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Introduction

Peptides are chemical substances of natural or synthetic origin that consist of amino acids. Their
chain includes from 2 to about 50 amino acids. In the presence of more than 50 amino acids, they are
transformed into proteins.

Peptides have a wide range of biological properties affecting the human organism. They are used
both in the treatment of diseases and as food supplements or cosmetics. The first peptide drug was
insulin, discovered as early as 1921.

Of interest to medicine are peptides that have a positive effect on human health. Their influence
is characterized by a specific focus. This is the so-called biological activity, according to which peptides
are anticancer, antimicrobial, blood pressure normalizing, antioxidant, antidiabetic, etc.

The properties of peptides depend directly on their structure. The sequence-based method is one
of the most widely used methods for studying quantitative structure-activity relationships (QSAR -
Quantitative Structure Property Relationships). It can be used for in silico selection of the best
candidate peptides before their actual synthesis. Because of this, this thesis is aimed at predicting the
biological activity of peptides by the QSAR method, using artificial intelligence (Al) methods.

The main goal of the dissertation research is to design, develop, and validate a software system
for predicting the biological properties of peptides using various artificial intelligence methods.

The fulfillment of the set goal implies solving the following tasks:

Task 1. Study of the essence of peptides, current research, and scientific achievements for the use
of artificial intelligence methods for predicting their biological activity;

Task 2. Study of publicly available databases and tools for coding peptides and creation of a
database of known peptides and their biological activity;

Task 3. Create a conceptual model of a software application for the analysis and prediction of
peptide properties by various Al methods;

Task 4. Development of a software prototype, including a database, a module for extracting
physicochemical characteristics of peptides, and a module for predicting the biological activity of
peptides, using different methods of artificial intelligence;

Task 5. Testing of the software prototype and analysis of the results of the conducted experiments.

The structure of the dissertation follows the conducted research, development and experiments
and includes an Introduction, 4 chapters, a Conclusion, and three appendices containing a description
of the designed database of peptides, statistical information on the characteristics of the peptides, and
output results of experiments conducted to calculate the physicochemical characteristics of a peptide.

In Chapter 1, a survey of state-of-the-art approaches and research is made to predict peptide
properties using various Al methods. The classic algorithm for in silico prediction of their biological
activity is presented.



Chapter 2 presents a conceptual model of a software application for analyzing the
physicochemical properties and predicting the biological activity of peptides.

A Pep Lab software application is presented in Chapter 3. It implements the functionalities and
processes described in the model.

Chapter 4 presents the results of the Pep Lab experiments. These include generating various
datasets and predicting the biological activity of peptides through several Al models.

In the conclusion, the results of the implementation of the set tasks are summarized. Scientific,
scientific-applied and applied contributions resulting from the dissertation research are described, as
well as directions for future development.

The list of used literature includes 150 titles, of which 19 are Internet sources.

The results of the research are presented in 5 publications. Two of them are indexed in the
international databases Scopus and Web of Science, and 1 is published in a publication with an
impact factor.

Participation in 6 research projects related to artificial intelligence or the study of peptides
provided additional guidelines for the successful implementation of the dissertation research.
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CHARTER 1. Peptides. Using Al to predict the properties of peptides

Peptides are substances whose molecules are made up of a chain of 20 basic amino acids
connected by peptide bonds. Most often, the peptide sequence consists of 2 to 50 amino acids and
therefore their molecular mass is small, usually below 10kDa. The beginning of the development of
peptide drugs is considered to be in 1921, when insulin, the first peptide drug, was discovered.

Peptides play an extremely diverse role in the human body. They take an active part in the growth
of the body, support the work of the immune system, are used as anti-infective agents, etc. [1]. In other
words, their effect on human health is specific [2].

Peptide-based therapy is experiencing a real boom in global markets, with sales of over $43 billion
in 2022 alone. Revenues from peptide-based therapeutics are expected to reach $77 billion by 2032
[3]. This huge market demand requires more flexibility than traditional in vivo and in vitro experimental
approaches for peptide discovery. These processes are time-consuming, expensive, and labor-intensive
[4].

Overcoming these limitations requires the application of novel and efficient computational
approaches to the discovery and investigation of candidate peptides. In practice, so-called in silico
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methods are increasingly used, which serve as fast and inexpensive tools for their identification in the
vast space of combinatorial sequence. They use knowledge from various fields such as mathematics,
informatics, biology, biotechnology, and analytical chemistry to discover potential candidates before
their actual synthesis, thus accelerating the discovery of new useful peptides. An extremely promising
model for the in silico approach is sequence-based for finding a quantitative relationship between the
structure and activity of the peptide (QSAR model).

Using Al in predicting the properties of peptides

The realization of the QSAR model by means of various MO techniques allows to successfully
identify the structure of new peptides [5]. Different methods achieve different accuracy of predictions.
Therefore, the question of the need to systematically evaluate and improve these algorithms in terms
of their methodology and predictive ability is relevant.

In the modeling of peptide sequences by QSAR, the predictors consist of physicochemical
characteristics or theoretical molecular descriptors of peptides, and the categorical value is a specific
biological activity [6]. Models first generalize a putative relationship between chemical structures with
known biological activity in an available data set. The QSAR model then predicts the activity of new
peptides.

The conducted research of the scientific literature shows that numerous algorithms have been
developed for predicting the biological activity of peptides, based on various techniques from MO -
artificial neural networks (NM) [7], random forest (Random Forest - RF) [8], the method of support
vectors (Support Vector Machines - SVM) [9], etc.

In conclusion, MO is considered the best in silico tool in bioinformatics for solving problems

involving large datasets and multiple variables. This is due to their ability to analyze and learn from
available data, and once trained, make relatively accurate predictions on new data sets [11].

Process for predicting the biological activity of peptides

The classical methodology for developing models for predicting the biological activity of peptides
includes 4 stages [13]. Graphically, it is presented in fig. 1. The stages are:
1. Data collection and processing;
2. Feature selection and coding;
3. Creation of MO model;
4. Analysis and evaluation of the model.
It should be noted that such a general scheme has also been widely applied in the prediction of
functions in DNA and protein structures [14].



Therefore, the

Data preparation . .
formation of the negative
Data aggregation from Selection ?fa set of Clearing the dataset data set is done in one of
open access databases peptides

the following ways:

a) random peptides
are selected, with a
function other than the

Feature selection

Feature extraction Encoding Feature selection desired one;

=] b) toxic peptides are
\ i selected;

(c) random peptides
are generated.

Building a model from machine learning

Support Vector

Machnes Random Forest Neural Network Deep Learning These approaches are
= based on the hypothesis
= A that the probability that
Model training and evaluation the samples thus
4 generated are not
Matthew's correlation | Balanced accuracy Specificity (S Sensitivity L. L.
coefficient (MCC) (BACC) peciilcity (Sp) (Sn) negative is minimal.

Figure 1. Methodology for predicting the biological activity of peptides Data preprocessing is
essential for the effective
use of MO techniques. It is important to examine the input features and optimize them to reduce their
number. For this purpose, from a given input vector with a certain number of features, only a part of
them is selected. This subset includes only the features that most influence the prediction process.
Different feature selection approaches are used to obtain the significant features. They have some
important advantages: trivial information is removed; models are simplified and become easier to
understand; the computational burden of the model is significantly reduced; the compatibility with
the learning model is improved.

The basic premise of using a feature selection technique is that the data contains some features
that are either redundant or irrelevant, and thus can be removed without causing much loss of
information. The extraction process creates new features from the original input data vector, while
feature selection returns a subset of that vector [15]. The feature selection technique is usually used
in areas where there are relatively few samples. This is also the case in the study of peptides.

The selection of features when evaluating peptide biological activity makes sense only in the
context of a specific prediction model.



Table 1. Cloud services and software applications for computing Feature extraction and

feature descriptors encoding is defined in [16].
Method Internet address Software  applications  for
Propy code.google.com/p/propy/ calculating feature descriptors
Pse-in-One bliulab.net/Pse-in-One/ are presented in Table 1.

Pse-in-One 2.0 bliulab.net/Pse-in-One2.0/ Tutoring with an ML
iFeature ifeature.erc.monash.edu teacher has been successfully
Pfeature webs.iiitd.edu.in/raghava/pfeature/ used to solve various problems
5 : in bioinformatics [10]. The
iLearn ilearn.erc.monash.edu model is trained with known
Seq2Feature www.iitm.ac.in/bioinfo/SBFE/ input and output data, and
PyBioMed github.com/gadsbyfly/PyBioMed then it can predict the outcome
PyFeat github.com/mrzResearchArena/PyFeat when given unknown data [11].
VisFeature github.com/wangjun1996/VisFeature A model that generates

discrete classes is called a
classification algorithm. This type of algorithm evaluates the prediction for a class that is 0 (negative)
or 1 (positive).

Al models used to predict peptide properties most often include - artificial neural networks, SVM,
RF, etc. [12]. Instead of randomly choosing an ML classifier, it is good to examine one or more classifiers
and choose the most suitable one.

Model overtraining occurs when the model not only learns from the input signals but also
integrates irrelevant feature information from the training data. To limit the overtraining of the model,
cross-validation (CV) is used.

To evaluate the effectiveness of the prediction of the various methods in ML, the following
evaluation indicators are most often used - classification accuracy (CA), specificity (Sp), sensitivity (Sn),
precision (Pr), average harmonic value of sensitivity and precision (F1) and Matthew's Correlation
Coefficient (MCC). They are calculated with the formulas:

TN+TP

CA=—"—— (1)
TN+TP+FN+FP
™
Sp= TN+EP (2)
TP
Sn = TP+FN (3)
TP
pr= TP+FP (4)
F1=—22% _ (5)
2TP+FP+FN
mce TP.TN+FP.FN (6)

= J(TP+FN).(TP+FP).(TN+FP).(TN+FN)

where TP and TN are the number of positive and negative samples correctly classified by the
predictive model. FP and FN represent the number of positive and negative samples misclassified.



Conclusions

Based on the research done on publicly available BAP databases and datasets, it was found that
they have the following shortcomings:

- presence of duplicate information for one or more peptides in a given database;

- some data sets contain contradictory or wrong information;

- in the different databases, a given peptide appears with different biological activities, but there
is no general information that gives a complete picture of the peptide;

- in some databases, there is not enough information about the physicochemical properties of the
peptides, and in the available information there are sometimes errors;

- missing (with few exceptions) the possibility of extracting information about a random peptide
sequence, as well as the presentation of the result in graphic form;

peptide database applications do not offer optimization and responsive design.

To overcome these limitations, it is necessary to develop a peptide database that contains
information on diverse bioactive peptides and includes negative samples, which will help to develop
even better MO models.

CHAPTER 2. Model of software application for the analysis and
prediction of peptide properties by Al

“ Presentation Layer Application Layer Dnta Layer

= Search for peptide « Search for information in the
U « information database
« Introduction of a peptide « Peptide dataset download
or set of peptides = Addition of a new peptide
J—:J. « Proposing a new peptide - Statistical information
for addition
SQL datab:
‘ « Contact form to get in alabase
r ™Y touch with the team
Researchers from . =]
area of: . =]
informatics, .___—]
biotechnology, . Exlractior_\ o_l' physicochemical S e
Analytical Chemistry, characteristics
food industry « Calculation of indices
and othere, « Encoding the data
» Data visualization
= Graphic representation
» Access data files
(.csv .fasta)
« Access to graphics files
(.png .jpeg .svg) = Create a peptide dataset with

positive and negative samples
= Feature selection
« Training the Al model
= Prediction

Figure 2. Architecture of an application for predicting biological activity of peptides with Al
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The application is built based on a standard three-layer architecture containing a Presentation

Layer, an Application Layer, and a Data Layer (Fig. 2).
It includes several modules:

* Module for storing and updating sets of peptides;

*  Module for extraction of physicochemical characteristics and coding;

*  Module for prediction of biological activity through Al;

* Input Module;

¢ Output module.

Module for storing and updating peptide datasets

This module
contains the standard
functionalities for a web
application, such as
searching for a peptide
according to a set
parameter, visualization
according to
classification  criteria,
and displaying detailed
information about a
given peptide (Fig. 3).
Supports the possibility
of outputting statistics -
Czech information
about the peptide
sequences available in
the database. The
database must contain
unique peptides,
without duplication,
with correct verified
information for each
peptide, with biological
activities disclosed in

scientific  publications

| /0 Modules

| Search data module

Peptides DB |

Scientist

T

T

=)
alt [E'rowse by Activity/Source/Length]

Browse Results

T
|
+
I
I
|
|

Data Processing

(%

Search by criteria]

; Validate

farc

orrect Data]

Peptide Information

S R ,
|
i Data Processing :
|
Search Results [Srmmmmmsmsmmams 1 :
-------------- m——— | |
[ | ——— | |-
[Incorrect Data] r
Error Message |
______________ ki H
L
|
I
|
Select Peptide ID :

Data Proccesing

Figure 3. Sequence diagram for deriving detailed information about a

peptide
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and experimentally verified values.

Information about peptides can be visualized according to different classification criteria — activity,

groups of organisms, peptide length, identifier, amino acid sequence, etc.

In the presented algorithm, the user has two search options - Browse and Search. With the Browse
option, the available peptides are divided into three sections, Activity, Source and Length, and with
Search, a certain search criteria is selected, for which the user enters information. It is validated and if

it is not correct, a corresponding error message is returned. Both options return as a result a list of

peptides (Browse Results or Search Results), from which the user can select a specific peptide (via the
peptide ID) and the information about it will be visualized.

Module for extracting physicochemical characteristics and coding

Based on the amino acids contained in the peptide, the module extracts information about its

physicochemical
characteristics and calculates
indices  showing  certain
properties (Fig. 4). The
module encodes the peptide
according to the most
popular encodings.

Acid Composition (AAC) is a
procedure for calculating the
composition of amino acids
in a given peptide sequence.
It shows the frequency
distribution of each of the 20
basic amino acids.

AAC = [AA, AA, ... AAy] (7)

_ Frequency of AA;

A4, ’

(8)
A AAC 1x20
described by the expression

(7) is obtained, each value AA
; represents the percentage

vector

Scientist

i 7O Modules |

PCP extraction &
encodings module

Peptides DB I

T

ST fisingiel

Single Peptide Results

>

) Validate

Correct Data]

i
i
i
i
i
i
|
i
i
i
i
Data Processing x
i
i
i
i
i
i
i
i
i

| lDatasen

Dataset Results

Correct Data]

A |

D Data Processing

Figure 4. Sequence diagram of the physicochemical feature extraction and

coding module

ratio of the amino acid in the peptide calculated by the formula (8).

In the Binary Profile Features (BPF) encoding of a peptide, each amino acid is described as a unit

vector of length 20 where every position except one has the value 0. The end result is an L x 20 matrix
(9) where L is the number of amino acids included in the peptide.
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BPF =

Binary AA;(1x20)
] (9)

Binary AA;(1x20)

Grouped AAC (Grouped AAC - GAAC) is calculated as the percentage ratio of different groups
of amino acids in the peptide according to their properties. GAAC results in a 10-dimensional vector
(10).

GAAC = [PCP, PCP, .. PCPy] (10)

The atomic composition (Atomic Composition - ATC) shows the frequency of occurrence of
the atoms in the peptide. The sum of all atoms of the corresponding species represents the atomic
composition (11).

ATC = [ %:1 C; Zl{=1 H; 2%:1 N; 2%:1 0; 2%:1 Si] (11)
Module for prediction of biological activity by Al

This module performs Al predictions and includes several basic steps (fig. 5):

- generating a coded data set with positive and negative samples;
- extraction of the most important and informative features;

- Al model training;

- test and validation or prediction.

The algorithm of
/0 Modules | Prediction PCP extraction &

Peptides DB . .
% operation of  this
Scne_nnsx T

module encodings module
f i module is presented in
E fig. 6. The creation of a
i data set of a given
i biological activity

Input Parameters

Validate
Dataset

@ [Correct Data]

Generate Positve &

Negative Dataset should include two

classes of peptides -

positive and negative.

In the database of the
i application there are
| peptides with a certain

[]D Al i type of activity. These
i

>,
>

Extraction &
Encodings

CeEEE R R m R O

peptides form the
positive samples. The
----------------------------------- '[,] second  class  of
| samples may be
‘; composed of: proven

|
B Train &
Prediction

Prediction Results

I
)
|
{incorrect Data] i
|
I
I
]
]
|

o negative samples;
U U ! ! peptides with activity
other than the

Figure 5. Sequence diagram of the biological activity prediction module by Al
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selected one; randomly generated peptides . The resulting set of numerical values is used to select the
most important and informative features . Feature selection is one of the most important techniques
in data preprocessing and is a mandatory part of modern machine learning algorithms [18]. Proper use
of feature selection algorithms optimizes training by increasing training speed and/or reducing model
complexity. There are three main models for feature selection: the filter model (filter feature selection
) [19]; the wrapper feature selection model [ 20]; the embedded model (embedded feature selection )
[21].

The software application envisages the use of three Al models to predict biological activity — the
support vector method (SVM), random forest (RF), classical forward signal propagation neural network
(FFNN).

The support vector method is a machine learning algorithm that is used for classification and
regression. SVM solves an optimization problem in order to find an optimal hyperplane that best
separates the data into the different classes. Given a training data set of n points of the form:
1, y1), o » (X, ), where y ;takes the value 1, or 1. If we extend SVM to cases where the data are
not linearly separable, a loss function is used:

max (0,1 —y;(W - X, — b)) (12)
Here y ;is the i -th target (ie, in this case 1 or -1). W - X, — bis the ith output, W is a normal vector
to the hyperplane, and the parameter b odetermines the offset of the hyperplane from the origin.
This function is zero if the constraint in (13) is satisfied, in other words, if X;it lies on the right side
of the field.
yi(W + x,—b) =1, foreach1<is<n (13)

Then the goal of the optimization is to minimize the expression:
1 - —
23, max 0,1 - y, (W - % - b))+ A2 (14)

The main advantage of SVM is the efficiency when working with a large data space and the ability
to classify new observations whose classes are not known.

Random forest is a machine learning algorithm based on the concept of ensembles of decision
trees. RF combines multiple decision trees, each trained on different parts of the data set. If the
number of trees is B, then b =1, ..., B. A random subset d is selected from the original data set D, and
m is selected from all p features, where m < p . A decision tree T , is generated. This operation is
repeated and an ensemble of trees is obtained {T},}2. The end result is a decision based on majority
voting:

fE.(x) = majority vote {f,(x) }113 (15)

RF is a very popular model of Al, which is why it finds various applications such as image processing,
medical data analysis, and many more. etc.
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A forward-propagation NM (FFNN) consists of a certain number of artificial neurons that are
interconnected (Fig. 6). The neural network training process is an optimization task to minimize the
error between predicted and actual

IRpUt Jaye Eilciden layer Quiputisyer values. Error backpropagation is a first-

order gradient method learning
__ method, admitting the possibility of
falling into a local extrema, which is its

1 >y
most serious drawback.

2 EW) = 5ia0k—d)?  (16)

The objective function has the form
M M (16). where M is the number of outputs,
y «the output signal of the kth neuron, a
d «is the expected output value of the
neuron. The derivative of the objective

Figure 6. Feedforward neural network function with respect to the weights of
the output layer neurons is calculated:

(2)
OE af(u;™)
o~ DT ) oy (17)
ij i

The gradient for the neurons of the hidden layer is determined according to the same principle,
but for them the expression is more complicated:

(2) (€
0E  _ wk af(u,”) - (2)df(u; )
awi(]_l) = Yk=1rk — dy) du,(f) ki du{l) Xj, (18)

Determining the gradient vector is very important for the subsequent process of changing the
weights. In backpropagation of the error, since a minimum is sought, a direction of negative gradient
is set, therefore it is calculated:

Aw = —nVE(w) (19)
w(k +1) =wk) + Aw, (20)
where n is the learning rate, and expression (20) is the rule by which the weight coefficients in the

neural network are updated. Most often, the training of the network is terminated if the value of the
gradient falls below a set threshold € characterizing the accuracy of the training process.

By choosing one of the Al models, the ultimate goal of this module is realized, namely predicting
the biological activity of a given peptide.

Input module

This module has the function of accepting user input and passing it to the module for which it is
intended for processing. Information is entered when using the functionalities to search for
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information in the database, analyze a peptide sequence or set of peptides, predict biological activity,
suggest a new peptide for addition, register a user and contact the team.

Output module

The output data module provides a visualization of the processing results in graphical or textual
form, as well as the ability to export the data in various graphical or tabular formats. It accepts data
from all modules of the business logic layer and based on it creates downloadable files in formats
suitable for further research. Visually, the results are presented in text or graphic form.

Conclusions

In this chapter, a model of a software application for the analysis and prediction of the properties
of peptides through Al is presented, emphasizing a number of characteristic features of this process. A
generalized application model is developed. A conceptual architecture with the main modules as well
as the main functionalities are presented.

A module model was created for predicting the biological activity of peptides by Al. It selects
features using one of three methods - filter, envelope and built-in. Forecasting can be done through
one of 3 Al models. These are SVM, Random Forest and FFNN. They were chosen because they
represent distinct groups of models in Al — linear classifier, ensemble model based on decision trees
and classical neural network.

Based on the described software application model, a software prototype was implemented,
presented in Chapter 3.

CHAPTER 3. Software application for the analysis and prediction of
peptide properties by Al

Developing an application for Al peptide analysis is a complex process requiring knowledge from
various scientific fields - informatics, biotechnology, biology, analytical chemistry, Al, etc. The process
starts with designing a database and creating a user interface. The database must be structured in a
way that helps to fulfill the tasks set in the dissertation work. Chapter 3 presents the software
implementation of a prototype software application for the analysis and prediction of peptide
properties by Al, following the model described in Chapter 2.

Used software technologies and tools

The software application will be used by researchers in different scientific fields who can use the
different modules together and separately. To be widely accessible, the application is web-based.
WAMP package (Windows, Apache, MySQL, PHP) was used to create the prototype. Apache HTTP
Server v2.4.51 is a free and open-source web server. PHP v8.1.0 is one of the most popular
programming languages on the Internet. The open-source library BioPHP is also used in the thesis
work. It includes classes for analysis of proteins, peptides, DNA and other tools. MySQL v8.0.27 is
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selected for database management systems. Bootstrap 5.3.0 framework, the basic internet language
HTML v5.0, CSS v3 and JavaScript are used. For graphic implementation are used Highcharts libraries
implemented with JavaScript. For the implementation of the Al models was used the Python language
v3.11.

Designing a software application prototype

The user interface is responsible for sending data and requests to the business logic layer and
displaying the result of the processing appropriately. The design implemented with Bootstrap is in a
responsive version. English is chosen as the language of the application so that it can be widely used
by researchers from all over the international scientific community.

The application layer includes three modules. Depending on the type of task, it can be performed
by only one module or with the help of several of them.

The first module is the one through which the information about the peptide sets is entered and
updated. It implements the functionalities described in Chapter 2. The second module extracts
physicochemical characteristics and indices and performs coding for a single peptide or set of
peptides. A number of features and indices are extracted and calculated and coding is performed. The
third module is about predicting the biological activity of the peptide. This module cannot work
independently, but uses the two modules already described: to generate a set of positive class of
samples and to extract physicochemical characteristics, calculate indices and encode the created data
set. It has the following functionalities: creates a peptide set including a positive and a negative class;

"~ group ] peptide_source v ] prediction_results v | basic_aminoacids v
group_id INT ¥ source_id INT res_jd INT AAd INT
 group_name VARGHAR(25) ! peptide._id INT = ! task_id INT =" | & pubChem_id INT
description TEXT epoch INT > aminoadid YARCHAR(45)
ROC FLOAT 2 One_letter_symbol CHAR(1)
j source_group m peptide v acc FLOAT #Three_letter_symbal CHAR(3)
 group_id INT peptide_id INT 1_ prec FLOAT # AA_mol_weight DECIMAL
¥ source_id INT peptide_name VARCHAR(128) ! spec FLOAT ? AA_formulz VARCHAR(30)
 sequence VARCHAR(S4) MCC FLOAT > Carbon SMALLINT(4)
"] source formula VARCHAR(128)  Hydrogen SMALLINT(4)
source_jd INT length TINYINT(5) ] prediction_tasks v 0 7 Nitro SMALLINT(4)
»source_name VARCHAR (64) ! mol _weight DECIMAL task_id INT o 7 Caigen SMALLINTES
description TEXT ICS0 FLOAT ! activity_id INT 2 Silphur SMALLINT (4)
ol FLOAT check_pentide VARCHAR(50) ¢ AA_pl FLOAT
] science_references ¥ GRAVY_index FLOAT neq_data ENUM(...) 7 pka DECIMAL
reference_id INT sliphatic_index FLOAT f_selection ENUM(..) pka_sidechain DECIMAL
F osptide_jd INT - Boman_index FLOAT status ENUM(..) Cherge VARCHEAR (20)
7 title VARCHAR(255) acidic_basic VARCHAR(20)
authors VARCHAR(255) ) activity - # Solubility FLOAT .
journal VARCHAR( 128) ] peptide_activity 1 actvity Jd INT ? K?E_Hvdruphwbmtv FLOAT
science_database YARCHAR(45) t peptide._id INT . actiity VARGHAR(30) Aliphatic_Aa BIT(1)
2 link ¥ ARCHAR(255) P activity_id INT descrption TEXT Aromatic_A& BIT(1)

Figure 7. Physical model of the software application database
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performs feature selection; does training of the selected model by Al; records the results in the
database; transmit to visualize the result.

The database plays a key role in the operation of the application. It contains information about

available peptide sequences, amino acid structure, values on different scales and properties, results of
biological activity prediction.
The physical model of the complete database is presented in Fig. 7. It consists of 11 tables. Some main
tables serving the functionality of the application are: table peptide contains the basic information
about the peptides; table basic_aminoacids contains information about the 20 basic amino acids. It
includes the chemical formula, the number of atoms of its constituent chemical elements, acid
dissociation constant, hydrophobicity index according to the Kite-Doolittle scale, etc.; table activity
contains information about the types of biological activity in the database. Detailed information about
all tables from the database is presented in Appendix 1 of the dissertation.

Realization of the prototype

This stage consists of creating the design, navigation, description of the processes, including
specific parameters, and creating the program code, using the selected software technologies and
tools, to obtain a working prototype. The module for storing and updating sets of peptides is called
Pep Lab. It is responsible for displaying information in all sections, except for “Tools” (Fig. 8).

¥ info@pep-lab.info

Database~ Tools~ Downloads  Statistics About Contact~

Figure 8. Software application navigation bar

The module for extracting physicochemical characteristics and encoding ( DMPep) , together with
the module for predicting biological activity through Al ( PepAl) , serve the processes in "Tools".

Only unique, duplicate-free peptides that have undergone a validation process are entered into
Pep Lab. As of 31.12.2023 there are 2775 peptides in it. Peptide sequence information available at Pep
Lab is available at pep-lab.info. The "Database" section offers two options - search by selectable criteria
and search by parameter - activity, group or length.

The data in Pep Pab are extracted from several public databases - BIOPEP-UWM [22], APD3 [23]
and AHTPDB [24]. The source of information about new peptides is the scientific publications in the
National Library of Medicine at the National Center for Biotechnology Information of the USA [25],
publications indexed in Scopus and Web of science by keywords - bioactive peptides, food-derived
bioactive peptides, novel bioactive peptides, etc.

The "Statistics" section shows summary information about the peptides available in the database,
and "Downloads" provides downloads for each activity in .csv and .fasta format.

The analytical module (DMPep) provides a complex analysis of physicochemical characteristics of
a peptide sequence. Using an amino acid sequence, the module can provide information on a number
of characteristics:
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Peptide length is determined by the number of amino acids that are contained in the peptide.

Molecular Weight (MW) is the sum of the masses of all atoms in the peptide. It is calculated by
summing the molecular weights of the corresponding amino acids involved in the peptide, by
subtracting the weights of the separated molecules when creating the peptide bonds (21).

MW = (i AAMW,) = (L — 1). MWyz0 (21)

Net charge is the sum of the charges on all amino acids and the end terminals. The net charge can
be calculated by formula (22), which is a variant of the Henderson—Hasselbalch equation presented by
Moore [26].

Q=20 +Xe" (22)

Using formulas (23) and (24) is calculated, respectively Q- and Q *:
- _ ()]
Q" = owkaw (23)

(GY)

o Gn
Q" = owAvk (24)

In these expressions, pK ,reflects the acid dissociation constant K ,as a negative decimal logarithm.

The isoelectric point (pl) is the pH value at which the net charge is zero ie. the peptide is electrically
neutral. DMpep calculates the net charge at pH 2 to 14.

Hydrophobicity index (GRAVY) is calculated as the sum of the hydrophobicity of each amino acid
divided by the number of amino acids in the peptide (25).

L
Zi:1Hi

GRAVY = (25)

The aliphatic index (Al) is a measure of the aliphatic amino acid content of a peptide or protein.
The aliphatic index was calculated by formula (26) proposed by Ikai [28]. Coefficients a and b are the
relative side chain value of Valine and Isoleucine/Leucine, respectively.

Al =X, +a.X,+ b.(X; + X.) (26)

The acidity index (ABI) of the peptide is determined by formula (27) where ABI xand ABI g are the
mole percentages of amino acids with acidic and basic properties in the peptide.

Acidic, ABl, > ABlg
ABI = {Basic, ABIl; < ABIy (27)
Neutral, ABI, = ABlp

The peptide binding potential index (Bohmann index) [29] indicates the peptide binding potential.
Bohmann's index is determined by formula (28), in which S ;is the solubility according to the scale of
Radzicka and Wolfenden [30].
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Yi=1Si

PBPI = (28)

The Al Biological Activity Prediction (PepAl) module, following the algorithm described in Chapter
2, performed the following main actions:
1. A set of peptides is created, containing two classes - positive and negative. The
information from the set is digitally encoded and normalized.

2. If the feature selection method is selected, the optimal subset is determined.
3. The selected model is trained by artificial intelligence.
4. It predicts whether the given peptide is of the selected activity class.
5. The result is passed for visualization.
Conclusions

In Chapter 3, the implementation of a prototype software application for the analysis and
prediction of peptide properties by Al is presented. Design stages, software technologies and tools
used are described. The database structure and functionalities of all modules are presented.

A prototype of the application was implemented, including the designed modules. A Pep Lab
peptide database containing peptides with known biological activity has been created. As of
31.12.2023, there are 2775 peptides in it. Pep Lab offers the possibility to present the complete data
for each individual peptide, the possibility to download the peptides by activities and statistical
information about the database.

The implemented analytical module (DMPep) provides analysis of peptide physicochemical
characteristics and peptide coding according to six variants: PCP, BPF, AAC, GAAC, DPC and ATC.

The PepAl module performs prediction of the biological activity of an arbitrary peptide, providing
the ability to select different data sets, different types of encoding of these data, as well as choosing
one of three Al models - SVM, Random Forest and NM. The mathematical apparatus of each of the
models is described, as well as its software implementation.

CHAPTER 4. Experimental results

This part of the dissertation presents the obtained experimental results. The implemented SVM,

Table 2. Data sets used in the dissertation research RF and FFNN models are

Name Positive set Negative set Total tested in various

DS1 71 neuropeptides 71 random samples from the 142 experiments. For this

database purpose, four data sets

DS2 | 232 antidiabetic peptides | =2 ra"d‘": Sta?p'es fromthe e, were generated,

523 peptides, lower blood | 523 random samples from th including different

DS3 peptides, lower bloo random samples from the | - numbers of  positive
pressure database

Ds4 1333 peptides below. 1333 random samples from the 2666 samples: DS1, DS2, DS3,

Blood Pressure database DS4 (Table 2). DS4 was
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obtained by augmenting the 523 peptides dataset with 810 peptides taken from the AHTPD database.
The following experiments were carried out through them:

= Using the DS3, the metrics of the models tested when the structural parameters were changed;

= The influence of the feature selection method on the model was investigated;

= The influence of different sets on the parameters of the model was studied.

The following metrics were used to evaluate the models — area under the performance curve,
classification accuracy, precision, specificity, weighted harmonic mean precision.

Structural identification of Al models

This experimental setup aims to tune the structural parameters of the models so that they perform
best in peptide classification. In the SVM model, the influence of different types of kernels on the
metrics was investigated. The tests were done with a regularization parameter C=1 and a tolerance of
0.001. The experiment results show that the best results are obtained with SVM with RBF kernel. In
the RF model, the number of trees is varied and the performance of the model is observed. The model
has the best performance with 200 trees. To determine the architecture of the FFNN model, a large
number of experiments have been implemented, varying the number of neurons from 5 to 100 with a
step of 5 and checking the performance at 1, 2, 3 and 4 hidden layers. The results show that it most
accurately classifies the FFNN with 1 hidden layer with 10 neurons.

From the experimental results, it can be concluded that the use of NM is appropriate in the
presence of a large volume of input data. In the specific case of classifying BAP, NM should be applied
in the presence of at least 1000 positive samples.

Investigating the influence of the feature selection method

In this group of experiments, the aim is to investigate the influence of different variants of feature
selection on the rate of change of output metrics.
100% . 100%

90%
80%

90%
80%

70% 70%
60% 60%
a) DS1 DS2 DS3 DS4 b) DS1 DS2 DS3 DS4
SYM = === RF SYM == ==FRF
100%
90% - 100%
80% 90% JPEET Sttt
; 80% T
70% 0% e
60% 60%
C) DS1 DS2 DS3 DS4 d) DS1 DS2 DS3 DS4
SYM == —=RF SYM - = - - RF

Figure 9. Change in the accuracy of the models with: a) no feature selection method; b) y 2; c) ANOVA; (d)
RFEs
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Each peptide in the dataset contains a vector of 41 features according to the following encodings:
PCP (6 characters), ATC (5 characters), AAC (20 characters), GAAC (10 characters). Four variants were
studied — no feature selection and the 20 best features selected, by x 2, ANOVA and RFE. The graphical
representation of the results are shown in fig. 9.

From the graphs presented, it can be seen that the choice of characteristics has the most significant
90% SVM impact on the RF 'rr.10d§|‘s
performance. The classification
accuracy of this model increases
when using feature selection,
with RFE being the best. The use
of a feature selection method
causes a decrease in the
DS1 DS2 DS3 DS4 accuracy of the FFNN model, but
it also leads to a decrease in the
number of inputs and,
accordingly, the computational
burden. In this model, the
researcher must consider
whether to use feature
selection. In the SVM model, the
result is worse than that without
the feature selection method, so
it is better not to apply this
technique to it.

80%

70%

60%

100%

90%

80%

70%
DS1 DS2 DS3 DS4

100%
90%

Similar conclusions can be
drawn when comparing the
methods used to select the

60% characteristics of the different

pet ps2 ps3 ps4 models (Fig. 10).
All char. -— - = X2 eerecseeennen ANOVA = . . = RFE

Figure 10. Change in accuracy of SVM, RF and FFNN depending on
feature selection method

80%

70%

From these graphs it is clear
that SVM performs best without
a feature selection method, with
FFNN it is good to use RFE or x 2, but only on datasets below 500 positive samples. With more than
1000 positive samples, the FFNN model is fully capable of determining the most important features
and does not need to use any method. In the RF model, the RFE method is best, but the size of the data
set is also important.

Overall, the research shows that feature selection should not be used in SVM, in NM it can be used
at the discretion of the researcher, and in RF it is mandatory to use this technique.
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Research using statistical data from the database

The statistics of the peptides available in the database show the distribution of amino acids in the
peptides for each activity (Fig. 11). It can be seen that the amino acids most often found in peptides

Figure 11. Frequency distribution of amino acids in total and by activities.

are: alanine (A), arginine (R),
cysteine (C), glycine (G),
isoleucine (1), leucine (L),
lysine (K), proline ( P), serine
(S), valine (V). These are the
amino acids that have more
than 5% participation, as a
relative  frequency  of
occurrence of the peptides
in the database. It s
noteworthy that there is a
very high percentage of
cysteine (C) in the toxic
peptides - 17.9%, and
therefore it can be
considered as an indicator of
toxicity.

Given this information, a
new feature  selection

method called ComStat (Complex Statistics) is proposed. The most important characteristics are the
specified amino acids and the physicochemical characteristics (length, isoelectric point, molecular mass

and the three indices).
100%
95%
90%
85%
80%
75%
70%
65%
60%

DS1 DS2 DS3 DS4
SVM ComStat ~ =eeeeeeeeeees SVM all = = = = RF ComStat

----- RF RFE — — = NN ComStat — -+ =— NNRFE

Figure 12. Accuracy of feature selection using statistics for four datasets.

After correlation
analysis between the
features, it is clear that
there is a high degree of
correlation between length
and molecular weight. This
indicates that one of them is
redundant, and the
presence of two highly
correlated features may
lead to overtraining of the
model. Molecular mass was
chosen to be removed as a
redundant feature in the set.
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With the feature set thus selected, prediction was performed with the three Al models.

The results of applying the ComStat method are presented in fig. 12. From the graphs, it can be
seen that there is a significant difference with the SVM model, and the graph without selection is
significantly better than the one after selection by the ComStat method. For the other two models,
however, the graphs show that with and without feature selection, the values are close, and the neural
network even has better results. For the two larger data sets, the results are identical.

This shows that the proposed ComStat input feature reduction method can be used in RF and NM
for a set of over 500 peptides without loss of accuracy.

After adding the results obtained by the ComStat method to the graphs of fig. 10, comparative
graphs are obtained between all described methods for selecting characteristics (Fig. 13).

The graphs show that the ComStat method is comparable to the other considered feature selection
methods.

80% SVM In conclusion, several
conclusions can be drawn when
applying the ComStat method. It
is good to use as a feature
selection algorithm, in RF and
NM, when the set is over 500
positive samples. For smaller

70%

60%

DS1 DS2 DS3 DS4 sample sets, it can be
successfully applied to the SVM
100% Random Forest model

An advantage of the
method is that the statistical
analysis is performed
beforehand with the available
peptides in the database and
then the selected features are
used. This leads to a

90%

80%

70%
DS1 DS2 DS3 DS4

Feedforward Neural Network

100% significantly smaller
90% computational burden in the
0% forecasting process,

correspondingly increased
70% speed.

60%
bs1 bsa bs3 bsa It should be noted that the

X2 — = — = ANOVA proposed method was only
------------- RFE — .- — ComStat experimented with the DB with
Figure 13. Comparison of ComStat and X2 prediction accuracy, ~ Peptides realized within the

ANOVA and RFE
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framework of the dissertation research.

Prediction of biological activity

W Neural Network
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Figure 14. Prediction of antidiabetic peptides
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Figure 15. Prediction of blood pressure-lowering peptides.

To investigate the ability of
Al models to predict, an
experiment was performed with
the following setup: the
available peptides from three
activities in BD - anti-diabetic,
blood pressure-lowering and
toxin-positive samples were
selected. In this way, three sets
of data were obtained, one for
each activity, of which 10% were
set aside for an independent
test. With the remaining
samples, the SVM, RF, FFNN
models were trained.

According to the results already
obtained, no feature selection
method was used for SVM, and
RFE method was applied for RF
and FFNN. There are 41 features
per peptide in the datasets. Each
of the models predicted the
probability of the peptides from
the independent set belonging to
a corresponding activity. The
results of the experiment are
presented graphically in fig. 14.
From the graphical
representation, it can be seen
that SVM performs best in
prediction, especially for short-
length peptides. This is due to
the small data set (232 peptides)
where the other two models
cannot be trained well. Their
prediction improves for peptides
with a longer length - over 20
amino acids. The predicted
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results are not accurate

0% "Moo At 0™ 8006 100% enough. Assuming that a
KVREGTTY peptide is recognized with a
DAQSAPLRVY probability above 0.50, SVM
EVMAGNLYPG recognizes 75% of peptides,
FAQTQSLVYP FFNN — 65%, and RF only 50%.
FNVPLYEFSY An interesting fact is that when
FQKVVA FFNN correctly classifies a
GFPGER peptide, it does so very
GGVIPN strongly, with a probability of
GLDIQK over 90%. FFNN showed very
GPAGAP good prediction for peptides
GVPKVKETMVPKH longer than 20 amino acids -
IYPSFQPQPLIYP only one peptide was not
LGFPTTKTYFPHF recognized.

PEINTVQVTSTAV For blood pressure-
VHSSIQSQPQAFT lowering peptides, the results
SVAKLE obtained are presented in Fig.

TGAPCR 15.
TGGGNV In this activity, RF and FFNN do
TNGIIR much better, which is due to
TPTQQS the doubling of positive
RLSGQTIEVTSEYLFRH samples in the set - 523. All
AGTTCLFTPLALPYDYSH e three models have a high
PKHKEMPFPPKYPVEPFT  —— sample recognition rate: FFNN -
PPQSVLSLSQSKVLPVPQ 82%, RF - 88%, a SVM with over
LLYQQPVLGPVRGPFPIIV 94% peptides recognized. RF
predicts with higher accuracy
Figure 16. Prediction of toxic peptides than FENN. It should be

noted that predictions made with RF have a probability of about 0.5. More than 40% of the known
peptides have a probability in the range 0.50-0.70, which does not give certainty to the prediction.

For toxic peptides, despite the fact that the peptide set is small (250 samples), all three models
recognize them very well (Fig. 16). A prerequisite for this is their "opposite" properties (toxicity). FFNN
has a successful prediction of 85% of the peptides because due to the small amount of data, it fails to
train well, and RF and SVM recognize 90% of the toxic peptides.

A categorical determination of activity is also observed. For unrecognized samples, the predicted
probability is up to 0.10, and for recognized samples almost entirely above 0.70. This leads to the
conclusion that this class of peptides, due to their specific properties, is easily recognizable for the
studied models by Al.
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Conclusions

Chapter 4 presents the experimental results obtained in peptide classification with the
implemented SVM, RF and FFNN models and four datasets. SVM is found to perform best when using
a non-linear RBF kernel, RF with a 200-tree network, and a straight-link NM should have 1 hidden layer
with 10 neurons and a RelLu activation function.

The influence of the feature selection method, using 4 techniques, as well as the influence of the
data set size on the performance of the model were investigated. The results show that the SVM model
is not affected by the size of the data set, and the application of a feature selection method negatively
affects the results. The conclusion is that for small data sets it is appropriate to use SVM.

RF is the model most significantly affected by the feature selection technique. The prediction
quality is improved, with the best results being achieved when using the RFE wrapper method.

Research shows that successful classification with FFNN strongly depends on the size of the
dataset. This gives reason to introduce the following rule: NM should be used for a dataset with at
least 1000 peptides. This is done in order to train the network well and achieve maximum
performance.

A new feature selection method, ComStat, based on statistical indicators, is also proposed. The
amino acids with the greatest relative weight of the peptides available in the DB and the
physicochemical characteristics are used as characteristics. This method improves the classification
accuracy of BAP at The RF and NM models for a data set with over 500 peptides.

The results of the experiments with independent sets confirm the described conclusions, but add

one more - when peptides with a length of up to 20 amino acids are to be recognized, it is best to use
the SVM model.

Conclusions

This dissertation is an interdisciplinary study. It is dedicated to the use of techniques from artificial
intelligence to analyze and predict the properties of peptides.

From the literature review, the need for a software product that combines an intuitive user
interface with a reliable database and tools for peptide prediction and analysis is clear. All this led to
the formulation of the main goal of the dissertation work, namely to create a prototype of a software
system that contains:

v’ adatabase including peptides with known biological activity;
v' a tool aimed at complex analysis and extraction of physico-chemical characteristics of
peptides and creation of data structures including basic parameters of the peptide;
v model creation using Al methods to predict the biological activity of peptides.
For the realization of this goal, the following main tasks have been solved:

1. Toexplore the experience of scientists in predicting the biological activity of peptides using
artificial intelligence methods.
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To survey publicly available peptide coding databases and tools.

3. To explore artificial intelligence methods that are used to predict the biological activity of
peptides.

4. Todevelop a prototype software application including a database, a module for extraction
of physicochemical characteristics of peptides and a peptide biological activity prediction
module.

5. To create a database of peptides with activity and properties proven in the scientific
literature.

6. To build, train and test artificial intelligence models to predict the biological activity of
peptides.

7. Analyze the obtained results and evaluate each of the models.

Contributions

The main contributions of the dissertation can be characterized as scientific, scientific-applied and
applied.
Scientific contributions of the dissertation research:
1. Developed models for predicting the biological activity of peptides - SVM, RF and NNs.
2. ComStat feature selection method based on peptide statistical metrics was developed.
Scientific and applied contributions of the dissertation research:
3. Developed a conceptual model of a software application for the analysis and prediction of
peptide properties by various Al methods.
4. Implemented algorithms for dynamic computation of peptide features and peptide
coding.
5. Implemented artificial intelligence algorithms to predict the biological activity of peptides
based on SVM, RF and artificial NNs.
Applied contributions of the dissertation research:
6. A database of peptides was created and information was entered for 2775 peptides with
known biological activities.
7. A software application was developed for the analysis and prediction of the
physicochemical properties of peptides. It is freely available at: www.pep-lab.info.

Prospects for future development

In the process of work, new interesting ideas have been generated to continue the work on
improving the Peplab platform. Among them are:

¢ Continuous updating of database records. This would enable significantly more reliable statistical

analyses;

¢ Development of the BAP prediction module with the inclusion of deep learning algorithms, which

also requires a database with more records;

¢ Creation of a news module, through which researchers will be better informed about novelties

in the platform;
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¢ Implementation of a system for registering users with different roles and with different levels of
access;

e Transition to structural bioinformatics, ie. inclusion in the database of images of peptide
sequences, their recognition with deep learning algorithms, etc.

Approbation

The main results of the research have been reported at national and international scientific forums.
The results of the research are presented in 5 publications - 3 in specialized journals, 1 collection of
international conference and 1 collection of papers from a Bulgarian conference. Two of the
publications are indexed in international databases Scopus and Web of Science, and one of them was
published in an edition with an impact factor: 2.7.

Results of the dissertation research were reported at 2 international and 1 national conferences,
as well as at 3 research seminars.

Conference reports:
1. International Conference on Artificial Intelligence and E-Leadership, October, 15-16,
2020, Plovdiv, Bulgaria.
2. 69th Scientific Conference with International Participation "Food science, engineering
and technology - 2022", September 29-30, 2022, Plovdiv, Bulgaria.
3. Science Conference "Science Days 2021", November 25-27, Plovdiv, Bulgaria.

Workshop reports:

1. "Using artificial intelligence techniques for predicting biological activity of peptides" ,
Scientific seminar "Neural network modeling with applications in business"”, 11/13/2020
, Plovdiv.

2. "Classification of amino acid sequences by machine learning", XVII Scientific Seminar of
the School of ICT Innovations, 29.11.2021, Plovdiv.

3. "In silico analysis of the physicochemical characteristics of peptides", XIX Scientific

seminar of the ICT Innovation School, 23.11.2022, Plovdiv.

The accumulated knowledge during doctoral studies allowed, in co-authorship with colleagues
from the Department of Computer Informatics, the publication of the textbook "Introduction to
Databases" . In addition, materials were developed for conducting classes on the disciplines
"Databases" and "Programming on the Internet with PHP/MySQL" , which were used in conducting
classes at PU "Paisiy Hilendarski" in 2019-2023.
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