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Abstract 
With the development of next generation sequencing, transformation of biomedical big data 

into valuable knowledge has been one of the most important challenges in bioinformatics. 

The application of deep learning in bioinformatics has gained more attention in both 

academia and industry field. Deep Learning is a new area of Machine Learning research, 

which has been introduced with the objective of moving Machine Learning closer to one of 

its original goals: Artificial Intelligence. The compared research method was used to describe 

the application of deep learning in bioinformatics from many academic papers. In this paper, 

three types of deep learning algorithms (deep neural networks, convolutional neural networks, 

recurrent neural networks) have been introduced in bioinformatics, especially in the domain 

of omics. The review of this paper can provide valuable insight for researchers to utilize deep 

learning models in the future of bioinformatics studies. 

1. Introduction 

In the big data era, it is important to transform those large quantities of data into 

valuable knowledge [1], especially in the domain of bioinformatics. In order to extract 

knowledge from big data in bioinformatics field, machine learning has been widely used. 

Machine learning algorithms use training data set to uncover underlying patterns, build 

models, and make predictions based on the best fit model. Indeed, some well-known 

machine algorithms (i.e., Support Vector Machines, Random Forests, Hidden Markov 

Models, Bayesian Networks, Monte-Carlo Simulation) have been applied in genomics, 

proteomics, systems biology and so on [2]. 

Deep learning is a branch of machine learning and it has got more focus by academic 

interest rapidly. Bioinformatics can also benefit from deep learning. 

Machine learning brings humans and machines closer by enabling humans to teach 

machines. Machines learn by processing a valid training set that contains the features 

necessary to tune an algorithm. Machine algorithms focused on finding patterns in data 

and using these patterns to make predictions. 

Machine learning provided more viable solutions with the capability to improve through 

experience and data. Although machine learning can extract patterns from data, there are 

limitations in raw data processing, which is highly dependent on hand-designed features. 

To advance from hand-designed to data-driven features, deep learning has shown great 

advantages. Furthermore, deep learning can learn complex patterns by combining simpler 

rules learned from data. Actually, deep learning is a style of neural networks with multiple 

nonlinear layers that referred to as deep learning architectures, hierarchical representations 

of data can be discovered with increasing levels of abstraction [3]. 
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2. Deep Learning 

Deep learning is a rapidly growing research area, and a 

plenty of new deep learning architecture is being widely used 

in bioinformatics. Deep learning architectures are basically 

artificial neural networks of multiple nonlinear layers and 

several types have been proposed according to input data 

characteristics and research objectives. 

In this paper, three types of deep learning architectures are 

introduced, such as deep neural networks (DNNs), 

convolutional neural networks (CNNs), recurrent neural 

networks (RNNs). 

To actually implement deep learning algorithms, a great 

deal of open source deep learning libraries are available. 

According to benchmark test results of CNNs, Python-based 

Neon shows a great advantage in the processing speed. C++ 

based Caffe and Lua-based Torch offer great advantages in 

terms of pre-trained models and functional extensionality, 

respectively. Python-based Theano provides a low-level 

library to define and optimize mathematical expressions; 

moreover, numerous higher-level wrappers such as Keras, 

Lasagne, and Blocks have been developed on top of Theano 

to provide more intuitive interfaces. Google recently released 

the C++based TensorFlow with a Python interface [4]. 

2.1. Deep Neural Networks 

The basic structure of DNNs consists of an input layer, 

multiple hidden layers, and an output layer. Once input data 

are given to the DNNs, output values are computed 

sequentially along the layers of the network. At each layer, 

the input vector comprising the output values of each unit in 

the layer below is multiplied by the weight vector for each 

unit in the current layer to produce the weighted sum. Then, a 

nonlinear function, such as a sigmoid, hyperbolic tangent, or 

rectified linear unit (ReLU) [5], is applied to the weighted 

sum to compute the output values of the layer. The 

computation in each layer transforms the representations in 

the layer below into slightly more abstract representations. 

DNNs are renowned for their suitability in analyzing high-

dimensional data. Given that bioinformatics data are typically 

complex and high-dimensional, DNNs have great promise for 

bioinformatics research. It should be believing that DNNs as 

hierarchical representation learning methods, can discover 

previously unknown highly abstract patterns and correlations 

to provide insight to better understand the nature of the data. 

However, it has occurred to us that the capabilities of DNNs 

have not yet fully been exploited. Although the key 

characteristic of DNNs is that hierarchical features are 

learned solely from data, human designed features have often 

been given as inputs instead of raw data forms. The future 

progress of DNNs in bioinformatics will come from 

investigations into proper ways to encode raw data and learn 

suitable features from them. 

2.2. Convolutional Neural Networks 

CNNs are designed to process multiple data types, 

especially two-dimensional images, and are directly inspired 

by the visual cortex of the brain. In the visual cortex, there is 

a hierarchy of two basic cell types: simple cells and complex 

cells [6]. Simple cells react to primitive patterns in sub-

regions of visual stimuli, and complex cells synthesize the 

information from simple cells to identify more intricate forms. 

Since the visual cortex is such a powerful and natural visual 

processing system, CNNs are applied to imitate three key 

ideas: local connectivity, invariance to location, and 

invariance to local transition. 

The basic structure of CNNs consists of convolution layers, 

nonlinear layers, and pooling layers [7]. To use highly 

correlated sub-regions of data, groups of local weighted sums, 

called feature maps, are obtained at each convolution layer 

by computing convolutions between local patches and weight 

vectors called filters. Furthermore, since identical patterns 

can appear regardless of the location in the data, filters are 

applied repeatedly across the entire dataset, which also 

improves training efficiency by reducing the number of 

parameters to learn. Then nonlinear layers increase the 

nonlinear properties of feature maps. At each pooling layer, 

maximum or average subsampling of non-overlapping 

regions in feature maps is performed. This non-overlapping 

subsampling enables CNNs to handle somewhat different but 

semantically similar features and thus aggregate local 

features to identify more complex features. 

2.3. Recurrent Neural Networks 

RNNs, which are designed to utilize sequential 

information, have a basic structure with a cyclic connection. 

Since input data are processed sequentially, recurrent 

computation is performed in the hidden units where cyclic 

connection exists. Therefore, past information is implicitly 

stored in the hidden units called state vectors, and output for 

the current input is computed considering all previous inputs 

using these state vectors [4]. Since there are many cases 

where both past and future inputs affect output for the current 

input (e.g., in speech recognition), bidirectional recurrent 

neural networks (BRNNs) [8] have also been designed and 

used widely. 

Although RNNs do not seem to be deep as DNNs or CNNs 

in terms of the number of layers, they can be regarded as an 

even deeper structure if unrolled in time. Therefore, for a 

long time, researchers struggled against vanishing gradient 

problems while training RNNs, and learning long-term 

dependency among data was difficult [9]. Fortunately, 

substituting the simple perceptron hidden units with more 

complex units such as LSTM [10-11] or GRU, which 

function as memory cells, significantly helps to prevent the 

problem. More recently, RNNs have been used successfully 

in many areas including natural language processing [12-13] 

and language translation [13-14]. 

3. Deep Learning in Omics 

In omics research, genetic information such as genome, 
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transcriptome, and proteome data is used to approach 

problems in bioinformatics. Some of the most common input 

data in omics are raw biological sequences (i.e., DNA, RNA, 

amino acid sequences) which have become relatively 

affordable and easy to obtain with next-generation 

sequencing technology. In addition, extracted features from 

sequences such as a position specific scoring matrices 

(PSSM), physicochemical properties [15-16], Atchley factors, 

and one-dimensional structural properties [17-18] are often 

used as inputs for deep learning algorithms to alleviate 

difficulties from complex biological data and improve results. 

In addition, protein contact maps, which present distances of 

amino acid pairs in their three-dimensional structure, and 

microarray gene expression data are also used according to 

the characteristics of interest. The topics of interest in omics 

are divided into four groups. One of the most researched 

problems is protein structure prediction, which aims to 

predict the secondary structure or contact map of a protein 

[19-20]. Gene expression regulation, including splice 

junctions or RNA binding proteins, and protein classification 

[21-23], including super family or subcellular localization, 

are also actively investigated. Furthermore, anomaly 

classification approaches have been used with omics data to 

detect cancer. 

3.1. Deep neural Networks in Bioinformatics 

DNNs have been widely applied in protein structure 

prediction research. Since complete prediction in three-

dimensional space is complex and challenging, several 

studies have used simpler approaches, such as predicting the 

secondary structure or torsion angles of protein. For instance, 

Heffernan et al. applied SAE to protein amino acid sequences 

to solve prediction problems for secondary structure, torsion 

angle, and accessible surface area. In another study, Spencer 

et al. applied DBN to amino acid sequences along with 

PSSM and Atchley factors to predict protein secondary 

structure. DNNs have also shown great capabilities in the 

area of gene expression regulation. For example, Lee et al. 

utilized DBN in splice junction prediction, a major research 

avenue in understanding gene expression [24], and proposed 

a new DBN training method called boosted contrastive 

divergence for imbalanced data and a new regularization 

term for sparsity of DNA sequences; their work showed not 

only significantly improved performance but also the ability 

to detect subtle non-canonical splicing signals. Moreover, 

Chen et al. applied MLP to both microarray and RNA-seq 

expression data to infer expression of up to 21000 target 

genes from only 1000 landmark genes. In terms of protein 

classification, Asgari et al. adopted the skip-gram model, a 

widely known method in natural language processing that 

can be considered a variant of MLP, and showed that it could 

effectively learn a distributed representation of biological 

sequences with general use for many omics applications, 

including protein family classification. For anomaly 

classification, Fakoor et al. used principal component 

analysis (PCA) [4] to reduce the dimensionality of 

microarray gene expression data and applied SAE to classify 

various cancers, including acute myeloid leukemia, breast 

cancer, and ovarian cancer. 

3.2. Convolutional Neural Networks in 

Bioinformatics 

Relatively few studies have used CNNs to solve problems 

involving biological sequences, specifically gene expression 

regulation problems; nevertheless, those have introduced the 

strong advantages of CNNs, showing their great promise for 

future research. First, an initial convolution layer can 

powerfully capture local sequence patterns and can be 

considered a motif detector for which PSSMs are solely 

learned from data instead of hard-coded. The depth of CNNs 

enables learning more complex patterns and can capture 

longer motifs, integrate cumulative effects of observed motifs, 

and eventually learn sophisticated regulatory codes [25]. 

Moreover, CNNs are suited to exploit the benefits of 

multitask joint learning. By training CNNs to simultaneously 

predict closely related factors, features with predictive 

strengths are more efficiently learned and shared across 

different tasks. 

For example, as an early approach, Denas et al. 

preprocessed ChIP-seq data into a two- dimensional matrix 

with the rows as transcription factor activity profiles for each 

gene and exploited a two-dimensional CNN similar to its use 

in image processing. Recently, more studies focused on 

directly using one-dimensional CNNs with biological 

sequence data. Alipanahi et al. and Kelley et al. proposed 

CNN-based approaches for transcription factor binding site 

prediction and 164 cell-specific DNA accessibility multitask 

prediction, respectively; both groups presented downstream 

applications for disease-associated genetic variant 

identification. Furthermore, Zeng et al. performed a 

systematic exploration of CNN architectures for transcription 

factor binding site prediction and showed that the number of 

convolutional filters is more important than the number of 

layers for motif-based tasks. Zhou et al. developed a CNN-

based algorithmic framework, DeepSEA, that performs 

multitask joint learning of chromatin factors (i.e., 

transcription factor binding, DNase I sensitivity, histone-

mark profile) and prioritizes expression quantitative trait loci 

and disease-associated genetic variants based on the 

predictions. 

3.3. Recurrent Neural Networks in 

Bioinformatics 

RNNs are expected to be an appropriate deep learning 

architecture because biological sequences have variable 

lengths, and their sequential information has great 

importance. Several studies have applied RNNs to protein 

structure prediction, gene expression regulation, and protein 

classification. In early studies, Baldi et al. used BRNNs with 

perceptron hidden units in protein secondary structure 

prediction. Thereafter, the improved performance of LSTM 

hidden units became widely recognized, so Sønderby et al. 

applied BRNNs with LSTM hidden units and a one-
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dimensional convolution layer to learn representations from 

amino acid sequences and classify the subcellular locations 

of proteins. Furthermore, Park et al. and Lee et al. exploited 

RNNs with LSTM hidden units in microRNA identification 

and target prediction and obtained significantly improved 

accuracy relative to state-of-the-art approaches 

demonstrating the high capacity of RNNs to analyze 

biological sequences. 

4. Discussion 

A main criticism against deep learning is that it is used as a 

black-box: even though it produces outstanding results, very 

little about how such results are derived internally is known. 

In bioinformatics, particularly in biomedical domains, it is 

not enough to simply produce good outcomes. Since many 

studies are connected to patients’ health, it is crucial to 

change the black- box into the white-box providing logical 

reasoning just as clinicians do for medical treatments. 

Transformation of deep learning from the black-box into 

the white-box is still in the early stages. One of the most 

widely used approaches is interpretation through visualizing 

a trained deep learning model. In terms of image input, a 

deconvolutional network has been proposed to reconstruct 

and visualize hierarchical representations for a specific input 

of CNNs. In addition, to visualize a generalized class 

representative image rather than being dependent on a 

particular input, gradient ascent optimization in input space 

through backpropagation-to- input (cf. backpropagation-to-

weights) has provided another effective methodology. 

Regarding genomic sequence input, several approaches have 

been proposed to infer PSSMs from a trained model and to 

visualize the corresponding motifs with heat maps or 

sequence logos. For example, Lee et al. extracted motifs by 

choosing the most class discriminative weight vector among 

those in the first layer of DBN; DeepBind and DeMo 

extracted motifs from trained CNNs by counting nucleotide 

frequencies of positive input subsequences with high 

activation values and backpropagation-to-input for each 

feature map, respectively. 

Specifically for transcription factor binding site prediction, 

Alipanahi et al. developed a visualization method, a mutation 

map, for illustrating the effects of genetic variants on binding 

scores predicted by CNNs. A mutation map consists of a heat 

map, which shows how much each mutation alters the 

binding score, and the input sequence logo, where the height 

of each base is scaled as the maximum decrease of binding 

score among all possible mutations. 

Moreover, Kelley et al. further complemented the mutation 

map with a line plot to show the maximum increases as well as 

the maximum decreases of prediction scores. In addition to 

interpretation through visualization, attention mechanisms 

designed to focus explicitly on salient points and the 

mathematical rationale behind deep learning are being studied. 

Incorporation of traditional deep learning architectures is a 

promising future trend. For instance, joint networks of CNNs 

and RNNs integrated with attention models have been 

applied in image captioning, video summarization [26], and 

image question answering [27]. A few studies toward 

augmenting the structures of RNNs have been conducted as 

well. Neural Turing machines [28] and memory networks [29] 

have adopted addressable external memory in RNNs and 

shown great results for tasks requiring intricate inferences, 

such as algorithm learning and complex question answering. 

Recently, adversarial examples, which degrade performance 

with small human-imperceptible perturbations, have received 

increased attention from the machine learning community 

[30-31]. Since adversarial training of neural networks can 

result in regularization to provide higher performance, 

additional studies in this area are expected, including those 

involving adversarial generative networks and manifold 

regularized networks [32]. 

In terms of learning methodology, semi-supervised 

learning and reinforcement learning are also receiving 

attention. Semi-supervised learning exploits both unlabeled 

and labeled data, and a few algorithms have been proposed. 

For example, ladder networks [33] add skip connections to 

MLP or CNNs, and simultaneously minimize the sum of 

supervised and unsupervised cost functions to denoise 

representations at every level of the model. Reinforcement 

learning leverages reward outcome signals resulting from 

actions rather than correctly labeled data. Since 

reinforcement learning most closely resembles how humans 

actually learn, this approach has great promise for artificial 

general intelligence [34]. Currently, its applications are 

mainly focused on game playing and robotics. 

5. Conclusion 

In era of big data, bioinformatics has got great 

development. And deep learning is taking important position 

for analyzing and computing these data. In this review, three 

types of deep learning architectures are introduced, such as 

deep neural networks (DNNs), convolutional neural networks 

(CNNs), and recurrent neural networks (RNNs). 

Although deep learning holds promise, it is not a silver 

bullet and cannot provide great results in ad hoc 

bioinformatics applications. There remain many potential 

challenges, including limited or imbalanced data, 

interpretation of deep learning results, and selection of an 

appropriate architecture and hyper parameters. Furthermore, 

to fully exploit the capabilities of deep learning, 

multimodality and acceleration of deep learning require 

further study. 
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