In uction

Sequence complementarity is crucial for the recognition between
microRNAs and their target mRNAs, and thus most algorithms
that predict microRNA targets are based on sequence
complementarily [1,2]. To eliminate false positives, in microRNA-
MRNA predictions[3], mMRNA and microRNA expression profiles
were combined with sequence-based predictions, to filter out
reliable microRNA-mRNA interactions; the rationale being that
the highly expressed microRNAs may repress the expression of
target mMRNAs. However, recent experiments have shown that
the expression of target mMRNAS can vary greatly, due to different
mechanisms of post-transcriptional regulation by microRNAs, I.e.
either by degradation or translational repression [4]. Thus, using
microRNA and mRNA expression data alone is only suitable for
identifying targets that are targeted for degradation, while the
MRNA targets regulated via translational repression without
degradation will not be detected.

Since microRNAs usually suppress protein synthesis of their
targeted mRNAs, regardless of the regulatory mechanisms, the
protein abundance of their targets should always be low, with the
MRNA expression possibly indicating how the targets are
regulated by the microRNAs. Here, we describe a model to
search for reliable microRNA-mRNA interactions, in which highly
expressed microRNAs are coupled with gene targets whose
protein abundance Is low. After identifying a set of high confident
Interactions, we then trace back to the mRNA expression of each
target to investigate the mechanisms of their post-transcriptional
regulation (Figure 1).
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Figure 1. Flowchart depicting the steps in the model

Data compilation

The microRNA expression data were from [5], mMRNA
expression data were from [6], and proteomics data were from
[7]. Among 4,768 mouse proteins, 1,677 were mapped to the
non-redundant transcripts in [/]. We started with a set of
21,712 putative microRNA-gene predictions from TargetScan
[2], invloving 1,404 transcripts/proteins and 75 microRNAs. Our
goal Is to select a subset of highly confident predictions with
low protein abundance and high microRNA expression. Since
we have little prior knowledge about the true microRNA-gene
targets, we built a probabilistic model to rank the putative
microRNA-gene predictions.
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Model Con

To identify reliable microRNA-mRNA interactions, we used the negative
binomial distribution to model the proteomics data, and used binary latent
indicator variables ¢;; to represent whether or not microRNA I regulates
MRNA |, and then we used Bayesian negative binomial regression to
associate mRNA protein abundance with microRNA expression.

Having first identified microRNA-mRNA interactions with the highest
confidence, we then further investigated their probability of being
regulated via degradation. Conditioned on ¢;; =1, we further introduced a
new binary latent variable b; ; to indicate whether or not microRNA |
regulates mMRNA | through degradatlon. Then we used Bayesian logistic

regression to regress the mRNA low expression probabilities based on Forany mRNA T in tissue ¢,
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their regulating microRNA expressions. So that b;;s between the 12

MRNAs with low expression and the microRNAs with high expression are i=12

MRNAs with high expression and microRNAs with high expression are
more likely to be set to O, implying translational repression (Figure 2). We
used Gibbs sampling to make inference from the posterior distributions
after 15,000 iterations.
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Figure 2. Graphic representation of the model. Blue
nodes represent observed data, red nodes represent
latent variables we are interested in, and black nodes

are the parameters of the model.

Model Checking
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Figure 3. As a general trend, the microRNA-gene predictions with
high confidence usually have low protein abundance and high miR
expression

For all the 21,712 putative microRNA-gene predictions, our model assigned
confidence scores (Figure 3). Since the confidence scores only have
comparative meaning, we then grouped the predictions into 44 bins, and each
bin consisting of 500 ranked interactions. A decrease In microRNA-gene
prediction confidence had a corresponding Iincrease In protein abundance,
which demonstrates the effectiveness of our model.

The top ranked predictions have higher posterior probability to be true
Interactions as they all have low protein abundance and high microRNA
expression.. The intermediate confident predictions have relatively low protein
abundance and low microRNA expression, and the least confident predictions
have high protein abundance and high microRNA expression.
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Figure 4. Blind tests on proteomics data in kidney and placenta

We applied our predictions to the proteomics data in kidney and placenta, which are
not used for training the model, similarly, top ranked predictions also have the lowest
protein abundance
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Figure 5 (A)
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® As shown in Figure 5(A), the mRNA expression for the top ranked predictions fluctuates greatly, implying microRNAs may
regulate their targets through different mechanisms.

® We selected the top ranked 5,000 microR
expression profiles.

NA-gene interactions as reliable predictions, and then traced back their mRNA

® After Bayesian learning, we assigned the degradation confidence score to each microRNA-mRNA interaction, and grouped the

ranked predictions into 50 bins.

® As shown in Figure 5(B,C), the top ranked interactions have the highest microRNA expression and the lowest mRNA
expression, suggesting those microRNAs be more likely to regulate the mRNAs through degradation.

¢ As shown in Figure 5(B,D), the microRNA expression of the bottom ranked interactions is high and their targets are also highly
expressed, suggesting those microRNAs be more likely to regulate the mRNAs through translational repression.
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