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Abstract:

In the pre era of synthetic antibodies, pharmaceutical companies depend on finding novel
drugs from medicinal plants and other traditional resources; while in present,
technological advances in biology, computer and robotics give the researchers the ability
to rewrite and edit DNA in order to synthesize very large sets of drug candidates; these
novel and improved candidates serves the basis for creating another library of drug
candidates and so on until we find the right biomolecule for the disease of interest. all
these technologies combined together to synthesize therapeutic antibodies for many types
of cancer, autoimmune diseases, and infectious diseases, that can address diseases much
more readily to very rapidly get therapeutics into patients so that we can potentially have
an impact on disease. The antibodies mechanism is recognize and bind to disease cells
and pinpoint the immune system to attack those cells effectively. Now a days, they
dependent on computational approach to guide and accelerate the process of antibodies
engineering by combination of selection system and use of high-throughput data
acquisition and analysis to build and construct populations of next generation antibodies
that are thermo-stable, non-immunogenic as possible, and to be administered to many
humans as possible. In this review, | will discuss the latest in silico methods for
antibodies engineering.

Keywords: Antibodies engineering; Computational approach; Novel drugs; Synthetic
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1. Introduction:

Synthetic immunology is the engineering synthetic systems that serve complex
immunological role [1-3] such as next generation antibodies with estimated global
pharmaceutical market of USD 140 billon by 2024 [4]. In recent years, antibody
engineering by in silico methods are nearly worldwide accepted as critical approach to
guide and accelerate the process of engineering antibodies by combination of selection
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system and use of high-throughput data acquisition and analysis to build and construct
populations of next generation antibodies that are thermo-stable, non-immunogenic as
possible, and to be administered to many humans as possible [5]. Engineering antibodies
by computational approach is mainly for coming of ways of combining high-throughput
data accusation, high-through genomic sequencing and robotized high-throughput
selection along with synthetic natural DNA sources to carefully consider designs to
accelerate the rate of antibodies discovery as drugs [5] (Figure 1a). The history of that
has been initially a pioneering technique use high-throughput sequencing to investigate
why is libraries don’t produce more hits, and how to improve the quality of these hits, to
make them better drugs, that are shelf-stable, thermo-stable, aggregation resistant and
non-immunogenic [6-8].

It’s well-known that antibody holds two chains (VL and VVH), each of which is consist of
several domains. The antigen-binding site is located in the ‘variable’ domains of each
chain. The remainder of the variable domains is structurally well conserved at the
backbone level. Therefore, a main focus of antibody design is dedicated for predicting the
conformations of the CDR loops from their sequences [9, 10]. The increasing knowledge
of sequence-structure co-relation in antibodies, and the advancement in in silico
approach particularly in protein modeling, has facilitated growth of in silico methods that
can aid in engineering antibodies for desired alterations [5, 11, 12]. The main target area
of biological engineer’s is complementarity-determining regions (CDRs) because
antibodies function through it [13]. The recent advancement in synthetic biology have let
to manipulates the amino acid sequences by enhancing the affinity of CDRs [14].
Nevertheless, the trade-off between binding affinity and other properties is a concern of
engineering antibodies. To conquer such an issue, a standard approach to enhance the
properties of antibody is random mutagenesis based on in vitro libraries [15].

Now a day, it’s relatively an ease task to engineer binding affinities with other properties
through such an in vitro, library-based method by elevating temperature and controlling
solution conditions during the selection process. However, due to the advances in
computational power and deep sequencing, and artificial intelligence, in silico strategies
is becoming an alternate approach in engineering antibody [16]. Yet, such predictions are
not completely pleasing for good two explanations, there is no straightforward protocol to
design by, and the precision of in silico approach is not as good as that of in vitro
libraries approach because the biophysical properties of biomolecules are not well
understood [15, 17]. In this review, | discuss the frontier in in silico engineering of
antibodies properties. Among several properties, | focused on the stability, viscosity, and
immunogenicity of antibodies, all of which have garnered much devotion in antibodies
engineering by computational approach (Figure 1a).
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2. Physicochemical and biological properties of antibodies:
2.1. Stability:

One of the most important properties in antibody drug discovery is protein stability,
which there is 2 types, physical and chemical stabilities. Commonly, protein stability can
be categorized into conformational stability and colloidal stability. Proteins are only
slightly stable, and proteins in solution are in equilibrium between folded and unfolded
conformations (Figure 2). Many homology modeling based studies [18-20] has been
sufficient for developability goals (excluding the cases when antibody present rare CDR
in whichever heavy chain or light chain loops).

Protein aggregate is state occurring when a protein in in a folded-unfolded stability may
accumulate into oligomeric condition which is irreversible process (Figure 2); on the
protein surface, short hydrophobic fragments designated as aggregation pone regions
(APRs), researchers have considered to dictates the aggregation tendencies of proteins,
furthermore, any mutation in on this region can intensely affect the rate of aggregation

2.2. Viscosity:

Another important property in antibody drug discovery is antibody viscosity, due of its
applied consequences with respect to formulation and administration. The behavior of the
concentration-dependent viscosity of antibodies depends on pairwise interactions or self-
association, which further leads to higher-order intermolecular interactions [15] (Figure
2).

2.3. Immunogenicity

The term “immunogenicity” is refers to the patients’ immune response against the
proteins. Immunogenicity evaluation usually carries by animals testing, which is cost a
lot of time, cost and effort. Therefore, use of in silico approach cut-off a lot of time and
costs, by facilitating sequence alignments to check the amino acids similarities of
antibodies and target of interest [21].

3. Prediction and designing of physicochemical properties of antibodies:
3.1. Overview of computational prediction and designing:

Several in silico approach for physicochemical properties prediction such as viscosity,
protein stability and immunogenicity have been established to enable predictive protein
engineering. The input and output of these tools are summarized in (Figure 1b).
Generally, these prediction models can be classified into 2 groups: statistical predictions
and physics-based predictions. Physics-based approaches, the unique about these
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approaches, do not rely on any experimental data to achieve predictions because it based
on laws of physics. While statistical approaches depend on statistical data extracted from
experimental information, and the predictions accuracy is proportional to the quality of
artificial intelligence that used to train the prediction approaches [22, 23].

3.2. Prediction and designing of Viscosity:

Viscosity prediction has gathered far share of devotion as a target of interest in antibody
design by in silico method. Some studies have revealed that high-antibody viscosities are
better associated with negative than positive charges [24]. In some cases, aggregation
form due to unusual viscosity behavior of an antibody. This behavior led some scientists
to suggest that viscosity behaviors of antibodies are driven by their crossponding amino
acid sequences. Keeping in mind that the constant domains of antibodies are highly
conserved, the differences in behaviors are probably as a result of differences in the
variable regions [25].

3.2. Prediction of colloidal stability and solubility:

One of the hot zone in research field is proteins aggregation, specifically regards to the
capability to develop protein therapeutics. Theoretically, solubility and aggregation are
totally different marvels, because they are reversible and irreversible processes,
respectively [26, 27]. At present, many in silico tools are accessible to predict
aggregation rate and aggregation pone regions.

3.3. Prediction of chemical stability:

In therapeutic antibodies prediction, many in silico approaches have been suggested to
evaluate the chemical stability [6, 28, 29]. One of the most frequent degradation
procedures is the chemical modification of Asparagine and Aspartic acid residues, which
have the same degradation pathway [6]. There is no protocol to predict such degradation.
Yet, there are statistical-based and physics-based approaches; the first one is
experimental data dependent, combined with homology modeling [28]; while the second
approach is superior to the first one by quantum mechanical calculations dependent
without the need of experimental data [30].

3.4. Prediction and designing of immunogenicity of antibodies:

The prediction of high physicochemical properties such as high stability that a chief
complete unfolding which is critical factor in therapeutic antibodies for good immune
responses in patients. Due to the recent advances in computational immunology there are
various in silico tools which facilitated to predict and reduce protein immunogenicity as
much as possible [31-34] (Table 3).
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4. Perspectives:

In the last decade, antibodies engineering by computational approach is draws so much
attention by guiding and accelerating the process of antibodies engineering by
combination of selection system and use of high-throughput data acquisition and analysis
to build and construct populations of next generation antibodies that are thermo-stable,
non-immunogenic as possible, and to be administered to many humans as possible [6-8].
Which it’s strongly suggested that present of homology modeling-based antibody
techniques are dependable enough to be used in high-throughput, sequence-based
computational analysis [35]. Yet, CDR-H3 structure prediction is still challenging. Since
antibodies function has highlighted on CDR-H3diversity, to engineer a better functional
antibody. CDR-H3 structure prediction approaches and antibody-antigen complexes must
be developed. Another critical area is need to be improved in the line of antibodies
engineering by computational approach is proteins flexibility.

To conclude, Despite of there is no in silico unified protocol for antibodies
engineering, although computational approach it remain an indispensable method for
antibodies designing. There is no doubt that the combination of in silico and library-
based method will assist in production of antibodies therapeutics to assist the immune
system in the battle against all types of life threatening and debilitating disorders.

Conflicts of Interest: The author declares that there are no conflicts of interest regarding the publication
of this paper.
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Table 1: Features Used in the Machine Learning Model DeepDDG for Predicting
Thermo-stability:

Categories Features

Sequence-based

features Amino acid types

Protein design probability
Position-specific scoring matrix
Fitness score derived from a multiple sequence alignment

Structure-based
features Backbone dihedral angles
Secondary structures

Solvent-accessible surface area
Number of hydrogen bonds

Distance and orientation between the mutated
residues and the neighboring residues

Table 2: Features used in the Machine Learning Model SOLart for Predicting Solubility:

Categories Features

Sequence-based
features Amino acid compositions

Protein length

Secondary structures

Structure-based

features Solubility-dependent statistical potentials
Secondary structures

Solvent-accessible surface area
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Table 3: In silico approaches to evaluate, predict, and reduce the immunogenicity of

antibodies:
Assessment of Immunogenicity Description URL
Humanness score based on
T20 score analyzer sequence identity to the top 20 https://qn.m.lakephgrma.com/
matched human antibody bioinformatics/
sequences

Humanness score based on

SHAB sequence identity to human http://www.bioinf.org.uk/abs/shab/
antibody sequences

Humanization of antibodies Framework template search
Tabhu followed by CDR grafting with http://www.biocomputing.it/tabhu
back mutations
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Antibody sequence Antigen sequence
Antibody modeling Antigen modeling
(A)

Antibody-antigen docking

In silico engineering

Experimental verifications

¥

Lead antibodies
(High affinity, specificity and stability)

(B) Sequence Structure

In silico approaches

Prediction: Stable or non-stable? Engineering: Replace a residue
with another amino acids to
designed amino acids sequences

that have better properties

Low or high viscosity?

Immunogenic or non- Immunogenic?

Figure 1: (A) Development procedure of antibodies engineering and the roles of computational
approach.. (B) Main workflow of computational approach.
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Figure 2: Equilibrium between folded and unfolded proteins and its relation to protein stability
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