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The subject of this thesis is to develop a machine learning algorithm
application that accurately performs remote homologous protein detection, which is
an important problem in the field of bioinformatics.

The discovery of remote homolog proteins is important because it is
beneficial to discover the structure of unknown proteins. In the thesis, the problem
of different lengths of protein sequences is solved by using natural language
processing methods such as the bag of words model. The performances were
measured by applying motifs of different lengths as protein features. A new
application in this thesis provides a solution to the unbalanced data problem. This
application, which is a KNN method with k-split with various distance methods, is
a competitive study.

Remote homologous proteins are a difficult problem to solve because they
rely on small sequence similarities. In the thesis, another new application that trains
with a new deep neural network that balances TF-IDF feature vectors calculated over
n-grams with smoothing operations is carried out. The new application demonstrates
the power of deep learning algorithms. The new application achieves better
performance and overcomes the unbalanced data set.
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Bu tezin konusu, biyoinformatik alaninda énemli bir problem olan uzaktan
homolog protein tespitini dogru bir sekilde gerceklestiren bir makine dgrenmesi
algoritmasi uygulamasi gelistirmektir.

Uzak homolog proteinlerin kesfi, yapisi bilinmeyen proteinleri kesfetmekte
faydali oldugu i¢in 6nemlidir. Bu tezde, farkli uzunluktaki protein dizileri problemi,
kelime c¢antas1 modeli gibi dogal dil isleme yontemleri kullanilarak ¢ziilmistiir. Bu
tez g¢alismasmin performanslari, protein ozellikleri olarak farkli uzunluklarda
motifler uygulanarak Ol¢iilmiistiir. Bu tezde yeni bir uygulama, dengesiz veri
sorununa ¢dziim sunmaktadir. Cesitli uzaklik yontemleri ile k-split ile bir KNN
yontemi olan bu yeni uygulama, diger ¢alismalarla rekabet edebilecek niteliktedir.

Uzak homolog proteinler, kiiciik dizi benzerliklerine dayandiklari igin
¢oziilmesi zor bir problemdir. Tezde, n-gram {izerinden hesaplanan TF-IDF 6znitelik
vektorlerini yumusatma islemleri ile dengeleyen yeni bir derin sinir ag1 ile egiten
yeni bir uygulama daha gerceklestirilmistir. Bu yeni uygulama, derin 6grenme
algoritmalarinin giiciinii gostermektedir. Bu yeni uygulama iyi bir performans ile
dengesiz veri seti probleminin {istesinden gelmektedir.

Anahtar Kelimeler: Biyoinformatik, Uzak Homolog Protein Tespiti, Derin
Ogrenme
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GENISLETILMIS OZET

Giiniimiizde hizla artan biyolojik veri, bu verilerden anlamli bilgi ¢ikarilmasi
ihtiyacin1 dogurmaktadir. Bilgisayarlar biiylik miktarda veriyi isleyip analiz
edebilme yetenegine sahiptir. Bilgisayarlarin bu 6zelliginden dolayi, biyolojik
veriler bilgisayar algoritmalari ile islenip anlam ¢ikarilmaktadir. Bundan dolayzi;
Molekuler Biyoloji ve Bilgisayar bilimini birlestiren bioinformatik alan1 dogmustur.

Homolog ve uzak homolog protein tespiti; biyoinformatik alanindaki
coziilmesi gereken 6nemli problemlemlerden ikisidir. Proteinlerin homolojisini ve
uzak homolojisini tanimak, yapisi ve islevi bilinmeyen proteinler hakkinda bilgi
edinilmesine yardimci olacagi i¢in 6nemlidir. Yapisi bilinmeyen proteinler hakkinda
bilgi edinmek, tipta hastalik tanis1 ve yeni ilag kesfinde ¢cok faydali olmaktadir.

Bu tezde ¢oziilmesi homolog protein tespitine gore daha zor olan uzak
homolog protein tespiti ¢alismasi gergeklestirildi. Uzak homolog proteinler,
homolog proteinlere oranla daha diisiik benzerlige sahip olduklari i¢in tespiti daha
zor bir problemdir.

Bu tezde uzak homolog protein tespiti i¢in, proteinleri yapilarina ve
fonksiyonel ozelliklerine gore siniflandiran SCOP veritabani kullanilmaktadir.
SCOP veritabanindan alinan proteinler, protein sira bilgisine ilave olarak protein
aile, siiperaile ve fold bilgileri ile birlikte ¢ekilir. Giiniimiizde stirekli yeni proteinler
kesfedilmeye baslandig1 icin proteinleri diizenli olarak depolayacak veritabani
ihtiyact artmaktadir. Bu sebeple, biyoinformatik problemlerinde biiyiik veri
cOziimlerine ihtiyac oldugu gozlenmistir. Artan protein verisini depolayabilmek ve
gerektiginde tekrar erigebilmek amaciyla ¢alismada NoSQL veritabaninda protein
depolamasi da gergeklestirilmistir.

Homolog proteinler ayni aileden olan proteinler iken; uzak homolog
proteinler, ayni siiperaileden olup farkli aileden olan proteinler olarak tanimlanirlar.

Bu bilgiden yola ¢ikilarak proteinler hem uzak homolog ve hem uzak homolog
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olmayan proteinler olmak {izere bu ¢alismada basarili bir sekilde makine 6grenme
ve dogal dil isleme algoritmalar1 kullanilarak sinmiflandirilmistir.  Bu tezde uzak
homolog protein tespitin ¢alismalarinda, sadece pozitif 6rnekler degil de hem pozitif
hem negatif protein sirasi 6rnekleri kullanildiginda daha basarili sonuglar alindigi
icin ¢aligmamizda her iki tip protein 6rnekleri de kullanilmistir.

Bu tezde, temelde SCOP 1.53 protein veritabam ¢alismada uzak homolog
protein tespiti yapmak i¢in kullanildi. Uzak homolojileri en iyi performansla tespit
etmek i¢in dnemli adimlardan biri proteinlerin 6zelliklerini en faydali sekilde elde
etmek, digeri ise bu dzellikleri en iyi sekilde siiflandirmaktir. n-gram Dil Modeli
kullanilarak n-gram protein dizileri ¢ikarildiktan sonra, calismada TF-IDF
agirliklandirma modeli ile TF-IDF Matrisi elde edilmistir. Elde edilen protein
Ozellikleri ile proteinleri uzak homolog ve uzak olmayan homolog olarak %95 - 99
ortalama dogrulukla siniflandirmak i¢in Multinomial Naif Bayes, Complement Naif
Bayes, Gaussian Naif Bayes ve Bernoulli Naif Bayes olmak iizere dort tip Naif
Bayes siniflandiric1 kullanilmistir. Bu dort tip Naive Bayes algoritmasi i¢indeki
Gaussian Saf Bayes algoritmasi, proteinlerin uzak homolojiye gore
siniflandirilmasinda en basarili performanst %99 dogruluk ve en az zaman
karmagikligi, ortalama mutlak hata ve ortalama kare hata degerleri ile saglamaktadir.

Bu tezin bir boliimiinde, proteinlerin yapisal simiflandirmasi SCOP 1.53,
SCOP benchmark ve proteinlerin kisaltilmig yapisal simiflandirmasi olan SCOP
2.07'den yeni olusturulan SCOP benchmark protein veritabani, uzak homolog
proteinleri tespit etmek icin kullanilmigtir. N-gram protein dizileri, n-gram dil
modeli kullanilarak ¢ikarildi ve bir TF-IDF agirlik modeli ile bir TF-IDF matrisi elde
edilmistir. Ik énce bu sekilde elde edilen dzellikler, yeni insa edilen derin 6grenme
mimarisiyle simiflandirilmistir. Bu siniflandirmanin sonucunda dogruluk sonuglari
oldukea iyi goriinmektedir. Fakat karmasiklik matrisine bakildiginda ise az 6rnekli
sinif olan uzak homolog smifinin ¢ogunlugunun kabul edilemez bir sekilde yanlis
siniflandirildigi gézlenmistir. Bunun iizerine dengesiz veri problemini ve dolayisiyla

yanlis smiflandirmay1 onlemek i¢in bir yumusatma islemi gergeklestirilmistir.
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Yumusatma isleminin ardindan, elde edilen dengeli 6zellikler, i SCOP veri seti ile
yeni insa edilen derin 6grenme mimarisi kullanilarak uzak homologlara basarili bir
sekilde smiflandirilmastir.

Bu tezde protein o6rneklerini yumusatma islemi ile edilen protein veri seti,
yeni inga edilen derin 6grenme yontemi ile ortalama %89,13 dogruluk ve ortalama
%88,39 ROC puam ile uzak homolog proteinleri tespit edilmistir. Bu metodun
ardindan uzak homolog protein tespiti i¢in, farkli £ en yakin komsu algoritmasi gibi
farkli algoritmalar da denenmistir.

Daha 6nce yumusatma isleminden elde edilen bu 6znitelik vektorleri farkl
k en yakin komsu smiflandirici algoritmasit kullanilarak smiflandirilmistir. Bu
simiflandirmada, uzak homolog i¢in farkli k en yakin komsu siniflandirict {izerinde
Bray Curtis, Euclidean, Minkowski, Dice, Jaccard, Chebyshev, Cosine,
SokalSneath, Corrrelation, Matching, RogersTanimoto, SokalMichener, Canbera,
Hamming, Kulczynski ve RussellRao kullanilan farkli uzakliklar kullanilmigtir.
Ancak sadece dogruluk degerlerine bakildiginda Bray Curtis, Euclidean,
Minkowski, Dice, Jaccard, Chebyshev, Cosine, SokalSneath ile KNN yontemi ile
yapilan siniflandirmada ortalama %98,7 dogrulukla oldukca iyi bir basari elde
etmistir. Ote yandan karigiklik matrislerine bakildiginda bu bagarinin tam anlamiyla
dogru olmadigi gorilmektedir. Bunun nedeni dengesiz veri sorunudur. Uzak
homolog protein tespitinde, dengesiz veri sorununu Onlemek ic¢in 6zel bir k-kat
degeri formiilii ile katmanli ¢apraz dogrulama) metotu Onerilmistir. Bray Curtis
uzakligr ve 6zel k-kat degeri ile ¢apraz dogrulama ile KNN algoritmasinin %99
dogrulukla en basarili performansi gosterdigi gozlemlenmistir.

Bu tezin uzaktan homolojiyi tespit etmedeki basarili sonucu, yeni
proteinlerin kesfinde ve dolayisiyla tipta ila¢c kesfinde ¢ok umut vericidir. Bu
calismada asagida siralanan 6nemli katkilart literatiire sunmaktadir:

1) Biyoinformatikte dogal dil isleme tekniklerinin basarili bir sekilde

kullanildigin1 géstermektedir.
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2) n-gram isleminde dogru n-degerini se¢gmenin basariy1 ne derece etkiledigi
gozler Oniine serilmektedir.

3) Dengesiz veri probleminin smiflandirma basarisin1 nasil etkiledgi
gosterilmistir. Dengesiz veri problemini yenebilmek igin yapilabilcek cesitli
yontemler agiklanmustir.

4) Bu calismada, smiflandirma caligmalarinda dogruluk sonuglarinin
basarisinin, 6zellikle dengesiz veri problemlerinde tek basina yeterli olmadigi,
karigiklik matrisi gibi diger performans degerlendirme olgiitlerinin de dikkate
alinmasi gerektigi ortaya konmustur.

5) Yeni 6nerilen Derin 6grenme mimarisi, proteinlerin uzak homolojisini
saptamak i¢in yumusatilmis veriler lizerinde iyi sonuglar verdigi gézlenmistir.

6) Bu calismada, katmanl capraz dogrulama iizerindeki £ kat degerinin
otomatik olarak farkli simif ve Ornek degerlerine bagl olarak belirlenmesinin
onerilmesi, dengesiz veri problemlerinde oldukga faydali olacaktir.

7)Katmanlt k-kat ¢apraz dogrulama ile £ en yakin komsu smiflandirict
metodunun uzaktan homolog protein tespiti igin basarili bir yontem oldugu
gdzlenmistir.

8)Cesitli Naif Bayes metotlarmin uzak homolog protein tespitinde olan
basaris1 gosterilmistir. Gaussion Naif Bayes algoritmasinin basarisinin da uzak
homolog protein tespitinde, diger Naif Bayes metotlarina oranla iist sirada oldugu
gdzlenmistir.

9) Bray Curtis mesafesi ile KNN ve yeni k kat ile katmanli ¢apraz
dogrulama, uzak homolog protein kesfinde gelecek vaadeden bir yontem oldugu
gbzlenmistir.

10)Biiyiik veri problemlerinin molekiiler biyoloji alanin1 da etkilen 6nemli
bir faktor oldugu gozler oniine serilmistir. Bu sebeple, MongoDB gibi bir NoSQL
veritabaninda protein sirasi 6rnekleri depolanmasi, bu calismada gerceklestirilerek

sonraki ¢aligmalara 151k tutmasi planlanmastir.
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1. INTRODUCTION

1.1. Subject of the Thesis

In computational biology, remote homologous protein detection is among
the essential problems (Chen et al., 2016; Ben-Hur and Brutlag, 2003). Recognizing
the homology and remote homology of proteins provides important developments in
bioinformatics because it is benefitable to discover functions and structures of
proteins (Dong et al., 2006).

Algorithms based on similarity of protein sequences alone are insufficient to
discover remote homologous proteins. In addition to the similarity, protein family
and superfamily information have also benefited by taking into account the protein
structural similarity. Proteins from the same ancestor are thought to contain similar
properties. Proteins from the same family are structurally more similar than proteins
from different families. Hence, remote homologous protein detection problems are
built on the protein family and superfamily (Shah et al., 2008).

Although remote homology and similarity are different concepts, remote
homology detection is established on sequence similarity. Prediction problems of
remote homologous proteins can be considered as detecting protein similarity. The
important point of the problems is the protein similarity ratios. If a pair of proteins
are remote homologs to each other, their similarity is between 25% and 40%. On the
other hand, the problem can be considered. On the other hand, the problem can be
considered as detecting protein families and superfamilies. If a pair of proteins are
remote homologs of each other, they are from the same superfamily but a different

family.
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The thesis has benefited from various fields like bioinformatics, NoSQL
databases, and machine learning. Hence, basic knowledge about these fields

increases the thesis’s intelligibility.

1.2. Bioinformatics

Biological data on the SWISS-PROT database (Bairoch and Apweiler, 2000)
and GenBank repository (Benson et al., 2009) doubles every 15 months. So, new
biological data rapidly emerges. Discovering meaningful information is necessary
from this immense data. Since the new computers can easily process and analyze
data, processing this increasingly emerging biology data with computer algorithms
is of immense attention (Luscombe et al., 2001).

Bioinformatics basically merges two fields such Molecular Biology and
Genetics and Computer Science. Bioinformatics benefits from other necessary
fields, such as mathematical statistics. Bioinformatics is a science branch that solves
problems in molecular biology by computer science and mathematics.

Bioinformatics is composed of complex biology and complex computer
fields. They think that it is a deeply hard and alarming field, before the scientists’
study of the field. In fact, the fundamentals of the field are easily understood. The
field analyzes symbol strings which represent protein, RNA, and DNA sequences.
Bioinformatics scientists investigate string structures and string relationships to

analyze the strings (Holloway, 2020).

1.3. Protein
The Scientists believe that proteins form chains of links that naturally
irregularly connect a number of regions with functional functions. With mutation,

changes in these regular and irregular protein regions may occur. While mutations

2



1.INTRODUCTION Fahriyve GEMCI

in irregular regions have no effect or harm; mutations in regular regions can disturb
the protein's normal function (Shah et al., 2008).

Amino acids are the vital structural entities of proteins. Proteins occur by
amino acids’ side-by-side alignments. Amino acids are collided by side-by-side
alignments of hydrogen, carbon, oxygen, and nitrogen molecules. The twenty major
amino acids are in protein production. These standard twenty amino acids result in
different numbers of sequences, resulting in proteins in hundreds of thousands of
diverse structures. Just as you can write different words and phrases with different
letters in the twenty-nine letters in the same alphabet. An infinite number different
proteins can be generated using twenty amino acids. Table 1.1 shows protein
sequence samples that consist of the amino acids in different orders and numbers.
There are the twenty amino acids with the abbreviations that may be considered as

chemical alphabets used to symbolize amino acids in Table 1.2.

Table 1.1 Samples of protein sequence

Sample Protein Sequences
P1 QDLDEARAMEAKRKAEEHISSSHGDVDYAQASAELAKAIAQLRVIELTK

K

P2 QDLDEARAMEAKRKAEEHISSSHGDVDYAQASAELAKAIAQLRVIELTK
KAM

P3 QDLDEARAMEAKRKAEEHISSSHGDVDYAQASAELAKAIAQLRVIELTK
KAM

P4 SFELPALPYAKDALAPHISAETIEYHYGKHHQTYVTNLNNLIKGTAFEGK
SLEEIRSSEGGVFNNAAQVWNHTFYWNCLAP

P5 VHKLEPKDHLKPQNLEGISNEQIEPHFEAHYKGYVAKYNEIQEKLADQ
NFADRSKANQNYSEYRELKVEETFNYMGVVLHELYFGMLTP
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Table 1.2 The Standard 20 amino acids

Single-letter Three-letter Amino Acid Title
Code Code
1 A Ala Alanine
2 C Cys Cysteine
3 D Asp Aspartic Acid
4 E Glu Glutamic Acid
5 F Phe Phenylalanine
6 G Gly Glycine
7 H His Histidine
8 I lle Isoleucine
9 K Lys Lysine
10 L Leu Leucine
11 M Met Methionine
12 N Asn Asparagine
13 P Pro Proline
14 Q Gin Glutamine
15 R Arg Arginine
16 S Ser Serine
17 T Thr Threonine
18 Vv Val Valine
19 w Trp Tryptophan
20 Y Tyr Tyrosine
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1.4. Homolog Protein & Remote Homolog Protein

The Science has searched for new solutions to predict new proteins’
functions in the last forty years. In well-defined databases, similar ancestral protein
sequences are believed to contain related functions. The presumption is that proteins
containing similar protein sequences or compositions have similar protein structures.
This presumption makes it easier to extract new meaningful information and
discover new proteins in increasing biological data (Shah et al., 2008).

Homolog proteins share similar structures and functions that have high
sequence similarities. A homology may describe as a relation among any pair of
proteins in the same family class. Proteins having a pairwise sequence identity of
more than 40% similarity are homolog (Chen et al., 2018). Proteins with sequence
similarity, but proteins with low similarity are remote homologous to one another
(Liu et al., 2014). Remote homology is defined as homolog proteins pairs comtaining
a pairwise sequence identity between 25% and 35-40%. Classification of any protein
pair in the same superfamily but the diverse family has considered as a remote

homology.

1.5. NoSQL Database in Bioinformatics

Depending on whether genomic sequencing science is progressing rapidly,
the amount of sequence data is increasing. Hence, direct processes with amino-acid
sequences are one of the considerable challenges in computational biology. For this
reason, the idea of algorithm parallelizing has arisen in the computational biology
field (You et al., 2014). The basic logic of parallel processing is that are divided big
data into small parts and processed each part in parallel using a different computer

resource (Dean and Ghemawat, 2008).
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1.6. The Purpose of the Thesis

There are a couple of aims of the thesis; the main one is to develop an
application that can accurately detect remote homologous protein because it is an
important problem in the field of bioinformatics. The other aim, which is related to
the previous aim, is to obtain fixed-length feature vectors from protein sequences
and to obtain features that can be used in machine learning algorithms.

The thesis shows the similarity of protein sequences to natural languages and
demontrates that natural language processing applications can be used in the field of
bioinformatics. The thesis also shows how much the motif length affects the working
performance of the motifs obtained for protein properties. The correct number of n
defines the right motif.

Another aim of the thesis is to develop an algorithm that produces solutions
to unbalanced data problems for remote homologous proteins. Having unbalanced
data is usually normal in classification problems. However, this imbalance is an
important problem in the finding of protein structures. Because it is quite sharp when
the presence of the majority class is much higher than that of the minority class, it
causes the success to be inconsistent. The application of the KNN method together
with the newly proposed k-split formula is designed to accurately detect remote
homologous proteins.

The Bray Curtis, Euclidean, Minkowski, Dice, Jaccard, Chebyshev, Cosine,
SokalSneath, Corrrelation, Matching, RogersTanimoto, SokalMichener, Canbera,
Hamming, Kulczynski, and RussellRao distance measurements are applied to have
much more accurate results for the remote homologous proteins' problem because
choosing the distance with an accurate method will give accurate results on such thin

sequence similarities.
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Finally, in the thesis, a new application that trains with a new deep learning
network that balances TF-IDF feature vectors calculated over n-grams on the

unbalanced dataset with smoothing operations.

1.7. Challenges of the Thesis

The difficulty of detecting remote homologous proteins originates in
detecting proteins consisting of very low sequence similarity. Hence, remote
homology detection is much more difficult than homology detection. The remote
homology problem is a multi-featured, and multi-class problem that is difficult to
solve (Damoulas and Girolami, 2008). There are four basic challenges in remote
homology detection: storing, and accessing protein dataset, protein representation,

cost, and efficiency.

1.8. Storing and Accessing Protein Dataset

The quantity of protein sequences is increasing quickly as sequencing
technology develops. More than 64 million protein sequences have been contributed
to the UniProtK B/TrEMBL database (Leinonen et al., 2006) as of June 2016, and
millions more are added each month. Due to their rapid growth, these proteins need
to be stored in a particular database. The relevant database is updated as new proteins
are found. Therefore, a more adaptable storage method is required for the thesis data.
Non-relational databases have taken the lead over relational databases in order to

handle the complexity of large datasets.
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1.9. Protein Representation

The two most common methods built up to discover protein similarity are
the Smith-Waterman algorithm, and BLAST (Ben-Hur and Brutlag, 2003). Despite
performing many applications to figure out the protein similarity problem, its
solution is a difficult problem. Therefore, remote homologous protein detection is
thought to be the detection of subtle sequence similarites of protein (Chen et al.,
2005). Decreasing sequence similarities complicates predicting homology.
Therefore, prediction of remote homology remains a major problem in
computational biology.

In addition to subtle sequence similarities, there are challenges for remote
homology detection such as fixed length feature vectors, unbalanced data, and

misalignment for protein representation.

1.10. Cost and Efficient

While protein sequence numbers are increasing speedily, the need for
calculations with low calculation costs is increasing. Diminishing the methods’ cost
is needed since methods to detect remote homology are time-consuming.

When classification performs with both reference datasets and an
independent dataset, the new method performance will increase. In bioinformatics,
new proteins are discovered over time. The performance of the predetermined
methods in these newly discovered proteins is not exactly known. Furthermore,
protein features is one of the important steps of remote homology detection.
Automatically discovering these features provides the thesis performance
improvement. Natural Language Processing (NLP) algorithms provide the process

in this thesis.
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2. RELATED WORKS

Discovering similar aminoacit sequeunces is an interesting field in
bioinformatics. Protein family and sequence similarities have both surprised and
piqued the interest of researchers. These discoveries appear to support the opinion
that ensures information about the evolutionary, structural, and functional properties
of proteins (Radivojac, 2022).

There are four categories: aligment methods, genarative methods,
discriminative methods, and ranking methods in applications to detect remote
homology. Some trade-off methods based on alignment methods such as the Smith—
Waterman algorithm, Basic Local Alignment Search Tool (BLAST), Position-
Specific Iterated BLAST (PSI-BLAST), and Fast Approximation to Smith—
Waterman (FASTA) have been proposed to improve efficiency (Altschul et al.,
1997; Altschul et al., 1990; Pearson, 1991) in protein processing methods.
Homologous proteins are quickly identified by the alignment of functional local
regions in proteins (Shah et al., 2008). In the initial applications, pairwise alignment
methods such as local and global alignment have been applied to find protein remote
homology (Needleman and Wunsch, 1970; Zou et al., 2015). But when there is low
sequence similarity, therefore, in the exploration of remote homologous proteins;
aligment-based methods cannot show the desired success when applied directly
(Rost, 1999).

Generative algorithms after pairwise alignment methods have been
performed for the detection of remote homology. The generative algorithms have
increased the accuracy estimation for remote homology. Positive samples of a
protein family or superfamily in generative models have been trained. Karplus et al.

(1998), form a profile hidden Markov model. They searched in a large database
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(Karplus et al., 1998). Nowadays, discriminative methods are improved rather than
derived from pairwise algorithm and generative methods. The discriminative
methods take information from positive and negative protein samples and retain the
protein sequence characteristics (Chen et al., 2018). Using fixed length feature
vectors is required to perform discriminative method (Chenet al., 2016).

Using profile-based protein sequences rather than only by amino acid
sequence information provides better performance according to recent studies (Liu
et al., 2013; Lingner and Meinicke, 2008; Liu et al., 2013; Liu et al., 2014). Based
on the average word similarity, the word correlation method identifies the
characteristic regions in protein sequences with high efficiency (Lingner and
Meinicke, 2008).

The amino acid sequences are applied to determine remote protein
homology. The amino acids are considered words. Each amino acid is symbolized
by a letter. Hence the natural language processing methods are benefical to calculate
remote protein homology in the respect (Chen et al., 2018). Computational
approaches to detect protein remote homology save cost compared to the traditional
biological techniques. They are more efficient (Chen et al., 2018).

Liu et al. (2014) predicted a family of proteins from other families on the
SCOP Database using protein motifs as an SVM kernel. According to the paper, an
SVM kernel with protein motifs is more successful than a kernel with BLAST or
Smith-Waterman. It is to classify by the SVM algorithm combining protein motifs
and kernel measure, which is more successful than classifying by the k-nearest
neighbor algorithm (Liu et al., 2014). A kernel can be defined to show a sequence
similarity as a dot object in a space. Methods based on kernels are suitable for

sequential objects (Kiros et al., 2015; Li et al., 2015; Farabet et al., 2013). There is
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evidence that the mismatch kernel has better performance than the Fisher kernel in
remote homology detection (Kiros et al., 2015).

Since kernel-based methods evaluate N? kernel functions for N sequences,
large-scale data computation becomes problematic. The computation is quite
expensive as kernel computations are required between test and train samples.
Hence, they have poor interpretation and expensive estimation, although
discriminative kernel-based models are successful with high accuracy (Lingner and
Meinicke, 2008).

Since remote homolog protein detection is a multi-class problem, it has
engaged attention in pattern recognition solutions. Many protein features, such as
protein secondary structure and amino-acid composition, are detected in remote
homology detection. In addition, there are the features derived by sequence
alignment methods. So, a multi-featured dataset is born for remote homology
detection. The fact that the data is multi-featured also sets an example for pattern
recognition and other multi-featured problem solutions. Since the protein dataset
used in remote homology detection is a multi-featured dataset, Damoulas and
Girolami developed a new multi-class kernel that offers the opportunity to evaluate
different feature groups together in 2008. The proposed method successfully
performed remote homologous protein detection with a ROC value of 92.4% by
using both global protein characteristic features and features obtained by sequence
alignment algorithms using a variational Bayes approximation (Damoulas and
Girolami, 2008).

Different academic disciplines, such as natural language processing and text
categorization, have benefited from classifying protein. In the thesis (Chorowski et
al., 2015), patterns as words are extracted from protein sequence language using the

TEIRESIAS algorithm. Efficient features are selected from the patterns using the
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Chi-square algorithm. A vector composed of selected patterns' occurrence times is
created from each protein sequence. This new representation of the protein
sequences is classified by the SVM algorithm. This method, which is called the
SVM-pattern, has been more successful than BLAST (Altschul et al., 1990), and
SVM-based methods such as SVM-k-spectrum (Kiros et al., 2015), and SVM-
pairwise (Leslie et al., 2001) to detect remote homology (Chorowski et al., 2015).

SVM-based methods to detect remote homology suffer from the peaking
phenomenon due to large and noisy data. Hence, the thesis (Liu et al., 2013) focuses
on extracting protein features and representing proteins efficiently rather than
explicitly representing proteins. In this thesis, unlike representing protein sequence
by n-grams, patterns, or motifs, protein sequences are created as documents with
bags-of-words by the latent semantic analysis (LSA) method. Then these protein
sequences representations are classified using SVM. The study is valuable since the
word-document matrix to represent protein sequence is formed for the first time. The
study (Liu et al., 2013) has better performance than kernel and sequence-based
methods such as SVM-LA (Eskin et al., 2003), PSI-BLAST (Altschul et al., 1997),
and SVM-pairwise (Leslie et al., 2001).

A significant first step toward improving protein remote homology detection
is to incorporate evolutionary information into the profiles of proteins. In the study
(Liu et al., 2013), a new protein representation is based on extracting the beneficial
evolutionary information in frequency profiles.

In the study (Lovato et al., 2015), protein structure was benefited in addition
to sequence-based approaches to detect remote homology. The study is a multimodal
approach since it uses both protein sequences and protein 3D structures for remote

homology detection. GPCR superfamily analysis shows that there is no information
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that can be extracted by only sequence-based approaches in the study (Lovato et al.,
2015).

ProtDec-LTR (Liu et al., 2015) is set on protein sequences to detect remote
homology. ProtDec-LTR has more sensitive and more stable performance
advantages than studies such as disPseAACi, SVM-Ensemble, PDC-Ensemble, and
dRHPPseRA to detect protein remote homology since it is the first approach to
merge ranking predictors using Learning to Rank (LTR) (Liu et al., 2015). ProtDec-
LTR2.0 is formed by adding the evolutionary information from representations of
pseudo proteins into ProtDec-LTR. The dataset from SCOPe with more protein
samples is used to train ProtDec-LTR2.0 for the purpose of being more useful.
ProtDec-LTR2.0 facilitates detecting proteins’ sequence and structure information
since it has a web server that has a graphical interface (Chen et al., 2017).

Shao et al. (2021) have performed a fusion study combining both
classification and network-based methods to decrease the false positive rate in
remote homology detection. The method is named ProtRe-CN, which is a ranking
method via combining both LinearSVM methods and four network methods.
ProtRe-CN method has extremly succeed with 93.27% AUROC score because the
method has strengths of both classification and network methods (Shao et al., 2021).

13
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3. MATERIALS AND METHODS

3.1. SCOP Database
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Figure 3.1. SCOP database hierarchical structure (Chen et al., 2018)

SCOP, which is built on the tree hierarchy, is a database of protein structure
classification as presented in Figure 3.1. In SCOP, proteins are categorized into four
levels: families, superfamilies, folds, and classes (Murzin et al., 1995). The class
level, which keeps information about protein secondary structure, is the highest
level. Fold which keeps fold structure of protein is second level. The fold level keeps

superfamilies similar. The superfamily level, which keeps the proteins whose
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sequences are similar by less than 30%, is the third level. Family which is forth level
in the SCOP database.

The SCOP database is based on their functional and structural similarities.
Generally, proteins of the same family have an obvious evolutionary relationship.
Remote homologous proteins are within different families. They arise from the same
superfamily. Proteins with the same fold but without the same superfamily have an
unobtrusively evolutionary relationship. The proteins within different classes does
not have evolutionary relationships (Murzin et al., 1995; Andreeva et al., 2004; Chen
et al., 2018; and Chandonia et al., 2018).

3.2. Protein Datasets in the Thesis

In this thesis, proteins obtained from the SCOP database (SCOP), which is
a database that includes protein relationships, which are extensively performed in
many studies, have been used in the detection of family, superfamily, and remote
homologous proteins. The SCOP 1.53 version protein has been used primarily and
mainly, and trials have made use of detecting family, superfamily and remote
homologous proteins in the thesis. The SCOP 1.53 benchmark data-set contains 4352
proteins from 54 families.

The first dataset in the thesis; SCOP database, is known as a gold protein
database. SCOP 1.53 protein database which is abbreviated Structural Classification
of Proteins is made use of detecting remote homologous proteins in the thesis. 4352
protein sequences are taken from the SCOP 1.53 protein database to explore remote
homolog proteins. The protein dataset belongs to 1356 different superfamilies and
853 different families.

The detection of remote homologous proteins in the current thesis has been

performed with the SCOP database. Herein, 3 different datasets from the SCOP
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database have been used, 2 of which have been used previously to detect remote
homolog proteins; SCOP 1.53, SCOP benchmark, and the newly created SCOP
benchmark dataset from SCOPe 2.07.

Families containing at least 10 homolog proteins and at least 5 superfamilies
outside of the superfamily of the target family have been chosen from the SCOP 1.53
protein database as 54 families. Next, 4352 protein sequences have been received
from the SCOP 1.53 protein database to explore remote homolog proteins. The e-
value of the pairwise alignments of these protein sequences taken from the Astral
database is not higher than 1072, These proteins belonged to 1356 different families
and 853 different superfamilies. The SCOP benchmark dataset, comprising 102
target families, has been taken from the SCOP database and has similar to the SCOP
1.53 dataset. The SCOP 2.07 v1 benchmark dataset comprises 51 target families,
which have been taken from the SCOP database from SCOPe 2.07.

Families containing at least 5 homolog proteins and 5 superfamilies outside
of the superfamily of the target family have chosen from the new SCOPe 2.07 vl
protein data version as protein sequences with less than 40% identity to each other.
The fundamental building blocks of the protein sequences are amino acids. Although
there are more than 700 types of amino acids in nature, only 20 major amino acids
are used in protein production, as shownin Q= {A,C,D,E,F, G,H, L K, L, M, N,
P,Q,R, S, T,V,W, Y} (Wuetal., 2014).

3.3. NoSQL Database

NoSQL databases resolve big data when relational databases do not
overcome the data. NoSQL is an abbreviation of "Not Only SQL". NoSQL
unstructuredly copes with the data, unlike conventional relational databases. In

general, NoSQL databases have a non-relational based structure. NoSQL databases
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have a several technologies such as MongoDB, Neo4j, and Cassandra etc. (Shao and
Conrad, 2015).

In the field of bioinformatics, it is an important research topic to store large
amounts of data themselves. In addition, ensuring the performance of these newly
obtained data is an important research topic while performing the workflow
(Guimaraes et al., 2015). In the study, MongoDB, which is a document-oriented
NoSQL database, is used in order to store data in bioinformatics. In this study, a real
MongoDB application is implemented and its advantages and disadvantages are
shown. MongoDB among document-oriented NoSQL databases such as ArangoDB,
Elastic Search, and OrientDB databases is preferred in the study, since MongoDB

has achieved more successful performance with a higher rate (Mishra et al., 2018).

3.3.1. MongoDB Database

MongoDB has improved using C++ with 10gen in 2009. It is a non-relational
database with open source code It has high performance (Shao and Conrad, 2015).
MongoDB is a based database on document. MongoDB is an independent schema.
MongoDB is simply scalable because it has immense queries and fast updates. It
undifficulty performs data insertion, deletion, and update processes. The documents
in MongoDB are stored as BSON format. MongoDB provides features such as
aggregation, indexing, replication, consistency, fault tolerance, auto shading,
persistence, and high availability (Shao and Conrad, 2015; Oztiirk and Atmaca,
2017; http://www.buyukveri.co/category/mongo/; Aggarwal and Roopam, 2016).
During data update operations, the database can read the reader data as long as the

database is not locked.
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3.3.2. MongoDB Usage in the Thesis

The PyMongo 3.7.2 version which is the official MongoDB driver in
Python, is used to improve non-relational databases in the study (api.mongodb.com).
The MongoDB database's preference reasons in this thesis are that it is document-
based and is independent of the schema. Dataset samples are text at different lengths.
Documents are stored in JSON format in MongoDB. The JSON format is not a table
format in relational databases. JavaScript Object Notation, which is abbreivated
JSON is improved from the JavaScript language (Singh Chauhan et al., 2015). It is

an independent and interchangeable text format to store document files.
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Table 3.1. Protein documents on MongoDB database

{

id:"1",

name:"d3sdha_",

superfamily:,” 1.1.1”

family:"1.1.1.1”

sequence:”
svydaaaqltadvkkdIrdswkvigsdkkgngvalmttifadnqetigytkrignvsqgmandkirghsitimya
Ignfidgldnpddivcvvekfavnhitrkisaaefgkingpikkviasknfgdkyanawaklvavvgaal*

status:"1"

}

{
id:"2",
name:"d1b0b__~
superfamily:" 1.1.1",
family:” 1.1.1.1”
sequence:”
Isaagkdnvksswakasaawgtagpeffmalfdahddvfakfsglfsgaakgtvkntpemaaqaqsfkglvs

nwvdnldnagalegqcktfaanhkargisagqleaaftkvlagfmksyggdegawtavagalmgmirpdm”
status:"1"

i3

{

id:"N-1",

name:" d1hdj",

superfamily:” 1.2.2”

family:” 1.2.2.1”

sequence:”
mgkdyyqtlglargasdeeikrayrrqalryhpdknkepgaeekfkeiaeaydvisdprkreifdrygeeglkgs
gc” status:"1"

}

{

id:"N",

name:"d1gbha_",

superfamily:” 7.52.1”

family:” 7.52.1.1”

sequence:”
gshmgthaarmrtfmywpssvpvqpeqglasagfyyvgrnddvkcfccdgglrcwesgddp
wvehakwfprceflirmkgqgefvdeiqgryphlleqlists”

status:"1"}
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3.4. Preprocessing and Feature Extraction Algorithms
FASTA sequences of proteins are read using the Biopython tool
(https://biopython.org/) in the Python programming language.

3.4.1. Bag of Words Model

Texts are converted into a numeric feature vector to be processed in NLP. A
widespread model for converting texts into numeric vectors is the Bag of Words
(BoW). A fixed-length feature vector is needed for NLP. BoW also generates a
solution for the fixed-length feature vector. (Zhao and Mao, 2017).

In the bag of words model, documents in a dataset are turned into feature
vectors based on all the words in all documents. A bag is basically a dictionary vector
composed of all unique words in all documents in a dataset. By analyzing existing
documents, a bag containing each unique word is obtained. Depending on the bag, a
feature vector is created for each document sample. The BoW model does not take
cognizance of the word order in documents. It calculates the number of times the
word “bag” occurs in the document. If the document does not include the word, zero
represents the word on the feature vector. If the document contains the word, the
occurrence number in the document is representated as the word on the feature
vector. Hence, for each document, a feature vector in the created bag length is
created, and thus with a fixed length is created (EI-Din and Doaa Mohey, 2016).

In addition to NLP, BoW is one of very often performed data representation

techniques in many severe fields, such as object categorization (Zhang et al., 2010).
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3.4.2. n-gram

An n-gram, which is also called a multi-word unit (MWU), is an n-length
sequence of slices of an item such as a number, digit, word, or letter etc. According
to n-gram, the sequences with 1 length of an item are called unigrams or monograms,
the sequences with 2 lengths of an item are called as bigrams, the sequences with 3
length of an item are called as trigrams.

In the study, n-gram is explained over text since the data is text that is
composed of amino acids. Therefore, the data is protein sequences and n-grams are
amino acids or amino acid sequences according to n number. In the n-gram
algorithm, parts with a width of n are obtained from the served texts. This method
determines the number of times in these n-length pieces' each text. Depending on the

n value, the probability space that the array will take varies (Bayrak et al., 2012).

3.4.3. TF-IDF Weighting

TF-IDF Weighting has been performed to find out relations among terms
with the document. The objective is exploring the term's conceptual meaning in this
document and acquire information regarding the sample document. TF-IDF
Weighting is frequently utilized for text mining. Term frequency (TF) is the measure
of a term occurrences number in a document. If a term is used more often than others
in the document, it means the term is more interrelated to this document. When
calculating TF; all terms are hypothesized to have equal importance. Certain terms
such as "is", "the", and "of” are of minor importance. Hence, IDF is a measure of
term importance in the sample document (Qaiser and Ali, 2018).

TF-IDF Weighting is obtaining a TF-IDF Matrix, which is created by
multiplying TF and IDF values. Equation 1 shows the common TF-IDF weighting
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formula, which consists of TF being abbreviated term frequency and IDF being

abbreviated inverse document frequency (Zhang et al., 2011).

TF — IDF Weight = TF X IDF (1)
TF = tf,; 2)

IDF = log (%) (3)

wij = tf,; % log (37) 4)

In the Equations 1,2,3 and 4, w;; is the weight of n-gram i in protein
sequence j, N is the protein sequences number in the dataset, tf;; is the n-gram
frequency of trigram i in protein sequence j and dfj is the protein sequence frequency
of n-gram i in the dataset, in consequence of n-grams are terms, protein sequences

are documents and the protein dataset is collection in the study.

3.4.4. Latent Dirichlet Allocation (LDA)

Blei et al. developed the LDA which is a probabilistic model for discrete
data. LDA is a Bayesian model with a three-level hierarchical, LDA models each
member as a topic forming the basis of a finite mixture. LDA has been applied many

non-textual areas, such as bioinformatics, collaborative filtering, and content-based
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image retrieval. Although the LDA is not only used depending on the text, it is
studied based on the text in the study. Therefore, LDA in the study is explained based
on text (Blei et al., 2003; Endres et al., 2009).

In LDA based on text, each sample is a document. Each document composed
of words. Features of samples are each word existence and clusters are topics. The
aim of LDA is to extract topics contained in documents. LDA presumes that each
document composed of multiple topics. LDA ignores the relationship between the
topics. LDA builds each document as a discovered topics’ distribution (Blei et al.,

2003; Endres et al., 2009).

3.4.5. Probabilistic Latent Semantic Analysis (PLSA)

The aim of the Latent Semantic Analysis (LSA) that is a notable feature
extraction method especially in natural language processing is to extract the hidden
topics or semantic relationships.

PLSA, which is abbreviated as Probabilistic Latent Semantic Analysis, is a
feature extraction method, especially for natural language processing as in LSA.
PLSA, which has emerged by evaluating LSA from a statistical and probabilistic
perspective, is a method to extract hidden topics (Jarad et al., 2015). PLSA does not
perform Singular Value Decomposition (SVD) for hidden topics extraction. PLSA
extracts the dataset's hidden topic with the probability method. The topic anlaysis
model supposes that the documents are formed by combining of some hidden topics,

and the topics are formed by combining of some collection of words.
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3.4.6. Regularization

One of the elementary problems that are worked on effectively in machine
learning problems is to work on only training data that will perform well. The
changes in this learning algorithm, which are made to build up an algorithm that will
provide performance well both training data and on new data, are generally called
regularization. These regularization methods are established despite increasing
training errors.

The biological sequence is similar to NLP in recent years. As a result, NLP
methods have benefited on bionformatics topics (Dong et al., 2006). n-grams
derived from all genome protein sequences are investigated and then statistical
attributes are derived from these n-grams (Dong et al., 2006; Ganapathiraju et al.,
2002). Hence, n-grams that are taken from protein sequences are used to find remote
homologous proteins in the thesis.

G-Protein-Coupled Receptor (GPCR) sequences dataset has classified by
Decision Tree and Naive Bayes classifier. The dataset features extracts with chi-
square and n-gram techniques in the study (Tripathy and Rath, 2017). The GPCR
dataset is classified using Decision Tree algorithm by 1-grams, 1 and 2-grams and
1,2 and 3-grams with 89.4%, 89.5% and 89.3% accuracy, respectively. At the same
time, GPCR dataset is classified using Naive Bayes algorithm by 2-grams, 2 and 3-
grams, 2, 3 and 4-grams and 2, 3, 4 and 5-grams with 80.7%, 96.3%, 95.6% and
94.8% accuracy, respectively. The study shows that Naive Bayes algorithm more
successful than Decision Tree algorithm for classification of protein. However, the
study also proved the effect of determining the correct n number in n-gram on the
algorithm success. (Cheng et al., 2005). Naive Bayes classification algorithm
executes classification for many areas such as text categorization, and medical

diagnosis successfully (Bouckaert, 2004; Furat and Ibrikei, 2017; McCallum and
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Nigam, 1998; Tripathy and Rath, 2017). The variables of Naive Bayes are
independent. Covariance matrix calculation does not require in Naive Bayes. So, the
Naive Bayes classification algorithm has a benefit, which is its usage to test a of the
dataset for classification (Palaniappan and Awang, 2008; Pattekari and Parveen,
2012). These advantages of the Naive Bayes classifier and the achievement of

previous studies led to Naive Bayes classifier testing in the thesis.

3.5. Methods for Unbalanced Data Problem

When the training samples dispersed at very different rates among the
different classes, the unbalanced data problem appeared. The unbalanced data is that
training data's one class's sample number is much less or much more than the other
classes' samples' number (Jiang et al., 2013). It is characteristic of an unbalanced
data problem in a binary classification that the positive training sample number is
immensely less than the negative training sample number in the remote homology
problem.

Resampling techniques are used to solve unbalanced data problems. The
subcategories of these techniques, oversampling, undersampling, and hybrid
methods by combining them, are clarified in the below subparts of 3.5 parts. (Zhihao
et al., 2019; Longadge and Dongre, 2013).

3.5.1. Random Oversampling
The oversampling is a fairly simple and easy technique that tries to balance
classes by replicating the samples of the minority class. The method does not cause

information loss. The method can cause overfitting due to information duplication.
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3.5.2. SMOTE

In 2002, Chawla described the Synthetic Minority Oversampling Technique
(SMOTE) algorithm. SMOTE is an algorithm to produce new samples in the
minority class to break the unbalanced in the dataset. It generates new synthetic
samples for the lesser class instead of multiplying existing samples to not cause
overfitting. The SMOTE algorithm main working principle is as follows:

L. It selects samples closest to the feature space.

IL. It draws a line in this feature space among these selected closest samples.

II1. It creates new samples by selecting new points on this line.

3.5.3. BorderLine SMOTE

While the oversampling method creates new samples by copying the
minority samples, it causes data abundance. Therefore, it needs to perform less
amount but more useful tasks. The BorderLine SMOTE method removes the need
for too much data (Smiti and Soui, 2020).

The technique is designed by bordeline between the unbalanced class
samples and the SMOTE technique. Samples on or near the borderline have more
possibilities for misclassiffication than the far-borderline samples. The BorderLine
SMOTE technique aims to advance the classification performance by only creating

samples close to the borderline (Han et al., 2005).

3.5.4. SMOTE-NC

SMOTE-NC is an oversampling technique for nominal features based on
SMOTE. SMOTE-NC is created to cope with the problem that the SMOTE
technique cannot process datasets with all nominal features. It is a method that treats

nominal features as distinct from continuous features. This method preserves the
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features’ original labes in the reproduced samples. However, the method needs to

repair its aspects of failure of multi-label features (Ganganwar, 2012).

3.5.5. ADASYN

The ADASYN method has been born with the idea of multiplying different
samples number depending on the diverse distribution of different minority class
samples. The minority class learning difficulty level determines this distribution.
More samples are reproduced from minority classes in the method. The minority
class’s discovery is harder than the majority class’s discovery. While this method
reduces the prejudice brought about by class imbalances; classification shifts the
decision boundary towards difficult classes or even difficult examples. (He et al.,

2008).

3.5.6. Random Undersampling

The undersampling techniques reduce the training set size to decrease the
computational load. These methods may also cause valuable information to be lost.
The random undersampling method is an undersampling method that takes out
random samples from the majority class. Thus, the method equalizes the minority

and the majority class samples' number.

3.5.7. Cluster

Because the undersampling methods cause information loss, Yen and Chen
have propounded a cluster-based undersampling method (Yen and Lee, 2009). This
method’s idea is to preclude the training set from tending to the majority class by
separating k different clusters. Since each cluster will contain its own unique

features, different clusters are created. Whichever of the majority or minority classes
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of a cluster has the greater number of samples, the results demonstrate a trend
towards that sample class. In order to avoid this class orientation, the majority class

samples’ appropriate number is selected in each cluster.

3.5.8. Tomek Links (T-Link)

T-Link is an undersampling method designed by developing the Nearest-
Neighbor Rule (NNR) (Thai-Nghe et al., 2000). If two different samples from
different classes are determined as each other's nearest neighbors, this pair of
samples is defined as T-Link.

Besides being used as the T-Link undersampling method, it can also be
performed as a data cleaning method. When T-Link is used to perform
undersampling, majority class samples are eliminated. When T-Link is used to clear

data, eliminations are made from all classes.

3.6. K-foldCross Validation

Cross validation is a resampling method. It is a statistical method. It assesses
machine learning algorithms more accurately. It is widely performed because it’s
simple to perform and understand. It has lower overfitting and bias. The cross
validation method’s several types are the Jack Knife test, Monte Carlo test, disjoint
sets test, bootstrapping, and three-way split test (Saud et al., 2020).

The cross validation method gave inconsistent results for a low number of
data points. The method is repeated for all processes to prevent the problem. Inspired
by the idea of repeating cross validation, the idea of k-fold cross validation has
emerged (Braga-Neto and Dougherty, 2004). The cross validation method with k
parameters, is named k-fold cross validation. The k value shows the number of the

dataset groups. The k parameter shows the algorithm repeat number in the k-fold
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cross validation method. K data groups are composed of an equal number of samples.
For k data groups, the algorithm is performed separately. While samples' one group
among the k subgroups are retained as test data, the remaining k-1 subgroups are
processed as train data. These k algorithm tests' average results are admitted to the
whole dataset's result.

This model's success originates from each sample's usage at least once in
both training and validation of the model. The k value choice is important in this
method. Because if the k value is chosen high, the variance reduces but the
computational cost rises. The low choice of k value reduces the computational cost.
However, a high variance value emerges in the results. (Hagan et al., 1996). While
the most popular k values range from 2 to 10, 10-fold cross validation is frequently
performed in studies. It is shown that the balance of computational complexity and
reliable variance range is best achieved in 10-fold cross validation by Kohavi
(Kohavi, 1995). Computational complexity is the method disadvantage. The k-fold
cross validation method works very slowly with nonlinear models due to the

computational complexity.

3.6.1. K-fold Stratified Cross Validation

Stratified cross validation (Stratified CV) is a method developed from CV.
There must be the same average response value in all folds for Stratified CV. The
dataset in k-fold Stratified CV has been distributed according to a specific rule into
k folds. The special rule found in the Stratified CV is to carefully maintain the
proportions of the classes’ the sample distribution. However, there are ignored class

distribution rates in the normal CV method (Zeng and Martinez, 2000).
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3.7. Similarity Measurement Methods

The distance among vectors is a beneficial parameter to calculate the vector
similarity. Various similarity measurement methods are used to calculate the
distance. Some methods of similarity measurement are explained in this section. It

is assumed that x and y are the vectors to calculate the similarities in this section.

3.7.1. Cosine Similarity

Cosine similarity commonly measures similarities between two vectors. The
cosine similarity is commonly utilized on lots of fields as document classification,
intrusion detection, and recommender systems (Al-Anzi and AbuZeina, 2017,
Kumar, et al., 2015; Schwarz et al., 2017).

The cosine similarity measure is described by Theodoridis and Koutroumbas
in 2008 as seen in Equation 5 (Theodoridis and Koutroumbas, 2008). Cosine

similarity is also called the angle cosine or angle between two vectors.

T
Scosine (x, _'V) “lxlivl (5)

Cosine similarity is calculated in the range of -1 and +1. Whenever the

measure result approaches -1, it means less similarities between the vectors. On the

other hand, it means more similarities as it approaches +1.

3.7.2. Euclidean Distance
The Euclidean distance is a simple and widespread method of measuring the
distance between two points associated with the L2 vector norm, as shown in

Equation 6. It is not scale dependent. Depending on the unit properties, it can cause
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skewness. As the data dimensionality increases, the usefulness of the Euclidean

distance decreases.

ED =¥, (X = ¥)? (6)

3.7.3. Bray Curtis Distance

The Bray Curtis distance is also called the Sorensen distance. The distance
sees space as a grid, as shown in Equation 7. The Bray Curtis distance ranges
between 0 and 1 if each coordinate is positive. If the distance is 0, both coordinates

represent exactly the same coordinate (Al-Hassai and Kalyankar, 2013).

n  Ixi—yil
Bra_d-2.i- (xi+yy) ™

3.7.4. Chebyshev Distance

Euclidean distance is an effortless and widespread method. The maximum
value distance names for Chebyshev distance, because it is calculated with vector
spaces containing the largest distance between two vectors. The distance formula is
as shown in Equation 8 (Religia and Sunge, 2019). It is a suitable distance method

for samples that differ in any one dimension.

Che_D = ""max (x; — y;) (8)

3.7.5. Dice Distance
Dice distance is a distance metric generated from dice similarity. Dice
distance is calculated by subtracting the dice similarity by 1, as shown in Equation 9

(Prasath et al., 2017). The distance may be suitable for values close to 0.
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DD =1— i )

n 2
i=1 % tXi=1 i

3.7.6. Hamming Distance
Richard Hamming defined Hamming distance in 1950. The method

calculates two vectors' difference with equal length, as shown in Equation 10 (Stabili

etal., 2017).

H.D = S|y (10)

3.7.7. Jaccard Distance

The Jaccard distance is got by subtracting the jaccard index by 1, as shown
in Equation 11. Therefore, it figures out the samples' difference. According to the
Jaccard method, if the sample similarity increases, the Jaccard distance is close to 0.

Contrarily, if the sample similarity decreases, the Jaccard distance is far from 1 (Cha,

2007).

it (xi—y)?
= - 11
Jo = St T an

3.7.8. Kulczynski Distance

The Kulczynski distance is also called Quantitative Symmetric Dissimilarity
(QSK) (Kocher and Savoy, 2017). The Kulczynski distance provides results unlike
those from standardized distances. The Kulczynski distance formula is shown in

Equation 12.

K D= Yiz1lxi-yil (12)

=7 T XM min (x;y;)
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3.7.9. Matching Distance

Matching distance statistically computes similarity between binary data
samples (Han et al., 2011). It is supposed that A, B, C, and D are binary values where
both samples have the value 1, where first sample has the value 1, other has value 0,
where the first sample has the value 0, the other has the value 1, and where both
samples have the value 0, respectively. In accordance with these suppositions, the

matching distance among two samples is shown in Equation 13.

A+D
MD= (A+B)+(4A+C)

(13)

3.7.10. Minkowski Distance

Minkowski distance transforms a general distance into many distances, such
as Hamming and Euclidean distance, as shown in Equation 14 (Mousa and Yusof,
2018). In the Minkoski distance formula shown in Equation 14, when the p value is

taken as 2, the equation calculates the euclidean distance.

Mink_D = 3% (x; — y;)P (14)

3.7.11. RogersTanimoto Distance

In 1960, Rogers and Tanimoto performed the Rogers and Tanimoto distance.
The A, in the distance Equation 15, is the binary value where both examples have
the value 1. The B, in the distance formula, is also the binary value where the first
sample has the value 1 and the other sample has the value 0. The C is a binary value
where first sample has value 0, other has value 1. The D is a binary value where both

samples have the value 0. According to these suppositions, the RogersTanimoto
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distance among two samples is shown in Equation 15. The distance similarity

measure is between 0 and 1.

A+D
RT D= o0 (15)

3.7.12. RussellRao Distance

The RussellRao distance was developed by Russell and Rao in 1940 (Chay
et al., 2010). The distance is based on the inner product. The distance is a binary
distance since matches and non-matches are served with equal weight. The distance
is supposed to be A, is binary value of where both samples have the value 1. The
distance is assumed n, where n is the sample number. This distance formula is shown

as Equation 16.

RRD == (16)
3.7.13. SokalMichener Distance
These are supposed that A,B,C, D are binary values where both samples have
the value 1, where first sample has value of 1, other has value 0, where the first
sample has value of 0, other has value of 1 and where both samples have the value
of 0, respectively. In accordance with these suppositions, the SokalMichener

distance among two samples is shown in Equation 17.

SM_D =—2*2 (17)

A+B+C+D
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3.7.14. Canberra Distance
In 1966, Godfrey N. Lance introduced the Canbera distance. Then, William
T. Williams developed this distance in 1967. Canbera distance usefully calculates

the distance among points near the origin, as shown in Equation 18 (Faisal and

Zamzami, 2020).

Canb_d_yn K=yl (18)

=1 (i +yy)

3.7.15. SokalSneath Distance

Sokal and Sneath were built SokalSneath distance in 1963. The distance has
accepted both positive and negative matches (Holmberg and Hallander, 1973). These
are supposed that A,B,C, D are binary values where both samples have the value 1,
where first sample has value of 1, other has the value of 0, where first sample has
value of 0, other has the value of 1 and where both samples have the value of 0,
respectively. In accordance with these suppositions, the SokalSneath distance among

two samples is shown in Equation 19.

A+D

SS.b= (B+0)

(19)

3.7.16. Correlation Distance

Correlation distance assumes two samples' similarity if two samples' features
have high relation. Although the Euclidean distance observes values far away, the
Correlation distance continues this similarity assumption. The distance measures the
distance that has a value between 0 and 1. The method is a version of the Pearson
distance. The correlation distance among the two samples is calculated as shown in

Equation 20 (Yan et al., 2015).
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Corr_S = % (20)

3.8. Naive Bayes Classifier

Naive Bayes classifier is also called the “Naive Bayes Assumption”.
Classifiers based on Bayes' rule have become a popular method because of their good
performance on classification by presenting a concrete probabilistic model
(McCallum and Nigam, 1998). Duda and Hart invented Naive Bayes classifier and
first description of the Naive Bayes classification method was in 1973 (Kim et al.,
2002). The method is a supervised learning classification method that is performed
to classify new samples using labeled training samples. The method computes the
class probability of each sample (Furat and Ibrikci, 2017; Han et al., 2011; Bhavsar
and Ganatra, 2012; Duda and Hart, 1973). The probability and statisticality of this
classifier come from the Bayes Theorem. Bayes theorem calculates the P(c[x),

posterior probability using P(x|c), P(c) and P(x), and as shown in Equation 21.

P(x]c)P(€)

P(clx) = "EE

ey

where P(c[x) is the class posterior probability, class prior probability is P(c), the
likelihood is P(x|c) that is the predictor served class probability and the predictor
prior probability is P(x).

In the method, it is supposed that the features belonging to the sample are
conditionally independent from the class. The assumption that gives this classifier
the Naive label is a predictor(x) value effect on a served class (c) is independent of
other predictors values (Furat and Ibrikci, 2017, Han et al., 2011, Bhavsar and
Ganatra, 2012, Duda and Hart, 2012). When the features number is high, the

method's performance has increased. Because the method assumes the feature's
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independence. Since features are words in document classification, and these words
can be quite a large number, feature data in document classification can be quite
large. The method, which easily overcomes data classification with the features’
large amount, is also very successful in document classification.

When the dataset of classification has n features, an ‘n’ dimensional feature
vector is X: (x1, x2, x3... xn).

Supposed that there are ‘m’ classes: Ci, C,, Cs...Cp.

The method calculates each class ci’s probability of each sample X in as

shown in Equation 22 and Equation 23.
P(Cx /ci) = =1 P Cxie/ i) (22)
P(x/c;) = P(x1/c;) X P(xa/c;) X .. X P(x;/¢;) (23)

3.8.1. Bernoulli Naive Bayes (BNB) Algorithm

Various Naive Bayes classification algorithms have been developed to
classify text data quickly and easily. The first Naive Bayes algorithm developed for
this purpose is the Bernoulli Naive Bayes model (Jiang et al., 2013). The Bernoulli
Naive Bayes algorithm stands by the BNB algorithm which is called the Multivariate
Bernoulli Naive Bayes too. The algorithm generates a document by performing
Bernoulli experiments. These Bernoulli experiments form the feature vectors to
consist of 0 and 1 of s vector, that is depending on whether each word is passed at
least once in the document (Mendez et al., 2008). The Bernoulli Naive Bayes

calculation is shown in Equation 24.

PCx/cr) = TTRey Pwie/c)™ x (1= P(wi/c)) " (24)
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where X is a vector that includes word numbers belonging each sample, ¢ is a vector

that includes class of each sample.

3.8.2. Multinomial Naive Bayes (MNB) Algorithm

The MNB algorithm is improved for text classification by McCallum and
Nigam in 1998 (McCallum and Nigam, 1998). MNB is a type of Naive Bayes
algorithm that calculates the similarity between documents based on the frequency
of words occurring in a document, regardless of the order of words in a document
(Kim et al., 2002). MNB performs better than the Multivariate Bernoulli model since
it takes into account frequency information, that is, number of word occurrences in
a document (Rennie et al., 2003). The Multinomial model serves to achieve
classification better than the Multivariate Bernoulli model when working with a large

vocabulary size (Raschka, 2014). The MNB calculation is shown in Equation 25.

P(x/c¢;) = [Tk=1P(wWi/cy) (25)

where X is a vector that include word numbers belonging each sample, ¢ is a vector

that includes class of each sample.

3.8.3. Complement Naive Bayes (CNB) Algorithm

The Complement Naive Bayes algorithm has improved as a complement
class type of MNB from Rennie et al., (2003). CNB algorithm has developed to
handle the problems caused by MNB algorithm when the number of training
documents for the classes is different. In other words, CNB has emerged in order to
eliminate imbalances in the training data numbers of the classes (Jiang et al., 2016).

It is waited that MNB and CNB algorithm show the same classification performance
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when training data are distributed balanced. The Complement Naive Bayes

calculation is shown in Equation 26.

1
(x/c;) = Q=1m (26)

3.8.4. Gaussion Naive Bayes (GNB) Algorithm

Naive Bayes can be performed for continuous data as well as for categorical
data (Raschka, 2014). The GNB algorithm copes with continuous data such as TF-
IDF matrix (Bouckaert, 2004; Tripathy and Rath, 2017). The GNB is more
convenient for continuous data since it presumes that probabilities of input features
are distributed according to a Gaussian distribution, which is entitled as a Normal
distribution, as shown in Equation 27. It performs the classification by calculating
the words occurrence probability, across all classes of data except the focused class,

as shown in Equation 28 (Komiya et al., 2011).

_("_”Ci)z
P(x/c;) = L ¢ % 27)
/Znaczi
Pwi\e)) = Moy (28)

where x is a vector that include word numbers belonging each sample, c is a

vector that includes class of each sample, ¢ is symbolized all classes without ci.

3.9. Support Vector Machine (SVM)
SVM, which is a supervised machine learning model, has been used as a

promising algorithm to classify data and perform regression in many areas such as
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bioinformatics (Chowdhary et al., 2010), natural language processing (Matic et al.,
1993), and computer vision (Chowdhary et al., 2010). SVM has been used to cope
with many bioinformatics problems such as prediction of structure of protein
secondary and tertiary, interaction of protein-protein, and prediction of splicing site
(Chowdhary et al., 2010).

Boser, Guyon, and Vapnik developed the first SVM algorithm in 1992 (Bose
et al., 1992). The SVM builds a decision boundary to partition the two classes.
Separating the two classes also makes it qualify as a binary classifier. It performs
this classification for both linearly separable and nonlinearly separable problems.
The linear decision boundary is called the hyperplane, which provides the distance
between two classes as far as possible. Since the decision boundary should be
adjusted to get the correct result when testing new data, it should be set to maximize
the margin closest to the boundary lines of both classes. The support vectors are the
points closest to both classes' boundary lines. Since the algorithm is developed
depending on these support vectors, the algorithm is named Support Vector
Machines.

SVM performs well when allocating classes as it has a good margin
separator. While SVM works effectively on high-dimensional data; works less
effectively on large amounts of data. In this case, SVM works best when there is
little data and high dimesional. It also works less effectively in problems with multi-
classes.

SVM improves two techniques to classify only nonlinearly separated
problems in the original space. The first of them is soft margin hyperplane that has
a penalty function, and the other is a kernel trick where the original space is turned
into a higher dimension feature space (Matic et al., 1993; Chowdhary et al., 2010;
Papageorgiou et al., 1998; Frezza, 2013).
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SVM has effective regularization methods. While implementing SVM; since
the training time alters depending on the sample number and sample features, that is,
the data size, it is decided whether to follow an explicit mapping or a kernel-based
way depending on the size (Chang et al., 2010).

SVM increases machine learning rate by using kernel trick in solving
problems of nonlinearly separable data and high-dimensional data. Kernel functions
make it possible to solve a nonlinear problem using a linear classifier. The kernel
function in SVM typically moves high-dimensional data in low-dimensional to high-
dimensional space to solve it correctly. There are many varieties of kernel functions,
such as sigmoid, polynomial, radial basis function (RBF), and linear. Choosing an

effective kernel function is quite a difficult task.

3.10. K-Nearest Neighbors (KNN) Algorithm

Fix, E. and Hodges, J.L is proposed KNN algorithm in 1951 (Fix and
Hodges, 1951). KNN is a sample-based learning model that is so called memory-
based learning model. Sampled-based methods, on the other hand, only compute on
all samples; they do not calculate on a specific part or summary of the samples. They
are also called memory-based learning because they create a very serious need for
memory. One of the sampled-based models problems is this memory requirement.
Hence, the KNN method has this problem despite its success. This learning type is
also named lazy learning. Because such learning is independent on the parameters,
when a new sample comes, they make the computation. KNN's non-parametric
model fetature provides greater modeling flexibility depending on the samples. The
KNN method successes in many different problems (Kumar et al., 2005).

Since KNN performs data generation processes on infinite possibilities

instead of explicitly modeling, it is ordinarily assumed as a discriminative model.
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KNN is a preferred supervised learning algorithm in problems because of its easy
implementation. However, its good results in noisy training data increase its
popularity.

When it is considered that the dataset's sample number is n, KNN sets each
sample as a point in n-dimensional space. The KNN algorithm computes each
sample distance into all samples, that is, from n samples in the n-dimensional dataset.
The neighbors of a sample in the KNN algorithm are k samples with the least
distance to the sample among all samples. The KNN algorithm performs
classification with the idea that each sample contains a class similar to its nearest
neighbors. Hence, KNN decides the new sample's class label based on the k nearest
neighbor samples. The majority class is appointed to each new instance depending
on its nearest neighbors' class (Fix and Hodges, 1951; Kumar et al., 2005). (Fix and
Hodges, 1951; Kumar et al., 2005).

IN KNN algorithm, linear time complexity arises depending on the sample
size. KNN's distance calculation of all training samples induces a major
computational cost. This major cost also ensues in the conclusion which this version
of the KNN method is useless for big data. Extended versions of KNN algorithms

have been built to minimize time complexity (Deng et al., 2016).
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3.11. Deep Learning

In traditional programming, both the problem data and solution steps are
given to the computer to cope with the problem. Expressly, the problem resolving
steps with problem data are given into the computer. Unlike traditional
programming, only the data entry is provided to the software when resolving the
problem utilitizing in artificial neural networks. Therefore, deep neural network

automatically extracts a solution from the data (Nielsen, 2015).

Figure 3.2. Deep neural network architecture (Berman et al., 2019)

The deep learning algorithm realizes learning from both data and data
representation using many nonlinear sequential layers. Each layer utilizes the
previous layer's output as input. The output emerges by processing features coming
to a layer. This layer's output finds certain features at the layer level. The features it
produces as output have served as following layer's input. By this, the deep learning

algorithm has performed to take the low-level features. The low-level features are
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served as input to the sequential layer to generate new features. The features are also
created from this entry in this layer. The algorithm continues thus until the last layer,
as shown in Figure 3.2. In such wise that one layer's output is the following layer's
input, the deep learning algorithm resolves from the data representation (Nielsen,

2015; Tim, 2015; Guo et al., 2016).

3.11.1. Software Packages and Programming Languages Used for Deep
Learning

There are many different software packages developed for deep learning.
The most widely used of these different software packages and with which
programming language the software packages will be used is shown in Table 3.2.
Caffe (http://caffe.berkeleyvision.org/) is a deep learning library designed in Python
to solve computer vision problems. Caffe’s main benefit comes from containing
ready-to-use trained networks. TensorFlow is a widely used deep learning library
with open source code developed in the Python language that uses data stream
graphics with flexible architectural features that can run on both GPUs and CPUs.
Theano is a research platform that allows you to create your own deep learning
neural network classes, developed in the Python language, that can run on both GPU
and CPU. Torch is a deep learning framework that is frequently used in image
processing, aiming to simplify the process that can be used in CUDA, C, and C++,

which can also work on the GPU.
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Table 3.2. Software Packages that enables Deep Learning algorithms to be implemented
and languages used for the Packages

Command C | C++ Clojure | Java | Lua | LuaJIT | Matlab | Python | Scala
line

Caffe - - + - - - B + +

CNTK + B _ N

Deeplearning - - - + + - - B _ +

4jK

Wolfram - - + - +

Math.

Tensorflow - - - - - - _ _ T

Theano - - - - - - B B +

Torch - - - - - + T

Keras - - - - - - _ - +

Neon - - - - - = B = +

3.11.2. Convolutional Neural Networks (CNN)

While designing the CNN method, the living things visual cortex
neurobiological model has inspired (Gu, et al., 2018). It was discovered that the
animal visual cortex cells are responsible for sensing light by Hubel and Wiesel in
1959 (Hubel and Wiesel, 1968). Kunihiko Fukushima introduced the neocognitron
in 1980 (Fukushima and Miyake, 1982). LeCun et al. introduced the CNN method
on the basis of the neocognitron (LeCun, 1989).

The name of the CNN term comes from its convolution layer. The CNN
method's convolution layer has been utilized as the feature extraction layer. The
CNN method similarity to traditional artificial neural networks is in the training
method of the features. On CNN, features are trained to optimize themselves. The
main alteration between CNN and traditional ANN is the part of obtaining features
(O'Shea and Nash, 2015). CNN consists of input, hidden, and output layer. In CNN,
features are extracted through the convolution process from the data received
through the input layer. The convolution process in the convolution layer is
performed with the specified filter. In the input matrix, the feature vector is formed
by traversing the entire matrix through the filter. The ReLU function is used after

the convolution layer. The pooling step is performed after each convolution step.
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The pooling is done in two techniques: one of them is maximum pooling and average
pooling. After this feature extraction and size reduction, CNN performs like a
traditional multilayer neural network (LeCun, 1989; O'Shea, and Nash, 2015).
LeCun (1989), introduced DCNN (Deep Convo) network that is performed
using linear convolutions and nonlinearities on more than five layers. DCNN is
composed of many neural network layers. DCNN ensures extraordinary regression
and classification outcomes for high dimension. DCNN propagation is separated into
training and inference with binary weights and activations. DCNN succeeds
excellently if the data, computing and storage resources increases (Dos Santos and

Gatti, 2014; Hochreiter and Schmidhuber, 1997; Mallat, 2016).

3.11.3. Recurrent Neural Networks (RNN)

All inputs and outputs that create a training neural network from inputs are
not dependent on each other in a general neural network. The features of neural
networks lead to not getting the desired result for each problem. Unlike such a neural
network, RNN is a deep learning architecture type based on the input and outputs
that the neural network obtains are dependent. Hence, the RNN architecture's idea is
related inputs and outputs to each other. RNN is based on enabling to learn the
temporal change of sequential data. An RNN is a neural network which contains loop
connection.

RNN is a deep learning algorithm which takes one layer of results back into
the same layer. Generally, neural networks restrict only the same fixed-length
vectors as input and output to a one-to-one relationship, while the RNN architecture
allows the data to be created in 5 different ways using multiple vectors, not a vector

containing features. These:
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a. One to One RNN
b. One to Many RNN
c. Many to One RNN
d. Many to Many RNN
e. Bidirectional Many-to-Many
The main logic of a deep neural network is that it consists of numerous
hidden layers. The main logic of a recurrent neural network is that it has a hidden
layer’s recurrent connection. Each hidden unit is linked to both itself and all other
nodes in the hidden layer. Therefore, the main logic of DRNN is that it has numerous
recurrent hidden layers (Hermans and Schrauwen, 2013).
RNN overcomes training to train sequential data, such as biological text data.
Sequential data comprehends correlations between close data points in the sequence,

such as DNA sequences and protein sequences etc. (Schuster and Paliwal, 1997).

3.11.4. Long Short Term Memory Networks (LSTM)

In 1997, Hochreiter and Schmidhuber presented the LSTM (Hochreiter and
Schmidhuber, 1997). These networks are preferred over the RNN architecture in
terms of long time-lapse dependencies. Because LSTM has shown more successful
results in operations performed at long time intervals than the RNN architecture.
Since discovering of the information storage with recurrent backpropagation takes
long time, the gradient-based LSTM method has created. Hence, these networks
solve complicated and unsolved problems using RNN algorithms. These networks
contain memory blocks that make them more successful than the RNN architecture
in any hidden layer. Each memory block consists of memory cells and special
multiplication units. Memory cells are self-connected cells that accumulate the

neural network temporal state. Special impact units are gates that control the

48



3.MATERIALS AND METHODS Fahriye GEMCI

information flow. This is an input gate to transmit input data, an output gate to
transmit output data, the Sigmoid gate, which is the gate to be taken from the output
gate and finalized data with the Sigmoid function, and the forget gate which is not
included in the RNN algorithm but decides the amount of forgotten data from the
previous cell.

LSTM is modeled more accurately than RNN in terms of long-term
dependencies (Hochreiter and Schmidhuber, 1997). Since discovering to store
information on long time intervals by recurrent backpropagation takes a long time,
LSTM, which is a gradient-based method, is modeled. Therefore, LSTM solves
complex and unsolved tasks using RRN algorithms (Hochreiter and Schmidhuber,
1997). LSTM's computational complexity is O (1).

The LSTM comprises memory blocks that make it more successful than
RNN in any hidden layer. Each memory block is comprised of memory cells and
special multiplicative units. Memory cells are cells with self-connections
accumulating the neural network’s temporal state. Special multiplicative units are
gates that check information flow. These are an input, an output, and the forget gate

(Sak et al., 2014).

3.11.5. Restricted Boltzmann Machines (RBM)

Boltzmann machines (BMs) are bidirectionally connected stochastic
recurrent neural networks. BM is built to solve unknown significant probability
distribution aspects in samples. Since this learning process is hard and time
consuming, a new neural network called Restricted Boltzman Machines (RBM) has
been designed by introducing restrictions to the network topology of Boltzman

Machines (Hinton and Sejnowski, 1983).
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An RBM is a probabilistic neural network. The RBM is called bipartite
because it consists of two layers. The first layer is the input from which the data
features are taken to visible nodes. The second is the hidden layer. The nodes’
learning process takes place in the hidden layer. Each feature of all the data is taken
to a different visible node in the input layer in the algorithm. In RBM, the visible
nodes can receive input and output from outside but cannot connect among
themselves. On the contrary, hidden nodes are interrelated with each other. The
hidden nodes are not input and output from the outside. Each feature information
from visible nodes is transmitted to a node in the hidden layer and computed for
learning. The results of the calculation are processed through an activation function.
RBM performs the calculation using the Contrastive Divergence method for learning
purposes. In RBMs, an unequal and desired number of hidden layers, input, and

output nodes can be processed.

3.11.6. Deep Belief Networks (DBN)

DBN is a probabilistic generative model. DBN provides hierarchical
learning that combines RBM layers with bidirectional communication but without
communication between nodes of the layers. DBN architecture is trained
sequentially by sequencing each RBM layer which is the hidden layer as the visible
layer of the next RBM layer. Each feature RBM layer captures strong high-order
correlations among features in the layer. The DBN architecture adds a softmax
activation function in the last layer after the RBM layers when used for data

classification or clustering purposes.
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3.11.7. Deep Auto-Controller (DAE)

DAE is a deep learning architecture that contains a feed forward multilayer
neural network. The DAE is used for unsupervised learning that aims to decrease
data dimension. The DAE structure has three layers as input, hidden, and output.
DAE is a method that purposes to find a function that will give an output from the
data taken as input. Hence, the number of neurons on the input and output layer is
equal. The extraction of neuron numbers is not on the hidden layer. In DAE, the most
appropriate number of neurons is selected to learn the best features for the

representation of the input and to maximize performance in the hidden layer.

3.11.8. Applications of Deep Learning

Since the deep learning architecture has immense developed today, it
performs better than traditional programming in the severe areas such as computer
vision, speech recognition, natural language processing, bioinformatics and
biomedical data processing. Deep learning architecture has performed in many
diseases diagnosis, such as diagnosis of Parkinson's disease, knee calcification
diagnosis, medical imaging, breast cancer, cancer diagnosis, melanoma skin cancer

diagnosis, emphysema diagnosis.
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4. EXPERIMENTAL RESULTS AND DISCUSSION

In the thesis, remote homology of obtained proteins from the SCOP protein
database is detected by coding with the Python programming language with Keras

and Biopython libraries in Anaconda environment.

4.1. Confusion Matrix

A confusion matrix gives information about predicted classes according to
actual classes. The matrix is basically two-dimensional as actual and predicted
classes. The confusion matrix is nxn dimensional matrix in which n is the number of
classes of the outcome or class variable in the dataset. The confusion matrix in Table
4.1 is used to assess the performance of binary classification problems. In this study,
the minority class is labelled as positive while the majority class is labelled as

negative.

Table 4.1. The Confusion matrix on binary classification

Predicted Positive Predicted Negative
Actual Positive TP FN
Actual Negative FP ™™

4.2. Evaluation Metrics

TP, TN, FP, and FN are represented as True Positive, True Negative, False
Positive, and False Negative, respectively. The accuracy and ROC score are based
on these TP, FP, TN, and FN parameters. The accuracy and ROC score are test

success evaluation metrics. There is their explanation in detail in the subsections.
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4.2.1. Accuracy, Sensitivity and Specificity

Classification accuracy, as shown in Equation 31, is an important success
metric that depends on specificity, sensitivity, and predictive power (Gouvier et al.,
1998; Hennekens and Buring, 1987). While specificity is the true negative rate as
shown in Equation 30; sensitivity is the true positive rate in a testing process as

shown in Equation 29.

TP

Sensitivity = TPR = o i (29)

Specificity = TNR = T;ivpp (30)
TP+TN

Accuracy = m (31)

4.2.2. AUROC Score anc ROC Curve

The ROC is a curve by positioning the TPR over the FPR rate to demonstrate
the task classifier performance. Each point in the ROC space represents a different
classifier performance (Bradley, 1997). ROC is a very useful test metric for testing
classifier success, especially for the problems with unbalanced data, because ROC
provides a visual representation of correct and incorrect predictions. The ROC is
drawn with sensitivity-specificity values that depend on the problem-specific

threshold value.
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4.3. Obtaining Feature Vectors from Protein Sequences

In the thesis, samples are protein sequences that basically each consist of 20
different amino acids. Based on the knowledge of the 20 amino acids, it can be
remarked that protein sequences have their own alphabet. Since proteins are
constituted by a combination of the amino acids in different numbers and orders, can
be shown with single-letter codes of the amino acid. Hence, the studies on protein
sequences resemble natural language processing applications. In the thesis, natural
language processing methods such as n-grams, bag of words models, TF-IDF

weighting are used.

4.3.1. n-grams
n-gram slices have extracted from protein sequences. In this thesis, the
experiments have carried out by subtracting different n-grams between 2 grams and

9 grams. Trigram residues of protein sequences are as listed in Table 4.2.

4.3.2. Bag of Words Model

In the study, it is presumed that protein sequences have considered as a
document, n-grams of various lengths consisting of amino acids are also considered
as words or terms. Bag is created with different words in all proteins of the dataset

in the study. This bag can also be called a dictionary (El-Din, 2016).

The trigram-protein sequence matrix is based on the assumption of each
trigram as a word and the assumption of each protein sequence as a document is
shown in the Table 4.3. and Table 4.4. The trigram-protein sequence matrices in
Table 4.3 and Table 4.4 are two-dimensional vectors with M rows and N columns.
M is number of all words that are all trigrams and N is samples number. The samples

are protein sequences in the thesis. While each entry (M, N) represents the occurence
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of term M in document N in Table 4.3, each entry (M, N) represents the frequency

of term M in document N in Table 4.4.

Table 4.2. Protein trigram samples

. d1bsha1 1.2.7.1.1 (87-138) Epsilon subunit of F1FO-
Stﬁiﬂgﬁ??/%?};?gtiin ATP synthase C-terminal domain {Escherichia coli}
Protein Sequence QDLDEARAMEAKRKAEEHISSSHGDVDYAQASAEL
AKAIAQLRVIELTKKAM

Trigram QDL
Trigram DLD
Trigram LDE
Trigram DEA
Trigram EAR
Trigram ARA
Trigram RAM
Trigram AME
Trigram MEA
Trigram EAK
Trigram

Trigram KAM

Protein classification is performed using the bag of words matrices with both

occurences and frequency. Although the bag of words model or word-documet

matrix is a useful technique to obtain a fixed-length feature vector; the fact that word

orders are not taken into account is a factor that may negatively affects the

performance.
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Table 4.3 Binary bag of words matrix of protein

P1|P2|P3]|... PN-2 | PN-1 | PN
T1 1 0 1 0 0 0
T2 0 0 0 1 0 0
T3 0 0 0 0 0 0
TM-2 0 0 0 0 0 1
TM-1 0 0 0 0 0 0
™ 0 0 0 0 0 0

Table 4.4 Protein word-document matrix

P1|P2|P3 PN-2 | PN-1 | PN
T1 1 0 2 0 0 0
T2 0 0 0 1 0 0
T3 0 0 0 0 0 0
TM-2 0 0 0 0 0 1
TM-1 0 0 0 0 0 0
™ 0 0 0 0 0 0

4.3.3. TF-IDF Weighting

Although the bag of words model holds the information that the term in a
document does not occur or how many times it is; is not fully sufficient to express
the importance of the term for the document. TF-IDF weighting is used in this thesis
because it is a measurement method that is frequently used in natural language
processing problems to convert text dataset to numerical expressions and shows the

importance of each term.
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Table 4.5 Term frequency matrix based on trigrams of protein sequence
P1 P2 | P3 PN-2 PN- | PN
1
T1 0.0069930 | O. 0.0137931 0. 0. 0.
1
T2 0. 0. 0. 0.00847458 | 0. 0.
T3 0 0. 0. 0. 0. 0.
T™™-2 | O. 0. 0. 0. 0. 0.01010101
T™™-1 | O. 0. 0. 0. 0. 0.
™ 0 0. 0 0 0. 0.

Table 4.6. Inverse document frequency based on trigrams of protein sequence

Table 4.7. TF-IDF matrix based on trigrams of protein sequence

T1 2.58537718
T2 4.11571091
T3 3.08007342
TM-2 | 4.54974939
TM-1 5.81344143
™ 5.08255392

P1 P2 P3 PN-2 PN-1 PN

T1 0.01808 0. 0.03566 0. 0. 0.

T2 0. 0. 0. 0.03488 0. 0.

T3 0. 0. 0. 0. 0. 0.
T™M-2 0. 0. 0. 0. 0. 0.04596

T™M-1 0. 0. 0. 0. 0. 0.

™ 0 0. 0 0 0. 0.

4.4. Cosine Similarity

It has been applied to use the word-document matrix rows obtained by using

trigrams of protein sequence samples as samples representing proteins. This samples

are used to classify remote homolog and non-remote homologous proteins using

cosine similarity In Table 4.8, while P stands for protein; the numbers from 1 to N

also represent the number of protein samples. For the n-length protein sample
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dataset, the cosine similarities from P1 to PN are as shown in Table 4.8. However,
cosine similarity on word document matrix has shown which is not successful
enough in remote homology detection problems. Then, a cosine similarity method
set on TF-IDF weighting has been also applied for remote homology problem. For
the n-length protein sample dataset, the cosine similarities based on TF-IDF
weighting from P1 to PN are as shown in Table 4.9. However, cosine similarity set
on TF-IDF weighting also has shown which is not successful enough in remote
homology detection problems. Although the accuracy values are high, it is noticed
that the principal problem is caused by unbalanced data. Therefore, smoothing
operations are performed after TF-IDF weighting. Cosine similarity results of

protein samples based on TF-smothIDF weighting are as shown in Table 4.10.

Table 4.8. Cosine similarity between proteins based on word document matrix
P1 P2 P3 o PN-2 PN-1 PN
P1 1. 0.06851 | 0.07812 | ..| 0.01540 0.04181 0.01664
P2 0.06851 1. 0.14031 | ..| 0.04525 0.01365 | 0.03261
P3 0.07812 0.14031 1. ..| 0.03583 0.01946 | 0.00775
PN-2 0.01540 0.04525 | 0.03583 | .. 1. 0.02301 0.00916
PN-1 0.04181 0.01365 | 0.01946 | ..| 0.02301 1. 0.03317
PN 0.01664 0.03261 | 0.00775 | ..| 0.00916 0.03317 1.
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Table 4.9. Cosine Similarity between proteins based on TF-IDF weighting

P1 P2 P3 PN-2 PN-1 PN
P1 1. 0.05395 | 0.05589 0.01208 | 0.03057 | 0.01105
6
P2 0.05395 1. 0.09762 0.03428 | 0.00813 | 0.02135
P3 0.05589 | 0.09762 1. 0.03286 | 0.01333 | 0.00408
PN-2 0.01208 | 0.03428 | 0.03286 1. 0.02066 | 0.00810
PN-1 0.03057 | 0.00813 | 0.01333 0.02066 1. 0.03077
PN 0.01106 | 0.02136 | 0.00408 0.00809 | 0.03077 1.
Table 4.6. Cosine similarity between proteins based on TF-smothIDF weightin
P1 P2 P3 PN-2 PN-1 PN
P1 1. 0.07335 | 0.08538 0.01666 | 0.04595 0.01893
P2 0.07337 1. 0.15388 0.04926 | 0.01572 0.03718
P3 0.08538 | 0.15388 1. 0.03692 | 0.02165 0.00922
PN-2 | 0.01666 | 0.04926 | 0.03692 1. 0.02387 0.00959
PN-1 | 0.04595 | 0.01572 | 0.02165 0.02741 1. 0.03424
PN 0.0189 | 0.03718 | 0.00922 0.00959 | 0.03424 1.

4.5. Protein Superfamily and Family Classfication Using n-gram

In the thesis, family and superfamilies of protein to detect remote homolog
protein are found from protein sequences using Biopython tool
(https://biopython.org/) on Python programming language.

Remote homologous proteins are based on small sequence similarity. They
can also define as proteins from the same superfamily and different families. Hence,
proteins with different n-grams have classfied into superfamilies and families
utilizing severe machine learning algorithms. There strores extracted n-grams from
the protein data in NoSQL database.

The various methods such as SVM, Naive Bayes, deep learning, and k-
nearest-neighbor methods have applied successfully for various problems such as

detection of remote homolog proteins, illness recognition, and text classification
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(Leslie et al., 2001; McCallum et al., 1998; Seker et al., 2017; Liu et al., 2014). The
various methods such as Naive Bayes, SVM linear, SVM scale, deep learning, and
k-nearest-neighbor methods have been applied to classify into superfamilies with
different n-grams in the thesis. The algorithms have given between 20% and 100%
of accuracy, as shown in Table 4.11. Similarly, the methods are used to classify into

families with different n-grams between 0.6 and 1 accuracy, as shown in Table 4.12.

Table 4.7. Protein superfamily classification accuracy based on n-gram

Superfamilies ngr= ngr= | ngr= ngr= ngr= | ngr=
2,4 3,4 4,4 2,5 2,2 3,3
Naive Bayes 0.33-1.0 0.6 1 0.2 0.2 0.3
SVM linear 0.33-1.0 0.6 1 0.2-04 0.2 0.3
SVM scale 0.33-0.66 | 0.6 1 0.2-04 0.2 0.3

Deep learning | 0.66-1.0 0.8 0.33 | 0.4-0.6 0.2 0.3

k-nearest- 0.6-1.0 0.8 1 0.8 0.2 0.3
neigbor

Table 4.8. Protein family classification accuracy based on n-gram

Families ngr= ngr= ngr= ngr= ngr= | ngr=
24 3.4 4,4 2,5 2,2 3,3
Naive Bayes 0.8 0.8 0.8 0.8 1. 0.6
SVM linear 0.8 0.8 0.8 0.8 1. 0.6
SVM scale 0.8 0.8 0.8 0.8 1. 0.6
Deep learning 0.8 0.8 0.8 0.8 0.8 0.6
k-nearest- 1. 0.8 0.8 1. 1. 0.6

neigbor
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4.6. Naive Bayes Method

In this section, performance comparisons have been made using different
Naive Bayes algorithms to explore remote homologous proteins over the features
obtained using the proteins, n-gram, and TF-IDF weighting method.

The obtained results shown in Table 4.13 show a mean success of all Naive
Bayes classifications using various n values for n-gram on protein classification.
Performance of Multinomial Naive Bayes (MNB) algorithm on the TF-IDF matrix
to determine remote homolog protein has the same performance of Bernoulli Naive
Bayes (BNB) algorithm even in different n-gram trials. Similarly, the performance
of the Complement Naive Bayes (CNB) algorithm on TF-IDF matrix to determine
remote homolog protein has the same performance as those of the Gaussian Naive
Bayes (GNB) algorithm even in different n-gram trials. There give the mean results
of Mean Absolute Error (MAE) on the Naive Bayes classification of remote
homologous protein in the Table 4.14 depending on different n-gram numbers. The
mean results of Mean Squared Error (MSE) on the Naive Bayes classification of
remote homologous protein depending on different n-gram numbers are given in

Table 4.15.

Table 4.9. Mean accuracy success of the Naive Bayes classification of protein

N-GRAM BNB MNB CNB GNB

2,3 0.99796 0.99796 0.99801 0.99806
2,4 0.99803 0.99803 0.99797 0.99813
2,5 0.99797 0.99797 0.98558 0.99807
2,7 0.99391 0.99391 0.97377 0.99806
2,9 0.98813 0.98813 0.97442 0.99806
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Table 4.10. Mean Absoulute Errors (MAE) of the Naive Bayes classification algorithms

Char BNB MNB CNB GNB

| n-grams
min max
n-gram n-gram
length length
2 3 0.00381 0.00381 0.00361 0.00360
2 4 0.00378 | 0.00378 | 0.00361 0.00361
2 5 0.00452 | 0.00452 | 0.00358 | 0.00358
2 7 0.01525 | 0.01525 | 0.00361 0.00361
2 9 0.02807 | 0.02807 | 0.00366 | 0.00366

Table 4.11. Mean Squared Errors (MSE) of the Naive Bayes classification algorithms
char BNB MNB CNB GNB
| n-grams
min max
n-gram | n-gram
length length

2 3 0.00381 0.00381 0.00360 0.00360
2 4 0.00378 0.00378 0.00361 0.00361
2 5 0.00452 0.00452 0.00358 0.00358
2 7 0.01525 0.01525 0.00361 0.00361
2 9 0.02807 0.02807 0.00366 0.00366

Table 4.12. Execution Time of the Naive Bayes classification algorithms

Execution Time | 3452 2000 1000

(sec) Iterations Iterations Iterations
BNB 31x107* 13x10~* 6,4x107*
MNB 26x107* 12x10~* 6x107*
CNB 27x107* 13x107* 6,5x10~*
GNB 24x107% 10x10~* 5,4x107*

There give execution time on the Naive Bayes classification of remote
homologous proteins in Table 4.16. ROC curve of the Naive Bayes classification for
remote homologous proteins between 2 and 3 grams is shown in Figure 4.1. The
Naive Bayes classification’s ROC curve for remote homolog protein between 2 and

4 grams is shown in Figure 4.2. The Naive Bayes classification’s ROC curve for
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remote homolog protein between 2 and 5 grams is shown in Figure 4.3. ROC curve
of the Naive Bayes classification for remote homolog protein between 2 and 7 grams
is shown in Figure 4.4. The Naive Bayes classification’s ROC curve for remote
homolog protein between 2 and 9 grams is shown in Figure 4.5. Although the mean
accuracy success of the Naive Bayes classification of protein sequences is quite high
and proposed, AUROC values are very low. According to AUROC equals 0.5, the
confidence of the Naive Bayes classification of remote homologous proteins is not
acceptable. While accuracy is high; the reason for the high AUROC values is the
dataset because the dataset is seen as unbalanced. The unbalanced dataset problem
has been demonstrated in the remote homology of protein. The dataset on the remote

homology problem needs extra preprocessing to classify successful.
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Figure 4.1. The Naive Bayes classification’s ROC curve between 2 and 3 grams for d1mbk
protein sequence sample
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Figure 4.3. The Naive Bayes classification’s ROC curve between 2 and 5 grams for d1mbk
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4.7. Deep Learning Method with Smoothing Features

In the thesis, the deep learning method has been coded with Python
programming language with Keras backend Tensorflow, and Biopython libraries.
The thesis first step is to obtain a protein dataset. The second is to explore the family
and superfamily of proteins on the dataset. There have determined remote
homologous proteins in the third step. Identifying homolog and remote homologous
proteins with each other have determined the proteins’ sequences’ similarity. A
homolog definition is that proteins share a sequence similarity of more than 40%.
Moreover, proteins having a pairwise sequence similarity between 20% and 40% are
defined as remote homologs. The identifying of whether the proteins are homolog
and remote homolog to each other can be decided by recognizing the families and
superfamily of the proteins. Then, the thesis basic structure has built on this
knowledge. There has been established a new system that uses both sequence
similarity and family and superfamily similarity in the thesis. Proteins that belong to
the same superfamily and different families are remote homologous proteins with
each other and in the meantime proteins which belong to the same superfamily and
same family are homolog proteins with each other. Hence, in the thesis, for coding
the result, 1 is used as the remote homolog protein tag and 0 is used for the non-
remote homolog protein.

There has been created by labeling proteins from the same superfamily and
different families as remote homologous proteins and proteins from the different
folds as non-remote homologous proteins in the thesis. In our system, positive test
samples are taken from proteins from within the target family. Positive train samples
are taken proteins from within the same superfamily of protein with the target family

and outside the target family.
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Since remote homologous proteins look alike and have very small sequence
similarities with one another, it is hard to discover remote homology with the entire
and single amino acid sequence similarity of any protein. Hence, the fourth step is
to take n-grams from protein sequences.

The next step is to extract the TF-IDF matrix using extracted bi-grams from
protein sequences. Then, a smoothing process is performed to balance test and train
protein data. The next step is classification of proteins into remote homolog and non-
remote homolog using Deep Learning architecture. In fact, the "Deep" term in Deep
Learning refers to the deep of layers in neural networks. The experiment deep
learning architecture has composed from an input layer with 1200 neurons, 3 hidden
layers with (600,300,100) neurons, and an output layer. After the input and hidden
layers, the dropout function is performed to diminish overfitting. The softmax
function has classified proteins into remote homolog or non-remote homolog in the
output layer.

The AUROC score and confusion matrix results of remote homology
detection are shown in Table 4.17. The results are with the smoothing and without
the smoothing process for between 1 and 5 grams of target 1.4.1.1 family. As shown
in the confusion matrix in the remote homology detection without smoothing in
Table 1, all 23 positive instances for target 1.4.1.1 family are misclassified. Hence,
remote homology detection without smoothing is unacceptable. In terms of
confusion matrix, accuracy, and AUROC score, bigrams from 1 and 5 grams have
performed the best in Table 1.

There have shown the experimental results of detection using Deep Learning
of remote homology of proteins of preferred 54 families in Appendix A.1. Figure 4.6
shows that the AUROC scores and accuracy curves of 54 target families. The mean

AUROC scores of various remote homology studies using NLP techniques such as
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n-gram and Top-n-gram are shown in Table 4.19. Table 4.19 has showed that bigram
choice is the most successful choice for remote homology detection operation in the

n-gram process.

Table 4.13. Accuracy with or without smoothing of the Deep Learning of protein of the
homeodomain family represented with 1.4.1.1 in SCOP 1.53 using deep
learning on epoch (150) with max features = 9000.

Char Confusion | Confusion | Acc. Acc. AUROC | AUROC

n-gram | matrix matrix without | with score score

length | without with smooth | smooth | without | with

Min [Max| smooth smooth smooth | smooth

1 1 | [1994, 0] 0.9886 0.9886 0.9603 | 0.6375 0.9626
[23, 0]

2 2 | [1994, 0] 0.9886 0.9886 0.9742 | 0.6375 0.9725
[23, O]

3 3 | [1991, 3] 0.9871 0.9871 0.9831 0.6366 0.8898
[23, 0]

4 4 | [1994, 0] 0.9886 0.9886 0.9712 | 0.6375 0.7441
[23, O]

5 5 | [1994, 0] 0.9886 0.9886 0.9886 | 0.6375 0.6375
[23, O]
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Figure 4.5. AUROC scores and accuracy results of 54 target family
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Table 4.14. Mean AUROC scores re

ported in various remote homology studies

Methods

AUROC Score

Source

Deep learning-smoothing & TF-
IDF & n-grams (n =2)

0.8863 (mean score)

Current experiment
(Scop 1.53

Deep learning-smoothing & TF-
IDF & n-grams (n =2)

not the mean)

0.9967 (the best score,

Current experiment
(Scop 1.53

Deep learning-smoothing & TF-
IDF & n-grams (n =2)

0.8690 (mean score)

Current experiment

Scop
enchmark)

Deep learning-smoothing & TF-
IDF & n-grams (n =2)

not the mean)

0.9937 (the best score,

Current experiment
(Scop Benchmark)

Deep learning-smoothing & TF-
IDF & n-grams (n =2)

0,8965 (mean score)

Current  experiment

(the new dataset from
Scop207)

SVM & n-gram

0.7914 (mean score)

Dong et al., 2006

SVM & n-gram & LSA

0.8595 (mean score)

Dong et al., 2006

SVM & n-gram & pl

0.8870 (mean score)

Liuetal., 2014

SVM & n-gram & KTA

0.8920 (mean score)

Liu etal., 2014

SVM & n-grams & LDA 0.9351 (the best score, | Yeh and Chen, 2010

not the mean)

SVM & TF-IDF & n-grams & 0.9435 (the best Yeh and Chen, 2010
LDA score, not the mean)

SVM & Top- n-grams (n = 1) 0.7309 (mean score) Liu et al., 2008
SVM & Top- n-grams (n =2) 0.7929 (mean score) Liu et al., 2008
SVM & Top- n-grams (n = 3) 0.7740 (mean score) Liu et al., 2008
SVM & Top-n-grams & LSA 0.812T (mean score) Liu et al., Z008

(n=2)

4.8. KNN Method

The results for remote homologous proteins obtained by 16 different distance
method with KNN classification algorithm have shown in this section. The KNN
classification algorithm has processed the features extracted from the protein

sequences obtained from the SCOP 1.53 database. There are the various distance
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measurement methods to calculate the distance among two pairs of samples in the
most distinctive way for the problem being studied. 16 different distances in the
thesis are namely Bray Curtis, Canbera, Correlation, Cosine, Dice, Chebyshev,
Euclidean, Jaccard, Kulczynski, Hamming, Matching, Minkowski, SokalMichener,
SokalSneath, RogersTanimoto and RussellRao distances. The accuracy results of
KNN with sixteen distances for remote homology without cross validation have
shown in Table 4.20.

The used dataset on remote homology causes an unbalanced data problem
because the samples’ number that are remote homologous with each other is low and
the samples’ number that are not remote homologous is high. To solve this
unbalanced data problem, Stratified cross validation with a special k-fold value
formula is recommended.

Class] represents the remote homolog class, which has a low number of
samples, while Class2 represents the non-remote homolog class, which has a high
number of samples. They have created the formula in Equation 32. It aims to
automatically discover the k number in the k-fold of the Stratified cross validation

method according to the classes and theirs samples.

k-split= test samples number of the Class1 (32)

Accuracy results of KNN with sixteen distances for remote homology with
Stratified cross validation with a special k-fold value are shown in Table 4.21. There
have shown confusion matrixes of KNN with distances for remote homology without
cross validation in Appendix B.1. There have shown confusion matrixes of KNN
with distances for remote homology with Stratified cross validation with a special k-

fold value in Appendix B.2. There have shown the precision and recall values of
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KNN with distances for remote homology with Stratified cross validation with a
special k-fold value in Table 4.21 and Table 4.22, respectively.

According to accuracy results and confusion matrix values, the KNN study
with StratifiedKFold cross validation is seen as quite successful. But AUROC
scores show that needs improvement. So that the new k-split method can be
built.

The mean AUROC scores of the study with KNN have been compared with
the other SVM-based methods as shown in Table 4.29. Liao and Noble (2003)
claimed that SVM-based methods perform better than KNN-based methods to
discover protein remote homolog proteins. This study has shown that the KNN
method is also successful in detecting remote homologous proteins when the
dataset is transformed into a balanced and regular dataset with the necessary

preprocessing.

Table 4.15. Accuracy results of KNN with sixteen distances for remote homology without
cross validation

Distance/Similarity | Lowest Highest Mean
Methods Accuracy Accuracy Accuracy
Bray Curtis 0.95464 0.99586 0.98758
Euclidean 0.95959 0.99572 0.98715
Minkowski 0.95959 0.99572 0.98715
Dice 0.95364 0.99609 0.98736
Jaccard 0.95364 0.99609 0.98736
Chebyshev 0.95687 0.99655 0.99655
Cosine 0.94224 0.99609 0.98714
SokalSneath 0.95364 0.99609 0.98736
Correlation 0.94199 0.99609 0.98712
Matching 0.95945 0.98729 0.99609
Rogers Tanimoto | 0.95945 0.99609 0.98729
Sokal Michener 0.95945 0.99609 0.98729
Canbera 0.95918 0.99609 0.98718
Hamming 0.94851 0.99609 0.98708
Kulczynski 0.95860 0.99609 0.98843
Russell Rao 0.96530 0.99609 0.98867
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Table 4.20. Accuracy results of KNN with four distances for remote homology with cross

validation

Distance/Similarity | Lowest Highest Mean Accuracy
Methods Accuracy Accuracy

Bray Curtis 0.97078 0.99901 0.98968
Euclidean 0.96327 0.99951 0.98866
Minkowski 0.96327 0.99951 0.98866
Dice 0.97186 1.0 0.99039
Jaccard 0.97186 1.0 0.99039
Chebyshev 0.96735 0.99901 0.98825
Cosine 0.96717 1.0 0.98882
SokalSneath 0.97186 1.0 0.99039
Correlation 0.96717 1.0 0.98882
Matching 0.97173 1.0 0.98935
Rogers Tanimoto | 0.97173 1.0 0.98935
Sokal Michener 0.97173 1.0 0.98935
Canbera 0.97000 1.0 0.98893
Hamming 0.94127 0.99803 0.98875
Kulczynski 0.96789 0.99951 0.99030
Russell Rao 0.97173 0.99951 0.99025

Table 4.16.Precision values of KNN with distances for remote homology with
StrafiedKFold cross validation

Distance/Similarity | 1.4.1.1 21.1.2 2.28.1.1 | 3.42.1.5 | 7.3.101
Methods Family Family | family family Family

Bray Curtis 0.99588 | 0.99329 | 0.99640 | 0.99484 | 0.99232
Euclidean 0.99488 | 0.98718 | 0.99463 | 0.99482 | 0.98946
Minkowski 0.99488 | 0.98718 | 0.99463 | 0.99482 | 0.98946
Dice 0.99703 | 0.97462 | 0.99803 | 0.99588 | 0.99337
Jaccard 0.99703 | 0.97462 | 0.99803 | 0.99588 | 0.99337
Chebyshev 0.99372 | 0.97017 | 0.99442 | 0.99037 | 0.98616
Cosine 0.99745 | 0.97396 | 0.99803 | 0 0.99312
SokalSneath 0.99703 | 0.97462 | 0.99803 | O 0.99337
Correlation 0.99797 | 0.97396 | 0.99803 | O 0.99259
Matching 0.99640 | O 0.99435 | 0 0.98986
Rogers Tanimoto | 0.99640 |0 0.99435 | 0.98948 | 0.98986
Sokal Michener 0.99640 | O 0.99435 | 0.98948 | 0.98986
Canberra 099444 | O 0.99411 | 0.98956 | 0.99021
Hamming 0.99507 | O 0.99461 | 0.98214 | 0.99069
Kulczynski 0.99311 0 0.99838 | 0 0.99443
RussellRao 0.99116 | O 0.99774 | 0 0.99417
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Table 4.17. Recall values of KNN with distances for remote homology with StrafiedKFold
cross validation

Distance/Similarity | 1.4.1.1 21.1.2 2.28.1.1 | 3.42.1.5 | 7.3.101
Methods Family Family | family family Family

Bray Curtis 0.99356 | 0.99231 | 0.99580 | 0.99310 | 0.99066
Euclidean 0.99207 | 0.98718 | 0.99352 | 0.99104 | 0.98639
Minkowski 0.99207 | 0.98718 | 0.99352 | 0.99104 | 0.98639
Dice 0.99703 | 0.97821 | 0.99806 | 0.99586 | 0.99253
Jaccard 0.99703 | 0.97821 | 0.99806 | 0.99586 | 0.99253
Chebyshev 0.99306 | 0.97308 | 0.99352 | 0.98828 | 0.98026
Cosine 0.99753 | 0.97692 | 0.99806 | 0.99104 | 0.99333
SokalSneath 0.99703 | 0.97821 | 0.99806 | 0.99586 | 0.99253
Correlation 0.99802 | 0.97692 | 0.99806 | 0.99586 | 0.99280
Matching 0.99653 | 0.97180 | 0.99255 | 0.99104 | 0.98986
Rogers Tanimoto | 0.99653 | 0.97180 | 0.99255 | 0.99172 | 0.98986
Sokal Michener 0.99640 | 0.97180 | 0.99255 | 0.99172 | 0.98986
Canberra 0.99455 | 0.97180 | 0.99255 | 0.99172 | 0.99040
Hamming 0.99507 | 0.97180 | 0.99385 | 0.99035 | 0.99093
Kulczynski 0.99306 | 0.97180 | 0.99838 | 0.99104 | 0.99440
RussellRao 0.99108 | 0.97180 | 0.99773 | 0.99104 | 0.99413

Table 4.18. Precision values of KNN with distances

for remote homology with k-split

method

Distance/Similarity | 1.4.1.1 21.1.2 2.28.1.1 | 3.421.5 | 7.3.10.1
Methods Family Family | family family Family

Bray Curtis 0.87282 0.80508 0.83131 0.77941 0.95545
Euclidean 0.85171 0.84105 0.76905 0.79754 0.93080
Minkowski 0.85171 0.84105 0.76905 0.79754 0.93080
Dice 0.84065 0.75623 0.83367 0.77980 0.94413
Jaccard 0.84065 0.75623 0.83367 0.77980 0.94413
Chebyshev 0.85871 0.83131 0.72773 0.74615 0.92664
Cosine 0.82799 0.71722 0.84832 0.76658 0.93272
SokalSneath 0.84065 0.75623 0.83367 0.77980 0.94413
Correlation 0.83215 0.71785 0.85022 0.76822 0.93760
Matching 0.71147 0.66153 0.71530 0.69000 0.83603
Rogers Tanimoto 0.71147 0.66153 0.71530 0.69000 0.83603
Sokal Michener 0.71147 0.66153 0.71530 0.69000 0.83603
Canberra 0.71026 0.64068 0.71177 0.67424 0.83741

Hamming 0.58946 0.46985 0.66648 0.48273 0.79325
Kulczynski 0.49866 0.46784 0.81158 0.60713 0.78858
RussellRao 0.44980 0.43303 0.78770 0.51310 0.76226
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Table 4.19. Recall values of KNN withdistances for remote homology with k-split method

Distance/Similarity | 1.4.1.1 21.1.2 2.28.1.1 | 3.42.1.5 | 7.3.101
Methods Family Family | family family Family

Bray Curtis 0.85701 0.79312 | 0.80961 | 0.75045 | 0.95879
Euclidean 0.83356 | 0.83129 | 0.74763 | 0.77162 | 0.93266
Minkowski 0.83356 | 0.83129 | 0.74763 | 0.77162 | 0.93266
Dice 0.81310 | 0.72661 | 0.80339 | 0.73739 | 0.94621
Jaccard 0.81310 | 0.72661 | 0.80339 | 0.73739 | 0.94621
Chebyshev 0.84368 | 0.79522 | 0.70108 | 0.72072 | 0.92468
Cosine 0.74299 | 0.66829 | 0.80201 | 0.71554 | 0.93169
SokalSneath 0.81310 | 0.72661 | 0.80339 | 0.73738 | 0.94621
Correlation 0.75149 | 0.67415 | 0.80454 | 0.71892 | 0.93750
Matching 0.63379 | 0.60483 | 0.70892 | 0.61329 | 0.79357
Rogers Tanimoto | 0.63379 | 0.60483 | 0.70892 | 0.61329 | 0.79357
Sokal Michener 0.63379 | 0.60483 | 0.70892 | 0.61329 | 0.79357
Canberra 0.62851 0.57602 | 0.70154 | 0.60225 | 0.79357
Hamming 0.53770 | 0.50412 | 0.63565 | 0.51532 | 0.70238
Kulczynski 0.59563 | 0.54323 | 0.74325 | 0.60856 | 0.64698
RussellRao 0.58368 | 0.53152 | 0.68057 | 0.58221 | 0.57151

Table 4.20. AUROC scores of KNN with distances for remote homology with
StratifiedKFold cross validation

Distance/Similarity | 1.4.1.1 21.1.2 2.281.1 | 3.421.5 | 7.3.101
Methods Family Family | family family Family

Bray Curtis 0.99492 | 0.94849 | 0.98275 | 0.89444 | 0.97783
Euclidean 0.97985 | 0.88996 | 0.96645 | 0.96815 | 0.96504
Minkowski 0.97985 | 0.88996 | 0.96645 | 0.96815 | 0.96504
Dice 0.95635 | 0.75900 | 0.94705 | 0.79594 | 0.97579
Jaccard 0.95635 | 0.75900 | 0.94705 | 0.79594 | 0.97579
Chebyshev 0.92576 | 0.77339 | 0.94436 | 0.84262 | 0.95065
Cosine 0.94281 0.71702 | 0.95438 | 0.61539 | 0.94090
SokalSneath 0.95635 | 0.75900 | 0.94705 | 0.79594 | 0.97579
Correlation 0.95696 | 0.71702 | 0.95438 | 0.79594 | 0.94053
Matching 0.91448 | 0.64350 | 0.97277 | 0.61539 | 0.93194
Rogers Tanimoto | 0.91448 | 0.64350 | 0.97277 | 0.66768 | 0.93194
Sokal Michener 0.91448 | 0.64350 | 0.97277 | 0.66768 | 0.93194
Canberra 0.91376 | 0.64350 | 0.95028 | 0.69295 | 0.92883
Hamming 0.85696 | 0.64350 | 0.94444 | 0.61538 | 0.92939
Kulczynski 0.79883 | 0.64350 | 0.94720 | 0.61539 | 0.92815
RussellRao 0.74018 | 0.64350 | 0.93221 | 0.61539 | 0.92473

76



4.EXPERIMENTAL RESULTS AND DISCUSSION Fahriye GEMCI

Table 4.21. AUROC scores of KNN withdistances for remote homology with k-split

method

Distance/Similarity | 1.4.1.1 21.1.2 2.28.1.1 | 3.42.1.5 | 7.3.101
Methods Family Family | family family Family

Bray Curtis 0.91601 0.90255 | 0.91399 | 0.87135 | 0.98380
Euclidean 0.91084 | 0.92861 | 0.88427 | 0.89543 | 0.98133
Minkowski 0.91084 | 0.92861 | 0.88427 | 0.89543 | 0.98133
Dice 0.89475 | 0.86345 | 0.92864 | 0.88191 | 0.98384
Jaccard 0.89475 | 0.86345 | 0.92864 | 0.88191 | 0.98384
Chebyshev 0.93337 | 0.96723 | 0.86060 | 0.85833 | 0.98906
Cosine 0.93484 | 0.90664 | 0.94791 | 0.89194 | 0.97905
SokalSneath 0.89475 | 0.86345 | 0.92864 | 0.88191 | 0.98384
Correlation 0.93617 | 0.90344 | 0.94904 | 0.89113 | 0.98300
Matching 0.88064 | 0.85618 | 0.83185 | 0.83601 | 0.94934
Rogers Tanimoto | 0.88064 | 0.85618 | 0.83185 | 0.83601 | 0.94934
Sokal Michener 0.88064 | 0.85618 | 0.83185 | 0.83601 | 0.94934
Canberra 0.88232 | 0.85901 | 0.83404 | 0.83953 | 0.94911
Hamming 0.86396 | 0.86550 | 0.86167 | 0.83417 | 0.94358
Kulczynski 0.92077 | 0.92306 | 0.94656 | 0.88212 | 0.97496
RussellRao 0.91667 | 0.92960 | 0.94941 | 0.88086 | 0.96984

Table 4.22. AUROC scores of KNN with distances for remote homology with
StratifiedKFold cross validation

Distance/Similarity | Lowest Highest Mean

Methods AUROC AUROC AUROC
Bray Curtis 0.52855 0.99940 0.77673
Euclidean 0.52724 1.0 0.76428
Minkowski 0.52724 1.0 0.76428
Dice 0.52874 1.0 0.72237
Jaccard 0.52874 1.0 0.72237
Chebyshev 0.52855 0.98751 0.77173
Cosine 0.52855 1.0 0.69526
SokalSneath 0.52874 1.0 0.72237
Correlation 0.52855 1.0 0.69551
Matching 0.52855 1.0 0.69007
Rogers Tanimoto 0.52855 1.0 0.69007
Sokal Michener 0.52854 1.0 0.69007
Canberra 0.52855 1.0 0.68911
Hamming 0.52855 0.99774 0.66834
Kulczynski 0.52855 0.97441 0.65961
RussellRao 0.52855 0.96517 0.64057

77



4.EXPERIMENTAL RESULTS AND DISCUSSION Fahriye GEMCI

Table 4.23. AUROC scores of KNN withdistances for remote homology with k-split

method

Distance/Similarity | Lowest Highest Mean
Methods AUROC AUROC AUROC
Bray Curtis 0.81516 0.98921 0,92024
Euclidean 0.81795 0.98392 0.91570
Minkowski 0.79848 0.98392 0.91570
Dice 0.74609 0.98861 0,89754
Jaccard 0.74609 0.98861 0,89754
Chebyshev 0.82378 0.98906 0.91341
Cosine 0.75831 0.97920 0.91016
SokalSneath 0.74609 0.98861 0,89754
Correlation 0.76938 0.98300 0.91087
Matching 0.72844 0.97979 0.86811
Rogers Tanimoto | 0.72844 0.97979 0.86811
Sokal Michener 0.72844 0.97979 0.86811
Canberra 0.72729 0.97099 0.86359
Hamming 0.69662 0.94358 0.84520
Kulczynski 0.72462 0.97632 0.88270
RussellRao 0.72516 0.99466 0.87927
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Table 4.24. AUROC scores of KNN with distances for remote homology with k-split

method

Distance/Similarity Mean Ref

Methods AUROC

KNN with Bray Curtis 0.77673 | The Proposed Study

with StratifiedKFold

cross validation with n-

| gram

KNN with Bray Curtis 0,92024 | The Proposed Study

with k-split method

with

| n-gram

SVM-Ngram 0,81200 | Lovato et al., 2016

SVM with Top Ngram 0,71720 | Lovato et al., 2016

SVM-Ngram-p1 0, Lovato et al., 2016

88700

SVM-Ngram-KTA 0, 89200 | Lovato et al., 2016

VBKC 0.92400 | Damoulas and Girolami,
2008

SVM (SW) 0.89600 | Damoulas and Girolami,
2008

SVM (LA) 0.92500 | Damoulas and Girolami,
2008

SVM (MM) 0.87200 | Damoulas and Girolami,
2008

SVM (Mono) 0.91900 | Damoulas and Girolami,
2008

SVM pairwise (SVM | 0.7329 Nakshathram et al.,

PW) 2021

GPkernal 0.76210 | Nakshathram et al.,
2021

LSTM 0.80240 | Nakshathram et al., 2021

SOFM-Top 0.82100 | Nakshathrametal., 2021

SOFM-SW 0.92100 | Nakshathram et al., 2021

SOFM-SMSW 0.94100 | Nakshathram et al., 2021

79



4.EXPERIMENTAL RESULTS AND DISCUSSION Fahriye GEMCI

80



5.CONCLUSION AND DISCUSSION Fahriye GEMCI

5. CONCLUSION

Due to the increase in protein amounts, protein classification problems have
become essential in molecular biology. Many studies have been carried out on
homologous protein and remote homologous proteins to detect the protein families.
They are among protein classification studies. Homologous proteins are among
proteins with more than 40% similarity sequence identity; remote homologous
proteins are proteins with sequence similarity between 20% and 40%. The lower
similarity makes the remote homologous protein detection a harder problem than the
homologous proteins’s detection.

In this thesis, machine learning algorithms such as Naive Bayes and KNN
have been applied to detect the classes of remote homologous proteins. The remote
homologous proteins’ detection implicitly supplies great benefit to the medical field
because the structure of unknown proteins is useful in the new drugs discovery in
medicine.

In this thesis, the SCOP 1.53 database, which is the database frequently used
in protein classification studies, the SCOP benchmark database, and the newly
created SCOP protein database from SCOP 2.07 have been used to test the thesis
model. The SCOP database usage of both positive and negative samples in
classification problems such as the remote homologous proteins’ detection is a
significant factor that increases the success of classification.

Although there are many protein alignment-based methods on protein
sequences for feature extraction; protein sequences bring to mind natural language
processing methods based on text and characters. To classify protein sequences with
amino acids as remote homologous and non-remote homologous by machine

learning algorithms, it is requisite to extract fixed-length datasets. For this objective,
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bag of words model, word-document matrix and n-gram methods have used. Thus,
this thesis shows that NLP techniques can be beneficially utilized in bioinformatics
studies. When performing the n-gram method, the selected n value’s effects on the
success has showed. The features obtained by the n-gram method has not be
sufficient for classification as such. Then there have obtained the features by
applying the TF-IDF vectorization method.

In thesis, remote homologous protein detection has been performed using 4
different Naive Bayes classification algorithms, namely Multinomial, Complement,
Bernoulli, and Gaussian Naive Bayes. The Gaussian Naive Bayes method stands out
among these four methods for the remote homologous proteins detection in the
success ranking. Thus, the use of various Naive Bayes algorithms in bioinformatics
and their successful performance in text processing are revealed.

There have obtained the protein dataset by smoothing the protein samples in
this thesis. Remote homologous proteins have been discovered by obtaining the
protein dataset with the newly constructed deep learning method. The protein dataset
success with the new method has an average accuracy of 89.13% and an average
ROC score of 88.39%.

Another method to cope with the unbalanced data problem in this thesis has
been proposed. The Strafied cross validation method with a special k-fold value
formula has been proposed to diminish the unbalanced data problem on remote
homologous protein detection. The KNN algorithm has shown the highest
performance with 99% accuracy with Stratified cross validation with special k-fold

value and Bray Curtis distance.
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APPENDIX A

Table A.1.The experimental results for detection of remote homologous proteins using deep

learning

Family ID | AUROC | Accur | mae mse F1 Presicio | Recall | Kappa

Score acy score n Score | score score
1.4.1.1 0.9725 0.9742 | 0.0258 | 0.0258 | 0.9807 | 0.2711 0.9130 | 0.4371
1.4.1.2 0.8916 0.9116 | 0.0885 | 0.0885 | 0.9445 | 0.0915 0.875 0.1672
1.4.1.3 0.9487 0.9392 | 0.0608 | 0.0608 | 0.9603 | 0.1579 1.0 0.2581
1.27.11 0.9336 0.9807 | 0.0193 | 0.0193 | 0.9872 | 0.1309 0.8333 | 0.2580
1.271.2 0.8851 0.8449 | 0.1551 | 0.1551 | 0.9120 | 0.0260 1.0 0.0429
1.36.1.2 0.8728 0.8842 | 0.1158 | 0.1158 | 0.9311 | 0.0377 0.7143 | 0.0783
1.36.1.5 0.8707 0.8635 | 0.1365 | 0.1365 | 0.9193 | 0.0463 0.8846 | 0.0825
1.41.1.2 0.9390 0.9871 | 0.0129 | 0.0129 | 0.9892 | 0.3488 0.8333 | 0.5498
14115 0.9241 0.9536 | 0.0463 | 0.0463 | 0.9690 | 0.1109 0.76 0.2280
1.45.1.2 0.9434 0.9940 | 0.0060 | 0.0060 | 0.9944 | 0.5223 0.8333 | 0.7113
21141 0.8761 0.8899 | 0.1101 | 0.1101 | 0.9215 | 0.1247 0.7097 | 0.2315
21.1.2 0.8850 0.9821 | 0.0180 | 0.0180 | 0.9828 | 0.5117 0.7727 | 0.6991
21.1.3 0.8109 0.7845 | 0.2156 | 0.2156 | 0.8561 | 0.0763 0.75 0.1200
2114 0.8773 0.9316 | 0.0684 | 0.0684 | 0.9423 | 0.0583 0.2727 | 0.1519
2115 0.8709 0.9018 | 0.0982 | 0.0982 | 0.9276 | 0.0985 0.5556 | 0.2069
2511 0.8778 0.9323 | 0.0677 | 0.0677 | 0.9600 | 0.0266 0.5455 | 0.0722
2.51.3 0.8973 0.9460 | 0.0541 | 0.0541 | 0.9674 | 0.0382 0.6 0.1001
2.9.1.2 0.8982 0.9384 | 0.0616 | 0.0616 | 0.9622 | 0.0583 0.7143 | 0.1307
29.1.3 0.9658 0.9572 | 0.4280 | 0.4280 | 0.9728 | 0.1429 1.0 0.2405
2914 0.9454 0.9380 | 0.0620 | 0.0620 | 0.9622 | 0.1031 1.0 0.1763
2.28.1.1 0.8796 0.9686 | 0.0314 | 0.0314 | 0.9722 | 0.0373 0.2046 | 0.1414
2.28.1.3 0.8261 0.7553 | 0.2447 | 0.2447 | 0.8476 | 0.0551 1.0 0.0795
2.38.4.1 0.8600 0.9142 | 0.0858 | 0.0858 | 0.9479 | 0.0202 04 0.0562
2.38.4.3 0.8378 0.9154 | 0.0846 | 0.0846 | 0.9485 | 0.0181 0.3636 | 0.0511
2.38.4.5 0.8408 0.8859 | 0.1141 | 0.1141 | 0.9323 | 0.0430 0.7777 | 0.0854
2.44.1.2 0.8472 0.9048 | 0.0952 | 0.0952 | 0.9182 | 0.0343 0.05 0.0103
2.52.1.2 0.8472 0.9086 | 0.0914 | 0.0914 | 0.9484 | 0.0092 0.4 0.0258
2.56.1.2 0.9501 0.9269 | 0.0731 | 0.0731 | 0.9581 | 0.0563 1.0 0.0992
3.1.81 0.9681 0.9528 | 0.0472 | 0.0472 | 0.9709 | 0.1177 1.0 0.2015
3.1.8.3 0.9319 0.9509 | 0.0491 | 0.0491 | 0.9697 | 0.0775 0.8 0.1608
3.21.2 0.7942 0.6527 | 0.3473 | 0.3473 | 0.7779 | 0.0339 1.0 0.0430
3.21.3 0.8119 0.8349 | 0.1651 | 0.1651 | 0.8992 | 0.0361 0.6666 | 0.0684
3.21.4 0.8645 0.8362 | 0.1638 | 0.1638 | 0.9001 | 0.0693 1.0 0.1093
3.21.5 0.9562 0.9321 | 0.0679 | 0.0679 | 0.9558 | 0.1522 1.0 0.2482
3.21.6 0. 8840 0.9122 | 0.0878 | 0.0878 | 0.9438 | 0.0535 0.6 0.1240
3.21.7 0.8953 0.8366 | 0.1634 | 0.1634 | 0.9003 | 0.0695 1.0 0.1096
3.31.2 0.8692 0.8133 | 0.1867 | 0.1867 | 0.8908 | 0.0345 1.0 0.0545
3.3.1.5 0.8897 0.9484 | 0.0517 | 0.0517 | 0.9678 | 0.0431 0.5625 | 0.1163
3.32.1.1 0.7926 0.8997 | 0.1003 | 0.1003 | 0.9374 | 0.0690 0.7778 | 0.1356
3.32.1.8 0.8808 0.9584 | 0.0416 | 0.0416 | 0.9688 | 0.0326 0.2727 | 0.1177
3.32.1.11 0.9216 0.8967 | 0.1033 | 0.1033 | 0.9360 | 0.1020 1.0 0.1675
3.32.1.13 0.8483 0.8607 | 0.1393 | 0.1393 | 0.9149 | 0.0484 0.75 0.0925
3.42.1.1 0.8591 0.9283 | 0.0718 | 0.0718 | 0.9548 | 0.0259 04 0.0762
3.42.1.5 0.7436 0.9028 | 0.0972 | 0.0972 | 0.9407 | 0.0153 0.3077 | 0.0380
3.42.1.8 0.7717 0.7864 | 0.2137 | 0.2137 | 0.8721 | 0.0280 0.8 0.0466
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7.3.5.2 0.9030 0.9681 | 0.0319 | 0.0319 | 0.9797 | 0.0904 0.7777 | 0.1928
7.3.6.1 0.9744 0.9683 | 0.0318 | 0.0318 | 0.9777 | 0.2432 1.0 0.3812
7.3.6.2 0.9660 0.9745 | 0.0255 | 0.0255 | 0.9813 | 0.2705 0.9615 | 0.4257
7.3.6.4 0.9967 0.9857 | 0.0143 | 0.0143 | 0.9886 | 0.4166 1.0 0.5822
7.3.10.1 0.9436 0.9498 | 0.0502 | 0.0502 | 0.9614 | 0.3180 0.9579 | 0.4720
7.39.1.2 0.9750 0.9486 | 0.0514 | 0.0514 | 0.9686 | 0.1077 1.0 0.1853
7.39.1.3 0.7348 0.7974 | 0.2026 | 0.2026 | 0.8816 | 0.0126 0.5714 | 0.0221
7.41.51 0.8300 0.8879 | 0.1121 | 0.1121 | 0.9365 | 0.0103 0.4444 | 0.0257
7.41.5.2 0.8787 0.8133 | 0.1867 | 0.1867 | 0.8928 | 0.0233 1.0 0.0371
Average 0.8863 0.9058 | 0.1014 | 0.1014 | 0.9405 | 0.1066 0.7484 | 0.1797
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APPENDIX B

Table B.0.1. Confusion matrixes of KNN with distances without cross validation

Distance/Similarity 1.4.1.1 21.1.2 2.28.1.1 3.421.5 7.3.10.1
Methods Family Family family family Family
Bray Curtis [1994 0] [753 5] [3039 5] [1436 1] [3625 28]
[ 22 1] [14 8] [44 O] [13 0] [ 44 51]
Euclidean [1990 4] [750 8] [3040 4] [1435 2] [3618 35]
[10 13] [14 8] [44 O] [ 13 0] [ 90 5]
Minkowski [1990 4] [753 8] [3040 4] [1435 2] [3618 35]
[10 13] [ 6 17] [44 0] [13 0] [ 90 5]
Dice [1993 1] [757 1] [3041 3] [1437 O] [3641 12]
[ 23 0] [22 Q] [44 O] [13 0] [ 86 9]
Jaccard [1993 1] [757 1] [3041 3] [1437 Q] [3641 12]
[23 0] [22 0] [44 O] [13 0] [ 86 9]
Chebyshev [1990 4] [751 7] [3037 7] [1433 4] [3626 27]
[11 12] [18 4] [44 O] [13 0] [ 87 8]
Cosine [1994 0] [757 1] [3034 10] [1437 O] [3644 9]
[23 0] [22 0] [ 44 0] [13 0] [67 28]
SokalSneath [1993 1] [757 1] [3041 3] [1437 0] [3641 12]
[23 0] [22 0] [ 44 Q] [13 0] [ 86 9]
Correlation [1994 0] [756 2] [3034 10] [1437 0] [3642 11]
[23 0] [22 0] [ 44 O] [ 13 0] [ 67 28]
Matching [1993 1] [757 1] [3043 1] [1436 1] [3590 63]
[23 0] [22 0] [44 O] [ 13 0] [ 89 6]
Rogers Tanimoto [1993 1] [758 0] [3043 1] [1436 1] [[3590 63]
[23 0] [22 0] [44 O] [ 13 0] [ 89 6]
Sokal Michener [1993 1] [757 1] [3043 1] [1436 1] [3590 63]
[23 0] [22 0] [ 44 Q0] [ 13 0] [ 89 6]
Canberra [1992 2] [757 1] [3043 1] [1436 1] [3589 64]
[23 0] [22 0] [44 0] [ 13 0] [ 89 6]
Hamming [1991 3] [758 0] [3044 0] [1437 0] [3552 101]
[23 0] [22 0] [44 0] [ 13 0] [ 92 3]
Kulczynski [1994 0] [758 0] [3043 1] [1437 0] [3653 0]
[23 0] [22 0] [44 O] [ 13 0] [ 95 O]
RussellRao [1994 0] [758 0] [3044 0] [1437 0] [3653 0]
[23 0] [22 0] [44 O] [ 13 0] [95 O]
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Table B.2. Confusion matrixes of KNN with distances for remote homology with cross
validation with special k value fold

Distance/Similarity 1411 21.1.2 2.28.1.1 34215 7.3.10.1
Methods Family Family family family Family
Bray Curtis [1981 13] [753 5] [3033 11] [1429 8] [3623 30]
[ 0 23] [ 121] [ 2 42] [ 2 11] [ 5 90]
Euclidean [1979 15] [753 5] [3028 16] [1425 12] [3610 43]
[ 1 22] [ 517] [ 4 40] [ 1 12] [ 8 87]
Minkowski [1979 15] [753 5] [3028 16] [1425 12] [3610 43]
[ 1 22] [ 517] [ 4 40] [ 1 12] [ 8 87]
Dice [1991 3] [755 3] [3043 1] [1437 0] [3631 22]
[ 3 20] [14 8] [ 5 39] [ 6 7] [ 6 89]
Jaccard [1991 3] [755 3] [3043 1] [1437 0] [3631 22]
[3 20] [14 8] [6 39] [ 6 7] [ 6 89]
Chebyshev [1985 9] [750 8] [3029 15] [1426 11] [3590 63]
[5 18] [13 9] [ 5 39] [ 6 7] [11  84]
Cosine [1993 1] [757 1] [3042 2] [1437 0] [3645 8]
[ 4 19 [17 5] [ 4 40] [13 0] [17 78]
SokalSneath [1991 3] [755 3] [3043 1] [1437 0] [3631 22]
[ 3 20] [14 8] [ 5 39] [ 6 7] [ 6 89
Correlation [1993 1] [757 1] [3042 2] [1437 O] [3643 10]
[ 3 20] [17 5] [ 4 40] [ 13 0] [ 17 78]
Matching [1993 1] [758 0] [3024 20] [1436 1] [3634 19]
[ 6 17] [22 0] [ 3 41] [ 13 0] [ 19 76]
Rogers Tanimoto [1993 1] [758 0] [3024 20] [1436 1] [[3634 19]
[ 6 17] [22 0] [ 3 41] [ 11 2] [ 19 76]
Sokal Michener [1993 1] [758 0] [3024 20] [1436 1] [3634 19]
[ 6 17] [22 0] [ 3 41] [ 11 2] [ 19 76]
Canbera [1989 5] [758 0] [3025 19] [1435 2] [3637 16]
[ 6 17] [22 0] [ 4 40] [ 10 3] [ 20 75]
Hamming [1994 0] [758 0] [3030 14] [1436 1] [3639 14]
[ 10 13] [22 0] [ 5 39] [ 13 0] [ 20 75]
Kulczynski [1994 0] [758 0] [3044 0] [1437 0] [3653 0]
[ 14 9] [22 0] [ 5 39] [ 13 0] [ 21 74]
Russell Rao [1994 0] [758 0] [3044 0] [1437 0] [3653 0]
[ 18 5] [22 0] [ 7 37] [ 13 0] [ 22 73]
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