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Abstract 

The ISOpureR method uses the gradient decent method to maximize the complete likelihood function of estimating the 

proper estimators. In this research, we estimate the absolute proportion of m6A specific binding mRNA in the m6A-con-

taining sample (IP sample) with the application of ISOpureR method. We apply the ISOpureR method to simulated data 

and real data. Our results show that the method performs well under the model of second order median regression in terms 

of the simulated data with application of regression analysis; and it needs to be further developed when applied to the real 

data.  

 

1 Introduction 

RNA sequencing (RNA-Seq), also known as whole tran-

scriptome shotgun sequencing, is a common method to de-

tect differences in the gene expression in different samples, 

treatments, as well as different cell populations and exper-

imental conditions. With the sequencing data, bio-statisti-

cians may carry out more accurate predictions of the RNA 

methylation sites and differential RNA methylation analy-

sis. 

Usually, the prediction of RNA methylation sites is carried 

out using peak calling, a computational method applied to 

identify regions in a genome with aligned reads enrichment 

after performing a ChIP-sequencing or MeDIP-seq experi-

ment. With the improvement of high throughput sequenc-

ing data, differential RNA methylation analysis is now 

available with the help of RNA methylation experiments. 

Nowadays, N6-methyladenosine (m6A), an abundant mod-

ification in mRNA found in some viruses [1, 2] as well as 

most eukaryotes [2, 3], becomes increasingly important in 

various biological processes, such as RNA degradation and 

RNA-protein interaction [4].  

In this paper, in order to be integrated with studies on RNA 

methylation site detection and differential methylation 

analysis, ISOpureR, a method of estimating the proportion 

of m6A  specific binding mRNA fragments in the m6A-

containing sample (IP sample) is  introduced and improved 

upon using statistical approach to calculate the absolute 

proportion of m6A specific binding mRNA.  

2 Methodology 

In this section, we discuss the statistical model ISOpureR. 

The full ISOpureR model is described below with the pa-

rameters [5], noting that all the symbols in bold font refer 

to a vector or a matrix 

 

𝒕𝒏 = 𝛼𝑛𝒄𝒏 + (1 − 𝛼𝑛)𝒉𝒏 + 𝒆𝒏 (1) 

        = 𝛼𝑛𝒄𝒏 + ∑ 𝜃𝑛,𝑟

𝑅

𝑟=1
𝒃𝒓 + 𝒆𝒏 (2) 

where 𝒕𝒏  represents the reads count of IP samples 

where 𝑛 = 1,2, … , 𝑁; 𝒄𝒏 represents the reads count of pure 

𝑚6𝐴  binding mRNA samples where  𝑛 = 1,2, … , 𝑁 ; 𝒉𝒏 

represents the reads count of normal samples where 𝑛 =

1,2, … , 𝑁; 𝒃𝒓 represents the reads count of input samples 

which contain very little m6A binding mRNA fragments 

where 𝑟 = 1,2, … , 𝑅; 𝛼𝑛 represents the absolute proportion 

of m6A  binding mRNA fragments in the IP samples 

where 𝑛 = 1,2, … , 𝑁; 𝒆𝒏 represents the error following the 

normal distribution [6] where 𝑛 = 1,2, … , 𝑁. Here, we as-

sume that 𝒉𝒏 can be represented by the combination of in-

put samples, 𝒃𝟏, 𝒃𝟐, … , 𝒃𝑹, provided to the algorithm.   

According to Quon et al., to rescale the IP samples so that 

the total number of observations (the sum of the elements) 

is approximately the same across all IP samples, and to bal-

ance the influence that each IP sample has on the parame-

ters, we discretize each IP samples, 𝒕𝒏, to round every ele-

ment of 𝒕𝒏  to the nearest non-negative integer to obtain 

transformed IP samples 𝒙𝒏. Next, we define the 𝒙𝒏 to be 

the normalized reconstruction of the IP profiles. The prob-

ability of the discretized IP profiles, which is a normalised 

reconstruction of the IP profile 𝒙𝒏 based on the model pa-

rameters, follows the multinomial distribution [5]. After 

discretization, the equation (2) becomes 

𝒙𝒏 = 𝛼𝑛𝒄𝒏 + ∑ 𝜃𝑛,𝑟

𝑅

𝑟=1
𝒃𝒓 + 𝒆𝒏 (3) 

Now, our task is to estimate αn, the unknown proportion of 

pure m6A binding mRNA in the IP samples, by maximiz-

ing the complete likelihood function using the gradient de-

cent method. 



The full ISOpureR method is defined by Quon et al. [5] as 

follows: 

𝑩 = [𝒃𝟏 𝒃𝟐 … 𝒃𝒓] 

𝜽𝒏 = [𝜃𝑛,1 𝜃𝑛,2 … 𝜃𝑛,𝑟 𝛼𝑛] 

𝒙𝒏 = [𝑩 𝒄𝒏] 𝜽𝒏 

𝑝(𝒎|𝑘′, 𝑩, 𝝎) = 𝐷𝑖𝑟𝑖𝑐ℎ𝑙𝑒𝑡(𝒎|𝑘′𝑩𝝎) 

𝑝(𝒄𝒏|𝑘𝑛, 𝒎) = 𝐷𝑖𝑟𝑖𝑐ℎ𝑙𝑒𝑡(𝒄𝒏|𝑘𝑛𝒎) 

𝑝(𝒙𝒏|𝑩, 𝜽𝒏, 𝒄𝒏) = 𝑀𝑢𝑙𝑡𝑖𝑛𝑜𝑚𝑖𝑎𝑙(𝒙𝒏|𝒙𝒏) 

𝑝(𝜽𝒏|𝒗) = 𝐷𝑖𝑟𝑖𝑐ℎ𝑙𝑒𝑡(𝜽𝒏|𝒗) 

where the probability mass functions of the Dirichlet dis-

tribution and the Multinomial distribution are in the form 

below 

𝑀𝑢𝑙𝑡𝑖𝑛𝑜𝑚𝑖𝑎𝑙(𝜸|𝝅) =
(∑ 𝛾𝑘

𝐾
𝑘=1 )!

∏ 𝛾𝑘!𝐾
𝑘=1

∏ 𝜋𝑘
𝛾𝑘

𝐾

𝑘=1

(4) 

𝐷𝑖𝑟𝑖𝑐ℎ𝑙𝑒𝑡(𝒙|𝒂) =
𝛤(∑ 𝑎𝑘

𝐾
𝑘=1 )

∏ 𝛤𝐾
𝑘=1 (𝑎𝑘)

∏ 𝑥𝑘
𝑎𝑘−1

𝐾

𝑘=1

(5) 

To estimate the parameters, we define our complete likeli-

hood function as follows 

𝐿 = 𝑝(𝒎|𝑘′, 𝑩, 𝝎) ∏ ∅𝒏

𝑁

𝑛=1

(6) 

where  

∅𝑛 = 𝑝(𝒄𝒏|𝑘𝑛, 𝒎)𝑝(𝜽𝒏|𝒗)𝑝(𝒙𝒏|𝑩, 𝜽𝒏, 𝒄𝒏) (7) 

When maximizing the complete likelihood function, Quon 

et al. first transform the problem into one minimizing the 

minus log-likelihood function [5]. After transformation, 

they use the Polack-Ribiere flavor of conjugate gradients 

method [7] to search directions, and a line search with ap-

plication of quadratic and cubic polynomial approxima-

tions. The Wolfe-Powell stopping criteria [8] is used to-

gether with the slope ratio method for guessing initial step 

sizes. 

3 Results and Discussions 

In this section, we apply ISOpureR method to estimate the 

proportion of two datasets, the simulated dataset and the 

real dataset respectively. After estimation, we analyze the 

results we obtained. 

3.1  Simulated Data 

3.1.1 Simple Extreme Data 

We have generated a simply extreme simulated input pro-

file and a simple extreme simulated pure m6A  specific 

binding profile. There are a total of  500 gene sites for each 

profile, and we set the reads count of the first 250 gene sites 

of input profile to be 1000 and the rest 250 sites to be 0; for 

pure m6A specific binding profile, we set the reads count 

of the first 250 gene sites to be 0 and the other 250 sites to 

be 1000.  

Next, we apply binomial distribution to generate the IP 

samples with different mixing proportions with respect to 

the input profiles, 10%, 20%, …, 90% respectively; and for 

each proportion, we generate three different samples. 

The results of ISOpureR method estimated from the simu-

lated data is shown in the Table 1, where the column names, 

10%, 20%, …, 90% refer to the true proportions of pure 

m6A specific binding sample in the simulated IP dataset, 

and the numbers refer to the estimated proportion of pure 

m6A specific binding sample in the IP sample using ISO-

pureR method. From Table 1, we can say that the ISO-

pureR method is likely to converge to 0 and 1. To examine 

whether the convergence is caused by the extreme case of 

the dataset, we shall further examine the simulated real data.   

3.1.2 Simple Real Data 

In this part of the section, we generate a simple but more 

realistic dataset, simulated real dataset. First of all, we use 

the dataset of the experiment “human-A549-C” containing 

three IP samples and three input samples. Next, to keep the 

simulated dataset statistically meaningful, we generate the 

pure m6A specific binding profiles by randomly permutat-

ing the input sample of experiment “human-A549-C”. We 

then randomly choose 500 gene sites to form our new da-

taset. Note that the selected gene sites of both input sample 

and pure m6A specific binding sample should be exactly 

the same. Finally, we apply binomial distribution to gener-

ate the IP samples with different mixing proportions with 

respect to the input profiles, from 10%, 20%, to 90% re-

spectively; and for each proportion, we generate 30 differ-

ent IP samples. 

The box plot of estimated proportion of simple real simu-

lated data using ISOpureR method is shown in Figure 1, 

Method 10% 20% 30% 40% 50% 60% 70% 80% 90% 

ISOpureR 0.000 0.000 0.000 0.000 0.002 0.286 0.573 1.000 1.000 

 

Table 1 Results of Simple Extreme Datasets 



Figure 1  Box Plot of ISOpureR Method 

where the x-axis refers to the true proportion of input sam-

ple in the IP sample, and the y-axis refers to the estimated 

proportion m6A specific binding mRNA in the IP samples. 

From the graph, the box of each proportion is relatively 

small. Moreover, the estimated proportions of m6A spe-

cific binding mRNA is decreasing while the real mixing 

proportion of input sample is increasing. Consequently, 

ISOpureR method is likely to be stable and accurate in 

terms of the simulated simple real data. To further examine 

the performance of ISOpureR method, we apply linear re-

gression model to fit our results. 

3.1.2.1 Linear Regression Model and Discussions 

Now, we assume the results gathered from ISOpureR 

method satisfy the linear regression model, which is 

𝑦 = 𝛽0 + 𝛽1𝑥 + 𝜀 (8) 

with assumptions that residuals of y value (or the error) are 

normally distributed [6]. After fitting the results of ISO-

pureR method, the fitted model of the ISOpureR method 

has the coefficients that 𝛽0 is equal to 1.123112 and 𝛽1 is 

equal to -1.078470. The fitted graph of ISOpureR method 

is shown in Figure 2. 

 

Figure 2 Linear Regression of ISOpureR Method 

We next do the diagnostic test to our linear regression 

model. The normal quantile-quantile (QQ) plot is shown as 

Figure 3.  

 

Figure 3 Normal QQ Plot of ISOpureR Method 

The deviation from straight line in the normal QQ plot in 

Figure 3 suggests that the residuals of the linear regression 

model may not assume normality. After applying of the 

Shapiro-Wild Test [9] with null hypothesis that the sample 

came from a normally distributed population and alterna-

tive hypothesis that the sample did not come from a nor-

mally distributed population. The p-value of Shapiro-Wild 

Test statistic is equal to 1.365 × 10−5 , suggesting very 

strong evidence against that the null hypothesis that resid-

uals of the linear regression model are normally distributed. 

Therefore, the assumption of linear regression model fails. 

3.1.2.2 Median Regression Model  

In the previous part of the section, we apply the linear re-

gression model to our results. However, the normal QQ 

plot with Shapiro-Wild Test implies that the residuals do 

not follow normal distribution which undermines our as-

sumption of linear regression model. Here, we further use 

the median regression to model our results since according 

to Furno and Vistocco [10], the median regression does not 

need the assumption of normality of residuals. 

We assume the results of ISOpureR method satisfy the me-

dian regression model, which is 

𝑦 = 𝛼0 + 𝛼1𝑥 + 𝐹−1(0.5) (9) 

where 𝛼0 and 𝛼1 are the coefficients of the median regres-

sion model; F represents the common distribution function 

of the errors without any distributional assumptions [10]; 

and 0.5 refers to the median value. After calculation using 

the method of least absolute deviance (LAD), we obtain the 

coefficients 𝛼0 equals 1.12364 and 𝛼1equals -1.07808.  

Furthermore, we carry out the lack-of-fit test using the 

method introduced by He and Zhu [11] to our second order 



median regression model, with null hypothesis that higher 

order terms are not required to adequately fit our data, and 

alternative hypothesis that higher order terms are required 

to adequately fit our data. The p-value of the test is less 

than 2.2 × 10−16 , suggesting we have very strong evi-

dence against the null hypothesis that higher order terms 

are not required to adequately fit our data. 

3.1.2.3 Second Order Median Regression Model  

In the previous part of the section, we examined that the 

median regression cannot adequately fits our data. We next 

use the second order median regression to model our re-

sults. We assume the results of ISOpureR method satisfy 

the second order median regression model, which is 

𝑦 = 𝛼0 + 𝛼1𝑥 + 𝛼2𝑥2 + 𝐹−1(0.5) (10) 

where 𝛼0, 𝛼1, and 𝛼2 are the coefficients of the second or-

der median regression model; F represents the common 

distribution function of the errors without any distribu-

tional assumptions [10]. 0.5 represents the median value. 

After calculation with application of LAD method, we ob-

tain the coefficients 𝛼0 equals 1.09092, 𝛼1equals -0.88933, 

and 𝛼2 equals -0.19887. The plot of second order median 

regression model is shown in the Figure 4.  

 

Figure 4 Second Order Median Regression of ISOpureR 

Method 

We further carry out the lack-of-fit test using the method 

introduced by He and Zhu [11] to our second order median 

regression model, and the p-value of the test is equal to 

0.21 suggesting we have no evidence against the null hy-

pothesis that higher order terms are not required for the sec-

ond order median regression model to adequately fit our 

data.  

Next, we use the Akaike information criterion (AIC) [12], 

an estimator of the relative quality of statistical models for 

a given set of data, to test the goodness of our regression 

model. The AIC of median regression of is -1324.81, and 

the AIC of second order median regression model is                          

-1555.036, which is less than the AIC of median regression 

model, suggesting that the second order median regression 

is able to describe our data better than the first order model 

without problem of overfitting. 

Therefore, the estimated proportions of ISOpureR method 

from simulated real dataset show stable and accuracy under 

the second order median regression model. 

3.2 Real Data 

After analyzing the simulated data, we apply the ISOpureR 

method to our real data to estimate the true proportion of 

m6A specific binding mRNA in the IP sample.  

The raw sequencing data comes from an independent study 

guided by Schwartz et al. [13]. The raw data was down-

loaded from GEO with GEO accession number “human-

A549-C”, aligned with Hisat2 [14] to the human reference 

genome assembly hg19. The aligned reads are counted by 

the SummarizeOverlap function in Bioconductor package 

GenomicAlignment. The annotation used for reads count is 

the single base resolution m6A sites collected from m6A-

miCLIP [15] and m6A-CLIP [16] datasets. Only the m6A 

sites mapped to DRACH motifs are kept, and the sites are 

extended into 101 bp windows centered by m6A sites for 

reads counting.  

The data we used has in total 69946 gene sites. When we 

calculating the results of real data, we first randomly select 

500 gene sites as a sample and apply ISOpureR method to 

estimate the true proportion of m6A  specific binding 

mRNA in selected samples. After completing 100 samples 

of estimation, we calculate the mean and median of the 100 

results as final output. The output of estimated proportion 

of real data by applying the ISOpureR method is shown in 

the Table 2. 

From Table 2, we observe that almost all the estimated 

proportions converge to 1. If the result is accurate, as ex-

amined when applying the method to the simulated simple 

real datasets, it implies that almost all the experiments has 

pure m6A  specific binding mRNA sample. Otherwise, 

when we estimating the proportion, some features that are 

influential to the results may not be included, for example, 

GC content bias, implying that we need to further develop 

the ISOpureR method. 

4 Conclusions 

In this article, we are estimating the proportion of m6A 

specific binding mRNA in the IP samples by comparing the 

method of estimating the proportion of pure cancer cells in 

the tumour samples. In order to complete the task of esti-

mating m6A  specific binding mRNA, we examined the 

ISOpureR methods. The main idea of this method is to es-

timate by maximising the complete likelihood function us-

ing conjugate gradient method. After introducing the basic 

idea of ISOpureR method, we apply the method to both 

simulated data and real data. First, ISOpureR method 

shows unstable and inaccurate to the simulated simple ex-

treme datasets. However, when we apply the method to the 

simulated real datasets, the results are suitable and ade-

quately described by the second order median regression 



model. Then, we further apply the method to the real da-

tasets. However, the estimated proportions are likely to 

converge to 1. If this result is accurate, it implies that the 

IP samples of the experiment contain only pure m6A spe-

cific binding mRNA samples; otherwise, when we estimat-

ing the proportion of pure m6A binding mRNA fragments, 

some features, for example, GC content bias, may not be 

considered. In the future, we may improve the ISOpureR 

method by adjusting the parameters such that it will include 

the GC content bias; or to find another method that is more 

effective to the RNA methylation data.  

5 Contributions 

In this research, our work is designed to examine the 

method of deconvolution of tumor samples data, which is 

ISOpureR method, for different use, estimating the propor-

tion of non-specific binding in MeRIP-seq data. In detail, 

we introduce the method of regression analysis, a statistical 

approach, to verify the availability and stability of the 

method in terms of three different kinds of data, including 

simulated simple extreme data, simulated real data, and 

real data. 
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Experiment Estimated Proportion 

IP Sample ID 

Change 

human-A549-C SRR1182619 SRR1182621 SRR1182623 

Mean 0.9999694 0.9999694 0.9999694 

Median 0.9999906 0.9999906 0.9999906 

 

Table 2: Results of Real Datasets 


