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Proteins are macromolecules consisting of a chain of smaller molecules (i.e. amino acids) known as
monomers. Three levels of protein structure are distinguished: primary, secondary and tertiary. Determin-
ing the three-dimensional (3D) structure of a protein when only a sequence of amino acids is given, is one of
the most important and frequently studied issues in bioinformatics and computational biology. Therefore, in
this paper, we propose an Intelligent 3D Protein Prediction Platform, which aims to completely determine the
tertiary protein structure of a given protein primary structure (i.e. the amino acid sequence). The proposed
intelligent platform is based on multiple sequence alignment and machine learning techniques to predict au-
tomatically 3D protein structures. We also present a software application and an experiment of the proposed
platform, which will be used by experts for a better understanding of protein functions and activities in or-
der to develop effective mechanisms for disease prevention, personalized medicine and treatments and other

healthcare aspects.

1 INTRODUCTION

Proteins are vital molecules that play many important
roles in the human body; they contribute to the tis-
sue growth and maintenance, the catalysis of organic
reactions, the communication between cells, tissues
and organs and help improve immune health. Each
protein is a macro-molecule consisting of a chain of
amino acids, which are assembled through peptide
bonds (i.e. an amino acid group of carboxylic acid
with a neighboring amino acid group and thus form
the primary structure [1]. Then comes secondary pro-
tein structure which is the three-dimensional form
of local protein segments. Alpha helices and beta
sheets are the two most common secondary struc-
tural elements, which form spontaneously as an in-
termediate before the protein folds into the tertiary
three-dimensional structure where the o-helixes and
B-pleated-sheets are folded into a compact globular
structure. Some proteins, known as oligurics (i.e.
made up of several polypeptide chains, each chain has
a primary, secondary and tertiary structure), such as
hemoglobin, reach a quaternary structure by adopt-
ing a symmetrical structure [2]. Many computa-
tional methodologies and algorithms have been pro-
posed as a solution to the 3D Protein Structure Predic-

tion problem, including comparative modeling meth-
ods and sequence alignment strategies, deterministic
computational techniques, optimization techniques,
data mining and machine learning approaches [3]. In
our case we combine both sequence alignment and
machine learning techniques to automatically predict
3D protein structure of a given amino acid sequence.
Furthermore, the proposed intelligent platform pro-
vides experts with all information needed for a deeper
understanding of proteins functions and activities.
The rest of this paper is organized according to the
following. Section 2 provides an overview of research
that is related to our approach. Section 3 presents our
proposal which is the Intelligent 3D Protein Predic-
tion Platform. Section 4 presents a software applica-
tion and experimentation. Section 5 presents a dis-
cussion. Finally, Section 6 concludes the paper and
suggests some directions for future research.

2 RELATED WORK

X-ray crystallography, which is a time-consuming
and relatively expensive method, has determined most
of the protein structures available in the Protein Data
Bank [4]. Hence computational methods have been
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developed to compute and predict protein structures
based on their sequences of amino acids.

2.1 X-ray Crystallography Method

X-ray crystallography is a technique for determining
the structure of molecules in three dimensions, in-
cluding complex biological macromolecules such as
proteins and nucleic acids. It is a powerful method at
atomic resolution in elucidating the three-dimensional
structure of a molecule. The X-ray crystallography
technique uses diffraction patterns that are generated
by irradiating a crystalline sample of the molecule of
interest with X-rays, making diffraction quality crys-
tals mandatory for this process [5].

Although this method provides a powerful tool in
elucidating the three-dimensional structure, the ma-
jor drawback is time. Thousands of experiments on
crystallization can be performed daily in a single lab-
oratory, each experiment is observed over time, with
the normal time span being weeks to months [6]. It
was for this reason that computational methods were
developed to reduce time and costs.

2.2 Computational Methods

Proteins fold into one or more specific conformations
to exercise their biological functions [7]. The De-
termination of a protein’s structure can be achieved
through computational techniques that automatically
predict protein structures based on their amino acid
sequences. The three common bioinformatics meth-
ods used to predict the protein structure are: compar-
ative modeling, fold recognition and ab initio predic-
tion.

2.2.1 Comparative Modeling

Also known as homology modeling, it is a technique
which uses known information from one or more ho-
mologous partners to predict the structure of an un-
known protein. Comparative modeling usually in-
volves three steps: a) identifying template structures
for modeling the query protein, b) aligning the tem-
plate with the query sequence, and c) modeling the
query structure [8]. This family of methods enables
greater number of potential templates to be produced
and better templates to be identified [9]. To predict
the three-dimensional protein, both the template and
the query can be submitted to a comparative modeling
program once the better template has been identified.

2.2.2 Fold Recognition

We model the proteins in fold recognition by thread-
ing which have the same fold as the proteins of known
structures. Protein threading is used for protein that is
not stored in the Protein Data Bank (PDB) with its ho-
mologous protein structures [10]. Many algorithms
for determining the correct threading of a sequence
into a structure have been proposed. They employ
some form of dynamic programming. The problem
of identifying the best alignment for the complete 3D
threading is very difficult (it is an NP-hard issue for
some threading models) [11]. Researchers have there-
fore proposed many methods of optimization, such
as Conditional random fields, simulated annealing,
branch and bound and linear programming, in order
to achieve heuristic solutions.

2.2.3 Ab-initio Prediction

The ab-initio method is a technique that attempts to
predict protein structures based solely on information
about sequences and without using templates. Ab-
initio modelling is often referred to as de-novo mod-
eling [12]. The fundamental procedure followed by
the protein structure prediction ab-initio method be-
gins with the primary amino acid sequence, which is
searched for the various conformations which lead to
the prediction of native folds [13]. After recognition
and prediction of the folds, the model assessment is
carried out to verify the quality of the predicted struc-
ture.

Numerous methods of predicting protein struc-
tures, including X-ray crystallography, and computa-
tional methods are currently being used [14]. Each
method has advantages and disadvantages, but they all
have the same goal of building a consistent 3D protein
model that can be useful for a detailed understanding
of protein and enzyme function.

3 13D3P

Proteins, consisting of long or short amino acid se-
quences, respectively called polypeptides and pep-
tides, are assembled from amino acids based on the
information contained in the genes[15]. Protein syn-
thesis is the process in which cells produce proteins
by determining a protein’s various structures: pri-
mary, secondary, and tertiary. The proposed Intelli-
gent 3D Protein Prediction Platform (I 3D3P) aims
to determine the three-dimensional protein structure
from a given amino acid sequence, based on a multi-
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ple sequence alignment technique or a machine learn-
ing method.

First the platform compare the amino acid se-
quence introduced by the user with all amino acid
sequences of already known proteins existing on the
available protein sources, then based on the results of
this comparison, the platform predict the 3D protein
structure as illustrated in Figure 1.
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Figure 1: The 3D protein prediction process.

The proposed platform enables to predict the 3D
protein structure from a given amino acid sequence
based on two techniques, 3D structures importing
from the available protein sources or the automatic
prediction of 3D structures.

3.1 Importing 3D Structures

This technique consists of comparing the given amino
acid sequence with all sequences of the already
known proteins available in different protein sources
in order to import the corresponding 3D protein struc-
ture. Therefore, we developed a multiple sequence
alignment technique to compare the given sequence
with all known proteins available in the existing pro-
tein sources.

The proposed sequence alignment technique con-
sists to recuperate all protein sequences from the
available sources and align them with the given se-
quence. This alignment creates a similarity score ma-
trix between the given amino acid sequence, denoted
below as X and all known protein sequences, denoted
as Seql, Seq2,...Seq,

The pairwise similarity score between X and
Seql, Seq2, Seq3, ...Seq, depends on the similari-
ties and dissimilarities between the amino acids in
each sequence position. A correspondence between
the amino acids is counted as 1, C = 1, and a dissimi-
larity or a gap in the case of local alignment is counted
as 0, D =0. The pairwise similarity score is calculated
as follows:

YC.D
Ss(X,Seq,) = NAL

)]

Where C and D represent the similarities and
dissimilarities between the amino acids and NAA
represents the number of amino acids constituting
the sequence, as illustrated in the following examples:

Example 1:

X: Lys - Glu - Thr - Lys
Seql: Lys - Glu - Thr - Lys

1 1 1 1

_YXC,Db 4
Ss(X,Seql) = NAA — 2 =1 100% (2)
Example 2:
X: Lys - Glu - Thr - Lys
Seq2: Thr - Glu - Thr - -
0 1 1 0
Yc,p 2
X 2)= =-=0.
Ss(X,Seq?) NAA — 4 05 50% (3
Example 3:
X: Lys - Glu - Thr
Seq3: Thr - Lys - Glu
0 0 0
Yc&,bp 0
X 3)= ==-=0 0% 4
Ss(X,Seq3) = T = 3 o (4

The calculation of all the pairwise similarity

X Seq1 Seq2 Seq3 Seqn : . .. .
X o= 1| 5 0L 8o | 5 0%, Sog2) | 5 X, Bout) [ 50 0X, Sond scores will enable to get the following similarity score
Seq1 | Ss (Seq1, X) Ss=1 Null Null Null matrix.
Seq2 | Ss (Seq2, X) Null Ss=1 Null Null
Seq3 | Ss (Seq3, X) Null Null Ss=1 Null | Sequences | Seq1 | Seq2 | Seq3 | Sedn |
Seqn | Ss (Seqn,X) Null Null Null Ss=1 X ['ss (x, seqt) =1[ss (X, Seq2) = 0.5] Ss (X, Seq3) = 0 | Ss (X, Seqn) = 0.2
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Based on this similarity score matrix we can cal-
culate the Pairs Similarity Sum as below:

PSS(X,Seqn) =Y Ss(X,Seqy) 5)

The multiple alignment results will be one of the
following cases:

1) PSS AX, Seq,) #0: The given sequence matches
perfectly a sequence of a known protein and/or
matches partially some known proteins. In this
case, we will have two different situations based
on the similarity score of each pair:

* Ss (X, Seq,) = 1 : The given sequence matches
perfectly a sequence of a known protein. In this
case, the platform will import the 3D protein
structures in order to provide it to experts.

* 0 < S8s < 1: The given sequence partially
matches some known proteins. The platform
will import all the partially similar 3D protein
structures and display them for experts.

2) PSS (X, Seq,,) = 0 : The given sequence does not
match any known protein. In that case, the In-
telligent Platform will automatically predict the
3D protein structure based on a machine learning
technique.

3.2 The Automatic Prediction of 3D
Structures

The inference of a protein’s three-dimensional struc-
ture from its amino acid sequence remains an ex-
tremely difficult and unsolved task. A prediction for
proteins consists of assigning regions of the amino
acid sequence to be probable alpha helices, beta
strands. Different methods for predicting 3D struc-
tures have been developed. One of the first algorithms
was the Chou-Fasman method [16, 17], which re-
lies mainly on the probability parameters determined
from the relative frequencies of the appearance of
each amino acid in each type of secondary structure
[18].

In addition, overtime computational prediction
methods were developed which are based on tech-
niques of sequence alignment and methods of ma-
chine / deep learning. In our case, we propose a
machine learning technique in order to automatically
predict 3D protein structures. This technique is a
work in progress and will be presented in our future
work.

4 SOFTWARE APPLICATION
AND EXPERIMENT

In this section, we present a software application and
an experiment of the proposed platform. To illustrate
our proposed I3D3P we developed the software appli-
cation with Java programming language (see Figu-
re 2).

o

Figure 2: The Intelligent 3D Protein Prediction Platform.

I3D3P is an intelligent platform enabling experts
to introduce a given amino acid sequence in order to
get its 3D structure. Users can browse the file of an
amino acid sequence as presented in Figure 3.

e e

I 3D Protein Prediction l

Protein Amino Acids Sequence:

Figure 3: Browsing a given amino acid sequence.

According to our proposed intelligent platform,
the prediction of the 3D protein structure depends
on the results of the multiple sequence alignment.
Meanwhile, the software application illustrates the
case where the given amino acid sequence perfectly
matches an amino acid sequence of a known protein.

Figure 4 shows that the given amino acid sequence
is similar to the “Glycated Hemoglobin” amino acid
sequence. In this case the 3D file will be imported
from the external protein source, then displayed to
allow the 3D protein visualizing, which will enable
experts getting all information needed for a better un-
derstanding of protein functions and activities (Figu-
re 5).

40



Proc. of the 10th International Conference on Applied Innovations in IT, (ICAIIT), March 2022

I‘?B o

I 3D Protein Prediction J

> The given
Similarity Score =1 100%

> Missing information recuperated from: 45.22.17.29

>3D Gly F in imported

Visualize 3D Structure

Figure 4: Importing 3D protein structure.
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Figure 5: 3D protein visualizing.

S DISCUSSION

Each method used to determine protein structures,
including X-ray crystallography, and computational
methods has advantages and disadvantages. The ma-
jor drawback of X-ray crystallography is that method
only aims to determine the 3D structure. In addi-
tion, laboratory experimentation with this method is
time-consuming and requires days or weeks before
the dynamic behavior or the expected results can be
observed [19]. Instead, computational methods were
developed with the aim of reducing time-consuming
and getting faster results[20]. Therefore, we propose
an Intelligent 3D Protein Prediction Platform, which
is a computational tool that aims to determine 3D
protein structures in a faster way. The proposed in-
telligent platform is based on computational methods
by combining sequence alignment and machine learn-
ing techniques. The I3D3P will enable information
on protein structures to be obtained altogether, which
will allow a better understanding of protein functions
and activities.

6 CONCLUSION

Protein structure prediction is the inference of a pro-
tein’s three-dimensional structure from its amino acid

sequence, — i.e., the prediction of its folding and ter-
tiary structure from its primary structure. Determin-
ing a protein’s 3D structure gives us a lot of infor-
mation about how it operates, which we can use to
control or modify its function, predict what molecules
attach to it and understand diverse biological interac-
tions. Therefore, protein structure prediction has been
an important open research problem for more than 50
years. As a result, several approaches and techniques,
including X-ray crystallography and computational
methods, have been proposed as 3D protein structure
prediction solutions. Our proposed platform is based
on computational methods that combine multiple se-
quence alignment and machine learning techniques to
predict 3D protein structures from a given amino acid
sequence. I3D3P enabled the identification of 3D pro-
tein structures, allowing all protein information to be
available at the three different structures. These in-
formation will be used to gain a better understand-
ing of the proteins’ functions and activities in order to
develop effective mechanisms for disease prevention,
personalised medicine and treatments, and other as-
pects of healthcare. However, our proposal has some
drawbacks. We intend to address these issues in the
future by presenting a machine learning method for
3D structure prediction, as our platform currently re-
lies solely on multiple sequence alignment to predict
3D protein structures.
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