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squelching transposable elements in animal germlines, preserving genomic integrity and
fertility. The creation of new drugs and the identification of various tumor types are
linked to the PiIRNA molecules. Additionally, it is related to controlling transcription of
genes, squelching transposons, and preserving genomic stability. The discovery of piR-
NAs and their functionality has grown to be a significant research topic in bioinformatics
because of the crucial influence that piRNAs play in biological processes. The 2L-piRNA-
ML predictor is a strong two-layer predictor that is suggested in this research to enhance
the prediction of PIRNA and their functionality. The suggested model uses Quadratic Dis-
criminant Analysis Classifier, Linear Discriminant Analysis, Passive Aggressive Classifier,
Extra Tree Classifier, Logistic Regression, Random Forest, Ridge Classifier CV for classifi-
cation. It also employs DNC and TNC for extraction of features. The suggested model is
created using a two-layer construction strategy. The 1st layer makes a prediction about a
given sequence whether it is PIRNA or not, and the 2nd layer makes a prediction about a
given PiRNA sequence whether it is having the function of instructing target mRNA dead-
enylation or not. Proposed model achieved 95.65% accuracy at the first layer and 92.30%
accuracy at the second layer.

*Correspondence author email address: Usmanlnayat (usman.inayat@umt.edu.pk)
DOI: 10.21015/vtse.v12i1.1720

1 Introduction

This document shows the suggested format and
appearance of a manuscript prepared for KJCISjour-
nals. Accepted papers will be professionally typeset.
This template is intended to be a tool toimprove
manuscript clarity for the reviewers. The final layout
of the typeset paper will not matchthistemplate layout.

(co) T

Almost all non-coding RNAs (ncRNAs) have drawn a
great of interest for their involvement in cellular pro-
cesses and disorder pathogenicity since the discovery
that just 2-3 % of the mammalian chromosome is
translated and ultimately converted into proteins [1].
All regulating ncRNAs can be roughly split into smaller
and large ncRNAs depending on the molecule size [2].

This work is licensed under a Creative Commons Attribution 3.0 License.
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In prokaryotic cells, PIWl-interacting RNA (PiRNA)
is a documented class of short non-coding RNA
molecules having a polymer that is 24 - 31 nucleotides
long. PiRNAs carry out a wide range of genetic and bio-
logical tasks, such as gene inactivation, controlling the
activation of genes, preserving, and forming genetic
material, and synthesis of specific protein [3]. Recent
studies indicate that piRNAs are widely transcribed in
a variety of physiological cell types and are associated
with a wide range of clinical conditions besides those
that have been documented in the germ. PiRNAs, for
instance, have been found to explain inordinately in
many diseases [4]. PiRNAs have also demonstrated
promise as prognostic indicators for a variety of
tumors [5]. The dysregulation of piRNAs in cancer
suggests that they may be potential targets for cancer
therapy [6]. The most prevalent malignancy and the
leading reason for tumor related deaths in women
is breast tumor. PiRNAs perform a significant effect
in breast tumor and may be used as diagnostics and
treatment approaches since excessive transcription
of piRNAs is seen in tumors and is linked to tumors
cancer cells proliferation and spread [7].

Additionally, there is an indication that piRNA-
mediated genomic mechanisms contribute to cancer.
In breast tumor cells, piR-651 was shown to be sub-
stantially amplified. One of the biggest reasons of
cancer-related deaths worldwide is lung cancer [8].
A possible diagnosis sign and source of treatment
strategies in lung cancer, excessive piRNA transcrip-
tion is linked to growth and spread. In laboratory
and in mammalian lung cancer progress might be
inhibited by piR-55490, which was also inversely cor-
related with patients’ survival. While other research
has established that in lung cancer cells piR-651 is
enhanced, piR-L-163 was the piRNA that was most
frequently down regulated in long cell lung cancer
when opposed to the equivalent non tumor lung cells
[9].

The most well-studied piRNAs in gastric cancer are
piR-651 and piR-823, which may be useful indicators
with excellent sensitivity and specificity for identifying
gastric cancer and differentiating across various kinds
of gastric cancer [10]. PiRNA also plays an important

role in maintaining genome stability and controlling
transposable element activity in various organisms,
including humans [11]. PiRNAs also connected to
several pathologic diseases which affect the heart.
Moreover, the presence of piRNA in cardiovascular
precursor cells raises the possibility that piRNA con-
tributes to the survival and development of cardiac
myocyte as well as the processes of heart recovery.
Additionally, it has been discovered that the perivas-
cular heart contains piRNAs. PiRNA is also expressed
significantly in patients with heart frustration blood
liposome. PiRNAs could possibly have a role in the in-
dicators of heart disease [12]. PiRNAs are inquisitively
also controllers of pancreas beta neuron function,
according to a previous study.

For recognizing piRNA and non-piRNA sequences,
numerous computational models have been pro-
posed. To predict piRNA, a sequential computational
model called "piRNA-CNN" based on convolutional
neural network is proposed in [13]. DNC and TNC are
used for feature extraction. In [14-16] proposed a
powerful predictor called 2L-piRNA.

It is a two-layer ensemble model, with the 1st layer
used to determine whether a query RNA molecule is a
PiRNA or non-PiRNA, and the 2nd layer used to deter-
mine whether a piRNA can direct the deadenylation
of a target mRNA or not. For classification, SVM clas-
sifier, CNN models are used and pseudo dinucleotide
composition (k=2) for feature extraction. "2S-piRCNN",
a two-stage deep-learning classifier that makes use
of a CNN, is proposed in [17]. In [18] "2L-piRNAPred"
model is proposed. 2L-piRNAPred is SVM-based pre-
dictor. 2-layer merged Scheme for point out piRNAs
in the 1st layer and identifying if piRNA have the task
of directing selected mRNA deadenylation in the 2nd
layer. In [19] proposed "piRNN" for identifying piRNA.
Convolutional neural network classifiers were used,
each of which had been trained using datasets from
four organisms. Each sequence was represented
by a matrix of k-mer frequencies. In [20] proposed
"2L-piRNADNN" model, which is based on a deep
neural network (DNN), to identify piRNAs. Using
conventional learning techniques, the 2L-piRNADNN
classifier automatically extracts important features
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from RNA sequences. In addition, the suggested
model creates a feature vector using the di-nucleotide
auto covariance (DAC) approach and six physic - chem-
ical characteristics. First, using a benchmark dataset,
the accuracy of 2L-piRNADNN model is matched to
that of well used classifier techniques. Second, its
accuracy is evaluated against current cutting-edge
computer frameworks. The results of experiment
demonstrate that, with accuracy levels of 91.81% and
84.52% at the first and second levels, correspondingly,
the suggested approach outperformed the current
predictors.

In [21] "2L-piRNADNN" model proposed. To re-
duce computing complexities via parallel processing,
the DNN model employing the Spark computing
platform is proposed. The RNA sequences are con-
verted into a feature vector of numeric values by
the suggested model's use of the dinucleotide auto
covariance approach. In [22] created a quick, reliable,
and effective deep learning technique called piRDA
for locating the correlations between piRNAs and
diseases. Without using any features engineering, the
suggested architecture takes the most important and
generic information from the unprocessed sequences
expressed in a piRNA disease pair. K-fold cross-
validation is used to assess the effectiveness of the
suggested approach piRDA. In contrast to community
methods, the piRDA greatly outperforms them all in
terms of quality assessment criteria for the detection
of piRNA disease connections. In this [23] study, they
introduce a unique technique called piRNAdetect
for accurate computerized prediction of piRNAs in
genomic sequences. In the suggested approach,
they first categorize piRNA sequences in the training
dataset that have comparable sequence patterns, and
then they extract useful prediction characteristics by
using n-gram classifiers. piRNAdetect model achieved
84.40% accuracy.

In [14], they provide an integrated strategy for
piRNA prediction that considers a range of genetic
and epigenetic traits that can be utilized to describe
these molecules. They examined and gathered a
sizable a variety of piRNA characteristics that have
been empirically verified in numerous species. In an

object-oriented framework that uses a Various Kernel
Learning technique, these properties are expressed
by several kernels. The developed tool, known as
IpiRId, outperforms all other tools with prediction
findings that reach more than 90% accuracy for the
three examined species. Additionally, their method
enables researchers to examine the applicability of
each specified trait in a particular species.

The proposed method can also be modified to
anticipate different types of ncRNAs because it is
modular and easily expandable. IpiRld model per-
formance in term of Acc, Sp, Sn is 93.66%, 96.58%,
90.74% respectively. For classification, SVM classifier,
CNN models are used and pseudo dinucleotide com-
position (k=2) for feature extraction. "2S-piRCNN",
a two-stage deep-learning classifier that makes use
of a CNN, is proposed in [24]. The 2IpiRNApred a
combined algorithm with two layers’ approach. In the
first layer it recognizes piRNAs and assesses if they
are involved in the second layer process of inducing
target mRNA deadenylation. To make the attributes’
dimensions smaller, a new feature extraction ap-
proach based on Luca fuzzy entropy and Gaussian
participation function (LFE-GM) was presented. Two
types of classifiers—Sparse Recognition Algorithm
(SRA) and Five attribute detection techniques using the
Support Vector Machine with Mahalanobis Proximity
Dependent Rotational Basis Process: Extended serial
similarity pseudo dinucleotide composition, k-mer,
general series similarity pseudo dinucleotide compo-
sition, Standardized Moreau Broto auto-correlation,
and Geary auto-correlation—were combined to create
the unified classifier method with two layers, The
outcomes show that 2IpiRNApred outperforms six
other available prediction methods by a wide margin.
2IpiRNApred model performance in term of Acc, Sp,
Sn, MCC is 88.72%, 85.54%, 91.89%, 0.775 respectively.

The roles of piRNAs in the regulatory and post
transcriptional control of transposons and genome
are currently the subject of [25] study. They created
piRBase, a database aiding piRNA operational inves-
tigation, to gather and evaluate these data. Since its
debutin 2014, piRBase has merged 264 data sets from
21 different species and accumulated 173 million piR-
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NAs. The most recent piRBase version (V2.0, 2018) put
more of an emphasis on the thorough identification of
piRNA sequences and the growing quantity of piRNAs.
The piRNA receptors and disorder piRNA information
was also included in the piRBase version V2.0.

In [26-28], they hypothesize that piRNAs may have
a role in RSA pathogenicity by targeting genes that
affect adherence and extrinsic matrix components,
according to a bioinformatics study. These findings
will act as the theoretical underpinning for piRNA-
targeted treatment approaches for RSA. To enhance
the prediction of piRNAs and their function using deep
learning techniques, a two-layer predictor is proposed
in this [29] study. The suggested approach uses a va-
riety of feature extraction techniques to consider the
physical and chemical characteristics of the biological
sequences while extracting features. The k-fold cross-
validation approach is used to thoroughly assess the
suggested strategy output. The evaluation’s findings
indicate that the suggested model outperformed the
current models, with accuracy gains of 7.59 and 2.81
percent at layer 1st and layer 2nd, correspondingly.
The suggested paradigm is believed to be useful for
precision medicine and cancer diagnostics.

In [30], they address current developments in our
knowledge of piRNA function as well as prospective
testing and treatment uses of piRNAs in a variety of di-
gestion malignancies. In order to predict connections
between piRNAs and disorders using information-
retrieving technology, they present a unique predictor
dubbed iPiDA-LTR. According to research findings,
iPiDA-LTR shows promise in detecting disorders linked
to both previously identified and newly discovered
piRNAs. The biogenesis, effective roles, and new
developments of piRNA/PIWI complicated proteins in
human disorders have been discussed in [31]. A gold
standard piRNA collection for six species is presented
to facilitate more productive piRNA research. The
details on piRNA clusters, piRNA variations, splicing
junction piRNAs, and piRNA profiles of expression
from other datasets are presented in [32]. In [33], a
framework has been proposed in which the actions
of ancient PIWI proteins were independent of cell
regulation and extensively expressed. The authors

have discovered organisms that are precisely linked
to Drosophila melanogaster have lost both the PIWI
gene Ago3 and the Yb gene [34]. They demonstrate
that even in the absence of Yb, the RNA remains
available to produce transposon antisense piRNAs in
large quantities in the soma.

The 2L-piRNA-ML predictor is a strong two-layer
predictor that is suggested in this research to enhance
the prediction of PiRNA and their functionality. The
suggested model uses Quadratic Discriminant Anal-
ysis Classifier, Linear Discriminant Analysis, Ridge
Classifier CV, Passive Aggressive Classifier, Extra Tree
Classifier, Logistic Regression, Random Forest for clas-
sification. It also employs DNC and TNC for extraction
of features. The suggested model is created using a
two-layer construction strategy. The 1st layer makes
a prediction about a given sequence whether it is
PiRNA or not, and the 2nd layer makes a prediction
about a given PiRNA sequence whether it is having the
function of instructing target mRNA deadenylation or
not. Proposed model overall accuracy is 95.65% at the
first layer and 92.30% at the second layer.

To do so, this contribution is organized as follows:
Section 2 represent material and methods. Section
3 represent the results and discussion of the pro-
posed model. Finally, conclusion and future work is
presented Section in 4.

2 Materials and Methods

The following seven stages are used to complete the
proposed model as shown in Figure 1: (1) data acquisi-
tion and analysis,(2) feature extraction (DNC, TNC), (3)
training the ML models (Step 1), (4) generating new fea-
tures on the basis of theML model's outputs of step 1
and the DNC feature, and (5) training the ML classifier
(Step 2), (6) generating new features on the basis of
the ML model's outputs of Step 2, (7) training the ML
classifiers (step 3). The detail of these stages is given
below. Same model and stages are used for both
first layer and second layer prediction.

2.1 Data Acquisition and Analysis

The same dataset used in [18] is applied. There are
709 piRNA samples having the function of instructing
target mRNA deadenylation (denoted as S} ) 709

Insi
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Data Acquisition & Analysis

Feature extraction(DNC,

1% Step TNC)

Training ML Classifiers

Generating new features
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2 Step (step 1 output + DNC)

Training ML Classifiers

Generating new features

d
3 Step (step #2 output)

Training ML Classifiers

Figure 1. Proposed 2-layer model.

PiRNA samples without this function (denoted as
St oninst) @nd 1418 non-piRNA samples. PiRNA sam-
ples denoted as S* and non-PiRNA samples denoted
as S™. Consequently, the datasets for this investigation

can be described as follows:

S=S"us” (1)

S* = PiRNA (2)

S~ = NonPiRNA (3)
S = Sinst U Spon-inst (4)

Srepresent first layer dataset and S+ represent sec-
ond layer dataset.

2.2 Feature Extraction

The piRNA and non-PiRNA sequence dataset is used to
extract features, and two feature encoding techniques
are used (i.e., DNC, TNQ). In this research, iLearn web
server is used for feature extraction. DNC is used to
extract 16 features and TNC to extract 64 features in
total.

* Di-Nucleotide Composition (DNC)
Feature extraction approach that uses a set of
2 sequential nucleotides to represent an RNA
sequence is called Di-Nucleotide Composition
(DNC). The probability of each set, denoted by
N1 N2 for the first set, N2 N3 for the second set,
and so on, is calculated [12]. 16 features are
provided by the di-nucleotide composition. It's
described as: D(a,b) = '(\,’1%“4'3), a,b € ACG,TU
where N(ab) is the number of Di-Nucleotide
described by nucleic acid types a and b. For
example, ab € AAAC, ....L, GT, TT sequences.

+ Tri-Nucleotide Composition (TNC)
Another feature extraction approach is called
Tri-Nucleotide Composition (TNC), which uses
three pairs of sequential nucleotides to describe
an RNA sequence. Each pair's probability is
computed. For instance, the first set in an RNA
sequence is N1 N2 N3, the second set is N2
N3 N4, and so on, producing a 4x4x4 = 64D
matching features vector [10]. It's outlined as:
D(a,b,c) = Y%, a,b,c € ACGT(U) where

N(abc) is the number of Tri-Nucleotide described

by nucleic acid types a,bandc. For example,

abc € AAA,AAC,AAG, ..., TTT sequences.

2.3 Train Machine Learning Classifiers

We merge DNC and TNS features and make a dataset.
Before experiment, we check the sub features contri-
bution in overall dataset. So, we select best top 10 sub
features from dataset using Random Forest Regressor.
Figure 2 presents the important sub features. All sub
features range is 0.00 to 0.05, but CG sub feature range
is 0.35. So, we normalize the CG sub feature with 0.15.

The model, as shown in Figure 3 is divided in
three steps. In Step 1, we use dataset and apply four
Machine learning classifiers: Quadratic Discriminant
Analysis Classifier (QDA), Linear Discriminant Analy-
sis (LDA), Passive Aggressive Classifier (PAC), Ridge
Classifier CV (RCCV). In Step 2 to make a new dataset,
we merge the results that are obtained from the 1st
step classifiers with DNC feature. And seven Machine
learning classifiers: Quadratic Discriminant Analysis
Classifier (QDA), Linear Discriminant Analysis (LDA),
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Subfeatures Importance

0.00 0.05 010 015 020 025 030 035
Relative Importance

Figure 2. Top 10 important Sub-features with their relative
importance.

Passive Aggressive Classifier (PAC), Extra Tree Classi-
fier (ETC), Logistic Regression (LR), Random Forest (RF),
Ridge Classifier CV (RCCV) are used. Now the results
of second step are consider as a dataset and used in
Step 3. In Step 3, we again used Logistic Regression
classifier. The result of step 3 is considered final result.

The proposed model is developed on Jupyter note-
book by using python programming language. Hold-
out Method is used to split the dataset into two sets,
the Training set and Test set. We split the 1st layer
dataset into 20% for testing and 80% for training and
2nd layer dataset is split into 30% for testing and 70%
for training.

3 Results and Discussion

In this section, the experimental results of the pro-
posed model for both the first and second layers are
discussed. As Figure 3 shows model is divided into
three steps, so in this section the results of these three
steps are provided.

3.1 1st Step Results of the Proposed

Model
Table 1. shows the results of classifiers for both first
layer and second layer.

Table 1. 1st step results of the proposed model.

Classifiers 1st Layer 2nd Layer
(ACC) % (ACC) %

Quadratic Discrimi- 85.73 68.0

nant Analysis

Linear Discriminant 88.59 75.52

Analysis

Ridge Classifier CV 86.80 76.0

Passive Aggressive 86.27 63.52

Figure 4 and Figure 5 represent the results of first
step for both 1st and 2nd layers. These figures shows
that Linear Discriminant Analysis classifier perform
best for 1st layer and Ridge Classifier CV classifier for
second layer.

3.2 2nd Step Results of the Proposed

Model
Table 4 shows the results of classifiers for both first
layer and second layer.

Table 2. 2nd step results of the proposed model.

Classifiers 1st Layer 2nd Layer
(ACC) % (ACC) %
Quadratic Discrimi- 92.03 73.43
nant Analysis
Linear Discriminant 95.57 81.25
Analysis
Passive Aggressive 92.03 80.46
Extra Trees 92.92 84.37
Logistic Regression 93.80 82.81
Random Forest 93.80 82.81
Ridge Classifier CV 93.80 82.81

Figure 6 and Figure 7 represent the 2nd step results
of the proposed model for both 1st and 2nd layers.
These figures shows that Linear Discriminant Analysis
classifier also in 2nd step perform best for 1st layer.
But in 2nd step Extra Trees perform best than Ridge
Classifier CV classifier for second layer.
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Figure 4. 1st step results of the proposed model.

3.3 3rd Step Results of the Proposed

Model
Table 3 shows the results of classifiers for both first
layer and second layer. 3rd step results for both 1st

layer, and 2nd layer is considered the final results.

Table 3. Results from the 3rd step of the proposed model.

Classifiers 1st Layer 2nd Layer

(ACC) % (ACC) %
Logistic Regression 95.65 92.30
classifier

In step 3 we use Logistic Regression classifier. Fig-
ure 8 and Figure 9 Shows the 3rd step results of the
proposed model for both 1st and 2nd layers.

Our findings demonstrate significant gains in
prediction speed, specificity, and accuracy over cur-
rent approaches. The model's ability to accurately
predict piRNA structures across a broad variety of
piRNA sequences highlights its potential impact on
the fields of molecular biology and bioinformatics.
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Figure 5. 1st step results using Bar chart.
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Figure 6. 2nd Step Results of the proposed model.

We use accuracy (ACC), sensitivity (Sn), Specificity (Sp),
Matthews's correlation coefficient (MCC), Area under
the curve (AUC), F1-Score, Confusion matrix and Preci-
sion metrics to check the model performance. Table
3. shows the results of both first and second layer. In
step three of the proposed model logistic Regression
Classifier is use for classification. So, the success rate
of Logistic Regression Classifier for first-layer in terms
of ACC, Sn, Sp, MCC, AUC, F1-Score, and Precision
are 95.65%, 100.0%, 91.66%, 91.66%, 95.83%, 95.65%,
95.83%, respectively. Similarly, the success rate of
Logistic Regression Classifier for second-layer in terms
of ACC, Sn, Sp, MCC, AUC, F1-Score, and Precision
are 92.30%, 94.73%, 90.0%, 84.73%, 92.36%, 92.30%,
92.36%, respectively.

Figure 7. 2nd Step Results using Bar chart.
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Figure 8. Results from the 3rd Step of the proposed model.

Table 4. Comparison of the proposed 2L-piRNA-ML model
with [18] benchmark model.

Layers  Models Acc (%) Sp(%) Sn(%) Mcc
(%)
1%t 2L-piRNA- 95.65 91.66 100.0 91.66
Layer ML
2L- 89 87.5 90.4 0.779
piRNAPred
2m 92.30 90.0 9473  84.73
Layer 2L-piRNA-
ML
2L- 84.0 83.6 84.3 0.680
piRNAPred

4 Conclusion
In this research, 2L-piRNA-ML strong two-layer pre-
dictor is proposed that enhances the prediction of
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Figure 9. 3rd Step Results using Bar chart.

piRNA and their functionality. The suggested model
uses Quadratic Discriminant Analysis Classifier, Linear
Discriminant Analysis, Passive Aggressive Classifier,
Extra Tree Classifier, Logistic Regression, Random
Forest, Ridge Classifier CV for classification. It also
employs DNC and TNC for extraction of features. The
suggested model is created using a two-layer construc-
tion strategy. The 1st layer makes a prediction about
a given sequence whether it is PIRNA or not, and the
2nd layer makes a prediction about a given PiRNA se-
guence whether it is having the function of instructing
target MRNA deadenylation or not. Proposed model
overall accuracy is 95.65% at the first layer and 92.30%
at the second layer. In future, to make 2L-piRNA-ML
accessible to general biologists, we would like to set
up a web service. Our model's updates will all be
published on the GitHub website. We are motivated to
enhancing 2L-piRNA-MLin order to provide improved
PiRNA prediction for other species in the future. And
we are also enhancing the model's predictive power
to uncover piRNA roles in diseases for therapeutic
advancements.
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