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Abstract

Background: Allelic gene-specific regulatory events are crucial mechanisms in organisms, pivotal to many fundamental biological
processes such as embryonic development and chromosome inactivation. Allelic gene imbalance manifests at both RNA expression
and epigenetic levels. Recent research has unveiled allelic-specific regulation of RNA N®-methyladenosine (m®A), emphasizing the
need for its precise identification. However, prevailing approaches primarily focus on screening allele-specific genetic variations as-
sociated with m®A, but not truly identify allelic m®A events. Therefore, the construction of a novel algorithm dedicated to identifying
allele-specific m®A (ASm®A) signals is still necessary for comprehensively understanding the regulatory mechanism of ASm°A.

Findings: To address this limitation, we have developed a meta-analysis approach using hierarchical Bayesian models to accurately
detect ASmPA events at the peak level from MeRIP-seq data. For user convenience, we introduce a unified analysis pipeline named
Mé6Allele, streamlining the assessment of significant ASm®A across single and paired samples. Applying M6Allele to MeRIP-seq data
analysis of pulmonary fibrosis and lung adenocarcinoma reveals enrichment of ASm®A events in key regulatory genes associated with
these diseases, suggesting their potential involvement in disease regulation.

Conclusions: Our effort provides a method for precisely identifying ASm®A events at the peak level, elucidates the interplay of m°A
with human health and disease genetics, and paves a new visual angle for disease research. The M6Allele software is freely available

at https://github.com/RenLabBioinformatics/M6Allele under the MIT license.
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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], chromosome inactivation [3], and the regulation of
gene expression in particular spatiotemporal circumstances [4].
Mechanisms such as random monoallelic expression [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 devel-
opmental abnormalities [9], cardiovascular and cerebrovascular
dysfunctions [10], progressive genetic disorders [11], and even
cancers [12, 13]. In addition to ASE, allelic imbalance is evident
in epigenetic regulation. Extensive research has focused on allele-
specific DNA methylation as a factor that controls allele-specific
expression [14, 15]. Notably, approximately 10% of human genes
are regulated by allele-specific DNA methylation [16]. While these
studies primarily focused on DNA-level modifications that influ-

ence allele-specific regulation, RNA-level modifications have re-
ceived less attention.

Similar to DNA methylation, RNA methylation is a common
and reversible epigenetic modification found in RNA nucleotides.
Among all the RNA methylation types, N®-methyladenosine (m°A)
is the most common modification in eukaryotic messenger RNAs
(mRNAs), accounting for over 80% of known RNA modifications
[17]. m®A is also extensively present in microRNAs (miRNAs) [18],
long noncoding RNAs (IncRNAs) [19], and circular RNAs (circR-
NAs) [20]. m®A is widely involved in a variety of important cell
processes, including embryonic development [21], apoptosis [22],
and sperm development [23], as well as in a large number of ma-
lignant diseases, such as tumors and obesity [24, 25]. Therefore,
mPA is a key factor for understanding disease pathogenesis and
developing new therapies.

Recent studies have revealed that allelic regulations also
existed in m®A modifications [26]. For example, Olazagoitia-
Garmendia et al. have shown that allele-specific m®A (ASm®A)
in IncRNAs, such as LOC339803, affects protein binding and
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chromatin localization, and that an SNP in the 5UTR of XPO1
associated with celiac disease, which is close to three m°A con-
sensus motifs (GGACT), exhibits higher m°A methylation, leading
to increased XPO1 protein levels and activation of nuclear factor
kappa B (NFkB), contributing to inflammation [27, 28]. To iden-
tify the transcriptome-wide ASm®A, Cao et al. recently applied
Fisher's exact test to detect ASmPA at the SNP level in MeRIP-seq
data. They identified 12,056 allele-specific SNPs located in m°A
peaks from human tissues and found that many of them are as-
sociated with risk variants in common diseases [29]. In addition,
Yi et al. developed ASPRIN [30] (Allele-Specific Protein-RNA Inter-
action) to identify genetic variations that alter RBP-RNA interac-
tions by jointly analyzing CLIP-seq and RNA-seq data, which can
theoretically also be applied to analyze variant sites associated
with ASm®A on MeRIP-seq. However, both of these methods only
estimated the allele-specific imbalance of m°®A peaks at the SNP
level, rather than truly identifying allelic m°A events, making it
challenging to interpret the underlying mechanisms of ASm°®A in
different biological processes. Since MeRIP-seq provides modifica-
tion peaks of approximately 200 nt, actual data demonstrate that
a significant number of m®A peaks possess multiple detectable
heterozygous SNPs. This underscores the importance of having a
framework for integrating expression information across individ-
ual sites in a peak region to accurately assess allele-specific im-
balance of m®A. However, there is currently no standard or robust
method for summarizing information across SNPs into a single
measure of ASmP®A for the entire peak.

To overcome these difficulties, we developed a new ASmCA
detection method, named M6Allele, which uses a hierarchical
Bayesian model to assess ASmPA by integrating information
across individual heterozygous SNPs within a peak, even with-
out any prior knowledge of haplotype phasing [31]. Our ap-
proach demonstrates higher precision and fewer false positives
compared with previous methods using Fisher's exact test. For
users’ convenience, we have built a comprehensive toolkit for the
one-stop analysis of ASmPA from MeRIP-seq data [32]. We ap-
plied M6Allele to a panel of human pulmonary fibrosis tissues
and paired tumor-normal lung tissue samples. The results in-
dicated enrichment of disease-specific ASm®A modifications in
pathogenic genes, suggesting a potential role for ASm®A in dis-
ease regulation. Our study introduced a novel meta-analytic ap-
proach that enables the precise and sensitive analysis of the dy-
namic network of ASm®A at the peak level. This method facili-
tates the identification of specific m®A modifications occurring at
the allele level, as well as the comprehension of their association
with human health and disease.

Results

M6Allele: meta-analysis based detection of
ASm°A modifications

In this study, we introduce M6Allele, an algorithm designed for
identifying ASm®As in MeRIP-seq data (Fig. 1A). Initially, high-
confidence heterozygous SNVs were identified through variant
calling, with rigorous filtering applied to mitigate transcription
and mapping biases [33]. Variants were retained if they were ab-
sent in RNA editing sites (RADAR database) [34] but present in
the dbSNP database. Subsequently, we calculated the read counts
of alleles from mfA IP and input sequencing data, followed by a
hierarchical Bayesian model to evaluate the modification differ-
ence between the two alleles at individual SNPs within a modifi-
cation unit. For M6Allele, we chose peaks as units, which can be
obtained through peak calling tools commonly used in MeRIP-seq

data analysis. Therefore, we only considered SNPs located in the
peak regions.

Me6Allele requires prior knowledge of gene haplotype speci-
fications, which are likely unknown for the MeRIP-seq dataset.
To determine the allelic origin specificity of reads, we adopted
MBASED’s strategy [35] and introduced a pseudo-phasing ap-
proach for SNPs. Specifically, for each retained SNP, we counted
the frequencies of different base types in the m°®A Input sample
separately. The two base types with the highest frequencies are
assigned as the “major” and “minor” haplotypes, respectively. To
precisely detect allelic imbalance within peaks, we quantified it
as the odds ratio of the major allele relative to the minor allele
in the m®A IP sample. The detection in ASm®A then became the
identification of peaks with an odds ratio significantly >1.

To accurately evaluate the allelic imbalance of a m®A peak,
we utilized a random-effects model (REM) [36] to integrate the
odd ratios of all SNPs within the peak. Essentially, we considered
the regression coefficients of the fixed-effects model (in our case,
ASmMPA) as random variables, assuming all coefficients follow the
same normal distribution. By constructing a hierarchical Bayesian
model, we estimated the mean of this normal distribution, which
served as the ASm®A odds ratio for the entire peak. Similarly, to
remove the influence of ASE on assessing ASm®A events, we con-
structed a hierarchical Bayesian model for ASE using m®A Input
samples at the gene level. The odds ratio of ASE obtained served
as the background odds ratio for the ASm®A model.

Because of the pseudo-phasing strategy used by M6Allele to
infer gene haplotypes, the statistical significance of ASm®A may
lead to anticonservative nominal P-values [36]. To effectively ad-
dress this issue, we simulated MeRIP-seq data using SNP loci from
the 1000 Genomes Project [37] and dbSNP [38] databases to mimic
the absence of allele-specific events. We introduced the general-
ized Pareto distribution (GPD) [39] for fitting the deviation of allelic
odds ratio under pseudo-phasing, to adjust the statistical signif-
icance level. M6Allele converts the odds ratio of each peak into
the frequency of the major allele (MAF) and provides its corre-
sponding P-value. By adjusting the P-values using the Benjamini-
Hochberg (BH) method [40], we obtain Q-values. A peak with a Q-
value below 0.05 is considered a significant allelic m®A imbalance
event.

Additionally, M6Allele includes a paired-sample analysis mod-
ule for detecting differential ASm®A between paired samples from
the same individual. Given that true haplotypes are unknown,
maintaining the consistency of haplotypes across paired sam-
ples involves designating one as the source of pseudo-phasing.
For instance, in a tumor versus normal comparison, we desig-
nate the normal sample as the control group and classify hap-
lotypes into “major” and “minor” alleles based on read counts ob-
tained from the Input sample. Differences between m°A odds ra-
tio at an individual SNP in the two samples are used as measures
of sample-specific ASm®A. SNP-level scores are combined into a
peak-level score using meta-analysis and a hierarchical Bayesian
model, which is analogous to the single-sample approach. This
composite odds ratio provides an estimate of the peak-level odds
ratio difference between samples.

The details of M6Allele are provided in Methods and Supple-
mentary Methods. Our algorithm is implemented in Java, and the
corresponding JAR file has been built. For users’ convenience, we
have developed an integrated pipeline for ASm®A analysis using
Docker (https://www.docker.com/)(Fig. 1B).

Robust ASmPA detection by M6Allele

Because of the absence of gold-standard MeRIP-seq data featuring
allele-specific events, we aimed to evaluate the performance of
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Figure 1: ASm°®As analysis pipeline. (A) Schematic diagram of the M6Allele model. (B) ASm®As identification pipeline based on Docker.

Mé6Allele in the absence of phasing information using simulated
MeRIP-seq data. The simulation process detailed in Additional file
1: Fig. S1, draws inspiration from the methods of Polyester [41] for
simulating RNA-seq.

Because accurate ASE results are essential for M6Allele to as-
sess ASmPA effectively, we initially evaluated the ASE detection
performance of M6Allele using simulated RNA-seq data. During
the ASE simulation, 50% of transcripts were randomly selected
to represent positive ASE events. For these transcripts, 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 events, we simulated RNA-seq data with different
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 events. Among the current ASE detection tools, GeneiASE
[42] and MBASED [35] can only utilize RNA-seq data to identify ASE
events. Consequently, we conducted a performance comparison of
Mé6Allele with these tools (Fig. 2A-E). We observed that the over-
all precision of M6Allele remains robust across various simulated

sequencing read lengths, showing minimal impact (Fig. 2A). How-
ever, recall increases with longer read lengths (Fig. 2B). We main-
tained the overall false discovery rate (FDR) at a nominal level
of 5%, affirming the effectiveness of P-value adjustment (Fig. 2C).
By integrating precision and recall results, we calculated the F0.5
and F1 scores [43] to comprehensively assess the performance
of M6Allele in ASE identification (Fig. 2D,E). Comparing M6Allele
to two other ASE detection tools reveals its consistently superior
performance (Additional file 2: Table S1), indicating its precision
in ASE detection is suitable for downstream analysis. To further
validate M6Allele’s ASE detection performance on real data, we
used M6Allele to identify ASE in the RNA-seq data GSM4998283.
Among the results, we chose a gene (RMRP) with significant ASE
and one (H1-3) without significant ASE. Visualization with the
IGV tool (Fig. 2F) showed their haplotype distributions, confirming
Me6Allele’s accurate identification of ASE events, consistent with
reality.

We subsequently assessed the detection performance of
ASmMP®A by M6Allele using simulated data. To ensure the sim-
ulated dataset accurately reflected 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

A B
1.00 1.001
50.75 - 0.751
o 3
©0.50 @ 0.501
[ 14
®0.25 0.25]
. . . . . . . . 0.00 4 % o 2
0.00 75 100 150 300 0.00 75 100 150 300 75 100 150 300
Length of reads (bp) Length of reads (bp) Length of reads (bp)
D E
1.00 — 1.00
0.75 / 0.75 ->- M6Allele
0 - -»- GeneiASE
S 0.50 1 L-0.50
->- MBASED
0.25 0.25
0.00 & . . . 0.00 L : . .
75 100 150 300 75 100 150 300
Length of reads (bp) Length of reads (bp)
F eT sC mA =G
100b 500b
L MAF: 0.703 P MAF: 0.520
[0 - 8500] q value: 0.009 [0 - 300] q value: 0.677

RMRP

H1-3
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Visualization of the number of reads covered by allele-specific expressed gene versus non-allele-specific expressed gene.

and distribution of m®A modifications, we incorporated ASm°A
events into the simulation by leveraging m®A peaks and sites
from GSM1828594. Moreover, for a comprehensive analysis of
Mé6Allele’s performance, we categorized all test peaks within the
samples based on five pertinent variables: read lengths, library
size, FPKM of gene expression, the number of SNPs in a peak,
and the number of biological replicates. In each category, 50% of
the peaks were randomly designated as allele-specific, i.e., true
positives for ASm®A (MAF > 0.6), while the rest were labeled as
true negatives for ASm®A (MAF = 0.5). For robust evaluation, each
simulated dataset was repeatedly analyzed 50 times. The results
demonstrated that changes in sequencing read length do not af-
fect the performance of Mé6Allele (Fig. 3A). However, increases in
library size, FPKM, the number of SNPs in a peak, and the number
of biological replicates led to a reduction in the average error rate,
with particularly pronounced improvements observed for greater
library depth and higher gene expression levels (Fig. 3B-E). De-
spite these variations, in simulated data tests, M6Allele consis-
tently maintained an error rate below 10%, even in small libraries
or for genes with low expression levels. This underscores the ro-
bustness of the M6Allele model and demonstrates its applicability
to sequencing data across diverse experimental conditions.
Furthermore, we compared the performance of M6Allele with
two additional tools capable of detecting ASm®A events, ASPRIN

[30] and the algorithm developed by Cao et al. [29]. We followed
the tutorials provided by the two tools, sticking to their default
parameter settings. As these tools can only obtain individual SNP
sites associated with ASm®A, we aligned the SNPs with m®A peaks.
If any SNP within a peak was identified as having ASm®A modifica-
tion by ASPRIN or Cao et al.’s algorithm, the peak was classified as
ASm®A modified, resulting in a positive outcome; otherwise, it was
considered non-ASmP®A. According to the ASm®A detection results
from various algorithms, we calculated the area under the ROC
curve (AUC) for each category of simulated peaks. The results indi-
cated that, across diverse settings of the simulated data, M6Allele
consistently exhibits a significantly higher average AUC compared
with the other two algorithms (Fig. 3F; Additional file 1: Fig. S2).
Furthermore, we also investigated the impact of the pseudo-
phasing strategy on the performance of M6Allele. The results in-
dicated that the AUC of M6Allele was 0.9216 with known phas-
ing information, which is comparable to the AUC of 0.9039 ob-
tained with pseudo-phasing strategy (Fig. 3F). This further vali-
dates the reliability of the pseudo-phasing method in ASm6A de-
tection. Since the other two methods identify SNP sites related
to ASmPA, they were more susceptible to the influence of dif-
ferent sequencing conditions. As the observed data on peaks in-
creased, such as the number of covered SNPs or biological repli-
cates, their performance improved significantly. This suggested
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by ASmPA peak versus non-ASm®A peak. (I) Identification of sample-specific ASm®A events in the simulated paired-samples dataset.

that the approach of relying solely on individual SNPs to identify
ASmMPA 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°®A detection algorithms (Additional file 1: Fig. S3). The results
showed that M6Allele consistently outperformed the other two
tools across all categories, combining higher precision and recall
while maintaining a lower false discovery rate. Notably, M6Allele
exhibited smaller fluctuations and superior stability compared
with the other two tools, especially under challenging conditions

such as lower library sizes or fewer biological replicates. This un-
derscores the robustness of M6Allele, particularly compared to
Cao et al.’s algorithm, which showed significant performance im-
provement with increasing gene expression, potentially indicating
its relatively higher restriction on the number of reads and lower
sensitivity in identifying ASmPA signals in low-expressed genes.
Additionally, we evaluated the computational time of M6Allele
in comparison to two other tools for both ASE and ASmP®A de-
tection tasks. Using two publicly available MeRIP-seq datasets
from GEO database (GSE164151 and GSE198288) with a total of 12
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human samples, we tested computational efficiency across five
sample size gradients under single-threaded mode. The results
showed that M6Allele exhibited comparable speed to geneiASE
for ASE detection and intermediate performance for ASm®A de-
tection, being slower than Cao et al’s tool but faster than AS-
PRIN (Additional file 1: Fig. S4). This difference in speed may be
attributed to M6Allele’s more comprehensive integration of SNP
information within peaks, which increases computational com-
plexity while ensuring higher detection accuracy.

To further validate M6Allele’s ASm®A detection perfor-
mance, we conducted experimental validations using MeRIP-seq
(GSE289760) on the human monocytic THP-1 cell line, followed
by Sanger sequencing. A total of 20 candidate sites were selected
based on predictions from M6Allele (Additional file 2: Table S2,
Table S3, Table S4). We utilized EditR software to analyze the
Sanger sequencing chromatograms, calculating the ratios of
different nucleotides at the selected sites in both the IP and
input samples, and determining the odds ratio for the major
allele. Using a threshold of greater than 1.2 for the odds ratio,
we classified 9 ASmPA sites as true positives and 11 as true
negatives. Using these 20 sites, we compared the performance
of three ASmPA detection tools. The results demonstrated that
Mé6Allele achieved a significantly higher AUC compared to the
other two tools (Fig. 3G). Additionally, we analyzed the IP and
Input samples from GSE164151 (GSM4998285 and GSM4998284).
From the results, we randomly selected three peaks with signif-
icant ASmPA and three peaks showing no significant ASm°®A for
visualization using IGV (Fig. 3H and Additional file 1: Fig. S5).
Their haplotype distributions in IP and Input samples confirmed
Mé6Allele’s precise identification of ASmPA events, aligning with
actual observations.

Similarly, simulations were performed in the paired-sample
setting (Supplementary Methods). To evaluate M6Allele’s accu-
racy for detecting sample-specific ASmPA events in the paired-
sample analysis, MeRIP-seq data for paired-samples were gener-
ated using identical genotypic and m®A peaks. Then, 956 peaks
were randomly classified into four ASm®A categories: absent in
both samples, present only in sample 1, present only in sample
2, and present in both samples. Through paired-sample analysis
using M6Allele and comparing the results with the peak assign-
ments (Fig. 31), precise identification of sample-specific ASm°A
events was observed, achieving an overall accuracy of 89.9%.
To illustrate these four ASmPA categories, we provided IGV vi-
sualizations of randomly selected examples for each category
(Additional file 1: Fig. S6). The observed haplotype distributions
in IP and Input samples were consistent with M6Allele’s detection
results for differential ASm®A events.

ASmP®A modifications are closely associated with
pulmonary fibrosis

The impact of ASm®A modification on human diseases is our fo-
cal point. However, only a few studies report an association be-
tween ASmPA and diseases. Previous studies demonstrated that
pulmonary fibrosis is a typical disease regulated by m®A modifica-
tion. To further investigate the impact of ASm®A modification on
pulmonary fibrosis, we utilized M6Allele to analyze the distribu-
tion of ASE and ASm®A events in patients with pulmonary fibrosis
(Additional file 2: Table S5, Table S6). We identified widespread ASE
and ASmP®A modifications across 22 pairs of autosomal chromo-
somes in patients with pulmonary fibrosis (Fig. 4A,B). Compared
to normal human tissue, we found 111 genes exhibiting signifi-
cant ASE exclusively in all pulmonary fibrosis patient tissues (re-

ferred to as ASE-Gain), along with 94 genes showing significant
ASE only in normal tissue (referred to as ASE-Loss) at the whole-
genome level (Additional file 1: Fig. S7a,b). Similarly, we detected
64 specific ASm®A-modified genes (ASmP®A-Gain) and 62 genes
with ASmPA-Loss in pulmonary fibrosis patient tissues. We found
very few genes shared between ASE and ASmP®A, with only six
genes showing a gain of both ASE and ASmPA, and just one gene
showing a loss of both ASE and ASmPA (Additional file 1: Fig. S7a,
b). This suggested that ASm®A may exert its regulatory function
through alternative mechanisms instead of only impact allelic
gene expression. Next, we conducted pathway enrichment anal-
ysis on genes associated with ASE and ASm®A events with a FDR
< 0.05, utilizing the “GO Biological Processes” dataset from the
Metascape database [44] (Fig. 4C,D and Additional file 1: Fig. S7c¢,d).
In the patient tissues, genes with ASm°A-Gain were significantly
enriched in immune response, complement activation classical
pathway, Rho protein signaling, and other functional pathways
closely related to human pulmonary fibrosis disease (Fig. 4C).
Meanwhile, genes exhibiting ASE-Gain in pulmonary fibrosis were
enriched in aorta morphogenesis, response to interferon-gamma,
negative regulation of cell growth, and other pathways related to
lung vasculature, cell, and immunity (Additional file 1: Fig. S7c).
ASmMPA-Loss genes were visibly enriched in pathways associated
with epithelial cell differentiation, MAP kinase activation, changes
in cell morphology, immune activation response, and platelet-
derived growth factors associated with pulmonary fibrosis dis-
eases (Fig. 4D). Genes with ASE-Loss in pulmonary fibrosis played
crucial roles in growth factor and metabolism-related pathways
(Additional file 1: Fig. S7d). These results suggested that ASE and
ASmPA events may collectively influence the development of pul-
monary fibrosis through interconnected pathways.

To further elucidate the regulatory relationship between
ASmPA and pulmonary fibrosis, we compared known pul-
monary fibrosis-related genes (Scoregpa > 0.3) from the DisGeNET
database [45] with ASm®A-Gain and ASm®A-Loss genes in pul-
monary fibrosis patients. Initially, we conducted a hypergeometric
test to analyze the relationship between ASm®A-Gain and ASm®A-
Loss genes and known pulmonary fibrosis genes, utilizing all an-
notated genesin the GTF file of hg38 as a sample population, total-
ing 58,676 genes. Theresult (P < 5 x 107/) revealed a significant en-
richment of ASm®A-modified genes within the pulmonary fibrosis
gene set (the deep blue bar in Fig. 4E). To delve deeper into the reg-
ulation of pulmonary-fibrosis-associated genes by ASm®A mod-
ification, we identified genes interacting with ASm®A-modified
genes with confidence of 0.9 from the STRING database [46] and
determined their overlap with pulmonary-fibrosis-related genes.
In ASmPA-modified genes and their interactors, referred to as
ASm®A-regulated genes, hypergeometric testing unveiled a signif-
icant enrichment of pulmonary-fibrosis-related genes (the green
bar in Fig. 4E). Functional pathway analysis of this gene overlaps
highlighted significant enrichment in pathways crucial to pul-
monary fibrosis pathogenesis, notably positive regulation of phos-
phorylation [47], negative regulation of cell differentiation [48],
and positive regulation of immune response [48] (Additional file
1: Fig. S8a). Additionally, we conducted a similar analysis on ASE
genes (Additional file 1: Fig. S8b). The overlapping genes showed
enrichment in pathways such as positive regulation of cell mi-
gration [49], response to growth factor [50], and negative regula-
tion of cell differentiation [51]. The hypergeometric test between
ASE genes and pulmonary fibrosis-related genes revealed a signif-
icant enrichment of ASE genes among pulmonary-fibrosis-related
genes (the orange bar in Fig. 4E). Meanwhile, pulmonary-fibrosis-
related genes were also significantly enriched among ASE genes
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denotes genes exclusively regulated by ASm6A,
“d”in the remaining bars are analogous to those in above two

bars. The purple bar represents the odds ratio of genes associated with lung adenocarcinoma observed in ssASm6A-regulated genes of tumor samples.
Additionally, the orange bar represents the odds ratio of genes associated with pulmonary fibrosis observed in ASE-Gain/Loss genes, and the light blue
bar represents the odds ratio of ASE-regulated genes observed in pulmonary fibrosis-associated genes.
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samples. (D) ssASm®A-modified genes in normal samples.

and their interactors (the light blue bar in Fig. 4E). The above
findings suggest that genes with allele-specific events identified
by M6Allele may interact with known pulmonary-fibrosis-related
genes, regulate related pathways, and thus influence the progres-
sion of pulmonary fibrosis diseases. M6Allele can unearth ASmPA-
modified genes closely related to diseases from the MeRIP-seq
data, providing a new direction for research on the pathogenesis
and treatment of human diseases.

M6Allele reveals lung-adenocarcinoma-
associated ASmPA with high heterogeneity

It has previously been reported that m®A modification can regu-
late the occurrence and development of cancers [52], particularly
lung adenocarcinoma, a malignant tumor with an exceptionally
high mortality rate [53, 54]. Notably, there have been no reports
on whether ASm®A modification regulates the progression of ma-
lignant tumors. To further explore the impact of ASm®A modifica-
tion on lung adenocarcinoma, we used M6Allele toidentify ASm®A
events in lung adenocarcinoma patients [55] (Additional file 2:
Table S7). In cancer research, we typically emphasize intergroup
differences between tumors and adjacent tissues unaffected by
individual genetic information, such as sample-specific ASm®A
(ssASmPA) events. As ASmPA events achieved from unpaired-
sample analysis of tumor samples often include many events
unrelated to the disease, such as the patient’s inherited ASm®A
events, filtering out these false positives is crucial for identifying
disease-relevant ASm®A modifications. Therefore, we compared
two strategies, the unpaired-sample and paired-sample analy-
sis, to exclude false-positive ssASmPA events. The results of the
single-sample analysis showed that tumor samples from three
patients had 382, 339, and 651 peaks with ASm®A, while in the
normal samples, there were 446, 536, and 451 peaks with ASm°®A
(Fig. 5A). Through paired-sample analysis, we found that only 17—
49% of the ASm°®A events identified in unpaired-sample analy-

sis were recognized as single-sample ASm®A signals (Fig. 5B). The
remaining ASm°®A signals were present in both tumor and nor-
mal samples, suggesting these events may be inherent epigenetic
regulatory events in patients unrelated to the tumor. These re-
sults illustrate that paired-sample analysis can effectively screen
for ssASm®A modifications and identify significant differences in
ASmMPA events between samples. Therefore, in downstream anal-
ysis, we focused solely on single-sample ASmPA events.

To examine the uniformity of sSASm°®A sites among different
patient samples, we combined the analysis results to create a
Venn diagram. The results reveal that, among the 422, 247, and
158 tumor ssASmPA-Gain genes identified in the three patient
samples, only six genes were shared (Fig. 5C). Similarly, there
were only nine shared tumor ssASmPA-Loss genes in the three
patient samples, while the identified genes numbered 421, 367,
and 321, respectively (Fig. 5D). These findings indicate that the tu-
mor ssASm®A-modified genes identified in different patients with
lung adenocarcinoma differ significantly, and the gain and loss of
ASmMPA also vary notably across different patient samples. More-
over, the proportion of identified ASm®A-modified genes existing
alone in a single sample accounted for as much as 79.95% (674
out of 843), 73.78% (453 out of 614), and 75.16% (360 out of 479),
respectively. These results highlight the highly heterogeneous
and complex nature of lung-adenocarcinoma-associated ASm®A
modifications.

To prove the effectiveness of the algorithm, we annotated
the 15 ssASmPA genes shared among the three patient samples
through a literature review (Additional file 2: Table S8). Among
these, five genes were reported to be directly associated with lung
adenocarcinoma, four genes were associated with lung cancer but
not specifically with lung adenocarcinoma, and six genes were
not reported to be related to lung cancer but were found to be
associated with other types of cancer. Furthermore, our hyperge-
ometric testing revealed significant enrichment of these 15 genes
among lung-cancer-related genes from DisGeNet (Scoregps > 0.3;
the red bar in Fig. 4E). These findings demonstrate the algorithm’s
effectiveness in identifying significant genes related to cancer. In
addition, genes associated with lung adenocarcinoma (Scoregpa
> 0.3 in DisGenet) were significantly enriched among ssASmO°A-
regulated genes including ssASm®A-modified genes and their in-
teractors (confidence > 0.9 in STRING) (the purple bar in Fig. 4E).
This suggests that ssSASm®A may directly or indirectly regulate the
occurrence and development of lung cancer by modifying disease-
related genes and interacting proteins. We conducted functional
pathway analysis on the overlapping genes, revealing significant
enrichment in pathways related to lung cancer, such as positive
regulation of cell migration [56], epithelial cell development [56],
and protein catabolic process [57] (Additional file 1: Fig. S9). This
suggests that ssASm®A may regulate the occurrence and devel-
opment of lung cancer by affecting the function of lung-cancer-
related gene pathways.

Discussion

Recent research suggests the widespread presence of ASm®A
modifications and their impact on disease susceptibility. In this
study, a novel method called M6Allele was developed for detect-
ing ASmPA events using MeRIP-seq data, both in single-sample
analysis and in a paired-sample comparison (differential ASmP®A).
MéAllele integrates available information to determine ASm®A
extentin a given peak by meta-analysis across SNPs within IP and
Input samples. Combining M6Allele with MeRIP-seq analysis tools
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in our pipeline enables precise visualization of the transcriptome-
wide ASmPA 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. The pseudo-phasing strategy for inferring gene haplotypes
may lead to nonconservative nominal P-values when calculating
the statistical significance of ASm®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 Mé6Allele to accurately identify significant
allele-specific imbalance events.

Unlike other existing algorithms, M6Allele does not identify
SNP or mutation sites associated with ASm®A. Instead, it employs
a meta-analysis strategy at the peak level, integrating all SNP in-
formation within each peak for ASmPA estimation through a hi-
erarchical 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®A events. This compu-
tational approach performs well across different parameters in
MeRIP-seq experiments and compares favorably with other state-
of-the-art tools. Additionally, the framework of M6Allele supports
both within-sample and paired-sample ASm®A analyses. The lat-
ter functionality allows the user to, for example, identify differ-
ential ASmP®A in tumor versus normal comparisons, or to com-
pare ASm®A changes before and after treatment. These features
make M6Allele more suitable for identifying ASm®A events un-
der real experimental conditions. This study applied the M6Allele
to identify ASm®A events in pulmonary fibrosis and lung adeno-
carcinoma. The results demonstrated a significant association be-
tween the identified ASm®A genes and these conditions, reveal-
ing the potential key role of ASm®As in the development of these
diseases. This also indicates that M6Allele can provide a reliable
ASmP®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’G or Ac’C. How-
ever, since the peak-calling tools within the M6Allele pipeline
are primarily optimized for MeRIP-seq data, users can alterna-
tively upload peak-calling results from other tools to facilitate the
analysis of ASM events across various RIP-seq datasets. In this
study, we employed a pseudo-phasing strategy, which may intro-
duce some deviation in MAF values, albeit insignificantly affect-
ing events with marked allelic imbalances. Therefore, integrating
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
remains applicable to studies involving other vertebrates. To en-
sure more precise assessments, our future endeavors will encom-
pass a broader array of species within the M6Allele model, encom-
passing mice, fruit flies, yeast, and zebrafish.

Conclusions

This study showed that M6Allele is a powerful tool for detect-
ing ASm®A events using MeRIP-seq data, offering significant ad-
vantages in visualizing the transcriptome-wide ASm®A landscape.
The method’s ability to handle both single-sample and paired-
sample analyses provides versatility in identifying significant
ASmPA events under various experimental conditions. Applying
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Me6Allele to pulmonary fibrosis and lung adenocarcinoma data
highlighted its potential in uncovering the role of ASm®As in dis-
ease development. While the pseudo-phasing strategy and hap-
lotype reconstruction method have some limitations, introducing
GPD for P-value adjustment ensures more accurate statistical sig-
nificance assessments. This study paves the way for more compre-
hensive studies on the interplay between m®A modifications and
disease genetics, contributing valuable insights to the field. It sets
the stage for more in-depth studies on how m®A modifications in-
teract with disease genetics, providing valuable insights.

Methods
Overview of M6Allele

The comprehensive mathematical description and justification
for M6Allele is provided in the Supplementary Methods. Here,
we offer a summary of M6Allele and its application in this
manuscript.

The core algorithm of M6Allele is comprised of three func-
tional modules: (1) a module that infers genes with significant
ASE events in RNA-seq samples (Fig. 1A); (2) a module designed to
identify ASmPA peaks from a single MeRIP-seq sample; and (3) a
module for detecting the differential ASm®A peak between paired
samples.

Construction of the ASE determination module

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

However, the framework depends on specifying gene haplo-
types, which may be unknown for MeRIP-seq datasets. Here, we
refer to the voting-based pseudo-phasing strategy in MBASED [32]
for haplotyping. When a gene contains at least one heterozygous
exon SNP, we assume it to have two haplotypes. We then count the
reads mapping to individual SNPs in the Input sample and define
the top two highest read counts of bases as the “major” and “mi-
nor” haplotypes for that site.

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

n;, total reads of the jth SNP site in the gene;

Xma,j, the count of reads mapping to the major haplotype in
SNP;;

Xo,j, the theoretical read counts of the major haplotype at SNPj
without ASE, with a default value of 0.5xn;.

Accordingly, the standardized odds ratio p; of the major haplo-
type at an individual SNPj can be represented as:

Xma, j Xo,j
Pj= 1)
]_Xma,) }_XO.)

The logarithm form of p; is then computed as:

Xma,j Xo,j
Vi=In(p;)=In —1In . 2
j=1n(s) (_) (n}-_xo,j) @

Sequencing biases and subsequent analytic process such as
read alignments can usually cause fluctuations in observed read
counts, making them deviate from theoretical values. Therefore,
itis necessary to consider these fluctuations when estimating the
logarithm of odds ratios for SNPs. To address this, we have intro-
duced the one-way normal random-effects model (REM) [33] and
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assumed that each observed y; in a gene is generated from the
following process:

y; ~N(6.07). )

0; ~ N (1. 7%, (4)

u ~ Uniform(—o0, +0), (5)
T ~ scale — Inu — x2(g, s?). (6)

Notably, u is the expected value of ;. Estimating u provides
the global log odds ratio for the major haplotype of the gene and
serves as a measure of ASE extent. Itis worth noting that we found
that the two parameters of the previous distribution for r have
a negligible impact on the identification performance of allele-
specific events (Additional file 1: Fig. S7). Therefore, in the subse-
quent analysis, we set ¢ = 5 and s? = 10.

Using the improved Metropolis-Hastings (M-H) sampling
method based on the Markov chain Monte Carlo (MCMC) algo-
rithm, we sample from the joint posterior distribution (the full
derivation is shown in the Supplementary Methods):

p (61 05, 1 TV Y2, Y) (7)
and simultaneously their marginals:
plu. Tlyr. ya. - ¥j) (8
and
p(elyr.y2. -+ yj) - ©)

We then compute the posterior means for u, which we denote
as pase, as the indicator of ASE.

Construction of the ASmP®A determination
module

The ASm®A determination module is similar to the ASE determi-
nation module, using m®A peaks as the meta-analysis unit and
the SNP sites covered by each modification peak for hierarchical
Bayesian model construction.

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

ngm), the total number of reads observed at that site in the IP
sample;
(m)

Xyq ;> TEPTESENLS the read count for the major haplotype of the

jth SNP locus within the peak in the IP sample.

To eliminate the influence of ASE on ASmPA identification, we
will use the previously calculated gene ASE odds ratio uase as the
background for calculating the ASm®A odds ratio p}m), with the
following equation:

(m)
m) _ %ina j Jetast (10)
Py T '
j ma,j

Furthermore, the equation for calculating the log odds ratio of
ASMPA is as follows:

(m)
x
yEm) = ln(p}m)) =In (M) — ILASE- (11)

jo T fmaj
Similar to the ASE module, we constructed a hierarchical
Bayesian model for each peak with the following process:

2
y?’”) ~ N(@)@m)‘ Uj(m) ). (12)

™ ~ Uniform(—oo, 4+00), (14)

M ~ scale — Inv — x2 (g, 5%). (15)

Using the M-H sampling algorithm to estimate the parameters
in the model, we can convert the calculated the posterior means
for ™ into the MAF of the peak to assess the tendency of allelic
modification imbalance.

Construction of the paired-sample analysis
module

In practical research, when samples from different groups orig-
inate from the same individual, they are referred to as paired
samples—e.g., tumor and normal samples from the same pa-
tient. Researchers focus on intergroup differences not influenced
by individual genetic information, such as sample-specific ASm°®A
events. However, using a pseudo-phasing strategy may cause in-
consistent haplotyping between samples when identifying ASm®A
separately for each sample, making it challenging to detect signif-
icant ASmP®A differences accurately. To address this issue, we have
introduced a paired-sample analysis feature that builds upon the
single-sample ASm®A analysis. We describe the procedure here in
terms of comparing a “tumor” sample to a “normal” sample, but
the analysis can be done for any paired-samples. Initially, we iden-
tify m®A peaks that overlap more than 50% in length between dif-
ferent samples as originating from the same modification event.
The differential ASmPA events between samples can be classified
into the following scenarios:

1) A modification event is present in the tumor sample with
allele-specificity but does not appear in the normal sample;
this is classified as a gain ASm®A event in the tumor sample.

2) Conversely, it is considered a loss ASm®A event in the tumor
sample.

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

4) A modification event that shows allele specificity in both tu-
mor and normal samples, with the same major m°®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°A haplotype. We consider the
consensus heterozygous SNP sites within the combined re-
gions of these peaks as available sites for the downstream
analysis, ensuring consistent haplotyping between the two
samples. For each SNP site, the odds ratio calculation for-
mula is constructed as shown below:

Ptumor, j
5 = Lo (16)
Pnormal, j
Yeumor,
where Ptumor,j = g feftuumort and Pnormal,j =

Neumor, j —Ytumor. j

Yuomal) __ folromaly

Mnormal,j —Ynormal, j

Under the null hypothesis of no sample-specific ASm®A event
occurring, we considerpuymor,j = Prormalj- We then construct a
Bayesian model similarly with the single-sample analysis for the
M-H sampling giving the expected value of the natural logarithm
of p)s-.

Significance threshold for ASm°®A/ASE events

The hierarchical Bayesian models merely compute tendencies of
allele-specific events. To identify significant allele-specific events,


https://academic.oup.com/gigascience/article-lookup/doi/10.1093/gigascience/giaf040#supplementary-data

we need to construct a testing model. Here, we developed a thresh-
old calculation algorithm based on extreme value theory to as-
sess the significance of allele-specific events. Details of the thresh-
old calculation algorithm can be found in the Supplementary
Methods.

To distinguish significant allele-specific events, we are required
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 ASmP®A events. Since previous 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 captured by sequencing.

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

Xi)' ’VNB(wi, k) (17)

Here, w; represents the theoretical read count of one haplotype at
a SNP site without allele-specific events, so it can be calculated
using 0.5N;. In addition, k is the dispersion parameter.

Next, we need to estimate k using appropriate sequencing data.
Since most heterozygous somatic mutations on diploid genomes
typically involve only one chromosome, genome-wide sequenc-
ing data for detecting genomic mutations theoretically lack allele
imbalance and are suitable as background data for estimating k.
To evaluate individual heterogeneity 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; at SNP; along with the read
counts Xxjp and xj; for the alleles. Since each SNP from different
individuals can be considered independently distributed, we inte-
grated all the N; and x;; using maximum-likelihood estimation to
estimate the dispersion parameter k.

Subsequently, we simulated the total read counts for each SNP
on every gene/peak as the parameter ; of the NBD. Given 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 Program
(TCGA) [58] and fitted their distributions for each gene using the
Python package fitter (https://pypi.org/project/fitter/). Genes were
classified into six categories with the distribution type of FPKM ac-
cording to previous research [59]. To facilitate computation, we re-
fitted the overall distribution of FPKM for each category and sam-
pled from these distributions to simulate FPKM values for each
gene within its respective class. Simultaneously, by simulating the
library size of sequencing data, we further calculated the total
read count N/ for each SNP on the gene based on the simulated
FPKM and gene length.

Based on the dispersion parameter k and N, 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 every SNP, and obtained MAF for each gene/peak
using M6Allele.

Given the rarity of allele-specific events, we assume they follow
a tail distribution in genomic data. Thus, we introduced the gener-
alized Pareto distribution (GPD), which accurately 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.
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The implementation and integration of M6Allele

We implemented the single- and paired-sample analyses de-
scribed above in a JAR package called M6Allele. To enhance
users’ convenience, we provided a comprehensive pipeline for
ASmMPA analysis using Docker. This pipeline integrates tools such
as 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
quality control, alignment, SNP calling, and m°A peak calling.
While MeTPeak was used as the default peak-calling tool in this
study, we have tested other peak-calling tools, such as TRESS [65]
and exomePeak? [66], and MACS3 [67], and confirmed that they
are also compatible with M6Allele. By providing FASTQ sequenc-
ing files, gene annotation GTF files, and reference genome fasta
files, users can automatically calculate allele-specific events for
both gene expressions and m°A modifications. The pipeline gen-
erates reports on MAF and ASE/ASm®A P-values for each allele-
specific event.

MeRIP-seq data collection and alignment
MeRIP-seq raw sequencing reads for pulmonary fibrosis and lung
carcinoma were downloaded from the NCBI Gene Expression Om-
nibus [68] (GEO (https://www.ncbi.nlm.nih.gov/geo/); accession
numbers GSE164151, GSE198288). FastX_Trimmer (version 0.0.13)
and FastQC (version 0.11.9) was used to trim adaptors and con-
trol read quality, respectively. Then, the clean reads were mapped
to the human genome (GRCh38) using STAR [61] (version 2.7.6.a)
with parameters set as —twopassMode Basic. SAMtools [69] was
then utilized to filter for uniquely aligned sequences or select the
highest-scoring alignment from multiple alignments.

Variant calling from the input sample of
MeRIP-seq data

VarScan [62] (version 2.3.9) was used to detect SNPs with a mini-
mum VAF value of 0.05. Following this, BCFtools [69] (version 1.2.1)
was employed to flag SNP positions with a reference allele depth
<2 bp or within 3 bp of an indel. Then, VCFtools [70] (version
0.1.17) was applied to filter out the flagged positions. The variants
were retained if they matched the criteria: neither were found in
UCSC RepeatMasker microsatellites [71] nor in RNA editing sites
(RADAR database [34]) but were contained in the dbSNP database
[38] or the 1000 Genomes. Then we count the reads on the two al-
leles for each SNP. Only those variants that satisfied the minimum
mapping reads on both alleles were considered as reliable candi-
date heterozygous sites (each allele >2, the sum of two alleles >10
[29]).

mCA peak calling from MeRIP-seq data

To obtain m°A modification peaks, we utilized MeTPeak [64]
(version 1.1) for peak calling with default parameter settings.
By comparing with variant information, only m®A peaks that
contain variants were retained for allele-specific methylation
analysis.

Comparison with the other ASE or ASm°A
identification methods

In comparing ASE identification methods, we utilized GeneiASE
[43] and MBASED [32] to identify genes exhibiting significant
ASE in simulated RNA-seq data. Leveraging the settings of true
ASE events in the simulated data, we computed metrics such as
Precision, Recall, FDR, FO.5, and F1 for the results obtained
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from GeneiASE, MBASED, and M6Allele, facilitating a thorough
comparison.

For the comparison of ASmPA identification tools, we executed
the methods of ASPRIN and Cao et al. according to their tutorials,
adhering to the default parameter estimates as suggested by the
authors. As these tools analyze individual SNP sites, we aligned
SNPs associated with ASmPA identified by these tools with m°A
peaks. SNPs not aligning with the regions of m®A peaks were ex-
cluded from the analysis. If any SNP within a peak was identi-
fied as having ASm®A modification by ASPRIN or Cao et al.’s al-
gorithm, that peak was classified as ASm®A modified, resulting in
a positive outcome; otherwise, it was considered negative. Based
on this strategy, we can get the accuracy of the prediction results
for each peak and calculate the true-positive rate (TPR) and the
false-positive rate (FPR).

Gene ontology enrichment analysis

We performed gene ontology enrichment analysis on genes with
ASE or ASmPA modifications using Metascape [44] with the “GO
Biological Process” pathway dataset. A significance level of P <
0.05 was chosen as the threshold for statistical significance. Fol-
lowing this, we imported the GO pathway enrichment results into
Cytoscape [72] and utilized the ClueGO [73] plugin to visualize the
pathway networks.

Cell lines and cell culture

The human monocytic THP-1 cell line (#TIB-202), originally pur-
chased from American Type Culture Collection (ATCC) by Dr
Shouheng Jin and provided for this study, was cultured in RPMI
1640 medium (Gibco, catalog number C22400500BT) supple-
mented with 10% FBS and 1% glutamine.

MeRIP sequencing

Total RNA was extracted using TRIzol reagent (Invitrogen, USA)
and assessed for quality using a NanoDrop and Bioanalyzer.
Poly(A)-tailed RNA was purified using Dynabeads Oligo(dT)25
(Thermo Fisher, USA) and fragmented at 86°C for 7 min. Frag-
mented RNA was incubated with an m®A-specific antibody (cat-
alog number 202,003, Synaptic Systems, Germany) in IP buffer
to enrich m®A-modified RNA. The RNA was reverse-transcribed
into cDNA and converted into double-stranded DNA, followed
by adapter ligation and size selection using AMPure XP beads.
Libraries were amplified by PCR and sequenced on an Illumina
NovaSeq 6000 platform (LC-Bio Technology Co., Ltd., Hangzhou,
China) in paired-end 150 bp mode.

Sanger sequencing

To validate potential ASmPA events, we initially selected 15 posi-
tive and 15 negative candidate sites based on M6Allele’s predic-
tions from the THP-1 cell line MeRIP-seq data. To ensure that
the expression levels of the transcripts at the selected sites are
sufficient for the validation, we filtered the sites by calculat-
ing the total read counts in the Input samples and excluded
sites with fewer than 25 reads (Additional file 2: Table S4). As
a result, a total of 6 positive and 14 negative sites were used
for validation. Primers targeting these sites were designed for
both Input and IP samples, with detailed primer sequences pro-
vided in Additional file 2: Table S3. PCR products were gel-
purified and subjected to Sanger sequencing. The sequencing
chromatograms were processed using EditR software [74] to calcu-
late the proportions of different nucleotides at the selected sites.
Odds ratios for the major allele were calculated to compare nu-

cleotide proportions between IP and input samples, with sites hav-
ing an odds ratio greater than 1.2 classified as positive ASm°®A
events.

Availability of Source Code and
Requirements

Project Name: M6Allele

Project Homepage: https://github.com/RenLabBioinformatics/
MeéAllele

Operating System(s): Platform independent

Programming Language: Java

Other Requirements: This pipeline integrates multiple tools, in-
cluding FastQC, fastp [60], STAR [61], VarScan [62], GATK [63], and
MeTPeak [64], for quality control, alignment, SNP calling, and m6A
peak identification. All dependencies are prepackaged in the pro-
vided Docker image [32], and the workflow is registered on Work-
flowHub [75].

License: MIT License

RRID:SCR_026077

Bio.tools ID: biotools:mé6allele

The Docker image file of M6Allele, containing the JAR file and
all necessary dependencies, can be downloaded from [32]. Com-
prehensive installation and usage instructions are available
on [76].

Additional Files

Supplementary Methods and Supplementary Figure S1-S10.
Fig. S1. Simulation data generation workflow.

Fig. S2. Comparison of the performance of M6Allele, ASPRIN, and
Cao et al. in different metrics.

Fig. S3. Performance comparison of different ASm®A detection
tools across various evaluation metrics on simulated datasets.
Fig. S4. Comparison of computational time for ASE and ASm°®A
detection across different tools and sample sizes.

Fig. S5. IGV visualizations on simulated data.

Fig. S6. IGV visualizations of differential ASm®A.

Fig. S7. ASE gene analysis results on pulmonary fibrosis dataset.
Fig. S8. Enrichment and pathway analysis of ASm®A and ASE
genes in pulmonary fibrosis.

Fig. S9. Pathway analysis of overlapping ssASm6A-modified
genes and their interactors enriched in lung cancer-related
pathways.

Fig. S10. Impact of scaled inverse chi-squared prior parameters
on predicted major allele frequency.

Table S1. Results of model identification of ASE events on simu-
lated data.

Table S2. Identification of ASM events in THP-1 cell line MeRIP-seq
data using M6Allele, ASPRIN, and Cao et al.

Table S3. Primers information of ASm®A sites used for Sanger se-
quencing experiments.

Table S4. Base composition of ASm®A sites in input and IP samples
analyzed by Sanger sequencing.

Table S5. Identification of ASE events in pulmonary fibrosis
dataset through single-sample analysis using M6Allele.

Table S6. Identification of ASM events in pulmonary fibrosis
dataset through single-sample analysis using M6Allele.

Table S7. Identification of ASM events in lung adenocarcinoma
dataset through paired-sample analysis using M6Allele.

Table S8. ssSASm®A genes in the lung adenocarcinoma dataset.
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