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Beyond Sequence: A Novel Image-Based Model for
MicroRNA Target Prediction
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Abstract—MicroRNAs are small non-coding RNAs that reg-
ulate gene expressions in plants and animals. They bind to a
gene and stop the process of protein synthesis from the targeted
gene. They, through this process, control cell activities such as
proliferation, differentiation, and death rate.

To understand the functionality of a microRNA, we need
to know the targets of the microRNA. Often biologists do in
vivo experiments to identify microRNA’s targets. However, these
experiments are expensive, time-consuming, and limited.

In the last two decades, bioinformaticians have developed
countless computational models that predict a microRNA’s target
based on sequence information. But these models mainly suffer
from high false positive rates and mediocre recall rates, due
to incomplete understanding of the mechanism of microRNA
targeting.

In this paper, we propose the Base Pair Probability Image
(BPPI) model; a novel approach that converts a microRNA
target prediction question into an image detection problem.
We create an image for each pair of microRNA and target
(or non-target) sequences, where the pixel values represent the
probabilities of interactions between nucleotides from the two
sequences. Then, we use a deep learning model to detect images
depicting a microRNA and its target. Our model outperforms
several widely used microRNA target prediction software tools,
such as miRanda and RNAhybrid. This work has the potential
to be used by biologists to shortlist potential microRNA targets
for further verification through in vivo experiments.

Index Terms—Artificial Intelligence, Predictive Model, Mi-
croRNA, Machine Learning, Image Classification

I. INTRODUCTION

MicroRNAs are tiny RNA sequences with variable lengths
between 19 to 24 nucleotides [1]. They regulate gene expres-
sion through two main mechanisms: 1) binding to the 3'un-
translated region (3'-UTR) of mRNA sequences and stopping
the ribosome translation. This process is called gene silencing
or gene downregulation [2]. 2) Eliminating an mRNA that is
no longer needed or when it has abnormal features. The latter
one is used in bacteria [3].

MicroRNAs regulate several cell activities such as develop-
mental timing, cell differentiation, death rate, etc. Dysfunction
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of microRNAs could cause various diseases, including cancer,
neurodegenerative disorders [4], and an increasing number
of genetic diseases [5]. MicroRNAs’ ability to regulate gene
expression makes them promising tools for cancer treatment
and drug design. MicroRNAs can serve as biomarkers for early
cancer detection; their expression patterns in various cancers
offer crucial insights into the stage and aggressiveness of
the disease, facilitating personalized treatment planning [6].
Currently, it is estimated that the human body has roughly
2200 microRNAs and around 20,000 to 25,000 genes, but
only a small fraction of genes is expressed in a given cell.
MicroRNAs are believed to regulate about 30% of gene ex-
pressions in humans. [7] Given the great potential of microR-
NAs and their significant roles in cellular activities and gene
expression, researchers are eager to know the functionality of
microRNAs. Discovering the functionality of each microRNA
is challenging for several reasons: 1)The same microRNA
can target different mRNAs in different cell types or under
different conditions. 2) MicroRNAs can interact with other
microRNAs or proteins and affect the expression of a gene
that they do not necessarily bind to. [8] 3) Current microRNA
target prediction algorithms often have high false positive
rates. [9] 4) Experimental methods of target discovery or target
validation are slow and costly.

In this work, we introduce a new Artificial Intelligence
(AI) based and data-driven method for accurate prediction
of human microRNA targets. This method consists of two
novel components: We create an image of possible interactions
between a microRNA and its target, and then we train a Deep
Neural Network (DNN) on the images of microRNAs and
their experimentally validated targets. We demonstrate that
these approaches make it possible to predict microRNA targets
with a performance exceeding the state-of-the-art methods by
a large margin.
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II. DATA SET

The effectiveness of data-driven techniques is highly depen-
dent on the data’s quality. To create the most precise models
and the most realistic assessments, we gathered our data from
mirTarBase [10], one of the most up-to-date datasets and the
most frequently cited resource for microRNA target prediction
research. Notably, mirTarBase contains over 360,000 exper-
imentally verified microRNA-target pairs from 18 different
species. We are primarily interested in building and evaluating
our machine learning method using human data.

We extracted human microRNA and 3'-UTR of mRNA
gene sequences with experimentally known structures from
mirTarBase. MirTarBase has a huge number of computation-
ally discovered target genes. We only extracted experimentally
validated samples to make our model to be completely clear
from being biased toward the computational methods used by
other researchers.

In mirTarBase, for each pair of a microRNA and the 3'-UTR
of the targeted mRNA gene, there is a specific location, called
the target site, that the microRNA binds to. We chose the target
site as a positive sample for the microRNA and we fixed its
length to 25 nucleotides. However, negative samples were not
readily available in mirTarBase. In theory, any sequence of
appropriate length within the 3'-UTR of a targeted mRNA
gene that is not the actual target site can be considered a
negative target for the corresponding microRNA. For each
positive sample, we randomly selected ten locations within the
3'-UTR of a targeted mRNA gene to obtain negative samples at
a ratio of ten to one. Each sample consists of a 22-nucleotide
microRNA sequence and a 25-nucleotide site sequence that
represents the actual target site for positive samples or a non-
target site for negative samples.

A. Test set and Training set

For our experiments we divided our data into two sets; a
training set (80%) and a test set (20%). The human data we
extracted from mirTarBase contained 322 distinct microRNAs,
3651 target site sequences, and 3722 pairs of microRNAs
and target sites. On average, each microRNA had more than
ten target sites. Selecting test set samples randomly from the
entire database would likely result in a significant overlap of
microRNAs between the test and training sets. To prevent
such overlaps and ensure the independence of the test set,
we indexed microRNA-target site pairs based on microRNA
sequences. Additionally, to create a test set with a distribution
similar to that of the entire dataset, we sorted samples by
microRNA sequence. We then included four consecutive mi-
croRNA sequences (based on the sorting order) and all their
target and non-target sites in the training set, followed by one
microRNA sequence and all its targets and non-targets in the
test set, and so on. This approach ensured that the test set and
training set had no overlaps in terms of microRNA sequences
and that the test set’s distribution closely resembled that of the
entire dataset. Both test sets and training sets maintained a 1:10
ratio of positive to negative samples. The test set comprised
6127 samples (557 positives and 5570 negatives).

III. MODEL AND METHODS

A. Computing probability of canonical base pairs in RNA
molecules

RNA sequences are composed of four nucleotides: ade-
nine (A), cytosine (C), guanine (G), and uracil (U). These
nucleotides, which for the rest of the paper we demonstrate
as A, C, G, and U, bind to each other and form base pairs.
The most common types of base pairs so-called canonical
base pairs are AU, CG, GU, and vice versa. To compute
the probability of different base pairs we went through the
following procedure: 1) We extracted ribosomal RNA or rRNA
molecule structures as Protein Data Bank (PDB) files from
RCSB.org [11]. The reason we chose rRNAs is because they
are a class of long none coding RNAs that share intriguing
connections with microRNAs in regulating gene expression
[12]. Moreover, they are well studied and their structure data
is widely available [11, 13], while the structural bindings of
microRNAs to mRNAs remain poorly understood, with limited
data on their interactions. The data we collected contains
139 various-sized and single-chain molecules. 2) As shown in
Figure 1, we used x3DNA-DSSR software [14] to extract the
secondary structure of rRNA molecules. Secondary structures
are composed of canonical base pairs. None canonical base
pairs are not provided in secondary structures. We calculated
their frequencies and computed the probability of different
base pairs. The results were P(AU or UA) = 0.21, P(CG or
GC) = 0.67, and P(GU or UG) = 0.12.

rRNA PBDs
Dataset - ~
J ’ Secondary
KADNA-DSSR ||~ Structure of
rRNAs
Software L )
’ !
4 )
Calculating
Probabilities
AU, UA=0.21
CG, GA=0.67
GU, UG =0.12
J

Fig. 1. We extracted 139 single chain and various size rRNA molecules
PDB files from RCSB.org and used x3DNA-DSSR to extract the secondary
structure of molecules. We counted base pairs in the structures and computed
the probabilities of different canonical base pairs as shown in the figure.

B. Creating image of a microRNA and its target interactions

For each pair of a microRNA sequence and target (or non-
target) sequence, we create a probabilistic image. The image
dimensions are length of microRNA by length of target, i.e. 22
by 25 pixels. The value of the pixel at row i and column j is
equal to the probability of base pairing between nucleotides at
index i of the microRNA sequence and at index j of the target
(or non-target) sequence. The process is shown in Figure 2.
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Fig. 2. We create an image for a pair of microRNA and target candidate
sequences. Each image pixel value is the probability of a base pair between
the corresponding nucleotides of the two sequences.

IV. BASE PAIR PROBABILITY IMAGE (BPPI) MODEL

At the core of our method lies a Deep Neural Network
(DNN) that detects images of microRNAs and their targets.
The image is converted into a one dimentional vector of values
by appending its rows. This vector then serves as the input for
the DNN model; the output, or label, is 1 if the image depicts
a microRNA and its target, and is O if it shows a microRNA
and a non-target.

Our DNN comprises four layers: input, output, and two
hidden layers. The number of nodes in the input and two
hidden layers equals the size of the input vector, which is
22 x 25 = 550. The output layer has one node for the label.
The input layer kernel_initializer parameter is set to "uniform’,
and activation function in layers one to three is 'relu’, and the
last layer’s activation function is ’sigmoid’.

The process of converting microRNA and target sequences
to images and train a DNN on the images is shown in Figure
3. We trained DNN with epoch parameter 5 and batch size
value 100.

[ MicroRNA Sequence

ACAUUUGGUACUACACGACGAU
AGUCUGGCUCUGUUCACGUUAC
UGUCCAAUUUCCCAGAGUCCCU
AGUUGUAGUCAGACUAUUCGAU
AUUGGCUAAAGUCUACCACGAU

‘Target/Non-Target Sequence
ACAUUUGGUACUACACGACGAU
AGUCUGGCUCUGUUCACGUUAC
UGUCCAAUUUCCCAGAGUCCCU
AGUUGUAGUCAGACUAUUCGAU
AUUGGCUAAAGUCUACCACGAU
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Fig. 3. BPPI Model: For our dataset of microRNA and target candidate
sequences, for each pair of a microRNA and a target, we create images as
shown in Fig. 2. We build and train a DNN for the dataset of images. For a
new pair of microRNA and target candidate, or an unseen sample, we follow
the same procedure to create their image, then the trained DNN predicts if
the candidate sequence is a target for the microRNA.

V. RESULTS

To have a comprehensive comparison of our model versus
other methods, we selected two bioinformatics tools that are
widely used for microRNA target prediction and two machine

learning algorithms; RandomForest and LinearRegression. The
two state-of-the-art bioinformatics target prediction algorithms
are miRanda[15] and RNAhybrid[16]. We selected these meth-
ods based on the criteria that are mentioned in the Discussion
section.

We measured the performance of the aforementioned meth-
ods and ours in terms of precision, recall and specificity.
Two common plots to compare the performance of a binary
classifier, which distinguish positive samples from negatives,
are Precision-Recall (PR) and Receiver Operating Character-
istic (ROC) curves. For each curve, a higher line indicates a
superior performance for the classifier.

Figure 4 shows PR and ROC curves for our model versus
the other methods. In the figure, our model is labeled as
BPPIL. BPPI outperforms other methods by a clear margin
in both metrics. This is largely due to the fact that we
incorporated rRNA base pair probabilities into an image of a
microRNA and its target pair. The closest competitors to BPPI
are RandomForest and RNAhybrid. Random Forest classifier is
a powerful machine learning algorithm that excels at tackling
classification problems. It has been widely used in gene
expression analysis, and we were not surprised that it came
second in the competition. Third place goes to RNAhybrid,
a powerful microRNA target prediction method designed by
bioinformaticians and validated by biologists. RNAhybrid uses
a variety of biological rules governing sequence-to-sequence
bindings, such as sequence complementarity, structural motifs,
and the thermodynamics of microRNA and gene binding, to
detect targets. Linear Regression model performs the worst but
still outperforms a random baseline classifier. This indicates
that the majority of interactions between microRNAs and
targets cannot be accurately modeled by a linear function.

Bioinformatics software miRanda has a mediocre perfor-
mance and it is because this algorithm uses factors such as
the number and location of base pairs and the Minimum Free
Energy (MFE) of a target and microRNA binding. There are
several studies suggesting that the binding between microRNA
and target may not necessarily be the least free energy binding
location in a targeted gene [17].

We believe that, for our analysis, the PR curve is a more
appropriate comparison method, because in our test set the
ratio of positives to negatives is 1 to 10, and PR curve is
robust even in case of very imbalanced test sets.

To quantitatively compare methods with PR and ROC
curves, researchers often compute the area under them. The
area under the PR curve is denoted by AUPRC and the
area under the ROC curve is abbreviated as AUC. A perfect
classifier has an AUC and AUPRC of 1. A baseline random
classifier has AUC = 0.5 but its AUPRC depends on the ratio
of positive samples to the total number of samples; AUPRC
= (Number of positive samples) / (Total number of samples).
In our test sets, we have one positive sample per ten negative
samples; therefore, a random classifier has AUPRC 1/11 =
0.09. Table I compares the performance of BPPI with the other
methods based on AUPRC and AUC. BPPI with AUPRC of
0.71 and AUC of 0.92 outperformes other methods again.
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Fig. 4. The PR and ROC curves visualize the performance of our model BPPI
to both bioinformatics target prediction algorithms like miRanda and RNAhy-
brid, and widely used classifiers like RandomForest and LinearRegression
algorithms.

One of the issues with computational methods for mi-
croRNA target prediction is having a high false positive rate.
For a binary classifier false positive rate and recall ratio
depends on the threshold value we choose to classify samples
either as positive or negative. As shown in table II, with
Treshold value 0.11 we achived a decent balance of false
positive and recall percentages, 10% and 80% respectively.
For the other methods we chose two threshold values; one
to have a false positive rate close to that of BPPI, i.e. 10%,
and the other to achieve a recall percentage close to 80%. The
results in the table show that in the other methods cannot have
both low false positive and high recall percentages at the same
time.

VI. DISCUSSION

Over the past 20 years, many algorithms have been devel-
oped to predict microRNA targets. These algorithms vary in

TABLE I
COMPARISON OF BPPI AND OTHER METHODS BY AREA UNDER PR AND
ROC CURVES.

AUPRC | AUC
BPPI 0.71 0.92
miRanda 0.31 0.73
RNAhybrid 0.51 0.88
RandomForest 0.57 0.88
LinearRegression | 0.16 0.68
Random classifier | 0.09 0.50

TABLE 11

COMPARISON OF BPPI AND OTHER METHODS BY FALSE POSITIVE AND
RECALL PERCENTAGES.

Threshold | False Positive | Recall
BPPI 0.11 10% 80%
miRanda 0.58 11% 42%
0.41 53% 80%
. 0.54 10% 66%
RNAhybrid 047 2% 80%
0.17 11% 71%
RandomForest 015 9% 3%
LinearResression |07 1% 27%
! SIESSION 5709 54% 79%

the information they use, their accessibility, whether they are
based on rules or data, and their underlying principles. To
compare our method fairly with the best existing methods,
we studied several well-known tools, such as TargetScan [18],
TarPmiR [19], miRBase [20], DIANA-microT [21], miRanda,
miTarget [22], RNAhybrid, Avishka [23], TargetSpy [24],
miRWalk [25], and miRanda-mirSVR [26].

Several of these algorithms incorporate additional informa-
tion beyond microRNA and target sequences, such as sequence
conservation across species, conserved or non-conserved mi-
croRNA family, and miRBase annotation. This makes compar-
ing our model, which relies solely on sequence information, to
some methods technically impractical due to missing data. Ad-
ditionally, some algorithms lack publicly available source code
or executable files, making them accessible only through web
interfaces, which are unsuitable for submitting large test sets
like ours. Furthermore, some methods differ fundamentally in
their functionality. For example, TarPmiR identifies multiple
targets for a single microRNA across an entire mRNA, while
our model focuses on prediction of binding between a specific
microRNA and target site sequence. Considering these factors,
we chose miRanda and RNAhybrid algorithms. These rule-
based methods rely on established principles of microRNA
targeting, such as quantity and the location of base pairs,
minimum free energy of the binding, and stability of the sec-
ondary structure, which have proven to be reliable performance
metrics. As a result, miRanda and RNAhybrid remain widely
used, both independently and as core components of other
algorithms.

VII. CONCLUSION

MicroRNAs are small non-coding RNA sequences that play
a crucial role in gene expression in a variety of organisms, such
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as plants, animals, and viruses. These sequences participate in
important cellular activities, including developmental timing,
cell differentiation, and death rate. MicroRNAs function by
targeting and binding to specific genes and regulating the
protein synthesis of the genes. Biologists want to know the
function of each microRNA, which requires identifying its tar-
gets. However, the experimental process of finding microRNA
targets is costly and time-consuming.

This paper presents a novel method of microRNA target
prediction. It creates an image for each pair of microRNA
and a target candidate. The image dimensions correspond to
the lengths of the microRNA and target candidate. Pixel values
represent the probabilities of base pairing between nucleotides
of the microRNA and the target candidate, calculated from a
large dataset of rRNA molecules. We chose rRNAs because
they are one of the most conserved RNA families and represent
the most abundant type of RNA. Notably, they are essential
for protein synthesis and share functional connections with
microRNAs.

We trained a Deep Learning model on these images to
detect a microRNA’s targets from non-targets. To train and
test our Deep Learning model, we collected microRNAs and
their targeted genes from mirTarBase, the most cited database
of experimentally validated microRNA targets.

Our results demonstrate the effectiveness of this approach,
as our model significantly outperforms existing target predic-
tion tools. While most current tools compromise either on
false positive rate or recall percentage, our method offers
an 80% recall rate with a very low false positive rate of
10%. In addition, our work shows that many microRNA and
target pairs do not exhibit the least free energy bindings. This
finding explains the mediocre performance of some energy-
based algorithms like miRanda on diverse and experimentally
validated datasets.

Our model empowers biologists to explore a broader range
of candidate targets for microRNAs before resorting to in vivo
verification.
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