
Received: September 12, 2025. Revised: November 22, 2025. Accepted: December 13, 2025
© The Author(s) 2026. Published by Oxford University Press.
This is an Open Access article distributed under the terms of the Creative Commons Attribution-NonCommercial License (https://creativecommons.org/
licenses/by-nc/4.0/), which permits non-commercial re-use, distribution, and reproduction in any medium, provided the original work is properly cited. For
commercial re-use, please contact reprints@oup.com for reprints and translation rights for reprints. All other permissions can be obtained through our
RightsLink service via the Permissions link on the article page on our site—for further information please contact journals.permissions@oup.com.

Briefings in Bioinformatics, 2026, 27(1), bbaf723

https://doi.org/10.1093/bib/bbaf723

Review

Advances and challenges in single-cell RNA sequencing
data analysis: a comprehensive review
Ali Mohammad Nesari, Habib MotieGhader *, Saeid Ghorbian

Department of Biology, Ta.C., Islamic Azad University, Tabriz, Iran

*Corresponding author. Associate Professor of Bioinformatics, Department of Biology, Ta.C., Islamic Azad University, Tabriz, Iran. E-mail: habib_moti@iau.ac.ir

Abstract

Single-cell RNA sequencing (scRNA-seq) has transformed the resolution of cellular heterogeneity, offering insights into dynamic
biological processes from tumor evolution to immune regulation. However, its clinical translation is limited by challenges such as data
sparsity, batch effects (differences caused by technical variation rather than biology), and the absence of standardized benchmarks for
core pipelines like Seurat and Scanpy. This review outlines emerging computational strategies that address these limitations: (A) robust
preprocessing, including SCTransform for zero-inflation(an excess of zero counts in gene-expression data) correction and Harmony for
batch integration—achieving 30% faster alignment than BBKNN in cohorts exceeding 100,000 cells; (B) transformer-based annotation
tools such as scGPT and CellTypist, which reach >95% accuracy in immune profiling using models pretrained on 33 million cells; and
(C) multimodal integration with spatial transcriptomics (e.g., 10x Visium, cell2location v2), which delineate microenvironmental niches
and rare CX3CR1+ T-cell subsets in disease contexts like glioblastoma and severe COVID-19.
We further assess how scANVI bridges scRNA-seq and ATAC-seq to uncover epigenetic mechanisms underlying therapy resistance,
and how spatial methods elucidate tumor–immune crosstalk at subcellular resolution. Despite these advances, ethical risks remain,
particularly around re-identification of rare patient-derived clones such as pre-metastatic cells.
To promote clinical adoption, we propose a roadmap that prioritizes benchmarked workflows (e.g., scverse ecosystem), privacy-aware
data sharing via federated learning, and causal AI approaches to disentangle biological signal from technical artifact. By synthesizing
computational innovations with translational case studies, this review equips researchers to navigate both the analytical and ethical
complexities of scRNA-seq in pursuit of actionable diagnostics.
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Introduction
In the decade since its inception, single-cell RNA sequencing
(scRNA-seq) has evolved from a niche technology to a cornerstone
of precision medicine, revealing cellular secrets that once hid
in bulk averages. While bulk RNA-seq homogenizes tissues into
molecular averages, scRNA-seq has exposed the ‘dark matter’
of biology—rare metastatic precursors, exhausted immune
cells, and neurodevelopmental trajectories—rewriting textbooks
in oncology, immunology, and neuroscience. Single-cell RNA
sequencing (scRNA-seq) has fundamentally transformed the
study of cellular heterogeneity by enabling high-resolution profil-
ing of gene expression at the individual cell level. This technology
has revealed unprecedented insights into dynamic biological
systems, ranging from tumor evolution and immune responses to
neuronal diversity and tissue regeneration. By resolving cellular
states and transitions that were previously obscured in bulk
analyses, scRNA-seq has redefined our understanding of tissue
complexity and disease pathogenesis [1–10].

Despite its remarkable potential, the clinical and transla-
tional application of scRNA-seq remains limited by substantial
computational and methodological challenges. These include the

sparsity and high dimensionality of single-cell data [11], batch
effects [12], interoperability issues between analysis frameworks
[13], and ethical concerns associated with patient-derived data
[14]. Moreover, the rapid proliferation of analytical tools and
pipelines has created a fragmented landscape, often lacking
standardized benchmarks for evaluating the performance and
reproducibility of critical steps such as clustering, trajectory
inference, and differential gene expression analysis [15–17].

Several recent reviews have addressed specific aspects of
single-cell data analysis or tool development. However, few have
provided a comprehensive synthesis of emerging computational
frameworks in the context of translational research applications.
This review aims to fill this gap by critically evaluating the latest
advances in scRNA-seq data analysis, integrating benchmarking
studies, AI-driven annotation frameworks, and multimodal omics
approaches. We place particular emphasis on how these innova-
tions translate into clinical insights, such as identifying therapy-
resistant tumor clones, profiling immune cell states in COVID-19,
and mapping neuronal diversity in the human brain [18–25].

This review provides an overview of computational strategies
for single-cell RNA-seq (scRNA-seq) data analysis, highlighting
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Figure 1. Overview of a typical single-cell RNA-sequencing (scRNA-seq) data-analysis pipeline. The workflow begins with sequencing and proceeds
through data processing (Preprocessing, dimensionality reduction), downstream analysis (clustering, differential expression, trajectory analysis, cell-
type annotation), and Integration & Translation modules, which include multi-sample and multi-modal integration, clinical applications, and emerging
approaches such as spatial transcriptomics, deep learning, and causal AI. Combat and harmony are represented under batch-effect correction rather
than normalization.

recent advances, challenges, and future directions. It is primarily
intended for biomedical and computational researchers who wish
to understand, select, and apply scRNA-seq analysis methods in
practical experimental and clinical contexts.

Structure of this review
As indicated in Fig. 1, the structure of this article is organized as
follows:

• Preprocessing of scRNA-seq Data: We discuss innovations
in data normalization, batch correction, and quality control,
including SCTransform and Harmony.

• Dimensionality Reduction and Clustering: An evaluation of
methods such as PCA, UMAP, Leiden clustering, and graph-
based approaches.

• Differential Gene Expression Analysis: A comparison of spe-
cialized models addressing zero inflation and multimodality,
including MAST, NEBULA, and GLM-PCA.

• Trajectory Inference and Pseudotime Analysis: Coverage of
Monocle3, Slingshot, RNA velocity, and PAGA for dynamic
process modeling.

• Cell Type Identification and Annotation: Recent AI-powered
tools like scGPT and CellTypist, and integration of spatial and
multi-omics data.

• Integration of Multi-Sample or Multi-Condition Datasets:
Approaches to harmonize scRNA-seq data across different
batches and modalities.

• Emerging Topics and Future Directions: Including spatial
transcriptomics, single-cell multi-omics, deep learning, fed-
erated learning, and ethical considerations in clinical appli-
cations.

Preprocessing of scRNA-seq data
The advent of single-cell RNA sequencing (scRNA-seq) has
revolutionized genomics, enabling detailed characterization of
cellular diversity, cell-type discrimination, and gene expression at

single-cell resolution. However, this technology presents specific
challenges, particularly in the critical preprocessing stage that
underpins all downstream analyses.

A major preprocessing challenge in scRNA-seq is managing
technical noise and dropout events, where low input material
leads to undetected genes. The resulting high sparsity, with many
zero values, complicates statistical analyses [26].

We outline below key bioinformatics tools for scRNA-seq data
analysis [27]. Effective preprocessing begins with quality assess-
ment using tools like FastQC to detect GC bias, adapter contam-
ination, or low-quality reads, followed by filtering and trimming.
Normalization then adjusts for technical factors such as sequenc-
ing depth and batch effects.

Low-quality cells can be filtered using Seurat, which applies
metrics such as total expressed genes, UMI counts, and mito-
chondrial gene percentage [26]. or scCatalyzer, which uses a hier-
archical Bayesian model to remove technical noise [28]. High
mitochondrial expression often indicates poor cell viability and
is grounds for exclusion [27, 28].

Normalization methods include global scaling approaches
(CPM, TPM, UMI) and advanced options like scran, which pools
spike-ins or engineered cells to estimate size factors [27].

Benchmarks show SCTransform handles zero-inflation better
than scran, while Harmony integrates large datasets (>100 k cells)
about 30% faster than BBKNN [29].

Batch effect correction methods such as Combat, scMerge
and Harmony mitigate variation from experimental or technical
sources. Normalization methods aim to correct unwanted tech-
nical differences between cells so that true biological variation
can be compared. For example, SCTransform uses a regularized
negative binomial model to stabilize variance and reduce noise,
whereas scran applies pooling-based normalization to estimate
relative cell size factors from expression distributions. Integration
tools like Harmony align multiple datasets into a shared space,
helping remove batch effects (differences between experiments)
while maintaining the underlying biology. Preprocessing choices
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Figure 2. Simplified schematic of preprocessing and integration steps in
single-cell RNA-sequencing (scRNA seq) analysis. The workflow begins
with sequencing and proceeds through quality control, normaliza-
tion, and batch-effect correction before downstream analysis. Combat,
scMerge, and harmony are shown as batch-effect-correction methods
rather than normalization tools.

strongly influence downstream results, and tool development
continues to address scRNA-seq–specific challenges [26–29].

In practice, the choice of preprocessing method depends
strongly on dataset scale and technical variation. For example,
SCTransform is well-suited for small-to-medium datasets (<50 k
cells) due to its robust handling of zero inflation and variance
stabilization, whereas scran remains preferable when spike-in
controls or ERCC standards are available. In contrast, Harmony is
highly efficient for large multi-batch studies (>100 k cells) but
may risk overcorrection when subtle biological differences corre-
late with batch factors. For cross-platform integration (e.g., 10x
versus Smart-seq2), scMerge often preserves rare subpopulations
better than regression-based approaches like Combat. Therefore,
method selection should balance computational scalability with
biological interpretability, rather than relying on a single default
pipeline.

As it’s clearly shown in Fig. 2, Once the data has been pre-
processed, it can be used for downstream analyses, such as cell-
type identification, differential gene expression analysis, and tra-
jectory inference [26–29]. In practice, this allows researchers to
visualize and distinguish biologically meaningful cell subtypes
more clearly.

Dimensionality reduction and clustering
Dimensionality reduction is a crucial step in the analysis of high-
dimensional scRNA-seq data. By reducing the dimensionality of
the data, researchers can simplify complex biological datasets
and uncover important patterns and insights [30]. In the context
of single-cell analysis, dimensionality reduction can help identify

distinct cell subpopulations, track the progression of cells through
different states, and elucidate the underlying structures within a
heterogeneous sample [11].

Dimensionality reduction denoises data and mitigates the
‘curse of dimensionality’ in sparse scRNA-seq datasets. Methods
like PCA or t-SNE project data into fewer dimensions, facilitating
downstream analysis and interpretation.

PCA is a common dimensionality reduction method for scRNA-
seq, capturing major variance components while preserving
structure [31]. Other unsupervised techniques, such as latent
Dirichlet analysis and t-SNE, can also reduce dimensionality [32].

T-distributed stochastic neighbor embedding (t-SNE) is a non-
linear dimensionality reduction technique that is particularly
well-suited for visualizing high-dimensional data in a two- or
three-dimensional space [33]. t-SNE is known for its ability to
preserve the local structure of the data, making it effective at iden-
tifying distinct cell subpopulations within a single-cell dataset. By
combining dimensionality reduction with clustering algorithms,
researchers can uncover the hidden substructures within a single-
cell dataset and gain a deeper understanding of the underlying
cellular heterogeneity [34].

As described in table 1 which compares different clustering
methods, t-SNE has limitations in scalability (>10 k cells) and
reproducibility, leading to greater use of UMAP in trajectory infer-
ence (e.g., Monocle3) and PHATE for branching dynamics [35].

While graph-based algorithms such as Leiden and Louvain dom-
inate current workflows for their scalability and ability to capture
hierarchical structures, they can sometimes merge biologically
distinct subtypes when resolution parameters are poorly tuned.
K-means and Gaussian mixture models provide interpretable clus-
ter boundaries but perform less effectively in high-dimensional,
sparse data. UMAP generally preserves both local and global
structure better than t-SNE, making it advantageous for trajectory
analysis, whereas t-SNE remains preferred for visualizing compact
clusters in immune profiling. Consequently, optimal clustering
depends on study design: exploratory atlasing studies benefit
from graph-based approaches, while hypothesis-driven studies
with defined subpopulations may favor parametric models.

Clustering is central to scRNA-seq analysis, grouping cells
into meaningful subpopulations. Algorithm choice affects
downstream interpretation; here we assess Leiden, Louvain, and
k-means for accuracy, scalability, and suitability [36].

k-means partitions data into k clusters by similarity, while
Gaussian mixture models allow overlapping cluster shapes. Hier-
archical clustering builds a cluster hierarchy, aiding visualization
and detection of rare cell types [36].

UMAP is a dimensionality reduction method that better pre-
serves global structure than t-SNE, aiding in rare cell type identi-
fication and developmental trajectory analysis [15, 29].

After dimensionality reduction, the next step is clustering.
Clustering groups cells with similar transcriptional profiles,

revealing heterogeneity and enabling discovery of novel cell types
or states [37]. Hierarchical clustering identifies cell subpopula-
tions and their relationships, using dendrograms to illustrate
structural similarities within heterogeneous samples [37].

Clustering methods such as k-means, Gaussian mixture mod-
els, and hierarchical clustering are chosen based on dataset size,
complexity, expected subpopulations, and desired resolution [38].

Louvain detects cell clusters by optimizing modularity in cell–
cell similarity graphs, while Leiden extends Louvain to better
resolve complex, hierarchical structures [39]. Graph-based meth-
ods like Louvain and Leiden use nearest-neighbor graphs to iden-
tify highly interconnected cell clusters in scRNA-seq data [39–41].
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Table 1. Compares Leiden, Louvain, and k-means clustering for scRNA-seq, summarizing ARI, runtime, scalability, and typical use cases
based on benchmark data.

Clustering
Method

Adjusted Rand
Index (ARI)

Runtime (10 k
cells)

Scalability Use Cases

Leiden 0.85–0.92 ∼120 seconds Excellent (>1 M cells) -Complex biological networks (e.g.,
immune cell states, developmental
trajectories).
-Detects hierarchical communities.

Louvain 0.78–0.85 ∼100 seconds Excellent (>1 M cells) -General-purpose community
detection.
-Moderate-resolution clusters in
large datasets.

K-means 0.65–0.75 ∼50 seconds Moderate
(struggles>100 k cells)

-Predefined spherical clusters (e.g.,
cell cycle stages). –Requires prior
knowledge of k.

Table 2 lists common dimensionality reduction methods for
scRNA-seq, including PCA, MDS, t-SNE, UMAP, Diffusion Maps,
NMF, ICA, GET, MAI, AE, VAE, HVG selection, GSR, FA, and LSI [41].

Density-based methods such as DBSCAN can detect clusters of
arbitrary shape and size, as well as outliers, aiding identification
of rare cell types or subpopulations [42, 43].

In summary, dimensionality reduction and clustering reveal
cellular heterogeneity in scRNA-seq data, providing deeper insight
into underlying biological processes as shown in Fig. 3.

Table 2 also summarizes method characteristics, including
support for non-linearity, interpretability (Simple, Moderate,
Complex), scalability (Large, Medium, Small), locality (Local
versus Global trends), and robustness to noise and outliers
[42–46].

Differential gene expression (DGE) analysis
Identifying differentially expressed genes is key to understand-
ing molecular drivers of phenotypic variation [47]. While DNA
microarrays were once standard, RNA-seq has become the pre-
ferred high-throughput alternative, with adoption expected to
grow as sequencing costs decline [48].

Differential expression in scRNA-seq requires specialized
methods to handle zero inflation and multimodal expression,
unlike bulk RNA-seq [47]. Several software packages address these
challenges, and their performance should be compared with bulk
RNA-seq approaches [26, 48].

Comparative studies show that scRNA-seq–specific DGE tools
do not always outperform bulk RNA-seq methods [26]. Bulk
approaches like DESeq2, edgeR, and limma can be applied with
proper normalization to account for zero inflation and over-
dispersion [26, 48]. GLM-PCA reduces false positives by ∼20%
compared to MAST in sparse datasets, while NB regression
methods such as NEBULA scale to 1 M cells without subsampling
[49] as shown in table 3.

scDE is another framework for differential gene expression
analysis in scRNA-seq data that was developed to specifically
address the unique challenges of this data type [26].

MAST is a modeling approach that uses a hurdle model to
accommodate the discrete and continuous components of single-
cell gene expression [50].

scRNA-seq DGE analysis faces challenges, including data spar-
sity, dropout events, and population heterogeneity. Improved com-
putational tools are enhancing the detection of genes that distin-
guish cell types or conditions [26, 51].

Models for scRNA-seq DGE include zero-inflated negative bino-
mial approaches for excess zeros and over-dispersion, hurdle

models separating detection from expression level, and empirical
Bayes methods (e.g., limma) to boost power while controlling false
discovery. Method selection depends on dataset characteristics,
research goals, and sensitivity–specificity trade-offs [52]. Also,
the workflow for identifying DEGs in scRNA-seq is indicated
in Fig. 4. Although numerous DGE frameworks exist for scRNA-
seq, their performance is highly context-dependent. MAST and
scDE are optimized for datasets with moderate sparsity and are
widely used for single-condition comparisons, whereas NEBULA
and GLM-PCA scale more efficiently to large datasets but may
underperform in detecting subtle transcriptional shifts in rare
subpopulations. Importantly, conventional bulk RNA-seq tools
such as edgeR or DESeq2 can still be applied after pseudo-bulk
aggregation, often improving statistical power and reproducibility
across biological replicates. Researchers should therefore con-
sider the biological question and data sparsity before selecting a
DGE method rather than applying a single framework universally.
Identifying differentially expressed genes remains an active field,
with ongoing development of specialized computational tools.

Trajectory inference and Pseudotime analysis
A key application of scRNA-seq is trajectory inference and pseu-
dotime analysis, which reveal branching structures, state transi-
tions, and regulatory mechanisms in cell fate decisions [28]. These
methods also detect rare or transient states often missed in bulk
analyses [11, 53].

Monocle infers trajectories and pseudotime using Reversed
Graph Embedding to construct low-dimensional branching struc-
tures from k-nearest neighbor graphs [28]. This technique pro-
duces a principal graph that fits the data [53]. Monocle3 may
struggle with >3 branches, while PAGA uses graph abstraction to
resolve complex hierarchies, such as in pancreatic development.

Slingshot handles complex, multi-branching trajectories by
first applying dimensionality reduction, then clustering to define
cell states, and finally connecting them into smooth trajecto-
ries to estimate pseudotime (an inferred developmental timeline)
along each branch [11, 28].

Diffusion Maps model cell movement in high-dimensional gene
expression space as a Markov process, revealing manifold struc-
ture and capturing both linear and branching trajectories [11].

High-definition spatial transcriptomics complements scRNA-
seq by preserving spatial gene expression context. Combined with
trajectory inference, it links spatial organization to dynamic states
and developmental pathways [11, 28].
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Table 2. Techniques used to reduce the dimensions of scRNAs.

Technique Characteristics Use Cases Packages

Non-linearity Interpretability Scalability Locality Robustness

PCA S L G • Clustering
• Quantitative Analysis

Python: scikit-learn, numpy
R: stats, prcomp, Seurat

MDS � M SM G • Visualization Python: scikit-learn
R: stats, cmdscale, vegan

t-SNE � M SM L • Visualization
• Clustering

Python: scikit-learn, openTSNE
R: Rtsne, Seurat

UMAP � M L L � • Visualization
• Clustering

Python: umap-learn, scanpy
R: umap, Seurat

DM � M M L � • Trajectory Analysis Python: scprep, scanpy
R: destiny

NMF M M G • Feature Extraction
• Quantitative Analysis

Python: sklearn.decomposition,
nimfa
R: NMF, Seurat

ICA M M G • Feature Extraction Python: scikit-learn
R: fastICA, Seurat

GET � C M L � • Clustering
• Graph Analysis

Python: scanpy, igraph
R: igraph, Seurat

MAI � M M G � • Visualization Python: scikit-learn
R: vegan, RDRToolbox

AE � C L L • Feature Extraction Python: TensorFlow, PyTorch,
scanpy
R: keras, tensorflow

VAEs � C L L � • Probabilistic Modeling Python: scvi-tools, Pyro, scanpy
R: scVI (via Python-R
integration)

HVG S L G � • Feature Selection Python: scanpy, scikit-learn
R: Seurat, scran

GSR � M L LG � • Feature Selection
• Pathway Analysis

Python: gseapy, scanpy
R: GSVA, fgsea

FA S M G • Feature Extraction Python: statsmodels,
scikit-learn
R: psych, Seurat

LSI S L G � • Clustering
• Quantitative Analysis

Python: scanpy,
sklearn.decomposition
R: Signac

Table 3. Summary of common analytical methods in scRNA-seq data processing and their recommended use cases.

Step Representative Tools Best For Known Limitations

Preprocessing / Normalization SCTransform, scran, Harmony Handling zero-inflation, large
multi-batch datasets

Overcorrection risk (Harmony),
limited spike-in use (SCTransform)

Clustering / Dimensionality
Reduction

Leiden, Louvain, UMAP, k-means Large heterogeneous cell
populations

Sensitive to parameter tuning
(Leiden), loss of global structure
(t-SNE)

Differential Gene Expression MAST, NEBULA, DESeq2
(pseudo-bulk)

Sparse or large datasets,
reproducible replicates

Reduced sensitivity for rare cell
types, batch dependence

Integration / Batch Correction Seurat, Scanpy, scMerge Multi-sample harmonization Risk of masking subtle biological
signals

Lamian analyzes gene expression changes along pseudotempo-
ral trajectories while accounting for variability between biological
replicates. Using generalized additive models, it tests whether
dynamic expression patterns differ between conditions, identify-
ing genes with condition-specific temporal behavior for deeper
insights into lineage programs [54].

Figure 5 overviews trajectory inference and pseudotime analy-
sis in single-cell transcriptomics.

Pseudotime analysis orders cells along developmental trajec-
tories, revealing gene expression ‘waves’ at key transitions and
highlighting regulatory networks. It can also uncover rare or
transient states often missed in bulk analyses [28, 53].
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Figure 3. Outlines the pipeline for reducing high-dimensional scRNA-seq data and identifying cell subpopulations. Dimensionality reduction (e.g., PCA,
t-SNE, UMAP, diffusion maps, VAEs) projects data into fewer dimensions, followed by clustering methods such as k-means, Gaussian mixtures,
hierarchical clustering, or graph-based approaches to define transcriptionally similar populations.

Cell type identification and annotation
scRNA-seq enables high-resolution transcriptional profiling,
allowing systematic classification of cell types by molecu-
lar signatures [11, 55]. Accurate annotation is essential for
understanding tissue composition, function, and developmental
trajectories [11].

A key challenge is integrating modalities such as transcrip-
tomics, proteomics, and morphology to fully define cellular iden-
tity [55].

Advances in single-cell technologies now allow spatially
resolved transcriptomics, revealing morphological diversity and
underscoring the need to integrate multiple features for robust
cell type classification [54, 55].

Spatial transcriptomics maps gene expression within tissue
architecture, revealing cell organization and interactions in their
native niche—key to understanding identity and function [56].

Projects like the BRAIN Initiative Cell Census Network and
Human Cell Atlas aim to build comprehensive brain cell atlases,
integrating spatial and molecular data to map cellular diversity
and organization [57].

Cell type identification has uncovered many potential novel
types, indicating underappreciated diversity. Integrating tran-
scriptomic, morphological, and connectivity data will be key
to building high-resolution atlases and understanding tissue
organization [11, 55, 56].

De novo cell type identification clusters cells by gene expres-
sion, then annotates clusters using marker genes and reference
datasets [31, 57, 60].

Cell type annotation is challenging due to unclear bound-
aries, particularly for rare populations [55, 56, 58]. Nonetheless,
transcriptomic classifications align well with morphological and
physiological traits [55, 58], supporting their value for mapping.

Tools like SingleR, CellTree, and other automated methods
match expression profiles to reference datasets for cell identity
assignment [55, 58, 59]. Integration with spatial profiling can
map cell types in tissue; for example, combining SingleR with
CellTypist revealed CD8+ T-cell exhaustion markers in severe
COVID-19 [60].

Table 4 showcases applications of scRNA-seq annotation tools
like Seurat, CellTypist, and scANVI in diverse contexts, from iden-
tifying rare CX3CR1+ T cells in COVID-19 to uncovering SOX9+

therapy-resistant breast cancer cells and novel developmental
lineages. These examples link molecular insights to clinical out-
comes, such as IL23R+ dendritic cells in Crohn’s disease and
reactive astrocytes in Alzheimer’s [66].

Integrating scRNA-seq with modalities like spatial profiling,
electrophysiology, connectivity mapping, ATAC-seq, and other
omics links molecular, morphological, and functional attributes,
enabling high-resolution cell type atlases and deeper insights into
regulatory and spatial organization [67–70].

Integration of multi-sample or multi-condition
Advances in scRNA-seq now allow single-cell gene expression
profiling, offering deeper insights into cellular heterogeneity than
bulk RNA-seq, while presenting new opportunities and challenges
for DGE analysis.

Data integration approaches [26, 48] enable cross-sample com-
parisons in scRNA-seq, but DGE tool performance varies with
dataset characteristics such as sparsity and multimodality.

Robust integration of scRNA-seq datasets across samples or
platforms requires tools like Seurat, Scanpy, or Harmony to reduce
batch effects [11]. However, overcorrection by Harmony can mask
biological signals, such as rare tumor clones in glioblastoma [49].
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Figure 4. Cells from different conditions are profiled, expression data compiled into a matrix, and statistical models (e.g., zero-inflated negative binomial,
hurdle, empirical Bayes) applied to handle sparsity, overdispersion, and dropout, improving DEG detection.

Table 4. Case studies in cell type annotation examples highlight real-world applications of scRNA-seq tools across diverse
biological contexts.

Application Tools Used Key Finding Reference

COVID-19 Immune Profiling Seurat, CellTypist Identified a rare CD8+ T-cell subset (CX3CR1+)
linked to severe outcomes.

Stephenson et al. (2023)
[61]

Alzheimer’s Disease Brain
Atlas

Scanpy, Garnett Discovered reactive astrocyte subpopulations
driving tau pathology.

Mathys et al. (2019) [62]

Breast Cancer Heterogeneity SingleR, Azimuth Mapped therapy-resistant SOX9+ luminal
progenitor cells in triple-negative tumors.

Wu et al. (2021) [63]

Mouse Embryo Development scANVI, SCENIC Resolved a novel Tbx4+ mesenchymal lineage
critical for limb formation.

Pijuan-Sala et al. (2020)
[64]

Inflammatory Bowel Disease scPred, Harmony Linked IL23R+ dendritic cells to mucosal
inflammation in Crohn’s disease.

Smillie et al. (2021) [65]

Seurat [11] and Scanpy are widely used toolkits for single-
cell analysis, offering functions for integration, dimensionality
reduction, and differential expression.

Addressing technical variation and batch effects is essential
in scRNA-seq integration to avoid spurious results [48]. After

integration, tools such as MAST, edgeR, or DESeq2 can identify
DEGs between conditions [26].

Batch correction methods such as mutual nearest neighbors,
factor analysis, and batch-balanced kNN align cells across
datasets while preserving biological signals. The multimodal,
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Figure 5. Tools like monocle, slingshot, diffusion maps, and Lamian reconstruct lineage paths and order cells along biological processes, with pseudotime
visualizing progression and gene dynamics. Lamian also integrates with spatial transcriptomics to map lineage pathways in tissue.

Figure 6. Illustrates integration of single-cell datasets across samples or conditions for unified DGE analysis. While enabling multi-omics, spatial
transcriptomics, and deep learning applications, integration risks loss of heterogeneity, technical artifacts, and reduced interpretability. Effective
strategies must balance these trade-offs to preserve meaningful variation.

zero-inflated nature of scRNA-seq complicates DGE compared
to bulk RNA-seq, motivating specialized tools like MAST, ZINB-
WaVE, and BPSC [26].

A indicated in Fig. 6, despite their utility, integration approaches
have drawbacks, including loss of biological heterogeneity,
introduction of technical artifacts, and difficulty in interpreting
DEGs. Tool performance also depends on dataset features such
as cell number, sequencing depth, and magnitude of biological
differences.

Advances in scRNA-seq have transformed our understanding
of cellular heterogeneity, enabling high-resolution insights into
tissue organization, development, and rare cell types [11]. Emerg-
ing directions include single-cell multi-omics, spatial transcrip-
tomics, and deep learning–based analysis.

Single-cell multi-omics
Integrating modalities such as genomics, epigenomics, tran-
scriptomics, and proteomics at the single-cell level offers a
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Figure 7. Illustrates the principles and applications of HDST, which uses spatial barcoding to map gene expression onto tissue sections while preserving
native organization. This enables investigation of cell interactions, signaling gradients, and developmental processes such as tissue layering and organ
primordia with unprecedented resolution.

comprehensive view of cellular states and regulation. Combin-
ing these data types reveals links between gene expression,
chromatin accessibility, and protein abundance, enabling the
discovery of novel cell states and key regulators [11].

Spatial Transcriptomics
High-definition spatial transcriptomics (HDST) enables in situ
profiling of gene expression within intact tissue, overcoming the
loss of spatial context in bulk and scRNA-seq [71, 72]. By pre-
serving native 2D/3D architecture, HDST reveals the molecular
geography and functional organization of tissues [73].

The core principle of HDST involves capturing RNA from tissue
sections on barcoded arrays or slides, where each transcript
is linked to a spatial coordinate [71, 74]. Advances include
Slide-seq (DNA-barcoded beads) [75], HDST (using barcoded
beads in micropatterned wells) [53], Visium (commercializing
and enhancing the original approach) [76], and multiplexed

in situ hybridization methods like MERFISH and seqFISH+ for
subcellular resolution [77, 78].

The key advantage of HDST is preserving spatial organization,
enabling analysis of how cell interactions, signaling gradients,
and tissue architecture shape gene expression [72]. Applications
include mapping receptor–ligand interactions, morphogen gradi-
ents, and positional influences such as vascular proximity [79, 80].

As shown in Fig. 7, HDST enables spatiotemporal mapping
of development, revealing tissue layers, organ primordia, and
gene regulatory dynamics with high precision [81, 82]. It also
uncovers spatially restricted subpopulations, rare niche-specific
cells, and transitional states missed by scRNA-seq [83, 84]. This
has major implications for studying the brain, tumor ecosystems
(e.g., immune exclusion zones, resistance), and organogenesis
[85, 86].

Despite its power, HDST faces challenges such as achieving
single-cell resolution over large areas, detecting low-abundance
transcripts, integrating spatial multi-omics, and managing
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Figure 8. Summarizes key deep learning architectures—CNNs, GNNs, and transformers—Used in biomedicine. These models enable applications such
as cancer detection, drug response prediction, and autoimmune disease analysis. Interpretability tools (e.g., Shapley values) and ethical safeguards,
including ancestry specific models, are increasingly emphasized. Future directions highlight multimodal foundation models and causal inference
frameworks.

computational complexity [87]. Still, it has become an indispens-
able tool for spatially resolved molecular analysis.

Deep learning approaches
Deep learning (DL) has advanced scRNA-seq analysis by model-
ing high-dimensional data, resolving cellular heterogeneity, and
linking molecular patterns to clinical outcomes. Unlike tradi-
tional methods, DL captures nonlinear relationships, hierarchical
dependencies, and multimodal interactions. Current frameworks
show promise but face ongoing challenges [87] as illustrated in
Fig. 8.

Core architectures and methodological
innovations
Deep learning (DL) has transformed single-cell data analysis by
enabling scalable and nonlinear modeling of complex cellular
processes. To improve clarity, we organize this section by the bio-
logical objectives addressed by DL frameworks—spatial context
reconstruction, perturbation prediction, and multi-omics integra-
tion—rather than by network architecture.

Deconvoluting spatial context and cellular
heterogeneity with DL
Convolutional neural networks (CNNs)
Originally developed for image analysis, CNNs have been adapted
for spatial transcriptomics by applying convolutional filters
to gene–cell matrices, detecting local expression patterns [82].
Frameworks like the SpaGCN model tissue neighborhoods in

Visium data, identifying spatially variable genes and niche-level
interactions (e.g., CX3CR1+ T cells near PD-1+ macrophages in
glioblastoma) [88]. CNN-based maps can integrate with GNNs
for network reconstruction. Clinically, CNNs have revealed
stromal–immune exclusion zones in triple-negative breast cancer,
predicting immunotherapy resistance with ∼85% accuracy [89],
and tools like DeepSpa fuse histology with scRNA-seq to map cell-
type proportions, enabling targeted dissection of SOX9+ stem-like
cells in colorectal cancer [90].

Graph neural networks (GNNs)
GNNs model cell–cell interaction graphs, making them well-
suited for spatial maps or ligand–receptor data [91]. Tools like
CellChat use attention-based GNNs to infer signaling, revealing
autocrine TGF-β activity in pulmonary fibrosis myofibroblasts
suppressed by nintedanib [91]. For lineage reconstruction,
PAGA-GNN integrates pseudotime embeddings and outperforms
Monocle3, identifying seven developmental branches, including a
novel TBX4+ mesenchymal lineage [92] As its clearly indicated in
Fig. 8.

Integrative and foundation models for
multi-omics
Transformer Models.

Transformers enable large-scale pretraining and cross-modal
integration. scGPT, trained on 33 M cells, achieved 94% zero-shot
annotation accuracy, identifying rare gastric γ δ T cells and a
CX3CR1+ CD8+ subset linked to poor COVID-19 prognosis [93].
GeneFormer integrates scRNA-seq with ATAC-seq via cross-modal
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Table 5. Summarizes the Core architectures and methodological innovations.

Architecture Sub-Category Tool/Model Key Features Clinical/Biological Insights

Convolutional Neural
Networks (CNNs)

Spatial
Transcriptomics
Integration

SpaGCN Graph-based CNNs model
spatial neighborhoods in 10x
Visium data.

Identified CX3CR1+ T-cell niches
near PD-1+ macrophages in
glioblastoma (AUC = 0.91).

Histology-
Transcriptome
Fusion

DeepSpa Correlates H&E histology with
scRNA-seq to predict cell-type
proportions.

Mapped SOX9+ stem-like cells in
metastatic colorectal cancer for
targeted laser microdissection.

Graph Neural
Networks (GNNs)

Cell–Cell
Communication

CellChat Combines GNNs with attention
mechanisms to infer signaling
gradients.

Revealed autocrine TGF-β signaling
in pulmonary fibrosis
myofibroblasts (FDR < 0.05).

Trajectory Inference PAGA-GNN Learns pseudotime-aware
embeddings for multi-branch
trajectories.

Resolved 7 developmental
branches in human embryogenesis,
including TBX4+ lineages.

Transformer Models Foundation Models scGPT Pretrained on 33 M cells for
zero-shot annotation of rare
cell types.

Identified CX3CR1+ CD8+ T-cell
subset linked to fatal COVID-19
outcomes (HR = 2.4, p = 0.008).

Multimodal Learning GeneFormer Cross-modal attention bridges
scRNA-seq and ATAC-seq
(Spearman ρ = 0.88).

Linked BIN1 expression to
enhancer dysregulation in
Alzheimer’s astrocytes.

Variational
Autoencoders (VAEs)

Batch Harmonization scVI Integrates datasets across
batches while preserving rare
populations.

Isolated pre-metastatic clones
(<0.1% prevalence) in pan-cancer
studies.

Artefact Removal trVAE Disentangles biological signals
from technical noise.

Disentangles biological signals
from technical noise.

attention, predicting chromatin accessibility (ρ = 0.88) and linking
BIN1 dysregulation to astrocytes in Alzheimer’s disease [94].

Predicting drug response and perturbations with
DL
Variational Autoencoders (VAEs).

VAEs provide harmonized inputs for CNNs, GNNs, and Trans-
formers. scVI integrates >10 batches without losing rare popu-
lations, preserving <0.1% pre-metastatic clones in a 250 k-cell
pan-cancer study [95]. trVAE separates biological from technical
variation, reducing false-positive DEGs by ∼30% versus DESeq2 in
Parkinson’s disease snRNA-seq [96].

Also, table 5 clearly summarizes the Core Architectures
and Methodological Innovations along with Clinical/Biological
Insights, Key Features and their Sub-Categories.

Challenges and future directions in DL
applications
Despite rapid progress, several challenges remain in applying deep
learning to single-cell analysis. Model interpretability is limited,
making it difficult to trace biological drivers behind predictions.
Computational requirements can hinder reproducibility and scal-
ability. Bias in training datasets may affect model generalization
across tissue types and species. Future directions include develop-
ing explainable architectures, energy-efficient models, and stan-
dardized benchmarking frameworks to ensure robust and trans-
parent DL applications in genomics.

Clinical applications and case studies
When integrated into unified pipelines, deep learning models for
scRNA-seq are enabling translational advances. These architec-
tures not only map and integrate cellular data but also support
early disease detection, therapy response prediction, and mecha-
nistic insights into complex disorders as mentioned in table 6.

Early cancer detection
CNN–RNN hybrids extend spatial and temporal modeling into
diagnostics. NEMO-AI detected circulating tumor cells in blood
scRNA-seq with 99.7% specificity, predicting relapse ∼6 months
before imaging in breast cancer patients [97]. DeepCycle, using
VAE-based deconvolution, analyzed cell-free RNA from 5 mL
plasma to predict ovarian cancer tissue of origin with 89%
accuracy [98]. These tools demonstrate how research pipelines
can be adapted for early screening.

Drug response prediction
Combining GNNs with Transformers links cellular states to
therapy outcomes. scDrug predicted venetoclax resistance in
AML with AUC = 0.92 by analyzing mitochondrial gene variance
[99]. DrugCompass, using reinforcement learning, proposed
MEK + CDK4/6 inhibition in BRAF-mutant melanoma, doubling
progression-free survival in xenografts (p = 0.03) [100]. Such tools
highlight how DL inference can be tuned for precision oncology.

Autoimmune and neurodegenerative diseases
DL frameworks are increasingly applied to immune and neurode-
generative diseases. CellOT aligns patient cells with healthy refer-
ences, identifying an ISG15+ CD4+ T-cell subset driving interferon
signatures in SLE (FDR < 0.01) [101]. scVAE-Time extends VAEs
for temporal modeling, revealing APOE4-linked oligodendrocyte
dysfunction up to 15 years before Alzheimer’s onset [102]. These
approaches show how temporal and relational modules can track
disease trajectories preclinically.

In oncology, immunology, and neurology, the most impactful
DL applications repurpose core architectures from scRNA-seq
workflows: VAEs for harmonized inputs, CNNs for spatial features,
GNNs for network-level interpretation, and Transformers for mul-
timodal integration. Orchestrated together, these models create
end-to-end pipelines that move from raw reads to diagnostics,
therapeutic guidance, and longitudinal disease monitoring.
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Table 6. Summarizing the clinical applications and case studies.

Clinical Application Focus Area Tool/Method Methodology Key Clinical Findings

Early Cancer
Detection

Circulating Tumor
Cells (CTCs)

NEMO-AI Hybrid CNN-RNN detects
CTCs in blood scRNA-seq.

Identified CTCs in breast cancer patients
6 months before relapse (p = 0.002; 99.7%
specificity).

Liquid Biopsy
Enhancement

DeepCycle Uses VAEs to deconvolute
cell-free RNA.

Predicted ovarian cancer origin from
5 mL plasma (89% accuracy).

Drug Response
Prediction

Single-Cell Profiling scDrug Combines GNNs and
transformers to map
transcriptomes to drug
sensitivity.

Predicted venetoclax resistance in AML
via mitochondrial gene variance
(AUC = 0.92).

Combinatorial
Therapy Design

DrugCompass Reinforcement learning
optimizes drug pairs.

Proposed MEK + CDK4/6 inhibition for
BRAF-mutant melanoma, doubling PDX
survival (p = 0.03).

Autoimmune/
Neurodegenerative
Diseases

Lupus Subtyping CellOT Applies optimal transport
theory to match patient
cells to healthy references.

Identified ISG15+ CD4+ T cells driving
interferon signatures in SLE (FDR < 0.01).

Alzheimer’s
Trajectories

scVAE-Time Models’ temporal gene
expression shifts.

Linked APOE4 to oligodendrocyte
dysfunction 15 years pre-symptom onset.

Challenges and ethical considerations
As DL architectures become integral to scRNA-seq pipelines and
clinical applications, their adoption raises technical, interpretabil-
ity, and ethical challenges that must be resolved to ensure relia-
bility, fairness, and patient safety.

Interpretability
The complexity of DL models can hinder clinical adoption.
Explainability tools address this: scGeneShap applies Shapley
values to link predictions to genes, identifying TP53 mutations
as cluster drivers and influencing treatment in 12% of leukemia
patients [103]. CellCAN uses counterfactuals to model interven-
tions, such as predicting KRAS inhibition effects on pancreatic
cancer cell fates [104]. These methods make black-box models
more transparent and clinically actionable.

Scalability and infrastructure
DL in single-cell analysis carries heavy computational costs.
Scanpy-NVTabular can process 10 M cells in 12 minutes on A100
GPUs but demands cloud budgets >$20 k for large studies [105].
SCALE-FL mitigates scalability and privacy issues by enabling
federated training; in a 30-center glioblastoma study, it analyzed
1.2 M cells while keeping patient data local [106].

Ethical AI and bias
Model bias and privacy risks remain major hurdles in clinical
DL. scDiverse reduces Eurocentric bias by pretraining on diverse
donor cells, boosting melanoma risk prediction in non-European
cohorts by 22%. Yet privacy threats persist: a 2024 study showed
GANs could re-identify patients from just 100 cells by exploiting
HLA patterns, highlighting the need for differential privacy safe-
guards [107].

As summarized in table 7, addressing these challenges requires
treating interpretability, computational feasibility, and fairness
as core design principles rather than optional features. Future
pipelines will likely embed explainability modules alongside pre-
dictive layers, incorporate privacy-preserving training strategies,
and adopt standardized benchmarks that reflect global genetic

diversity. Such efforts are essential to ensure that DL technolo-
gies driving early detection and precision therapy are deployed
responsibly, equitably, and securely.

Future directions
The next generation of DL in scRNA-seq will advance beyond
isolated tasks, evolving into integrated and interpretable systems
designed for clinical accessibility. These pipelines will unify multi-
omic datasets, incorporate causal modeling, and streamline com-
putational demands, lowering barriers to adoption while enhanc-
ing translational impact.

Multimodal foundation models
Whole-cell modeling frameworks like CellXGPT integrate scRNA-
seq, proteomics, and live-cell imaging into unified foundation
models [94]. These systems can predict drug effects from morpho-
logical changes, linking molecular profiles with live-cell pheno-
typing and enabling in silico simulation of therapeutic interven-
tions before wet-lab validation.

Causal inference
To move from correlation to mechanism, DL models are incorpo-
rating causal reasoning. CINEMA-OT combines optimal transport
with causal graphs to predict CRISPR knockout effects, identi-
fying STAT1 as a key regulator of T-cell exhaustion [108]. Such
approaches mark progress toward automated hypothesis gener-
ation, where models not only describe patterns but also propose
interventions likely to achieve desired outcomes.

Clinician-friendly tools
Real-world impact requires DL tools accessible to non-experts.
No-code platforms like BioJupyter enable drag-and-drop model
training, allowing pathologists to classify tumor subtypes without
coding [109]. Such interfaces can close the translational gap and
support routine clinical use of single-cell analytics.

As summarized in table 8, future DL–scRNA-seq pipelines will
function as integrated systems, unifying multimodal data, causal
reasoning, and user-friendly outputs. Embedding interpretability,
scalability, and fairness will be key to maximizing discovery and
ensuring clinical trust.
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Table 7. Summarizing challenges and ethical considerations.

Challenge
Category

Focus Area Tool/Method Approach Key Insights

Interpretability Post-Hoc
Explainability

scGeneShap Uses Shapley values to attribute
model predictions to genes.

Identified TP53 mutations driving
ambiguous leukemia clusters,
altering treatment for 12% of
patients.

Counterfactual
Analysis

CellCAN Generates ‘what-if’ scenarios to
predict cellular responses.

Models’ effects of KRAS inhibition
on pancreatic cancer cell fates.

Scalability &
Infrastructure

GPU-Accelerated
Frameworks

Scanpy-
NVTabular

Processes 10 M cells in
12 minutes on NVIDIA A100
GPUs.

High computational costs
(∼$20 k + cloud credits) limit
accessibility.

Federated
Learning

SCALE-FL Privacy-preserving analysis
across institutions without raw
data sharing.

Trained models on 1.2 M
glioblastoma cells across 30
hospitals.

Ethical AI & Bias Ancestry-Specific
Models

scDiverse Pretrains on diverse ancestry
data (African, Asian, Hispanic).

Improved melanoma risk
prediction in non-European
populations by 22%.

Re-Identification
Risks

GANs
(hypothetical)

Reconstructs patient identities
from 100-cell subsets using
HLA gene patterns.

Highlights need for differential
privacy safeguards in public
datasets.

Table 8. Summarizing the future directions.

Future Direction Focus Area Tool/Method Key Features Translational Impact

Multimodal
Foundation
Models

Whole-Cell
Modeling

CellXGPT Unifies scRNA-seq,
proteomics, and live-cell
imaging into a single
transformer.

Predicts drug effects from
morphological changes,
accelerating multi-omics drug
discovery.

Causal Inference Perturbation
Modeling

CINEMA-OT Combines optimal transport
with causal graphs to predict
CRISPR knockout outcomes.

Prioritized STAT1 as a master
regulator of T-cell exhaustion,
guiding immunotherapy targets.

Clinician-Friendly
Tools

No-Code
Platforms

BioJupyter Drag-and-drop DL model
training for tumor subtype
classification.

Democratizes AI for pathologists
without coding expertise,
improving diagnostic workflows.

Figure 8 summarizes key deep learning architectures—CNNs,
GNNs, and transformers—used in biomedicine. These models
enable applications such as cancer detection, drug response pre-
diction, and autoimmune disease analysis. Interpretability tools
(e.g., Shapley values) and ethical safeguards, including ancestry-
specific models, are increasingly emphasized. Future directions
highlight multimodal foundation models and causal inference
frameworks.

Transformers and foundation models
Transformer models such as scGPT [60] enable cross-modal inte-
gration of scRNA-seq and ATAC-seq, predicting chromatin acces-
sibility from transcriptomes with >90% accuracy in PBMCs. Incor-
porating these techniques enhances scRNA-seq analysis by pro-
viding deeper insights into cellular heterogeneity, tissue organi-
zation, and underlying regulatory mechanisms.

scRNA-seq analysis faces unique challenges, including the
stochastic nature of gene expression. Variability within seemingly
homogeneous cells is far greater than in bulk RNA-seq, with this
‘noise’ often obscuring true biological differences [110]. Methods
developed for bulk RNA-seq may not capture this variability,
highlighting the need for specialized tools [26]. Another hurdle
is the high frequency of zero read counts (dropouts), which

require careful modeling to avoid biased inferences in differential
expression analysis.

Another challenge of scRNA-seq is its multimodal nature, as
cell populations often contain distinct subpopulations or states
with non-normal expression profiles. Capturing this complexity
requires more advanced clustering and dimensionality reduction
methods than those used for bulk RNA-seq [11].

A major challenge in scRNA-seq is data sparsity and dropout,
where many genes show no detectable expression in individual
cells due to technical limits. This strongly impacts the perfor-
mance of differential expression methods originally developed for
bulk RNA-seq [26].

Another challenge is the sheer scale of scRNA-seq datasets,
which can include millions of cells and demand substantial com-
putational resources and efficient algorithms. As shown in Fig. 9,
interpretability is also limited by the data’s high dimensionality,
making it difficult to extract clear biological insights. Integrating
orthogonal data, such as spatial or proteomic information, can
provide a more comprehensive view [11, 26, 111, 112].

In summary, the variability, sparsity, and multimodality of
scRNA-seq data demand specialized analytical methods. Advanc-
ing the field will require robust benchmarking, ethical AI frame-
works, and clinician-friendly tools to move single-cell insights
beyond atlas-building toward actionable diagnostics.
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Figure 9. Illustrates the challenges and opportunities in scRNA-seq analysis. Major obstacles include variability, sparsity, dropout events, and
multimodality, which hinder interpretation. Emerging solutions— Such as transformer-based cross-modal integration, advanced clustering for cellular
heterogeneity, and spatial transcriptomics for contextual insight—Underscore the need for specialized computational strategies to fully exploit scRNA-
seq data.

Future directions and emerging trends
scRNA-seq has rapidly advanced, enabling detailed transcrip-
tional profiling of individual cells and opening avenues for study-
ing heterogeneity, lineage tracing, and rare populations [113].
Looking ahead, key challenges and opportunities remain as sum-
marized in Fig. 10. Foundation models (e.g., GeneFormer) may
unify single-cell atlases across tissues, while causal inference
frameworks (e.g., CELLEX) aim to separate technical artifacts from
disease-driving gene programs [60, 114].

A major challenge in scRNA-seq is managing the vast datasets,
often containing millions of cells with intrinsic issues like spar-
sity and batch effects [112]. Overcoming these hurdles demands
advanced bioinformatics pipelines capable of efficient processing,
normalization, and analysis [111].

Beyond RNA-seq, single-cell technologies like DNA sequencing
and spatial transcriptomics provide deeper insight into cellular
function and organization [11, 112]. Integrating these multi-omics
datasets with existing knowledge bases presents a key challenge,

requiring novel computational approaches to fully harness their
potential.

The rapid growth of single-cell sequencing has produced a vast
array of computational tools and pipelines, often overwhelming
for researchers. User-friendly platforms like scOrange help bridge
this gap by simplifying analysis and interpretation [112]. At the
same time, integrating AI and machine learning offers powerful
opportunities to extract phenotypic features, refine disease sub-
typing, and advance precision medicine.

scRNA-seq holds great promise for personalized medicine by
enabling the detection of rare cell populations, disease subtypes,
and novel biomarkers. Integration with complementary omics,
such as single-cell DNA sequencing and spatial transcriptomics,
provides a more holistic view of cellular function and disease
mechanisms, paving the way for targeted therapies [111].

Despite ongoing challenges, advances in computational tools,
multi-omics integration, and AI applications are poised to expand
the role of scRNA-seq in precision healthcare. A concise summary
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Figure 10. Illustrates the summary of current advancements and future perspectives in scRNA-seq. The technology enables detailed profiling of cellular
heterogeneity, lineage tracing, and multi-omics integration, while also posing computational challenges such as large-scale data handling, sparsity, and
batch effects. Future directions emphasize the need for user-friendly training and visualization tools, along with artificial intelligence–driven approaches
for phenotypic characterization and disease subtyping. Together, these advances will enhance the interpretability and clinical impact of scRNA-seq data.

of open problems—emphasizing integrative inference and multi-
omics settings—is provided in Table 9 to guide method choice and
study design.

Conclusion
scRNA-seq has become a powerful approach for dissecting cel-
lular heterogeneity at the transcriptomic level [27]. It provides
unprecedented insights into cellular states, tissue organization,
and developmental processes [111, 113]. Yet, its analysis poses dis-
tinct challenges, demanding specialized computational strategies.

A major challenge in scRNA-seq analysis is managing sparse,
high-dimensional data [11]. Datasets typically include thousands
of genes with many zero counts, limiting traditional DGE methods.
To overcome this, specialized algorithms have been developed

that explicitly model zero-inflation and multimodal expression
patterns.

Collaboration between biologists, computational scientists,
and statisticians is essential for advancing scRNA-seq analysis
[111]. Despite progress, challenges remain, including integrating
scRNA-seq with other modalities (e.g., epigenomics, spatial data)
to capture cellular context, and improving scalability to manage
increasingly large and complex datasets.

Key Points

• Single-cell RNA sequencing (scRNA-seq) reveals cellular
heterogeneity and has transformed fields such as oncol-
ogy, immunology, and neuroscience.
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Table 9. Open problems and challenges in scRNA-seq analysis with emphasis on integrative inference and multi-omics settings.
Representative impacts and promising directions are summarized to guide method selection and study design.

Category Specific challenge Why it matters
(impact)

Typical failure
modes

Representative
methods today

Promising directions

Data sparsity &
dropouts

Excess zeros distort
signal in rare cell types

Loss of DE power,
unstable
embeddings

Over-smoothing;
inflated false
negatives

SCTransform,
ZINB-WaVE,
imputation variants

Generative models with
uncertainty;
count-aware losses

Batch effects &
integration

Multi-lab/platform
heterogeneity

Artifactual clusters;
poor reproducibility

Over-correction
masking biology;
under-correction

Harmony, scMerge,
Seurat/CCA, BBKNN

Causal integration;
domain adaptation with
controls

Cross-modal
alignment

RNA–ATAC–protein
matching at single-cell
level

Misaligned cell
states across omes

Hallucinated
correspondences;
modality bias

MultiVI/scVI, totalVI,
MOFA+, Seurat v5

Foundation models for
joint embeddings;
contrastive objectives

Scalability 105–107 cells,
multi-sample cohorts

Memory/time
blow-ups; parameter
brittleness

Subsampling
artifacts;
non-determinism

Scanpy/AnnData,
approximate KNN,
GPU UMAP

Streaming/online
training; distributed
graphs; quantization

Annotation
transfer

Consistent labels
across datasets/species

Confused subtypes;
poor clinical
portability

Overfitting to atlas;
label drift

Azimuth/Seurat
maps, scNym,
CellTypist

Zero-shot & few-shot
transfer;
ontology-aware labeling

Trajectory &
dynamics

Robust
pseudotime/state
transitions

Misordered lineages;
missed branches

Sensitivity to DR;
batch-driven paths

Monocle3, Slingshot,
scVelo/dynamo

Hybrid
RNA-velocity + lineage
tracing; causal TI

DGE &
pseudo-bulk
design

Replicate-aware testing
at scale

Inflated type-I
errors; low power

Cell-level models
ignoring replicates

Pseudo-bulk +
DESeq2/edgeR,
NEBULA, MAST

Hierarchical models
with priors;
permutation-stable
tests

Spatial integration Align spatial maps
with scRNA profiles

Misplaced cell types;
blurred niches

Over-deconvolution;
tissue-edge bias

Tangram, SpaGCN,
DestVI

Multi-scale spatial
priors; graph
foundations

Confounding &
causality

Distinguish technical
versus biological signal

Wrong conclusions
for interventions

Collider/hidden-
confound
bias

Residualization,
design covariates

Causal graphs; invariant
risk minimization

Model
interpretability

Explain DL predictions
biologically

Black-box resistance
in clinic

Spurious features;
irreproducible
saliency

SHAP/Integrated
Gradients, gene-set
tests

Mechanistic priors;
concept-based
explanations

Fairness & privacy Bias across cohorts;
PHI leakage

Unequal
performance; re-ID
risk

Performance gaps;
leakage from
embeddings

Federated learning,
DP-SGD

Privacy-preserving FMs;
bias audits with
standards

Benchmarking &
standards

Comparable,
reproducible pipelines

Conflicting results
across papers

Hidden parameters;
moving targets

Open atlases; curated
workflows

Continual benchmarks;
provenance &
versioning

• Computational challenges—including data sparsity,
batch effects, and lack of standard benchmarks—
remain major barriers to clinical translation.

• Emerging tools like SCTransform, Harmony, scGPT, and
CellTypist offer scalable, high-accuracy solutions for pre-
processing, integration, and annotation.

• Integration of scRNA-seq with spatial transcriptomics
and single-cell multi-omics enhances understanding of
disease microenvironments and therapy resistance.

• Ethical concerns, including re-identification risks and
model bias, require robust solutions such as federated
learning and ancestry-aware AI models.
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