Graph-based coevolutionary approach on SARS-CoV-2 spike protein
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Abstract: Amino acids that coevolve can be indicative of functionality, so coevolution-based
methods can be used to detect important amino acids in proteins, known as hotspots. Here, we
apply a recently published method based on network metrics and coevolutionary information to
detect functional hotspots in the SARS-CoV-2 spike protein. We found 275 potential hotspots with
available experimental information in the literature for 4 of them, for example, position 614 (ASP),
known to increment the infectivity of SARS-CoV-2 towards human host cells. In addition, a hotspot
enrichment analysis was performed, as well as a study of the relative solvent accessibility of hotspot
versus non-hotspot positions for the receptor binding domain. The hotspots showed less surface area
available when bound to the human receptor compared to when not bound, which does not occur
for non-hotspot positions, indicating that the hotspots obtained may be important for the binding

of the spike protein to the receptor of the host cell.

I. INTRODUCTION

Proteins are complex molecules that play many criti-
cal roles in living organisms. By interacting with other
molecules, they do most of the work in cells. Proteins are
composed of hundreds of small units called amino acids,
which are attached to each other in long chains. There
are 20 different types of amino acids that can be com-
bined to make a protein. The sequence of amino acids
determines each protein’s three-dimensional structure by
a physical process called protein folding [1]. The correct
three-dimensional structure is essential for the protein to
perform its specific function.

The folding of a protein is a complex process, involv-
ing four stages, from a primary to a quaternary struc-
ture [2]. The primary structure is the linear sequence of
amino acids (Fig. 1a). The secondary structure is gener-
ated by the formation of intramolecular hydrogen bonds,
which folds the chains into either alpha-helices or beta-
sheets (Fig. 1b). Tertiary structure is formed by the
folding of the secondary structure sheets or helices into
one another (Fig. 1c). This structure describes the three-
dimensional shape of the protein. Quaternary structure
results from tertiary structures interacting further with
each other (Fig. 1d).

An amino acid is a molecule constituted by a hydrogen
atom, a carboxylic acid group, an amine group, and a side
chain, known as R group, specific to the type of amino
acid. The four constituents are attached to a carbon
atom, the a carbon. The R groups have different prop-
erties, such as shape, size, charge, and polarity. The in-
teractions between the side chains of the different amino
acids are what allow each protein to fold into a specific
three-dimensional shape and perform its biological func-
tions.

Some amino acids play a more important role than
others. It can be argued that the most important amino
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FIG. 1: Four structures of proteins. (a) Primary structure,
(b) secondary structure, (c) terciary structure and (d) qua-
ternary structure. The cartoon representation of the protein
is obtained with ChimeraX [3].

acids are the ones responsible for performing the specific
function of the protein. We consider these functional
amino acids as ”"hotspots”.

The use of experimental methods for the identification
of hotspots has proven laborious and time-consuming
[4, 5]. In order to deal with this problem, many computa-
tional methods have been developed to predict hotspots
[6-8].

One way to detect hotspots is through coevolution [9],
an evolutionary process in which a heritable change in
one entity establishes selective pressure for a change in
another entity. These entities can range from nucleotides
to amino acids, to proteins, to entire organisms.

In coevolution at the amino acid level, changes in spe-
cific amino acids trigger changes in other amino acids be-
cause of the pressure to maintain function. This means
that amino acids in a sequence are depending on each
other, they are correlated. We can study which amino
acids in a family of sequences are correlated, which could
be indicative of functionality.

Coevolution at the amino acid sequence level is studied
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using multiple sequence alignments (MSA) [10]. A MSA
is the result of aligning three or more related sequences
adding gaps where necessary so that the maximum char-
acters from each sequence are matched in each column,
resulting in a rectangular array where each row is a dif-
ferent protein and each column is a position that can
take the value of one of the 20 types of amino acids or
a gap. Once sequences are aligned, patterns across them
can be identified. Using this information, there are sev-
eral methods available to determine which positions are
correlated [11, 12].

In the present study, we focus on a recently published
method based on coevolutionary information and net-
work metrics [13] and apply it to detect hotspots in
the particular case of the spike protein of the Severe
Acute Respiratory Syndrome Coronavirus 2 (SARS-CoV-
2) virus. We validate the results with available experi-
mental information and perform further analyses such as
a hotspot enrichment analysis and a relative solvent ac-
cessibility assessment for the hotspots obtained lacking
bibliographic information.

Studying SARS-CoV-2 is relevant in the current pan-
demic scenario since the newly detected hotspots can be,
for instance, potential drug interaction targets.

Viruses of the coronavirus family have proteins pro-
truding from their surface [14] (Fig. 2.a). These pro-
trusions are known as spike proteins. The spike proteins
play an important role in how these viruses infect their
hosts as they bind only to certain receptors on the host
cell. They are essential for both host specificity and vi-
ral infectivity [15]. Because of their crucial role in viral
entry into cells, their study is of great interest to the de-
velopment of vaccines and therapeutics, which is why we
have chosen to investigate them.

More specifically, the spike protein is a homotrimer, i.e.
it consists of three equal chains of amino acids (Fig. 2.b).
Each chain has 1273 amino acids.Within the chain there
are different regions, known as domains, that are distin-
guished because they perform different functions (Fig.
2.c).

II. METHOD

In the following sections the workflow we followed is
explained.

The code used to perform section B was provided by
Dra. Camila Pontes and the code used for sections C and
D was provided by the writers of the paper presenting the
method [13].

A. Data

The data used was provided to me by my BSC advi-
sors, as they had recently published a paper using the
same data [16]. The input data are the files describ-
ing the three-dimensional structure of the spike protein
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FIG. 2: (a) Schematic representation of SARS-CoV-2 virus,
(b) cartoon representation the spike protein, with each chain
in a different color and (c¢) domains of each chain of the spike

protein. The cartoon representation of the protein is obtained
with ChimeraX [3].

of 122 different Betacoronavirus species. These files are
usually found in the Protein Data Bank [17], where the
structures of proteins are experimentally resolved. In this
case, the three-dimensional structures were not obtained
experimentally, they were predicted computationally us-
ing AlphaFold [18], an artificial intelligence program that
makes protein structure predictions using deep learning.

In addition to the three-dimensional structure informa-
tion of each protein, a MSA of the sequences is generated.
The MSA was generated using the Mafft algorithm [19].

The method from the original paper explained in sec-
tions B, C and D is performed for each of the 122 proteins
and the combination of the separate results is done ac-
cording to section E.

B. Interaction matrix

The coevolutionary analysis protocol followed is based
on Direct Coupling Analysis (DCA) [7, 8]. The objec-
tive is to detect statistical coupling between amino acid
occupancies of any two columns of the MSA. The main
inputs of DCA are reweighed frequency counts for single
MSA columns and column pairs:
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where A¢ (and B) refer to each position in the MSA,
with i being the MSA column and a the MSA row. In this
equation, q=21 for the number of different amino acids
(also counting the gap). The weighting factor 1/m® aims

fij(A,B) =
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at correcting for the sampling bias, where m® is the num-
ber of similar sequences of A%. M.y; = Zfl\il 1/m® is the
effective number of independent sequences. This equa-
tion also has a pseudo-count A, a standard tool for es-
timating probabilities from counts in biological sequence
analysis.

Then the maximum-entropy principle [20] is applied
to obtain the least-constrained model P(A;, ..., Ar) pos-
sible. This model takes the mathematical form of as a
Boltzman distribution with pairwise couplings e;;(A, B)
and local fields h;(A):

—exp Ze” A, Aj) —l—Zh

1<j

P(As,...,Ar)

(2)

In this equation appears the normalization factor Z,

known as the partition function in statistical physics.
This function is defined as:

Z = Z exp Ze” (Ai, Aj) +Zh (3)

(A1,...,AL) i<j

Its direct calculation is infeasible for any realistic pro-
tein length and approximations have to be used. The
approach used is based on a small-coupling expansion.
The exponential ), _ . e;;(A;, A;) in (Eq. 3) is expanded
into a Taylor series. \;Ve keep only the linear order of the
expansion, obtaining the mean-field equations:

?i;l)) = expq hi(A) + Z Z €ij (4, B)fJ(B) (4)
¢ A

i#]

The equation that then allows to solve the original in-
ference problem in mean-field approximation is:

eij(AvB) = _(C_l)ij(A7B) (5)

where C;;(A, B) is calculated:
= fij(A, B) = fi(A) f;(B) (6)

e;; contains the interaction information for all amino
acid pairs possible in all sequences. To study each pro-
tein, a new matrix Fj;; is calculated, where only the in-
teraction information for the amino acid pairs present in
that protein is used.

Cii(A, B)

C. Local interaction matrix

E;; contains interaction information of all amino acid
pairs of a given protein. To add structural information
we calculate a contact matrix for all pairs of amino acids
of the protein to act as a filter.

1, if|r; —r;] <10A
0, if r; —r;| > 10A
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where |r; — ;| is the distance between the Cg’s of the
i-th amino acid and the j-th amino acid (the beta carbon
Cj is the first atom of the R chain in the amino acid).

To combine the two matrices we perform a Hadamard
product (an element-by-element multiplication of the two
matrices) between the contact matrix and the interaction
matrix, obtaining the local interaction matrix.

Lij = Qi ® By (8)

If the distance between two amino acids is less than 10
A their corresponding interaction term is considered, on
the other hand, if the distance between the two amino
acids is greater than 10 A their interaction will be set to
0.

D. Network analysis

The next step is to construct a network from the local
interaction matrix. First, each amino acid of the protein
is considered a node of a weighted network. A weighted
network is one in which a value is assigned to each edge
connecting two nodes. In this network, we connect two
nodes if the interaction value obtained in the local in-
teraction matrix between the respective amino acids is
greater than an iteratively defined threshold value: we
start building a graph considering the maximum energy
E;; of the matrix, obtaining a non-connected graph (i.e.
a graph of isolated nodes except the two residues with
the strongest interaction). At this point, we iteratively
lower the value until we obtain a connected graph.

Finally, to detect hotspots, we study the betweenness
centrality parameter of the previously obtained network.
The betweenness centrality of a node B(k) is:

k)
D=2 ) )

where (i, j|k) is the number of the shortest paths in
the graph that connect ¢ and j passing through k, and
&(i,7) is the number of the shortest paths in the graph
that connect ¢ and j.

A node is central in the network when the flow of in-
formation passes through it to connect different parts
of the protein, i.e. the betweenness centrality of a cen-
tral node will be higher. We consider an amino acid as
a hotspot if the betweenness centrality of its associated
node is greater than half of the maximum betweenness
centrality of all nodes.

E. Filtering

The last step consists of filtering the data. For each
protein, different hotspot positions are obtained. To com-
bine this information, only hotspots that appear in 70%
or more proteins are taken into account.
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IIT. RESULTS AND ANALYSIS

275 potential hotspots have been found for the spike
protein of the SARS-CoV-2 virus (Fig. 3). The hotspots
at positions 343 (ASN), 501 (ASN), 614 (ASP), and 986
(PRO), appearing in orange in the figure, also appear
on the list of experimentally found functional positions
in UNIPROT [21]. Position 614 (ASP) is of special in-
terest, since there is experimental evidence of its great
importance for viral infectivity in human cells [22, 23].
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FIG. 3: Model of one monomer of SARS-CoV-2 spike protein
with hotspots in red and hotspots appearing in bibliography
in orange. The cartoon representation of the protein is ob-
tained with ChimeraX [3].

A. Hotspot enrichment

The first analysis of these results consists of a hotspot
enrichment analysis, which allows us to know whether
the hotspots found are more concentrated in particular
domains (Fig. 2.c). To carry out the study, a hypergeo-
metric test is performed on the different domains (Table
1 in Appendix).

A domain is considered enriched if its p-value < 0.05.
We observe that the flanking positions to the cleav-
age site region (positions 541-788) are enriched (p-value
=2.9-10723). This region corresponds to the part of the
protein that fragments when the spike protein binds to
the receptor allowing for conformation change for mem-
brane fusion. For the other domains studied, there is no
significant enrichment of hotspots.

B. Relative solvent accesibility

In this section, we focus on the study of the RBD.
The receptor binding domain (RBD) is a known func-
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tional domain, its function is to bind to the angiotensin
converting enzyme 2 (ACE2) human receptor, allowing
the virus to enter human cells. Even though there is no
hotspot enrichment in this domain, a relative solvent ac-
cessibility (RSA) analysis can be performed to assess the
importance of the hotspots found, given that the relative
solvent accessibility (RSA) or relative accessible surface
area of an amino acid is a measure of the amino acid
solvent exposure. The solvent exposure of an amino acid
measures how accessible is the amino acid to the solvent
surrounding the protein. If amino acids are bound to a
receptor, its relative accessible surface area is expected
to be lower.

We calculated the RSA per amino acid of the RBD
using the software Freesasa [24]. The RBD was analyzed
both in its free conformation and bound to the human re-
ceptor ACE2 (Fig 4). When the RBD is bound to ACE2,
the positions in the RDB that we determined as hotspots
have lower accessible surface area than non-hotspot po-
sitions (p-value = 0.03). For the free states, we observe
different results for the open and close conformation. The
open conformation is when the RBD is up and can bind
to the receptor because the amino acids responsible of
binding are exposed. In this case, both hotspots and non-
hotspots have a high accessible surface area. The closed
conformation refers to when the RBD can not bind to the
receptor because the amino acids responsible of binding
are not exposed. We see that in the closed conformation
the positions that we determined as hotspots also have
lower accessible surface area than non-hotspot positions
(p-value = 0.01).

RBD bound RBD free RBD free
to human receptor  (open conformation) (closed conformation)
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FIG. 4: Solvent accessible surfaces for hotspot and non-
hotspot positions when the RBD is bound to the human re-
ceptor, the RBD is free with an open conformation and the
RBD is free with a closed conformation. The p-values lower
than 0.05 indicate significance of the difference between sol-
vent accessible surface area for hotspots versus non-hotspots
and are calculated with a Wilcoxon test.
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IV. DISCUSSION

Here below I indicate the main results and discuss each
of them:

e The method implemented allows finding a set of
275 potential hotspots, some of them confirmed by
literature. A confirmed hotspot worth noting is 614
(ASP), given its known importance for SARS-CoV-
2 to gain entry to human cells. This is indicative
that a structure and sequence-based coevolution
detection method could be sensible to key amino
acids, but further evaluation is needed to assess its
full potential.

e The RSA analysis indicates that the hotspots found
in the RBD domain might be important for the
binding of the spike protein to the human receptor
ACE2. Finding a lower accessible surface area for
hotspots than non-hotspots in the case the RBD
bound to the receptor suggests that those amino
acids are participating in the binding. This signif-
icant change suggests that exploring in this direc-
tion could lead to interesting results.

e The study done is limited and could be improved
in the future by comparing the hotspots obtained
with more sources of literature. Additionally, in
the absence of literature, methods of energy per-
turbation by insilico mutation effects could help to
detect the individual contribution of each hotspot
on protein stability, and thus, its functionality.

e Another option for further research would be to fur-
ther study the cleavage site region, given the high
number of hotspots found in that domain.
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V. APPENDIX

The equation used to perform the hypergeometric test
is:
M—
() (N k)
(%)
N
where M is the number of amino acids in the protein, N
the number of amino acids in the domain, n the number

of hotspots in the whole protein and %k the number of
hotspots in the particular domain.

p(n, M,N,k) = (10)

TABLE I: Results of the hypergeometric test for different do-
mains of the spike protein. The S1 domain includes positions
1-685, the S2 domain positions 686-1273, the NTD positions
13-305, the RBD positions 319-541, and the cleavage site re-
gion positions 541-788 of the spike protein. Some positions
are lacking information and have been removed from the anal-

ysis.
n| M | N| k |p-value
S1 275(1149|684 (172 0.13
S2 2751149463103 0.87

NTD 275(1149|292| 44 | 0.99
RBD 275(1149|222 49 | 0.79
Cleavage site|275]|1149(246|121| 2.9e-23
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