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Abstract 

Differences in RNA expression can provide insights into the molecular identity of a cell,              
pathways involved in human diseases, and variation in RNA levels across patients            
associated with clinical phenotypes. RNA modifications such as m6A have been found to             
contribute to molecular functions of RNAs. However, quantification of differences in RNA            
modifications has been challenging. Here we develop a computational method (xPore) to            
identify differential RNA modifications from direct RNA sequencing data. We evaluate our            
method on transcriptome-wide m6A profiling data, demonstrating that xPore identifies          
positions of m6A sites at single base resolution, estimates the fraction of modified RNAs in               
the cell, and quantifies the differential modification rate across conditions. We apply the             
method to direct RNA-Sequencing data from 6 cell lines and find that many m6A sites are                
preserved, while a subset of m6A sites show significant differences in their modification rates              
across cell types. Together, we show that RNA modifications can be identified from direct              
RNA-sequencing with high accuracy, enabling the analysis of differential modifications and           
expression from a single high throughput experiment. 

Availability​: xPore is available as open source software 
(​https://github.com/GoekeLab/xpore​) 

Introduction 

Each cell, tissue, and organ is defined through the set of genes that are expressed. Yet, it’s                 
not just the level of transcription that defines the molecular profile of the cell: more than 100                 
modifications of RNAs have the potential to alter cellular mechanisms and modulate disease             

 

https://github.com/GoekeLab/xpore


risks. Among the known RNA modifications, the most abundant mRNA modification is            
N6-methyladenosine (m6A), with an average of one to three m6A modified sites per             
transcript ​(Dominissini et al. 2012; Meyer et al. 2012)​, that impacts several            
post-transcriptional processes including mRNA decay, mRNA translation, pre-mRNA        
splicing, and pri-miRNA processing ​(Zaccara, Ries, and Jaffrey 2019)​. RNA modifications           
have been found to be essential during early development ​(Zheng et al. 2013; Wang et al.                
2014; Zhao et al. 2014; Geula et al. 2015; Chen et al. 2015; Xu et al. 2017) and aberrant                   
modifications have been associated with diseases ​(Mathiyalagan et al. 2019; Z. Li et al.              
2017; Su et al. 2018; Deng et al. 2018)​. In cancer, the first RNA therapeutics that target                 
RNA modifying enzymes are being developed, highlighting their impact on precision           
medicine. A comprehensive profiling of the transcriptome therefore involves the          
quantification of both transcript levels and modification rates.  

Quantification of transcript expression is done by sequencing cDNA (“RNA-Seq”), one of the             
most widely used assays in molecular biology. In contrast, identifying and quantifying RNA             
modifications still remains a major challenge. The most common modifications (m6A, ac4C,            
m5C and hm5C) can be mapped using short-read cDNA sequencing-based methods           
(Zaccara, Ries, and Jaffrey 2019)​. For m6A, cross-linking-immunoprecipitation (CLIP)-based         
methods map these modifications transcriptome-wide ​(Linder et al. 2015)​, and DART-Seq           
(Meyer 2019) and m6ACE-Seq ​(Koh, Goh, and Sho Goh 2019) additionally enable            
quantifying the modification rate of individual m6A sites. However, cDNA based methods            
use reverse transcription which might introduce biases; they rely on available antibodies or             
known enzymes that limit the profiling of most modifications, and the requirement for             
specialised protocols prevents their large-scale application. 

Third generation sequencing using the Oxford Nanopore technology promises to overcome           
these limitations through direct sequencing of native RNA (direct RNA-seq/ dRNA-Seq)           
(Garalde et al. 2018)​. Direct RNA-Seq applies a fundamentally unique principle for base             
identification: as RNA passes through the pore, the magnitudes of electric intensity across             
the nanopore surface are recorded and used to identify the corresponding nucleotide            
sequence. RNA modifications cause shifts in the intensity levels which are used to             
computationally identify modified bases ​(H. Liu et al. 2019; Lorenz et al. 2020; Leger et al.                
2019; Stoiber et al. 2017)​. Identification of m6A modifications can be achieved using a              
supervised learning approach that heavily relies on basecalling accuracy or training data            
from synthetic sequences ​(H. Liu et al. 2019)​. An alternative approach is the detection of               
modifications by comparison to a non-modified control sample, thereby removing the           
requirements of training data, and potentially enabling the identification of non-m6A           
modifications ​(Stoiber et al. 2017; Leger et al. 2019)​. However, such samples are difficult to               
generate, they are affected by artifacts from various depletion methods, require prior            
knowledge about enzymes, and are still influenced by non-depleted modifications.  

One of the most frequent applications for transcriptome profiling is the analysis of differential              
expression. Here, we present an analogous statistical framework that defines measures of            
significance and effect size for differential RNA modifications from direct RNA sequencing            
data, as such removing the strict requirement for a non-modified training sample and             
enabling the simultaneous profiling of differential transcript expression and modification          
without any additional experiments. To determine the proportion of RNA modifications           
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across multiple samples, we fit a multi-sample two-Gaussian mixture model, and infer            
directionality of modification rate differences by utilizing information across all tested           
positions. We evaluate our method transcriptome-wide in a loss-of-m6A system after           
knockout of ​Mettl3​. We then applied our method on direct RNA-Seq data from 6 of the most                 
commonly used human cell lines including cancer tissues, providing insights into the            
dynamics of m6A. Our study introduces a computational method that enables the profiling of              
differential RNA modifications transcriptome wide and provides the largest currently          
available direct RNA-Seq data, which will be valuable as a resource and benchmark data              
set. 

Results 

xPore: Detection of differential RNA modifications from direct RNA-Seq data 

Nanopore Direct RNA-Sequencing generates a raw ionic current signal for each individual            
read (Figure 1A). During the sequencing process, the nanopores measure a signal            
corresponding to an RNA sequence of length 5 that resides in the pore, and a signal shift is                  
observed when the next base enters the pore (Figure 1B). Here we use the normalised               
mean signal information at each 5-mer (​event​) obtained after transcriptome alignment with            
Minimap2 ​(H. Li 2018) and signal segmentation using Nanopolish Eventalign ​(Loman, Quick,            
and Simpson 2015; Simpson et al. 2017)​. 

In order to detect differential RNA modification rate for each genomic position across             
samples (Figure 1C), we developed xPore, a computational method that analyses           
dRNA-Seq data at the signal level. xPore models a mixture of two Gaussian distributions,              
corresponding to unmodified and modified RNAs. To guide the parameter estimation, we            
impose the theoretical signal distribution of unmodified RNA as a prior on the two Gaussians               
(Figure 1D; see Methods). The means and variances of these two distributions are modelled              
to be shared across samples (Figure 1E; see Methods). After a few iterations of variational               
Bayesian inference ​(Corduneanu and M. 2001)​, inferred means and variances are obtained            
(Figure 1F). We then assign the inferred distribution that is closer to the theoretical mean as                
unmodified, assigning the other distribution as modified. xPore also learns the modification            
probability of each read, which allows us to compute the fraction of modified reads as an                
estimate of the modification rate per sample (Figure 1G). 

To increase the precision and control the number of false positives, we implemented two              
filtering steps. Firstly, we exclude positions where the distributions for the unmodified and             
modified signals are nearly identical, thereby reducing the number of tests and increasing             
the power. Secondly, RNA modifications induce a systematic shift in the signal for each              
k-mer, as the same RNA modification will either increase or decrease the signal, but not               
both. Although xPore does not identify the type of modification at each position, we can               
nevertheless restrict the analysis to a single modification at each k-mer by only considering              
one-directional signal shifts. This filter removes outliers and enables the transcriptome-wide           
comparison of modification patterns. On the remaining sites, we perform a statistical test on              
the differential modification rates between samples and prioritise differentially modified sites           
accordingly.  
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The method is implemented in Python and available as part of the open source package               
xPore ​on github (https://github.com/GoekeLab/xpore). Using FAST5 files as input, xPore          
returns a table summarizing the means and variances of the unmodified and modified             
distributions, the assignment confidence levels, the modification rates for each sample, and            
the test statistics for individual positions.  

xPore accurately identifies m6A sites at single base resolution 

One of the most abundant and best studied RNA modifications is m6A ​(Zaccara, Ries, and               
Jaffrey 2019)​. To evaluate the ability of our method to detect differentially modified sites in               
the human transcriptome, we compared wild type HEK293T cells (‘wildtype cells’) with cells             
where expression of the main m6A writer, Mettl3 was deleted via CRISPR-Cas9 (‘knockout             
cells’). We generated 3 replicates for both the wildtype and knockout cells, resulting in nearly               
8 million reads in total. After filtering out low coverage positions, we had over 9 million sites                 
to be modelled, 939,902 of which were passed through the post-modelling filter and were              
tested for differential modifications. For evaluation, we used single-base-resolution         
m6ACE-Seq and the presence of the DRACH motif to estimate the number of correctly              
predicted sites (Figure 2A). 

Firstly, we evaluated the ability to identify differentially m6A modified sites at positions with              
the base A (NNANN). Among all tested positions, xPore achieves an overall AUC of 0.86               
when m6ACE-Seq is used as a reference (Figure 2B). As the number of unmodified              
positions is much larger than the number of modified positions, we particularly investigated             
the precision of our predictions at different levels of sensitivity (Figure 2C). The model has a                
precision of 0.60 at the top predictions when m6ACE-Seq is used as m6A reference.              
Strikingly, many of the top ranked positions by xPore that are not identified as modified by                
m6ACE-Seq still showed the DRACH motif (Figure 2D), suggesting that Nanopore direct            
RNA-Seq might help in identifying a different set of modified sites that had been otherwise               
missed by antibody-based detection methods. One of the hallmarks of m6A sites is the              
distribution along the transcript that is specifically enriched close to the stop codon ​(Koh,              
Goh, and Sho Goh 2019; Linder et al. 2015)​. The top ranked positions are clustered as                
expected of m6A sites, further suggesting that the top m6A positions identified by xPore              
contain only a small number of false positives (Figure 2E). Indeed, when we combined              
m6ACE-Seq data and motif occurrences, xPore achieves an accuracy of >90% among the             
top significant ~1,500 positions (p < 0.001), indicating that our method can successfully             
identify differential m6A modifications even in a search space that covers hundreds of             
thousands of positions (Figure 2F). 

Next we tested the accuracy to identify differentially modified sites when the sequence             
context is unknown. For this evaluation we ranked transcriptome-wide differentially modified           
sites in the knockout and wild type cells, including A and non-A nucleotide positions (all               
k-mers), and again evaluated the performance using m6ACE-Seq and motif content. Overall,            
xPore achieves an AUC of 0.86 (Figure 2G). Compared to the A-nucleotide analysis, we              
observed a lower precision at the same level of sensitivity (Figure 2H). A number of m6A                
sites which are labeled as false positives were neighbouring positions next to modified m6A              
sites, likely caused by a signal shift due to the modification (Figure 2I). Among the top 1,500                 
positions, 90% were within a single base distance of a DRACH motif or a validated m6A                
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site, demonstrating that an unbiased search for differential modifications still provides results            
with high precision among the top ranking positions (Figure 2J). 

Replicates increase precision 

Here we analysed data using biological replicates, which might not always be available. To              
evaluate the performance of xPore in the absence of replicates, we tested every pair of               
HEK293T wildtype and knockout cells, resulting in 9 pairwise comparisons. Single replicate            
results were generally less accurate and showed higher variation compared to the            
multi-replicate analysis (Figure 2K). The results suggest that even in the absence of             
replicates xPore can prioritise differentially modified sites, however, replicates, which          
naturally account for biological variation, are recommended to obtain more precise results. 

Pooling data increases sensitivity 

The number of positions that can be tested is limited by the sequencing depth of each                
sample, with lowly expressed genes being potentially excluded. To maximise the number of             
genes that are modeled by xPore, we therefore combined reads across replicates within the              
same condition. Using the pooled data we evaluated the performance for different read             
coverage thresholds. As expected, we observe that a lower read coverage threshold            
reduces the precision (Figure 2L, M). However, a threshold of 30 reads per position              
increased the number of genes being tested to more than 5,000, and a threshold of 15                
enables the analysis of more than 7,000 genes (Figure 2N). While the analysis using              
individual replicates with a higher threshold has higher precision, pooling data increases the             
number of genes which are tested for differential modifications, enabling the detection of             
RNA modifications at genes which are even lowly expressed. 

Quantitative estimation of cellular RNA modification levels from direct RNA-Seq data 

The proportion of RNA molecules which are modified (the ​stoichiometry, ​or modification rate​)             
can show high levels of variation across positions and samples. While some sites are              
modified in all RNAs, others seem to affect only a minor fraction ​(N. Liu et al. 2013)​.                 
However, quantitatively estimating these modification rates remains one of the major           
challenges ​(Zaccara, Ries, and Jaffrey 2019)​. xPore was designed to intrinsically model the             
probability for each read of being modified. This property enables us to calculate the fraction               
of reads that are assigned to the modified signal distribution, directly providing an estimate of               
cellular RNA modification rates.  

To evaluate whether the estimated modification rates from xPore represent the true            
proportion of modified reads, we generated additional RNA mixtures with known expected            
modification rates. In order to achieve this, we combined various proportions of wildtype and              
Mettl3 knockout cellular RNA before profiling them using direct RNA-Seq (Figure 3A, B).             
Since not all positions are modified at 100% in wild type cells, we investigated the expected                
relative modification rates, using wild type cells and knockout cells as the reference points.              
On average, the estimated modification rates from xPore were within 7% of the expected              
modification rate from the RNA mixtures (Figure 3C). Yet even for individual sites, xPore              
accurately identifies differentially modified positions and modification rates across replicates          
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(Figure 3D-G). These results indicate that xPore is able to quantitatively estimate the             
proportion of modified RNAs from direct RNA-Seq data at single-base resolution. 

Differential modification rates provide an interpretable estimate of effect size 

The ability to estimate modification rates allows us to not just identify positions that are               
modified, but also to quantify ​differential modification rates across conditions. Here we define             
the ​differential modification rate (DMR) as the difference between the modification rates            
observed within each condition. Using the expected signal of unmodified RNAs as a             
reference, we then infer the directionality of the change, allowing us to discriminate positions              
that show gain and loss of RNA modifications across conditions. As the modification rates              
correspond to the fraction of modified RNAs in the cell, the differential modification rate can               
directly be interpreted as a quantitative estimate of effect size. This property enables us to               
study the effect of any experimental design on the stoichiometry of RNA modifications. 

To demonstrate how the DMR can be interpreted, we firstly compared the HEK293T             
knockout and wild type cells. We identify 1,923 significantly differentially modified positions            
at NNANN (p<0.001, DMR>0.5) (Figure 4A). Among these, more than 90% are m6A DRACH              
motifs (Figure 4B). A transcriptome-wide comparison of the modification rates for the most             
frequently changed k-mers demonstrates the ability to quantitatively identify RNA          
modifications from direct RNA-Seq data: modification rates within replicates are highly           
similar (correlation coefficient >0.9 for wild type cells), whereas a systematic increase in             
modified sited can be observed across conditions (Figure 4C).  

Next we identified the set of genes which show the strongest change in RNA modifications               
after knockout of ​Mettl3​. We ranked genes by the highest DMR that was consistently found               
across replicates (Figure 4D). Many genes appear to contain multiple m6A modifications,            
frequently involving different kmers (Figure 4D). Many of these positions were confirmed by             
m6ACE-seq, however, xPore identifies a number of novel positions (Figure 4D, E). Among             
the genes that are heavily modified by m6A are genes related to RNA processing such as                
SF3B3 ​(Figure 4F), the glutamine synthetase family such as GLUL (Figure 4G), and             
ribosomal proteins such as ​MRPL10​ (Figure 4H). 

Direct RNA-Sequencing identifies m6A across genetically diverse cell lines 

RNA modifications can be detected from direct RNA-Seq as they induce a systematic shift in               
the signal. However, genetic variants will similarly induce a change in the signal, possibly              
confounding the results. This effect can be avoided by comparing cell lines which are              
genetically similar as is often the case in perturbation experiments. To test if xPore can               
identify differential RNA modifications in samples with a genetically different background, we            
compared the HEK293T-KO cells against 5 wild type cell lines form the SG-NEx project              
(​https://github.com/GoekeLab/sg-nex-data​) covering liver cancer cells (HEPG2), colon       
cancer cells (HCT116), breast cancer cells (MCF7), lung adenocarcinoma cells (A549), and            
Leukemia cells (K562) (Figure 5A). To identify RNA modification changes, we focused on             
the set of RNAs that were expressed across conditions. When we looked into the              
modification rates at the DRACH motif, loss of ​Mettl3 dominated the comparison (Figure 5B).              
For all cell lines, we can identify between 800 and 2,000 differentially modified sites              
compared to the HEK293T-KO cells, the vast majority (71% on average) are the m6A              
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DRACH motif (Figure 5C). These results demonstrate that RNA modifications can be            
identified across conditions even when samples have a distinct genetic background. 

Variation of m6A across different tissue 

It has been shown that m6A modifications differ across tissues and developmental stages,             
yet quantifying such changes has been challenging. Using the direct RNA-Seq data from the              
SG-NEx project, we investigated the dynamics of m6A across the different tissues            
represented by the cell lines. Globally, we find that m6A is stable across cell lines with most                 
positions being shared (Figure 5D). While complete loss and gain of m6A is rare, we               
observe that a number of m6A sites show quantitative differences between cells.            
Interestingly, the global modification rate for m6A appears to differ between cells, with K562              
showing the highest number of modified m6A sites compared to the other cell lines (Figure               
5E). Together, these data indicate that m6A is often stable across tissues, that variation in               
m6A can be seen at a subset of sites, and that such differences tend to be often quantitative,                  
highlighting the importance to estimate modification rates when comparing RNA          
modifications across cells or conditions 

Identification of m6A in clinical cancer samples 

Clinical samples, in addition to having higher genetic diversity, are often limited by the              
amount of RNA that can be extracted. For high quality direct RNA-Sequencing, 500ng of              
polyA RNA is recommended, which can require more than 50mg of total RNA. To test if RNA                 
modifications can be identified in genetically diverse clinical samples with a low amount of              
RNA, we generated direct RNA-Seq data from 3 multiple myeloma patient samples using             
only 5% of the recommended RNA amount (2.5ug) (Figure 6A). In total, we obtained more               
than 1.8 million reads. When we compared these clinical samples to the ​Mettl3​-KO cell line               
data, we observed that a lower number of positions are identified as significantly different              
relative to cell line samples. However, the top positions are similarly enriched in the DRACH               
motif (Figure 6B, C), enabling the analysis of m6A modified genes in the multiple myeloma               
samples (Figure 6D, E). These data suggest that direct RNA-Seq data can be used to               
identify differential RNA modifications even with genetic diverse conditions and limited RNA,            
opening opportunities to analyse clinical samples on a larger scale. 

Discussion 

The transcriptome is one of the major factors that define cellular identity. The differential              
analysis of transcription is frequently used to understand cellular states, the impact of             
perturbation experiments, and alterations due to diseases. Here we introduce xPore, a            
computational method that enables the analysis of differential RNA modifications from direct            
RNA-Sequencing data, opening a new layer of information that complements transcript           
expression profiles. 

Experimental methods to detect RNA modifications such as m6A have been developed            
using different approaches ​(Dominissini et al. 2012; Meyer et al. 2012; Linder et al. 2015; Ke                
et al. 2015; Garcia-Campos et al. 2019; Meyer 2019; Koh, Goh, and Sho Goh 2019; Shu et                 
al. 2020)​. Some of the most recent methods enable the identification of thousands of sites at                
base-resolution, and allow the quantification of modification rates ​(Garcia-Campos et al.           
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2019)​. The main limitation of these approaches is the requirement of sometimes extensive             
experimental procedures. In contrast, direct RNA-Sequencing promises to enable the          
analysis of RNA modifications from a single sequencing experiment ​(Garalde et al. 2018)​.             
Methods using direct RNA-Seq have demonstrated the ability to identify m6A and other             
modifications. However, they often have specific requirements such as a control sample, or             
do not quantify the stoichiometry of RNA modifications ​(Stoiber et al. 2017; Leger et al.               
2019)​. xPore achieves base resolution detection of m6A while estimating the modification            
rate, enabling the quantitative comparison of samples across conditions.  

The positions that are identified by xPore show a strong enrichment in the m6A DRACH               
motif and high validation rates with independent protocols, indicating high precision of            
predicted positions. Globally, xPore predicts a smaller number of m6A sites compared to             
other experimental approaches, partially due to stringent filtering that avoids false positives.            
With increased sequencing throughput and additional replicates, the number of predicted           
sites can likely be increased further while maintaining high levels of accuracy. Interestingly,             
despite predicting a smaller number of m6A sites, many of the m6A predictions from xPore               
have not been reported by other protocols. Therefore direct RNA sequencing not only             
provides a simplified approach to profiling RNA modifications but also identifies novel sites             
that are possibly missed by complementary approaches. 

Direct RNA-Seq has been used to analyse m6A in yeast ​(Garalde et al. 2018; H. Liu et al.                  
2019)​, Arabidopsis ​(Parker et al. 2020)​, RNA virus genomes ​(Kim et al. 2020) ​and in human                
cells ​(Workman et al. 2019; Leger et al. 2019; Lorenz et al. 2020)​. Here we showed that                 
differential RNA modifications can be identified across a larger number of genetically diverse             
human cancer cell lines. Interestingly, even for m6A sites which were significantly different             
across cell lines, we found that they still preserved a certain level of m6A, suggesting that                
estimation of the modification rate is the key to understanding the dynamics of m6A. With               
direct RNA-Sequencing becoming widely available, we propose that the differential          
modification analysis can complement the differential expression analysis and provide          
insights into the highly complex landscape of RNA modifications and their roles in diseases. 

Methods 

xPore: A multi-sample two-Gaussian mixture model for identification of differential          
modifications. 

When a modified k-mer is passed through the pore, it causes the current intensity to differ                
from its canonical counterpart, enabling the detection of modification at the signal-level from             
dRNA-seq data. Based solely on current intensity levels, we aim to identify differentially             
modified positions between samples quantitatively. 

Modelling a collection of transcripts at a single genomic site, we assume two distributions to               
correspond to the unmodified and modified RNAs that are shared across samples and allow              
the individual reads to fit both distributions with different degrees. With this assumption, we              
extend a standard two-Gaussian mixture model to support multiple sample comparison           
simultaneously. The multi-sample two-Gaussian mixture model allows the signal properties          
(i.e. means and variances) denoting the modified and unmodified RNAs to be shared across              
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samples, yet accommodates sample-specific mixing weights, one of which is later used as             
an estimate of modification rate per sample.  

Let be an intensity level mean of a read from a sample aligned at a given position                    
corresponding to a 5-mer . We assume that the intensity level of a modified read is                 

independently drawn from a normal distribution of modified with a mean and a               

variance , otherwise from another normal distribution of unmodified with a mean             

and a variance . We denote to be 1 if a read is modified and 0 otherwise.                   
Therefore, the conditional likelihood of all reads at a position given             

can be written in the form of        
a mixture of the two Gaussians as follows, 

.  

As a theoretical signal distribution of the unmodified k is available, we allow the model to                
favour the unmodified unless the data reveal otherwise by imposing a Normal-Gamma             
distribution as a prior: 

. 

With this prior, the Gaussian parameters are regularised, which can help the inference for              
those positions that have a low number of reads. 

We assume to follow a Bernoulli distribution with a probability , to which we refer as                 
a modification rate of sample m: 

. 

We also put a symmetric, uninformative Beta distribution as a prior on each sample              
modification rate as follows, 

, where . 

In order to make inference, we employ a variational Bayesian algorithm to estimate all model               
variables iteratively. The updating equations can be found in Supplementary.  

Post-modelling filter 

At the positions where only a significant fraction of reads are modified, two Gaussians were               
well-distinguishable. On the other hand, at the sites where either complete modification or             
none is found, one of the distribution means is to converge into its prior with a large                 
variance, forming an uninformative distribution. Reads from all conditions tested are           
modelled in the other distribution, indicating no differences among conditions. To           
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discriminate those positions, we first tested the separation of the two distributions by             
calculating the probability of the overlapping area of the two clusters. We considered those              
positions with no more than 50% overlapping area as distinguishable. We also removed             
those positions where one is inside in the other, that is, when more than one intersection                
point has the density value higher than 0.1. We allow these thresholds to be adjustable by                
users. 

Statistical test for the differential modification rate (DMR)  

Among the remaining sites, we assign the closer mean to the prior to be the unmodified and                 
the other to the modified RNAs. For each condition, the model yields a modification rate for                
each sample. To prioritise positions with differentially modified in a pairwise comparison, we             
performed a two-tailed, unpooled z-test on the modification rate difference of any two             
conditions for each position:  

, where .  

In case replicates are available, the average of the read coverages and the modification              
rates across the replicates for each condition are used to compute the and               
respectively. As a result, the z-scores were used to rank the differential modification             
positions. 

Profiling m6A validation set 

We created a validation case-control set of transcriptome-wide m6A modification at           
single-base-resolution by applying m6A-Crosslinking-Exonuclease-sequencing    
(m6ACE-seq) to quantify relative differences in methylation levels between wild-type and           
Mettl3​-knockout HEK293T RNA samples ​(Koh, Goh, and Sho Goh 2019)​. We identified            
METTL3-dependent m6A sites using previously-determined criteria (Koh et al 2019). Briefly,           
these sites exhibited a wild-type/Mettl3-knockout relative methylation level ratio >=4.0          
(p-value of one-tailed t-test < 0.05). As a result, a comprehensive profile of 15,703 genomic               
positions with significantly differential m6A modification was generated, covering 4,508          
unique genes. 

Data generation and pre-processing 

Following the standard steps, the ionic current readout for each FAST5 file was basecalled              
using Guppy and stored in FASTQ files (nf-core/nanoseq:        
http://doi.org/10.5281/zenodo.3697960). 

Although both signal and sequence are generated from the sequencing machine and its             
proprietary basecaller software, segmenting the contagious signal ​samples into ​events and           
assigning each to a k-mer is an essential prerequisite for raw signal analysis. It is assumed                
that a single event comprises a set of samples drawn at the time when a k-mer of a strand                   
resides in the pore, and the consecutive event when the strand moves past the pore at                
another base, where k is five for an RNA strand.  
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In achieving this, we applied “Nanopolish-Eventalign” to associate signal partials with their            
corresponding reference nucleotides ​(Loman, Quick, and Simpson 2015; Simpson et al.           
2017)​. As a result, each read is segmented and its properties including reference k-mer,              
model k-mer events and their corresponding signal segments with the observed and            
expected normalised means along were reported.  

However, the results from Nanopolish multiple events aligned to the same position, model             
k-mer was not matched to the reference k-mer, and were skipped. We handled these              
conditions by combining those events aligned to the same position in the strand and              
recalculating the average normalised 5-mer event means weighted by their event length. We             
ignored those skipped positions, discarded those mismatched k-mers. For sufficient          
coverage, moreover, only positions with 30-1,000 reads aligned were considered. In total,            
we modelled 9,509,290 genomic positions, involving 5,621 genes.  

 

Code availability 

Our implementation in Python is available at ​https://github.com/GoekeLab/xpore​. 
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Figures 

 

Figure 1. Quantification of RNA modifications from direct RNA-Seq data using xPore.            
(A) Example of raw signal data from a direct RNA sequencing read. (B) A close-up look of                 
the raw signal with the corresponding transcript sequence obtained from basecalling,           
sequence alignment, and signal segmentation. (C) Signal of multiple reads aligned at a             
GGACT site from different samples (orange, green, and blue) (D) Shown is a histogram of               
the mean signal from all reads covering a position for three different samples (orange, green,               
and blue). The black line indicates the expected distribution for unmodified RNA, samples             
which contain modified RNAs will show a bimodal distribution. (E) Graphical representation            
of the model used by xPore to quantify the modification rate at each position. The gray circle                 
indicates observed variables (data), the white circles indicate unobserved variables that are            
estimated by xPore. (F) xPore estimates the parameters for two Gaussian distributions            
corresponding to modified (black) and unmodified RNAs (blue). (G) xPore summarises the            
modification rates for each sample. 
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Figure 2. Detection of m6A sites in the human transcriptome​. (A) Experimental design:             
RNA of wildtype and ​Mettl3​-knockout HEK293T cells is sequenced by direct RNA-Seq and             
differential m6A modification rates between both cells are estimated using xPore. The results             
are validated against the results from m6ACE-Seq and tested for the occurence of the m6A               
motif (DRACH). (B) ROC curve and (C) Precision Recall curve for candidate m6A sites              
identified by xPore using the set of m6ACE-Seq sites as ground truth. Only kmers with an A                 
at the center are used in this analysis. (D) K-mers from candidate m6A sites identified by                
xPore resemble the expected m6A motif. (E) Candidate m6A sites identified by xPore are              
enriched at the 3’ end of the CDS, resembling the expected distribution shown for              
m6ACE-Seq results. (F) Proportion of predicted m6A sites that overlap with m6ACE-Seq            
sites (dark blue) and which resemble the DRACH motif (gray). (G) ROC curve and (H)               
Precision Recall curve for candidate m6A sites identified by xPore using the set of              
m6ACE-Seq sites as ground truth. All kmers are used in this analysis. (I) Relative position of                
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predicted m6A sites to the closest m6ACE-Seq validated site (true positives (TPs)). (J)             
Proportion of predicted m6A sites that overlap with m6ACE-Seq sites (dark blue), which are              
within 1 base distance to a m6ACE-Seq site (light blue), and which resemble the DRACH               
motif (gray). (K) Area under ROC and precision-recall curves when 3 replicates are used              
(blue) compared to a single replicate analysis (gray). Left: kmers with A in the center. RIght:                
all kmers. (L) ROC curve and (M) Precision Recall curve when the direct RNA-Seq data from                
multiple replicates are pooled. Using different thresholds for the minimum number of reads             
influences the sensitivity and precision. (N) Read coverage of genes (bottom) and number of              
genes that can be analysed at these thresholds. xPore can analyse more than 7,000 genes               
at a minimum  read coverage of 15. 

 

 

Figure 3. xPore modification rate estimates correspond to the fraction of modified            
RNAs in the cell. (A) Percentage of wildtype and ​Mettl3​-knockout HEK293T cells in each              
mixture sample. (B) Current intensity level means across all GGACT positions. The black             
line shows the estimated signal distribution for modified reads from xPore, the blue line              
shows the estimated signal distribution for unmodified reads. (C) Estimated relative           
modification rates of the most frequently modified m6A motifs across all modified positions             
identified by xPore, shown for the different mixture samples. (D) Example of a protein coding               
gene, ​RNF7, and (E) the -log(p-value) obtained from the pairwise comparison of WT-0 and              
WT100 showing the most significant differentially m6A site. (F) Per-site modification rate            
estimates of each mixture sample. (G) Per-read modification rates at the identified            
GGm6ACT site of ​RNF7​.  
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Figure 4. ​Transcriptome-wide identification of differentially modified positions (A)         
Shown is the p-value and the differential modification rate (DMR) for the comparison of              
HEK293T-WT and HEK293T-KO cells at A-centered k-mers. (B) Frequency of the top 10             
k-mers at significantly differentially modified positions. (C) Scatterplot comparing the          
modification rate estimates for the HEK293T WT and KO samples, histogram of the             
distribution of modification rates, and pairwise correlation coefficients. (D) The number of            
modified A sites of the top significant genes ranked by the DMR, along with (E) the                
corresponding modification rates estimated by xPore across the HEK23T samples. The           
identified differentially modified sites were all confirmed by m6ACE-Seq in some genes            
(green), and partially confirmed with newly identified A-modified sites in others (gray). (F-H)             
Examples of the top ranked genes with the corresponding p-values and the transcript             
sequence for the identified m6A sites. 
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Figure 5. Identification of m6A sites across different tissues and cell lines (A)             
Experimental design illustrating the pairwise comparison of each cancer cell line against            
HEK293T-KO and HEK293T-WT to detect m6A sites and estimate the DMRs. (B) Frequency             
of the k-mers at the significantly differentially modified sites for each cancer cell line              
compared to HEK293T-KO cells. K-mers which are classified into DRACH motifs are shown             
in blue and non-DRACH motifs in gray. (C) Number of m6A sites identified in a single                
sample and over different number of samples. Most DRACH m6A sites are shared across              
multiple samples. (D) Average modification rates of m6A identified sites. (E) Heatmap            
showing the number of significantly differentially modified k-mers for each cancer cell line             
compared to HEK293T-WT cells: increased modification rate (left) and decreased          
modification rates (right).  
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Figure 6. Identification of m6A in clinical samples using direct RNA-Seq. (A) RNA from              
the ​Mettl3​-KO control from HEK293T cells samples and the clinical myeloma samples from             
three patients are modelled using xPore. (B) Shown is the p-value and the differential              
modification rate (DMR) for the comparison of ​Mettl3​-KO and multiple myeloma samples at             
A-centered k-mers. (C) Frequency of the top 10 k-mers at significantly differentially modified             
positions. (D) Number of modified A sites of the top significant genes ranked by the DMR,                
along with (E) the corresponding modification rates estimated by xPore across the ​Mettl3​-KO             
and multiple myeloma samples. 

 

References 

Chen, Tong, Ya-Juan Hao, Ying Zhang, Miao-Miao Li, Meng Wang, Weifang Han, 
Yongsheng Wu, et al. 2015. “m6A RNA Methylation Is Regulated by MicroRNAs and 
Promotes Reprogramming to Pluripotency.” ​Cell Stem Cell​. 
https://doi.org/​10.1016/j.stem.2015.02.011​. 

Corduneanu, Adrian, and Bishopchristopher M. 2001. “Variational Bayesian Model Selection 
for Mixture Distributions.” ​Artificial Intelligence and Statistics​. 

Deng, Xiaolan, Rui Su, Hengyou Weng, Huilin Huang, Zejuan Li, and Jianjun Chen. 2018. 
“RNA N-Methyladenosine Modification in Cancers: Current Status and Perspectives.” 
Cell Research​ 28 (5): 507–17. 

Dominissini, Dan, Sharon Moshitch-Moshkovitz, Schraga Schwartz, Mali Salmon-Divon, Lior 
Ungar, Sivan Osenberg, Karen Cesarkas, et al. 2012. “Topology of the Human and 
Mouse m6A RNA Methylomes Revealed by m6A-Seq.” ​Nature​ 485 (7397): 201–6. 

Garalde, Daniel R., Elizabeth A. Snell, Daniel Jachimowicz, Botond Sipos, Joseph H. Lloyd, 
Mark Bruce, Nadia Pantic, et al. 2018. “Highly Parallel Direct RNA Sequencing on an 
Array of Nanopores.” ​Nature Methods​. https://doi.org/​10.1038/nmeth.4577​. 

Garcia-Campos, Miguel Angel, Sarit Edelheit, Ursula Toth, Modi Safra, Ran Shachar, 
Sergey Viukov, Roni Winkler, et al. 2019. “Deciphering the ‘m6A Code’ via 
Antibody-Independent Quantitative Profiling.” ​Cell​. 
https://doi.org/​10.1016/j.cell.2019.06.013​. 

Geula, Shay, Sharon Moshitch-Moshkovitz, Dan Dominissini, Abed Alfatah Mansour, Nitzan 
Kol, Mali Salmon-Divon, Vera Hershkovitz, et al. 2015. “Stem Cells. m6A mRNA 
Methylation Facilitates Resolution of Naïve Pluripotency toward Differentiation.” ​Science 
347 (6225): 1002–6. 

Ke, Shengdong, Endalkachew A. Alemu, Claudia Mertens, Emily Conn Gantman, John J. 
Fak, Aldo Mele, Bhagwattie Haripal, et al. 2015. “A Majority of m6A Residues Are in the 

17 

http://paperpile.com/b/VsSjnh/HRxo
http://paperpile.com/b/VsSjnh/HRxo
http://paperpile.com/b/VsSjnh/HRxo
http://paperpile.com/b/VsSjnh/HRxo
http://paperpile.com/b/VsSjnh/HRxo
http://paperpile.com/b/VsSjnh/HRxo
http://dx.doi.org/10.1016/j.stem.2015.02.011
http://paperpile.com/b/VsSjnh/HRxo
http://paperpile.com/b/VsSjnh/3nIY
http://paperpile.com/b/VsSjnh/3nIY
http://paperpile.com/b/VsSjnh/3nIY
http://paperpile.com/b/VsSjnh/3nIY
http://paperpile.com/b/VsSjnh/qTAJ
http://paperpile.com/b/VsSjnh/qTAJ
http://paperpile.com/b/VsSjnh/qTAJ
http://paperpile.com/b/VsSjnh/qTAJ
http://paperpile.com/b/VsSjnh/dkYx
http://paperpile.com/b/VsSjnh/dkYx
http://paperpile.com/b/VsSjnh/dkYx
http://paperpile.com/b/VsSjnh/dkYx
http://paperpile.com/b/VsSjnh/dkYx
http://paperpile.com/b/VsSjnh/o47Z
http://paperpile.com/b/VsSjnh/o47Z
http://paperpile.com/b/VsSjnh/o47Z
http://paperpile.com/b/VsSjnh/o47Z
http://paperpile.com/b/VsSjnh/o47Z
http://dx.doi.org/10.1038/nmeth.4577
http://paperpile.com/b/VsSjnh/o47Z
http://paperpile.com/b/VsSjnh/9AdD
http://paperpile.com/b/VsSjnh/9AdD
http://paperpile.com/b/VsSjnh/9AdD
http://paperpile.com/b/VsSjnh/9AdD
http://paperpile.com/b/VsSjnh/9AdD
http://paperpile.com/b/VsSjnh/9AdD
http://dx.doi.org/10.1016/j.cell.2019.06.013
http://paperpile.com/b/VsSjnh/9AdD
http://paperpile.com/b/VsSjnh/WZSm
http://paperpile.com/b/VsSjnh/WZSm
http://paperpile.com/b/VsSjnh/WZSm
http://paperpile.com/b/VsSjnh/WZSm
http://paperpile.com/b/VsSjnh/WZSm
http://paperpile.com/b/VsSjnh/WZSm
http://paperpile.com/b/VsSjnh/G7YP
http://paperpile.com/b/VsSjnh/G7YP


Last Exons, Allowing the Potential for 3’ UTR Regulation.” ​Genes & Development​ 29 
(19): 2037–53. 

Kim, Dongwan, Joo-Yeon Lee, Jeong-Sun Yang, Jun Won Kim, V. Narry Kim, and Hyeshik 
Chang. 2020. “The Architecture of SARS-CoV-2 Transcriptome.” ​Cell​, May. 
https://doi.org/​10.1101/2020.03.12.988865​. 

Koh, Casslynn W. Q., Yeek Teck Goh, and W. S. Sho Goh. 2019. “Atlas of Quantitative 
Single-Base-Resolution N6-Methyl-Adenine Methylomes.” ​Nature Communications​. 
https://doi.org/​10.1038/s41467-019-13561-z​. 

Leger, Adrien, Paulo P. Amaral, Luca Pandolfini, Charlotte Capitanchik, Federica Capraro, 
Isaia Barbieri, Valentina Migliori, et al. 2019. “RNA Modifications Detection by 
Comparative Nanopore Direct RNA Sequencing.” https://doi.org/​10.1101/843136​. 

Li, Heng. 2018. “Minimap2: Pairwise Alignment for Nucleotide Sequences.” ​Bioinformatics  
34 (18): 3094–3100. 

Linder, Bastian, Anya V. Grozhik, Anthony O. Olarerin-George, Cem Meydan, Christopher E. 
Mason, and Samie R. Jaffrey. 2015. “Single-Nucleotide-Resolution Mapping of m6A and 
m6Am throughout the Transcriptome.” ​Nature Methods​ 12 (8): 767–72. 

Liu, Huanle, Oguzhan Begik, Morghan C. Lucas, Jose Miguel Ramirez, Christopher E. 
Mason, David Wiener, Schraga Schwartz, John S. Mattick, Martin A. Smith, and Eva 
Maria Novoa. 2019. “Accurate Detection of mA RNA Modifications in Native RNA 
Sequences.” ​Nature Communications​ 10 (1): 4079. 

Liu, Nian, Marc Parisien, Qing Dai, Guanqun Zheng, Chuan He, and Tao Pan. 2013. 
“Probing N6-Methyladenosine RNA Modification Status at Single Nucleotide Resolution 
in mRNA and Long Noncoding RNA.” ​RNA ​ 19 (12): 1848–56. 

Li, Zejuan, Hengyou Weng, Rui Su, Xiaocheng Weng, Zhixiang Zuo, Chenying Li, Huilin 
Huang, et al. 2017. “FTO Plays an Oncogenic Role in Acute Myeloid Leukemia as a 
N-Methyladenosine RNA Demethylase.” ​Cancer Cell​ 31 (1): 127–41. 

Loman, Nicholas J., Joshua Quick, and Jared T. Simpson. 2015. “A Complete Bacterial 
Genome Assembled de Novo Using Only Nanopore Sequencing Data.” ​Nature Methods 
12 (8): 733–35. 

Lorenz, Daniel A., Shashank Sathe, Jaclyn M. Einstein, and Gene W. Yeo. 2020. “Direct 
RNA Sequencing Enables mA Detection in Endogenous Transcript Isoforms at 
Base-Specific Resolution.” ​RNA ​ 26 (1): 19–28. 

Mathiyalagan, Prabhu, Marta Adamiak, Joshua Mayourian, Yassine Sassi, Yaxuan Liang, 
Neha Agarwal, Divya Jha, et al. 2019. “FTO-Dependent N-Methyladenosine Regulates 
Cardiac Function During Remodeling and Repair.” ​Circulation​ 139 (4): 518–32. 

Meyer, Kate D. 2019. “DART-Seq: An Antibody-Free Method for Global m6A Detection.” 
Nature Methods​. https://doi.org/​10.1038/s41592-019-0570-0​. 

Meyer, Kate D., Yogesh Saletore, Paul Zumbo, Olivier Elemento, Christopher E. Mason, and 
Samie R. Jaffrey. 2012. “Comprehensive Analysis of mRNA Methylation Reveals 
Enrichment in 3’ UTRs and near Stop Codons.” ​Cell​ 149 (7): 1635–46. 

Parker, Matthew T., Katarzyna Knop, Anna V. Sherwood, Nicholas J. Schurch, Katarzyna 
Mackinnon, Peter D. Gould, Anthony J. W. Hall, Geoffrey J. Barton, and Gordon G. 
Simpson. 2020. “Nanopore Direct RNA Sequencing Maps the Complexity of Arabidopsis 
mRNA Processing and m6A Modification.” ​eLife​. https://doi.org/​10.7554/elife.49658​. 

Shu, Xiao, Jie Cao, Mohan Cheng, Siying Xiang, Minsong Gao, Ting Li, Xiner Ying, et al. 
2020. “A Metabolic Labeling Method Detects m6A Transcriptome-Wide at Single Base 
Resolution.” ​Nature Chemical Biology​. https://doi.org/​10.1038/s41589-020-0526-9​. 

Simpson, Jared T., Rachael E. Workman, P. C. Zuzarte, Matei David, L. J. Dursi, and 
Winston Timp. 2017. “Detecting DNA Cytosine Methylation Using Nanopore 
Sequencing.” ​Nature Methods​ 14 (4): 407–10. 

Stoiber, Marcus, Joshua Quick, Rob Egan, Ji Eun Lee, Susan Celniker, Robert K. Neely, 

18 

http://paperpile.com/b/VsSjnh/G7YP
http://paperpile.com/b/VsSjnh/G7YP
http://paperpile.com/b/VsSjnh/G7YP
http://paperpile.com/b/VsSjnh/G7YP
http://paperpile.com/b/VsSjnh/T4L8
http://paperpile.com/b/VsSjnh/T4L8
http://paperpile.com/b/VsSjnh/T4L8
http://paperpile.com/b/VsSjnh/T4L8
http://paperpile.com/b/VsSjnh/T4L8
http://dx.doi.org/10.1101/2020.03.12.988865
http://paperpile.com/b/VsSjnh/T4L8
http://paperpile.com/b/VsSjnh/vusb
http://paperpile.com/b/VsSjnh/vusb
http://paperpile.com/b/VsSjnh/vusb
http://paperpile.com/b/VsSjnh/vusb
http://paperpile.com/b/VsSjnh/vusb
http://dx.doi.org/10.1038/s41467-019-13561-z
http://paperpile.com/b/VsSjnh/vusb
http://paperpile.com/b/VsSjnh/gKKJ
http://paperpile.com/b/VsSjnh/gKKJ
http://paperpile.com/b/VsSjnh/gKKJ
http://dx.doi.org/10.1101/843136
http://paperpile.com/b/VsSjnh/gKKJ
http://paperpile.com/b/VsSjnh/pWDX
http://paperpile.com/b/VsSjnh/pWDX
http://paperpile.com/b/VsSjnh/pWDX
http://paperpile.com/b/VsSjnh/pWDX
http://paperpile.com/b/VsSjnh/hwdg
http://paperpile.com/b/VsSjnh/hwdg
http://paperpile.com/b/VsSjnh/hwdg
http://paperpile.com/b/VsSjnh/hwdg
http://paperpile.com/b/VsSjnh/hwdg
http://paperpile.com/b/VsSjnh/qd8X
http://paperpile.com/b/VsSjnh/qd8X
http://paperpile.com/b/VsSjnh/qd8X
http://paperpile.com/b/VsSjnh/qd8X
http://paperpile.com/b/VsSjnh/qd8X
http://paperpile.com/b/VsSjnh/qd8X
http://paperpile.com/b/VsSjnh/IH8m
http://paperpile.com/b/VsSjnh/IH8m
http://paperpile.com/b/VsSjnh/IH8m
http://paperpile.com/b/VsSjnh/IH8m
http://paperpile.com/b/VsSjnh/IH8m
http://paperpile.com/b/VsSjnh/fvwT
http://paperpile.com/b/VsSjnh/fvwT
http://paperpile.com/b/VsSjnh/fvwT
http://paperpile.com/b/VsSjnh/fvwT
http://paperpile.com/b/VsSjnh/fvwT
http://paperpile.com/b/VsSjnh/S6q3
http://paperpile.com/b/VsSjnh/S6q3
http://paperpile.com/b/VsSjnh/S6q3
http://paperpile.com/b/VsSjnh/S6q3
http://paperpile.com/b/VsSjnh/S6q3
http://paperpile.com/b/VsSjnh/UX62
http://paperpile.com/b/VsSjnh/UX62
http://paperpile.com/b/VsSjnh/UX62
http://paperpile.com/b/VsSjnh/UX62
http://paperpile.com/b/VsSjnh/UX62
http://paperpile.com/b/VsSjnh/q3Db
http://paperpile.com/b/VsSjnh/q3Db
http://paperpile.com/b/VsSjnh/q3Db
http://paperpile.com/b/VsSjnh/q3Db
http://paperpile.com/b/VsSjnh/q3Db
http://paperpile.com/b/VsSjnh/BSgO
http://paperpile.com/b/VsSjnh/BSgO
http://paperpile.com/b/VsSjnh/BSgO
http://dx.doi.org/10.1038/s41592-019-0570-0
http://paperpile.com/b/VsSjnh/BSgO
http://paperpile.com/b/VsSjnh/loew
http://paperpile.com/b/VsSjnh/loew
http://paperpile.com/b/VsSjnh/loew
http://paperpile.com/b/VsSjnh/loew
http://paperpile.com/b/VsSjnh/loew
http://paperpile.com/b/VsSjnh/mPzr
http://paperpile.com/b/VsSjnh/mPzr
http://paperpile.com/b/VsSjnh/mPzr
http://paperpile.com/b/VsSjnh/mPzr
http://paperpile.com/b/VsSjnh/mPzr
http://paperpile.com/b/VsSjnh/mPzr
http://dx.doi.org/10.7554/elife.49658
http://paperpile.com/b/VsSjnh/mPzr
http://paperpile.com/b/VsSjnh/G7yo
http://paperpile.com/b/VsSjnh/G7yo
http://paperpile.com/b/VsSjnh/G7yo
http://paperpile.com/b/VsSjnh/G7yo
http://paperpile.com/b/VsSjnh/G7yo
http://dx.doi.org/10.1038/s41589-020-0526-9
http://paperpile.com/b/VsSjnh/G7yo
http://paperpile.com/b/VsSjnh/Yz39
http://paperpile.com/b/VsSjnh/Yz39
http://paperpile.com/b/VsSjnh/Yz39
http://paperpile.com/b/VsSjnh/Yz39
http://paperpile.com/b/VsSjnh/Yz39
http://paperpile.com/b/VsSjnh/JG6V


Nicholas Loman, Len A. Pennacchio, and James Brown. 2017. “De Novo Identification 
of DNA Modifications Enabled by Genome-Guided Nanopore Signal Processing.” 
https://doi.org/​10.1101/094672​. 

Su, Rui, Lei Dong, Chenying Li, Sigrid Nachtergaele, Mark Wunderlich, Ying Qing, Xiaolan 
Deng, et al. 2018. “R-2HG Exhibits Anti-Tumor Activity by Targeting 
FTO/mA/MYC/CEBPA Signaling.” ​Cell​ 172 (1-2): 90–105.e23. 

Wang, Yang, Yue Li, Julia I. Toth, Matthew D. Petroski, Zhaolei Zhang, and Jing Crystal 
Zhao. 2014. “N6-Methyladenosine Modification Destabilizes Developmental Regulators 
in Embryonic Stem Cells.” ​Nature Cell Biology​ 16 (2): 191–98. 

Workman, Rachael E., Alison D. Tang, Paul S. Tang, Miten Jain, John R. Tyson, Roham 
Razaghi, Philip C. Zuzarte, et al. 2019. “Nanopore Native RNA Sequencing of a Human 
poly(A) Transcriptome.” ​Nature Methods​ 16 (12): 1297–1305. 

Xu, Kai, Ying Yang, Gui-Hai Feng, Bao-Fa Sun, Jun-Qing Chen, Yu-Fei Li, Yu-Sheng Chen, 
et al. 2017. “Mettl3-Mediated mA Regulates Spermatogonial Differentiation and Meiosis 
Initiation.” ​Cell Research​ 27 (9): 1100–1114. 

Zaccara, Sara, Ryan J. Ries, and Samie R. Jaffrey. 2019. “Reading, Writing and Erasing 
mRNA Methylation.” ​Nature Reviews. Molecular Cell Biology​ 20 (10): 608–24. 

Zhao, Xu, Ying Yang, Bao-Fa Sun, Yue Shi, Xin Yang, Wen Xiao, Ya-Juan Hao, et al. 2014. 
“FTO-Dependent Demethylation of N6-Methyladenosine Regulates mRNA Splicing and 
Is Required for Adipogenesis.” ​Cell Research​ 24 (12): 1403–19. 

Zheng, Guanqun, John Arne Dahl, Yamei Niu, Peter Fedorcsak, Chun-Min Huang, Charles 
J. Li, Cathrine B. Vågbø, et al. 2013. “ALKBH5 Is a Mammalian RNA Demethylase That 
Impacts RNA Metabolism and Mouse Fertility.” ​Molecular Cell​ 49 (1): 18–29. 

 

19 

http://paperpile.com/b/VsSjnh/JG6V
http://paperpile.com/b/VsSjnh/JG6V
http://paperpile.com/b/VsSjnh/JG6V
http://dx.doi.org/10.1101/094672
http://paperpile.com/b/VsSjnh/JG6V
http://paperpile.com/b/VsSjnh/DIdE
http://paperpile.com/b/VsSjnh/DIdE
http://paperpile.com/b/VsSjnh/DIdE
http://paperpile.com/b/VsSjnh/DIdE
http://paperpile.com/b/VsSjnh/DIdE
http://paperpile.com/b/VsSjnh/ALn9
http://paperpile.com/b/VsSjnh/ALn9
http://paperpile.com/b/VsSjnh/ALn9
http://paperpile.com/b/VsSjnh/ALn9
http://paperpile.com/b/VsSjnh/ALn9
http://paperpile.com/b/VsSjnh/D7P8
http://paperpile.com/b/VsSjnh/D7P8
http://paperpile.com/b/VsSjnh/D7P8
http://paperpile.com/b/VsSjnh/D7P8
http://paperpile.com/b/VsSjnh/D7P8
http://paperpile.com/b/VsSjnh/LwDx
http://paperpile.com/b/VsSjnh/LwDx
http://paperpile.com/b/VsSjnh/LwDx
http://paperpile.com/b/VsSjnh/LwDx
http://paperpile.com/b/VsSjnh/LwDx
http://paperpile.com/b/VsSjnh/pcnR
http://paperpile.com/b/VsSjnh/pcnR
http://paperpile.com/b/VsSjnh/pcnR
http://paperpile.com/b/VsSjnh/pcnR
http://paperpile.com/b/VsSjnh/WV20
http://paperpile.com/b/VsSjnh/WV20
http://paperpile.com/b/VsSjnh/WV20
http://paperpile.com/b/VsSjnh/WV20
http://paperpile.com/b/VsSjnh/WV20
http://paperpile.com/b/VsSjnh/UJOt
http://paperpile.com/b/VsSjnh/UJOt
http://paperpile.com/b/VsSjnh/UJOt
http://paperpile.com/b/VsSjnh/UJOt
http://paperpile.com/b/VsSjnh/UJOt

