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Local 3D-structural differences in homologous proteins contribute to functional diversity observed in a
superfamily, but so far received little attention as bioinformatic analysis was usually carried out at the
level of amino acid sequences. We have developed Zebra3D - the first-of-its-kind bioinformatic software
for systematic analysis of 3D-alignments of protein families using machine learning. The new tool iden-
tifies subfamily-specific regions (SSRs) - patterns of local 3D-structure (i.e. single residues, loops, or sec-
ondary structure fragments) that are spatially equivalent within families/subfamilies, but are different
among them, and thus can be associated with functional diversity and function-related conformational
plasticity. Bioinformatic analysis of protein superfamilies by Zebra3D can be used to study 3D-
determinants of catalytic activity and specific accommodation of ligands, help to prepare focused
libraries for directed evolution or assist development of chimeric enzymes with novel properties by
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exchange of equivalent regions between homologs, and to characterize plasticity in binding sites. A com-
panion Mustguseal web-server is available to automatically construct a 3D-alignment of functionally
diverse proteins, thus reducing the minimal input required to operate Zebra3D to a single PDB code.
The Zebra3D + Mustguseal combined approach provides the opportunity to systematically explore the
value of SSRs in superfamilies and to use this information for protein design and drug discovery. The soft-
ware is available open-access at https://biokinet.belozersky.msu.ru/Zebra3D.

© 2021 The Author(s). Published by Elsevier B.V. on behalf of Research Network of Computational and

Structural Biotechnology. This is an open access article under the CC BY-NC-ND license (http://creative-

commons.org/licenses/by-nc-nd/4.0/).

1. Introduction

Bioinformatic analysis of “specific positions” in multiple
sequence alignments - also known as subfamily/family-specific
positions (SSPs) or specificity-determining positions (SDPs) - that
are conserved only within subfamilies/families, but different
among them, is a widely used class of computational approaches
to study functional diversity in proteins [1-6]. Such SSPs/SDPs
have both fundamental and practical value: they can help to
understand how enzymes perform their natural functions, and

Abbreviations: (H)DBSCAN, (Hierarchical) Density-Based Spatial Clustering of
Applications with Noise; OPTICS, Ordering Points to Identify the Clustering
Structure; RMSD, Root Mean Square Deviation; SSR, Subfamily-Specific Regions;
SSP, Subfamily-Specific Position; SDR/SDP, Specificity-Determining Residue/
Position.
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can also be selected as hotspots for protein engineering experi-
ments or as key residues involved in selective accommodation of
ligand to assist drug discovery [7,8]. Interest in the analysis of
functionally important specific positions is a long-standing trend
in computational biology: the concept was introduced in late
1990s [9,10], the first systematic approach to identify such posi-
tions/residues in protein sequences was published in 2002 [11],
followed by a variety of improvements to increase the accuracy
of predictions and facilitate the ease-of-use in the daily routine
[3,5,7,12,13]. In particular, the original Zebra/Zebra2 approach
[14] to identify SSPs/SDPs in multiple sequence alignments was
recognized as a tool [15,16] to help studying structure-function
relationship in protein superfamilies [17-19], and used to assist
experimental design of improved enzymes [20] and ligand binding
specificity [21].

Bioinformatic analysis of homologs implementing different
properties within a shared superfamily fold has proven to be a
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useful tool to study the determinants of functional diversity as well
as key catalytic and structural residues, but so far has usually oper-
ated at the level of amino acid sequences [3,7,8]. A 3D-structure is
known to be a more content-rich representation of a protein, as
even subtle differences in spatial arrangement of the backbone in
homologs can significantly affect their function [22]. Yet, 3D-
structure based methods in bioinformatics remain in the minority
compared to sequence-based strategies. Probably, this is due to a
modest amount of 3D-data that used to be available in the PDB
databank [23]. Today, the number of non-redundant 3D-records
of proteins representing functionally diverse superfamilies is
approaching hundreds and thousands and continues to grow
[24], requesting new bioinformatic solutions to address the emerg-
ing challenges and opportunities. So far, this demand has been met
by only a handful of tools. Several strategies were proposed in an
attempt to address the problem of protein structure flexibility
[25-27] based on molecular modeling [28,29] or comparative
3D-structure analysis [30,31]. Most molecular visualization and
manipulation packages implement tools to calculate root mean
square deviation/fluctuation or perform principal component/nor-
mal mode analysis over the ensemble of full-size structures
[32,33]. These tools, in combination with visual expert inspection,
can help to identify flexible parts in protein structures and to select
regions that implement significantly different orientations among
input 3D-entries. However, they were generally developed to study
conformational plasticity in a given protein, as well as for global
fold comparison, and are not well suited to study 3D-structural
diversity among members of different families/subfamilies. Several
methods are available for 3D-structure alignment of multiple pro-
teins [34-37], or that explicitly consider 3D-structural information
while constructing a multiple sequence alignment [38-40]. How-
ever, the primary output of such tools is a sequence representation
of such superimposition (e.g. a FASTA file), while its 3D-coordinate
version in PDB format is commonly dismissed from further consid-
eration. With the growing interest in 3D-structure analysis in the
last few years, it became increasingly common to use 3D-record
(s) of reference protein(s) to assist bioinformatic analysis, e.g. to
map sequence alignment statistics onto such 3D-reference(s) to
visualize results, or to improve accuracy of corresponding predic-
tions by considering spatial features of a representative/query pro-
tein [14,41-43]. These tools are interesting and practically useful,
but in most cases consideration of 3D-data is focused on just one
homolog or serves supplementary/illustrative purposes. Several
algorithms have been developed to identify spatially equivalent
3D-motifs from similar constellations of amino acid main- or
side-chains in 3D-structures of homologous or evolutionarily unre-
lated proteins [44-48]. Such 3D-motifs represent a three-
dimensional analogue of conserved positions in a multiple
sequence alignment, i.e. these can help to study key atoms/resi-
dues responsible for a function or property common to selected
proteins, even in the absence of any detectable sequence or fold
similarities, but can hardly explain functional diversity.
2StrucCompare web-server is available for analysis of 3D-
structural differences in proteins, but can perform only pairwise
comparisons of just two homologs with a particular focus on sec-
ondary structure elements, and thus is of limited productivity to
study large superfamilies [49]. Finally, machine learning is emerg-
ing in structural bioinformatics as a powerful class of approaches
to study the increasing abundance of 3D-data. Caretta is the most
recent protein 3D-superimposition method [34]. In addition to the
classic alignment function, it offers a feature extraction suite to be
used in downstream steps for supervised or unsupervised machine
learning. A related Geometricus software presents a novel
approach to embed protein structures into fixed-length vectors,
which can be used in machine learning algorithms aimed at pre-
dicting and understanding functional and physical properties, e.g.
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for fast structure similarity search, unsupervised clustering, and
structure classification [50]. Nevertheless, despite recent progress
in the development of advanced algorithms for studying proteins
at the 3D-level, there is currently no tool aimed at a systematic
analysis of specific 3D-structural differences among functionally
diverse protein families.

Here we introduce Zebra3D - a novel bioinformatic software for
systematic analysis of local structural differences in 3D-alignments
of multiple proteins to determine subfamily-specific regions (SSRs)
- patterns of local 3D-structure (i.e. single residues, loops, or sec-
ondary structure fragments) that are spatially equivalent within
families/subfamilies, but are different among them. We further
introduce the Zebra3D pipeline, describe practical means to facili-
tate its use by stacking with Mustguseal protein alignment web-
engine, and discuss diverse case-studies to outline its application
in daily laboratory routine.

2. Results

We have developed Zebra3D - a novel tool for bioinformatic
analysis of 3D-alignments of homologous proteins to identify
subfamily-specific regions in their structures, i.e. three-
dimensional equivalents of SSPs/SDPs and plausible determinants
of functional diversity in a superfamily. Zebra3D is a command-
line Python3-based program that implements shared-memory par-
allel capabilities to scale efficiently on all CPU cores/threads hosted
within a shared address space. The input to the program is a 3D-
alignment of multiple protein structures. A companion Mustguseal
web-server is available to handle automatic collection and super-
imposition of protein PDB entries within a superfamily of interest,
thus reducing the minimal input required to operate the new tool
to a single PDB code. Mustguseal web-server can also be used to
run Zebra3D with default settings on-line. The Zebra3D classifies
“columns” of a 3D-alignment into two categories: “common core”
regions that are shared by homologs and “variable” regions featur-
ing 3D-structural diversity. The latter are further subjected to a
machine-learning cluster analysis technique in an attempt to clas-
sify the respective fragments of local structure into compact 3D-
clusters, i.e. subfamilies (Fig. 1). “Variable” regions in which
machine-learning identified at least two subfamilies are finally
selected as SSRs and automatically prioritized according to their
3D-specificity S-scores and statistical significance Z-scores. The
most visually prominent SSRs that are spatially consistent within
clusters/subfamilies, but distant from each other, are ranked first
to facilitate their expert analysis. This final statistical analysis step
does not affect the number, length or content of SSRs, but only
determines their ranking (i.e. the order of appearance in output
files) and significance scores. The primary focus of Zebra3D is on
3D-specificity observed among members of different families/sub-
families and characterized by a significantly different organization
of local 3D-structure (e.g. different length and/or organization/ori-
entation of superimposed structural regions) in homologs. The cur-
rently implemented general-purpose statistical model attempts to
discriminate SSRs, which feature 3D-specificity among protein
families, from conformational variants, which are the result of
average structural plasticity/flexibility not associated with a func-
tion. Top ranks and higher Z-scores are assigned to regions featur-
ing 3D-structural diversity that is significantly different from the
average level of random fluctuations in protein structures (see sec-
tion “Algorithm”). For a particular purpose, user can manually
implement a proprietary statistical model, e.g. to estimate signifi-
cance of identified SSRs with respect to superfamily-specific or
function-specific conformational plasticity. Overall, Zebra3D pro-
vides two types of useful results: a list of SSRs themselves and,
for each such region, classification of proteins into subfamilies.
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Fig. 1. Scheme of a subfamily-specific region in 3D-structures of homologs. 3D-
alignment (including selected crystallographic ligands) and its sequence represen-
tation are shown.

Each region is evaluated independently; thus, the subfamily
assignment may vary between finally selected SSRs. We further
describe input and output in more detail, and discuss the potential
of the new Zebra3D + Mustguseal combined approach on diverse
case-studies.

2.1. Input and output

The input to the program is a 3D-alignment of multiple protein
structures provided as (1) a folder with superimposed PDB entries
presented as separate files: if opened all at once in PyMol, the
viewport should reveal a biologically meaningful 3D-
superimposition; (2) a file with the corresponding sequence repre-
sentation of 3D-alignment in FASTA format. SSR is a characteristic
of consecutive “columns” in a 3D-alignment that is independent of
spatial neighborhood. Thus, to simplify preparation of input data,
the Zebra3D analysis is offered on a one-chain-at-a-time basis,
i.e. separate chains of heteromeric proteins should be evaluated
as independent tasks. The program itself does not impose limita-
tions on the number of input PDB structures or their dimensions.
The required input can be prepared by the user to meet the
research objective and submitted to local installation of Zebra3D.
Alternatively, a 3D-alignment of up to 128 diverse proteins can
be automatically collected, constructed and then analyzed by Zeb-
ra3D with default settings fully on-line using the Mustguseal web-
server [39]. The details are provided below.

The collection and subsequent 3D-alignment of diverse homo-
logs can be handled fully on-line by the Mustguseal web-server
[39]. To take advantage of that web-method, submit a PDB code
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of the query protein in the “Mode 4” (https://mustguseal.belozer-
sky.msu.ru#mode=4). In this mode, only the first and second steps
of the Mustguseal protocol will be carried out (i.e. 3D-similarity
search and multiple 3D-alignment). By default, 3D-structure simi-
larity matching of the query protein versus the PDB database is
performed by the SSM algorithm with a general-purpose “70%-
70%” thresholds [51] to collect evolutionarily distant proteins from
functionally diverse families, yet similar enough for alignment, as
recently discussed [52]. This step is followed by automatic selec-
tion of a non-redundant subset of no more than 16-128 PDB
entries (the default value is 64) at the 95-40% pairwise sequence
identity threshold [39], and finally concluded by a multiple 3D-
alignment using parMATT [24]. The Mustguseal’s “Analysis” page
is available on-line, to provide means for expert evaluation of the
overall quality of the produced superimposition. That tool offers
basic alignment statistics (e.g. alignment coverage and column
conservation) and implements interactive sequence- and
structure- manipulation tools. The automatically constructed 3D-
alignment is further subjected to the Zebra3D bioinformatic analy-
sis with default settings on-line. The user can download both the
automatically prepared 3D-alignment and the default Zebra3D
output from the Mustguseal web-server. Zebra3D results can be
analyzed straightaway on a local computer. The superimposed
3D-entries and corresponding sequence representation of align-
ment in FASTA format can be used as input to a local installation
of Zebra3D to further improve bioinformatic analysis by fine-
tuning the parameters. The Mustguseal protocol [39], a step-by-
step practical guide to its use and parameter selection [52], as well
as a discussion of various case-studies [14,41,53-55] are available
in our recent publications. An illustrated user guide for the input
preparation is available on-line at https://biokinet.belozersky.
msu.ru/Zebra3D-input.

Advanced users can manually prepare the input to Zebra3D by
aligning a curated collection of protein 3D-entries with a tool of
their choice. In particular, we have recently introduced parMATT
[24] - the first parallel re-implementation of the highly successful
MATT algorithm [35-37] to align large collections of protein 3D-
structures by running on distributed-memory systems, i.e. com-
puting clusters and supercomputers hosting memory-
independent computing nodes. As previously noted, the primary
focus of Zebra3D is on significantly different organization of local
3D-structure among members of different families/subfamilies
(i.e. 3D-specificity). Thus, the use of redundancy filter when
preparing a 3D-alignment for Zebra3D is generally recommended,
and should be set at 40% pairwise sequence similarity or higher, as
previously justified in the Mustguseal pipeline [39,52]. The filter
aims to reduce bias and computational complexity of Zebra3D
analysis by excluding redundant proteins that belong to same sub-
families and therefore are likely to have low 3D-structural diver-
sity. In principle, Zebra3D algorithm can also be used to assess
conformational plasticity in 3D-structures, e.g. by analyzing
molecular dynamics snapshots or PDB entries of the same or clo-
sely related proteins. In that case, the redundancy filter should
not be used when preparing the input 3D-alignment.

Local installation of Zebra3D is straightforward and does not
require significant investment of time from the user, as explained
in the on-line manual available at https://biokinet.belozersky.
msu.ru/Zebra3D-installation. The Zebra3D software logs all its
activities to standard output stream. Users are advised to always
check this log for warnings and errors. In particular, if input valida-
tion or further data analysis fail, the program will attempt to
explain the problem in this log. If successful, plain text files and
binary 3D-annonations with convenient visual representation of
results will be created, describing location of each SSR in structures
of homologs and predicted subfamilies (i.e. classification of protein
fragments into clusters). Construction of 3D-annotations requires a
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Table 1
Functionally important SSRs selected by Zebra3D analysis of the case-studies.
# Query # of PDBs  # of SSRs  SSR
Title PDB in aln. Region Rank z P Functional role Interpretation of subfamily classification
1 H1N1 Neuraminidase 3B7E:A 29 19 (17) 427-440 3(1) 6.00 9.6e—10 Flexible loop-430 that drives formation of the =~ Neuraminidases from influenza strains/types
cavity-430 with different pathogenicity
136-156 10 (8) 2.32  1.0e—-02 Flexible loop-150 that drives formation of the = Neuraminidases from influenza strains/types
cavity-150 with different pathogenicity
2 Ornithine Decarboxylase from 1F3T:A 31 23 (21) 322-336  8(6) 237 8.8e-03 The 3;p-helix shaping the binding cavity to p/o-barrel-fold basic amino acid
Trypanosoma brucei discriminate substrate preference decarboxylases with different substrate
specificity
3 Human Aldose Reductase 2ACQ:A 62 14 (12) 112-135 1(1) 10.11 2.5e—-24 Dynamic region involved in substrate binding  Aldo-keto reductases with different substrate
specificity
4 Common ancestor of Haloalkane 6G75:A 41 14 (13) 146-176 3 (3) 3.64 1.4e-04 Region that includes L9-04 loop-helix o/B-hydrolases with different catalytic activity
Dehalogenases and Renilla Luciferase fragment involved in substrate binding
222-239 5(4) 2.53 5.7e—-03 Region that includes L14 loop involved in o/B-hydrolases with different catalytic activity
substrate binding
5 Polyester Hydrolase from 6SBN:A 20 13 (11) 127-134 5(3) 3.84 6.1e—05 Substrate binding element of the active site PET-hydrolases and closely related cutinases
Pseudomonas aestusnigri versus non-PET-hydrolase enzymes
97-103 8 (6) 1.66 4.8e—02 Substrate binding element of the active site PET-hydrolases and closely related cutinases
versus non-PET-hydrolase enzymes
6 Human Guanine Deaminase 2UZ9:A 23 22 (20) 215-222  7(5) 3.32 4.5e-04 Substrate-recognition element Metal-dependent hydrolases with different
substrate specificity
7 Human p38a MAP Kinase 1R3C:A 61 11 (10) 169-185 3 (2) 9.90 2.1e-23 Kinase DFG motif and activation loop PDB entries capturing different structural
states of the activation loop
8 Human HSP90 1YET:A 19 9(7) 107-136 3 (2) 2.52 5.8e-03 Flexible lid segment PDB entries capturing different structural
states of the lid segment
9 Malate Dehydrogenase from Sus 5MDH:A 60 21(21) 89-100 2(2) 3.83 6.5e—05 Mobile region hosting residues involved in PDB entries capturing different structural
scrofa catalytic and binding functions states of the mobile region
10  Zinc Metallo-Beta-Lactamase from 1BVT:A 40 13 (12) 30-39 3(3) 8.13 2.2e-16 Functionally important L1 loop of the active Different classes/types of metallo-beta-
Bacillus cereus site lactamases
181-184 4 (4) 7.75 4.5e—15 Part of functionally important L3 loop of the Different classes/types of metallo-beta-
active site lactamases
170-179 5 (5) 6.42 6.8e—11 Part of functionally important L3 loop of the Different classes/types of metallo-beta-

active site

lactamases

“Query PDB” indicates PDB code and chain ID that was submitted as a query to the Mustguseal web-server to automatically collect and align a non-redundant set of 3D-structures of homologs. “# of PDBs in aln.” indicates the
total number of finally selected 3D-entries in such alignment. “# of SSRs” indicates the total number of subfamily-specific regions identified by Zebra3D with default settings. “Region”, “Rank”, “Z”, and “P” indicate the first and
last amino acid residues in SSR (according to numbering of query PDB record), its rank, statistical significance Z-score and P-value, respectively. The total number of SSRs and the ranking after excluding SSRs with N-/C-terminal
regions (i.e. by running with the “exclude_ncterm = 5" parameter, see section “Algorithm”) is shown in parenthesis in the fields “# of SSRs” and “Rank”.
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Fig. 2. Illustrations of selected SSRs in the case-studies of (A) and (B) HIN1 Neuraminidase, (C) Ornithine Decarboxylase from Trypanosoma brucei, (D) Human Aldose
Reductase, (E) and (F) Dehalogenase/Luciferase; see explanations in the text. Each figure represents one SSR in a 3D-alignment of homologs; protein fragments belonging to
an SSR are colored according to the automatically proposed subfamily classification. For each subfamily, at most few representative configurations (i.e. protein structures) are
shown, for clarity. The figures were prepared from the automatically generated 3D-annotation files using PyMol.

local installation of the PyMol Molecular Graphics System. Illus-
trated guide to Zebra3D results is available on-line at https://
biokinet.belozersky.msu.ru/Zebra3D-output.

2.2. Case-studies

To provide diverse examples of application, the Zebra3D + Must
guseal combined approach was used in ten case-studies of protein
superfamilies to select SSRs previously shown to determine diverse
properties in otherwise structurally similar ligand binding sites. All
input alignments for the discussed case-studies were created auto-
matically by the Mustguseal web-server with default settings, fol-
lowed by on-line Zebra3D bioinformatic analysis with default
settings. Proteins that represented families/superfamilies of inter-
est were submitted as queries (Table 1). The automatic construc-
tion and analysis of each multiple 3D-alignment took at most
35 min. The results are summarized in Table 1 and available on-
line at https://biokinet.belozersky.msu.ru/Zebra3D-examples. The
previously established functionally important subfamily-specific
regions were ranked among the top-five hits in 11 cases out of
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15. The ranking was improved even further by excluding SSRs
formed by N-/C-terminal regions, which are generally known to
be inaccurate in PDB records due to limitations of experimental
methods and may contain very mobile residues not related to a
function (Table 1). The estimated Z-scores/P-values in all cases
indicated that the results were statistically significant at the
widely used 0.05 threshold. The geometry-based subfamily classi-
fication of protein 3D-fragments in the selected SSRs was in agree-
ment with functional annotation of the respective PDB records and
provided clues as to interpretation of the results.

In the first case-study, Zebra3D was used to assess 3D-
alignment of GH34 Neuraminidases, i.e. a family of pathogenicity
enzymes from viruses. The SSR #3 (out of 19) was previously
established as the flexible “loop-430” that drives formation of
the “cavity-430” in active sites of prominent Influenza A virus Neu-
raminidases [56-58] (Fig. 2, A). The automatically proposed sub-
family classification underlined the significant difference in size
and configuration of the loop and the adjacent cavity among homo-
logs. The N1-N9 Influenza A virus Neuraminidases were automat-
ically classified into three subfamilies in agreement with their
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phylogenetic classification [59]. The N10 and N11 Neuraminidases
from bats, which are devoid of Neuraminidase activity [60], as well
as homologs from a less pathogenic Influenza B virus were
assigned to another two subfamilies; in both cases, the
“cavity-430” was either absent or significantly reduced, respec-
tively. Previous studies suggested that the “cavity-430” may be
one of intermediate binding sites for substrate on its way to the
catalytic center, making it a promising drug target within active
sites of N1-N9 Neuraminidases [61,62]. The SSR #10 in the same
3D-alignment represented another prominent flexible “loop-150”
driving the formation of the “cavity-150” in the active site of
Neuraminidases [63,64] (Fig. 2, B). In the second case-study, a
3D-alignment of Pyridoxal-Dependent p/a-Barrel-Fold Basic
Amino Acid Decarboxylases were subjected to Zebra3D. The SSR
#8 (out of 23) represented a previously established 30-helix that
was located on one side of the substrate-binding cavity and imple-
mented alternative orientations in subfamilies corresponding to
enzymes with different substrate preference (Fig. 2, C). In particu-
lar, Ornithine Decarboxylases (colored blue in Fig. 2, C) bind a rel-
atively short ligand (L-ornithine, showed as sticks colored blue in a
covalent complex with the cofactor, colored chartreuse). Homolo-
gous Diaminopimelate Decarboxylases (colored green in Fig. 2, C)
can accommodate ligands of a larger size due to a displacement
of the 31p-helix which frees up additional space at the binding site.
The dimensions of the binding cavity between the PLP cofactor and
the SSR #8 seem to serve as the key structural factor for discrimi-
nation of substrate preference in these homologs [65,66]. In the
third case-study, the SSR #1 (out of 14) was identified in the
Aldo-Keto Reductase superfamily. It represented a region posi-
tioned at the top of the canonical (o/B)s-barrel structure that was
significantly different between homologs with diverse substrate
specificity (Fig. 2, D). Introduction of the corresponding flexible
loop from Human Aldose Reductase (colored pink in Fig. 2, D)
instead of the corresponding fragment in structure of hyperther-
mostable Alcohol Dehydrogenase D from Pyrococcus furiosus
(which was equivalent to those colored green in Fig. 2, D) was
one of the key steps in creation of a chimera that implemented
substrate specificity of the donor enzyme and inherited thermosta-
bility of the parent enzyme [67]. In the fourth case-study, the iden-
tified SSR #3 and SSR #5 (out of 14) included L9-a4 loop-helix
fragment (Fig. 2, E) and L14 loop (Fig. 2, F) in structure of Luciferase
from Renilla reniformis that were spatially different in selected
homologs from the o/p-hydrolases superfamily. A recently con-
ducted multidisciplinary analysis revealed a crucial role of these
dynamic regions in enzyme catalysis. They directly affected the
opening/closing of the access tunnel that connected buried active
site to the surrounding solvent, regulated the size of the active site
cavity, and were involved in substrate/product binding [68]. Intro-
duction of random insertions/deletions within these two regions in
structure of thermostable ancestor of Haloalkane Dehalogenase
and Renilla Luciferase (PDB code 6G75) by directed evolution led
to 100-fold increase in luciferase activity. Further exchange of
the L9-04 region between the highly efficient modern luciferase
and the poorly active ancestral enzyme produced a chimera char-
acterized by a 7000-fold increase in catalytic efficiency [68]. In
brief, another six case-studies of Polyester Hydrolase from Pseu-
domonas aestusnigri, Human Guanine Deaminase, p38c MAP
Kinase and HSP90, Malate Dehydrogenase from Sus scrofa, and Zinc
metallo-beta-lactamase from Bacillus cereus and their homologs by
Zebra3D identified SSRs that were previously established as key
substrate-recognition elements in the active sites of these enzymes
(Table 1) [69-75].

Finally, it can be noted that Zebra3D is not a competitor to
sequence-based strategies to identify SSPs/SDPs. The output of
Zebra3D and Zebra2 [14] was qualitatively different even when
the same alignments from the case-studies were used as input.
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This was due to the fact that the two bioinformatic tools are
focused on mutually exclusive parts of the alignment: sequence-
based methods assess specificity in structurally similar regions
(i.e. columns with a low content of gaps [11,13,14]) while 3D-
specificity is a characteristic of regions that feature high structural
diversity usually leading to a high content of gaps (Fig. 1).

3. Conclusions

Systematic bioinformatic analysis of protein superfamilies can
provide mechanistic insights into the framework of a protein func-
tion and diversity, but so far has been limited to protein sequences.
As a result, our understanding of how spatial arrangement of
amino acid residues and regions in homologs affect their biological
function remains incomplete and requires further attention. The
Zebra3D + Mustguseal combined approach brings together an
advanced bioinformatic engine for 3D-alignment of proteins,
well-established algorithms for machine-learning 3D-cluster anal-
ysis, and a general-purpose statistical model that attempts to dis-
criminate 3D-specificity among functionally diverse homologs
from the average structural plasticity/flexibility not associated
with a function. This combined approach offers an easy-to-use
both on-line and standalone tool to study 3D-structural diversity
in protein families systematically, thus taking advantage of the
growing availability of 3D-data. The identified subfamily-specific
regions are automatically prioritized according to spatial consis-
tency of subfamilies and their dimensions, adjusted for the average
structural plasticity/flexibility. The value of SSRs selected by the
bioinformatic analysis can be assessed by an expert (similar to
SSPs/SDPs, e.g. [54]), evaluated by directed evolution [68] or by
exchange of equivalent regions between homologs with different
properties [76], or can be further studied by molecular modelling
to reveal the mechanisms of their involvement in a protein action
[77,78]. As we illustrated by the case-studies, Zebra3D can be used
to identify 3D-determinants of protein functional diversity within
a shared superfamily fold, assist protein engineering by loop re-
design, and help to annotate sites/subsites characterized by an
above average plasticity to facilitate accommodation of ligands. It
is important to note that assessment of 3D-based specificity does
not replace, but rather complements the previously developed
sequence-based SSPs/SDPs-detection strategies. We believe that a
combination of bioinformatic methods should be used to systemat-
ically study diverse protein superfamilies both at the sequence
level and at the level of three-dimensional structure organization.
The new Zebra3D software complements our family of
bioinformatic methods [52] that is being built around the
Mustguseal protein alignment web-engine [39] and already
includes sequence-based Zebra2/pocketZebra web-tools [14,79]
to identify subfamily-specific determinants of functional diversity
in protein sequences. We hope that a symbiosis of these tools will
help to decipher the structure-function relationship, leading to the
development of improved strategies for protein design and drug
discovery [1,4,7,8,15,16,80,81].

4. Algorithm

Zebra3D analysis is carried out at the 3D-level of protein back-
bone, i.e. only heavy backbone atoms (C, Ca, N, and O) are consid-
ered in each position and amino acid types and side-chain atoms
are disregarded. Backbone atoms are defined by the exact XYZ
coordinates derived from the input PDB files and further processed
“as is”, in the same way for all regions and proteins, e.g. neither re-
weighing of relative structural discrepancies nor correction for
solvent-exposed loop regions is applied. The correspondence
between positions (i.e. the alignment itself) is taken from the
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sequence representation (i.e. FASTA input file) as this information
cannot be unambiguously recovered from a 3D-coordinate super-
imposition alone. The algorithm has three main steps: (1) selection
of “common core” and “variable” regions in the 3D-alignment; (2)
classification of “variable” regions to reveal the subfamily-specific
pattern; (3) statistical analysis to evaluate significance of the dis-
covered 3D-specificity. The algorithm details are further provided
below.

In the first step, “common core” regions are selected as
“columns” of 3D-alignment that contain low content of gaps in
the sequence version, and low content of spatially misaligned resi-
dues in the 3D-superimposition. It is typical for a 3D-alignment
software (e.g. MATT/parMATT [24,37]) to assign spatially displaced
residues into one column of sequence version of the output, mak-
ing them appear as “aligned”; e.g. this can happen if the corre-
sponding positions are located in alphabetically similar and/or
gap-less regions. While this is usually beneficial when such
sequence representation is considered for further analysis, it is
not appropriate in the context of this study, as a shift in spatial
arrangement of even identical amino acids/regions in homologs
can significantly affect their function. Detection of misaligned resi-
dues in a 3D-aligment is not straightforward since protein-specific
3D-structural diversity/plasticity/fluctuation has to be taken into
account, what presents a challenge. A commonly used solution
would be to apply a hard cut-off, e.g. 5 A [37]. Such hard cut-off
approach generally led to poor performance of the Zebra3D algo-
rithm in most case-studies (e.g. resulting in a significantly larger
length of identified SSRs and lower ranking of the known function-
ally important regions). To improve the accuracy of Zebra3D, an
alternative approach was developed that selects a threshold value
specific to input alignment. By default, pairwise RMSD values are
calculated between amino acid residues in columns of sequence
version of the alignment with at most 5% of gaps. The largest value
(i.e. “diameter”) is collected in each column. The diameter values
are sorted in ascending order and plotted on the y-axis, and the
corresponding column IDs are plotted on the x-axis. This plot is
subjected to the commonly used “elbow method” heuristic to
automatically detected its elbow/knee, similarly to what has been
recently discussed [82]. Such bending point indicates the most sig-
nificant change in ascending trend of RMSD metric. Assuming that
the input superimposition of proteins contains both well-aligned
regions with small diameters and mismatching (i.e. poorly/not-
aligned) regions with large diameters (i.e. what would guarantee
that such elbow exists), this automatically selected cut-off value
is considered as a threshold to discriminate amino acid residues
that appear to be spatially equivalent from those that are not. This
threshold is further used to calculate the frequency of 3D-
misaligned residues in each column, as follows. If the largest pair-
wise RMSD value in a column is above the cut-off, the amino acid
residue with the largest sum of all pairwise RMSD values with
other residues is considered as 3D-misaligned and dismissed from
further consideration. This process iterates until all pairwise RMSD
values between the remaining residues are below the threshold.
Finally, columns that contain at most 5% of 3D-misaligned residues
and at most 5% of gaps in the sequence representation are selected
as the “common core”.

In the second step, “variable” regions located in-between the
selected “common core” regions are subjected to machine learning
to reveal whether they implement the 3D-specificity pattern, i.e.
feature fragments of local structure that can be classified into spa-
tially equivalent subfamilies/clusters. In each “variable” region,
RMSD between every two protein fragments is calculated. If the
corresponding segments have unequal lengths, the smaller one is
matched with 10° randomly chosen subfragments of the same
length within the larger one, and the respective values are aver-
aged. The obtained distance matrix is further subjected to a
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machine learning cluster analysis technique. By default, the fully
automated HDBSCAN algorithm from the “hdbscan” Python3 clus-
tering library is used to produce “thicker” clusters and minimize
the amount of outliers (i.e. unique/rare orientations), thus preserv-
ing as much data as possible for further expert analysis [83]. Two
alternative methods can be switched on for a particular purpose.
The OPTICS from the “scikit-learn” library is a fully automatic tech-
nique that tends to produce spatially more consistent (compact)
but “thinner” clusters at the cost of data loss by throwing out a lar-
ger number of proteins as outliers [84]. Finally, the DBSCAN from
the “scikit-learn” library is a curated technique dependent on the
‘eps’ parameter that can be manually calibrated to meet the partic-
ular research objective [85]. The minimal size of a cluster (i.e., min-
imal number of proteins in a subfamily), that is passed to either of
the three algorithms, is automatically set to 10% of the total num-
ber of PDB entries in the input alignment, but not less than 2 pro-
teins. Selection of default value for this parameter was based on
the equivalent parameter in ideologically close sequence-based
Zebra?2 tool [14]. For a particular purpose, users can establish filter-
ing rules to limit the length of “variable” regions (unlimited, by
default), limit the number of outliers (unlimited, by default), or
to specifically evaluate one manually defined region of a 3D-
alignment. The user can also choose to exclude SSRs that contain
N-/C-terminal regions of protein structures assigned to subfamilies
(e.g. “exclude_ncterm=5" will dismiss SSRs containing the first
five and the last five residues of any PDB entry included into the
proposed subfamily classification). By default, N-/C-terminal
regions are included in the analysis to preserve as much data as
possible for further expert review.

The finally selected SSRs are ranked in descending order of the
estimated specificity S-scores and statistical significance Z-scores
(i.e. ranking by any of the two metrics has a one-to-one correspon-
dence). The most visually prominent and statistically significant
hits are shown first. The specificity score S; for each i-th SSR is cal-
culated as

S; = Shi x D
SH™ = (Sh; — Shynin) / (Simax — Shimin)

D?td = (Di - Dmin)/(Dmax - Dmin)

The Sh; silhouette-score for i-th SSR is a metric of how similar
each structural fragment is to its own subfamily/cluster compared
to other subfamilies/clusters [86], but does not explicitly take into
account how far apart the subfamilies/clusters are from each other.
The D; diameter of the i-th SSR is the largest average RMSD value
between any two subfamilies/clusters, excluding outliers, and is
implemented in the formula to consider spatial scale of the region.
Since the two metrics are originally calculated on different scales
(i.e. silhouette-scores take values within a range [—1; 1] and diam-
eters are measured in angstroms), the raw values of Sh; and D; are

standardized to Sh{"and D{"“that each fits to the common range [0;
1], according to the formulas above. The respective standardization
coefficients (i.e. Shpi, and Shyayx, Dmin and Dy ) are selected over all
SSRs “observed” in the input alignment and all “random” SSRs, as
explained below. The finally calculated specificity scores S; take
values in a range [0; 1], with larger values indicating more compact
and spatially distant subfamilies/clusters.

The purpose of statistical analysis in predictive bioinformatics is
to discriminate between significant and insignificant hits, given a
specific context. In the case of Zebra3D, it is necessary to develop
such a universal model that would be able to prioritize functionally
significant 3D-variability observed between homologs and filter
out functionally insignificant 3D-structural divergence which is
due to random fluctuations in protein structures. This is a difficult
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task, as our understanding of the relationship between structure
and function remains incomplete despite recent progress in the
study of protein superfamilies and structural plasticity. There are
at least are two main databases of protein conformational diver-
sity: PDBFlex explores the intrinsic flexibility of protein structures
by analyzing structural variations between different depositions
and chains in asymmetric units of the same protein in PDB [87];
another useful resource is CoDNaS [31]. Based on the information
contained in these bioinformatic resources and obtained from
molecular modeling [28] it can be concluded that most parts of
protein 3D-structures fluctuate at least to some degree. In majority
of cases, there is no evidence to directly link this conformational
plasticity to a function. Those cases where such evidence was
obtained from experiments and modeling usually correspond to
structural rearrangements with the largest amplitude, i.e. charac-
terized by a difference in RMSD between conformations above
the average [43,87,88]. Thus, for Zebra3D a general-purpose statis-
tical model was developed based on the assumption that an aver-
age level of conformational flexibility in a region of a protein
structure is unlikely to have a direct implication to a function.
One hundred randomly selected sets were collected from the
PDBFlex database, containing at least 20 PDB entries in each set,
representing diverse examples of protein structural fluctuations.
The finally collected sets contained 26-515 PDB entries per set,
with the median value of 59 entries per set. Each set contained
PDB structure snapshot of the same protein (e.g. 325 PDB entries
corresponding to Human p38a MAP Kinase) and was subjected
to 3D-alignment using parMATT [24]. Sets that featured obvious
global structural rearrangements (e.g. domain movement) were
dismissed. The remaining sets were submitted to Zebra3D to iden-
tify SSRs. The SSRs that included C/N-terminal regions or incom-
plete/missing protein fragments, or that were larger than 10% of
the average protein length, or produced more than 40% outliers,
were dismissed as undescriptive. In each set, one SSR with the
median value of specificity score (i.e. the Shyn, Shmax, Dmin and
Dpex standardization coefficients were acquired within the set)
was selected and further considered as “random”, i.e. to be a result
of random fluctuations in the protein structure. The median speci-
ficity was considered as a characteristic of “random” plasticity of
each protein instead of the maximum value, since the largest and
most noticeable fluctuations can actually correspond to function-
ally significant conformational rearrangements (e.g. movement of
“activation loop” captured in different PDB entries of Human
p38a MAP Kinase), as explained above. The selected regions were
manually reviewed to the best of our ability to ensure that they
do not correspond to previously established functionally important
structural elements. The respective values of Sh; and D; scores of
the “random” SSRs are stored in the Zebra3D source code to calcu-
late standardization coefficients (i.e. Shyi, and Shyax, Dmin and Dpgy)
of specificity S-score during the “production” run (i.e. when the
analysis of user data actually takes place). Assuming standard nor-
mal distribution of S; specificity metric, the respective ¢ and p val-
ues of “random” SSRs are finally used to estimate statistical
significance Z-scores and corresponding P-values of the “observed”
SSRs. For a particular purpose, the user can provide proprietary sta-
tistical model for Zebra3D analysis by substituting the default Sh;
and D; scores within the distribution package for manually selected
values, as described in on-line tutorial available at https://
biokinet.belozersky.msu.ru/Zebra3D-statistical-model.
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