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Abstract
Background  Transcriptome analysis is essential to dissect the molecular mechanisms underlying phenotypic 
differences and disease mechanisms. Traditionally, microarrays were used, but RNA sequencing (RNA-seq) has 
become a more powerful and reproducible alternative. RNA-seq is widely applied for differential expression analysis 
(DEA) analysis, making it possible to characterize gene expression heterogeneity across diverse biological conditions.

Main body  Several approaches are used in RNA-seq, including bulk RNA-seq, single-cell RNA sequencing (scRNA-
seq), direct RNA sequencing (DRS), and spatial transcriptomics (ST), every distinct offering unique insight. Bulk 
RNA-seq offers a global perspective on transcriptional activity, while scRNA-seq dissects the intrinsic cellular diversity 
and developmental trajectories, aiding for delineating molecular profiles of low-abundance cell phenotypes and 
complex biology. However, both methods face challenges such as biases from short-read sequencing, limited isoform 
resolution, and the loss of spatial information. Advanced methods such as DRS and ST have emerged to address 
these limitations. RNA-seq data analysis comprises a multi-phase workflow, including read trimming, alignment, 
quantification, normalization, and differential expression testing. As sequencing technologies evolve, numerous 
computational tools and statistical methods have been developed to support DEA across bulk, scRNA-seq, DRS, and 
ST datasets, enhancing our ability to interpret transcriptomic changes in health and disease. Applications of RNA-
seq include interrogation of multifactorial disease mechanisms, biomarker discovery, and the investigation of gene 
regulatory networks.

Conclusion  Examining gene expression through these diverse RNA-seq modalities deepens our understanding of 
cellular processes, transcript modifications, tissue spatial organization, and gene expression variability. This review 
highlights current DEA methods in R and Python for bulk RNA-seq, scRNA-seq, DRS, and ST, showcasing the rapidly 
evolving landscape of transcriptome research.

Keywords  Bulk RNA-seq, scRNA-seq, Direct RNA sequencing, Spatial transcriptomics, DEA, R, Python

From bulk RNA sequencing to spatial 
transcriptomics: a comparative review 
of differential gene expression analysis 
methods
Maryam Kalantari-Dehaghi1 , Neda Ghohabi-Esfahani1,2  and Modjtaba Emadi-Baygi1*

http://creativecommons.org/licenses/by-nc-nd/4.0/
http://creativecommons.org/licenses/by-nc-nd/4.0/
https://doi.org/10.1186/s40246-025-00884-w
http://orcid.org/0009-0003-4621-6122
http://orcid.org/0000-0003-0539-4603
http://orcid.org/0000-0001-7492-6760
http://crossmark.crossref.org/dialog/?doi=10.1186/s40246-025-00884-w&domain=pdf&date_stamp=2025-12-6


Page 2 of 19Kalantari-Dehaghi et al. Human Genomics            (2026) 20:9 

Background
Understanding how genes drive traits and disease relies 
heavily on studying the transcriptome, the full set of 
RNA molecules in a cell or tissue. For many years, 
microarrays were the main tool for this kind of analysis. 
However, with the rise of high-throughput sequencing, 
RNA sequencing (RNA-seq) has become the standard 
approach [1, 2]. RNA-seq allows researchers to measure 
how much each gene or transcript is expressed, enabling 
Differential Expression Analysis (DEA) to identify which 
genes change significantly between different conditions. 
Compared to microarrays, RNA-seq is more sensitive, 
provides higher resolution, and produces more repro-
ducible results [3–6]. A typical RNA-seq experiment 
involves several key steps: preprocessing the sequencing 
reads, aligning them to a reference genome, quantifying 
expression levels, normalizing the data, and performing 
DEA. Beyond identifying differentially expressed genes 
(DEGs), RNA-seq can be used for many other purposes, 
such as discovering biomarkers, mapping gene networks, 
and analyzing biological pathways [7]. Today, RNA-seq 
comes in several flavors, including bulk RNA sequencing, 
single-cell RNA sequencing (scRNA-seq), direct RNA 

sequencing (DRS), and spatial transcriptomics (ST) (Fig. 
1).

Bulk RNA-seq measures the average gene expression 
across a large population of cells, while single-cell RNA 
sequencing (scRNA-seq) looks at each cell individually. 
This single-cell approach allows researchers to uncover 
cellular heterogeneity, identify rare cell types, and track 
developmental trajectories or “pseudotime” dynamics 
[8–13]. While DEA is still an important part of scRNA-
seq studies, the main power of this technology lies in 
exploring the diversity of cell types and dynamic cellu-
lar states. It’s worth noting that applying traditional bulk 
RNA-seq methods directly to single-cell data can lead to 
problems, due to issues like sparse data, dropout events, 
and overdispersion [14–16]. To address these challenges, 
specialized statistical models have been developed to 
handle the unique features of single-cell datasets [17, 18]. 
A variety of computational tools are now available for 
DEA and related analyses. Many are implemented in R, 
such as DESeq2, edgeR, and limma, which remain widely 
used. At the same time, Python-based frameworks like 
Scanpy, PyDESeq2, and Scedar are gaining popularity, 
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reflecting a broader trend toward flexible, interoperable 
bioinformatics pipelines [19, 20].

Advances in sequencing technology have expanded 
what RNA sequencing can do. With new long-read plat-
forms like Oxford Nanopore Technologies (ONT), sci-
entists can now sequence entire RNA molecules directly, 
without first converting them to DNA. This means they 
can see the original RNA modifications and capture all 
transcript variants more accurately. This approach is 
especially helpful for measuring different transcript iso-
forms and detecting RNA modifications, rather than 
just comparing gene expression levels like traditional 

methods [21–25]. At the same time, spatial transcrip-
tomics allows researchers to see where genes are active 
within intact tissue sections. Unlike bulk or single-cell 
RNA-seq, which lose the spatial location of cells, this 
method maps gene expression while preserving tissue 
structure. This lets scientists’ study how cells interact, 
their arrangement, and how their environment affects 
gene activity. Analyses here look for genes that vary by 
location instead of just overall expression differences, 
offering new insights into tissue complexity in areas like 
cancer, brain research, and development [26–29].

Fig. 1  Schematic of the RNA-seq workflow, including read preprocessing, alignment, quantification, and downstream analyses such as normalization and 
differential expression. Bold labels indicate pipeline stages; tool names are shown in regular font
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Across all types of RNA sequencing, it remains crucial 
to carefully normalize the data, apply appropriate statis-
tical models, and use visualization techniques to ensure 
that DEA results are accurate and can be replicated. 
Recently, integrative frameworks that combine bulk 
RNA-seq, single-cell RNA-seq, and spatial transcrip-
tomics data have started to provide a broader, multi-level 
understanding of how tissues are organized and how gene 
regulation operates. This marks an exciting direction for 
future transcriptomic research. Collectively, these vari-
ous technologies, bulk, single-cell, direct RNA, and spa-
tial transcriptomics, offer complementary perspectives 
on gene expression across different levels of biological 
complexity. In this review, computational methods for 
DEA and related studies across these RNA-seq types 
are summarized, focusing especially on tools available in 
R and Python (see Fig. 2; Table 1). It’s also important to 
note that RNA-seq methods for DEA have some limita-
tions, which are outlined in Table 2.

  

Overview of differential expression analysis 
methods
DEA plays a central role in making sense of transcrip-
tomic data across a range of sequencing technologies, 
including bulk RNA-seq, scRNA-seq, DRS, and ST. Each 
approach comes with its own strengths and analytical 

challenges, meaning that specialized computational 
methods are needed to accurately measure and interpret 
gene expression. Bulk RNA-seq remains the standard 
method for identifying DEGs across different biological 
conditions. It provides an averaged view of transcrip-
tion across large populations of cells, making it useful 
for broad comparisons. In contrast, scRNA-seq offers a 
much more detailed picture by profiling gene expression 
at the single-cell level. This approach can uncover cellular 
heterogeneity, lineage relationships, and dynamic transi-
tions. DEA in scRNA-seq is usually applied to compare 
clusters, cell types, or conditions, while accounting for 
the inherent sparsity and variability of single-cell data. 
DRS takes transcriptomics a step further by sequenc-
ing native RNA molecules directly, without the need 
for reverse transcription or amplification. This allows 
researchers to detect RNA modifications and full-length 
isoforms, providing a deeper understanding of transcript 
diversity and post-transcriptional regulation. While DRS 
data can be used to quantify gene expression, its primary 
strength lies in isoform analysis and mapping RNA modi-
fications, rather than classic DEG identification. ST adds 
yet another layer by combining gene expression profil-
ing with spatial information within tissue sections. This 
technology allows scientists to explore how gene activity 
is influenced by cell–cell interactions and tissue micro-
environments. Analytical approaches in ST often focus 

Fig. 2  Categorization of bulk and single cell tools. The packages are grouped based on their DGE methods, which can be either parametric or non-
parametric, as well as the type of input data used
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on identifying genes with spatially variable expression, 
emphasizing patterns across tissues rather than differ-
ential expression between conditions. Because these 
technologies differ so widely in their capabilities and 
goals, choosing the right statistical models and computa-
tional tools is essential to produce biologically meaning-
ful and reproducible results. The following sections will 
explore key statistical methods, algorithms, and software 
designed for DEA across bulk, single-cell, direct RNA, 
and ST data.

Basic statistical tests for differential expression
Although not specifically designed for RNA-seq count 
data, several general statistical tests are frequently used 
as complementary or illustrative approaches in transcrip-
tomic analyses.

Wilcoxon rank sum test (Mann-Whitney test)
The Wilcoxon rank-sum (Mann–Whitney) test is a 
non-parametric method that assesses whether two 
independent groups originate from the same underly-
ing distribution by comparing the summed ranks of 
their observations [30]. While primarily a general sta-
tistical test, it is widely adopted in scRNA-seq analyses, 

particularly within tools such as Seurat, because of its 
robustness to sparsity and dropout effects that often 
challenge count-based parametric models. In this con-
text, the Wilcoxon test provides a simple yet robust 
approach for detecting differential expression between 
cell groups, particularly when the data deviate from 
model assumptions. It can thus serve as a complemen-
tary or benchmarking method alongside more sophisti-
cated frameworks [31].

T-test
As a parametric statistical approach, the t-test compares 
the average values between two groups. It is applicable 
when specific assumptions are satisfied, including nor-
mal data distribution, equal variances, and independence 
of observations. There are two types of t-tests: indepen-
dent t-tests for comparing two independent groups and 
paired t-tests for comparing two dependent groups [32]. 
Although originally a general-purpose test rather than 
one tailored for RNA-seq count data, the t-test remains a 
valuable complementary method in transcriptomic anal-
ysis. For example, it is used within frameworks such as 
limma, where data transformations (e.g., voom) approxi-
mate normality and enable parametric modeling. Despite 

Table 1  Comparison of the DEA in the context of bulk, single-cell, direct, and Spatial RNA-seq data interpretation
Tool Utility Input Model Programming 

language
Year Ref.

Limma Bulk Norm. Linear Model R 2002  [27]
edgeR Bulk Counts NB Model R 2010  [28]
DESeq2 Bulk Counts NB Model R 2014  [29, 30]
PyDESeq2 Bulk Counts NB Model Python 2022  [37]
NOIseq Bulk Norm. NP R 2011  [33, 34]
SAMseq Bulk Counts NP R 2013  [35, 36]
TCGAbiolinks Bulk Counts/Norm. GLM R 2015  [31]
Monocle2 Single-cell Norm. GAM R 2017  [40]
Mast Single-cell Norm. Generalized Linear Hurdle Model R 2015  [39]
SCDE Single-cell Counts Mixture of NB & Low-level Poisson R 2014  [38]
DEsingle Single-cell Counts Zero-Inflated NB R 2018  [42]
SEURAT Single-cell Counts NB (TCP) R 2015  [43]
Scanpy Single-cell Counts Graph-based Methods Python 2018  [47]
Scedar Single-cell Counts KNN Python 2020  [48]
EMDomics Single-cell Norm. NP R 2016  [46]
SINCERA Single-cell Norm. NP R 2015  [45]
Wicoxon BST Counts/Norm. NP R
T-test BST Norm. logCPM (TCP) R
SpatialDE ST Spatial coordinates + counts Gaussian Process + spatial autocorrelation Python 2018  [87]
SPARK ST Spatial coordinates + counts GLM with spatial R 2020  [88]
BayesSpace ST Spatial counts Bayesian hierarchical clustering + spatial smoothing R 2021  [89]
TAMA DRS Counts/transcript Modular Transcript Annotation and Quantification Python 2021  [77]
FLAIR DRS FASTQ/BAM Isoform Reconstruction and Splicing-aware Quantification Python 2020
TALON DRS Counts/Alignments Gene-/Isoform-level Quantification Python 2020  [79]
StringTie2 DRS BAM/Counts Reference-guided Assembly + Quantification Python 2019  [80]
Norm. normalized,  NB negative binomial, NP non-parametric, GLM generalized linear model, GAM generalized additive model, TCP two-class parametric, KNN 
K-nearest neighbors, BST basic statistical tests, ST Spatial transcriptomics, DRS Direct RNA sequencing



Page 6 of 19Kalantari-Dehaghi et al. Human Genomics            (2026) 20:9 

Table 2  Categorization of techniques employed for identifying DEGs in RNA-sequencing data
Tool / method Statistical model 

/ framework
Key strengths & applications Specific caveats & limitations

General tests Wilcoxon Rank-Sum 
Test (Mann-Whitney U)

Non-parametric 
rank-based test

Distribution-free; robust to outliers. 
The text notes it controls FDR well in 
large-scale studies

Ignores magnitude of change; not designed 
for count data properties (e.g., dispersion, li-
brary size); loses power with many tied ranks 
(common in sparse data)

Student’s t-test Parametric (as-
sumes normality)

Simple, fast, and robust to mild 
skewness

Assumptions of normality and equal variance 
are strongly violated by raw count data and 
sparse scRNA-seq data

Bulk RNA-seq DESeq2 Negative Bino-
mial (NB) GLM 
with shrinkage 
estimators

Robust dispersion estimation, effective 
with small replicate counts; handles 
complex designs; widely adopted

Can be conservative (high false negatives); 
not designed for the bimodal, zero-inflated 
nature of scRNA-seq data

edgeR NB GLM with 
empirical Bayes 
moderation; Exact 
Test

Powerful for low replicate counts; 
flexible in experimental design; com-
putationally efficient

Dispersion estimates can be unstable in 
highly heterogeneous or sparse (e.g., single-
cell) data

limma-voom Linear model on 
log-CPM with pre-
cision weights

High power; leverages robust linear 
modeling framework; can model com-
plex designs and batch effects

Assumes the mean-variance trend can be ac-
curately modeled; performance is dependent 
on the quality of the ‘voom’ transformation

PyDESeq2 NB-GLM (Python 
port of DESeq2)

Native Python integration with Scan-
py/AnnData; faster on large datasets

A more recent implementation; may lag 
behind the R version in features (e.g., certain 
shrinkage estimators).

Single-cell 
RNA-seq

MAST Hurdle Model (Lo-
gistic regression 
for rate + Gaussian 
for level)

Explicitly models bimodality (dropout 
rate vs. expression level); can include 
covariates (e.g., detection rate)

Assumes conditional independence be-
tween expression rate and level; ignores the 
count nature of UMIs (uses log-CPM)

DEsingle Zero-Inflated 
Negative Binomial 
(ZINB)

Explicitly models dropout events; clas-
sifies DE genes into three types (DEs, 
DEa, DEg) based on expression and 
dropout rate changes

Computationally intensive; model fitting can 
be challenging with very low cell counts or 
extreme sparsity

SCDE Bayesian Mixture 
Model (Poisson for 
dropouts + NB for 
expression)

Employs a Bayesian framework to ac-
count for technical noise and biologi-
cal variability

Computationally very intensive; does not 
scale well to modern large-scale datasets 
(>10k cells)

Seurat (‘FindMarkers’) Multiple (default: 
Wilcoxon test). 
Also supports t-
test, MAST, etc.

Part of a comprehensive, widely-
used analysis ecosystem; fast and 
user-friendly

The default Wilcoxon test is not a dedicated 
scRNA-seq model; it ignores count structure 
and does not explicitly model zero-inflation

Scanpy 
(‘rank_genes_groups’)

Multiple (default: 
t-test, Wilcoxon).

Core part of the Python scRNA-seq 
ecosystem; highly scalable (1 M+ 
cells); integrates with machine learn-
ing tools

Default tests (t-test, Wilcoxon) are general-
purpose and do not model single-cell-specif-
ic noise structures

Monocle2 / 3 Generalized Addi-
tive Model (GAM)

Not for group-vs-group DE. Identifies genes 
whose expression changes as a function of 
pseudotime or across trajectory branches 
(bifurcations)

Direct RNA-seq NanoCount + DESeq2/
edgeR

Quantification tool 
+ NB-GLM

Leverages robust, mature bulk DE 
tools (DESeq2, edgeR) after accurate 
long-read quantification

The final DE analysis is only as good as the 
initial long-read quantification; does not 
inherently model long-read-specific error 
profiles

Spatial 
transcriptomics

SpatialDE Gaussian Process 
Regression

Identifies genes with significant spatial 
expression patterns (i.e., spatially vari-
able), not just group-vs-group DE

Assumes expression follows a Gaussian 
distribution after transformation; can be 
computationally intensive

SPARK Generalized Linear 
Spatial Model 
(GLSM) with spa-
tial kernels

Robustly handles count data (Poisson/
NB); powerful for detecting diverse 
spatial patterns; accounts for spatial 
autocorrelation

Computationally demanding, especially for 
large tissue sections; kernel selection can 
influence results

BayesSpace Bayesian Hierarchi-
cal Model

Can enhance the effective resolu-
tion of spatial data; identifies spatial 
domains and clusters; provides proba-
bilistic outputs

Computationally intensive (MCMC-based); 
results can be sensitive to prior specifications
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the high skewness typical of scRNA-seq data, the t-test 
demonstrates robustness against moderate deviations 
from normality, occasionally outperforming more com-
plex methods under such conditions [30].

Software packages in R for differential expression 
analysis of bulk RNA-seq data
Several R-based tools are available for conducting bulk 
DEA. Below, we outline some of the most widely used 
packages and provide a comparison of their features in 
Table 3.

Limma
Limma, a core Bioconductor package, is a widely adopted 
pipeline for DEA of both microarray and RNA-seq data. 
For RNA-seq, it is typically combined with the voom 
transformation, which models the mean-variance rela-
tionship of log-counts to produce precision weights for 
linear modeling. Before applying voom, gene expression 
counts are typically normalized using the Trimmed Mean 
of M-values (TMM) method, which is implemented in 
the edgeR package. The voom transformation converts 
these normalized counts to the log₂ scale and estimates 
the mean–variance trend, allowing the application of 
linear models and empirical Bayes moderation, core 
strengths of Limma. This approach offers reliable statis-
tical inference and is computationally efficient, making 

it especially suitable for studies with small sample sizes. 
Differential expression significance is assessed using 
moderated t-statistics with Benjamini–Hochberg false 
discovery rate (FDR) control [33–37]. Limma-voom has 
become a benchmark method for bulk RNA-seq analyses 
due to its combination of speed, flexibility in handling 
complex designs, and effective management of heterosce-
dasticity through the voom weighting strategy.

EdgeR
The edgeR package provides a statistical framework spe-
cifically designed for analyzing replicated count-based 
gene expression data. It uses the negative binomial (NB) 
distribution to model RNA-seq counts, allowing for pre-
cise estimation of overdispersion caused by biological 
variability. edgeR supports two main analytical frame-
works: the exact test framework, which is suited for sim-
ple two-group comparisons (e.g., case vs. control) and 
is based on a negative-binomial analog of Fisher’s exact 
test; and the generalized linear model (GLM) framework, 
which is applicable to complex experimental designs 
involving multiple factors, interactions, or batch effects.

Both approaches apply empirical Bayes shrinkage 
to stabilize dispersion estimates across genes, which 
enhances statistical power while controlling for variabil-
ity. edgeR also incorporates TMM normalization to cor-
rect for library size differences and sequencing depth. 
FDR control is achieved using the Benjamini–Hochberg 
procedure [35, 38]. Overall, edgeR provides a robust and 
flexible framework for performing both simple and com-
plex DEA in bulk RNA-seq experiments.

DESeq2
DESeq2 is a widely used Bioconductor package for 
DEA based on NB GLMs. It improves on the original 
DESeq framework (now largely obsolete) by introduc-
ing empirical shrinkage estimators for both dispersion 
and fold-change values. This shrinkage enhances statisti-
cal stability, particularly for genes with low read counts 
or high variability, leading to more reliable detection of 
DEGs [39, 40]. Normalization is achieved through sam-
ple-specific scaling factors that correct for differences in 
sequencing depth. For hypothesis testing, DESeq2 applies 
either the Wald test or the likelihood ratio test (LRT), 
with multiple-testing correction using the Benjamini-
Hochberg FDR method [11]. Although optimized for 
bulk RNA-seq, DESeq2 remains one of the most robust 
and reproducible parametric tools, balancing conser-
vative FDR control with broad community support and 
active development.

TCGAbiolinks
TCGAbiolinks is an R/Bioconductor toolkit designed to 
simplify access, processing, and analysis of data from The 

Table 3  Comparison of DESeq, edgeR, Limma, NOISeq, SAMseq, 
and PyDESeq2 packages
Tool Model type Strengths Limitations
DESeq2 Parametric (NB) Robust dispersion 

modeling; shrink-
age estimators; 
widely used for 
bulk RNA-seq

Conservative 
FDR control; not 
optimized for 
single-cell

edgeR Parametric (NB) Exact tests for 
small samples; 
flexible design 
support

Sensitive to NB 
assumptions; lim-
ited single-cell 
support

Limma 
voom

Semi-parametric 
(voom)

Fast; good for 
small samples; 
handles batch 
effects

Assumes linear 
mean-variance; 
bulk-oriented 
only

NOISeq Non-parametric Distribution-free; 
robust to se-
quencing depth

Limited to 
two-group 
comparisons; less 
mainstream

SAMseq Non-parametric No distributional 
assumptions; 
good for sparse 
data

Slower; under-
performs with 
few DEGs; limited 
design flexibility

PyDESeq2 Parametric (NB) Python imple-
mentation of 
DESeq2; reproduc-
ible and scriptable

Still maturing; 
inherits DESeq2’s 
bulk-focused 
limitations

NB negative binomial
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Cancer Genome Atlas (TCGA). Rather than serving as 
an independent differential expression framework, it pri-
marily acts as a wrapper that integrates well-established 
Bioconductor tools, such as edgeR and limma-voom, for 
DEA. The TCGAanalyze_DEA function allows users to 
perform both simple two-group comparisons and more 
complex multifactorial designs using these underlying 
methods. Recent updates have expanded its capabili-
ties to handle multiple covariates and correct for batch 
effects within TCGA datasets, all while maintaining 
reproducibility and compatibility with Bioconductor 
standards [41, 42]. In this way, TCGAbiolinks provides 
a robust workflow management system that leverages 
trusted differential expression pipelines within a unified 
and accessible interface, making it particularly useful for 
large-scale cancer genomics studies.

Non parametric methods for bulk differential 
expression analysis
Non-parametric methods offer a robust alternative to 
parametric frameworks like DESeq2, edgeR, and limma-
voom, particularly when the data deviate from model 
assumptions or when reliable estimation of dispersion 
and normalization parameters is difficult. Unlike para-
metric approaches, which rely on specific distributional 
models (e.g., the NB), non-parametric techniques evalu-
ate differential expression directly from the observed 
data without assuming an underlying distribution. These 
methods are especially useful in studies with small sam-
ple sizes or heterogeneous datasets, where parametric 
assumptions may not hold. Rather than replacing tradi-
tional parametric tools, non-parametric approaches serve 
as complementary strategies that enhance analytical 
robustness under challenging experimental conditions.

NOIseq
NOISeq is an R-based toolkit for RNA-seq analysis 
encompassing three major components: quality assess-
ment of read counts, filtering and normalization (includ-
ing batch effect correction), and detection of DEGs [43]. 
It employs a non-parametric framework that constructs 
an empirical noise model, providing stable results even 
when sequencing depth or sample size varies. A key prac-
tical strength of NOISeq is its robust performance with 
very few biological replicates per condition (as few as two 
or three samples), where parametric models may fail to 
estimate dispersion reliably. NOISeq generates a refer-
ence distribution of noise by pairing fold-change (M) and 
absolute expression differences (D) among genes within 
the same condition. This noise distribution, built by pool-
ing all pairwise comparisons among replicates, serves as 
a baseline to determine whether observed (M, D) values 
between conditions represent true differential expression 
rather than random variation [44]. Instead of relying on 

a fixed statistical model for read counts, NOISeq deter-
mines whether the differences in gene expression are 
truly significant by comparing them to the actual noise 
observed in the data. This makes it particularly suited for 
small-scale or exploratory RNA-seq studies with limited 
replication, though it is best used as a complementary 
approach alongside parametric models for validation and 
cross-verification.

SAMseq
SAMseq is a non-parametric method based on Wil-
coxon rank statistics, mainly designed for comparing two 
groups in RNA-seq experiments. It’s particularly robust 
to outliers and differences in sequencing depth, making 
it a good choice when normalization or variance model-
ing might be uncertain. The method uses a resampling 
approach, repeatedly shuffling the sample labels to adjust 
for variations in library size and sequencing depth. For 
each permutation, SAMseq calculates a rank-based sta-
tistic, and these results are then combined to produce an 
overall gene-level score. This process helps control the 
FDR and ensures reliable results without assuming any 
particular distribution for gene counts [45, 46]. Although 
SAMseq and NOISeq share the strength of being resis-
tant to violations of distributional assumptions, they 
aren’t meant to replace parametric methods like DESeq2, 
edgeR, or limma-voom. Instead, they complement these 
tools and are especially useful when there are few repli-
cates, when normalization is difficult, or when the data 
do not fit typical parametric models.

Python-based frameworks for bulk differential 
expression analysis
In recent years, Python has become one of the most pop-
ular languages in bioinformatics, thanks to its flexibility 
in data processing, smooth integration with machine 
learning workflows, and an ever-expanding collection of 
tools for transcriptomic analysis. Within the context of 
DEA, Python-based frameworks have been developed to 
complement established R tools and provide accessible 
workflows for researchers familiar with the Python envi-
ronment [19].

PyDESeq2
PyDESeq2 is a Python-based implementation of the 
widely used DESeq2 workflow, developed for analyzing 
bulk RNA-seq count data. It models raw counts using a 
NB distribution and fits a GLM for each gene, estimating 
dispersion parameters and calculating log-fold changes 
(LFCs) between conditions. By replicating the statistical 
rigor of DESeq2 within the Python ecosystem, PyDESeq2 
allows for seamless integration with other Python-based 
data science tools. While it currently stands as the main 
Python solution for bulk RNA-seq DEA, the increasing 



Page 9 of 19Kalantari-Dehaghi et al. Human Genomics            (2026) 20:9 

adoption of Python in bioinformatics is likely to drive 
the development of additional, similar frameworks in the 
near future [47].

Single-cell RNA-seq in R
ScRNA-seq enables gene expression profiling at the reso-
lution of individual cells, allowing researchers to uncover 
cellular heterogeneity, identify rare cell populations, and 
investigate dynamic transcriptional states that are often 
obscured in bulk RNA-seq analyses. Unlike bulk data, 
scRNA-seq is characterized by high sparsity caused 
by dropout events, zero inflation, and substantial cell-
to-cell variability stemming from both stochastic gene 
expression and technical noise. These properties neces-
sitate the development of specialized DEA frameworks 
that can model discrete and continuous components of 
expression and control for technical artifacts [10]. Sev-
eral statistical packages have been developed within 
the R programming environment to address these chal-
lenges. For instance, SCDE applies a Bayesian approach 
to account for dropouts [48], MAST uses a hurdle model 
to handle bimodal distributions [49], Monocle employs 
generalized additive models for trajectory-aware DEA 
[50], DEsingle uses zero-inflated negative binomial mod-
eling [51], and Seurat integrates flexible non-parametric 
and parametric tests within a unified single-cell analysis 
workflow [52, 53]. These frameworks collectively form 
a robust ecosystem for interpreting scRNA-seq datasets 
and deriving biologically meaningful differential expres-
sion results with improved reproducibility and precision.

R packages supporting differential expression 
analysis in single-cell RNA-seq
SCDE (single-cell differential expression)
SCDE is a computational framework for single-cell RNA-
seq analysis that employs a Bayesian probabilistic model 
to account for both technical noise and intrinsic biologi-
cal variability. This approach allows for the detection of 
differential expression patterns and the identification of 
cell subpopulations with increased noise tolerance. By 
leveraging individual cell measurements, SCDE estimates 
gene expression levels across subpopulations and fold 
changes between them. Compared to traditional RNA-
seq methods, SCDE demonstrates enhanced sensitivity, 
especially for highly expressed genes in specific cell types. 
Additionally, the package offers error model-based tran-
scriptional similarity metrics and subpopulation analysis 
[48].

MAST (model-based analysis of single-cell transcriptomics)
MAST is a statistical framework specifically designed 
for the analysis of scRNA-seq data, employing a hurdle-
based GLM optimized for the inherent properties of 
these datasets. The model decomposes expression into 

two components: the probability that a gene is expressed 
across cells, estimated via logistic regression, and the 
magnitude of expression among expressing cells, mod-
eled using a Gaussian distribution. Differential expression 
is subsequently assessed using likelihood ratio testing. By 
jointly capturing the discrete presence–absence of tran-
scripts and the continuous distribution of expression lev-
els, MAST effectively accommodates the characteristic 
bimodality of single-cell expression profiles [30, 49].

Monocle2
Monocle is a computational framework for scRNA-seq 
analysis, developed to detect DEGs across distinct cell 
populations and along pseudo-temporal trajectories. The 
method employs a generalized additive modeling strat-
egy, a flexible extension of GLMs in which predictors are 
expressed as smooth functions to capture non-linear rela-
tionships. Monocle2, an enhanced version of the original 
algorithm, extends its applications to cell type classifica-
tion, differential expression testing, and trajectory infer-
ence. A key feature of Monocle2 is the Census algorithm, 
which infers relative transcript abundances with greater 
precision than conventional normalization approaches 
such as transcripts per million (TPM), thereby improv-
ing downstream analytical accuracy [10, 30]. Census 
counts are easier to model with standard regression tech-
niques, making them a useful tool for DEA. Monocle2 
also uses the BEAM (Branch Expression Analysis Mod-
eling) regression model to detect genes that change fol-
lowing fate decisions in development. Monocle evaluates 
pseudo-time-dependent transcriptional changes by fit-
ting additive models that describe gene expression as a 
smooth function of pseudo-time, thereby enhancing tra-
jectory-informed differential expression analysis [54, 55].

DEsingle
DEsingle is a statistical package designed for DE analy-
sis in scRNA-seq data, based on a zero-inflated negative 
binomial (ZINB) modeling framework. The workflow 
comprises three primary stages: normalization of raw 
read counts, detection of DEGs, and classification of 
DEGs into distinct categories. Input data consist of the 
raw count matrix from scRNA-seq experiments, which is 
normalized using a modified median approach adapted 
from DESeq. Parameter estimation for two ZINB popu-
lations is then performed through maximum likelihood 
and constrained maximum likelihood procedures. Differ-
ential expression is subsequently tested using likelihood 
ratio comparisons between the two ZINB populations. 
Identified DEGs are further subdivided into three cat-
egories: DEs, representing genes with significant dif-
ferences in dropout proportions but not expression 
levels; DEa, denoting genes with differential expres-
sion between groups independent of dropout rates; and 
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DEg, encompassing genes with significant differences in 
both dropout proportions and expression abundances. 
By explicitly modeling zero inflation and distinguishing 
these expression patterns, DEsingle provides a tailored 
framework for detecting DEGs in scRNA-seq datasets 
[30, 51].

SEURAT
Seurat is a comprehensive and widely adopted open-
source R framework designed for the preprocessing, 
analysis, and visualization of scRNA-seq data. Its core 
functionalities include data quality control, normaliza-
tion (e.g., LogNormalize or SCTransform), identifica-
tion of highly variable genes, dimensionality reduction 
(e.g., PCA, UMAP, or t-SNE), graph-based clustering, 
DEG testing (using methods such as Wilcoxon rank-sum, 
likelihood ratio, or ROC tests), and cell-type annotation 
based on marker gene expression [52, 56, 57]. ]. Seurat 
also provides advanced methods for integrating mul-
tiple datasets or batches using anchor-based approaches, 
allowing alignment of shared cell populations across dif-
ferent conditions, technologies, or species [57]. Extend-
ing beyond traditional single-modality analyses, Seurat 
has developed into a comprehensive multimodal frame-
work that enables the integrated analysis of diverse sin-
gle-cell data types, such as RNA, protein, and chromatin 
accessibility, as well as emerging spatial transcriptomics 
datasets. In its spatial analysis modules, Seurat integrates 
gene expression matrices with spatial coordinates and 
histological images (e.g., from 10x Visium or Xenium 
platforms) to enable visualization and exploration of gene 
expression in spatial context [56]. Importantly, while 
Seurat supports spatial transcriptomic data visualiza-
tion and analysis, its primary purpose remains the com-
prehensive processing, integration, and interpretation of 
scRNA-seq and multimodal single-cell datasets rather 
than the direct spatial reconstruction of cellular positions 
from gene expression profiles.

Single-cell gene expression profiling in python
Python has become a powerful platform for scRNA-seq 
data analysis, valued for its versatility, scalability, and 
smooth integration with machine learning frameworks. 
Unlike bulk or microarray expression experiments, 
scRNA-seq can involve thousands to millions of indi-
vidual cells, demanding efficient handling of sparse, high-
dimensional data and robust computational tools. At the 
core of many Python-based toolkits lies the AnnData 
data structure, which provides a flexible framework for 
storing and managing large sparse matrices along with 
associated metadata. The widely used Scanpy package 
provides a comprehensive pipeline for scRNA-seq analy-
sis, encompassing quality control, normalization, dimen-
sionality reduction, clustering, visualization (e.g., UMAP, 

t-SNE), and DEG testing [58]. Advanced frameworks such 
as Scvi-tools apply deep generative models for batch cor-
rection, data integration, and probabilistic DEA, harness-
ing variational autoencoders to model complex biological 
variation [59]. The Scedar package supports exploratory 
data analysis, including clustering and dropout imputa-
tion, optimized for high-throughput single-cell datasets 
[60]. Taken together, these Python resources establish a 
comprehensive ecosystem for scalable, reproducible, and 
interpretable analysis of single-cell transcriptomic data.

Python implementations for differential expression 
analysis in single-cell datasets
Scanpy
Scanpy is a comprehensive Python-based toolkit widely 
adopted for single-cell transcriptomic analysis, featuring 
robust capabilities for DEG testing. Its core functional-
ity for DEA is implemented through the tl.rank_genes_
groups module, which enables statistical testing between 
clusters or predefined groups of cells using methods 
such as the t-test, Wilcoxon rank-sum test, and logistic 
regression. These functions operate on both raw and nor-
malized expression values and scale efficiently to large 
datasets through the optimized AnnData data structure. 
While Scanpy provides extensive tools for clustering, 
visualization, and trajectory inference, its primary role 
in DEA is to identify genes that distinguish specific cell 
populations or states after clustering or annotation has 
been completed. In addition, Scanpy can interface with 
diffxpy, a companion library that applies GLMs to gene 
expression data, offering greater statistical flexibility for 
complex experimental designs. Moreover, Scanpy inte-
grates smoothly with the broader Python data science 
and machine learning ecosystem, including frameworks 
such as TensorFlow and PyTorch, supporting scalable and 
extensible workflows for large-scale single-cell data anal-
ysis. Overall, Scanpy provides an efficient and versatile 
framework for identifying DEGs across large single-cell 
cohorts while maintaining compatibility with advanced 
statistical and deep learning tools [58, 61].

Scedar
Scedar is primarily designed for exploratory analysis, 
clustering, and visualization of single-cell RNA-seq data-
sets rather than for direct differential expression test-
ing. It offers an interactive computational framework 
that incorporates KNN-based operations, clustering 
algorithms, and visualization tools, allowing users to 
investigate cellular heterogeneity and identify genes that 
distinguish between clusters. Although Scedar does not 
include dedicated statistical testing modules for DEA, its 
visualization and clustering capabilities can reveal bio-
logically meaningful cell groups and gene expression pat-
terns, which can subsequently be subjected to differential 
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analysis using frameworks such as Scanpy or diffxpy. 
Thus, Scedar serves as an exploratory analysis platform 
that complements dedicated DEA tools by helping to 
define cell clusters and relationships for subsequent dif-
ferential testing [60].

Diffxpy
Diffxpy is a Python-based framework designed specifi-
cally for DEA in scRNA-seq data. It provides a versatile 
set of statistical models, such as Wald tests, likelihood-
ratio tests (LRTs), and models that handle continuous 
covariates, making it applicable to both discrete and 
continuous experimental conditions. Unlike simpler 
non-parametric methods, diffxpy uses GLMs with 
customizable covariates and design matrices, allow-
ing researchers to account for confounding factors and 
complex experimental setups. The framework integrates 
seamlessly with Scanpy and its AnnData structure, 
ensuring smooth compatibility with common single-cell 
analysis workflows. Emphasizing both scalability and 
interpretability, diffxpy delivers efficient computation 
and detailed model outputs, making it a practical tool for 
large-scale single-cell studies (Theislab, diffxpy) [61].

scvi-tools
scvi-tools extends DEA into the probabilistic model-
ing domain using deep generative models powered by 
deep learning. Built on variational autoencoders, it per-
forms Bayesian inference to estimate latent representa-
tions of gene expression while simultaneously correcting 
for batch effects and other technical confounders. This 
approach helps identify genes that are expressed differ-
ently by using a probabilistic framework that naturally 
accounts for uncertainty in the parameter estimates. scvi-
tools is particularly powerful for multi-condition and 
multi-batch datasets, providing statistically rigorous and 
scalable inference across large cohorts of cells. Its modu-
lar design also allows it to integrate with other omics data 
types, making it a flexible and powerful tool for modern 
single-cell analysis [59].

Non parametric methods for differential gene 
activity assessment across single-cell
SINCERA: single cell RNA-seq profiling analysis
SINCERA is one of the early computational frameworks 
developed for downstream single-cell transcriptomic 
analysis, encompassing preprocessing, normalization, 
cell type classification, DEA, gene signature inference, 
and transcriptional regulator identification. For DEG 
testing, SINCERA applies statistical hypothesis testing to 
compute gene-level p-values between two groups using 
either a one-tailed Welch’s t-test, assuming independent 
normal distributions, or the non-parametric Wilcoxon 
rank-sum test, which is more suitable for smaller sample 

sizes. FDRs are managed using the Benjamini–Hochberg 
correction. While SINCERA played an important role in 
establishing foundational methodologies for single-cell 
RNA-seq analysis, it is now considered primarily of his-
torical and methodological interest. Modern workflows 
like Seurat, MAST, and Scanpy include advanced nor-
malization methods, model-based variance control, and 
improved scalability for handling large datasets. Con-
sequently, SINCERA is less commonly used in contem-
porary single-cell pipelines but remains valuable as one 
of the first integrated frameworks for comprehensive 
scRNA-seq analysis [10, 62].

EMDomics
EMDomics is another early non-parametric approach for 
DEA, which employs the Earth Mover’s Distance (EMD) 
to quantify divergence between gene expression distri-
butions. For each gene, an EMD score is calculated, and 
the FDR is estimated to determine statistical significance. 
Unlike traditional DEA methods that compare average 
expression levels, EMDomics captures distribution-level 
differences, offering sensitivity to subtle shifts in expres-
sion heterogeneity across cells. Although methodologi-
cally innovative, EMDomics has seen limited adoption in 
recent scRNA-seq studies due to scalability constraints 
and the availability of more flexible, model-based frame-
works such as MAST, Seurat, and Scanpy, which inte-
grate distributional modeling and variance correction 
directly into their pipelines. Nevertheless, EMDomics 
represents an important conceptual milestone, introduc-
ing distributional comparisons as a meaningful statistical 
paradigm in transcriptomic data analysis [10, 63].

Comparison of packages for single-cell differential 
expression analysis
To evaluate the performance of various frameworks for 
single-cell DEA, we compared representative tools based 
on reported benchmarking studies [64, 65]. Earlier analy-
ses indicated that Monocle2 and EMDomics identified 
large numbers of true DEGs but also produced relatively 
high false-positive rates, leading to moderate overall 
accuracy (0.824 and 0.91, respectively) [64]. However, 
both methods have since been superseded by more recent 
and robust implementations (e.g., Monocle3) or replaced 
by modern alternatives such as Seurat, MAST, and 
Scanpy, which better handle sparsity and zero inflation 
in single-cell data [52, 65]. Tools with higher precision, 
such as MAST, SCDE, edgeR, and SINCERA, tended to 
produce fewer false positives but also detected fewer true 
positives [1]. Although DESeq2 and edgeR, originally 
developed for bulk RNA-seq analysis, have been adapted 
for single-cell datasets, they do not explicitly model zero 
inflation or dropout effects, limiting their accuracy in this 
context [65]. Among the evaluated methods, DEsingle 
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demonstrated the highest overall accuracy and F1 score, 
achieving a favorable balance between sensitivity and 
precision [51].

Single-cell packages for diverse systematic 
approaches to scRNA-seq data interrogation
ScRNA-seq analysis involves multiple computational 
tasks beyond standard DEG detection such as normal-
ization, cell-type identification, trajectory inference, and 
integrative multi-omics analysis.

To improve clarity and emphasize DEA, the next sec-
tion organizes key single-cell analysis packages into the-
matic categories based on their main analytical goals. 
Table 4 summarizes their core functionalities, program-
ming language, and relevance to differential expression 
analysis.

Annotation and cell-type identification
 SingleR is an automated framework for annotating 
scRNA-seq data, which assigns cell identities in a query 
dataset by leveraging reference collections with estab-
lished labels. Instead of requiring repeated manual 
inspection of clusters and redefinition of marker genes 
for each experiment, the interpretive effort is consoli-
dated into the construction of the reference, and the 
embedded biological knowledge is subsequently trans-
ferred to new datasets in an automated manner. When 

integrated with Seurat, a widely adopted platform for 
scRNA-seq data processing and analysis, SingleR pro-
vides a synergistic strategy that streamlines cell-type 
identification and enhances downstream biological inter-
pretation. By capitalizing on reference transcriptomic 
resources, the method enables robust and reproducible 
recognition of cellular phenotypes in scRNA-seq data, 
thereby offering a valuable asset for researchers engaged 
in high-resolution cellular profiling [66].

 SCENIC (Single-Cell Regulatory Network Inference and 
Clustering) provides a framework in R for combining sin-
gle-cell transcriptomic data with gene regulatory network 
analysis. It allows for elucidating transcriptional regula-
tors and regulatory networks driving cell identity and dif-
ferentiation. The SCENIC workflow involves three main 
steps. First, co-expression modules are identified using 
GENIE3, which may contain false positives and indirect 
targets. Next, the co-expression modules are refined by 
analyzing them integrating cis-regulatory motif identifi-
cation via RcisTarget to detect candidate direct transcrip-
tion factor targets. Finally, regulator activity in each cell 
is quantified using AUCell, enabling the identification of 
cells exhibiting significantly elevated subnetwork activ-
ity. The derived binary matrix enables downstream appli-
cations, including clustering, to resolve cell types and 
states guided by shared regulatory network activity. This 
approach is robust against drop-outs since the regulon is 
scored as a whole rather than individual genes or tran-
scription factors [67].

Trajectory and pseudotime inference
 Slingshot is an R platform designed to delineate cellu-
lar developmental lineages and infer pseudo-temporal 
progression from scRNA-seq datasets. It addresses the 
challenges of noisy, multidimensional single-cell expres-
sion profiles by providing a flexible approach that allows 
for the discovery of cell fate landscapes sculpted by bio-
logically principled structural assumptions, and seamless 
integration with widely adopted analytical infrastruc-
tures. The methodology involves two main stages: the 
identification of lineages using a topology-preserving 
tree constructed from clustered cellular states and the 
inference of pseudo-times using simultaneous principal 
curves. Slingshot’s flexibility in accommodating vari-
ous upstream data handling strategies, encompassing 
normalization schemes, embedding transformations, 
and cell-type resolution methods,, makes it a valuable 
tool for researchers within the landscape of cellular-
resolution transcriptomics. Additionally, it provides the 
option accommodates localized supervision by allow-
ing users to specify initial and terminal cellular states, 
thereby improving the resolution and biological plausibil-
ity of the inferred global lineage topology. This approach 
is operationalized within the open-source R package 

Table 4  Summary comparison of single-cell packages for 
diverse aspects of scRNA-seq analysis
Category Tool Language Primary 

function
Relevance to 
DEG analysis

Annotation / 
identity

SingleR R Automated 
annotation

Supports DEG 
interpretation

SCENIC R Regulatory 
network 
inference

Links regula-
tors to DEGs

Trajectory / 
pseudotime

Slingshot R Lineage and 
pseudotime 
inference

Identifies dy-
namic DEGs

Regulatory / 
signaling

SingleCell-
SignalR

R Cell–cell 
commu-
nication 
inference

Context for 
DEGs

Multi-omics / 
large-scale

MultiVelo Python Chromatin-
integrated 
velocity

Regulatory 
insight on 
DEGs

SnapA-
TAC2

Python Multi-omics 
integration

Cross-layer 
DEG patterns

Mowgli Python Joint tran-
scriptome–
epigenome 
analysis

Integra-
tive DEG 
interpretation

Cumulus Python Cloud-
based 
large-scale 
analysis

Scalable DEG 
pipelines
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Slingshot, which is distributed via the Bioconductor plat-
form, ensuring accessibility and seamless integration into 
established single-cell analysis workflows [68].

Regulatory network and signaling inference
 SCENIC, beyond its clustering role, refines co-expres-
sion networks through motif enrichment (RcisTarget) 
and activity scoring (AUCell), enabling detection of key 
transcriptional regulators underlying DEGs [67].

 SingleCellSignalR is an R-based computational frame-
work designed to reconstruct intercellular communi-
cation networks from single-cell transcriptomic data. 
It incorporates a curated repository of experimentally 
validated ligand–receptor interactions (LRdb) and intro-
duces a regularized product scoring scheme to accom-
modate variability in sequencing depth across datasets. 
Starting from raw read count matrices, the package pro-
vides an integrated workflow that encompasses data 
normalization, unsupervised clustering, and automated 
cell-type annotation, thereby streamlining the inference 
of cell–cell signaling landscapes. SingleCellSignalR allows 
for the inference of LR interactions between cell popu-
lations and provides various analysis results in tabular 
and graphical formats. It also enables the visualization 
of intercellular networks and provides functionality for 
receptor downstream signaling exploration via integra-
tion of Reactome and KEGG pathways, with an open 
architecture that allows interaction with other packages 
and adaptability to single-cell proteomics technolo-
gies. Overall, SingleCellSignalR provides an important 
approach for resolving cellular communication maps and 
nominating ligand–receptor interactions with sufficient 
confidence to warrant further validation [69].

Multi omics and large-scale frameworks
 MultiVelo is a computational framework that integrates 
chromatin accessibility data into the modeling of single-
cell gene expression dynamics. MultiVelo extends the 
RNA velocity framework by incorporating epigen- omic 
data, providing more accurate predictions of lineage out-
comes as opposed to RNA-only velocity–driven models. 
The model uses a probabilistic latent variable approach 
to infer the chronological interplay between epigenomic 
and transcriptomic dynamics, revealing distinct classes 
of genes based on the timing of chromatin closure rela-
tive to transcription cessation. MultiVelo is demonstrated 
to be effective in various tissues and cell types, offering 
insights into gene regulation and cell fate determination. 
The study’s findings suggest that incorporating chroma-
tin accessibility into gene expression models markedly 
enhances velocity inference, especially within early stem 
cells experiencing rapid epigenomic remodeling [70].

 SnapATAC2 is a versatile and scalable software pack-
age to interrogate single-cell omics landscapes. The 

framework enables a fast and efficient tool for research-
ers, with key features including a preprocessing module 
for handling large-scale datasets, leveraging a matrix-
free spectral embedding paradigm, the algorithm 
achieves high-fidelity dimensionality reduction across 
heterogeneous single-cell modalities and enables cohe-
sive integration of multi-omics layers into a biologically 
meaningful latent manifold, and a distributed and par-
allelized approach for overcoming memory constraints. 
This software marks a substantial leap in single-cell data 
analytics, delivering a robust, scalable, and user-oriented 
platform for decoding gene regulatory architectures 
through integrative analysis of single-cell genomic, tran-
scriptomic, and epigenomic landscapes [71].

 Mowgli is a computational framework developed for 
the joint analysis of paired single-cell multi-omics data, 
with the aim of improving both clustering accuracy and 
biological insight. The approach integrates Nonnegative 
Matrix Factorization (NMF) with Optimal Transport 
(OT) to derive cell type–resolved factors from TEA-seq 
measurements, thereby surpassing the interpretability 
achieved by current state-of-the-art strategies. Com-
prehensive benchmarking against widely adopted plat-
forms, including MOFA + and Seurat v4, demonstrates 
that Mowgli attains comparable or superior performance 
while offering enhanced mechanistic clarity. The method 
is distributed as a Python package, fully compatible with 
the scverse ecosystem, and designed for straightforward 
installation. To facilitate transparency and reproducibil-
ity, all scripts and resources used to generate the analy-
ses and figures are publicly available via GitHub. Released 
under a CC-BY-NC-ND 4.0 International license, Mowgli 
has been successfully applied across multiple datasets, 
underscoring its utility in advancing integrative single-
cell multi-omics research [72].

 Cumulus is a cloud-based platform engineered to 
enable the analysis of large-scale single-cell and single-
nucleus RNA-seq datasets. By integrating cloud com-
puting with algorithmic innovations, it achieves high 
scalability, cost efficiency, and streamlined usability, 
while offering comprehensive functionality. The frame-
work encompasses three principal components: a cloud-
optimized analysis pipeline, the Pegasus Python package 
for downstream computational tasks, and Cirrocumulus, 
an interactive visualization environment. It is compatible 
with multiple data modalities and supports end-to-end 
workflows ranging from raw read processing to advanced 
biological interpretation. Benchmarking indicates that 
Cumulus delivers greater efficiency than conventional 
frameworks without compromising, often even improv-
ing, the quality of results, thereby rendering it highly 
suitable for population-scale studies in single-cell genom-
ics. The analytical workflow proceeds through three core 
stages: (1) sequence read processing, (2) construction of 
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gene-count matrices, and (3) biological data interroga-
tion. Its design leverages the synergy of cloud resources, 
optimized algorithms, and efficient implementation 
strategies to overcome the computational challenges 
posed by large-scale sc/snRNA-seq experiments. While 
cloud-enabled approaches for scRNA-seq analysis have 
been explored previously, Cumulus represents the most 
comprehensive and fully integrated solution to date [73].

Direct RNA sequencing (DRS)
Direct RNA Sequencing (DRS) is an advanced transcrip-
tomic approach that enables the sequencing of nearly 
full-length RNA molecules without the need for cDNA 
conversion or amplification [21]. Enabled by Oxford 
Nanopore Technologies (ONT), DRS allows direct pro-
filing of native RNA molecules, thus preserving critical 
epitranscriptomic information and facilitating accurate 
isoform identification and alternative splicing analysis 
[22]. In nanopore sequencing, RNA strands are passed 
through a nanoscale biological pore embedded in a mem-
brane, and changes in ionic current are decoded by a 
basecaller to determine the nucleotide sequence [21]. In 
contrast to short-read sequencing technologies that rely 
on reverse transcription and PCR, DRS avoids amplifi-
cation bias and retains native RNA modifications, mak-
ing it highly advantageous for transcriptome analysis at 
per-read, per-site resolution. Recent developments such 
as the Dorado basecaller [74]have significantly improved 
base-level accuracy (~ 98%) and enabled de novo detec-
tion of common RNA modifications including pseu-
douridine, N6-methyladenosine, 5-methylcytosine, and 
inosine [75, 76].

While DRS excels at transcript-level resolution, its 
application to differential gene expression analysis pres-
ents unique computational challenges due to long-
read characteristics and inherent sequencing noise. 
These challenges mainly arise in upstream processes 
such as read assignment, isoform disambiguation, and 
error correction, which directly influence the accuracy 
of downstream quantification. Specialized tools have 
been developed or adapted to address these complexi-
ties. NanoCount is a Python-based quantification tool 
optimized for ONT reads, offering robust transcript-
level abundance estimates for downstream analysis [77]. 
TAMA (Transcriptome Annotation by Modular Algo-
rithms) supports transcript quantification and DEA 
pipelines tailored to long-read transcriptomes [78]. 
In addition, tools such as FLAIR [79], TALON [80], 
StringTie2 (long-read version) [81], and IsoQuant [82] 
are widely used for isoform-level reconstruction and 
quantification, providing essential input for subsequent 
DEA workflows. Widely used statistical packages such 
as edgeR and DESeq2 have been successfully applied to 
count matrices derived from these quantification tools; 

however, they are not DRS-specific and rely on the accu-
racy of upstream transcript reconstruction.

Beyond tool development, ONT provides work-
flows through its EPI2ME platform [83] that integrate 
commonly used methods such as DESeq2 and edgeR, 
although several open-source community pipelines 
and benchmarking studies now offer comparable alter-
natives [84]. Comparative analyses between DRS and 
short-read RNA-seq have demonstrated that while DRS 
improves isoform-level resolution and enables the detec-
tion of RNA modifications, it may show greater variabil-
ity in quantification. Therefore, benchmarking against 
established short-read datasets and the use of negative 
controls remain essential to ensure reproducibility and 
biological interpretability. As DRS adoption grows, con-
tinued refinement of computational pipelines and bench-
marking efforts will be critical for achieving robust and 
reproducible differential expression analysis from long-
read transcriptomic data.

Spatial transcriptomics
Spatial transcriptomics is an innovative approach that 
combines gene expression profiling with spatial informa-
tion, allowing researchers to map transcriptomic data 
directly onto tissue architecture [85]. Unlike bulk and 
single-cell RNA sequencing, which require tissue dis-
sociation and thereby lose spatial context, spatial tran-
scriptomics preserves tissue morphology and the native 
positioning of cells within their microenvironment [26]. 
This enables the simultaneous investigation of gene 
expression patterns and tissue structure, offering deep 
insights into cell-cell interactions, tissue heterogene-
ity, and the functional organization of complex tissues. 
Such spatial resolution is particularly valuable in cancer 
research [86], neuroscience, and developmental biology, 
where spatially regulated gene expression plays a critical 
role in biological function and disease progression [87].

For differential gene expression analysis, spatial tran-
scriptomics allows comparison of gene expression across 
defined regions or tissue zones, accounting for spatial 
dependencies that are absent in dissociated single-cell 
or bulk datasets. Several computational tools have been 
developed in both R and Python to perform DGE analysis 
using spatially resolved transcriptomic data. SpatialDE 
(Python) employs statistical models to identify spatially 
variable genes by capturing spatial autocorrelation in 
gene expression patterns [88]. SPARK (R) offers a robust 
framework for detecting spatially DEGs using kernel-
based methods [89]. BayesSpace (R) leverages Bayesian 
statistical modeling to detect gene expression variabil-
ity across spatial domains with high resolution [90]. The 
Seurat package (R), widely known for scRNA-seq analy-
sis, includes a spatial module that supports clustering 
and DEA in spatial transcriptomic contexts [52], while 
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Scanpy (Python) offers similar functionality through 
its spatial module, enabling clustering and DEA analy-
sis within spatially annotated datasets [58]. Giotto (R) 
provides a comprehensive and interactive platform that 
incorporates spatial information to refine DEG detection 
and visualize spatially distinct expression patterns [91].

Recent benchmarking studies have compared these 
methods, showing that performance can vary depending 
on spatial resolution, tissue complexity, and normaliza-
tion strategies [92]. For instance, SPARK and BayesSpace 
have demonstrated improved sensitivity for detecting 
spatially varying genes in structured tissues, while Spa-
tialDE performs consistently across a range of experi-
mental designs [88]. However, challenges remain due to 
technical noise, batch variability, and the computational 
complexity of integrating histological imaging with gene 
expression data [93]. Additionally, resolution limita-
tions and spot-level averaging in technologies such as 
10x Visium can mask cell-specific expression differences, 
complicating DEG interpretation. The high cost of spatial 
transcriptomics experiments and the need for specialized 
imaging platforms further constrain accessibility. As the 
field evolves, continuous benchmarking using standard-
ized datasets and open-access resources will be essential 
to ensure reproducibility, comparability, and reliability of 
DEA results across platforms.

Challenges in differential expression analysis 
across RNA-seq modalities
DEA from RNA-seq data presents several technical and 
computational challenges. One major issue is normaliza-
tion, as differences in sequencing depth, library compo-
sition, or RNA composition can bias comparisons across 
samples. Tools such as DESeq2 [40] and edgeR [38] 
implement normalization strategies like median-of-ratios 
or trimmed mean of M-values to mitigate these effects. 
Batch effects and other technical confounders add further 
complexity to the analysis, as uncontrolled variability can 
obscure or imitate genuine biological signals. Statisti-
cal frameworks such as limma [34] and ComBat [94] 
are commonly applied to correct for these issues. Addi-
tionally, lowly expressed genes and small sample sizes 
increase statistical uncertainty, heightening the risk of 
both false positives and false negatives. In addition, error 
rates in read quantification, stemming from alignment 
ambiguities or biases introduced during library prepara-
tion and cDNA synthesis, can propagate into DGE results 
[95, 96]. Addressing these challenges requires the careful 
selection of normalization methods, statistical models, 
and computational tools tailored to the specific RNA-seq 
modality, ensuring robust and reproducible identification 
of DEGs.

Challenges of single cell RNA-Seq for DEA
Analyzing scRNA-seq data to find DEGs comes with 
quite a few challenges. One big problem is elevated non-
biological signal variance in single-cell datasets, caused 
by things like amplification biases and batch effects. This 
noise can mask the real biological signals, making it hard 
to pinpoint true DEGs accurately [97]. Another chal-
lenge is the sheer scale of the data, each cell can have 
expression measurements for an extensive repertoire 
of expressed genes across the genome, which makes the 
analysis very complex and increases the chance of false 
positives [98]. The data is also very sparse, meaning many 
genes show zero expression in a lot of cells. This scarcity 
makes it tough to get reliable gene expression estimates 
and contributes to more false discoveries [99]. Batch 
effects add another layer of difficulty since experiments 
are often run in multiple batches, bringing in systematic 
biases that are tricky to correct fully [100]. Moreover, the 
intrinsic cell-to-cell variability captured by scRNA-seq 
reflects genuine biological heterogeneity but also com-
plicates statistical confidence in identifying DEGs, as this 
variability can mask consistent expression differences 
[101]. Preprocessing is a critical step for successful DEA. 
It usually involves filtering out low-quality or outlier cells, 
if you keep these, they can skew the results. Another 
practical issue is that analyzing large scRNA-seq datas-
ets takes a lot of computing power and time. Many cur-
rent methods rely on complex statistical models applied 
to each gene with iterative algorithms, which can take 
hours, even for smaller datasets, and much longer for 
bigger ones. Lastly, false discoveries are a serious concern 
in single-cell DEA. If methods don’t properly account for 
the cell-to-cell variation, there’s a risk of identifying genes 
as differentially expressed when they’re not, leading to 
more false positives compared to bulk RNA-seq studies. 
Recent research has pointed out this problem, highlight-
ing the importance of careful computational strategies to 
reduce false discoveries and make DEA more reliable in 
single-cell data [20].

Challenges of direct RNA sequencing (DRS)
Direct RNA sequencing offers substantial advantages 
over traditional short-read RNA-seq by eliminating the 
need for cDNA synthesis and amplification, thereby pre-
serving full-length transcript structures and enabling the 
detection of native RNA modifications [75]. However, 
despite these benefits, DRS introduces a distinct set of 
challenges that complicate its application in differential 
gene expression analysis [102–104].

From an experimental standpoint, DRS is still limited 
by error rates compared to short-read sequencing, which 
can affect both basecalling and modification detection 
accuracy. While recent improvements in nanopore chem-
istry and the Dorado basecaller have enhanced signal 
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resolution, distinguishing true RNA modifications from 
sequencing noise remains difficult, particularly in low-
coverage regions [105]. The high cost of nanopore flow 
cells, consumables, and instrument maintenance further 
constrains large-scale transcriptomic applications, espe-
cially when high read depth is required for robust quan-
tification [102–104]. Moreover, DRS throughput remains 
lower than that of conventional short-read sequencing, 
limiting its scalability for population-level studies.

From a computational perspective, the long-read and 
error-prone nature of DRS data presents challenges in 
alignment, transcript quantification, and isoform disam-
biguation. Standard DEA tools originally developed for 
short-read sequencing often fail to provide consistent 
results when applied to long-read data, leading to inac-
curacies in expression quantification. Although special-
ized tools such as NanoCount [77] and TAMA [78] have 
been developed to support transcript quantification and 
DEA from DRS data, further validation is still needed to 
reach the reliability of short-read methods like DESeq2 
and edgeR. Additional long-read tools such as FLAIR, 
TALON, StringTie2, and IsoQuant have improved iso-
form-level quantification but remain computationally 
intensive and require substantial memory and runtime 
resources. Many widely used RNA-seq pipelines are not 
yet optimized for long-read data, underscoring the need 
for standardized workflows that integrate long-read–
specific preprocessing, alignment, and quantification. 
Together, these challenges highlight the necessity for 
continued tool development, benchmarking, and com-
munity-wide standardization to fully realize the potential 
of DRS in transcriptomic research.

Challenges of spatial transcriptomics
Spatial transcriptomics offers a significant advancement 
in transcriptomic profiling by preserving spatial context 
within tissues, providing insights into cell-type localiza-
tion and interactions that are lost in bulk and single-cell 
RNA-seq approaches [106–109]. However, this technol-
ogy also presents several technical and computational 
challenges that complicate differential gene expression 
analysis.

From a technological perspective, one major limita-
tion is the resolution variability among platforms; for 
example, some technologies such as 10x Visium capture 
transcriptomes at a multi-cellular resolution rather than 
achieving true single-cell granularity, potentially masking 
finer spatial heterogeneity [85]. Emerging high-resolution 
platforms such as STOmics (Stereo-seq) [110, 111] and 
CosMx Spatial Molecular Imaging (SMI) [112] now allow 
near single-cell or even subcellular resolution, addressing 
some of these limitations but introducing new challenges 
in data volume, imaging noise, and cost. Additionally, tis-
sue sectioning procedures can introduce sampling biases 

that reduce reproducibility and influence DEG signals 
across spatial coordinates. Batch effects and artifacts 
from tissue preparation or imaging add another layer of 
variability, making it difficult to compare samples or inte-
grate results across experiments.

From a computational standpoint, performing accurate 
DEA in spatial transcriptomics requires statistical frame-
works that account for spatial autocorrelation, dependen-
cies between neighboring spatial units, that traditional 
bulk RNA-seq methods do not model. Tools like SPARK 
[89], SpatialDE [88], and BayesSpace [90] provide spa-
tially aware DEA, but their outputs still require careful 
biological validation to ensure accurate interpretation. 
Another challenge lies in the presence of batch effects 
and technical variability between tissue sections, which 
can introduce systematic biases and hinder cross-exper-
iment comparisons. Methods like Seurat’s integration 
framework and Scanpy’s spatial modules aim to correct 
for these issues, but a universally accepted standard for 
batch correction in spatial data is lacking. Many DEA 
frameworks for spatial data still rely on scRNA-seq-based 
normalization and modeling assumptions, which may 
bias results by ignoring spatial dependency structures. 
Recent benchmarking efforts comparing these meth-
ods have shown that performance varies significantly 
depending on tissue type, platform resolution, and pre-
processing strategy, emphasizing the need for standard-
ized evaluation metrics and datasets [106–109].

The high cost and complexity of spatial transcriptomics 
further limit its accessibility. These experiments require 
specialized imaging platforms, sequencing protocols, and 
computational workflows to integrate spatial transcript 
data with histological context, raising both financial 
and technical barriers [106–109]. Moreover, analyzing 
spatial transcriptomics data demands the integration 
of multiple data types, such as histological images, spa-
tial gene expression matrices, and potentially matched 
scRNA-seq data. This makes the computational pipelines 
more sophisticated and resource-intensive. Developing 
unified frameworks that combine DEA, spatial pattern-
ing, and image-derived features remains an active area 
of research. Continued benchmarking and collaboration 
between computational and experimental groups will be 
essential to improve reproducibility, comparability, and 
biological interpretability in spatial DEA studies.

Conclusion
RNA-seq technologies have revolutionized DEA by pro-
viding deeper insights into gene regulation across diverse 
biological systems. Bulk RNA-seq remains a reliable 
and cost-effective approach for detecting DEGs at the 
population level, offering high reproducibility and well-
established analytical workflows. In contrast, scRNA-
seq enables the study of cellular heterogeneity and the 
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identification of rare cell populations, although it con-
tinues to face challenges such as dropout events, data 
sparsity, and variability in gene expression. Emerging 
modalities like DRS facilitate the direct detection of RNA 
isoforms and modifications, while spatial transcriptomics 
preserves tissue architecture, revealing spatial patterns of 
gene expression within their native context.

Despite these advancements, several challenges per-
sist. The integration of multimodal datasets, refinement 
of statistical models to better handle sparsity and techni-
cal noise, and the development of robust benchmarking 
frameworks are essential for improving the accuracy of 
DEA. Continued progress in computational methods and 
sequencing technologies will further enhance the reso-
lution, precision, and biological relevance of RNA-seq 
studies, leading to a more comprehensive understanding 
of gene regulation and its impact on health and disease.
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