships, identification of candidate driver genes, and
characterization of compensatory pathways that may mediate
therapy resistance.'*>'4¢ Multi-omic integration thus transforms
DEGs from static observations into dynamic mechanistic models
that can guide experimental validation and prioritize therapeutic
hypotheses.®17:19:22:40

Translational implications

Context-specific DEGs linked to genetic, epigenetic, and
proteomic features may help identify candidate biomarkers
predictive of drug response, resistance, or disease
progression.'#”14 For example, integrating transcriptional and
epigenomic profiles can reveal transcription factor dependencies
that predict sensitivity to targeted inhibitors, while metabolomic
and proteomic integration may identify context-specific metabolic
vulnerabilities.!'*!?3 Single-cell and spatial analyses can further
help identify rare, therapy-resistant subpopulations, guiding
rational combination therapies designed to preempt adaptive
responses. '35 Mechanistic insights derived from multi-omic integ-
ration thus enable personalized treatment strategies that account
for both intrinsic tumor heterogeneity and extrinsic microenviron-
mental influences.!5%!15!

Translational and therapeutic implications of functional

interpretation of differential gene expression

Functional interpretation of differential gene expression is both a
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fundamental scientific endeavor and an important component of
translational oncology.'s? By linking transcriptomic alterations to
mechanistic pathways, regulatory networks, and cellular
phenotypes, researchers can prioritize candidate actionable targets,
support prediction of therapeutic responses, and develop
personalized intervention strategies.® Mechanistic dissection can
inform drug discovery, combination-therapy design, biomarker
development, and adaptive treatment planning while accounting
for the context-dependent nature of gene regulation in cancer.!?
Figure 4 summarizes the steps required for clinical translation.

Biomarker discovery and patient stratification

When integrated with pathway and network analyses, differential
expression analysis can help identify candidate biomarkers
associated with prognosis, therapeutic response, or disease
progression.>!53 Traditional gene expression signatures often rely
on static DEG lists; mechanistic integration may instead reveal
functionally relevant modules that more accurately represent
tumor biology.'**!¥7 For instance, enrichment of DNA damage
response genes may indicate potential susceptibility to PARP
inhibitors,'>* whereas activation of immunosuppressive cytokine
networks may be associated with a poor response to immune
checkpoint blockade.?38%4 Multi-omic integration may improve
biomarker reliability by combining transcriptomic, epigenomic,
and proteomic profiles to capture the regulatory context that
determines whether a DEG is functionally consequential.'*’
Consideration of context-specific transcriptional programs may
therefore improve patient stratification and help identify
subgroups more likely to benefit from targeted therapy or
immunotherapy.'4

Identification of druggable targets

Mechanistic interpretation of differential gene expression can
facilitate identification of druggable nodes within regulatory and
signaling networks.'*® Core genes, transcription factors, or
pathway bottlenecks that coordinate context-specific programs
could represent high-value therapeutic targets.®'* For example, in
KRAS-driven tumors, network analysis may reveal dependence on
downstream effectors such as MEK or PI3K, suggesting
combination therapies that exploit pathway vulnerabilities.!"!-155
Similarly, transcription factors regulating metabolic
reprogramming or EMT can be targeted indirectly through
inhibitors of cofactors, epigenetic regulators, or upstream
signaling pathways.”>!?* By prioritizing targets based on
mechanistic and context-specific relevance rather than mere
differential expression, researchers can improve the likelihood of
therapeutic efficacy and reduce off-target toxicity.’

Rational design of combination therapies

Cancer cells frequently exhibit adaptive plasticity, activating
compensatory pathways that circumvent single-agent therapies.!
Functional interpretation of DEGs provides insight into these
adaptive mechanisms by revealing context-dependent regulatory
modules.?? Mechanistic integration enables rational design of
combination therapies that simultaneously target primary
oncogenic pathways and adaptive resistance modules. In breast
cancer, co-targeting HER2 signaling and downstream PI3K/AKT
effectors, informed by transcriptomic and proteomic profiles,
exemplifies a context-specific combination strategy grounded in
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mechanistic interpretation. 14157
Predicting and overcoming resistance

Therapeutic resistance often emerges from context-dependent
transcriptional reprogramming. Longitudinal differential
expression analysis, combined with mechanistic dissection, can
identify genes and pathways activated in response to therapy,
revealing early indicators of resistance.'3>13¢ For example,
upregulation of epithelial-mesenchymal transition genes, anti-
apoptotic factors, or drug efflux transporters can signal impending
resistance to chemotherapeutic or targeted agents.” By mapping
these DEGs onto regulatory networks, researchers may be able to
predict compensatory pathways and design preemptive
interventions.'* Integration with single-cell and spatial
transcriptomics further elucidates heterogeneity in resistance
mechanisms, enabling targeted strategies against rare, therapy-
refractory subpopulations.'*!

Precision oncology and personalized medicine

Mechanistic interpretation may enable differential expression
profiles to inform individualized therapeutic decisions within
precision oncology frameworks.!5215815% Context-dependent gene
programs, informed by multi-omic integration, delineate tumor
vulnerabilities unique to a patient’s tumor profile.!'>1?” For
example, a tumor exhibiting high transcriptional activity in DNA
damage response and cell cycle checkpoints may respond to
inhibitors of ATR or CHK1,"5* whereas a tumor with strong EMT
and invasion signatures may benefit from anti-metastatic or
epigenetic interventions.” Spatial and single-cell analyses provide
additional resolution, identifying niche-specific vulnerabilities that
can inform localized or combination therapies.'>® This systems-
level understanding could transform DEGs from descriptive
markers into actionable mechanistic guides for personalized
treatment. 6

Integration with clinical trial design

Mechanistic insights from differential expression analysis can
inform patient selection, trial stratification, and endpoint
determination in clinical studies.!S>16! Identifying transcriptional
modules or network dependencies linked to drug sensitivity allows
enrichment of trial populations most likely to benefit, enhancing
statistical power and therapeutic relevance.* Furthermore,
monitoring context-dependent transcriptional changes during
treatment provides dynamic biomarkers for adaptive trial designs,
enabling real-time adjustments based on emergent resistance
programs.'>® This approach bridges basic mechanistic
understanding with translational application, ensuring that
functional interpretation directly impacts clinical decision-
making.'?’

Challenges and opportunities

While the translational potential of mechanistic interpretation is
vast, challenges remain.'®>!%® Tumor heterogeneity, both
interpatient and intrapatient, complicates identification of
universally actionable targets.!3® Context-specific transcriptional
programs can differ dramatically between tissues, subtypes, or
microenvironmental niches, necessitating integration of multi-
omic, spatial, and single-cell data.® Despite these challenges,
advances in computational modeling, high-throughput
perturbation platforms, and precision profiling technologies
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Fig. 4. Clinical translation of functional genomics findings. This figure summarizes the translational pathway through which functional genomics
discoveries may contribute to clinical applications. Mechanistic insights derived from analyses of differentially expressed genes (DEGs) and integrative
multi-omics approaches can support biomarker discovery, patient stratification, and identification of therapeutic targets. The figure also highlights the
intermediate stages required for clinical implementation, including validation in independent patient cohorts, preclinical functional studies, and
prospective clinical trials. In addition, it emphasizes that although functional genomics approaches hold considerable promise for precision medicine,
successful clinical translation requires rigorous validation and careful consideration of disease-specific clinical contexts. Abbreviation: DEG, differentially

expressed gene.

provide unprecedented opportunities to exploit mechanistic
insights from differential expression for therapeutic gain.!*®

Limitations

Despite substantial advances in the functional interpretation of
differential gene expression data, several limitations continue to
affect the robustness, reproducibility, and biological relevance of
current approaches. One major limitation is the reliance on
arbitrary thresholds for defining DEGs. Common cutoffs based on
fold change and statistical significance may exclude biologically
relevant genes with modest expression changes while including
false positives driven by technical variability.!*'%5 Because
downstream analyses such as pathway enrichment and network
construction depend heavily on DEG selection, these threshold
choices can significantly influence biological interpretation. In
addition, pathway and gene set databases remain incomplete and
biased toward well-characterized biological processes. Resources
such as KEGG, Reactome, and Gene Ontology are continuously
evolving and require ongoing curation and updating.®’
Network-based approaches also present important limitations.
Many protein—protein interaction and regulatory networks rely on
predicted or aggregated interactions that may not accurately reflect
the biological context under investigation. Consequently, inferred
hub genes do not always correspond to true functional drivers,
particularly in heterogeneous systems.'®® The integration of
multiple omics layers introduces additional analytical complexity.
Although multi-omics approaches provide a broader systems-level
perspective, differences in data structure, scale, and quality
complicate integration and interpretation. Common challenges
include batch effects, missing data, and the lack of standardized

10

computational frameworks.!”

Limited reproducibility and validation are additional concerns.
Many computational findings are not sufficiently validated in
independent datasets or experimental systems, and variation
among analytical pipelines frequently contributes to inconsistent
results across studies.!®’

Future directions

Emerging technologies and methodological advances are expected
to substantially improve the functional interpretation of gene
expression data and its translation into biological and clinical
applications. Artificial intelligence and machine learning
approaches represent particularly promising developments for
functional genomics and computational oncology.'®® These
methods enable the integration of large-scale datasets and
facilitate the identification of complex biological relationships that
may not be detected using conventional analytical strategies.'®8-170

Advances in single-cell and spatial transcriptomics are also
transforming the field by providing higher-resolution insights into
gene expression patterns and cellular heterogeneity.3%:40:42.125-127
Single-cell RNA sequencing enables characterization of distinct
cellular populations,!?$13 while spatial transcriptomics preserves
tissue architecture and molecular context.3%41:42

The continued development of multi-omics integration
strategies will further enhance mechanistic understanding of
biological systems and translational systems oncology.!7150151
Future efforts will likely focus on improving computational
frameworks, data standardization, and reproducibility across
platforms.!” In parallel, increasing emphasis is being placed on
functional validation. Genome-editing technologies such as
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CRISPR-Cas9 and Perturb-seq provide powerful tools for directly
testing gene function and causal relationships beyond correlative
analyses.>3-5%

Finally, the translation of functional genomics into clinical
practice remains a major objective. Integrative and systems-level
approaches may support biomarker discovery and precision
medicine strategies, although successful implementation will
require rigorous validation, standardized methodologies, and
closer integration between computational and clinical
research. 71172

Methodological limitations of this review

This review has several methodological limitations that should be
considered when interpreting its conclusions and proposed
perspectives. First, the literature discussed was selected based on
conceptual relevance and representative examples rather than
through a predefined systematic search strategy with formal
inclusion and exclusion criteria. Consequently, the review may
reflect selection bias toward studies that more clearly illustrate
mechanistic interpretation of differential gene expression,
potentially underrepresenting conflicting findings or alternative
analytical frameworks.

Another limitation arises from the rapidly evolving nature of
transcriptomic and multi-omic methods. Technologies such as
single-cell RNA sequencing, spatial transcriptomics, and artificial
intelligence—driven analytical approaches are developing quickly
and may rapidly outpace current conceptual models and
computational tools.!3*198170 Consequently, some methods or
datasets discussed in this review may soon be superseded by more
advanced analytical strategies, limiting the long-term
generalizability of certain conclusions.

The review also relies heavily on published datasets and
previously reported computational analyses, which themselves are
subject to methodological variability. Differences in sequencing
platforms, normalization procedures, statistical thresholds, batch
correction methods, and bioinformatic pipelines can substantially
influence differential expression results and downstream
functional interpretation. Because many studies use distinct
analytical models, direct comparison between datasets and
conclusions across studies remains challenging.

In addition, many mechanistic interpretations discussed
throughout this review are based primarily on correlative analyses
rather than direct experimental validation. Although pathway
enrichment, network modeling, and multi-omic integration
provide valuable mechanistic hypotheses, they do not necessarily
establish causality.*7 Consequently, some proposed regulatory
relationships or functional dependencies may not fully reflect true
biological drivers in specific tumor contexts.

Another important limitation is the dependence on existing
pathway and interaction databases, including KEGG, Reactome,
Gene Ontology, and protein—protein interaction repositories.
These resources are inherently incomplete and biased toward well-
characterized genes and signaling pathways, potentially limiting
the identification of novel or context-specific regulatory
mechanisms. Moreover, static pathway representations may not
adequately capture the dynamic and adaptive nature of cancer
signaling networks.

Tumor heterogeneity also represents a significant challenge for
the interpretation of transcriptomic data. Many studies discussed
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in this review are based on bulk RNA sequencing approaches that
average gene expression across heterogeneous cellular
populations, potentially obscuring biologically relevant
subpopulations and spatially restricted transcriptional programs.
Although single-cell and spatial transcriptomic approaches
partially address these limitations, these technologies still face
important technical and analytical constraints, including noise,
dropout effects, limited spatial resolution, and difficulties in data
integration.

Finally, the translational implications discussed in this review
should be interpreted cautiously. While functional interpretation of
differential gene expression holds considerable promise for
biomarker discovery and precision oncology, many proposed
applications remain exploratory or preclinical.’®” The successful
translation of transcriptomic insights into clinically actionable
strategies will require rigorous experimental validation,
standardized analytical methodologies, and prospective clinical
investigation.

Conclusions

Functional interpretation of differential gene expression in cancer
represents a shift from descriptive gene lists toward mechanistic,
systems-level understanding. By integrating pathway analysis,
network modeling, multi-omic data, single-cell and spatial
resolution, and experimental validation, researchers can construct
dynamic models that clarify how context-dependent
transcriptional programs may contribute to tumor initiation,
progression, and therapeutic response. These frameworks can
support precision oncology by informing biomarker development,
target prioritization, combination-therapy design, and investigation
of resistance mechanisms. As technologies and datasets continue
to advance, integrating functional interpretation into clinical
research may improve cancer diagnosis, treatment selection, and
personalized care by translating transcriptomic observations into
testable and clinically relevant hypotheses.
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