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Cancer is a complex and multifaceted group of diseases charac-
terized by uncontrolled cell growth that leads to the formation
of malignant tumors. Recent studies suggest that N6-methyla-
denosine (m®A) RNA methylation plays pivotal roles in cancer
pathology by influencing various cellular processes. However,
the degree to which these mechanisms are shared across
different cancer types remains unclear. In this study, we analyze
an expansive array of 167 m°A epitranscriptome profiles
covering 12 distinct cancer types and their originating normal
tissues. We trained 12 distinct, cancer type-specific interpret-
able deep cross network models, which successfully distinguish
between specific pairs of normal and cancer m°®A contexts using
integrated information from both the sequences and curated
genomic knowledge. Interestingly, cross-cancer type testing
indicated the existence of shared genomic patterns across
various cancers at the epitranscriptome level. A pan-cancer
model was subsequently developed to identify these shared pat-
terns that could not be observed in a single cancer type. Our
analysis uncovered, for the first time, a common epitranscrip-
tome signature shared across multiple cancer types, particu-
larly associated with RNA hybridization process and aberrant
splicing. This highlights the importance of a comprehensive
understanding of the pan-cancer epitranscriptome and holding
potential implications in the development of RNA methyl-
ation-based therapeutics for various cancers.

INTRODUCTION

Our understanding of cancer biology has been continuously broad-
ening through systematic studies that focus on both genetic and
epigenetic alterations in oncogenes, shedding light on the intricate
molecular mechanisms that drive tumorigenesis."” Accumulating ev-
idence has indicated a strong effect of RNA methylation on tumor
initiation and cancer progression,”” mostly for the well-studied

N6-methyladenosine (m°®A) methylome. In human disease, m®A dys-
regulation has been reported to play an essential role in tumor prolif-
eration, migration, and invasion across different cancer types,8’9
including breast cancer,'*!! lung cancer,'” bladder tumors,'>*
liver cancer.''® However, the function and mechanism of m°A
methylation in regulating many tumor processes still remain poorly
characterized, especially on the key question of whether multiple can-
cer types share commonalities at the epitranscriptomic layer.

and

Previous pan-cancer analysis has successfully identified shared post-
translational modifications patterns of protein regulation, such as
pan-cancer patterns of changes in protein acetylation and protein
phosphorylation.'” In addition, efforts have also been made to explore
the relationship between cancer genomics and transcriptomics, which
typically focus on changes in gene expression or splicing,"® mRNA-
protein correlations,® potential biomarker of RNA modification
(RM) regulators (e.g., ALKBH5 and YTHDF1),”>*' RM regulators
and their interacting RNAs,”> and RM-mediator genes.”” These
studies together have expanded our knowledge on cancer biology
through different regulatory networks. Nevertheless, to the best of
our knowledge, none of these pioneer studies have directly examined
the pan-cancer epitranscriptome disturbance, while indirect study of
the epitranscriptome by examining its mediator can be less reliable
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due to possible RM-independent functions and complex
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context-specific regulations.”” Given that DNA methylation plays a
critical role in the development of DNA methylation-based cancer
biomarkers,” it is equally important to carefully examine the genomic
contexts of RNA epitranscriptome disturbance across various cancer
types. This is particularly crucial considering that traditional RM-can-
cer analysis in general, has predominantly focused on examining the
impact of hyper- or hypomethylation of RM-associated regulators.

The combination of a deep learning model and an interpretation
method has been applied to address diverse biological problems*®
including phenotype prediction,” transcriptome signature identifica-
tion,'® cell-specific prediction of eukaryotic origins of replication
sites,” crosstalk among different types of RMs,”' and context-specific
profiling of m®A residues.’> The combination allows for clarification
of the key features driving the model decisions alongside obtaining
accurate prediction results. Consequently, the detailed biological
mechanisms underlying the model task can be better understood.

Here, we leveraged a deep cross networks (DCN) model with high
interpretation capability to unveil shared genomic patterns of m°A
methylome across 12 human cancer types. The analysis is based on
a large array of m®A-MeRIP-seq profiling datasets derived from can-
cer cell lines and their corresponding tumor-originating normal tis-
sues. We first trained 12 distinct cancer type-specific deep cross
network models that successfully distinguish between a specific pair
of normal and cancer m®A signals. Interestingly, we found that can-
cer-induced m®A alterations exhibit significant genomic signatures
and are shared across different cancer types, suggesting that shared
patterns of epitranscriptomic disturbance may exist across cancers.
To this end, we then generated a harmonized pan-cancer model using
data critically selected from 23 cancer cell lines, encompassing sam-
ples from 167 m®A-MeRIP-seq datasets. This allowed us to explore
the shared patterns that could not be identified in a single cancer
type. Our pan-cancer analysis revealed that specific genomic loci,
the RNA hybridization process, and aberrant splicing are features
on which m°A disturbance might act across a diverse range of cancer
types. In addition, we performed the functional characterization of
the pan-cancer-associated m®A methylome.

Overall, we presented here the first pan-cancer study that details the
potential regulatory mechanisms of m°A methylation and their
shared signatures across 12 cancer types (see Figure 1). Our findings
provide new insights into cancer biology, particularly in understand-
ing regulation through the epitranscriptome layer, with further impli-
cations for the development of RNA methylation-based diagnostic
and predictive biomarkers.

RESULTS

Changes in m®A methylation in cancer cannot be effectively
distinguished at the sequence level

We aimed to identify the driving signatures behind the m®A dynamics
in cancer. Firstly, we extracted just the sequence characteristics for
model development and tested their performance for each cancer
type. We used one-hot encoding for extraction of sequence-derived
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characteristics from the cancer type-specific and normal m®A sites
identified in cancer cell lines and their tumor originating healthy tis-
sues, respectively. A deep convolutional network was then used for
model development. For each cancer type-specific model, the dataset
was divided into a training set, a validation set, and a testing set with
an 8:1:1 ratio. As shown in Figure 2, 8 out of 12 cancer types only
achieved very limited prediction performance close to a random guess
of area under the receiver operating characteristic curve (AUROC) of
0.5. Although lymphoma achieved the best performance of AUROC
of 0.78, the integration of genome-derived knowledges still enhances
the prediction performance. In addition to one-hot encoding, we
tested several other sequence-encoding approaches and consistently
obtained poor performance results (Table S1). Consequently, the de-
cision was made to rely on one-hot encoding for its ability to encom-
pass all the sequence-derived information theoretically required for
the task at hand. Taken together, the results (see Figure 2) showed
that changes in m®A methylation in cancer cannot be effectively
distinguished at sequence level (with an average AUROC = 0.60),
tested on the independent testing datasets from 12 cancer types,
demonstrating that using solely sequence-based signatures fails to
capture the heterogeneity and complexity of the m°®A transcriptomic
variations across various cancers.

Cancer-induced m°A alterations exhibit distinct genomic

signatures and are shared across different cancer types

To search for common signatures of m°A changes in cancer, we
sought to train interpretable deep neural networks capable of distin-
guishing m°A alterations between cancer and normal contexts by
adding genome-derived knowledge. Given that the formation and
various functions of the m®A methylome are intrinsically associated
with specific transcript regions or characteristics, it is reasonable to
assume that leveraging this layer of information should contribute
to distinguishing and, more importantly, interpreting the m°A cancer
epitranscriptome. Consequently, 54 additional genome-derived fea-
tures were extracted and combined with the sequence information
above for model development. Although genomic features only
already achieved significant improvements in prediction accuracy
compared with sequence-based models, the optimal performances
were achieved when combining sequence inputs and genomic fea-
tures tested on all 12 cancer types (Table S2), demonstrating that
distinct genome differences indeed exist between cancer and normal
m°A epitranscriptomes. After incorporating genomic features, the
proposed deep neural models improved by 8%-36% in AUROC (Fig-
ure 3A and Table S3). Specifically, the brain cancer model achieved
the best improvement by 36% (sequence only model: AUROC =
0.51; integrated model: AUROC = 0.87), while the lymphoma model
only improved by 8% (sequence only model: AUROC = 0.78; inte-
grated model: AUROC = 0.86). It may be worth noting that, in pre-
vious works, sequence-based models can achieve a predictive perfor-
mance of around 0.80 in AUROC for i silico m®A identification,'*>*
indicating that m®A and non-m°A sites can be effectively classified
at the sequence level. However, our results revealed that, given
the precondition that both positive and negative samples are experi-
mentally validated m°A sites, the dynamic changes of m°A
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Figure 1. Overall design of the study centered on pan-cancer epitranscriptomes

(A) The epitranscriptome datasets corresponding to 12 cancer types and their respective normal control samples were obtained from public databases. The m°A epi-
transcriptomes under cancer and normal contexts were extracted by a standard MeRIP-seq data analysis pipeline. (B and C) The sequence-based and genome-derived
features were extracted for in-depth analysis by deep learning approaches for predicting the cancer-associated m®A methylation. (D) The Shapley additive explanations
(SHAP) were applied for model interpretation to gain insights from the trained deep learning models by identifying the genomic landmarks that significantly contribute to the
prediction of cancer-associated mPA sites across multiple cancer types. (E) Gene ontology enrichment and pathway analysis were conducted to understand the common

functional impacts of cancer-associated epitranscriptome disturbance.

methylation in cancers primarily rely on genome-derived features for
effective classification.

Of interest here is exploring whether shared patterns of m®A alterna-
tions exist across different cancer types. To this end, we conducted
cancer type cross-testing on 12 cancer type-specific models. Specif-

ically, a model trained on one cancer type was independently tested
on the other cancer-specific datasets. Intriguingly, we observed that
several categories of cancer type-specific models exhibited a certain
degree of clustering (Figure 3B), and sometimes a model trained on
an m°A dataset from one individual cancer could effectively identify
the m®A changes in other cancer types (Figure 3C), suggesting the
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existence of shared genomic signatures in m®A alterations across
different cancers. As shown in Figure 3B, stomach, brain, lung, pros-
tate, colon, skin, lymphoma, and liver cancers are clustered and
strongly related to one another. Taking colon cancer as an example,
the model trained to identify the m®A changes in colon tumors
demonstrated robust performance when independently tested
on six different cancer types (lung cancer: AUROC = 0.79; brain
cancer: AUROC = 0.90; prostate cancer: AUROC = 0.72; liver cancer:
AUROC = 0.70; skin cancer: AUROC = 0.76; stomach cancer:
AUROC = 0.77). In addition, the network clustering diagrams re-
vealed a strong connection between bladder and myeloma cancer.
Meanwhile, we also found that the cancer type-specific m°A patterns
were indeed observed in kidney and ovarian cancer. Please refer to
Table S4 for the complete results of cancer type cross-testing. Taken
together, the above results indicated a certain association among the
cancer type-specific models constructed based on genome-derived
features, suggesting that shared genomic signatures may exist in
mCA alternations across various cancer types.

A generalized deep learning model for the pan-cancer analysis
of mPA epitranscriptomic disruptions

In the cancer type cross-testing, we observed a certain level of corre-
lation in the genomic landscape of m®A alterations across different
cancer types. To better profile the shared key genomic features across
different cancer types, we employed an interpretable deep learning
model to capture the m°®A alterations among cancer contexts. To
the best of our knowledge, this represents the first effort to explore
the genomic characteristics of m°A epitranscriptomic alterations
in the pan-cancer landscape. The pan-cancer model was developed
by incorporating m°A sites that were simultaneously observed in
most cancer conditions (but rarely in normal tissues) and those
commonly present in normal tissues (but rarely in cancer conditions)
(please refer to materials and methods for details). Consistent with
previous cancer type-specific analyses, we found that sequence infor-
mation alone could not capture the variations of m®A in pan-cancer
scenarios (AUROC = 0.56). We also adjusted relevant parameters, se-
lecting different values for layers, epoch, and activation function, and

4 Molecular Therapy: Nucleic Acids Vol. 35 December 2024

mately a ~10% improvement in the model per-
formance for distinguishing between modified and non-modified res-
idues,” compared with a sequence-based model. The results of our
pan-cancer analyses revealed that functionally relevant m°A sites
may, in general, exhibit highly significant genomic characteristics
(e.g., specific genomic positions) rather than variability in the RNA
sequences, and our model demonstrated performance comparable
with models distinguishing m°®A from non-m°A sites. This allows
us to further investigate the driving features behind the model deci-
sions by taking advantage of advanced interpretation methods. In
addition, our initial analysis with simpler models such as CNN, logis-
tic regression, random forest, and gradient boosting showed compa-
rable AUROC performance (Table S6). We opted for the DCN due to
its ability to flexibly extract interactive features and its significantly
improved computational efficiency during SHAP (Shapley additive
explanations) interpretation.

Interpretation of deep learning models uncovers shared
epitranscriptomic signatures in pan-cancer

Given the performance of the proposed pan-cancer model, we aimed
to delve deeper into identifying the most important features behind
the model decision, and thereby reveal the common signatures of
m°A alterations across various cancer types. Specifically, we em-
ployed SHAP to obtain the order of feature contributions, allowing
us to understand how genome-derived information impacted the
model’s label prediction, and whether it had a positive or negative
effect. We took a closer look at the top 10 most important genomic
features identified in the pan-cancer model (Figure 4). The top 2
ranked features are both under the category “Relative position on
the region,” representing the relative position of the m®A residues
within the coding sequence (CDS) and 3’ untranslated region
(UTR), respectively (Figure 4A). The value was calculated by
dividing the distance to the 5" end of the transcript by the length
of the entire transcript, hence ranging from 0 to 1. Figure 4B
shows the detailed direction (positive or negative) of feature contri-
bution. The color bar, ranging from blue to red, signifies the feature
values from low to high, while the SHAP value on the x axis indicates
the positive or negative impact on the model prediction for
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Figure 3. Performance evaluation for the integrated model and cancer type cross-testing

(A) Performance evaluation (AUROC) of sequence-based only and integrated models for 12 types of cancer-specific models. (B and C) Cancer type cross-testing was

performed on 12 cancer type-specific models; a model trained on one cancer type was independently tested on the datasets of other cancer types (AUROC). The color range

from gray to red in (B) represents the strength of AUROC in model testing, with gray indicating weaker performance and red indicating stronger performance. The size of the
nodes indicates the degree of clustering within each cancer type. Larger nodes represent clusters with tighter interrelations among samples, reflecting a higher degree of

association within the respective cancer type.
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Figure 4. Model interpretation using SHAP

(A) The features are sorted by the sum of SHAP value
magnitudes, the bar plot shows the absolute SHAP values
of the top 10 most important genomic features for model
decision. (B) The beeswarm plot shows how genome-
derived information impacts the model’s label prediction,
whether it has a positive or negative effect, respectively
(positive values indicate positive effects, and negative
values indicate negative effects). The color bar, ranging
from blue to red, signifies the feature values from low to
high.

codon” showed positive correlation with the
model’s prediction. Specifically, struct_hybrid-
ize represents whether the m°®A sites are over-
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0.05 lapped with RNA hybridized regions.35 We
observed that m°®A sites closely associated
with multiple cancers are more likely to occur
in RNA hybridized regions, suggesting that
- dysregulated m®A methylation may influence
the stable formation of complementary base
pairs in RNA molecules.”® For instance,
mRNA codons may mispair with tRNA antico-
dons through RNA hybridization, leading to
the incorporation of incorrect amino acids dur-
ing protein synthesis. Previous studies have
indicated that abnormal splicing of mRNA iso-
forms may be closely associated with diseases
and cancer initialization.”” Our pan-cancer
model indicated that m°A sites associated
with cancers tend to be located in transcripts
with greater isoform diversity, suggesting that
m®A modification may induce the generation
of diverse isoforms through aberrant splicing,

High

Feature value
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SHAP value (impact on model output)

pan-cancer-associated m®A sites. As showed in Figure 4B, within the
CDS region, high values are clustered at the positive axis, whereas in
the 3’ UTR, the result is precisely the opposite. The combination of
these two results suggests that the pan-cancer-associated m°A sites
are predominantly located at the boundary between CDS and 3’
UTR, near the stop codon. These results indicated that functionally
relevant m°A sites closely associated with cancers are more likely to
occur in critical regions of the transcript, such as the stop codon, and
may function by affecting a series of biological processes (BPs),
including RNA translation and splicing.

Next, we categorized the top 10 important features according to the
distribution of their impact on model output, a positive impact
means that the model gives greater weight to these feature values
in the prediction of pan-cancer-associated m®As. Three genomic

»

features, namely “struct_hybridize,” “isoform_num,” and “start_
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and these isoforms could potentially play
distinct roles in the development and progres-
sion of various cancer stages. In addition, we
observed that the region containing the start codon also contributes
significantly and positively to the model’s prediction of pan-cancer-
associated m°A sites. Considering previous findings, such as the reg-
ulatory role of oncogenic circRNA with an m°A-modified start
codon in the mechanism of oncogene activation in cancer,’® it would
be intriguing to further explore the molecular mechanism of 3’ UTR
m°®As in cancers.

We next sought to interpret the pan-cancer neural model by identi-
fying features that, when the feature value increases, tend to decrease
the likelihood of a positive prediction by the model. Specifically, we
observed that pan-cancer-associated m°A sites were generally not en-
riched in constitutive exons but were enriched in alternative exons
(feature: constitutive_exon). This observation aligns with the inter-
pretation of feature “isoform_num” mentioned before. It is well
known that, in cancer cells, splicing mechanisms may undergo
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abnormalities, leading to the variations in alternative exons and iso-
form diversity. Taken together, these findings suggested that m°A
methylation may influence the RNA splicing mechanism, particularly
the selective splicing of alternative exons (m®A modifications may
occur in regions closely associated with splicing events), leading to
the generation of mRNA isoforms in cancer cells that may exhibit
abnormal protein structures and functions, thereby promoting cancer
development.

Functional characterization of m®A methylome involved in the
pan-cancer landscape

To gain further insights into the potential mechanisms of m°A
methylation in cancer regulation, especially across various cancer
types, we examined the putative functional relevance of genes hosting
pan-cancer-associated m®A sites using gene ontology (GO) enrich-
ment and Kyoto Encyclopedia of Genes and Genomes analysis.
Figures 5A and 5B show the top 15 results of GO enrichment analysis
in BP, cellular component (CC), and molecular function (MF),
respectively. Specifically, we found that the pan-cancer-associated
m®A-hosting genes were mainly enriched on BPs related to cell cycle
(chromosome segregation, p = 8.24E—19; nuclear chromosome segre-
gation, p = 7.43E—16; DNA replication, p = 9.67E—19; mitotic nu-
clear division, p = 4.66E—16). These results were consistent with pre-
vious findings indicating that m®A modification is closely associated
with cell-cycle progression in multiple cancers.””*' The enriched
CCs were also correlated with the mitotic cell cycle, which can be indi-
cated by terms such as chromosomal region (p = 9.33E—15), spindle
(p = 2.67E—12), ribonucleoprotein granule (p = 4.90E—07). Besides,
many of the enriched MFs have also been confirmed to be related to
mCA in recent studies, including gene expression regulation’” (DNA-
binding transcription factor binding, p = 2.37E—11; transcription
corepressor activity, p = 7.19E—07), transcription® (helicase activity,
p = 2.29E—09; RNA helicase activity, p = 9.70E—06; DNA helicase
activity, p = 1.69E—05). Meanwhile, genes hosting pan-cancer-

repair*®*’ (Fanconi anemia pathway, p =
2.565E—05), and tumor cell metabolism™®
(lysine degradation, p = 5.08E—4). Please refer to Tables S7 and S8

for the complete results.

DISCUSSION

m°A RNA methylation functions as a core regulator in cellular
signaling pathways, playing a pivotal role in many essential BPs,
such as RNA stability, splicing, and translation. As a dynamic regula-
tory mechanism, dysregulated m°A modification is widely involved in
tumor processes from proliferation to metastasis.**’ Acknowledging
the significant role of genomic characteristics to the development of
DNA methylation-based cancer biomarkers, we performed a pan-
cancer analysis, for the first time, to systematically explore the shared
genomic patterns of alterations in m®A methylation across 12 distinct
cancer types. This may contribute to generating novel insights rele-
vant to cancer therapy, especially in comprehending regulatory mech-
anisms through the epitranscriptome layer.

Leveraging an extensive collection of m®A profiling datasets derived
from cancer cell lines and their corresponding tumor-originating
normal tissues, we trained 12 distinct cancer type-specific deep cross
network models. These models successfully distinguish between spe-
cific pairs of normal and cancer m°A contexts using genome-based
features. However, it is important to acknowledge the proposed
model’s limitation in confidently classifying non-specific methylation
sites (m°®A sites without significant differences between cancerous and
normal conditions). This limitation is due to the fact that our model
was trained using strongly cancer-associated and normal m®A
residues.

Interestingly, cross-cancer type testing indicated the existence of
shared genomic patterns across various cancers at epitranscriptome
layer, and finally a pan-cancer model was developed to identify the
shared patterns that could not be observed in a single cancer type.
Compared with cancer type-specific models, the pan-cancer model
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(AUROC = 0.86) achieved varying improvements in prediction per-
formance across different cancer types (Figure 3A). It notably
improved predictions for kidney cancer (AUROC = 0.62) and ovarian
cancer (AUROC = 0.72), while showing similar performance for
brain cancer (AUROC = 0.87) and stomach cancer (AUROC =
0.86). These variations may be attributed to shared genomic patterns
observed across different cancer types (Figures 3B and 3C), with these
common genomic features likely driving the predictions. Conse-
quently, our study aims to interpret the pan-cancer model to identify
shared and significant epitranscriptomic signatures across cancers.

The interpretation of deep cross network models has enabled us to
better comprehend the impact of genome-derived features on
model’s decision. We found that the pan-cancer-associated m°A
sites were generally more enriched in the intersecting region of the
CDS and 3’ UTR, specifically near the stop codon, compared with
m°A sites found in normal tumor-originating tissues. Considering
that important cellular processes, such as transcriptional silencing,
are often regulated by the methylation of a small segment within a
single region of a functional element, it becomes evident how crucial
these specific modifications can be.””" Thus, exploring shared pat-
terns and precisely identifying the location of changes in the m°A
epitranscriptome should contribute to understanding RNA methyl-
ation-based biomarkers, particularly across various cancer types.
Besides, through our analysis of the driving features, we observed
that struct_hybridize ranked the top 3 most important feature
with high positive attribution values in identifying pan-cancer-asso-
ciated m°A sites. This finding suggested that pan-cancer-associated
m°A sites are likely to occur within RNA hybridized regions.
Changes in m°®A regulation on these regions may be involved in
the pairing of mRNA codons with tRNA anticodons through RNA
hybridization,’® a process particularly crucial for subsequent protein
synthesis. In addition, studies have demonstrated that tumor cells
typically exhibit aberrant splicing of mRNA isoforms, impacting
key BPs such as cell-cycle regulation, apoptosis, invasion, and
metastasis.”” These aberrant splicing events contribute to the initia-
tion and progression of cancer. Our analysis highlights a close asso-
ciation between pan-cancer-associated m°A sites and alternative
exons. Meanwhile, pan-cancer-associated m°®A-enriched transcripts
tend to exhibit more isoform diversity. These results highlighted the
association between aberrant m®A methylation patterns in alterna-
tive splicing and cancer pathogenesis. For example, certain mRNA
isoforms generated through m®A-regulated alternative splicing
may be specific to particular cancer stages.

In addition, the distribution plots suggested that cancer type-specific
m°A sites were generally enriched in the front region of the CDS in 8
out of 12 cancer types, particularly in kidney, ovarian, stomach, and
bladder cancers (Figure S2). Furthermore, we also observed an
enrichment change in the 5 UTR for cancer type-specific m°A sites
in five cancer types: bladder, brain, liver, lung, and colon cancers.
Interestingly, this trend was reversed in lymphoma, while the remain-
ing six cancer types showed no significant differences. Besides the
cancer type-specific dataset, we then performed an enrichment
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change analysis of four types of m®A modification sites. We first
examined pan-cancer-associated and normal tissue-associated m°A
sites, followed by non-specific methylation sites (m°A sites without
significant differences between cancerous and normal conditions)
and all m®A sites (Figure S3). Generally, we observed that pan-can-
cer-associated and normal tissue-associated m°A sites were signifi-
cantly enriched in the end CDS and 3’ UTRs compared with the
patterns for non-specific and all m°®A sites. Upon closer inspection,
pan-cancer-associated methylation sites generated a slightly higher
peak than that of normal tissue-associated m°A methylation sites.
In the front and middle CDS regions, pan-cancer-associated methyl-
ation sites were more enriched closer to the middle CDS region, while
normal tissue-associated m®A sites showed a peak in the front CDS
region. In addition, the overall patterns of non-specific m°A sites
and all m®A sites exhibited very similar trends.

In summary, gaining a deeper understanding of the shared genomic
signatures formed by diverse cancer types through m°A alterations
is essential for unraveling the molecular mechanisms that drive can-
cer progression. We hope that our findings, after further experimental
validation, may contribute new insights into m°A-regulated mecha-
nisms in cancer, potentially aiding in the development of diagnostic
procedures and targeted therapeutic strategies. These may include
but are not limited to potential biomarkers based on m°®A alterations
occurring in specific transcript regions, RNA-targeted therapies
related to certain m°A clusters, and the use of m°A alterations as
prognostic markers that are specific to certain stages of cancer
progression.

MATERIALS AND METHODS

Data collection and processing

To try to uncover the shared patterns of m®A alternations across can-
cers, we collected a large array of m°A epitranscriptome profiles from
various resources. Specifically, the experimentally validated base-res-
olution m°A sites were extracted from the m®A-Atlas v.2.0 database.”
We filtered the original collection to retain only m°A sites identified
in atleast 2 independent studies, resulting in 134,038 high-confidence
mb°A sites identified at base-resolution level. Next, the dynamic m°A
alternations in cancers were obtained from 167 m6A-seq datasets. We
first extracted m6A-seq datasets of normal human tissues from a
comprehensive study,”® which encompasses the most complete
collection of high-quality m6A-seq datasets across human tissues in
a single study. Subsequently, we identified cancer datasets by match-
ing them with the normal tissues through an extensive literature re-
view targeting m6A-seq samples published in highly impactful jour-
nals. In total, the context-specific m°A-containing regions were
extracted from 23 cancer cell lines and 12 cancer-originating normal
tissues (12 cancer types in total, Table S9). The raw sequencing data of
m6A-seq samples were downloaded from the Gene Expression
Omnibus (GEO) repository’> of the National Center for Biotech-
nology Information (NCBI)”® and the National Genomics Data Cen-
ter.”” We employed a unified pipeline to identify the m®A-enriched
regions as follows. Firstly, the adaptors and reads of low quality
were trimmed using Trim Galore,” followed by quality assessment
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Figure 6. Selection of cancer-associated and
negative control m®A sites
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using FastQC. We used HISAT2"® to align the processed reads to the
human reference genome (GRCh37), followed by the peak-calling
process using exomePeak2 with default setting.”” Subsequently, all
identified m®A-enriched regions underwent filtration to retain peaks
featuring at least one DRACH m°®A consensus motif. Finally, a total of
424,469 and 130,197 m®A-enriched regions were obtained in cancer
and normal contexts, respectively. All the processed m°A epitran-
scriptome profiles were collected and used to train the deep neural
models for subsequent analysis.

Construction of cancer-specific and pan-cancer datasets

In this study, we performed two types of analyses by developing can-
cer type-specific and pan-cancer models. These interpretable deep
neural models were then used to explore detailed patterns and asso-
ciations among different cancer types. To this end, the following se-
lection strategies were employed.

Dataset for a single cancer type

For a specific cancer, positive data (cancer-associated m°A sites) were
derived by identifying m®A sites that appear under cancer conditions
but not in its corresponding normal tissue, and is denoted as m®A<*)
) sites. Conversely, negative data were defined by m°®A sites that do
not exist in cancer cells but appeared in the normal tissue, and defined
as mSASIn()
proaches were employed uniformly across 12 pairs of cancer type-
specific datasets to ensure consistent and rigorous analysis for each

individual cancer type (Table S10).

sites (see Figure 6A). These methodological ap-

Pan-cancer datasets

Under a pan-cancer context, cancer-associated m°A sites are those
that appear more frequently under cancer conditions compared
with normal control conditions, which was quantitatively assessed
by Fisher’s exact test. The p value was corrected using the
Benjamini-Hochberg technique.®' Significantly related loci were iden-

RNA methylation site ID

QO ¢ 7 s

bined cutoff of log, (odds ratio) >2 and adjusted p value
< 0.05.

Cancer-associated
Cancer: 4
Normal: 0

tified by filtering results with log, (odds ratio) >2
and p < 0.05. Specifically, a total of 2,655 pan-
cancer-associated and 29,812 normal m°A sites
were identified (Tables 11 and S12), respectively.
Subsequently, the 2,655 pan-cancer-associated
m°A residues were selected as positive data, and
2,655 negative sited were randomly selected from 29,812 normal
m°A sites to keep a 1:1 positive to negative ratio.

Negative Control
Cancer: 1
Normal: 4

Feature encoding approaches

One-hot encoding for sequence-based information

To obtain the sequence-derived information of targeted m°®A res-
idues, the widely used one-hot encoding approach was utilized.
Each nucleotide (A, C, G, U) is represented in the form of a binary
vector (A [1, 0, 0, 0], C [0, 1, 0, 0], G [0, 0, 1, 0], U [0, 0, 0, 1]).
Once the sequence information has been analyzed and trans-
formed into binary vectors, the data are converted into PyTorch
tensors. The transformation of the data is important to facilitate
its processing through PyTorch, a widely utilized deep learning
framework. To optimize the loading of data in segmented portions,
DataLoader objects are instantiated for the training set, validation
set, and test set. In particular, the DCN explicitly applies feature
crossing at each layer, requires no manual feature engineering,
and adds negligible extra complexity to the deep neural network
model.*”

Genome-derived information

Previous studies have suggested that genome-derived information
such as genomic location, gene attributes, and other relevant charac-
teristics play a dominated role in distinguishing functionally impor-
tant elements from the relatively “passenger” ones.””*’ In this study,
52 genomic (domain) features were extracted for both cancer-associ-
ated and normal m°A sites. The first 13 features were constructed as
dummy variables, which are binary indicators (1 or 0) indicating
whether the m°A sites overlap with the topological regions of the
RNA transcript (e.g, 3’ UTR, 5 UTR, CDS): only the primary
(longest) transcripts for each gene were retained to eliminate any am-
biguity arising from transcript isoforms. Genomic features 14-19
captured the lengths of multiple region types. Clustering information
was considered in features 20-25, such as counting of adjacent
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input sites and neighboring adenine. Features 26-29 included the
PhastCons®* and fitCons®® scores for measuring evolutionary conser-
vation of targeted m°A sites.”* Features 30 and 31 were considered by
paying attention to the RNA secondary structures around the m°A
sites, which were predicted by the RNAfold package.” We next
considered the attributes of the m®A-containing genes or transcripts
such as being housekeeping genes or sncRNA, as well as whether the
targeted modified residues fall within the binding regions of impor-
tant m°®A regulators (features 32-44). Features 45-48 represented
the genomic properties (e.g., number of isoforms, GC composition)
of the m®A-containing transcripts. Finally, the relative position of
targeted m°A on multiple region types was represented by features
49-52. Please refer to Table S13 for more details about the genome-
derived features considered in our model.

Model design

A DCN model specifies distinct layers and dimensions. The DCN
comprises an embedding layer, a deep network module, and a cross
network module. The model undergoes several training iterations us-
ing training data over a period of time. The function component of
this modality comprises the embedding layer, the deep network, the
crossover network, the combined output, and the activation func-
tion. The embedding layer applies a linear transformation to the
input data and maps them to a higher-dimensional space defined
by the embedding dimension. The deep network component consists
of a series of linear layers with ReLU activation functions specifically
designed to capture intricate correlations within the data. The final
layer of the sequence compresses the output to a single dimension.
The crossover network component processes the embedded inputs
and is specifically designed to effectively represent feature interac-
tions, with a particular focus on capturing pairwise interactions.
The combined output is obtained by summing the outputs of the
deep and cross networks. Finally, the activation function employs a
sigmoid function to the merged output, giving a prediction within
the range of [0, 1]. This prediction is utilized for the binary classifi-
cation task of making predicted judgements. The architecture of the
DCN facilitates the acquisition of profound feature representations
and precise feature interactions, hence allowing it to proficiently
execute intricate prediction tasks. The overall workflow for model
design is given in Figure 7.

Embedding layer

Xembed = Wembed X+ bembed (Equation 1)

where x is the input, Wembed is the weight matrix of the embedding
layer, bemped is the bias term, and Xemped is the embedded output.

Deep layers are typically a series of transformations:
Reep = ReLU(Wdeep Pprev + bdeep) (Equation 2)

where Wieep and bgeep are the weights and biases of each layer in the
deep network, and hy, is the output from the previous layer (or the
embedded input for the first layer).
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Cross layer

Xcross = Wcross : (xembed @ xembed) + bcmss ~+ Xembed (Equation 3)

where We;oss and beross are the weights and bias of the cross layer. The
operation © denotes element-wise multiplication.

The output, which is a vector of raw scores from the previous neural
network layers, is processed using a sigmoid activation function to do
binary classification:

Ypred = o(0UL) (Equation 4)

where o denotes the sigmoid function and ypeq is the predicted
probability.

Model optimization

The training process is an essential component of developing a
machine learning model, and the training process in this code may
be precisely divided into the following steps. To begin, the initial
step involves initializing the model, defining the loss function and
optimizer, and creating instances of the DCN model using the
provided hyperparameters, namely input dimension, embedding
dimension, and hidden dimension. A DCN model was proposed by
integrating both sequence- and genome-derived characteristics,
with the following parameters: embedding dimension of 128, hidden
dimension of 64, learning rate of 0.001, 10 epochs, and a batch size of
64. The loss function used is binary cross entropy loss, which is
commonly employed for binary classification applications. In the
optimization process of our model, the Adam optimizer was selected
as the function optimizer and the learning rate for this optimizer was
specifically set. The Adam optimizer is a highly efficient gradient
descent algorithm that is well suited for managing extensive datasets
and parameters.

The second step is the training cycle, which determines the number of
training cycles required for a complete iteration over the entire
training set. During each iteration of training, we reset the optimizer’s
gradient cache to zero. This is a common procedure to prevent the
accumulation of gradients. The input data are subsequently fed into
the model, which then calculates the predictions. To assess the
model’s performance, we computed the discrepancy between the pre-
dicted outcomes and the actual labels by utilizing a specified loss func-
tion. This step is crucial for evaluating the accuracy of the model.
Following this, we applied the backpropagation algorithm to compute
the gradients of the model parameters. This method is essential for
understanding how to adjust the parameters to minimize the loss.
Finally, we employed the optimizer’s step function to update the
model’s weights based on these calculated gradients. This process iter-
atively refines the model’s weights to enhance its predictive accuracy.
The outcome can be computed and displayed as the mean loss across
the full training dataset.

After each training cycle, we validate the model’s performance using
unseen data to ensure that it can generalize well. The model is
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information. (C) Extraction of genome-derived features (Table S13). (D) A DCN model was proposed by integrating both sequence and genome-derived characteristics.

switched to evaluation mode to disable training-only functions such
as dropout, ensuring a fair performance assessment. Gradient compu-
tation is also disabled to save resources, as we do not update the model
during validation. We measure the model’s accuracy by comparing its
predictions against actual labels using a loss function, and we monitor
the training and validation losses to track progress over time.

The training utilizes binary cross entropy loss for binary classification
tasks, which is defined as follows:

BCELoss(y,y) = — [y log(y) +(1 — y)log(1 — )]

(Equation 5)

where y is the true label (0 or 1) and ¥ is the probability (between
0 and 1) predicted by the model.

Gradient descent is an optimization approach employed to minimize
the loss function. The model parameters are updated using a specific
equation:

0 =0 — nVyJ(0) (Equation 6)

in this equation, ¢ is the model parameters, 7 is the learning rate,
VsJ(0) represents the loss function with respect to the parameter 6.

The Adam optimizer updates model weights through a process
involving several steps and parameters:

m,

O =0, — n (Equation 7)

v +e

Molecular Therapy: Nucleic Acids Vol. 35 December 2024 11


http://www.moleculartherapy.org

in which values m; and ¥; represent the estimations of the first- and
second-order moments of the gradient, which correspond to the mo-
mentum and scale terms, respectively. The small constant e is intro-
duced to ensure numerical stability, and 7 represents the learning
rate.

In the training of neural networks, the gradient is calculated via back-
propagation, encapsulated succinctly by the chain rule of calculus.
The binary cross entropy loss function serves as a metric for evalu-

ating the discrepancies in binary classification.*®

Evaluation metrics

In the PyTorch framework, we activated the model’s evaluation mode
to assess its performance. This step is particularly crucial for specific
layers such as dropout and batch normalization, as their behavior dif-
fers between training and evaluation phases. Activating the evaluation
mode ensures that these layers function correctly for performance
assessment. In addition, this mode prevents the computation of gra-
dients, thus reducing memory usage and accelerating the evaluation
process, as adjustments to model parameters are not required during
this phase. In our study, key metrics were used to evaluate the binary
classification performance of the DCN model. These include the true
positive rate (TPR), false positive rate (FPR), and the AUROC.

The TPR, sometimes referred to as sensitivity or recall, is formally
defined as:

TP

TPR =
TP+FN

(Equation 8)

TP represents the count of true classes, which refers to the number of
positive cases that the model correctly predicts. FN, on the other
hand, represents the count of false negative classes, which refers to
the number of positive instances that the model mistakenly predicts.

The FPR quantifies the ratio of negative instances that are erroneously
classified as positive by the model. It is formally expressed as:

FP

FPR =
FP+TN

(Equation 9)

TN is the number of true negative classes and FP is the number of
false positive classes (the number of negative cases that the model
mistakenly predicted) (the number of negative instances correctly
predicted by the model).

ROC curves are graphed in a two-dimensional space, with the x axis
representing the FPR and the y axis representing the TPR. The
AUROC value, ranging from 0 to 1, quantifies the model’s overall
classification performance, with higher values indicating greater accu-
racy. An AUROC value of 0.5 suggests random guessing, while 1.0 in-
dicates perfect classification. The DCN model exemplifies a system-
atic method for addressing binary classification tasks, especially
beneficial in situations involving sequence data and necessitating
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comprehension of feature interactions. The implementation demon-
strates efficient data preparation, model building, training methodol-
ogies, and evaluation approaches, resulting in a comprehensive eval-
uation of the model’s prediction skills.””

Model interpretation

To identify the key features driving the classification of pan-cancer-
associated and normal m®A methylomes, we employed SHAP for
interpretation of a deep learning model.*® Specifically, the SHAP
method “The DeepExplainer” is a specialized tool in the SHAP library
that is specifically developed for interpreting deep learning models.
This explainer employs the notion of SHAP values, which are based
on game theory, to elucidate the results of machine learning models.*’
Within the realm of deep learning, where models are frequently
intricate and comprise numerous layers, the DeepExplainer offers a
means to comprehend the impact of each input characteristic on
the model’s predictions. SHAP values, including those computed by
DeepExplainer, are derived from the principle of Shapley values in
cooperative game theory. The formula for determining the Shapley
value of a feature, denoted as i, in a model with N features, is as
follows:

ISI'OINT = [S] = 1)!
IN]!

¢:(v) =

SSN\{i}

(v(SU{i}) — v(9))

(Equation 10)

where ¢;(v) is the Shapley value for feature i, N is the total number of
features, S is a subset of features excluding feature i,
of features in subset S, v(S) is the prediction (or value) of the model
with the input features in set S, v(S U{i}) is the prediction of the
model with the input features in set S plus feature i.

S| is the number

When interpreting the variables mentioned above, the Shapley value
¢;(v) for a certain feature i represents the average impact of feature i
on the difference in model predictions, considering both the presence
and absence of that feature. The summation is computed over all
potential subsets of features denoted as $ that do not include the spe-
cific feature i. The factor |S|!(|N| —|S| — 1)!/|N]|! is the weight as-
signed to the number of permutations of features, where feature i
can be included in the model after the features in set S. The term
v(SU{i}) — v(S) represents the marginal contribution of feature i
when added to the set S.

Computing this formula directly in deep learning models poses a
challenge due to the large number of features and the intricate nature
of the model. DeepExplainer uses sampling and perturbation tech-
niques to estimate the computation of these values, hence simplifying
the model’s behavior in relation to important inputs. Although the
computation of Shapley values in deep models is simply an estima-
tion, the fundamental premise remains intact: assessing the influence
of each feature on the model’s output. Specifically, the contribution of
the feature was showed by SHAP bar plot using the average absolute
SHAP value, indicating how greater the impact of the feature on the
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model. Besides the bar plot, the SHAP bee swarm plot shows the dis-
tribution of the feature’s effect on the model prediction, with red color
representing high values. Positive SHAP values signify features that
positively influence the model’s prediction, while negative values sug-
gest features that hurt the forecast.*’

DATA AND CODE AVAILABILITY

The raw data used in this study are already publicly available in the NCBI GEO database
with the detailed description (accession number) listed in Table S8. Raw data: http://www.
ncbi.nlm.nih.gov. The processed data used to train and independently test the proposed
deep cross model is collected in Tables S10 and S11. The complete code for data selection
and model development can be found in the supplemental information.
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