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A ROBUST DEEP-LEARNING-BASED DETECTOR FOR  

PRE-MIRNA CLASSIFICATION 

ABSTRACT 

MiRNA (or MicroRNA) is a tiny, single-stranded, and non-coding RNA structure of 

roughly 20-22 nucleotides. Findings from biological research indicate that it plays a 

regulatory role in a wide range of endogenous processes.  

In computational biology, classifying mature miRNA is not efficient since its short 

length and limited features. Thus, scientists are using precursor miRNAs with longer 

sequences and more structural features. Pre-miRNAs can be grouped as mirtrons and 

canonical miRNAs. The main differences come from their biogenesis process. In 

contrast to canonical miRNAs, mirtrons are less conserved. And also it is not easier 

to be identified. The conventional machine-learning-based pre-miRNA classification 

methods depend on manual feature extraction. Besides, they rely on either structure 

of sequence or structure of spatial of pre-miRNAs.  

In this dissertation, we propose a hybrid deep learning method based on the 

convolutional neural networks and long-short term memory networks to overcome 

the limitations of previously developed machine learning methods and obtain robust 

results. According in 95 percent confidence 

interval, 

Coefficient. Therefore, the prediction resulted in the best for accuracy (2.51 percent), 

F1 Score (1.00 percent), and Matthews Correlation Coefficient (2.43 percent) when 

compared to the closest results. In addition, the average of sensitivity has the highest 

value as Linear Discriminant Analysis. The results show that the hybrid CNN-LSTM 

networks can be employed to get higher prediction performance for pre-miRNA 

classification.  

Keywords: Mirtron, canonical miRNA, pre-miRNA classification, convolutional 

neural networks, long short-term memory 
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MiRNA (or MicroRNA) is a tiny, single-stranded, and non-coding RNA structure of 

roughly 20-24 nucleotides[1]. Findings from biological research indicate that it plays 

a regulatory role in a wide range of endogenous processes. To explain briefly, they 

bind to the  untranslated region (UTR),  coding sequence,  of target 

messenger RNA (mRNA) post-transcriptionally [2,3]. Therefore, they infer the 

translation process and alter or prevent the presence of the protein product that 

should normally be produced[4].  That regulatory role of the miRNA shows that the 

identification and classification of miRNAs are fundamental problems in 

computational biology.    

Comprehensive databases are being built with newly discovered miRNA sequences. 

These databases contain both miRNA sequences and annotations. The most popular 

one, the miRBase (v22) database [5], includes 38,589 hairpin precursors and 48,860 

mature microRNAs from 271 organisms such as humans, flies, mice, and worms. 

Besides, the database has 1,917 hairpin precursors and 2,654 mature miRNA 

sequences in the human category [5]. Although this number is small, it has an 

important place in scientific research. Because recent studies show that miRNAs 

control approximately 33% of all protein-  [6]. 

This ratio is a significant indicator of how critical these short sequences are in 

biological processes. Additionally, many studies reveal that miRNAs are associated 

with plenty of human diseases such as cancer, cardiovascular diseases, or 

autoimmune diseases [7,8,17 26,9,27,28,10 16].  

It is predicted that the expression of miRNA profiling can be a novel diagnostic tool 

in the near future. In that context, Saini et al. [29] argue that a precise understanding 

of the elusive multilevel regulation of miRNA expression is a prerequisite for 

explaining the cause of a wide variety of diseases. Studies show that miRNA offers 

potential targets for both the diagnosis and treatment of many diseases. Moreover, 
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the inclusion of certain miRNA expression profiles as biomarkers could lead to 

significant advances in facilitating disease diagnosis and treatment.  Classification 

and identification of diseases, and monitoring of their prognosis are also the other 

outputs for using those biomarkers [29]. 

When we consider both the roles of miRNAs in protein synthesis and their 

relationship with diseases, the importance of making a classification with high 

accuracy becomes clearer. Besides, due to the correlation between miRNAs and 

different diseases, scientific studies to understand the function and mechanism of 

miRNAs are increasing rapidly [30,31].  

The miRNA biogenesis has different steps and cellular mechanisms. Some of the 

processes occur in the nucleus and others in the cytoplasm. According to the 

biogenesis differences, we can group miRNAs into two categories. The first is 

mirtrons and the second is canonical miRNA [32]. A clear understanding of the 

different biogenesis structures of the miRNA will contribute to more reliable results 

of the current studies and higher accuracy of classification. In addition, it is thought 

that it will have an important place in the development of new tools and databases 

with different features such as disease diagnosis, classification, monitoring, and 

treatment [29]. 

In computational biology, classifying mature miRNA is not efficient since its short 

length (about 22 nucleotides) and limited features. Thus, scientists are using 

precursor miRNAs with longer sequences and more structural features. In contrast to 

canonical miRNAs, mirtrons are less conserved. And also it is not easier to be 

identified [32]. The conventional machine-learning-based pre-miRNA classification 

methods depend on manual feature extraction. Besides, they rely on either structure 

of sequence or structure of spatial of pre-miRNAs.  

 

1.1 A brief history of miRNAs 

The first miRNA sequence is discovered in Caenorhabditis elegans by Ambros and 

 in 1993. They found that the lin-4 was a small non-coding RNA. 
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Interestingly, they discovered that this small sequence was not a protein-coding 

RNA. Moreover, they revealed that the downregulation of LIN-14 protein is crucial 

during the progression of these -L1- to the second larval 

stage -L2-. In addition, a gene, lin-4, has a significant effect on the progress of the 

downregulation of the LIN-14 protein even though it is not an active protein [33 35].  

A couple of years later than the first discovery of lin-4, two separate groups reported 

let-7, the new miRNA (also the 2nd one), in 2000 [36,37]. Studies have shown that 

let-7 includes 21 nucleotides. And it is active in the regulation of timing in transition 

from the 4th stage -L4- to adult Caenorhabditis elegans  larval development[36]. 

Moreover, in recent studies, the homologs of this gene also were discovered in 

humans and several organisms[38]. 

In the years that followed the discovery, studies of cloning large numbers of small, 

noncoding, and approximately 19 to 24 nucleotides in length RNAs from humans, 

flies, and worms were conducted in many laboratories[2]. The discovery of these 

large numbers of small RNAs led to the need for existence to be verified and to store 

them in the online corpus. In 2002, an online database, called miRBase, was 

launched to meet these requirements[39,40]. This database is flexible to use for 

searching any miRNA of selected organisms. For instance, according to the listing 

results of humans, we can select to retrieve detailed information of any sequences 

like hsa-mir-100 has with 80 nucleotides-long-sequence CCUGUUGCCACA 

AACCRCGUAGAUCCGAACUUGUGGUAUUAGUCCGCACAGCUUGUAUCU

AUAGGUAUGGUCUGUUAGG [5].  

Protein synthesis is the basis of living things and has a critical place in vital 

activities. The direct or indirect effects that occur during protein synthesis may have 

consequences that negatively affect the vital activities of the cell.  Recent studies 

reveal that miRNAs control about 33% of all protein-

mammals [6].  

In Table 1.1, arbitrarily selected ten miRNA sequence examples derived from the 

miRBase database are shown [5]. It is clearly understood from the table, the order 
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and number of the sequences of miRNA are the main features that distinguish them 

from each other.  

Table 1.1 miRNA sequence examples from the miRBase database. 

Name  Sequence 

hsa-mir-99a CCCAUUGGCAUAAACCRCGUAGAUCCGAUCUUGUGGUGAAGUG

GACCRGCACAAGCUCGCUUCUAUGGGUCUGUGUCAGUGUG 

hsa-mir-100 CCUGUUGCCACAAACCRCGUAGAUCCGAACUUGUGGUAUUAGU

CCGCACAAGCUUGUAUCUAUAGGUAUGUGUCUGUUAGG 

hsa-mir-101-1 UGCCCUGGCUCAGUUAUCACAGUGCUGAUGCUGUCUAUUCUAA

AGGUACAGUACUGUGAUAACUGAAGGAUGGCA 

hsa-mir-29b-1 CUUCAGGAAGCUGGUUUCAUAUGGUGGUUUAGAUUUAAAUAG

UGAUUGUCUAGCACCRAUUUGAAAUCAGUGUUCUUGGGGG 

hsa-mir-29b-2 CUUCUGGAAGCUGGUUUCACAUGGUGGCUUAGAUUUUUCCAU

CUUUGUAUCUAGCACCRAUUUGAAAUCAGUGUUUUAGGAG 

hsa-mir-103a-2 UUGUGCUUUCAGCUUCUUUACAGUGCUGCCUUGUAGCAUUCAG

GUCAAGCAGCAUUGUACAGGGCUAUGAAAGAACCRA 

hsa-mir-105-1 UGUGCAUCGUGGUCAAAUGCUCAGACUCCUGUGGUGGCUGCUC

AUGCACCRACGGAUGUUUGAGCAUGUGCUACGGUGUCUA 

hsa-mir-105-2 UGUGCAUCGUGGUCAAAUGCUCAGACUCCUGUGGUGGCUGCUU

AUGCACCRACGGAUGUUUGAGCAUGUGCUAUGGUGUCUA 

hsa-mir-106a CCUUGGCCAUGUAAAAGUGCUUACAGUGCAGGUAGCUUUUUG

AGAUCUACUGCAAUGUAAGCACUUCUUACAUUACCRAUGG 

hsa-mir-16-2 GUUCCACUCUAGCAGCACGUAAAUAUUGGCGUAGUGAAAUAU

AUAUUAAACACCRAAUAUUACUGUGCUGCUUUAGUGUGAC 

 

1.2 The biogenesis of miRNAs 

The miRNA biogenesis has different steps and cellular mechanisms. Some of the 

processes occur in the nucleus and others in the cytoplasm. According to the 

biogenesis differences, we can group miRNAs into two categories. The first one is 

mirtrons and the second one is canonical miRNA [32]. 
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A brief overview of the biogenesis of miRNA including steps in the nucleus and 

cytoplasm is illustrated is depicted in Figure 1.1.  

 

Figure 1.1 A brief depiction of the biogenesis of miRNA. 

 

The initial phase in the biogenesis of a miRNA starts with the transcription of 

miRNA genes. In this phase, it forms a primary miRNA (pri-miRNA) hairpin. 

Following the existence of the pri-miRNA, the formation process of the pre-miRNA 

begins [41 43]. 

In Figure 1.2, a brief representation of a Canonical miRNA (A) and a Mirtron (B). is 

illustrated with the structure consisting of stem-loop, terminal-loop, and basal 

segments[44]. 
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Figure 1.2 Representation of a Canonical miRNA (A) and a Mirtron (B). 

 

1.3 Canonical miRNAs 

In the canonical pathway, pre-miRNAs with the hairpin structure are formed by the 

microprocessor complex consisting of DGCR and Drosha by dividing pri-miRNAs in 

the nucleus[45,46]. Then, the pre-miRNAs are produced in the nucleus and then 

transported into the cytoplasm by exportin-5. Following this, pre-miRNAs are 

cleaved in the cytoplasm into small RNA duplexes by different RNase III enzyme 

Dicer and ultimately mature miRNA are produced[47,48]. As a result, The 

biogenesis of the canonical miRNA pathway needs Dicer and Drosha which are two 

different RNaseIII enzymes [49]. 

Mark et. al. [49] conducted a study on these two enzymes in mice. Their study 

reveals that both Dicer and Drosha enzymes are particularly required in canonical 

miRNA biogenesis.  

 



7 

 

 

 

1.4 Mirtrons 

The early discovery of Mirtrons was in Drosophila melanogaster [44]  and 

Caenorhabditis elegans [50]. When their short RNAs were examined, it was revealed 

that they have short introns which have the same size as pre-miRNAs. 

In the mirtron pathway, for bypassing the nuclear enzyme Drosha, it uses splicing to 

produce short pre-miRNA hairpin introns[50,51]. The next steps of those pre-

miRNAs are in the same pathway as canonical miRNAs[52]. Mirtrons can also be 

classified into , 

sequence and structure[51]. Compared to canonical miRNAs, mirtron hairpins and 

small RNAs have numerous distinguishing features[53 55].  

In a study [44], it is investigated that, in Drosophila,  mirtrons generate 

approximately 22 nt regulatory RNAs. And also they proved that the mirtrons  

biogenesis is different from canonical miRNAs. In addition, their findings reveal that 

mirtrons are an alternate source of miRNA-type regulatory RNAs and they show 

particularly that mirtron-like short RNAs may be related to Ago1 and need Ago1 to 

regulate targets that are matched according to their seeds [44]. 

Similar to the example above, there are hundreds of research on the discovery of new 

mirtrons. When we consider all of their results, they reveal that these single-stranded 

structures have an important role in gene silencing. Moreover, clarifying their 

pathways has paved the way for revealing more non-canonical pathways. [56]. 

In Table 1.2, arbitrarily selected ten mirtron sequence examples derived from the 

dataset (Dataset B) are shown. 
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Table 1.2 Mirtron sequence examples. 

Name  Sequence 

uc001api.1.2 TGGGGGTTATGGAACCRAGAAAATGGGATCATGCCATCTGGGT

TGTTCCTTGGCTTCCAG 

uc001api.1.6 CAGCAGGAGAAAAGCTGGTGAATCAGAAATGACTTCATTCCA

CTCGGTTCTCTTCTGTTCTAG 

uc001bfj.61 TTGGGGGGTGGTAACTGTAGGAGCAGCCCACAAAGCCCACTG

CCCCCGCCCACGTTGCCACCRCCCAACCRCAG 

uc001bny.0 AGGGGGCACTGGGCAGACAGTGTGTGCAAGATAGAGTCCAGG

GCCACCRTTCTGGCTGAGCCACACTGAGTCCATTACCRCCCAG 

uc001bqa.8 CGGGGCAGAGAGAAGCCATGTGTGTCTGTCTGTCACTGACCRG

TGGCTTTCCCTTTGCCTGCAG 

uc001dxa.16 ATGGTGGGGATGTCAGGTGTGGGTTGTGAGCACACCRCACCRG

TGACCRTTGCCCACCRCCAG 

uc001eto.1 TCAGAAATAGGAAGGTGGAAGGGCTTCATGGATAATCTCCTTT

TCCTCCACTATCTTGTTTCTACAG 

uc001fpr.2 TGGGGAGGGTGTGAGAGAGGTGCCCAAAGGCCCCTAAAAGGT

GAGCCTCTCCTCTCTCCCCACAG 

uc001fxk.4 GTAAGTCTGGGGAGATGGGGGGAGCTCTGCTGAGGGTGCACA

AGGCCCTGGCTCTACACACATCCCTGTCTTACAG 

uc001gxo.1 AGGTAGAAGGAGAGAAAAGGAGGCTAGGAGTCAGCTGCTCAC

CRCATTTCCTCCCCCTGCCAG 

 

 

1.5 The miRBase Database 

The miRBase (Release 22.1 / October 2018) database is a comprehensive database of 

published miRNA sequences and annotations. The database has 38,589 hairpin 

precursors and 48,860 mature microRNAs from 271 organisms such as humans, 

flies, mice, worms, rats, and Arabidopsis. Moreover, the database has 1,917 hairpin 

precursors and 2,654 mature miRNA sequences in the human category [5].    
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It is nearly estimated that in mammals, almost always one-third of all protein-coding 

[6]. Each record in the database belonging 

to a predicted hairpin portion (as a stem-loop sequence) of a miRNA transcript, with 

location information and validated sequence with a high probability of the mature 

miRNA[6].  

It is shown in Figure 1.3 that a stem-loop sequence of a human miRNA (has-let-7a-1) 

and its two different subsequences (mature sequences) has-let-7a-5p and has-let-7a-

3p [57]. 

 

 

Figure 1.3 A miRNA sequence example, hsa-let-7a-1, from miRBase. 

 

In the miRBase database, each data entry or in other words small RNA sequences has 

a score or confidence level for annotation.  In that context, the sequences have to be 

satisfied some criteria to have a high confidence level score. To be in the annotation 

list with a high confidence level [58]: 

 Minimum 10 reads must match without mismatch with each of the two 

possible mature miRNAs which are based on the hairpin precursor. 
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 The most frequent reads from each sequence of the precursor should match 

the mature miRNA duplex with 0-4 nt overhangs at the 3' ends. 

 Minimum 50% of the readings mapped to each arm of the precursor of 

hairpin must have the same 5' end. 

 The folding free energy of the proposed hairpin structure should be <-0.2 

kcal/mol/nt. 

 Minimum 60% of bases in mature sequences must match the predicted 

hairpin characteristics. 

 

Those criteria show that the annotation of the sequences has a variety of restricted 

procedures even though they have a probability in the scoring of the sequence 

readings with a confidence level. We should take into account that probabilities when 

developing or constructing a deep-learning-based method for predicting the 

biological sequences especially miRNAs sequences derived from the miRBase 

database. Since having very few possibilities can lead to bias during the training or 

mistraining of the model. 
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Pre-miRNA identification and classification are one of the most important problems 

in computational biology in terms of small RNA structures. In previous studies, 

state-of-arts machine-learning-based methods are applied to reveal superior results 

for this problem. Those earlier computational methods are widely based on manual 

feature extraction [59 66]. Therefore, the construction of a new model requires 

detailed and comprehensive knowledge about the research domain.  Random forest 

(RF), decision trees (DT), and support vector machines (SVM) are the first examples 

of these classical machine-learning methods [59] [66]. 

Neural networks (NNs) are preferred for figure out hidden patterns especially non-

linear patterns. This is the strongest feature of NNs with respect to logistic or linear 

regression models. In Figure 2.1, an example of a simple NN has been placed with an 

input layer, a hidden layer, and an output layer.  Three inputs (x1, x2, and x3) feeds 

the network with five parameters in the hidden layer. And, the model gives a 

prediction or classification result in the output layer [67 69]. 

 

Figure 2.1 An example of a simple Neural Network. 
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Nowadays, Deep Learning (DL) methods are also has become to emerging and 

prominent study field in computational biology to achieve better performance in 

accordance with other machine learning methods[60,61,74,75,63 66,70 73].  

DL provides multi-layered models for learning from training datasets by processing 

in their original form, which is not possible in conventional ML methods. These DL 

methods have significantly improved the performance of many data processing 

domains without any requirements of detailed domain knowledge for feature 

extraction. Since they extract the features automatically. Recognition of speech, 

detection of objects, and identification of face are common examples of DL-based 

models [67 69].  

In Figure 2.2, an example of a simple Deep Neural Network (DNN) has been placed 

with an input layer, more than one hidden layer, and an output layer.  Three inputs 

(x1, x2, and x3) feeds the network with five parameters in each hidden layer. And, the 

model gives a prediction or classification result in the output layer. According to the 

type of data, the deeper networks could result in better performance [67 69]. 

 

 

Figure 2.2 An example of a Deep Neural Network. 
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To give examples of application in the field of computational biology, the 

convolutional neural networks (CNN), a type of DL, have successfully applied for 

the pre-miRNA classification [32,63].  

Zheng et. al. [31] applied the CNN method to extract features from the biological 

sequences of miRNAs automatically. Compared to other existing methods, CNN-

based methods outperform to identify the miRNAs and extract features automatically 

from the raw input data without comprehensive domain knowledge[76 79].  

In an article [80], it is determined that the spatial characteristics of these small 

structures have the same importance as others. Thus, they draw attention in the paper 

to the long-term dependencies. In addition, they investigated that the LSTM network 

is also feasible for using to the identification of pre-miRNAs.  

When we consider the literature, we understand that there are various 

implementations of using cascaded or combined CNN and LSTM networks. Those 

networks are utilized from both spatial and structural characteristics of the input data. 

 

2.1 Convolutional Neural Networks 

The CNNs are a subset of deep learning methods. They perform higher performance 

in terms of comparison criteria according to the manual feature extraction methods. 

Thus they are used in a wide range of field i.e. classifying images[81,82], detecting 

objects[83,84], recognizing speech [85], computer vision[86], and analyzing videos 

[87]. In addition, it is also a commonly preferred method for bioinformatics and 

computational biology [88,89].  

Unlike classical neural networks, CNNs contain multiple layers. So, the networks 

become deeper and deeper by adding layers. Moreover, a CNN includes weight, 

pooling, bias, and outputs through a non-linear activation function. A typical CNN 

architecture fundamentally consists of the input layer, convolution layers, pooling

layers, fully connected layers, and output layer [79]. 
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Figure 2.3 shows that the basic architecture of a typical convolutional neural network 

with the input layer, convolution layer, pooling layer, and fully connected layer. 

 

 

Figure 2.3 An example of a convolutional neural network. 

 

The formulation of the convolutional layer is as follows: 

 

where I for the input matrix, K for a two-dimensional filter of size , and F for the 

output of a two-dimensional feature map. In addition, the convolutional layer 

representation is with I*K. 

 

2.2 Long Short-Term Memory Networks 

The classic RNNs can control random long-term dependencies in the input 

sequences. However, using backpropagation when training an RNN, lead to the 

computational problem since the gradients, allows us to adjust all weights, can tend 
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to zero or infinity. This problem, called the vanishing gradient problem, is solved 

partially by using LSTM [90].  

An 

special class of RNN that uses a memory mechanism that assists to run successfully 

and learn faster than conventional RNNs [91,92]. Thus, long and short-term 

dependencies can be captured by LSTM in sequence [90]. 

The first architecture of the LSTM has input and output gates, and cells[90]. In 1999, 

forget gate which provides the LSTM to reset its state included in LSTM 

architecture[93]. One year later, the output activation function was omitted [90] and 

peephole connections were added into the architecture [94].  

LSTM networks find practical solutions for the vanishing and exploding gradient 

problem of RNNs[95]. Apart from the RNNs, a cell state is used in the LSTM 

network to save long-term state information including input, forget, and output gates. 

Thus, the network can remember previous data and connect it with the present ones. 

And it gives solutions to complex problems that are hard to find a solution by 

previous RNNs [90,92]. 

The formulation of the LSTM memory cell is as follows: 

 

 

 

 

 

where  refers to the Sigmoid function, tanh is a function that set values between 

,  f, i, h, c, o are the forget gate, input gate, hidden vector, cell vectors, and 

output gate, respectively, Wxf refers the input/forget gate matrix, and Whf refers the 
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hidden-forget gate matrix. The index of t is the time step.  indicates to the vector 

product. Additionally, initial values of c0 = 0 and h0 = 0. 

 

Figure 2.4 Brief architecture of an LSTM cell. 

Figure 2.4 shows a brief architecture of an LSTM cell with input, forget, and output 

gates. 

In computational biology, LSTM networks are also frequently used. For instance, 

Park et al. [80] illustrate that the spatial information of small RNA structures is as 

critical as the structures that construct miRNAs. Thus, they built their model with 

solely long-term dependencies and trained an LSTM-based framework for the 

identification of pre-miRNAs. 

 

2.3 The Hybrid CNN and LSTM Networks 

A cascaded or hybrid CNN and LSTM network is the combination of CNN layers 

that extract the feature from input data and LSTMs layers to provide sequence 

prediction [96]. CNN and LSTM are generally used for activity recognition, image 

labeling, and video labeling. Their common features are that they are developed for 

the application of visual time series prediction problems and generating textual 

annotations from image sequences [96,97]. 
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Figure 2.5 shows that the basic architecture of the hybrid CNN and LSTM network 

with the input layer, visual feature extraction, sequence learning, and output layer, 

respectively [96]. 

 

 

Figure 2.5 A basic architecture of hybrid CNN and LSTM network. 

 

Many studies reveal that CNN-LSTM networks can provide better performance or 

solutions other than using the structural or spatial information of each data input 

separately. To explain with examples, Quang et al. [98] introduced DanQ which is a 

combination of CNN-LSTM frameworks for predicting the function of DNA 

sequences. In this model, the convolution layers capture the patterns of the 

sequences, and the recurrent layers capture long-term dependencies. Similarly, Pan et 

al. developed iDeepS [99], to predict the binding sequence and structure patterns 

from RNA-protein sequences. Their model extract features by using CNN layers and 

shows probably long-term dependencies by using bidirectional LSTM layers. 

Another example of using a hybrid CNN-LSTM network is Yan et al. research [100]. 

They applied this network for the four-class pathological image classification of 
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breast cancer disease. Their proposed model outperforms the state-of-the-art method 

with an accuracy of 90.5% which is higher than the previous models. 

These examples of research reveal that using both spatial and sequential information 

provides higher performance compared to using only one of them, especially in 

computational biology.  
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In this study, we proposed a hybrid deep-learning-based method for human pre-

miRNAs classification to predict pre-miRNAs by integrating two separate methods: 

CNNs and LSTM, respectively. First of all, we described the problem of pre-

miRNAs classification. Later, we introduced the datasets, which are used to train and 

test our proposed method.  

The datasets include both human mirtrons  and canonical miRNAs  sequences. For 

consistency, the same sequence data are used as the previous methods[32,101].  

In our model, the initial step was started with the preprocessing of data for proper 

representation. Then the CNNs were deployed to the processed data for extracting 

features automatically. Thus, the model was converted to be ready for feeding the 

LSTM network. Next, the LSTM layer was used to perform temporal modeling 

following the CNN layer that convolves the input data. Then, we gave more details 

about CNN, LSTM, and CNN+LSTM networks. Finally, we described our proposed 

model and how to develop it in detail.  

The model was implemented in the python programming language using Keras 

library (2.4.3) https://github.com/keras-team/keras, with the backend of TensorFlow 

(2.4.0). 

 

3.1 Problem Statement 

Many existing pre-miRNA classification methods rely on manual future extraction. 

These methods focus on either spatial structure or sequential structure of pre-

miRNAs. To overcome the limitations of previous models, we propose a nucleotide-

level deep learning method based on a hybrid CNN and LSTM network together for 

pre-miRNAs classification. When we consider the structure and sequence of pre-
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miRNAs, the problem is a binary sequence classification problem consisting of 

mirtrons and canonical miRNAs.  

In literature, several models including machine-learning methods have been 

developed to find a solution for the problematic classification. On the other hand, 

they have approximately 90% of accuracy. In this study, in the pre-miRNA 

classification, our goal was to show how to accurately predict classes with a hybrid 

CNN-LSTM network. 

 

3.2 Training and Test Datasets 

different datasets in our preprocessing data phase with 707 canonical miRNAs and 

417 mirtrons. The first dataset (Dataset A) consisted of mirtrons and canonical 

miRNAs derived from miRBase (Release 21, 06/14)[53]. And the second dataset 

(Dataset B) is derived from the study of Wen et al. which includes 201 mirtrons 

putative mirtrons data[53]. In total, we used 1,124 data in our model. This dataset 

was also the same for consistency used by Zheng et al. and Rorbach et al. in their 

research[32,101].  

 

3.3 Resampling 

The resampling of the data is an important and initial step in developing a machine 

learning model. In the literature, it is stated that it would be appropriate to divide the 

training set and test set in different ratios such as 80%-20% or 70%-30% depending 

on the size of the data. In addition to the size of these subsets, split the dataset into 

training and test set properly affects the performance of a model directly. Therefore, 

several approaches are developed to train and validate a model.  

The most common types of resampling approaches[102] are Hold-out Random 

Subsampling, k-folds Random Subsampling, k-folds Cross-Validation, Leave-one-
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out Cross-Validation (LOOCV), Leave-p-out Cross-Validation (LpOCV), and 

Stratified k-folds Cross-Validation.  

 

3.3.1 Hold-out random subsampling 

One of the simplest data resampling approaches among the others is the hold-out 

random subsampling method. It randomly samples some entries from the data set for 

the test set and the remaining entries are used for the training set.  

In hold-out random subsampling, the training set generally contains approximately 

70%, 75%, 80%, or 90% of entries, and the test set approximately 30%, 25%, 20%, 

or 10% of existing entries. If the data set is large enough then the observed test error 

can be a reliable estimate of the true error of the model for new, unseen entries[102]. 

 

3.3.2 k-folds random subsampling 

The k-folds random subsampling uses the same algorithm to split the dataset to 

TRAIN and test set as hold-out random subsampling method. It repeats the splitting 

iteration k times. In an iteration, the training set is used for learning and the 

corresponding test set is used for evaluation. In total, k models are going to be trained 

and tested. The average performance of all k test sets is determined the results. While 

there are no common entries for any training and test set pairs, any two training sets 

or two test sets can overlap [102]. 

 

3.3.3 k-folds cross-validation 

The repeated random resampling methods have an overlapping problem in different 

training and test tests. In contrast to these methods, Cross-validation provides a 

solution to this problem and prevents overlapping different subsets for all iterations 

[102]. 
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The k-folds cross-validation splits dataset to train and test set about the same size in 

each iteration. It repeats the splitting iteration k times and constructs disjoint subsets. 

In an iteration, the training set is used for learning and the corresponding test set is 

used for evaluation. In total, k models are going to be trained and tested. The average 

performance of all k test sets is determined by the results of the cross-validation 

[102]. 

 

3.3.4 Leave-one-out cross-validation (LOOCV) 

Leave-one-out cross-validation (LOOCV) is a special form of the k-folds CV. In this 

method, k is equal to the number of entries. For instance, if the dataset has 50 entries 

(n=50), the k value is equal to 50 then the method starts from the first entry and leave 

out it for testing and the rest of the dataset is used for training. In total, n models are 

going to be trained and tested. Compared to the k-folds CV method, LOOCV has a 

high cost of computation especially in large datasets [102]. 

 

3.3.5 Leave-p-out cross-validation (LpOCV) 

Leave-p-out cross-validation (LpOCV) is a special form of the LOOCV. In this 

method, p is equal to the number of the selected entries in each iteration. For 

instance, if the dataset has 50 entries, the p value is equal to 3 then the method leaves 

out 3 entries for testing and the rest of the dataset used for training. In total, n models 

are going to be trained and tested with p=3. Similar to the LOOCV method, LpOCV 

has a high cost of computation especially in large datasets [102]. 

 

3.3.6 Stratified k-folds cross-validation 

Stratified k-folds cross-validation (CV) is a resampling procedure that splits the 

dataset into folds according to the output categories and ensures that each fold has 

the same proportion. 

 



23 

 

 

 

Figure 3.1 shows the illustration of stratified k-folds cross-validation with k=5. In 

this example, Class A has 30%, and Class B has 70% of all entries. 

 

 

Figure 3.1 Visualization of stratified k-folds cross-validation with k=5 

 

3.3.7 Imbalanced datasets and the model cross-validation procedure 

In real-life applications, datasets are generally not equal-size sub-classes. Therefore, 

the selection of the right resampling method has a great deal amount of importance. 

For the construction of a reliable deep learning model, the first and foremost step is 

the analysis of the dataset whether it is balanced or not. The stratified 5-folds CV is 

useful for imbalanced datasets[103]. Hence, in this study, we used a stratified 5-folds 

CV for training and evaluating our model[103]. At each iteration, it divided the data 

into training and test sets with an 80-20% split. In the next iteration, it used the other 

percentile as the training and test set. 

Table 3.1 shows the distribution of the training and test datasets at each iteration in 

stratified 5-folds CV. 
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Table 3.1 Distribution of the training and test samples for each fold. 

 Training Dataset Test Dataset Total 

 Sequence #  % Sequence # % Sequence # % 

Mirtron 334 80% 83 20% 417 37% 

Canonical miRNA 566 80% 141 20% 707 63% 

Total 900 80% 224 20% 1,124 100% 

 

 

3.4 Preprocessing of Data 

We prepared each sequence of pre-miRNAs -according to maximum length- with the 

same length (164) by padding process. It is represented in the database by adenine A, 

thymine T, guanine G, cytosine C, and uracil U. 

the sequences in the same length. Like Zheng et al. [32]. -

to encode each base of the pre-miRNAs 3.2). Then, we converted 

each sequence into a vector with a dimension of (164, 4) by the vectorization 

process.  

 

Table 3.2 -  

Base Name Encoded Base 

A 1 0 0 0 

U/T 0 1 0 0 

G 0 0 1 0 

C 0 0 0 1 

N 0 0 0 0 

  

 

Similarly, we encoded each output [0,1] for false and [1,0] for true into a vector with 

a dimension of (164, 4) by the vectorization process. The following table shows the 

encoded output categories. 
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Table 3.3 -  

Output Encoded 

True (1) 1 0 

False (0) 0 1 

 

3.5 The Model Architecture 

The architecture of our model includes an input layer, three CNN layers wrapped by 

a time-distributed layer, a flatten layer, an LSTM layer, a dense layer, a dropout 

layer, and an output layer, respectively.  

Figure 3.2 shows the illustration of the detailed architecture with visualization of our 

model. Before constructing the model, we ensured that each data has been 

transformed into an appropriate form to use. In this case, we used the padding 

process to guarantee the length (which is 164) of each miRNA sequence similar by 

blank. The next step, named the vectorization step, is 

transforming the padded sequences to like a m x n matrix by using one-hot encoding.  

When all data are padded and vectorized, the network became ready for the feature 

extraction process. In this stage, three convolution layers were used to extract 

features automatically from input sequences.  
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Figure 3.2 A brief architecture with visualization of the model 

 

In the convolutional layers, the hyper-parameter of filter size was selected 128  since 

we received better results as it is in the literature. Furthermore, we employed (6x4) 

kernel size which means that  height is 6 and the kernel

convolution operation because these dimensions are proved[32] with higher 

performance.  

For concatenation of all extracted features, a fully connected layer is used. In this 

convolutional stage, we wrapped the convolution layer in a time-distributed layer. 

We employed dropout (0.5) on the fully connected layer for regularization following 

a flatten layer. Then, one LSTM layer is designed with 100 units. Finally, due to the 

size of the number of output categories, the softmax layer is used for the output.  

Detailed convolutional layer parameters such as strides, padding type, activation 

function deployed, and their values are demonstrated in Table 3.4.  
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Table 3.4 Detailed parameters for each convolutional. 

Parameter Name Value 

filters 128 

kernel_size 6 x 4 

strides (1, 1) 

padding valid 

data_format None 

dilation_rate (1, 1) 

groups 1 

activation relu 

use_bias True 

kernel_initializer glorot_uniform 

bias_initializer zeros 

kernel_regularizer None 

bias_regularizer None 

activity_regularizer None 

kernel_constraint None 

bias_constraint None 

 

Model is optimized for 30 epochs, 6 for batch size, and 0.1 for validation split by 

, and bias. We 

used cross-entropy for optimization due to the nature of the one-hot encoding 

classification. 

Figure 3.3 shows the convolution process of the one-hot encoded and vectorized 

input data with a 6 x 4 filter size.  
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Figure 3.3 Illustration of the convolution with 6 x 4 filter size. 

 

Table 3.5 gives the designed model details including an input layer, four time-

distributed layers, an LSTM layer, a dense layer, a dropout layer, and an output layer 

with the number of the parameters and output shape of each layer. In that context, it 

is clear that the output shape is satisfying the binary classification proposal of the 

model with two different classes.  

More details about the architecture of our proposed model with including all 

parameters are given in Appendix A.  
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Table 3.5 The designed model with parameters 

Layer name      Output Shape               Param #    

Input Layer (None, 164, 4, 1)    

Time Distributed Layer 1 (None, None, 82, 2, 128)   3200 

Time Distributed Layer 2 (None, None, 42, 1, 128)   393344      

Time Distributed Layer 3 (None, None, 21, 1, 128)   393344 

Time Distributed Layer 4 (None, None, 2688)         0 

LSTM Layer (None, 100)  1115600    

Dense Layer  (None, 256)                25856 

Dropout  (None, 256)                0 

Output Layer (None, 2)                514 

 

 

3.6 Activation Functions 

The purpose of the activation function is to introduce nonlinearity which enables 

neural networks to tackle very complex nonlinear problems. Commonly used 

activation functions are sigmoid function, hyperbolic tangent function (Tanh), 

rectified linear unit (ReLU), and leaky ReLU (LReLU).  

 

3.6.1 Sigmoid function 

The following equation shows the sigmoid function. 

 

 

 

The following figure (Fig. 3.4) shows the visualization of the sigmoid function. 
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Figure 3.4 Illustration of Sigmoid function. 

 

3.6.2 Hyperbolic tangent function (Tanh) 

The following equation shows the hyperbolic tangent function (Tanh). 

 

 

 

The following figure (Fig. 3.5) shows the visualization of the hyperbolic tangent 

function. 

 

 

Figure 3.5 Illustration of Hyperbolic Tangent function (Tanh) 
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3.6.3 Rectified linear unit function (ReLU) 

The following equation shows the rectified linear unit function (ReLU). 

 

 

The following figure (Fig. 3.6) shows the visualization of rectified linear unit 

function. 

 

Figure 3.6 Illustration of Rectified Linear Unit function (ReLU) 

 

3.6.4 Leaky rectified linear unit function (Leaky ReLU) 

The following equation shows the leaky rectified linear unit function (Leaky ReLU). 

 

 

 

 

The following figure (Fig. 3.7) shows the visualization of leaky rectified linear unit 

function =0,2. 
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Figure 3.7 Illustration of Leaky Rectified Linear Unit function (LReLU) 

 

3.7 Optimization Algorithms 

goal is to decrease the mean loss function by determining a loss 

function. Thus, the right weights and biases for the network would be found during 

the training process by using backpropagation to update gradients on the parameters.  

In this study, cross-entropy is defined as the loss function to minimize the mean loss 

function between the predicted distribution over actual labels[104]. 

The formulation of the cross-entropy is as following: 

 

where n for the number of labels, si for the label i  yi for the 

label i actual probability.  

The gradient descent algorithm is one of the most common algorithms that are used 

to optimize the NNs loss function for an ML problem. It minimizes the objective 

function parameterized by the model. It updates parameters in a contrary way to the 

gradient of the objective function concerning the parameters. In another word, the 

gradient descent algorithm calculates the reverse direction of the gradient to figure 

out the local minimum area. Therefore, the algorithm moves in opposite directions of 

the gradients in each iteration. Finally, by the learning rate, the gradient descent 

targets to reach a local minimum step by step [105,106].  
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There are three types of gradient descent: Batch (Vanilla) Gradient Descent, 

Stochastic Gradient Descent (SGD), and Mini-batch Gradient Descent. The main 

differences between those algorithms are the amount of data that are used for 

calculating the gradient [93].  

The Batch (Vanilla) Gradient Desce

indicated in the following formula, it computes the gradient for the whole dataset 

where  refers to the learning rate and  refers to the parameter that we want to 

optimize [93]. 

 

In the last decade, the rapid growth of data size has become problematic for 

computational sciences in terms of time complexity and cost. In these circumstances, 

the performance of the statistical ML algorithms directly deals with time complexity 

rather than the size of the sample. Therefore, we use Stochastic Gradient Descent 

(SGD) when the training time is important for the developed model [105,106]. 

Stochastic gradient descent (SGD) estimates the gradient on a single arbitrarily 

selected example instead of calculating the gradient for each iteration. The formula is 

as follows:  

 

 

where it relies on the arbitrarily selected examples at each iteration (t= 1, 2, 3, . . .). 

Although updating the model frequently learns faster and gives better performance, it 

takes a longer time for training large datasets. Thus, the time complexity gets higher 

than other variants of the gradient descent in SGD.  

Mini-batch gradient descent is another type of gradient descent algorithm.  In that 

algorithm, the training dataset splits into tiny batches. Those batches are performed 

to calculate the error of the model. In addition, it updates the coefficients of the 
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model for every mini batch of n training samples. The following formula shows the 

 in the mini-batch gradient descent algorithm [93]:  

 

The well-known DL libraries include implementations of different algorithms to 

optimize gradient descent. The Keras library contains commonly used gradient 

descent optimizers such as Adagrad, Adadelta, RMSprop, and Adam algorithms, etc. 

[105,106].   

 

3.7.1 Adagrad 

Adagrad is a kind of gradient descent algorithm that optimizes the model by adapting 

the learning rate according to the frequency of the parameters. It adapts the learning 

rate update larger for rare parameters. On the contrary, it adapts the learning rate 

update smaller for rare parameters. Thus, if the dataset contains sparse data, it could 

be better to use this algorithm.  

Even though most algorithms prefer a fixed value for the learning rate, Adagrad is 

tuning it automatically. This is the most powerful feature of this algorithm. The main 

point that Adagrad is criticized for is that the square gradients in the denominator 

grow over time, and therefore the learning rate decreases until it approaches infinity. 

Thus, after a while, the algorithm stops learning, and it becomes unable to learn new 

knowledge [105 107]. 

The parameter update function is as follows: 

 

where  is for the to be updated parameter,  is for the primary learning rate,  is a 

small number that guarantees not to be the division of zero, I is for the identity 

matrix,  is the gradient estimate function in time step t. 
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Where refers to the sum of the outer product of the gradients until time step . 

 

 

3.7.2 Adadelta 

Adadelta is an extension of Adagrad that gives a solution to the growing square 

gradients problem in the denominator over time.  Therefore the learning rate does not 

decrease dramatically and the algorithm does not stop learning, and it continues to 

learn new knowledge [105,106,108]. 

The method uses just first-order information. It adapts dynamically to the learning 

rate. Thus it gives promising results to noisy gradient information and other hyper-

parameters concerning the stochastic gradient descent algorithm[108]. 

 

3.7.3 RMSprop 

Geoff Hinton proposed the RMSprop optimizer. It is an unpublished adaptive 

learning rate method [105,106,109]. They introduced the method in the 6th lecture of 

[109]. 

RMSprop is an adaptive learning rate algorithm like Adagrad. As it is determined in 

Section 3.7.1, Adagrad adds element-wise scaling of the gradient which means that it 

keeps a running summary of squared gradients. Next, it adapts the learning rate by 

dividing it by this sum[109]. 
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3.7.4 Adam  

Adaptive Moment Estimation (Adam) calculates the adaptive learning rate for each 

parameter. Adam keeps an exponentially decaying mean of past gradients same to 

momentum in addition to RMSprop and Adadelta [105,106,110].  

The method was announced in 2015 by Kingma et al. They evaluated the method by 

conducting empirical research on a variety of popular ML models, including logistic 

regression, NNs, and CNNs. They proved that the Adam method is effective for 

solving DL problems regardless of whether the models are large or the datasets are 

large. It is a combination of AdaGrad and RMSProp. Thus, the method is able to use 

sparse gradients like AdaGrad and non-stationary objectives like RMSProp[110]. 

Adam optimizer has some advantages over other methods. For instance, the 

parameter updates of Adam 

and second moment while RMSProp uses momentum[110]. 

Alpha, beta1, beta2, and epsilon are the configuration parameters of the Adam 

optimizer. Alpha refers to the learning rate, beta1 and beta2 refer to the first and the 

second momentum respectively, and the final parameter, epsilon, refers to the very 

small number that prevents zero division problems [110]. 

 

3.8 Method Evaluation Criteria 

In this study, the evaluation of our model was measured on the test dataset at each 

fold. We calculated five different measure criteria for performance comparison in the 

analysis: accuracy (Acc.), sensitivity (Sen.), specificity (Spe.), F1 score, and 

Matthews Correlation Coefficient (MCC).  

The evaluation criteria are calculated for performance evaluation with the number of 

true-positive (TP), false positive (FP), true-negative (TN), and false-negative (FN) by 

the following equations: 

Accuracy indicates the overall correctness of prediction: 
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Sensitivity (also known as Recall) is a true positive rate. It indicates the ratio of 

correctly classified actual positives: 

 

Specificity, true negative rate, indicates the ratio of correctly classified actual 

negatives: 

 

Precision indicates the positive predictive value: 

 

F1-Score is a combination of the precision and recall of the model by harmonic 

mean: 

 

Matthews Correlation Coefficient (MCC) is a binary classifier. It measures the 

quality of a prediction: 

 

where P shows the number of positives, and N shows the number of negatives. 
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Figure 3.8 Visualization of the confusion matrix. 

 

The basic structure of the confusion matrix is visualized in Figure 3.8. 

In addition to the performance comparison criteria, we calculated also the mean, 

median, and standard deviation of the entire results of each iteration. In that context, 

a 95% Confidence Interval (CI) is selected. 

The mean is the average number of the data: 

 

w x represents observations, k represents iteration 

number, and N represents the total  

The median is the number that is in the center/middle of a data set: 

 

where N represents the total an odd number. 
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where N represents the total  

Standard Deviation measures the dispersion of data and indicates the variation in the 

values of the data set. It becomes smaller when the values of the data set are closer.  

And it becomes larger when the values of the data set are spread out.   Additionally, 

it is generally represented by the Greek small letter sigma.  

The following equation shows the calculation of Standard Deviation: 

 

where n  

Confidence Interval (CI) shows the probability that a parameter is going to fall 

between a couple of values near the mean.  

 

where n  mean of the sample, value for 

confidence level, and  is for standard deviation. 
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4.1 The model summary 

In our proposed model, we performed a hybrid CNN and LSTM network for human 

pre-miRNA classification since the automatic feature extraction without detailed 

domain experts from pre-miRNAs sequences. We started with preprocessing the 

datasets by converting the raw entries to vectors by - Next, 

we padded and vectorized the whole data. Then, we deploy the CNN layers that were 

wrapped by the time-distributed layer. And relu activation function is used in this 

convolution process. For concatenation of all extracted features, we employed a 

flatten layer for passing to the LSTM layer. Then, a 100-unit LSTM layer is 

designed.  A dropout layer (0.5) followed that layer. Finally, following the fully 

connected layer, used one output layer with softmax activation function for binary 

classification of pre-miRNAs. 

Figure 4.1 determines the model summary including layers, input, and output shape 

with the trainable and non-trainable parameters. It indicates that all parameters are 

trained by the network. 

 

Figure 4.1 The model including layers, input, and output shape. 
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4.2 Performance of the proposed network 

We applied a stratified 5-folds CV for training and testing our model. At each fold, 

we divided the data into training and test sets with an 80-20% split. In the next fold, 

we used the other percentile as the training and test set. 

Table 4.1 shows the performance results of our proposed network at each iteration. 

Additionally, we calculated the mean, median, standard deviation, and confidence 

interval (CI) for each metric. 

 

Table 4.1 Performance of the proposed CNN-LSTM network for each fold. 

Fold # Accuracy Sensitivity Specificity F1 Score MCC 

1 0.942 0.952 0.937 0.924 0.878 

2 0.964 0.916 0.993 0.950 0.924 

3 0.933 0.952 0.922 0.914 0.862 

4 0.929 0.929 0.929 0.907 0.850 

5 0.946 0.928 0.957 0.928 0.885 

Mean 0.943 0.935 0.948 0.925 0.880 

Median 0.942 0.929 0.937 0.924 0.878 

Std. Dev. 0.014 0.016 0.029 0.016 0.028 

95% CI 0.931-0.955 0.921-0.949 0.923-0.973 0.910-0.939 0.855-0.905 

 

 

Figure 4.2 illustrates the performance results of the confusion matrix of our proposed 

network at each iteration. In this context, true labels are used for the mirtron and 

false labels are used for the canonical miRNA.  

Moreover, detailed architecture is depicted in Appendix A, and comprehensive 

results, parameters, and other outputs are also shared in Appendix B. 
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Fold Number: 1 Fold Number: 2 

  

Fold Number: 3 Fold Number: 4 

  

Fold Number: 5  

 

 

Figure 4.2  The confusion matrix of each fold. 
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4.3 Performance comparison 

Table 4.2 shows the performance comparison of the average values of the proposed 

accuracy

   

When compared to the closest results, our network revealed the best results for Acc., 

F1 Score, and MCC. These were 2.51%, 1.00%, and 2.43% higher than the closest 

result, respectively.  

 

Table 4.2 Performance comparison of pre-miRNA classification. 

Method Name Acc. Sen. Spe. F1 Score MCC 

Proposed Method* 0.943 0.935 0.948 0.925 0.880 

CNN filter6 128 [32] 0.920 0.871 0.970 0.916 0.845 

CNN concat filters [32] 0.910 0.846 0.975 0.904 0.827 

Support Vector Machines[101]  ** 0.926 0.945 0.901 0.859 

Random Forest [101] ** 0.870 0.957 0.883 0.836 

Linear Discriminant Analysis [101] ** 0.935 0.919 0.881 0.830 

Logistic Regression [101] ** 0.875 0.941 0.867 0.816 

Decision Tree [101] ** 0.861 0.943 0.863 0.808 

Naive Bayes [101] ** 0.875 0.894 0.824 0.746 

* Mean of the stratified 5-folds CV results. 
** Data not available. 

 

The mean of sensitivity had the highest value like Linear Discriminant Analysis and 

ranked first. These ratios indicate that the hybrid CNN and LSTM networks can be 

employed to achieve better performance for pre-miRNA classification compared 

with previous methods. Even though the results show that our model has a higher 

ratio according to accuracy, sensitivity, F1 score, and MCC; we have a lower ratio 

(94.8%) of correctly classified true negatives.  
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In unbalanced or skewed datasets, the number of examples of the minority class 

might not be sufficient for learning. , the minor class is more often 

misclassified than the major class [111,112]. 

In this study, the number of positive and negative data in our training and test dataset 

is equally representative of the whole dataset. Therefore, we solve the 

misclassification problem at the data preparation level. 

 

4.4 Hyper-parameters 

Hyper-parameters are important parts of designing the model architecture in deep 

neural networks.  For instance; the number of the hidden units, order of the layers, 

batch size, optimizer selection, and learning rate, etc. are commonly determined by 

the researchers. Those parameters directly affect the performance of the models.  

In this dissertation, we also benefit from the other researcher's experiences in 

addition to ours. For example, Zheng et al. [32] investigated that kernel size (6x4) 

and unit number (128) of the CNNs produced better results according to other sizes 

and numbers in the pre-miRNA classification.  

When we tested hyper-parameters like Zheng et al [32] we get the same performance 

results as they did. In our future work, we will take into account the experiences we 

have gained in these studies and we will do more extensive hyper-parameter 

optimization to ensure performance increase. 

 

4.5 Limitations 

Although we achieved robustness performance in our hybrid model, some issues are 

still limiting the construction of a superior model with the best performance in terms 

of all comparison criteria. In this context, the first and foremost issue is the lack of a 

sufficient amount of data in the datasets.  
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In this study, the total number of data is 1,124 in the whole dataset. Although the 

datasets include well-defined entries, it is critical to feed the model with more 

training and testing data to get more reliable results. The second issue occurs from 

the unbalanced ratio of classes.  

In this dissertation, we had to use the imbalanced datasets that consist of 417 positive 

entries and 707 negative entries. The ratio of positive and negative entries was about 

1/1.7. This imbalanced ratio may lead to limiting to get better performance results. 

Thus, we will focus on more comprehensive datasets constructed by either humans or 

other organisms in future research. 

The other limitation stems from the annotation process of each small RNA sequence 

even though it has a variety of restricted procedures. In the miRBase database, each 

entry has a probabilistic score with a high confidence level. To ensure this 

confidence level, some criteria are applied to those sequences before adding them to 

the database. Thus, this probability must be considered when developing or 

constructing a deep-learning-based method for predicting miRNAs sequences 

derived from the miRBase database. Since having very few possibilities can lead to 

bias during the training or mistraining of the model. Therefore, we consider that this 

bias may affect our training and also testing process. By developing more precise 

annotation methods, we will be able to construct more robust models with better 

performance in terms of all comparison criteria. 

 

4.6 Future Studies 

We consider that the quality of data, the size of the dataset, the number of samples of 

each class, and the variety of the organisms are important issues that affect the results 

of the implementations. If all those parameters reach sufficient and required size and 

quality then we will ensure that the trained model will achieve robust classification 

prediction.  

In future studies, we will benefit from new enhanced datasets for the construction of 

more successful models in terms of similar evaluation criteria. Thus, we would like 
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to receive better performance. Additionally, we will consider setting up new models 

with the newly developed deep learning-based methods. Those are the two main 

goals of our future studies. In that context, for instance, we will compare the 

performance of the models that consisting of different organism's pre-miRNAs. 

Similarly, we will test the same models with the same organism when the newest 

datasets existed. 

During the COVID-19 pandemic, it is revealed that how computational biology 

studies are important in particular identification and/or classification of the 

sequences of viruses. Furthermore, those are also playing an important role in 

diagnosis of the coronavirus-related diseases. So, developing a deep-learning-based 

model may accelerate the process of the new treatments. In future studies, we will 

also take into account the virus-based sequence analysis issues and share our new 

experiences that are gained in robust artificial intelligence methods. 

Finally, we would like to apply our proposed model to similar but not the same 

biological datasets to show if the model is proper or not for other research areas. 

Thus, we will continue to contribute to the literature of computational biology. 
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This dissertation is an investigation of the human pre-miRNA classification problem 

through a convolutional neural network and long short-term memory network. In 

contrast to other methods, we considered both the sequence structure and the spatial 

information of each entry.  

The preprocessing of data is the first but the most important stage of our study. 

Indeed, inappropriate preparation of the data will cause the network to be trained 

incorrectly and will make it difficult to obtain reliable results. Thus, we checked all 

outputs after the encoding, padding, and vectorization process. In addition, cascading 

the different neural networks is another issue in the model construction. 

Inappropriate network design may increase the bias and cause unexpected results. 

Therefore, we ensured that all the layers cascaded correctly.  

Hyper-parameters determine the general characteristics of deep neural networks. The 

number of the hidden units, order of the layers, batch size, optimizer selection, and 

learning rate, etc. directly affect the performance of the methods. In this study, we 

utilized the previous researcher's experiments in addition to our experiments. For 

instance, Zheng et al. [32] discovered that kernel size (6x4) and unit number (128) of 

the CNN network produced the best results according to other sizes and numbers in 

the pre-miRNA classification. When we tested hyperparameters like Zheng et al. 

[32], we obtained similar performance results as they did. In our future work, we will 

take into account the experiences we have gained in these studies and we will do 

more extensive hyper-parameter optimization to ensure performance increase. 

Despite the promising performance of our model, there are still some limitations. The 

first limitation comes from the total number of entries (1,124) in the datasets. Even 

though the datasets have well-defined data, it is important to feed the method with 

more training and testing data to obtain more reliable results. The second limitation 

is the unbalanced ratio of classes. In this study, the number of positive samples (417) 

was less than the number of negative samples (707). The ratio of positive and 
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negative samples was approximately 1/1.7. This imbalanced ratio may lead to limit 

accuracy and other matrices. Thus, we will focus on more comprehensive datasets in 

future research. 

We consider that the quality and size of the related dataset are important for training 

a model and achieving robust classification prediction. In future studies, enhanced 

datasets may lead to the construction of more successful models in terms of similar 

evaluation parameters. 

In this dissertation, we proposed a nucleotide-level hybrid deep learning method 

based on convolutional neural networks and long-short term memory networks 

together. In the data preprocessing phase, we used one-hot encoding to convert each 

base to a matrix of the same size by padding. Then, we employed three convolution 

layers wrapped by a time-distribution layer.  For concatenation of all extracted 

features, we employed a flatten layer for passing to the LSTM layer. Next, we 

designed one LSTM layer following a dropout layer on the fully connected layer. 

Finally, for binary classification, the softmax activation function is used for 

specifying the outputs. Our results showed that the proposed method was 

successfully trained on the training dataset and had a better performance on the test 

dataset than the previous models[113].  

The results indicated that the hybrid CNN and LSTM networks can be employed to 

achieve better performance for human pre-miRNA classification. In future work, we 

will study the investigation of new classification models that deliver better 

performance in terms of all the evaluation criteria. 
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