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Abstract: The importance of antibodies in health care and the biotechnology research and
development demands not only knowledge of their experimental structures at high resolution,
but also practical implementation of this knowledge for both effective and efficient design
and production of antibody for its use in both medical and research applications. While the
experimental wet-lab approach is usually costly, laborious and time-consuming, computational
(dry-lab) approaches, in spite of their intrinsic limitations in comparison with its experimental
(wet-lab) counterpart, provide a cheaper and faster alternative option. For the first time, this
article reports a comprehensive set of structural electrostatic features extracted from experimentally
determined antigen-antibody-related structures, including especially those structural electrostatic
features at the interfaces of all experimentally determined antigen-antibody complex structures as of
February 29, 2020, to facilitate effective and efficient machine learning-based computational antibody
design using currently available experimental structures inside Protein Data Bank.
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1. Introduction

Usually known as an immunoglobulin (Ig) [1-3], an antibody (Ab) is a large, Y-shaped protein
that is used by the immune system to neutralize pathogens such as pathogenic bacteria and
viruses [4-8]. The antibody recognizes a unique molecule of the pathogen, called an antigen(Ag),
via the fragment antigen-binding (Fab) variable region [9]. As is widely known, antibodies are
important both in health care [10] and biotechnology industry, demanding not only high resolution
experimental structural determination of antibodies and also effective and efficient implementation
of this hard-earned structural knowledge inside Protein Data Bank (PDB, [11]), either experimentally
[12-14] or computationally [15-17], or both approaches in hybrid [18,19]. However, the process of
obtaining therapeutic antibodies remains time consuming and empirical [3,10,20-22].

Ag sequence 1 Ag structure

Ab sequence 3 Ab structure

Experimental validation 5 Ag binding

Figure 1. Flowchart of the machine learning-based computational antibody design [23]. In this
figure, Ag and Ab represent antigen and antibody, respectively. Step 1 represents the process of
protein sequence-based protein structure prediction, Step 2 represents the process of Ag structure-base
Ab structure prediction, Step 3 represents the reverse process of protein sequence-based protein
structure prediction, Step 4 represents the experimental synthesis (either biological or chemical) of the
computationally predicted Ab sequence for subsequent experimental validation of its binding activity
to Ag (Step 5), i.e., the starting point of this flow chart.

To date, as the ability to describe the antibody through binding affinity to the antigen is
supplemented by information on antibody structure and amino acid sequences, several computational
tools have been developed for the design of antibodies [17,24-27]. For example, Rosetta Antibody
is a novel antibody FV (the variable fragment critical for Ag binding) region structure prediction
server [24]. To this point, further computational methods with higher accuracy and efficiency should
be developed and used in drug development based on experimentally determined structures or
homology models, including antigen-antibody dockings [15,28,29] and molecular energy calculations
[30-32] with approximate potential functions, providing a potential guide to experimental studies
to improve the affinities and physicochemical properties of antibodies [20]. Thus, this article goes
through currently available (as of February 29, 2020) antigen-antibody-related structures inside Protein
Data Bank [11], aiming at digging all electrostatic features embedded inside out, to facilitate machine
learning-based computational antibody design [23] (Figure 1) with reasonable accuracy and efficiency
compared with its counterparts currently available [24,25].
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2. Materials and Methods

As of February 29, 2020, with a Text Search for: antigen antibody, it turns out that the PDB [33]
hosts a total of 888 experimentally determined antigen-antibody-related structures, with their PDB IDs
included in the supplementary file template.pdf. Among the 888 antigen-antibody-related structures
(the titles are included in the supplementary file template.pdf), 823 were determined using X-ray
diffraction, 50 by electron microscopy, 14 by solution NMR spectrospecopy and 1 by solution scattering,
respectively [33].

After the 888 structures (i.e., PDB files with a total size of 753 megabytes as of February 29, 2020)
were accessed and downloaded directly from the PDB website [33], a comprehensive set of electrostatic
analysis was carried out as described in [34] previously, including both salt bridging and hydrogen
bonding analysis for all 888 structures. Specifically, for the 14 NMR structures (with PDB IDs 1CS9,
1CT6, 1CVQ, 1CWS8, 1ICWZ, 1F3R, 1R21, 154H, 154], 1TOR, 1TOS, 2MKL, 2MTW, 2RLL), an in-house
python script was used to split the NMR ensemble into single NMR structural models for subsequent
electrostatic analysis as described previously in [34].

3. Result

With the electrostatic analysis as described previously in [34], this article puts forward a
comprehensive set of electrostatic interaction features for all antigen-antibody-related structures
as of February 29, 2020, all included as a large set of separate tables in the supplementary file
supplementary.pdf, including specifically:

1. all salt bridges formed within all antigen-antibody-related structures as of February 29, 2020.

2. all main chain and side chain hydrogen bonds formed within all antigen-antibody-related
structures as of February 29, 2020.

3. all side chain hydrogen bonds formed within all antigen-antibody-related structures as of
February 29, 2020.

4. all interfacial salt bridges formed within all antigen-antibody-related structures as of February
29, 2020.

5. all interfacial main chain and side chain hydrogen bonds formed within all
antigen-antibody-related structures as of February 29, 2020.

6. all interfacial side chain hydrogen bonds formed within all antigen-antibody-related structures
as of February 29, 2020.

7. all salt bridges formed within all antigen-antibody-related structures as of February 29, 2020,
PDB ID-specifically for all 888 antigen-antibody-related structures.

8. all main chain and side chain hydrogen bonds formed within all antigen-antibody-related
structures as of February 29, 2020, PDB ID-specifically for all 888 antigen-antibody-related
structures.

9. all side chain hydrogen bonds formed within all antigen-antibody-related structures as of
February 29, 2020, PDB ID-specifically for all 888 antigen-antibody-related structures.

10. all interfacial salt bridges formed within all antigen-antibody-related structures as of February
29, 2020, PDB ID-specifically for all 888 antigen-antibody-related structures.

11. all interfacial main chain and side chain hydrogen bonds formed within all
antigen-antibody-related structures as of February 29, 2020, PDB ID-specifically for all
888 antigen-antibody-related structures.

12. all interfacial side chain hydrogen bonds formed within all antigen-antibody-related structures
as of February 29, 2020, PDB ID-specifically for all 888 antigen-antibody-related structures.

4. Conclusion and Discussion

For the first time, this article reports a comprehensive set of electrostatic features sucked out of
the currently (as of February 29, 2020) available 888 antigen-antibody-related structure inside PDB
[11] in both PDF format (supplementary file supplementary.pdf) and also IXTEX format (a series of
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machine-readable -importable and -analyzable .tex files zipped in the supplementary file scan.zip).
Combined with the features structurally extracted with other molecular energy terms (hydrophobic
interaction for instance) [30-32], the electrostatic features reported here are expected to be potentially
useful to facilitate the second step of the machine learning-based antibody design [35], as illustrated in
Figure 1.
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