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Abstract—

Polymerase chain reaction (PCR) testing has widespread use in the systematic identification
of Severe Acute Respiratory Syndrome Coronavirus 2 (SARS-CoV-2) strains. However,
another approach for identifying the SARS-CoV-2 virus is by the machine learning
classification of genome sequences, which has shown promising results. While trained
clinicians usually perform the classification of genome sequences, a machine learning
classifier can be used to complement the process and provide a short list for further analysis.
A machine learning approach can provide a unique fingerprint of base pairs and yield a
quick classification. To this end, we investigated a k-mer approach in order to classify
genome sequences of SARS-CoV-2 and common respiratory viruses, as well as a Human
genome sequence. We aim to provide a simplified classification approach that balances
validation time while limiting hyperparameter tuning. Our approach achieved F1 scores in
excess of 0.99, and perfect scores between the common respiratory viruses. We demonstrated
a simple 5-base sub-sequencing scheme which has the power to differentiate over 7.91

million sequences from almost 20 thousand genome assemblies.



Acknowledgments

I would like to thank and praise Almighty ALLAH for my life, unconditional love and,

granting me to do M.Sc. at the University of Manitoba.

I would like to express my gratitude to Prof. Dr. Ken Ferens for his supervision in my
research and his guidance during my M.Sc. study at the University of Manitoba. | would like
to thank him from the core of my heart for being a great supervisor and an awesome person to

work with.
I would like to thank my parents Md. Mizanur Rahman and Jasmin Sultana for inspiring me
to do M.Sc. abroad and teaching how to keep faith in me. Also, for their numerous support, |

am finally at the end of the program.

Finally, I would love to thank from the bottom of my heart to my wife Ayeasha Akhter due to

her tremendous support, inspiration and motivation for completing the research program.



Dedicated to

| dedicate this work to my parents and my wife for their love and moral support. | also
dedicate this thesis to my supervisor Professor Dr. Ken Ferens for his innovative ideas and

supervision during the entire period of the master’s program.



Table of Contents

A o 1Y = (o! USSP I
ACKNOWIBAGMENTS ...t bbbttt b bbb be st e e eneas ii
[ =To [ToF> 1 (=To N (ISR iv
(O3 0 F=T o] =] it R T U RO P PP PTUR PPN 1
T 11 0o (U1 o] o SRRSO 1
1.1.  Thesis Statement aNd OVEIVIEW .........cccueiverieiieiiesie e e este e sieesae e se e sreeneesree s 3

1.2, The contribution OF the TheSIS......ccciiiii i 4

1.3, Outling OF the theSIS.....cueiiie e ene e 6

(@4 o= o) (-] OSSR 7
2. Background RESEAICH .........ciiiiiie ettt nres 7
(O 0 F=T o] =] g TSROSO P PP RPN 9
3. Background of Machine Learning AIGOrithm...........cccooiiieiieiece e 9
3.1, Linear and RBF SVIM ... ..cooiiii ittt 9

3.2, NEArest NeIGhDOK .......covoiii e 13

K T0C T o F 1o (o] 0 (1) SO R 16

R S = W I (=TT U 18

TR T |V 1 I TSSOSO 18

(@4 0 F=T o) (-] OSSPSR 20
N Y/ =11 T o (o] [T YOS PR PSPPSR 20
4.1, Dataset COBCHION.......c..ciie et sbe e s aeesreesnne e 20

4.2, Dataset PreprOCESSING .....ccveiiiieiieiteeieeseesteeeestae e seesta e tessaesseessesreesteeseaseesseeseeseenns 22
4.2.1.File Information remoVal .............cooviiiiiiic e 23

4.2.2. Feature Adaption for machine learning application..............ccccooevviininiincinniens 24
4.2.2.1. K- MEr APPrOACH.....cviiieiiee et 25

4.2.2.2. COUNE VECTOMZALION ....vveiieciec ettt 26

4.2.3. Labeling Target ColumN ........ccoiiiiiii e 28

4.2.4.  Featue NOrMaliZation ...........cccviiueiieiiee et 28

4.2.5.  SPHEING JALASEL......cvieiiieiieecie et eaa e 28

4.3.  Models and Performance MatriCS ..........cceiveiiieiieiieecee et 29

4.4,  K-fold €ross Validation ............c.cccveiiiiiieiiecie e 30

(@4 gF-T o (=] g TSP SRPORTRN 31
5. EXPeriments and RESUILS..........coiiiiiiiieeee s 31
5.1. Model Selection and PerformancCe...........cccevveieiieiieeiece e 31

5.2.  Fine-Tuned Models and Cross-validation Performance.............cccooevvenienienineniennnn 34



(O T 0] 1 gl TSRS 38

6.  Conclusion and FULUIrE WOIK .........cooiiiiiieie s 38
T I @0 o Tod 111 o o SRS 38

0.2, FULUIE WOTK ..ottt et et e e et e e e nreeanes 39

ey =] T (00T SRS PPPP 41

Vi



List of Figures

Figure 3.1.Simplified structure of Support Vector machine network.............ccccevevenencicnennnn 12
Figure 3.2. Nearest neighbor algorithm data Points............ccceeveiieiiecece e 14
Figure 3.3. Calculation of distance between data POINtS. .........cccoereieiireniiiseeeee e 15
Figure 3.4: Random Forest Classifier Model. ..o 17
Figure 4.1. Summary of the feature extraction and Machine Learning pipeline used to classify
Sars-CoV-2 and other cCommon reSPIratOry VIFUSES.........cuiireeierierieriesiestesiesieseeeesee e see e sneseeas 20
Figure 4.2. Dataset PreproCeSSING STEPS ....uviiuieiieeiee e ertee st e rteesreesteessaeesbeesaeesbeesbeesreesnneesreeanne 23
Figure 4.3. DNA samples for common respiratory VIFUSES .........c.coeierereririeseeieeieeneesie e 23
Figure 4.4. Combination of the nucliotides in DNA. ...t 24
Figure 4.5. Sub sequencing through K-MErsS. ... 26
Figure 4.6. Countvectorization of the sub sequences found through k-mers...........ccccoeiiviinnann 27
Figure 5.1. f1 scores of each class after applying six different

ClASSITIES. ...t ettt b bbbttt R e bt bbb e nas 32
Figure 5.2. Summary of averaged performance metrics over all 6 classes for fine-tuned
006 (=] TRV OUT PR ORI 35
Figure 5.3. Confusion matrix over all 6 classes predicted on a fine-tuned Random Forest
Classifier with F1 of 0.998. Validation was carried out on 1.92M examples...........cccccevveviveninnnns 37

List of Tables

Table 1. Summary of NCBI genome sequences and assembly dataset .............cccocvvvvvveiieiieenen, 22
Table 2: Comparison between different classifiers based on Training and Validation time. ....... 33

vii



Chapter 1

1. Introduction

Respiratory tract infections are defined as the irritation and swelling of the upper airways in
the absence of bronchitis or pneumonia [1]. The most common viruses responsible for
respiratory tract infections include Rhinovirus, Influenza, Adenovirus, Enterovirus and
Respiratory Syncytial Virus. In early 2020, millions of people worldwide were contracting
COVID-19, a disease that is caused by Severe Acute Respiratory Syndrome Coronavirus 2
(known as SARS-CoV-2 as per NCBI Taxonomy ID: 2697049). As of April 2022, 488 million
people have been infected with SARS-CoV-2 resulting in over 6.1 million deaths worldwide
according to John Hopkins University. The heightened need for respiratory virus surveillance

help to illustrate that a robust series of diagnostics tests are required.

SARS-CoV-2 belongs to a larger class of coronavirus’, which include the Middle East
Respiratory Syndrome (MERS) and severe acute respiratory syndrome (SARS), among others.
The disease which caused by SARS-CoV-2, also known as COVID-19, is highly transmissible
which makes it very difficult to alert to the disease early on [2]. There is also the concern that

individuals are

likely to be infected with different pathogens which might have similar syndromes like Sars-

CoV-2 because the respiratory system is not only affected by the Sars-CoV-2 but also other
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species in Coronaviridae, Influenza, Metapneumovirus, Rhinovirus etc. It has been observed that
19-20% of patients testing positive for SARS-CoV-2 were positive with 1 or more additional
pathogens [3], [4], and up to 24% experience superinfection [4] (infection at a later stage of
illness). Understanding different respiratory viruses is important because at the early on-stage of
the COVID-19 pandemic, antibiotic use was widespread; and unnecessary antibiotic use is
associated with increased risk of Chloridoids difficile colitis, adverse drug effects (kidney injury,
allergy) and bacterial and fungal resistant infections [5]. It has also been noted that knowing
which bacterial infection in respiratory systems is present in a patient, can provide health care

practitioners a better scope to guide proper antibiotic therapy [6].

A preliminary SARS diagnosis is based on both clinical and epidemiologic criteria, which
is shared among many SARS viruses. A more specific diagnostic test for SARS-CoV-2 through
polymerase chain reaction (PCR) assays is required and has been developed [7]. However, these
respiratory viruses are mutating every moment which has become difficult in order to identify in
which respiratory virus groups they belong. Once new strains emerge, a modification of the
procedure is required to alert to the new pathogen. RNA-sequencing is one other approach to

characterization which provides a measure of the RNA molecules

present in each sample. One approach to characterization is to encode the nucleotides by
frequency, which makes the analysis agnostic to the position in the genome. However, research
suggests coding and non-coding regions of the genome have different nucleotide frequency
characteristics [10], meaning there is a consideration for which area of the genome is under

observation. Understanding which features to look at and in what way requires significant



domain expertise and expert knowledge. Machine Learning tools are uniquely qualified for this
because it is impractical to develop a taxonomy of sequence reads to act as a reference database.
A more generalized observation of nucleotide frequency and sequencing can provide a
systematic identification of SARS-CoV-2 and other common respiratory viruses and many

written works have worked to do so.

1.1.Thesis Statement and Overview

This thesis aims to provide a simplified classification approach with a k-mer counting that
balances validation time while limiting hyperparameter tuning in order to classify respiratory
viruses through genome sequences. The genome sequences are form NCBI (an United States
government official site) and the dataset was collected from PACIFIC [17]. For this research, the
RNA sequences were adapted though k-mer approach in order to apply machine learning

classifiers and then the machine learning classifiers were applied to classify them

with highest accuracy. Two different experiments were performed to achieve the higher
accuracy.
1. Application of six different machine learning classifiers to compare the fl scores,
training and validation time.
2. Tuning the hyperparameters of those classifiers which required less training and

validation time in order to get highest f1 scores as well as accuracy.



1.2. The contribution of the Thesis

Over 545 million individuals worldwide have contracted acute respiratory tract infections,
which rank as the third leading cause of death worldwide and result in nearly 4 million fatalities
each year. Various RNA viruses, including coronavirus, influenza, rhinovirus, parainfluenza
virus, and metapneumovirus, are among the most common pathogens that cause respiratory
infections and illnesses. Coronaviruses and other new respiratory infections have frequently
crossed species boundaries. Millions of people have been impacted by COVID-19, an infectious
zoonotic disease brought on by the severe acute respiratory syndrome coronavirus 2 (SARS-
CoV-2). Coronaviruses had also caused the 2002-2003 outbreak of SARS-CoV respiratory
disease which has infected around 8,098 people and the outbreaks of Middle East respiratory

syndrome coronavirus

(MERS-CoV, 2012-2020), which has infected almost 2,519 people. Accurate, timely and rapid
surveillance and highlights should be increased for these recurrent emergences of respiratory

viruses.

The respiratory systems are affected by various respiratory viruses like Sars-CoV-2, other
species in Coronaviridae, Influenza, Rhinovirus, Metapneumovirus etc. and that’s why the
syndromes are also quite similar. Moreover, the respiratory viruses are mutating every moment.
For the health care professionals, it has become a must to identify the appropriate respiratory

viruses so that proper remedies as well as medications can be provided.



However, many people have worked on different kind of classification approaches
[16],[17],[19] for classifying respiratory viruses form genome assemblies but this thesis provides
a novel simplified classification approach. The contributions of this research are as follows:

a. This research demonstrates an application of a simple encoding scheme, in this
case k-mers, to the classification of a genome sequence. This can be expanded to
new applications where sequencing of a data type is important for understanding
the underlying process. For example, in the field of Cybersecurity understanding
the sequence of API calls of a running process can provide information of the
intent behind the process, which can be malicious in nature. Beyond Cyber
Security, natural language processing applications also use ngrams in a similar
way to capture the semantics of the English language. Applications of ngrams in
identifying spam emails has also been well studied, and continues to be studied to
this day.

b. This novel method of research requires less training and validation time than the
work done by [17].

c. The optimal value of K in this research was 5 which means the classifiers
performed with a smaller number of features compared to the reference paper
[17] but provided better results. So, it requires much less memory and can
perform better on less powerful computers.

d. This research has achieved higher f1 scores in excess of 0.99 which means it is
able to correctly classify the Sars-CoV-2 and other respiratory viruses pretty well

which can be beneficial for the clinicians to provide the appropriate remedies.



1.3.Outline of the thesis

The structure of this thesis paper is as follows:

In Chapter 1, the idea of categorizing respiratory viruses from genomic assemblies using
computational intelligence and machine learning classifiers is introduced. A few literature
studies of the techniques currently in use for classifying various viruses through genome
assemblies are described in Chapter 2. The background of several machine learning algorithms,
including Nearest Neighbor, Linear SVM, RBF SVM, Random Forest, Extra Trees, and MLP, is
introduced in Chapter 3. The complete technique for this research, including dataset collections,
dataset preprocessing, models and performance metrics, and k-fold cross validation, is described
in Chapter 4. The experimental works, analysis of the results, and performance comparison with
other machine learning classifiers are all covered in Chapter 5. The thesis's conclusion is
presented in Chapter 6, along with a brief list of initiatives to be attempted in the near future to

improve the classification method used in this thesis paper.



Chapter 2

2. Background Research

Early analysis of genome sequences examined dinucleotide patterns in the early 1960s [11].
The motivation being that DNA sequences can be largely explained simply be examining the
mono-, di- and trinucleotide frequencies [12]. However, frequency-based mappings differ by

region, and there is significant loss

in sequence information when considering their frequency of occurrence. As a result, researchers
look at subsequences and use k-mers to understand differences and similarities in pathogenicity
[13]. For example, in [14] the authors used a k-mer of length 7 while in [15] they looked at
varying subsequence lengths from 1 to 10. A full end-to-end implementation was carried out in
[16], where they regarded sequences as text data and developed a vocabulary based on 4-mer
subsequences. The authors used a Convolutional Neural Network (CNN) coupled with Support
Vector Machine (SVM) and achieved 1-4% improved accuracy over existing techniques on 10

benchmark datasets.

Classification has also been of interest in examining patterns in geographical locations where
mutations lead to strains that envelop a region. In [18] 837 Indian SARS-CoV-2 strains were

classified into 22 different groups based on their common mutations. The authors noted broad
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heterogeneity among geographical locations throughout India, with certain strains dominating
certain regions. Geographical-based classification of SARS-CoV-2 has also been carried out to
distinguish differences in strains among continental regions. In [19] the authors achieved 100%
accuracy when distinguishing SARS-CoV-2 from 7 other pathogenic species, however, their
analysis was limited to 32 thousand total sequences which suffered from significant class
imbalance. They coupled their feature processing with XGBoost and relied on dinucleotide
signatures as features. Their approach had significant drawbacks in that relying on too few
sequences and solely dinucleotide signatures meant their geographical-based analysis only

achieved 67% categorical accuracy.

A more wholistic approach was taken in [17] where the authors utilized a CNN and bi-
directional long short-term memory (BiLSTM) network to map the long-range dependencies
between nucleotides at any location of the sequence. The work also carried out SARS-CoV-2 and
other common respiratory virus classification, similar to the proposed work used in this
manuscript. But the approach used in this manuscript is much simpler than them. In this work,
simple machine learning classifiers like Random Forest, Extra trees, Linear SVM, RBF SVM,
Nearest Neighbor and MLP were used with k-mer approach and hyperparameter tunning was
done to get better classification accuracy almost equivalent to them. Their optimum value for k
was 9. So larger memory required. The optimal value of k is 5 in this research. So smaller
memory required compared to them though in both type of approaches, the f1 score is almost
similar (>0.99). They used a machine with an NVIDIA GeForce RTX2080Ti GPU, AMD Ryzen
Threadripper 2950 x 16-core processor, and 125.7 GiB RAM running in Ubuntu 18.04.2 LTS

for classification and their average processing time for 100,000 samples classification was 108s.



In this research, less powerful machine was used. A machine with Intel core i7 2.5GHz, 8 core,
NVIDIA GeForce GT 750M, 16 GiB RAM running macOS version 10.13.6 was used for the

research and average processing time was 18.6s for 100,000 samples.

Chapter 3

3. Background of Machine Learning Algorithm

This chapter presents the background of machine learning classifiers and computational
intelligence approaches like Linear and RBF SVM, Nearest Neighbor , Random Forest, Extra

Trees and MLP.

3.1. Linear and RBF SVM

SVMs, or support vector machines, are frequently employed in supervised machine
learning techniques [25]. SVM often examines a variety of samples (data) to process a wide
range of classification analyses. When using supervised learning, the algorithm often creates an
ideal hyperplane that aids in categorising the new samples (data). This technique develops a
model that assigns a category to a new sample by self-learning from a broad variety of training
samples, each of which is defined by a certain category (data). Either an RBF or a linear kernel

can be used. It can conduct classification, face identification[27], pedestrian detection[28],



handwritten character recognition[26], text categorization, and regression problems using the

provided data samples.

If we take a training dataset, T = {(xP,yP)} , where xP € R™ represents the SVM's input
vector which contains the n-dimensional input features and y? € {—1, +1} represents the output
of the pt™ training data sample. The output of the p t* positive of training samples is indicated

by y? = 1 and the output of the p " negative training samples is indicated by y? = —1 .

Considering above variables, the decision hyperplane in the form of surface is described as

follows:

p
Z wx® 4 b =0 )
i=1

w and b stand for the weight and bias vectors, respectively. The training procedure
establishes the weight and bias term. With the help of these extracted parameters, the decision
hyperplane is positioned in the data space at the best possible point. By positioning the decision
boundary, SVM optimises the geometric margin of all the training data samples. All training
examples are as far away geometrically as feasible from the decision border. The optimization

issue is then best explained as follows:

=W 2 2
2 2)
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s.t

p
zy@(wa(i) +b)—120  i=1l....n 3)

i=1

This optimization problem with the constraint border showed in equation (1) can be

resolved by the idea of Larange multiplier. The Lagrangian may be written as follows:

P
LOw,b,a) =2 I W =Y ayOWTx® +5) — 1) )

i=1

Here, a (a = 0) is the multiplication factor. If the Lagrange function is compared with
respect to w,b and, a; then the optimization problem mentions in the equation (4) can be

formulated as

max L(a) = max (X5_, a; —
a a

lZL Y aiay®@ yDx@x 0y (5)
2 ]
Subject to
p
Z a;y® =0 (6)
i=1

11



a;=>0,i=12,......,p
The positive and negative training data samples can be distinguished through the optimum
decision surface provided by the above solution. However, the samples(data) overlap and are not
distinguishable linearly, then to reach a reasonable solution, the kernel can be applied. The kernel
parameters C,y may be required to tune accordingly in order to obtain better solutions. The
Gaussian kernel is used to solve such kind of problems. The Gaussian kernel can be expressed as

follows

()

. . —l x® — x0) )2

202

A classification approach of SVM has been shown in [6],[8].

Fig.3.1. Simplified structure of Support Vector machine network.

Networks with radial basis functions RBFs can be used to approximate any function. They

consist of a back propagation network with a single hidden layer and a network with a similar

12



structure. Research findings, which are provided in [30], [31], and [32], support the benefits of
RBF neural networks over competing categorization task solutions. A radially symmetric kernel
function, K is calculated by M kernel units. In RBF networks, the Gaussian exponential function

is frequently utilised.

fx) =pBexp (—Xil(x; — ¢;)/0:]%) (8)

The centroid ¢; , constants 8 and a; have to be chosen accordingly to training data set.

In the estimation of a large class of functions, general Gaussian activation functions outperform
sigmoid functions [3 3]. A RBF network's basic architecture resembles that of an SVM network

(Fig. 1), but instead of using the activation function ¢, the exceptional function (8) is used.

3.2.Nearest Neighbor

An example of a supervised machine learning technique is nearest neighbor which is used to
resolve classification and regression issues. However, classification approaches are its primary

application. The nearest neighbours

algorithm calculates the possibility that a data point will join one group or another based on

which group is closest to the data point.

As it doesn't perform any training while providing the training data, it is known as a lazy

learning algorithm or lazy learner. Therefore, training takes less time than testing. It doesn't make

13



any calculations during the training period, just keeps the data. Before a query is run on the
dataset, a model is not built. Nearest neighbour is hence perfect for data mining. Because it
doesn't make any assumptions about the distribution of the underlying data, it is regarded as a
non-parametric method. In a nutshell, closest neighbour seeks to identify the group to which a

data point belongs by examining the data points nearby.

Consider the two groups A and B for a moment. To establish whether a data point
belongs to group A or group B, the algorithm looks at the states of the neighbouring data points.
If the majority of the data points are in group A, then it is quite likely that the particular data

point is in group A, and vice versa.

The nearest neighbour method only requires a small number of steps to function. The first
stage involves choosing a number (k) of neighbours, after which the Euclidean distance for each

of the k neighbours is calculated.

3

*

*® o
*

\ 4 4
\ Category B

Mew Data
point

Category A
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Fig.3.2. Nearest neighbor algorithm data points.

Based on the determined distance, the next k nearest neighbours are chosen. Among these
k neighbours, the number of data points in each category is counted, and the new data points are

allocated to the category with the maximum number of neighbours.

B(Xz2Y2)

X1 X2 >o

Euclidean Distance between Ar and Bz = \/{Xz-)(1}2+{"|’z-‘(|)2

Fig.3.3. Calculation of distance between data points.
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3.3.Random Forest

Random Forest is a method that grows many different decision trees and then merges
them for a more precise prediction. The Random Forest classifier model is based on the idea that
different uncorrelated models work better together than they do separately. Each tree offers a
categorization or a "vote" when utilising Random Forest for classification. The classification

with the most "votes" is chosen by the forest.

The important thing to note here is that the decision trees that make up the bigger

Random Forest model have little to no correlation with one another. The

bulk of the decision trees will be accurate, shifting the overall result in the right direction even

while some of them may make mistakes.

The Random Forest classifier primarily operates in two steps. The random forest is produced
in the first stage, and in the following stage, predictions are made using the random forest

classifier that was created in the first stage.

The Random Forest algorithm has two stages: the first is to generate a random forest, and

the second is to produce a prediction using the random forest classifier created in the first step.

The entire procedure is illustrated in the figure below, which makes it simple to comprehend.

16



Decision Tree-1 Decision Tree-2 Decision Tree-N

Result-1 Result-2 Result-N

Majority Voting / Averaging

Final Result

Fig.3.4. Random Forest classifier model.
The random forest classifier model is constructed in the first stage. In the first phase,

randomly choosing "K" features out of a total of "m" features is done,

where k << m. The optimal split point is then used to determine the node "d" among the "K"
features. The node is then divided into daughter nodes using the best split in the following phase.
After then, repeat steps 1 through 3 until "I" nodes have been reached. As there are "n" trees, it is

time to grow the forest by repeating these procedures "n" times.

The prediction must be made in the second stage after the creation of the random forest. In a
few steps, the random forest prediction is completed. First, test features are utilised to predict the
outcome and store the expected outcome (target). Next, votes are generated for each predicted
target, and ultimately, the predicted target with the highest number of votes is taken into account

as the random forest algorithm's final prediction.

17



3.4. Extra Trees

Since it constructs numerous trees and divides the nodes using random subsets of features,
Extra Trees almost behaves like Random Forest. However, it differs from the random forest in
two important ways. It does not bootstrap observations, which entails that it samples without

replacing any nodes and splits the nodes at random.

In a nutshell, Extra Trees uses bootstrap = False by default, sampling without replacement,
and splitting the nodes based on random splits among a random subset of the features chosen at

each node.

Randomness in Extra Trees does not result from data bootstrapping. It originates from the
arbitrary divisions of all observations. Because of this, Extremely Randomized Trees is another

term for Extra Trees.

3.5.MLP

A multilayer perception (MLP) classifier has a network that feedforward maps the input data
sets onto the output data sets. An MLP often has numerous layers of interconnected nodes, with

each layer linked to both the one before it and the layer after it. Each node's outputs are weighted

18



units followed by a nonlinear activation function to separate the data that cannot be separated

linearly. The output activation function a®*1 at layer I+1 is derived by the input activation a®

al*D = g (wa® 4 p®)y 9)

In the above equation, | corresponds to a specific layer, w® and b® denotes the weight

and bias at layer | and o represents the nonlinear activation operation function. For an m

multiple layer perception, the first input layer is a®® = x while the last output layer is as follows:
h () = Q™ (10)
The weights w and bias b in equation (10) are learned by supervised training. The

objective function is to minimize the difference between predicted outputs and the desired

outputs:

JW,b,x,y) =~ || hy(x) = yII? (12)
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Chapter 4

4. Methodology

This chapter describes the overall methodology has been used for this research.

3. Preprocessing/ ™
! Normalization

[AAG:0, ™
alals| ¢ : 2
plefel oy . =D 8 ..

1. K-mer Sub-sequencing 2. Tokenization 4. Machine Learning 5. Classification

Fig.4.1. Summary of the feature extraction and Machine Learning pipeline used to classify Sars-
CoV-2 and other common respiratory viruses.

4.1.Dataset Collection

The dataset used for this research is from National Center for Biotechnology Information
(NCBI). Through a variety of mathematical and computational techniques, NCBI carries out
fundamental research on biomedical issues at the level of molecules. Additionally, it continues to
work in partnership with various NIH institutions, business, academia, and other government-
owned organisations. It promotes scientific exchange and aids training initiatives for

fundamental and applied computational biology research. For the benefit of the scientific and

20



medical communities, it creates, distributes, supports, and coordinates access to numerous
databases and tools. The NCBI creates and advances the norms for biological nomenclature, data

sharing, and databases.

In this work, over 7.91 million viral sequences were extracted from 19,799 genome
assemblies from the NCBI Assembly database [20]. Each sequence represents 150nt-long base
pairs derived from the source genome assembly. All the DNA samples were independent. DNA
of wvarious pathogens including Sars-CoV-2, Coronaviridae, Influenza, Rhinovirus and
Metapneumovirus are included in the dataset. In addition to this we included annotated genomes
belonging to Humans, which were retrieved from Ensemble 2020 [21] . Including 5 respiratory
viruses and the human genome, six total classes were created. The dataset details are shown in

Table I. We utilized the preprocessed fasta files available from [17] in our work.
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TABLE 1. SUMMARY OF NCBI GENOME SEQUENCES AND ASSEMBLY DATASET.

Number of Number of Genome Number of
Class Bases Sequences (millions) Genome Genus Groups
(millions) 9 Assemblies
SARS-CoV-2 0.0 0.86 87 SARS-CoV-2
Coronaviridae 0.0 0.64 12 Alpha, beta, gamma
H1IN1, H2N2, H3N2, H5N1,
Influenza 0.0 1.12 1024 H7N9, HON2, Influenza B,
others
Metapneumovir 0.0 0.44 5 Metapneumovirus
us
Rhinovirus 0.0 1.35 130 A, Al, B, C1, C2, C10, others
Human 525 3.50 18,541 Human transcriptome
Total 525 7.91 19,799

4.2. Dataset Preprocessing

The dataset has been preprocessed as well as cleaned through 5 different steps. The first step is to
remove the file information from each DNA sequence in order to get the raw sequence. Then in the
following step, the features have been adapted for applying machine learning classifiers. In the third step,
the target column has been labeled by label encoder. Then in forth step, the features are normalized by a

scaler function and the dataset was split for training and testing.
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Step 5
Step 1 Splitting the Dataset for Training and
Removing the file information from each Labelling the target column for Tesfing purpose
Genome sequence Machine Learning

Slep 2 Step 4

Normalizing the Features

Adapting the g e sequence
for Machine Learning

Fig.4.2. Dataset pre-processing steps.

4.2.1. File information removal

There remains a file information in each of the sequences. Each sequence (150nt long) starts with

the file along with the location. These information has to be removed in order to get the raw sequence.

>AF144300.1:385:1TT AAAACCACCTCCATGCATAACATCTTGTGCT
TCTTTAGCACTGCAGATCTGCATGGCCC TTTATATCCACCCGGC
ACGCTATTTTAACTT TTCGCGCAAATGCAAC ACCCAAGGTTCCA
TGTTTTAACCTTTCAACCTTCT

>FJ445142.1:6004: 1 CACTACAACACACTOTOCTTTCOGTATTCATCCATTA
AGGCTCTAGATCTAAACACTAGTGCAGGATTTCCTTATGTTTCATT
AGGCGAATAAAAAACAAAGCACCTTATAGCGATAAGCAAAACAAAAGATATCA

CAAAACTTAAGCAAAGCAATT
Fig.4.3. DNA samples of common respiratory viruses.

23



If the above DNA samples are investigated then it is found that there are file information
Infront of the DNA samples regarding the files and the specific location from where the DNA

has been collected from the NCBI database.

4.2.2. Feature Adaption for machine learning application

The features have to be adapted to apply machine learning classifiers. In order to do those
two steps has been taken into account. In the first step k-mers has been applied to get the
subsequence of the original sequence as well as tokens and then count vectorizer has been

applied to get the DNA in numeric values in order to apply machine learning classifiers.

MI3F_DZ_2.JasmmeYAnn|ck abI Fragment base ‘343 Base 343 of 1 044
C G C A C G G G G GG G C A
C TG ARACAGTELC T H G H G T H T G G T R G G G G C A

] G G G A A
AR ARG GG ARAT

M13R_l:2_2dasm|neVann|ck ab'l Fragment base ”280 Base 230 of 1 02?
T G A__A C A G C G G C A A G G G A__A
R3 ¥ ¥ & T3 @ H T J T J H T H 3 3 Fl T J 3 3 3 g B4 F 30 935k T

EE ] [EZ@—I]

Fig.4.4. Combination of the nucleotides in DNA.
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4.2.2.1. k- mer Approach

K-mers are k-length substrings of a biological sequence that are used in bioinformatics.
K-mers, which are made up of nucleotides (such as Adenine, Thymine, Guanin, and Cytosine)
and are primarily used in the context of computational genomics and sequence analysis which
helps to assemble genome sequences, enhance heterologous gene expression, identify species in

metagenomic samples, and develop attenuated vaccines.

Typically, the term k-mer refers to all of a sequence's subsequences of length k, such that
the sequence AGAT would have four monomers (A, G, A, and T), three 2-mers (AG, GA, AT),
two 3-mers (AGA and GAT) and one 4-mer (AGAT). So, a sequence of length L will have
L—k+1 K-mers and n”k total possible K-mers where n is the number of possible monomers (for

DNA, n = 4). If 2-mers is applied where value of K = 2 the below combinations can be found
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AAAAAAAAAATTGCTAA
(L=16)

AA AA AA AA AA AA AA AA AA AT TT TC CT TA AA
(L—k+1 = 16-2+1= 15)

Fig.4.5. sub sequencing through k-mers.

Here the sequence length, L is 16 and as the value of K is 2, so 15 subsequences are found.

5.2.2.2. Count vectorization

A fantastic utility offered by the Python scikit-learn module is CountVectorizer. Using
the frequency and count of each word that appears in the full text, it is used to convert a given
text into a vector. Data is tokenized by CountVectorizer and divided into units called n-grams,

the length of which can be specified by giving a tuple to the ngram range argument.

With the application of both K-mer counting and countvectorizer we are able to transform

the genome sequences into our desired numeric value for machine learning.
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If we apply count vectorizer on the subsequences we got through K-mer, we get the

following results.

AA AA AA AA AA AA AAAAAAAT TT T T TA AA

{'AA': 0, 'AT": 3, 'TT': 15, 'TC" 14, 'T' 11, "TA: 12, 'AC": 1, 'CT":
7, 'TC' 13, 'CA" 4, 'AC" 2, "CC" 9,"CA" 8, "(5"1 10, 'CC":5,'C":
6} (n=4,k=2,n"2=4"2=16)

01 2 3 4 5 6 7 8 % 10 1 12 13 14 15

oo 0010 O0OODOOODCO0OD O T T D 1T 1

Fig.4.6. Countvectorization of the sub sequences found through k-mers.

Here, n=4 for DNA and k=2, so n"k = 472 = 16. The original sequence can have a maximum

number of 16 subsequences. You can see the maximum possible subsequences here.
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4.2.3. Labeling Target Column

There are 5 classes of respiratory virus and a human genome class. In total the whole
dataset consists of 6 classes such as Sars-CoV-2, Coronaviridae, Influenza, Rhinovirus,

Metapneumovirus and human. A label encoder has been used to adapt the target column.

4.2.4. Feature normalization

The Features have been normalized by the following MinMax scaler function

Class sklearn.preprocessing.MinMaxScaler(feature_range= (0, 1), copy=True)

4.2.5. Splitting dataset

First of all, A dataset of 120k samples were taken where each class contained 20,000
samples. This dataset was divided into 80/20.Where the 80% is the training samples and 20% is

the testing samples.

Then the whole dataset was taken into account. Where the number of samples is 7.91

million. In real world, the number of training samples are less

than testing samples. So, 16% samples were taken for training and rest 84% samples for testing.

So, ~1.2M samples were used for training and ~6.7M were used for validation.
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4.3. Models and Performance metrics

Six different Machine Learning classifiers were utilized from the python library to
evaluate the approach of this research in order to classify the dataset found by k-mers and count
vectorization such as Nearest Neighbor, Linear SVM, RBF SVM, Extra Trees, Random Forest

and MLP.

To assess the model performance precision, recall and F1-score (F1) were evaluated.
These metrics consider class imbalance and provide a set of summarized metrics to assess which
models are worth fine-tuning. The expressions for precision, recall and F1 scores are shown here.
TP, FP, and FN are shorthand notation for True Positive, False Positive and False Negative,

respectively.

.. TP
recision = —— 12
p TP+FP ( )
TP
recall = —— (13)
TP+FN
2Xprecisionxrecall
precision+recall

To assess the model performance precision, recall and F1-score (F1) were evaluated.
These metrics consider class imbalance and provide a set of summarized metrics to assess which
models are worth fine-tuning. The expressions for precision, recall and F1 scores are shown here.
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TP, FP, and FN are shorthand notation for True Positive, False Positive and False Negative,

respectively.

4.2. K-fold cross validation

Finally, to ensure the efficacy of the results, a K-fold cross validation was performed
over the dataset to ensure the generalizability of the model. The whole dataset was randomly
partitioned into 5(k=5) validation sets. In each iteration, one of the 5 validation sets were used as
test set and rest of the dataset was used as training set. The process was repeated 5 times as k=5
and the precision, recall and f1-scores were averaged. This way the model has trained and been
validated on each subset of the whole dataset, providing robustness to the results found in this
research. The expression for the average loss or performance metric L over K iterations, is shown

here

1 K
i=1
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Chapter 5

5. Experiments and results

This section describes the experiments done for this research and the results found
through the experiments. This section is divided into the two parts. In the first part, the Model
Selection and Performance has been discussed and in the second part, the Fine-Tuned Models

and Cross-validation Performance was evaluated.

5.1. Model Selection and performance

Six different machine learning classifiers were applied on 120 thousand samples where
each class contained 20 thousand samples. The training set is 80% and test set is 20%. After a
120 of simulations, it was considered that the value of K should be 5 which is still less than the
optimal solution of the refence paper from which the dataset was collected where the optimal
solution for k was 9. Here in the charts, f1 scores for all the classes are shown in each different

model.
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F-1 scores for six models

1
0.9
0.8
0.7
0.6
0.5
0.4
0.3
0.2
0.1

F-1scores

Nearest Neighbors Linear SVM RBF S‘ M ExtraTrees Random Forest MLP

m Coronaviridae 0.98 0.49 0.91 0.52 0.61
® Human 0.92 0.66 0.99 0.83 0.56 0.7
Influenza 0.98 0.71 1 0.95 0.63 0.76

= Metapneumovirus 0.99 0.57 1 0.96 0.51 0.66
= Rhinovirus 0.99 0.63 1 0.97 0.56 0.66
u SARS CoV-2 0.99 0.5 1 0.91 0.42 0.53

Fig.5.1. f1 scores of each class after applying six different
Classifiers.

As per the above chart, The Nearest Neighbors, RBF SVM and Extra Trees showed the
highest f1 scores and the Linear SVM, Random Forest and MLP classifiers showed lower f1
scores. Nearest Neighbors is parameter less and learns decision boundaries based on the structure
of the data itself. Meaning it is likely to aggregate the knowledge of its surroundings to make an
informed prediction. It uses all features when determining the distance metric, therefore it
encompasses the totality of the feature information when making its prediction on the closest k
members. That’s why it performed a bit better. Linear SVM (gamma) draws hard decision
boundaries between the samples using a hard-margin. The RBF-kernel is able to transform the
feature space with the use of the kernel to develop highly non-linear decision boundaries that
would have otherwise not been constructed using a linear approach. Random Forest requires a lot
of tuning with regards to the size of the tree and how many features are considered at each
iteration. For k-mers, excluding some features but not others could have penalized the model
performance as considering only some of the 2-mers but not all means the random forest tree is

only getting part of the information it requires. Extra trees classifier does not have this problem
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as all features are considered for all trees, and therefore outperforms random forest. MLP is easy
to overtrain, and the size of the network is likely to have caused overfitting on the training set,

leading to poor performance on the validation.

We found that training on 7.91 million samples would have taken a prohibitively long
time. To reduce the training time, we randomly chose a smaller training set as follows: from the
7.91 million original dataset, we randomly chose 20k samples for each class, thus forming a data
set totalling 120k samples. 120k samples, in which 20k samples were taken from each of the 6
classes, from the 7.91 million and used the 120k subset. The resulting 120k dataset was applied
to each classifier under consideration. The following table describes the training and validation

time for the six classifiers which were applied on the 120k samples.

Table 2. Comparison between different classifiers based on Training and Validation time.

Model Training Time (S) Validation Time (s)
Nearest Neigbors 0.01 73.43
Linear SVM 512.57 99.94
RBF SVM 205.58 51.53
Extra Trees 0.52 <0.01
Random Forest 0.20 0.03
MLP 23.06 0.03
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In the above chart, the training and validation time of six different classifiers are
described. Nearest neighbour took lowest training time (0.01s) than others. But the validation
time is 73.43s which is much higher than training time. The Linear SVM and RBF SVM took
more time in training than validation. The Extra Trees, Random Forest and MLP classifiers also
took more training time than validation but still these three classifiers took much less training
and validation time than the Nearest Neighbors, Linear SVM and RBF SVM. Accordingly, these
three best performers were chosen to train on the entire original dataset of 7.91 million samples.

Furthermore, hyperparameter tuning was applied to these best performers to improve the results.

5.2. Fine-tuned model and cross-validation performance

The three classifiers i.e. Random Forest classifier, Extra Trees and MLP classifiers were
fined tuned and applied on the whole dataset which is consists of 7.91 million samples. Here the
training set was 16% and validation set was 84%. So, about 1.2 million samples were used for
training for each of the classifier models and ~6.9 million samples were used for validation. It
was chosen in this way because the number of training samples are always much less than the

number of test samples in the real world.
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0.995 0.998 0.998

0.99
0.98
0.97
0.96

MLP Extra Trees Random Forest

M Precision M Recall wF-1score

Fig.5.2. Summary of averaged performance metrics over all 6 classes for fine-tuned models.

For the MLP classifier, after applying different parameters several time, a certain set of

parameters were passed to get the high f1 score. The hyperparameter

tuning was done through passing some parameters such as initial learning rate was set to 5e-3
which is usually by default set to 0.001. This initial learning rate helps to control the step-size in
updating the wights. The hidden layer size has been set to [64,32] which is by default [100,]. The
ith element represents the number of neurons in the ith hidden layer. The verbose was set to True
instead of false(by default). The early_stopping was set to True which is usually false by Default.
If validation score is not improving, then early _ stopping can be used to terminate training. If set
to true, it will automatically reserve 10% of training data for validation and stop training if the
validation score does not increase by at least | for n_iter_no_change successive epochs. With the
exception of a multilabel configuration, the divide is stratified. If early stopping is False, training
will cease after n iter no change consecutive trips through the training set if the training loss does

not decrease by greater than I. This only works when solver="adam' or'sgd’. And last of all the
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validation fraction was set to 0.2 instead of 0.1. By sending the above-mentioned parameter the
model reached a high f1 score of 0.995 which is much higher than the one found before doing the

hyper parameter tunning.

For Extra Trees classifier, the hyperparameter tuning was done through passing various
parameters such as balancing all the class weights through putting the class weight “balanced”.
The number of trees (n_estimators) in the forest was set to 50 which was by default 100. In order
to control the verbosity when fitting and predicting, the verbose was set to 1 instead of default O.

To use all the

processor the number of jobs n_jobs was set to -1 instead of 1.The above hyperparameter tunning
was done after several attempts with other parameters and different values and higher f1 0.998

score was found .

For Random Forest classifier, the hyperparameter tuning was done through passing
different parameters such as balancing all the class weights through putting the class weight
“balanced”. The number of trees (n_estimators) in the forest was set to 50 which was by default
100. In order to control the verbosity when fitting and predicting, the verbose was set to 1 instead
of default 0. To use all the processor the number of jobs n_jobs was set to -1 instead of 1. The
above hyperparameter tunning was done after several attempts with other parameters and

different values and higher f1 0.998 score was found .
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After all the experiments and analyzing the results it was found that the Fine tuned
Random Forest classifier provides higher scores than other. The precision, recall and f1 score for
Random Forest classifier is 0.982, 0.983 and 0.998 respectively and it also takes less time to
process. For every ~100,000 samples it takes around 18.6 seconds. The classification matrix of a

Random Forest classifier are shown below:

Coronaviridae -SREEIS 0 0 0 0 300000
Human - 250000
— 200000
2 Influenza 4 3
o
5 - 150000
E Metapneumovirus { 0
- 100000
Rhinovirus 4 1
- 50000
Sars Cov-24 0
T - 0
S Y
450 S 02'\ é@\ 0'3\ oy
(& & & & & ¢
& A 2 Qp- >
£ o2 )
P @?’Q
RS
Predicted label

Fig.5.3. Confusion matrix over all 6 classes predicted on a fine-tuned Random Forest Classifier with F1 of
0.998. Validation was carried out on 1.92M examples.

As per the above classification matrix, the highest FP rates for the Rhinovirus being
classified as Human (1629) and Coronaviridae being classified as human (704). Overall, the non-

Human classes all achieved a near-perfect score with very little FP rates between them. The
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classes which achieved perfect F1 score included Influenza, Metapneumovirus and SARS CoV-
2; with most of the FP and FN that were not in the single digits belonging to classes involving
the Human class. Possibly the large number of unique genome assemblies belonging to the
Human class could be one reason for the higher rates of FP and FN, with the other classes being
sourced from fewer assemblies, and therefore, providing more homogeneity. Interesting enough

Coronaviridae is a large family of single-

stranded RNA viruses that include subfamilies of coronaviruses [24], however, the models did

not find consistent overlap in their 5-mers with SARS CoV-2.

Chapter 6

6. Conclusion and Future Work

This chapter describes the conclusion and future work for the further development of this

research.

6.1.Conclusion

Machine learning may be used as an aid to help clinicians diagnose and identify
respiratory infections from genome sequences. The common respiratory viruses might have same

kind of syndromes as all of them attack the respiratory system. In order to properly identify the
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exact respiratory virus, DNA classification is one of best approach for the clinicians so that

proper vaccines can be applied.

However, this research introduced a k-mer (k=5) approach along with a fined tuned

Random Forest Classifier was applied to classify RNA viruses

(Coronaviridae, Influenza, Metapneumovirus, Rhinovirus and Sars Cov-2), and achieved a
classification rate of 99.8 %. Moreover, by doing the hyper parameter tuning in Random Forest
classifier by passing parameters such as n_jobs=-1 (helps in using all the processors to run the
program), class_weight = “balanced”, n_estimators=50 (the number of trees in the forest) and
verbose=1 (controls the verbosity when fitting and predicting), high classification accuracy rate
(99.8%) was achieved. It was also found that MLP, Extra Trees and Random Forest yielded a

much faster processing time than Nearest neighbor, Linear SVM and RBF SVM.

6.2. Future Work

This proposed scheme provides a reasonable solution for classifying the common
respiratory viruses through genome assemblies. Some future work can be done for the expansion

of the model:

a. The samples used in this research are from independent virus RNA sequence. The
future work can be included mutations and substitutions to the validation set to test the

robustness of the methods used in this research to slightly mutated sequence.
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b. In this research almost 7.91 million genome sequences were examined. This work also

limits the samples to sequences 150 bases long, meaning each

example used represents a small snippet of the full genome assembly, requiring less inference
time for prediction but less information to learn during training. The future work for this research
could be working with a greater number of genome sequences as well as more genome

assemblies with longer bases.

c. It was found that the genome sequences, while not random, were somewhat
deterministic and may indicate a deeper character when analyzed at several different levels of
measure. Therefore, it is proposed to use fractal and chaos theory to create additional features,

which may add additional degrees of freedom to classify the data.
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