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ABSTRACT 

Identification of transcription factor proteins binding locations (motifs) genome-wide and their 

specificities is a critical task for the understanding of gene regulation and associated diseases. 

Computational methods for motif prediction have been well studied and many tools have been 

proposed to target different categories of motifs. With more labelled datasets are available, 

machine learning techniques have become more useful for model construction. Deep-learning 

neural network has become a very prominent machine learning technique because of its 

capability to model complex datasets in different problem domains. This thesis aspires to 

develop machine learning systems to predict the locations and specificities of transcription 

factor binding sites (TFBSs) in DNA enhancer regions. In addition, the deep-learning is also 

employed to learn features associated with ChIP-datasets. For that, this thesis work has 

developed two models called DeepFinder and GMFR-CNN for motif prediction. First deep 

learning model called DeepFinder, which formulates the problem as enhancer classification, 

where an initial subset of the whole sequences can be performed by motif discovery tools and 

these tools select most potential candidate motifs as seed motif profile to predict TFBSs in the 

remaining sequences. The second deep learning model is called GMFR-CNN, which considers 

the importance of gapped motif features and integrates with deep convolutional neural networks 

(CNNs) that are able to compose higher level features from lower level ones. This thesis 

contributes to the problem solving in the following aspects: (1) a framework called three-stage 

method is proposed to tackle large search space task by using seed motif to search for TFBSs 

in the remaining sequences and this framework is employed in design of enhancer prediction 

using stacked autoencoders classifier; and (2) to take into account the significance of gapped 

motif feature, we proposed a novel representation to describe DNA sequence as two-

dimensional gapped motif feature representation (GMFR) and implements with CNNs as 
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classifier to obtain highly significant gapped features. A thorough assessment of the proposed 

frameworks has been done using five-fold cross validation method. Empirical results indicate 

that DeepFinder and GMFR-CNN have good potential in identifying the locations of TFBSs 

and specifying the enhancer binding regions in DNA sequences. Genes and enhancer regions 

annotation protocol for proboscis monkey genome was introduced. Analysis of coverage has 

been carried among different enhancer prediction tools where GMFR-CNN has shown highest 

coverage as compared to the other tools. Other than that, the prior knowledge regarding motifs 

and enhancer sequences is advantageous to improve prediction performance.                   

Keywords: motif prediction, deep-learning neural network, enhancer, classification. 
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Penggunaan Teknik Pembelajaran Mendalam untuk Ramalan Rantau Penggalak 

ABSTRAK 

Pengenalpastian lokasi dan spesifikasi protein tapak mengikat faktor transkripsi (motif) dalam 

genom merupakan satu tugas yang kritikal untuk memahami regulasi gen dan penyakit yang 

berkaitan. Kaedah pengiraan untuk ramalan motif telah dikaji dan banyak alat telah 

dicadangkan untuk menyasarkan kategori motif yang berlainan. Melalui penggunaan set data 

yang banyak dan berlabel, teknik pembelajaran mesin telah menjadi lebih bermanfaat untuk 

pembinaan model. Rangkaian neural pembelajaran mendalam telah menjadi teknik 

pembelajaran mesin yang sangat popular kerana keupayaannya untuk membina model set data 

kompleks dalam berlainan masalah domain. Tesis ini bertujuan untuk membina sistem 

pembelajaran mesin untuk meramalkan lokasi dan spesifikasi tapak mengikat faktor transkripsi 

(TFBSs) di kawasan-kawasan DNA yang terletaknya rantau penggalak. Di samping itu, 

pembelajaran mendalam juga digunakan untuk mempelajari ciri-ciri yang berkaitan dengan 

ChIP-set data. Untuk ramalan motif, tesis ini menyampaikan dua model, iaitu DeepFinder dan 

GMFR-CNN. Model Pembelajaran Mendalam pertama, DeepFinder, merumuskan masalah 

seperti klasifikasi penggalak, dimana subset awal yang berasal daripada data DNA boleh 

diproses dengan menggunakan alat penemuan motif dan calon motif yang paling berpotensi 

akan dipilih sebagai profil tapak mengikat faktor transkripsi untuk meramalkan TFBSs dalam 

data yang selebihnya. Model Pembelajaran Mendalam kedua, GMFR-CNN, dimana 

kepentingan ciri-ciri jarak motif dititikberatkan dan diintegrasikan dalam ‘deep convolutional 

neural networks’ (CNNs), untuk pembinaan ciri-ciri yang berguna dalam klasifikasi. Tesis ini 

memberikan penyelesaian masalah dalam aspek-aspek berikut: (1) Rangka kerja yang 

dinamakan sebagai kaedah tiga peringkat telah dicadangkan untuk mengendalikan pencarian 

data yang lebih besar. Kaedah tiga peringkat melibatkan penggunaan profil tapak mengikat 
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faktor transkripsi untuk mencari TFBSs yang selebihnya dan kaedah ini direka berasaskan 

ramalan penggalak dengan menggunakan klasifikasi ‘stacked autoencoders’; (2) Perwakilan 

baharu yang mengambil kira kepentingan ciri-ciri jarak motif diperkenalkan untuk 

menggambarkan urutan DNA sebagai dua dimensi penggambaran ciri-ciri jarak motif (GMFR) 

dan melaksanakan pembelajaran dengan menggunakan CNNs sebagai alat klasifikasi untuk 

memperolehi ciri-ciri jarak motif yang penting. Penilaian yang wajar telah dijalankan untuk 

rangka kerja berikut dengan menggunakan lima validasi silang. Hasil kajian menunjukkan 

bahawa DeepFinder dan GMFR-CNN mempunyai potensi yang baik dalam pengenalpastian 

lokasi TFBSs dan penentuan rantau mengikat penggalak dalam urutan DNA. Protokol anotasi 

gen dan kawasan penggalak dalam genom kera bekantan diperkenalkan. Analisis liputan telah 

dijalankan dalam kalangan alat ramalan penggalak dan GMFR-CNN telah menunjukkan 

liputan tertinggi berbanding dengan alat lain. Selain itu, pengetahuan sedia ada mengenai 

motif dan urutan penggalak adalah satu kelebihan untuk meningkatkan prestasi ramalan. 

 

Kata kunci: ramalan motif, rangkaian neural pembelajaran mendalam, penggalak, klasifikasi. 
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 CHAPTER 1 

INTRODUCTION 

 

1.1 Overview 

Transcription factor binding motifs are short DNA segments which have degenerative 

feature patterns that defined the binding preference of transcription factors. The defined motifs 

such as positive weight matrices can be used to predict longer DNA sequences in the genome. 

Thus, motif discovery or identification is a crucial task in unravelling the mechanism of gene 

expression, notably enhancer prediction. It is an extremely difficult and expensive task, 

especially when conducted in wet-lab despite its high accuracy (Leung et al., 2010). In this 

study, an improved three-stage method known as DeepFinder and DNA motif representation 

known as gapped motif feature representation-convolutional neural network (GMFR-CNN) 

were introduced where both methods implemented deep learning techniques for motif discovery 

in enhancer prediction.  

Computational approaches provide alternatives to tackle the degenerative sequence 

patterns of binding motifs in an efficient way. In this thesis, deep learning  (DL) techniques 

were implemented to improve the search outcome because it can extract meaningful features 

and learn the relationship between complex data (Najafabadi et al., 2015). Raw data is used as 

input feature without being heavily engineered by human experts. This raw information will 

eventually produce meaningful features that are important to differentiate between enhancer 

and non-enhancer for example. All these learning processes are carried out by the deep learning 

neural network. In this study, we found out that features such as dinucleotide repeat motifs can 

be used in combination with k-mer to perform the classification and achieved 97% in terms of 
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accuracy. We also addressed the issues of binding sites prediction in enhancer sequences and 

how we improved the prediction using deep learning techniques. Deep learning (DL) is a 

branch of machine learning (ML), that has been introduced with the purpose of progressing 

machine learning towards to one of its original goals which are Artificial Intelligence (AI) 

(Bengio, 2009). In this way, a deep learning classification model of motif prediction can be 

built automatically.  

This chapter first presents the background and limitations of current TFBSs prediction 

in enhancer regions. After this, the research motivation is introduced. Next, the problem 

formulation and objectives are conferred. The chapter is then followed by a list of main 

contributions developed throughout the study. Finally, the thesis structure is briefly described 

at the end of this chapter.  

 

1.2 Motif Prediction in Enhancer Regions 

In molecular biology and computer science, motif discovery or also known as motif 

identification in DNA sequences is one of the most challenging problems among the 

practitioners (Yu, Huo, & Feng, 2016). Thus, the identification of motifs, especially 

transcription factor binding sites (TFBSs) in DNA sequence for transcription factors (TFs) is a 

crucial task in understanding the mechanism of gene expression. TFBS is referring to the 

binding site where it bound by TF in enhancer regions. It can be referred as the binding site of 

enhancer-related binding factors such as P300 or CREBBP. The motif can be considered as a 

representation of a set of TFBSs aligned together. The term enhancer prediction and 

identification of TFBSs can be used interchangeably. The challenge in motif discovery can be 

formulated as finding an unknown pattern that occurs repeatedly in a given set of sequences. 
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For example, a pattern of l letters that occurs in every sequence, therefore, a list of all l-letter 

patterns that appear in the sequence provides the alternative to motif identification. 

Unfortunately, with the mutation, insertion or deletion of nucleotides, the task of finding the 

motif patterns is even more challenging (Makalo, 2016).  

DNA functional elements which include promoter, enhancer, and silencer located at 

gene regulatory regions orchestrate transcriptional regulation in multicellular eukaryotes 

(Kleftogiannis, Kalnis, & Bajic, 2015). They are key elements of different biological processes 

which play a central role in determining physiological signals, organ development and tissue 

differentiation, nutrient and environment stress responses. The enhancer is a cis-regulatory 

element that works collaboratively with promoters and silencers to control gene transcription 

(Jin, Li, Ren, & Natarajan, 2011). In order to determine enhancer function, a description of 

specific internal sequence features is needed to fully understand the mechanism. Previous 

studies used sequence conservation, colocalization of previously characterized TFBSs from 

databases such as TRANSFAC (Matys et al., 2003) or JASPAR (Bryne et al., 2008) or a 

combination of both to predict enhancers. The assessment by Su et al. (2010) have shown that 

some of the existing approaches such as MSCAN (Johansson, Alkema, Wasserman, & 

Lagergren, 2003) and MCAST (Bailey & Noble, 2003) were successful in identifying 

enhancers in Drosophila, however, only a few generalized to mammalian systems. Other than 

that, detecting novel enhancers using word frequency profile similarity between pairs of 

sequences can be susceptible to noise when training on small numbers of enhancers (Leung & 

Eisen, 2009). In this study, we focus on enhancers that are situated at a great distance from the 

gene they regulate. Hence, the identification of distal regulatory elements is an extremely 

difficult task in the bioinformatics field, especially in large vertebrate genomes. This is due to 

the regulatory complexes formed by what number, order, orientation, and spacing, thus, 
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increases the level of difficulty (Guo & Huo, 2017). Enhancers are conventionally identified by 

an inserted DNA sequence that can activate transcription regardless of its orientation or location 

relative to the promoter using a reporter gene system. These elements are operated by acquiring 

sequences-specific transcription factors (TFs) and co-activator complexes (Maston, Evans, & 

Green, 2006; Tjian & Maniatis, 1994). This method of enhancer identification involved 

multiple experiment procedures that may be constrained by the different cellular conditions. 

With the advent of high-throughput technologies, such as chromatin immunoprecipitation 

followed by microarray (ChIP-chip) or massive parallel sequencing (ChIP-Sequencing or ChIP-

Seq), computational approaches using supervised or unsupervised machine learning (ML) 

algorithms have been developed for genome-wide enhancer prediction. These DNA motifs are 

short, recurring sequence patterns in a set of input DNA sequences that are presumed to have a 

biological function. These patterns indicated sequence-specific binding sites for proteins such 

as nucleuses and transcription features. Diseases and cancer are closely related to genetic 

variation or disruption in enhancers (Mansour et al., 2014; Lovén et al., 2013). Therefore, the 

identification of such motifs can be benefited to medical research especially in genomics area.  

 

1.2.1 Background 

The human genome contains every information needed to understand the biological 

properties and how it could manifest itself in every biological stage until it is fully grown as a 

human being and till the very last breath of the organism. In different cellular conditions, 

regulatory proteins might activate or inhibit particular functions in order to sustain the 

biological environment of the living organism. Currently, there are at least 26 billion base pairs 

(bp) representing the various genomes available in the server of the National Center for 
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Biotechnology Information (NCBI) (Ezziane, 2006). Besides the human genome with about 3 

billion bp, many other species have their complete genome available there. There is a need to 

carefully study the genome available in order to unveil the properties involved in every 

mechanism such as gene expression. This is because the ultimate goal is to determine how genes 

and the proteins they encode function in the intact organism and one of the most direct ways is 

to find out what a gene does by seeing what happens to the organism when that gene is missing, 

repressed, or altered. Cohen (2004) explained the needs of biologists to utilize and help interpret 

the vast amounts of data that are constantly being gathered in genomic research. Bioinformatics 

and computational biology are concerned with the use of computation to understand biological 

phenomena and to acquire and exploit biological data, increasingly large-scale data (Gusfield, 

2004). The advantages of computational techniques are promising and this is why DNA 

sequence analysis is attractive to computer scientists because of the availability of digital 

information as well as the effectiveness of computer algorithms.  

Regulation of gene expression in eukaryotes requires precise spatial and temporal 

coordination of a multitude of general and specific transcription factors at cis-regulatory 

elements, including enhancers, silencers, insulators, and promoters (Heintzman & Ren, 2007). 

The recognition and binding of these sequences by TFs occur within the context of chromatin, 

whose dynamic structural characteristics play a significant role in regulating gene expression 

(Mellor, 2005). Sequence-specific transcription factors play a critical role in regulating 

transcription by recruiting coactivators and promoting the formation of the Pre-Initiation 

Complex (PIC) (Heintzman & Ren, 2007). The enhancer can be predicted through the binding 

of TF on the sequence at a specific area called TFBS that triggered the transcription process. 

Unfortunately, TFs bound enhancer regions are distal from the location where it initiates the 

biological process which makes the prediction even more challenging compared to promoter 
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prediction where promoters are always located near transcription start sites of genes and 

upstream in the DNA. Consequently, many investigations have focused on the discovery of 

direct targets of TF binding. TF consensus binding motifs are highly degenerate and caused 

sequence-based computational methods to predict many thousands of binding sites for a given 

TF, however, only a fraction of TFBSs may be biologically relevant. Indeed, even binding sites 

for which the cognate TF has a very high affinity in vitro are not necessarily bound in vivo, 

consistent with our understanding of mechanisms underlying tissue-specific programs of gene 

expression. Conversely, TF targets may not contain consensus binding motifs, the TFs are 

binding to uncharacterized motifs or through cooperation with additional factors (Heintzman & 

Ren, 2007). The development of technologies like ChIP-chip enabled the rapid and direct 

biochemical purification of DNA sequences bound by TFs in the genome in vivo and the 

subsequent generation of target maps and transcriptional regulatory networks (Heintzman & 

Ren, 2007). 

This also proved that computational identification and annotation of motifs in the 

genome, including genes and the regulatory elements, is one of the active research areas in 

bioinformatics due to the high efficiency of the algorithms used. It is always a major challenge 

in genomics and computational biology especially in identification and discovery of regulatory 

elements using computational algorithms. This is due to the variable length of the motifs which 

is fairly short in between 5 to 20 bp. They are known to reappear in different genes or several 

times within a gene (Rombauts, Déhais, Van Montagu, & Rouzé, 1999). The use of artificial 

neural networks (ANNs) and machine learning (ML) techniques are starting to get popularity 

in this area due to their effectiveness and efficiency of the algorithms. For example, in the 

medical field, ANNs were used as a data-mining tool to predict and diagnose the occurrence of 

breast cancer (Ezziane, 2006). In addition to that, the implementation of machine learning 
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algorithms also can be seen in cancer diagnosis especially breast cancer and colorectal cancer 

(Karplus, 2012).  

In the post-genomic era, research in bioinformatics has been overwhelmed by the 

experimental data (Tan & Gilbert, 2003). The huge amount of data can be processed using 

machine learning techniques to obtain the meaningful information or patterns that can be used 

to describe its nature. Tan and Gilbert (2003) performed an empirical comparison of rule-based 

learning systems (decision trees, one rule, decision rules), statistical learning systems (naive 

Bayes, instance based, support vector machine (SVM), and artificial neural networks) and 

ensemble methods (stacking, bagging and boosting) on some available data of Escherichia coli, 

Yeast, Promoters, and HIV. They have reported a comparison of different supervised machine 

learning techniques in classifying biological data. However, they conferred that none of the 

single methods could consistently perform well over all the datasets even today the work by 

Klepper and Drabløs in the year of 2013 also supported their findings. Moreover, their work 

also concluded that combined methods practically perform better and more reliable than the 

individual ones. This has shown that there is indeed a need for a better prediction tool since the 

biological data are widely available for experimental purposes. Other than that, the importance 

of gapped motif features in motif prediction has not been taken seriously in deep learning 

prediction model, thus, the work by Lee (2016) has inspired the implementation of gapped 

features in deep learning approach. In bioinformatics, the transformation of biomedical big data 

into valuable knowledge has become one of the most important challenges especially in the era 

of big data. The promising results of deep learning beat benchmark performances in many areas 

such as image and speech recognition. Hence, the popularity of deep learning in bioinformatics 

has begun to rise up demonstrates state-of-art performance in various fields (Min, Lee, & Yoon, 

2017).  
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Deep learning plays a vital role that helps to bring artificial neural network closer to its 

original goal which is Artificial Intelligence (AI). The deep learning algorithm is a procedure 

that is capable of making an accurate prediction by learning past observations using deep 

learning techniques. This can be seen where the model is able to “see the world” which also 

known as inputting raw data and their option is highly problem-specific. One of the examples 

is MNIST digit classification. This includes some processing steps that involve a computer or 

machine to learn the features of a class or multiple class from a set of training data that 

comprised of positive and negative controls. Next, after the learning process, the learned model 

can predict new incoming data based on the data previously learned in the training process. For 

example, the model is able to differentiate between the digit “1” and “7” accurately when there 

is a new incoming data that it has never before seen. The characteristics and knowledge of the 

training data are obtained throughout the learning process. Therefore, this makes our prediction 

incredibly accurate and promising. It even fully implemented in reading cheque and 

handwritten signature in the bank industry (Miah, Yousuf, Mia, & Miya, 2015). Deep learning 

is a powerful technique for processing raw data in a more abstraction way where conventional 

machine learning techniques might lack this capability. Major advances have been made by 

deep learning, for example, Google DeepMind succeed in beating its opponents using AlphaGO 

in the game of GO (Gibney, 2016). Besides, an advancement in healthcare technologies also 

built by DeepMind Health to improve the efficiency of the medical field. The popularity of 

deep learning allows us to gain insight from the data in order to extract important features that 

are a matter of the case in hand.  
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1.2.2 A Brief Introduction to Deep Learning 

Deep learning has gained popularity in image classification and voice recognition. This 

can be shown by Facebook photo tagging system as well as Apple Siri voice recognition 

technology (Jones, 2014). The use of this technology has brought advancement to the accuracy 

and efficiency of image classification and speech recognition. This is why we are now interested 

in implementing this technology in bioinformatics field and there are some previous works have 

proved successes in this area. The series of tasks involved deep learning is carried out by the 

algorithms where the algorithms are able to do the learning process as well as the classification 

and prediction part effectively.   

Unlike any other conventional machine learning techniques, deep learning (DL) is a 

division of machine learning (ML) that is renowned for its learning ability by modelling high-

level abstractions features based on lower level ones with the help of a set of algorithms 

(Bengio, 2009). An artificial neural network that performed the task is called deep learning 

neural network (DLNN). The neural network is capable of learning simple and non-linear 

modules in the multi-level data representation, in other words, deep learning can process raw 

data more efficiently compared to other machine learning methods. The representation is 

amended at every level to obtain higher level or more abstract features from lower level features 

in the form of raw data (LeCun, Bengio, & Hinton, 2015). Conventional machine learning 

approaches are not robust for raw data transformation because they required careful engineering 

and consideration of domain expertise to design a feature extractor. Hence, this issue is handled 

by deep learning that the features in each layer were learned using a general-purpose learning 

procedure and do not need to be designed by human engineers (LeCun, Bengio, & Hinton, 

2015).  
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The capability of deep learning techniques is a complete breakthrough in discovering 

complex structures in high-dimensional data. This has brought major improvement in solving 

problems that are applicable to science, medicine, and business. Recently, deep learning has 

shown incredible performance in drug discovery (Gawehn, Hiss, & Schneider, 2015) and breast 

cancer detection (Cireşan, Giusti, Gambardella, & Schmidhuber, 2013). There are few 

examples of deep learning such as Deep Belief Networks (DBN), Convolutional Neural 

Network (CNN), Deep Boltzmann Machines (DBM), Recurrent Neural Networks (RNN), 

Stacked Autoencoders (SAE), and etc.  

 

1.2.3 TFBS Identification and Challenges  

The first challenge is the degenerative feature of TFBSs, which naturally occurred 

between transcription factors and their respective binding sites. This feature is often adapted 

through evolutionary reshuffling. Highly-degenerate TFBSs are unlikely to bind TFs with 

sufficient affinity to attain specificity. However, this feature is not well understood until today. 

For example, the recognition of binding site by the transcription factor is understood, however, 

the reason why these potential target sites for each transcription factor occur many times in the 

genome is not known. Also, the accurate identification of the functional binding sites by the 

proteins in a cellular environment.  

 The second challenge is related to the length of TFBSs. A TFBS is usually 5-20 

nucleotides or bases in length and randomly occur in enhancer regions that are relatively long, 

from 50 to 1500 nucleotides. Moreover, TFs are sequence tolerant despite variations at many 

positions of the TFBSs in most cases. The accuracy of genome-scale prediction is therefore 

affected by this tolerance of sequence variations. These two challenges have made the enhancer 
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prediction approaches generated a high number of false positives. This means predicted TFBSs 

that are similar in terms of their constituents are being treated as real TFBSs even though they 

have no biological function in gene expression.  

 Next, the conservation in certain positions of the TFBSs throughout species evolution 

contributes to the third challenge. This can be observed when to align TFBSs together, a pattern 

or motif is discovered. Due to this reason, motif identification can be viewed as a pattern 

recognition problem. Unfortunately, it cannot be used as a conventional pattern recognition 

problem because even a match pattern could not guarantee that it is a putative binding site.  

 Using computational approach to predict motifs does not guarantee that the 

identification of enhancers is true positives. Most computationally predicted TFBSs are not 

accessible for TF binding and this could be caused by chromatin structure or local epigenetic 

properties. The experimentally validated humans’ enhancer set is not large and the methods to 

assess the correctness of predictions can be done by linking the predicted enhancers to target 

genes.  

 

1.3 Motivation 

The prediction of TFBSs that reside within enhancer region plays a vital role in 

determining the enhancer location. TF that binds to the TFBS entails that enhancer is not far 

from the bound region. This contributes to the motivation of this research by introducing deep 

neural network that is well-known for its classification capability in the previous works such as 

DeepBind (Schmidhuber, 2015; Alipanahi, Delong, Weirauch, & Frey, 2015). Deep learning 

has achieved astonishing performance especially in image recognition, speech recognition, and 
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text document classification (LeCun, Bengio, & Hinton, 2015).  It began to shed light in this 

area which contributes to a higher accuracy level that has never been accomplished this far.  

Thus, in our first project presented in Chapter 4, we utilize the benefits of the three-

stage method where it can avoid exhaustive searching of motifs using only a partial set of data 

to perform motif search in the remaining sequences. We employed the data partially and used 

the subset to search respective binding sites in the remaining sequences. This is because a partial 

dataset is said to be sufficiently used to build seed motifs and more will only increase the 

predictive rates marginally. Other than that, the current three-stage approach also yields a high 

number of false positives, it can be enhanced using a computational approach such as k-medoids 

clustering technique and stacked autoencoders which implement clustering algorithm and deep 

learning technique to extract only meaningful information from the training set. The clustering 

technique used is to allow us to obtain two groups of motifs: similar and dissimilar motifs.   

As for our second project which stated in Chapter 5, we employ the strength of gapped 

motif features in motif prediction to convert DNA sequence into two-dimensional 

representation called gapped motif feature representation (GMFR) and implement it on top of 

deep convolutional neural network to capture meaningful features that can be used to 

distinguish enhancer and non-enhancer regions. We have realized some previous works that 

employed gapped k-mer features have obtained high-performance results, however, the 

modelling of gapped motif feature has not been practised in any of the deep learning models 

yet. The implementation of deep convolutional neural networks in motif prediction has shown 

promising results, presumably due to the capability of composing higher order features from 

lower order features. This is seen in the work of MNIST digit classification task (Krizhevsky, 

Sutskever, & Hinton, 2012). 
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Throughout this thesis, we provide valuable insights about the potential of employing 

deep learning technique in bioinformatics to whom may want to conduct research in this field 

or any other related areas in the future. Deep learning is capable of learning the meaningful 

features that can be used to identify or differentiate between multiple elements in our case is 

enhancer and non-enhancer regions. The input needed for deep learning is raw data without the 

need of being heavily engineered by human experts. This technique contributed in many areas 

such as breast cancer detection or diagnosis (Cireşan, Giusti, Gambardella, & Schmidhuber, 

2013) and skin cancer detection (Esteva et al., 2017).  

 

1.4 Problem Formulation 

Currently, the comprehensive and experimentally validated enhancer set for humans or 

other species is not sufficient. It is challenging to identify whether the enhancers are real based 

on computationally predicted enhancers. The correct enhancers can be validated by linking the 

predicted enhancers to their target genes, however, this is the most difficult task complementary 

to computational enhancer prediction.  

In this study, the problem of enhancer prediction is formulated as follows. First, the 

location of enhancers can be in few thousands of bases or hundred thousands of bases to the 

genes they initiate (He, Chen, Teng, & Tan, 2014). Therefore, the identified enhancer targets 

based on their relative location to enhancers are likely to be false positives because the methods 

that perform this task hypothesized that an enhancer interacts with its neighbouring mRNA 

promoter.  

Second, the search space is large and the overlap between putative enhancer identified 

tends to be very small, thus, an effective general enhancer classifier is unlikely to be created 



14 

 

due to a small number of training set samples used by some of the current computational 

approaches (Liu, Li, Ren, Bo, & Shu, 2016). It is important to employ sufficient amount of data 

to be treated as training set because in this way the significant features used to differentiate 

between enhancer and non-enhancer can be learned. 

Third, only a small number of data used by most of the computational approaches which 

derived from histone modification marks. There are several tools which combine different 

numbers and combinations of histone modification marks to predict enhancers such as Chromia 

(Won, Chepelev, Ren, & Wang, 2008), CSI-ANN (Firpi, Ucar, & Tan, 2010), RFECS 

(Rajagopal et al., 2013), DELTA (Lu, Qu, Shan, & Zhang, 2015), ChromaGenSVM (Fernández 

& Miranda-Saavedra, 2012), and DEEP-ENCODE (Kleftogiannis, Kalnis, & Bajic, 2015). In 

spite of the simplicity of features derived from only one type of data and only a finite number 

of chromatin modifications that have been examined, these approaches are facing challenges in 

predicting enhancers systematically even though these tools are capable of identifying 

thousands of enhancers in the human genome. In addition, it is infeasible for enhancers to be 

fully captured by an exhaustive catalogue of chromatin modifications and transcription factors.  

Fourth, the use of the whole dataset in the motif finding is not necessary because only a 

partial set of input sequences is adequately used for the purpose of motif finding. This has been 

shown in the work of Zia and Moses (2012). In this way, seed motifs are formed to scan in the 

remaining sequences where those motifs which approximate the real ones are likely to be found. 

The traditional three-stage method produced a high number of false positives, therefore, a 

computational method like clustering technique need to be implemented in the post-processing 

stage.  
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Fifth, most of the computational tools are considered only the independent features 

possessed by the motifs or transcription factor binding sites (TFBSs). It is utmost important to 

take into account the dependency features as well. It is highly recommended that in order to 

enhance prediction, it is utmost important to fully employ the benefits of both independent and 

dependent features possessed by those motifs (Santolini, Mora, & Hakim, 2013). Other than 

that, the inclusion of gap within motif features too can further improve the predictive rate of the 

computational tools (Ghandi, Lee, Mohammad-Noori, & Beer, 2014). This is because the 

transcription factor did not fully bound to the binding sites. The experiments carried out to 

compare the inclusion of gap and the exclusion of gap has clearly shown that the inclusion of 

gap definitely benefited to the task of enhancer prediction.  

 

1.5 Objectives 

The intention of this study is to develop deep learning classification frameworks for 

enhancer regions prediction with the goal of improving the overall effectiveness and efficiency. 

The two different deep learning classification frameworks presented in this thesis serve the 

purpose to solve the issues stated earlier. The first framework presented in Chapter 4 is called 

DeepFinder that ensembled four de novo motif discovery tools and employed stacked 

autoencoder for training the classifier model. The second framework as stated in Chapter 5 is 

called GMFR-CNN that adapted convolutional neural network to learn the features of binding 

sites regardless of their locations using gapped motif features. Concerning the main goal and 

related issues presented above, the two carefully engineered frameworks aim to achieve the 

following objectives: 
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 To improve the current three-stage framework by employing an ensemble of motif 

discovery tools for initial prediction of candidate binding sites from a subset of input 

sequences. The average accuracy achieved by using the improved method is 97% while 

the other methods used in the experiments are 3.7% and 53.5% respectively. The 

traditional three-stage method produced a high number of false positives and often 

required some clustering technique to obtain high-resolution motifs.  

 To implement the use of dependent and independent features as part of the feature-based 

approach where the benefits of both methods can be achieved in this study. The previous 

method such as position weight matrix (PWM) fully depends on independent features 

in motif prediction. It is crucial to include dependent features as well where the binding 

sites are said to possess these features. The designed features as described in Chapter 4 

is capable of attaining the important features that used to define the motifs, for example, 

dinucleotide repeat motifs.  

 To build a deep neural network model using the extracted features associated with the 

most potential candidate binding sites. This model is a feature-based approach 

integrated with stacked autoencoder (SAE) that served to find out the specificity of the 

seed motifs which is capable of discriminating enhancer from non-enhancer regions. 

The strength of SAE is in feature discovery, and when noise is introduced as part of 

input features, robust features can still be learned along the way in the learning process. 

This is where the current enhancer prediction tools lack and are important to consider 

the benefits of SAE would bring.  

 To design a novel representation of DNA sequences as “images” integrated with 

convolutional neural networks (CNNs) for the purpose of increasing the predictive 

power of enhancer prediction. The is because the kernel is able to simulate the length of 
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the motifs with gaps in between them. Also, the transcription factors often bound to the 

transcription factor binding sites partially. CNN is capable of extracting higher level 

features from lower level ones without being heavily engineered the necessary features 

to distinguish enhancers from non-enhancers. The locality of the features can be attained 

and suitable for enhancer prediction where the location of enhancers is not fixed. 

 To analyze and compare the coverage percentage of GMFR-CNN, DeepBind, LS-

GKM, CSI-ANN, and iEnhancer-2L in predicting the enhancers in Chromosome 18 of 

the proboscis monkey genome.  

 

1.6 Technical Contributions 

We introduce a novel framework which integrates stacked autoencoder, one of the deep 

learning techniques together with a three-stage method and we called this framework as 

DeepFinder. DeepFinder ensembles the advantages of four motif finding tools (BioProspector, 

MDscan, MEME, and MotifSampler) to search for putative binding sites from the partial input 

data, later on, the pre-processed putative binding sites are clustered according to their locations 

based on their overlapped regions. Similarity measure among the binding site clusters is used 

to populate the distant matrix and divide up into two main clusters using the k-medoid clustering 

technique. The clustering method was employed because it did not affect by the outliers. Each 

of the clusters is then trained in the deep learning model as a classifier and the best cluster is 

used to predict enhancers in the remaining sequences not used in the motif finding tools. We 

demonstrate the effectiveness of the framework using ten TFBS conserved datasets downloaded 

from UCSC Genome Browser in comparison with MAST and FIMO. We have selected MAST 

and FIMO in this case because these two tools are part of the MEME Suite that is frequently 
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updated by the developers. They are commonly used by the biologists or bioinformatics 

practitioners to search for sequences that are matched with a set of motifs. Our approach has 

shown significant results especially in the recall, f-measure, and accuracy values. Also, 

consistency of the classifier performance is maintained throughout different datasets used. 

We develop a novel representation deep learning framework called GMFR-CNN that 

employs gapped motif features to represent the DNA sequence in two dimensions on top of the 

deep convolutional neural network (CNN). The proposed representation is capable of capturing 

the probabilistic weight values of each of the nucleotide positions. We make use of the strengths 

of CNN in this framework because it is tolerance in terms of translation, rotation, and shifting. 

Thus, CNN enables recognition of features regardless of their locations in the incoming data. 

A comprehensive comparison of the proposed framework with LS-GKM and DeepBind is 

performed using the datasets from DeepBind’s literature. The averaged results of five-fold 

cross-validation have shown that GMFR-CNN has yielded promising results and outperformed 

competitor tools when employed with gapped motif features representation. Other than that, 

when GMFR-CNN was performed on proboscis monkey genome specifically on chromosome 

18, it has shown higher coverage as compared to other enhancer prediction tools such as CSI-

ANN, iEnhancer-2L, DeepBind, and LS-GKM. The genome sequencing, assembly, and 

annotation of proboscis monkey genome enable the exploration of primate evolution and 

genetic contributions to human physiology and disease.  
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1.7 Scope of the Study 

 This study focused on the enhancement of three-stage framework, the novel 

representation of the DNA sequence using deep learning models, and the coverage achieved by 

each tool in the enhancer prediction of the proboscis monkey genome. 

 The traditional three-stage method is employed for the purpose of using a partial dataset 

to be scanned by motif finding tools and use the motif profile to scan in the remaining dataset 

not used in the beginning. This method can avoid an enumerative search of the motifs in the 

whole genome, however, it contains a high number of false positives. This is where the 

improvement of this method came in to employ with deep learning and clustering techniques 

for the purpose of reduction in terms of false positives and also increase the enhancer prediction 

accuracy. It is utterly important to assemble the motif finding results from multiple motif 

finding tools because each tool has its own advantages and algorithms. There is no single tool 

capable of obtaining all the motifs that approximate the real ones. The datasets used for this 

study include CREB, ELK1, GATA1, HNF4, MEF2, NFE2, P53, P300, SRF, and STAT1. 

These datasets can be obtained from UCSC Genome database (GRCh37/hg19 Feb. 2009 

assembly). 

 Next, the novel representation of DNA sequence is introduced in this study. In previous 

studies, there are different representations used to represent DNA motifs which include position 

weight matrix, k-mer, etc. We realized the inclusion of gaps in the representation enhances the 

overall prediction which has been shown in the work by Ghandi and the team (2014). Therefore, 

we introduce the use of kernel together with the implementation of probabilistic weight values 

where the matrix can be treated as DNA “images” that later on inputting in the convolutional 

neural network. We named this representation as gapped motif feature representation (GMFR) 
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that is capable of simulating gaps in between motifs when a kernel size of three convolved in 

the matrix. The datasets used for this study include CEBPB, CEBPD, CTCF, ELK1, EP300, 

FOXA2, HNF4A, TBP, TFAP2A, and YY1. These datasets can be obtained from DeepBind’s 

literature (Alipanahi, Delong, Weirauch, & Frey, 2015). 

 In the prediction of enhancers for proboscis monkey genome, a protocol for genes and 

enhancer regions annotation was introduced. The intergenic regions obtained from the gene 

annotation protocol are where the enhancers are predicted later on by different enhancer 

prediction tools. The tools involved are DeepBind (Alipanahi, Delong, Weirauch, & Frey, 

2015), LS-GKM (Lee, 2016), GMFR-CNN (Wong, Lee, & Omar, 2016), CSI-ANN (Firpi, 

Ucar, & Tan, 2010), and iEnhancer-2L (Liu, Fang, Long, Lan, & Chou, 2016). These tools used 

transcription factor binding sites (e.g. CTCF and EP300) and histone modification marks (e.g. 

H3K4me1, H3K4me3, and H3K27ac) to predict the enhancers in the proboscis monkey genome. 

The annotated protein and transcript sequences as reference data are collected from six different 

species which include gorilla gorilla (western gorilla) (Scally et al., 2012), macaca mulatta 

(rhesus monkey) (Zimin et al., 2014), mus musculus (house mouse) (Church et al., 2011), pan 

troglodytes (chimpanzee) (Sequencing & Consortium., 2005), homo sapiens (human) (Lander 

et al., 2001), and pongo abelii (Sumatran orangutan) (Locke et al., 2011) 

(ftp://ftp.ncbi.nlm.nih.gov/genomes/).  

 

1.8 Thesis Structure 

This thesis consists of  6 chapters including the current chapter which is the introduction. 

Chapter 2 confers the biological and deep learning background that is related to our study. It is 

related to gene expression, transcription factor binding sites, motifs, enhancers, existing 

ftp://ftp.ncbi.nlm.nih.gov/genomes/
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computational representations, deep learning approaches, for the purpose of understanding the 

remainder of this thesis. This chapter also inspects the existing related works in enhancer 

prediction.  

Chapter 3 presents the first contribution of this thesis called DeepFinder. This chapter 

describes the proposed framework for enhancer prediction with an overview of the entire 

framework. Each of the processes that took place in the framework is described. The conclusion 

of this chapter will end with a discussion on experimental results and robustness of the 

framework.  

Next, Chapter 4 confers the second contribution of this thesis by presenting the newly 

proposed representation of DNA sequence. This proposed representation is crucially important 

as the current representation is not robust in terms of its short and degenerate properties. The 

whole structure of this chapter is similar to Chapter 5. The experimental results regarding the 

performance and robustness of the framework conclude the chapter. 

In Chapter 5, an annotation pipeline on enhancer regions prediction of proboscis 

monkey genome is conferred systematically. This annotation is using MAKER with few related 

reference proteins and ESTs aligned together to find the locations of the genes and other 

regions. Thus, intergenic regions obtained are further analyzed before going through the next 

step which is enhancer prediction using the selected tools. This chapter is concluded by the 

comparison of coverage percentage among the five enhancer prediction tools which include 

GMFR-CNN, CSI-ANN, iEnhancer-2L, DeepBind, and LS-GKM.  

In the end, Chapter 6 wrap up the thesis with a summary of the main contributions and 

a discussion of possible further development. This chapter too discusses the future directions 
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of deep learning in bioinformatics area to inspire readers regarding uncountable possibilities in 

pursuing their research in this field.  
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CHAPTER 2 

LITERATURE REVIEW 

 

2.1 Overview 

In this chapter, biological background especially gene expression and transcription 

factor binding sites will be explained in Section 2.2 which is utterly important to understand 

the remainder of this thesis. Motifs and their representations in computational approaches also 

will be illustrated as well in this section. In order for readers to apprehend the remaining 

chapters, the introduction of deep learning is conferred in Section 2.3 which contained essential 

knowledge about the deep learning neural network algorithms. Previous works related to our 

approaches regarding TFBSs identification, notably enhancer prediction, are presented in 

Section 2.4 where the existing tools that used whole or partial input sequences for motif 

prediction are included as well. Ensemble approaches that supplemented the motif models with 

other genomic and biological features of TFBSs are reviewed in Section 2.5 and previous works 

related to deep learning approaches are presented in Section 2.6. Finally, the chapter is 

summarized in Section 2.7. 

 

2.2 Gene Expression  

The central dogma of biology is often defined by the relationship between DNA, 

mRNA, and polypeptides in eukaryotic cells. During transcription, mRNA is made from a DNA 

template in the nucleus. It is then moving into the cytoplasm and combines with ribosomes to 

direct protein synthesis. This process is called translation. Gene expression took place when the 
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information in a cistron is being used to make a functional polypeptide chain by transcription 

and translation. A cistron is the section of DNA that holds information for one polypeptide 

chain.  

 Transcription, RNA splicing, translation, and post-translational modification of a 

protein are regulated by gene expression. It is where information from a gene is used to 

synthesize gene product that is functional to the cell. Figure 2.1 details the flow of genetic 

information from DNA to mRNA to protein in a cell. Transcription and translation are further 

explained in Subsection 2.2.1 and 2.2.2.  

 
Figure 2.1: Gene expression. (National Institutes of Health) 

 

2.2.1 From DNA to RNA (Transcription) 

The variety of activities carried out in a cell requires proteins or enzymes. The 

information transfer from DNA to mRNA is called transcription. Therefore, transcription is an 
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important process where it controls how much RNA is created. Helicase is an important enzyme 

that involved in this matter where it exposes the base in the transcribing DNA strand by 

breaking up the hydrogen bonds that holding the double helix of DNA. Then, transcription is 

initiated when polymerase attaches to the promoter site. mRNA is built when complementary 

nucleotides are added (U to A, C to G, etc.) during the enzyme moves along the cistron in 5’ to 

3’ direction. The double helix of the DNA restores behind it and it is where the ‘zip’ closes 

when the enzymes move on to another region of the transcribing DNA strand. The enzyme 

detaches and the mRNA molecule peels away from the DNA when reaching a ‘stop’ sequence 

called a terminator.  

 Introns are sequences of nucleotides that resides between the cistrons that code for 

polypeptides. mRNA has to be processed to get rid of the introns before it leaves the nucleus in 

the eukaryotic cells. After the introns have been removed, the remaining sections of RNA which 

are called exons are spliced together to form the final strand of mRNA. Figure 2.2 illustrates 

the regulatory elements involved in the transcription process.  

 
Figure 2.2: Regulatory elements of transcriptional regulation. (adapted from the webpage 

https://www.boundless.com/biology/textbooks/boundless-biology-textbook/gene-expression-

16/eukaryotic-gene-regulation-113/transcriptional-enhancers-and-repressors-458-11684/) 



26 

 

2.2.2 From RNA to Protein (Translation) 

The process where mRNA is decoded and translated in order to yield a polypeptide is 

called translation. It is done using mRNA with the help of a ribosome, a number of complex 

rRNAs, and proteins to carry out the translation. During the process, the mRNA’s genetic 

message is decoded and the new polypeptide chain is assembled. tRNA helps to translate the 

sequence of codons on the mRNA strands by transferring a free amino acid from the cytoplasm 

to a ribosome. A single amino acid or also known as a codon is a formation of three bases in a 

DNA or RNA sequence. They are combined one by one to the growing polypeptide chain. Only 

two molecules of tRNA are allowed by the ribosome to combine with the mRNA. One of the 

tRNA molecules is responsible for holding the growing polypeptide chain while the other 

carries the next amino acid to be added to the chain. A specific enzyme makes sure that it is 

carrying the correct amino acid specified by its anticodon before a tRNA molecule moves to a 

ribosome. ATP supplies energy to the attachment of amino acids to tRNA. For example, only 

tRNA molecule with the anticodon GGA and carrying proline will be attached to the mRNA 

when the ribosome has arrived at a part of the mRNA strand that contained the codon for proline 

(CCU). The formation of a peptide bond between the proline and the histidine is catalyzed by 

peptidyl transferase at the end of the growing polypeptide chain. Therefore, the polypeptide 

chain is transmitted to proline. The histidine hold by the tRNA molecule is now released from 

the ribosome, and the tRNA is free to carry another histidine molecule. At the same time, the 

ribosome moves one codon further along the mRNA strand, and exposes the next codon, for 

example, (GGU) so that glycine can be added to the chain. This process is terminated when 

they reach a stop codon on the mRNA. Otherwise, tRNAs will continue to add amino acids to 

the end of the polypeptide chain. Finally, the completed protein is released to the cell by the 

ribosome. This translation process is clearly shown in Figure 2.3.  
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Figure 2.3: Translation. (adapted from the webpage 

http://www.bbc.co.uk/bitesize/higher/biology/cell_biology/rna/revision/2/) 

 

2.2.3 Transcription Factor (TF) 

In molecular biology, a transcription factor has specific recognition of cis-regulatory 

regions which are called promoters, enhancers, silencers, and insulators that are essential for 

gene regulation. The binding of some transcription factors on DNA promoter sequence nearby 

the transcription start site will contribute to the formation of transcription initiation complex 

which initiates transcription. The RNA polymerase initiates mRNA synthesis by matching 

complementary bases to the DNA strand. The mRNA molecule is elongated and, once the strand 

is entirely synthesized, transcription is completed. This well-formed mRNA copies of the gene 

constitute blueprints for protein synthesis during the translation process. While other 

transcription factors will either activate or repress the recruitment of RNA polymerase to 

specific genes especially binding on enhancer or silencer sequences. The location of the 

regulatory elements such as enhancer or silencer from the gene being transcribed can be up to 

thousands of base pairs away either in upstream or downstream. Enhancers and silencers only 

differentiated by the transcription factor that the region binds to because both enhancers and 

http://www.bbc.co.uk/bitesize/higher/
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silencers may be in close proximity to each other or may be located in the same region. A cluster 

of sites is always required for specific recognition of eukaryotic TFs because eukaryotic TFs 

display widespread, non-functional binding even though bacterial TFs can recognize a specific 

DNA site in the genomic background (Wunderlich & Mirny, 2009). The cluster of sites are 

often motifs that occur repeatedly in the eukaryotic genomes (Todeschini, Georges, & Veitia, 

2014).  

 In this study, our main focus is on the prediction of enhancer, therefore, a description 

of what is enhancer is conferred. Before this, the study of promoter regions which involved in 

the cis-regulatory mechanism has gained predominant focus until recently where long-range 

enhancer clusters were found to play an important role in spatial and temporal gene regulation. 

The binding of specific transcription factors on enhancer enables the DNA to form a loop in 

order to allow enhancer-bound regulatory proteins and transcription factors bound to the 

promoter region. Thus, transcription is activated or repressed through the interactions of the 

proteins. With the binding of activator and other protein complexes, enhancer has been brought 

closer to the promoter and hence increase transcription. This shows that enhancer plays a vital 

role that determines maximal transcription while promoter is crucial whether transcription can 

occur or not. The maximal increase in transcription is caused by the activators recruiting 

transcription factors, which helps in the binding of RNA polymerase. Therefore, the rate of 

transcription can be affected by the binding of regulatory proteins on enhancer which depends 

on either activators or repressors to the control elements of enhancers.  

 The location of the enhancer is usually at a distance away, either upstream or 

downstream (Griffiths, Miller, Suzuki, Lewontin, & Gelbart, 2000). Gene transcription can still 

be affected by an enhancer, where it may be excised and inserted elsewhere in the chromosome. 

In addition to that, the forward or reversed pattern of enhancer does not affect the level of 
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transcription (Narang & Mahato, 2010). Enhancers may show tissue-specific properties and 

may initiate RNA polymerase II transcription by generating a new group of non-coding RNAs 

called enhancer RNAs (eRNAs) (Kleftogiannis, Kalnis, & Bajic, 2015). Figure 2.4 illustrates 

transcription machinery by enhancers bound by transcription factors and mediator proteins.  

 
Figure 2.4: Enhancer boosts transcriptional regulation, bound by transcription factors and 

mediator proteins. (adapted from the webpage 

https://www.boundless.com/biology/textbooks/boundless-biology-textbook/gene-expression-

16/eukaryotic-gene-regulation-113/transcriptional-enhancers-and-repressors-458-11684/) 

 

2.2.4 Motif Representations 

Transcription factor binding sites or also known as TFBSs are a type of binding site that 

can be found in DNA sequence where other transcription factors may bind. These binding sites 

are usually 6 to 20 bases in length, thus, it is short and is often highly degenerate. Multiple 

TFBSs that occur in a typical enhancer are often conserved sequences with a degree of 

https://www.boundless.com/biology/
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degeneracy. The requirements for enhancer activity are commonly related to clustered and/or 

overlapping TFBSs (Hu, Hu, & Collins, 2007; Gotea et al., 2010; Lusk & Eisen, 2010). 

Therefore,  the binding of these TFBSs is very precise and only significant at a small fraction 

of sites. The binding specificity is captured by the typical DNA sequence and is often 

represented by motif. A common or conserved pattern of the motif can be drawn from 

collections of similar TFBSs that recognized by a TF. According to Sami & Nagatomi (2008), 

a sequence motif is a nucleotide or amino-acid sequence pattern that is widely spread across the 

genome and has, or is inferred to have, a biological meaning in genetics.  

 Currently, there’s no existing definition that is fully satisfying and can be employed in 

finding the definite motifs (Pisanti, Crochemore, Grossi, & Sagot, 2005). Some represent motifs 

based on statistical representations in the form of PSSM (Position Specific Scoring Matrix) 

(Gribskov et al., 1987; Hertz & Stormo, 1996; Lawrence & Reilly, 1990; Lawrence et al., 1993). 

Others represent a motif as a consensus (Brazma et al., 1998; Vanet, Marsan, & Sagot, 1999).  

 A motif is commonly represented by a position weight matrix (PWM), consensus 

sequence, and sequence logo (D'haeseleer, 2006). PWM is a profile-based method that 

describes a motif using quantitative information obtained in a weight matrix (Stormo, 2000); 

while consensus sequence or sequence pattern confers a motif using a qualitative method such 

as profiling model that adopts regular expression to characterize a motif (Hertz, Hartzell, & 

Stormo, 1990); sequence logo is used to represent sequence motifs visually (Schneider & 

Stephens, 1990). A PWM can be defined by 4 × 𝑙 matrix 𝑆 = (𝑚𝑖,𝑗) where 𝑗𝑡ℎ  column 𝑚𝑗 

depicts the probability distribution of the four bases (A, C, T, G) that appears respectively at 

position j of the aligned common pattern of a binding site of a given TF. Independence between 

bases was assumed in the input sequences because it scores at each of the position 

independently from bases at different positions. The sequence score aligned with PWM also 
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can depicts the log-likelihood of the sequence by using this formula 𝑚𝑖,𝑗 =  log
𝑝𝑖,𝑗

𝑏𝑖
 , where 𝑝𝑖,𝑗 

is the probability of i at position j of the motif and 𝑏𝑖 is the probability of i in a background 

model. The sequence logo can be graphically plotted using the site-specific 𝑚𝑖,𝑗 values over 

sites (Schneider & Stephens, 1990). 

 
Figure 2.5: PWM and LOGO representation of the nine motifs (Bailey T. L., 2008). 

 

Other than using PWM to represent motif, the consensus sequence is also commonly 

used to represent aligned binding sites. Conserved sequence motifs are consensus sequences 

that demonstrate consistency across species or within the species over its evolutionary period 

and show which residues are conserved or variable. The consensus sequence motif is made up 

of the 15-letter alphabet, including four nucleotide bases A, C, G, T, and eleven distinct letters 

of IUPAC nucleotide code for eleven possible subsets of the four nucleotides (Johnson, 2010). 

The eleven letters are depicted in Table 2.1 as shown below. For example, HindII bind to the 

sequences GTYRAC, where Y stands for ‘C or T’ (pYrimidine), and R stands for ‘A or G’ 

(puRine) (D'haeseleer, 2006). 
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Table 2.1: IUPAC nucleotide code for eleven possible subsets of the four bases. 

IUPAC nucleotide code Base 

R A or G 

Y C or T 

W A or T 

S G or C 

M A or C 

K G or T 

B C or G or T 

D A or G or T 

H A or C or T 

V A or C or G 

N A or C or G or T 

 

 Besides, consensus sequence also can be generated from aligned binding sites which 

uses regular expression to characterize a motif. Regular expressions (REs) are commonly used 

in the word-based method as it provides a powerful notational algebra to match the DNA 

sequence patterns (Heger, Lappe, & Holm, 2004). As an example, given a possible RE: “A-G-

N(1,2)-C-C”, this RE is matched with any DNA short sequence that starts with AG and ends 

with CC together with a gap of one or two base pairs in between that can be of any bases. Table 

2.2 shows the regular expression obtained from aligned sites. 
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Table 2.2: Regular expression of aligned sites (Bailey, 2008). 
Aligned Sites 

Site1 C T A A T T G G C A A A T G 

Site2 A T A A T A A A C A A A A C 

Site3 G A C A T A G A C A A G A C 

Site4 G T C T T T C A C A A A T A 

Site5 G T G A A A G A C A A G T T 

Site6 A T A A T A A A C A A A A T 

Site7 G T T G A A A A C A A T A G 

Site8 T C A A A T A T C A A A T C 

Site9 A G A A T A G A A A G G T A 

Regular Expression (RE) 

 N N N D W W V D M A R D W N 

 

For the task of searching new sites, gapped or less conserved sequence motifs, 

consensus sequence representation may not be sufficient, where the gapped features and relative 

frequency of each particular base at a given position are totally ignored. The poor description 

of the motif pattern by consensus sequence allows ambiguity in the consensus that will result 

in the detection of known motifs and is capable of producing the unacceptably high level of 

false positives. Other than that, consensus sequence does not take into account insertion and 

deletion which makes it extremely challenging to detect patterns, for example, bacterial 

promoter sequences, that consists of conserved region separated by variable distances. In 

comparison to PWM, the consensus sequence is less sensitive and precise when scanning on 

new sequences that are not included in the training set. A sequence logo is a visual 

representation of the conserved regions in DNA or protein strings (Schneider & Stephens, 

1990). It is widely used by bioinformaticians to reveal significant features of the alignment in 
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DNA or protein. Figure 2.5 depicts sequence logo built from WebLogo, a web-based server 

from aligned binding sites. It basically shows how well nucleotides are conserved at each 

particular position. The conservation level of the sequence at a particular position is determined 

by the entire height of the letters. All nucleotides at the same position (A, C, G, T) are scaled 

according to their respective frequency. The entire height of the sequence logo is scaled by the 

information content (IC) measured in bits. The term ‘information content’ can be used to 

describe an estimation of the average specific binding energy to the whole set of known binding 

sites. The information content or also known as measure of conservation of position i is given 

by 𝑅𝑖 = 𝑙𝑜𝑔2(4) − (𝐻𝑖 +  𝑒𝑛). 𝐻𝑖 is the uncertainty known as the Shannon entropy of position 

i : 𝐻𝑖 = − ∑ 𝑝𝑖,𝑗  ×  𝑙𝑜𝑔2𝑝𝑖,𝑗. 𝑝𝑖,𝑗 is the relative frequency of base 𝑖 at position j. 𝑒𝑛 is the small-

sample correction for an alignment of n letters. The approximation for the small-sample 

correction 𝑒𝑛 is given by: 𝑒𝑛 =  
1

ln 2
 ×  

𝑠−1

2𝑛
, where s = 4 for nucleotides, and n is the number of 

sequences in the alignment (Schneider & Stephens, 1990).  

 

2.3 A Brief Introduction to Deep Learning  

In general, a computational model that is constructed by multiple processing layers 

which capable of learning the representations of data with multiple levels of abstraction is 

powered by deep learning methods. These representations are yield by constructing simple but 

non-linear modules that each transform the representation starting with the raw input into a 

representation at a higher or more abstract level. Complex functions can be learned with the 

composition of enough such transformations.  For many years, problems that have opposed the 

best efforts of the artificial intelligence community are taking major advances in deep learning. 

It is exceptionally good at discovering complex structures in high-dimensional data and is 
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therefore applicable to many domains of science and technology. Deep learning is one of the 

most popular techniques used in image and digits recognition, voice recognition, and text 

document classification ever since it has beaten records in those fields in comparison to machine 

learning techniques (LeCun, Bengio, & Hinton, 2015). Recently, Google DeepMind’s program 

called AlphaGo which employed deep learning technique has beaten a human expert at Go for 

the first time in human history (Gibney, 2016). Besides, deep learning techniques also have 

been implemented in medical and bioinformatics field such as predicting the activity of 

potential drug molecules (Ma, Sheridan, Liaw, Dahl, & Svetnik, 2015), reconstructing brain 

circuits (Helmstaedter et al., 2013), and predicting the effects of mutations in non-coding DNA 

on gene expression and disease (Leung, Xiong, Lee, & Frey, 2014; Xiong et al., 2015). Deep 

learning has produced extremely promising results for various tasks including the prediction of 

sequence specificities of DNA- and RNA-binding proteins by Alipanahi and the team (2015), 

thus, this technique is believed to be benefited to the task of enhancer prediction.   

Deep Learning (DL) is a division of machine learning (ML) that is renowned for its 

learning ability by modelling high-level abstractions features based on lower level ones with 

the help of a set of learning algorithms  (Bengio, 2009). A learning algorithm is a method used 

to carry out the learning process, the desired design objective is obtained by the function of 

which is to alter the synaptic weights of the network in an orderly fashion. Deep neural networks 

can be differentiated from the regular neural networks based on the number of hidden layers 

where regular neural networks have only one hidden layer and deep neural networks have more 

than 2 hidden layers. Conventional machine learning approaches are not robust for raw data 

transformation because they require careful engineering and consideration of domain expertise 

to design a feature extractor. Hence, this issue is handled by deep learning that the features in 
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each layer were learned using a general-purpose learning procedure and do not need to be 

designed by human engineers (LeCun, Bengio, & Hinton, 2015).  

The capability of deep learning techniques is a complete breakthrough in discovering 

complex structures in high-dimensional data as this would allow deep learning practitioners to 

automatically extract such features without heavily programmed the system and does not 

require direct human input features (Najafabadi et al., 2015). This has brought major 

improvement in solving problems that are applicable to science, medicine and business, for 

example, image recognition (Krizhevsky, Sutskever, & Hinton, 2012), medical image analysis 

(Xu et al., 2014), and risk analysis (Swaminathan et al., 2015). There are few examples of deep 

learning such as Deep Belief Networks (DBN) (Boureau & Cun, 2008), Convolutional Neural 

Network (CNN) (LeCun, Bottou, Bengio, & Haffner, 1998), Deep Boltzmann Machines 

(DBM) (Salakhutdinov & Hinton, 2009), Recurrent Neural Networks (RNN) (Lukoševičius & 

Jaeger, 2009), Stacked Autoencoders (SAE) (Vincent, Larochelle, Lajoie, Bengio, & Manzagol, 

2010) and etc. In spite of conferring all the available deep learning techniques, we only 

described the details of Stacked Autoencoders (SAE) and Convolutional Neural Network 

(CNN) in order for readers to understand the remaining of this thesis since both techniques were 

implemented in the first and second contribution projects.  

 

2.3.1 Artificial Neural Networks (ANNs) 

Artificial neural networks (ANNs) or commonly known as neural networks (NNs) are 

inspired by how the human brain process incoming signal to perform classification and 

clustering. They make use of a massive interconnection of simple computing cells known as 

“neurons” or “processing units”. A neuron is an information-processing unit that forms the basis 
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of the operation of a neural network by mapping an input vector {𝑥1, 𝑥2, … , 𝑥𝑛} to a scalar 

output y via a weight vector {𝑤1, 𝑤2, … , 𝑤𝑛} and a nonlinear activation function 𝐴. An articial 

neuron is illustrated in Figure 2.6. The graphical representation summarizes the single neuron 

as 𝑐 =  ∑ 𝑤𝑗𝑥𝑗
𝑛
𝑗=0  and 𝑦 = 𝐴(𝑐 + 𝑏), where c is the sum of input signals times with their 

respective synaptic weights of the neuron (𝑤1𝑥1 +  𝑤2𝑥2 + ⋯ +  𝑤𝑛𝑥𝑛) and y is the output 

signal of the activation function applied on sum of input signals and bias term. The bias term 

denoted by b can be positive or negative and is able to increase or decrease the sum of inputs 

of the activation function. The total number of input neurons is denoted by n. The common 

activation function used here is logistic function and the formulas before and after substitution 

are defined as below. 

𝐴(𝑣) =  
1

1+ 𝑒𝑣 , 𝑦 =  
1

1+ 𝑒𝑐+𝑏.  

The output of the neuron is determined by the weighted sum c and their respective bias b either 

less than or greater than the certain threshold value and its output are either 0 or 1. 

𝑦 =  {
1   if 𝑐 + 𝑏 ≥ 0
0   if 𝑐 + 𝑏 < 0

 

 
Figure 2.6: A nonlinear model of a neuron. 
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A neural network is a carefully designed machine that normally consists of three layers 

(input, hidden, and output layer) which can be used to imitate the brain in performing a specific 

task such as classification and discover new patterns in data. It is an information-processing 

system or parallel computer that has the ability to reform structure which is known as neurons 

to carry out biological computations such as perception, motor coordination, etc. These 

‘computations’ are extremely fast compared to any of the supercomputers in existence today.  

 

2.3.2 Multilayer Backpropagation Neural Networks 

A multilayer neural network can be distinguished from a simple neural network by the 

presence of one or more hidden layers, whose neurons are correspondingly called hidden 

neurons. It is called “hidden” due to the fact that this particular neuron is not seen from either 

the input or output layer of the neural network. The output of the hidden neurons will act as 

input to the next hidden layer or output layer. The inclusion of hidden neurons enables the 

extraction of higher-order features from its input. They begin to discover salient features that 

characterize and distinguish the training data as the learning process progresses across the 

neural network. Figure 2.7 illustrates the structure of a multilayer neural network that consists 

of inputs, one hidden layer, and one output layer. The neural network shown is fully connected 

as every neuron in each layer is connected to every other neuron in the adjacent forward layer.  
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Figure 2.7: The layout of a multilayer neural network for the case of a single hidden layer. 

 

The neural network described previously is a feedforward neural network and this 

pattern can be observed where the output of one neuron is used as input to the next neuron in 

the hidden layer or output layer. Bryson and Ho invented a technique called backpropagation 

or generalized delta rule for learning in multilayer network in 1969 (Bryson & Ho, 1975). The 

purpose of this technique is to increase the efficiency of partial derivatives computation of a 

function 𝐴(•) recognized by the network with respect to all the neurons of the adjustable weight 

vector w for an assigned value of input x. The implementation of gradient descent rule in a 

feedforward network makes backpropagation works by starting off with an initial set of 

parameter values and constantly progresses toward a set of parameter values that minimize the 

function. This network that implemented gradient descent is called backpropagation neural 

networks (BPNNs). BPNN is a multilayer, feedforward network that has at least one hidden 

layer and its hidden neurons are consists of nonlinear functions (e.g. sigmoid function and 

hyperbolic tangent function). The network is fully connected between neurons in two 

consecutive layers, but no connection between neurons within the same layer. Each hidden 

neuron receives input from all input neurons and sends output to all output neurons for a three-
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layer neural network (input, hidden, and output layer). The number of output neurons is not 

necessarily equal to the number of input neurons and the number of hidden neurons per layer 

can be more or less than the number of input or output neurons. When the number of hidden 

neurons increases, the network will tend to converge, however, excessive hidden neurons will 

lead to poor generalization (Basheer & Hajmeer, 2000). There are many suggestions proposed 

by researchers with regards to the number of neurons that may not be relevant to every 

circumstance. For the case of a single hidden layer architecture, it has been suggested to use an 

upper limit of 2𝑛 + 1 hidden layer neurons, where 𝑛 is the number of inputs (Hecht-Nielsen, 

1987). While for the case of two hidden layer architecture, a 3:1 ratio of neurons between the 

two layers is suggested (Maier & Dandy, 1996). Other than that, in order to avoid overfitting, 

it was suggested that the number of hidden neurons should be less than 1/10 the number of 

training patterns (Weigend, Rumelhart, & Huberman, 1990).  

The two main steps involved in the backpropagation algorithm are feedforward and 

backwards pass operations. Figure 2.8 illustrates the signal flow of the multilayer neural 

network with two hidden layers in forward and reverse direction. 

 
Figure 2.8: An architecture of multilayer neural network with two hidden layers where the 

signal flow is in the forward direction.  
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Given a pair of data (𝑝𝑖 , 𝑞𝑖)  where 𝑝𝑖  is an input signal that travels around in the 

network and 𝑞𝑖  is the actual output or target value, to the network in the feed-forward 

propagation. Consider a neuron in a hidden layer, 𝑟ℎ and connected with a weight 𝑤𝑖ℎ to the 

neuron in the input layer. By using this equation, 𝑟 (𝑜𝑢𝑡)ℎ = 𝐴 (∑ 𝑤𝑖𝑗𝑝(𝑜𝑢𝑡)𝑖 +  𝑏0ℎ)𝑛
𝑖=1  is 

outputted a value to all neurons in the next layer.  

While in the backwards pass process, a mean-squared error function is used to compare 

the final value of 𝑝𝑖 and target value, 𝑞𝑖. Thus, a mean-squared error value is computed using 

𝐸 =  ∑ (𝑈𝑗(𝑝𝑖, 𝑤) −  𝑞𝑖)
2

𝑗  where 𝑈𝑗(𝑝𝑖, 𝑤) is the final output of feed forward pass of jth neuron 

from input layer until output layer and w is the weights from neurons in the previous layer to 

jth neuron. A gradient descent rule is implemented to update the connection weights by 

propagating the neural network in backward direction.  

∆𝑤𝑖𝑗 =  
−𝜇𝜕𝐸

𝜕𝑤𝑖𝑗
, 

where ∆𝑤𝑖𝑗 entails the updated weight from any neuron to neuron and both of which are of 

different layers. The learning rate parameter in the formula is depicted as μ. So, the weight 

change from the input layer 𝑖th neuron to hidden layer ℎth neuron is described as follow: 

∆𝑤𝑖ℎ =  𝜇 ∙  𝛿ℎ  ∙  𝑥𝑖  where 𝛿ℎ =  𝑟(𝑜𝑢𝑡)ℎ(1 − 𝑟(𝑜𝑢𝑡)ℎ) ∑ 𝑤ℎ𝑘 ∙  𝛿𝑘𝑘 . 

Next, the weight change from the hidden layer ℎth neuron to the output layer 𝑘th neuron is 

shown in the equation below. As denoted previously, 𝑦𝑘 is the final output of feed forward pass 

which is the same as 𝑈𝑗(𝑝𝑖, 𝑤) and the target value 𝑞𝑖 is denoted as 𝑦𝑡𝑎𝑟𝑔𝑒𝑡,𝑘. A backward pass 

pseudocode is conferred right after the equation below: 

∆𝑤ℎ𝑘 =  𝜇 ∙  𝛿𝑘  ∙  𝑟(𝑜𝑢𝑡)ℎ where 𝛿𝑘 = (𝑦𝑡𝑎𝑟𝑔𝑒𝑡,𝑘 −  𝑦𝑘)𝑦𝑘(1 −  𝑦𝑘). 
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2.3.3 Deep Learning Neural Network (DLNN) 

DLNN has been actively employed in many of the state-of-the-art methods to perform 

tasks like speech recognition, language translation, object detection (LeCun, Bengio, & Hinton, 

2015). These techniques heavily employ the available computation to construct highly complex 

neural networks even though large datasets were used, and only a small amount of the data is 

labelled. For more details regarding the neural network models, readers can refer to 

Schmidhuber’s paper (Schmidhuber, 2015), as a complementary of all the available models. 

Deep learning refers to machine learning techniques for the learning of hierarchical 

representations in the network’s deep architectures that are used for pattern classification. While 

for the neural network, is a programming paradigm that imitates the human brain which enables 

a computer to learn from observational data. The depth or number of hidden layers of the neural 

networks can be used to distinguish between shallow networks and deep networks. 

Conventional machine learning such as hidden Markov models (HMMs) and support vector 

machines (SVMs) depend on shallow nets which comprised of input and output layers. When 

the number of hidden layers exceeds one, it is considered as “deep” network (Goldberg, 2016). 

Shallow net architecture is relatively simple because it contains only single layer nonlinear 

functions that are important in reconstructing raw input or features into desirable feature space.  

In general, a set of features is being trained in each layer in the deep neural networks, 

the deeper the layer, the more complex features can be recognized. This is due to the 

composition of higher order features from lower order features in the previous layers which are 

commonly known as feature hierarchy. The main concept of deep learning lies within the 

complexity and abstraction level of hierarchical representations which increase from one layer 

to the next layer (Bengio, Courville, & Vincent, 2013). Thus, deep neural networks’ capability 
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in capturing meaningful features is automatically achieved by its ability to deal with high-

dimensional datasets together with various parameters. This is a key advantage of deep learning 

where good feature extractors are not hand-engineered by domain expertise which requires a 

considerable amount of engineering skills and experience (LeCun, Bengio, & Hinton, 2015). 

Moreover, deep learning neural network is also an architecture with high adaptation to new 

problems (Najafabadi et al., 2015). Despite all the strengths possessed by deep learning, here 

are some limitations presented by Yann LeCun in CVPR conference 2015 which include the 

missing of theory in deep learning, lack of reasoning or structured prediction, memory (short-

term, working, episodic memory), and unsupervised learning that actually functions. In the 

following subsections, explanations of stacked autoencoders and convolutional neural networks 

are provided. The subsections are necessary to understand the remainder of this thesis.  

 

2.3.3.1 Stacked Autoencoders  

An autoencoder works by mapping the input vectors into a hidden representation that is 

done by an encoder while the mapping of hidden representation back into the space of input 

vectors is done by using a decoder. Therefore, the input vectors can be interpreted as target 

vectors in the training of autoencoders (Amaral et al., 2013). The objective of the autoencoder 

is to minimize the reconstruction error, which is depicted by a distance between the input 

vectors and the target vectors. Mean squared error is the most common type of distance used in 

the algorithm. Autoencoder becomes very useful for feature learning when it has a non-linear 

form or uses a multi-layered model. This is because a potentially more powerful representation 

of the data can be learned than its linear form (Deng & Yu, 2014).  
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A traditional autoencoder used by Bengio and the team in 2007 to construct deep neural 

networks is depicted in Figure 2.9 and the algorithm is presented as follows (Bengio, Lamblin, 

Popovici, & Larochelle, 2007). An input vector 𝑥 ∈ [0,1]𝑑 is taken by an autoencoder to map 

it to a hidden representation 𝑦 ∈ [0,1]𝑑′ by an encoder through a deterministic mapping 𝑦 =

 𝑓𝜃 = 𝑠(𝑊𝑥 + 𝑏) and parameterised by 𝜃 = {𝑊, 𝑏} where 𝑊 is a 𝑑′ × 𝑑 weight matrix and 𝑏 

is a bias vector. The reconstruction of vector 𝑧 ∈  [0,1]𝑑 was mapped back by the resulting 

latent representation 𝑦 with a decoder in input space 𝑧 =  𝑔𝜃′(𝑦) = 𝑠(𝑊′𝑦 + 𝑏′) where 𝜃′ =

{𝑊′, 𝑏′}. The parameters of this model which include 𝑊, 𝑊′, 𝑏, and 𝑏′ are optimized for the 

purpose of average reconstruction error minimisation: 

𝜃∗, 𝜃′∗ =
arg min

𝜃, 𝜃′
 
1

𝑛
 ∑ 𝐿(𝑥(𝑖), 𝑔𝜃′(𝑓𝜃(𝑥(𝑖))))

𝑛

𝑖=1

 

            =
arg min

𝜃, 𝜃′
 
1

𝑛
∑ 𝐿(𝑥(𝑖), 𝑔𝜃′(𝑓𝜃(𝑥(𝑖))))

𝑛

𝑖=1

 

where 𝐿 is a loss function such as the traditional squared error 𝐿(𝑥, 𝑧) =  ‖𝑥 − 𝑧‖2. A cross-

entropy of the reconstruction can be used when the input is interpreted as either bit vectors or 

vectors of bit probabilities which also known as Bernoullis: 

            𝐿𝐻(𝑥, 𝑧) = 𝐻(𝐵𝑥|| 𝐵𝑧) 

                                                  =  − ∑ [𝑥𝑘 log 𝑧𝑘 + (1 −  𝑥𝑘) log(1 −  𝑧𝑘)]𝑑
𝑘=1  

Given the Bernoulli parameters 𝑧, 𝐿𝐻(𝑥, 𝑧) is a negative log-likelihood for the example 𝑥 if 𝑥 

is a binary vector. The network is trying to learn the identity function 𝑓𝜃 = 𝑥  by appointing the 

output values to its input values, i.e. 𝑦(𝑖) = 𝑥(𝑖). It is done using backpropagation algorithm in 

the most fundamental way. The neurons in hidden layer become feature detectors when the 
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weights are learned. Learning the identity function can be insignificant when the number of 

hidden neurons is equal to or larger than the number of inputs, therefore, the number of hidden 

neurons is a parameter that should be set carefully (Qi, Wang, Zheng, & Wu, 2014). Therefore, 

for the case of classification, visualization, communication or storage of high-dimensional data, 

lesser hidden neurons in compared to input neurons is favourable. This is because 

dimensionality reduction can be achieved (Hinton & Salakhutdinov, 2006). Overfitting may 

have occurred when the number of hidden neurons is more than inputs and the local minima 

problem may have deepened as well (Sun, 2012). 

 
Figure 2.9: A simple autoencoder with three layers (input, hidden, and output layer). 

 

The true meaning of the term ‘stacked’ in stacked autoencoder or SAE is the highlight 

of the network compared to the traditional autoencoder networks discussed earlier. A stacked 

autoencoder is arranged in such a way that the output of the first layer is treated as input for the 
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second layer in the neural network. It normally consists of several layers of sparse autoencoders 

or denoising autoencoders (Vincent, Larochelle, Lajoie, Bengio, & Manzagol, 2010). Ng (2011) 

stated that a stacked autoencoder is very powerful in its expression where the network is capable 

of learning features to build a “part-whole decomposition” of the input. This also means that 

the autoencoder is capable of producing a more abstract and higher level representation of the 

observed patterns from the previous layer where lower level features are constructed into more 

meaningful features. Using the example of an object (e.g. cup) recognition, the first order 

features obtained from the learning process can be the edges of the cup and the second order 

features obtained from the composition of first-order features will be more complex such as the 

cups’ handle. Thus, when higher-level features are learned, the model will be able to recognize 

the features that formed the structure of a cup. There are two commonly known autoencoders: 

(1) denoising autoencoder (Vincent, Larochelle, Bengio, & Manzagol, 2008) and (2) sparse 

autoencoder (Le, 2013). A denoising autoencoder is an extension of the traditional autoencoder 

that randomly corrupts or introduces noise to the input by forcing it to 0 in the computation in 

order to make the learned representations robust to the partial corruption of the input pattern. A 

sparse autoencoder involves a sparseness constraint on hidden units that is enforced by the 

addition of the Kullback-Leibler (KL) divergence term to the objective function. In this study, 

denoising autoencoder was chosen over sparse autoencoder because denoising autoencoder is 

able to automatically learns the statistical difference between inputs and noise which helps in 

classification task (Lu, Tsao, Matsuda, & Hori, 2013). The idea behind denoising autoencoder 

is to force the hidden layer to discover more robust features and prevent it from simply learning 

the identity, thus, the autoencoder is trained to reconstruct the input from a corrupted version 

of its own. In other words, denoising autoencoder is a stochastic version of the traditional 

autoencoder. 
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A denoising autoencoder minimizes the error in reconstructing the input from a 

stochastically corrupted transformation of the input as depicted in Figure 2.10. After that, 

primary features are learned on the raw input and the raw input that feed into this trained 

denoising autoencoder will obtain the primary feature activations for each of the inputs. After 

the corruption process, these primary features are used as the corrupted “raw input” to another 

denoising autoencoder to learn secondary features on these primary features as illustrated in 

Figure 2.11. The primary features are feed into the second denoising autoencoder to obtain 

secondary feature activations for each of the primary features. As depicted in Figure 2.12, these 

secondary features will be treated as corrupted “raw input” to a logistic classifier after applying 

the corruption process, training it to map secondary features to labels. Then, in Figure 2.13, all 

three layers are combined together to form a stacked autoencoder with two hidden layers and a 

final classifier layer that are capable of carrying classification task as desired. It is important to 

note that the corruption process 𝑞𝐷  is only used during training and not for propagating 

representations from the raw input to higher-level representations.  

 
Figure 2.10: First denoising autoencoder is trained to obtain primary features.  
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Figure 2.11: Second denoising autoencoder. 

 

 
Figure 2.12: Secondary features as raw input to a logistic classifier. 
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Figure 2.13: Combined all three layers together to become stacked autoencoder. 

 

All the benefits of any deep network are contained in a stacked autoencoder including 

the reduction of the need for feature engineering and the adaptation to new problems becomes 

relatively easy (Najafabadi et al., 2015).  

 

2.3.3.2 Convolutional Neural Network (CNN) 

A convolution neural network consists of one or more convolution layers and often with 

a subsampling layer. In standard multilayer neural network, it is often followed by one or more 

fully connected layers. In the convolution layer for an image recognition as an example, the 

two-dimensional image acts as input to the network but each of the neurons in the image which 

is the pixel values are not fully connected to the next layer due to memory intensive 

computation. For example, a fully-connected network with the input image of size 32 × 32 and 

a hidden layer having 1000 features will require an order of 106  coefficients, thus, a huge 

memory is required for the computation. Therefore, CNNs exploit local correlation by 



50 

 

enforcing a local connectivity pattern between neurons of adjacent layers where a local 

receptive field from the previous layer will compute the synaptic inputs to each neuron, thereby 

forcing it to extract local features. The exact location becomes less important when a feature 

has been extracted as long as its position relative to other features is approximately preserved. 

Figure 2.14 depicts (a) a sparsely connected neurons where the inputs of hidden neurons in 

layer m are a subsets of neurons in layer 𝑚 − 1 which have spatially contiguous receptive 

fields, (b) a version of its own with fully connected neurons, and (c) a feature map that consists 

of three hidden neurons. In sparse connectivity, neurons in layer m have receptive fields of 

width 3 instead of 5 in the inputs. The learnt “filters” that are able to produce the strongest 

response to a spatially local input pattern is guaranteed by this architecture. This procedure that 

produces local features is called feature extraction.  

 

 

 

Figure: 2.14: (a) A sparse connectivity between neurons in adjacent layers. (b) A full 

connectivity between neurons in adjacent layers. (c) A feature map that comprised of three 

hidden neurons. 
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Next, the output of one filter which applied to the previous layer is called feature map 

and each computational layer of the network is comprised of multiple feature maps. Each 

feature map is in the form of a plane within where the individual neurons are forced to share 

the same set of synaptic weights. It is obtained by convolution of the input image with a linear 

filter, adding a bias term and then applying a non-linear function. A simple illustration of 

convolution is depicted in Figure 2.15. 

  
Figure 2.15: A simple illustration of convolution. 

 

After that, a max pooling layer or subsampling layer is needed to pool the convolved 

features and take the max or mean feature activation over these regions of the image to obtain 

the pooled convolved features which will be used for classification later on. This is where the 

resolution of the feature map is diminished and hence reduce the dimension of the image. This 

process is capable of reducing the feature map’s output sensitivity to translation, rotation, and 

scaling invariance. This is due to parameterization that is capable of learning all weights of a 



52 

 

network equally well. The advantages attained from such constraint including a reduction in 

the number of free parameters. The reduction of free parameters can be achieved through the 

use of weight sharing (Haykin, 2009). 

Throughout this process, the exact location information will be lost and fortunately, the 

position relative to other features is mostly retained. Figure 2.16 illustrates the convolution 

network which consists of 6 layers including input and output layer.  

 
Figure 2.16: A convolutional neural network for image processing such as digit recognition. 

 

 Given that the input 2D representation for CNN is a 𝑛 × 𝑚 2D signal 𝑋 = {𝑥𝑖𝑗} and 

each convolution layer 𝑙  has 𝐾𝑙−1 ∗  𝐾𝑙  weight matrices 𝑊𝑙,𝑘𝑙,𝑘𝑙−1
=  {𝑤𝑖𝑗}𝑙,𝑘𝑙,𝑘𝑙−1

 of size 

𝑢𝑙  ×  𝑣𝑙 which is usually known as kernels or filters and 𝐾𝑙 intercept biases 𝑏𝑙,𝑘𝑙
, where 𝐾𝑙−1 

is the number of output feature maps at layer 𝑙 − 1 while 𝐾𝑙 is the number of feature maps at 

layer 𝑙. Then, the activation or output maps 𝐴𝑙,𝑘𝑙
 of each convolutional layer 𝑙, for each kernel 

𝑘𝑙 of the layer, are generated by convolving the input signals 𝐴𝑙−1,𝑘𝑙−1
 from the previous layer 

with each kernel, the bias of each kernel is added and a non-linear activation function 𝑔(𝑥) is 

applied (El-Sayed, Estaitia, & Khafagy, 2013):  
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𝑎𝑖𝑗
𝑙,𝑘𝑙

= 𝑔 (ℎ𝑖𝑗
𝑙,𝑘𝑙

) , ℎ𝑖𝑗
𝑙,𝑘𝑙

=  ∑(𝑊𝑙,𝑘𝑙,𝑘𝑙−1
 ⊗  𝐴𝑙−1,𝑘𝑙−1

)𝑖𝑗 +  𝑏𝑙,𝑘𝑙

𝑘𝑙−1

 

where 𝐴0,1 = 𝑋, and the convolution operator ⊗ is as follows: 

(𝑓𝑛𝑓 × 𝑚𝑓 ⊗  𝑔𝑛𝑔 × 𝑚𝑔
)𝑖𝑗 = ∑ ∑ 𝑓𝑢,𝑣 ∗  𝑔𝑛𝑔−𝑢,𝑚𝑔−𝑣

𝑗+ 𝑚𝑔/2

𝑣=𝑗− 𝑚𝑔/2

𝑖+ 𝑛𝑔/2

𝑢=𝑖−𝑛𝑔/2
. 

The dimension reduction of the output features maps is expected for each of the 

convolution layer using a non-linear down-sampling method. There are two commonly used 

down-sampling techniques which are Max Pooling and Mean Pooling. Max pooling functions 

by partitioning the feature map into small grids and only outputting maximum value of each 

grid square while mean pooling only outputting the average value of each grid square (LeCun, 

Bottou, Bengio, & Haffner, 1998). The main disadvantage of average pooling is that all 

elements in a pooling region regardless of low or high activations may downplay a higher 

activation value. This is because if the region consists of most negative activations, it will 

resulting in a near zero activation function even though the most important information was the 

high activation of one of the feature detectors (Zhang, Zhu, & Jia, 2015). Therefore, max 

pooling is preferred. The final output of each convolutional layer can be described as 𝑜𝑖𝑗
𝑙,𝑘𝑙

= 

maxpool(𝐴𝑙,𝑘𝑙
)𝑖𝑗. After this, a fully connected feed-forward networks construct the final layer 

of CNNs. CNNs are similar to other feed-forward neural networks, where it is trained using 

backpropagation of error and gradient descent function. The error signals 𝛿𝑙,𝑘𝑙
 or matrices are 

computed as follows for each convolutional layer l and output feature map 𝑘𝑙. 

𝛿𝑙,𝑘𝑙
= upsample(∑ 𝑊𝑙,𝑘𝑙+1,𝑘𝑙

 ×  𝛿𝑙+1,𝑘𝑙+1
) ∗ 𝑔′(𝐻𝑙,𝑘𝑙

)𝑘𝑙+1  
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where 𝐻𝑙,𝑘𝑙
=  {ℎ𝑖𝑗}𝑙,𝑘𝑙

 is the convolved input feature map that treated as input to compute the 

activation 𝐴𝑙,𝑘𝑙
 for layer l and output feature map 𝑘𝑙. Before the convolution layer is pooled, 

inverse operation is applied to the pooling function used in the convolutional layer, i.e. it 

upsamples the 𝛿𝑙,𝑘𝑙
 matrix to the dimensionality of the output feature map before. Each error 

signal is written to the position of each unit by the upsampling operation which was chosen as 

max, while zero is written to the positions of the non-chosen units. It is worth noticing that the 

forward error signal 𝛿𝑙+1,𝑘𝑙+1
from the fully connected output layer is received by the last 

convolutional layer. Last but not least, the stochastic gradient related to each kernel 

𝑊𝑙,𝑘𝑙,𝑘𝑙−1
and each bias 𝑏𝑙,𝑘𝑙

 is given as: 

∇
𝑊𝑙,𝑘𝑙,𝑘𝑙−1 𝐿 =  𝐴𝑙−1,𝑘𝑙−1

 ⊗ rot90(𝛿𝑙,𝑘𝑙
) 

𝜕𝐿

𝜕𝑏𝑙,𝑘𝑙 =  ∑(𝛿𝑙,𝑘𝑙
)𝑖𝑗

𝑖,𝑗

 

where rot90() rotates 90 degrees of the input matrix and the convolution operator, ⊗ (Gülçehre 

& Bengio, 2016). It is how convolution neural networks are trained like fully connected feed-

forward network layers using these gradients after its implementation in a gradient descent 

optimization procedure.  

 

2.4 Using Whole vs Partial Input Set  

The current novel experimental techniques namely, protein-binding microarray (PBM) 

(Bulyk, 2006), chromatin immunoprecipitation microarray hybridization (ChIP-chip), and 

high-throughput sequencing (ChIP-seq) (Bailey et al., 2013) enable genome-wide identification 

of TFBSs (Zambelli, Pesole, & Pavesi, 2012). These techniques are used for the 
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characterization of the sequence specificities of DNA-protein interactions. However, only a 

relatively small number of the eukaryotic factors with PBM data is available (Munteanu, Ohler, 

& Gordân, 2014). Therefore, PBM data is not suitable to be employed for the purpose of 

eukaryotic motif prediction. The data provided by these techniques are used as inputs to motif 

discovery tools in the case of locating TFBSs in the regions accurately. ChIP-seq has more 

advantages in compared to ChIP-chip. The main improvements are in base pair resolution, 

avoiding non-linearity, saturation of ChIP-chip signal intensity, and limitations from the limited 

selection of probes on a ChIP-chip array. Besides, it also has the ability to analyze sequence 

repeat regions (Jayaram, Usvyat, & Martin, 2016). The ChIP-seq dataset contains less noise 

which makes it a good source for researchers to obtain the dataset for their experiments such as 

genome-wide characterization of transcription factor binding, polymerase binding, and histone 

modifications (Zambelli et al., 2012). Other than that, the dataset has a high probability of 

containing TFBSs. Such sequence is said to have a high resolution where the sequence length 

is short which is about 200 bp.  

In brief, we can group the existing computational prediction tools into two groups which 

are tools that use the whole set for motif discovery and tools that only use the partial set for 

motif discovery. The first group are tools that use the entire data as input data for motif 

prediction such as MEME-Chip (Machanick & Bailey, 2011), RSAT Peak-Motifs (Thomas-

Chollier et al., 2012), GimmeMotifs (van Heeringen & Veenstra, 2011), and ChIP-Munk 

(Kulakovskiy, Boeva, Favorov, & Makeev, 2010). They explore the entire sequence space to 

search for significant motifs. Heuristics are thus employed due to the complexity of large 

sequence space for the purpose of search time reduction (Zambelli, Pesole, & Pavesi, 2012; Jia, 

Carson, & Yu, 2013; Yu et al., 2015). In the second approach, only a subset of data is used for 

initial data motif prediction. The discovered motifs then are used to perform site scanning in 
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the remaining sequences. The examples of tools that use a subset of data for motif prediction 

are anchor based sequence clustering algorithm (ASC) (Liu, Han, Zhou, Yan, & Kosik, 2016) 

and entropy-based position projection algorithm (EPP) (Zhang, Wang, & Yan, 2016). 

When the motif discovery carried out on the binding regions which resulting from the 

genome-wide techniques of ChIP-seq, using conventional motif discovery programs such as 

MEME produces ChIP-seq data that contains thousands or more sequences (Jayaram, Usvyat, 

& Martin, 2016). Tools that use entire data such as MEME-ChIP has a limitation in terms of 

the time cost of the motif discovery step which depending on the MEME program, thus, the 

square power of the sequence size increases (Thomas-Chollier et al., 2012). Therefore, the 

implementation of using partial inputs for motif discovery can avoid this problem. The use of 

existing motif-finding tools on a partial set of all sequences has become a common practice for 

performing motif finding on ChIP-seq data such as using the top 500 sequences or top 10% of 

all sequences (Jothi, Cuddapah, Barski, Cui, & Zhao, 2008). For example, ASC proposed to 

divide a sequence dataset into multiple smaller clusters where sequences of the same motif will 

be allocated to the same cluster. After that, the motifs are generated by each individual cluster 

when applied with an existing motif algorithm. In the end, the results from multiple clusters are 

merged together as final output. The performance of ASC has shown that the running time of 

MEME has been greatly reduced from two weeks to less than 10 minutes and discover even 

more motifs than MEME, for example, ASC has found 24 motifs while MEME has found 20 

motifs on a real dataset with 11, 642 protein sequences. However, the proposed algorithm only 

tackles short sequences and assumed that each sequence contains at most one motif. Therefore, 

when comes to different datasets with more than one motif in the input sequences, the 

performance of this method might be deteriorated since they only group sequences with similar 

motif into the same cluster and may not be applicable for a sequence with two or more motifs.  
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Another example of motif prediction tool which uses partial input is called EPP. EPP is 

a projection method that designed to divide the dataset into subsets and refines the subsets by 

searching all the possible instances, thus, explores the best local optimal solution. In 

comparisons to other tools such as MEME, GAME (Wei & Jensen, 2006), VINE (Huang, Lee, 

& Hsieh, 2011), and APMotif (Sun, Huo, Yu, Guo, & Sun, 2015), EPP has shown performance 

stability with average 0.85 in terms of Precision, Recall, and F-score for different datasets (e.g. 

CREB, CRP, MEF2, MYOD, SRF, and TBP). Nevertheless, motif instances are hard to be 

differentiated from the background sequences when the width of the motif is short, hence, the 

accuracy of the performance is affected as well. In addition, when the length of motifs ranges 

from 7 to 56 bp were used, EPP only able to predict a partial segment with the true motif because 

of the fixed motif length used. Other than that, EPP did not assemble other algorithms’ 

advantages in enhancing the prediction performance just like EMD (Hu, Yang, & Kihara, 2006) 

did.   

 

2.4.1 Word-based Approaches 

Word-based methods or also known as string-based methods mainly depend on 

exhaustive enumeration such as counting and comparing oligonucleotide frequencies (Das & 

Dai, 2007). Global optimality was assured by this method and they are relevant for short motifs, 

thus, useful for motif finding in eukaryotic genomes. This is because motifs are shorter than 

prokaryotes in most cases. Other than that, these methods are a good option for total-constrained 

motif discovery especially when all instances are identical and are high in efficiency when 

implemented with optimized data structures such as suffix trees (Sagot, M., 1998). 

Unfortunately, the result of word-based methods often needs to be post-processed with some 
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clustering system when transcription factor motifs that often have several weakly constrained 

positions are being used. Another limitation is too many spurious motifs are being produced by 

word-based methods. The example of motif discovery tools that use word-based methods are 

gkm-SVM (Ghandi, Lee, Mohammad-Noori, & Beer, 2014), MITRA (Eskin & Pevzner, 2002), 

Yeast Motif Finder (YMF) (Sinha & Tompa, 2003), Weeder (Pavesi, Mereghetti, Mauri, & 

Pesole, 2004), and Oligo/Dyad-analysis (Defrance, Sand, & Van Helden, 2008).  

The gkm-SVM was extended from the kmer-SVM method (Lee, Karchin, & Beer, 2011) 

to use gapped k-mers or robust k-mer count estimates as feature sets and introduce tree data 

structure to compute these new kernels. This method is significantly outperformed a kmer-SVM 

using both CTCF and EP300 genomic bound regions over a variety of feature lengths. Other 

than that, gkm-SVM also outperformed the single PWM by identifying necessary co-factors on 

the ENCODE ChIP-seq datasets. However, gkm-SVM can only support up to approximate 20, 

000 training sequences. When more training sequences are involved, LS-GKM (Lee, 2016) is 

introduced instead of gkm-SVM. The training of an SVM in gkm-SVM involves evaluation of 

a kernel matrix which defined as an n-by-n matrix of all possible inner products or kernel 

functions between a set of vectors of n training examples. Unfortunately, computation of the 

kernel matrix becomes impractical when n increases with gapped k-mers as features. Therefore, 

gkm-SVM implements an efficient tree data structure that computes a full kernel matrix with a 

runtime that linearly scales with n instead of 𝑛2 for the purpose of solving this issue. The pre-

calculated kernel matrix was used to train the SVM classifier. On larger datasets, optimal 

training of gkm-SVM was hindered by the full kernel matrix evaluation which is required in 

the original implementation because substantial memory resources that are proportional to 𝑛2 

are needed. In order to improve this problem, the implementation of gapped k-mer kernel 

functions within the LIBSVM framework which is now called LS-GKM is introduced (Chang 
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& Lin, 2011). LIBSVM is commonly used in most SVM tools where it can utilize 

decomposition methods for SVM training. Only a partial kernel matrix is needed for LIBSVM 

to find and solve a small subset SVM problem iteratively. For example, for every problem 

solving steps, only two columns of the kernel matrix were evaluated by LIBSVM in its 

sequential minimal optimization algorithm (Fan, Chen, & Lin, 2005). Thus, the memory 

resource issue can be effectively reduced by replacing the LIBSVM kernel routines with the 

gkm-kernel functions and larger datasets can be trained on the SVM. There are two limitations 

of LS-GKM where it does not allows gaps which occur at the end of a k-mer and it does not 

allow imperfect mismatches in which all nucleotides are treated equally (Ghandi, Lee, 

Mohammad-Noori, & Beer, 2014).  

Mismatch Tree Algorithm or also known as MITRA (Eskin & Pevzner, 2002) is based 

on a mismatch tree in which the paths from the root to the leaves represent both the substrings 

and all valid mismatches of these substrings in the data. A rooted tree where each node can be 

either an internal node or a leaf node is known as a mismatch tree. There are four branches 

labelled with each element of {𝐴, 𝐶, 𝐺, 𝑇} for each of the internal node. Given a sequence 𝑆, and 

parameters 𝑙, 𝑑, and 𝑘, all of the (𝑙, 𝑑)-patterns that occur at least 𝑘 times in the sample which 

denoted as (𝑙, 𝑑) − 𝑘 are retrieved. The maximum depth of the tree is represented as 𝑙. Prefixes 

are matching the path of the tree from the root to node by each node in the mismatch tree which 

coincides to the subspace of patterns. For example, the node that is reached by the path 𝐴𝑇𝐶 

corresponds to the space of all patterns that have a prefix 𝐴𝑇𝐶. 𝐴𝑇𝐶𝑇𝐺𝐶 would be a possible 

pattern in this space while 𝐴𝐴𝐴𝑇𝐺𝐶 would not. The space of all patterns is corresponded by the 

root node of the mismatch tree. The fundamental approach used in MITRA is start with 

examining the root node. When examining a node, if the possibility of the subspace 

corresponding to the node containing a relevant pattern cannot be excluded, then, the node 
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children will be expanded and examined. A valid pattern can be obtained when the pattern 

corresponding to the path from the root to the leaf has reached a depth 𝑙. Unfortunately, when 

applied to spaced motifs, this algorithm may not be effective. MITRA finds the monad segments 

first then based on the locations of monad segments, locate a set of possible dyads. Dyad is a 

spaced motif with two segments. In the experiment of comparison between SPACE, MITRA 

and BioProspector on spaced motifs in real biological datasets, MITRA scored an average of 

0.64 while SPACE and BioProspector scored an average of 0.77 and 0.69 respectively (Wijaya, 

Rajaraman, Yiu, & Sung, 2007). This has shown that when comes to spaced motifs, the 

performance of MITRA is deteriorated. 

Another tool that implemented a word-based method is called Weeder. In Weeder, the 

exhaustive search for the exponential number of candidate consensuses was employed with the 

initial indexing of the sequences with a suffix tree to perform exhaustive matching with no 

limits on the position of substitutions (Välimäki, Gerlach, Dixit, & Mäkinen, 2007). The 

algorithm of Weeder can be summarized as follows. Given as input a set of sequences and an 

error ratio 𝜖 < 1, discovers all patterns that take place in at least 𝑞 sequences of the set with at 

most 𝜖𝑚 mutations, where 𝑚 is the length of the pattern. The only limitation is established on 

the location of mutations along the signal where a valid occurrence of a pattern can occur at 

most [𝜖𝑖] mismatches in the first 𝑖 nucleotides. In the performance assessment carried out by 

Tompa et al. (2005), the results of the comparison experiments showed that Weeder 

outperformed the other tools (AlignACE (Roth, Hughes, Estep, & Church, 1998), ANN-Spec 

(Workman & Stormo, 2000), Consensus (Hertz & Stormo, 1999), GLAM (Frith, Hansen, 

Spouge, & Weng, 2004), Improbizer (Ao, Gaudet, Kent, Muttumu, & Mango, 2004), MEME 

(Bailey & Elkan, 1995), MITRA, MotifSampler (Thijs et al., 2002), Oligo/Dyad-Analysis, 

QuickScore (Régnier & Denise, 2004), SeSiMCMC (Favorov, Gelfand, Gerasimova, Mironov, 
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& Makeev, 2004), YMF (Sinha & Tompa, 2003)) in most domains and by most measures. Some 

part of Weeder’s success is the result of careful decisions made regarding when to predict no 

motif in a dataset. Only the strongest motifs were reported because Weeder was set to run in a 

“cautious-mode” (Das & Dai, 2007).  

Oligo-analysis was developed by van Helden and the team in 1998 based on the word-

based approach. They analyzed that the efficiency of the algorithm is proven for extracting 

motifs from most of the yeast (Saccharomyces cerevisiae) regulatory families where these 

motifs had been previously discovered by laboratory experimental analysis. In addition, 

putative regulatory sites were predicted within upstream regions of coregulated genes. Oligo-

analysis is exhaustive and rigorous compared to heuristic methods. Other than that, only 

relatively simple patterns that include short motifs with highly conserved core can be detected. 

The procedure used in developing the algorithm includes the constitution of regulatory families 

and the calculation of expected oligonucleotide frequencies. Next, van Helden and the team 

enhanced their method to find spaced dyad motifs. The spacer length systematically ranges 

between 0 and 16 because the spacer can be varied for different motifs. There are two ways 

where the significance of spaced dyad motif can be measured either based on the combined 

score of the two conserved parts in the input data or based on the estimated complete dyad 

frequency from a background dataset. However, this algorithm does not allow variations within 

an oligonucleotide.  

Next, Sinha and Tompa (2003) developed the algorithm YMF or also known as Yeast 

Motif Finder. The motif model was derived by the team from a study of known transcription 

factor binding sites in yeast. A set of upstream sequences act as inputs to the algorithm, the 

number of non-spacer characters in the motifs to be enumerated, and the transition matrix for 

an order 𝑚 Markov chain assembled from the full complement of upstream sequences of yeast. 



62 

 

They carried out a validation experiment where YMF was used to recognize candidate binding 

sites in 23 well studied regulons of yeast. Regulon is a set of genes controlled by a common 

regulator. For 18 of these regulons, the known binding site consensus for the regulon’s principal 

transcription factor has been successfully reported by YMF. YMF is also used for motif 

discovery in gene families especially the functional and mutant phenotype catalogues of S. 

cerevisiae MIPS database (Mewes et al., 2002) and discovered many putative transcription 

factor binding sites. The experimental setup that used to evaluate the performance of YMF, 

MEME (Bailey & Elkan, 1995), and AlignAce (Roth, Hughes, Estep, & Church, 1998) is using 

synthetic and yeast promoter sequences. From the experiments, YMF has yielded a high 

accuracy of known regulatory elements on more of the yeast regulons than the other two tools. 

Moreover, the team has suggested that trying a few different motif discovery tools other than 

YMF is beneficial because different tools performed better with different datasets.  

A motif finding algorithm that looks for occurrences of regular expression-type patterns 

was developed by Brāzma and the team (1998) using a word-based approach. The algorithm 

was applied for the discovery of patterns in the entire set of over 6000 sequences taken from 

upstream of the putative yeast genes and patterns in the upstream regions of co-regulated genes 

in yeast. Most had matches to known motifs in yeast among the highest rating patterns. This 

method is exhaustive in the sense that they heavily rely on counting and comparing patterns 

that occur more frequently by searching all possible regular expressions that are most 

overrepresented (van Helden, André, & Collado-Vides, 1998). The overrepresentation is rated 

based on the occurrences of patterns at least in some minimum number of sequences. The 

pattern rating is based on comparing the number of matching positive sequences and the number 

of matching negative sequences. The positive sequences are upstream regions or upstream 

regions from genes with a specific expression profile and negative sequences are random 
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genomic regions or regions upstream from the genes with different expression profiles. Binding 

site profiles that are constructed based on the information content or expectation maximization 

are generally better representations of binding sites than regular expression type patterns 

because they can give more accurate descriptions. In the meantime, it is more challenging to 

find profiles from datasets that include sequences that contain no specific binding site, because 

profiles can easily include this noise in the model.  

In general, the word-based approach is rigorous and exhaustive in contrast with heuristic 

methods. The detection power is only limited to simple patterns which include highly conserved 

short motifs (Das & Dai, 2007). The word-based approach can be improved in terms of 

computational efficiency of the algorithm such as implementing a suffix tree into the 

representation of sequences (Sagot, 1998). Unfortunately, this will lead to more constraints on 

the searching for target motifs.  

 

2.4.2 Probabilistic Approaches 

Over the last twenty years, the probabilistic concept has constructed many useful and 

efficient algorithms. The probabilistic approach makes certain decisions randomly. It is proven 

that gene modules that are identified based on motif discovery using a probabilistic approach, 

are suitable for analyzing synthetic lethal genetic interaction datasets, thus, is promising in the 

integrative analysis of heterogeneous datasets (Sinha, Van Nimwegen, & Siggia, 2003). A 

position weight matrix used to represent the motif model which was involved in the 

probabilistic approach (Bucher, 1990). A pictogram where each position is represented by a 

stack of letters whose height is proportional to the information content of that position is known 

as a position weight matrix (Schneider & Stephens, 1990). The discovery of longer or more 
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general motifs is done by many of the designed algorithms which were developed from the 

probabilistic approach. Thus, these algorithms are less required for the discovery of 

transcription factor binding sites (Das & Dai, 2007). This is why they are more suitable to be 

used in prokaryotes for motif discovery, where the motifs’ length are normally longer than 

eukaryotes. Besides, they employ some form of local search, such as Gibbs sampling, 

expectation maximization (EM) or greedy algorithms, therefore, globally optimum solutions 

are not guaranteed by these algorithms and may converge to a locally optimal solution. The two 

frequently used probabilistic methods called MEME and Gibbs sampling is described below. 

Multiple expectation maximization for motif elicitation (MEME) is a software tool for 

motif finding in a set of DNA or protein sequences. The expectation maximization (EM) 

algorithm was employed to find motifs in a number of sequences by representing motifs as 

position weight matrices (PWMs). Lawrence and Reilly (1990) introduced EM algorithm and 

their intention is to apply this algorithm for the discovery of protein motifs. However, this 

algorithm can also be applied for DNA motif discovery. In order to identify motifs in unaligned 

biopolymer sequences, the MEME algorithm extended the EM algorithm. The purpose of 

MEME is to find new motifs in a set of biopolymer sequences where the presence of any motifs 

is not known. There are three new ideas included by MEME for motif discovery. First, for the 

EM algorithm, the probability of finding globally optimum motifs is increased using sub-

sequences as a starting point where they usually appear in the biopolymer sequences. Second, 

each sequence does not necessarily contain exactly one occurrence of the shared motif. Third, 

a procedure for shared motifs to be probabilistically deleted is incorporated after they are 

discovered so that different motifs can be discovered in the same set of sequences, both when 

different motifs occur in different sequences and when a single sequence may contain different 

motifs. A set of correlated genes from genomic, transcriptomic, and proteomic analyses was 
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acquired by Hall and the team (2005) where they applied MEME to scan 1,000 bp of the 3’ end 

of the stop codon, six of the analyzed sequences has discovered a 47 bp motif. After that, 20 

other genes were identified to have the same motif using the motif found to search the entire 

genome. Puf protein was bound by this motif which means the transcription of the analyzed 

genes may control by Puf protein (Hall et al., 2005).  

Another example of probabilistic approach is the Gibbs sampling algorithm where it is 

one of the simplest Markov chain Monte Carlo algorithms. The joint distribution of the 

parameters will converge to the joint probability of the parameters by Gibbs sampling algorithm 

in the given dataset. This method is said to be fast and sensitive. An optimized local alignment 

model for 𝑁-linear time can be found, thus, the problem faced by the EM algorithm can be 

avoided. For example, in order for weakly conserved patterns to reach statistical significance, 

a relatively large dataset such as 15 or more sequences was required (Lawrence et al., 1993). 

By using Gibbs Sampler, Petersen and the team (2000) tried to find motifs that are not fully 

conserved in 17 putative promoter regions acquired from microarray experiments (Petersen et 

al., 2000). Gibbs Sampler found motifs “TTGACT” and “GACTWWHC” repeatedly which had 

been identified by previous experiments and the search was performed in sequences between 6 

to 16 bp.  

In recent years, feature-based motif representation has gained attention, especially on 

enhancers to model protein-DNA specificities. Machine learning is acquired to learn the 

discriminative features which can be associated directly or indirectly with binding site and must 

purportedly engineer from labelled input DNA sequences. Direct features are those obtained 

directly from DNA sequences like sequence features or motif scores whereas indirect features 

are served as additional information such as sequence conservation among orthologous species 

(Berman et al., 2004), chromatin accessibility (Wang, Zhang, & Zhang, 2013), epigenetic data 



66 

 

(Fernández & Miranda-Saavedra, 2012), or GC content that can be used to discriminate binding 

or non-binding regions. The tool called DISCOVER proposed by Fu, Ray, and Xing (2009) 

used 9 types of features to predict CRM regions. K-mer feature (Pinello, Bosco, & Yuan, 2013) 

is used to represent epigenetic marks and signal processing technique has also been employed 

(van Duijvenboden, de Boer, Capon, Ruijter, & Christoffels, 2016). Other than that, Yáñez-

Cuna et al. (2014) introduced the feature known to be associated with active enhancers called 

repeated dinucleotide feature.    

 

2.5 Ensemble Approaches 

Ensemble technique employs several motif finding tools to search for high potential 

candidate motifs in the same input dataset and aggregates results to conclude a final motif 

prediction. Based on the performance comparison of 13 de novo motif finders, in Tompa’s 

benchmark and Escherichia coli datasets, Tompa et al. (2005) described that the performance 

of stand-alone motif finding algorithm was not consistent because there is no motif finding tool 

performs consistently well for all eukaryotic datasets and assembling multiple motif discovery 

tools enhanced the average sensitivity by 62%, however, the average precision is reduced by 

15%. In addition to that, another team by Hu, Li, and Kihara (2005) who had produced a 

comprehensive set of performance measures and benchmarked five modern sequence-based 

motif finding algorithms using large datasets generated from Escherichia coli RegulonDb, 

reported that an improvement of 6-45%  in sensitivity and specificity could possibly be obtained 

from the ensemble algorithms. Tran & Huang (2014) also suggested users to use different motif 

finding tools to get significant motifs, non-overlapping motifs, and overlapping similar motifs. 

Overlapping motifs are more reliable because they are reported by different tools that 
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implement different algorithms. The ensemble approach was introduced by Hu et al. (2005) to 

improve the accuracy of motif prediction for motif finding algorithms. This is because of earlier 

motif finding algorithms such as BioProspector that suffered from low prediction accuracy and 

it is proven that the performance of an ensemble approach was never worse than single motif 

finder (Hu, Yang, & Kihara, 2006). There are several ensemble algorithms which have been 

applied in prediction methods such as gene prediction (Aggarwal, Worthey, McDonagh, & 

Myler, 2003), protein tertiary structure prediction (Fischer, 2003), protein domain prediction 

(Saini & Fischer, 2005), and protein secondary structure prediction (Albrecht, Tosatto, 

Lengauer, & Valle, 2003). Thus, Hu’s proposed EMD algorithm to serve the purpose by 

ensembling multiple predictions from multiple runs of one or more de novo motif discovery 

tools (Hu, Yang, & Kihara, 2006). It was the first time to apply ensemble approach to the motif 

discovery problem. There were five motif discovery tools used in EMD: (1) AlignACE, (2) 

BioProspector, (3) MDscan, (4) MEME, and (5) MotifSampler. Buhler and Tompa (2002) have 

developed Projection and it was integrated to improve the scalability of EMD algorithm. The 

performance of all the possible combinations of one to five component algorithms are assessed. 

There are two different types of datasets used in the algorithm. A benchmark dataset that is 

generated from E. coli RegulonDB and another dataset is input sequences of different lengths 

generated by adding margins of different sizes to each known site. It has shown 22.4% 

improvement in nucleotide prediction accuracy compared to the best stand-alone motif 

discovery algorithm. They also discovered that EMD always outperformed or shown equal 

performance level as its stand-alone tool either for short or long sequences. Shorter sequences 

which have been tested on EMD algorithm have shown improvement in terms of accuracy in 

contrast to longer sequences because the performance of the EMD algorithm over the single 

algorithms deteriorates for long input sequences.  
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Other than EMD algorithm, there are few other tools which employed ensemble 

approach to perform motif discovery. For example, TAMO combines results from three motif 

discovery algorithms which are MEME, AlignACE, and MDscan (Gordon, Nekludova, 

McCallum, & Fraenkel, 2005); GimmeMotifs employs 9 motif finding tools and the candidate 

motifs produced by the tools are merged using a new similarity metric (van Heeringen & 

Veenstra, 2011); MotifVoter employs 10 motif finders that are based on PWM and (𝑙, 𝑑) model 

where 𝑙 is a continuous string of length 𝑙 and 𝑑 is the number of mismatches  (Wijaya, Yiu, Son, 

Kanagasabai, & Sung, 2008); SCOPE assembles 3 programs’ prediction results (Chakravarty, 

Carlson, Khetani, & Gross, 2007). A brief description of the four tools is described below. 

The interpretation of transcriptional regulation using DNA-sequence motifs by an 

object-oriented computational framework is called TAMO or also known as Tools for Analysis 

of MOtifs. TAMO introduces a motif object with interfaces to several popular tools in order to 

simplify the application of multiple motif discovery tools to genome-wide data. Other than that, 

TAMO also includes modules for the integration of motif analysis with diverse data sources 

which includes genomic sequences, microarrays and various databases. Finally, programs for 

sequence analysis, algorithms for scoring, comparing, and clustering motifs, as well as several 

other statistical tests also included by TAMO. Tens of thousands of motifs derived from 

hundreds of microarray experiments were analyzed by these tools (Gordon, Nekludova, 

McCallum, & Fraenkel, 2005).  

Next, another example of ensemble approach is GimmeMotifs. It is a pipeline that 

combines de novo motif discovery tools to predict motifs from ChIP-seq data. Binding peaks 

resulting from ChIP-seq experiments were used by this method to predict motifs de novo and 

validate these motifs in an independent fraction of the dataset. The weighted information 

content (WIC) similarity score is used to compare similar redundant motifs and these similar 
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motifs will be clustered using an iterative procedure. This method is proven to perform well on 

human and mouse ChIP-seq datasets as shown by the benchmarks which consist of 18 

transcription factor ChIP-seq datasets (van Heeringen & Veenstra, 2011).  

MotifVoter is an example of ensemble method which uses the results from single motif 

discovery tools to predict the motifs and binding sites. MotifVoter comprised of two stages 

includes motif filtering and site extraction. In the first stage, the candidate motifs predicted by 

different motif finders were processed by MotifVoter which attempts to discard the spurious 

motifs. A cluster of motifs with high conformity based on a motif similarity measure can be 

obtained. In the second stage, MotifVoter identifies a set of potential binding sites based on the 

candidate motifs retained in the first stage. The use of motif similarity in selecting those highly 

similar putative binding sites is not new. The similarity measure is crucial in identifying how 

similar is one cluster compared to the other. Also, the similarity measure not only can tell how 

similar is the cluster of binding sites over to the other, it can shift location to measure the 

similarity between two binding sites and only those highest score position are selected for 

overall similarity computation. MotifVoter is capable of locating more than 95% of the binding 

sites found by its component motif discovery tools based on the evaluations done on 186 

datasets. Besides, MotifVoter also outperforms stand-alone motif discovery tools and ensemble 

methods especially on Tompa’s benchmark (Tompa et al., 2005), Escherichia coli (Salgado et 

al., 2004), and ChIP-Chip datasets in terms of sensitivity and precision (Wijaya, Yiu, Son, 

Kanagasabai, & Sung, 2008).  

  The last example of ensemble approach described in this section is SCOPE. SCOPE is 

a novel parameter-free approach for the identification of putative regulatory motifs in sets of 

coordinately regulated genes. The SCOPE algorithm incorporates the output of three 

component algorithms which includes BEAM (Carlson, Chakravarty, & Gross, 2006), PRISM 
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(Carlson, Chakravarty, Khetani, & Gross, 2006), and SPACER (Chakravarty A., Carlson, 

Khetani, DeZiel, & Gross, 2007), with each designed to identify a particular class of motifs. 

SCOPE identifies the most potential candidate motifs from its component algorithms using a 

‘winner takes all’ learning rule. Through the tests on 78 published regulons from four different 

species, SCOPE has successfully identified motifs with a higher level of accuracy than a 

number of other web-based motif finders which run with their default parameters (Carlson, 

Chakravarty, DeZiel, & Gross, 2007).  

 

2.6 Deep Learning Approach 

The multiple layers of a deep neural network can attain multiple levels of information 

processing and abstraction within the cells, thus, deep learning is suitable to be used in 

genomics. The insight about the biological structures can be inferred at multiple levels of 

resolution and this is revealed by the explicit representations at each layer. Meaningful features 

or representations that can be used for protein-nucleic acid binding prediction, are either 

individual sequence motifs or k-mers at the lowest layers combinations of motifs at intermediate 

layers and complex motif ‘grammars’ at the highest layers. Traditional motif scanning 

algorithms would miss higher-level features that may underlie ultraconserved elements or 

enhancer clusters (Park & Kellis, 2015). This is why deep learning has come into consideration 

where more abstract features can be obtained throughout the learning process.  

Deep learning is considered as one of machine learning techniques that specifically 

focus on the deep network to extract higher level features from lower level ones. There are a 

plenty of bioinformatics approaches rely on machine learning techniques, specifically 

employed deep learning techniques in achieving their purposes. To the best of our knowledge 
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at the time of this thesis, the recent works introduced are DeepBind (Alipanahi, Delong, 

Weirauch, & Frey, 2015), Basset (Kelley, Snoek, & Rinn, 2016), deep feature selection (DFS) 

model (Li, Chen, & Wasserman, 2016), PEDLA (Liu, Li, Ren, Bo, & Shu, 2016), EP-DNN 

(Kim et al., 2016), DanQ (Quang & Xie, 2016), DeepCpG (Angermueller, Lee, Reik, & Stegle, 

2017), BiRen (Yang et al., 2017), etc.  

 Employing deep learning approach in bioinformatics is firstly introduced by Alipanahi, 

Delong, Weirauch, and Frey (2015) called DeepBind. DeepBind has outperformed other state-

of-the-art methods when training on in vitro data and testing on in vivo data. This software tool 

is built based on deep convolutional neural networks (CNNs) which can discover new features 

regardless of its position in the sequence. Besides, predicting the activity of potential drug 

molecules, analyzing particle accelerator data, reconstructing brain circuits, and predicting the 

effects of mutations in non-coding DNA on gene expression and disease also can be achieved 

excellently by multiple processing layers within deep learning computational models (LeCun, 

Bengio, & Hinton, 2015).  

 The implementation of deep learning approach is followed by Basset which led by 

Kelley, Snoek, and Rinn (2016) from Harvard University. Basset was trained on a compendium 

of accessible genomic sites mapped in 164 cell types by DNasel-seq. A single sequencing assay 

in their cell type of interest can be performed using Basset and cell’s chromatin accessibility 

code can be annotated for every mutation in the genome. In this case, Basset is capable of 

annotating and interpreting the noncoding genome. Their works had been incredibly showed 

that deep learning neural network has begun to shed light on TFBSs prediction starting in the 

mid of 2015.  
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 Another example of deep learning approach is a deep feature selection (DFS) model that 

was proposed to differentiate active promoters and enhancers from the rest of the genome by 

selecting input features in a deep structure, especially for multi-class data (Li, Chen, & 

Wasserman, 2016). The dependency of the features was considered by this model and cell-

ubiquitous characteristics were taken into accounts, such as CpG-islands and evolutionary 

reservation Phastcons score, and cell-specific events. The cell-specific events include DNA-

accessibility, histone modifications, and transcription factor binding sites were captured by the 

ENCODE consortium using ChIP-seq techniques (ENCODE Project Consortium, 2012). The 

DFS model was built by a sparse one-to-one linear layer between the input layer and the first 

hidden layer, elastic-net, nonlinear module such as sigmoid or tangent, and software classifier. 

 Next, a deep learning framework named PEDLA was developed to predict enhancers 

using heterogeneous types of data on a genome-wide scale. By inputting the normalized features 

and annotated labels, the training of the neural network is started. It is then followed by the 

estimation of the initial state probability vector and state transition probability matrix of hidden 

Markov model (HMM). The neural network needs to be pre-trained layer-by-layer in an 

unsupervised manner and the weight matrix was then fine-tuned by the initialization of the pre-

training using mini-batch gradient descent in a supervised manner. For each of the 22 cell 

types/tissues in the training sets, the enhancer and non-enhancer classes were constructed 

independently using the optimal model of a hidden layer with 50 hidden units to train PEDLA. 

(Liu, Li, Ren, Bo, & Shu, 2016). 

 EP-DNN is a deep learning approach introduced to predict the presence and types of 

enhancers in the human genome. The expression levels of the histone modifications at the peaks 

of the functional sites and its adjacent regions were used by this model as features. Four 

different cell types: H1, IMR90, HepG2, and HeLa S3 were employed by EP-DNN. The 
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positive controls used are P300 binding sites as enhancers, and negative controls used are TSS 

and random non-DHS sites as non-enhancers. The enhancer prediction involved a fully 

connected DNN with 480 inputs, 1 output, and softplus activation functions for each neuron. 

Stochastic gradient descent was applied in mini batches of 100 samples where the training was 

held. A dropout rate of 0.5 was used to avoid overfitting. The optimal architecture of EP-CNN 

consists of 3 hidden layers, with 600 neurons in the first layer, 500 in the second, and 400 in 

the third. Only 5 epochs of training are sufficient to achieve a convergence on the mean squared 

error (Kim et al., 2016). 

 Moreover, there is a hybrid framework introduced which combined deep learning 

technique known as CNNs and bi-directional long short-term memory networks (BLSTMs). 

This framework is known as DanQ and was developed to scan sequences for motif sites through 

convolution filtering (Quang & Xie, 2016). DanQ comprised of one convolution layer, one max 

pooling layer, and a BLSTM layer. A recurrent layer was included after the max pooling layer 

so that motifs can match a regulatory grammar governed by physical constraints. These physical 

constraints control the in vivo spatial arrangements and frequencies of combinations of motifs. 

An example of a feature associated with tissue-specific functional elements is enhancers. Lastly, 

a dense layer of rectified linear units and a multi-task sigmoid output formed the last two layers 

of the DanQ. 

Besides that, a newer enhancer prediction tool that implemented deep learning based 

hybrid architecture to predict enhancers based on sequence feature alone such as BiRen is 

introduced (Yang et al., 2017). The common enhancer feature patterns can be directly obtained 

from the DNA sequence alone using BiRen. This model has demonstrated superior accuracy, 

generalizability, and robustness in enhancer prediction as compared to the other state-of-the-art 

enhancer prediction tools that are based on sequence characteristics.  
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 A recent deep learning approach that was developed for the prediction of methylation 

states in single cells and modelling of the sources of DNA methylation variability is known as 

DeepCpG. We can see that the use of deep learning has been actively implemented in the other 

areas besides enhancer prediction. This model is built from a DNA module, a CpG module, and 

a multitask Joint module. The DNA module is a CNN with convolution layers, pooling layers, 

and one fully connected hidden layer. The non-linear embedding layer that used to model 

dependencies between CpG sites within cells resides within the CpG module, which is followed 

by a bidirectional gated recurrent network (GRU) to model dependencies between cells 

(Angermueller, Lee, Reik, & Stegle, 2017).  Other than that, there is other deep learning 

approach that has been used in the biological field such as using the deep neural network for 

the prediction of splicing patterns in individual tissues and differences in splicing patterns 

across tissues (Leung, Xiong, Lee, & Frey, 2014). 

. 

2.7 Summary 

This chapter construed some biological background that is necessary to understand the 

remaining chapters as well as previous works that are related to our study in this thesis. To sum 

up, original three-stage approach suffers from the high false positive rate. Besides, the 

traditional three-stage approach often requires some post-clustering steps in order to obtain 

motifs that approximate the real motifs. Since the partial set of input is sufficient for finding the 

motifs that repeatedly resides within the genome, it is not compulsory for motif finding tools to 

implement an enumerative search for the motifs in the whole genome. This is because only the 

predictive rate can be improved even when a more than sufficient amount of input set was used. 

We can see that this approach can be improved with the use of deep learning technique. A lower 
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level of the motif features can be learned by the model to build higher and more abstract features 

that can approximate the real motifs. The use of deep learning approach together with ensemble 

approach can significantly enhance the performance of the classifier in overall and significantly 

reduced the number of false positives in motif identification. This can be seen in the 

independent works described in Section 2.5 and 2.6. In addition to that, we also found out that 

the inclusion of gaps as motif features has not been taken seriously in any of the deep learning 

models yet. The inclusion of gaps as motif features is said to be crucial in determining the 

location of TFBSs especially the recognition sites of enhancer-bound transcription factors 

(Fletez-Brant, Lee, McCallion, & Beer, 2013). The current models also emphasized on the 

independence of the motifs features rather than the dependency features of the motifs. The 

adjacent bases should be considered as well in the recognition of TFBSs. In the next chapter, 

we provide a full description of DeepFinder.  
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CHAPTER 3 

DNA MOTIF PREDICTION USING FEATURE-BASED AND DEEP LEARNING 

APPROACHES 

 

3.1 Introduction 

 Motif identification has always been a field of interest to the bioinformatics community. 

The challenges that faced by those researchers is to find a group of motifs that approximate the 

real motifs. Thus, the first technical contribution in finding the best cluster of motifs using deep 

learning techniques is presented in this chapter. We proposed an improved three-stage method 

which is different from the past three-stage method where the previous researchers encountered 

high false positives in their motif identification task.  

 In this chapter, the rationale of proposed three-stage method is to predict the location of 

TFBSs which also termed as motifs using feature learning method. This approach used an 

ensemble of four motif finding tools for initial prediction of seed motifs which obtained from a 

subset of complete input DNA sequences. Stacked Autoencoders (SAEs) were implemented to 

learn those features associated with the seed motifs for the prediction of the TFBSs in the 

remaining sequences later on. Our novel method is named as DeepFinder that enhanced the 

three-stage method using the assembled results from several motif finding tools (e.g. MEME 

(Bailey & Elkan, 1995), BioProspector (Liu, Brutlag, & Liu, 2001), MDscan (Liu, Brutlag, & 

Liu, 2002), and MotifSampler (Thijs et al., 2001)) together with deep learning and other 

computational methods for motif identification. Until today, these motif finding tools are 

popular and widely adopted methods among the biologists and researchers due to the robustness 
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of their methods used which include position weight matrix (PWM) and expectation 

maximization.  

In order to compare our proposed framework with other methods, we chose MAST 

(Bailey & Gribskov, 1998) and FIMO (Grant, Bailey, & Noble, 2011) in this case. These tools 

are capable of returning motifs with the highest score and to be selected as the identified motifs. 

Even though these two tools have been developed for a long time but the developer site has 

actively updated the commits of their feature branch to the master branch software tool. 

Therefore, it is reliable to pursue these two tools in the MEME suite. Top three profile matrix 

representations from the MEME results are scanned using MAST and FIMO tool which are 

available in the MEME Suite. The MAST, FIMO, and DeepFinder results are compared and 

shown in Table 4.3 and 4.4. The experiments showed that DeepFinder has better predictive 

power compared to the results of MAST and FIMO. 

The remaining chapter is organized as follows: a full detail of proposed three-stage 

method is presented in Section 3.2 which includes a further description of the motif prediction 

system. In Section 3.3, performance evaluation metrics and experimental results for MAST, 

FIMO, and DeepFinder are addressed and compared. Finally, the discussions are presented in 

Section 3.4 and the whole chapter is concluded in Section 3.5.  

 

3.2 Description of Proposed Framework 

An assumption made by the heuristic three-stage approach is that binding sites bound 

by transcription factor have limited variations. Thus, a partial set of DNA sequences should be 

adequate to recognize the key protein-DNA codes. Unfortunately, there is no theory in existence 

that supports the implementation of this method until a recent publication by Zia and Moses 
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(2012). They reported that in order to predict motifs in DNA sequences, a sufficient number of 

input sequences is more than enough and more will only marginally enhance the predictive 

rates. An earlier empirical finding is aligned with this discovery which stated that the prediction 

accuracy does not improve when inputting more sequences (Hu, Li, & Kihara, 2005). The 

authors suggested “one can input only partial input sequences to a motif discovery algorithm 

to obtain a motif model and then use this model to find motifs in the remaining sequences. In 

this manner, a significant reduction in the running time can be achieved without sacrificing the 

prediction accuracy.” Another related approach is the seed-driven method of deterministic 

motif discovery. In this method, motifs are first identified in the sequence parts with highest 

priors and then used as seeds in the entire set of sequences for motif discovery (Sandve & 

Drablos, 2006). This idea of using a subset for initial motif prediction is not new. It is shown 

by MDscan which was the first tool to tackle on large-scale ChIP-on-chip (Chromatin 

Immunoprecipitation Microarray) dataset by generating initial motif patterns from a subset of 

input and use selected motif patterns to detect associated sites in the remaining dataset for the 

purpose of final motif profiles identification. It is encouraging to implement this method 

together with deep learning techniques to observe their respective results on higher eukaryotes. 

Furthermore, this finding has not been put into practice or capitalized in algorithm 

design. It is probably insufficient practical guideline and significant evaluation has been 

conducted to find out the impacts and robustness of the finding. For example, choosing a proper 

method to select a subset and how to perform the search in the remaining sequence. The recent 

technologies enable genome-wide identification of regions bound in vivo by a given TF such as 

ChIP, ChIP-on-chip or ChIP-seq. In contrary, these regions often range from few dozen base 

pairs to few hundred base pairs (Zambelli, Pesole, & Pavesi, 2012). The advancement of this 

technology allows more regions of TFBSs can be accurately identified but not the exact 
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locations of TFBSs. Thus, these locations hold important features to some extent for the 

recognition of enhancer binding regions.  

This project examines and comes up with some improvements on the use of the three-

stage method for DNA sequence motif discovery in DeepFinder. DeepFinder is based on the 

three-stage method: (1) randomly select subset of DNA sequences for initial motif finding; (2) 

apply de novo motif discovery tools to select most potential putative motifs; (3) use the putative 

motif profiles to scan the binding sites in the remaining sequences not use in the initial subset. 

DeepFinder doesn’t need to perform motif search in the whole dataset, thus, avoid exhaustive 

enumeration. Through this method, it is believed that any subset of the input sequences of a 

reasonable size can be used to build prominent motifs. Figure 3.1 depicts the DeepFinder’s 

framework. 

 
Figure 3.1: An overview of DeepFinder framework. (a) We randomly partitioned the dataset 

into five subsets. (b) Apply four de novo motif discovery tools on the partial input sequences E 

to predict putative motifs and respective binding sites. The top three motifs of four tools were 

clustered according to the location of the putative binding sites. Those binding sites that are 

overlapped by at least 1 bp or located next to the other are considered belonging to the same 

cluster. The pairwise similarity score is computed among the clusters, k-medoid clustering 

generates two clusters, with each cluster, added one hundred bases to both directions of binding 

sites and randomized with negative controls. The sequences are then converted into 

representation using the 76 designed features. The illustrated figure in details is presented in 

Section 4.2.2.  (c) Stacked autoencoder, a deep learning technique is used to train the 

normalized cluster and only one cluster is chosen to perform the next task based on the size of 

the clusters generated. Those with bigger size cluster is constructed as a classifier to predict in 

the remaining DNA sequences.  
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 In Stage 1 and 2, a subset is randomly selected from the whole dataset to be treated as 

input sequences for four de novo motif discovery tools, e.g. Multiple EM for Motif Elicitation 

(MEME), BioProspector, Motif Discovery scan (MDscan), and MotifSampler. The four de 

novo motif discovery tools are presented by a software called Toolbox of Motif Discovery 

(Tmod) which is developed by Harvard research team for Windows operating systems (Sun et 

al., 2010). For each de novo motif discovery tools results, we select top three motifs with their 

respected putative binding sites and combine them together as one before further processing in 

Stage 3. As in Stage 3, the assembled results are clustered according to the location of the 

putative binding sites. A putative binding site that is overlapped or located next to the other is 

considered belonging to the same cluster. After obtaining all the clusters, the pairwise similarity 

is computed for each and every possible pair of clusters formed and populate them to a distance 

matrix. Two clusters are generated by k-medoid clustering technique and the larger size cluster 

is trained as a classifier to predict the remaining motifs in the DNA sequences. This is to avoid 

missing binding sites from the smaller cluster and it is necessary to pursue larger cluster in order 

to avoid inadequate training data for the classifier model even though there is no specific 

guideline on the data size. Therefore, it is utterly important to keep the generated number of 

cluster small to avoid any missing significant binding site candidates. Moreover, the use of all 

candidate motifs is unnecessary. Stacked autoencoder is well known for its feature discovery 

especially in unlabelled data and its capacity in part-whole decomposition. Also, a single 

stacked autoencoder acquires greater expressive power compared to any deep learning neural 

network.  
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3.2.1 Motif Features 

 The feature is an important element that is crucial to differentiate or distinguish between 

different objects or behaviours. Motif feature is the necessary component of the learned model 

in order to distinguish between motifs and non-motifs. Osada, Zaslavsky, and Singh (2004) 

have reported a study of a larger set of Escherichia coli TFs together with their respected 

binding sites stated that binding site prediction can be improved by the use of dependencies 

among adjacent bases. It is important to acknowledge the work by Yáñez-Cuna et al. (2014) 

since the ten datasets used in this research is located within enhancer bound regions. The team 

has showed that a set of motifs enriched in all four enhancer classes which included some motifs 

of broadly expressed activators (e.g., AP-1 and STAT) and motifs that consists of repeated 

dinucleotides CA, GA, or CG (i.e., all possible dinucleotides except TA) can be used as features 

to determine whether it is an enhancer binding region or not. Dinucleotide repeat-like motifs 

are proven to be enriched in regions bound by different regulatory proteins in separate studies 

(Li et al., 2008; Wang et al., 2012). Therefore, the dependency features of TFBSs that include 

some k-mer features are utilized since they are often used in TFBS prediction. Each probability 

of occurrence tallied by the features is counted for every shifting size of the single base pair. 

There are total of seventy-six features used in DeepFinder which has the original PWM models 

that include A, C, G, and T occurrences, all possible 3-mer frequencies (64 features formed by 

A, C, G, T), CA, CG, GA, and GC-count (selected 2-mer frequencies), as well as their 

respective probabilities of occurrence. The feature value of a 2-mer k is given by 𝑓(𝑘) =

𝑐(𝑘)/𝑐(∗) where 𝑐(𝑘) is the frequency count of k-mer k in a DNA sequence. The size of k-mer 

is limited to certain extent, for example, 4-mer size which produces 256 possible bases 

combinations is not used because this feature will yield a sparse representation of the DNA 

sequences where most of the representations are consist of zero value. Feature scaling 
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normalization method employed in this study is using this formula 𝑋′ =  
𝑋−𝑋𝑚𝑖𝑛

𝑋𝑚𝑎𝑥−𝑋𝑚𝑖𝑛
, where 

𝑋𝑚𝑎𝑥 is the highest frequency and 𝑋𝑚𝑖𝑛 is the lowest frequency of the particular feature.  

 

3.2.2 Motif Similarity Measures 

 The similarity measure is a method employed to examine how similar is the clusters in 

the putative binding sites. Those putative binding sites are of the same region or at least 

overlapped by one base pair is categorized as the same cluster. The similarity measure of the 

binding sites is defined by two cluster motifs x and y. Considered A(x) be the set of binding 

sites defined by cluster motif x and A(y) be the set of binding sites defined by cluster motifs y. 

Next, let A(x) ∩ A(y) be the set of regions occurred by at least one site in x and one site in y. 

This is what we called the intersection of bases between two cluster motifs. It is followed by 

A(x) ∪ A(y), is the set of regions occurred in any site of x and y in which we called the union of 

bases between two cluster motifs. The total number of nucleotides of all the regions in A(x) ∩ 

A(y) and A(x) ∪ A(y) is assigned as |A(x) ∩ A(y)| and |A(x) ∪ A(y)|, respectively. The similarity 

of x and y, denoted sim(x, y), is described as |A(x) ∩ A(y)| / |A(x) ∪ A(y)|. Note that 0 ≤ sim(x, y) 

≤ 1 and sim(x, x) = 1 (Wijaya, Yiu, Son, Kanagasabai, & Sung, 2008). After the pairwise 

similarities score is computed among predicted binding sites, the sum of the cluster’s similarity 

score is calculated using this formula: ∑ 𝑠𝑖𝑚(𝑥𝑚, 𝑦𝑛) = |A(𝑥1) ∩ A(𝑦1)| / |A(𝑥1) ∪ A(𝑦1)| + … + 

|𝐴(𝑥𝑚−1) ∩ 𝐴(𝑦𝑛−1)| / |𝐴(𝑥𝑚−1) ∪ 𝐴(𝑦𝑛−1)|  + |𝐴(𝑥𝑚) ∩ 𝐴(𝑦𝑛)| / |𝐴(𝑥𝑚) ∪ 𝐴(𝑦𝑛)|  which 

concerns about the different length of binding sites. Thus, the end result of similarity score is 

computed as 𝑠𝑖𝑚(𝑥, 𝑦) = 1 - 
∑ 𝑠𝑖𝑚(𝑥𝑚,𝑦𝑛)

∑ 𝑠𝑜
, where s is the total count of window shifting in 

different length of the paired binding sites in both motifs. Examples of clustering and how 

similarity score is calculated are depicted in Figure 3.2 and 3.3. Finally, the final score is used 
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to populate the distant matrix to be used in k-medoid clustering algorithm. We described the 

clustering technique for the selection of similar binding sites that will be constructed as 

classifier later on in the next section.  

 
Figure 3.2: An overview of clustering technique and motif similarity measure. (a) The binding 

sites of top three motifs are accumulated after obtained from the four de novo motif discovery 

tools. (b) Those overlapped binding sites by at least 1 bp or next to one another based on their 

locations are grouped under the same cluster. (c) The similarity measure is computed among 

the clusters and populates their scores into distance matrix for the purpose of k-medoid 

clustering later on. 

 

 

 
Figure 3.3: An example of how similarity score is calculated using three motif pairs. 
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3.2.3 Motif Clustering Technique 

 This section discussed the clustering technique used in the learned model to select 

similar putative binding sites and to gather them into the same cluster before training as a 

classifier. The two commonly used clustering techniques are k-means and k-medoids algorithms. 

In this study, we employed k-medoids algorithm because k-means is highly susceptible to the 

effects of outliers (Broin, Smith, & Golden, 2015). As for k-medoids algorithm, a group mean 

is computed and the cluster member with the smallest total pairwise distance to all other cluster 

members is adopted as the group representative. K-medoids algorithm is also more robust to 

noise and outlier effects, thus, a repeated multiple alignment calculations for each cluster can 

be avoided (Broin, Smith, & Golden, 2015). In a genome-wide study by Hannenhalli and Wang 

(2005), binding site prediction can be enhanced by clustering the binding sites in which the 

binding motif is represented by a mixture of PWMs instead of PWM alone. Therefore in our 

study, we set the k-medoid clustering outputting two clusters of binding sites using C Clustering 

Library and the corresponding Python C extension module Pycluster (de Hoon, Imoto, Nolan, 

& Miyano, 2004). It is vital to pursue more sequences in a cluster in order to avoid insufficient 

training data since there is no practical guideline on using how many sequences for the training 

process. Deep learning technique called stacked autoencoder is presented in the next section. 

 

3.2.4 Deep Learning Classifier Model 

 Deep learning has astonishing performance in many areas such as business, technology, 

medicine, etc. The titan companies such as IBM, Apple, Google, Facebook, and Baidu are 

investing a huge amount of money in setting up deep learning lab to improve their current 

technologies such as image or pattern recognition, speech recognition, and text document 
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classification. In bioinformatics, the recent deep learning practitioner called Alipanahi and the 

team (2015) found out that deep learning surpassed other state-of-the-art methods when used 

to predict sequence specificities, even when training on in vitro data and testing on in vivo data. 

Furthermore, another team by Li et al. (2016) have applied deep learning in feature selection. 

Deep learning can model non-linearity and thus select a subset of features at the input level for 

multi-class data.  

DeepFinder is built based on the larger size cluster obtained by k-medoids and trained 

by stacked autoencoder to predict TFBSs in the associated DNA sequences. It has shown 

astonishing results in motif prediction and the performance is presented in the Results section. 

Figure 3.4 illustrates the stacked autoencoder used to build DeepFinder. 

 
Figure 3.4: The neural network resides within DeepFinder. 

 

It is first of its kind to employ stacked autoencoder in motif prediction where previous 

work was built based on convolutional neural networks called DeepBind (Alipanahi, Delong, 

Weirauch, & Frey, 2015). The training of DeepFinder requires an equal amount of positive and 
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negative controls and the negative controls used are complement intervals of the datasets 

retrieved from Galaxy Online (Giardine et al., 2005). The five-fold cross-validation experiment 

was run for five iterations each and it is proven to be sufficient for the classifier to learn the 

important features. Stacked autoencoder is commonly used in MNIST digit classification 

(Vincent, Larochelle, Bengio, & Manzagol, 2008), however, it did not gain popularity in motif 

prediction yet. The capabilities of stacked autoencoder are modelling complex systems with 

non-linear structures and learning a high-level representation of features. We employ 

DeepLearnToolbox (Palm, 2012) together with seventy-six features to ensure the model fully 

captured the probabilistic occurrences of the datasets. The neural network resides within 

DeepFinder as shown in the figure above where 76 engineered sequence features together with 

bias term act as input to the network. The same architecture was applied to all the datasets. Ten 

different DNA datasets of enhancer regions bound by the transcription factors are downloaded 

from UCSC Genome database (GRCh37/hg19 Feb. 2009 assembly). It was constructed by two 

layers of autoencoders with non-linear activation functions in which the outputs of each layer 

is connected to the inputs of the successive layer. The first layer of a stacked autoencoder tends 

to learn first-order features in the raw input and the second layer tends to learn second-order 

features corresponding to the patterns in the appearance of first-order features. The last layer is 

classifier that uses sigmoid activation function that maps the second-order features to the 

enhancer and non-enhancer labels. A fixed 5 epochs, learning rate value 1, the mini-batch size 

of 100, and dropout value 0.5 was found to be sufficient for feature learning. When the number 

of epochs is more than 5, the training becomes stagnant and no significant improvement in the 

learning can be obtained. The same number of epochs is employed for each layer. It is capable 

of modelling complex systems with non-linear structures and learning a high-level 

representation of features. The model is compelled to learn a compact representation of the 
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input through 25 hidden neurons in the first hidden layer and 12 hidden neurons in the second 

hidden layer. The formula used to obtain the required hidden neurons for the neural network, 

𝑁ℎ =  √(𝑚 + 2)𝑁 + 2√𝑁/(𝑚 + 2), introduced by Huang (2003) where m is the number of 

output neurons and N is the number of input neurons. In the neural network, the overall cost 

function (Ng, 2011) used here is 

𝐽𝑠𝑝𝑎𝑟𝑠𝑒(𝑊, 𝑏) = 𝐽(𝑊, 𝑏) +  𝛽 ∑ 𝐾𝐿(𝜌||𝜌𝑗̂)
𝑠2
𝑗=1  

𝐽(𝑊, 𝑏) is the overall cost function which includes the weight decay term. The number of 

neurons in the hidden layer is represented by 𝑠2 and the index 𝑗 is summing over the hidden 

units in the network. 𝐾𝐿(𝜌||𝜌𝑗̂) is the Kullback-Leibler (KL) divergence between a Bernoulli 

random variable with mean ρ and a Bernoulli random variable with mean 𝜌𝑗̂. The weight of the 

sparsity penalty term is represented by 𝛽. According to Ng (2011), stacked autoencoder is 

capable of learning features that can form a good representation of the input or “part-whole 

decomposition” of the input. It also has greater expressive power compared to other neural 

network models. In this study, like any other neural networks, we implemented mini-batch 

stochastic gradient descent (SGD) and dropout regularization that resides within the learned 

model. These are the popular methods that are useful in acquiring promising results in computer 

vision, speech and face recognition. 

 

3.3 Performance Evaluation Metrics 

 The performance evaluation metrics provided in this section are used to assess the 

performance of DeepFinder. The f-measure and false discovery rate (FDR) are both used to 

evaluate the classifier’s accuracy. The f-measure, f is given by f =
2𝑝𝑟

𝑝+𝑟
, where p and r are 
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precision and recall, respectively (Manning, Raghavan, & Schütze, 2008) and FDR is defined 

as 𝐹𝐷𝑅 = 1 − 𝑝 (Benjamini & Hochberg, 1995). F-measure conveys the balance between the 

precision and recall. FDR identifies more true positive associations overall as compared to p-

value measures of significance. Precision and recall are described as 𝑝 =  
𝑇𝑃

𝑇𝑃+𝐹𝑃
 and  𝑟 =

 
𝑇𝑃

𝑇𝑃+𝐹𝑁
, where TP, FP, and FN are counts of true positives, false positives, and false negatives 

from the fivefold cross-validation experiment. Figure 3.5 illustrates TP, FP, FN, and TN on 

TFBS binding region and non-TFBS binding region prediction. The meaning of true positive 

(TP) is where the region (100bp symmetric margins on both sides of TFBS) is correctly 

identified as TFBS binding region; false positive (FP) is where the region is incorrectly 

identified as TFBS binding region; true negative (TN) is where the region is correctly identified 

as non-TFBS binding region, and false negative (FN) is where the region is incorrectly 

identified as non-TFBS binding region. Sensitivity or true positive rate (TPR) is defined as 

𝑇𝑃𝑅 =
𝑇𝑃

𝑇𝑃+𝐹𝑁
 and specificity (SPC) or true negative rate is defined as 𝑆𝑃𝐶 =

𝑇𝑁

𝑇𝑁+𝐹𝑃
. These are 

widely used statistical measures in bioinformatics for the purpose of examining the 

performance of classifier. The classifier mainly differentiated motifs and non-motifs (2-class 

classifications), thus, we employ Matthews correlation coefficient (MCC) which invented by 

Matthews, B. W. (1975) to measure the quality of binary classifications and can be assessed 

using this formula: 𝑀𝐶𝐶 =  
𝑇𝑃 ×𝑇𝑁−𝐹𝑃 ×𝐹𝑁

√(𝑇𝑃+𝐹𝑃)(𝑇𝑃+𝐹𝑁)(𝑇𝑁+𝐹𝑃)(𝑇𝑁+𝐹𝑁)
.  
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Figure 3.5: A visual description of TP, FN, FP, and TN on TFBS binding region and non-

TFBS binding region prediction. 

 

 In the next section, ten different enhancer-bound transcription factor datasets are 

presented and followed by experiment setup which bestows the computing elements that 

involved in carrying out the experiments. Results and comparisons are conferred in Section 

3.3.3.  

 

3.3.1 Datasets 

In this thesis, ten different DNA datasets of enhancer regions bound by the following 

transcription factors are downloaded from UCSC Genome database (GRCh37/hg19 Feb. 2009 

assembly). These datasets are selected because the binding sites that are accurately predicted 

can be used to determine the enhancer regions which could possibly bound by the respected 

transcription factors. Table 3.1 shows the number of site locations annotated in the database for 

the selected TFs. However, we only randomly selected five thousand locations and each is 

extended to both directions by adding symmetric margins of 1000bp along the genome.  
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Table 3.1: TFBSs obtained from UCSC Genome Table Browser. 

Enhancer 

bound 

transcription 

factor 

Total 

conserved 

TFBS 

CREB 

GATA1 

P53 

P300 

SRF 

STAT1 

NFE2 

MEF2 

ELK1 

HNF4 

6822 

9248 

18282 

13189 

24889 

14030 

19635 

41426 

10781 

14306 

  

From the above total conserved TFBS showed, five thousand binding sites were 

randomly selected as a subset and one thousand extra bases were added to the symmetric 

margins of the binding sites. Partial binding sites (that will be used as seed later) which are 

twenty percent of the total binding sites is treated as input to four de novo motif discovery tools. 

In the experiment, we employed four motif finding tools that are based on PWM model, namely 

MEME, BioProspector, MDscan, and MotifSampler.  

 

3.3.2 Experiment Setup 

The results presented in the next section are the performance averaged over the fivefold 

cross-validation of both training and testing data. Experiments are conducted on a computer 

with an Intel Core i5, 1.7 GHz CPU, and 16 GB memory card. All source codes are written in 

Matlab language and Python language with installed libraries: numpy, scipy, Pycluster, 

Biopython. The essential source code developed in the study is shown in Appendix 1 and 2. 
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3.3.3 Results and Comparisons 

In this section, we evaluated DeepFinder’s performance with respect to MAST and 

FIMO using different performance evaluation metrics. A thorough assessment of DeepFinder 

is conducted based on a standard fivefold cross-validation. DeepFinder was trained by stacked 

autoencoder in each fold using twenty percent of a dataset and use the model to scan the 

remaining eighty percent dataset. While for MAST and FIMO, MEME tool was employed in 

each fold to acquire the top 3 motif representations where each fold was generated from 

randomly selected subset and used the best representation to search for the other TFBSs not 

occurred in the initial subset. Representation with the highest number of true positives predicted 

is chosen. The results and comparisons between MAST, FIMO, and DeepFinder presented later 

in this section are based on average values obtained from fivefold cross-validation.  

A description of DeepFinder using CREB data set is conferred as follows. Four motif 

finding tools were used on the five CREB subsets and their respective top 3 motifs sequence 

logo are illustrated in Table 3.2. The binding sites were assembled and clustered into two groups 

and each cluster is trained using the deep learning classifier.  
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Table 3.2: Sequence logo for top 3 motifs using MEME, BioProspector, MDscan, and 

MotifSampler. 

Tool Rank Sequence Logo 

MEME 1 

 

2 

 

3 

 

BioProspector 1 

 
2 

 

3 

 
MDscan 1 

 

2 

 

3 

 

MotifSampler 1 

 

2 

 
3 
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 The comparisons between MAST, FIMO, and DeepFinder in terms of precision, recall, 

f-measure, false discovery rate (FDR), and accuracy are reported in Table 3.3 and 3.4. Since 

there are no AUC values for this study, the significance of the results generated using f-measure 

is shown in Table 3.5 where the p-value score is 0.00 which means that there is a significant 

difference on the f-measure values computed by each of the tools. It is clearly shown that MAST 

has performed poorly compared to FIMO and DeepFinder in all evaluation metrics. This is 

because MAST only used a single motif finding tool’s result and only sequences that have the 

best overall match to a collection of motifs were selected. While FIMO’s performance as in 

precision and FDR is slightly better compared to DeepFinder for ELK1, GATA1, P300, and 

SRF datasets. This is because the sequence of ELK1, GATA1, P300, and SRF have better 

matches to motifs. DeepFinder, as expected, was outperformed the other models for recall, f-

measure, and accuracy for all datasets. In addition to that, the specificity of DeepFinder is over 

0.97 for most of the datasets. Nevertheless, MAST and FIMO have no true negatives since the 

scanning is only conducted on positive controls and hence no specificity rates were 

demonstrated. The true negatives value was assigned as zero throughout the computation of 

evaluation metrics such as specificity and MCC. 

Table 3.3: Comparisons of precision, recall, and f-measure between MAST, FIMO and 

DeepFinder (DF). 

Enhancer 

bound 

TF 

Precision Recall f-measure 

MAST FIMO DF MAST FIMO DF MAST FIMO DF 

CREB 

ELK1 

GATA1 

HNF4 

MEF2 

NFE2 

P53 

P300 

SRF 

STAT1 

0.60 

0.69 

0.68 

0.68 

0.80 

0.73 

0.71 

0.65 

0.75 

0.67 

0.99 

0.99 

0.99 

1.00 

1.00 

1.00 

0.99 

0.99 

1.00 

1.00 

1.00 

0.91 

0.95 

1.00 

1.00 

1.00 

1.00 

0.98 

0.98 

1.00 

0.03 

0.04 

0.04 

0.05 

0.01 

0.03 

0.05 

0.06 

0.03 

0.04 

0.45 

0.54 

0.53 

0.51 

0.20 

0.36 

0.49 

0.68 

0.37 

0.44 

0.97 

0.91 

0.94 

0.99 

0.98 

0.99 

0.99 

0.96 

0.99 

0.99 

0.06 

0.08 

0.08 

0.09 

0.03 

0.06 

0.09 

0.11 

0.06 

0.07 

0.62 

0.70 

0.69 

0.67 

0.33 

0.52 

0.66 

0.80 

0.51 

0.61 

0.99 

0.90 

0.95 

1.00 

0.99 

1.00 

0.99 

0.97 

0.98 

0.99 
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Table 3.4: Comparisons of false discovery rate (FDR), accuracy, and Matthews correlation 

coefficient (MCC) between MAST, FIMO, and DeepFinder (DF). 

Enhancer 

bound 

TF 

FDR Accuracy MCC 

MAST FIMO DF MAST FIMO DF MAST FIMO DF 

CREB 

ELK1 

GATA1 

HNF4 

MEF2 

NFE2 

P53 

P300 

SRF 

STAT1 

0.40 

0.31 

0.32 

0.32 

0.20 

0.27 

0.29 

0.35 

0.25 

0.33 

0.01 

0.01 

0.01 

0.00 

0.00 

0.00 

0.01 

0.01 

0.00 

0.00 

0.00 

0.09 

0.05 

0.00 

0.00 

0.00 

0.00 

0.02 

0.02 

0.00 

0.03 

0.04 

0.04 

0.05 

0.01 

0.03 

0.05 

0.06 

0.03 

0.03 

0.45 

0.54 

0.53 

0.51 

0.99 

0.36 

0.49 

0.67 

0.37 

0.44 

0.99 

0.89 

0.94 

1.00 

0.99 

1.00 

0.99 

0.97 

0.98 

0.99 

-0.62 

-0.54 

-0.55 

-0.55 

-0.44 

-0.51 

-0.53 

-0.57 

-0.49 

-0.56 

-0.06 

-0.05 

-0.05 

-0.04 

-0.04 

-0.03 

-0.06 

-0.05 

-0.03 

-0.04 

0.97 

0.81 

0.89 

0.99 

0.98 

0.99 

0.99 

0.94 

0.96 

0.99 

 

Table 3.5: One way ANOVA test of MAST, FIMO, and DeepFinder (DF). 

Source of Variation SS df MS F P-value F crit 

Between Groups 

Within Groups 

4.126927 

0.16614 

2 

27 

2.063463 

0.006153 

335.3407 

 

0.00 

 

3.354131 

 

Total 4.293067 29     
 

Figure 3.6 and 3.7 showed the precision rate and recall rate for five subsets. The 

discrepancy of precision and recall rate were observed in SRF where its subset 2 and 5 have 

performed poorly in contrast to other subsets for that particular transcription factor. This is 

possibly due to the outliers that reside within the subset that caused the average result to be 

lower than the other subsets. DeepFinder’s overall f-measure, precision, recall, and accuracy 

rates for the ten datasets were reported in Figure 3.8. Two datasets that have lower performance 

were observed in ELK1 and GATA1 because of the outlier effects that possessed by a single 

subset. On the contrary, these two datasets have shown performance consistency in MAST and 

FIMO. Last but not least, the three models comparisons are depicted in Figure 3.9 which 

concludes that DeepFinder outperformed MAST and FIMO in overall results. As for precision 

and FDR, FIMO is outperformed DeepFinder and MAST because the individual of ELK1, 

GATA1, P300, and SRF better matches to motifs. While, DeepFinder scored higher than MAST 

and FIMO in recall, f-measure, and accuracy. There is an extreme gap in between DeepFinder 
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and MAST in terms of recall, f-measure, and accuracy because MAST only used a single motif 

finding tool’s result and only sequences that have the best overall match to a collection of motifs 

were selected. Thus, a single best sequence might be missed out in this way. 

 
Figure 3.6: Precision values for each of the subsets. 

 

 
Figure 3.7: Recall values for each of the subsets. 
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Figure 3.8: Overall f-measure, precision, recall, and accuracy for ten datasets. 

 

 
Figure 3.9: Average precision, recall, f-measure, false discovery rate (FDR), and accuracy for 

MAST, FIMO, and DeepFinder. 

 

3.4 Discussion 

The proposed deep learning three-stage method indeed shown promising results when 

performed on the ten datasets and it is also convincing that the implementation of deep learning 

technique namely stacked autoencoder, as well as integrated features based approach, is a major 
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success in improving the three-stage method. Overall performance as reported in the previous 

section, DeepFinder is obviously performed better than MAST and FIMO and it is not inclined 

to overfitting during the fivefold cross-validation experiments. Our approach also excels in false 

discovery rate (FDR) which expresses the proportion of the predictions that are false positives 

and f-measure which is the harmonic mean of precision and recall. This is benefited to the work 

where researchers can use sufficient input data rather than whole input set to predict the 

enhancer regions.  

 In this section, we discussed the possible reasons that caused poor performance of 

MAST and FIMO. It is probably driven by the single use of MEME result which ignores the 

strengths of other potential motif finding tools. Every single motif finding tools has its own 

strengths and weaknesses, therefore, it is encouraged to incorporate more tools which could 

take the benefits of other tools’ strengths that a single tool lack of. Indeed, DeepFinder has 

better predictive power especially for those TFBS that binds within enhancer regions. The 

current best-performing algorithm has only sensitivity <13% and precision <35% (Tompa et al., 

2005; Tran & Huang, 2014). Therefore, there is a need to enhance the motif prediction 

framework for the purpose of reduction in false positives.  

 Currently, there are no robust practical guidelines on three-stage method. Past studies 

by Wang and Lee (2009) reported that the number of false positive hits obtained from step (3) 

is excessively high. The inability of current motif model to represent the specificity of binding 

sites recognized by transcription factor contributed to this issue. This is why DeepFinder is 

introduced here and it has high predictive power in enhancer prediction. DeepFinder uses 

stacked autoencoder as the learning neural network to learn the features that are important to 

identify between the enhancer and non-enhancer regions. The deep learning technique resides 

within DeepFinder is capable of constructing higher-order features from lower level ones such 
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as dimer or trimer. These features will form higher order features that best represent motifs 

which will be used to search for potential enhancers in the remaining DNA sequences. Besides, 

DeepFinder also includes a dependent and independent model that represent the DNA 

sequences. It has been shown that independent and dependent features play a vital role in 

recognizing the motifs of the enhancer. Several efforts have been recommended to reduce the 

false positive rates, for example, using a position-dependent model, estimate a better threshold 

value to be considered a match hit during searching, and use of orthologous genes. Even though 

Position Frequency Model (PFM) has many weaknesses, it is still the most commonly used 

model compare to other more recently proposed models (Stormo, 2000; Boeva, 2016). 

Statistical independence among nucleotides within a motif was assumed by most algorithms in 

Position Weight Matrix (PWM) of de novo motif discovery tools (Eggeling et al., 2014). In this 

study, DeepFinder uses extended PWM model which includes different features that concerned 

about nucleotide dependencies. It can be seen that DeepFinder has successfully outperformed 

other classical models with the implementation of deep learning technique.  

 

3.5 Conclusion 

As a conclusion for this chapter, stacked autoencoder as classifier model in DeepFinder 

can predict the regulatory sequences accurately without any prior knowledge about 

transcription factor binding sites. DeepFinder only used general genomic sequence information 

rather than take into account biophysical or biochemical properties of the sequences. The 

inclusion of these properties could have the potential to enhance our approach. It is perhaps 

surprising that such a simple description of sequence features (k-mer frequencies) is capable of 

producing high accuracy in TFBSs classification.   
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CHAPTER 4 

AN INTEGRATION OF GAPPED MOTIF FEATURE REPRESENTATION AND 

DEEP LEARNING APPROACH FOR ENHANCER PREDICTION 

 

4.1 Introduction 

In this chapter, an integration of gapped motif feature representation (GMFR) and 

convolutional neural networks (CNNs) is presented. We proposed a novel sequence encoding 

method called GMFR to fully utilize the strength of gapped motifs as an input feature for CNN 

learning. A gapped pattern that occurs repeatedly in a sequence or in a set of sequences is 

defined as a gapped motif (Michael, Nicolas, & Ukkonen, 2010). In this study, we employed 

CNN together with proposed GMFR to improve current enhancer prediction and compared our 

results with DeepBind (Alipanahi, Delong, Weirauch, & Frey, 2015) and LS-GKM (Lee, 2016). 

DeepBind employs deep convolutional neural networks to specify RNA- and DNA-binding 

proteins while LS-GKM employs advanced gapped k-mer based kernel functions together with 

support vector machine to predict regulatory elements. The strengths of CNN include location 

invariance and composition of higher order feature from lower level ones. The enhancer can be 

located either in upstream or downstream of the gene it regulates, unlike promoter where it can 

be found at the transcription start site of a gene. This is why CNN is chosen over the other deep 

learning techniques. Besides, a novel method called GMFR that represents DNA sequence is 

proposed in this study which allows the convolution of the sequence features by CNN while 

leaving gaps in between them. Based on our experimental results, the integration of both 

methods has shown consistency and achieved over 98% accuracy for ten different ChIP-seq 

datasets which were downloaded from DeepBind’s literature. We believe that the advancement 
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in deep learning technique certainly improves the performance of enhancer prediction in the 

near future. 

The remaining chapter is structured as follows: the description of the proposed 

framework GMFR-CNN is presented in Section 4.2 while in Section 4.2.1 a further description 

is given on the gapped motif feature representation. In Section 4.2.2, a classifier model called 

convolutional neural networks are conferred and experimental results for LS-GKM, DeepBind, 

and GMFR-CNN are addressed and compared in Section 4.3. We discuss the chapter in Section 

4.4 and followed by conclusion in Section 4.5. 

 

4.2 Description of Proposed Framework 

 Since mammalian enhancer sequences can be differentiated from random genomic loci 

using sequence features alone, our proposed framework GMFR-CNN is solely depended on 

sequence characteristics to maximize the discrimination between enhancers and non-enhancers. 

The possible substrings of length k are often referred to as k-mers and they are commonly used 

for the classification of regulatory elements. The nucleic acid A, C, G, and T are substituents 

of k-mer for DNA sequence. For the purpose of enhancer prediction, previous proposed k-mer 

frequency vector and its refined version called gapped k-mer vector were integrated into the 

SVM models (Fletez-Brant, Lee, McCallion, & Beer, 2013). Other than that, the experiments 

were done on predicting enhancers bound by P300 in 500 to 2, 500 sequences in mouse 

forebrain, midbrain, and limb also used k-mer sequence features. Unfortunately, when the 

binding sites involved are longer than 6 to 8 bp, this approach suffers from overfitting. When 

most motif finding algorithms consider continuous sequence motifs, it is crucial to take into 

account gapped sequence motifs. The inclusion of gaps in the motif allows the modelling of 
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short internal loops in RNA structures and enable for a small number of mutations in the 

conserved regions (Pervouchine, 2014). Therefore, enhancer motif prediction could be greatly 

improved by the implementation of gapped motif feature. This helps to discover motifs that are 

not discovered in the earlier continuous sequence motifs. 

 In recent years, the adoption of deep learning technique in bioinformatics field has 

started to gain popularity especially in the prediction of sequence specificities. This can be seen 

by the work of Alipanahi et al. (2015) and Kelley et al. (2016) where both methods have shown 

significant results in the overall sensitivity of prediction. Previously, there are some other 

machine learning methods implemented to predict enhancers. For example, DEEP framework 

(Kleftogiannis, Kalnis, & Bajic, 2015) and CSI-ANN (Firpi, Ucar, & Tan, 2010), both tools 

have been used extensively for enhancer prediction with an overall accuracy of 90.2% and 65.6% 

sensitivity.  

 

4.2.1 Sequence Encoding 

  The design of DNA sequence representation is important for the training of the neural 

network in determining the features later on in the deeper layers. The weight represented by 

features means how conserved is that features in specific locations. In this study, our 

representation solely depends on sequence characteristics where it is sufficiently used to 

discriminate between enhancers and non-enhancers. This is because mammalian enhancer can 

be differentiated from non-functional regions by using the sequence features alone. This is 

clearly shown by the experiment done on EP300/CREBBP ChIP-seq datasets to differentiate 

between enhancers that operate in different tissues or at different developmental stages (Lee, 

Karchin, & Beer, 2011). First, we align a set of positive training sequences and compute an 
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extended position weight matrix (PWM). The representation built is served as a benchmark for 

negative control sequences later on. PWM is originally aligned for transcription factor binding 

sites only and now we extend it to capture longer sequences. The aligned sequences are defined 

as 𝑆𝑛 = { 𝑠1, 𝑠2, 𝑠3, … , 𝑠𝑛}, where 𝑆𝑛 is formed by n  number of aligned training sequences. 

PWM is commonly applied by researchers due to its simplicity and less tuning of parameters. 

The implementation of this technique provides an alternative to estimate the conservation of 

nucleotide position in the sequence. The formula used to form PWM for the positive training 

sequences is as follows: 

𝑃𝑖,𝑗 =  
1

𝑁
 ∑ 𝐼 (𝑆𝑖,𝑗 = 𝑘)

𝑁

𝑖=1

, 

where i symbolizes four nucleotides (e.g. A, C, G, and T), and j resembles each of the 

nucleotides positions of length l, k is a set of symbols in the alphabets, and 𝐼(•) is an indicator 

function where it will have value 1 if 𝑆𝑖,𝑗 = 𝑘 and 0 otherwise (Guigo, 2003). Moreover, we 

employed a probabilistic method of nucleotide frequency for each of the sequences which 

derived as follow: 

𝐹𝑖 =  
𝑛𝑖

∑ 𝑛𝑖,𝑖+1,…,𝑖−1
 , 

where n is the count of nucleotides in one sequence. The probabilistic weight value is obtained 

at every nucleotide positions which describe as 𝑊𝑖,𝑗 =  
𝑃𝑖,𝑗

𝐹𝑖
 and then normalized using feature 

scaling method (Juszczak, Tax, & Duin, 2002). An example of how the probabilistic weight 

value is calculated from the extended PWM to probabilistic method is illustrated in Figure 4.1. 

The sequence length provided by DeepBind datasets is 101bp and we trimmed the size of the 

sequence length to 100bp for the purpose of compiling the representation into 10 x 10 matrix. 
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We arrange the sequence of normalized nucleotides as such to allow the kernel filter to convolve 

and leaves some gaps during convolution. Figure 4.2 depicts the gapped motif feature 

representation convolved by kernel size of 3. The kernel size 3 is chosen because the recognition 

site is separated by 0-21 bp in the genome of many organisms, thus, kernel size 3 × 3 convolves 

10 × 10 matrix representation leaves a reasonable number of gaps in between them. 

 
Figure 4.1: The computation of probabilistic weight values. 

 

 
Figure 4.2: GMFR convolved by 3 × 3 kernel size motif detector. 
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4.2.2 CNN Architecture 

 The CNN architecture resides within GMFR-CNN is described as follows. The input to 

the neural network is where GMFR acts as a two-dimensional DNA “image” that is ready to be 

convolved by CNN which comprised of six layers including an input layer, two convolution 

layers, two subsampling layers, and an output layer. In the first layer, the GMFR which is in 10 

× 10 matrices is ready to be convolved in the next layer by convolution and thus produce 8 × 8 

× 6 matrices where 6 is known as the number of output maps or neurons. This is generated by 

the kernel size of 3 to obtain different possible features and the resolution of the features are 

reduced to the scale of 2 in the following subsampling layer. In the third layer, a matrix 

representation of size 6 × 6 × 6 is generated. Next, 12 feature maps were used in the second 

convolution layer and the rest of the parameters remained. Thus, a 4 × 4 × 12 matrices were 

produced by this layer where the number of output maps is 12. After that, a subsampling layer 

took place in the next layer to compel the matrices to become 2 × 2 × 12 matrices. Then, the 

resulting output maps are unwound into final feature vector containing 48 values (2 × 2 × 12 = 

48). The sigmoid nonlinearity function was implemented in the last layer of the neural network 

as a simple classifier to perform classification task where value 1 is enhancer and value 0 is 

non-enhancer. In order to avoid vanishing gradient problem which occurred in earlier deep 

learning studies, rectifier unit (ReLu) was applied in GMFR-CNN. This unit is defined as 

𝑓(𝑥) = max (0, 𝑥).  
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Figure 4.3: An architecture of GMFR-CNN. 

 

 During the development of the neural network for GMFR-CNN, different parameters 

were tested to obtain the most optimal area under a receiver operating characteristic (ROC) or 

also known as AUC where we found that learning rate of 0.8, 200 iterations, batch-size of 20, 

and 6, 12 of output maps in first and second convolution layer are most suitable. AUC is 

commonly used as a performance measure for machine learning algorithms (Bradley, 1997; 

Jiao & Du, 2016) and the detail of AUC is described in the next section. For configuring GMFR-

CNN using ELK1 as an example, Table 4.1 shows the comparison in terms of AUC between 

different parameters. For the 250 iterations and 8, 16 output maps, it can be clearly seen that 

the AUC values obtained are 0.15 - 0.16% higher than AUC value of 0.9919 by using the default 

parameters in GMFR-CNN (0.8 in learning rate, 200 iterations and 6, 12 in output maps). 

However, if this parameter applied to CTCF, the cost of time being used will be more than 9 

hours because the current default parameters used for CTCF is nearly 9 hours. This applies to 

small batch-size as well. 
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Table 4.1: Comparison in terms of AUC between different parameters for configuring 

GMFR-CNN using ELK1 as an example. 

 Learning rate  

(0.1, 0.5, 1) 

No. of iterations 

(100, 150, 250) 

No. of output maps 

(2, 4; 4, 8; 8, 16) 

Batch-size 

(10, 40, 80) 

A
U

C
 

0.9749 

 

0.9866 0.9904 0.9947 

0.9891 0.9895 0.9918 0.9875 

0.9828 0.9935 0.9934 0.9848 

 

4.3 Performance Evaluation Metrics 

 We have assessed the performance of learned models using precision, recall, f-measure, 

accuracy, and AUC. Both precision and recall are defined as 𝑝 =  
𝑇𝑃

𝑇𝑃+𝐹𝑃
 and 𝑟 =  

𝑇𝑃

𝑇𝑃+𝐹𝑁
 

respectively, where TP, FP, and FN are a count of true positives, false positives, and false 

negatives. The precision and recall are working in different direction. For example, high 

precision doesn’t resembles high recall and it can results in low recall value. Due to the different 

direction of both performance metrics, it is encouraged to implement f-measure as the weighted 

harmonic mean for both metrics. F-measure can be described as 𝑓 =  
2𝑝𝑟

𝑝+𝑟
, where p and r are 

precision and recall (Manning, Raghavan, & Schütze, 2008; Powers, 2011). Higher f-measure 

value represents high precision and recall as well. As for accuracy, it demonstrates the 

proportion of true results, either true positive or true negative in a total positives and negatives 

control (Swets, 1988). It measures the degree of veracity of the five-fold cross validation 

experiments. Lastly, the AUC value is computed based on this formula, 𝐴̂ =  
𝑆0− 𝑛0(𝑛0+1)/2

𝑛0𝑛1
, 

where 𝑛0 and 𝑛1 are the numbers of positive and negative testing set respectively, and 𝑆0 =

 ∑ 𝑟𝑖, where 𝑟𝑖 is the rank of 𝑖𝑡ℎ positive testing set in the ranked list (Ling, Huang, & Zhang, 

2003). 
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4.3.1 Datasets 

 Ten ChIP-seq datasets were downloaded from ENCODE (Landt et al., 2012). The 

number of sequences is in between 5,084 to 60,504 sequences and 26,052 in average. The list 

of transcription factor enhancer bound regions and their DeepBind model identity is stated in 

Table 4.2. The number of sequences contained in each dataset is described as follows.  

Table 4.2: Ten ChIP-seq datasets, their DeepBind model ID, and the number of sequences. 

TF Model ID for 

DeepBind 

No. of Seq 

CEBPB 

TFAP2A 

YY1 

CTCF 

EP300 

TBP 

HNF4A 

CEBPD 

ELK1 

FOXA2 

D00317.009 

D00681.004 

D00710.007 

D00753.001 

D00755.005 

D00817.001 

D00446.009 

D00318.004 

D00360.007 

D00762.001 

60504 

18470 

17828 

45103 

27413 

14393 

20305 

10933 

5084 

40489 

 

4.3.2 Experiment Setup 

 In this study, we compared our model GMFR-CNN with LS-GKM and DeepBind 

models in terms of their predictive power using the ten ChIP-seq datasets. LS-GKM implements 

support vector machines technique and DeepBind employs convolutional networks, both are 

two well-known algorithms for classification tasks. We employed five-fold cross-validation 

experiment to assess GMFR-CNN’s performance. The 500 positives are randomly selected as 

the testing set without overlapping with one another and an equal amount of negatives are 

generated by randomly shuffled dinucleotides of the 500 positives. We referred to DeepBind’s 

literature on preparing the negative controls. The remaining of the datasets served as the training 

set. These steps are repeated for five times for fivefold cross-validation later on. In each fold, 

the learned model is used to predict on the testing set. All the experiments including 
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comparative tools were carried out using a computer with Intel Core i5, 1.7GHz CPU, and 16 

GB memory, and the algorithm was employed in DeepLearn Toolbox Matlab and pre-processed 

using Python. Appendix 3, 4, and 5 showed the source code that played a crucial part of GMFR-

CNN. 

 DeepBind was downloaded from this link http://tools.genes.toronto.edu/deepbind/ and 

it is a command-line executable that can be used to score DNA or RNA sequences according 

to any RBP or TF model listed in the web repository. For each input sequence, the DeepBind 

executable scores each subsequence of a pre-determined length and returns only the maximum 

or the average over these scores. Larger scores indicated stronger binding. The scores 

themselves are on an arbitrary scale and vary from model to model due to variation in the quality 

of training data for different proteins. There are two things are needed to generate predictions 

with DeepBind: (1) a list of model IDs and (2) a list of DNA or RNA sequences. The model ID 

is stated in the file ‘example.ids’ and the list of sequences that are ready for prediction is saved 

into the file ‘example.seq’.  

 LS-GKM was downloaded from this link https://github.com/Dongwon-Lee/lsgkm/ and 

it is also a command-line executable that is used for predicting regulatory DNA elements. 

Unlike DeepBind, LS-GKM allows users to train their own models and two executables are 

provided for training and prediction namely ‘gkmtrain’ and ‘gkmpredict’. ‘gkmtrain’ takes in 

positive controls and negative controls for training and generate a prefix of output which will 

then be used for scoring of any DNA sequences. Then, ‘gkmpredict’ takes in the prefix of output 

and testing set to generate output scores for each of the testing sequences. Table 5.3 shows the 

parameters used in GMFR-CNN, DeepBind, and LS-GKM. We use default parameters as 

mentioned by the authors that the parameters set are meant to achieve optimality in the 

http://tools.genes.toronto.edu/deepbind/
https://github.com/Dongwon-Lee/lsgkm/
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discovery of regulatory elements. Batch-size of 20 is sufficiently used to train the model in this 

study. If larger batch-size is used, overfitting could have happened to the model. 

Table 4.3: Parameters used by GMFR-CNN, DeepBind, and LS-GKM. 

Tools Parameters 

GMFR-CNN Motif length = 23; learning rate = 0.8; number of iterations = 200; 

output maps = 6, 12; batch-size = 20 

DeepBind Motif length = 24; learning rate ranges between 0.0005 and 0.05; 

dropout expectation = 0.5, batch-size = 64, minimum iterations = 

4000 and maximum 20, 000. 

LS-GKM Motif length = 11; batch-size = 5,000 

 

4.3.3 Results and Comparisons 

 In brief, we have reported the performance of GMFR-CNN, LS-GKM, and DeepBind 

learner models. GMFR-CNN has accomplished higher predictive power with respect to LS-

GKM and DeepBind for the ten datasets used. Overall, our model has obtained 11% and 14% 

higher in f-measure values as compared to LS-GKM and DeepBind. The average f-measure 

values of LS-GKM, DeepBind, and GMFR-CNN are 87% (±1.0), 84% (±1.0), and 98% (±0.4). 

Besides, GMFR-CNN also exceeds both learner models by 13% and 12% in terms of their 

average accuracy. While the average accuracy rates of LS-GKM, DeepBind, and GMFR-CNN 

are 85% (±1.0), 86% (±1.0), and 98% (±0.4). Last but not least, GMFR-CNN has obtained an 

average AUC value of 0.9979 while LS-GKM and DeepBind both have obtained 0.9683 and 

0.9385. From the experiments, we realized that using genomic sequence feature alone is capable 

of identifying enhancers from non-enhancer regions with high f-measure and accuracy. Our 

model also has been proven that it is not affected by overfitting during fivefold cross-validation 

experiments.  
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Overall, as shown in Table 5.4, 5.5, 5.6, and 5.7 which report the mean ± SD of precision, 

recall, f-measure, and accuracy, our model, GMFR-CNN has shown significant improvement 

over the performance metrics used. As we can observe from the three models, except for recall 

metric, LS-GKM has performed the worst in all evaluation metrics. It is to our concern that 

GMFR-CNN has performed consistently and remains to be 0.96 and above for all the evaluation 

metrics shown. This also convinces that GMFR-CNN has a key advantage over a variety of TFs 

used for training and testing purposes.  

 Table 4.4 shows the mean ± SD of precision rates for LS-GKM, DeepBind, and GMFR-

CNN together with their average mean ± SD of precision rates for all the ten datasets used. It 

can be observed that LS-GKM has scored the lowest precision rates as compared to both 

DeepBind and GMFR-CNN with average 80%. Other than that, TBP dataset has scored the 

lowest precision rates for both LS-GKM and DeepBind while FOXA2 has scored the lowest 

precision rate for GMFR-CNN. DeepBind and GMFR-CNN have consistently scored over 90% 

for the precision evaluation metric except for TBP which scored only 89%. 

Table 4.4: Average precision rates of LS-GKM, DeepBind, and GMFR-CNN. 

TF LS-GKM DeepBind GMFR-CNN 

CEBPB 

CEBPD 

CTCF 

ELK1 

EP300 

FOXA2 

HNF4A 

TBP 

TFAP2A 

YY1 

0.84 ± 0.01 

0.77 ± 0.01 

0.81 ± 0.01 

0.84 ± 0.01 

0.79 ± 0.01 

0.84 ± 0.01 

0.81 ± 0.01 

0.7 ± 0.01 

0.76 ± 0.01 

0.87 ± 0.01 

0.94 ± 0.008 

0.94 ± 0.008 

0.95 ± 0.007 

0.91 ± 0.009 

0.92 ± 0.009 

0.94 ± 0.008 

0.93 ± 0.008 

0.89 ± 0.01 

0.96 ± 0.006 

0.93 ± 0.008 

0.99 ± 0.002 

0.99 ± 0.002 

0.99 ± 0.003 

0.98 ± 0.005 

0.99 ± 0.002 

0.96 ± 0.006 

0.98 ± 0.004 

0.97 ± 0.005 

0.98 ± 0.005 

0.99 ± 0.003 

Average 0.8 ± 0.01 0.93 ± 0.008 0.98 ± 0.004 
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 Next, Table 4.5 shows the mean ± SD of recall rates for LS-GKM, DeepBind, and 

GMFR-CNN together with their average mean ± SD of recall rates for all the ten datasets. In 

this table, it can be clearly seen that DeepBind has scored the lowest average recall rate as 

compared to LS-GKM and GMFR-CNN which is only 81%. It could be affected by TBP dataset 

where the recall rate is only 27%. On the other hand, LS-GKM has shown better performance 

for both FOXA2 and HNF4A in recall evaluation metric and acquired similar performance for 

CTCF, HNF4A, and TFAP2A. Meanwhile, DeepBind performed inconsistently for EP300 and 

TBP in recall metric. The length of both TFs could possibly contribute to the poor performance 

(Ahn et al., 2012). 

Table 4.5: Average recall rates of LS-GKM, DeepBind, and GMFR-CNN. 

TF LS-GKM DeepBind GMFR-CNN 

CEBPB 

CEBPD 

CTCF 

ELK1 

EP300 

FOXA2 

HNF4A 

TBP 

TFAP2A 

YY1 

0.94 ± 0.007 

0.9 ± 0.009 

0.99 ± 0.004 

0.94 ± 0.007 

0.96 ± 0.006  

0.99 ± 0.002 

0.98 ± 0.004 

0.71 ± 0.01 

0.97 ± 0.005 

0.96 ± 0.006 

0.97 ± 0.005 

0.97 ± 0.005 

0.92 ± 0.009 

0.9 ± 0.009 

0.49 ± 0.02 

0.93 ± 0.008 

0.9 ± 0.01 

0.27 ± 0.01 

0.79 ± 0.01 

0.96 ± 0.006 

0.99 ± 0.005 

0.99 ± 0.003 

0.99 ± 0.003 

0.97 ± 0.005 

0.99 ± 0.002 

0.97± 0.006 

0.98 ± 0.004 

0.97 ± 0.006 

0.97 ± 0.005 

0.99 ± 0.003 

Average 0.93 ± 0.006 0.81 ± 0.009 0.98 ± 0.004 

 

 

 In Table 4.6, the highest average mean ± SD of f-measure rate is scored by GMFR-CNN 

then followed by LS-GKM and DeepBind. This table has clearly shown that TBP has scored 

the lowest f-measure value for both LS-GKM and DeepBind with 70% and 41%. While for 

GMFR-CNN, FOXA2 has scored the lowest f-measure value among the datasets which is 96%. 

In this table, it can be seen that GMFR-CNN has scored 11% and 14% higher in f-measure 

value as compared to LS-GKM and DeepBind. 
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Table 4.6: Average f-measure rates of LS-GKM, DeepBind, and GMFR-CNN. 

TF LS-GKM DeepBind GMFR-CNN 

CEBPB 

CEBPD 

CTCF 

ELK1 

EP300 

FOXA2 

HNF4A 

TBP 

TFAP2A 

YY1 

0.91 ± 0.009 

0.83 ± 0.01 

0.89 ± 0.01 

0.89 ± 0.01 

0.87 ± 0.01 

0.91 ± 0.009 

0.89 ± 0.01 

0.7 ± 0.01 

0.85 ± 0.01 

0.91 ± 0.009 

0.95 ± 0.006 

0.95 ± 0.006 

0.93 ± 0.008 

0.9 ± 0.009 

0.64 ± 0.02 

0.93 ± 0.008 

0.91 ± 0.009 

0.41 ± 0.02 

0.86 ± 0.01 

0.94 ± 0.007 

0.99 ± 0.002 

0.99 ± 0.002 

0.99 ± 0.003 

0.97 ± 0.005 

0.99 ± 0.002 

0.96 ± 0.006  

0.98 ± 0.004 

0.97 ± 0.006 

0.97 ± 0.005 

0.99 ± 0.003 

Average 0.87 ± 0.01 0.84 ± 0.01 0.98 ± 0.004 

 

Moreover, the average mean ± SD of accuracy for each of the datasets performed by 

LS-GKM, DeepBind, and GMFR-CNN is depicted in Table 4.7. GMFR-CNN has scored the 

highest average accuracy value and it is followed by DeepBind and LS-GKM. The average 

accuracy scored by LS-GKM and DeepBind is rather near. The lowest accuracy obtained for 

both LS-GKM and DeepBind is TBP which is 70% and 62% and FOXA2 has obtained 96% in 

accuracy for GMFR-CNN.  

Table 4.7: Average accuracy of LS-GKM, DeepBind, and GMFR-CNN. 

TF LS-GKM DeepBind GMFR-CNN 

CEBPB 

CEBPD 

CTCF 

ELK1 

EP300 

FOXA2 

HNF4A 

TBP 

TFAP2A 

YY1 

0.9 ± 0.01 

0.81 ± 0.01 

0.88 ± 0.01 

0.88 ± 0.01 

0.85 ± 0.01 

0.9 ± 0.009 

0.88 ± 0.01 

0.7 ± 0.01 

0.83 ± 0.01 

0.91 ± 0.009 

0.95 ± 0.007 

0.82 ± 0.01 

0.94 ± 0.008 

0.9 ± 0.009 

0.72 ± 0.01 

0.93 ± 0.008 

0.92 ± 0.009 

0.62 ± 0.02 

0.88 ± 0.01 

0.94 ± 0.007 

0.99 ± 0.002 

0.99 ± 0.003 

0.99 ± 0.003 

0.97 ± 0.005 

0.99 ± 0.002 

0.96 ± 0.006 

0.98 ± 0.004 

0.97 ± 0.006 

0.97 ± 0.005 

0.99 ± 0.003 

Average 0.85 ± 0.01 0.86 ± 0.01 0.98 ± 0.004 
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 According to the AUC table below, we can observe that TBP has scored the lowest AUC 

for LS-GKM and DeepBind while ELK1 has scored the lowest AUC for GMFR-CNN. The 

highest AUC scored by CEBPB in both LS-GKM and DeepBind while CEBPD and CTCF in 

GMFR-CNN. From Table 4.8, we can see that the average AUC of GMFR-CNN is 5.9% higher 

than DeepBind and 3% higher than LS-GKM. Also, the results have shown a significant 

difference on the AUC values generated by the 3 tools which depicted in Table 4.9 where the 

p-value is 0.04.  

Table 4.8: Average AUC for LS-GKM, DeepBind, and GMFR-CNN. 

TF LS-GKM DeepBind GMFR-CNN 

CEBPB 

CEBPD 

CTCF 

ELK1 

EP300 

FOXA2 

HNF4A 

TBP 

TFAP2A 

YY1 

0.9969 

0.9162 

0.9928 

0.958 

0.9884 

0.9954 

0.9959 

0.8678 

0.987 

0.9847 

0.9862 

0.9081 

0.9831 

0.9537 

0.9037 

0.9791 

0.9759 

0.745 

0.9658 

0.9842 

0.9998 

0.9999 

0.9999 

0.9919 

0.9996 

0.9969 

0.9983 

0.9973 

0.9975 

0.9981 

Average 0.9683 0.9385 0.9979 

 

Table 4.9: One way ANOVA test of LS-GKM, DeepBind, and GMFR-CNN. 

Source of Variation SS df MS F P-value F crit 

Between Groups 

Within Groups 

0.017666 

0.066864 

2 

27 

0.008833 

0.002476 

3.566745 

 

0.042215 

 

3.354131 

 

Total 0.084529 29     
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Figure 4.4: Summary graph for the ten datasets using LS-GKM, DeepBind, and GMFR-

CNN. 

 

The results for binary decision problems in machine learning are commonly represented 

by ROC curves. The classifier labels used in our study are either 1 or 0. The value 1 defines 

enhancer and the value 0 defines non-enhancer. A confusion matrix or contingency table is used 

to represent the decision made by the classifier. The confusion matrix has four categories: TP, 

FP, TN, and FN. Later on, the confusion matrix can be used to construct a point in ROC space. 

One plots the False Positive Rate (FPR) on the x-axis and the True Positive Rate (TPR) on the 

y-axis in the ROC space. The FPR used in our study measures the fraction of non-enhancer that 

are misclassified as an enhancer and the TPR measures the fraction of enhancer that is correctly 

labelled (Davis & Goadrich, 2006). Figure 4.5 until Figure 4.14 depicts the comparison of 

GMFR-CNN, LS-GKM, and DeepBind using receiver operating characteristic (ROC) for the 

ten ChIP-seq datasets. The red line is used to represent GMFR-CNN, blue line for LS-GKM, 

and green line for DeepBind. 



115 

 

 
Figure 4.5: Comparison of GMFR-CNN, LS-GKM, and DeepBind using receiver operating 

characteristic (ROC) for CEBPB. 

 

 
Figure 4.6: Comparison of GMFR-CNN, LS-GKM, and DeepBind using receiver operating 

characteristic (ROC) for CEBPD. 
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Figure 4.7: Comparison of GMFR-CNN, LS-GKM, and DeepBind using receiver operating 

characteristic (ROC) for CTCF. 

 

 
Figure 4.8: Comparison of GMFR-CNN, LS-GKM, and DeepBind using receiver operating 

characteristic (ROC) for ELK1. 



117 

 

 
Figure 4.9: Comparison of GMFR-CNN, LS-GKM, and DeepBind using receiver operating 

characteristic (ROC) for EP300. 

 

 
Figure 4.10: Comparison of GMFR-CNN, LS-GKM, and DeepBind using receiver operating 

characteristic (ROC) for FOXA2. 
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Figure 4.11: Comparison of GMFR-CNN, LS-GKM, and DeepBind using receiver operating 

characteristic (ROC) for HNF4A. 

 

 
Figure 4.12: Comparison of GMFR-CNN, LS-GKM, and DeepBind using receiver operating 

characteristic (ROC) for TBP. 
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Figure 4.13: Comparison of GMFR-CNN, LS-GKM, and DeepBind using receiver operating 

characteristic (ROC) for TFAP2A. 

 

 
Figure 4.14: Comparison of GMFR-CNN, LS-GKM, and DeepBind using receiver operating 

characteristic (ROC) for YY1. 
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4.4 Discussion 

 Based on our findings from this study, the implementation of gapped motif approach in 

deep learning technique has proven to be beneficial to the task of enhancer prediction. Detailed 

comparisons of our proposed method with DeepBind and LS-GKM showed that our GMFR-

CNN outperformed these two existing methods in terms of classification accuracy on the ten 

ChIP-seq datasets from DeepBind’s literature. We also introduced a novel method of 

representing the DNA sequence as an “image” where the gaps of the motif can be included 

during the convolution of CNN. In this way, the location of the motif has become less important 

where the motif feature is already attained by the neural network in deeper layers. The inclusion 

of gaps in the motif prediction task is crucial for longer transcription factor binding sites such 

as CTCF and thus cannot be completely represented by the short k-mers. This is because longer 

k-mers generate extremely sparse feature vectors where most of the k-mers do not appear in a 

training sequence and thus receive zero counts or appear only once. This will cause a severe 

overfitting problem even at a moderate size of k. GMFR-CNN is capable of overcoming this 

problem for long k-mers and hence significantly improves the classification accuracy, 

especially for long TFBSs.  

 Despite all the strengths possessed by GMFR-CNN, there are some limitations of this 

method which are worth noticing include (1) the inclusion of gaps is only applied internally, 

and (2) insertions and deletions within motifs are not allowed. Therefore, it is possible that 

those motifs with gaps which appear at the end on either one or both side of the motifs might 

be ignored. In addition to that, some sequence motifs that exhibit insertion and deletion might 

be ignored as well. A neural network that is able to identify inserted and deleted gapped motifs 

could improve the classification accuracy. 
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4.5 Conclusion 

In this study, we have successfully built a model called GMFR-CNN which is an 

integration of a gapped motif feature representation (GMFR) and deep convolutional neural 

networks (CNNs) that acknowledge the significance of gapped features in enhancer prediction. 

This study also shows that the use of genomic sequence property is adequate for the purpose of 

our experiments. Fivefold cross-validation technique was implemented to assess our model 

using ten ChIP-seq datasets from DeepBind’s literature. Our model has shown excellent results 

which outperformed competitor tools such as LS-GKM and DeepBind for the task of enhancer 

identification. It is worth noticing that GMFR-CNN has accomplished near optimal f-measure 

and accuracy. We strongly believe that our model can be enhanced by garnering insights from 

academia and industry since deep learning has been an active research area that is heavily 

invested in academia and industry. 
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CHAPTER 5 

GENES AND ENHANCER REGIONS ANNOTATION PROTOCOL FOR 

PROBOSCIS MONKEY GENOME 

 

5.1 Introduction 

 In this study, we use GMFR-CNN to predict enhancer locations in the proboscis monkey 

(Nasalis larvatus) genome where the genome has been completely sequenced. A gene 

annotation pipeline called MAKER was used to perform the initial annotation of the genes. By 

using six eukaryotic model species, this pipeline has been successfully predicted 3,084 genes 

from chromosome 18 of the genome. A comparison between five tools include DeepBind 

(Alipanahi, Delong, Weirauch, & Frey, 2015), LS-GKM (Lee, 2016), GMFR-CNN (Wong, Lee, 

& Omar, 2016), CSI-ANN (Firpi, Ucar, & Tan, 2010), and iEnhancer-2L (Liu, Fang, Long, 

Lan, & Chou, 2016) on the enhancer prediction in the intergenic regions is described in 

discussions section later in this chapter. Enhancers are potentially resided within intergenic 

regions due to the epigenetic features possessed by these regions. GMFR-CNN has shown the 

highest coverage percentage as compared to the other four tools which is 79.04%. This value is 

generated by the coverage formula where the sum of a fraction of bases in each tool that had 

occurred in the other four tools.  

 The remaining chapter is structured as follows: the background is presented in Section 

5.2 and followed by methods in Section 5.3 which include annotation using MAKER and 

intergenic regions for enhancer prediction. Next, analysis of coverage is shown in Section 5.4 

and discussion is presented in Section 5.5. Lastly, we conclude this chapter in Section 5.6. 

 



123 

 

5.2 Background 

Proboscis monkey or scientifically named as nasalis larvatus is endemic to the Borneo 

island (Meijaard & Nijman, 2000). This species has been viewed as the most primitive colobine 

and a long isolated genus of the group (Giusto & Margulis, 1981; Peng, Pan, & Jablonski, 1993) 

due to the exceptional diploid number, 2𝑛 = 48  (Chiarelli, 1966; Soma, Benirschke, & 

Robinson, 1974; Stanyon, Camperio-Ciani, Sineo, & Morescalchi, 1992) which has played an 

important role in phylogenies. Substitutional polarity can be reliably determined by a primate 

that is close enough to humans and chimpanzees, however, for the purpose of defining the 

regions of functional sequence conservation, some evolutionary distance is also beneficial 

(Varki & Altheide, 2005). Old World monkeys and humans share a common ancestor. 

Therefore, the identification of the many evolutionarily, physiologically, and biomedically 

pivotal differences that distributed throughout these genomes is challenging. The identification 

involved is required to take into account the emerging knowledge about the corresponding 

“phenomes” and the respective environmental influences. Potential targets of opportunity can 

be simultaneously identified by the analysis of genome-wide which could help in the 

elimination of the most genomic sequence differences from consideration. Besides, genomic 

analysis can be used as fundamentals by candidate gene approaches on genes that may 

contribute to known differences in phenotypes or disease incidence or severity, or on mutations 

in the human population which impact unique aspects of the human condition (Varki & Altheide, 

2005). The genome sequencing, assembly, and annotation of proboscis monkey genome enable 

the exploration of primate evolution and genetic contributions to human physiology and disease.  

A brief description of the genome sequencing and assembly of proboscis monkey 

genome is described as follows while the annotation of proboscis monkey genome will be 

described in the next section. Genome sequencing is a procedure held to obtain a genome draft 
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that would represent the complete nucleotide base sequence or the order of nucleotides for all 

chromosomes in the species of interest (Ekblom & Wolf, 2014). Genome assembly is the 

process where the short sequence fragments or also known as reads are reconstructed to form 

the complete sequence of the original sequence (Ekblom & Wolf, 2014). This process is crucial 

because current genome sequencing technology cannot read genomes as a whole.  

The proboscis monkey genome used in this study was sequenced by Malaysian 

Genomics Resource Centre Berhad (MGRC) in 2012. First, a shotgun sequencing strategy was 

used to perform genome sequencing and the genomic DNA is sheared into small random 

fragments (Batzoglou et al., 2002). These fragments are sequenced independently to a given 

length depends on the technology used. Then, the resulting sequence reads are joined back 

together into a longer continuous sequence or also known as contigs by a procedure called de 

novo assembly. During the assembly process, a high sequencing coverage is required because 

it indicates that the sequence reads at each position in the genome is sufficiently overlapped. 

As for longer fragments, those with several hundred base pairs, are sequenced from both ends 

to provide additional information on correct read placement in the assembly. This process is 

called paired-end sequencing. Next, contigs are joined back together to form longer stretches 

of the sequence which also known as scaffolds after the initial assembly. In order to accomplish 

this task, the libraries from long DNA fragments which span several kilobases (kb) of sequence 

in the genome are prepared and their endpoints are sequenced. These libraries are called paired-

end, mate-pair, or jump libraries depending on the technology and the specifics of the library 

preparation. The several independent fragments are joined in a scaffold if their endpoint 

sequences come to lie on two different contigs. The information on the physical distance 

between the two contigs is provided by the expected fragment length of the library and the 

generated gap is filled with the uninformative base-pair character ‘N’. In order to fill in the 
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missing base-pair information, subsequent gap closing methods can be implemented, ideally 

using long reads that read across repetitive sequences (Ekblom & Wolf, 2014). For more details 

on the field guide to whole-genome sequencing, assembly, and annotation, readers can refer to 

the work by Ekblom and Wolf (2014). Figure 5.1 described the genome sequencing and 

assembly pipeline of the proboscis monkey genome together with the results obtained by 

MGRC. 

 
Figure 5.1: Genome sequencing and assembly pipeline of the proboscis monkey genome. 
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5.3 Methods 

 
Figure 5.2: Enhancer annotation pipeline. 

 

 In brief, the enhancer annotation for Chromosome 18 in proboscis monkey consists of 

several steps as shown in Figure 5.2. We obtained chromosome 18 of proboscis monkey from 

NCBI GenBank under accession number GCA_000772465.1. The annotation pipeline used is 

MAKER to perform the genome annotation. The annotated protein and transcript sequences as 

reference data are collected from six different species which are gorilla gorilla (western gorilla) 

(Scally et al., 2012), macaca mulatta (rhesus monkey) (Zimin et al., 2014), mus musculus 

(house mouse) (Church et al., 2011), pan troglodytes (chimpanzee) (Sequencing & Consortium., 

2005), homo sapiens (human) (Lander et al., 2001), and pongo abelii (Sumatran orangutan) 

(Locke et al., 2011) (ftp://ftp.ncbi.nlm.nih.gov/genomes/). Other than that, three gene 

ftp://ftp.ncbi.nlm.nih.gov/genomes/
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prediction programs: SNAP, Augustus, and GeneMark were used. There are 3084 genes have 

been identified in Chromosome 18 of the proboscis monkey. The repetitive elements are 

masked from the Chromosome 18 during the annotation process, then followed by the gene 

prediction and the evidence protein and EST sequences from six species were aligned using 

BLAST. The ab initio gene models predicted by SNAP, Augustus, and GeneMark together with 

the aligned evidence through MAKER pipeline are further refined.  

Next, the intergenic regions, which possibly contain enhancers are identified by the 

following extraction process. GFF-Ex (Gupta, 2011) was used to process the gff file generated 

from MAKER for the purpose of the intergenic region extraction. GFF-Ex is capable of 

extracting sequences based on numerous region boundaries such as exons and introns regions, 

gene regions, upstream regions and also the intergenic regions. GFF-Ex has successfully 

extracted 1,783 intergenic regions, 19,782 exons, and 15,769 introns from chromosome 18 of 

the proboscis monkey. Refinement of the regions was done by eliminating intergenic regions 

with length not more than 500bp and only take into account those regions that located 500bp 

away from transcription start site (TSS) and transcription end site (TES). 

 There are five computational tools including DeepBind, LS-GKM, GMFR-CNN, CSI-

ANN, and iEnhancer-2L were used to predict enhancers in the intergenic regions. DeepBind, 

LS-GKM, and GMFR-CNN have been previously described in Chapter 4. CSI-ANN is a 

framework that comprised of a data transformation, a feature extraction, and time-delay neural 

network that is able to identify functional DNA elements by using chromatin signals (Firpi, 

Ucar, & Tan, 2010). Meanwhile, iEnhancer-2L is a support vector machine (SVM) predictor 

based on the feature in the pseudo k-tuple nucleotide composition (Liu, Fang, Long, Lan, & 

Chou, 2016). The transcription factor binding sequences of CTCF and sequences associated 

with co-factor EP300 were chosen for DeepBind, LS-GKM, and GMFR-CNN. Additional two 
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tools CSI-ANN and iEnhancer-2L which utilize histone datasets are introduced because not all 

enhancers are associated with CTCF and EP300. For CSI-ANN, H3K4me1 histone marks were 

used for enhancer prediction while for iEnhancer-2L, multiple histone marks including 

H3K4me1, H3K4me3, and H3K27ac were used for this purpose too.  

In total, there are 1,783 intergenic sequences were successfully extracted from 

chromosome 18. These sequences were obtained via the previous annotation process and will 

be treated as input to DeepBind, LS-GKM, GMFR-CNN, CSI-ANN, and iEnhancer-2L for 

enhancer prediction. Besides, there are two challenges on predicting enhancers using different 

prediction tools because each tool may require different input features and the parameters for 

each tool may vary from one another.  

 There are two sets of predicted enhancers generated by DeepBind, LS-GKM, and 

GMFR-CNN due to two transcription factors used. Therefore, the two sets of predicted 

enhancers from each tool are combined into a single file and this file will be merged using 

BEDTools merge utility (Quinlan & Hall, 2010). This utility enables features that are 

overlapped by at least 1bp or next to the other base pair to be merged together. An example 

shown by BEDTools merge is depicted in Figure 5.3 (a). These merged regions obtained by all 

five tools are regions where the enhancers for chromosome 18 are likely to be found. In addition 

to that, BEDTools intersect utility (Quinlan & Hall, 2010) was used to obtain the overlapped 

features in the two, three, four, or five tools. Any common features between two or more set of 

genomic features can be discovered by BEDTools intersect. Figure 5.3 (b) illustrates the 

example of intersection using BEDTools intersect. Finally, the overlapping features by the 

combination of five tools can be merged together using BEDTools merge. 
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Figure 5.3: BEDTools merge and intersect. (a) Merging two sequences that overlapped by at 

least 1 bp or next to the other. (b) The intersection of DeepBind to LS-GKM and GMFR-

CNN. 

 

5.3.1 Annotation using MAKER 

Elucidating the characteristics of the genome are known as annotation and through this 

method to further identify the genes reside in the genome. There are a few famous annotation 

databases such as Ensembl and RefSeq. The annotated data of proboscis monkey is not 

available in any of the databases so far. Thus, MAKER is considered in this case. Computational 

genome annotation of the genome acquires a reasonable amount of time to produce a high 

quality of annotation results, for example, MAKER is widely used to perform such task. In 

general, MAKER is a gene annotation pipeline that combines the results of multiple gene 

finding tools, along with EST and protein sequences, to yield a single consistent set of 

annotations that considers both predictions and evidence. MAKER consists of four steps: (a) 

repeat masking, (b) transcript and protein alignments, (c) initial ab initio gene prediction, and 

(d) refine ab initio gene prediction.  

RepeatMasker is run on input sequences in the first step of MAKER to recognize and 

mask repeated regions of the genome. A significant amount of the genome could be made up 

of these repetitive sequences. The presence of repetitive elements could lead to poor quality of 

genome annotation. Next, RNA and protein alignment help to indicate whether a region is 
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associated with a gene by identifying how active the region is being transcribed or homologous 

to a known protein. Three ab initio predictors (SNAP, Augustus, GeneMark) are used to 

optimize Hidden Markov Model (HMM) by modifying its HMM using the information 

obtained from MAKER to produce preliminary gene models. After that, this task can be refined 

by running ab initio programs using hints yielded by predictor and MAKER merges them with 

evidence to produce a complete set of annotation.  

 

5.3.2 Enhancer Prediction  

 The enhancer regions before prediction are obtained from intergenic regions with 

certain conditions as described in the following section. Chromosome 18 is chosen among the 

rest of the chromosomes for the purpose of this experiment because it is the most 

computationally feasible as in the size of the genomic data is manageable by the available 

sources. While the rest of the chromosomes will be put into consideration when the outcome 

has achieved positivity by wet-lab researchers. This specific region has to be determined based 

on previous literature to obtain high quality of distal enhancers. These enhancer regions will be 

further verified by selected enhancer prediction tools and then merge these regions together to 

yield enhancer segments.  

 

5.3.3 Intergenic Regions for Enhancer Identification 

 A single chromosome normally consists of genes, intergenic regions, and unknown 

regions that are usually represented by alphabet N (e.g. NNNN). In order to predict enhancers, 

intergenic regions are determined by obtaining the complement intervals of predicted gene 

regions. Intergenic regions are usually located at more than 10 kilo base pairs away from the 
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closest transcription start site (TSS) or transcription end site while the upstream regions are 

within 10 kilo base pairs upstream of TSSs (Chen, Morris, & Mitchell, 2012). The intergenic 

enhancers are at least 3 kilo base from TSS of a gene and are often outside gene bodies (Zhu et 

al., 2013). In addition, the enhancer regions in intergenic regions also have been decided where 

only enhancer of its closest gene that is 100 kilo base from the TSS is considered. Moreover, 

enhancers are summarized as the peaks of the H3K4me1-enriched regions which are usually 

situated at least 3 kilo base away from TSS (Zhu et al., 2013). However, some of the works 

only considered enhancers that were between 2 to 100 kilo base from a TSS which associated 

to their respected genes (González-Vallinas, Pagès, Singh, & Eyras, 2015). Other than that, in 

order to distinguish between putative enhancers and promoters, only DHSs that are located in 

intergenic regions which are downstream of transcription terminal site and more than 1.5 kilo 

base upstream of TSS are considered as putative enhancers. In short, putative enhancers are 

those DHSs with at least 1.5 kilo base away from TSSs (Zhu, Zhang, Zhang, Liu, & Jiang, 

2015). 

The regions summarized as shown in Figure 5.4, 5.5, and 5.6 are based on different 

kinds of literature which focus only the enhancer prediction regions in between 3 kilo base pairs 

and 100 kilo base pairs from the TSSs. This study only focuses on upstream enhancers.  

 
Figure 5.4: Both genes are in forward strand. 
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Figure 5.5: Both genes are in reverse strand. 

 

 
Figure 5.6: Both genes are in opposite directions where the gene on the left is in reverse 

strand and the gene on the right is in forward strand. 

 

 After determining the intergenic regions, five enhancer prediction tools were used to 

predict the enhancers. The five enhancer prediction tools are iEnhancer-2L, CSI-ANN, LS-

GKM, DeepBind, and GMFR-CNN. The enhancers predicted from the five tools are selected 

with at least overlapped by 3 tools.  
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5.4 Results  

Some tools may have fewer parameters that need to be tuned, but some may have 

numerous of it. The parameters used for each tool are summarized in Table 5.1. The number of 

predicted enhancers produced by each of the prediction tools is shown in Table 5.2. In Table 

5.3, the number of overlapped and merged region as performed by two, three, four, and five 

tools are conferred. 

Table 5.1: Parameters used by different prediction tools. 
Tools Parameters 

DeepBind We used trained model provided by DeepBind; Consists of input layer, 

convolutional layer, rectification layer, pooling layer, neural network prediction 

layer, and an output layer; Learning rate = 0.0005, 0.05; Learning momentum = 

0.95, 0.99; Number of iterations = 4,000-20,000 

LS-GKM We trained the model using CTCF and EP300 datasets; l = 14 (CTCF), 9 (EP300); 

k = 6 (CTCF), 6 (EP300) 

GMFR-CNN Consists of 6 layers (input layer, 2 convolutional layers, 2 subsampling layers, 

and an output layer); We trained the model using CTCF and EP300 datasets; 

Learning rate = 0.8; Number of iterations = 200 

CSI-ANN Time delay neural network (TDNN) classifier with a delay of 9, 2 hidden layer 

nodes and an output layer; We trained the model using Chromosome 18 

intergenic regions; w is trained using particle swarm optimization (PSO) 

iEnhancer-2L 2-layer predictor with 2,968 trained samples obtained from final benchmark 

datasets; k = 6 (1st and 2nd layers); w = 0.1 (1st layer), 0.4 (2nd layer); λ = 9 (1st and 

2nd layers) 

 

Table 5.2: The number of predicted enhancers obtained from five prediction tools. 

Tool Number of Predicted Enhancers 

DeepBind 31,805 

LS-GKM 65,349 

GMFR-CNN 73,133 

CSI-ANN 22,954 

iEnhancer-2L 14,700 
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Table 5.3: The number of overlapped and merged regions by a different number of enhancer 

prediction tools for Chromosome 18 of the proboscis monkey.  

No. of enhancer prediction tools No. of overlapped and merged regions 

2 165544 

3 500145 

4 496632 

5 3861 

 

 The predicted overlapped and merged regions by 3 tools have shown the highest number 

of enhancer regions while the second highest number of enhancer predicted regions can be seen 

in using 4 tools to produce overlapped and merged enhancer regions. This is followed by 2 

enhancer prediction tools and lastly 5 enhancer prediction tool which has the lowest number of 

regions produced. This is possibly due to the low coverage of certain tool that has caused the 

number of overlapped regions to drop.  

 

5.4.1 Analysis of Coverage 

 The analysis of coverage is carried out to compare between prediction tools on how 

wide a single prediction tool can cover the prediction regions as compared to the other four 

enhancer prediction tools. The software tool used to calculate the coverage value is called 

BEDTools (Quinlan & Hall, 2010) with the function named coverage. Coverage function is 

chosen because it can compute both the depth and breadth of coverage of features in file Y on 

the features in file X for example. The number of features that overlap an interval in file X is 

counted and the fraction of bases in the interval in X that was overlapped by one or more 

features is computed as well. In order to carry out the task, two BED (.bed) files are needed. A 

BED file is a tab-delimited text file that defines a feature track and for the computation of 
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coverage, BED file with only chromosome name, chromosome starting position, and 

chromosome ending position are needed which include the coordinates of a single comparison 

tool and the other four tools’ merged coordinates. The other four tools’ coordinates are merged 

because we want to inspect the coverage of single tool when compared to the other four tools. 

Figure 5.7 illustrates how the coverage percentage of a single tool DeepBind as compared to 

the other four tools is being calculated. Table 5.4 shows the coverage percentage accomplished 

by each of the prediction tools. Summation of coverage is the total value of coverage by each 

sequence returned by BEDTools coverage. The percentage of coverage is calculated as such 

where the total number of sequences is divided by the summation of coverage times 100.  

 
Figure 5.7: An example of the calculation of coverage percentage. 

 

Table 5.4: A comparison of coverage between CSI-ANN, DeepBind, LS-GKM, GMFR-

CNN, and iEnhancer-2L. 
Tool Summation of 

coverage 

Total number of 

enhancer features 

Percentage of Coverage (%) 

CSI-ANN 3582.89 22954 15.61 

DeepBind 12053.15 31805 37.90 

LS-GKM 15055.69 65349 23.04 

GMFR-CNN 57803.93 73133 79.04 

iEnhancer-2L 4218.95 14700 28.70 
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 From Table 5.4, it can be seen that GMFR-CNN has shown wider coverage as compared 

to CSI-ANN, DeepBind, LS-GKM, and iEnhancer-2L. This implies some of the enhancers that 

are predicted by other four tools also can be found in the prediction of GMFR-CNN. This has 

also proved that with genomic sequence features alone, GMFR-CNN is capable of predicting 

enhancer regions which cover 79.04% prediction by other four enhancer prediction tools. It is 

then followed by DeepBind which has covered 37.9% regions of the other four enhancer 

prediction tools. While iEnhancer-2L and LS-GKM both have obtained 28.7% and 23.04% in 

coverage. Lastly, CSI-ANN has only 15.61% in coverage as compared to the rest of the 

prediction tools.  

 

5.5 Discussion 

 Based on the analysis of coverage presented in the previous section, it can be observed 

that GMFR-CNN indeed has predicted more enhancer features as compared to DeepBind, LS-

GKM, CSI-ANN, and iEnhancer-2L. This is possibly due to the method implemented by 

GMFR-CNN where the gapped motif features are taken into account as part of enhancer 

prediction framework. Besides, the convolution and subsampling techniques employed in 

GMFR-CNN contributes to the location invariance of the enhancer features. From the result, 

DeepBind has scored the second highest coverage percentage in this study where it also 

implemented CNN in its framework, however, DeepBind did not utilize the benefit of gapped 

motif features. It is clearly shown that by using gapped motif features, the coverage percentage 

has been increased by half in GMFR-CNN. The third highest coverage percentage scored by 

iEnhancer-2L which consists of a two-layer predictor. This tool has benchmark data containing 

742 strong enhancers, 742 weak enhancers, and 1,484 non-enhancers. In the first predictor layer, 
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a DNA sequence will be identified as enhancer or non-enhancer and if the result is yes, then the 

second predictor layer will be decided on its strength. Only 78 enhancers are belonged to 

chromosome 18 out of the total of benchmark data which is 2968 and only 10 are strong 

enhancers. Therefore, it is possible why iEnhancer-2L did not score high in coverage as 

compared to the other tools. However, this can be improved when the number of strong 

enhancer in benchmark data has been increased. As for LS-GKM, which employed gapped 

motif features and support vector machine (SVM) has scored the second-lowest coverage 

percentage in this study. The SVM used is only comprised of two shallow layers and motif 

features that formed enhancer could hardly attain. Unlike GMFR-CNN and DeepBind, both 

tools have at least one hidden layer to construct higher order feature from lower level ones. 

Lastly, CSI-ANN has scored the lowest coverage percentage among all the tools involved. The 

Fisher discriminant analysis which a feature reduction technique used in CSI-ANN is sensitive 

to outlier features. Therefore, those features will affect the ecological efficacy of the analysis. 

The time-delay neural network used in CSI-ANN is consists of one input layer, one hidden 

layer, and one output layer. The drawback of this neural network is rather long, computationally 

intensive, learning phase. From the analysis of coverage, the number of enhancer features that 

predicted by CSI-ANN and found in other four tools is rather small. 

In this study, the predicted enhancers are not able to be verified as true positives by the 

wet-lab experimental procedure at the moment and the predicted enhancers produced by the 

five different tools are likely to be the real one. Therefore, there is some information such as 

the number of true positives, false positives, true negatives, and false negatives couldn’t be 

provided for further evaluation practices. Other than that, there are other epigenetic features 

such as DNase I hypersensitivity, TAL1, and GATA1 that have not been included in this study 

can also be considered in the near future to improve the enhancer prediction for other 
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chromosomes of the proboscis monkey. The annotation process carried out in this study is 

costly and time-consuming. A machine with higher computational power is highly 

recommended for the tasks being done in this study. 

   

5.6 Conclusion 

In conclusion, GMFR-CNN has achieved wide coverage enhancer prediction region as 

compared to CSI-ANN, iEnhancer-2L, DeepBind, and LS-GKM. While DeepBind has shown 

nearly half the coverage enhancer prediction region predicted by GMFR-CNN. Both GMFR-

CNN and DeepBind have accomplished higher coverage in enhancer prediction regions and the 

common practice that can be observed in both tools are deep learning technique. This also 

proves that deep learning technique can be used for new genomic data such as the proboscis 

monkey genome and performs prediction that is yet to be verified in wet-lab later on. Thus, in 

recent years, computational methods for predicting the enhancer regions have gained favour in 

the bioinformatics and biological sciences communities where the cost spent on wet-lab alone 

to perform gene annotation and enhancer verification can be greatly reduced.  
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CHAPTER 6 

CONCLUSION AND FUTURE WORKS 

 

6.1 Contributions of Thesis 

The contributions of the works from this thesis specifically on DeepFinder and GMFR-

CNN are described below: 

a) DeepFinder 

 The improved three-stage approach in DeepFinder which uses a partial set of DNA 

sequences is adequately used as input to four motif discovery tools (MEME, 

BioProspector, MDscan, and MotifSampler) for enhancer prediction. The putative motif 

profiles obtained can be used to scan the remaining sequences not use in the partial set 

for potential binding sites. Thus, prominent motifs can be built from any subset of the 

input sequences of a reasonable size.  

 In DeepFinder, a total of seventy-six features are employed which include A, C, G, and 

T occurrences, all possible 3-mer frequencies, selected 2-mer frequencies of CA, CG, 

GA, and GC as well as their respective probabilities of occurrence. These features play 

a crucial role in distinguishing between motifs and non-motifs. It is proven that the 

dependency features of TFBSs are included by these seventy-six features because no 

matter how many layers of the neural network used and if the representation of the input 

is not meaningful, the learning of the neural network will not yield a positive outcome. 

 A method called similarity measure was employed together with k-medoid clustering 

technique to obtain the highest quality cluster which will be treated as input to deep 

learning model later on. The similarity measure examines how similar are the clusters 
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in the putative binding sites. These putative binding sites are returned by the four de 

novo motif discovery tools. The scores obtained are populated to a distant matrix where 

k-medoid clustering technique will select the highly similar putative binding sites and 

group them into the same cluster. The implementation of k-medoid clustering technique 

in DeepFinder allows high-quality input set to be selected. This method is robust to 

noise and outlier effects. 

 The implementation of deep learning method called stacked autoencoder (SAE), as well 

as integrated feature-based approach have contributed to the major success in the 

improvement of the three-stage method. Previous studies by Wang and Lee (2009) have 

shown that three-stage method is potential in producing an excessively high number of 

false positives. The high number of false positive also caused by the inability of current 

motif model to represent the specificity of the binding sites. DeepFinder has indeed 

improved this condition by reducing the number of false positives significantly and 

consistently performed well for the ten datasets used.  

 

b) GMFR-CNN 

 A novel sequence encoding method called gapped motif feature representation (GMFR) 

was developed so that the strength of gapped motifs as an input feature for the learning 

of neural network can be fully utilized. This advantage allows the detection of binding 

sites that are longer than 6 to 8 bp, thus, overfitting can be avoided. Besides, motifs that 

are not identified in the continuous sequence motif approach can be discovered by 

GMFR during the learning of the neural network.  

 A carefully designed of the convolutional neural network (CNN) which takes GMFR as 

a two-dimensional DNA “image” was developed in this study. The neural network 
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consists of an input layer, two convolution layers, two subsampling layers, and an output 

layer and consistently performed for the ten ChIP-seq datasets used with average 98% 

in accuracy. 

 The use of GMFR-CNN in predicting enhancers for proboscis monkey genome also has 

shown high coverage percentage as compared to the other enhancer prediction tools 

such as DeepBind, LS-GKM, CSI-ANN, and iEnhancer-2L. It also means that GMFR-

CNN is capable of predicting enhancers in the proboscis monkey genome where some 

of these enhancers are predicted by other prediction tools as well.  

 

6.2 Summary  

 A partial dataset is sufficiently used to build seed motifs that are able to scan for 

potential enhancers in the remaining dataset. These partial set of data will be treated as 

input to de novo motif discovery tools and the outcome from these motif discovery tools 

is a list of putative binding sites. According to the assumption made by heuristic three-

stage method, binding sites that bound by transcription factor have limited variations. 

Therefore, the key protein-DNA codes should be sufficiently recognized by a partial set 

of DNA sequences. This theory is supported by Zia and Moses (2012) where a sufficient 

number of input sequences is sufficient and more will only marginally increase the 

predictive rates. In DeepFinder, we use partial data size of 20% from the whole ChIP-

seq dataset as input to four de novo motif discovery tools. Another earlier empirical 

finding by Hu, Li, and Kihara (2005) stated that inputting more sequences does not 

improve the prediction accuracy. It is proven in our study that partial dataset can be 

sufficiently used to search for potential enhancers in the remaining dataset not used in 

the initial dataset.  
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 The DNA sequences that are represented by the designed 76 features are meaningful 

enough to capture the features as input in the neural network. This representation is 

crucial for feature discovery by the neural network later on. We employed dinucleotide 

repeat-like motifs as part of the 76 features because these motifs are proven to be 

enriched in regions bound by different regulatory protein (Li et al., 2008; Wang et al., 

2012). Besides, the use of dependencies among adjacent bases that include some k-mer 

features is utilized as part of the 76 features where all possible 3-mer features are 

included. However, 4-mer combinations are not considered in our study because this 

feature will yield sparse representation. Never forget the inclusion of all 4 bases 

occurrences since it is originated from the most widely used PWM representation, even 

though it possessed independent features. We combined independent and dependent 

features for the representation of DNA sequences to avoid any important features that 

might be ignored if any of the features used are not taken into account.  

 We find it effective to implement similarity measure and k-medoid clustering algorithm 

for grouping binding sites that are highly similar. During k-medoid clustering, it is 

important to keep the number of generated clusters small because when more clusters 

are being generated, those significant binding sites for enhancer prediction might be 

distributed to other clusters. Therefore, in this study, we have set the parameter in k-

medoid clustering to generate at most two clusters. Other than that, it is utterly important 

to select a cluster with greater size because if the cluster size is small it may not contain 

enough information for building the representation using the designed 76 features.  

 Readers also can consider of implementing stacked autoencoder (SAE) in feature 

discovery tasks. Based on our findings, SAE is not only good for feature discovery but 

also in recognizing features that are polluted by noise (Masci, Meier, Cireşan, & 
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Schmidhuber, 2011). This is beneficial to the task of enhancer prediction especially 

when the sequenced genome is filled with noise. Thus, noise filtering task would be 

required to discard the noise in order to produce a high resolution of the genome data.  

 Enhancers are located either in upstream or downstream, therefore, motifs learned by 

the neural network model should be able to recognize these features regardless of the 

location of the enhancers. This is why convolutional neural network (CNN) is 

implemented together with our novel sequence encoding method called GMFR to search 

for the enhancers in the genome. Our proposed encoding method is able to simulate 

gapped motifs which are said to play a pivotal role in enhancer motif discovery. The 

inclusion of gaps is beneficial because this can avoid overfitting if the binding sites 

involved are longer than 6 to 8bp and also it allows the modelling of short internal loops 

which enable for a small number of mutations in the conserved region (Pervouchine, 

2014). The use of GMFR-CNN for the prediction of enhancers in proboscis monkey 

genome has significantly outperformed other tools, for example, DeepBind and LS-

GKM which employs either CNN or gapped motif features. An integration of both 

methods has shown astonishing performance in terms of f-measure and accuracy. 

 

6.3 Limitations 

 In the work of DeepFinder, the number of de novo motif discovery tools that can be 

sufficiently used to obtain most putative binding sites is not known. There are no single 

or multiple best motif discovery tools for the purpose of motif prediction because every 

single tool has their advantages and disadvantages. However, using all the motif 

discovery tools for DeepFinder is not feasible.  
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 Currently, there are no robust practical guidelines to obtain the sufficient amount of 

partial input for the three-stage method. This is a difficult task for researchers when they 

carry out the experiment, e.g., the percentage of data selected for motif discovery tools. 

The implication of selecting less than the sufficient amount of partial input will lead to 

the inadequate amount of features that actually can be used to predict an enhancer. From 

the experiments carried out in this studies, 20% out of the whole dataset seems to be 

sufficiently used as input to the de novo motif discovery tools for motif prediction. Five-

fold cross-validation can be used to assess the quality of the randomly chosen partial 

input and thus, minimize the chances of getting insufficient features later on. 

 Biophysical or biochemical properties of sequences are not taken into account in our 

work in DeepFinder even though these properties are said to play a critical role in 

determining the specificities of the sequences, especially for cis-acting elements 

(Shlyueva, Stampfel, & Stark, 2014). Besides, the conformational and physicochemical 

DNA features play an important role in binding site recognition (Ponomarenko et al., 

1999). However, using genomic sequence features alone are sufficient to produce 

significant result throughout different datasets used. Thus, it is interesting to know the 

effects that would bring by the implication of biophysical or biochemical properties in 

predicting enhancers. This could possibly help in reducing the number of false positives. 

 The gapped motif feature representation used in GMFR-CNN is only limited to gapped 

k-mer sequences. We use gapped motif features instead of continuous motif features 

because the approach will likely to face overfitting when the k-mer size involved is 

longer than 6bp (Fletez-Brant, Lee, McCallion, & Beer, 2013). Therefore, an integration 

of continuous and gapped motif features could possibly be used to further improve the 

enhancer prediction.    
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6.4 Future Works 

 In conclusion, the prediction of DNA motifs specifically on enhancers is an increasingly 

important topic in the field of bioinformatics and the improvements in this area have taken place 

in the past several years. The currently available motif discovery tools play a crucial role in 

helping experimental scientists to accelerate their findings on the functional characterization of 

enhancers. However, the overall performances of different motif prediction methods are all-

time low and the tools could be more effective in practical use.  

 The following aspects can be addressed to improve the performance of DNA motif 

prediction. First, due to the large size of most DNA sequences, inputting whole genome 

sequences for motif prediction is challenging and time-consuming (Hu, Li, & Kihara, 2005). 

Second, the binding site information often depends on both the protein and DNA structure 

because of the protein and DNA complex. The current motif prediction tools do not consider 

conformational changes during the process of DNA-binding to the protein even though they 

apply machine learning methods that consider different characteristics of protein and DNA. 

These are few methods that can be employed for DNA-binding proteins which include 

molecular dynamics and ligand docking methods (Ghersi & Sanchez, 2009; Kauffman, 

Rangwala, & Karypis, 2008). Third, TFs are the most important DNA-binding proteins and its 

models are built by several studies to train classifiers using both DNA and protein information 

(Chu et al., 2009; Schröder et al., 2010; Cai et al., 2008; Qian, Lu, Liu, Cai, & Li, 2007). 

According to the different features possessed by each TF family, the specific classifier for each 

TF family could be developed directly which could eventually produce higher prediction 

accuracy (Qian, Cai, & Li, 2006). Fourth, many features are employed in the task of motif 

prediction. The combination of different feature information is beneficial for correct 

identification of DNA-binding residues, however, the high-dimensional space can lead to an 
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overfitting problem (Zhu, Yang, Song, Chou, & Shen, 2010). In order to improve the 

effectiveness of current motif prediction, we strongly believe that effective feature selection 

and novel feature mining should be further developed. Through these efforts, we foresee that 

the overall performance for the prediction of transcription factor binding sites could be 

improved significantly.  
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APPENDICES 

Appendix 1 – Python code for preprocessing stage 

 



174 

 

 



175 

 

 

 

 

 

 



176 

 

Appendix 2 – Learning of the stacked autoencoders  
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Appendix 3 – Conversion of DNA sequence into binary format 
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Appendix 5 – Learning of the convolutional neural network taking GMFR as input 
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