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MicroRNA (miRNA) regulation is highly cell-type specific. It is sensitive to both the miRNA-mRNA 

relative abundance and the competitive endogenous RNA (ceRNA) effect. However, almost all existing 

miRNA target prediction methods neglected the influence of cellular environment when analyzing 

miRNA regulation effects. In this study, we proposed a method, MIROR (MiRNA Occupancy Rate 

predictor), to predict miRNA regulation intensity in a given cell type. The major considerations were the 

miRNA-mRNA relative abundance and the endogenous competition between different mRNA species. 

The output of MIROR is the predicted miRNA occupancy rates of each target site. The predicted results 

significantly correlated with Ago HITS-CLIP experiment that indicated miRNA binding intensities. When 

applied to the analysis of breast invasive carcinoma dataset, MIROR identified a number of differentially 

regulated miRNA-mRNA pairs with significant miRNA occupancy rate changes between tumor and 

normal tissues. Many of the predictions were supported by previous researches, including the ones 

without significant change in mRNA expression level. These results indicate that MIROR provides a 

novel strategy to study the miRNA differential regulation in different cell types.  

Availability: MIROR is freely available at http://bioinfo.au.tsinghua.edu.cn/member/xwwang/MIROR. 

Introduction 

MicroRNAs (miRNAs) are a class of small noncoding RNA 

molecules, which play important regulatory roles in a variety of 

crucial biological processes1-3. Abnormal expression of miRNA 

is linked to physiological disorders and cancers4. MiRNAs play 

their regulatory function by targeting mRNAs through the 

interaction with the Argonaute (Ago) family protein and the 

formation the RNA-induced silencing complex (RISC). In 

animals, the major determinant for target recognition is the 

miRNA seed sequence, which is a 6~7 nucleotide sequence at 

the 5’end of a miRNA. The short “seed” regions cannot 

guarantee highly specific target binding and it is believed that 

one miRNA usually can targets hundreds of potential binding 

sites5. Despite their biological importance, current 

understanding of the functions of miRNAs is still limited. Till 

now, more than one thousand human miRNAs have been 

reported6, hundreds of thousands of miRNA-mRNA 

interactions have been predicted5, 7, 8. However, only less than 

two thousand miRNA-mRNA regulation events have been 

verified through experiments9.   

Bioinformatics approaches facilitate miRNA target 

identification at genome-wide scale and are fundamental for the 

study of miRNA functions. Most target prediction algorithms 

are sequence-based, which score miRNA-target pairs according 

to base-pairing, complex stability, site accessibility, etc5, 8, 10. 

Other features, such as cross species conservation, relative 

positions and flanking sequence contexts in 3’UTRs, have also 

been considered to improve prediction accuracy10. However, 

current algorithms still suffer from high false positive rates and 

the consistency between different algorithms is limited11, 12.  

More recently, several methods have been proposed to improve 

the reliability of existing target predictions13-15. These methods 

usually take predictions from one or several sequence-based 

algorithms as input, examine statistical significance of each 

predicted miRNA-target pair by their expression correlation in 

a large amount of different cell types/samples and output highly 

correlated pairs to form a more reliable target prediction set. 

However, these methods could only identify the targets 

significantly affect by miRNA at RNA expression level, but not 

the ones mainly regulated at translational level.  

In addition, all the predictions made by these algorithms are 

static – they provide potential miRNA-mRNA interaction pairs 

regardless of a certain specific cell type. In fact, miRNA-

mRNA interactions are highly dynamic and cell type specific, 

and should be measured in a quantitative way16. 
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In this study, we tried to quantify the interaction between each 

miRNA-mRNA pair by the “miRNA occupancy rate” – what 

proportion of a specific species of mRNA is bound by a 

miRNA species. This occupancy rate can change in different 

cell types and is affected in several ways. First, the relative 

abundance of miRNAs and target sites changes in different cell 

types. Second, the interaction between a miRNA-mRNA pair 

can be significantly influenced by other mRNAs, since there 

can be hundreds of RNAs (including mRNAs and ncRNAs) 

competing for one miRNA simultaneously17. These mutually 

influencing RNAs are called competing endogenous RNAs 

(ceRNAs) and their impact on each other has been reported 

recently18.  Attempts considering this effect have been made to 

improve target prediction and infer ceRNA pairs19. However, to 

our knowledge, a method for cell type specific and quantitative 

description of miRNA-mRNA interaction has not been 

reported. 

Here we propose a method, MIROR, to predict miRNA 

occupancy rates of different target sites in a certain cellular 

environment (given miRNA and mRNA expression levels). It 

can be used to predict cell type specific miRNA occupancy rate 

based on the consideration of miRNA-mRNA relative 

abundance and endogenous competing effect. MIROR 

prediction correlated well with HITS-CLIP data from mouse 

brain samples. In application, MIROR can help to predict 

miRNA occupancy rate changes between cell types (for 

example, from normal to cancer cells). When applied to TCGA 

breast cancer data, MIROR showed higher sensitivity than 

other methods in identifying tumor-related miRNA-mRNA 

pairs. In sum, we proposed a method to quantify the cell type 

specific miRNA regulatory effect and provided a novel way to 

study the differential miRNA regulation between different cell 

states.  

Materials and Methods 

Data sources 

i.  HITS-CLIP Data 

The mouse brain HITS-CLIP data20 was downloaded from the 

website of Darnell’s lab at Rockefeller University 

(http://ago.rockefeller.edu/). Five replicates (from A to E) were 

included in this data set. Two different antibodies were used for 

Ago immunoprecipitation (2A8 for replicates A/B/C, 7G1-1* 

for replicates D/E). The authors provided an Ago-miRNA-

mRNA Ternary map, which was estimated by integrating the 

five replicates. The integrated HITS-CLIP peak heights 

represented miRNA binding intensity. miRNA expression data 

was downloaded from the same website. mRNA expression 

data was downloaded from the GEO database under accession 

number GSE16338. All HITS-CLIP reads were aligned to mm9 

genome using bowtie, allowing 1 mismatch (bowtie -f -m 1--

best --strata). We further transformed the alignment to the 

wiggle (WIG) format and matched them with HITS-CLIP reads 

clusters provided by the authors20. Data were visualized with 

UCSC genome browser (http://genome.ucsc.edu/). 

ii. Breast Invasive Carcinoma Dataset 

Tumor and matched normal tissue samples including miRNA 

and mRNA expression data were downloaded from The Cancer 

Genome Atlas data portal (July 2012). The downloaded data set 

contained 170 tumor and normal samples, with 

BCGSC_Illumina GA(/IlluminaHiSeq)_miRNASeq platform 

for miRNAs expression and UNC_IlluminaHiSeq_RNASeqV2 

platform for mRNAs expression. 

iii. Input miRNA target prediction list 

For the ease of comparing MIROR with other methods, we 

used TargetScan (V5.2) prediction as putative miRNA-target 

list for all the methods. Totally, the putative miRNA-target list 

included 272,534 pairs.  

iv. GenMiR++, Magia and TaLasso predictions 

For GenMiR++, Magia, and TaLasso analysis, we used the 

miRNA and mRNA expression files as the same as ours, and 

used default parameters of each algorithm. GenMiR++ was run 

in Matlab platform with the given code, Magia and TaLasso 

were run on their website.  

Modeling the miRNA binding process 

We modeled the miRNA binding process at the thermodynamic 

equilibrium state of the miRNA-mRNA interacting system. In 

this model, the ith species of miRNA and the jth species of 

target site were represented as miRi (i=1, …, m) and TSj 

(j=1, …, n), respectively. The reaction of miRi binding to the 

target site TSj could be formulized as: 

 

Where the miRi:TSj represents the miRNA-mRNA complex. 

Under the assumption of chemical equilibrium, the molecular 

concentrations will follow this equation: 

[ ]
[miR :TS ]i j

K =     (1)ij miR [TS ]i j
 

Kij is the equilibrium constant, which is a function of the Gibbs 

free energy: 

Gij
K exp   (2)ij RT

∆ 
= − 
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Where R and T represent ideal gas constant and absolute 

temperature, respectively. ∆Gij=Gij
bound- Gij

unbound, which is the 

change of Gibbs free energy. In this work, we used the function 

in PITA package8 to estimate the value of the energy change. It 

has been recently reported that the value of equilibrium 

constant Kij for miRNA or small RNA binding in vivo are 

different from that directly estimated by RNA hybridization, 

but is still linearly correlated with the log transformed Gibbs 

free energy21, 22. So we added a scaling factor k to modify the 

calculation of equilibrium constant and re-formulized Equation 

(2).  

Gij
K exp   (3)ij kRT

∆ 
= − 

   

Deriving from Equation (1) we can easily get the percentage of 

miRi that bind to the TSj as: 

[ ] [ ]
[miR :TS ] K [TS ]i j ij j

P (4)ij n nmiR :TS [miR ] K TS 1i k i ik kk 1 k 1

= =
+ +∑ ∑= =

 

The occupancy rate of miRi at TSj can be derived as: 

[ ]
[miR :TS ] K [miR ]i j ij i

OC (5)ij m mmiR :TS [TS ] K miR 1k j j kj kk 1 k 1

= =
 + +∑ ∑ = =

 

In principle, by solving these equations, we can get the 

occupation rate at the equilibrium state of the system. However, 

as each miRNA species typically could bind to hundreds of 

target sites species, it’s not possible to solve these equations 

directly. So we used a numerical approach to solve this problem 

in a step-by-step way: in each step, we substituted the numbers 

of free molecules got from the last step into Equation (4) to 

calculate Pij; a small proportion of miRNA was distributed to 

target sites according to Pij. We iterated this process until all 

miRNAs had been distributed or all biding sites had been 

occupied by miRNA. In the case where more than one miRNA 

species (e.g. different members of the same miRNA family) 

could bind to the same target site species and the free target site 

number was less than the total number of miRNA molecules 

distributed to it, we divided the free molecules of this target site 

species to miRNA species according to Equation (5). In this 

model, there were three parameters that needed to be trained. 

The first parameter was the relative ratio between total number 

of effective miRNAs and that of mRNAs. This is necessary 

because miRNA and mRNA expression levels are measured by 

different experimental approaches that their “expression 

values” are not directly comparable. The second parameter was 

the scaling factor k. The third parameter was the closest 

distance for two target sites to be bound simultaneously 

(neighboring target sites with distances smaller than the 

threshold will be merged as one site). We evaluated the 

performance of each group of parameters by the correlation 

between the predicted miRNA occupancy and the heights of 

HITS-CLIP clusters. The best parameter set trained when using 

TargetScan predictions as the input also applied well when 

Fig. 1 Workflow of MIROR. Input: mRNA and miRNA expression data and a putative miRNA target list (e.g., predicted miRNA targets of TargetScan or PITA).

Calculation: solve the thermodynamic equilibrium problems of miRNA binding processes (Methods). Output: miRNA occupancy rate at each target site. 
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using PITA prediction as the input, with Spearman correlation 

coefficient (SCC) equal to 0.35. 

The step length for distributing the miRNAs also influences the 

result. In principle, we get more accurate solution when 

decrease step length and increase the number of calculation 

steps. We tested different total number of steps from 100 to 

1000 and found that the predicted results stabilized when this 

number was over 500 (Supplementary Table S1). So we chose 

500 as the default number of total steps to balance the accuracy 

and the computational cost. 

Data, scripts and user manual of MIROR are freely available at 

http://bioinfo.au.tsinghua.edu.cn/member/xwwang/MIROR. 

Comparison of predicted miRNA binding intensity with Ago 

HITS-CLIP data 

At all miRNA binding sites supported by both TargetScan and 

HITS-CLIP results, we compared miRNA binding intensity 

predicted by MIROR and intensity measured by HITS-CLIP 

experiment. Binding sites were first ranked by expression levels 

of corresponding mRNA and then divided into sliding windows 

(each window contained 500 binding sites, sliding step was 1 

site ). In each window, SCC was calculated between miRNA 

binding intensity predicted by MIROR and intensity measured 

by HITS-CLIP experiment. As a control, we calculated in each 

window the SCC between binding site abundance (expression 

levels of corresponding mRNA) and HITS-CLIP measured 

miRNA binding intensity. 

Results 

miRNA Occupancy Rate Prediction 

We proposed a thermodynamic model to predict miRNA-

mRNA occupancy rates of target sites. This model takes the 

expression levels of both miRNA and mRNA and a putative 

miRNA target list (e.g. TargetScan predictions) as the input, 

considers the thermodynamic equilibrium of the binding 

process, and outputs the predicted miRNA-mRNA occupancy 

rate (Fig 1).  

The putative miRNA-target list for MIROR is flexible 

according to the needs of users. For the ease of comparison 

with other methods, in this paper we took TargetScan predicted 

targets as the input list. We did parameter training and 

evaluated parameter sets according to the correlation between 

predicted occupancy rate and HITS-CLIP binding intensity 

(Supplementary Table S1) the mouse brain dataset20. Best 

performance was achieved when we set total number of 

miRNA at 5 to 6 times of that of mRNAs and RT-scaling factor 

k equal to 20 (Supplementary Table S1). The model was not 

sensitive to the minimum distance constrain 

The putative miRNA-target list for MIROR is flexible 

according to the needs of users. For the ease of comparison 

with other methods, in this paper we took TargetScan predicted 

targets as the input list. We did parameter training and 

evaluated parameter sets according to the correlation between 

predicted occupancy rate and HITS-CLIP binding intensity 

(Supplementary Table S1) the mouse brain dataset20. Best 

performance was achieved when we set total number of 

miRNA at 5 to 6 times of that of mRNAs and RT-scaling factor 

k equal to 20 (Supplementary Table S1). The model was not 

sensitive to the minimum distance constrain between 

neighboring target sites. The best distance constrain turned out 

to be 20-40nt (Supplementary Table S1), which was consistent 

with the reported size of Ago footprint20.  

The predicted occupancy rate is useful in that it provides 

information for the following questions: in a certain cell type 

(given the expression level of miRNAs and mRNAs), 1. to what 

extent a concerned mRNA species is regulated by miRNAs; 2. 

which miRNA is the primary regulator of a concerned mRNA 

species. In addition, comparison of miRNA occupancy rates 

between different cell types, for example normal and cancer 

cells, can help us to discover biologically relevant miRNAs and 

mRNAs by identifying pairs with significant occupancy rate 

changes. This quantitative measurement provides a novel 

strategy for the discovery of key molecules in the miRNA 

regulation processes. 

MIROR-Predicted miRNA Occupancy Correlated with HITS-

CLIP AGO Binding Intensities 

AGO HITS-CLIP (high-throughput sequencing of RNAs 

isolated by crosslinking immunoprecipitation) experiment, 

which uses antibody against Ago proteins to capture miRNA-

Fig. 2 SCC curve. HITS-CLIP reported miRNA binding sites were ranked according 

to mRNA expression levels and divided into sliding windows. In each window, we 

calculated the SCC between MIROR-predicted and HITS-CLIP-measured miRNA 

binding intensity (red curve). Same calculation was done between binding site 

abundance (mRNA expression levels) and HITS-CLIP intensity. 

Page 4 of 8Molecular BioSystems

M
ol

ec
ul

ar
B

io
S

ys
te

m
s

A
cc

ep
te

d
M

an
us

cr
ip

t



Molecular BioSystems METHOD 

This journal is © The Royal Society of Chemistry [Year] Mol. BioSyst., [Year], XX, XX-XX | 5 

mRNA-Ago complex and performs RNA-seq to read out the 

corresponding miRNA and mRNA species, have been applied 

to identify miRNA binding sites in different cell types20, 23. 

Sequencing reads from HITS-CLIP experiments cluster at 

miRNA target sites and reads abundance correlates with the 

relative concentration of miRNA-mRNA duplex. Thus, HITS-

CLIP data could serve as a benchmark to validate our model. 

We chose the data set of mouse brain tissue20, since 

corresponding mRNA and miRNA expression data were also 

available. 

In order to evaluate the performance of MIROR, we compared 

the predicted number of miRNAs bound to target sites with 

HITS-CLIP miRNA binding profile. The Spearman Correlation 

Coefficient (SCC) between prediction and HITS-CLIP data was 

0.39 (P value < 2.2×10-16). To normalize the effect of binding 

site abundance and present the performance of MIROR in 

higher resolution, we ranked the target sites according to 

mRNA expression levels, divided them into sliding windows 

and calculated the SCC between predicted and HITS-CLIP 

miRNA binding intensities in each window  (Fig 2). The height 

of SCC curve by comparing the MIROR prediction with HITS-

CLIP data evidently surpassed that of binding sites abundance 

with HITS-CLIP profile (Fig 2). 

Since this performance evaluation would be limited by the 

consistency of experimental replicates, we also analyzed the 

correlation of the five replicates in this dataset  (Fig S1 a, b). 

For each replicate, we pooled the other four replicates as a 

whole and compared the single replicate with the pooled results. 

As shown in Fig S1a, our predictions achieved over 70% of the 

average SCC of the best experimental replicate. This result 

indicates that MIROR could effectively predict the quantitative 

nature of miRNA regulation. 

We also tested whether the result was biased by the input 

putative target set. We used the parameters trained by 

TargetScan predictions, and the PITA predicted miRNA-

mRNA pairs as the input for MIROR. The SCC between 

MIROR predictions and HITS-CLIP profile was 0.35, which is 

comparable to the results of using TargetScan prediction set as 

the input.  

MIROR Predictions Indicated Significant Differential miRNA 

Regulations in Breast Cancer Cells 

It has been reported that miRNAs play an important role in 

tumor generation and progression. Several studies indicated that 

some miRNAs could act as oncogenes or tumor suppressors 

through the interaction with target genes. Here we applied 

MIROR to The Cancer Genome Atlas (TCGA) breast invasive 

carcinoma dataset to predict the prominent miRNA-target pairs 

between tumor and normal samples. We predicted miRNA 

occupancy rates for each miRNA-target pair in cancer and 

normal samples respectively. For each miRNA-target pair, we 

generated two twenty-bin histograms of the occupancy rate 

(one for normal samples, one for cancer samples) and 

performed histogram based KS test (Frank Porter, 2008) to 

examine the consistency of the OC distribution between the 

normal and the cancer samples. The pairs with significant OC 

distribution changes may indicate a general trend of differential 

miRNA regulation between cancer and normal (Fig 3). We 

ranked these pairs according to their FDR24 of the test of 

occupancy rate changes. The largest FDR of top 10000 pairs 

(~4% of all putative pairs) was 2.39e-3, suggesting 

considerable difference between the miRNA-mRNA interaction 

maps of normal and tumor tissues. Among these top pairs, we 

found a number of well-known breast cancer related miRNA-

mRNA pairs (Fig 3). For example, previous work showed that 

the regulation of oncomir miR-155 on tumor suppressor gene 

TCF4 was strongly associated with breast cancer formation25, 

26; miR-26a has been reported to antagonize human breast 

carcinogenesis by targeting MTDH27; miR-200c can repress the 

epithelial-to-mesenchymal transition (EMT) in breast cancer by 

targeting ZEB128, 29. MIROR predicted that three miRNA 

families, mir-8 (including miR-141, miR-200a/b/c and miR-

429), let-7 and mir-182 dominate the top OC change pairs by 

taking up about 3000 in the top 4000 pairs (Supplementary Fig 

S3). These three families were extensively studied tumor 

suppressors of breast cancer30-32. We also analyzed the miRNAs 

included in the top 10000 pairs by ranking them according to 

their target pair occurrence. All of the Top 20 miRNAs 

(Supplementary Table S2) were reported to be breast cancer 

related33-35. 

MIROR Effectively Predicted Breast-Cancer-Related miRNA-

target pairs 

One important task of bioinformatics tools is to infer key 

molecules that are biologically relevant. In the field of miRNA 

Fig. 3 Example of miRNA occupancy rate changes of a few known breast cancer 

related miRNA-mRNA pairs. 
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research, several approaches can be applied for the purpose of 

predicting critical miRNA-mRNA pairs in given biological 

processes, using both miRNA and mRNA expression data, for 

example, the Bayesian network based method GeneMiR++14, 

the regression based method TaLasso13 and the integrative 

method Magia15. In this study, we set out to infer breast-cancer-

related miRNAs and mRNAs based on MIROR-predicted 

miRNA occupancy changes. We also applied other methods to 

analyze the TCGA breast invasive carcinoma dataset and 

compared their performance with MIROR. For the sake of 

fairness, we chose TargetScan predicted pairs (272,534) as the 

candidate set of miRNA-target pairs for all approaches. We 

collected breast cancer related miRNA-target pairs from five 

review papers as the positive set36-40. These reviews included 

133 miRNA-mRNA pairs, 78 of which were included in 

TargetScan predictions. We ranked predicted miRNA-mRNA 

pairs of each method according to the statistical significance 

and examined the occurrence of the 78 reported pairs. Among 

the top 10,000 predictions (top ~4%), MIROR predictions hit 

31 reported pairs (P value 1.65e-25, Hypergeometric test), 

while Magia hit 20, GenMiR++ hit 15, and TALASSO hit 13 

reported pairs (Fig 4). A detailed comparision of the number of 

hits in top 100, 500, 1000, 2000, 5000 predicted pairs were 

listed in Supplementary Table S4. These results indicated that 

the MIROR could effectively enrich breast-cancer-related 

miRNA-mRNA interaction pairs and provide a more reliable 

candidate list for further studies.  

Another advantage of MIROR is its capability of identifying 

potential cancer-related miRNAs-mRNAs interactions without 

significant mRNA expression changes. These pairs might be 

neglected by other methods, such as Magia and TaLasso, which 

are based on the assumption that significant interactions should 

notably affect the amount of target mRNAs. In the TCGA 

breast cancer dataset, we identified 5,762 pairs with mRNA 

fold change < 1.5 in the top 10,000 predictions. Among these 

pairs, we found the well-known oncogene ETS1 and tumor 

suppressor miRNA miR-125b (Fig 3d). Previous work showed 

that ETS1 was targeted by miR-125b but the regulation was 

only reflected at translational level25. This suggests that there 

are a number of functional miRNA-target regulations without 

significant alteration in mRNA level, which would be missed 

by previous methods could be identified by MIROR. 

Discussion 

The miRNA-directed gene regulation system is highly dynamic 

and is cell type specific. However, most existing algorithms 

predict miRNA binding regardless of cellular environment. In 

this work, we tried to model the process of mRNAs competing 

for miRNAs and to predict miRNA occupancy rates in a cell-

type specific manner. Based on the assumption of 

thermodynamic equilibrium, this model considered the 

influence of relative abundance of miRNA and mRNA and the 

competition between target sites. The output of this model is 

the predicted miRNA occupancy rate, which is a quantitative 

measurement of miRNA regulatory intensity. Predicted results 

were consistent with the HITS-CLIP experiment results. Based 

on the predicted occupancy rates, we proposed a new strategy 

for the discovery of cancer related miRNAs and target mRNAs: 

to find miRNA-target pairs with significant occupancy rate 

changes between cancer and matched-normal tissue samples. 

We presented an example of this kind of application on the 

TCGA breast cancer dataset. Comparing with three existing 

algorithms, MIROR showed higher sensitivity in discovering 

literature-supported breast cancer related miRNA-mRNA pairs.  

Accurate description of the miRNA-mRNA interaction network 

is an important but challenging task. In this study and many 

others of the similar kind, a set of pre-defined miRNA-target 

pairs need to be provided in the first place. Usually this set is 

predicted by sequence-based algorithm, like TargetScan, PITA, 

PicTar, etc. In this paper, we used the target set predicted by 

TargetScan as input set. A comparison between TargetScan 

prediction and HITS-CLIP miRNA binding map showed that 

the overlap between these two sets were 1,321 miRNA binding 

sites, which was about one third of the total number of HITS-

CLIP supported sites. We expect that collecting a more 

comprehensive and reliable putative miRNA-mRNA interaction 

set should be able to further improve the performance of 

MIROR.   

In our model, the relative abundance between mRNA and 

miRNA is a key parameter that affects the predicted result 

Fig. 4 Literature supported pairs in top predictions. miRNA-mRNA pairs reported 

by four methods were ranked according to FDR (Competition model, Magia) or 

algorithm-defined scores (TaLasso, GenMiR++). Top 10000 predictions were 

shown in the figure. X-axis shows the rank of reported pairs and y-axis shows the 

number of hits with breast cancer related pairs from five review papers, for each 

method. 
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(Supplementary Table S1). We did parameter fitting for the 

ratio of total amounts of miRNA and target sites, so that the 

predicted miRNA occupancy best fitted the HITS-CLIP data. 

We used this ratio as the default parameter of our program and 

showed that it performed well when using different miRNA 

prediction algorithms as the input data. However, as we 

couldn’t find other Ago HITS-CLIP data sets with matched 

mRNA and miRNA expression data to test our model, it’s 

possible that this ratio may not best fit some other cell types. 

But a recent work indicated that the total miRNA/mRNA ratio 

is roughly consistent across species: in mouse and in fruit fly, 

the number of additional miRNA biding sites needed to dilute 

miRNA repression effect to 50% was similar22. In the near 

future, we are trying to use a synthetic biology approach to 

build a system where relative amount of miRNA and mRNA 

will be experimentally measured. In this system, miRNA 

regulation will be measured under different conditions so that 

we can construct a function that determines the miRNA binding 

process. 

Studying miRNA regulation in a quantitative and systematic 

manner is a necessary step towards deepening our 

understanding of the miRNA regulatory system 16, 19. Recently, 

Coronnello et al. also proposed a thermodynamic model named 

ComiR, 41 to predict the miRNA binding probability of a 

mRNA in a specific cell type. The major difference between 

our model and theirs is: (1) we considered both miRNA and 

mRNA expression levels while ComiR only considered miRNA 

expression levels; (2) our model considered the experimental 

validated ceRNA effect, but ComiR assumed independence 

between each miRNA-mRNA binding process. We didn’t 

included ComiR in our comparison as it was implemented as an 

online service that did not allow the large amount of calculation 

for TCGA breast cancer data analysis. 

There are several possible ways to further improve miRNA 

occupancy rate prediction. First, alternative splicing can result 

in 3’ UTRs with variable lengths. The percentage of isoforms 

with different 3’ UTRs can change with cell types, which may 

affect the competitiveness for miRNA binding of mRNAs. 

Second, we currently only consider target sites provided by 

sequence feature based miRNA target prediction algorithms 

(e.g. TargetScan). These algorithms usually neglect ncRNAs 

such as pseudogene transcripts and circular RNAs, which have 

been shown to modulate miRNA regulation18, 42. Third, mRNAs 

may interact with RNA binding proteins and change the 

property of the miRNA target sites (e.g. the PUF protein43). 

With the development of techniques, like RIP-seq etc, the 

influence of other mRNA binding proteins could be considered, 

which may in turn explain the false positive prediction of 

current algorithms.  

Conclusions 

Taken together, we see MIROR as a progress towards the goal 

of comprehensively describing cell status and unraveling the 

mechanism of miRNA regulation in a quantitative way. This 

may be especially important in the study of the mechanisms of 

cell differentiation and different disease. 
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