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A B S T R A C T

In diploid organisms, genes typically exhibit balanced expression of maternal and paternal alleles. However, exceptions exist, such as autosomal genes with allele- 
specific expression, where genetic and epigenetic variations can lead to the exclusive or preferential expression of a particular allele. In this context, allele-specific 
expression analysis serves as a powerful tool for understanding gene regulation, with significant functional and clinical implications.

Despite their increasing importance, current analysis pipelines face notable limitations including a lack of end-to-end solutions, restricted options for multi-omics 
integration, and insufficient support for single-cell sequencing technologies.

This review critically assesses 26 cutting-edge pipelines for allele-specific expression analysis, focusing on their input requirements, capabilities, and applications 
in the field. Pipelines are categorized based on their ability to handle various data types, support haplotype phasing, employ statistical approaches, and provide 
graphical outputs. Most pipelines fail to automate preprocessing, integrate multi-omic data, and support high-throughput single-cell sequencing. Future advance
ments should prioritize the development of automated multi-omic workflows, implementing visualization options, and enhancing compatibility with single-cell 
technologies. By addressing these gaps, next-generation allele-specific expression pipelines will offer insights into the mechanisms of allele-specific expression 
regulation, thereby advancing our understanding of its biological and clinical significance.

1. Introduction

Diploid organisms carry two highly similar copies of the same gene in 
almost all cells, with transcription of both alleles generally occurring. 
However, there are some exceptions. In addition to imprinted genes that 
are constitutively expressed from either the maternal or paternal allele, 
the entire X chromosome is mainly expressed as a single copy within 
each cell in females. This phenomenon is termed allele-specific expres
sion (ASE) and encompasses a spectrum ranging from the imbalanced 
expression of the two alleles to the exclusive expression of one allele. 
The ability to detect such events generally relies on estimating the 
expression ratio between the two alleles.

The widespread adoption of increasingly efficient technologies for 
genomic analysis has facilitated the routine production of matched (epi) 
genetic and expression data, thus paving the way for new ASE analysis 
methods. These advances have contributed to the realization that bial
lelic expression is less pervasive than previously believed [1–3], high
lighting the importance of ASE analysis in understanding how gene 
expression differs between alleles within individuals and across 
populations.

Allelic expression differences are often explained by genetic variants, 
such as SNV, copy numbers, and structural variants acting in cis or trans, 
as well as epigenetic factors. However, up to 88 % of autosomal genes 
undergo random monoallelic expression (RME, i.e., casual and selective 
expression of a single allele) in pre-gastrulation mouse embryos [4], 
highlighting the importance of ASE in early development. Furthermore, 
the advent of single-cell technologies such as single-cell RNA sequencing 
(scRNA-seq) has opened the possibility of investigating ASE at a more 
granular level, thereby providing new insights into cell-specific allelic 
expression patterns[5–8].

For these reasons, ASE analysis has far-reaching potential and can 
help shed light on largely underexplored phenomena, with important 
biological and clinical implications (Fig. 1). Cancer research is an 
example, as ASE analysis is used to identify driver mutations, oncogene 
activation, and tumor suppressor inactivation, which are paramount in 
determining tumor heterogeneity and clonal evolution[9–11]. In cancer 
and Mendelian diseases, ASE can also explain incomplete penetrance 
and variable expressivity, revealing situations in which loci harboring 
pathogenic variants are subjected to imbalanced expression[12–14]. An 
example is the application of genome-wide association study 
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(GWAS)-informed ASE, in which ASE is used to investigate allelic im
balances potentially determined by numerous trait-associated variants 
located in regulatory regions[14–16].

In addition, ASE is relevant in developmental biology, immunology, 
and pharmacogenomics, and can be instrumental in understanding gene 
regulation during development, immune response, and individual re
sponses to drugs[6,17–22].

In practice, ASE analysis of a given gene can be performed if it 
harbors at least one heterozygous SNP. According to a recent study, a 
heterozygous SNP is present in approximately half of the transcripts of 
an individual [23]. Such variants can be identified from 
RNA-sequencing (RNA-seq) data, but this approach suffers from the 
inherent limitation of being blind to cases of “pure” monoallelic 
expression (Fig. 2), because heterozygous and homozygous SNPs are 
indistinguishable from RNA-seq within a monoallelically expressed 
gene. Consequently, although RNA-seq is informative for skewed 
expression of the maternal or paternal allele, it cannot aid in the 

detection of pure monoallelic expression. Therefore, the identification of 
genes subject to monoallelic expression requires the availability of 
DNA-sequencing (DNA-seq) data alongside RNA-seq. All SNPs identified 
through DNA-seq must be phased (i.e., unambiguously mapped to either 
the maternal or paternal allele) so that RNA-seq reads can be mapped to 
a specific parental allele, enabling ASE estimation.

Notably, DNA-seq and RNA-seq data are not the only data types that 
allow for the possibility of performing ASE analysis. Other genomic 
readouts, such as chromatin immunoprecipitation sequencing (ChIP- 
seq) and DNA methylation sequencing (Methyl-seq), can be used to 
identify heterozygous SNPs and understand how multiple mechanisms 
contribute to ASE[24–26].

The variety of omics that can be exploited to perform ASE analysis 
has fostered the development of several tools for ASE identification that 
support different combinations of data types [27].

Currently, a comprehensive review of available state-of-the-art 
pipelines for ASE analysis is lacking. In this study, we address this 
issue by describing several ASE tools and pipelines that are currently 
available and discussing their requirements, applications, strengths, and 
weaknesses.

In doing so, we focused on end-to-end automatic pipelines that are 
easily accessible and well documented.

We categorized pipelines according to different features, including 
the presence of a haplotype phasing step, possibility of performing 
multi-sample analysis, capability to integrate data pertaining to 
different omics, and the ability to analyze scRNA-seq data.

In conclusion, our aim is to provide a useful compendium for those 
approaching ASE analysis and intending to develop new ASE pipelines in 
the future.

2. Pipeline inclusion, comparison criteria and implementation

We exclusively evaluated pipelines that were considered accessible 
(i.e., sufficiently well-maintained, well-documented, and easy to install) 
and readily useable (i.e., implemented using common bioinformatics 
programming languages). ASE analysis pipelines requiring custom 
scripts and cumbersome tailoring of the data were not included in this 
review, as we did not consider them sufficiently user friendly. To 

Fig. 1. ASE Analysis applications and domains. ASE analysis can help reveal 
new insights into underexplored phenomena with important biological and 
clinical implications. The image was partially created using biorender.com.

Fig. 2. ASE event detection capabilities with and without genetic information workflow. The possibility of identifying heterozygous sites (e.g., through DNA-seq or 
genotyping) is crucial for identifying monoallelic expression. Image partially created with biorender.com.
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compare the pipelines, we evaluated the input requirements and pre
processing steps (as these sometimes need to be performed indepen
dently before running the analysis). In addition, we assessed how the 
results are presented, for example, by evaluating the possibility of pro
ducing graphical outputs, which is important for interpreting the results. 
To aid the reader and enhance clarity, a table of key terms was also 
included (Table 1).

We selected 26 pipelines for the evaluation. Of these, 15 are imple
mented in R (AllelicImbalance, BLMRM, Airpart, MBASED, SEESAW, 
stratAS, BSCET, ASEP, SCALE, DAESC, RASQUAL, spASE, GeneiASE, 
ANEVA-DOT, QuASAR, and EAGLE), six are Python packages (scDALI, 
BayesASE, scBASE, BYASE, AlleleSeq2, and LORALS), one relies on Py
thon combined with other tools for visualization (BrewerIX), two are 
implemented in C/C++ (ASEQ, aScan), and one in Julia (IDP-ASE). We 
tested each pipeline using datasets provided by the authors and a bulk 
RNA-seq test dataset created from the Gene Expression Omnibus (GEO) 
dataset GSE110377 [28]. The main features of each tool are listed in 
Table 2. Moreover, to guide users in the selection the appropriate tool 
for their needs, we created a decision flowchart (Fig. 3).

At the time of writing, none of these pipelines (discussed based on 
the input data types below) can handle a full end-to-end automated 
analysis starting from the raw data (i.e., FASTQ or BAM files) to the 
results, including statistical testing and graphical visualization of re
sults. A complete list of features characterizing these tools is provided in 
Supplementary Table 1.

3. Bulk RNA-seq analysis software

3.1. Tools requiring both DNA-seq and RNA-seq data

The optimal setting for bulk ASE analysis requires the availability of 
both genetic and transcriptomic data to enable the detection of pure 
monoallelic expression (Fig. 2).

When both data types are available, BayesASE, AllelicImbalance, 
aScan, ASEQ, BLMRM, and ANEVA-DOT can be used[29–35].

BayesASE is a flexible framework implemented in Python to estimate 
allelic imbalances that supports comparisons between different condi
tions [29]. The input requirements of BayesASE are FASTQ files (i.e., 
raw RNA-seq data containing details of unaligned reads), a reference 
genome, DNA-seq VCF files, and a design file for condition comparison. 
A guide for input preprocessing and data analysis is available on the 
GitHub page of the tool (see Supplementary Table 1).

The output produced by BayesASE consists of a text file with allelic 
ratios and the results of a Bayesian test comparing the analyzed condi
tions. While BayesASE requires limited preprocessing steps, in our 
opinion, its major drawbacks are the need to perform genotype phasing 
independently and the lack of a graphical representation of the results, 

which would make them easier to interpret.
AllelicImbalance is another tool for allelic imbalance analysis of 

RNA-seq data that enables multi-sample comparisons [35]. This is a 
well-maintained R Bioconductor package that provides instructions for 
input-data preparation, starting from an aligned RNA-seq BAM file and a 
set of relevant SNPs. Statistical testing applied downstream can be either 
a binomial or chi-squared test. AllelicImbalance also provides functions 
for visualizing the results to enhance comparisons among samples.

aScan [30] is implemented in C++ for ASE analysis at the individual 
level and uses aligned RNA-seq BAM files and a matched individual 
DNA-seq VCF file as inputs. RNA-seq alignment and DNA-seq variant 
calling must be performed independently prior to analysis (e.g., using 
STAR for RNA-seq and combining BWA with GATK for DNA-seq) 
[36–38]. Haplotype phasing is not required because aScan provides a 
module for haplotype reconstruction based on the ASE itself. Two 
additional inputs required by this tool are a reference GTF file and 
transcript-to-gene map file. The results includes a tab-separated file 
containing the gene (or transcript) name, number of heterozygous sites 
harbored by the gene (or transcript), number of reads supporting the 
high- and low-expression haplotypes, allele-specific p-value, and FDR. 
During our testing, we observed that the installation required bioinfor
matics proficiency and that the aScan’s Docker image was deprecated. 
Furthermore, the tool does not provide progress status or updates during 
the analysis, and similar to BayesASE, it does not generate graphical 
output.

ASEQ was implemented in C++ [32] and includes three modes: 
“pileup” for the execution of optimized SNPs pileup analysis, “genotype” 
for SNPs genotyping, and “ASE”, which can be executed using gene- or 
transcript-based modes. Each mode can be run easily from the command 
line using filters and options that can be tuned by the user. ASE mode 
requires a list of VCF files containing heterozygous SNPs, one file for 
each sample in the analysis, and RNA-seq BAM files as inputs. The final 
output consists of four file types: sample-specific files with pileup 
computation, a list of genes characterized by ASE and the number of 
samples used for the calculation, a file with ASE statistics, and a file 
containing the number of informative SNPs harbored by each analyzed 
gene.

ASEQ requires minimal data manipulation and preprocessing, and 
we found that it is easy to install and use. Overall, the results are very 
detailed, but there are no visual outputs for BayesASE and aScan.

Finally, we considered two additional tools implemented in R 
(BLMRM and ANEVA/ANEVA-DOT) that focused mainly on ASE tests.

BLMRM [33] enables the simultaneous ASE estimation of genes and 
variants using a Bayesian logistic mixed regression model. As input, it 
requires a table containing gene ID, SNP ID, and, for each sample 
replicate, maternal allelic counts and total counts (maternal + paternal), 
which can be automatically created by preprocessing the RNA-seq and 
DNA-seq data. The outputs consist of a table indicating genes exhibiting 
significant ASE, and a corresponding SNP-based table. However, no 
graphical output is available.

ANEVA and its extension, ANEVA-DOT [34], allow for the identifi
cation of genes subject to the effects of heterozygous genetic variants 
that significantly influence their expression. Using allelic expression 
data, ANEVA estimated VG, which is the expected gene dosage variance 
due to inter-individual genetic differences within a population. 
ANEVA-DOT tests the null hypothesis that allelic imbalance in a sample 
is consistent with general population dosage variation (VG). As input, 
ANEVA-DOT requires sample allelic counts (which can be obtained 
using phASER [39], as indicated in the documentation) and a vector 
with genetic standard deviation (square root of VG scores). The outputs 
comprise a table with computed statistics and a scatter plot highlighting 
dosage-outlier genes.

3.2. Tools requiring RNA-seq only

As previously mentioned, when only RNA-seq data are available, ASE 

Table 1 
Terminology Table. This table summarizes the key terms necessary to under
stand this review.

Term Explanation

ASE Allele-Specific Expression (i.e. a gene’s/SNP’s/region’s 
imbalanced expression toward one allele).

ASCA Allele-Specific Chromatin Accessibility
ASB Allele-Specific Binding
XCI X chromosome imprinting
Haplotype 

phasing
The process through which, given the genotype of a sample, 
each allele is assigned to one of the two haplotypes.

Incomplete 
penetrance

Phenomena for which carriers of known disease-causing 
variants are phenotype negative

Variable 
expressivity

Phenotypic variability observed among individuals with the 
same genotype influencing the trait/disease of interest

BAM Binary Alignment Map (file format)
ChIP-seq Chromatin Immunoprecipitation Sequencing
ATAC-seq Assay for Transposase-Accessible Chromatin Sequencing
VCF Variant Call Format (file format)
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analysis can be performed with the limitation of being blind to pure 
monoallelic expression. Several tools have been developed for RNA-seq- 
based ASE analysis.

BSCET [40] allows cell-type-specific ASE analysis from bulk RNA-seq 
by inferring cell composition from an external scRNA-seq dataset of the 
same tissue, and does not require haplotype information (i.e., phasing).

BSCET was implemented in R, and both inputs (bulk and scRNA-seq 
data) must be in the “ExpressionSet” format. BSCET involves two steps: 
i) estimation of bulk composition based on scRNA-seq reference, and ii) 
allelic imbalance inference. Although the concept of enabling access to 
single-cell dimensions starting from bulk RNA-seq data is attractive, this 
framework requires an appropriate external scRNA-seq dataset that is 
not always available. Visualization options are lacking, and bioinfor
matics skills in R are required to use BSCET.

ASEP, implemented in R, enables cross-individual detection of gene- 
level ASE under one condition and differential ASE between two con
ditions, relying solely on RNA-seq data [41]. In the former setting, ASEP 
requires a table containing allelic counts obtained from RNA-seq, which 
may be complex to create for users without a bioinformatics back
ground. The table must be structured with columns containing the gene 
name, individual identifier, genomic location or name of each tran
scribed SNP, reference allele read count, and total read count. If geno
type data are available, they can be supplied as additional inputs so 
ASEP can infer the haplotype phase. Without the genetic data, a 
pseudo-phasing strategy based on read counts (similar to MBASED) is 
adopted (assigning alleles with a larger read count to the same 
haplotype).

In the differential ASE setting, matched RNA-seq data from the two 
conditions (pre- and post-treatment) are required. The input table must 
have the same format as above, with two additional columns specifying 
the conditions to which the read counts refer, and which of the two 
conditions should be considered as the reference.

Both analyses undergo similar processing steps: initial pseudo- 
phasing, a generalized linear mixed-effects model for ASE detection, 
and p-value estimation. The output generated by ASEP consists of a 
matrix with gene-based ASE estimation and corresponding p-values, yet 
without a visual representation of the results.

A framework similar to that proposed by ASEP is offered by Gen
eiASE [42] and MBASED [43], which are two additional R packages that 
enable the detection of ASE events in single individuals and/or 
comparative ASE analyses between conditions or time points.

For ASEP, the input data are a table with allelic counts, and neither 
haplotype nor genetic data are required to perform the analysis.

GeneiASE works on a single RNA-seq read count table with the 
addition of an extra column containing the gene ID (or feature ID) 
harboring each SNP. For between-condition comparative analysis, the 
allelic counts for each condition are provided in the same table.

We found that GeneiASE is easy to run, although it requires extensive 
preprocessing to appropriately format the input table. The output format 
is a gene-based table with columns containing multiple ASE-related 
statistical test results.

In contrast, MBASED relies on RangedSummarizedExperiment R 
objects for both the input and output formats. If haplotype information 
is not available prior to the analysis, MBASED provides the possibility of 
performing pseudo-phasing following the read-count-based approach 
adopted by ASEP. Notably, MBASED is a Bioconductor package that is 
easy to install. Input preparation requires additional steps, which are 
clearly explained in the tool vignette (see Supplementary Table 1), and 
we found MBASED’s output to be informative and easily interpretable. 
The MBASED framework was also incorporated into IMPALA, a Snake
make pipeline that includes the automated preprocessing of input files 
required by MBASED [23,44]. IMPALA also allows for the integration of 
additional information concerning allelic methylation, CNVs, and so
matic variants, which could contribute to the explanation of ASE.

Table 2 
Allele-specific expression methods software. Summary of key information for each tool discussed in this review. Specifically, it details whether each method accepts 
bulk or single-cell sequencing data as input, whether autonomous preprocessing is required, and whether haplotype phasing information is needed.

Method Data type(s) Analysis Phasing info required Preprocessing 
required

MBASED RNA-seq 1-sample or 2-sample (same individual) ASE No Yes
ASEQ RNA-seq ASE from matched RNA and DNA No Yes
GeneiASE RNA-seq Static or between-condition ASE in single individuals No Yes
RASQUAL RNA-seq/ChIP-seq/DNaseI-seq cis-QTLs association mapping Yes Yes
stratAS RNA-seq/ATAC-seq/ChIP-seq Allelic Imbalance between conditions or cell-states (eg. tumor vs. 

normal)
Yes Yes

SCALE scRNA-seq ASE from single-cell RNAseq Not explicetely required Yes
scBASE scRNA-seq ASE from single-cell RNAseq Yes Yes
ASEP RNA-seq ASE or differential ASE among conitions in population Not mandatory (pseudo- 

phasing)
Yes

BYASE RNA-seq ASE in polyploid organisms Yes Yes
BayesASE RNA-seq ASE between conditions Not explicetely required No
AllelicImbalance RNA-seq Detect, manage and visualize ASE Yes Yes
BSCET RNA-seq Cell-type specific ASE from bulk RNA No Yes
aScan RNA-seq ASE at individual level No No
scDALI scRNA-seq/scATAC-seq Differential Allelic Imbalance in single-cell Yes Yes
Airpart scRNA-seq (or spatially/time 

resolved bulk RNA-seq)
Differential Allelic Imbalance between group of cells or samples No Yes

BrewerIX RNA-seq/scRNA-seq Imprining and XCI No No
DAESC scRNA-seq Differential ASE between multiple individuals No Yes
SEESAW RNA-seq Allelic Imbalance at the isoform level Yes Yes
spASE spatially resolved gene expression 

data
Spatial ASE patterns cell-type aware Yes Yes

QuASAR RNA-seq (but also other high- 
throughpyt seq)

Quantitative allele-specific analysis of reads from high 
throughput sequencing

Not mandatory Yes

AlleleSeq2 RNA-seq/ATAC-seq/ChIP-seq ASE, ASB and ASCA Yes No
BLMRM RNA-seq ASE genes and ASE variation within genes Yes Yes
ANEVA-DOT RNA-seq ASE test for extreme imbalance Yes Yes
EAGLE RNA-seq GxE interaction using ASE No Yes
IDP-ASE long read + short read data (hybrid- 

seq)
Haplotyping and ASE quantification combining short-read and 
long-read sequencing technologies

No Yes

LORALS long read data ASE in long read sequencing Yes Yes
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As for ASEP, the main drawback of MBASED (although overcome by 
IMPALA) and GeneiASE is the need to prepare read count tables prior to 
analysis, a potentially complex task for non-bioinformatic users. 
Nevertheless, this represents the only mandatory input because these 
tools do not require haplotype information. Visualization has not been 
implemented for all the tools discussed thus far.

QuASAR (implemented in R) allows joint genotyping and ASE 
detection from RNA-seq data [45]. For input preparation, QuASAR re
quires an aligned and filtered read file, a reference genome, and a BED 
file with variant information. The output consists of a table with allelic 
imbalance values (betas), standard errors, and p-values computed for 
each variant. ASE inference, based on a likelihood ratio test, is SNP 
specific. According to the authors, this approach can also be applied to 
other high-throughput sequencing datasets.

Although specifically tailored to the analysis of genomic imprinting 
and X-chromosome inactivation, BrewerIX [46] possesses several 

characteristics that make it stand out compared to other RNA-seq-based 
tools in terms of user friendliness.

BrewerIX, runnable as an app or command line tool, does not require 
any programming skills because the only required input is bulk (or 
single-cell) RNA-seq raw FASTQ files.

This tool provides a list of pre-compiled human and murine SNVs to 
check for biallelic signals without calling RNA-seq-based SNVs. When
ever genetic data are available, they can be used to create personalized 
sets of SNPs. The main output is a table complemented by two graphical 
panels in a dedicated user interface, featuring a gene summary and SNPs 
summary reporting allelic counts and monoallelic/biallelic classifica
tion. To our knowledge, this is the only available method for bulk/sc 
RNA-seq ASE analysis that automatically produces a graphical output 
summarizing the results of the analysis.

Another tool worth mentioning is EAGLE [47], which uses ASE from 
RNA-seq data to detect genetic and environmental interactions using a 

Fig. 3. ASE methods overview. This flowchart was designed to guide the reader in selecting the most appropriate method or tool based on the intended type of 
analysis. Each diamond shape represents a key question, while each round shape indicates one or more suitable tools. Methods highlighted in blue accept bulk or 
single-cell RNA-seq data as input, those in red are specialized tools for peak-based omics data analysis, and methods shaded in blue and red are compatible with either 
input type. Methods written in orange indicate the possibility of performing multi-sample or multi-individual analyses.
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binomial generalized linear mixed model. Considering the increasing 
use of RNA-seq in cohort studies, EAGLE represents a powerful and 
adaptable tool for studying the interplay between genetics, environ
ment, and cellular networks in shaping gene expression [47]. When the 
genotype is unavailable, it can be determined from the RNA-seq data. 
However, at the time of writing, the documentation is outdated and the 
pipeline requires script amendments to successfully perform the instal
lation. In addition, the test files are based on synthetic data and lack a 
straightforward guide for the preparation of real data.

4. Single-cell RNA-seq analysis software

ASE is highly tissue- and cell type-specific [5,6]. Notably, given its 
cell-type specificity, monoallelic expression is unlikely to be observed 
when analyzing bulk RNA-seq data, but it can be detected at the 
single-cell level. The inherent cell-specific variability inevitably ham
pers the detection of cell-specific signals, even in the presence of pure 
monoallelic expression phenomena, which often go undetected when 
bulk RNA-seq data are analyzed.

Therefore, tools specifically designed for single-cell allelic imbalance 
detection, and differential analysis are currently under development 
[48].

To the best of our knowledge, the current methods for single-sample 
single-cell ASE detection and classification include SCALE [49] and 
scBASE [50].

SCALE enables the genome-wide estimation of allele-specific tran
scriptional bursting kinetics and involves three steps: i) gene categori
zation into biallelic, monoallelic, or silent status through an empirical 
Bayesian framework; ii) allele-specific transcriptional kinetics estima
tion using a Poisson Beta hierarchical model, accounting for technical 
noise (such as dropouts or sequencing bias) and cell size (e.g., inferred 
by GAPDH gene expression); and iii) statistical testing [49]. SCALE 
processes allele-specific scRNA-seq read counts from homogeneous cell 
populations. The tool was implemented as an R package and is 
well-documented. Its output consists of a file containing the gene name, 
gene categorization (biallelic, monoallelic, or silent), burst (transcrip
tional activity pulses) frequency of each allele with related p-values, and 
proportion of cells expressing each allele.

Its R implementation makes SCALE straightforward to install and 
easy to use. The results are clear and easy to interpret owing to the 
automatically generated plots that aid in the interpretation of the re
sults. Unfortunately, this method is mainly directed at SMART-seq sin
gle-cell data, that is, data from single cells isolated and sequenced in a 
bulk-like fashion. This choice ensured that proper coverage of many 
transcripts was achieved. However, this hampers its direct application in 
the widely used droplet-based and split-pool methods.

For scRNA-seq data, an alternative is scBASE, which classifies 
expression as paternal/maternal (i.e., monoallelic) or biallelic, with an 
estimation of the allelic proportions [50]. scBASE encompasses three 
main steps: i) counting allele-specific read alignments, ii) probabilistic 
classification of each gene as biallelic or monoallelic, and iii) optional 
partial pooling, considering the combined information across cells, to 
improve the individual cell-level estimation of allelic proportions.

Similar to SCALE, the required input is a table of allele-specific read 
counts, with scBASE requiring haplotype information. Prior to the main 
analysis, the files are converted to loom format, which was designed for 
the efficient management of large omics datasets. The final output 
contains the proportions of monoallelic (paternal/maternal) and bial
lelic cells, and the probabilities of cell-level allelic expression states for 
each gene (in loom format).

scBASE is implemented in Python3, and its installation can be 
challenging for non-bioinformatic users. An installation guide is pro
vided in the GitHub tool repository; however, the tool has many de
pendencies and compliance requirements. No graphical output was 
produced.

If the purpose is differential ASE analysis using scRNA-seq data, 

Airpart [51] or DAESC [8] can be considered.
Airpart is a statistical framework for the detection of cell type- 

specific allelic imbalances, the identification of differential allelic 
imbalance patterns across samples, and the definition of allelic imbal
ance trends over time or space [51].

Airpart requires two matrices containing allelic counts of the effect 
and non-effect alleles alongside values concerning the variable under 
analysis, such as cell type annotation, spatial coordinates, or time points. 
Airpart is an R package, and its vignette provides all the necessary in
structions to perform gene clustering based on allelic imbalance profiles, 
run ASE analysis across cell groups, and produce graphical outputs. 
Airpart is optimized to analyze long-read data, and while the tool also 
works on short reads, this is an important drawback in the single-cell 
context.

Similar to Airpart, DAESC supports both the single-sample ASE 
analysis and cross-sample comparisons [8]. Using latent variables and 
random effects, DAESC accounts for haplotype switching (implemented 
only in the full model, called DAESC-Mix) and the sample-repeat 
structure problem (multiple cells per individual) of single-cell data. 
Haplotype switching (i.e., swapping of reference and variant alleles) can 
result in two individuals characterized by an allelic imbalance of com
parable magnitude but in opposite directions, resulting in erroneous ASE 
estimations. DAESC was developed in R and consists of two versions: the 
baseline beta-binomial model (DAESC-BB) and the full model 
(DAESC-Mix), which can be used for reasonably large datasets (e.g., N ≥
20 samples). The authors offer an example script for input preparation, 
starting from raw sequencing data, and a complete example of the 
workflow for conducting the analysis. Nevertheless, while DAESC is a 
versatile tool, both the preprocessing steps and the analysis itself require 
advanced bioinformatics skills. The final output is a matrix containing 
differential ASE effect sizes and p-values with no graphical visualization.

It is also worth mentioning spASE, a newly developed tool for allele- 
specific expression analysis of Slide-seq and Visium (spatial tran
scriptomic) data [52]. It relies on an underlying beta-binomial model to 
perform a cell type-aware spatial analysis of ASE. spASE was developed 
as an R package and integrates functions for the visualization of ASE 
events. Parametric and non-parametric analysis modes are offered, with 
the former being particularly suitable for hypothesis testing. Moreover, 
spASE provides the possibility of inspecting ASE events either spatially 
or within cell types (or both).

5. Multi-omics allele-specific analysis

Epigenetic factors are believed to play important roles in differential 
allelic expression. It has been demonstrated that both ASE and allele- 
specific chromatin accessibility (ASCA) can have an important joint 
influence on several disorders [53].

StratAS is a statistical framework for allele-specific analysis across 
different cell states and conditions [54], featuring population-scale tests 
for both ATAC- and RNA-seq allele-specific activity analyses.

Input preprocessing requires the use of several software programs 
(Eagle, WASP, and GATK ASEReadCounter) and the application of an R 
function available in the GitHub repository (see Supplementary 
Table 1). StratAS requires several inputs: a VCF file containing both 
phased genotype information and allelic counts, a sample file containing 
each sample’s IDs and category/condition, a bed file with the physical 
regions of the features to be analyzed (i.e., peaks for ATAC-peaks or 
transcription start site (TSS) regions for RNA-seq), and a file with the 
parameters of the read count distribution. Optional flags can be added 
when using stratAS, corresponding to specific additional analyses such 
as a standard eQTL test. The result of the standard analysis is a table 
containing SNP-specific beta-binomial test statistics.

The need for user-autonomous preprocessing of raw files and inde
pendent installation of several software programs represent the main 
limitations of this framework. As in many other pipelines, data visuali
zation was not implemented.
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AlleleSeq2 is a framework for ASE, ASCA, and allele-specific binding 
(ASB) analyses that extends the capabilities of the previous version 
(AlleleSeq) [55,56]. It accepts RNA-seq, ChIP-seq, or ATAC-seq data but 
requires a VCF file containing DNA variants. The pipeline operates in 
two stages: (1) constructing a personal diploid genome and (2) detecting 
ASE (via RNA-seq), ASB (via ChIP-seq), or ASCA (via ATAC-seq) using a 
binomial test, followed by multiple test corrections. The main outputs 
are tables with allele-specific features.

scDALI (single-cell differential allelic imbalance) is a computational 
framework for analyzing allele-specific effects shared across cells or 
associated with specific cell states [57]. This tool does not necessarily 
require an a priori definition of the cell state, and the transition between 
states can be modelled either continuously or discretely.

Two main inputs are required: the allele-specific read count matrix 
and the cell-state representation that can be derived from the read 
counts (more details can be found in the documentation; Supplementary 
Table 1). The main output is a set of genomic regions characterized by 
cell-state-specific allelic imbalance, which can then be used for down
stream analysis.

scDALI works with either scATAC-seq or scRNA-seq data. In our 
opinion, the need for input preprocessing makes this tool unsuitable for 
rapid analysis and for beginners. The tutorials covering the data prep
aration steps are available on the scDALI website (Supplementary 
Table 1). Graphical representation of results is not implemented, but the 
authors suggested plotting results independently following dimension
ality reduction analyses, such as UMAP or tSNE.

RASQUAL is a statistical approach for the association mapping of cis- 
QTLs [58]. It is based on the integration of three main elements used to 
distinguish signals from noise: inter-individual differences, 
allele-specific signals, and potential bias introduced by sequencing 
technology. In the manuscript, the authors demonstrated how RASQUAL 
can generate “chromatin accessibility QTL” (caQTLs) if ATAC-seq data 
are available, and can highlight potentially imprinted regions. The 
required inputs are a read count table that must be converted to a spe
cific binary file (using a script provided by the authors) and a VCF file 
with allelic counts and phased SNPs. The output is a table containing 
QTL mapping results for each SNP. Imprinting analysis can be performed 
to identify imprinted/randomly inactivated features, using the inputs 
described above.

Overall, we found that the installation was challenging because of 
unclear software requirements. Input files need extensive preprocessing, 
which requires upper-intermediate bioinformatics skills despite the 
clear explanations provided in the software documentation. The output 
is formatted as a table with no visualization features.

6. Allele-specific analysis on peak-based omics

Several tools have been developed to inspect allelic imbalances in 
peak-based omics. Although outside the main scope of this work, we list 
some example tools that could be used by those aiming to develop a 
multi-omic workflow, including these data types.

BaalChIP, iASeq, and ABC are widely used for ChIP-seq data analyses 
[59–61]. BaalChIP was designed to detect ASB events, with a particular 
focus on high-copy-number regions. In contrast, iASeq is tailored for 
joint analysis of multiple ChIP-seq datasets to improve the detection of 
ASB events. Finally, ABC allows for ASB analysis of the aligned ChIP-seq 
data for heterozygous SNVs.

MIXALIME offers a broader application for detecting allele-specific 
variants in high-throughput sequencing data, although it is highly 
specialized for peak-based input [62]. Examples include DNase-seq or 
ATAC-seq for the analysis of allele-specific chromatin accessibility and 
CAGE-seq for allele-specific promoter activity inspection.

7. SNP, gene or isoform level analysis

The ASE analysis results can be represented in different ways. Thus 

far, we have discussed methods that provide allele-specific expression as 
a function of transcribed SNP allele count. Occasionally, SNPs harbored 
by the same gene may provide discordant haplotype-specific allele 
counts owing to incomplete genomic data, limitations of sequencing 
technology, phasing errors, or inaccurate allele count predictions owing 
to low-complexity regions. This may complicate the classification of a 
given gene as mono or biallelic. Therefore, some methods include gene- 
or isoform-specific summaries or analyses in which the final classifica
tion is determined by considering all available evidence from the gene or 
isoform.

BYASE is a Python package for ASE analysis of diploid or polyploid 
organisms at the gene or isoform level [63] based on a Bayesian 
approach.

The inputs required for BYASE execution are a GFF annotation file, 
VCF file with input variants, and aligned BAM file. Both paired- and 
single-end RNA-seq can be used, with specific processing explained in 
the BYASE documentation in either case (see Supplementary Table 1). 
BYASE uses both phased and unphased variants to infer gene or isoform 
ASE status as precisely as possible. The entire analysis workflow was 
conducted using a graphical user interface that also plots the results. 
Despite this exciting idea, the software is poorly maintained, which 
complicates installation owing to version conflicts.

SEESAW was built on AirPart (as discussed above) for isoform- 
specific ASE analysis [64]. SEESAW includes several Bioconductor 
tools for allelic imbalance analysis at various resolutions. This versatile 
tool enables the user to choose between isoform-, gene-, or group-level 
(i.e., by TSS) analyses, with the latter favoring sensitivity over speci
ficity and reducing inferential uncertainty compared with 
single-isoform-level analyses [64].

The inputs required by SEESAW include raw RNA-seq data, a refer
ence genome (annotated for two haplotypes), and isoform information. 
The first step in SEESAW analysis is the creation of a diploid tran
scriptome using g2gtools [65]. Subsequently, allele-specific expression 
is quantified using Salmon [66], and statistical tests is performed using 
Swish [67]. Plotting and data exploration are performed in R, using the 
fishpond package [67].

SEESAW is not fully automated, as each step must be performed 
individually. However, the authors developed detailed tutorials. The 
output represents a complete snapshot of allelic imbalance at the iso
form level for each sample.

Currently, the main limitation of SEESAW is the possibility of pro
cessing only isogenic samples.

8. Long reads

With the increasing adoption of third-generation sequencing tech
nologies, many aspects of phasing, haplotype resolution, and isoform 
detection have changed rapidly. Cost and throughput remain the major 
challenges for the broad applicability of long-read sequencing. For 
instance, long-read nanopore sequencing analyses require dedicated 
GPUs to be efficiently performed, especially when calling DNA or RNA 
modifications (i.e., methylation) alongside sequence variants.

Nevertheless, as development progresses, long reads represent an 
exciting approach for analyzing allele-specific features [68].

We provide two example methods that were specifically developed 
for this purpose.

IDP-ASE is a method for haplotyping and ASE quantification at both 
gene and isoform levels by combining short- and long-read sequencing 
technologies [69]. It relies exclusively on RNA-seq data and leverages 
the strengths of next-generation sequencing (NGS) and third-generation 
sequencing (TGS) to overcome their specific limitations. For example, 
NGS provides less potential for haplotype phasing and covering multiple 
SNPs with a single read, whereas TGS is generally characterized by a 
lower throughput. IDP-ASE leverages the strengths of both NGS and 
TGS, requiring the input of SNPs and alignment files from hybrid-seq 
data.
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LORALS is a Python-based software package designed for ASE and 
allele-specific transcript structure analysis, using long-read sequencing 
data [70]. It accepts inputs in the form of genome-aligned BAM files 
from long-read sequencing, and phased VCF files from whole-genome 
sequencing. By addressing the inherent bias in long-read sequencing, 
LORALS provides a tunable and versatile solution that can be applied to 
any long-read dataset.

9. Discussion

As discussed in this review, ASE analysis can be performed using a 
wide range of tools, each characterized by its advantages and draw
backs. A general trend observed in this study is that the tools developed 
for specific scenarios tend to be poorly maintained, making more 
broadly applicable workflows preferable.

Several tools have been developed to independently extract allele- 
specific read counts from raw RNA sequencing data[71–73], including 
WASP, PAC, and Ornaments. To date, WASP with the support of an 
external haplotype phaser has been the most commonly used method for 
this purpose. Similar to WASP, PAC (implemented as an automated 
Nextflow pipeline) aims to refine alignments and maximize the number 
of haplotype-resolved counts. Ornaments aim to improve WASP per
formance [74] using unphased heterozygous loci to estimate 
allele-specific transcript expression from RNA-seq.

Once allele-specific read counts are obtained, the methods and tools 
for statistical analysis can be categorized into two main groups: those 
relying on a Bayesian model (i.e., BYASE, SCALE, and BayesASE) and 
those adopting binomial tests (i.e., stratAS, scDALI, BrewerIX, BSCET, 
ASEP, GeneiASE, MBASED, ASEQ, DAESC, and RASQUAL) [8,29,32,
40–43,46,49,57,58,63,75]. The advantages and limitations of both sta
tistical approaches have been comprehensively discussed by Cleary et al. 
[27] and are beyond the scope of this study.

Several approaches have been developed to frame ASE results using 
gene- or isoform-specific (as opposed to SNP-based) methods. For 
example, ASEQ performs the first ASE test at the SNP level, and then 
exploits a thresholding approach to identify genes characterized by ASE. 
SEESAW relies on a different approach: computing allelic counts at the 
transcript level, aggregating them at the TSS level, and performing 
statistical testing on aggregated values.

Another important difference lies between tools that enable differ
ential allele-specific expression analysis and those that support single- 
sample investigation. Options for differential analysis include i) com
parison between isogenic samples under different conditions and ii) 
population-based tests controlling for haplotype switching and other 
potential population-based confounders.

Considering that single-cell approaches are rapidly becoming the 
norm, and that an exponentially increasing number of single-cell data
sets are being produced, the choice of available pipelines tailored for this 
type of data is limited. In particular, we noticed that none of the pipe
lines supporting ASE analysis of scRNA-seq data were designed to work 
with high-throughput methods such as droplet- or split-pool-based 
scRNA-seq. This limits the use of single-cell allele-specific analyses to 
a relatively small proportion of datasets, excluding a significant share of 
the available single-cell datasets.

10. Limitations and challenges

Overall, the primary limitations of the described pipelines are 
twofold: i) the necessity to autonomously preprocess raw sequencing 
data before ASE analysis, which involves tasks such as alignment, 
filtering, phasing, and quality-checking raw data, as well as generating 
allelic count tables - tasks that require multiple tools; and ii) the absence 
of a multi-omics approach that can simultaneously handle RNA-seq and 
other data types (e.g., DNA-seq) in a fully automated manner, such as 
managing exome or genome sequencing data and performing automated 
phasing to support ASE analysis. Additionally, most of the described 

pipelines lack graphical outputs. Furthermore, we advocate for greater 
support for single-cell platforms, as the available tools often do not 
accommodate popular high-throughput single-cell RNA-seq technolo
gies, thereby limiting their applicability. Overall, current tools tend to 
be task-specific rather than holistic, which hinders their reproducibility 
and scalability.

11. Future directions

Scientific workflow management systems, such as Snakemake [44] 
and Nextflow [31], support the creation of automated, scalable, and 
reproducible pipelines. These tools manage the execution of software 
written in almost any programming language, and are compatible with 
various software containers. In our compendium of methods, only 
IMPALA, which incorporates MBASED for ASE analysis, takes advantage 
of a workflow management system. In our opinion, this is a convenient 
method for handling a multistep workflow involving the installation and 
management of several software programs. The implementation of 
pipelines relying on workflow management systems would aid the 
user-friendliness, automation, and scalability of ASE analysis to large 
research cohorts and complex multi-omic workflows, simultaneously 
addressing several of the main drawbacks characterizing the existing 
pipelines (Fig. 4).

Another important aspect that should be addressed in ASE analysis 
tools in the near future is the development of an efficient visualization 
system. Only five of the 26 methods described here produced a thorough 
graphical output, with six performing at least one basic plot of the re
sults. AllelicImbalance [35], thanks to the use of R libraries such as Gviz 
[76], offers the most complete visualization, along with BrewerIX [46]. 
In our opinion, most users would benefit from a graphical visualization 
of the results, both feature-specific and at a higher level. At the feature 
level, visualization options should provide details of the detected ASE 
events, allowing for a granular understanding of specific occurrences. By 
contrast, a broader view enables users to identify ASE patterns within a 
specific region, up to the chromosome, or across the entire genome or 
transcriptome.

Additionally, in multi-omics analyses, data from different omics can 
be overlaid to provide a more comprehensive understanding. Such 
multi-omic integration is desirable for future pipelines as it would 
contribute to advancing our knowledge of the effects and biological/ 
clinical relevance of non-coding SNPs. Another interesting and viable 
option is to generate files that can serve as inputs for interactive genomic 
viewers such as IGV [77].

12. Concluding remarks

Despite numerous advances, a truly comprehensive pipeline for ASE 
analysis starting from raw data and automatically leading up to result 
visualization is still lacking. Most existing tools focus on isolated aspects 
of the workflow and lack end-to-end integration. In this respect, work
flow management systems for automation and reproducibility are poorly 
utilized in ASE workflows. Scalability, graphical output production, 
multi-omic compatibility, and support for single-cell and spatial tech
nologies are of fundamental importance for the next generation of ASE 
tools.
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