
Academic Editor: Shile Huang

Received: 5 December 2025

Revised: 13 January 2026

Accepted: 28 January 2026

Published: 3 February 2026

Copyright: © 2026 by the authors.

Licensee MDPI, Basel, Switzerland.

This article is an open access article

distributed under the terms and

conditions of the Creative Commons

Attribution (CC BY) license.

Review

Single-Cell Transcriptomics and Computational Frameworks for
Target Discovery in Cancer
Martina Tarozzi 1,2,* , Nicolas Riccardo Derus 1, Stefano Polizzi 3 , Claudia Sala 1,2 and Gastone Castellani 1,2

1 Department of Medical and Surgical Sciences, University of Bologna, 40138 Bologna, Italy
2 IRCCS Azienda Ospedaliero—Universitaria di Bologna, 40138 Bologna, Italy
3 IRCCS Istituto delle Scienze Neurologiche di Bologna, Data Science and Bioinformatics Laboratory,

40139 Bologna, Italy
* Correspondence: martina.tarozzi3@unibo.it

Abstract

Single-cell transcriptomics has redefined our understanding of cancer by exposing the
complexity of tumor ecosystems and their therapeutic vulnerabilities. scRNA-seq studies
have identified lineage hierarchies, immune evasion programs, and resistance-associated
states across solid and liquid tumors, informing biomarker development and drug discov-
ery. Advanced computational frameworks integrate these data with longitudinal profiling,
RNA velocity, and network diffusion to prioritize targets and predict therapeutic response.
Emerging multi-omics approaches further expand the scope of precision oncology by
linking genetic alterations, protein-level markers, and spatial context to functional states.
This narrative review aims to synthesize current applications of single-cell transcriptomics
for target discovery, highlight computational frameworks that translate high-dimensional
data into actionable insights, and explore how multi-omics integration is shaping future
directions. By bridging molecular complexity with target prioritization, these approaches
hold promise for translating single-cell insights into clinically actionable biomarkers and
therapeutic strategies for personalized cancer treatment and rational drug development.

Keywords: target discovery; precision oncology; single-cell transcriptomics; bioinformatics;
scRNA-seq; cancer; tumor heterogeneity

1. Tumor Ecosystems and Therapeutic Opportunities Revealed by
Single-Cell Transcriptomics

Tumor heterogeneity is a defining hallmark of cancer, encompassing the genetic,
epigenetic, transcriptomic, and phenotypic diversity observed both within individual
tumors (intra-tumoral heterogeneity) and across tumors of the same histological type
in different patients (inter-tumoral heterogeneity). This complexity arises from clonal
evolution, stochastic mutations, epigenetic reprogramming, and dynamic interactions with
the Tumor Microenvironment (TME), including immune and stromal components. As a
result, tumors are not uniform masses of malignant cells but rather ecosystems composed
of diverse cellular subpopulations with distinct functional roles, proliferative capacities,
and therapeutic sensitivities [1]. Tumor heterogeneity is a major challenge to effective
cancer treatment as it contributes to variable drug responses, immune evasion, and the
emergence of resistant clones following therapy [2].

Single-cell transcriptomics have revealed extensive intratumoral heterogeneity, con-
sistently identifying multiple distinct cell types along with their molecular signatures and
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functional states. For instance, in melanoma, Tirosh et al. [3] identified four major cell
populations: malignant, immune, stromal, and endothelial cells. Within malignant cell
populations, three major transcriptional programs were identified: a proliferation signature
characterized by cell cycle genes, a pigmentation signature marked by high MITF expres-
sion, and a stromal signature featuring AXL expression. Subsequent studies have expanded
the cellular landscape, revealing additional immune and stromal subtypes and dynamic
cell states that influence therapy response and disease progression [4–7]. These works led to
the identification of druggable pathways specific to melanoma cell subpopulations. CDK4,
CDK2, and MEK1/2 were identified as therapeutic targets, with CDK4 and CDK2 showing
homogeneous expression patterns. The MAPK pathway emerged as a druggable target,
alongside epigenetic regulators. ABC transporters and ALDH genes marked stem-like
cell subpopulations, while KDM5B (coding for the histone demethylase JARID1B) was
identified as a novel target in these populations [3].

Another example is colorectal cancer (CRC), where scRNA-seq revealed extensive
intratumoral heterogeneity across malignant, immune, and stromal compartments. Early
foundational studies [8], identified distinct malignant cell expression patterns associated
with unique immune and stromal interactions. More recent works [9–12] used single-cells
and spatial transcriptomics to uncover dynamic changes in cell states and regulatory hubs
during progression and were used to construct prognostic models and identify druggable
targets, including TIMP1, MLXIPL, MLXIPL, AXIN2, TRAP1, TRIP6 and components of
the KRAS signaling pathway [10]. These spatial and molecular patterns correlated with
treatment response and disease progression, highlighting the clinical relevance of tumor
cell subtypes.

A third example of how single-cell transcriptomics has been applied to increase bio-
logical understanding and hopefully improve clinical practice is Glioblastoma, a tumor
characterized by profound intratumoral heterogeneity, which has historically limited thera-
peutic success. A seminal study by Patel et al. [13] was the first to apply single-cell RNA
sequencing to primary glioblastoma. This work revealed that glioblastoma samples contain
both malignant and normal brain cells, distinguishable through inferred copy number
variation (CNV) profiles. Malignant cells exhibited variable expression of meta-signatures
related to cell cycle, hypoxia, complement/immune response, and oligodendrocyte func-
tion, reflecting diverse functional states. Subsequent studies [14,15] have expanded on
this framework, identifying hybrid cell states, treatment-induced transitions, and spatially
distinct subpopulations, further underscoring the complexity of glioblastoma and the need
for personalized, multi-targeted therapeutic strategies.

Interesting results emerged from liquid tumors as well, in which the element of het-
erogeneity is particularly pronounced due to clonal evolution and dynamic differentiation
hierarchies. In acute myeloid leukemia (AML), single cell transcriptomics has been instru-
mental in resolving malignant blasts from normal hematopoietic cells and in mapping
differentiation trajectories [16–19]. scRNA-seq studies have identified transcriptional pro-
grams associated with stemness, proliferation, and immune evasion, and revealed how
treatment reshapes the cellular landscape by selecting resistant subclones. In hemato-
logic malignancies, these approaches consistently revealed distinct malignant populations
organized along differentiation hierarchies, ranging from primitive hematopoietic stem
cell–like states to more differentiated cells, with cellular composition strongly correlating
with specific genetic lesions. These insights have led to the identification of therapeutic
targets such as CD123 and TIM3, which are enriched in leukemic stem-like cells [18].

Yet, a significant gap persists between target identification and therapeutic approval,
reflecting biological complexity, resistance mechanisms, and the stringent validation re-
quired for clinical-grade drug development.
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The complexity of tumor ecosystems revealed by single-cell transcriptomics de-
mands robust computational strategies to extract actionable insights. In the following
section, we explore the computational frameworks that enable researchers to translate
high-dimensional single-cell data into prioritized therapeutic targets.

2. Computational Strategies for Target Discovery Using scRNA-Seq
2.1. Computational Frameworks for Target Discovery

The success of scRNA-seq in oncology depends heavily on robust computational
frameworks that guide the analysis from raw data to actionable insights. Multi-purpose
tools such as Seurat [20], Scanpy [21], and scCancer [22] serve as the backbone of scRNA-
seq workflows, offering integrated pipelines for essential preprocessing steps including
quality control (QC), normalization, dimensionality reduction, clustering, and cell-type
annotation. These foundational steps are critical for ensuring data integrity and biological
interpretability before any advanced analysis can be performed. Recent excellent reviews
covered in details software and methods aimed at these steps [23,24], whose specific
features fall beyond the scope of the present work. Beyond basic preprocessing, many
frameworks support modular integration with advanced methods. Trajectory inference
tools such as Monocle [25] and Slingshot [26] can be layered onto initial clustering results
to model cellular differentiation and pseudotime analysis. Similarly, ligand–receptor
interaction analysis tools like CellPhoneDB [27] and NicheNet [28] build on annotated cell
types to infer intercellular communication, uncovering signaling pathways that mediate
tumor–immune or tumor–stromal interactions. Target nomination typically follows a
structured analytical flow: cell clustering defines biologically meaningful subpopulations,
which are then subjected to differential gene expression analysis to identify subgroup-
specific markers. These candidate genes are further evaluated through pathway enrichment
and network-based analyses to uncover functional roles and prioritize druggable targets.
This stepwise approach ensures that computational outputs converge toward clinically
relevant hypotheses rather than isolated gene lists. By anchoring the analysis in these
versatile frameworks, researchers ensure reproducibility, scalability, and compatibility
with downstream methods for more advanced analyses to uncover dynamic processes,
infer future cell states, and model intercellular communication, all of which are crucial for
identifying actionable targets in cancer [29–31].

The following subsections focus on these advanced strategies, including longitudinal
single-cell profiling, RNA velocity, and network-based approaches for druggable target
discovery (mentioned software and methods in Table 1). These methods build upon the
initial data processing steps and leverage the rich structure of scRNA-seq data to extract
deeper biological insights (Figure 1).
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Figure 1. Overview of scRNA-seq analysis pipeline for target discovery. The workflow begins
with preprocessing (QC, normalization, dimensionality reduction), followed by the core bioinfor-
matic analysis (clustering, cell type annotation, differential gene expression, functional analysis).
Advanced modules such as trajectory inference, RNA velocity, and ligand–receptor interaction
mapping provide deeper biological insights. Target nomination occurs after differential expres-
sion and pathway/network prioritization, integrating multi-omics evidence to identify druggable
candidates.

2.2. Longitudinal Single-Cell Profiling in Cancer

Understanding how tumors adapt over time is critical for uncovering mechanisms of
therapeutic resistance and disease progression. Most conventional single-cell studies pro-
vide only a static snapshot, limiting the understanding of dynamic processes. Longitudinal
scRNA-seq enables temporal resolution of tumor dynamics by capturing cellular states
across multiple time points (ideally three or more) revealing clonal evolution, treatment re-
sponses, and immune dynamics invisible in cross-sectional analyses. Computational frame-
works translate these time-resolved data into biologically interpretable models, enabling
reconstruction of clonal phylogenies, identification of resistance-associated mutations, and
prediction of immune response trajectories.

Computational approach effectiveness depends on aligning method capabilities with
biological timescale and sample characteristics, with no single framework demonstrating
universal superiority across cancer contexts. Phylogenetic reconstruction methods excel for
tracking clonal evolution over extended timeframes while demonstrating robustness even
with limited cell numbers. LACE (Longitudinal Analysis of Cancer Evolution) employs
Boolean matrix factorization with phylogenetic constraints via MCMC (Markov Chain
Monte Carlo) sampling, demonstrating superior precision and recall compared to alter-
natives (CALDER, SCITE, TRaIT) when analyzing only 475 melanoma cells across four
time points [32]. The weighted likelihood function accounts for sample size differences and
error rates through parameter grid search for noise estimation, enabling reliable inference
despite limited sampling [32]. LACE successfully identified genetic biomarkers including
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PRAME (established prognostic marker) and RPL5 (candidate tumor suppressor) as somatic
mutations in clonal lineages, leveraging mutational profiles called directly from scRNA-seq
data to investigate relationships between genomic and phenotypic evolution at single-cell
resolution [32]. Canopy employs a Bayesian framework with BIC (Bayesian Information
Criterion) model selection and Metropolis-Hastings sampling for reconstructing tumor
phylogeny from somatic copy number alterations and single-nucleotide alterations. This ap-
proach allowed the identification of chr 18q deletion, RYR1 mutation, and chr 7q/12 Loss of
Heterozygosity (LOH) as breast cancer metastatic potential biomarkers validated through
single-cell sequencing [33]. These phylogenetic approaches prove particularly valuable
for studies tracking clonal dynamics and genetic alterations driving therapeutic resistance
or metastatic potential over weeks to months. Machine learning approaches demonstrate
superior performance for capturing rapid immune dynamics and achieving cross-cancer
generalizability without requiring method retraining. LiBIO, a predictive modeling frame-
work, employs Lasso regression with fuzzy c-means clustering to identify dynamic gene
expression changes in immune checkpoint blockade response, achieving AUCs (area under
the ROC curve, where higher values reflect better prediction) of 0.80 ± 0.10 for melanoma,
0.73 ± 0.23 for Non-Small Cell Lung Cancer (NSCLC), and 0.72 ± 0.10 for breast cancer,
with overall AUC of 0.78 ± 0.046 [34]. The composite transcriptional signature comprising
164 effector memory CD8+ T cell genes and 137 B cell genes demonstrated odds ratios of
4.0–5.0, outperforming the conventional PD-L1 CPS (Programmed Death-Ligand 1 Com-
bined Positive Score) biomarker [34]. LiBIO’s generalizability across cancer types, validated
through seven Head and Neck Squamous Cell Carcinoma (HNSCC) cohorts plus external
melanoma, NSCLC, and breast cancer cohorts via five-fold cross-validation, represents a
significant methodological advance for predictive biomarker development [34]. Comple-
mentary machine learning frameworks include MetaCell analysis in multiple myeloma,
which generated 260 metacells from 95,380 cells across longitudinal treatment cycles, com-
bined with shallow neural networks to achieve 88% overall response rate and identify PPIA
and module-1 resistance signatures validated in the CoMMpass database [35]. Critical
methodological insights include dataset size requirements varying from hundreds to tens
of thousands of cells, temporal timescale matching (phylogenetic for extended periods vs.
machine learning for acute responses), and validation stringency emerging as more critical
than computational sophistication for clinical translatability. The optimal longitudinal
method selection depends on study goals: phylogenetic approaches should be prioritized
for tracking clonal evolution and identifying mutation-driven drug targets when sample
sizes are limited and understanding genetic alterations is paramount, whereas machine
learning approaches are more suitable for capturing immune dynamics and developing pre-
dictive biomarkers when cross-cancer generalizability and patient stratification capabilities
are prioritized.

2.3. RNA Velocity: Inferring Future Cell States

While longitudinal sampling provides temporal resolution across clinical timepoints,
RNA velocity offers a complementary approach to infer future transcriptional states from
a single snapshot of scRNA-seq data. Introduced by La Manno et al. in 2018 [36], RNA
velocity estimates the direction and speed of cellular state transitions by modeling the ratio
of unspliced (nascent) to spliced (mature) mRNA transcripts. This allows researchers to
predict how individual cells are likely to evolve, enabling the reconstruction of develop-
mental trajectories and identification of dynamic regulatory programs, adding a temporal
dimension to static single-cell data [37,38]. The underlying principle is expressed as

v =
ds
dt

≈ αu − βs
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Biologically, this formulation (where α and β summarize spliced RNA production
and decay, respectively) captures the balance between the production and loss of ma-
ture transcripts, where u (unspliced RNA) reflects nascent transcriptional activity and s
(spliced RNA) represents mature mRNA. RNA velocity therefore estimates whether spliced
transcript abundance is increasing or decreasing relative to steady state. A positive veloc-
ity indicates progression toward a future transcriptional state, while a negative velocity
suggests regression or quiescence. In the context of therapeutic target discovery, these
directional changes can reveal emerging resistant cell states or lineage trajectories that may
harbor actionable vulnerabilities.

Since its introduction, computational frameworks have advanced significantly. Velo-
cyto [37] pioneered the concept under a steady-state assumption, which works well for
stable systems but struggles with transient states. To overcome this, scVelo [39] introduced
a dynamical model that accounts for transient transcriptional states and non-equilibrium
conditions, allowing more accurate inference of cell-state transitions in complex tissues.
More recent methods derived from these, such as Bayesian frameworks like BayVel [40]
that incorporate uncertainty quantification, providing confidence intervals for velocity
estimates and mitigating identifiability issues. Additional innovations address batch effects,
sparse data, and variability in transcriptional kinetics, making RNA velocity increasingly
robust for clinical datasets. A comprehensive review about the specific features of the
available methods can be found here [37].

Clinically, RNA velocity has proven particularly impactful in dynamic experimental
setting such as developmental biology and oncology, where cellular plasticity and lin-
eage transitions drive metastasis and therapy resistance. In AML, velocity-based models
distinguished leukemia stem cells from regenerating hematopoietic cells, revealing tran-
scriptional programs linked to relapse and poor prognosis [41]. In the immune context,
velocity analysis has characterized distinct CD8+ T cell differentiation trajectories and
identified stem-like T cell reservoirs that sustain antitumor immunity, as well as mapped
neutrophil maturation in non-small cell lung cancer [42,43]. These applications underscore
RNA velocity’s potential to uncover dynamic biomarkers and inform therapeutic strategies
in precision oncology. Despite its utility, RNA velocity has limitations, including sensitivity
to data sparsity, reliance on accurate splicing quantification, and vulnerability to noise in
clinical samples. These factors can affect trajectory inference and should be considered
when applying velocity-based insights to therapeutic decision-making.

2.4. Network Diffusion for Druggable Target Discovery

Tumor biology is shaped not only by individual gene expression changes but by the
complex interplay of molecular networks. Network diffusion [44] models this principle
by spreading information from experimentally derived sources -such as differentially
expressed genes- through interaction networks, revealing functionally connected nodes
that may not appear significant in isolation [45,46]. This approach enables the discov-
ery of druggable targets that emerge from network context rather than single-gene
statistics, offering opportunities for strategies such as synthetic lethality (where target-
ing a gene becomes lethal only in the presence of a cancer-specific alteration), drug
repurposing, or identification of novel targets under specific conditions (e.g., healthy
vs. pathological cells) [47]. For this analysis, two key components are needed: a list
of sources and a network. Sources are “special” nodes chosen for a reason, such as
genes significantly differentially expressed before and after treatment or genes associ-
ated with a disease. The network forms the backbone of the diffusion process, and its
choice depends on the research question: tissue-specific pathways for targeted studies,
or a protein–protein interaction (PPI) network for exploratory analyses [48–51]. Com-
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bining interaction networks can mitigate false negatives common in high-throughput
interactomes. Information (e.g., differential expression or gene expression values) from
scRNA-seq is then propagated through the network, yielding a node ranking that inte-
grates experimental data with interaction information. This is a stochastic process with a
stationary solution [46] governed by:

xt+1 = αW · xt + (1 − α)x0

where W is the network matrix, xt the information at time t, and x0 the initial scRNA-seq
data and a critical parameter, α, controls how far information spreads from sources. While
no universally accepted strategy for selecting this parameter exists, it should balance source
genes and network-derived genes among top-ranked nodes. Several R packages implement
diffusion with minimal prior knowledge [46,52–54], among them “dmfind” allows for a
statistics-based selection of α.

Network diffusion has been successfully applied to prioritize biomarkers and identify
druggable targets across multiple cancer types. For instance, diffusion-based integration of
multi-omics data has been used to stratify papillary renal cell carcinoma into clinically rele-
vant subtypes, revealing genes associated with poor survival and genomic instability [55].
Moreover, network propagation has been applied to prioritize rarely mutated “long-tail”
genes that gain functional importance through network connectivity, identifying novel
therapeutic targets validated by CRISPR screens [56]. It has also been applied with success
to RNA sequencing of metabolically unhealthy obese individual, identifying the oxidative
phosphorylation pathway as downregulated and 5 commonly deregulated gene [57]. Fi-
nally, diffusion-based frameworks combining scRNA-seq signatures with protein–protein
interaction networks have refined cell-type-specific targets in immuno-oncology, enabling
the identification of immunometabolic pathways in tumor-infiltrating T cells [58]. These
examples highlight the versatility of network diffusion in bridging experimental data and
interaction knowledge to accelerate biomarker discovery and therapeutic development. It
is important to note that genes prioritized through network diffusion typically represent
hypothesis-generating candidates rather than confirmed drug targets. While these rankings
provide a rational starting point for experimental validation, only targets with demon-
strated druggability or prior functional evidence can be considered clinically actionable.
This distinction underscores the need for downstream validation pipelines to translate
computational predictions into therapeutic strategies.

Table 1. Comparison of major computational frameworks discussed in this review, including their
primary functions, strengths, limitations, role in target discovery, and programming language. This
table illustrates the tools discussed in the text and it is not intended as a systematic and exhaustive
list of all software available in the current literature.

Tool/Method Primary Function Strengths Limitations Role in Target Discovery Language

Seurat
Preprocessing,

clustering,
integration

Widely used, rich
ecosystem, strong

multimodal support

Memory-intensive on
very large objects

Defines subpopulations for
DGE and pathway analysis
leading to candidate targets

R

Scanpy
End-to-end

single-cell analysis
at scale

Scales to millions of
cells; integrates with

scverse tools

Visualization less
turn-key than Seurat

Same as Seurat; scalable for
multi-sample screens Python

scCancer
Cancer-oriented

scRNA-seq
workflows

Cancer-specific
annotations; automated

HTML reports

Less flexible beyond
oncology use cases

Separates
malignant/non-malignant

cells; supports target
prioritization in
tumor contexts

R

Monocle Trajectory inference
& pseudotime

Mature ecosystem;
well-documented

Sensitive to noise;
multiple versions

(v2 vs. v3)

Reveals lineage-specific
programs and resistance

trajectories informing targets
R
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Table 1. Cont.

Tool/Method Primary Function Strengths Limitations Role in Target Discovery Language

Slingshot Trajectory inference
(branching lineages)

Robust lineage
reconstruction;
Bioconductor

integration

Focused scope
(trajectory module)

Identifies dynamic states
associated with therapy

response/targets
R

CellPhoneDB
Ligand–receptor
inference & CCI

analysis

Curated human LR
database; new scoring

& TF module

Restricted to
known interactions;

database-centric

Highlights signaling
pathways & immunotherapy

target candidates
Python

NicheNet
Ligand-target

modeling using prior
signaling/GRNs

Predicts downstream
target genes; strong

Seurat interop

Requires curated
priors; R-centric

Prioritizes ligands/receptors
and downstream targets in

receiver cells
R

LACE
Longitudinal

phylogeny from
single-cell mutations

R package + Shiny GUI;
longitudinal
clonal trees

Requires multiple
time points,

computationally heavy

Identifies mutation-driven
targets/resistance biomarkers

over time
R

Canopy
Bayesian tumor
phylogeny from

SNV/CNA

Integrates SNAs &
CNAs; outputs

multiple tree configs

Requires careful input
prep; model complexity

Links genetic alterations to
vulnerabilities for drug

target nomination
R

LiBIO
ML framework for

longitudinal
biomarker discovery

Cross-cancer
generalizability; strong

AUCs reported

No public package
identified;

study-specific

Predictive biomarker
development for Immune

checkpoint blockade response
-

scVelo
RNA velocity

(steady-state &
dynamical models)

Dynamical modeling;
integrates with Scanpy

Needs
spliced/unspliced

layers; quality-sensitive

Identifies dynamic programs
& putative drivers/states

for targeting
Python

BayVel
Bayesian framework

for RNA
velocity estimation

Adds uncertainty
quantification

Implementation details
not publicly

released—not yet
peer reviewed

Improves confidence in
velocity-based prioritization Julia

3. Single-Cell Multi-Omics: Current Advances and Future Directions
Single-cell transcriptomics has provided an essential foundation for understanding

cellular heterogeneity in tumors. However, transcriptional profiles alone do not fully
capture the regulatory, genetic, and functional complexity of cancer cells. To address these
limitations, integrative single-cell multi-omics approaches have emerged, enabling simul-
taneous or sequential profiling of multiple molecular layers within individual cells [59].
These strategies provide a more comprehensive view of cellular states and are increasingly
applied to therapeutic target discovery in oncology. This field is in rapid and intense devel-
opment, excellent technical reviews cover the technological improvements and detailed
features of the different specific methodologies [60,61].

3.1. Genome—Transcriptome Integration

The integration of genomic and transcriptomic data at single-cell resolution allows
researchers to link somatic mutations, CNVs, and structural alterations to transcriptional
signatures. Early pioneering methods such as G&T-seq [62] and DR-seq [63] allowed
parallel sequencing of DNA and RNA from the same cell, providing a first glimpse into
genotype–phenotype relationships, but were limited by low throughput and incomplete
genome coverage. More recent platforms like TARGET-seq [64] and SIDR [65] improved
mutation coverage, facilitating the identification of mutation-specific expression programs.
Newer technologies overcome these limitations: HIPSD&R-seq [66] enables parallel profil-
ing of thousands of cells, capturing low-coverage DNA and full-length RNA to identify
rare clones and link copy number variations to transcriptional states. DEFND-seq [67]
applies nucleosome depletion and droplet microfluidics to co-sequence RNA and DNA
from individual nuclei, including archived tumor specimens, allowing detection of SNVs
and CNVs alongside gene expression signatures. These approaches have revealed clonal
hierarchies and mutation-specific expression programs in solid tumors, uncovered rare
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therapy-resistant subpopulations, and improved drug screening by associating genomic
instability with transcriptional phenotypes. By integrating genotype and phenotype at
single-cell resolution, these platforms provide a powerful framework for dissecting tumor
heterogeneity, mapping evolutionary trajectories, and guiding precision oncology [68].

3.2. Integrating Proteome-Transcriptome

Transcript levels do not always correlate with protein abundance or activity, mak-
ing proteomic integration important for functional interpretation. Technologies such as
CITE-seq [69] and REAP-seq [70] combine scRNA-seq with antibody-based quantification
of surface proteins, enabling simultaneous measurement of mRNA and protein expres-
sion in the same cell. For example, Stoeckius et al. applied CITE-seq to human PBMCs,
refining immune cell classification and improving annotation of T cell states relevant for
immunotherapy, while Mimitou et al. used REAP-seq to link CRISPR perturbations to
protein-level changes in checkpoint pathways. These multimodal assays enhance cell-type
annotation and reveal post-transcriptional regulation, but are based on a set of predeter-
mined antibody panels, lacking the possibility to catch novel or unexpected proteins, as
well as capture the full proteome.

Advanced methods like TEA-seq [71] and DOGMA-seq [72] extend this integration
to include chromatin accessibility and mitochondrial DNA, offering a trimodal view of
cellular regulation. TEA-seq has been used to uncover regulatory programs controlling
checkpoint receptor expression, and DOGMA-seq revealed discordance between transcript
and protein abundance for PD-1 and other immunotherapy targets in tumor-infiltrating
lymphocytes. Such approaches are particularly relevant in immuno-oncology, where
protein-level markers (e.g., checkpoint receptors) are direct therapeutic targets, and their
expression may not be reliably inferred from transcriptomic data alone. These findings
have informed immunotherapy strategies by identifying protein-level markers predictive
of response. In solid tumors, multimodal profiling has uncovered discordance between
transcript and protein abundance for key therapeutic targets, emphasizing the need for
proteomic integration in biomarker discovery [73].

3.3. Other Multi-Omics Integrations and Future Directions

Beyond genome and proteome, additional modalities such as epigenomics,
metabolomics, and spatial transcriptomics are being incorporated into single-cell studies.
Multiome platforms (e.g., 10× Multiome) allow concurrent profiling of chromatin acces-
sibility and gene expression, providing insights into regulatory mechanisms underlying
transcriptional heterogeneity. In practice, trimodal assays have revealed regulatory
programs that link accessible chromatin to protein-defined states in immune contexts
relevant to cancer immunotherapy [71,72]. Spatial multi-omics technologies, including
Slide-seq [74,75] and Spatial CITE-seq [76], add locational context, enabling the mapping
of cell–cell interactions and niche-specific expression patterns within the tumor microen-
vironment. For example, Slide-seq/Slide-seqV2 have been used to resolve near-cellular
gradients of tumor and stromal programs, uncovering microdomains where signaling
pathways associated with therapy resistance are concentrated [74,75]. Spatial CITE-seq
demonstrated high-plex co-mapping of proteins and whole-transcriptome readouts at
cellular resolution, allowing identification of spatially restricted immune niches and
ligand–receptor interactions that shape local anti-tumor responses [76]. Emerging meth-
ods also explore integration with metabolomic and phosphoproteomic data, offering
dynamic views of cellular metabolism and signaling. In solid tumors, proteogenomic
integration has delineated pathway activation states and clinically relevant molecular
signatures [77]. At the single-cell scale, combined quantification of intracellular phospho-
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proteins with transcriptomics from fixed cells has enabled mapping of signaling activities
that define pathway-dependent vulnerabilities [78]. These layers are particularly infor-
mative for identifying metabolic dependencies and pathway activation states that may
be exploited therapeutically [77,78].

Computational frameworks for multi-omics integration—such as MOFA+ [79], Seurat
v5 [80], and deep learning-based models—are essential for harmonizing disparate data
types and extracting biologically meaningful patterns. These approaches have been used
to learn factors that align multimodal cell states (e.g., RNA–protein–chromatin) with
actionable pathways, improving prioritization of candidate targets by convergent evidence
across layers [79,80]. These tools facilitate the construction of regulatory networks, inference
of cell trajectories, and prioritization of candidate targets based on multi-layered evidence.
However, widespread clinical adoption of single-cell multi-omics will require overcoming
practical challenges such as high cost, data harmonization across platforms, and scalability,
while AI-driven integration approaches must address interpretability and reproducibility
concerns to ensure regulatory compliance and clinical trust.

Looking ahead, the field is moving toward comprehensive multi-modal single-cell
profiling, AI-driven integration, and real-time clinical applications. Future directions in-
clude combining spatial multi-omics with temporal dynamics to capture tumor evolution
in situ, leveraging generative AI for predictive modeling of therapy response, and develop-
ing standardized pipelines for clinical-grade multi-omics interpretation. As technologies
mature and costs decline, single-cell transcriptomics will become a cornerstone of precision
oncology. The field is still rapidly evolving, both on the technological side and even more
on the computational side, especially to face the challenges associated with the integration
of multimodal single-cell data.
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