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A ROBUST DEEP-LEARNING-BASED DETECTOR FOR
PRE-MIRNA CLASSIFICATION

ABSTRACT

MiRNA (or MicroRNA) is a tiny, single-stranded, and non-coding RNA structure of
roughly 20-22 nucleotides. Findings from biological research indicate that it plays a

regulatory role in a wide range of endogenous processes.

In computational biology, classifying mature miRNA is not efficient since its short
length and limited features. Thus, scientists are using precursor miRNAs with longer
sequences and more structural features. Pre-miRNAs can be grouped as mirtrons and
canonical miRNAs. The main differences come from their biogenesis process. In
contrast to canonical miRNAs, mirtrons are less conserved. And also it is not easier
to be identified. The conventional machine-learning-based pre-miRNA classification
methods depend on manual feature extraction. Besides, they rely on either structure

of sequence or structure of spatial of pre-miRNAs.

In this dissertation, we propose a hybrid deep learning method based on the
convolutional neural networks and long-short term memory networks to overcome
the limitations of previously developed machine learning methods and obtain robust
results. According to the our proposed model’s result, in 95 percent confidence
interval, we got 0.943 (£0,014) accuracy, 0.935 (£0,016) sensitivity, 0.948 (£0,029)
specificity, 0.925 (£0,016) F1 Score and 0.880 (+0,028) Matthews Correlation
Coefficient. Therefore, the prediction resulted in the best for accuracy (2.51 percent),
F1 Score (1.00 percent), and Matthews Correlation Coefficient (2.43 percent) when
compared to the closest results. In addition, the average of sensitivity has the highest
value as Linear Discriminant Analysis. The results show that the hybrid CNN-LSTM
networks can be employed to get higher prediction performance for pre-miRNA

classification.

Keywords: Mirtron, canonical miRNA, pre-miRNA classification, convolutional

neural networks, long short-term memory
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PRE-MIiRNA SINIFLANDIRMASI iCiN DERIN OGRENME
TEMELLI GUCLU BIR DEDEKTOR

(0Y4

MiRNA (veya MicroRNA), yaklasik 20-22 niikleotitten olusan kiiciik, tek sarmalli
ve kodlamayan bir RNA yapisidir. Biyolojik arastirmalardan elde edilen bulgular,

cok cesitli endojen siireglerde diizenleyici bir rol oynadigini géstermektedir.

Hesaplamali biyolojide, olgun miRNA'nin siniflandirilmasi, kisa uzunlugu ve smirli
Ozellikleri nedeniyle verimli degildir. Bu nedenle, bilim adamlar1 daha uzun dizilere
ve daha yapisal o6zelliklere sahip 6ncti miRNA'lar1 kullanmaktadir. Pre-miRNA'lar,
mirtronlar ve kanonik miRNA'lar olarak gruplandirilabilir. Bu yapilarin ana
farkliliklar biyogenez siireclerinden kaynaklanmaktadir. Kanonik miRNA'larin
aksine, mirtronlar daha az konservatiftir. Ve ayrica tanimlanmasi1 da daha kolay
degildir. Geleneksel makine 6grenimi tabanli pre-miRNA simiflandirma yontemleri,
manuel 6zellik ¢ikarimina baglhdir. Ayrica, pre-miRNA'larin sekans yapisina veya

uzamsal yapisina dayanirlar.

Bu tezde, daha 6nce gelistirilmis makine 6grenmesi yontemlerinin sinirlamalarini
asmak ve daha iyi sonuglar elde etmek i¢in evrigimli sinir aglarina ve uzun kisa siireli
bellek aglarma dayali hibrit bir derin 6grenme yontemi Oneriyoruz. Onerilen
modelimizin sonucuna gore, yiizde 95 giiven araliginda, 0,943 (+0,014) dogruluk,
0,935 (£0,016) duyarlilik, 0,948 (£0,029) 6zgiillik, 0,925 (£0,016) F1 Skoru ve
0.880 (+0,028) Matthews Korelasyon Katsayisi elde ettik. Modelimiz, en yakin
sonuclarla karsilastirildiginda dogruluk (ylizde 2,51), F1 Skoru (ylizde 1,00) ve
Matthews Korelasyon Katsayis1 (yiizde 2,43) i¢in en iyi sonucu verdi. Ayrica
duyarhilik ortalamasi da Lineer Diskriminant Analizi gibi en yliksek degere sahiptir.
Sonuglar, hibrit CNN-LSTM aglarinin pre-miRNA siniflandirma i¢in daha yiiksek

tahmin performansi elde etmede kullanilabilecegini gostermektedir.

Anahtar Kelimeler: Mirtron, kanonik miRNA, pre-miRNA siniflandirmast,

evrisimli sinir aglar1, uzun-kisa siireli bellek
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CHAPTER 1

INTRODUCTION

MiRNA (or MicroRNA) is a tiny, single-stranded, and non-coding RNA structure of
roughly 20-24 nucleotides[1]. Findings from biological research indicate that it plays
a regulatory role in a wide range of endogenous processes. To explain briefly, they
bind to the 5’ untranslated region (UTR), coding sequence, or 3’'UTR of target
messenger RNA (mRNA) post-transcriptionally [2,3]. Therefore, they infer the
translation process and alter or prevent the presence of the protein product that
should normally be produced[4]. That regulatory role of the miRNA shows that the
identification and classification of miRNAs are fundamental problems in

computational biology.

Comprehensive databases are being built with newly discovered miRNA sequences.
These databases contain both miRNA sequences and annotations. The most popular
one, the miRBase (v22) database [5], includes 38,589 hairpin precursors and 48,860
mature microRNAs from 271 organisms such as humans, flies, mice, and worms.
Besides, the database has 1,917 hairpin precursors and 2,654 mature miRNA
sequences in the human category [5]. Although this number is small, it has an
important place in scientific research. Because recent studies show that miRNAs
control approximately 33% of all protein-coding genes’ activities in mammals [6].
This ratio is a significant indicator of how critical these short sequences are in
biological processes. Additionally, many studies reveal that miRNAs are associated
with plenty of human diseases such as cancer, cardiovascular diseases, or

autoimmune diseases [7,8,17-26,9,27,28,10-16].

It is predicted that the expression of miRNA profiling can be a novel diagnostic tool
in the near future. In that context, Saini et al. [29] argue that a precise understanding
of the elusive multilevel regulation of miRNA expression is a prerequisite for
explaining the cause of a wide variety of diseases. Studies show that miRNA offers

potential targets for both the diagnosis and treatment of many diseases. Moreover,



the inclusion of certain miRNA expression profiles as biomarkers could lead to
significant advances in facilitating disease diagnosis and treatment. Classification
and identification of diseases, and monitoring of their prognosis are also the other

outputs for using those biomarkers [29].

When we consider both the roles of miRNAs in protein synthesis and their
relationship with diseases, the importance of making a classification with high
accuracy becomes clearer. Besides, due to the correlation between miRNAs and
different diseases, scientific studies to understand the function and mechanism of

miRNAs are increasing rapidly [30,31].

The miRNA biogenesis has different steps and cellular mechanisms. Some of the
processes occur in the nucleus and others in the cytoplasm. According to the
biogenesis differences, we can group miRNAs into two categories. The first is
mirtrons and the second is canonical miRNA [32]. A clear understanding of the
different biogenesis structures of the miRNA will contribute to more reliable results
of the current studies and higher accuracy of classification. In addition, it is thought
that it will have an important place in the development of new tools and databases
with different features such as disease diagnosis, classification, monitoring, and

treatment [29].

In computational biology, classifying mature miRNA is not efficient since its short
length (about 22 nucleotides) and limited features. Thus, scientists are using
precursor miRNAs with longer sequences and more structural features. In contrast to
canonical miRNAs, mirtrons are less conserved. And also it is not easier to be
identified [32]. The conventional machine-learning-based pre-miRNA classification
methods depend on manual feature extraction. Besides, they rely on either structure

of sequence or structure of spatial of pre-miRNAs.

1.1 A brief history of miRNAs

The first miRNA sequence is discovered in Caenorhabditis elegans by Ambros and

Ruvkun’s studies in 1993. They found that the /in-4 was a small non-coding RNA.



Interestingly, they discovered that this small sequence was not a protein-coding
RNA. Moreover, they revealed that the downregulation of LIN-14 protein is crucial
during the progression of these organisms’ first larval stage -L/- to the second larval
stage -L2-. In addition, a gene, /in-4, has a significant effect on the progress of the

downregulation of the LIN-14 protein even though it is not an active protein [33-35].

A couple of years later than the first discovery of /in-4, two separate groups reported
let-7, the new miRNA (also the 2" one), in 2000 [36,37]. Studies have shown that
let-7 includes 21 nucleotides. And it is active in the regulation of timing in transition
from the 4™ stage -L4- to adult Caenorhabditis elegans’ larval development[36].
Moreover, in recent studies, the homologs of this gene also were discovered in

humans and several organisms[38].

In the years that followed the discovery, studies of cloning large numbers of small,
noncoding, and approximately 19 to 24 nucleotides in length RNAs from humans,
flies, and worms were conducted in many laboratories[2]. The discovery of these
large numbers of small RNAs led to the need for existence to be verified and to store
them in the online corpus. In 2002, an online database, called miRBase, was
launched to meet these requirements[39,40]. This database is flexible to use for
searching any miRNA of selected organisms. For instance, according to the listing
results of humans, we can select to retrieve detailed information of any sequences
like hsa-mir-100 has with 80 nucleotides-long-sequence “CCUGUUGCCACA
AACCRCGUAGAUCCGAACUUGUGGUAUUAGUCCGCACAGCUUGUAUCU
AUAGGUAUGGUCUGUUAGG™ [5].

Protein synthesis is the basis of living things and has a critical place in vital
activities. The direct or indirect effects that occur during protein synthesis may have
consequences that negatively affect the vital activities of the cell. Recent studies
reveal that miRNAs control about 33% of all protein-coding genes’ activities in

mammals [6].

In Table 1.1, arbitrarily selected ten miRNA sequence examples derived from the

miRBase database are shown [5]. It is clearly understood from the table, the order



and number of the sequences of miRNA are the main features that distinguish them

from each other.

Table 1.1 miRNA sequence examples from the miRBase database.

Name Sequence

hsa-mir-99a CCCAUUGGCAUAAACCRCGUAGAUCCGAUCUUGUGGUGAAGUG
GACCRGCACAAGCUCGCUUCUAUGGGUCUGUGUCAGUGUG

hsa-mir-100 CCUGUUGCCACAAACCRCGUAGAUCCGAACUUGUGGUAUUAGU
CCGCACAAGCUUGUAUCUAUAGGUAUGUGUCUGUUAGG

hsa-mir-101-1 UGCCCUGGCUCAGUUAUCACAGUGCUGAUGCUGUCUAUUCUAA
AGGUACAGUACUGUGAUAACUGAAGGAUGGCA

hsa-mir-29b-1 CUUCAGGAAGCUGGUUUCAUAUGGUGGUUUAGAUUUAAAUAG
UGAUUGUCUAGCACCRAUUUGAAAUCAGUGUUCUUGGGGG

hsa-mir-29b-2 CUUCUGGAAGCUGGUUUCACAUGGUGGCUUAGAUUUUUCCAU

CUUUGUAUCUAGCACCRAUUUGAAAUCAGUGUUUUAGGAG

hsa-mir-103a-2

UUGUGCUUUCAGCUUCUUUACAGUGCUGCCUUGUAGCAUUCAG
GUCAAGCAGCAUUGUACAGGGCUAUGAAAGAACCRA

hsa-mir-105-1 UGUGCAUCGUGGUCAAAUGCUCAGACUCCUGUGGUGGCUGCUC
AUGCACCRACGGAUGUUUGAGCAUGUGCUACGGUGUCUA
hsa-mir-105-2 UGUGCAUCGUGGUCAAAUGCUCAGACUCCUGUGGUGGCUGCUU
AUGCACCRACGGAUGUUUGAGCAUGUGCUAUGGUGUCUA
hsa-mir-106a CCUUGGCCAUGUAAAAGUGCUUACAGUGCAGGUAGCUUUUUG
AGAUCUACUGCAAUGUAAGCACUUCUUACAUUACCRAUGG
hsa-mir-16-2 GUUCCACUCUAGCAGCACGUAAAUAUUGGCGUAGUGAAAUAU

AUAUUAAACACCRAAUAUUACUGUGCUGCUUUAGUGUGAC

1.2 The biogenesis of miRNAs

The miRNA biogenesis has different steps and cellular mechanisms. Some of the

processes occur in the nucleus and others in the cytoplasm. According to the

biogenesis differences, we can group miRNAs into two categories. The first one is

mirtrons and the second one is canonical miRNA [32].




A brief overview of the biogenesis of miRNA including steps in the nucleus and

cytoplasm is illustrated is depicted in Figure 1.1.
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Figure 1.1 A brief depiction of the biogenesis of miRNA.

The initial phase in the biogenesis of a miRNA starts with the transcription of
miRNA genes. In this phase, it forms a primary miRNA (pri-miRNA) hairpin.
Following the existence of the pri-miRNA, the formation process of the pre-miRNA
begins [41-43].

In Figure 1.2, a brief representation of a Canonical miRNA (A) and a Mirtron (B). is
illustrated with the structure consisting of stem-loop, terminal-loop, and basal

segments[44].
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Figure 1.2 Representation of a Canonical miRNA (A) and a Mirtron (B).

1.3 Canonical miRNAs

In the canonical pathway, pre-miRNAs with the hairpin structure are formed by the
microprocessor complex consisting of DGCR and Drosha by dividing pri-miRNAs in
the nucleus[45,46]. Then, the pre-miRNAs are produced in the nucleus and then
transported into the cytoplasm by exportin-5. Following this, pre-miRNAs are
cleaved in the cytoplasm into small RNA duplexes by different RNase III enzyme
Dicer and ultimately mature miRNA are produced[47,48]. As a result, The
biogenesis of the canonical miRNA pathway needs Dicer and Drosha which are two

different RNaselll enzymes [49].

Mark et. al. [49] conducted a study on these two enzymes in mice. Their study
reveals that both Dicer and Drosha enzymes are particularly required in canonical

miRNA biogenesis.



1.4 Mirtrons

The early discovery of Mirtrons was in Drosophila melanogaster [44] and
Caenorhabditis elegans [50]. When their short RNAs were examined, it was revealed

that they have short introns which have the same size as pre-miRNAs.

In the mirtron pathway, for bypassing the nuclear enzyme Drosha, it uses splicing to
produce short pre-miRNA hairpin introns[50,51]. The next steps of those pre-
miRNAs are in the same pathway as canonical miRNAs[52]. Mirtrons can also be
classified into three categories: canonical, 3' tailed, and 5’ tailed due to their
sequence and structure[51]. Compared to canonical miRNAs, mirtron hairpins and

small RNAs have numerous distinguishing features[53—55].

In a study [44], it is investigated that, in Drosophila, mirtrons generate
approximately 22 nt regulatory RNAs. And also they proved that the mirtrons’
biogenesis is different from canonical miRNAs. In addition, their findings reveal that
mirtrons are an alternate source of miRNA-type regulatory RNAs and they show
particularly that mirtron-like short RNAs may be related to Agol and need Agol to

regulate targets that are matched according to their seeds [44].

Similar to the example above, there are hundreds of research on the discovery of new
mirtrons. When we consider all of their results, they reveal that these single-stranded
structures have an important role in gene silencing. Moreover, clarifying their

pathways has paved the way for revealing more non-canonical pathways. [56].

In Table 1.2, arbitrarily selected ten mirtron sequence examples derived from the

dataset (Dataset B) are shown.



Table 1.2 Mirtron sequence examples.

Name

Sequence

uc00lapi.1.2

TGGGGGTTATGGAACCRAGAAAATGGGATCATGCCATCTGGGT
TGTTCCTTGGCTTCCAG

uc00lapi.1.6

CAGCAGGAGAAAAGCTGGTGAATCAGAAATGACTTCATTCCA
CTCGGTTCTCTTCTGTTCTAG

uc001bfj.61

TTGGGGGGTGGTAACTGTAGGAGCAGCCCACAAAGCCCACTG
CCCCCGCCCACGTTGCCACCRCCCAACCRCAG

uc001bny.0 AGGGGGCACTGGGCAGACAGTGTGTGCAAGATAGAGTCCAGG
GCCACCRTTCTGGCTGAGCCACACTGAGTCCATTACCRCCCAG
uc001bga.8 CGGGGCAGAGAGAAGCCATGTGTGTCTGTCTGTCACTGACCRG

TGGCTTTCCCTTTGCCTGCAG

uc001dxa.16

ATGGTGGGGATGTCAGGTGTGGGTTGTGAGCACACCRCACCRG
TGACCRTTGCCCACCRCCAG

ucO0leto.1 TCAGAAATAGGAAGGTGGAAGGGCTTCATGGATAATCTCCTTT
TCCTCCACTATCTTGTTTCTACAG

uc001fpr.2 TGGGGAGGGTGTGAGAGAGGTGCCCAAAGGCCCCTAAAAGGT
GAGCCTCTCCTCTCTCCCCACAG

uc001fxk.4 GTAAGTCTGGGGAGATGGGGGGAGCTCTGCTGAGGGTGCACA
AGGCCCTGGCTCTACACACATCCCTGTCTTACAG

uc001gxo.1 AGGTAGAAGGAGAGAAAAGGAGGCTAGGAGTCAGCTGCTCAC

CRCATTTCCTCCCCCTGCCAG

1.5 The miRBase Database

The miRBase (Release 22.1 / October 2018) database is a comprehensive database of

published miRNA sequences and annotations. The database has 38,589 hairpin

precursors and 48,860 mature microRNAs from 271 organisms such as humans,

flies, mice, worms, rats, and Arabidopsis. Moreover, the database has 1,917 hairpin

precursors and 2,654 mature miRNA sequences in the human category [5].




It is nearly estimated that in mammals, almost always one-third of all protein-coding
genes’ activities are controlled by miRNAs[6]. Each record in the database belonging
to a predicted hairpin portion (as a stem-loop sequence) of a miRNA transcript, with
location information and validated sequence with a high probability of the mature

miRNA[6].

It is shown in Figure 1.3 that a stem-loop sequence of a human miRNA (has-let-7a-1)
and its two different subsequences (mature sequences) has-let-7a-5p and has-let-7a-

3p [57].

Source: hitp:/iwww mirbase org/cgi-bin/mima_entry pl?acc=hsa-let-7a-1
a) hsa-let-7a-1 u gu uuagggucacac
5' uggga gag aguagguuguauaguu c
LECEE TEE TEEEEETEEEETETT c
3" auccu uuc ucaucuaacauaucaa a
= ug uagagggucacc

b) hsa-let-7a-5p 6 - ugagguaguagguuguauaguu - 27

c) hsa-let-7a-3p 57 - cuauacaaucuacugucuuuc - 77

a) Shows step-loop sequence of hsa-let-7a-1, b) Shows mature sequence of hsa-let-7a-5p

c) Shows mature sequence of hsa-let-7a-3p

Figure 1.3 A miRNA sequence example, hsa-let-7a-1, from miRBase.

In the miRBase database, each data entry or in other words small RNA sequences has
a score or confidence level for annotation. In that context, the sequences have to be
satisfied some criteria to have a high confidence level score. To be in the annotation

list with a high confidence level [58]:

e Minimum 10 reads must match without mismatch with each of the two

possible mature miRNAs which are based on the hairpin precursor.
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e The most frequent reads from each sequence of the precursor should match
the mature miRNA duplex with 0-4 nt overhangs at the 3' ends.

e Minimum 50% of the readings mapped to each arm of the precursor of
hairpin must have the same 5' end.

e The folding free energy of the proposed hairpin structure should be <-0.2
kcal/mol/nt.

e Minimum 60% of bases in mature sequences must match the predicted

hairpin characteristics.

Those criteria show that the annotation of the sequences has a variety of restricted
procedures even though they have a probability in the scoring of the sequence
readings with a confidence level. We should take into account that probabilities when
developing or constructing a deep-learning-based method for predicting the
biological sequences especially miRNAs sequences derived from the miRBase
database. Since having very few possibilities can lead to bias during the training or

mistraining of the model.
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CHAPTER 2

PRE-MIRNA CLASSIFICATION

Pre-miRNA identification and classification are one of the most important problems
in computational biology in terms of small RNA structures. In previous studies,
state-of-arts machine-learning-based methods are applied to reveal superior results
for this problem. Those earlier computational methods are widely based on manual
feature extraction [59—66]. Therefore, the construction of a new model requires
detailed and comprehensive knowledge about the research domain. Random forest
(RF), decision trees (DT), and support vector machines (SVM) are the first examples

of these classical machine-learning methods [59]-[66].

Neural networks (NNs) are preferred for figure out hidden patterns especially non-
linear patterns. This is the strongest feature of NNs with respect to logistic or linear
regression models. In Figure 2.1, an example of a simple NN has been placed with an
input layer, a hidden layer, and an output layer. Three inputs (x;, x2, and x3) feeds
the network with five parameters in the hidden layer. And, the model gives a

prediction or classification result in the output layer [67—69].

Input Layer Hidden Layer Output Layer
Input-x; ——— 5 < é ‘
Input—x; ——— “ & P 0 ey ‘ — Qutput
* . , _\'.. a
Input—-x3 —— i AL N 0 /

Figure 2.1 An example of a simple Neural Network.
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Nowadays, Deep Learning (DL) methods are also has become to emerging and
prominent study field in computational biology to achieve better performance in

accordance with other machine learning methods[60,61,74,75,63—66,70—73].

DL provides multi-layered models for learning from training datasets by processing
in their original form, which is not possible in conventional ML methods. These DL
methods have significantly improved the performance of many data processing
domains without any requirements of detailed domain knowledge for feature
extraction. Since they extract the features automatically. Recognition of speech,

detection of objects, and identification of face are common examples of DL-based

models [67-69].

In Figure 2.2, an example of a simple Deep Neural Network (DNN) has been placed
with an input layer, more than one hidden layer, and an output layer. Three inputs
(x1, x2, and x3) feeds the network with five parameters in each hidden layer. And, the
model gives a prediction or classification result in the output layer. According to the

type of data, the deeper networks could result in better performance [67-69].

Input Layer Hidden Layers Output Layer

Input - x;

lnput—x, ——— .

Input —x;

. N . S . o OUtPUt
; v

Figure 2.2 An example of a Deep Neural Network.
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To give examples of application in the field of computational biology, the
convolutional neural networks (CNN), a type of DL, have successfully applied for
the pre-miRNA classification [32,63].

Zheng et. al. [31] applied the CNN method to extract features from the biological
sequences of miRNAs automatically. Compared to other existing methods, CNN-
based methods outperform to identify the miRNAs and extract features automatically

from the raw input data without comprehensive domain knowledge[76—79].

In an article [80], it is determined that the spatial characteristics of these small
structures have the same importance as others. Thus, they draw attention in the paper
to the long-term dependencies. In addition, they investigated that the LSTM network

is also feasible for using to the identification of pre-miRNAs.

When we consider the literature, we understand that there are various
implementations of using cascaded or combined CNN and LSTM networks. Those

networks are utilized from both spatial and structural characteristics of the input data.

2.1 Convolutional Neural Networks

The CNNs are a subset of deep learning methods. They perform higher performance
in terms of comparison criteria according to the manual feature extraction methods.
Thus they are used in a wide range of field i.e. classifying images[81,82], detecting
objects[83,84], recognizing speech [85], computer vision[86], and analyzing videos
[87]. In addition, it is also a commonly preferred method for bioinformatics and

computational biology [88,89].

Unlike classical neural networks, CNNs contain multiple layers. So, the networks
become deeper and deeper by adding layers. Moreover, a CNN includes weight,
pooling, bias, and outputs through a non-linear activation function. A typical CNN
architecture fundamentally consists of the input layer, convolution layers, pooling

layers, fully connected layers, and output layer [79].
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Figure 2.3 shows that the basic architecture of a typical convolutional neural network

with the input layer, convolution layer, pooling layer, and fully connected layer.

Input Layer || Convolution and Poocling Layers || FC Layer || Output Layer

4|0|l|Ef1|O]O|O Feature Maps

o EEREN oz [0 I

N O O 0 4 aREn Feature Maps ]
0[RS & 0|2 .... ,_l: Feature Maps

4 AN = 1 [0

olefalalalala|l

BEHERREREE :

alalo(z[alala]a] “°* o 'C-D-n.v'.

REHEBEREREE |
DE-4E-5600> > > > >
AREEREERBERE

slelofofs|ofa]T D Foolidy

glz|1|o|1|0|5|3 D

BRERREEE —

s |

Tlelalz|7(5]ala — L]
AR EBRAEEE

Tlelalafalolz|o

Figure 2.3 An example of a convolutional neural network.

The formulation of the convolutional layer is as follows:

F(i,j) = I+ K)@Q,)) = ZZI(L' +m,j +n)K(m,n) 2.1)

where [ for the input matrix, K for a two-dimensional filter of size m xn, and F for the
output of a two-dimensional feature map. In addition, the convolutional layer

representation is with /*K.

2.2 Long Short-Term Memory Networks

The classic RNNs can control random long-term dependencies in the input
sequences. However, using backpropagation when training an RNN, lead to the

computational problem since the gradients, allows us to adjust all weights, can tend
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to zero or infinity. This problem, called the vanishing gradient problem, is solved

partially by using LSTM [90].

An LSTM network, proposed by Sepp Hochreiter and Jirgen Schmidhuber, is a
special class of RNN that uses a memory mechanism that assists to run successfully
and learn faster than conventional RNNs [91,92]. Thus, long and short-term

dependencies can be captured by LSTM in sequence [90].

The first architecture of the LSTM has input and output gates, and cells[90]. In 1999,
forget gate which provides the LSTM to reset its state included in LSTM
architecture[93]. One year later, the output activation function was omitted [90] and

peephole connections were added into the architecture [94].

LSTM networks find practical solutions for the vanishing and exploding gradient
problem of RNNs[95]. Apart from the RNNs, a cell state is used in the LSTM
network to save long-term state information including input, forget, and output gates.
Thus, the network can remember previous data and connect it with the present ones.
And it gives solutions to complex problems that are hard to find a solution by

previous RNNs [90,92].

The formulation of the LSTM memory cell is as follows:

fe = o(Wyp * x¢ + Wyp % he_y + b;) (2.2)
ig = oWy *x¢ + Wy * he_q + b;) (2.3)
e = fi ® Ce—1 1t ® tanh (Wye * x¢ + Wye x hy_q + b) (2.4)
0 = 0(Wyo * x¢ + Wy * he_q + by) (2.5)
h: = o; ® tanh (c;) (2.6)

where o refers to the Sigmoid function, tanh is a function that set values between
=1/1, f, i, h, ¢, o are the forget gate, input gate, hidden vector, cell vectors, and

output gate, respectively, W, refers the input/forget gate matrix, and Wjy refers the
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hidden-forget gate matrix. The index of ¢ is the time step. ® indicates to the vector

product. Additionally, initial values of ¢y = 0 and /4 = 0.

Forget Gate
i
i 11
- -+
A
Memory ) HC ) N
Cell I t | 2 |
R Cell - ¢, —— Cell Output
X; ‘ H h{

Input Gate Output Gate
1t 0,

Figure 2.4 Brief architecture of an LSTM cell.

Figure 2.4 shows a brief architecture of an LSTM cell with input, forget, and output

gates.

In computational biology, LSTM networks are also frequently used. For instance,
Park et al. [80] illustrate that the spatial information of small RNA structures is as
critical as the structures that construct miRNAs. Thus, they built their model with
solely long-term dependencies and trained an LSTM-based framework for the

identification of pre-miRNAs.

2.3 The Hybrid CNN and LSTM Networks

A cascaded or hybrid CNN and LSTM network is the combination of CNN layers
that extract the feature from input data and LSTMs layers to provide sequence
prediction [96]. CNN and LSTM are generally used for activity recognition, image
labeling, and video labeling. Their common features are that they are developed for
the application of visual time series prediction problems and generating textual

annotations from image sequences [96,97].
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Figure 2.5 shows that the basic architecture of the hybrid CNN and LSTM network
with the input layer, visual feature extraction, sequence learning, and output layer,

respectively [96].

Input Feature Learning Output
Layer Extraction Sequence Layer

Y1

<
N

<
=)

S T T [

Figure 2.5 A basic architecture of hybrid CNN and LSTM network.

Many studies reveal that CNN-LSTM networks can provide better performance or
solutions other than using the structural or spatial information of each data input
separately. To explain with examples, Quang et al. [98] introduced DanQ which is a
combination of CNN-LSTM frameworks for predicting the function of DNA
sequences. In this model, the convolution layers capture the patterns of the
sequences, and the recurrent layers capture long-term dependencies. Similarly, Pan et
al. developed iDeepS [99], to predict the binding sequence and structure patterns
from RNA-protein sequences. Their model extract features by using CNN layers and
shows probably long-term dependencies by using bidirectional LSTM layers.
Another example of using a hybrid CNN-LSTM network is Yan et al. research [100].

They applied this network for the four-class pathological image classification of
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breast cancer disease. Their proposed model outperforms the state-of-the-art method

with an accuracy of 90.5% which is higher than the previous models.

These examples of research reveal that using both spatial and sequential information
provides higher performance compared to using only one of them, especially in

computational biology.
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CHAPTER 3

MATERIALS AND METHODS

In this study, we proposed a hybrid deep-learning-based method for human pre-
miRNAs classification to predict pre-miRNAs by integrating two separate methods:
CNNs and LSTM, respectively. First of all, we described the problem of pre-
miRNAs classification. Later, we introduced the datasets, which are used to train and

test our proposed method.

The datasets include both human mirtrons’ and canonical miRNAs’ sequences. For

consistency, the same sequence data are used as the previous methods[32,101].

In our model, the initial step was started with the preprocessing of data for proper
representation. Then the CNNs were deployed to the processed data for extracting
features automatically. Thus, the model was converted to be ready for feeding the
LSTM network. Next, the LSTM layer was used to perform temporal modeling
following the CNN layer that convolves the input data. Then, we gave more details
about CNN, LSTM, and CNN+LSTM networks. Finally, we described our proposed

model and how to develop it in detail.

The model was implemented in the python programming language using Keras
library (2.4.3) https://github.com/keras-team/keras, with the backend of TensorFlow
(2.4.0).

3.1 Problem Statement

Many existing pre-miRNA classification methods rely on manual future extraction.
These methods focus on either spatial structure or sequential structure of pre-
miRNAs. To overcome the limitations of previous models, we propose a nucleotide-
level deep learning method based on a hybrid CNN and LSTM network together for

pre-miRNAs classification. When we consider the structure and sequence of pre-
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miRNAs, the problem is a binary sequence classification problem consisting of

mirtrons and canonical miRNAs.

In literature, several models including machine-learning methods have been
developed to find a solution for the problematic classification. On the other hand,
they have approximately 90% of accuracy. In this study, in the pre-miRNA
classification, our goal was to show how to accurately predict classes with a hybrid

CNN-LSTM network.

3.2 Training and Test Datasets

The dataset consists of mirtrons and canonical miRNAs’ data. We combine two
different datasets in our preprocessing data phase with 707 canonical miRNAs and
417 mirtrons. The first dataset (Dataset A) consisted of mirtrons and canonical
miRNAs derived from miRBase (Release 21, 06/14)[53]. And the second dataset
(Dataset B) is derived from the study of Wen et al. which includes 201 mirtrons
putative mirtrons data[53]. In total, we used 1,124 data in our model. This dataset
was also the same for consistency used by Zheng et al. and Rorbach et al. in their

research[32,101].

3.3 Resampling

The resampling of the data is an important and initial step in developing a machine
learning model. In the literature, it is stated that it would be appropriate to divide the
training set and test set in different ratios such as 80%-20% or 70%-30% depending
on the size of the data. In addition to the size of these subsets, split the dataset into
training and test set properly affects the performance of a model directly. Therefore,

several approaches are developed to train and validate a model.

The most common types of resampling approaches[102] are Hold-out Random

Subsampling, k-folds Random Subsampling, k-folds Cross-Validation, Leave-one-
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out Cross-Validation (LOOCV), Leave-p-out Cross-Validation (LpOCYV), and
Stratified k-folds Cross-Validation.

3.3.1 Hold-out random subsampling

One of the simplest data resampling approaches among the others is the hold-out
random subsampling method. It randomly samples some entries from the data set for

the test set and the remaining entries are used for the training set.

In hold-out random subsampling, the training set generally contains approximately
70%, 75%, 80%, or 90% of entries, and the test set approximately 30%, 25%, 20%,
or 10% of existing entries. If the data set is large enough then the observed test error

can be a reliable estimate of the true error of the model for new, unseen entries[102].

3.3.2 k-folds random subsampling

The k-folds random subsampling uses the same algorithm to split the dataset to
TRAIN and test set as hold-out random subsampling method. It repeats the splitting
iteration & times. In an iteration, the training set is used for learning and the
corresponding test set is used for evaluation. In total, £ models are going to be trained
and tested. The average performance of all £ test sets is determined the results. While
there are no common entries for any training and test set pairs, any two training sets

or two test sets can overlap [102].

3.3.3 k-folds cross-validation

The repeated random resampling methods have an overlapping problem in different
training and test tests. In contrast to these methods, Cross-validation provides a
solution to this problem and prevents overlapping different subsets for all iterations

[102].
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The k-folds cross-validation splits dataset to train and test set about the same size in
each iteration. It repeats the splitting iteration & times and constructs disjoint subsets.
In an iteration, the training set is used for learning and the corresponding test set is
used for evaluation. In total, £ models are going to be trained and tested. The average
performance of all & test sets is determined by the results of the cross-validation

[102].

3.3.4 Leave-one-out cross-validation (LOOCYV)

Leave-one-out cross-validation (LOOCYV) is a special form of the £-folds CV. In this
method, £ is equal to the number of entries. For instance, if the dataset has 50 entries
(n=50), the k value is equal to 50 then the method starts from the first entry and leave
out it for testing and the rest of the dataset is used for training. In total, » models are
going to be trained and tested. Compared to the k-folds CV method, LOOCYV has a

high cost of computation especially in large datasets [102].

3.3.5 Leave-p-out cross-validation (LpOCYV)

Leave-p-out cross-validation (LpOCV) is a special form of the LOOCV. In this
method, p is equal to the number of the selected entries in each iteration. For
instance, if the dataset has 50 entries, the p value is equal to 3 then the method leaves
out 3 entries for testing and the rest of the dataset used for training. In total, » models
are going to be trained and tested with p=3. Similar to the LOOCV method, LpOCV

has a high cost of computation especially in large datasets [102].

3.3.6 Stratified k-folds cross-validation

Stratified k-folds cross-validation (CV) is a resampling procedure that splits the
dataset into folds according to the output categories and ensures that each fold has

the same proportion.
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Figure 3.1 shows the illustration of stratified k-folds cross-validation with 4=5. In
this example, Class A has 30%, and Class B has 70% of all entries.

Class A

%30
w1
“I i -
S ' =
- i

0% 25% 50% 75% 100%

Dataset

Figure 3.1 Visualization of stratified k-folds cross-validation with k=5

3.3.7 Imbalanced datasets and the model cross-validation procedure

In real-life applications, datasets are generally not equal-size sub-classes. Therefore,
the selection of the right resampling method has a great deal amount of importance.
For the construction of a reliable deep learning model, the first and foremost step is
the analysis of the dataset whether it is balanced or not. The stratified 5-folds CV is
useful for imbalanced datasets[103]. Hence, in this study, we used a stratified 5-folds
CV for training and evaluating our model[103]. At each iteration, it divided the data
into training and test sets with an 80-20% split. In the next iteration, it used the other

percentile as the training and test set.

Table 3.1 shows the distribution of the training and test datasets at each iteration in

stratified 5-folds CV.



Table 3.1 Distribution of the training and test samples for each fold.
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Training Dataset Test Dataset Total
Sequence # % Sequence# | % | Sequence# %
Mirtron 334 80% 83 20% 417 37%
Canonical miRNA 566 80% 141 20% 707 63%
Total 900 80% 224 20% 1,124 100%

3.4 Preprocessing of Data

We prepared each sequence of pre-miRNAs -according to maximum length- with the

same length (164) by padding process. It is represented in the database by adenine A,

thymine T, guanine G, cytosine C, and uracil U. The word “N” is used for keeping

the sequences in the same length. Like Zheng et al. [32]., “one-hot” encoding is used

to encode each base of the pre-miRNAs * sequences (Table 3.2). Then, we converted

each sequence into a vector with a dimension of (164, 4) by the vectorization

Process.

Table 3.2 “One-hot” encoding for base sequence.

Base Name | Encoded Base
A 1 {0 [0 |O
U/T 0 |1 [0 ]O
G 0 |0 (110
C 0 |0 |0 |1
N 0 |0 |0 |0

Similarly, we encoded each output [0,1] for false and [1,0] for true into a vector with

a dimension of (164, 4) by the vectorization process. The following table shows the

encoded output categories.
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Table 3.3 “One-hot” encoding for outputs.

Output Encoded
True (1) 1 0
False (0) 0 1

3.5 The Model Architecture

The architecture of our model includes an input layer, three CNN layers wrapped by
a time-distributed layer, a flatten layer, an LSTM layer, a dense layer, a dropout

layer, and an output layer, respectively.

Figure 3.2 shows the illustration of the detailed architecture with visualization of our
model. Before constructing the model, we ensured that each data has been
transformed into an appropriate form to use. In this case, we used the padding
process to guarantee the length (which is 164) of each miRNA sequence similar by
adding “N” for each blank. The next step, named the vectorization step, is

transforming the padded sequences to like a m x n matrix by using one-hot encoding.

When all data are padded and vectorized, the network became ready for the feature
extraction process. In this stage, three convolution layers were used to extract

features automatically from input sequences.
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Figure 3.2 A brief architecture with visualization of the model

In the convolutional layers, the hyper-parameter of filter size was selected 128 since
we received better results as it is in the literature. Furthermore, we employed (6x4)
kernel size which means that kernel’s height is 6 and the kernel’s width is 4 for
convolution operation because these dimensions are proved[32] with higher

performance.

For concatenation of all extracted features, a fully connected layer is used. In this
convolutional stage, we wrapped the convolution layer in a time-distributed layer.
We employed dropout (0.5) on the fully connected layer for regularization following
a flatten layer. Then, one LSTM layer is designed with 100 units. Finally, due to the

size of the number of output categories, the softmax layer is used for the output.

Detailed convolutional layer parameters such as strides, padding type, activation

function deployed, and their values are demonstrated in Table 3.4.



Table 3.4 Detailed parameters for each convolutional.

Parameter Name Value
filters 128
kernel size 6x4
strides (1,1
padding valid
data format None
dilation_rate (1, 1)
groups 1
activation relu
use bias True

kernel initializer

glorot uniform

bias_initializer Zeros
kernel regularizer None
bias_regularizer None
activity regularizer | None
kernel constraint None
bias_constraint None
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Model is optimized for 30 epochs, 6 for batch size, and 0.1 for validation split by
training. Keras’ default values are used for the weights, learning rate, and bias. We
used cross-entropy for optimization due to the nature of the one-hot encoding

classification.

Figure 3.3 shows the convolution process of the one-hot encoded and vectorized

input data with a 6 x 4 filter size.
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Figure 3.3 Illustration of the convolution with 6 x 4 filter size.

Table 3.5 gives the designed model details including an input layer, four time-

distributed layers, an LSTM layer, a dense layer, a dropout layer, and an output layer

with the number of the parameters and output shape of each layer. In that context, it

is clear that the output shape is satisfying the binary classification proposal of the

model with two different classes.

More details about the architecture of our proposed model with including all

parameters are given in Appendix A.



Table 3.5 The designed model with parameters
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Layer name Output Shape Param #
Input Layer (None, 164, 4, 1)

Time Distributed Layer 1 (None, None, 82, 2, 128) 3200
Time Distributed Layer 2 (None, None, 42, 1, 128) 393344
Time Distributed Layer 3 (None, None, 21, 1, 128) 393344
Time Distributed Layer 4 (None, None, 2688) 0

LSTM Layer (None, 100) 1115600
Dense Layer (None, 256) 25856
Dropout (None, 256) 0

Output Layer (None, 2) 514

3.6 Activation Functions

The purpose of the activation function is to introduce nonlinearity which enables
neural networks to tackle very complex nonlinear problems. Commonly used
activation functions are sigmoid function, hyperbolic tangent function (Tanh),

rectified linear unit (ReLU), and leaky ReLU (LReLU).

3.6.1 Sigmoid function

The following equation shows the sigmoid function.

o(z) = (3.1)

1+e2

The following figure (Fig. 3.4) shows the visualization of the sigmoid function.
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Figure 3.4 Illustration of Sigmoid function.

3.6.2 Hyperbolic tangent function (Tanh)

The following equation shows the hyperbolic tangent function (Tanh).

e? —e~?
_ .2
o) = o= (3.2)

The following figure (Fig. 3.5) shows the visualization of the hyperbolic tangent

function.

Figure 3.5 Illustration of Hyperbolic Tangent function (Tanh)
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3.6.3 Rectified linear unit function (ReL.U)

The following equation shows the rectified linear unit function (ReLU).

ReLU(z) = {g z>0 (3.3)

, otherwise

The following figure (Fig. 3.6) shows the visualization of rectified linear unit

function.

Figure 3.6 Illustration of Rectified Linear Unit function (ReLU)

3.6.4 Leaky rectified linear unit function (Leaky RelL.U)

The following equation shows the leaky rectified linear unit function (Leaky ReLU).

Z, z>0

az, otherwise (3.4)

LReLU(z) = {

The following figure (Fig. 3.7) shows the visualization of leaky rectified linear unit

function where 0=0,2.
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Figure 3.7 Illustration of Leaky Rectified Linear Unit function (LReLU)

3.7 Optimization Algorithms

Our model’s primary goal is to decrease the mean loss function by determining a loss
function. Thus, the right weights and biases for the network would be found during

the training process by using backpropagation to update gradients on the parameters.

In this study, cross-entropy is defined as the loss function to minimize the mean loss

function between the predicted distribution over actual labels[104].

The formulation of the cross-entropy is as following:

n
Cross Entropy = —z y;logs; (3.5)
i=1

where n for the number of labels, s; for the label i’s predicted probability, y; for the
label i’s actual probability.

The gradient descent algorithm is one of the most common algorithms that are used
to optimize the NNs loss function for an ML problem. It minimizes the objective
function parameterized by the model. It updates parameters in a contrary way to the
gradient of the objective function concerning the parameters. In another word, the
gradient descent algorithm calculates the reverse direction of the gradient to figure
out the local minimum area. Therefore, the algorithm moves in opposite directions of
the gradients in each iteration. Finally, by the learning rate, the gradient descent

targets to reach a local minimum step by step [105,106].
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There are three types of gradient descent: Batch (Vanilla) Gradient Descent,
Stochastic Gradient Descent (SGD), and Mini-batch Gradient Descent. The main
differences between those algorithms are the amount of data that are used for

calculating the gradient [93].

The Batch (Vanilla) Gradient Descent calculates the cost function’s gradient. As
indicated in the following formula, it computes the gradient for the whole dataset
where n refers to the learning rate and 6 refers to the parameter that we want to

optimize [93].
0=060 —n.Vy(O) (3.6)

In the last decade, the rapid growth of data size has become problematic for
computational sciences in terms of time complexity and cost. In these circumstances,
the performance of the statistical ML algorithms directly deals with time complexity
rather than the size of the sample. Therefore, we use Stochastic Gradient Descent

(SGD) when the training time is important for the developed model [105,106].

Stochastic gradient descent (SGD) estimates the gradient on a single arbitrarily
selected example instead of calculating the gradient for each iteration. The formula is

as follows:

8=10 — n.V(6;xD;y®D) (3.7)

where it relies on the arbitrarily selected examples at each iteration (=1, 2, 3, .. .).

Although updating the model frequently learns faster and gives better performance, it
takes a longer time for training large datasets. Thus, the time complexity gets higher

than other variants of the gradient descent in SGD.

Mini-batch gradient descent is another type of gradient descent algorithm. In that
algorithm, the training dataset splits into tiny batches. Those batches are performed

to calculate the error of the model. In addition, it updates the coefficients of the
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model for every mini batch of » training samples. The following formula shows the

calculation of 6 in the mini-batch gradient descent algorithm [93]:
0=0 — n. 79](9, x(i:i+n); y(i:i+n)) (3 8)

The well-known DL libraries include implementations of different algorithms to
optimize gradient descent. The Keras library contains commonly used gradient
descent optimizers such as Adagrad, Adadelta, RMSprop, and Adam algorithms, etc.
[105,106].

3.7.1 Adagrad

Adagrad is a kind of gradient descent algorithm that optimizes the model by adapting
the learning rate according to the frequency of the parameters. It adapts the learning
rate update larger for rare parameters. On the contrary, it adapts the learning rate
update smaller for rare parameters. Thus, if the dataset contains sparse data, it could

be better to use this algorithm.

Even though most algorithms prefer a fixed value for the learning rate, Adagrad is
tuning it automatically. This is the most powerful feature of this algorithm. The main
point that Adagrad is criticized for is that the square gradients in the denominator
grow over time, and therefore the learning rate decreases until it approaches infinity.
Thus, after a while, the algorithm stops learning, and it becomes unable to learn new

knowledge [105-107].

The parameter update function is as follows:

Ui
-9
Jel + diag(Gy) ‘

Ot1 = O — (3.9)

where 6 is for the to be updated parameter, # is for the primary learning rate, ¢ is a
small number that guarantees not to be the division of zero, / is for the identity

matrix, g, is the gradient estimate function in time step .
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1 \ @ 4@
ge= = ) Vs L(x®,y®,0) (3.10)
i=1

Where g;refers to the sum of the outer product of the gradients until time step t.

t
Gy = Z gT'gTT (3.11)
T=1

3.7.2 Adadelta

Adadelta is an extension of Adagrad that gives a solution to the growing square
gradients problem in the denominator over time. Therefore the learning rate does not
decrease dramatically and the algorithm does not stop learning, and it continues to

learn new knowledge [105,106,108].

The method uses just first-order information. It adapts dynamically to the learning
rate. Thus it gives promising results to noisy gradient information and other hyper-

parameters concerning the stochastic gradient descent algorithm[108].

3.7.3 RMSprop

Geoff Hinton proposed the RMSprop optimizer. It is an unpublished adaptive
learning rate method [105,106,109]. They introduced the method in the 6™ lecture of

an online course on Coursera named “Neural Networks for Machine Learning”[109].

RMSprop is an adaptive learning rate algorithm like Adagrad. As it is determined in
Section 3.7.1, Adagrad adds element-wise scaling of the gradient which means that it
keeps a running summary of squared gradients. Next, it adapts the learning rate by

dividing it by this sum[109].
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3.7.4 Adam

Adaptive Moment Estimation (Adam) calculates the adaptive learning rate for each
parameter. Adam keeps an exponentially decaying mean of past gradients same to

momentum in addition to RMSprop and Adadelta [105,106,110].

The method was announced in 2015 by Kingma et al. They evaluated the method by
conducting empirical research on a variety of popular ML models, including logistic
regression, NNs, and CNNs. They proved that the Adam method is effective for
solving DL problems regardless of whether the models are large or the datasets are
large. It is a combination of AdaGrad and RMSProp. Thus, the method is able to use
sparse gradients like AdaGrad and non-stationary objectives like RMSProp[110].

Adam optimizer has some advantages over other methods. For instance, the
parameter updates of Adam are estimated by a running mean of the gradient’s first

and second moment while RMSProp uses momentum[110].

Alpha, betal, beta2, and epsilon are the configuration parameters of the Adam
optimizer. Alpha refers to the learning rate, betal and beta2 refer to the first and the
second momentum respectively, and the final parameter, epsilon, refers to the very

small number that prevents zero division problems [110].

3.8 Method Evaluation Criteria

In this study, the evaluation of our model was measured on the test dataset at each
fold. We calculated five different measure criteria for performance comparison in the
analysis: accuracy (Acc.), sensitivity (Sen.), specificity (Spe.), F1 score, and

Matthews Correlation Coefficient (MCC).

The evaluation criteria are calculated for performance evaluation with the number of
true-positive (TP), false positive (FP), true-negative (TN), and false-negative (FN) by

the following equations:

Accuracy indicates the overall correctness of prediction:
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e e TP + TN (3.12)
“TTP ¥ FN+ TN + FP '

Sensitivity (also known as Recall) is a true positive rate. It indicates the ratio of

correctly classified actual positives:

Spe.= — - (3.13)
Pe=Tp+ FN '

Specificity, true negative rate, indicates the ratio of correctly classified actual

negatives:

Sen.= N (3.14)
TN+ FP '

Precision indicates the positive predictive value:

Pre.= e (3.15)
"=TP+ FP '

F1-Score is a combination of the precision and recall of the model by harmonic

mean:

F1 Score = 2P (3.16)
COTe =5TP+ FP+FN '

Matthews Correlation Coefficient (MCC) is a binary classifier. It measures the
quality of a prediction:
TP.TN- FP.FN

MCC = (3.17)
\/(TP + FP)(TP + FN) (TN + FP)(TN + FN)

where P shows the number of positives, and N shows the number of negatives.
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Figure 3.8 Visualization of the confusion matrix.

The basic structure of the confusion matrix is visualized in Figure 3.8.

In addition to the performance comparison criteria, we calculated also the mean,
median, and standard deviation of the entire results of each iteration. In that context,

a 95% Confidence Interval (CI) is selected.

The mean is the average number of the data:
X=— (3.18)

where ) represents the summation, x represents observations, k represents iteration

number, and N represents the total observations’ number.

The median is the number that is in the center/middle of a data set:

, N+ 1\ ,
median = (—2) observation (3.19)

where N represents the total observations’ number and an odd number.

(ﬁ)th observation + (N—;l)th observation

> (3.20)

median =
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where N represents the total observations’ number and an even number.

Standard Deviation measures the dispersion of data and indicates the variation in the
values of the data set. It becomes smaller when the values of the data set are closer.
And it becomes larger when the values of the data set are spread out. Additionally,

it is generally represented by the Greek small letter sigma.

The following equation shows the calculation of Standard Deviation:

n

o= %Z(xi—f)z (3.21)

i=1

where n represents the total observations’ number.

Confidence Interval (CI) shows the probability that a parameter is going to fall

between a couple of values near the mean.
Cl=x + z, x —= (3.22)

where n represents the total observations’ number, X mean of the sample, z. value for

confidence level, and o is for standard deviation.
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CHAPTER 4

RESULTS AND DISCUSSIONS

4.1 The model summary

In our proposed model, we performed a hybrid CNN and LSTM network for human
pre-miRNA classification since the automatic feature extraction without detailed
domain experts from pre-miRNAs sequences. We started with preprocessing the
datasets by converting the raw entries to vectors by using “one-hot” encoding. Next,
we padded and vectorized the whole data. Then, we deploy the CNN layers that were
wrapped by the time-distributed layer. And relu activation function is used in this
convolution process. For concatenation of all extracted features, we employed a
flatten layer for passing to the LSTM layer. Then, a 100-unit LSTM layer is
designed. A dropout layer (0.5) followed that layer. Finally, following the fully
connected layer, used one output layer with soffmax activation function for binary

classification of pre-miRNAs.

Figure 4.1 determines the model summary including layers, input, and output shape
with the trainable and non-trainable parameters. It indicates that all parameters are

trained by the network.

Layer (type) Output Shape Param #

time_distributed_216 (TimeDi (None, None, 82, 2, 128) 3200

time_distributed_217 (TimeDi (None, None, 41, 1, 128) 393344

time_distributed_218 (TimeDi (None, None, 21, 1, 128) 393344

time_distributed_219 (TimeDi (Neone, None, 2688) 2]
lstm_54 (LSTM) (None, 1@@) 1115600
dense_108 (Dense) (None, 256) 25856
dropout_54 (Dropout) (None, 256) 8

dense_189 (Dense) (None, 2) 514

Total params: 1,931,858
Trainable params: 1,931,858

Non-trainable params: @

Figure 4.1 The model including layers, input, and output shape.
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4.2 Performance of the proposed network

We applied a stratified 5-folds CV for training and testing our model. At each fold,
we divided the data into training and test sets with an 80-20% split. In the next fold,

we used the other percentile as the training and test set.

Table 4.1 shows the performance results of our proposed network at each iteration.
Additionally, we calculated the mean, median, standard deviation, and confidence

interval (CI) for each metric.

Table 4.1 Performance of the proposed CNN-LSTM network for each fold.

Fold # Accuracy | Sensitivity | Specificity | F1 Score MCC

1 0.942 0.952 0.937 0.924 0.878

2 0.964 0.916 0.993 0.950 0.924

3 0.933 0.952 0.922 0914 0.862

4 0.929 0.929 0.929 0.907 0.850

5 0.946 0.928 0.957 0.928 0.885

Mean 0.943 0.935 0.948 0.925 0.880

Median 0.942 0.929 0.937 0.924 0.878

Std. Dev. 0.014 0.016 0.029 0.016 0.028
95% CI | 0.931-0.955 | 0.921-0.949 | 0.923-0.973 | 0.910-0.939 | 0.855-0.905

Figure 4.2 illustrates the performance results of the confusion matrix of our proposed
network at each iteration. In this context, true labels are used for the mirtron and

false labels are used for the canonical miRNA.

Moreover, detailed architecture is depicted in Appendix A, and comprehensive

results, parameters, and other outputs are also shared in Appendix B.
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4.3 Performance comparison

Table 4.2 shows the performance comparison of the average values of the proposed
method with the previous methods. The prediction resulted in 0.943 (%95 CI £0,014)
accuracy, 0.935 (%95 CI £0,016) sensitivity, 0.948 (%95 CI +0,029) specificity,
0.925 (%95 CI+0,016) F1 Score and 0.880 (%95 CI +0,028) MCC.

When compared to the closest results, our network revealed the best results for Acc.,
F1 Score, and MCC. These were 2.51%, 1.00%, and 2.43% higher than the closest

result, respectively.

Table 4.2 Performance comparison of pre-miRNA classification.

Method Name Acc. Sen. Spe. | F1 Score | MCC
Proposed Method* 0.943 | 0.935| 0.948 0.925 | 0.880
CNN filter6 128 [32] 0920 | 0.871| 0.970 0.916 | 0.845
CNN concat filters [32] 0910 | 0.846| 0.975 0.904 | 0.827
Support Vector Machines[101] ¥k 10926 | 0.945 0.901 | 0.859
Random Forest [101] ** 1 0.870 | 0.957 0.883 | 0.836
Linear Discriminant Analysis [101] ¥k 10935 | 0919 0.881 | 0.830
Logistic Regression [101] ¥k 1 0.875| 0.941 0.867 | 0.816
Decision Tree [101] **10.861 | 0.943 0.863 | 0.808
Naive Bayes [101] **10.875| 0.894 0.824 | 0.746

* Mean of the stratified 5-folds CV results.

** Data not available.

The mean of sensitivity had the highest value like Linear Discriminant Analysis and
ranked first. These ratios indicate that the hybrid CNN and LSTM networks can be
employed to achieve better performance for pre-miRNA classification compared
with previous methods. Even though the results show that our model has a higher
ratio according to accuracy, sensitivity, F1 score, and MCC; we have a lower ratio

(94.8%) of correctly classified true negatives.



44

In unbalanced or skewed datasets, the number of examples of the minority class
might not be sufficient for learning. That’s way, the minor class is more often

misclassified than the major class [111,112].

In this study, the number of positive and negative data in our training and test dataset
is equally representative of the whole dataset. Therefore, we solve the

misclassification problem at the data preparation level.

4.4 Hyper-parameters

Hyper-parameters are important parts of designing the model architecture in deep
neural networks. For instance; the number of the hidden units, order of the layers,
batch size, optimizer selection, and learning rate, etc. are commonly determined by

the researchers. Those parameters directly affect the performance of the models.

In this dissertation, we also benefit from the other researcher's experiences in
addition to ours. For example, Zheng et al. [32] investigated that kernel size (6x4)
and unit number (128) of the CNNs produced better results according to other sizes

and numbers in the pre-miRNA classification.

When we tested hyper-parameters like Zheng et al [32] we get the same performance
results as they did. In our future work, we will take into account the experiences we
have gained in these studies and we will do more extensive hyper-parameter

optimization to ensure performance increase.

4.5 Limitations

Although we achieved robustness performance in our hybrid model, some issues are
still limiting the construction of a superior model with the best performance in terms
of all comparison criteria. In this context, the first and foremost issue is the lack of a

sufficient amount of data in the datasets.
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In this study, the total number of data is 1,124 in the whole dataset. Although the
datasets include well-defined entries, it is critical to feed the model with more
training and testing data to get more reliable results. The second issue occurs from

the unbalanced ratio of classes.

In this dissertation, we had to use the imbalanced datasets that consist of 417 positive
entries and 707 negative entries. The ratio of positive and negative entries was about
1/1.7. This imbalanced ratio may lead to limiting to get better performance results.
Thus, we will focus on more comprehensive datasets constructed by either humans or

other organisms in future research.

The other limitation stems from the annotation process of each small RNA sequence
even though it has a variety of restricted procedures. In the miRBase database, each
entry has a probabilistic score with a high confidence level. To ensure this
confidence level, some criteria are applied to those sequences before adding them to
the database. Thus, this probability must be considered when developing or
constructing a deep-learning-based method for predicting miRNAs sequences
derived from the miRBase database. Since having very few possibilities can lead to
bias during the training or mistraining of the model. Therefore, we consider that this
bias may affect our training and also testing process. By developing more precise
annotation methods, we will be able to construct more robust models with better

performance in terms of all comparison criteria.

4.6 Future Studies

We consider that the quality of data, the size of the dataset, the number of samples of
each class, and the variety of the organisms are important issues that affect the results
of the implementations. If all those parameters reach sufficient and required size and
quality then we will ensure that the trained model will achieve robust classification

prediction.

In future studies, we will benefit from new enhanced datasets for the construction of

more successful models in terms of similar evaluation criteria. Thus, we would like
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to receive better performance. Additionally, we will consider setting up new models
with the newly developed deep learning-based methods. Those are the two main
goals of our future studies. In that context, for instance, we will compare the
performance of the models that consisting of different organism's pre-miRNAs.
Similarly, we will test the same models with the same organism when the newest

datasets existed.

During the COVID-19 pandemic, it is revealed that how computational biology
studies are important in particular identification and/or classification of the
sequences of viruses. Furthermore, those are also playing an important role in
diagnosis of the coronavirus-related diseases. So, developing a deep-learning-based
model may accelerate the process of the new treatments. In future studies, we will
also take into account the virus-based sequence analysis issues and share our new

experiences that are gained in robust artificial intelligence methods.

Finally, we would like to apply our proposed model to similar but not the same
biological datasets to show if the model is proper or not for other research areas.

Thus, we will continue to contribute to the literature of computational biology.
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CHAPTER 5

CONCLUSION

This dissertation is an investigation of the human pre-miRNA classification problem
through a convolutional neural network and long short-term memory network. In
contrast to other methods, we considered both the sequence structure and the spatial

information of each entry.

The preprocessing of data is the first but the most important stage of our study.
Indeed, inappropriate preparation of the data will cause the network to be trained
incorrectly and will make it difficult to obtain reliable results. Thus, we checked all
outputs after the encoding, padding, and vectorization process. In addition, cascading
the different neural networks is another issue in the model construction.
Inappropriate network design may increase the bias and cause unexpected results.

Therefore, we ensured that all the layers cascaded correctly.

Hyper-parameters determine the general characteristics of deep neural networks. The
number of the hidden units, order of the layers, batch size, optimizer selection, and
learning rate, etc. directly affect the performance of the methods. In this study, we
utilized the previous researcher's experiments in addition to our experiments. For
instance, Zheng et al. [32] discovered that kernel size (6x4) and unit number (128) of
the CNN network produced the best results according to other sizes and numbers in
the pre-miRNA classification. When we tested hyperparameters like Zheng et al.
[32], we obtained similar performance results as they did. In our future work, we will
take into account the experiences we have gained in these studies and we will do

more extensive hyper-parameter optimization to ensure performance increase.

Despite the promising performance of our model, there are still some limitations. The
first limitation comes from the total number of entries (1,124) in the datasets. Even
though the datasets have well-defined data, it is important to feed the method with
more training and testing data to obtain more reliable results. The second limitation
is the unbalanced ratio of classes. In this study, the number of positive samples (417)

was less than the number of negative samples (707). The ratio of positive and
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negative samples was approximately 1/1.7. This imbalanced ratio may lead to limit
accuracy and other matrices. Thus, we will focus on more comprehensive datasets in

future research.

We consider that the quality and size of the related dataset are important for training
a model and achieving robust classification prediction. In future studies, enhanced
datasets may lead to the construction of more successful models in terms of similar

evaluation parameters.

In this dissertation, we proposed a nucleotide-level hybrid deep learning method
based on convolutional neural networks and long-short term memory networks
together. In the data preprocessing phase, we used one-hot encoding to convert each
base to a matrix of the same size by padding. Then, we employed three convolution
layers wrapped by a time-distribution layer. For concatenation of all extracted
features, we employed a flatten layer for passing to the LSTM layer. Next, we
designed one LSTM layer following a dropout layer on the fully connected layer.
Finally, for binary classification, the softmax activation function is used for
specifying the outputs. Our results showed that the proposed method was
successfully trained on the training dataset and had a better performance on the test

dataset than the previous models[113].

The results indicated that the hybrid CNN and LSTM networks can be employed to
achieve better performance for human pre-miRNA classification. In future work, we
will study the investigation of new classification models that deliver better

performance in terms of all the evaluation criteria.
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Appendix B- Results of stratified 5-folds Cross-Validation

Results for fold number 1

TRAIN INPUT #: 899
TRAIN OUTPUT #: 899

Model: "sequential 54"

Layer (type) Output Shape Param #

time distributed 216 (TimeDi (None, None, 82, 2, 128) 3200

time distributed 217 (TimeDi (None, None, 41, 1, 128) 393344

time distributed 218 (TimeDi (None, None, 21, 1, 128) 393344

time distributed 219 (TimeDi (None, None, 2688) 0

lstm 54 (LSTM) (None, 100) 1115600
dense 108 (Dense) (None, 256) 258506
Drop out 54 (Drop out) (None, 256) 0
dense 109 (Dense) (None, 2) 514

Total parameters: 1,931,858
Trainable parameters: 1,931,858

Non-trainable parameters: O

None

Epoch 1/30

135/135 [===========================] - 49s 52ms/step - los:
0.4912 - accr: 0.7532 - val los: 0.2403 - val-accr.: 0.8778
Epoch 2/30



135/135 [

0.2609 - accr:

Epoch 3/30

.9018

135/135 [::::::=:==============:::::]

0.1995 - accr:

Epoch 4/30

135/135 [

]

0.1659 - accr:

.9536

val los:

.9649

135/135 [::::::=:==============:::::]

Epoch 5/30
135/135 [
0.0990 - accr:
Epoch 6/30
0.0534 - accr:
Epoch 7/30
135/135 [

0.0594 - accr:

Epoch 8/30

.9789

135/135 [:::::::::=:=:=:===:=:=:::::]

0.0201 - accr:

Epoch 9/30

135/135 [===========================]

0.0214 - accr:

Epoch 10/30

135/135 [

0.0401 - accr:

Epoch 11/30

.9891

135/135 [===========================]

0.0163 - accr:

Epoch 12/30

135/135 [=====================—=====]

0.0028 - accr:

Epoch 13/30

135/135 [

]

0.0084 - accr:

Epoch 14/30

.9965

val los:

.2402

.1855

.1958

.2544

.2155

.2765

.4356

.3827

.1834

.3285

.3720

6s 44ms/step

- val-accr.:

6s 44ms/step

- val-accr.:

6s 44ms/step

- val-accr.:

6s 44ms/step

- val-accr.:

6s 44ms/step

- val-accr.:

6s 44ms/step

- val-accr.:

6s 45ms/step

- val-accr.:

6s 45ms/step

- val-accr.:

6s 44ms/step

- val-accr.:

6s 44ms/step

- val-accr.:

6s 44ms/step

- val-accr.:

6s 44ms/step

.3336 - val-accr.:

los:

.9000

los:

L9111

los:

.9444

los:

.9222

los:

.9222

los:

.9333

los:

.9000

los:

L9111

los:

.9444

los:

.9333

los:

.9333

los:

.9222
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135/135 [
0.0384 - accr: 0.
Epoch 15/30
135/135 [
0.0044 - accr: O.
Epoch 16/30

135/135 [

0.0016 - accr: O.
Epoch 17/30

135/135 [

0.0029 - accr: O.
Epoch 18/30
135/135 [
0.0053 - accr: O.
Epoch 19/30

135/135 [

7.5060e-04 - accr:

0.9333
Epoch 20/30
135/135 [

8.2859%9e-04 - accr:

0.9333
Epoch 21/30

0.9998 - val los:

0.9994 - val los:

135/135 [

4.0055e-04 - accr:

0.9333
Epoch 22/30
135/135 [
0.0017 - accr:
Epoch 23/30
135/135 [
1.7725e-04 - accr
0.9333

Epoch 24/30

0.

0.9998 - val los:

9991 - val los:

: 1.0000 - val los:

135/135 [

0.0011 - accr: 1.

0000 - val los:

]

]

]

] - 6s 44ms/step -

9920 - val los: 0.4559 - val-accr.: O.
===========================] - 65 44ms/step -
9996 - val los: 0.3008 - val-accr.: O.

] - 6s 44ms/step -

9998 - wval los: 0.3533 - val-accr.: O.

] - 6s 45ms/step -

9986 - val los: 0.4718 - val-accr.: O.
===========================] - 65 44ms/step -
9959 - val los: 0.5526 - val-accr.: O.

- 6s 44ms/step

los:

9333

los:

9444

los:

9222

los:

9333

los:

9333

los:

0.5956 - val-accr.:

- 6s 44ms/step -

los:

0.6136 - val-accr.:

- 6s 44ms/step -

los:

0.6338 - val-accr.:

- 6s 44ms/step -

0.6582 - val-accr.: 0.

- 6s 44ms/step -

los:

9333

los:

0.6781 - val-accr.:

- 6s 45ms/step -

0.7194 - val-accr.: O.

los:

9333
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Epoch 25/30

135/135 [ ] - 6s 44ms/step - los:
0.0058 - accr: 0.9956 - val los: 0.7030 - val-accr.: 0.9333
Epoch 26/30

135/135 [===========================] - 6s 44ms/step - los:
8.2705e-04 - accr: 0.9992 - val los: 0.7452 - val-accr.:
0.9333

Epoch 27/30

135/135 [ ] - 6s 44ms/step - los:
9.2296e-04 - accr: 0.9996 - val los: 0.7386 - val-accr.:
0.9222

Epoch 28/30

135/135 [===========================] - 6s 44ms/step - los:
0.0013 - accr: 0.9996 - val los: 0.8092 - val-accr.: 0.9111
Epoch 29/30

135/135 [ ] - 6s 44ms/step - los:
6.8659e-04 - accr: 0.9997 - val los: 0.8282 - val-accr.:
0.9222

Epoch 30/30

135/135 [===========================] - 6s 44ms/step - los:
0.0023 - accr: 1.0000 - val los: 0.8592 - val-accr.: 0.9222
Accr: 94.22%

overall score: [94.22222375869751]




TRUE

True label

FALSE

(r 79 4]
[ 9 133]]

Confusion matrix

RUE A
FALSE

&
Predicted label

Accr Score : 0.9422222222222222

Report

pre

accr
macro avg

weighted avg

rec F1 Score supp .

0.90 0.95 0.92
0.97 0.94 0.95
0.94
0.93 0.94 0.94
0.94 0.94 0.94

0.8

&

Fo4

02

225

83
142

225
225
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Results for fold number:

TRAIN INPUT #: 899
TRAIN OUTPUT #: 899
vectorized Xtrain: [[
1y, [01], (01, [O],
1, (0], [[(11, [O],
1, (11, (011, [[O],
01, (11, (O], [O]1,
1, (011, (0], [0O],
» [011, [[0], [O],
» [0], [O11, [[O],
1, (0], (01, [11],
]

. L0o1, [o1, [11,

[
1]
1]
1]
0

» [0]1,
, (01, (111, [[1],
1, (0], [0, [O]],
1, (rol, (11, [O],

[
1
0 (eo1r, [ol1,
0

]
]
]
1

» [011,
(01, (011, [[11,

[

[

[

[

[

[

[

[

[

[

[

[

[

[

(r1y, o1, I
, [
1, (01, [1], [O1], I
] [
[

[

[

[

[

[

[

[

[

[

[

[

[

[

[

[
1]
1]
0]
[0
o], rrol, roJ, [oJ,
1], (oll, (ro], (O],
1], (o], [o]l, [[O],
1, (0], [11, [O]],
]

. [[0], [O01, [O],

]
]
]
0

]

1, (011, [([(01, [O],
1, [0], (O], [[O],
o], (ol, (1], [O]],
1, ((o1, (11, (01,
, (111, ((0], [O],
, (01, (011, [[O],
1, (11, [0, [O]],
1, [(ro0l, (11, [O],

[
0
1
0
[
0]
0]
0]
0
(111, (o1, f[oJ,

]
I
1, [0], [O]1, [[O],
ol, (o], (o], [O]],

(0
(0
[0
[
[
[
[
[
[
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[
[
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[
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[
[
[
[
([
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[
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1
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[
0
1
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[
0
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1
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0
[
1
1
0
[
0
1
0

[
0
0
0

[

2

01,
11,
1,
I
0],
11,
I
1,
01,
11,
1,
I
01,
11,
I
1,
01,
11,
1,
1,
01,
11,
I
I
0l,
11,
1,
1,
0],
11,
I
I
0l,

(01,
(001,
(011,

(01, [0

(01,
[[0],
(111,
(11, I
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(001,
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(01, [0
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([o],
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(01, [0
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(001,
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(11,
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[
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[1
([0
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11,
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(rol,
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1,
]

14
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[
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[
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[
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[
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0
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0
1
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0
0
1

[
1
0
0

[

0l,
11,
1,
I
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11,
I
1,
0l,
11,
1,
I
0],
]

0],
11,
I
I
11,
11,
1,
1,
01,
]

11,
I
I
01,

(0],
(011,
(011,

(11, [0

(01,
([0],
(111,

(01, [0
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[[O0],
(011,
(11, I
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(01, [0

(01,
([0],
(011,

(11, [0

(0],
(001,
(111,
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(011,
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(0],

(11,
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(rol,
11,
(01,
(01,
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11,
(01,
(1],
(o1,
0]
[0

11,
(11,
(01,
(011,
11,
(01,
(0],
(e,
11,
(11,
(01,
(rol,
11,
(01,
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1, [[0], (O],
, [011, [[O],
(01, (011,
(01, [0,
11, (001, (01,
1, (011, [([O],
1, [0], [O]1,
0 (01, 1071,
(ro1, for,
, [011, [[O],
» [0], [O11,
1, (01, [0,
1, (001, [0,
» [011, [[O],
, [0], [O17,
1, [0], [0,
1, [[0], (O],
, [011, [[O],
» [0], [O11,
1, (01, [0,
1, (001, [0,
» [011, [[O],
» [0], [O11,
(01, o1, [01,
011, [([0], [O],
01, (011, [f[O],
(01, [0171,

]
]
1,
(01,
0]]
0

0
(01,
011,
0]
0]
0

]
]
]
[0
0]
0]
0]
0

[
0
0
0

[
[
[
[
[
[
[
[
[
[
[
([
[0
[0
[0
[
[
[
[
[
(0]
(0]
(0]
[0
[
[
[0

I

[

[0

[

[0

[

[0

[

[0

[

[0

[

[0

[

vectorized Xtest:

1, (001, (01,
» [011, [[O],
(01, (011,
(01, [11,
11, (011, (01,
1, (011, [[11,
1, [1], [O]1,
o], (o], [1],

(1]
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(1],
([o0],
[01]
1
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[
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]
0
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i
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i
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14

1y

(rol, for,
(011, rro1x, f[oj,
(01, 011, [[01,
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(co1r, 01, (01,
(011, rro1x, (o1,
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(011, rro1x, (o1,
(01, 011, (101,

(01, 01, [O]],

(rol, to1r, [oJ,
(011, rro1, f[oJ,
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(o011, rrto1y, roj, froj, foz1, ftroj, froil, fox, r[ol1, rroy, for,
toj, fro1i1, frroj, froj, foz, toix1, rrol, foy, rolx, [oj1, r[roi1,
oy, roz, ftolix, ftroix, toz, foil, froil, frrox, foili, f[o1x, f[o011,
(tol, froij, o1z, ftoli1, trol, rolx, fol, froili, tror, fol, f[oi,
(oy1, frroy, ftoi, froix, fori1, rtol, froi1l, rox, foli1, ftrol, f[or,
(oy, ro11, rtol, froix, toz, folir, ftroilx, rox, fol, f[o1l, [roi1,
(oj, froj, ftori1, ftroj, ftolj, ftox, f[olj1, rroi, 1oy, [oj, [0l1,
(roy, roj, frojg, ftori, ftroj, froij, oz, ror1, rroili, fo1, [oJ,
(o011, rrto1y, roj, froj, foz1, froj, froi1, foy, rolri, rror, for,
toj, fro1i1, frroj, froj, foz, rtolx1, rrol, fox, rolx, [olj1, r[roi1,
oy, roz, ftoliz, ftroix, toz, foj, froil1, frrox, foili, f[o1x, f[o11,
(tol, froij, o1z, ftol1, trol, roix, fol, froili, troxr, fol, f[oi,
(oy1, frroy, ftoi, froix, fori1, rtol, froil, rox, foli1, ftrol, f[or,
(toy, rol1i1, rtol, froix, toz, folir, ftroix, roq, fol, [o1l, [ror1,
toj, froj, ftori1, ftroj, ftol, fox, rolx1, rrol, o1, [0J, [0111]
vectorized Ytrain: [0, 1]

vectorized Ytest: [0, 1]

Model: "sequential 55"

Layer (type) Output Shape Param #
time distributed 220 (TimeDi (None, None, 82, 2, 128) 3200
time distributed 221 (TimeDi (None, None, 41, 1, 128) 393344
time distributed 222 (TimeDi (None, None, 21, 1, 128) 393344
time distributed 223 (TimeDi (None, None, 2688) 0

lstm 55 (LSTM) (None, 100) 1115600
dense 110 (Dense) (None, 256) 258506
drop out 55 (Drop out) (None, 256) 0
dense 111 (Dense) (None, 2) 514
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Total parameters:

1,931,858

Trainable parameters:

1,931,858

Non-trainable parameters: O

None

Epoch 1/30
135/135 [
0.5718 - accr:
Epoch 2/30

.6931

135/135 [===========================]

0.3264 - accr:

135/135 [::::::=:==============:::::]

Epoch 3/30
0.2207 - accr:
Epoch 4/30
135/135 [
0.1864 - accr:
Epoch 5/30

.9231

135/135 [=====================—=====]

0.1295 - accr:

135/135 [::::::=:==============:::::]

Epoch 6/30
0.0766 - accr:
Epoch 7/30
135/135 [
0.0569 - accr:
Epoch 8/30

.9782

135/135 [:::::::::=:=:=:===:=:=:::::]

0.0339 - accr:

Epoch 9/30

135/135 [

0.0169 - accr:

Epoch 10/30

.9981

val los:

]

135/135 [

]

0.0148 - accr:

.9957

val los:

.2905

.2033

.1986

.2101

.2466

.2225

.2018

.3281

.2788

10s 52ms/step - los:

- val-accr.:

6s 45ms/step

- val-accr.:

6s 45ms/step

- val-accr.:

6s 45ms/step

- val-accr.:

6s 44ms/step

- val-accr.:

6s 45ms/step

- val-accr.:

6s 45ms/step

- val-accr.:

6s 45ms/step

- val-accr.:

6s 44ms/step

- val-accr.:

6s 44ms/step

.2994 - val-accr.:

0.8556

- los:

0.9111

- los:

0.9000

- los:

0.8889

- los:

0.9111

- los:

0.9222

- los:

0.9222

- los:

0.9111

- los:

0.9222

- los:

0.9333



Epoch 11/30

135/135 [

0.0145 - accr:

Epoch 12/30

.9955

135/135 [::::::=:==============:::::]

0.0019 - accr:

Epoch 13/30

135/135 [

0.0244 - accr:

Epoch 14/30

.9964

135/135 [:::::::::=:=:=:===:=:=:::::]

0.0618 - accr:

Epoch 15/30

135/135 [::::::=:==============:::::]

0.0467 - accr:

Epoch 16/30

135/135 [

0.0243 - accr:

Epoch 17/30

.9921

135/135 [===========================]

0.0162 - accr:

Epoch 18/30

135/135 [::::::=:==============:::::]

0.0095 - accr:

Epoch 19/30

135/135 [

0.0016 - accr:

Epoch 20/30

.9985

135/135 [:::::::::=:=:=:===:=:=:::::]

0.0056 - accr:

Epoch 21/30

135/135 [

]

0.0031 - accr:

Epoch 22/30

.9999

val los:

135/135 [

]

0.0041 - accr:

.9960

val los:

.3218

L4732

.3704

.3223

.4139

.2949

.3067

.3863

.3966

.3798

.4058

6s 44ms/step

- val-accr.:

6s 45ms/step

- val-accr.:

6s 44ms/step

- val-accr.:

6s 44ms/step

- val-accr.:

6s 44ms/step

- val-accr.:

6s 44ms/step

- val-accr.:

6s 44ms/step

- val-accr.:

6s 45ms/step

- val-accr.:

6s 45ms/step

- val-accr.:

6s 45ms/step

- val-accr.:

6s 45ms/step

- val-accr.:

6s 45ms/step

.4586 - val-accr.:

los:

.9333

los:

.9333

los:

.9333

los:

.9000

los:

L9111

los:

.9000

los:

.9444

los:

.9444

los:

.9444

los:

.9444

los:

.9444

los:

.9444
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Epoch 23/30

135/135 [

0.0042 - accr:

Epoch 24/30

0.0068 - accr:

Epoch 25/30

135/135 [

0.0036 - accr:

Epoch 26/30

0.0021 - accr:

Epoch 27/30

0.0052 - accr:

Epoch 28/30

135/135 [

0.0026 - accr:

Epoch 29/30

0.0044 - accr:

Epoch 30/30

0.9970 - val los: 0.4335

135/135 [===========================] -
0.9943 - val los: 0.4788

] _

0.9974 - val los: 0.4501

135/135 [===========================] -
0.9994 - val los: 0.5053

135/135 [===========================] -
0.9969 - val los: 0.5322

] _

0.9973 - val los: 0.5628

135/135 [===========================] -
0.9958 - val los: 0.5955

135/135 [===========================] -
0.9964 - val los: 0.6056

0.0060 - accr:

Accr: 96.44%

overall score:

[94.22222375869751,

6s 44ms/step

- val-accr.:

6s 44ms/step

- val-accr.:

6s 45ms/step

- val-accr.:

6s 44ms/step

- val-accr.:

6s 44ms/step

- val-accr.:

6s 45ms/step

- val-accr.:

6s 44ms/step

- val-accr.:

6s 44ms/step

- val-accr.:

96.44444584846497]

los:

.9444

los:

.9444

los:

.9444

los:

.9444

los:

.9444

los:

.9444

los:

.9444

los:

.9444
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Confusion matrix

08
TRUE

06

o4

True label

FALSE
Foz

RUE A
FALSE

~
Predicted label

[[ 76 7]
[ 1 141717
Accr Score : 0.9644444444444444

Report
pre rec F1 Score supp .
0 0.99 0.92 0.95 83
1 0.95 0.99 0.97 142
accr 0.96 225
macro avg 0.97 0.95 0.96 225

weighted avg 0.97 0.96 0.96 225



Results for fold number:
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]
1,
0],
]
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(o011, rrto1y, roj, froj, foz1, froj, froi1, foy, rori, rror, for,
toj, fro1i1, frroj, froj, foz, toix1, rrol, foy, rolx, [oj1, r[roi1,
oy, roz, ftolix, ftroix, toz, foil, froil, frrox, foili, f[o1x, f[o011,
(tol, froij, o1z, ftoli1, trol, rolx, fol, froili, tror, fol, f[oi,
(oy1, frroy, toi, froix, fori1, rtol, froil, rox, foli1, trolx, f[or,
(oy, ro11, rtol, froix, toz, folir, ftroilx, rox, fol, f[o1l, [roi1,
(oj, froj, ftori1, ftroj, ftolj, ftox, f[olj1, rroi, 1oy, [oj, [0l1,
(roy, roj, frojg, ftori, ftroj, froij, oz, ror1, rroili, fo1, [oJ,
(o011, rrto1y, roj, froj, foz1, froj, froi1, fo3, rolr1, rror, for,
toj, fro1i1, frroj, froj, foz, rtoix1, rrol, fox, rolx, [oj1, r[roi1,
oy, roz, ftoliz, ftroix, toz, foj, froil1, frrox, foili, f[o1x, f[o11,
(tol, froij, o1z, ftol1, trol, roix, fol, froili, troxr, fol, f[oi,
(oy1, frrtoq, toj, roix, fol1i1, rrtoil, froix, o1, fol1, troix, f[oil,
oy, rol1i1, rtol, froix, toz, folir, ftroilx, rox, fol, f[o1l, [ror1,
toj, froj, ftori1, ftroj, ftol, fox, rolx1, rrol, o1, [0J, [0111]
vectorized Ytrain: [0, 1]

vectorized Ytest: [0, 1]

Model: "sequential 56"

Layer (type) Output Shape Param #
time distributed 224 (TimeDi (None, None, 82, 2, 128) 3200
time distributed 225 (TimeDi (None, None, 41, 1, 128) 393344
time distributed 226 (TimeDi (None, None, 21, 1, 128) 393344
time distributed 227 (TimeDi (None, None, 2688) 0

lstm 56 (LSTM) (None, 100) 1115600
dense 112 (Dense) (None, 256) 258506
drop out 56 (Drop out) (None, 256) 0
dense 113 (Dense) (None, 2) 514
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Total parameters: 1,931,858
Trainable parameters: 1,931,858

Non-trainable parameters: O

None

Epoch 1/30

135/135 [ ] - 10s 53ms/step - los:
0.5409 - accr: 0.7184 - val los: 0.2327 - val-accr.: 0.9222
Epoch 2/30

135/135 [===========================] - 6s 45ms/step - los:

0.2867 - accuracy: 0.8953 - val los: 0.1809 - val-accr.uracy:
0.9444

Epoch 3/30
135/135 [ ] — 6s 4bms/step - los:
0.2628 - accr: 0.9000 - val los: 0.1077 - val-accr.: 0.9444
Epoch 4/30
135/135 [ ] — 6s 4b5ms/step - los:
0.1320 - accr: 0.9529 - val los: 0.2479 - val-accr.: 0.9111
Epoch 5/30
135/135 [===========================] - 6s 45ms/step - los:
0.0727 - accr: 0.9737 - val los: 0.1327 - val-accr.: 0.9556
Epoch 6/30
135/135 [ ] — 6s 4bms/step - los:
0.0738 - accr: 0.9808 - val los: 0.1062 - val-accr.: 0.9667
Epoch 7/30
135/135 [ ] — 6s 4b5ms/step - los:
0.0486 - accr: 0.9867 - val los: 0.2622 - val-accr.: 0.9444
Epoch 8/30
135/135 [===========================] - 6s 45ms/step - los:
0.0447 - accr: 0.9815 - val los: 0.1064 - val-accr.: 0.9556
Epoch 9/30
135/135 [ ] - 6s 4b5ms/step - los:

0.0452 - accr: 0.9872 - val los: 0.2820 - val-accr.: 0.9333
Epoch 10/30



135/135 [

0.0378 - accr:

Epoch 11/30

.9858

135/135 [::::::=:==============:::::]

0.0343 - accr:

Epoch 12/30

135/135 [

]

0.0055 - accr:

Epoch 13/30

.9991

val los:

135/135 [

0.0126 - accr:

Epoch 14/30

.9979

135/135 [::::::=:==============:::::]

0.0076 - accr:

Epoch 15/30

135/135 [

0.0192 - accr:

Epoch 16/30

.9903

135/135 [:::::::::=:=:=:===:=:=:::::]

0.0215 - accr:

Epoch 17/30

135/135 [::::::=:==============:::::]

0.0121 - accr:

Epoch 18/30

135/135 [

0.0412 - accr:

Epoch 19/30

.9852

135/135 [===========================]

0.0145 - accr:

Epoch 20/30

135/135 [=====================—=====]

0.0104 - accr:

Epoch 21/30

135/135 [

0.0182 - accr:

Epoch 22/30

.9926

val los:

]

.1128

.1710

.1435

.1993

.2803

.2391

.2673

.2551

L4672

.4114

.1066

6s 45ms/step

- val-accr.:

6s 44ms/step

- val-accr.:

6s 45ms/step

- val-accr.:

6s 45ms/step

- val-accr.:

6s 46éms/step

- val-accr.:

6s 45ms/step

- val-accr.:

6s 45ms/step

- val-accr.:

6s 45ms/step

- val-accr.:

6s 45ms/step

- val-accr.:

6s 45ms/step

- val-accr.:

6s 45ms/step

- val-accr.:

6s 45ms/step

.3003 - val-accr.:

los:

.9556

los:

.9444

los:

.9667

los:

.9222

los:

.9444

los:

.9333

los:

.9222

los:

.9333

los:

.9333

los:

.9222

los:

.9444

los:

.9444
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135/135 [

0.0085 - accr: 0.9967 val los .2853
Epoch 23/30

135/135 [===========================] -
0.0199 - accr: 9935 val los .1428
Epoch 24/30

135/135 [ I =
0.0302 - accr: 0.9891 val los: 0.2026
Epoch 25/30

135/135 [ I -
0.0157 - accr: 0.9919 val los .2291
Epoch 26/30

135/135 [===========================] -
0.0049 - accr: 0.9980 val los .2300
Epoch 27/30

135/135 [ 1 -
0.0057 - accr: 0.9988 val los .3217
Epoch 28/30

135/135 [===========================] -
0.0051 - accr: 9985 val los .4105
Epoch 29/30

135/135 [===========================] -
0.0027 - accr: 9993 val los .3384
Epoch 30/30

135/135 [ I =
0.0070 - accr: 0.9966 val los: 0.4477
Accr: 93.33%

overall score:

93.33333373069763]

[94.22222375869751,

6s 45ms/step

- val-accr.:

6s 45ms/step

- val-accr.:

6s 45ms/step

- val-accr.:

6s 45ms/step

- val-accr.:

6s 45ms/step

- val-accr.:

6s 45ms/step

- val-accr.:

6s 4éms/step

- val-accr.:

6s 45ms/step

- val-accr.:

6s 45ms/step

- val-accr.:

96.44444584846497,

los:

.9333

los:

.9333

los:

.9444

los:

.9444

los:

.9333

los:

.9333

los:

.9333

los:

.9333

los:

.9556
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Confusion matrix

0.8
TRUE

&

Fo4

True label

FALSE
Fo.2

RUE A
FALSE

&
Predicted label

[[ 80 4]
[ 11 130771
Accr Score : 0.9333333333333333

Report
pre rec F1 Score supp .
0 0.88 0.95 0.91 84
1 0.97 0.92 0.95 141
accr 0.93 225
macro avg 0.92 0.94 0.93 225

weighted avg 0.94 0.93 0.93 225



Results for fold number:

TRAIN INPUT #: 899
TRAIN OUTPUT #: 899
vectorized Xtrain: [[
1y, [01], (01, [O],
1, (0], [[(11, [O],
1, (11, (011, [[O],
01, (11, (O], [O]1,
1, (011, (0], [0O],
» [011, [[0], [O],
» [0], [O11, [[O],
1, (0], (01, [11],
]

. L0o1, [o1, [11,

[
1]
1]
1]
0

» [0]1,
, (01, (111, [[1],
1, (0], [0, [O]],
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[
1
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0
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1
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[
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[
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[
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]

. [[0], [O01, [O],

]
]
]
0

]

1, (011, [([(01, [O],
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1
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0]
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I
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[

[

[
0
0
1
[
0
0
0
[
0
1
0
[
0
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0
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11,
1,
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1,
I
01,
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I
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01,
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1,
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01,
11,
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I
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1,
1,
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I
I
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(001,
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(111,
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(0],
(001,
(011,

(01, [1

(11,
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[
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[
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[
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[

[0

[

[0

11,
(01,
(01,
(01,
11,
(01,
(01,
(11,
11,
(01,
(11,
(01,
11
(11,
(01,
(11,
11,
(01,
(01,
(01,
11,
(01,
(01,
(01,
11,
(11,
(01,
(01,
11,
(01,
(01,
(01,
11,

[
[
[
[
[
[
[
[
[
[
[
[
[
[
[
[
[
[
[
[
[
[
[
[
[
[
[
[
[
[
[
[
[

[
1
1
0
[
0
0
0
[
0
0
0

[
0
0
0

[
0
1
0
[
0
0
1

[
1
0
0

[
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]
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1, [[0], (O],
, [011, [[O],
(01, (011,
(01, [0,
11, (001, (01,
1, (011, [([O],
1, [0], [O]1,
0 (01, 1071,
(ro1, for,
, [011, [[O],
» [0], [O11,
1, (01, [0,
1, (001, [0,
» [011, [[O],
, [0], [O17,
1, [0], [0,
1, [[0], (O],
, [011, [[O],
» [0], [O11,
1, (01, [0,
1, (001, [0,
» [011, [[O],
» [0], [O11,
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[
[
[
[
[
[
[
[
[
[
[
[
[
[
[
[
[
[
[
[
[
[
[
[
[
[
[
[
[
[
[
[
[
[

[
0
0
1
[
0
0
0
[
0
0
0

[
0
0
0

[
1
0
0
[
0
0
0

[
0
0
0

[

1
1],
0

11,
]
1,
0l,
11,
1,
I
0],
11,
I
1,
11,
11,
1,
I
0],
]

11,
11,
I
I
0l,
11,
1,
1,
01,
]

11,
I
I
01,

([0],
(011,
(11, I
(0],
[[O0],
(111,

(01, [0

(01,
([11,
(011,

(01, [0

(0],
[[O0],
(011,

(11, I
(01,

(01, [1

(01,
[[0],
(011,

(01, I[1

(0],
(001,
(011,

(01, [0

(01,
[[o0],
(011,

(01, [0

(0],

(11,
(rol,
011,
(11,

(0],
(r1l,
11,
(01,

(01,
(rol,
11,
(01,
0],
(o1,
0

[
[
]
[0

11,
(01,
(01,
(rol,
11,
(01,
(0],
(rol,
11,
(01,
(01,
(rol,
11,
(01,
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(o011, rrto1y, roj, froj, foz1, ftroj, froil, fox, r[ol1, rroy, for,
toj, fro1i1, frroj, froj, foz, toix1, rrol, foy, rolx, [oj1, r[roi1,
oy, roz, ftolix, ftroix, toz, foil, froil, frrox, foili, f[o1x, f[o011,
(tol, froij, o1z, ftoli1, trol, rolx, fol, froili, tror, fol, f[oi,
(oy1, frroy, ftoi, froix, fori1, rtol, froi1l, rox, foli1, ftrol, f[or,
(oy, ro11, rtol, froix, toz, folir, ftroilx, rox, fol, f[o1l, [roi1,
(oj, froj, ftori1, ftroj, ftolj, ftox, f[olj1, rroi, 1oy, [oj, [0l1,
(roy, roj, frojg, ftori, ftroj, froij, oz, ror1, rroili, fo1, [oJ,
(o011, rrto1y, roj, froj, foz1, froj, froi1, foy, rolri, rror, for,
toj, fro1i1, frroj, froj, foz, rtolx1, rrol, fox, rolx, [olj1, r[roi1,
oy, roz, ftoliz, ftroix, toz, foj, froil1, frrox, foili, f[o1x, f[o11,
(tol, froij, o1z, ftol1, trol, roix, fol, froili, troxr, fol, f[oi,
(oy1, frroy, ftoi, froix, fori1, rtol, froil, rox, foli1, ftrol, f[or,
(toy, rol1i1, rtol, froix, toz, folir, ftroix, roq, fol, [o1l, [ror1,
toj, froj, ftori1, ftroj, ftol, fox, rolx1, rrol, o1, [0J, [0111]
vectorized Ytrain: [0, 1]

vectorized Ytest: [0, 1]

Model: "sequential 57"

Layer (type) Output Shape Param #
time distributed 228 (TimeDi (None, None, 82, 2, 128) 3200
time distributed 229 (TimeDi (None, None, 41, 1, 128) 393344
time distributed 230 (TimeDi (None, None, 21, 1, 128) 393344
time distributed 231 (TimeDi (None, None, 2688) 0

lstm 57 (LSTM) (None, 100) 1115600
dense 114 (Dense) (None, 256) 258506
drop out 57 (Drop out) (None, 256) 0
dense 115 (Dense) (None, 2) 514
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Total parameters:

1,931,858

Trainable parameters:

1,931,858

Non-trainable parameters: O

None

Epoch 1/30
135/135 [
0.5480 - accr:
Epoch 2/30

.6926

135/135 [===========================]

0.3032 - accr:

135/135 [::::::=:==============:::::]

Epoch 3/30
0.2661 - accr:
Epoch 4/30
135/135 [
0.1683 - accr:
Epoch 5/30

.9480

135/135 [=====================—=====]

0.1273 - accr:

Epoch 6/30

135/135 [::::::=:==============:::::]

0.0044 - accr:

Epoch# 7/30

135/135 [

0.0440 - accr:

Epoch# 8/30

.9812

135/135 [:::::::::=:=:=:===:=:=:::::]

0.0386 - accr:

Epoch# 9/30

135/135 [

0.0112 - accr:

Epoch# 10/30

.9990

val los:

]

135/135 [

]

0.0904 - accr:

.9671

val los:

.2098

.2484

.1765

.1580

.1618

.2076

L1727

.2101

.2058

11s 62ms/step - los:

- val-accr.:

6s 46éms/step

- val-accr.:

6s 4eéms/step

- val-accr.:

6s 48ms/step

- val-accr.:

6s 4eéms/step

- val-accr.:

6s 46éms/step

- val-accr.:

6s 46ms/step

- val-accr.:

6s 46éms/step

- val-accr.:

6s 46ms/step

- val-accr.:

6s 46ms/step

.2374 - val-accr.:

0.8778

- los:

0.8778

- los:

0.9333

- los:

0.9444

- los:

0.9444

- los:

0.9222

- los:

0.9444

- los:

0.9000

- los:

0.9333

- los:

0.9333



Epoch# 11/30

135/135 [

0.0281 - accr:

Epoch# 12/30

.9917

.4328

135/135 [::=:=============::::::::::] _

0.0184 - accr:

Epoch# 13/30

.4064

135/135 [

0.0214 - accr:

Epoch# 14/30

.9945

.4001

135/135 [:::::Z:=:===:=:=:::::::::::] —

0.0246 - accr:

Epoch# 15/30

.3270

135/135 [::=:=============::::::::::] —

0.0075 - accr:

Epoch# 16/30

.4708

135/135 [

0.0018 - accr:

Epoch# 17/30

.9988

.4852

135/135 [======================c==oc] -

0.0017 - accr:

Epoch# 18/30

.6630

135/135 [::=:=============::::::::::] _

0.0024 - accr:

Epoch# 19/30

.6146

135/135 [

0.0032 - accr:

Epoch# 20/30

.9969

.7220

135/135 [===========================] -

0.0024 - accr:

Epoch# 21/30

.7783

135/135 [

] -

2.3000e-04 - accr:

0.9222
Epoch# 22/30

1.0000 - val los:

6s 45ms/step -

- val-accr.: 0.

6s 4oms/step -

- val-accr.: 0.

6s 47ms/step -

- val—-accr.: O.

6s 45ms/step -

- val-accr.: 0.

6s 4oms/step -

- val-accr.: O.

6s 45ms/step -

- val-accr.: O.

6s 4oms/step -

- val-accr.: 0.

6s 4oms/step -

- val-accr.: O.

6s 4oms/step -

- val-accr.: O.

6s 45ms/step -

- val-accr.: 0.

6s 46ms/step

los:

9222

los:

9222

los:

9111

los:

9111

los:

9111

los:

9111

los:

9111

los:

9222

los:

9222

los:

9222

los:

0.81%6 - val-accr.:
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135/135 [

6.8945e-04 - accr:

0.9111
Epoch# 23/30

0.9998 - val los:

0.0036 - accr:

Epoch# 24/30

135/135 [

0.0023 - accr:

Epoch# 25/30

.9982

135/135 [=====——=———=———meeee

0.0065 - accr:

Epoch# 26/30

0.0047 - accr:

Epoch# 27/30

135/135 [

8.1164e-04 - accr:

0.9111
Epoch# 28/30

0.9999 - val los:

0.0026 - accr:

Epoch# 29/30

0.9970 - val los:

135/135 [

0.0010 - accr:

Epoch# 30/30

0.9998 - val los:

135/135 [

6.8381e-04 - accr:

0.9222

Accr: 92.89%

overall score:

93.33333373069763,

[94.22222375869751,
92.88889169692993]

0.9995 - val los:

]

]

]

]

- 6s 46ms/step

- 6s 4ems/step

0.8702 - val-accr.:

- 6s 45ms/step

0.8929 - val-accr.:

- 6s 4ems/step

0.9087 - val-accr.:

- 6s 4ems/step

0.9352 - val-accr.:

- 6s 46ms/step

- 6s 47ms/step

0.9637 - val-accr.:

- 6s 46ms/step

0.9772 - val-accr.:

- 6s 46ms/step

96.44444584846497,

los:

0.8519 - val-accr.:

los:

L9111

los:

L9111

los:

.9222

los:

L9111

los:

0.9505 - val-accr.:

los:

.9222

los:

.9222

los:

0.9911 - val-accr.:
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Confusion matrix

0.9
0.8
TRUE 07

06

B o5

- 04

True label

FALSE 1 02

0z

ol

RUE A
FALSE

~
Predicted label

[[ 78 6]
[ 10 131771
Accr Score : 0.9288888888888889

Report
pre rec F1 Score supp .
0 0.89 0.93 0.91 84
1 0.90 0.93 0.94 141
accr 0.93 225
macro avg 0.92 0.93 0.92 225

weighted avg 0.93 0.93 0.93 225



Results for fold number:

TRAIN INPUT #: 900
TRAIN OUTPUT #: 900
vectorized Xtrain: [[
1y, [01], (01, [O],
1, (0], [[(11, [O],
1, (11, (011, [[O],
01, (11, (O], [O]1,
1, (011, (0], [0O],
» [011, [[0], [O],
» [0], [O11, [[O],
1, (0], (01, [11],
]

. L0o1, [o1, [11,

[
1]
1]
1]
0

» [0]1,
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[

[
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[
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]

. [[0], [O01, [O],

]
]
]
0

]

1, (011, [([(01, [O],
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[
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0
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0
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[
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[
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[
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[
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[
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11,
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]
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11,
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01,
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(011,
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(111,
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(011,
(11, I

(01,

(01, [0
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(011,

(11, [0
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(001,
(111,
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11,
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11,
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11,
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1, [[0], (O],
, [011, [[O],
(01, (011,
(01, [0,
11, (001, (01,
1, (011, [([O],
1, [0], [O]1,
0 (01, 1071,
(ro1, for,
, [011, [[O],
» [0], [O11,
1, (01, [0,
1, (001, [0,
» [011, [[O],
, [0], [O17,
1, [0], [0,
1, [[0], (O],
, [011, [[O],
» [0], [O11,
1, (01, [0,
1, (001, [0,
» [011, [[O],
» [0], [O11,
(01, o1, [01,
011, [([0], [O],
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0]
0

]
]
]
[0
0]
0]
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vectorized Xtest:
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(o011, rrto1y, roj, froj, foz1, ftroj, froil, fox, r[ol1, rroy, for,
toj, fro1i1, frroj, froj, foz, toix1, rrol, foy, rolx, [oj1, r[roi1,
oy, roz, ftolix, ftroix, toz, foil, froil, frrox, foili, f[o1x, f[o011,
(tol, froij, o1z, ftoli1, trol, rolx, fol, froili, tror, fol, f[oi,
(oy1, frroy, ftoi, froix, fori1, rtol, froi1l, rox, foli1, ftrol, f[or,
(oy, ro11, rtol, froix, toz, folir, ftroilx, rox, fol, f[o1l, [roi1,
(oj, froj, ftori1, ftroj, ftolj, ftox, f[olj1, rroi, 1oy, [oj, [0l1,
(roy, roj, frojg, ftori, ftroj, froij, oz, ror1, rroili, fo1, [oJ,
(o011, rrto1y, roj, froj, foz1, froj, froi1, foy, rolri, rror, for,
toj, fro1i1, frroj, froj, foz, rtolx1, rrol, fox, rolx, [olj1, r[roi1,
oy, roz, ftoliz, ftroix, toz, foj, froil1, frrox, foili, f[o1x, f[o11,
(tol, froij, o1z, ftol1, trol, roix, fol, froili, troxr, fol, f[oi,
(oy1, frroy, ftoi, froix, fori1, rtol, froil, rox, foli1, ftrol, f[or,
(toy, rol1i1, rtol, froix, toz, folir, ftroix, roq, fol, [o1l, [ror1,
toj, froj, ftori1, ftroj, ftol, fox, rolx1, rrol, o1, [0J, [0111]
vectorized Ytrain: [0, 1]

vectorized Ytest: [0, 1]

Model: "sequential 58"

Layer (type) Output Shape Param #
time distributed 232 (TimeDi (None, None, 82, 2, 128) 3200
time distributed 233 (TimeDi (None, None, 41, 1, 128) 393344
time distributed 234 (TimeDi (None, None, 21, 1, 128) 393344
time distributed 235 (TimeDi (None, None, 2688) 0

lstm 58 (LSTM) (None, 100) 1115600
dense 116 (Dense) (None, 256) 258506
drop out 58 (Drop out) (None, 256) 0
dense 117 (Dense) (None, 2) 514
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Total parameters:

1,931,858

Trainable parameters:

1,931,858

Non-trainable parameters: O

None

Epoch# 1/30

135/135 [

0.5680 - accr:

Epoch# 2/30

L7127

135/135 [===========================]

0.2800 - accr:

Epoch# 3/30

135/135 [::::::=:==============:::::]

0.2028 - accr:

Epoch# 4/30

135/135 [

0.1375 - accr:

Epoch# 5/30

.9506

135/135 [=====================—=====]

0.1055 - accr:

Epoch# 6/30

135/135 [::::::=:==============:::::]

0.0621 - accr:

Epoch# 7/30

135/135 [

0.0463 - accr:

Epoch# 8/30

.9845

135/135 [:::::::::=:=:=:===:=:=:::::]

0.0401 - accr:

Epoch# 9/30

135/135 [

]

0.0122 - accr:

Epoch# 10/30

.9962

val los:

135/135 [

]

0.0358 - accr:

.9899

val los:

.2561

.1980

.2080

.2268

L1737

.2303

.1688

.2598

.2288

10s 54ms/step - los:

- val-accr.:

6s 47ms/step

- val-accr.:

6s 47ms/step

- val-accr.:

6s 46ms/step

- val-accr.:

6s 48ms/step

- val-accr.:

6s 47ms/step

- val-accr.:

6s 46ms/step

- val-accr.:

6s 46éms/step

- val-accr.:

6s 48ms/step

- val-accr.:

6s 46ms/step

.2872 - val-accr.:

0.8667

- los:

0.9111

- los:

0.9222

- los:

0.9222

- los:

0.9444

- los:

0.9333

- los:

0.9444

- los:

0.9222

- los:

0.9111

- los:

0.9111



Epoch# 11/30

135/135 [

0.0229 - accr:

Epoch# 12/30

.9928

.2806

135/135 [::=:=============::::::::::] _

0.0034 - accr:

Epoch# 13/30

L7442

135/135 [

0.0402 - accr:

Epoch# 14/30

.9836

.4403

135/135 [:::::Z:=:===:=:=:::::::::::] —

0.0106 - accr:

Epoch# 15/30

.3031

135/135 [::=:=============::::::::::] —

0.0323 - accr:

Epoch# 16/30

.1701

135/135 [

0.0337 - accr:

Epoch# 17/30

.9924

.3364

135/135 [======================c==oc] -

0.0052 - accr:

Epoch# 18/30

.4150

135/135 [::=:=============::::::::::] _

0.0011 - accr:

Epoch# 19/30

.4636

135/135 [

0.0024 - accr:

Epoch# 20/30

.9992

.5114

135/135 [===========================] -

0.0053 - accr:

Epoch# 21/30

.5941

135/135 [

] -

7.3541e-04 - accr:

0.9333
Epoch# 22/30

0.9997 - val los:

6s 4oms/step -

- val-accr.: 0.

6s 47ms/step -

- val-accr.: 0.

6s 4oms/step -

- val—-accr.: O.

6s 4oms/step -

- val-accr.: 0.

6s 47ms/step -

- val-accr.: O.

6s 4oms/step -

- val-accr.: O.

6s 4oms/step -

- val-accr.: 0.

6s 47ms/step -

- val-accr.: O.

6s 4oms/step -

- val-accr.: O.

6s 47ms/step -

- val-accr.: 0.

6s 46ms/step

los:

9222

los:

9000

los:

9111

los:

9333

los:

9222

los:

9222

los:

9222

los:

9333

los:

9444

los:

9444

los:

0.5857 - val-accr.:
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135/135 [
0.00260 - accr:
Epoch# 23/30

0.9994 - val los:

0.0030 - accr:
Epoch# 24/30

0.9983 - val los:

] - 6s 47ms/step
0.6108 - val-accr.:

- 6s 47ms/step
0.6302 - val-accr.:

135/135 [

] - 6s 47ms/step

6.0186e-04 - accr:
0.9333
Epoch# 25/30

135/135 [=====================
0.0012 - accr: 0.9987 - val los:

Epoch# 26/30

135/135 [=====================
0.0032 - accr: 0.9974 - val los:

Epoch# 27/30

0.9995 - val los:

- 6s 47ms/step
0.6706 - val-accr.:

======] - 6s 46ms/step

0.7004 - val-accr.:

135/135 [

] - 6s 46éms/step

0.0028 - accr: 0.9977 - val los:

Epoch# 28/30

135/135 [=====================
0.9957 - val los:

0.0042 - accr:
Epoch# 29/30

135/135 [=====================
1.0000 - val los:

2.8472e-04 - accr:
0.9333
Epoch# 30/30

0.7182 - val-accr.:

- 6s 47ms/step
0.7046 - val-accr.:

- 6s 46ms/step

135/135 [

] - 6s 46éms/step

0.0021 - accr:

Accr: 94.64%

overall score:

93.33333373069763,

0.9981 - val los:

[94.22222375869751,
92.88889169692993,

0.7223 - wval-accr.:

96.44444584846497,
94.64285969734192]

0.
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los:

.9444

los:

.9333

los:

0.6539 - val-accr.:

los:

.9333

los:

.9333

los:

.9333

los:

.9333

los:

0.7255 - val-accr.:

los:

9333



TRUE

True label

FALSE

([ 77 6]
[ 6 135]]

Confusion matrix

RUE A
FALSE

&
Predicted label

Accr Score : 0.9464285714285714

Report

pre

accr
macro avg

weighted avg

rec F1 Score supp .

0.93 0.93 0.93
0.96 0.96 0.96
0.95
0.94 0.94 0.94
0.95 0.95 0.95

0.8

&

Fo4

0.2

224
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224
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