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ABSTRACT

Artificial Neural Network is broadly utilized in both
academia and industry. It is a deep learning model
with a capability to perceive a data's sequential
characteristics and utilize patterns to predict the next
likely scenario. Over the last few years, many types of
research show how Neural Networks can be used for
computational biology applications such as DNA
sequence classification. A difficult problem that
continuously remains in the wide field of biological
community, is the correct gene prediction. A powerful
predictive model can be a step towards developing
more reliable gene prediction methods for DNA which
would give a great advantage for the scientific
community and researchers. Datasets released by the
NCBI-NIH Gene Bank and Encyclopedia of DNA
Elements (ENCODE) are acquired and used in this
study as input data. The researchers used the encoding
method of one hot vector in representing the sequences
as input data to the algorithm where the non-coding
variant DNA sequence will be encoded in a vector of
integer, to transform our categorical labels into a
vector of zeros and ones. The length of these vectors is
equal to the numbers of the category that our model is
expected to classify then the training follows. During
the training phase, the embedded numbers will be
mapped into substrings, also known as the regulatory
motif, and are concatenated after.

Keywords: Deep Learning, DNA  Sequence
Classification, Prokaryotes, Regulatory Moatifs,
Machine Learning, Artificial Neural Network

1. INTRODUCTION

1.1 Background of the Study

DNA, a sequence of four letters (A, C, G, T), is an
essential component in understanding life forms as it
holds the instructions to our genes for the growth and
function of humans, animals, bacteria, or simply, all of
the organisms. Ever since the discovery of DNA, human
beings have been aiming to understand the genomes of
every species and decipher the biological data given by
this genetic information through genomic research.
Unlike genetics which studies on the specificity of genes,
genomics focuses on the entirety of genes of an organism.
Through the collaborative efforts made by genome
projects such as Human Genome Project (2001) and
ENCODE (2012), abundant data of DNA information are
now available globally thus helping genomic research
flourish. Prokaryotes, which include both bacteria and
archaea, are found almost everywhere whether in our
ecosystem, on the surfaces of our furniture, and within
our bodies! Some are even found in conditions too
extreme for other organisms, for example, hot vents on
the seafloor [1]. Years of genomic research made it sure
that the variety of bacteria is much broader than
anticipated as shown by GenBank which currently holds
156686 genomes of prokaryotes, showing its diversity
[2]. The advancement and increasing data intensity of
genomics have prompted the progress of sequencing
technologies, which makes it much easier to read DNA
sequences.

As of late, Deep Learning has already accomplished
significant performance in the field of information
technology most especially in computational biology [3]
with its known feature of effectively identifying complex
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patterns from large datasets to train the neural networks
that model high-level

Different deep learning methods were widely adapted to
address fundamental genomics problems such as
predicting sequence specificities and gene expression
inference [4] and found that they showed favorable
results than the traditional methods. In 2015, Alipanahi
and Delong studied the sequences of DNA and RNA
binding protein specificities through a model of deep
learning [5]. In their research, they have a DNA sequence
with varying lengths from 14-101 and they have achieved
an average of 0.714 using five sequences with a diverse
background. Another recent research of a model based on
deep neural networks that discovers the DNA motif [6],
used a three-stage approach to compare their study with
previous investigations and achieved significantly better
performance than the earlier researches. In these
researches, one thing to notice is that they use multiple-
layer network architecture to help combine the base
instances into sequence motifs and also combine motif
samples into more complex signatures trailed by
connected layers producing a successful model of
sequence specificity of protein binding that helped them
learn the descriptive sequence of the signatures [7].
However, carefully chosen expertized features were used
in these researches in representing DNA sequences that’s
why limited informational material from raw data was
produced which led to the reduction of the architecture's
execution. Because of this, predicting function directly
from a sequence instead of selected datasets has been a
growing interest in genomic research attributed to the fact
that 93% of the approx. 6500 identified diseases and
SNPs are found in regions that are non-coded [8].
Therefore, a flexible model predicting the transcription
factor (TF) bindings accurately from DNA sequence with
sensitivity of a single nucleotide and non - coding variant
effects estimate may reveal a new understanding of these
elements.

To address this fundamental problem, a hybrid model
called DanQ was introduces in 2016 by researchers
combining CNN and BLSTMs, a known form derived
from Recurrent Neural Network or RNN [9]. RNN is
another variation of DNN that have allowed researchers
to address a range of issues in the domain of natural
language processing. In contrast to CNN, a directed cycle
is formed from the connections between units of an RNN
which creates the network’s internal stat that enables it to
display either temporal or spatial behavior. DanQ
combines outputs of two RNNSs that contain long - short
term memory blocks instead of regular hidden units.

Having a simple approach like one convolutional and a
maximum layer of pooling followed by the LSTM layer,
it had shown better results than that of its previous
researches.

In this study, the researches have created a deep learning
model in predicting DNA sequences using the Atrtificial
Neural Network (ANN) while seeing those sequences as
data of text. The ANN will be a feed-forward neural
network with hidden layers. These hidden layers are
expected to learn the semantic relationship of each DNA
sequences in response to its genome. With the help of a
robust regression analysis algorithm such as Logistic
Regression, the prediction will be much easier. Through
this approach, the researchers intend to acquire greater
accuracy in predicting DNA sequences of non-coding
variants of Prokaryotes. This research aims to yield a
novel understanding of genomes that are of non-coding
sections that can be beneficial in the genomic research
community especially in discovering complex variants.
This thesis will be a comparative study to the GeneMark
gene prediction program [10] which uses Markov Chain
Model for predicting the DNA sequence of a genome and
validate if using the approach would have a better
performance than it.

We ask that authors follow some simple guidelines. In
essence, we ask you to make your paper look exactly like
this document. The easiest way to do this is simply to
download the template, and replace the content with your
own material.

1.2 Purpose and Description

This research main purpose is aimed at studying a non-
coding variant DNA sequence of a prokaryote and its
pattern to know some of its function and develop a deep
learning model using a Feed-Forward ANN to predict the
DNA sequence of a prokaryote. Through DNA
sequencing, experts in metagenomics will be able to learn
of the entire prokaryotic species with regards to their
natural environment and function including those that
cannot be cultured yet, unknown, and invisible to
researchers.

The study was developed using a javascript framework
known as Vue.js. The research is a comparative study
against the GeneMark gene prediction program.

This research will determine whether an Artificial Neural
Network model for predicting DNA sequences of a
prokaryote will have better results than the GeneMark
gene prediction program that uses Markov Chain Model
to predict the DNA sequence of a prokaryote. Along with
one hot vector encoding, the process of learning will be
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much more natural for the deep learning model and with
the unique characteristic of a feed-forward ANNSs.

1.3 Objectives
The researchers established the accompanying goals and

objectives for the study:

1.3.1 General Objective

The prime goal of this thesis was towards developing a
deep learning model that predicts the DNA sequence of a
non-coding variant of a prokaryote using an Atrtificial
Neural Network.

1.3.2 Specific Objectives

To key target of this study was attained using the
subsequent required specific purposes:

1.3.21 To study the possibilities of DNA sequence
prediction through Supervised Learning.

1.3.2.2 To employ a Feed-forward Neural Network
in generating the Genome information towards
DNA sequence prediction.

1.3.2.3 To integrate a supervised learning strategy for
training the neural network to exploit the
DNA sequence of a prokaryote.

1.3.2.4 To prove that an ANN is capable of DNA

sequence prediction with the help of One-hot
encoding and Logistic Regression.

1.3.2.5 To validate the performance of the model in
solving DNA sequence in comparison to the
GeneMark gene prediction program using a
simulation in Vue.js.

1.4 Scope and Limitations
The research will focus on the deep learning model

training which will learn to predict the DNA sequence of
a prokaryote. The model will use an Artificial Neural
Network. The researchers will use public datasets that
were used by other studies for training and will use a data
set that will best suit the testing and validation. One
limitation of this research is that the DNA sequence of a
prokaryote can only be predicted if it has no mutated
parts.

This limitation will affect the speed and process of
training the deep learning model and the accuracy of the
prediction.

2. REVIEW OF RELATED LITERATURE
During the beginning days, genes were found, developed

and built with experimental organism authentication. At
present, there are many computational methods widely
used for DNA sequence prediction that have shown
success in understanding, and modeling genome content

like identifying the functions and fixed positions (locus)
of the genes, such as the Hidden Markov Model, eg. Van
Baren et al. [12] that models the dependencies amongst
the inline bases; Support Vector Machine method
presented by Kim et al. [2] in recognizing subtle
relationships among expression profiles to predict their
target transcript factor; and Machine Learning, Hoff et al.
[14], that used grammars which are context free and
extensive training to provide a gene prediction algorithm
based on machine learning with a method of two stages
for metagenomic materials.

A Deep Learning Model using an Artificial Neural
Network was presented by the researches to provide a
tool for creating an algorithm that predicts the DNA
sequence of a non-coding variant of a prokaryote. The
following are related literature for the study:

2.1 GeneMark: Parallel Gene Recognition
for Both Strands

It is widely known that models of Markov Chain
calculate the likelihood that a specific nucleotide will
appear after a sequence to obtain its statistical
information. This study combines the specific Markov
models with Bayes' formalism to assess whether the
fragment in question is a portion of region either non-
coding or coding. The idea is to incorporate a Bayesian
algorithm to avoid the common drawback of methods
under gene finding that generate artificial signals when
the actual coding region is found on the strand of DNA
complementary to it. This Bayesian function uses a
Markov model (non-homogeneous) of the sequence
complementary to the protein-coding sequence also
referred to as the coding region’s shadow [17]. The
Markov chain model is firstly used in this study with
relevance to finding sequences of DNA material, and its
success resulted in furthering research in this direction.

The above literature will use a deep learning model in
predicting the DNA sequence’s non-coding variant. In
contrast to the study above, the research will use Logistic
Regression to calculate the probability of the predicted
DNA sequence and Softmax Function will be applied if
needed.

2.2 Discovering the Optimal Segmentation
of the Secondary Structure of an RNA with
the use of Dynamic Programming

Dynamic programming is an optimization technique that
can be used to solve problems in optimization by
combining solutions to sub-problems. In this study, the
algorithm was used to discover the best way in
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segmenting long RNA sequence optimally into non-
overlapping chunks to maximize the similarity of the
observed structure versus the predicted structure. This
approach is great for overcoming storage constraints [18].

In the project, the Feedforward ANN will be trained for
the optimization of predicting the DNA sequence(output).
In contrast to the study above, the research will use
Vector Representations of text such as one hot vector
encoding for the segmentation of the DNA sequence.

23 B.L.AS.T. (Basic Local Alignment
Search Tool)

B.L.A.S.T. is a group of programs which uses a basic
search means of local alignment that was intended for
rapid sequence comparison that uses the subset of a
sequence and attempts to align it to the subset of other
sequences in order to discover regions of biological
sequences with similar properties [19]. It calculates
statistical significance of found matches by comparing the
given sequence to sequence databases [20].

As opposed to BLAST, the study will use new DNA
sequences as the basis for the output using a Neural
Network. The research will predict the DNA sequence
instead of using subsets of sequences and finding
similarities in a sequence to produce an output.

2.4 Deep Learning Method for DNA-RNA
Prediction

It is important and critical to know the particular
arrangement or specifics of DNA-RNA proteins in order
to develop representations of the regulated or monitored
methods in the vast structures of biology, which can also
be of use in identifying variants of casual diseases. In this
study, they used CNN in an approach called DeepBind to
show that these sequence specificities can be found out
using the deep learning technique in the form of a readily
visualized mutation map. In here, they used a various
array of experimental data to provide a computational
method in discovering patterns [21].

Similar to the study above, this research uses deep
learning for prediction. In contrast to the study above, the
research uses Feedforward ANN as its Neural Network,
Logistic Regression for prediction analysis, and One hot
vector encoding as its text classification and
representation.

2.5 A Deep Learning Model: Discovering the
Effects of Non-coding Sequences

DeepSEA is a program that uses deep learning
architecture to accurately predict Transcription Factor
sites of proteins and histone marks using only the given
DNA sequence as input to the model. Its ability to predict
with high accuracy helped guide further researches in
evaluating the functional significance of non-coding
variants [22].

The study and the study above both use deep learning
model, a non-coding variant DNA as its input, and
logistic/sigmoid function to predict output and its
probability. In contrast to the study above, the research
uses Multilayer Feedforward ANN while the study above
uses Multilayer Convolutional Neural Network.

2.6 A Hybrid of CNN-RNN called DanQ

DanQ utilizes a hybrid architecture of neural networks
which combines CNN-RNN, for discovering the function
of a given strand that is non-coded. In this study, the
convolution step is using convolutional filtering to locate
motif sites in the scanned sequences, and a bi-directional
long short-term memory was used subsequently for the
consideration of spatial orientations between motifs [25].
The method showed how DanQ enabled simultaneous
learning of motifs and the regulatory grammar between
them thus making it a robust process in understanding
non-coding DNA [23].

The study above uses a Multilayer Hybrid Neural
Network with LSTM as its variant to predict the DNA
sequence. In contrast to the study above, the model will
use a Feedforward

3. TECHNICAL BACKGROUND

The study is to create a model that uses deep learning
algorithm that will learn and predict the DNA sequences
of the non-coding variant of a prokaryote. The researchers
will use an Atrtificial Neural Network. The input will be
DNA sequences in forms of text (A, T, G, ¢) encoded into
numbers using the encoding method called One-hot
vector. The numeric values are then passed on to the
Gated Recurrent Unit which are concatenated starting
from the smallest embedding size. Then the ANN will
filter the possible DNA sequences and will be used for
the Logistic Regression Block in analyzing the best
possible DNA sequence. Then the Softmax Function will
output the predicted DNA sequence.
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3.1 Conceptual Framework The researchers have measured that the deep learning

The study’s main goal was to create a model that uses a
deep learning model algorithm which is the ANN in order
to search and find the DNA sequence of the non-coding
variant of a prokaryote, is implemented through the use of
JavaScript and Vue.js framework.

model used has been ideal and essential in achieving the
primary purpose of this study.

Figure 1 Conceptual Framework of the Study
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The input of the system is a substring of the DNA
sequence of a prokaryote in forms of text and will be
converted to a binary vector using one hot encoding
before going through the ANN block (training and
testing) and K-mers mapping(testing). The binary
vector will then be filtered and will go to the Logistic
Regression Block for prediction analysis of the DNA
sequence before producing an output.

3.2 Artificial Neural Network

The idea behind ANNs is to map and connect the
neurons with human brain’s neural structure as the
basis for the linkage. ANN records one-by-one and
learns by looking at its anticipated output with the
actual record in which the initial error prediction is
returned to the network and is used in the next iteration
to modify the network algorithm [28]. The process will
then be repeated multiple times.

Artificial Neural Networks are very powerful and
showed success in different fields of application such
as pattern recognition, statistical mapping, modeling,
and prediction. A necessary ANN is also known as
Feedforward ANN because it does not involve any
backpropagation. The ANN’s performance would
depend on its input, hidden layer, and its output.

The figure overhead shows ANN’s process of the
hidden, input, and output layers together as a whole.
The input neurons represent the information of data as
an input of which the researchers are trying to predict
or classify. The hidden layer where the weighted inputs
are taken and will produce an output through an
enacted work: activated function. Layer of the
anticipated yield was where network coalesces or
produces the result.

3.3 Application of Neural Networks on
Genomics

One of the challenges in the field of genomics in
today’s time of big data was the critical need for the
ability to transform this big data into valuable
knowledge. Since the early 2000s, Deep Learning has
emerged rapidly and accomplished significant
advances in numerous fields such as NLP and image-
speech recognition. It has become well-known in the
biomedical community due to its up-to-date capability
in extraction of progressive depictions hierarchically
and identification of intricate patterns from large
datasets to train the neural networks. Different deep
learning algorithms have their functions to solve
different types of problems in genomics [24]. For
instance, convolutional neural network (CNN) famous
for its capturing ability in classification tasks was used
in a study to predict the specifics of DNA and RNA-
binding proteins [26]. To understand effects of non-
coding variants for prediction of chromatin features
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[22], a study in 2015 used deep learning model to
accept genetic sequences as data inputs [27]. As by
Quang and Xie (2016), a hybrid of a CNN-RNN
method was used to quantify the function of non-
coding DNA in a program called DanQ [23]. As deep
learning continuously showed successes, new deep
architectures such as hybrid models are employed to
this day in approaching genomic problems.

Figure 3 From top to bottom: Sample outputs of
applications in genomics that uses Neural Networks
(DanQ & DeepBind)
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In the research, the approach would be the same as the
above figure, i.e. training an Al model in finding the
best solution and demonstrate the positive effects of Al
in genomics.

3.4 Workflow Model

Figure 4 Workflow Model
DNA Sequence ANN Sequence DNA Sequence
(ACGT) Model of Prediction (ACGTCGTA)

Figure 4 shows the prediction model in which the input
is a 4-length DNA sequence and the input is included
as each initial sequence where the output is in a length
of 8. The sequence does not necessarily have to be
twice the length of the input; instead, it varies
accordingly on the learning capability of the ANN, the
gathered data, and the functionality of the input.

3.5 Word Embeddings for Text

Word embedding is a kind of representation of words

e that allows similarly meaningful words to be
represented in the same manner. Word embedding is
characterized by the distributed text representation that
may be one of the fundamental discoveries that
recognizes the notable performance of deep learning
algorithms in handling the challenge in natural
language processing (NLP) field.
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Figure 5 Sample One hot Vector Encoding
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Figure 3 shows the result of different researches. The
application was implemented and experimented using
Neural Networks. It shows above that Neural
Networks are very useful to the community of
genomics, specifically in the robust analysis of DNA
sequences.

To put the DNA Sequence into the machine learning
algorithm, the text data are converted into a vector
c[ representation. In this stage of the system, all the text
ey in a DNA sequence will be encoded as a binary vector
using one hot vector encoding. One hot vector
encoding allows the data to be more expressive. One
hot vector encoding maps all possible inputs from
char/word values to integer values. Let's start with an
example with the word "ltaly,” the word Italy in the
input is encoded as 3, or index 3 in the array of
possible input values. The integer encoding is then
encoded to one hot vector wherein a list of 0 values is
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created with the length of the possible inputs so that
any expected char/word can be represented. Next, all
the indexes of each char/word are marked 1.

3.6 Regression Analysis

Figure 6 Graph of Logistic Regression Function

a0)

Logistic regression also known as the binomial
regression, is a statistical approach in dataset analysis
in which a result is determined by independent
variables. This predictive analysis is suitable if the
dependent variable is dichotomous hence, binary. It is
used in describing data and explaining the relationship
between a binary dependent variable and independent
variables that can be ordinal, ratio, nominal, or interval
[29].

C

y=_ 5
1+de™

As observed above, the sigmoid function (logistic)
contains parameters namely (A,B,C). The input x will
grow, if all the parameters are positive constants, and
the exponent -Bx becomes a more significant negative
value. The denominator, therefore, always exceeds 1
and decreases to 1 as x grows large meaning the value
of y is still lower than C and increasing to C.

Logistic functions are appropriate methods in
observing growth in the population of species
that have grown to such an extent in saturating
their ecosystems.

The formula above shows the general form of the
Softmax function which is a generalization of the
sigmoid function. It squashes all the arbitrary real
values of a K-dimensional vector to logits and turns

them into probabilities that sum to one. It is used as an
activation function if the output of the final layer
cannot be interpreted as the sigmoid function or
undergoes log loss. The function can also be used in
classification.

3.7 Network Topology

Figure 7 FFNN Topology Example with Given
Weights
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A set of weights is defined for every node in the neural
network by wi, w;,. In the figure above, node 4 has a
set of weights which are wy, and wy,. By determining
the set of all weights and its activation function or its
topology we can define the network.

Based on the figure above, what would be the output of
the network if we used two inputs x;= 1 and X,= 0. To
calculate the final node's output, we must first calculate
the weighted sum of the first hidden layer utilizing the
formula v, = wi, X;+Wi, Xo.

Therefore,
g = Wg¥T) + WazTs =2-1—-3.-0=2
Py = wWaT) +wagrs =1-14+4-0=1

Next is we apply an either of the activation function
which is sigmoid or softmax. But in the case above we
will use the sigmoid function:

IWy=7—7-5
The output of the function
isys =f2 =1 yu=f(1)=1 Then  we  get
Us = washs Fwasya=2-1-1-1=1 \which is

the weighted sum of the last node. Then we apply the
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activation function to the previous node to get the
output:

=Tl)=

The output will be used as data for the deep learning

model as one of its training set to compute the errors in
the output and learn to get the desired output.

Figure 8 Encoder-to-Decoder Sequence-to-Sequence
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Figure 8 is an example of an encoder-decoder for
learning to generate an output sequence (yl.. yny)
from the input (x1....xnx). The figure above includes
an ANN known as RNN that could create the
probability of a given output sequence or produce an
output prediction wherein using the final hidden state
of the RNN encoder, a generally fixed context variable
C is calculated. It is a semantic summary of the input
sequence and is given to the RNN decoder as input
[30].

3.8 Prototype

Figure 9 From left to right: An example output of the
system prototype.

Figure 9 shows the output of the prototype in which it
shows in the graph that there is a fluctuation in the

2
3846153326154
3451538461539
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. 5332515384616
S615384615354616

accuracy of the prediction model when more data is
feed to it, but the result still had perfect accuracy. The
researchers used 50 DNA inputs as the training set and
two types of genomes as the initial dataset and basis
for the accuracy test.

3.9 Development Tools
The researchers decided to build an Artificial

Intelligence that can predict the DNA sequence of a
prokaryote and provide its genome with a Neural
Network with Feedforward topology. The researchers
will use the following different tools to carry out this
study:

3.9.1 Vue.js

Vue is a progressive framework for the construction of
user interfaces. This framework is distinct to other
monolithic frameworks because of its nature to be
incrementally acceptable. Its core library focuses
solely on the view layer and pick - up and integration
with other libraries or existing projects is relatively
easy. On the other hand, when used in combination
with modern tools and supporting libraries, it is
perfectly able to power sophisticated applications with
single page [31].

3.9.2 JavaScript
JavaScript is a is a multiparadigm, prototype - based,

dynamic language that supports object-oriented,
imperative, and declarative styles [32].

4. METHODOLOGY

This chapter provides the methodological framework
of the study. It presents and discusses detailed reports
of the methodologies. Generally, it explains how the
researchers used the algorithm in every module to
achieve the goals and objectives of the study.

4.1 Data Gathering

In the development of the study, different concepts and
ideas were taken account in coming up for the best
method to develop the study of developing a model of
deep learning to predict the DNA sequences of a non-
coding variant of a prokaryote using an Artificial
Neural Network. The researchers explored different
Gene Banks and decided to go with the NCBI — NIH
combined with the gathered resources and other web-
based information in relation to the study. Different
methods, algorithms, any possible procedures were
also considered for the collection of data. Additionally,
the researchers chose the programming language,
applications, and materials to be utilized so that the
study can be made. The researchers will likewise
recommend by the end of the study.
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Table 1. Sample Dataset

Genome Gene/DNA Sequence in FASTA format

PSeUdOMO’ | ATECYACGTAAACTCGCTGCCGTAT
Hgy meliloti | EEETECAAFEICREAAHATRARE
Wahinosa | AETEENCEEAIECEREFECT ISR
PAOL GCReATEEAE XA AEC AEA 7
ERETPORAEALE A AT R AR
PEERENAMAAT R KAAAGTIARC
EEENCRABLTETEEEACELEEBERA
EERECIERABRRECIEATEEEEEAT
EAREPEEETACTOACEREEEEEREE
CRRAMEEREESCET T EA AN
EELATEELT TEOOSASEGAGAAET
ERTREETERACEECOREERERAE
CEFEPCATEELECKEALCAAERAEA
TECEETECEEEEACRAEBACAEEE
AEROCHICGACEFERCCRAGE TE R
ECRARARASASTAARTTEIAE
PEEREEPIGAKIIGHAS AL
TERAE MALRAS AR LA EAC R T BRA

MG CCTGGACTCCTTCACCTTTA
TTGACGGTCATGTGTTCCGTCGGTG

A

4.2 System Design

This area shows the framework design in preparing
and developing of the study created by the researchers.

4.2.1 System Input, Process, Output (IPO)
In this area, researchers developed a conceptual

structure (figure 1) which represents the IPO process
of the model. The conceptual design would serve as
assistance to the researchers define and understand its
structure, flow, and outcome of the study. The input
will consist of the Pre-training stage where all the
necessary data such as the DNA Sequence in FASTA
format with its symbol to train the model and the
Prediction Stage where the user can dynamically input
a DNA sequence of a Gene in FASTA. The data in the
pre-training stage will go to several processes. The
output of the project will be a probability of the most
likely predicted Genome.

4.3 Development

As a method for developing the project, the researchers
decided to use the Agile Software Development
Methodology. The general idea of this approach is to
develop specifications and solutions using cooperation
of the self-organization and cross-functional groups

with inputs coming from their customers. The
researchers developed the requirements for the study
after thorough discussions and collection of data from
the selected resources.

Figure 10 Methodology for AGILE Development
Stage 1: Analysis of System Requirements

From data gathered, all the relevant information was
collected by the researchers about ANN and DNA
sequence prediction, as well as the Gene banks used
for training the model from the web and other
resources that would be helpful for the study. The
researchers also gave different suggestions and shared
their knowledge of the research tools and design
required. Afterward, they analyze and study the
requirements and confirm them in a group discussion
with the adviser so that the analysis can be perceived if
it is legitimate.

Stage 2: Design Analysis

When all the information required for the research
study were collected by the researchers, the
Conceptual Design was made to analyze the flow of

Client
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Feedback
Qves __,
o NO
UAT @ Incorporate
@ e CRs
B
s

"

Define
Requirement

Develupment Ul Design

the project process. After analysis of the design, the
project’s development became faster since the
researchers are already aware of the requirements as
well as the flow of the process. The developer of the
group created the algorithm design and some minor
designs of the Ul. The rest of the team contributed to
gathering the data needed and processed the training of
the model to find the best-case scenario for the model.
The developer used Vue.js for the design of the Ul and
applied the algorithm and FFNN with the help of a
data-flow open source library.

Stage 3: System Advancement and Implementation
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Afterwards, defining the requirements and analyzing
the design were made. Subsequent phase was to use it
in coding format. First, the researchers needed to load
node.js for the installation of the vue.js and its node
modules then install it. After installing node.js the
developer runs a command to create a Vue.js
framework.

4.4 Modules and Procedures
This chapter explains how each system module uses
the algorithm for the study made by the researchers.

4.4.1 Training Module
The training module describes the initial part of the

development where the objective is to supply the
model with gathered data. The input data sets for the
training produces an output that is used by the
accuracy module.

4.4.2 Accuracy Module
Accuracy module will show the prediction accuracy of

the module in every iteration of data when the training
is done. The data used in this module are the outputs of
the training module and is mapped to the graphical
output of the system.

4.4.3 Prediction Module

In this module, the user will input two (required for
greater accuracy) DNA sequences in FASTA format to
produce an output (Genome). The output of the system
is a probability of the input to a Genome. The highest
probability rate is the chosen genome as the predicted
output.

4.5 Implementation
This chapter explains how each system module uses

the algorithm for the study made by the researchers.

4.5.1 Implementation of the Feed-forward
Neural Network Model

The goal of a Feed Forward Neural Networks is to
approximate a function which is the error function.
During training, the FFNN maps all the values of input
x where all the information flows through and is being
evaluated and is mapped to the output y. By mapping
all the values of x to y, an error function is produced in
each iteration of the training. The code below shows
the mapping of inputs to an output, definition of the
mode, layer’s amount used in training, and the
approximation of its error function.

Figure 11 Input

The code in Figure. 11 is a simple input in a JSON
format and is given an id so that it can be used as a
reference during the mapping of output.

Figure 12 Output

"genome”:

1

enome” :

The code above is a sample of output and will be used
during the mapping.

Figure 13 Mapping of Output to Input

The figure above is a sample mapping of x input
referenced through the use of id as per stated in the
previous figures to the output y, a genome.

4.5.2 Application of the Logistic Regression
After receiving the Feed Forward Neural Network

output which is the minimum error function in weights,

Logistic Regression is then applied. The logistic
function or sigmoid function will be the activation
function of the hidden layer during the training of the
Al. The logistic function squashes the calculated error
function so that at each iteration of the training there is
a clear difference in the error function. Which then the
error function will be used as a basis for the prediction
of the probability. The code below shows the
backpropagation and the number of iterations during
training and the logistic function algorithm.
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4.5.3 Graphical Output
The algorithm was implemented using a JavaScript

framework Vue.js. The training sets for the algorithm
were captured from the NCBI (National Center for
Biotechnology Information) genetic bank. The training
sets consist of 5 different genomes and 1000 different
protein-coding genes. The size of the current training
set is limited. Thus, creating a higher model for
prediction is impossible. The graph shown after the
training is known as the accuracy rate of the prediction
during each iteration. The accuracy rate is the
approximation of the error function and the activation
function. The values shown in the graph below are
taken directly during the training process of the Al, but
it does not define the efficiency of the algorithm.

Figure 14 Accuracy Rate Graph
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4.5.4 Accuracy of the procedure

The figure above (see Fig. 14) is just an example of the
graphical output of a method defined in the system.
The evaluation of the quality of the prediction model is
done through the elimination of factors that can create
the worst-case and best-case scenario for the prediction
model. During the best-case scenario, the model is
trained to 3 types of a genome and a data set ranging
from 15, 50, 100, 150, and 200 types of protein-coding
DNA per genome. The accuracy rate shown below is
an average of the final accuracy rate after training the
model thrice with the same number of data sets.

15 3 98%

50 3 95.18%

100 3 95.32%

150 3 95.15%

200 3 95.12%
4.6 Testing

The researchers carried out a series of tests to measure
the system's efficiency and effectiveness. The test
series is as follows: Performance Testing and Software
Testing.

4.6.1 Software Testing
The researchers conducted this testing to test the utility

of the software using the Feed-forward Neural
Network and Logistic Regression. This determines
whether the system is fully operational and ready for
deployment.

Table 3. Software Testing

PROCESS

Features and functionality of
Logistic Regression in the model can
be tested?

The Feed Forward Neural Network
is functioning?

Both algorithms can be used to
create a prediction probability?

The Function for prediction will
process the Input if it is valid

The Function for prediction will not
process the Input if it is invalid
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Figure 15 Training Progress

The figure above shows the training progress of both
the old and new algorithm during the simulation of the
system.

4.6.2 Performance Testing

The researchers test the run-time performance of the
software and measured its stability and responsiveness
under a certain load of both the old and new algorithm
using different Hardware specifications.

Table 4. Hardware Testing

Model MSI GL 62 Lenovo
ThinkPad
CPU Intel Core Intel Core i5
i5(3.2GHz) 6" Gen  (2.6GHz) 3"
Gen
RAM 8gb Ram 8gb Ram
Storage 500GB SSD 200GB SSD

5. RESULTS AND DISCUSSIONS
The researchers will deliberate and talk about each
test’s results during the development of this chapter.

5.1 Results of Software Testing
Table 5. Software Testing Results

PROCESS YES NO

Features and functionality of v/
Logistic Regression in the
model can be tested?

The Feed Forward Neural v
Network is functioning?

Both algorithms can be used to v
create a prediction

probability?

The Function for prediction v
will process the Input if it is

valid

The Function for prediction v
will not process the Input if it

is invalid

The figure above shows the result of software testing.
The result shows that the system is fully functional and
is working. Thus, the system is ready to be deployed,
and its performance can be tested.

5.2 Performance Testing Results
The researchers tested the new and old algorithm on

different hardware specifications to see if there is any
difference in the performance of both algorithms.

Figure 16 Performance Result of the Old Algorithm

Training Time

120.571secs

The figure above shows the result of the old
algorithm’s performance test after training it with five
different Genomes and each Genome had a total of 200
different Gene sequence as our training data set. The
graph s the rise and fall of the accuracy rate of the old
algorithm which is HMM.
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Table 6. Performance Test Results of Old Algorithm Figure 17 Performance Result of the New algorithm
with 5 Genomes using Lenovo ThinkPad

Current Accuracy Ttaining Time
0

03.94% 84.333secs

15 5 9.8s 84.67%
MEBRE

50 5 46.21s 73.96% -

. n
100 5 81.82s 73.97% 2 .
150 5 124.41s 82.95% L | 0 M L IO R IR

" n » . 0 ~ n i) » 1L

200 5 170s 83.79%

The figure above shows the result of the new
algorithm’s performance test after training it with five
different Genomes and each Genome had a total of 200
different Gene sequence as our training data set. The
graph shows a consistent accuracy rate.

Table 7. Performance Test Results of Old Algorithm
with 5 Genomes using MSI GL 62

Table 8. Performance Test Results of the New
Algorithm with 3 Genomes using MSI GL 62

15 5 8.8s 84.67%
15 3 6.2s 98%
50 5 42.13s 73.96%
50 3 11.7s 95.18%
100 5 80.2s 73.97%
100 3 22.33s 95.3%
150 5 109.41s 82.95%
150 3 31.7s 95.15%
200 5 142.7s 83.79%
200 3 40.2s 95.12%

The tables 6 and 7 shows the result of the old
algorithm when trained in the Lenovo ThinkPad and Table 9. Performance Test Results of the New

Algorithm with 3 Genomes using Lenovo ThinkPad

MSI GL 62. The training was conducted with different
number of genes per Genome. The result shows that
the accuracy rate is inconsistent because the accuracy
rate itself fell when the number of genes per Genome
was increased from 15 to 50 and 50 to 100. The
accuracy rate then went up after increasing the number
of genes per genome from 100 to 150. The graph from
figure 16 likewise demonstrates the accuracy rate of 15 3 7.4s 98%
the old algorithm was inconsistent.

50 3 14.72s 95.18%
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100 3 25.33s 95.3%
150 3 38s 95.15%
200 3 47.96 95.12%

The results in tables 8 and 9 are trained with three
different Genomes with a different number of data per
Genome. The results show that the accuracy rate of the
new algorithm is consistent and high. The accuracy
rate is consistent because the difference in each
training is close to each other.

Table 10. Performance Test Results of the New
Algorithm with 5 Genomes using MSI GL 62

No. of Data  No. of Avg. Accuracy

Per Genome Training

Genome Timein S
15 5 9.21s 85.35%
50 5 18.79s 83.96%
100 5 40.12s 83.97%
150 5 53.71s 93.96%
200 5 69.92s 93.94%

Table 11. Performance Test Results of the New
Algorithm with 5 Genomes using Lenovo ThinkPad

No. of Data No. of Avg. Accuracy
Per Genome Genome Training
Timein S
15 5 11.01s 85.35%
50 5 22.21s 83.96%
100 5 41.89s 83.97%
150 5 60.01s 93.96%
200 5 81.04s 93.94%

The results in tables 10 and 11 are trained with five
different Genomes and are trained with the same

environment in tables 6 and 7. The results show the
average training time and the accuracy rate of the new
algorithm in a certain workload. The accuracy rate is
also consistent.

The results of both PC models depict that with the use
of a PC model with higher hardware specification the
lesser the average training time of the new algorithm
compared to the old algorithm. The accuracy rate of
the new algorithm is much more consistent and higher
than the old algorithm.

5.3 Process Time Comparison of the two
Algorithms

Figure 18 Process Time Comparison Graph
(HMM and ANN)

Process Time Comparison

I | |

P

. um II |I I |
K15 ] 1 150 X0

The graph in figure 18 is a comparison of the two
algorithms concerning the processing time or training
time of each algorithm. The y-axis of the graph is the
training time in seconds, the x-axis is the number of
inputs per Genome, and there are 5 Genome. The
results show that during the training time for the first
time with 15 inputs per training the old algorithm has
lesser the time but as the quantity of inputs rose, the
training period of the process would be lesser. As
shown in the final training, the HMM algorithm’s
training time would be more than twice that of the
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algorithm showing that the old algorithm has a better
performance to training time than the old algorithm.

5.4 Accuracy Rate Comparison of the two

Algorithms
Figure 19 Accuracy Rate Comparison Trend
(HMM and ANN)

Accuracy

The chart in figure 19 shows the comparison between
the accuracy result of the two algorithms after the
training. The y-axis is the accuracy rate in percentage,
the x-axis is the number of inputs, and a total of 5
genomes per accuracy rate. The comparison clearly
shows how much a big difference there is the accuracy
rate of both algorithms. The accuracy rate of the
algorithm did not drop to less than 92% even with the
increasing number of inputs per Genome.

5.5 User Acceptance

The researchers carried out a User Acceptance
Evaluation to determine the functionality and
usefulness of the system by the user’s perspective. The
criteria for the evaluation are the Functionality,
Reliability, Correctness, and Responsiveness of the
system software. A total of ten different users with a
background in software development evaluated the
system where each can give a score from 1, as the
lowest, up to 5, the highest. Table 6 shows the
evaluation result.

Table 12. User Acceptance Evaluation Result

b
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The overall rating for the system is shown in te table 6;
The results show that the appearance of the system has
an overall poor rating. Functionality wise, the system
proved it to the users that the results of the prediction
are correct, and the accuracy rate also shows how
reliable the prediction is.

5.6 Summary of Results

Different types of testing were made to achieve the
results as stated in the different figures above. The
software testing showed that the functionality of the
logistic regression in the model is working. The testing
also showed that the FFNN is functioning. Next, it
showed that both algorithms could create a prediction
probability. Additionally, the system will only create a
prediction when the input is valid.

In the performance testing, the researchers tested both
the new and old algorithm on different PC Models
(MSI GL 62 and Lenovo ThinkPad) with different
hardware specifications. The new algorithm was tested
on two different scenarios. First, the researchers
trained the new algorithm with three different types of
Genomes and a range of data sets (15, 50, 100, 150,
200). Second, the researchers increased the number of
Genomes to 5 with the same range of data sets. The old
algorithm was trained as well with five different
Genomes and the same range of data sets. The
researchers compared the result of the second scenario
of the new algorithm and the results of the old
algorithm.  The comparison showed that the new
algorithm has lesser average training time and a higher
accuracy rate than the old algorithm.

6. CONCLUSION AND

RECOMMENDATION
After testing the performance of the new algorithm.
The researchers reached a conclusion.
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6.1 CONCLUSION

The software testing for the functionality of the model
went smoothly, and the performance testing results
were above the expected accuracy rate and had no
problems. It is also observed that there is a sudden
drop in the accuracy rate of the old algorithm when
training it with a range of 15-50 inputs. The
comparison between the old and new algorithm shows
a big difference in the processing time, and the
accuracy rate is more consistent in the new algorithm.
Therefore, through supervised learning, DNA sequence
prediction is possible and employing Feed Forward
Neural Network in generating genome information can
lead to better DNA sequence prediction. Additionally,
the researchers conclude that the performance of the
new algorithm is better than the old algorithm, but
there were limitations in the number of genomes the
researchers could use as a data set because the more
genomes there is, the lesser the accuracy rate.

6.2 RECOMMENDATIONS

As the comparative study showed promising results
using supervised learning, the researchers believe that
DNA sequencing prediction can be further improved
with it. The limitations of the new algorithm can
hinder the improvements of the prediction algorithm as
concluded by the researchers and the dataset used was
deemed fit for both algorithms. The researchers
recommend using supervised learning for prediction
analysis. Additionally, the researchers suggest that
future reference of the research may include the use of
Recurrent Neural Networks. Also, it is essential to
investigate the sudden drop in the accuracy rate of the
old algorithm (see Fig. 17) as to what caused it and
what appropriate method should be used to prevent it
for future reference. The researchers also recommend
on using dynamic learning strategy for future
development of the system, which adapts to changing
data during training and allow file inputs because some
of the DNA sequences are very long. Lastly, the
researchers suggest venturing alternatives  for
predictive analysis like Logistic Regression and using
other methods to improve the algorithm’s efficiency
and its limitations in comparison to other well-known
algorithms in DNA sequence prediction.
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