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ABSTRACT

N 6-methyladenosine (m6A) plays a critical role in regulating various aspects of mRNA

metabolism and translation in eukaryotes. Despite rapid progress in this field, gaps re-

main in genomics analysis of the m6A epitranscriptome. For example, little is known about

how DNA sequence variations may affect the m6A modification and the role of m6A in com-

mon diseases. Besides, a computational method to analyze m6A-seq data for differential

methylation loci that is compatible with complex study design is lacking. In this thesis,

we report two major endeavors to answer these questions. First, we mapped Quantita-

tive Trait Loci (QTL) of m6A peaks in 60 Yoruba lymphoblastoid cell lines. By analyzing

these variants, we uncovered features associated with m6A installation, including binding

by specific RNA binding proteins (RBPs), RNA secondary structure, and transcriptional

processes. Our joint analysis of QTL data of m6A and related molecular traits suggests

that the downstream effects of m6A are heterogeneous and context-dependent. We identi-

fied new proteins that suppress translation of m6A-modified transcripts. Integrated analysis

with GWAS data shows that m6A–QTLs are enriched with variants associated with a range

of immune and blood related traits, and contribute significantly to the heritability of these

traits. Second, we developed RADAR, a comprehensive analytical tool for detecting dif-

ferentially methylated loci in MeRIP-seq data. RADAR enables accurate identification of

altered methylation sites by accommodating variability of pre-immunoprecipitation expres-

sion level and post-immunoprecipitation count using different strategies. In addition, it is

compatible with complex study design when covariates need to be incorporated in the anal-

ysis. Through simulation and real datasets analyses, we show that RADAR leads to more

accurate and reproducible differential methylation analysis results than alternatives.

xiii



CHAPTER 1

INTRODUCTION

1.1 Overview of the message RNA (mRNA)

N 6-methyladenosine (m6A) modification

1.1.1 Regulatory proteins of mammalian m6A pathway

Chemical modifications to RNA species have been discovered for 50 years and over 100

types of modifications have been identified in cellular RNAs [1]. Among them, m6A is the

most abundant internal modification on the polyadenylated mRNA and non-coding RNA

with approximately 4 m6A sites per mRNA (the m6A/A ratio is estimated to be 2-4%

on mRNA) in eukaryotes. Levels of m6A are dynamically regulated by both writers (m6A

methyltransferase complexes) and erasers (m6A demethylases) [2]. Functional effects of m6A

can be modulated by reader proteins as well as through structure switch mechanism [1].

The first characterized m6A writer complex is composed of multiple subunits including

the methyltransferase-like 3 (METTL3), methyltransferase-like 14 (METTL14), Wilms tu-

mor 1-associating protein (WTAP), Vir like m6A methyltransferase associated (VIRMA),

Zinc finger CCCH-type containing 13 (ZC3H13) and RNA binding motif protein 15/15B

(RBM15/15B). Among them, METTL3 is the most core component functioning as the cat-

alytic subunit while METTL14 is a essential component that facilitates the binding of the

methyltransferase complex to the RNA [3, 4]. WTAP binds to METTL3/14 and regulates

cellular localization of the complex, in addition to its role in promoting substrate recruitment

[5]. VIRMA plays a role in directing m6A deposition in 3’UTR of transcripts [6]. ZC3H13

facilitates nuclear localization of the writer complex [7]. RBM15/15B has been shown to

bind to U-riched regions and thus may be responsible for the deposition of m6A on certain

RNAs [8]. Recently, another m6A writer, methyltransferase-like 16 (METTL16) was discov-

ered with two validated substrates including U6 small nuclear RNA and a hairpin in the

1



3’UTR of human MAT2A mRNA [9].

Two m6A erasers have been described to date – ALKBH5 [10] and FTO [11, 12]. Indeed,

the recent gold rush in the epitranscriptomics field started from the discovery of the m6A

demethylases in the 2010 by our lab [11, 10], which established the concept that RNA m6A

modification is reversible and can be regulated dynamically. FTO is a versatile demethylase

that can work on different species of RNA including mRNA, ncRNA and tRNA; and on

different base modifications including m6A, m6Am and m1A [12]. In contrast, ALKBH5 is

known to demethylate m6A on mRNA.

The downstream functions of m6A are mediated by m6A readers that preferentially bind

m6A over unmodified A and regulate mRNA processing of the modified transcripts. The

most intensively-studied class of reader proteins contain a YT521-B homology (YTH) do-

main (aka YTH family proteins). These proteins include cytoplasmic reader YTHDF1 that

has been shown to promote translation efficiency of modified transcripts by recruitment of

translation initiation factors [13]; cytoplasmic reader YTHDF2, which has been shown to

accelerate decay of modified transcripts by interacting with the CCR4-NOT deadenylase

complex and the endoribo-nuclease complex RNase P/MRP [14, 15]; cytoplasmic reader

YTHDF3, which has been suggested to promote translation efficiency of its targets [16] and

nuclear reader YTHDC1 that mediates the splicing and expedited nuclear export of its target

transcripts by preferably recruiting SRSF3 [17, 18] as well as accelerated nuclear decay of

certain transcripts by interacting with nuclear exosome-targeting complex [19]. In addition

to YTH protein family, several proteins containing the KH domain were identified to bind

m6A and regulate metabolism of modified transcripts. These proteins include insulin-like

growth factor 2 mRNA-binding proteins 1-3 (IGF2BP1/2/3), which enhance the stability

of modified nuclear mRNA [20]; and fragile X mental retardation 1 (FMR1), which affects

both stability and translation of its targets possibly through interacting with YTHDF1 and

YTHDF2 [21]. There is another type of non-canonical readers that response to m6A through

a structure switch mechanism. For example, presence of m6A can remodel local RNA struc-

2



ture, hence affecting binding of certian RNA binding proteins (RBPs) such as heterogeneous

nuclear ribonucleoproteins (HNRNPs) to the vicinity of m6A sites, which in turn can regulate

alternative splicing or processing of the target pre-mRNAs [22, 23].

1.1.2 The role of m6A pathway in biological processes

The m6A mediated regulatory pathways affect many biological processes including devel-

opment, stress response, immune, and neuronal functions. For example, loss of Mettl3 in

mouse embryonic stem cells impairs proper differentiation as turn over of some important

developmental regulators during cell fate transitions are regulated by m6A [24]. In zebrafish,

over one-third of maternal mRNA are m6A modified and clearance of these maternal mRNA

during the maternal-to-zygotic transition is facilitated by YTHDF2-mediated mRNA decay

[25].

Under hypoxia stress, hypoxia-inducible factors (HIF-1α and HIF-2α) activate ALKBH5

(encode m6A demethylase) expression and thereby stabilize NANOG mRNA by inhibition

of m6A mediated mRNA decay [26]. In another study, researchers identified the gene en-

coding a m6A reader – YTHDF1 – under positive selection for high-altitude adaptation and

contributes to pathogenesis of non-small cell lung cancer (NSCLC) [27]. Another example of

m6A functions in stress response is the installation of m6A at the 5’UTR of response genes

upon heat shock, which in turn mediates the cap-independent translation of these genes [28].

In anti-tumor immunity, YTHDF1 has been shown to promote translation of lysosomal

cathepsins in dendritic cells and hence inhibits the cross-presentation of the tumor antigen

and the cross-priming of CD8+ T cell in vivo [29]. In the innate immunity, m6A has been

reported to regulate main cytokines that drive the type I interferon response [30].

In neuron, m6A has been shown to promote translation of YTHDF1 targets in response

to stimuli, thereby facilitating learning and memory [31]. Loss of Mettl14 (encode a key

component of m6A writer complex) in mouse brain delays cortical neurogenesis and impairs

decay of transcripts involved in lineage specification [32].
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1.1.3 Transcriptome-wide mapping of m6A

Methylated RNA immunoprecipitation sequencing (MeRIP-seq) [33, 34] is the most widely

used technique in mRNA modification studies, which enables us to survey the m6A epi-

transcriptome using various study designs: (1) identifying the location of modification on

the transcript by performing peak calling on samples of certain phenotype or experimental

condition [33, 34, 35] and (2) identifying differentially methylated loci by comparing MeRIP-

seq samples across different phenotypical or experimental groups [36, 37, 38]. MeRIP-seq

works similarly to ChIP-seq, which enriches m6A-containing RNA by immunoprecipitation

(IP) reaction from fragmented RNA using m6A-specific antibody. Library constructed from

m6A-IP-eluted RNA is then compared with the input library, which is constructed from

the initial RNA fragments pool prior to the IP reaction, to determine the enrichment of

m6A-containing RNA fragments across the transcriptome.

Two enhanced versions of MeRIP-seq were later developed: photo-crosslinking-assisted

m6A sequencing (PA-m6A-seq) [39] and m6A individual-nucleotide-resolution cross-linking

and immunoprecipitation (miCLIP) [40]. PA-m6A-seq is combination of MeRIP-seq and

photoactivatable ribonucleoside-enhanced crosslinking and immunoprecipitation sequencing

(PAR-CLIP-seq). Specifically, 4-thiouridine (4SU) is incorporated into RNA when 4SU is

added to growth medium. After incubating m6A-antibody with 4SU-containing RNA, 365

nm UV light is used to initiate 4SU-based photo-crosslinking, which is followed by RNase

digestion to remove unprotected regions of RNA. This step results in RNA fragments of

approximately 30 nucleotide (nt) long, which narrows the m6A peaks called from PA-m6A-

seq data [39]. miCLIP, identifies putative m6A sites by mutation and truncation signatures

induced by RNA-antibody photo-crosslink. Unlike PA-m6A-seq, miCLIP doesn’t incorporate

4SU to enhance photo-crosslink and uses a 254 nm UV light to trigger the crosslink. This

method further increases the resolution of putative m6A sites to single-base [40]. These two

enhanced versions of MeRIP-seq, although improved the resolution of the m6A sites mapping,

have their own limitations. PA-m6A-seq requires 4SU uptake during cell culture, which
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means this method is only applicable to cultured cells while tissue samples are frequently

encountered in real studies. Besides, the complicated experimental procedures increase the

cost of the experiment (4SU is expensive) and induce more source of technical variations.

miCLIP relies on antibody-specific mutation/truncation signatures to determine the m6A

sites. In practice, we find this method not very robust, probably because the signatures

observed in the reference [40] is specific to the batch of antibody they used. Conversely,

MeRIP-seq is relatively simple to perform and yields robust result, making it the most

prevalent method used in the epitranscriptomics field to date.

Identifying differentially methylated loci is the most commonly utility of the transcriptome-

wide m6A mapping. Early studies performing qualitative analysis compared peaks called in

one experimental group versus peaks in another group and identified peaks unique to each

experimental group as differentially methylated peaks. However, many differential peaks

identified by this method are caused by boundary cases at the peak-detection threshold

rather than true presence/absence of peaks as noted in recent studies [38, 36]. To enable

cross-group comparisons, a few count-based methods have been developed [41, 42, 43, 44, 36].

These methods are based on different statistical models and are compatible with different

study designs.

1.2 Overview of quantitative trait loci (QTL) mapping

Human individuals differ from each other by millions of DNA sequence variations (genetic

variations). Some of these genetic variations in turn, contribute to phenotypical variations

including physiological, morphological variations and predispositions to diseases as revealed

by rapidly accumulating Genome-wide association studies (GWAS). However, GWAS results

usually cannot tell the mechanism of how genetic variants affect phenotypical variations.

QTL mapping emerged as an effective approach to study the mechanism by which genetic

variations exert their effects on phenotypical variations [45, 46]. QTL mapping identifies

sets of genetic variants that are correlated with a particular molecular trait that is involved
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in gene regulation processes such as gene (mRNA) expression level, translation efficiency,

protein level and alternative splicing events. Such regulatory variants can be leveraged

to understand gene regulation processes [45, 47, 48, 49] as well as genetics architecture of

complex traits [46, 50, 51, 52].

1.2.1 Biological systems for QTL study

Several systems have been deployed in QTL studies including cell lines and various types

of human tissues. One of the most popular cell line system is the lymphoblastoid cell lines

(LCLs) derived from the HapMap and the thousand genomes project [53], particularly the

Yoruba cohort. One important benefit of using the LCLs system in QTL studies is the

availability of genotype data. Yoruba cohort is African ancestry and harbors more genetic

diversity compared to other thousand genomes project populations as African is a founder

population, making Yoruba LCLs an ideal system for QTL studies. A series of studies

using 60-100 Yoruba LCLs have mapped the cis-QTLs of a number of molecular traits

along the gene expression regulation cascade from chromatin accessibility to protein level

[49, 54, 55, 56, 57, 58, 59, 48, 60, 47]. These studies not only identified cis-regulatory variants

of each regulatory mechanism, but also provided a chance to investigate the correlation

between each regulatory mechanism. For example, many concerted regulatory mechanism

changes across genotypes can be linked to sequence alteration in transcription factor (TF)

binding sites, suggesting TF binding may underlie general properties of chromatin states [45].

Joint analysis of QTLs along the regulatory cascade revealed that effect sizes are highly

correlated between consecutive steps (e.g. transcription rate to expression, expression to

ribosome loading, etc.), reflecting a percolation of genetic effects from transcription through

the regulatory cascade [47]. Meanwhile, the reduced effect in each step moving along the

regulatory cascade (e.g. expression QTL (eQTL) tends to have significantly reduced effects

on protein level compared to ribosome loading) suggesting that additional mechanisms exist

to buffer the impact from one molecular phenotype to the next [47, 48]. In addition to
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the Yoruba cohort, effort has been made to map eQTLs in 462 LCLs across five human

population [61], which not only increased the power to identify more eQTLs, but also enabled

the investigation of shared and population-specific eQTLs [62].

Recently, induced pluripotent stem cells (iPSCs) emerged as a promising system for QTL

studies. Researchers established a panel of iPSCs from 58 intensively-studied Yoruba LCLs

[63]. This panel of iPSCs have genotype data readily available as they are genetically identical

to the LCLs from which they are derived. Moreover, they are capable of being induced into

numerous cell types, enabling mapping of cell type specific QTLs as well as time-resolved

regulatory QTLs during cellular differentiation [63, 64].

Another important type of biological system for QTL studies is primary human tissues.

Blood is one of the most easy-to-access sample that can be obtained from living donors.

This enabled QTL studies of relatively large sample size. For example, an eQTL study using

2,752 peripheral blood samples from twins identified 6,988 high-confidence cis-eQTLs and

165 trans-eQTLs, which were replicated in another set of unrelated subjects [65]. Another

study used CT4+ T cells derived from blood of healthy donors to study the regulatory QTL

of activated T cell, which identified thousands of chromatin accessibility QTLs (ATAC QTLs)

and co-accessibility QTLs as well as hundreds of eQTLs [66]. Analysis of these regulatory

QTLs revealed insights into the mechanism of transcription regulation from TF binding to

gene expression in a physiological relevant system under stimulated condition. In addition

to blood-related tissue, many regulatory variants that are specific to certain solid tissues

may contribute to the etiology of human diseases. However, unlike blood, samples from solid

tissues can only be obtained from post-mortem individuals. A consortium effort has been

put to coordinate sample collection and analysis of a big number of human solid tissues,

known as Genotype-Tissue Expression (GTEx) project [67, 68]. This project has enabled us

to explore how one set of DNA sequence could exert different effects on different tissues as

well as the shared effects across multiple tissues [69, 70].
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1.2.2 Leverage regulatory QTLs to understand genetic architecture of com-

plex traits

Molecular QTLs, are enriched with human complex traits-associated variants, and can be

leveraged to identify disease susceptibility variants and genes [50, 71, 72, 73, 74]. Many

studies found regulatory QTLs, particularly eQTLs, are enriched with GWAS signals. This

enrichment is often the most significant when the cell/tissue type from which the QTLs were

mapped matches the complex trait-related tissue [75, 76]. For example, regulatory QTLs

mapped in blood-derived immune cells are mostly enriched with GWAS signal of immune-

related traits [47, 77, 66] while regulatory QTLs identified using human brain sample show

enrichment with GWAS variants mostly in neuropsychiatric disease [35, 78].

GWAS results often identify a region that contains multiple genes and many genetic

variants in high linkage disequilibrium (LD) to be associated with a complex trait while the

ultimate goal is to uncover the causal gene and genetic variant. Regulatory QTLs can be

leveraged to prioritize likely causal variants given the assumption that variants exert their

effects on complex traits by altering the regulatory mechanism of pathological genes. Empir-

ical based approaches, e.g. Regulatory Trait Concordance (RTC) [79], have been utilized to

prioritize functional variants in GWAS regions as candidate causal variant of GWAS traits

until several integrative Bayesian methods have been developed. These methods include

eCAVIAR [80], Coloc [81] and Enloc [72] with the former two methods directly assuming

a fixed value for the enrichment of molecular QTLs in GWAS variants while the later esti-

mates this parameter from the data. All three methods run model-based colocalization tests

to identify putative causal variants of both molecular QTLs and GWAS trait. Another pop-

ular approach for integrating regulatory QTLs and GWAS is gene-based association study

such as PrediXcan [82] and transcriptome-wide assocaition study (TWAS) [83]. These meth-

ods build predictive models of molecular trait from regulatory QTLs, e.g. eQTLs, and test

for association between expression level imputed from genotype data and phenotype. The

benefits of this type of approach include reduced multiple test burden (increased power) and
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easy interpretation for follow studies.

1.3 Dissertation overview

Despite rapid progress in the m6A field, genomics analysis of m6A epitranscriptome, particu-

larly quantitative analysis, has notable gaps. As introduced in previous chapter that genetics

of molecular traits across several steps of gene expression regulatory have been characterized.

However, how DNA sequence variation could affect m6A has not been explored. Besides,

a flexible method to analyzed m6A-seq (MeRIP-seq) data for differentially methylated loci

that can compatible with complex study design is not available, despite tremendous amount

of m6A-seq has been generated in dozens of studies [84]. In this dissertation, I will present

my works on genetics analysis of m6A epitranscriptome using a QTL mapping approach as

well as an R package I developed to perform differential methylation analysis on MeRIP-seq

data with compatibility to complex study designs.

Chapter 2 presents genetics analyses of human mRNA m6A modification and its contri-

bution to the genetics of complex phenotypes. The work present in this chapter also appears

in journal article Zijie Zhang#, Kaixuan Luo#, Zhongyu Zou, Maguanyun Qiu, Jiakun

Tian, Laura Sieh, Hailing Shi, Yuxin Zou, Gao Wang, Allen C. Zhu, Min Qiao, Zhongshan

Li, Matthew Stephens∗, Xin He∗, Chuan He∗. Genetic Analyses Support the Contribution

of mRNA N 6-methyladenosine (m6A) Modification to Human Disease Heritability. Nature

Genetics, in press.

Chapter 3 presents a new statistical method we developed to analyze MeRIP-seq data

for differentially methylated loci. The work present in this chapter also appears in journal

article Zijie Zhang, Qi Zhan, Mark Eckert, Allen Zhu, Agnieszka Chryplewicz, Dario F.

De Jesus, Decheng Ren, Rohit N. Kulkarni, Ernst Lengyel, Chuan He∗ & Mengjie Chen∗.

RADAR: differential analysis of MeRIP-seq data with a random effect model. Genome

Biology 20, 294 (2019).

In the appendix, I attached abstracts of three additional publications in which I am co-
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first author. In these works, I applied epitranscriptomic analysis techniques on m6A to study

the role of mRNA m6A modification in acquired drug resistance in leukemia cells, type 2

diabetic islets as well as human metapneumovirus (RNA virus) with collaborators from other

institutes. Of note, the challenges of lacking a statistical method for differential methylation

analysis compatible with complex study design I encountered during the epitranscriptomic

analysis of type 2 diabetic islets was a key factor that motivated me to develop the R package

RADAR presenting in Chapter 3.
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CHAPTER 2

SYSTEMATIC GENETIC ANALYSIS OF mRNA m6A

METHYLATION

2.1 Introduction

Despite rapid progress in the m6A field, our understanding of m6A regulation and function

has notable gaps. Among all adenosine sites on mRNA, only a small fraction is m6A modified

and we know little about what factors control this specificity. De novo motif analysis on

current m6A-seq data as well as CLIP-seq data of METTL3/14 revealed a consensus motif

– RRACH. However, RRACH motif is wide-spread across the transcriptome and only a

relative small percentage of RRACH motifs on transcripts are modified. This suggests that

additional sequence features are involved in m6A deposition specificity. The downstream

functions of m6A are believed to depend on m6A reader proteins. However, we have limited

understanding of how RNA sequence contexts may affect the recognition of m6A by readers

as well as downstream effects. Indeed, our list of m6A reader proteins may well be incomplete

[21]. At the phenotypic level, dysregulation of m6A has been implicated in cancer progression

[85, 86, 87, 88, 89]. However, we know very little about how m6A variation may contribute

to other common human diseases.

To fill these gaps, we took a genetic approach based on mapping variants associated

with m6A levels in mRNA transcripts, or m6A quantitative trait loci (m6A QTLs). QTL

mapping of molecular traits has provided unique insights into gene regulation and facilitated

identification of susceptibility variants and genes from GWAS data as introduced in above

section. We mapped m6A QTLs using a well-characterized cohort of Yoruba LCLs, for

which QTL data of multiple molecular traits are available [55, 54, 59, 49, 56, 58, 57, 48].

We found that the m6A consensus motif (RRACH), while highly enriched, explains only a

small fraction of m6A QTLs. We observed that m6A QTLs are enriched in RBP target sites,

RiboSNitches (variants affecting RNA secondary structure) and transcriptional features,
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suggesting that these factors are important regulators of m6A installation. By integrating

with other molecular QTL data, we found that regulatory effects of m6A on downstream

traits such as translation likely vary across m6A sites in a context-dependent manner.

We conducted joint analysis of m6A QTLs and genome-wide association studies (GWAS)

data. Current efforts to characterize GWAS variants have largely focused on transcriptional

effects. However, recent studies, employing different approaches from colocalization to heri-

tability analyses, estimate that eQTLs explain only 10-25% of GWAS signals [50, 90, 91]. To

fill this gap, researches have suggested other mechanisms such as RNA splicing [47, 35]. In

our analysis, we found that m6A QTLs are enriched for risk variants of a range of complex

traits, particularly autoimmune diseases and blood-cell-related traits. The contribution of

m6A QTLs to heritability of these traits is roughly half of eQTLs and comparable to splicing

QTLs (sQTLs) mapped in the same cohort LCLs. Treating m6A level as molecular traits,

we performed TWAS [83] of these traits and identified a number of m6A sites and genes.

Taken together, our results demonstrate that m6A variation is an important link between

genetic and phenotypic variations.

2.2 Material and methods

2.2.1 Human lymphoblastoid cell line

Human lymphoblastoid cell line (LCL) of 60 Yoruba individuals were purchased from Coriell

Institute (cells were at 3rd - 5th passages when received). These 60 individuals were chosen

by the availability of other molecular QTLs data in previous studies that can be used for

integrated analysis with m6A QTLs. These regulatory QTLs data include transcription rate

QTLs, eQTLs, decay QTLs, ribosome loading QTLs (ribo-seq QTLs) and protein QTLs

[55, 59, 57, 48]. Upon receiving, cells were split into flasks as technical replicates and were

processed independently thereafter. Cells were cultured and propagated in RPMI 1640

medium with 15% FBS at 37°C and 5% CO2 until harvest.
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2.2.2 HeLa cell line

Human HeLa cell line used in this study was purchased from ATCC (CCL-2) and grown in

DMEM (Gibco, 11995) media supplemented with 10% FBS and 1% 100 × Pen/Strep (Gibco)

at 37°C and 5% CO2 until harvest. Transfection was achieved by using Lipofectamine

RNAiMAX (Invitrogen) for siRNAs.

2.2.3 RNA extraction and m6A-sequencing

Cells were harvested by 1000× g centrifuge. Total RNA was extracted from cell pellets

using TRIzol (Invitrogen) and Direct-Zol RNA extraction kit (Zymo Research cat. R2072)

according to the manufacturer’s instruction. mRNA was further purified with Dynabeads

mRNA DIRECT purification kit (Thermo Fisher, cat. 61011) by robot (KingFisher Duo

Prime System, ThermoFisher Scientific) for 12 samples at a time. mRNA was adjusted

to 15ng/µl in 100 µl and fragmented using Bioruptor ultrasonicator (Diagenode) with 30s

on/off for 30 cycles.

Approximately 50 ng of fragmented mRNA was saved as input sample and 1,450 ng was

subject to m6A-immunoprecipitation (m6A-IP) with EpiMark N 6-Methyladenosine enrich-

ment kit (NEB cat. E1610S) according to manufacturer’s protocol. The selection of this

antibody is based on a benchmark of several available commercial m6A antibodies (data not

shown), in which we found NEB antibody giving the highest fold enrichment of m6A peaks.

To minimize the variation due to IP experiment, which is often a great source of technical

noise in IP-based sequencing, m6A-IP was performed by robot (KingFisher Duo Prime Sys-

tem, ThermoFisher Scientific) for 12 samples at a time. Though a monoclonal antibody was

used, we further controlled for lot variation by pooling several tubes of antibody prior to

aliquot to each of the 60 samples.

RNA eluted from m6A-IP was cleaned using RNA Clean and Concentrator (Zymo Re-

search, cat. R1013). Input and IP samples were then used to prepare library with KAPA

mRNA Hyper Kit (Roche, Cat. KK8541). A total of 240 libraries (duplicates per individual,
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each with an input and IP) were constructed in three batches. All libraries were sequenced

by the HiSeq4000 platform at SE50 mode at the sequencing core facility at the University of

Chicago. For each batch of library constructed, all libraries (with distinct index) were pooled

and sequenced at a lane together for 3-5 repetitive lanes. This study design balanced the

lane effect on each batch of library. In sum, approximately 30 million reads were obtained

for each library and reads from technical replicates were pooled to result in 60 million reads

for each input and IP sample per individual.

2.2.4 Sequence alignment and joint peak calling

For each dataset, the raw sequencing data were mapped to the hg19 reference genome by

Hisat2 [92] with parameter –known-splicesite-infile 〈splice-file extracted from Refseq hg.19

GTF file〉 -k 1. We used WASP [93] to control for the alignment bias due to genetic variations.

The BAM files obtained from alignment are used as an input file for reads quantification.

To call m6A peaks jointly across samples, we first divided genes (concatenated exons) into

50 base pair (bp) consecutive bins where read counts of input and IP sample were quantified.

Second, we applied a two tailed Fisher’s exact test to call bins significantly enriched in IP

vs. input. Specifically, we constructed a contingency table consisting of the read counts

of a bin in the input (a) and in the IP (b), and the median read count of the bins in the

gene containing that bin in the input (c) and in the IP (d). The odds ratio is represented

as b×c
a×d . The FDR control procedure was performed on each gene and an FDR < 5% cutoff

was used to call a bin peak for each sample. Third, to obtain a common set of peaks for

all QTL analysis, we define joint-m6A-peaks by requiring a bin to be called as peak in at

least 5 individuals. Neighboring bins that satisfied this criterion were merged into a single

peak. Then, a pair of read counts (the input and IP) were obtained for each of the joint

m6A peaks. Finally, we filtered out peaks with zero read in any of the samples.

To obtain consensus motif of m6A, we used Homer2 [94] to search for de novo motifs in

m6A peak sequences with the parameter -len 5,6,7 -rna -S 5 -noknown. As a background
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control, we extracted sequences from random peaks of 200 bp size that were sampled from

mRNA transcripts.

To visualize the distribution of m6A peaks on the transcript, we generated meta-gene

plot using the R package Guitar [95] with default settings.

2.2.5 Genotype data and imputation

We downloaded the latest thousand genome project “combined variant calling data release”

[53] where 50 samples of ours are covered in this dataset. For the rest 10 samples, there

are 8 sample covered in the chip array genotyped data from the thousand genome. For the

two individual that are not covered in the thousand genome genotype data, we obtained

their genotype data from HapMap and liftovered the hg18 coordinate to match the hg19

coordinate of others. To fill the missing genotypes of these 10 individuals that are not

covered in the thousand genome combined variant call dataset, we pre-phased and imputed

missing genotypes using Impute2 [96, 97]. Overall, we obtained genotypes for 9,821,958

SNPs that have MAF > 5%.

2.2.6 m6A QTLs mapping

Unlike common omics data (e.g. ChIP-seq) that quantifies molecular trait by a single variable

(e.g. read counts in a ChIP-seq peak), m6A-seq experiments are characterized by a pair of

input and immunoprecipitation (IP) measurements. For a given testing window (as defined

by joint m6A-peaks), the read counts of IP (immunoprecipitated) and input (regular RNA-

seq) in individual i are denoted as Y
(1)
i and Y

(0)
i , respectively. Let T

(1)
i and T

(0)
i be the

library size of IP and input, respectively. We define log odds ratio (log-OR) as the m6A

quantitative phenotype:

yi =
Y

(1)
i /T

(1)
i

Y
(0)
i /T

(0)
i

(2.1)

Correction for possible confounders: Various factors (such as IP efficiency and GC
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content) may distort this value. Our strategy is to adjust for this offset term to account for

covariates of peaks in sample-specific fashion.

We define observed log-OR of a peak j in sample i as:

ỹij = log2

Y
(1)
ij /T

(1)
i

Y
(0)
ij /T

(0)
i

(2.2)

Leaning how ỹij depends on IP efficiency and GC content in each sample would allow us

to correct for deviation of ỹij due to those factors in a sample-specific manner.

Adjusting for IP efficiency: Variation of overall IP efficiency across individuals can

have impact on the expected fraction of reads in IP. We adjust for this variation by estimating

the difference of IP-efficiency between each sample i and the average across samples, using

a strategy similar to WASP [93]. Let ȳj be the average log-OR of peak j across all samples.

We can plot ỹij vs. ȳj for all peaks in a sample i (Figure 2.1a). For samples with low IP

efficiency, the lines would fall below diagonal line, and for samples with high IP efficiency,

above the diagonal line.
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Figure 2.1: Fitting the overall IP efficiency correction term. The fraction of reads
coming from the peaks varies between experiments. We adjust for this variation by estimating
the difference of IP-efficiency between each sample i and the average across samples as
illustrated in panel a. We first fitted a quadratic function of individual log odds ratio vs.
the mean log odds ratio across all samples as shown in panel b. Since the fitted curves are
approximately linear, we simplified to fit the individual log odds ratio as a linear function of
the mean log odds ratio across all samples as shown in panel c.

In order to capture the variation of IP efficiency across samples, we first fitted a quadratic

function of ỹij against ȳj for each sample, as shown in Figure 2.1b. Since the fitted curves

are approximately linear, we then fitted a linear model for simplicity (Figure 2.1c).

Let ŷij be the expected log-OR for a given peak j in sample i (based on the fitted line),

then our correction term for peak j in sample i is:

∆Kij = ŷij − ȳj (2.3)
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Adjusting for GC content: Another technical covariate that has been shown to influ-

ence read count representation is GC content [93, 98]. To adjust for the GC content bias,

we group peaks of the same GC content into bins. Let bil be the average log-OR of all

peaks in bin l of sample i, and let b·l be the average log-OR of all peaks in bin l over all

samples. The difference of the two should reflect the GC effect. However, a sample may

have higher log-OR across all peaks because of IP efficiency or other technical factors, so we

should adjust for that. Let bi· be the average log-OR of all peaks of sample i, and b·· be the

average log-OR of all peaks of all samples. We define the deviation of bin l in sample i as:

Fil = (bil − b·l)− (bi· − b··) (2.4)

As shown in Figure 2.2 , the effect of GC content varies from sample to sample. We fitted

a quadratic function of Fil vs. its GC content to get the correction term ∆Fil for each peak

given its GC content bin l in sample i.

Our log fold enrichment for sample i in peak j adjusting for IP efficiency and GC content

is:

LogORij = ỹij + ∆Kij + Fil (2.5)
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Figure 2.2: Fitting the GC bias correction term. The GC content of a region can
affect the sequencing depth of that region. This influence varies from sample to samples.
To capture and correct for this GC bias, we fitted a correction term Fil for each peak as a
quadratic function of GC fraction of the peaks for each sample.

We next standardized the log-OR by subtracting out the mean and dividing by the stan-

dard deviation of each peak followed by quantile normalization. We applied a linear model

implemented in FastQTL [99] to test the association between phenotypes and genotypes,

adjusting for 15 principal components (PCs). The number of PCs was chosen to maximize

power. We tested cis-associations between peaks and SNPs within 100 kb, as we found the

signals for m6A-SNP association are mainly enriched within the 100 kb window flanking the

m6A peak.

To account for multiple genetic variants tested for each peak, we performed 1,000 rounds

of permutation and used the beta-approximation scheme in the FastQTL to obtain empirical

P values for each peak. We then used Storey’s qvalue method [100] to obtain the false

discovery rate (FDR), accounting for multiple peaks tested. SNP level FDR was obtained

by applying Storey’s qvalue method to nominal P values for the association tests.
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2.2.7 Spatial distribution and genomic annotation of the m6A QTLs

To characterize the spatial distribution of the m6A-associated SNPs with respect to the

m6A peaks, we calculated the distance from the SNP to the center of the corresponding

peak. Since m6A is an RNA modification, the distances were calculated with respect to the

transcript strand where a negative distance indicates an upstream location of the transcript

and vice versa. m6A QTL SNPs were assigned to 5’UTR, CDS, 3’UTR, Intron and Intergenic

annotation using the R package ChIPseeker [101]. For SNPs that could be assigned to

different annotation due to multiple isoforms of a gene, the annotation priority was set to

be UTR > CDS > Intron > Intergenic.

2.2.8 Comparisons between m6A QTLs vs. eQTLs and sQTLs

To compare m6A QTLs with eQTLs (both at FDR < 10%), we compared the overlap of

ePeak-harboring genes and eGenes in the same cohort of Yoruba LCL samples [55]. Then,

for those genes with both ePeak and eGene mapped, we computed the pairwise distances

and LD between the lead ePeak SNPs and the eGene SNPs. To compare m6A QTLs with

sQTLs (both at FDR < 10%), we used the sQTL data from a slightly larger cohort of

GEUVADIS Yoruba LCL samples (n = 87) [47]. We mapped intron clusters with at least one

significant sQTL (denoted as eSplicing intron clusters) and compared the overlap of ePeak-

harboring genes and genes containing eSplicing intron clusters. For genes with multiple m6A

ePeaks and/or multiple eSplicing intron clusters, we computed the pairwise distances and

LD between all pairs of the lead ePeak SNPs and the eSplicing SNPs.

2.2.9 Annotation of the m6A QTLs and enrichment analysis

Our functional annotations include m6A consensus motif (RRACH) in m6A peaks, RBP

CLIP-seq peaks in K562 and HepG2 cells from ENCODE [102], TF and histone modifications

ChIP-seq peaks in LCLs from ENCODE59, experimentally determined RiboSNitch [103] and
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predicted microRNA binding site by TargetScan [104].

To annotate SNPs by the m6A consensus motif (RRACH) in m6A peaks, we used Mo-

tifBreakR [105] to find instance of m6A motifs overlapping with SNPs (note this software

matches motifs to either allele of the polymorphic site). We then intersected these motif

matches with the joint peaks to obtain motifs in m6A peaks. For RBP CLIP-seq peaks,

we intersected the peaks of the two replicates and from the two cell lines to obtain a peak

set that are consistent across replicates and cell lines. These peaks shared across cell lines

are more likely to be functional in LCL than those in single cell line. To define ChIP-seq

peaks for TFs and histone markers, we chose peaks that are “optimal IDR peaks” as defined

by the ENCODE processing pipeline. We used the microRNA binding sites predicted by

TargetScan [104], limit to the sites that are targeted by microRNAs expressed in the LCLs.

MicroRNA expression data was obtained from the microRNA-seq data of LCLs samples from

GEUVADIS [61]. We defined a microRNA being expressed in LCLs by requiring the median

read count across individuals = 5.

We used two methods to test the enrichment of each functional annotations in m6A

QTLs. In the first method, we took the independent SNPs from the fine-mapped m6A

QTLs (see Fine-mapping m6A QTLs, eQTLs and sQTLs Section) by choosing SNPs with

the maximum posterior inclusion probability (PIP) per credible set. We then compared the

number of QTLs vs. the number of random control SNPs overlapping with a functional

annotation using the two-tailed Fisher’s exact test. To generate the control SNP set, we

used a modified version of SNPsnap [106] to sample 100 sets of SNPs that match the allele

frequencies, numbers of SNPs in LD, distances to the nearest genes, gene density as well

as annotations about SNP locations relative to genes (5’UTR, CDS, 3’UTR, intron and

intergenic regions).

In the second method, we used Torus [107] as an alternative to assess the enrichment

of functional annotation in the m6A QTLs. Torus fits a logistic regression model to esti-

mate an enrichment parameter for each annotation, which enables joint analysis of multiple
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annotations.

2.2.10 Fine mapping m6A QTLs, eQTLs and sQTLs

Many significant m6A QTLs are likely not causal variants but tagging the causal SNPs due

to LD. For each ePeak, there could be multiple SNPs all showing significant association with

m6A level because genotypes of these SNPs are all highly correlated with each other (SNPs

in proximity tend to travel together). Thus, using P value thresholds to select SNPs may

include many non-causal SNPs that can significantly dilute signals in downstream analyses.

A coarse way to select independent SNPs is to perform LD clumping, which selects the

SNP with the lowest P value from each set of highly correlated SNPs in sliding windows.

However, causal SNPs may not always show the strongest effect due to complex LD structure

and when statistical power is not large [108].

To better identify independent associations and likely causal variants, we performed fine-

mapping of m6A QTLs using the state-of-art tool SuSiE [109]. SuSiE is a Bayesian variable

selection regression method for selecting SNPs of non-zero effect from highly correlated SNPs,

which can leverage functional annotations as priors for variable selection. We used the stan-

dard version of SuSiE that takes individual-level phenotype and genotype data. For SuSiE

parameters, the maximal causal variants per region was set to 3 and estimate prior variance

= TRUE. With this setting, we let SuSiE to estimate the percentage of variance explained

from the data.

Molecular QTLs are often enriched for functional annotations as some of the functional

annotations contribute to the mechanism of molecular QTLs. For example, a SNP close to

a peak and located in an RBP binding site would have a higher prior probability of being

a causal variant of m6A. To make use of these information in fine-mapping, we derived

informative priors from the functional annotation enrichment analysis using the program

Torus with flag: -dump prior to output priors for each SNP. To be conservative, we first

fine-mapped m6A QTLs with uniform prior inclusion probability and applied this version in
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most of our analyses including enrichment analysis comparing m6A QTLs with control SNPs

by Fisher’s exact test, m6A QTL RBP-motif break analysis and partition of GWAS traits

heritability analysis. Then, we performed another version of fine-mapping that leveraged

RNA annotations including RiboSNitch, RBP binding sites and SNP-peak distances by

using informative priors derived by Torus. We used the RNA-features-informed fine-mapping

results in the S-LDSC analysis of enrichment of GWAS variants in m6A QTNs.

Similarly, we fine-mapped eQTLs and sQTLs using SuSiE on individual-level expres-

sion and splicing data in GEUVADIS YRI LCL samples with uniform priors and the same

parameter settings as fine-mapping m6A QTLs.

SuSiE outputs posterior inclusion probability (PIP) and 95% confidence interval credible

set. PIP of a SNP is the sum of posteriors over all models that include this SNP as causal,

which represents the estimated probability of a SNP being causal variant. Credible set

reports the minimal sets of SNPs containing all causal SNPs with 95% probability. Each

credible set basically represents an independent effect with likely causal SNP/SNPs contained

in this set. In current manuscript, we used credible set and ranked PIP to select for putative

causal m6A QTNs.

2.2.11 Evaluating the role of RBP binding in regulating m6A level

To evaluate if RBP binding is causally linked to m6A levels, we investigated directional

consistency of SNP effects on RBP binding and on m6A level. First, we learned motifs of

each RBPs from the CLIP-seq data. For each RBP, we took the top 3,000 peaks as ranked

by peak strength of each replicate and retain the ones that are consistent in both replicates.

We then extend 5 bp at both sides for peaks that are shorter than 10 bp. The sequence of the

resulted peaks served as target sequence for de novo motif search by Homer2. To generate

matched background peaks for each RBP, we first generated a large set of random peaks

of length 70 bp (the mean width of CLIP-seq peaks) on the transcribed region including

both exons and introns. Then we annotated the genomic locations (5’UTR, CDS, Intron,
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3’UTR etc.) of the top CLIP-seq peaks and drew random peaks with matched distribution

of genomic annotation. At least one motifs of P value < 1 × 10−10 were obtained for 113

RBPs. For each RBP, the top 2 motifs by P value were used for motif correlation analysis

of RBP binding. To visualize the motifs, we used the R package Loglas [110] to generate

sequence logo plots that highlight both nucleotide conservations and depletions.

Next, we checked whether the impact of genetic variant on RBP binding is correlated

with the effect on m6A level, measured by m6A QTL effect size, in a directionally consistent

manner. To assess the effect of genetic variants on RBP binding affinity, we used Motif-

BreakR [105] to map SNPs that disrupts a RBP motif. A cutoff of P value < 1 × 10−3

was used to filter the motif match results in the parameter setting. To enhance signals, we

used fine-mapped m6A QTLs as described in the Fine Mapping m6A QTLs, eQTLs

and sQTLs sub-section. Some of the ePeaks don’t have SNPs in fine-mapped credible set.

This will likely result in insufficient number of SNPs for the motif break analysis. To include

more SNPs, we used all SNPs with PIP > 0.5 and for ePeaks without SNP PIP > 0.5, we

included the maximum PIP SNPs to select likely causal SNPs in this analysis. For each

RBP, we chose the motif-breaking SNPs and peak pairs that are within 0.5 kb range with

the assumption that m6A is mainly affected by RBPs bound close to the m6A sites. RBPs

with less than 5 SNP-peak pairs were not included in the analysis. In total, we assessed

the correlation between binding affinity change of 37 RBP motifs and m6A QTL effect sizes.

Linear model was used to assess the correlation and Storey’s qvalue method was used for

FDR control.

2.2.12 Estimating contribution of RNA features and TFs to the m6A QTLs

To compare the relative contribution of RBP binding, secondary structure, RRACH motif,

microRNA binding and TF binding to the installation of m6A, we estimated the proportion

of putative causal m6A QTNs falling in each of these annotation categories. Specifically, we

took all SNPs from the credible sets of SuSiE fine-mapping and summed the PIP of SNPs
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in each annotation category to obtain an estimation about the expected “number” of causal

SNPs related to each mechanism. To compute the proportion, we divided the summed PIP

of each annotation category by the sum of PIP across all SNPs in credible sets.

2.2.13 Joint analysis of transcription-rate QTLs and m6A QTLs

. We downloaded published transcription-rate-QTL data [47] where transcript rate was

measured by 4SU-seq at two labeling time points (30min and 60 min) in the same cohort

of YRI samples as in our study. 4SU-seq labels newly synthesized RNA using nucleotide

analog 4-thiouridine (4SU), allowing for pulldown of the labeled newly synthesized RNA for

sequencing. We note that 4SU-seq quantifies the overall transcription rate, but does not

distinguish different events (e.g. PolII pausing vs. slow progression) leading to transcription

rate change.

2.2.14 Validating m6A methyltransferase interactions with TFs

To experimentally validate that some TFs interact with m6A installing machinery, we per-

formed co-immunoprecipitation (co-IP) experiment for several TFs following a modified pro-

tocol from an earlier study [111]. Briefly, 150 µl LCL cell pellet was washed with 10 volumes

of PBS once, then washed with 10 volumes of hypotonic lysis buffer (10 mM Tris-HCl pH =

7.5, 10mM KCl, 2mM MgCl2, 0.2 mM EDTA, 0.2 mM DTT, 10mM sodium butyrate, 1×

protease and phosphatase inhibitor cocktail) once. The pellet was resuspended in 8 volumes

of hypotonic lysis buffer for 5 minutes to swell cells. We then homogenized the swollen cells

using the “loose” pestle of a 2 ml Dounce homogenizer for 200-300 strokes. Nuclei were

pelleted at 800 g for 5 minutes followed by washing once with hypotonic lysis buffer. The

nuclei pellet was then resuspended in 4 volumes of nuclear lysis buffer (20 mM Tris-HCl

pH = 7.5, 50 mM KCl, 100 mM NaCl, 2 mM MgCl2, 10% glycerol, 0.1% Tween20, 0.2

mM EDTA, 0.2 mM DTT, 10mM sodium butyrate, 1× protease and phosphatase inhibitor

cocktail). The nuclei were homogenized by 150 strokes of the “tight” pestle of a 2 ml Dounce
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homogenizer. After nuclear lysis, Turbo DNase (Invitrogen, cat. AM2238) was added at a

1:20 ratio and the mix was incubated at 16°C with rotation for 1 hr. The resulting lysate

Target protein Purpose Antibody Note
METTL3 Western blot Cell signaling #86132 1:1000 dilution
WTAP Western blot Cell signaling #41934 1:1000 dilution
VIRMA Western blot Proteintech 25712-1-AP 1:300 dilution
RBBP5 Western blot Cell signaling #13171 1:1000 dilution
BACH1 Western blot Bethyl A303-058A 1:2000 dilution
RBBP5 Immunoprecipitation Bethyl A300-109A 5 ug/∼1mg lysate
BACH1 Immunoprecipitation Bethyl A303-058A 5 ug/∼1mg lysate

IP detection Western blot Abcam VeriBlot ab131366 1:300 dilution

Table 2.1: Antibodies used in Co-IP experiment. The detailed information for the
antibodies used to test the interaction between TFs of interest and m6A methyltransferase
complex.

was then cleared by centrifuge at 16,000 g, 4°C for 20 minutes. Immunoprecipitations were

performed by incubating cleared lysate with antibody specific to TFs (see Table 2.1 for

details of antibodies used) and 20 µl of corresponding protein A/G beads for 4 hours at

4°C. We then applied 5 rounds of stringent washes using dialysis buffer (20 mM Tris-HCl

pH 7.5, 50 mM KCl, 100 mM NaCl, 2 mM MgCl2, 10% glycerol, 0.2 mM EDTA, 0.2 mM

DTT, 10mM sodium butyrate, 1× protease and phosphatase inhibitor cocktail) followed by

elution in 1× Laemmli SDS sample buffer.

2.2.15 Joint analysis of m6A QTLs and other molecular traits QTLs

We collected QTL data of multiple molecular traits in YRI LCLs from earlier studies, in-

cluding transcription rate, mRNA levels, mRNA decay, mRNA splicing, ribosome loading

and protein levels. We used processed phenotype data and YRI genotypes complied in ref-

erence [47] (downloaded from http://eqtl.uchicago.edu/jointLCL/). To map cis-QTLs for

these molecular phenotypes, we chose SNPs within 100 kb windows around genes using linear

regression by FastQTL, and regressed out PCs (the number PCs was chosen to maximize

the number of detected QTLs in each molecular phenotype).
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To map alternative polyadenylation (APA) QTL, we followed a procedure used in an

early study [47] to generate APA data from RNA-seq data. Specifically, using the RNA-seq

data we generated (the input of the m6A-seq), we predicted and quantified APA events

based on sequencing coverage at the 3’UTR regions using a modified version of DaPars

[112] as described in Li et al [47]. We find 7,617 putative APA sites. Using the ratio of

distal to proximal polyA site usages as quantitative phenotypes, we tested their association

with genotypes within 100 kb range by FastQTL. 7 PCs were included to maximize the

QTL discovery. At SNP-level FDR < 10% (Storey’s qvalue method), we obtained 3,586

APA-QTLs.

To estimate QTL sharing between m6A and other molecular phenotypes, we followed the

procedure of Li et al [47], we first ascertained m6A QTLs at a given P value threshold. We

then limited our analysis to the lead SNP per m6A locus; thus, the SNPs we include are

largely independent. We next assessed the proportion of non-null (π1) from P values of the

ascertained SNPs in another molecular phenotype, using Storey’s method in the qvalue R

package [100]. 80% bootstrap confidence intervals for the our π1 estimates were computed

by resampling P values with replacement 100 times. Control SNPs were randomly sampled

across the genome.

We investigated the QTL effect size correlation between m6A and 5 related molecular

phenotypes studied in above π1 sharing analysis. We ascertained lead m6A QTLs and

assessed correlation between their effects on m6A and each of other 5 molecular traits using

a linear model. To understand how presence of RBP in vicinity of m6A site may influence

the correlation between m6A and other molecular traits, we repeated effect size correlation

analysis stratifying RBP bindings. We ascertained lead m6A QTLs, and grouped m6A peaks

bound by different RBPs, requiring the genomic intervals of RBP binding sites to be entirely

within m6A peaks (results are similar if we require only 1 bp overlap). 82 RBPs with at

least 50 data points (peak-SNP pairs) were selected. In each group of m6A peaks bound

by an RBP, we assessed the correlations of effect sizes between m6A QTLs and QTLs of
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other molecular phenotypes. When computing effect sizes for molecular QTLs, we used the

slope of the linear regression as a measure of effect size, and did not regress out PCs as

that could modify effect size estimates [47]. Significant correlations of effect sizes between

m6A QTLs and QTLs of other molecular phenotypes were selected at FDR (Benjamini &

Hochberg method) 10% threshold.

2.2.16 Re-analysis of ribosome-profiling data of METTL3 and YTHDF1

knockdown in HeLa cells

To validate our finding of heterogeneous effect of m6A on downstream molecular traits, we

used translation efficiency as an example and re-analyzed the ribosome profiling data of

METTL3 (m6A methyltransferase) and YTHDF1 (m6A reader) depleted Hela cells from a

published study [13]. The original paper focused on the target transcripts of YTHDF1 as

defined by transcripts harboring YTHDF1-bound m6A peaks. To systematically examine

the effect of m6A depletion on translation efficiency, we first stratified all transcripts with

m6A peaks and examined the distribution of the log2 fold change of translation efficiency.

To understand the heterogeneous effect of m6A on translation efficiency, we then stratified

transcripts by RBP-bound m6A peaks (we define RBP targets by overlaps of RBP eCLIP-

seq peaks with m6A peaks in HeLa cell line) and Welch’s two-sample t-test was used to test

the log2 fold change in translation efficiency in RBP targets vs. non-targets, upon METTL3

knockdown. We reported 32 RBPs that showed significant difference of translation efficiency

in targets vs. non-targets with FDR < 5%. In order to further understand the heterogeneous

effect of m6A on translation efficiency, we also re-analyzed the ribosome profiling data of

YTHDF1 (m6A reader) depleted Hela cells from reference [13]. We find the distribution of

log2 fold change of translation efficiency in all transcripts are shifted towards down-regulation

(Figure 2.3a), suggesting improper normalization in the original processed data (Figure

2.3b). We normalized the libraries using the median-of-ratio method implemented in DE-

Seq2 [113] (Figure 2.3c). We examined the impact of YTHDF1 depletion on translation
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Figure 2.3: Re-normalize ribosome profiling libraries. We analyzed the ribosome
profiling data from Wang et al. Cell 2015 and found the overall distribution of translation
efficiency changes are shifted towards down-regulation as shown in panel a. We checked the
distribution of read counts in individual samples of the analyzed data in the original paper as
shown in b (n = 9,742 genes). The distribution of normalized read counts in each individual
sample are shown in c (n = 9,742 genes). The lower and upper hinges correspond to the first
and third quartiles. Horizontal line indicates median value, and whiskers correspond to the
value no further than 1.5x inter-quartile range.

efficiency by overlay distributions (histograms) of YTHDF1 targets and non-targets. Sur-

prisingly, we find YTHDF1 knockdown led to overall reduction of translation efficiency in

transcripts harboring YTHDF1-bound m6A sites, but there are 33% (proportion based on

considering translation efficiency log2 fold change < -0.5 or > 0.5 as having effects) YTHDF1

targets showing opposite effects.

2.2.17 Validating YBX3 function in repressing translation efficiency

We depleted YBX3 using siRNA (Qiagen, Cat No. SI00355019) in Hela cells and performed

polysome profiling as described previously [13] to assess the effect on translation efficiency.

We quantified transcripts level of selected targets in three polysome-bound fractions: mono-
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some, polysome1 and polysome2 (as indicated in Supplementary Figure 2.5a) and non-

polysome-bound fraction for further gene-specific analysis. We selected 5 YBX3 target genes

from the analysis of ribosome profiling data in m6A depleted cells; all 5 YBX3-targets have

m6A peaks overlapping with YBX3 CLIP-seq peaks and showed increased TE upon m6A

depletion (IGS15, HSP90B1, CDT1, MRPL4, HIST3H2A). As negative controls, we selected

3 YTHDF1-targets, which showed decreased TE upon m6A depletion (THRAP3, PTPRM,

UGGT1 ). For each gene, we normalized the monosome, polysome1 and polysome2 fractions

by the non-polysome-bound fraction to obtain a translation efficiency estimation.

2.2.18 Heritability and enrichment analysis of GWAS summary statistics

using stratified LD score regression (S-LDSC)

We download summary statistics of 45 phenotypes from UK Biobank [114], the Price lab [115]

and the GWAS Catalog (https://www.ebi.ac.uk/gwas/summary-statistics). The GWAS

traits and corresponding references are listed in Table 2.2.

Table 2.2: Summary of GWAS data.

GWAS trait Reference

Platelet count

Astle, W.J. et al. The Allelic Landscape of Human

Blood Cell Trait Variation and Links to Common

Complex Disease. Cell 167, 1415-1429.e19 (2016)

Lymphocyte Count

Astle, W.J. et al. The Allelic Landscape of Human

Blood Cell Trait Variation and Links to Common

Complex Disease. Cell 167, 1415-1429.e19 (2016)

Rheumatoid Arthritis

Okada, Y. et al. Genetics of rheumatoid arthritis

contributes to biology and drug discovery.

Nature 506, 376 (2013).
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Table 2.2: Summary of GWAS data.

GWAS trait Reference

Red Cell

Distribution Width

Astle, W.J. et al. The Allelic Landscape of Human

Blood Cell Trait Variation and Links to Common

Complex Disease. Cell 167, 1415-1429.e19 (2016)

Reticulocyte Count

Astle, W.J. et al. The Allelic Landscape of Human

Blood Cell Trait Variation and Links to Common

Complex Disease. Cell 167, 1415-1429.e19 (2016)

Red Blood

Cell Count

Astle, W.J. et al. The Allelic Landscape of Human

Blood Cell Trait Variation and Links to Common

Complex Disease. Cell 167, 1415-1429.e19 (2016)

Coronary Artery

Disease

Data on coronary artery disease & myocardial

infarction have been contributed by

CARDIoGRAMplusC4D investigators and

have been downloaded from

www.CARDIOGRAMPLUSC4D.ORG

Hypothyroidism

Sudlow, C. et al. UK Biobank: An Open Access

Resource for Identifying the Causes of a Wide Range of

Complex Diseases of Middle and Old Age.

PLOS Medicine 12, e1001779 (2015).

Hemoglobin

Concentration

Astle, W.J. et al. The Allelic Landscape of Human

Blood Cell Trait Variation and Links to Common

Complex Disease. Cell 167, 1415-1429.e19 (2016)

Eosinophil Count

Astle, W.J. et al. The Allelic Landscape of Human

Blood Cell Trait Variation and Links to Common

Complex Disease. Cell 167, 1415-1429.e19 (2016)
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Table 2.2: Summary of GWAS data.

GWAS trait Reference

Leukocyte Count

Astle, W.J. et al. The Allelic Landscape of Human

Blood Cell Trait Variation and Links to Common

Complex Disease. Cell 167, 1415-1429.e19 (2016)

Body Mass Index

Akiyama, M. et al. Genome-wide association study

identifies 112 new loci for body mass index in the Japanese

population. Nature Genetics 49, 1458 (2017).

Menarche Age

Sudlow, C. et al. UK Biobank: An Open Access

Resource for Identifying the Causes of a Wide Range of

Complex Diseases of Middle and Old Age. PLOS

Medicine 12, e1001779 (2015).

Autism

Identification of risk loci with shared effects on

five major psychiatric disorders: a genome-wide

analysis. The Lancet 381, 1371-1379 (2013)

Total Cholesterol

Willer, C., Schmidt, E., Sengupta, S. et al. Discovery

and refinement of loci associated with lipid levels.

Nat Genet 45, 1274–1283 (2013)

Granulocyte Count

Astle, W.J. et al. The Allelic Landscape of Human

Blood Cell Trait Variation and Links to Common

Complex Disease. Cell 167, 1415-1429.e19 (2016)

Height

Wood, A.R. et al. Defining the role of common

variation in the genomic and biological architecture

of adult human height. Nature Genetics

46, 1173 (2014)
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Table 2.2: Summary of GWAS data.

GWAS trait Reference

Neuroticism

Okbay, A., Baselmans, B., De Neve, J. et al. Genetic

variants associated with subjective well-being,

depressive symptoms, and neuroticism identified through

genome-wide analyses. Nat Genet48, 624–633 (2016)

Schizophrenia

Schizophrenia Working Group of the Psychiatric

Genomics, C. et al. Biological insights

from 108 schizophrenia-associated genetic

loci. Nature 511, 421 (2014)

Menopause Age

Sudlow, C. et al. UK Biobank: An Open Access Resource

for Identifying the Causes of a Wide Range of Complex

Diseases of Middle and Old Age. PLOS Medicine 12, e1001779

(2015)

Neutrophil Count

Astle, W.J. et al. The Allelic Landscape of Human

Blood Cell Trait Variation and Links to Common

Complex Disease. Cell 167, 1415-1429.e19 (2016).

Low-Density

Lipoprotein

Teslovich, T., Musunuru, K., Smith, A. et al.

Biological, clinical and population relevance of 95 loci

for blood lipids. Nature 466, 707–713 (2010)

Alzheimers

Lambert, J.-C. et al. Meta-analysis of 74,046 individuals

identifies 11 new susceptibility loci for Alzheimer’s

disease. Nature Genetics 45, 1452 (2013).

High-Density

Lipoprotein

Teslovich, T., Musunuru, K., Smith, A. et al.

Biological, clinical and population relevance of 95 loci

for blood lipids. Nature 466, 707–713 (2010)
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Table 2.2: Summary of GWAS data.

GWAS trait Reference

Allergy

Ferreira, M.A. et al. Shared genetic origin of asthma,

hay fever and eczema elucidates allergic disease

biology. Nature Genetics 49, 1752 (2017).

Depressive Symptoms

Okbay, A., Baselmans, B., De Neve, J. et al. Genetic

variants associated with subjective well-being,

depressive symptoms, and neuroticism identified through

genome-wide analyses. Nat Genet48, 624–633 (2016).

Anorexia

Boraska, V., Franklin, C., Floyd, J. et al. A genome-wide

association study of anorexia nervosa.

Mol Psychiatry 19, 1085–1094 (2014)

Bipolar Disorder

Sklar, P., Ripke, S., Scott, L. et al. Large-scale

genome-wide association analysis of bipolar disorder

identifies a new susceptibility locus near ODZ4.

Nat Genet 43, 977–983 (2011)

Respiratory and

Ear-nose-throat

Disease

Sudlow, C. et al. UK Biobank: An Open Access

Resource for Identifying the Causes of a Wide Range of

Complex Diseases of Middle and Old Age. PLOS

Medicine 12, e1001779 (2015).

Breast Carcinoma

Michailidou, K., Lindström, S., Dennis, J. et al.

Association analysis identifies 65 new breast cancer

risk loci. Nature 551, 92–94 (2017)

Triglycerides

Teslovich, T., Musunuru, K., Smith, A. et al. Biological,

clinical and population relevance of 95 loci for blood

lipids. Nature 466, 707–713 (2010)
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Table 2.2: Summary of GWAS data.

GWAS trait Reference

Dermatology

Sudlow, C. et al. UK Biobank: An Open Access

Resource for Identifying the Causes of a Wide Range of

Complex Diseases of Middle and Old Age. PLOS

Medicine 12, e1001779 (2015).

Celiac

Dubois, P., Trynka, G., Franke, L. et al. Multiple common

variants for celiac disease influencing immune gene expression.

Nat Genet 42, 295–302 (2010)

Inflammatory

Bowel Disease

Luo, Y. et al. Exploring the genetic architecture of

inflammatory bowel disease by whole-genome

sequencing identifies association at ADCY7.

Nature Genetics 49, 186 (2017)

Allergy Eczema

Diagnosed

Sudlow, C. et al. UK Biobank: An Open Access

Resource for Identifying the Causes of a Wide Range of

Complex Diseases of Middle and Old Age. PLOS

Medicine 12, e1001779 (2015).

Ulcerative Colitis

Jostins, L., Ripke, S., Weersma, R. et al. Host–microbe

interactions have shaped the genetic architecture of

inflammatory bowel disease.

Nature 491, 119–124 (2012)

Lupus

Bentham, J., Morris, D., Cunninghame Graham, D. et al.

Genetic association analyses implicate aberrant regulation of

innate and adaptive immunity genes in the

pathogenesis of systemic lupus erythematosus.

Nat Genet 47, 1457–1464 (2015)
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Table 2.2: Summary of GWAS data.

GWAS trait Reference

Type 2 Diabetes

Scott, R.A. et al. An Expanded Genome-Wide Association

Study of Type 2 Diabetes in Europeans.

Diabetes, db161253 (2017).

Auto Immune

Traits (Sure)

Sudlow, C. et al. UK Biobank: An Open Access

Resource for Identifying the Causes of a Wide Range of

Complex Diseases of Middle and Old Age. PLOS

Medicine 12, e1001779 (2015).

Crohn’s Disease

Jostins, L., Ripke, S., Weersma, R. et al. Host–microbe

interactions have shaped the genetic architecture of inflammatory

bowel disease. Nature 491, 119–124 (2012)

Asthma

Sudlow, C. et al. UK Biobank: An Open Access

Resource for Identifying the Causes of a Wide Range of

Complex Diseases of Middle and Old Age. PLOS

Medicine 12, e1001779 (2015).

Primary Biliary

Cirrhosis

Cordell, H., Han, Y., Mells, G. et al. International

genome-wide meta-analysis identifies new primary

biliary cirrhosis risk loci and targetable pathogenic

pathways. Nat Commun 6, 8019 (2015)

Fasting Clucose

Manning, A., Hivert, M., Scott, R. et al. A genome-wide

approach accounting for body mass index identifies genetic

variants influencing fasting glycemic traits and insulin

resistance. Nat Genet 44, 659–669 (2012)
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Table 2.2: Summary of GWAS data.

GWAS trait Reference

Ovarian Carcinoma

Phelan, C., Kuchenbaecker, K., Tyrer, J. et al. Identification

of 12 new susceptibility loci for different histotypes of

epithelial ovarian cancer. Nat Genet 49, 680–691 (2017)

Type 1 Diabetes

Bradfield, J.P. et al. A Genome-Wide Meta-Analysis of Six

Type 1 Diabetes Cohorts Identifies Multiple Associated

Loci. PLOS Genetics 7, e1002293 (2011)

To test enrichment of GWAS signals in m6A QTLs, we first extracted GWAS SNPs that

also belong to m6A QTLs (association P value < 1× 10−4) and plotted the QQ-plot of the

GWAS P values for those SNPs. Similarly, we plotted GWAS SNPs that are also eQTLs

or sQTLs (association P value < 1× 10−4) for comparison. Genome-wide GWAS P values

were also plotted as a control.

We next performed heritability and enrichment analysis of GWAS summary statistics

using stratified LD-score regression (S-LDSC) [115]. S-LDSC partitions the heritability of

genomic annotations using GWAS summary statistics and estimates the enrichment as a

ratio of the proportion of heritability explained by an annotation divided by the proportion

of SNPs in that annotation. We partitioned the heritability of complex traits and estimated

heritability enrichment of m6A QTL, eQTL and sQTL. We then constructed a probabilistic

(continuous-valued) annotation using PIP estimates from SuSiE fine-mapping with RNA-

features-informed prior or uniform prior inclusion probability. We applied S-LDSC to our

QTL-based annotations using separate models for each QTL annotation and joint model with

all three types of QTL annotations together. In our S-LDSC analysis, we adjusted for various

baseline annotations of SNPs using a baselineLD model [115], including gene annotations

(coding, UTRs, intron, promoter), MAF bins and LD-related annotations. We did not

include functional annotations such as enhancer markers in our baseline model, because
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these annotations are likely correlated with the QTL features of interest (e.g. enhancers are

enriched in eQTLs), and including them will bias our estimated enrichment. To estimate

heritability explained by molecular QTLs, we constructed a binary annotation containing

all SNPs at given SNP-level FDR cutoffs. We repeated the analysis on m6A QTL, eQTL,

sQTL at thresholds of 20%, 10% and 5% FDR. We find our conclusion is robust at varying

thresholds.

2.2.19 TWAS and heritability analysis of m6A peaks

TWAS was performed using the FUSION [83] software. We trained regression models

(LASSO, Elastic Net and top SNPs) using our own m6A data in LCLs, published RNA-

seq data in YRI LCLs [55], and splicing data [47] using GEUVADIS YRI LCLs data [61],

and the corresponding YRI genotype data. In m6A-TWAS analysis, we computed weights

for each m6A peak using LASSO and Elastic Net models as well as regression model with the

single most significantly associated SNPs (using the R function FUSION.compute weights.R

provided by FUSION with parameter –models lasso,enet,top1). The best performing model

in cross-validation was selected for each peak to perform imputation. We used 100 kb cis-

window, and restricted the genotypes to the set of markers in the LD reference panel (1000

Genomes European samples) provided on the FUSION website (http://gusevlab.org/projects/

fusion/), as we used the LD reference data for the GWAS-m6A association analysis. 19,130

m6A peaks had estimated heritability. We obtained trained weights for 918 peaks with es-

timated heritability significantly greater than 0 (with default parameter hsq P = 0.01). We

then performed imputation of genetically determined m6A levels and estimated GWAS-m6A

associations. We selected genome-wide significant m6A peaks/genes at Bonferroni corrected

P value < 0.05. Similarly, we built prediction model of gene expression as well as splicing

(introns with missing values were ignored) and estimated the GWAS-gene expression as well

as GWAS-splicing associations using FUSION.
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2.2.20 Colocalization analysis of m6A QTLs and GWAS variants

Our colocalization analysis was performed using the Approximate Bayes Factor (ABF) test

implemented in software Coloc [81], which has been incorporated in the TWAS/FUSION

pipeline. Coloc computes five posterior probabilities (PP0, PP1, PP2, PP3 and PP4), each

corresponding to a hypothesis – H0: no association with either trait; H1: association with

trait 1, not with trait 2; H2: association with trait 2, not with trait 1; H3: association

with trait 1 and trait 2, two independent SNPs; H4: association with trait 1 and trait 2,

one shared SNP. We ran coloc incorporated in the FUSION pipeline with default parame-

ters for TWAS-significant associations (using the R function Fusion.assoc test.R in FUSION

software with - -coloc P flag) and used PP4 to assess evidence of colocalization. We visual-

ized the colocalization of m6A QTL and GWAS associations using LocusCompareR package

(https://github.com/boxiangliu/locuscomparer).

2.3 Results

2.3.1 Analysis of m6A peaks in LCLs

We used m6A-seq [33, 34] to profile m6A levels across the transcriptome in LCLs derived from

60 Yoruba individuals. We obtained on average 60 million reads for unmodified (input) and

immunoprecipitated (IP) mRNA libraries for each cell (Figure 2.4a). To identify m6A sites

that are present in most of the samples, we called peak jointly on all samples. Specifically,

we called m6A peak in consecutive bins for each sample (see Method Section) and defined

a joint significant bin if this bin is significantly enriched for IP read counts in more than

5 samples. We then merged neighboring joint significant bins as a single peak. We then

filtered out peaks that have zero read count in any of the sample. With this procedure, we

identified 20,044 peaks located in transcripts of 8,448 genes, with an average peak length of

351-bp (Supplementary Figure 2.1a). Consistent with previous reports [33, 34],our joint

m6A peaks are enriched near start and stop codons (Supplementary Figure 2.1b-c) and
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are mostly located in CDS and 3’ UTR. Sequences within m6A peaks are enriched with the

canonical RRACH motif (Supplementary Figure 2.1d).
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Figure 2.4: Overview of m6A QTL mapping. a, Overall study design and workflow
of m6A QTL mapping. The linear regression model for association testing, adjusting for
GC content and IP efficiency. b, An example of m6A QTL. The left panel shows the box
plot of m6A levels grouped by the genotype of the example m6A QTL (rs1045405). n = 60
biologically independent samples. The lower and upper hinges correspond to the first and
third quartiles. Horizontal line indicates median value, and whiskers correspond to the value
no further than 1.5 × the inter-quartile range. The right panel shows the mean coverage of
each genotype at the m6A peak. The m6A peak is shown by the blue track and the gene
model by the gray track. The coverages of input and IP libraries are shown in lines and
shadows, respectively.

2.3.2 Mapping genetic variants associated with m6A

We tested association between m6A level of each peak and nearby genetic variants using a

linear model, accounting for GC content and other covariates ( Figure 2.4b, see Method

Section). To determine a proper window size for cis-QTL mapping, we first tested all SNPs

within 2 Mb of m6A peaks (Supplementary Figure 2.1e). Most SNPs strongly associated
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with m6A are within 100 kb of m6A peaks ( Figure 2.5a). We therefore restrict our cis-

tests to SNP-peak pairs within 100 kb. The resulting P values show a strong deviation

from the null expectation, while P values from permutations are consistent with the null,

indicating that the test is well-calibrated ( Figure 2.5b). We used a permutation scheme

implemented in FastQTL [99] to account for multiple genetic variants tested per peak and

qvalue method to account for multiple peaks tested. This results in 822 peaks with at least

one significant cis-m6A QTL (denoted as ePeaks, following the literature of eQTLs), at

10% FDR (Supplementary Figure 2.1f). Most of these ePeaks (86%) have single causal

effect (Supplementary Figure 2.1g), based on computational fine-mapping analysis using

SuSiE [109].

We quantified the contribution of genetic variation to inter-individual variation of m6A

levels by estimating the cis-heritability of each peak. Most peaks have low heritability values,

with 918 peaks having heritability > 0 (Supplementary Figure 2.2a). Heritability of

ePeaks is higher with median 0.31 (Supplementary Figure 2.2b).

We next examined the distribution of m6A QTLs relative to gene-based features, using

the program Torus [107]. m6A QTLs are most enriched in 3’ UTR (log2-odds ratio 4.9,

log2-OR hereafter) followed by 5’ UTR (log2-OR 4.5) and CDS (log2-OR 3.8), but not in

intergenic repressive regions as marked by H3K27me3 (Supplementary Figure 2.2c).

Comparing m6A QTLs (derived from mRNA m6A peaks) to eQTLs mapped in the same

LCLs, we find that genes containing ePeaks and eQTLs are largely distinct ( Figure 2.5c).

In genes with both m6A and expression QTLs, lead SNPs of two types of QTLs are mostly >

10 kb apart and in low linkage disequilibrium (LD) ( Figure 2.5d, Supplementary Figure

2.2d). Comparison of m6A QTLs to sQTLs shows similar patterns (Supplementary Fig-

ure 2.2e-g). These results suggest that m6A QTLs and eQTLs/sQTLs are distinct types

of molecular QTLs.
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Figure 2.5: Mapping common genetic variants associated with m6A. a, Spatial dis-
tribution of m6A QTLs represented by cumulative fraction of SNPs with increasing distance
from m6A peaks at varying P value cutoffs of SNP-peak association. b, Quantile-quantile
(QQ) plot of P values. cis tests (n = 60 individuals) results are plotted in black and results
of five permutation tests are shown in different colors. c, Overlap between ePeak-harboring
genes and eGenes (both at FDR < 10%) mapped in the same cohort of YRI LCL samples.
d, Distribution of the distance between the lead ePeak SNP and the eGene SNP in genes
that have both ePeak and eGene mapped.

2.3.3 m6A QTLs are enriched in RNA-related features

To understand which factors may determine m6A deposition, we analyzed features of m6A

QTLs and their surrounding sequences. We annotated SNPs using RNA-related features in-

cluding m6A consensus motif (RRACH) contained in m6A peaks, binding sites of 121 RBPs

(ENCODE eCLIP-seq peaks [102]), RiboSNitches [103] (genetic variants changing RNA sec-

ondary structure), and predicted microRNA binding sites [104]. We used two approaches to

test enrichment. In our primary analysis, we used Fisher’s Exact test, comparing possible

causal variants of m6A from fine-mapping using SuSiE and background control SNPs. To
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Figure 2.6: Functional features enriched in m6A QTLs. a, log2 odds ratio enrichment
of fine-mapped m6A QTLs (SNP with the highest posterior inclusion probability, or PIP, in
each credible set) vs. random control SNPs in RNA features by Fisher’s exact test. Error
bars represent 95% confidence intervals from two tailed tests. b, Enrichment of m6A QTLs
in RNA binding protein (RBP) binding sites of individual RBPs using eCLIP-seq data from
ENCODE50 by Torus39,49. The red dashed line represents the Bonferroni corrected P value
0.05 threshold.

control possible confounding factors, we randomly sampled 100 sets of control SNPs that

match key properties of m6A QTLs including minor allele frequencies, numbers of SNPs in

LD, distances to the nearest genes, gene density as well as annotations about SNP locations

relative to genes (5’UTR, CDS, 3’UTR, intron and intergenic regions). We find m6A con-

sensus motif in m6A peaks highly enriched in m6A QTLs with odds ratio (OR) 685 (P =

1.0× 10−33).

However, only 12% of m6A QTLs contained in m6A peaks (most QTLs are outside

peaks) disrupt the consensus motif. Despite this, we find m6A QTLs tend to be located in

proximity to the consensus motif as additional 33% of m6A QTLs contained in m6A peaks

are located within 50 bp of the motif and 46% within 100 bp, suggesting many m6A QTLs

may indirectly affect binding of the methyltransferase, demethylase or reader proteins to the

consensus motif. We also find enrichment in RiboSNitches (OR 6.2, P = 5.9×10−4) and RBP

binding sites (OR 2.5, P = 8.3×10−19) but not predicted microRNA targets (Figure 2.6a).

As a secondary analysis, we tested enrichment using Torus, which accounts for uncertainty
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of causal variants due to LD. This analysis reveals similar results (Supplementary Figure

2.3a).
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We tested enrichment for each RBP (Supplementary Table 2.1) and microRNA

(Supplementary Table 2.2) separately using Torus. Interestingly, several of the most

enriched RBPs are known m6A-interacting proteins including FTO, a m6A demethylase

[12, 11], and IGF2BP2, a m6A reader protein that stabilizes nuclear RNA [20] (Figure

2.6b). Although we didn’t observe enrichment of m6A QTLs in combined microRNA bind-

ing sites, analyses of individual microRNAs show enrichment of m6A QTLs in binding sites

of hsa-miR-582-5p and hsa-miR-331-3p. This finding is in line with previous reports that

microRNA could affect m6A levels [116].

2.3.4 m6A QTLs’ effects on RBP motifs are correlated with their effects on

m6A level

The enrichment of binding sites of an RBP in m6A QTLs could occur if binding sites of an

RBP co-occur with cis-elements regulating m6A, without the RBP playing a direct role in
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m6A deposition. We reason that if the RBP is causal, alterations in motif scores (disruption
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Figure 2.8: m6A QTL effects on m6A levels correlate with their effects on RBP
motifs. RBPs for which changes in binding affinities are significantly correlated with fine-
mapped m6A QTL effect sizes (all SNPs with PIP > 0.5, and maximum PIP SNPs for ePeaks
without SNP PIP > 0.5). Changes in binding affinity are represented by the alteration of
motif match scores from the reference to alternative allele. Shaded region and line show
the 95% confidence interval and fitted line from the linear model (n = 7, 5 and 5 SNPs for
SRSF1, DDX55 and RPS3, respectively).

or creation) of SNPs should correlate with their effects on m6A deposition. We limited this

correlation analysis to fine-mapped m6A QTLs that also have significant effects on motif

score. As a proof of principle, DNA variants creating a consensus motif are much more likely

to be positively associated with m6A levels (Figure 2.7a, an example in Figure 2.7b). We

tested 29 RBPs with > 5 data points, and identified three RBPs with significant correlations

at FDR 10% (Figure 2.8). Interestingly, SRSF1 is a known splicing factor [117], suggesting

a possible connection of splicing with m6A deposition.

2.3.5 m6A QTLs are enriched in transcription features

Recent studies suggest that the deposition of m6A may occur co-transcriptionally and be

influenced by transcription processes [111, 118, 119]. We used our m6A QTLs and ENCODE

ChIP-seq data from LCLs to examine the potential link between m6A and transcription

[120, 56]. We observed significant enrichment (Fisher’s exact test) of fine-mapped m6A
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QTLs in RNAPII, phosphor-RNAPII and transcription factor binding sites (TFBSs) as well

as in histone marks of promoters (H3K4me3), enhancers (H3K4me1, H3K27ac) and active

transcription (H3K36me3) (Figure 2.9a). The enrichment of m6A QTLs in H3K36me3,

the most enriched feature, remains strong when conditioned on other histone modifications

in enrichment test using Torus (Supplementary Figure 2.3b).H3K36me3 was shown by a

recent study [121] to be recognized by the m6A writer protein METTL14 to facilitate m6A

installation on mRNA, thus validating our finding.
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We then compared contributions of RNA-related and transcriptional features (TFBSs) to

m6A QTLs. We used fine-mapping to quantify the probability of a SNP being a causal variant

of m6A, known as Posterior Inclusion Probabilities (PIPs). We estimated the proportion of

causal variants attributed to a feature by summing the PIPs of all variants located within

that feature (see Method Section). Using this approach, we find that TFBSs and RBP

binding sites make about equal contribution to m6A QTLs (17.8% and 15.8%, respectively)

and RRACH motif contributes 1.95% (Supplementary Figure 2.3c).

These findings support a tight connection between transcriptional processes and m6A
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installation. Two models have been suggested to explain this connection (Figure 2.9b). In

the first model (“transcription rate model”), m6A installation is affected by the progression

rate of RNAPII, with fast progression associated with lower m6A methylation [118]. In

the second model (“TF recruitment model”), the methyltransferase complex is recruited to

mRNA by TFs, e.g. ZFP217 [119], CEBPZ [85] or adaptor proteins, e.g. SMAD2/3 [111].
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Figure 2.10: Test two models of transcriptional regulation of m6A. a, Effect sizes
of ascertained transcription rate QTLs (Txn-QTLs) vs. their effects on m6A level. The
transcription rate was measured by 4sU-seq in an earlier study [13]. 4sU-seq of 30 mins
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the Bonferroni corrected P value 0.05 cutoff. c, Western blot of transcription factor (TF)
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If the transcription rate model is correct, we expect correlation between variant effects on
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transcription rate and variant effects on m6A level in the matched transcript. To assess this,

we ascertained the lead SNPs of transcription-rate-QTLs from the same LCL samples [47],

but find little correlation between transcription rates and m6A effect sizes (Figure 2.10a).

As a positive control, we observed strong correlation of transcription-rate-QTL effects with

eQTL effects (R2 0.69 and 0.65) and with protein-QTL effects (R2 0.37 and 0.42) in the

matched transcripts (Supplementary Figure 2.3d, e). These data suggest that overall

transcription rate may not determine m6A deposition in LCLs. It remains possible that

other mechanisms such as RNAPII pausing explain the observed correlation between m6A

and transcription rates in an earlier study [118].

To examine the ”TF recruitment” model, we used Torus to assess enrichment of m6A

QTLs for binding sites of individual TF while accounting for enrichment of m6A QTLs in

H3K27ac, a general transcription marker. 50 TFs are significantly enriched at Bonferroni

corrected P value < 0.05 (Figure 2.10b). We then selected a few of these based on litera-

ture review and performed co-immunoprecipitation (co-IP) experiments. Two TFs robustly

pull down m6A methyltransferase components in LCLs, including RBBP5, a component of

COMPASS histone H3K4 methylase complex, and BACH1, a regulator of oxidative stress

[122, 123] (Figure 2.10c), supporting the “TF recruitment model”.

2.3.6 QTL sharing between m6A and related molecular traits

It is generally believed that specific reader proteins recognize m6A and mediate downstream

effects [2, 1]. The best-studied readers are known to promote translation (e.g. YTHDF1),

mRNA degradation (e.g. YTHDF2), or affect mRNA nuclear processing (e.g. YTHDC1)

[13, 111, 18, 17]. We use m6A QTLs as natural perturbations of m6A to explore its effects on

five possible downstream traits: mRNA expression, ribosome binding, protein level, mRNA

decay rate and alternative polyadenylation (APA) [55, 48, 59].

We first ascertained lead m6A QTLs at different P value thresholds, and then estimated

the percentage of m6A QTLs that are also QTLs of other traits using Storey’s π1 method
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Figure 2.11: Joint analysis of m6A QTLs and other molecular QTLs. a, The
estimated fractions of m6A QTLs shared with other molecular phenotypes, measured by π1,
the fraction of true positives. The five bars in each panel correspond to random SNPs and
m6A QTLs at different P value cutoffs. Error bars show 80% confidence intervals (n = 100
bootstraps). b, Low correlations of effect sizes between m6A QTLs and related molecular
QTLs, estimated from linear regression (n = 709, 884, 742, 884 and 393 SNPs-gene pairs for
APA, Expression, Decay, Ribosome and Protein, respectively). c, Correlations of effect sizes
between m6A QTLs and related molecular traits QTLs stratified by the m6A sites bound by
different RBPs. Correlations are determined by linear regression. Shown are RBPs having at
least one trait significantly correlated trait with m6A at FDR < 10%. Pearson correlations
are shown by color code and P value by dot size.

following the procedure in reference [100, 47]. We find m6A QTLs are more likely to be other

QTLs than random SNP-gene pairs, with increased sharing at more stringent P value thresh-

olds (Figure 2.11a), suggesting functional connections between m6A and other molecular

phenotypes, as expected from earlier studies [2, 1]. The π1 values are generally lower than

those between QTLs along the cascade from transcription to protein [47]. One potential

problem is that sharing of m6A QTLs and other molecular QTLs may be confounded by

eQTLs, as transcription may influence both m6A and other traits. However, the majority
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of m6A QTLs mapped in this study are not chromatin-located eQTLs, suggesting that in

practice, this is not a large concern (Supplementary Figure 2.4a).

2.3.7 m6A-QTLs effect sizes are correlated with related molecular trait QTLs

effect size in a context-dependent manner

Based on our current understanding that m6A function is mediated by reader proteins with

certain downstream effects (e.g. increase of translation efficiency by YTHDF1), we hypothe-

size that m6A QTLs and other molecular QTLs have consistent effect directions. To test this

hypothesis, we first confirmed that molecular traits along the cascade from transcription to

translation show high positive correlations in QTL effects (Supplementary Figure 2.4b).

Surprisingly, the effect sizes of m6A QTLs and other molecular traits are poorly correlated

(Figure 2.11b). This lack of overall correlation suggests that effects of m6A on downstream

molecular phenotypes may be heterogeneous, with mechanisms varying across transcripts.

The context dependency of m6A function may be partially mediated by RBPs bound near

m6A sites. For example, binding by different m6A readers may lead to different downstream

effects. To examine this hypothesis, we stratified our effect size correlation analysis by

m6A peaks bound by different RBPs (using eCLIP-seq data). In 8 RBPs, we observed

significant correlations (FDR < 10%) between effect sizes of m6A QTLs and at least one

related molecular trait (Figure 2.11c). This result suggests that m6A function may vary

according to binding of specific RBPs.

2.3.8 Re-analysis of ribosome-profiling data in METTL3 depleted HeLa cells

To further investigate context-dependent effects of m6A, we made use of data from an earlier

study [13] of m6A effects on translation in HeLa cells. This study examined the impacts of

m6A depletion (by METTL3 knockdown) and YTHDF1 (m6A reader) knockdown on trans-

lation efficiency (TE) of all transcripts, measured by ribosome profiling. Across all m6A
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modified transcripts, the effects of m6A depletion on TE are heterogeneous, with similar

numbers of up- and down-regulated genes (Supplementary Figure 2.4c). To assess the

impact of RBP context, we compared the effects of m6A depletion on TE of transcripts

containing m6A sites targeted by an RBP vs. transcripts not targeted. Among 121 tested

RBPs, 33 showed statistically significant differences in RBP-targeted m6A transcripts vs.

non-target transcripts (FDR < 5%) (Figure 2.12a). Again, the effects are quite heteroge-

neous with almost equal numbers of RBPs involved in up- and down-regulation of TE upon

m6A depletion. This list of RBPs includes all four RBPs: YBX3, GRWD1, HLTF and PPIG,

we identified from m6A vs. ribosome QTL effect size correlation analysis (Figure 2.11c).

Furthermore, the effect directions are consistent between two analyses: m6A depletion re-

sulted in higher TE of the RBP’s targets, in agreement with negative correlations of m6A

versus ribosome QTL effects (Figure 2.11c and Figure 2.12a). These results provide

independent support to the hypothesis that the effects of m6A on TE depend on contexts, in

particular binding of specific RBPs. Interestingly, even in transcripts targeted by the classi-

cal m6A reader, YTHDF1, the effect of m6A may be more complex than previously thought.

While depletion of YTHDF1 leads to an overall reduction of TE in transcripts harboring

YTHDF1-bound m6A peaks, approximately 33% YTHDF1 targets show opposite effects

(Supplementary Figure 2.4d). This observation suggests the possibility that the action

of reader proteins may be modulated by additional, yet-to-identify factors, diversifying m6A

effects.

2.3.9 Validation of YBX3 as a translation repressor for YBX3-bound m6A-

modified transcripts

We validated a newly identified m6A effector protein, YBX3, as a translation repressor of

m6A-modified and YBX3-bound transcripts (Figure 2.12b). We knocked down YBX3 in

HeLa cell and performed polysome profiling followed by RT-qPCR. We find more RNAs in

polysome-bound fractions in YBX3-depleted cells compared with control (Supplementary
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Figure 2.12: Re-analysis of ribosome profiling data in METTL3 knockdown HeLa
cells. a, RNA binding proteins (RBPs) that modulate the impact of m6A depletion on
translation efficiency. For each RBP, Welch’s two-sided t-test is used to test the log2 fold
change in translation efficiency in RBP targets vs. non-targets, upon METTL3 knockdown.
RBP targets are defined by transcripts harboring m6A peaks that are bound by certain
RBP. Shown are RBPs with FDR < 5% (Benjamini & Hochberg method). RBPs with
significant correlation between m6A QTL and ribosome-QTL effect sizes are highlighted
in blue. b, Distribution of log2 fold change in translation efficiency of YBX3 targets, upon
m6A (METTL3) depletion, in comparison with non-targets. P value is computed by Welch’s
two-sided t-test.

Figure 2.5a), suggesting YBX3 as a translation repressor. To further validate YBX3 func-

tion, we selected five transcripts harboring m6A peaks overlapping with YBX3-bound sites,

all of which show elevated TE upon METTL3 knockdown (Figure 2.12b). We quantified

these transcripts in three polysome-bound fractions using RT-qPCR upon YBX3 knockdown.

TE of these target transcripts is elevated in YBX3 depleted cells compared with control in

all but one case (Supplementary Figure 2.5b). As a negative control, three YTHDF1-

targeted m6A transcripts do not show TE elevation upon YBX3 depletion. These results

suggest that YBX3 likely mediates m6A effect by repressing translation of YBX3-bound m6A

transcripts. This effect is opposite from YTHDF1 effect (increasing translation), providing

a partial explanation of why m6A downstream effects appear heterogeneous (Figure 2.11b

and Figure 2.12a).
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2.3.10 m6A-QTLs are enriched for GWAS signals

To study the role of m6A QTLs in human phenotypic variations, we collected GWAS sum-

mary statistics of 45 complex traits with an emphasis on immune and blood-related traits.

For comparison, we also included eQTLs and splicing QTLs (sQTLs) from LCLs. All three

types of QTLs show excess of low P values in GWAS of these traits (Supplementary

Figure 2.6a), e.g. lymphocyte counts (Figure 2.13a).

2.3.11 Partition of GWAS trait heritability among functional features by

S-LDSC

We used Stratified LD score regression (S-LDSC) to formally test enrichment of GWAS

variants in m6A QTLs [115, 124, 125]. S-LDSC is a tool for assessing how the heritability

of a complex trait is partitioned among functional features, while controlling for LD, allele

frequency and other baseline features. Following a previously used strategy [50, 72], we

fine-mapped m6A QTLs (using SuSiE) and used the resulting PIPs as an annotation, rep-

resenting likely causal m6A variants (known as Quantitative Trait Nucleotides, or QTNs).

We find 10- to 20-fold enrichment of heritability in m6A QTNs in several selected traits

(Figure 2.13b, Supplementary Figure 2.6b). The enrichment increases to 15- to 35-fold

(Supplementary Figure 2.7a), when we used m6A-related annotations (Supplementary

Figure 2.7b), such as RBP binding, as priors to improve fine-mapping (see Methods). In-

cluding QTNs of expression and splicing in S-LDSC only modestly reduced the enrichment

level (Figure 2.13b). We note, however, that m6A may affect expression (e.g. by changing

mRNA stability) and pre-mRNA splicing, therefore adjusting eQTLs and sQTLs likely leads

to underestimation of m6A QTL enrichment. Expanding S-LDSC analysis to all 45 traits,

we find that m6A-PIPs are enriched in most immune and blood traits (Figure 2.13c, Sup-

plementary Figure 2.7c), and a small number of other traits such as Coronary Artery

Disease (CAD) and age at menopause, in which immune systems may play a significant role
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plex traits. a, Quantile-quantile (QQ) plot of lymphocyte count GWAS P values. m6A
QTLs, eQTLs and sQTLs are shown in comparison with genome wide SNPs. GWAS SNPs
are binary annotated using m6A QTLs, eQTLs and sQTLs with P value < 1 × 10−4. b,
Enrichment of selected immune and blood GWAS trait heritability estimated by S-LDSC
[115]. We used two QTL annotations: (1) m6A QTL continuous annotation using PIP from
fine-mapping (with uniform prior); (2) m6A QTL PIP annotation conditional on eQTL and
sQTL PIP annotations (with uniform prior). Error bars represent the 95% confidence inter-
vals. c, Summary of GWAS traits heritability enrichment for all 45 traits using m6A QTL
PIP (with uniform priors) as annotation conditional on the baseline LD model. The dashed
line shows the significance threshold at FDR 5%. d, Proportion of GWAS traits heritability
explained by m6A QTLs, eQTLs and sQTLs. Because it would be hard to estimate heri-
tability contribution using PIP (continues annotation) from fine-mapping, we used binary
annotations at SNP-level FDR 10% threshold in this analysis. Error bars represent standard
errors.
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[126, 127, 128]. These results thus confirm the specificity of our finding as we mapped m6A

QTL in a cell line of immune lineage, and are consistent with the known role of m6A in the

immune system [129, 130, 131, 29].

Using S-LDSC, we compared the relative contributions to trait heritability by m6A QTLs,

eQTLs and sQTLs (FDR < 10%). For traits in which m6A QTNs show enrichment (Figure

2.13c), m6A QTLs explain about 2-4% of heritability, comparable to sQTLs and roughly 50-

100% of the heritability explained by eQTLs (Figure 2.13d, Supplementary Figure 2.8).

These estimates are likely conservative, as many QTLs below the FDR cutoff may contribute

to trait heritability. Nevertheless, given the established roles of eQTLs and sQTLs in complex

traits, this relative comparison suggests that m6A QTLs can make a significant contribution

to heritability of complex traits.

2.3.12 Transcriptome-wide association studies (TWAS) using m6A QTLs

as a molecular trait
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Figure 2.14: m6A-TWAS result summary and comparison with expression-
TWAS and splicing-TWAS. a, Number of significant m6A-TWAS genes in selected im-
mune and blood-related traits. b, Overlaps between significant genes discovered by TWAS
analyses using m6A, expression and splicing as molecular-level phenotypes.

To highlight the potential of using m6A QTLs to identify specific risk genes, we performed

TWAS [83, 132] using m6A as a molecular-level trait. We built prediction models of m6A
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levels using genetic variants as explanatory variables, then assessed if genetically determined

m6A levels correlate with specific phenotypes using TWAS/FUSION [83]. We find a number

of m6A peaks passing Bonferroni threshold across a range of immune and blood-related

traits (Figure 2.14a) as well as several other phenotypes (Supplementary Figure 2.9a).

These results show limited overlap, at the level of genes, with TWAS results using eQTLs

and sQTLs mapped in LCLs (Figure 2.14b). This suggests that m6A variation represents

a distinct path from genetic to phenotypic variation.
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Figure 2.15: m6A-TWAS identify m6A peaks associated with lymphocyte count.
Manhattan plot of m6A-TWAS associations of lymphocyte count. The dashed line shows the
Bonferroni corrected P value threshold of 0.05. Genes are colored by Coloc PP.4 (posterior
probability of GWAS trait and m6A QTL sharing common genetic causal variants). 10 genes
with Coloc PP.4 > 0.5 are labeled.

We performed an in-depth analysis of lymphocyte count. m6A-TWAS identified a total

of 30 significant m6A peaks in 28 genes (Figure 2.15). Since TWAS associations can result

from LD and/or pleiotropic effects [132], we conducted colocalization analysis [81] to identify

cases where a single causal variant drives both m6A QTL and GWAS association. Among 30

peaks, 10 have high colocalization probabilities (PP4 from Coloc > 0.5) (Supplementary

Table 2.3). As an example, a m6A peak in the DDX55 gene shows high colocalization

probability (PP4 = 0.929). The SNP driving colocalization result, rs3204541, is the top
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Figure 2.16: Colocalization of m6A QTL and lymphocyte count variant at
DDX55 locus. a, Aligned Manhattan plots of GWAS and m6A QTL at DDX55 locus gen-
erated by LocusCompare. SNPs are colored by LD (r2) with the lead m6A QTL (rs3204541).
b, Manhattan plot of GWAS association signal of lymphocyte count at DDX55 locus before
(gray dots) and after (blue dots) conditioning on the TWAS-predicted m6A level. The top
panel labels all genes within 200 kb and the significant m6A peak (green).

SNP in both m6A QTL and GWAS (Figure 2.16a). A conditional association test adjusting

for m6A shows that the TWAS association almost fully explains the GWAS signal in the

region (Figure 2.16b). The same m6A peak in DDX55 is also found by m6A-TWAS in

leukocyte counts (Supplementary Figure 2.9b and c). DDX55 is a DEAD-Box Helicase

gene, and its paralog gene, DDX10 is implicated in Myelodysplastic Syndrome, a disease

with abnormal blood cell counts [133]. Importantly, DDX55 is not found by expression or

splicing-TWAS (P values = 0.1 in both cases). Together, our TWAS results highlight the

promise of using m6A QTLs to reveal mechanisms in GWAS loci where genetic effects are

not mediated by expression or splicing.
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2.4 Supplementary figures

Supplementary Figure 2.1: Joint m6A peak calling and QTL mapping.
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Supplementary Figure 2.1: a, Distribution of merged m6A peak length. Dash line
marks the mean peak width. b, Distribution of all m6A peaks vs. ePeaks on a meta-gene. c,
Proportion of all m6A peaks vs. ePeaks in each genomic annotation. d, m6A motif learned
by Homer2, and visualized using EDlogo package. e, Spatial distribution of m6A QTLs
illustrated by density plot of SNP to peak distances of m6A QTL with nominal P value <
1× 10−4 in a 2Mb window surrounding m6A peaks. We also showed the significance by the
-log10 P value of the association tests in the blue dots. f, Volcano plot of overall statistics of
m6A QTLs with peak-level FDR < 10% (ePeaks). g, Distribution of the number of causal
effects of ePeaks (FDR < 10%) by SuSiE fine-mapping with uniform prior. We set SuSiE
parameters L = 3 (assuming at most three causal effects) and coverage = 0.95 (95% coverage
for credible sets).
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Supplementary Figure 2.2: Heritability of m6A peaks and independence of m6A
QTLs, eQTL and sQTLs. a, Distribution of estimated heritability of the 19,130
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Supplementary Figure 2.2: peaks included in the TWAS analysis, in which 918 peaks had
estimated heritability significantly greater than 0 (minimum heritability P value of 0.01). b,
Distribution of estimated heritability of ePeaks (n = 822 peaks). c, Enrichment (log2 odds
ratio) of m6A QTLs in gene annotations. d, Distribution of the LD between the lead ePeak
SNP and the eGene SNP in genes that have both ePeak and eGene mapped. e, Overlap
between ePeak-harboring genes and eSplicing-harboring (splicing event with at least one
significant sQTL) gene (both at FDR < 10%) mapped in YRI LCL samples. f, Distribution
of the distance between the lead ePeak SNP and the eSplicing SNP in genes that have both
ePeak and eSplicing mapped. g, Distribution of the LD between the lead ePeak SNP and
eSplicing SNP in genes that have both ePeak and eSpicing mapped.
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Supplementary Figure 2.3: Contribution of RNA features and transcriptional
features to m6A variation. a, Enrichment of m6A QTLs in RNA related features by
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Supplementary Figure 2.3: Torus. Error bars represent the 95% confidence intervals. b,
Enrichment of m6A QTLs in the binding sites of RNA polymerase2 subunit A (POLR2A),
and phosphorylated POLR2A at two residues (S2 and S5) by Torus joint analysis of all
annotations (upper panel), and enrichment of m6A QTLs in histone modifications from
Torus joint analysis. Error bars indicate the 95% confidence intervals. c, Proportion of
putative causal m6A QTNs in RNA features and transcription factor binding site annotations
(see Methods). d-e, To confirm that transcription rate affects mRNA and protein level,
we ascertained transcription rate QTLs (Txn-QTLs) and assessed the correlation between
transcription rate (Txn)-QTL effect sizes (30 min and 60 min 4sU labelling, respectively) and
eQTL effect size (panel d, n = 425 and 1,387 SNP-gene pairs), and protein-QTL effect sizes
(panel e, n = 425 and 408 SNP-gene pairs). Correlation is computed using linear regression.
Fitted lines and 95% confidence intervals are shown in blue lines and shades.
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Supplementary Figure 2.4: Downstream effects of m6A are context dependent.
a, The number and fraction of m6A QTLs in chromatin related genomic regions (using
the union of promoter and enhancer regions annotated by ChromHMM in GM12878 cell
line), and in chromatin related eQTLs (eQTLs with nominal P value < 0.05 and also in
promoter and enhancer regions). b, High correlations of effect sizes between molecular
QTLs along the cascade from transcription to translation. Correlation is computed using
linear regression, in which fitted lines and 95% confidence intervals are shown in blue lines
and shades. c, Log2 fold change of translation efficiency of m6A methylated transcripts
in METTL3 knockdown vs. controls. d, Log2 fold changes of translation efficiency upon
YTHDF1 (m6A reader protein) knockdown. Transcripts harboring YTHDF1-bound m6A
peaks are labeled in yellow and non-targets in blue.
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Supplementary Figure 2.5: YBX3 mediates translation efficiency of m6A modi-
fied transcripts. a, Sucrose gradient A260 absorbance profile from YBX3 knockdown and
control Hela cells. The arrows indicate the fraction sampled for subsequent qPCR analysis
of YBX3 target transcripts. This experiment is repeated 2 times. b, Translation efficiency
of YBX3 targets in comparison with YTHDF1 targets. We accounted for mRNA level vari-
ation by dividing polysome-bound fraction by the non-polysome-bound fraction. Transcript
levels are quantified using RT-qPCR. Three polysome-bound fractions, as indicated in panel
a, are sampled from sucrose gradient fractionation. 2 technical replicates were measured to
obtain the data. The lower and upper hinges correspond to the first and third quartiles.
Horizontal line indicates median value, and whiskers correspond to the value no further than
1.5x inter-quartile range.
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Supplementary Figure 2.6: Enrichment of GWAS signal in m6A QTLs. a,
Quantile-quantile (QQ) plots of P values from GWAS of selected traits. m6A QTLs, eQTLs
and sQTLs are shown in comparison with genome wide SNPs. GWAS SNPs are binary
annotated using m6A QTLs, eQTLs and sQTLs with P value < 1× 10−4. b, Enrichment of
GWAS trait heritability assessed by stratified LD-score regression (S-LDSC). Shown are the
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Supplementary Figure 2.6: results of GWAS traits not reported in Figure 2.13b. Pos-
terior inclusion probability (PIPs) in this analysis are derived from SuSiE with default (uni-
form) priors. Error bars represent the 95% confidence intervals.
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Supplementary Figure 2.7: Enrichment of complex trait heritability in m6A
QTNs using RNA-features-informed priors. a, Enrichment of selected immune and
blood GWAS trait heritability assessed by stratified LD-score regression (S-LDSC). PIPs
of m6A QTLs are derived from SuSiE using RNA-features-informed priors. PIPs of eQTL
and sQTL are based on uniform prior. Error bars represent 95% confidence intervals. b,
Enrichment parameters of m6A-related annotations that are used to derive priors (by Torus)
for SuSiE fine-mapping. Error bars represent the 95% confidence intervals. c, Summary
of GWAS traits heritability enrichment analysis using m6A QTL PIP (using RNA-feature
informed priors) as annotation. The -log10 P value is plotted against the enrichment of
heritability. The dots are colored by disease category. The red dashed line shows FDR 5%
threshold.

69



Supplementary Figure 2.8: Partitioning complex trait heritability by m6A QTLs,
eQTLs and sQTLs. Heritability is assessed by S-LDSC in which QTLs are binary anno-
tated with varying SNP-level FDR thresholds of 5%, 10%, and 20%. Error bars represent
standard errors.
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Supplementary Figure 2.9: m6A-TWAS identifies putative risk genes in human
complex traits. a, Number of significant m6A-TWAS genes in all 45 GWAS traits. Signif-
icance is defined by the Bonferroni corrected P value 0.05. b, LocusCompare plot showing
the scatter plot and aligned Manhattan plots of leukocyte count GWAS and m6A QTL
association signal at the DDX55 locus. c, Manhattan plot of GWAS association signals
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Supplementary Figure 2.9: before and after conditioning on the TWAS-predicted m6A
level (gray and blue dots, respectively) for the leukocyte count at the DDX55 locus.

2.5 Supplementary tables

Supplementary Table 2.1: Summary of Torus result for RBP binding sites

Feature Log Odds Ratio CI05 CI95 P value

DDX3X 3.666 2.766 4.566 1.42E-15

NCBP2 3.598 2.366 4.830 1.04E-08

SRSF7 3.553 2.145 4.962 7.72E-07

SUB1 3.484 2.577 4.390 4.80E-14

DDX6 3.349 1.204 5.494 2.21E-03

YBX3 3.342 2.936 3.748 1.48E-58

LSM11 3.230 1.935 4.525 1.02E-06

SRSF1 3.227 2.299 4.155 9.38E-12

FXR2 3.223 2.486 3.960 1.02E-17

DDX55 3.218 1.934 4.503 9.18E-07

TRA2A 3.173 1.160 5.186 2.01E-03

IGF2BP2 3.132 2.588 3.677 1.98E-29

EIF3H 3.129 2.317 3.941 4.26E-14

UPF1 3.129 2.553 3.704 1.47E-26

RPS3 3.094 1.245 4.943 1.04E-03

LIN28B 3.069 1.757 4.381 4.54E-06

FMR1 2.994 2.114 3.874 2.59E-11

GRWD1 2.967 2.520 3.413 7.36E-39

GRSF1 2.965 2.077 3.853 5.97E-11

DGCR8 2.892 0.234 5.549 3.29E-02
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Feature Log Odds Ratio CI05 CI95 P value

SRSF9 2.819 2.131 3.508 1.06E-15

PUS1 2.803 0.014 5.592 4.89E-02

IGF2BP3 2.801 0.021 5.582 4.84E-02

DHX30 2.794 -0.275 5.864 7.45E-02

SND1 2.793 1.160 4.427 8.07E-04

UCHL5 2.753 1.779 3.728 3.13E-08

ZNF622 2.744 2.124 3.364 4.15E-18

NPM1 2.736 -0.456 5.929 9.31E-02

DDX42 2.717 1.455 3.980 2.48E-05

RBM27 2.704 1.467 3.941 1.83E-05

FTO 2.701 1.818 3.584 2.03E-09

TIA1 2.655 1.614 3.695 5.63E-07

IGF2BP1 2.591 1.110 4.072 6.06E-04

EIF3D 2.569 1.960 3.179 1.53E-16

MTPAP 2.524 1.763 3.285 7.99E-11

PPIG 2.511 1.862 3.160 3.37E-14

GEMIN5 2.479 1.428 3.530 3.78E-06

NOL12 2.471 0.956 3.986 1.39E-03

LARP4 2.374 0.002 4.746 4.98E-02

METAP2 2.373 1.235 3.510 4.30E-05

FXR1 2.350 1.222 3.478 4.44E-05

FUBP3 2.347 0.713 3.982 4.90E-03

U2AF2 2.326 1.115 3.537 1.67E-04

PUM2 2.308 0.627 3.989 7.12E-03

RBM15 2.251 0.081 4.420 4.19E-02

73



Feature Log Odds Ratio CI05 CI95 P value

HLTF 2.236 1.434 3.039 4.82E-08

PRPF8 2.189 1.119 3.258 5.98E-05

BUD13 2.165 0.802 3.528 1.85E-03

PPIL4 2.139 0.932 3.346 5.14E-04

POLR2G 2.121 1.153 3.089 1.75E-05

CDC40 2.051 0.957 3.145 2.38E-04

XRN2 1.956 -0.319 4.231 9.20E-02

PCBP2 1.937 1.139 2.735 1.96E-06

BCCIP 1.933 0.937 2.928 1.40E-04

SAFB2 1.923 1.179 2.667 4.06E-07

CSTF2 1.919 1.047 2.791 1.61E-05

SF3A3 1.907 0.570 3.244 5.18E-03

SUPV3L1 1.892 -0.127 3.912 6.64E-02

AGGF1 1.872 0.131 3.614 3.52E-02

AKAP8L 1.850 0.748 2.952 1.00E-03

DROSHA 1.846 0.826 2.866 3.89E-04

HNRNPA1 1.816 0.145 3.486 3.31E-02

EXOSC5 1.747 0.586 2.908 3.19E-03

DDX24 1.703 0.200 3.207 2.65E-02

CPSF6 1.677 0.106 3.249 3.65E-02

EIF4G2 1.629 0.596 2.663 2.02E-03

ZRANB2 1.623 -0.452 3.698 1.25E-01

GTF2F1 1.524 -0.500 3.549 1.40E-01

GNL3 1.510 -2.358 5.379 4.44E-01

HNRNPK 1.415 -0.257 3.088 9.74E-02
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Feature Log Odds Ratio CI05 CI95 P value

TNRC6A 1.409 -0.326 3.145 1.12E-01

HNRNPU 1.381 -0.343 3.106 1.17E-01

U2AF1 1.332 -1.189 3.852 3.00E-01

XPO5 1.292 -0.067 2.651 6.24E-02

EFTUD2 1.286 -0.939 3.511 2.57E-01

DDX59 1.285 -0.061 2.631 6.13E-02

KHDRBS1 1.273 0.321 2.225 8.77E-03

FKBP4 1.251 -0.512 3.014 1.64E-01

NKRF 1.244 0.445 2.043 2.28E-03

SUGP2 1.036 0.132 1.941 2.49E-02

DKC1 1.034 -1.212 3.280 3.67E-01

CSTF2T 0.985 -0.497 2.467 1.93E-01

FUS 0.907 -10.244 12.058 8.73E-01

RBFOX2 0.786 -1.267 2.840 4.53E-01

KHSRP 0.779 0.093 1.465 2.60E-02

SF3B1 0.720 -5.988 7.427 8.33E-01

FAM120A 0.669 -2.820 4.158 7.07E-01

HNRNPC 0.649 0.008 1.291 4.75E-02

SF3B4 0.487 -1.866 2.841 6.85E-01

HNRNPUL1 0.464 -4.736 5.664 8.61E-01

TARDBP 0.369 -0.937 1.675 5.80E-01

NOLC1 0.283 -13.598 14.165 9.68E-01

NONO 0.156 -2.574 2.886 9.11E-01

SBDS 0.150 -8.527 8.827 9.73E-01

EIF4G1 0.112 -13.794 14.018 9.87E-01
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Feature Log Odds Ratio CI05 CI95 P value

RBM5 0.057 -1.726 1.841 9.50E-01

QKI 0.002 -3.716 3.719 9.99E-01

ILF3 -0.012 -0.717 0.694 9.73E-01

EWSR1 -0.036 -2.068 1.995 9.72E-01

YWHAG -0.064 -3.274 3.145 9.69E-01

GPKOW -0.086 -2.333 2.161 9.40E-01

TAF15 -0.194 -4.226 3.839 9.25E-01

SLBP -0.201 -7.400 6.997 9.56E-01

HNRNPM -0.587 -3.773 2.600 7.18E-01

SFPQ -0.593 -3.693 2.508 7.08E-01

PTBP1 -0.732 -4.568 3.105 7.08E-01

RPS11 -0.748 -7.365 5.868 8.25E-01

SLTM -0.805 -9.048 7.438 8.48E-01

XRCC6 -0.892 -19.791 18.007 9.26E-01

FUBP1 -1.349 -23.807 21.108 9.06E-01

TROVE2 -1.488 -12.375 9.400 7.89E-01

RBM22 -1.621 -10.901 7.658 7.32E-01

LARP7 -1.694 -22.118 18.731 8.71E-01

FASTKD2 -1.813 -12.543 8.917 7.41E-01

SERBP1 -1.921 -28.844 25.001 8.89E-01

NSUN2 -2.246 -16.475 11.982 7.57E-01

TBRG4 -2.251 -27.745 23.242 8.63E-01

AUH -2.320 -18.914 14.274 7.84E-01

SMNDC1 -2.505 -19.787 14.777 7.76E-01

RPS5 -2.697 -12.453 7.059 5.88E-01
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Feature Log Odds Ratio CI05 CI95 P value

TIAL1 -7.706 -95.713 80.301 8.64E-01

Supplementary Table 2.2: Summary of Torus result for microRNA binding sites

Feature Log Odds Ratio CI05 CI95 P value

hsa-miR-361-5p 6.581 -6.685 19.848 3.31E-01

hsa-miR-582-5p 6.128 1.102 11.154 1.69E-02

hsa-miR-423-5p 5.796 -2.137 13.729 1.52E-01

hsa-miR-331-3p 5.388 0.760 10.017 2.25E-02

hsa-miR-25-3p 4.545 -2.729 11.819 2.21E-01

hsa-miR-182-5p 4.004 -5.464 13.472 4.07E-01

hsa-miR-212-5p 2.682 -3.155 8.519 3.68E-01

hsa-miR-17-5p 2.310 -15.122 19.741 7.95E-01

hsa-miR-491-5p 1.699 -66.480 69.879 9.61E-01

hsa-miR-362-5p 1.666 -71.115 74.448 9.64E-01

hsa-miR-155-5p 0.002 -6.259 6.263 1.00E+00

hsa-miR-140-3p -0.399 -20.306 19.508 9.69E-01

hsa-miR-141-3p -0.629 -14.941 13.682 9.31E-01

hsa-miR-142-3p -0.890 -50.892 49.111 9.72E-01

hsa-miR-328-3p -1.048 -80.832 78.736 9.79E-01

hsa-miR-221-3p -1.145 -48.109 45.819 9.62E-01

hsa-miR-22-3p -1.184 -63.199 60.832 9.70E-01

hsa-miR-501-3p -1.754 -237.077 233.569 9.88E-01

hsa-miR-21-5p -1.922 -120.778 116.934 9.75E-01

hsa-miR-324-5p -2.817 -49.904 44.271 9.07E-01

hsa-miR-339-5p -2.884 -34.807 29.038 8.59E-01
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Feature Log Odds Ratio CI05 CI95 P value

hsa-miR-340-5p -3.265 -108.112 101.581 9.51E-01

hsa-miR-874-3p -3.681 -55.803 48.442 8.90E-01

hsa-miR-142-5p -4.230 -130.825 122.365 9.48E-01

hsa-miR-335-5p -4.323 -67.139 58.493 8.93E-01

hsa-miR-150-5p -4.598 -60.322 51.126 8.72E-01

hsa-miR-542-3p -4.627 -155.664 146.410 9.52E-01

hsa-miR-28-5p -4.739 -113.007 103.530 9.32E-01

hsa-miR-183-5p -4.779 -88.582 79.024 9.11E-01

hsa-miR-532-5p -4.828 -235.076 225.419 9.67E-01

hsa-miR-425-5p -4.857 -139.573 129.858 9.44E-01

hsa-miR-532-3p -5.169 -115.291 104.953 9.27E-01

hsa-miR-140-5p -5.792 -322.868 311.284 9.71E-01

hsa-miR-186-5p -5.824 -151.749 140.101 9.38E-01

hsa-miR-192-5p -5.848 -131.021 119.324 9.27E-01

hsa-miR-296-5p -6.181 -216.046 203.684 9.54E-01

hsa-miR-223-3p -6.465 -155.177 142.246 9.32E-01

hsa-miR-330-3p -6.614 -90.118 76.890 8.77E-01

hsa-miR-505-3p -6.843 -166.110 152.423 9.33E-01

hsa-miR-423-3p -7.215 -332.915 318.484 9.65E-01

hsa-miR-210-3p -7.537 -202.749 187.675 9.40E-01

hsa-miR-486-5p -7.610 -204.760 189.541 9.40E-01

hsa-miR-132-3p -7.833 -94.687 79.021 8.60E-01

hsa-miR-877-5p -8.036 -331.312 315.240 9.61E-01

hsa-miR-185-5p -8.390 -253.073 236.294 9.46E-01

hsa-miR-342-3p -8.461 -212.971 196.050 9.35E-01
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Feature Log Odds Ratio CI05 CI95 P value

hsa-miR-143-3p -10.158 -181.952 161.635 9.08E-01
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CHAPTER 3

R PACKAGE RADAR FOR DIFFERENTIAL ANALYSIS OF

MERIP-SEQ DATA

3.1 Introduction

Methylated RNA immunoprecipitation sequencing (MeRIP-seq) [33, 34] is a key technique

used in m6A to survey the epitranscriptome. Early studies performing qualitative analysis

compared peaks called in one experimental group versus peaks in another group and identi-

fied peaks unique to each experimental group as differentially methylated peaks. However,

many differential peaks identified by this method are caused by boundary cases at the peak-

detection threshold rather than true present/absent of peaks as noted in an recent study

[38]. To enable cross-group comparisons, a few methods have been developed and applied to

analyze differential methylation in MeRIP-seq data [41, 42, 43, 19]. ExomePeak uses Fisher’s

exact test for differential methylation identifications and its later version uses a likelihood

ratio test based on the binomial distribution (termed “bltest”) [41]. MeTPeak uses a beta-

binomial model to infer differential peaks [42]. DRME and its improved version — QNB

uses a model based on the negative binomial distribution [43, 44].

While existing methods have yielded promising results, they also have important draw-

backs: (1) Current methods [41, 42, 43, 19]. designed for small sample size scenario ignore

the existence of confounding factors and cannot accommodate complex study designs with

covariates (such as age, gender, etc.) that are frequently encountered in patient or animal

studies with larger sample sizes. (2) Most of the differential gene expression (DE) analysis

tools such as edgeR, DESeq2 and Sleuth [113, 134, 135] are compatible with complex study

designs. But they rely on models developed for RNA-seq experiment and cannot accommo-

date unique features of MeRIP-seq data. A standard MeRIP-seq experiment yields an Input

and an Immunoprecipitation (IP) library for each sample. The Input library is the initial

RNA fragments pool prior to the antibody pull-down — a measurement of RNA expression
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level. The IP library represents the RNA fragments carrying modified bases captured by

antibody pull-down — a measurement of methylated RNA abundance. RNA Differential

Methylation (DM) is defined as the alteration of methylated RNA abundance conditioning

on the RNA expression background. Thus, DM analysis requires assessment of RNA methy-

lation change based on pre-IP and post-IP measurements in pairs. In contrast, DE analysis

tools only compare a single read count measurement across samples. (3) Current MeRIP-seq

specific tools [42, 44, 41] use peak (about 250 bp) read counts in the Input library as mea-

surement of RNA expression for a gene (about 11 kb). However, the variability in a small

genomic range across samples due to the sparsity of reads sampled can result in unwanted

variation to the expression level estimation if using local read counts. QNB combines local

read counts of both Input and IP as an estimator of the expression level to mitigate this

problem. However, incorporating IP read counts can cofound pre-IP expression level with

post-IP RNA abundance, leading to biased estimation of expression level. Inaccurate ex-

pression level measurement can lead to substantial false discoveries in the subsequent DM

analysis. Thus, the utilization of Input library to account for pre-IP RNA expression level

needs to be further optimized.

To combat these challenges and allow for accurate identification of differentially methy-

lated loci, we present a novel approach to perform RNA methylAtion Differential Analysis

in R (RADAR) for MeRIP-seq data. RADAR accounts for variation in pre-IP RNA and

in post-IP read counts using different strategies. Specifically, RADAR uses gene-level read

counts instead of peak-level read counts in the Input library as a robust measurement of the

initial pre-IP RNA expression level. In addition, RADAR uses a flexible Poisson random

effect model to accommodate over-dispersion in the post-IP read counts due to variabil-

ity of biological replicates and noise introduced in the immunoprecipitation process. This

generalized linear model framework enables incorporation of covariates in complex study

designs.

We benchmarked the performance of RADAR with alternative methods on simulated data
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by different data generating models. We showed RADAR achieved higher sensitivity and

specificity compare to existing alternative methods. We also demonstrated the performance

of RADAR on real MeRIP-seq data by applying it to four high quality m6A-meRIP-seq

(aka m6A-seq) datasets generated by us and others, including an ovarian cancer dataset

(GSE 119168) consisting of 7 normal fallopian tubes tissue from healthy individuals and 6

metastatic omental tumors, a Type 2 Diabetes (T2D, GSE 120024) dataset consisting of

human islets from 8 type 2 diabetes patients and 7 healthy control patients with samples

being processed in three batches due to different sample acquisition times, a mice liver (GSE

119490) dataset consisting of mouse liver from 4 wild type mice and 4 Mettl14 knockout

mice and a mice brain (GSE 113781) dataset consisting of 7 mouse cortex samples of stress

exposed mice and 7 from control mice. We showed that our approach can accommodate

distinct study designs and led to more sensitive and reproducible DM loci identification

than possible alternatives.

3.2 Material and methods

3.2.1 Biological samples

Ovarian cancer samples. All human tissue samples were collected with informed consent

under approved University of Chicago Institutional Review Board protocols and in accor-

dance with the Declaration of Helsinki. All experiments were conducted in accordance with

approved protocol guidelines and regulations. Six omental tumor tissues were collected from

newly diagnosed patients with advanced, metastatic high-grade serous ovarian cancer during

primary debulking surgery at the University of Chicago. Seven normal fallopian tube tissues

were collected from patients with benign gynecological conditions at the time of surgery.

T2D samples. A minimum of 20,000 human islets equivalents (IEQs)/patient were ob-

tained from the Integrated Islet Distribution Program (IIIDP) and Prodo Laboratories.

Upon receipt, islets were cultured overnight in Miami Media #1A (Cellgro, USA) and then

82



handpicked, washed twice by self-sedimentation with ice-cold DPBS and pelleted for RNA

isolation. All studies and protocols used were approved by the Joslin Diabetes Center’s

Committee on Human Studies (CHS#5-05). Samples from eight T2D patients and seven

non-diabetic controls were collected for analyses in this study.

Mouse liver samples. Mouse liver tissues were collected from wild type Albumin-Cre;Mettl14+/+

and Albumin-Cre;Mettl14flox/flox;Cre liver specific conditional knockout mice [32]. Four

wide-type and four Mettl14 cKO mice on 42% high fat diet for three months were sequenced

and analyzed.

3.2.2 RNA extraction and m6A-MeRIP-seq

Total RNA was extracted from tissues using TRIzol (Invitrogen) according to the manu-

facturer’s instruction. For T2D and mouse liver samples, mRNA was further purified with

Dynabeads mRNA DIRECT purification kit (Thermo Fisher, cat. 61011). mRNA was

adjusted to 15 ng/µl in 100 µl and fragmented using Bioruptor ultrasonicator (Diagenode)

with 30s on/off for 30 cycles. m6A-immunoprecipitation (m6A-IP) was performed using Epi-

Mark N 6-Methyladenosine enrichment kit (NEB cat. E1610S). RNA eluted from m6A-IP

was cleaned using RNA Clean and Concentrator (Zymo Research, cat. R1013). Input and

IP samples were then used to prepare library with KAPA mRNA Hyper Kit (Roche, Cat.

KK8541). For fallopian tube and omental tumor tissues, total RNA was fragmented and di-

rectly subjected to m6A-IP. Takara Pico-Input Strand-Specific Total RNA-seq for Illumina

(Takara, Cat. 634413) was used to construct libraries from total RNA where ribosome-

derived cDNA was removed before final library amplification. T2D and mouse liver libraries

were sequenced by the HiSeq4000 platform at SE50 mode. The ovarian cancer libraries were

sequenced by the NextSeq 500 platform at PE37 mode.
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3.2.3 Data preparation

For each dataset, the raw sequencing data were mapped to the corresponding reference

genome (hg38 for human, and mm10 for mouse) by Hisat2 [92] with parameter -x 1. The

BAM files obtained from alignment are used as an input file for RADAR.

3.2.4 Read count pre-processing

RADAR takes a GTF file as an input for gene annotation and obtains a gene model using the

R package GenomicFeatures [136]. Exons of a gene are concatenated to form the “longest

isoform” transcript, which is then divided into bins of user defined size. The R package

Rsamtools is used to extract and quantify aligned reads from BAM files in each bin. The

gene-level counts of Input library are obtained by summing up bin-level read counts of each

gene.

Normalization. Unlike previous methods [41, 42, 43, 19] that scale read counts to library

sizes as a way of normalization, which can be strongly skewed by highly expressed genes

[134]. RADAR considers Input and IP samples separately. The Input sample is essentially

an RNA-seq library; therefore, we directly apply the median-of-ratios method implemented

in DESeq2, which is robust to outliers, to estimate a sample-wise size factor for each sample

from Input gene-level counts. In regard to the IP sample, the abundance of read counts ti,j

depends on the abundance of RNA in the pre-IP RNA pool, the overall IP efficiency of that

sample, the total sequencing depth of that IP library, and the methylation level of that locus.

To normalize the variation due to sample-wise IP efficiency difference and sequencing depth

variations of IP libraries, we estimate a sample-wise size factor from the fold enrichment

Ei,j = ti,j/sgenem,j of the top 1% bins ranked by IP read counts where ti,j is IP read counts

and sgenem,j is the normalized geneSum (gene-level) read count at corresponding gene. The

reason that only top bins are used to estimate the overall IP efficiency is to exclude the

regions where IP read counts are mainly attributed to non-specific binding.

84



3.2.5 Adjust IP read count for pre-IP RNA expression level

To account for the pre-IP gene expression level variation in IP read counts, we compute a

gene-wise size factor by centering normalized gene-level counts to 1. For each bin, we divide

the normalized IP read counts by the gene-wise size factor of the corresponding gene. The

resulting IP read counts now reflect the methylation level as other factors have all been

accounted for. The adjusted IP read counts representing methylation levels are further used

for DM tests.

3.2.6 Data filtering

We apply two filters to remove unwanted bins in the data: 1) We remove bins in which

reads are depleted in IP libraries because read counts in these bins are likely attributed to

non-specific binding during the immunoprecipitation; 2) We remove bins in which raw IP

read counts are smaller than 15 (this cutoff can be defined by the user) because signals in

regions without sufficient coverage will be too noisy and unreliable. Low IP read count also

implies that the bin is likely a non-methylated region.

3.2.7 Model for DM test

For each bin, we model the processed IP read counts Yi in the i-th sample as follows:

Yi ∼ Poi(λi)

log(λi) = µ+ Xβ + ei = µ+X0β0 +
k∑
j=1

Xiβi + ei (3.1)

where λi is the mean of a Poisson distribution, µ is a bin specific intercept, X is the design

matrix including the indicator of the groups of interest X0 and covariates Xj (j = 1, . . . , k), β

represent associated coefficients and ei is a random effect following a log gamma distribution

with a scale parameter ψ and mean equal to 1, i.e., ei ∈ logGamma(ψ, ψ),. Introducing
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a new variable wi ∈ Gamma(ψ, ψ), we have λi = eµ1+Xiβwi. The differential analysis is

equivalent to test against the null hypothesis β0 = 0.

After integrating out wi, the likelihood of observing the data given all other parameters

Θ is:

P (Y|Θ,−wi) =

∫
e−wie

µ+Xβ (wie
µ+Xβ)Yi

Yi!

ψψw
ψ−1
i e−ψwi

Γ(ψ)
dwi

=
ψψ

Yi!

Γ(Yi + ψ)

Γ(ψ)

(eµ+Xβ)Yi

(eµ+Xβ + ψ)Yi+ψ
(3.2)

The marginal log likelihood of observing Y can be written as:

logL(Y) =
n∑
i

[Yi(µ+ Xβ) + ψ logψ + log Γ(Yi + ψ)− log Yi!

− log Γ(ψ)− (Yi + ψ) log(eµ+Xβ + ψ)] (3.3)

We use the gradient ascent algorithm to calculate maximum likelihood estimators of all

the parameters, which involves the calculation of first derivatives.

∂ logL(Y)

∂β
=

n∑
i

[
Yi −

(
Yi + ψ

) eµ+Xβ

eµ+Xβ + ψ

]
Xi (3.4)

∂ logL(Y)

∂ψ
=

n∑
i

[
logψ + 1− Yi + ψ

eµ+Xβ + ψ
− log(eµ+Xβ + ψ)

+digamma(Yi + ψ)− digamma(ψ)
]

(3.5)

∂ logL(Y)

∂µ1
=

n∑
i

[
Yi −

(
Yi + ψ

) eµ+Xβ

eµ+Xβ + ψ

]
(3.6)

In each iteration, the parameters are updated through Φ(t+1) = Φ(t)+s(t+1)
∂ log(Y)
∂Φ |Φ=Φ(t)

. The step size s(t+1) is determined by a line search algorithm. Finally, a Wald test is derived

to test against β0 = 0, i.e., the test statistics is β̂0/sd(β̂0) where β̂0 is the MLE and sd(β̂0)

is estimated using observed Fisher information.
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3.2.8 Post-processing

Since the DM tests are performed on consecutive bins on the mRNA, post-processing is

needed to merge connected bins that contain reads derived from the same methylation site

and report their genome coordinates instead of mRNA coordinates. Specifically, we filter

all the bins under user-defined FDR cutoffs and merge adjacent significant bins to a single

peak. To represent the mRNA peaks using the genome coordinate, we report the final result

in BED12 format, which can specify exon blocks for an intron-spanning interval.

3.2.9 Simulation analysis

To assess the sensitivity and specificity of each methods on detecting true DM sites, we simu-

lated dataset of 8 replicates with and without covariate. Since RADAR make inferential test

on fold enrichment (pre-processed IP read counts adjusted for input RNA level variation),

we first simulated this enrichment data (pre-processed IP read counts) using Model (1). We

draw the distribution of gene-specific intercept parameter µ (equivalent to baseline sequenc-

ing depth of control samples), random effect parameter ψ from real data (T2D) to better

reflect the property of real data. For each dataset, we simulated 26,324 sites where 20% of

them were predefined as true DM sites with effect sizes of 0.5, 0.75 or 1. At pre-defined

true DM sites, we simulated read counts with β = 0.5 (or 0.75 or 1) while β = 0 at null

sites. Other alternative methods take Input and IP read counts as input data for DM tests.

To convert our simulated enrichment data into paired Input and IP read counts, we used

Input read counts from the real T2D dataset and generated corresponding IP read counts

by rescaling simulated IP counts to match the IP/Input ratio in the real data.

We then applied RADAR, MeTPeak (version 1.1) [42], QNB (version 1.1.11) [44], Fisher’s

exact test, exomePeak (version 2.17.0) [41] to the simulated data. We used the Benjamini-

Hochberg method to adjust for multiple comparisons. Using an FDR cutoff at 10% (or

1%, 5% ... in sliding threshold analysis), we obtained a set of predicted DM sites for each

method. We then checked whether pre-defined true DM sites were predicted to be DM site.
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To evaluate the performance, we computed sensitivity by dividing the number of overlaps

between predicted DM sites and true sites by the number of true sites. We also computed the

empirical FDR by dividing the number of predicted sites that is not in the true sites by the

number of predicted sites. To evaluate effect of covariates on the performance, we repeated

the above analysis using Model (1) with an additional binary categorical (such as gender)

variable with an effect size of 2. There are 3 covariates included in the T2D data analysis.

The covariate with the largest effect size ranges from 0 to 4. We chose an intermediate effect

size of 2 to represent a moderately challenging scenario in real data.

Next, we repeated the simulation analysis with an alternative model as described in the

QNB manuscript [44], termed as the “QNB model”. Unlike Model (1) that directly simulates

the enrichment as pre-processed IP-read counts, the QNB model simulates the paired Input

and IP read counts separately, each following a negative binomial distribution. The original

QNB model sets equal variance for both Input and IP data. However, we observe that in the

MeRIP-seq, the IP read counts usually have higher variability than the Input read counts

due to extra variation introduced during the IP process. Therefore, we modified the QNB

model so that the variance parameter for IP is a magnitude higher than Input. Similarly, we

generated data for the simple case as well as the difficult case with one confounding factor

using the QNB model and applied each method to test for DM loci.

Coverage sub-sampling analysis

To demonstrate that the robust measurement of pre-IP RNA level implemented in RADAR

improves the robustness to varying Input sequencing depth, we used T2D dataset as an

example and performed sequencing depth sub-sampling analysis. We used the Sambamba

[137] with parameters “view -h -t 20 -s 0.5 -f bam –subsampling-seed=1231” to sub-sample

half of the reads from BAM files of Input samples. To count the overlap between results from

sub-sampled and full data, we first obtained filtered bins that are shared in both datasets,

then count the bin if it reached significant threshold in both datasets. To compare the log
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fold change (logFC) estimates, we plotted the logFC estimated from the sub-sampled data

against that estimated from the full data by each method.

De novo motif discovery and metagene analysis

To examine if the putative DM sites detected by RADAR are consistent with known char-

acteristics of m6A sites, performed de novo motif discovery analysis using the findMotifs

function of Homer2 [94] with parameter “-len 5,6 -rna -p 20 -S 5 -noknown”. A background

sequence of randomly sampled peaks on transcriptome was used in the motif analysis.

Topological distribution of putative DM sites were plotted on a metagene using R package

Guitar [95] with default settings.

Pathway enrichment analysis

A pathway enrichment analysis was performed on the DMGs identified from the ovarian

cancer dataset using KEGG pathways [138] using the enrichKEGG function in R package

ClusterProfiler [139].

Experimental validation by SELECT method

SELECT is an elongation and ligation-based method that can distinguish single m6A site

from A site [140]. Briefly, we design two oligos flanking the target m6A/A site that leave a

gap on the m6A/A site. Then Bst DNA polymerase and SplintR ligase are used to fill the

gap where m6A hinders the elongation of the complementary oligo and thus prevent the gap

to be filled. Finally, qPCR targeting the ligated oligo is used to quantify the abundance of

the non-methylated RNA molecules. qPCR quantification targeting a nearby region on the

target gene is used to normalize the gene expression variation. Since readout of SELECT

method reflects relative abundance of non-methylated molecules, we expect the SELECT

result to be inversely correlated to the m6A levels.
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Since SELECT method involves many steps for each site and is not feasible for high

throughput analysis, we selected 6 sites including 2 DM sites that were only detected by

RADAR and 4 DM sites that were implicated in T2D biology for experimental validation.

We first matched RRACH motif in the putative DM peak and designed complementary

oligos of 30 nt flanking the putative m6A site. An additional 21 nt sequence at 5’ of the

up-probe and 20 nt sequence 3’ of the down-probe were added to the oligos as universal

primer sequence. For each DM site, we also designed a pair of primer targeting the gene

harboring the DM site (see Table 3.1 for oligo and primer sequences).

We applied the SELECT method to 4 control and T2D samples that have enough RNA

material leftover from sequencing experiment. For each sample, 50 ng of total RNA was

mixed with 0.8 µl up-probe and down-probe oligo (1uM) of each target m6A site, 1 µl dTTP

(100 µM), and 2 µl 10X CutSmart buffer (NEB) supplemented with H2O to 17 µl total

volume. The mix was incubated at a temperature gradient: 90°C for 1min, 80°C for 1 min,

70°C for 1 min, 60°C for 1 min, 50°C for 1 min and then 40°C for 6 min. Subsequently, a 3 µl

of enzyme mixture containing 0.5 µl Bst 2.0 DNA polymerase (0.02 U/µl) (NEB M0275S),

0.5 µl SplintR ligase (1U/µl) (NEB M0375S) and 2 µl ATP (5mM) was added in the former

mixture to the final volume of 20 µl. The final reaction mixture was incubated at 40°C for

20 min then denatured at 80°C for 20 min. Then, qPCR reaction to quantify the “read

through” oligos was assembled by 10 µl 2X qPCR master mix, 0.8 µl universal primer as

designed in the oligo probes (10uM), 2 µl reaction from previous step and 7.2 µl H2O. To

quantify the RNA expression level of each gene harboring the m6A site, we first prepared

the cDNA from 50 ng of total RNA using SuperScript VILO Master Mix (Thermo Fisher

11755050). Then 2 µl of cDNA were used for qPCR quantification of each gene. Finally, the

gene expression level quantification was used to normalize the “read through” oligo probe

quantification to obtain “relative read through” level for each site. Note the “relative read

through” level reflect the non-methylated level, which is inversely correlated with m6A site.
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Name Sequence

IGF1R up
TAG CCA GTA CCG TAG TGC GTG CGC GAC

GCA GTT CGC AAG ATC GCC CCG AAG

IGF1R down
/5Phos/CC GGG TCA CAG GCG AGG CCG

GCG AGG GGC CAG AGG CTG AGT CGC TGC AT

TRIB3 up
TAG CCA GTA CCG TAG TGC GTG AGC AAG

ATG CAT AAG TAC CAT CCT TGG GAG

TRIB3 down
/5Phos/CT TAG AAA GCT CCC CAG GTT

CGA GGC TGG GCA GAG GCT GAG TCG CTG CAT

CPEB2 up
TAG CCA GTA CCG TAG TGC GTG AGC GGC

GGA GGC GGC GGC GGC GGC TTC GAG

CPEB2 down
/5Phos/CC GGA GGG TGG GGA AGG TGG

GGA GGG CTG ACA GAG GCT GAG TCG CTG CAT

RNF213 up
TAG CCA GTA CCG TAG TGC GTG CCT TCT

GAG GCA GAG GTG TAA GCG TTT CAG

RNF213 down
/5Phos/CC CAG ATC GGC TAC AGG GAG

TGG CGC TCA GCA GAG GCT GAG TCG CTG CAT

MAFA up
TAG CCA GTA CCG TAG TGC GTG GGC CTG

GTG TCC ACG TCC TGT ACC GCG GAG

MAFA down
/5Phos/CC GAG CCG AGG CCC CGA GAG

GCC TGC GCG ACA GAG GCT GAG TCG CTG CAT

PDX1 up
TAG CCA GTA CCG TAG TGC GTG CTA ATT

GAA TAC AAG GAG GCA AAT TCT AAG

PDX1 down
/5Phos/CT GAA CAG AAT ACA GAA AAT

TCT GAC AGT CCA GAG GCT GAG TCG CTG CAT
IGF1R qPCR F GCC GCT CAT TCA TTT TGA CT
IGF1R qPCR R CTA GGC GAG GAA AAA CAA GC
TRIB3 qPCR F AAC CTT CAG TGC CTT CCA GA
TRIB3 qPCR R TGT TGT CAG CTC AAG GAT GC
CPEB2 qPCR F TTT CCA CCA AAA GGC TAT GC
CPEB2 qPCR R AGC CCT TAA TGG CCT AGG AA
RNF213 qPCR F ACA CCT CTG CCT CAG AAG GA
RNF213 qPCR R TGA AGG GGC ATT TTT AGC AC
MAFA qPCR F GCG GAG AAC GGT GAT TTC TA
MAFA qPCR R AAG GAA AGG GAG GCT GAG AA
PDX1 qPCR F AGC AGT GCA AGA GTC CCT GT
PDX1 qPCR R CAC AGC CTC TAC CTC GGA AC

Table 3.1: Oligo probes sequences and qPCR primer sequences. We designed an
up and a down probe flanking the putative DM m6A site leaving the m6A nucleotide as a
gap. For each pair of oligo probes, we designed an overhanging universal primer sequence at
their 5’ and 3’ end, respectively. The table shows the sequence of oligo probes we used as
well as the qPCR primers we used to quantify gene level variation.
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3.2.10 Sample size analysis

To investigate the effect of sample size on the power of detecting DM sites, we simulated

datasets of varying sample sizes from N = 2 to N = 8 using Model (1) without covariates. We

assessed the performance by plotting the sensitivity of each method against its FDR using

DM loci obtained at an FDR cutoff of 10%. Additionally, we also made the ROC curve for

each sample size by varying the FDR cutoffs when selecting predicted sites.

3.3 Results

3.3.1 RADAR overcomes challenges in modeling MeRIP-seq data and ac-

commodates complex study designs

Using BAM files as the input, RADAR first divides transcripts (concatenated exons) into

50-bp consecutive bins and quantifies pre-IP and post-IP read counts for each bin (Figure

3.1a). Unlike current differential methylation analysis methods [41, 42, 43, 19] that scale to

library sizes as a way of normalization, which can be strongly skewed by highly expressed

genes [134] (Supplementary Figure 3.1), RADAR uses the median-of-ratio method [113]

implemented in DEseq2 to normalize the Input library for the sake of robustness. For the

IP library, RADAR normalizes the fold enrichment computed from the IP counts divided by

the Input counts, which takes both IP efficiency and IP library size variation into account.

After proper normalization across all samples, RADAR then calculates the methylation

level for each bin conditioned on its pre-IP RNA expression level for each sample. In contrast

to previous methods [41, 42, 43, 19] that use peak-level read counts in the Input library as

its measurement of pre-IP RNA expression level, we use gene-level read counts as a more

robust representation, which is defined as the total number of reads across all bins that span

the same gene (Figure 3.1a). This choice is motivated by the observation that the median

read coverage within each peak is very low —18 reads per peak (7 reads in a 50-bp bin)

(Supplementary Figure 3.2) in a typical MeRIP-seq input sample of 20 million (map-
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Figure 3.1: Unique features of m6A-seq (MeRIP-seq) data. RADAR divides con-
catenated exons of a gene into consecutive bins and models the immunoprecipitation (IP)-
enriched read counts in such bins. a depicts a pair of read counts in the Input and the IP
library in the i-th bin as ci and ti. In the RADAR workflow, the gene-level read count of
the Input library si∈genem substitutes the bin-level read count ci as the representation of
the pre-IP RNA levels of the i-th bin. b compares the relative variation of gene-level and
bin-level (local) read counts of different bin sizes in four m6A-seq datasets, suggesting that
unwanted variation can be reduced using gene-level counts as the estimates of pre-IP RNA
levels. Panel c compares the cross-sample mean and variance of regular RNA-seq (pre-IP
counts) and m6A-seq (post-IP read counts adjusted for pre-IP RNA level variation) data in
four m6A-seq datasets. The fitted curvature of m6A-seq can differ from that of RNA-seq,
indicating that m6A-seq may have a different mean-variance relationship from RNA-seq.
Biological and experimental confounding factors are often encountered in patient samples.
d shows the first two principal components (PCs) of m6A enrichment in each dataset, where
the samples are colored by covariates that need to be accounted for. m6A enrichment was
represented by IP sample read counts adjusted for pre-IP (Input) RNA level variation. e
shows the first two PCs after regressing out known covariates — age in the ovarian can-
cer dataset and batch in the T2D dataset. After regressing out the covariate, samples are
separated by disease conditions on the PCA plot.
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pable) reads (Supplementary Figure 3.3). Over dispersion of low counts due to random

sampling in the sequencing process can introduce substantial unwanted variation to the esti-

mation of pre-IP RNA level. This can be further exacerbated by the uneven distribution of

reads caused by local sequence characteristics such as GC content and mappability. Using

gene-level counts as the estimate of pre-IP RNA expression level can mitigate the dispersion

by increasing the number of reads (272 reads on average) and simultaneously diminishing the

effects of sequence characteristics within a gene (Figure 3.1a). By comparing the variance

of read counts across replicates at the gene-level with that at the bin-level, we show that the

cross-sample variance is much less at the gene-level than at the bin-level in all three datasets.

(Figure 3.1b).

RADAR models the read count distribution using a Poisson random effect model instead

of a negative binomial distribution, which is commonly used in RNA-seq analysis [113, 134,

141] as well as in DRME and QNB for MeRIP-seq analysis [43, 44]. Negative binomial

distribution-based models assume a quadratic relationship between mean read counts and

their variance across all genes. We observe in real m6A-seq datasets that the mean-variance

relationship of post-IP counts across genes significantly differs from that of regular RNA-seq

counts (i.e., pre-IP counts). The former does not always follow a similar quadratic curvature

and can exhibit very different patterns of variability (Figure 3.1c, Supplementary Figure

3.4). To overcome these limitations, RADAR applies a more flexible generalized linear model

framework (see Method) that captures variability through random effects.

Another important advancement of RADAR, compared to existing MeRIP-seq data anal-

ysis tools [41, 42, 43, 19], is the flexibility to incorporate covariates and permit more complex

study design. Phenotypic covariates such as age and gender as well as experimental covari-

ates such as batch information are often encountered in epitranscriptomic profiling studies

with heterogeneous patient samples. Covariates such as litter and age are common in ex-

perimental animal studies. For example, in the ovarian cancer dataset, the age of the tissue

donors is partially confounded with predictor variable – disease status. In the T2D islets
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dataset, the variance of the first two principal components is confounded with the sequencing

batch (Figure 3.1d). After regressing out the batch effect, the remaining variance can be

better explained by disease status (Figure 3.1e). This indicates the importance of control-

ling for potential confounding factors when performing differential methylation tests. The

generalized linear model framework in RADAR allows the inclusion of covariates and offers

support for complex study designs.

3.3.2 Comparative benchmarks of different methods using simulated datasets

To evaluate the performance of RADAR in comparison to current methods, we applied

RADAR and other methods for MeRIP-seq differential analysis including exomePeak, Fisher’s

exact test, MeTDiff and QNB on simulated datasets. We considered four scenarios: the pro-

posed random effect model with/without covariates and the quad-negative binomial (QNB)

model adopted from QNB [44] with/without covariates. For each scenario, we evaluated the

sensitivity and false discovery rate (FDR) of different methods using ten simulated copies.

We first simulated a dataset of 8 samples using the random effect model (Method Section

Equation (3.1), denoted as the simple case). The Input library was directly drawn from the

T2D dataset. We simulated IP read count adjusted for pre-IP expression level of each bin

according to Equation (3.1) where µ is equal to mean log read count in the “control” group

of T2D dataset. The final IP read counts were obtained by rescaling simulated data by the

average IP/Input ratio observed in the T2D data. In total, we simulated three datasets

of 26,324 sites in which 20% of sites are true positives with effect size of 0.5, 0.75 or 1,

respectively.

For DM loci with an effect size of 0.5, RADAR achieved 29.1% sensitivity and 12.0% FDR

at an FDR cutoff of 10%. At the same cutoff, exomePeak and Fisher’s test achieved 72.8%

sensitivity/52.5% FDR and 72.2% sensitivity/50.5% FDR, respectively. MeTDiff achieved

10.5% sensitivity and 16.2% FDR. QNB, on the contrary, did not own any power for the

small effect size. When the effect size increased, RADAR achieved much higher sensitivity,
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Figure 3.2: Benchmarking RADAR on two simulation models. We benchmarked
RADAR and other alternative methods using two simulation models — a random effect
(RADAR) model and a quad-negative-binomial (QNB) model. We simulated dataset of
8 replicates of varying true effect size (0.5, 0.75 and 1) with and without covariates. We
compared the results at an FDR cutoff of 0.1 with simulated true sites. We show the
sensitivity (fraction of true sites detected by the method at an FDR cutoff of 0.1) and false
discovery rate (fraction of detected differential sites that are not true sites) of each method
applied on data simulated by the random effect model without covariates in a and with
covariates in b, the quad-negative-binomial model without covariates in c with covariates in
d, respectively. The FDR cutoff used to select DM sites is labeled by a dashed line.
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77.8% for an effect size of 0.75 and 95.7% for an effect size of 1, while FDR were well calibrated

at 10.4% and 10.1%, respectively. exomePeak and Fisher’s test both achieved 89% and 96%

sensitivity for effect sizes of 0.75 and 1, respectively, but at the cost of unsatisfactory FDRs,

which were greater than 46%. MeTPeak exhibited well-calibrated FDR (12.3% and 11.4%)

and moderate sensitivity of 50.4% and 81.5% for effect sizes of 0.75 and 1, respectively.

QNB only had low power for an effect size of 1 (beta = 1, 13.9% sensitivity and 0.5%

FDR). Overall, for the simple case without covariates, RADAR achieved high sensitivity

while maintained low FDR at varying true effect sizes (Figure 3.2a). We then applied the

above analysis at varying FDR cutoff and found RADAR achieved the highest sensitivity at

a fixed level of empirical FDR (Supplementary Figure 3.5a). We note that exomePeak

and Fisher’s test achieve high sensitivity at all effect sizes as combining read counts across

replicates of the same group helped to gain power. As a tradeoff, they fail to account

for within-group variability resulted in high FDR. On the contrary, RADAR and MeTDiff

exhibit well-calibrated FDR while achieve high sensitivity at same levels as exomePeak for

large effect sizes. QNB is overconservative and possessed little power.

We next applied the aforementioned methods to the proposed model with a covariate

(effect size equal to 2, denoted as the difficult case) (Figure 3.2b). As a result, at an

FDR cutoff of 10%, RADAR achieve 38.4%, 79.7% and 95.7% sensitivity with empirical

FDRs slightly higher than those in the simple case (18.2%, 14.4% and 13.7% for effect sizes

of 0.5, 0.75 and 1, respectively). MeTDiff, with similar performance as RADAR in the

simple case, lose power in the difficult case due to incapability of accounting for confounding

factors. exomePeak, Fisher’s test and QNB behave similarly as in the simple case. The

advantage of RADAR over other methods is robust to the choice of FDR cutoff as shown in

Supplementary Figure 3.5b. In summary, RADAR outperformes existing alternatives in

both cases.

Taking the covariate model with a DM effect size of 0.75 as an example, we also checked

the distributions of effect size estimates and P values obtained from each method. In all
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methods, effect sizes are overall correctly estimated with estimates for “true” sites cen-

tered at 0.75 (Supplementary Figure 3.6a) and that for null sites centered at zero

(Supplementary Figure 3.6b). However, we note the distribution of beta estimates is

narrower for RADAR, especially in the difficult case, suggesting a more confident estima-

tion. P values of exomePeak and Fisher’s test at null sites are enriched near zero, indicating

over-detection of false positive signals (Supplementary Figure 3.6c). We also observed

many large P values obtained by QNB for “true” sites in both cases and MeTDiff in the

difficult case, which suggested a high false negative rate (Supplementary Figure 3.6d).

We then repeated simulation studies using the QNB model. Instead of setting the vari-

ances of Input and IP libraries equal as presented in the QNB paper, we let the variance of

IP read count be larger than that of Input. This setting better reflects our observation in the

real data as extra noise can be introduced during immunoprecipitation process for IP reads

generation (Supplementary Figure 3.4). In the simple case without covariates, RADAR

exhibits the lowest empirical FDR (18.9% and 18.5%) despite of slightly lower sensitivity

comparing to other methods (73.5% and 82.3%) when the effect sizes are relatively large (for

effect sizes of 0.75 and 1). QNB performs better when the effect size is small with 58.6%

sensitivity and 15.6% FDR for an effect size of 0.5 (Figure 3.2c). The results are consistent

when we evaluated their performance with different FDR cutoffs. Overall, QNB performs

slightly better than RADAR with an effect size of 0.5. RADAR achieve similar sensitivity

but better-calibrated FDR when effect sizes equal to 0.75 and 1 (Supplementary Figure

3.5c). In the model with covariates, RADAR exhibits the lowest empirical FDR, with 25.8%,

23.0% and 22.5% at effect sizes of 0.5, 0.75 and 1, respectively, while other methods either

fail to detect the signal or have a higher empirical FDR. Specifically, MeTDiff has sensitivity

below 0.5% at varying effect sizes and QNB reached FDRs of 64.1%, 55.8% and 50.5% for

effect sizes of 0.5, 0.75 and 1, respectively, at an FDR cutoff of 10% (Figure 3.2d). The

advantage of RADAR over alternative methods hold in the difficult case at varying cutoffs

(Supplementary Figure 3.5d). In summary, RADAR outperforms other existing methods
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in most scenarios, particularly when covariates are present.

3.3.3 Comparative benchmarks of different methods using four real m6A-seq

datasets

Next, we compared the performance of different methods using four real m6A-seq datasets:

ovarian cancer (GSE119168), T2D (GSE120024), mouse liver (GSE119490) and mouse brain

(GSE113781). To evaluate the sensitivity of different methods, we first checked the distribu-

tions of P values obtained from corresponding DM tests (Figure 3.3). In the ovarian cancer,

T2D and mouse liver data, Fisher’s test and exomePeak detect the most signals as the P

values are most dense near zero. In these three datasets, RADAR also returns a desirable

shape for the P values histogram in which P values are enriched near zero while uniformly

distributed elsewhere. MeTDiff returns a desired shape only in the ovarian cancer and mouse

liver datasets. QNB is overconservative in the ovarian cancer and T2D dataset. All methods

fail to return enriched P values near zero for the mouse brain dataset, suggesting there is no

or little signal in this dataset. This is consistent with the original publication that very few

differential peaks were detected in this study [38].

To ensure that well-performed methods achieve high sensitivity while maintain a low

FDR, we further performed permutation analyses to obtain the null distribution of P values

for each dataset. Specifically, we shuffled the phenotype labels of samples such that the new

labels are not associated with the true ones or any other important confounding factors.

We expected the P values from a permutation test to follow a uniform distribution and the

enriched P values near zero would be considered as false discoveries. For each dataset, we

combined test statistics from 15 permuted copies and compared their distribution with the

original tests (Figure 3.4). P values from Fisher’s test and exomePeak are strongly enriched

near zero and only slightly lower than those from the original tests. This suggests the strong

signals detected by these two methods are likely to be false discoveries, consistent with

the conclusion from simulation analysis. On the contrary, the histograms of P values from
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Figure 3.3: Sensitivity of benchmarked methods on real m6A-seq data. We bench-
marked RADAR and other alternative methods on four m6A-seq data with different charac-
teristics. Each panel shows the histogram of P values obtained from DM tests using RADAR,
MeTDiff, QNB, Fisher’s exact test and exomePeak on each dataset, respectively.

RADAR are close to flat in all datasets, indicating that strong signals detected by RADAR

are more likely to be true. MeTDiff exhibits well-calibrated P values in the ovarian cancer

and T2D data but enriches for small P values in the mouse liver data with an indicated

high FDR. QNB test returns conservative P value estimates in all datasets. Taking together

these analyses, we demonstrate that RADAR outperforms the alternatives by achieving high

sensitivity and specificity simultaneously in real datasets.

To better demonstrate that RADAR detect DM sites with better sensitivity and speci-
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Figure 3.4: Benchmarking false positive signals using permutation analysis on
real m6A-seq data. To assess empirical FDR of the test, we permuted the phenotype
labels of samples so that the new labels are not associated with true ones. Each panel shows
the histograms of P values obtained from DM tests on 15 permuted copies (blue) and those
from the tests on the original dataset (red).

ficity in real data, we show examples of DM site that is only detected by RADAR as well

as likely false discovery sites identified by exomePeak and Fisher’s test but not by RADAR

in the T2D dataset. We plot sequence coverage of individual samples for the DM sites in
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the RNF213 gene (Supplementary Figure 3.7a) and show despite of large variability in

control samples, m6A enrichment of T2D samples are consistently lower on this locus. Con-

versely, in the bogus DM sites detected by alternative methods (Supplementary Figure

3.7b and c), enrichment differences are mainly driven by one or two outlier samples in one

group.

To further demonstrate the advantage of using gene-level read counts over local read

counts to account for RNA expression level, we repeated the above analysis using post-

IP counts adjusted by the local read counts of Input. We show that in the T2D dataset,

gene-level adjustment not only enables stronger signal detection, but also lowers FDR as we

observed that the permutation analysis using local counts adjustment results in undesired

stronger signals around zero in the P value histogram (Supplementary Figure 3.8). In the

ovarian cancer and the mouse liver datasets, local counts adjustment achieve higher signal

detection but at the cost of a higher FDR. This analysis suggests that using gene-level read

counts as the estimates of pre-IP RNA expression levels could effectively reduce FDR and

lead to more accurate DM loci detection.

Attributed to the robust representation of pre-IP RNA expression level using gene-level

read counts, RADAR’s performance is more robust to the sequencing depth of Input samples.

To demonstrate this, we applied RADAR on data created by sub-sampling the read counts

of Input samples in the T2D dataset so that the sequencing depth is half of the full dataset

(average 17.5 million reads). We compared the DM sites detected in the reduced dataset with

the results obtained from the full dataset (Supplementary Figure 3.9a). Using a 10%

FDR cutoff, RADAR-detected DM sites in the reduced dataset show the highest overlap with

that in the full dataset. MeTDiff and QNB only have a few overlapping DM sites between

the sub-sampled and full dataset. Fisher’s test and exomePeak have slightly fewer overlaps

comparing to RADAR but have more false discoveries. We further compared the log fold

change (logFC) estimates from reduced and full datasets to check their consistency. As a

result, we found reduced sequencing depth had the least impact on the logFC estimated by
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RADAR while the estimates by others are much less reproducible with a shallower sequencing

depth (Supplementary Figure 3.9a).

Unlike earlier pipelines that perform DM tests only on peaks identified from peak calling,

RADAR directly tests on all filtered bins and reports DM sites. To check if the DM sites

reported by RADAR are consistent with known characteristics of m6A, we performed de-

novo motif search on these sites and found DM sites detected in ovarian cancer, mouse liver

and T2D datasets are enriched for known m6A consensus motif (Supplementary Figure

3.10a) [33], suggesting DM sites reported by RADAR are mostly true. We also examined the

topological distribution of these DM sites by metagene analysis (Supplementary Figure

3.10b). The distributions in ovarian cancer and mouse liver datasets are consistent with the

topological distribution of common m6A sites, indicating methylation changes occurred in

these two datasets are not spatially biased. Interestingly, DM sites detected in T2D dataset

are strongly enriched at 5’UTR, suggesting T2D related m6A alteration are more likely to

occur at 5’UTR.

3.3.4 RADAR analyses of m6A-seq data connect phenotype with m6A-modulated

molecular mechanisms

Finally, we investigated whether DM test results obtained from RADAR would lead to better

downstream interpretation. In the ovarian cancer dataset, we performed KEGG pathway en-

richment analysis on the differential methylated genes (DMGs) detected by RADAR (Figure

3.5a). We found the detected DMGs are enriched with molecular markers related to ovar-

ian cancer dissemination [142, 143]. For instance, we identified key regulators of the PI3K

(enrichment P value 7.8 × 10−5) and MAPK pathways (enrichment P value 1.1 × 10−4),

including hypo-methylated PTEN and hyper-methylated BCL2 (Supplementary Figure

3.11). Other notable DMGs include key markers of ovarian cancer such as MUC16 (CA-125)

and PAX8, as well as genes that play key roles in ovarian cancer biology such as CCNE1

and MTHFR. Conversely, DMGs detected by MeTDiff are only enriched in three KEGG
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Figure 3.5: Pathways enriched in differential methylated genes identified in ovar-
ian cancer and T2D datasets.We performed KEGG pathway enrichment analysis using
ClusterProfiler on DMGs identified in the ovarian cancer dataset by RADAR a and MeTDiff
b, respectively. The enrichment maps represent identified pathways as a network with edges
weighted by the ratio of overlapping gene sets.

pathways (Figure 3.5b), most likely due to its inadequate power. We showed through per-

mutation analysis that exomePeak and Fisher’s test results included a significant portion of
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false positives and could lead to biased downstream interpretations.

In the T2D dataset, DMGs identified by RADAR are enriched in related pathways in-

cluding insulin signaling pathways, type 2 diabetes mellitus, mTOR pathways and AKT

pathways, indicating a role that m6A might play in T2D. We further analyzed these DMGs

in related pathways and found the methylome of insulin/IGF1-AKT-PDX1 signaling pathway

being mostly hypomethylated in T2D islets (Supplementary Figure 3.12). Impairment

of this pathway resulting in down-regulation of PDX1 has been recognized as a mechanism

associated with T2D where PDX1 is a critical gene regulating β-cells identity, cell cycle,

and promote insulin secretion [144, 145, 146, 147]. Indeed, follow-up experiment on a cell

line model validated the role of m6A in tuning cell cycle and insulin secretion in β-cells

and animal model lacking methyltransferase gene Mettl14 in β-cells recapitulated key T2D

phenotypes (results presented in a separate manuscript [148], see Appendix). To summarize,

RADAR-identified DMGs enable us to pursue an in-depth analysis of the role that m6A

methylation plays in T2D. On the contrary, due to the incapability to take sample acqui-

sition batches as covariates, the alternative methods are underpowered to detect DM sites

in T2D dataset and could not lead to any in-depth discovery of m6A biology in T2D islets.

These examples suggest that MeRIP-seq followed by RADAR analysis could further advance

functional studies of RNA modifications.

3.3.5 Validation of RADAR-detected DM sites by the SELECT method

Recently, Xiao et al. developed an elongation and ligation-based qPCR amplification method

(termed SELECT) for single nucleotide-specific detection of m6A [140]. This method relies

on mechanism different from antibody pulldown-based MeRIP-seq to detect m6A, making it

a suitable method for validating DM sites discovered by RADAR analysis. We selected 6 DM

sites (Table 3.2) including 2 sites only detected by RADAR and 4 sites in genes important in

β-cell for experimental validation using the SELECT method. Among 6 validated sites, the

β-cells regulator PDX1 and RADAR-specific DM sites show significant m6A level alteration
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with P value 0.009 and 0.017, respectively (Figure 3.6). Three other sites: IGF1R in
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Figure 3.6: Experimental validation of RADAR-detected DM sites using SE-
LECT method.We applied antibody independent method SELECT on T2D samples (N =
4). Shown are SELECT results of 6 putative DM sites for validation. SELECT measures the
relative abundance of non-methylated RNA molecules of target locus as represented by the
elongation and ligation “read through” of olilgo probes. Thus, SELECT results—“relative
read through”—are inversely correlated with m6A level.

the insulin/IGF1-AKT-PDX1 signaling pathway, MAFA—another important regulator of

β-cells function and RADAR-specific DM site in CPEB2 show m6A changes consistent with

RADAR result despite of not reaching statistical significance. The sites in the TRIB3 gene

are similarly methylated in control and T2D samples as measured by SELECT. Overall, five

out of six experimentally validated sites are supported by orthogonal evidence by SELECT,

confirming the reliability of RADAR-detected differential methylation sites.
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3.4 Supplementary figures
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Supplementary Figure 3.1: Scatter plot of read count. The input library log read
counts of a sample from one experimental group are plotted against a sample from another
experimental group. Shown is an example scenario where highly expressed genes can result
in underestimation of other genes when normalizing by total coverage. The highly expressed
genes that can strongly influence the scaling factor estimation are highlighted by red circles.
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Supplementary Figure 3.2: Read count distribution of Input data. Distribution
of read count ci (Figure 3.1a) in a 50 bp bin of input library from real m6A-seq datasets.
The read count is shown in log10 scale.
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Supplementary Figure 3.3: Sequencing depth distribution of m6A-seq in pub-
lished literatures. Distribution of sequencing depth (million reads) drawn form a m6A-seq
database [84] is shown by histogram. The database included 339 datasets from published
literatures.
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Supplementary Figure 3.4: Variability distribution comparing RNA-seq and
m6A-seq (MeRIP-seq). Density plot comparing variabilities of m6A-seq data with RNA-
seq data. Variability is represented by coefficient of variation.
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Supplementary Figure 3.5: Evaluating performances of benchmarked methods
on simulated data using sliding thresholds. We evaluated the performance of RADAR
and other methods by comparing the sensitivity and empirical FDR obtained by varying
FDR threshold for selecting DM sites. The threshold of selecting DM sites are labeled by
the size of data points.
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Supplementary Figure 3.6: P value and effect size estimates
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Supplementary Figure 3.6: on simulated data. Using data simulated by random
effect model of effect size = 0.75, we evaluated the precision of effect size and P value
estimates. (a) shows the distribution of effect size estimates in true differential sites and
(b) shows the distribution of effect size estimates in Null sites where the true effect size is
labeled by dashed line. (c) shows P values distribution for Null sites where P values are
expected to be uniformly distributed. (d) shows P values distribution for true differential
sites where P values are expected to be distributed near zero. In all panels, “simple case”
refers to simulated data without covariates while “difficult case” refers to simulated data
with a covariate.
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Supplementary Figure 3.7: Coverage plot of individual samples for example DM
sites and bogus sites in the T2D dataset. We visualize raw data by showing coverage
plot for three examples m6A sites. a shows a putative DM site that was only detected by
RADAR but missed by other methods. b shows a bogus DM site where difference between
two groups was mainly driven by two strongly hypomethylated samples in the control group
instead of consistent change among replicates. c shows another bogus DM site that were
mainly driven by an outlier hypermethylated sample in the T2D samples.
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Supplementary Figure 3.8: Compare the methods to adjust for gene expression
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CHAPTER 4

CONCLUSION

4.1 Summary and significance

In Chapter 2, we report for the first time a systematic genetic analysis of the most abundant

mRNA modification—N 6-methyladenosine. Our analysis reveals new insights into m6A reg-

ulation, highlighting the importance of both RNA-features (e.g. RBPs, secondary structure)

and transcriptional regulation (e.g. TF binding). We find that the functional effects of m6A

on downstream processes, in particular translation, can be highly heterogeneous and depend

on binding of specific RBPs. Our integrated analysis of m6A QTLs with GWAS supports

the role of m6A as an important link from genetic to phenotypic variations.

Using an analysis that correlates SNP effects on RBP motifs and m6A levels, we identified

specific RBPs such as SRSF1, that may be m6A regulators. This analysis, however, has some

limitations. It may not be able to distinguish RBPs from the same families that share similar

motifs. Due to small sample size of our study, it may also be underpowered to detect many

more RBPs regulating m6A. The enrichment of m6A QTLs in transcription-related features

supports an emerging connection between mRNA modification and transcriptional control

[119, 111, 118]. As a support of the “recruitment model” (Figure 2.9b), TFs binding sites

are enriched in m6A QTLs and several TFs interact with m6A methyltransferase complex

in LCLs. Interestingly, we found that RBBP5 and BACH1, which show robust and strong

interaction with m6A writers in LCLs, show only weak interaction with m6A writers in

HepG2 and A549 cells (data not shown). Given additional TF-methyltransferase interactions

reported previously in stem cell [119, 111] and AML [85], we think TF-methyltransferase

interactions may broadly exist and participate in cell-type specific m6A regulation.

Previous studies found that m6A promotes translation efficiency and mRNA decay via

interactions with reader proteins [1]. Our results add additional insight into this model,

suggesting that m6A effects on downstream processes, e.g. translation, are much more
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heterogeneous across transcripts than previously appreciated. We identified RBPs that may

influence the effects of m6A, including some with reported functions in RNA processing

(Figure 2.11c, Figure 2.12a), including YBX3 [149], and HNRNPA1 [150]. The RBPs

uncovered here provide a resource for future studies.

We hypothesize two possible mechanisms that explain context-dependent m6A effects.

First, there may be more m6A reader proteins, with potentially different effects, than are

currently known; some could be readers that respond to m6A through structure-switch mech-

anism [22].Alternatively, the functions of RNA regulators may depend on m6A, even if they

do not directly bind and recognize m6A nor respond through structure switch (and hence not

readers). These proteins may bind the motif that harbors m6A or a motif nearby m6A sites,

and compete with bona fide reader proteins on the modified transcripts. Future studies are

Figure 4.1: m6A modification mediates the impact of genetic variation on hu-
man complex traits. Genetic variation exerts its impact on complex traits through varies
mechanisms. As one of these mechanisms, we propose that variation of m6A modification
may lead to variation of mRNA processing, including mRNA decay, splicing, APA, export
and translation efficiency. These variations in turn may change protein levels and functions,
and lead to phenotypic variations.
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needed to assess these RBPs and their interactions as well as competition in RNA binding.

Our integrated analysis of m6A QTLs and GWAS highlights the importance of m6A to

the etiology of complex traits and adds to the growing evidence that post-transcriptional

regulation (PTR) plays a key role in common diseases. Genetic variants affecting RNA-

processing are almost as common as, and are largely independent from, those affecting

transcription [151]. These variants have been implicated in a number of diseases including

Cystic Fibrosis, Type 2 Diabetes, Crohn’s disease and lung cancer [151]. Identifying variants

with PTR effects, however, is more challenging than transcriptional effects. Mapping m6A

QTLs may be an effective strategy to address this challenge, given the central role of m6A

modification in almost every step of RNA processing (Figure 4.1).

In Chapter 3, we developed and described an R package RADAR for differential methy-

lation analysis using a random effect model. Using simulation and real m6A-seq datasets,

we demonstrated that RADAR can achieve higher sensitivity with lower FDR than existing

methods in the DM analysis. Taking advantage of newly developed SELECT method for

experimental validation, we verified that RADAR analysis can uncover true differentially

methylated sites. RADAR is a general framework that can be applicable to comparative

profiling by MeRIP-seq of various types of RNA modifications including but not limited to

N 6-methyladenosine, N 1-methyladenosine and 5-methylcytosine. It also offers great flexi-

bility to adopt to a wide range of mean-variance relationships in the data and accommodate

different study designs. We believe RADAR will greatly advance our knowledge of the func-

tions of post-transcriptional modifications.

4.2 Limitations and future directions

We mapped the m6A QTLs using the most-intensively studied cohort of Yoruba LCL sam-

ples to facilitate integrated analysis of multiple molecular QTLs. However, we mapped only

822 ePeaks with current cohort of samples, which limited the statistical power to discover

new factors that may regulate m6A. For example, in the analysis to search for RBPs causally
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linked to m6A, we had very limited number of data points (fine-mapped m6A QTNs) to test

correlation between SNP effects on RBP motif and m6A levels. Therefore, a larger scale

study with expanded sample size is needed to map a more comprehensive set of m6A QTLs

and reveal new mechanisms of m6A regulation. In this study, we analyzed the contribution

of RNA features and TFs to the m6A variation, which advanced our understanding of fac-

tors contributing to m6A variation. However, there are 63% unexplained causal variants

(Supplementary Figure 2.3c), possibly due to incomplete annotation of functional ge-

nomics regions. With the rapidly growing data, the analytical framework we built in this

work will continue to provide insight into the mechanisms regulating m6A variation.

One potential problem of our m6A QTLs and GWAS joint analysis is the mismatch

between population ancestries of QTL (African) and GWAS (mostly European) data. The

impact of this mismatch, however, is likely limited. Studies have suggested that associations

with complex traits, especially causal variants, are broadly shared across populations [152].

A systematic study with multiple complex traits estimated that more than 80% of causal

variants are shared between Europeans and Asians [153]. In another study, TWAS on asthma

using eQTL models trained on data from Europeans and Africans gave broadly similar results

[154]. Given these findings, we think most m6A QTNs (causal variants) in Yoruba LCLs are

likely shared in Europeans. Therefore population mismatch likely has a small impact in our

S-LDSC analysis, which used PIPs as SNP annotations; and in our TWAS, where results

are often driven by single shared variant between molecular QTL and GWAS [155]. Finally,

we note that population mismatch will generally reduce the signal, i.e. sharing of QTL and

GWAS effects, leading to underestimation of enrichment in S-LDSC and false negatives in

TWAS, but not false positive findings.

In terms of epitranscriptome analysis of m6A in general, sample size is an important

parameter of the study design that directly affects the power and reproducibility of an

inferential test [156]. DM analyses based on less than 3 biological replicates are still common

practice in the RNA epigenetics field and have been shown to exhibit poor reproducibility
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[157]. Using the simulation model we described in Chapter 3, we explored the influence
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Figure 4.2: The influence of sample size on the statistical power of differential
methylation analysis. Sensitivity vs. empirical FDR for each method on simulated data
with different number of replicates (2 to 8) at 10% FDR. Each data point represents the
results on one of ten simulated copies. Sample sizes are labeled by colors.

of sample size on the power and reproducibility of DM detection. we ran tests on 10 copies

of simulated data with effect size equal to 0.75 (roughly two-fold enrichment difference)

from two replicates (commonly used in the literature) to eight replicates (up-to-date highest

in the literature). We show that at an FDR cutoff of 10% to select DM loci, empirical

FDR increases rapidly as the sample size gets smaller and less than 5 (Figure 4.2). When

the sample size is greater than 6, improvement of empirical FDR is slow while sensitivity

climbs rapidly. Our results show the number of replicates greatly influences sensitivity and

reproducibility of DM detection as each additional replicate can bring significant gain of area

under ROC curve (Figure 4.3). Our simulation thus support the observation that very few

m6A peak changes reported in literature were found reproducible [157] given the inadequate

sample size. To ensure adequate power and reliable DM analysis, we strongly suggest using

no less than 5 biological replicates when surveying the alterations in the epitranscriptome of

human samples with commonly sequenced library sizes (= 20 million mappable reads).
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Simple RADAR model with varying sample size
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Figure 4.3: Analysis of statistical power and the number of replicates. We plotted
the sensitivity against the empirical FDR by varying the FDR cutoff for selecting predicted
differential sites. The larger the area under the curve, the larger the power of the test.

The works presented in this dissertation implicated m6A variation as an important mech-

anism contributing to human diseases. With the analytic framework and software we de-

veloped, we believe epitranscriptomic analysis (with adequate sample size) will continue to

uncover new knowledge of how m6A affects gene regulation and complex phenotypes. Moving

forward, we think there are three main challenges and opportunities to leverage m6A QTLs

to study disease genetics. First, more work needs to be done to characterize the possible

mechanisms of how m6A QTLs influence phenotypes. Second, eQTLs or sQTLs are often

cell type- and condition-specific [158, 159]. For m6A, recent studies suggest that its effects

on decay or translation are probably strongest in cells undergoing differentiation [25, 24]

or stimulation [28, 31]. Thus, a major future direction is to map m6A QTLs under vari-

ous disease-related cellular and physiological contexts. Third, recent work has shown that

chromosome-associated regulatory RNA (carRNA) m6A methylation regulates transcription

125



[19]. QTL studies of carRNA m6A may reveal new insights into genetics of mammalian

transcriptional regulation and human complex traits.
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APPENDIX A

ADDITIONAL m6A-RELATED WORK DURING MY THESIS

RESEARCH

In this appendix, I list and present the abstracts of three m6A-related research projects

I participated and co-first authored during my thesis research. It’s worth noting that the

challenges of lacking a statistical method compatible with complex study design in the epi-

transcriptome analysis of type 2 diabetic islets (De Jesus et al. 2019) listed below were

the original motivation for me to work with Prof. Mengjie Chen to develop the R package

RADAR as introduced in Chapter 3.

A Dynamic mRNA N 6-Methyladenosine Methylome Regulates Acquired

Resistance to Tyrosine Kinase Inhibitors

Fei Yan#, Aref Al-Kali#, Zijie Zhang#, Jun Liu, Jiuxia Pang, Na Zhao, Chuan He∗, Mark

R. Litzow∗, Shujun Liu∗.

Cell Research 28, 1062–1076 (2018)

Abstract

N 6-methyladenosine (m6A) on mRNAs is critical for various biological processes, yet whether

m6A regulates drug resistance remains unknown. Here we show that developing resistant

phenotypes during tyrosine kinase inhibitor (TKI) therapy depends on m6A reduction result-

ing from FTO overexpression in leukemia cells. This deregulated FTO-m6A axis pre-exists

in näıve cell populations that are genetically homogeneous and is inducible/reversible in

response to TKI treatment. Cells with mRNA m6A hypomethylation and FTO upregula-

tion demonstrate more TKI tolerance and higher growth rates in mice. Either genetic or

pharmacological restoration of m6A methylation through FTO deactivation renders resistant
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cells sensitive to TKIs. Mechanistically, the FTO-dependent m6A demethylation enhances

mRNA stability of proliferation/survival transcripts bearing m6A and subsequently leads to

increased protein synthesis. Our findings identify a novel function for the m6A methylation

in regulating cell fate decision and demonstrate that dynamic m6A methylome is an addi-

tional epigenetic driver of reversible TKI-tolerance state, providing a mechanistic paradigm

for drug resistance in cancer.

m6A mRNA Methylation Regulates Human β-cell Biology in Physiological

States and in Type 2 Diabetes

Dario F. De Jesus#, Zijie Zhang#, Sevim Kahraman#, Natalie K. Brown, Mengjie Chen,

Jiang Hu, Manoj K. Gupta, Chuan He∗ & Rohit N. Kulkarni∗

Nature Metabolism 1, 765–774 (2019)

Abstract

The regulation of islet cell biology is critical for glucose homeostasis. N 6-methyladenosine

(m6A) is the most abundant internal messenger RNA (mRNA) modification in mammals.

Here, we report that the m6A landscape segregates human type 2 diabetes (T2D) islets from

controls significantly better than the transcriptome and that m6A is vital for β-cell biol-

ogy. m6A sequencing in human T2D islets reveals several hypomethylated transcripts that

are involved in cell-cycle progression, insulin secretion, and the insulin/IGF1–AKT–PDX1

pathway. Depletion of m6A levels in EndoC-βH1 cells induces cell-cycle arrest and impairs

insulin secretion by decreasing AKT phosphorylation and PDX1 protein levels. β-cell-specific

Mettl14 knockout mice, which display reduced m6A levels, mimic the islet phenotype in hu-

man T2D with early diabetes onset and mortality owing to decreased β-cell proliferation and

insulin degranulation. Our data underscore the significance of RNA methylation in regulat-

ing human β-cell biology, and provide a rationale for potential therapeutic targeting of m6A

129



modulators to preserve β-cell survival and function in diabetes.

N 6-Methyladenosine Modification Enables Viral RNA to Escape Recognition

by RNA Sensor RIG-I

Mijia Lu#, Zijie Zhang#, Miaoge Xue, Boxuan Simen Zhao, Olivia Harder, Anzhong Li,

Xueya Liang, Thomas Z. Gao, Yunsheng Xu, Jiyong Zhou, Zongdi Feng, Stefan Niewiesk,

Mark E. Peeples, Chuan He & Jianrong Li

Nature Microbiology 5 ,584–598 (2020)

Abstract

Internal N 6-methyladenosine (m6A) modification is one of the most common and abundant

modifications of RNA. However, the biological roles of viral RNA m6A remain elusive. Here,

using human metapneumovirus (HMPV) as a model, we demonstrate that m6A serves as a

molecular marker for innate immune discrimination of self from non-self RNAs. We show

that HMPV RNAs are m6A methylated and that viral m6A methylation promotes HMPV

replication and gene expression. Inactivating m6A addition sites with synonymous muta-

tions or demethylase resulted in m6A-deficient recombinant HMPVs and virion RNAs that

induced increased expression of type I interferon, which was dependent on the cytoplas-

mic RNA sensor RIG-I, and not on melanoma differentiation-associated protein 5 (MDA5).

Mechanistically, m6A-deficient virion RNA induces higher expression of RIG-I, binds more

efficiently to RIG-I and facilitates the conformational change of RIG-I, leading to enhanced

interferon expression. Furthermore, m6A-deficient recombinant HMPVs triggered increased

interferon in vivo and were attenuated in cotton rats but retained high immunogenicity.

Collectively, our results highlight that (1) viruses acquire m6A in their RNA as a means of

mimicking cellular RNA to avoid detection by innate immunity and (2) viral RNA m6A can

serve as a target to attenuate HMPV for vaccine purposes.
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