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Abstract 

Bac kgr ound: Allelic gene-specific r egulator y ev ents ar e crucial mechanisms in organisms, pi v otal to many fundamental biological 
processes such as embryonic development and chromosome inactivation. Allelic gene imbalance manifests at both RNA expression 

and epigenetic levels. Recent resear c h has unveiled allelic-specific regulation of RNA N 

6 -methyladenosine (m 

6 A), emphasizing the 
need for its pr ecise identification. Howev er, pr ev ailing appr oaches primaril y focus on scr eening allele-specific genetic variations as- 
sociated with m 

6 A, but not truly identify allelic m 

6 A ev ents. Ther efor e, the construction of a novel algorithm dedicated to identifying 
allele-specific m 

6 A (ASm 

6 A) signals is still necessary for comprehensively understanding the regulatory mechanism of ASm 

6 A. 

Findings: To address this limitation, we ha ve de veloped a meta-analysis approach using hierarchical Bayesian models to accurately 
detect ASm 

6 A events at the peak level from MeRIP-seq data. For user convenience , w e introduce a unified analysis pipeline named 

M6Allele, streamlining the assessment of significant ASm 

6 A across single and paired samples. Applying M6Allele to MeRIP-seq data 
anal ysis of pulmonar y fibr osis and lung adenocarcinoma r ev eals enrichment of ASm 

6 A ev ents in key r egulator y genes associated with 

these diseases, suggesting their potential inv olv ement in disease regulation. 

Conclusions: Our effort provides a method for pr ecisel y identifying ASm 

6 A events at the peak level, elucidates the interplay of m 

6 A 

with human health and disease genetics, and paves a new visual angle for disease resear c h. The M6Allele softw ar e is fr eel y av aila b le 
at https://github.com/RenLabBioinformatics/M6Allele under the MIT license. 

Ke yw or ds: allele-specific, RN A N 

6 -methyladenosine (m 

6 A), hier ar c hical Bay esian model, meta-analysis 
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Introduction 

In a non-haploid genome, the transcriptional activity at differ- 
ent gene alleles can vary significantly [ 1 ]. Allele-specific effects 
are crucial in various cellular activities, particularly genomic im- 
printing [ 2 ], c hr omosome inactiv ation [ 3 ], and the r egulation of 
gene expression in particular spatiotemporal circumstances [ 4 ].
Mec hanisms suc h as r andom monoallelic expr ession [ 5 , 6 ], allele 
sequence-specific expression, and parental-specific (imprinted) 
expression [ 7 , 8 ] have been shown to result in the expression 

of only one allele for many genes. Allele-specific gene expres- 
sion (ASE) can impact disease traits, including biological de v el- 
opmental abnormalities [ 9 ], cardiovascular and cerebrovascular 
dysfunctions [ 10 ], pr ogr essiv e genetic disorders [ 11 ], and e v en 

cancers [ 12 , 13 ]. In addition to ASE, allelic imbalance is evident 
in epigenetic r egulation. Extensiv e r esearc h has focused on allele- 
specific DNA methylation as a factor that controls allele-specific 
expr ession [ 14 , 15 ]. Notabl y, a ppr oximatel y 10% of human genes 
ar e r egulated b y allele-specific DN A methylation [ 16 ]. While these 
studies primarily focused on DNA-level modifications that influ- 
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the original work is pr operl y cited. 
nce allele-specific r egulation, RNA-le v el modifications hav e r e-
eived less attention. 

Similar to DN A methylation, RN A methylation is a common
nd r e v ersible e pigenetic modification found in RNA n ucleotides.
mong all the RNA methylation types, N 

6 -methyladenosine (m 

6 A)
s the most common modification in eukaryotic messenger RNAs 
mRNAs), accounting for over 80% of known RNA modifications 
 17 ]. m 

6 A is also extensiv el y pr esent in micr oRN As (miRN As) [ 18 ],
ong noncoding RNAs (lncRNAs) [ 19 ], and circular RNAs (circR-
As) [ 20 ]. m 

6 A is widely involved in a variety of important cell
rocesses, including embryonic development [ 21 ], apoptosis [ 22 ],
nd sperm de v elopment [ 23 ], as well as in a large number of ma-
ignant diseases, such as tumors and obesity [ 24 , 25 ]. Ther efor e,
 

6 A is a k e y factor for understanding disease pathogenesis and
e v eloping ne w ther a pies. 

Recent studies have revealed that allelic regulations also 
xisted in m 

6 A modifications [ 26 ]. For example, Olazagoitia-
armendia et al. have shown that allele-specific m 

6 A (ASm 

6 A)
n lncRNAs, such as LOC339803, affects protein binding and 
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 hr omatin localization, and that an SNP in the 5 ′ UTR of XPO1
ssociated with celiac disease, which is close to three m 

6 A con-
ensus motifs (GGACT), exhibits higher m 

6 A methylation, leading
o increased XPO1 protein levels and activation of nuclear factor
appa B (NFkB), contributing to inflammation [ 27 , 28 ]. To iden-
ify the transcriptome-wide ASm 

6 A, Cao et al. r ecentl y a pplied
isher’s exact test to detect ASm 

6 A at the SNP le v el in MeRIP-seq
ata. They identified 12,056 allele-specific SNPs located in m 

6 A
eaks from human tissues and found that many of them are as-
ociated with risk variants in common diseases [ 29 ]. In addition,
i et al. de v eloped ASPRIN [ 30 ] (Allele-Specific Pr otein–RNA Inter-
ction) to identify genetic variations that alter RBP–RNA interac-
ions by jointly analyzing CLIP-seq and RNA-seq data, which can
heor eticall y also be applied to analyze variant sites associated
ith ASm 

6 A on MeRIP-seq. Ho w e v er, both of these methods only
stimated the allele-specific imbalance of m 

6 A peaks at the SNP
e v el, r ather than truly identifying allelic m 

6 A events, making it
hallenging to interpret the underlying mechanisms of ASm 

6 A in
ifferent biological processes. Since MeRIP-seq provides modifica-
ion peaks of a ppr oximatel y 200 nt, actual data demonstrate that
 significant number of m 

6 A peaks possess multiple detectable
eterozygous SNPs . T his underscores the importance of having a
r ame work for integr ating expr ession information acr oss individ-
al sites in a peak region to accurately assess allele-specific im-
alance of m 

6 A. Ho w e v er, ther e is curr entl y no standard or robust
ethod for summarizing information across SNPs into a single
easure of ASm 

6 A for the entire peak. 
To overcome these difficulties, we de v eloped a ne w ASm 

6 A
etection method, named M6Allele, whic h uses a hier arc hical
ayesian model to assess ASm 

6 A by integrating information
cr oss individual heter ozygous SNPs within a peak, e v en with-
ut any prior knowledge of haplotype phasing [ 31 ]. Our ap-
r oac h demonstr ates higher pr ecision and fe wer false positiv es
ompar ed with pr e vious methods using Fisher’s exact test. For
sers’ con venience , we ha v e built a compr ehensiv e toolkit for the
ne-stop analysis of ASm 

6 A from MeRIP-seq data [ 32 ]. We ap-
lied M6Allele to a panel of human pulmonary fibrosis tissues
nd paired tumor–normal lung tissue samples . T he results in-
icated enrichment of disease-specific ASm 

6 A modifications in
athogenic genes, suggesting a potential role for ASm 

6 A in dis-
ase regulation. Our study introduced a novel meta-analytic ap-
r oac h that enables the precise and sensitive analysis of the dy-
amic network of ASm 

6 A at the peak le v el. This method facili-
ates the identification of specific m 

6 A modifications occurring at
he allele le v el, as well as the comprehension of their association
ith human health and disease. 

esults 

6Allele: meta-analysis based detection of 
Sm 

6 A modifications 

n this study, we introduce M6Allele, an algorithm designed for
dentifying ASm 

6 As in MeRIP-seq data (Fig. 1 A). Initially, high-
onfidence heterozygous SNVs were identified through variant
alling, with rigorous filtering applied to mitigate transcription
nd mapping biases [ 33 ]. Variants were retained if they were ab-
ent in RNA editing sites (RADAR database) [ 34 ] but present in
he dbSNP database. Subsequently, we calculated the read counts
f alleles from m 

6 A IP and input sequencing data, follo w ed b y a
ier arc hical Bayesian model to e v aluate the modification differ-
nce between the two alleles at individual SNPs within a modifi-
ation unit. For M6Allele, we chose peaks as units, which can be
btained through peak calling tools commonly used in MeRIP-seq
ata analysis . T herefore , we only considered SNPs located in the
eak regions. 

M6Allele r equir es prior knowledge of gene ha plotype speci-
cations, whic h ar e likel y unknown for the MeRIP-seq dataset.
o determine the allelic origin specificity of reads, we adopted
BASED’s strategy [ 35 ] and introduced a pseudo-phasing ap-

r oac h for SNPs. Specifically, for each retained SNP, we counted
he frequencies of different base types in the m 

6 A Input sample
epar atel y. The two base types with the highest frequencies are
ssigned as the “major” and “minor” ha plotypes, r espectiv el y. To
r ecisel y detect allelic imbalance within peaks, we quantified it
s the odds ratio of the major allele r elativ e to the minor allele
n the m 

6 A IP sample . T he detection in ASm 

6 A then became the
dentification of peaks with an odds ratio significantly > 1. 

To accur atel y e v aluate the allelic imbalance of a m 

6 A peak,
e utilized a random-effects model (REM) [ 36 ] to integrate the
dd ratios of all SNPs within the peak. Essentially, we considered
he r egr ession coefficients of the fixed-effects model (in our case,
Sm 

6 A) as random variables, assuming all coefficients follow the
ame normal distribution. By constructing a hier arc hical Bayesian
odel, we estimated the mean of this normal distribution, which

erved as the ASm 

6 A odds ratio for the entire peak. Similarly, to
 emov e the influence of ASE on assessing ASm 

6 A e v ents, we con-
tructed a hier arc hical Bayesian model for ASE using m 

6 A Input
amples at the gene le v el. The odds r atio of ASE obtained served
s the bac kgr ound odds ratio for the ASm 

6 A model. 
Because of the pseudo-phasing strategy used by M6Allele to

nfer gene haplotypes, the statistical significance of ASm 

6 A may
ead to anticonserv ativ e nominal P -v alues [ 36 ]. To effectiv el y ad-
ress this issue, we simulated MeRIP-seq data using SNP loci from
he 1000 Genomes Project [ 37 ] and dbSNP [ 38 ] databases to mimic
he absence of allele-specific e v ents. We intr oduced the gener al-
zed P ar eto distribution (GPD) [ 39 ] for fitting the deviation of allelic
dds ratio under pseudo-phasing, to adjust the statistical signif-
cance le v el. M6Allele conv erts the odds r atio of eac h peak into
he frequency of the major allele (MAF) and provides its corre-
ponding P -value. By adjusting the P -values using the Benjamini–
oc hber g (BH) method [ 40 ], we obtain Q -values. A peak with a Q -
alue below 0.05 is considered a significant allelic m 

6 A imbalance
 v ent. 

Additionally, M6Allele includes a paired-sample analysis mod-
le for detecting differential ASm 

6 A between paired samples from
he same indi vidual. Gi ven that true haplotypes are unknown,

aintaining the consistency of haplotypes across paired sam-
les involves designating one as the source of pseudo-phasing.
or instance, in a tumor versus normal comparison, we desig-
ate the normal sample as the control group and classify hap-

otypes into “major” and “minor” alleles based on read counts ob-
ained from the Input sample. Differences between m 

6 A odds ra-
io at an individual SNP in the two samples are used as measures
f sample-specific ASm 

6 A. SNP-le v el scor es ar e combined into a
eak-le v el scor e using meta-anal ysis and a hier arc hical Bayesian
odel, which is analogous to the single-sample a ppr oac h. This

omposite odds r atio pr ovides an estimate of the peak-le v el odds
 atio differ ence between samples. 

The details of M6Allele are provided in Methods and Supple-
entary Methods. Our algorithm is implemented in Java, and the

orresponding JAR file has been built. For users’ con venience , we
av e de v eloped an integr ated pipeline for ASm 

6 A analysis using
oc ker ( https://www.doc ker.com/)(Fig. 1 B). 

obust ASm 

6 A detection by M6Allele 

ecause of the absence of gold-standard MeRIP-seq data featuring
llele-specific e v ents, we aimed to e v aluate the performance of

https://www.docker.com/
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Figure 1: ASm 

6 As analysis pipeline. (A) Schematic diagram of the M6Allele model. (B) ASm 

6 As identification pipeline based on Docker. 
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M6Allele in the absence of phasing information using simulated 

MeRIP-seq data. The sim ulation pr ocess detailed in Additional file 
1: Fig. S1 , draws inspiration from the methods of Polyester [ 41 ] for 
simulating RNA-seq. 

Because accur ate ASE r esults ar e essential for M6Allele to as- 
sess ASm 

6 A effectiv el y, we initiall y e v aluated the ASE detection 

performance of M6Allele using simulated RNA-seq data. During 
the ASE simulation, 50% of transcripts were randomly selected 

to r epr esent positiv e ASE e v ents. For these tr anscripts, the MAF 
was uniformly sampled from [0.6, 0.9], while the rest had an MAF 
of 0.5. Additionally, to assess M6Allele’s robustness in identifying 
significant ASE e v ents, we sim ulated RNA-seq data with differ ent 
sequencing read lengths (75,100, 150, and 300 nt) 50 times each.
Then, we applied M6Allele’s ASE detection method to each sim- 
ulated dataset, considering genes with a Q -value ≤0.05 as signifi- 
cant ASE e v ents. Among the curr ent ASE detection tools, GeneiASE 
[ 42 ] and MBASED [ 35 ] can only utilize RNA-seq data to identify ASE 
e v ents. Consequentl y, we conducted a performance comparison of 
M6Allele with these tools (Fig. 2 A–E). We observed that the over- 
all precision of M6Allele remains robust across various simulated 
equencing read lengths, showing minimal impact (Fig. 2 A). How- 
 v er, r ecall incr eases with longer read lengths (Fig. 2 B). We main-
ained the ov er all false discov ery r ate (FDR) at a nominal le v el
f 5%, affirming the effectiveness of P -value adjustment (Fig. 2 C).
y integr ating pr ecision and r ecall r esults, we calculated the F 0.5
nd F 1 scores [ 43 ] to comprehensively assess the performance
f M6Allele in ASE identification (Fig. 2 D,E). Comparing M6Allele
o two other ASE detection tools r e v eals its consistently superior
erformance ( Additional file 2: Table S1 ), indicating its precision

n ASE detection is suitable for downstr eam anal ysis. To further
alidate M6Allele’s ASE detection performance on real data, we 
sed M6Allele to identify ASE in the RNA-seq data GSM4998283.
mong the results, we chose a gene (RMRP) with significant ASE
nd one (H1-3) without significant ASE. Visualization with the 
GV tool (Fig. 2 F) sho w ed their haplotype distributions, confirming

6Allele’s accurate identification of ASE events, consistent with 

eality. 
We subsequently assessed the detection performance of 

Sm 

6 A by M6Allele using simulated data. To ensure the sim-
lated dataset accur atel y r eflected the genuine peak lengths

https://academic.oup.com/gigascience/article-lookup/doi/10.1093/gigascience/giaf040#supplementary-data
https://academic.oup.com/gigascience/article-lookup/doi/10.1093/gigascience/giaf040#supplementary-data
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different numbers of biological replicates. (D) The F 0.5 scores in ASE analysis between M6Allele, MBASED, and GeneiASE with different numbers of 
biological replicates. (E) The F 1 scores in ASE analysis between M6Allele, MBASED, and GeneiASE with different numbers of biological replicates. (F) 
Visualization of the number of reads covered by allele-specific expressed gene versus non-allele-specific expressed gene. 
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nd distribution of m 

6 A modifications, we incor por ated ASm 

6 A
 v ents into the simulation by leveraging m 

6 A peaks and sites
r om GSM1828594. Mor eov er, for a compr ehensiv e anal ysis of
6Allele’s performance, we categorized all test peaks within the

amples based on five pertinent variables: read lengths, library
ize, FPKM of gene expression, the number of SNPs in a peak,
nd the number of biological replicates. In each category, 50% of
he peaks were randomly designated as allele-specific , i.e ., true
ositives for ASm 

6 A (MAF > 0.6), while the rest were labeled as
rue negatives for ASm 

6 A (MAF = 0.5). For robust evaluation, each
imulated dataset was repeatedly analyzed 50 times . T he results
emonstr ated that c hanges in sequencing r ead length do not af-
ect the performance of M6Allele (Fig. 3 A). Ho w e v er, incr eases in
ibrary size, FPKM, the number of SNPs in a peak, and the number
f biological replicates led to a reduction in the average error rate,
ith particularly pronounced improvements observed for greater

ibrary depth and higher gene expr ession le v els (Fig. 3 B–E). De-
pite these variations, in simulated data tests, M6Allele consis-
ently maintained an error rate below 10%, even in small libraries
r for genes with low expression levels . T his underscores the ro-
ustness of the M6Allele model and demonstrates its applicability
o sequencing data across diverse experimental conditions. 

Furthermor e, we compar ed the performance of M6Allele with
wo additional tools capable of detecting ASm 

6 A events, ASPRIN
 30 ] and the algorithm de v eloped by Cao et al. [ 29 ]. We followed
he tutorials provided by the two tools, sticking to their default
arameter settings. As these tools can only obtain individual SNP
ites associated with ASm 

6 A, we aligned the SNPs with m 

6 A peaks.
f any SNP within a peak was identified as having ASm 

6 A modifica-
ion by ASPRIN or Cao et al.’s algorithm, the peak was classified as
Sm 

6 A modified, resulting in a positive outcome; otherwise, it was
onsidered non-ASm 

6 A. According to the ASm 

6 A detection results
r om v arious algorithms, we calculated the area under the ROC
urve (AUC) for each category of simulated peaks . T he results indi-
ated that, across diverse settings of the simulated data, M6Allele
onsistently exhibits a significantly higher average AUC compared
ith the other two algorithms (Fig. 3F; Additional file 1: Fig. S2 ).
urthermore , we also in vestigated the impact of the pseudo-
hasing strategy on the performance of M6Allele . T he results in-
icated that the AUC of M6Allele was 0.9216 with known phas-

ng information, which is comparable to the AUC of 0.9039 ob-
ained with pseudo-phasing strategy (Fig. 3 F). This further vali-
ates the reliability of the pseudo-phasing method in ASm6A de-
ection. Since the other two methods identify SNP sites related
o ASm 

6 A, they were more susceptible to the influence of dif-
erent sequencing conditions. As the observed data on peaks in-
r eased, suc h as the number of cov er ed SNPs or biological repli-
ates , their performance impro ved significantly. T his suggested

https://academic.oup.com/gigascience/article-lookup/doi/10.1093/gigascience/giaf040#supplementary-data
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Figure 3: Evaluation of the M6Allele algorithm performance on various metrics. (A) The error in ASm 

6 A analysis in M6Allele with different sequencing 
lengths . (B) T he err or in ASm 

6 A anal ysis in M6Allele with differ ent libr ary sizes . (C) T he err or in ASm 

6 A anal ysis in M6Allele with differ ent FPKMs. (D) 
The error in ASm 

6 A analysis in M6Allele with different numbers of SNP sites covered by each modification peak. (E) The error in ASm 

6 A analysis in 
M6Allele with different numbers of biological replicates. (F) Performance evaluation and comparison of M6Allele, ASPRIN, and the algorithm 

de v eloped by Cao et al. in the simulated MeRIP-seq dataset. (G) Performance e v aluation and comparison of M6Allele, ASPRIN, and the algorithm 

de v eloped by Cao et al. using the MeRIP-seq data from THP-1 cell line, followed by Sanger sequencing. (H) Visualization of the number of reads covered 
by ASm 

6 A peak versus non-ASm 

6 A peak. (I) Identification of sample-specific ASm 

6 A e v ents in the simulated paired-samples dataset. 
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that the a ppr oac h of r el ying solel y on individual SNPs to identify 
ASm 

6 A may struggle to avoid errors caused by the noise of se- 
quencing data. To provide a more comprehensive evaluation, we 
further compared the detailed performance metrics of different 
ASm 

6 A detection algorithms ( Additional file 1: Fig. S3 ). The results 
sho w ed that M6Allele consistently outperformed the other two 
tools across all categories, combining higher precision and recall 
while maintaining a lo w er false discov ery r ate. Notabl y, M6Allele 
exhibited smaller fluctuations and superior stability compared 

with the other two tools, especially under challenging conditions 
uch as lo w er libr ary sizes or fe wer biological r eplicates . T his un-
erscores the robustness of M6Allele, particularly compared to 
ao et al.’s algorithm, which sho w ed significant performance im-
r ov ement with incr easing gene expr ession, potentiall y indicating

ts r elativ el y higher r estriction on the number of r eads and lo w er
ensitivity in identifying ASm 

6 A signals in low-expressed genes. 
Additionall y, we e v aluated the computational time of M6Allele

n comparison to two other tools for both ASE and ASm 

6 A de-
ection tasks. Using two publicly available MeRIP-seq datasets 
rom GEO database (GSE164151 and GSE198288) with a total of 12

https://academic.oup.com/gigascience/article-lookup/doi/10.1093/gigascience/giaf040#supplementary-data
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uman samples, we tested computational efficiency across five
ample size gradients under single-threaded mode . T he results
ho w ed that M6Allele exhibited comparable speed to geneiASE
or ASE detection and intermediate performance for ASm 

6 A de-
ection, being slo w er than Cao et al.’s tool but faster than AS-
RIN ( Additional file 1: Fig. S4 ). This difference in speed may be
ttributed to M6Allele’s more comprehensive integration of SNP
nformation within peaks, which increases computational com-
lexity while ensuring higher detection accuracy. 

To further validate M6Allele’s ASm 

6 A detection perfor-
ance, we conducted experimental validations using MeRIP-seq

GSE289760) on the human monocytic THP-1 cell line, follo w ed
y Sanger sequencing. A total of 20 candidate sites were selected
ased on predictions from M6Allele ( Additional file 2: Table S2 ,
 able S3 , T able S4 ). We utilized EditR software to analyze the
anger sequencing c hr omatogr ams, calculating the r atios of
ifferent nucleotides at the selected sites in both the IP and

nput samples, and determining the odds ratio for the major
llele. Using a threshold of greater than 1.2 for the odds ratio,
e classified 9 ASm 

6 A sites as true positives and 11 as true
egatives. Using these 20 sites, we compared the performance
f three ASm 

6 A detection tools . T he results demonstrated that
6Allele ac hie v ed a significantl y higher AUC compar ed to the

ther two tools (Fig. 3 G). Additionally, we analyzed the IP and
nput samples from GSE164151 (GSM4998285 and GSM4998284).
r om the r esults, we r andoml y selected thr ee peaks with signif-
cant ASm 

6 A and three peaks showing no significant ASm 

6 A for
isualization using IGV (Fig. 3 H and Additional file 1: Fig. S5 ).
heir haplotype distributions in IP and Input samples confirmed
6Allele’s precise identification of ASm 

6 A e v ents, aligning with
ctual observations. 

Similarl y, sim ulations wer e performed in the pair ed-sample
etting (Supplementary Methods). To e v aluate M6Allele’s accu-
acy for detecting sample-specific ASm 

6 A events in the paired-
ample analysis, MeRIP-seq data for paired-samples were gener-
ted using identical genotypic and m 

6 A peaks . T hen, 956 peaks
er e r andoml y classified into four ASm 

6 A categories: absent in
oth samples, present only in sample 1, present only in sample
, and present in both samples . T hrough paired-sample analysis
sing M6Allele and comparing the results with the peak assign-
ents (Fig. 3 I), precise identification of sample-specific ASm 

6 A
 v ents was observ ed, ac hie ving an ov er all accur acy of 89.9%.
o illustrate these four ASm 

6 A categories, we provided IGV vi-
ualizations of r andoml y selected examples for each category
 Additional file 1: Fig. S6 ). The observed haplotype distributions
n IP and Input samples were consistent with M6Allele’s detection
esults for differential ASm 

6 A events. 

Sm 

6 A modifications are closely associated with 

ulmonary fibrosis 

he impact of ASm 

6 A modification on human diseases is our fo-
al point. Ho w e v er, onl y a fe w studies r eport an association be-
ween ASm 

6 A and diseases. Pr e vious studies demonstr ated that
ulmonary fibrosis is a typical disease regulated by m 

6 A modifica-
ion. To further investigate the impact of ASm 

6 A modification on
ulmonary fibrosis, we utilized M6Allele to analyze the distribu-
ion of ASE and ASm 

6 A e v ents in patients with pulmonary fibrosis
 Additional file 2: Table S5 , Table S6 ). We identified widespread ASE
nd ASm 

6 A modifications across 22 pairs of autosomal chromo-
omes in patients with pulmonary fibrosis (Fig. 4 A,B). Compared
o normal human tissue, we found 111 genes exhibiting signifi-
ant ASE exclusiv el y in all pulmonary fibrosis patient tissues (re-
erred to as ASE-Gain), along with 94 genes showing significant
SE only in normal tissue (referred to as ASE-Loss) at the whole-
enome le v el ( Additional file 1: Fig. S7 a,b). Similarly, we detected
4 specific ASm 

6 A-modified genes (ASm 

6 A-Gain) and 62 genes
ith ASm 

6 A-Loss in pulmonary fibrosis patient tissues. We found
 ery fe w genes shar ed between ASE and ASm 

6 A, with only six
enes showing a gain of both ASE and ASm 

6 A, and just one gene
howing a loss of both ASE and ASm 

6 A ( Additional file 1: Fig. S7 a,
). This suggested that ASm 

6 A may exert its regulatory function
hr ough alternativ e mec hanisms instead of onl y impact allelic
ene expression. Next, we conducted pathway enrichment anal-
sis on genes associated with ASE and ASm 

6 A e v ents with a FDR
 0.05, utilizing the “GO Biological Processes” dataset from the
etascape database [ 44 ] (Fig. 4 C,D and Additional file 1: Fig. S7 c,d).

n the patient tissues, genes with ASm 

6 A-Gain were significantly
nric hed in imm une r esponse, complement activ ation classical
athway, Rho protein signaling, and other functional pathways
losel y r elated to human pulmonary fibrosis disease (Fig. 4 C).
eanwhile, genes exhibiting ASE-Gain in pulmonary fibrosis were

nriched in aorta morphogenesis, response to interferon-gamma,
egativ e r egulation of cell gr o wth, and other pathw ays related to

ung v asculatur e, cell, and immunity ( Additional file 1: Fig. S7 c).
Sm 

6 A-Loss genes were visibly enriched in pathways associated
ith epithelial cell differentiation, MAP kinase activ ation, c hanges

n cell mor phology, imm une activ ation r esponse, and platelet-
eriv ed gr owth factors associated with pulmonary fibr osis dis-
ases (Fig. 4 D). Genes with ASE-Loss in pulmonary fibrosis played
rucial roles in growth factor and metabolism-related pathways
 Additional file 1: Fig. S7 d). These results suggested that ASE and
Sm 

6 A e v ents may collectiv el y influence the de v elopment of pul-
onary fibrosis through interconnected pathwa ys . 
To further elucidate the r egulatory r elationship between

Sm 

6 A and pulmonary fibr osis, we compar ed known pul-
onary fibr osis-r elated genes (Scor e GDA ≥ 0.3) fr om the DisGeNET

atabase [ 45 ] with ASm 

6 A-Gain and ASm 

6 A-Loss genes in pul-
onary fibrosis patients. Initially, we conducted a hypergeometric

est to analyze the relationship between ASm 

6 A-Gain and ASm 

6 A-
oss genes and known pulmonary fibrosis genes, utilizing all an-
otated genes in the GTF file of hg38 as a sample population, total-

ng 58,676 genes . T he result ( P < 5 × 10 −7 ) revealed a significant en-
ichment of ASm 

6 A-modified genes within the pulmonary fibrosis
ene set (the deep blue bar in Fig. 4 E). To delve deeper into the reg-
lation of pulmonary-fibrosis-associated genes by ASm 

6 A mod-
fication, we identified genes interacting with ASm 

6 A-modified
enes with confidence of 0.9 from the STRING database [ 46 ] and
etermined their ov erla p with pulmonary-fibr osis-r elated genes.
n ASm 

6 A-modified genes and their inter actors, r eferr ed to as
Sm 

6 A-r egulated genes, hyper geometric testing unv eiled a signif-
cant enrichment of pulmonary-fibrosis-related genes (the green
ar in Fig. 4 E). Functional pathway analysis of this gene ov erla ps
ighlighted significant enrichment in pathways crucial to pul-
onary fibr osis pathogenesis, notabl y positiv e r egulation of phos-

horylation [ 47 ], negativ e r egulation of cell differ entiation [ 48 ],
nd positiv e r egulation of imm une r esponse [ 48 ] ( Additional file
: Fig. S8 a). Additionally, we conducted a similar analysis on ASE
enes ( Additional file 1: Fig. S8 b). The ov erla pping genes sho w ed
nrichment in pathways such as positive regulation of cell mi-
r ation [ 49 ], r esponse to gr owth factor [ 50 ], and negativ e r egula-
ion of cell differentiation [ 51 ]. The hypergeometric test between
SE genes and pulmonary fibr osis-r elated genes r e v ealed a signif-

cant enrichment of ASE genes among pulmonary-fibr osis-r elated
enes (the orange bar in Fig. 4 E). Meanwhile, pulmonary-fibrosis-
 elated genes wer e also significantl y enric hed among ASE genes
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Figure 4: Analysis results of M6Allele on pulmonary fibrosis dataset. (A) The chromosomal distribution of genes with ASE. (B) The chromosomal 
distribution of genes with ASm 

6 A. (C) The results of GO enrichment analysis with ASm 

6 A-Gain genes. (D) The results of GO enrichment analysis with 
ASm 

6 A-Loss genes. (E) The hypergeometric test results for ASm 

6 A-Gain/Loss and ASE-Gain/Loss events related to disease-associated genes in 
pulmonary fibrosis and lung adenocarcinoma. The deep blue bar represents the odds ratio of genes associated with pulmonary fibrosis observed in 
ASm 

6 A-Gain/Loss genes, where “a” denotes the ov erla p between ASm 

6 A-Gain/Loss genes and pulmonary fibrosis-associated genes, “b” r epr esents 
ASm 

6 A-Gain/Loss genes exclusiv el y, “c” denotes genes exclusiv el y associated with pulmonary fibrosis, and “d” r epr esents genes that do not belong to 
either category. The red bar represents the odds ratio of genes associated with lung cancer observed in ssASm 

6 A-Gain/Loss genes of tumor samples. 
The green bar represents the odds ratio of ASm6A-regulated genes observed in pulmonary fibrosis-associated genes, where “a” denotes the overlap 
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bars . T he purple bar represents the odds ratio of genes associated with lung adenocarcinoma observed in ssASm6A-regulated genes of tumor samples. 
Additionall y, the or ange bar r epr esents the odds r atio of genes associated with pulmonary fibr osis observ ed in ASE-Gain/Loss genes, and the light blue 
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nd their interactors (the light blue bar in Fig. 4 E). T he abo ve
ndings suggest that genes with allele-specific e v ents identified
y M6Allele may interact with known pulmonary-fibr osis-r elated
enes, r egulate r elated pathwa ys , and thus influence the pr ogr es-
ion of pulmonary fibrosis diseases. M6Allele can unearth ASm 

6 A-
odified genes closely related to diseases from the MeRIP-seq

ata, pr oviding a ne w dir ection for r esearc h on the pathogenesis
nd treatment of human diseases. 

6Allele reveals lung-adenocarcinoma- 
ssociated ASm 

6 A with high heterogeneity 

t has pr e viousl y been r eported that m 

6 A modification can r egu-
ate the occurrence and development of cancers [ 52 ], particularly
ung adenocarcinoma, a malignant tumor with an exceptionally
igh mortality rate [ 53 , 54 ]. Notably, there have been no reports
n whether ASm 

6 A modification regulates the pr ogr ession of ma-
ignant tumors. To further explore the impact of ASm 

6 A modifica-
ion on lung adenocar cinoma, w e used M6Allele to identify ASm 

6 A
 v ents in lung adenocarcinoma patients [ 55 ] ( Additional file 2:
able S7 ). In cancer r esearc h, we typicall y emphasize inter gr oup
ifferences between tumors and adjacent tissues unaffected by

ndividual genetic information, such as sample-specific ASm 

6 A
ssASm 

6 A) e v ents. As ASm 

6 A e v ents ac hie v ed fr om unpair ed-
ample analysis of tumor samples often include many events
nrelated to the disease, such as the patient’s inherited ASm 

6 A
 v ents, filtering out these false positives is crucial for identifying
isease-r ele v ant ASm 

6 A modifications . T her efor e, we compar ed
wo strategies, the unpaired-sample and paired-sample analy-
is, to exclude false-positiv e ssASm 

6 A e v ents. The r esults of the
ingle-sample analysis sho w ed that tumor samples fr om thr ee
atients had 382, 339, and 651 peaks with ASm 

6 A, while in the
ormal samples, there were 446, 536, and 451 peaks with ASm 

6 A
Fig. 5 A). Thr ough pair ed-sample anal ysis, we found that only 17–
9% of the ASm 

6 A e v ents identified in unpaired-sample analy-
is were recognized as single-sample ASm 

6 A signals (Fig. 5 B). The
emaining ASm 

6 A signals were present in both tumor and nor-
al samples, suggesting these e v ents may be inher ent epigenetic

 egulatory e v ents in patients unr elated to the tumor. These r e-
ults illustrate that paired-sample analysis can effectively screen
or ssASm 

6 A modifications and identify significant differences in
Sm 

6 A e v ents between samples . T her efor e, in downstr eam anal-
sis, we focused solely on single-sample ASm 

6 A events. 
To examine the uniformity of ssASm 

6 A sites among different
atient samples, we combined the analysis results to create a
enn dia gr am. The r esults r e v eal that, among the 422, 247, and
58 tumor ssASm 

6 A-Gain genes identified in the three patient
amples, only six genes were shared (Fig. 5 C). Similarly, there
er e onl y nine shar ed tumor ssASm 

6 A-Loss genes in the thr ee
atient samples, while the identified genes numbered 421, 367,
nd 321, r espectiv el y (Fig. 5 D). These findings indicate that the tu-
or ssASm 

6 A-modified genes identified in different patients with
ung adenocarcinoma differ significantly, and the gain and loss of
Sm 

6 A also v ary notabl y acr oss differ ent patient samples. Mor e-
v er, the pr oportion of identified ASm 

6 A-modified genes existing
lone in a single sample accounted for as m uc h as 79.95% (674
ut of 843), 73.78% (453 out of 614), and 75.16% (360 out of 479),
 espectiv el y. These r esults highlight the highl y heter ogeneous
nd complex nature of lung-adenocarcinoma-associated ASm 

6 A
odifications. 
To pr ov e the effectiv eness of the algorithm, we annotated

he 15 ssASm 

6 A genes shared among the three patient samples
hrough a literature review ( Additional file 2: Table S8 ). Among
hese, fiv e genes wer e r eported to be dir ectl y associated with lung
denocarcinoma, four genes were associated with lung cancer but
ot specifically with lung adenocarcinoma, and six genes were
ot reported to be related to lung cancer but were found to be
ssociated with other types of cancer. Furthermore, our hyperge-
metric testing r e v ealed significant enrichment of these 15 genes
mong lung-cancer-related genes from DisGeNet (Score GDA ≥ 0.3;
he red bar in Fig. 4 E). These findings demonstrate the algorithm’s
ffectiveness in identifying significant genes related to cancer. In
ddition, genes associated with lung adenocarcinoma (Score GDA 

0.3 in DisGenet) wer e significantl y enric hed among ssASm 

6 A-
egulated genes including ssASm 

6 A-modified genes and their in-
eractors (confidence ≥ 0.9 in STRING) (the purple bar in Fig. 4 E).
his suggests that ssASm 

6 A may dir ectl y or indir ectl y r egulate the
ccurrence and development of lung cancer by modifying disease-
elated genes and interacting proteins. We conducted functional
athway analysis on the ov erla pping genes, r e v ealing significant
nrichment in pathways related to lung cancer, such as positive
egulation of cell migration [ 56 ], epithelial cell development [ 56 ],
nd protein catabolic process [ 57 ] ( Additional file 1: Fig. S9 ). This
uggests that ssASm 

6 A may regulate the occurrence and de v el-
pment of lung cancer by affecting the function of lung-cancer-
elated gene pathwa ys . 

iscussion 

ecent r esearc h suggests the widespr ead pr esence of ASm 

6 A
odifications and their impact on disease susceptibility. In this

tudy, a novel method called M6Allele was developed for detect-
ng ASm 

6 A e v ents using MeRIP-seq data, both in single-sample
nalysis and in a paired-sample comparison (differential ASm 

6 A).
6Allele integr ates av ailable information to determine ASm 

6 A
xtent in a given peak by meta-analysis across SNPs within IP and
nput samples. Combining M6Allele with MeRIP-seq analysis tools

https://academic.oup.com/gigascience/article-lookup/doi/10.1093/gigascience/giaf040#supplementary-data
https://academic.oup.com/gigascience/article-lookup/doi/10.1093/gigascience/giaf040#supplementary-data
https://academic.oup.com/gigascience/article-lookup/doi/10.1093/gigascience/giaf040#supplementary-data
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in our pipeline enables precise visualization of the transcriptome- 
wide ASm 

6 A landscape. 
Due to the absence of known phase information in most of the 

MeRIP-seq data, M6Allele utilizes a pseudo-phasing strategy to de- 
lineate the distribution of modified reads across various haplo- 
types . T he pseudo-phasing strategy for inferring gene haplotypes 
may lead to nonconserv ativ e nominal P -values when calculating 
the statistical significance of ASm 

6 A. To assess this issue, the GPD 

was introduced to adjust the statistical significance level. The per- 
formance with simulated data demonstrated the robustness of 
this strategy, allowing M6Allele to accurately identify significant 
allele-specific imbalance e v ents. 

Unlike other existing algorithms, M6Allele does not identify 
SNP or mutation sites associated with ASm 

6 A. Instead, it employs 
a meta-anal ysis str ategy at the peak le v el, integr ating all SNP in- 
formation within each peak for ASm 

6 A estimation through a hi- 
er arc hical Bayesian model. Using the MCMC process, the prob- 
ability distribution of the odds ratio for the major allele haplo- 
types within each peak is sampled, constructing empirical sta- 
tistical tests to identify significant ASm 

6 A e v ents . T his compu- 
tational a ppr oac h performs well acr oss differ ent par ameters in 

MeRIP-seq experiments and compar es favor abl y with other state- 
of-the-art tools. Additionally, the framework of M6Allele supports 
both within-sample and paired-sample ASm 

6 A analyses . T he lat- 
ter functionality allows the user to, for example, identify differ- 
ential ASm 

6 A in tumor versus normal comparisons, or to com- 
par e ASm 

6 A c hanges befor e and after tr eatment. These featur es 
make M6Allele more suitable for identifying ASm 

6 A e v ents un- 
der real experimental conditions . T his study applied the M6Allele 
to identify ASm 

6 A e v ents in pulmonary fibrosis and lung adeno- 
carcinoma. The r esults demonstr ated a significant association be- 
tween the identified ASm 

6 A genes and these conditions, r e v eal- 
ing the potential k e y role of ASm 

6 As in the development of these 
diseases . T his also indicates that M6Allele can provide a reliable 
ASm 

6 A landscape for downstream experimental research. 
Although M6Allele was originally designed for MeRIP-seq ex- 

periments, it is also applicable for peak detection and differen- 
tial analysis of other RIP-seq data, such as m 

7 G or Ac 4 C. How- 
e v er, since the peak-calling tools within the M6Allele pipeline 
ar e primaril y optimized for MeRIP-seq data, users can alterna- 
tiv el y upload peak-calling results from other tools to facilitate the 
analysis of ASM events across various RIP-seq datasets. In this 
study, w e emplo y ed a pseudo-phasing str ategy, whic h may intr o- 
duce some deviation in MAF values, albeit insignificantly affect- 
ing e v ents with marked allelic imbalances . T her efor e, integr ating 
gold-standard haplotype data such as whole-genome sequencing 
data will be considered to enhance M6Allele’s performance. Ad- 
ditionally, the gene dataset used to calibrate GPD for P -value cor- 
rection comprises solely human genes . Nevertheless , given the ho- 
mologous nature of gene expression, the P -value correction model 
r emains a pplicable to studies involving other v ertebr ates. To en- 
sur e mor e pr ecise assessments, our futur e endeavors will encom- 
pass a broader array of species within the M6Allele model, encom- 
passing mice, fruit flies, yeast, and zebrafish. 

Conclusions 

This study sho w ed that M6Allele is a po w erful tool for detect- 
ing ASm 

6 A e v ents using MeRIP-seq data, offering significant ad- 
v anta ges in visualizing the transcriptome-wide ASm 

6 A landscape.
The method’s ability to handle both single-sample and paired- 
sample anal yses pr ovides v ersatility in identifying significant 
ASm 

6 A e v ents under v arious experimental conditions. Appl ying 
6Allele to pulmonary fibrosis and lung adenocarcinoma data 
ighlighted its potential in uncovering the role of ASm 

6 As in dis-
ase de v elopment. While the pseudo-phasing str ategy and ha p-
otype reconstruction method have some limitations, introducing 
PD for P -value adjustment ensures more accurate statistical sig-
ificance assessments . T his study pa ves the wa y for mor e compr e-
ensive studies on the interplay between m 

6 A modifications and
isease genetics, contributing valuable insights to the field. It sets
he stage for more in-depth studies on how m 

6 A modifications in-
eract with disease genetics , pro viding valuable insights. 

ethods 

verview of M6Allele 

he compr ehensiv e mathematical description and justification 

or M6Allele is provided in the Supplementary Methods . Here ,
e offer a summary of M6Allele and its application in this
anuscript. 
The core algorithm of M6Allele is comprised of three func-

ional modules: (1) a module that infers genes with significant
SE e v ents in RNA-seq samples (Fig. 1 A); (2) a module designed to

dentify ASm 

6 A peaks from a single MeRIP-seq sample; and (3) a
odule for detecting the differential ASm 

6 A peak between paired
amples. 

onstruction of the ASE determination module 

e use genes as the units of ASE, defined as the combination of all
xons that form individual transcript isoforms. M6Allele models 
he logarithm of the odds ratio of the major haplotype in a gene
sing a normal distribution. 

Ho w e v er, the fr ame work depends on specifying gene haplo-
ypes , which ma y be unknown for MeRIP-seq datasets . Here , we
efer to the voting-based pseudo-phasing strategy in MBASED [ 32 ]
or haplotyping. When a gene contains at least one heterozygous
xon SNP, we assume it to have two haplotypes. We then count the
 eads ma pping to individual SNPs in the Input sample and define
he top two highest read counts of bases as the “major” and “mi-
or” haplotypes for that site. 

For a given gene, the following notation will be used upon de-
cribing the raw input: 

n j , total reads of the j th SNP site in the gene; 
x ma, j , the count of reads mapping to the major haplotype in

SNP j ; 
x 0 , j , the theoretical read counts of the major haplotype at SNP j

without ASE, with a default value of 0 . 5 ×n j . 

Accor dingly, the standar dized odds ratio ρ j of the major haplo-
ype at an individual SNP j can be r epr esented as: 

ρ j = 

x ma, j 

n j − x ma, j 
/ 

x 0 , j 

n j − x 0 , j 
. (1) 

The logarithm form of ρ j is then computed as: 

y j = ln 

(
ρ j 

) = ln 

( 

x ma, j 

n j − x ma, j 

) 

− ln 

( 

x 0 , j 

n j − x 0 , j 

) 

. (2) 

Sequencing biases and subsequent analytic process such as 
ead alignments can usually cause fluctuations in observed read 

ounts, making them deviate from theoretical values . T herefore ,
t is necessary to consider these fluctuations when estimating the
ogarithm of odds ratios for SNPs. To address this, we have intro-
uced the one-way normal random-effects model (REM) [ 33 ] and
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ssumed that each observed 

y j in a gene is gener ated fr om the
ollowing process: 

y j ∼ N 

(
θ j , σ

2 
j 

)
, (3) 

θ j ∼ N 

(
μ, τ 2 ) , (4) 

μ ∼ Uniform (−∞ , + ∞ ) , (5) 

τ ∼ scale − Inv − χ2 (ϕ, s 2 ) . (6) 

Notably, μ is the expected value of θ j . Estimating μ provides
he global log odds ratio for the major haplotype of the gene and
erves as a measure of ASE extent. It is worth noting that we found
hat the two parameters of the previous distribution for τ have
 negligible impact on the identification performance of allele-
pecific e v ents ( Additional file 1: Fig. S7 ). Ther efor e, in the subse-
uent analysis, we set ϕ = 5 and s 2 = 10 . 

Using the impr ov ed Metr opolis–Hastings (M-H) sampling
ethod based on the Markov chain Monte Carlo (MCMC) algo-

ithm, we sample from the joint posterior distribution (the full
erivation is shown in the Supplementary Methods): 

p 
(
θ1 , · · ·, θ j , μ, τ | y 1 , y 2 , · · ·, y j 

)
, (7) 

nd sim ultaneousl y their mar ginals: 

p ( μ, τ | y 1 , y 2 , · · ·, y j ) (8) 

nd 

p 
(
τ | y 1 , y 2 , · · ·, y j 

)
. (9) 

We then compute the posterior means for μ, which we denote
s μASE , as the indicator of ASE. 

onstruction of the ASm 

6 A determination 

odule 

he ASm 

6 A determination module is similar to the ASE determi-
ation module, using m 

6 A peaks as the meta-analysis unit and
he SNP sites cov er ed by each modification peak for hierarchical
ayesian model construction. 

For a given peak, the following notation will be used to describe
his step: 

n (m ) 
j , the total number of reads observed at that site in the IP

sample; 
x (m ) 

ma, j , r epr esents the r ead count for the major ha plotype of the
j th SNP locus within the peak in the IP sample. 

To eliminate the influence of ASE on ASm 

6 A identification, we
ill use the pr e viousl y calculated gene ASE odds ratio μASE as the
ac kgr ound for calculating the ASm 

6 A odds ratio ρ (m ) 
j , with the

ollowing equation: 

ρ
(m ) 
j = 

x (m ) 
ma, j 

n (m ) 
j − x (m ) 

ma, j 

/ e μASE . (10) 

Furthermore, the equation for calculating the log odds ratio of
Sm 

6 A is as follows: 

y (m ) 
j = ln (ρ (m ) 

j ) = ln 

⎛ 

⎝ 

x (m ) 
ma, j 

n (m ) 
j − x (m ) 

ma, j 

⎞ 

⎠ − μASE . (11) 

Similar to the ASE module, we constructed a hier arc hical
ayesian model for each peak with the following process: 

y (m ) 
j ∼ N(θ (m ) 

j , σ
(m ) 2 

j ) , (12) 

θ
(m ) 
j ∼ N 

(
μ(m ) , τ (m )2 

)
, (13) 
μ(m ) ∼ Uniform (−∞ , + ∞ ) , (14)

τ (m ) ∼ scale − Inv − χ2 (ϕ, s 2 ) . (15)

Using the M–H sampling algorithm to estimate the parameters
n the model, we can convert the calculated the posterior means
or μ(m ) into the MAF of the peak to assess the tendency of allelic

odification imbalance. 

onstruction of the paired-sample analysis 

odule 

n pr actical r esearc h, when samples fr om differ ent gr oups orig-
nate from the same indi vidual, the y are referred to as paired
amples—e.g., tumor and normal samples from the same pa-
ient. Researchers focus on intergroup differences not influenced
y individual genetic information, such as sample-specific ASm 

6 A
 v ents. Ho w e v er, using a pseudo-phasing strategy may cause in-
onsistent haplotyping between samples when identifying ASm 

6 A
epar atel y for eac h sample, making it c hallenging to detect signif-
cant ASm 

6 A differences accurately. To address this issue, we have
ntroduced a paired-sample analysis feature that builds upon the
ingle-sample ASm 

6 A analysis. We describe the procedure here in
erms of comparing a “tumor” sample to a “normal” sample, but
he analysis can be done for any paired-samples. Initially, we iden-
ify m 

6 A peaks that ov erla p mor e than 50% in length between dif-
erent samples as originating from the same modification event.
he differ ential ASm 

6 A e v ents between samples can be classified
nto the following scenarios: 

1) A modification e v ent is pr esent in the tumor sample with
allele-specificity but does not appear in the normal sample;
this is classified as a gain ASm 

6 A e v ent in the tumor sample.
2) Conv ersel y, it is considered a loss ASm 

6 A event in the tumor
sample. 

3) Another modification e v ent is identified with allele speci-
ficity in both tumor and normal samples, but shows differ-
ing major haplotypes; this is labeled as a gain e v ent in tumor
samples. 

4) A modification e v ent that shows allele specificity in both tu-
mor and normal samples, with the same major m 

6 A hap-
lotype will be assessed for the significance of intersample
differences using a hierarchical Bayesian model to estimate
the odds ratio of the major m 

6 A haplotype. We consider the
consensus heterozygous SNP sites within the combined re-
gions of these peaks as available sites for the downstream
anal ysis, ensuring consistent ha plotyping betw een the tw o
samples . For each SNP site , the odds ratio calculation for-
mula is constructed as shown below: 

ρs 
j = 

ρtumor , j 

ρnormal , j 
(16)

here ρtumor , j = 

y tumor , j 

n tumor , j −y tumor , j 
/ e μtumor ,b and ρnormal , j =

y normal , j 

n normal , j −y normal , j 
/ e u normal ,b . 

Under the null hypothesis of no sample-specific ASm 

6 A e v ent
ccurring, we consider ρtumor , j = ρnormal , j . We then construct a
ayesian model similarly with the single-sample analysis for the
–H sampling giving the expected value of the natural logarithm

f ρs 
j . 

ignificance threshold for ASm 

6 A/ASE events 

he hier arc hical Bayesian models mer el y compute tendencies of
llele-specific e v ents. To identify significant allele-specific e v ents,

https://academic.oup.com/gigascience/article-lookup/doi/10.1093/gigascience/giaf040#supplementary-data
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we need to construct a testing model. Here, we de v eloped a thresh- 
old calculation algorithm based on extr eme v alue theory to as- 
sess the significance of allele-specific e v ents. Details of the thresh- 
old calculation algorithm can be found in the Supplementary 
Methods. 

To distinguish significant allele-specific e v ents, we ar e r equir ed 

to obtain the minor allele frequency (MAF) distribution under the 
null hypothesis condition. Due to the lack of eligible real MeRIP- 
seq data meeting the criteria, we need to simulate sequencing 
data to obtain the read counts for major and minor alleles of SNPs 
without significant ASE or ASm 

6 A e v ents. Since pr e vious studies 
commonly fit the read distribution with a negative binomial dis- 
tribution (NBD), we also introduce it here to fit the read count dis- 
tribution for individual SNPs ca ptur ed by sequencing. 

When the total read count for SNP i is N i , the read count x i j for 
individual allele j ( j can be 0 or 1) covering each SNP locus is as- 
sumed as follows: 

x i j ∼ NB ( ω i , k ) . (17) 

Her e, ω i r epr esents the theor etical r ead count of one haplotype at 
a SNP site without allele-specific e v ents, so it can be calculated 

using 0 . 5 N i . In addition, k is the dispersion parameter. 
Next, we need to estimate k using a ppr opriate sequencing data.

Since most heterozygous somatic mutations on diploid genomes 
typicall y involv e onl y one c hr omosome, genome-wide sequenc- 
ing data for detecting genomic m utations theor eticall y lac k allele 
imbalance and are suitable as background data for estimating k .
To e v aluate individual heter ogeneity in actual sequencing data 
and determine the dispersion of read counts, we obtained whole- 
genome sequencing (WGS) data from the 1000 Genomes database.
We then tallied the read counts N i at SNP i along with the read 

counts x i 0 and x i 1 for the alleles. Since each SNP from different 
individuals can be considered independently distributed, we inte- 
grated all the N i and x i j using maximum-likelihood estimation to 
estimate the dispersion parameter k . 

Subsequentl y, we sim ulated the total r ead counts for eac h SNP 
on e v ery gene/peak as the par ameter ω i of the NBD. Giv en the 
varied gene expression patterns in the transcriptome, we estab- 
lished gene-specific FPKM distributions to enhance the fidelity of 
our simulated data reflecting true gene expression. We collected 

FPKM values for all genes from The Cancer Genome Atlas Pr ogr am 

(TCGA) [ 58 ] and fitted their distributions for each gene using the 
Python pac ka ge fitter ( https://pypi.or g/pr oject/fitter/). Genes wer e 
classified into six categories with the distribution type of FPKM ac- 
cording to pr e vious r esearc h [ 59 ]. To facilitate computation, we re- 
fitted the ov er all distribution of FPKM for eac h category and sam- 
pled from these distributions to simulate FPKM values for each 

gene within its r espectiv e class. Sim ultaneousl y, by sim ulating the 
library size of sequencing data, we further calculated the total 
read count N 

′ 
i for each SNP on the gene based on the simulated 

FPKM and gene length. 
Based on the dispersion parameter k and N 

′ 
i , we derived the NBD 

for the allelic reads of each SNP within the gene/peak. By sampling 
from the NBD, we simulated the counts of reads for major and 

minor alleles of e v ery SNP, and obtained MAF for eac h gene/peak 
using M6Allele. 

Given the rarity of allele-specific events, we assume they follow 

a tail distribution in genomic data. T hus , we introduced the gener- 
alized P ar eto distribution (GPD), whic h accur atel y models the tails 
of various distributions. In the categorization of different gene ex- 
pression patterns, we estimated the tail distribution of MAF un- 
der the null hypothesis and computed the statistical significance 
thresholds. 
 he implementa tion and integr a tion of M6Allele 

e implemented the single- and paired-sample analyses de- 
cribed above in a JAR package called M6Allele. To enhance
sers’ con venience , we pro vided a compr ehensiv e pipeline for
Sm 

6 A analysis using Docker. This pipeline integrates tools such
s FastQC ( RRID:SCR _ 014583 ), fastp ( RRID:SCR _ 016962 ) [ 60 ], STAR
 RRID:SCR _ 004463 ) [ 61 ], VARSCAN ( RRID:SCR _ 006849 ) [ 62 ], GATK
 RRID:SCR _ 001876 ) [ 63 ], and MeTPeak ( RRID:SCR _ 026533 ) [ 64 ] for
uality control, alignment, SNP calling, and m 

6 A peak calling.
hile MeTPeak was used as the default peak-calling tool in this

tudy, we have tested other peak-calling tools, such as TRESS [ 65 ]
nd exomePeak2 [ 66 ], and MACS3 [ 67 ], and confirmed that they
re also compatible with M6Allele. By providing FASTQ sequenc- 
ng files, gene annotation GTF files, and r efer ence genome fasta
les, users can automatically calculate allele-specific events for 
oth gene expressions and m 

6 A modifications . T he pipeline gen-
r ates r eports on MAF and ASE/ASm 

6 A P -v alues for eac h allele-
pecific e v ent. 

eRIP-seq data collection and alignment 
eRIP-seq raw sequencing reads for pulmonary fibrosis and lung 

ar cinoma w ere do wnloaded fr om the NCBI Gene Expr ession Om-
ibus [ 68 ] (GEO ( https:// www.ncbi.nlm.nih.gov/ geo/ ); accession
umbers GSE164151, GSE198288). FastX_Trimmer (version 0.0.13) 
nd FastQC (version 0.11.9) was used to trim adaptors and con-
r ol r ead quality, r espectiv el y. Then, the clean r eads wer e ma pped
o the human genome (GRCh38) using STAR [ 61 ] (version 2.7.6.a)
ith parameters set as –twopassMode Basic. SAMtools [ 69 ] was

hen utilized to filter for uniquely aligned sequences or select the
ighest-scoring alignment from multiple alignments. 

ariant calling from the input sample of 
eRIP-seq data 

arScan [ 62 ] (version 2.3.9) was used to detect SNPs with a mini-
 um VAF v alue of 0.05. Following this, BCFtools [ 69 ] (version 1.2.1)
 as emplo y ed to fla g SNP positions with a r efer ence allele depth
 2 bp or within 3 bp of an indel. Then, VCFtools [ 70 ] (version
.1.17) was applied to filter out the flagged positions . T he variants
er e r etained if they matc hed the criteria: neither wer e found in
CSC Re peatMask er microsatellites [ 71 ] nor in RNA editing sites

RADAR database [ 34 ]) but were contained in the dbSNP database
 38 ] or the 1000 Genomes . T hen we count the reads on the two al-
eles for eac h SNP. Onl y those variants that satisfied the minimum

a pping r eads on both alleles wer e consider ed as r eliable candi-
ate heterozygous sites (each allele ≥2, the sum of two alleles ≥10
 29 ]). 

 

6 A peak calling from MeRIP-seq data 

o obtain m 

6 A modification peaks, we utilized MeTPeak [ 64 ]
version 1.1) for peak calling with default parameter settings.
y comparing with variant information, only m 

6 A peaks that
ontain variants were retained for allele-specific methylation 

nalysis. 

omparison with the other ASE or ASm 

6 A 

dentification methods 

n comparing ASE identification methods, we utilized GeneiASE 
 43 ] and MBASED [ 32 ] to identify genes exhibiting significant
SE in simulated RNA-seq data. Leveraging the settings of true
SE e v ents in the simulated data, we computed metrics such as
recision, Recall, FDR, F 0.5, and F 1 for the results obtained

https://pypi.org/project/fitter/
https://scicrunch.org/resolver/RRID:SCR_014583
https://scicrunch.org/resolver/RRID:SCR_016962
https://scicrunch.org/resolver/RRID:SCR_004463
https://scicrunch.org/resolver/RRID:SCR_006849
https://scicrunch.org/resolver/RRID:SCR_001876
https://scicrunch.org/resolver/RRID:SCR_026533
https://www.ncbi.nlm.nih.gov/geo/
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rom GeneiASE, MBASED, and M6Allele, facilitating a thorough
omparison. 

For the comparison of ASm 

6 A identification tools, we executed
he methods of ASPRIN and Cao et al. according to their tutorials,
dhering to the default parameter estimates as suggested by the
uthors. As these tools analyze individual SNP sites, we aligned
NPs associated with ASm 

6 A identified by these tools with m 

6 A
eaks. SNPs not aligning with the regions of m 

6 A peaks were ex-
luded from the analysis. If any SNP within a peak was identi-
ed as having ASm 

6 A modification by ASPRIN or Cao et al.’s al-
orithm, that peak was classified as ASm 

6 A modified, resulting in
 positive outcome; otherwise, it was considered negative. Based
n this strategy, we can get the accuracy of the pr ediction r esults
or each peak and calculate the true-positive rate (TPR) and the
alse-positiv e r ate (FPR). 

ene ontology enrichment analysis 

e performed gene ontology enrichment analysis on genes with
SE or ASm 

6 A modifications using Metascape [ 44 ] with the “GO
iological Process” pathway dataset. A significance level of P <
.05 was chosen as the threshold for statistical significance. Fol-
o wing this, w e imported the GO pathw ay enric hment r esults into
ytoscape [ 72 ] and utilized the ClueGO [ 73 ] plugin to visualize the
athw ay netw orks. 

ell lines and cell culture 

he human monocytic THP-1 cell line (#TIB-202), originally pur-
 hased fr om American Type Cultur e Collection (ATCC) by Dr
houheng Jin and provided for this study, was cultured in RPMI
640 medium (Gibco, catalog number C22400500BT) supple-
ented with 10% FBS and 1% glutamine. 

eRIP sequencing 

otal RN A w as extr acted using TRIzol r ea gent (Invitr ogen, USA)
nd assessed for quality using a NanoDrop and Bioanalyzer.
oly(A)-tailed RN A w as purified using Dynabeads Oligo(dT)25
Thermo Fisher, USA) and fr a gmented at 86 ◦C for 7 min. Fr a g-

ented RN A w as incubated with an m 

6 A-specific antibody (cat-
log number 202,003, Synaptic Systems, Germany) in IP buffer
o enrich m 

6 A-modified RNA. The RNA was r e v erse-tr anscribed
nto cDNA and converted into double-stranded DN A, follo w ed
y adapter ligation and size selection using AMPure XP beads.
ibr aries wer e amplified by PCR and sequenced on an Illumina
ovaSeq 6000 platform (LC-Bio Technology Co., Ltd., Hangzhou,
hina) in paired-end 150 bp mode. 

anger sequencing 

o validate potential ASm 

6 A events, we initially selected 15 posi-
ive and 15 negative candidate sites based on M6Allele’s predic-
ions from the THP-1 cell line MeRIP-seq data. To ensure that
he expr ession le v els of the tr anscripts at the selected sites are
ufficient for the validation, we filtered the sites by calculat-
ng the total read counts in the Input samples and excluded
ites with fewer than 25 reads ( Additional file 2: Table S4 ). As
 result, a total of 6 positive and 14 negative sites were used
or validation. Primers targeting these sites were designed for
oth Input and IP samples, with detailed primer sequences pro-
ided in Additional file 2: Table S3 . PCR products were gel-
urified and subjected to Sanger sequencing. The sequencing
 hr omatogr ams wer e pr ocessed using EditR softwar e [ 74 ] to calcu-
ate the proportions of different nucleotides at the selected sites.
dds ratios for the major allele were calculated to compare nu-
leotide proportions between IP and input samples, with sites hav-
ng an odds ratio greater than 1.2 classified as positive ASm 

6 A
 v ents. 

vailability of Source Code and 

equirements 

roject Name: M6Allele 
r oject Homepa ge: https:// github.com/ RenLabBioinformatics/
6Allele 
perating System(s): Platform independent 
r ogr amming Langua ge: Jav a 
ther Requirements: This pipeline integrates multiple tools, in-
luding FastQC, fastp [ 60 ], STAR [ 61 ], VarScan [ 62 ], GATK [ 63 ], and
eTPeak [ 64 ], for quality control, alignment, SNP calling, and m6A

eak identification. All dependencies are prepackaged in the pro-
ided Docker image [ 32 ], and the w orkflo w is registered on Work-
owHub [ 75 ]. 
icense: MIT License 
RID:SCR _ 026077 
io.tools ID: biotools:m6allele 
he Doc ker ima ge file of M6Allele, containing the JAR file and
ll necessary dependencies, can be downloaded from [ 32 ]. Com-
r ehensiv e installation and usage instructions are available
n [ 76 ]. 

dditional Files 

upplementary Methods and Supplementary Figure S1-S10. 
ig. S1. Simulation data generation w orkflo w. 
ig. S2. Comparison of the performance of M6Allele, ASPRIN, and
ao et al. in different metrics. 
ig. S3. Performance comparison of different ASm 

6 A detection
ools across various evaluation metrics on simulated datasets. 
ig. S4. Comparison of computational time for ASE and ASm 

6 A
etection across different tools and sample sizes. 
ig. S5. IGV visualizations on simulated data. 
ig. S6. IGV visualizations of differential ASm 

6 A. 
ig. S7. ASE gene analysis results on pulmonary fibrosis dataset. 
ig. S8. Enrichment and pathway analysis of ASm 

6 A and ASE
enes in pulmonary fibrosis. 
ig. S9. P athway anal ysis of ov erla pping ssASm6A-modified
enes and their inter actors enric hed in lung cancer-related
athwa ys . 
ig. S10. Impact of scaled inv erse c hi-squar ed prior par ameters
n predicted major allele frequency. 
able S1. Results of model identification of ASE e v ents on simu-
ated data. 
able S2. Identification of ASM e v ents in THP-1 cell line MeRIP-seq
ata using M6Allele, ASPRIN, and Cao et al. 
able S3. Primers information of ASm 

6 A sites used for Sanger se-
uencing experiments. 
able S4. Base composition of ASm 

6 A sites in input and IP samples
nalyzed by Sanger sequencing. 
able S5. Identification of ASE e v ents in pulmonary fibr osis
ataset through single-sample analysis using M6Allele. 
able S6. Identification of ASM e v ents in pulmonary fibrosis
ataset through single-sample analysis using M6Allele. 
able S7. Identification of ASM e v ents in lung adenocarcinoma
ataset through paired-sample analysis using M6Allele. 
able S8. ssASm 

6 A genes in the lung adenocarcinoma dataset. 

https://academic.oup.com/gigascience/article-lookup/doi/10.1093/gigascience/giaf040#supplementary-data
https://academic.oup.com/gigascience/article-lookup/doi/10.1093/gigascience/giaf040#supplementary-data
https://github.com/RenLabBioinformatics/M6Allele
https://scicrunch.org/resolver/RRID:SCR_026077
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