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Abstract

SARS-CoV-2 is one of three recognized coronaviruses (CoVs) that have caused epidemics
or pandemics in the 21st century and that likely emerged from animal reservoirs. Differences
in nucleotide and protein sequence composition within related -coronaviruses are often
used to better understand CoV evolution, host adaptation, and their emergence as human
pathogens. Here we report the comprehensive analysis of amino acid residue changes that
have occurred in lineage B 3-coronaviruses that show covariance with each other. This
analysis revealed patterns of covariance within conserved viral proteins that potentially
define conserved interactions within and between core proteins encoded by SARS-CoV-2
related B-coronaviruses. We identified not only individual pairs but also networks of amino
acid residues that exhibited statistically high frequencies of covariance with each other
using an independent pair model followed by a tandem model approach. Using 149 different
CoV genomes that vary in their relatedness, we identified networks of unique combinations
of alleles that can be incrementally traced genome by genome within different phylogenic lin-
eages. Remarkably, covariant residues and their respective regions most abundantly repre-
sented are implicated in the emergence of SARS-CoV-2 and are also enriched in dominant
SARS-CoV-2 variants.

Introduction

The prior emergence of SARS-CoV and MERS-CoV as human pathogens is attributed to zoo-
notic viruses that transferred from bats to civets and camels, respectively, while SARS-CoV-2
is most similar to viruses isolated from both bats and pangolins [1-6]. The ~30kb genome size
of all SARS-related CoV's renders sequence alignment and pairwise distance methods effective
for phylogenic studies and determining genetic events that correlate with their adaption to the
human host. While nucleic acid sequence-based phylogenies are informative, they clearly have
limitations as not all single nucleotide polymorphisms are equal. For example, single-strand
RNA viruses possess significant base-pairing in regions of their genomes that can result in dif-
ferent fitness costs even for synonymous mutations because higher-ordered RNA structures
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and non-coding regions can impact replication, transcription, and recognition by the host
immune system [7, 8]. Nucleotide polymorphisms also distinctly influence encoded amino
acid [AA] residues depending on their position in a codon and thus further protein expression
is often correlated with codon frequency or cognate tRNA abundance [9]. Similarly, codon
usage has been studied in the context of mutational pressure and natural selection [10-13].
For example, the presence of repeating rare codons in the SARS-CoV-2 spike protein corre-
sponding to the furin cleavage site (FCS) has been explored as circumstantial evidence for
genetic manipulation [14]. Mutational pressure rather than translational selection is however
reported in other work to be one dominant factor in the observed codon usage in other
human RNA viruses [15, 16]. In RNA viruses, the host immune system can impose additional
selective pressure on genomic nucleotide content; thus the high frequency of A- and U-ending
codons and underrepresentation of CpG dinucleotides in RNA viruses including CoVs is
attributed primarily to cytosine deamination and the pressure exerted by innate immune
mechanisms [17-19]. Comparative analysis of SARS-CoV-2 to closely related CoVs suggests
that C-to-U conversion played a significant role in the evolution of the SARS-CoV-2 [20]. In
sum, codon usage, nucleotide sequences, and the AA content may affect virus adaptation with
the latter being most relevant to protein folding, stability, function, and adaptive immune rec-
ognition in the host.

Many previous and ongoing efforts to study human CoV virus-host interactions are focused
on AA residues and domains within the quaternary and tertiary structure of the spike trimer
protein. For SARS-CoV, the stepwise adaption from the ancestral bat CoV to variants that
infect civets, humans, and even laboratory mice is well-understood and can be traced to the
domains in the spike protein that confer specificity to the host, especially in the context of resi-
dues within the receptor-binding domain (RBD) [3, 21, 22]. An ancestor to SARS-CoV-2 is yet
to be established with certainty, but both residues within the spike RBD that interact with the
host receptor angiotensin-converting enzyme 2 (ACE-2), and a furin cleavage site are believed
to have contributed to its adaption to the human host and its enhanced transmission [23-25].
RaTG13, one of the closest bat CoV relatives to SARS-CoV-2 that shares ~96% nucleotide
identity [26], is measured to have a reduced affinity for human ACE-2 (hACE-2) when both
are compared and this is in part conferred by residues in spike [27]. However, molecular evi-
dence for ACE-2 affinity being the primary determinant in host specificity for CoVs is also
confounding. SARS-CoV and SARS-CoV-2 viruses that infect human cell lines via the hACE-
2 receptor are found to vary in their ability to infect bat cell lines suggesting that the host range
of B-coronaviruses is not only specified by spike RBD-hACE-2 interactions [24, 28].

SARS-CoV-2 and its close relative RaTG13 and other related B-coronaviruses are remark-
ably similar in nucleotide and amino acid identity [6, 20, 29]. However, this has not yet
revealed a verifiable source or clear zoonotic emergence pathway as was accomplished with
SARS-CoV [30]. Detected probable recombination events between coronaviruses isolated
from both bats and pangolins established the hypothesis for the emergence of a mosaic virus,
possibly through an intermediate host [20, 31, 32]. In this model, the identification of the
SARS-CoV-2 progenitor would require the identification of ancestral viruses, resolved recom-
bination positions, and acquired secondary mutations that contributed to its emergence. Inde-
pendent of recombination, the amino acid sequence dissimilarity between SARS-CoV-2 and
the most closely related viruses is still largely a consequence of single nucleotide variations
(SNVs). However, other differences may be more complex and even suspect such as the unique
presence of the spike FCS sequence [25]. Though FCSs are already recognized in the spike pro-
teins in other coronaviruses [33, 34], this is not yet identified in any lineage B B-coronaviruses
outside of SARS-CoV-2. In summation, none of the available virus genomes identified in natu-
ral hosts and laboratory collections can yet be applied to completely recapitulate a progenitor
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or single source with absolute confidence based on the sequence of the entire SARS-CoV-2
genome.

In contrast to looking backward towards an ancestor, we reason the interminable acquisi-
tion of mutations in key host range proteins such as spike during the ongoing pandemic indi-
cates continued selection and adaptive evolution which is also informative. Evidence for the
adaptability and the plasticity of spike protein domains has been documented by the existence
of single and multiple mutations that have been enriched in newly dominant variant lineages
during the ongoing pandemic. For example, the spike D164G allele, a stand-alone defining
mutation of the dominant SARS-CoV-2 A2a clade that emerged early in the pandemic, has
been demonstrated to increase viral fitness and infectivity, possibly by influencing proteolytic
processing, incorporation of spike protein in the virion, and conformational states of the spike
protein [35, 36]. Subsequent dominant emerging variants within this clade notably possess
additional mutations in spike and other genes. Moreover, a broad and diverse collection of
variant mutations are represented independently in other distinct lineages [37, 38]. In spike,
some of these mutations are attributed to immunity evasion, host-receptor interactions, and
spike structure and conformational dynamics [39]. Distinct attributes or roles of each of these
mutations are yet to be entirely elucidated and the actual extent of the contribution of any
allele may be intricate. Importantly, the summative contribution of each of these single muta-
tions in the context of other mutations is not yet known, and in general, the effects of muta-
tions in many proteins other than spike have been less studied or are completely unknown.

Here we report the results of an investigation that sought to use the evolutionary history of
sarbecoviruses to identify the most-conserved interactions between AA residues in key pro-
teins encoded by CoV viruses most related to SARS-CoV and SARS-CoV-2. Specifically, we
identified all covariant AA pairs and also larger correlated tandem model-based networks
(clusters) of AA residues that exhibited statistically high frequencies of covariance with each
other. We examined conserved covariance between protein sequences to uncover new insights
into CoV evolution through the identification of apparent inter and intra-protein interactions.
We propose that these covariant interactions of residues are important for virus evolution and
may drive adaption to other hosts and influence transmission and pathogenicity by emergent
variant viruses.

Results
Estimated phylogeny of B-coronaviruses with completed genomes

We first compare the extent of the evolutionary relatedness of 169 B-coronaviruses using
whole-genome nucleotide sequences as phylogeny is expected to be correlated with residue
covariance (Fig 1A and 1B). We postulated covariant amino acid (AA) residues play diverse
roles in viral protein structure, interactions, and functions or instead may be a consequence of
mutational accumulation and drift that is not biologically relevant to viral protein function.
Phylogeny and relatedness of genomes are recognized to bias observed apparent coupling of
AA mutations and influence covariation [40-44]. By generating a phylogenic tree to assist in
identifying such phylogenic effects, AA variability at covariant residues can also be traced
using tree topology and even branch length and therefore analyzed in the context of evolution
[44, 45].

We aligned the deposited nucleotide [nt] sequences of 169 unique lineage B-coronaviruses
between the initiation codon of Nsp1 of the 16 polyprotein-encoding gene ORF1ab through to
the termination codon of the N gene that encodes the nucleocapsid protein (Genome Acces-
sion numbers listed in S1 Table). The 30,553 nt gapped alignment of these strains spans all
core and accessory genes except for the hypothetical gene ORFI10 downstream of N. ORFI0 is
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Fig 1. Force mapping graph cluster based on amino acid residue covariance and nucleotide alignment-based ML
tree phylogeny both reveal similar relationships. (A) Gephi force mapping graph (Multiforce ForceAtlas 2) shows
149 CoVs based on all predicted clusters of covariant residues. The respective host for each CoV is indicated by color
and the average taxonomic distribution score (ATDS) for each cluster is indicated by cluster circle size. CoVs most
closely related to SARS-CoV, SARS-CoV-2, and HKU3 based on phylogeny are circled and labeled. (B) Overview of

ML tree of 169 CoV’s that spans nucleotides of genes ORF1a/b through N (Nucleocapsid). CoVs are colored by the
host. SARS-CoV, SARS-CoV-2, and HKU3-related CoVs are circled to match groups in Fig 1A.

https://doi.org/10.1371/journal.pone.0270276.9001
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not predicted to be conserved in all represented CoV's in this group and is not essential for
SARS-CoV-2 in vitro or in vivo [46]. In their entirety, CoVs represented in our analysis were
isolated from bats (147), Civets (10), Pangolins (6), and humans (6). SARS-CoV is notably rep-
resented as both civet and human isolates and SARS-CoV-2 is represented by an initial refer-
ence sequence isolated in Wuhan during December 2019.

The topology and structure of the maximum likelihood (ML) tree generated by our align-
ment are largely consistent with published work using aligned variable regions of the genome
[26, 31, 47-50]. Though certain genomic regions are predicted to be prone to recombination
events that can lead to mosaicism during the evolution of CoVs [51-54], we did not alter our
phylogenic analysis based on the exclusion or inclusion of any single core gene or gene region,
apart from hypothetical gene ORFI0. In an unrooted tree, distinct lineages are apparent; sev-
eral CoVs are most related to SARS-CoV, a set of sublineages of CoVs more closely related to
SARS-CoV-2, and a third distinct group of B-coronaviruses more closely related to HKU-3.
Only a small subset of viruses in this analysis are predicted to be most closely related to SARS--
CoV and SARS-CoV-2 relative to all other CoV's represented in this phylogeny. How these
viruses differ from those more distantly related in the context of amino acid residue covariance
was one aim of the comparative analysis presented here.

The relatedness of SARS-CoV-2 to certain bat and pangolin CoV's supports the emergence
of this virus from a zoonotic reservoir. Using our nucleotide alignment-based tree, we identify
RaTG13 and other more recently identified bat CoV's from Laos to be most closely related to
SARS-CoV-2, designated as Group 1. Clusters of other pangolin and bat CoVs, some nearly
clonal, comprise the next tier of related assemblages designated as Group 2 and 3, respectively.
A small number of other CoVs, designed Groups 4 and 5, are less closely related to those in
Groups 1-3 CoVs but also similarly distinct from other SARS-CoV and HKU-3-related viruses
in our generated phylogeny. All CoVs in groups 1-5 are more likely to share a common ances-
tor with SARS-CoV-2 and we propose mutational and/or recombination events and also selec-
tive processes have generated the observed diversity within this subclade (Fig 2A and 2B).

Alignment of conserved proteins in p -coronaviruses

We selected 149 CoVs represented in our phylogenic reconstruction based on the availability
of annotated proteins and aligned the amino acids of core proteins using identified open read-
ing framed (ORFs) common to all genomes. This includes the conserved CoV polyprotein
genes called ORFla and ORF1b which together encode at least 16 smaller non-structural pro-
teins (nsp)s when processed by a viral protease. Others include genes for S (spike), the two vir-
oporins ORF3a and E (envelope), M (membrane), and N (nucleocapsid). Our goal was to align
the AA sequences of these proteins to identify covariant pairs and residues within and between
core non-structural and structural viral proteins. The alignment resulted in a 9458 AA consen-
sus sequence with only 1.5% of sites being gaps with low coverage and 2% with residue conser-
vation of less than 80%.

When the AA sequences for each protein are aligned and compared, the degree of conserva-
tion varies between each protein and also within individual and discrete protein domains.
Genes that encode nonstructural proteins (nsp)s with roles in RNA metabolism and genome
replication (i.e., nsp12-14) are among the most highly conserved in AA identity. Others that
encode nsp2, nsp3, and nsp4 are highly variable. The NTD and RBD of spike show the most
significant variability in both residue identity and length. In contrast, the sequence of much of
the CTD of the S1 and the entire S2 subunit of spike is highly conserved. The channel-forming
envelope viroporin protein is one of the most highly conserved proteins in contrast to the viro-
porin ORF3a which exhibits high variability in its NTD and other CTD subdomains. We

PLOS ONE | https://doi.org/10.1371/journal.pone.0270276  July 27, 2022 5/28


https://doi.org/10.1371/journal.pone.0270276

PLOS ONE

Covariance predicts conserved protein residue interactions important for the evolution of SARS-CoV-2

2 F 2
2 3 2
£
g § 3
<3 N S
N S N
s S N
S o IS]
S S
g S
A s® s 5
3 S
s °
Group 2 b s
T v
0 o0 8 »
g ¢ & 9
s s < .9
Group 1 gg’g'og
o 3
1<'°J°3u<>'(
[ o
o - SN
® x o M 2
2 3 % r 9:0c0:9- By
z % 2 - o5 SLETS % g
Group 3 ? = i » @ 2" | i & o Group 5
o v BN > gy S 8 9 2
o 2 2 T G 3 S = S 8 > g
Z Z 8 o 8 & 3 g S g 5
32 %et% g & 1 ° v 9 &
A"Z‘ngm 2 ® = lo mco“(} cg)
5 8 % % % & & o 3 g N N
2 2 RLES @ acd ¥ g9 s 3
5o w9 < 2 ¢ 5 & 5
c 2 = o w0 B =3 2, © 5 @ &
22 2R gl e SISO 2
L B & o °L%L Ry N %
3% 5.0 @@ 5 ¢ ER §&& &
=X 21 8 2 S
2% RElLAc g © g 5 FREEIE e &
=4 ® 2 gle <%
Group 4 Z © o2l © 18 £ 8@ F & k4
@ Q2 ¢° ER . 2@ L PN § 9
) 22 E 2 2 NS S &
CARES 22 = =15 = s o YO & §
t;% o%% 8lg S S ® 0
A < % = VAR S
= > o = e Sy S
2 £ % % £ 95 e g S
e QBT 2o S > [
0 A S o > 5 ~ S
e 25 W% @ S S
© 2 T MR T 2l S S
® % 2 iy
% A 2 = S R
3 d A% Z5e S />
0. % 2\e, S S
ST ) S Ly
@ 0 Ve\g
0. % )
2 S,
L 2
% VT °X
%
\ £
- A
glo Y
2
X 2
4

Group Number

@®

®:

®:
@
5

Fig 2. The distribution of covariant residues in CoVs most closely related to SARS-CoV-2. (A) the identification and CoVs in
Groups 1-5 in a subset of the maximum likelihood tree showing branch length and bootstrap values. (B) Position of tree subset in
entire maximum likelihood tree (from Fig 1B). (C) Distribution of covariant residues in core genes for Groups 1-5 based on

clusters specific to each group. Each group is indicated by color and the position of every residue is colored.
https://doi.org/10.1371/journal.pone.0270276.9002
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propose that this is evidence of evolutionary pressure on residues in CoV proteins and that
certain protein subdomains may be under higher selective pressure than others.

In addition to greater AA sequence variability in some genes, individual residues and con-
tinuous sections of AA are either uniquely present or absent in a portion of CoVs. One key
aim of our study was to identify and evaluate the covariance of all residues in our selected pro-
teins among these 149 CoVs without bias. We predicted that his analysis might reveal the exis-
tence of critical amino acid residue conservation or changes that would possibly correlate with
changes in the virus-host range or biological properties. In this regard, SARS-CoV-2 is recog-
nized to possess unique sequences not present in other closely related CoVs including those
that define and enhance a furin cleavage site of the spike protein [25, 33]. After binding to the
ACE-2 receptor, cleavage of S by furin and/or other proteases is critical to conformational
changes that allow viral envelope-host membrane fusion and subsequent viral RNA entry into
the host cytosol [25]. Other changes in S are less understood. For example, certain residues in
the NTD of SARS-CoV-2 spike are present in other unrelated CoVs but are notably absent in
the corresponding regions of SARS-CoV [55]. Conversely, there are residues in many CoVs
with no positional equivalent in SARS-CoV-2. To address gaps in the alignment, we have indi-
cated such residues with a “Z” designation to accommodate possible covariance between resi-
dues and such deletion occurrences.

Extracted networks of covariant residues are informative about
evolutionary relationships in CoVs

Covariance is a quantitative measurement of how often the identity of one AA is correlated to
the identity of another AA or AAs in either the same protein or in a completely different pro-
tein [56-58]. Because covariant AA residues change in concert with each other, they can define
critical AA-AA residue interactions within a protein or in homologous or heterologous pro-
tein-protein pairs or instead indicate phylogenetic relatedness based on their co-existence [43,
44]. These putative residue interactions may provide new insights into the evolution and relat-
edness of the CoV family of viruses [59]. To survey the frequency of covariance among a refer-
ence collection CoVs, we identified correlative pairs and also assembled groups of three or
more (here designated as ‘clusters’) of covarying amino acid residues using a correlating tan-
dem model [60]. These clusters are not typically generated using other typical pairwise algo-
rithms tailored for determining protein structure or docking interfaces. We chose the FastCoV
approach for its distinct quality in identifying larger networks of putative compensatory muta-
tions generated by selection and adaptation which seems well-suited for studying the emer-
gence of viruses similar to SARS-CoV and SAR-CoV-2 [60]. This differs from DCA-based and
other covariance approaches used to predict co-evolving residue interactions that may use cor-
rected and weighted correlative data that can also be coupled with other various predictive sec-
ondary structure motifs to assist in protein structure and interaction predictions [61]. Our
approach simply provides a raw covariance purity and percentage score for pairs and larger
networks of covariant residues with no goal for structure-based predictions. We selected a
purity threshold (0.7) based on our small sampling size and extracted 973,649 unique pairs
and 741 clusters. In this preliminary analysis, we identified a collection of gaps and also unique
sequences selectively conserved in some CoVs and we concluded that such deletions or inser-
tions, like residues, may also covary with AA sequences in proteins. Deletions were temporar-
ily substituted as rare alternate amino acids in the alignment and covariance was analyzed to
reveal putative covariance between all residues and also deletions. This expanded the total
number of unique correlating residue pairs (1,089,836) and clusters (769) (S2 Table). We iden-
tified many deletions that correlated with AA residues and also other deletions.
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All CoVs genomes, clusters, and residues were graphed using a force mapping algorithm
(S1 File, shown in Fig 1A). This interactive graph facilitates the extraction of clusters and
respective residues and deletions uniquely present to different groups and subsets of CoVs.
Remarkably, the spatial organization of graphed CoV’s is highly consistent with our phylogenic
estimate based on nucleotide alignment (Fig 1B). CoVs most closely related to SARS-CoV,
SARS-CoV-2, and HKU-3 are spatially positioned close to one another in each group solely
based on shared covariant residues. Other CoV's that vary regarding relatedness are distributed
between these three indicated groups. Because some covariant pairs and clusters are entirely
inclusive to single groupings or instead shared between certain CoVs, we conclude that covari-
ant residues can be enriched through a common evolutionary history such as ancestry or can
be selected by adaption to a specific host(s).

To provide information about the phylogenic distribution of any cluster that may be due to
ancestry, an average taxonomic distribution score (ATDS) was calculated for each cluster
based on the number of CoVs present in a given cluster and their average distribution based
on branch lengths estimated in the ML tree (S3 Table). Though this score is relative and also
determined by the relatedness of all CoVs in the phylogenic reconstructions, clusters and their
respective alleles with a larger ATDS are more broadly represented in the evolutionary record
within the scope of these 149 B-coronaviruses analyzed. A small ATDS value indicates these
covariant residues in a given cluster are restricted to CoVs that are very similar or almost iden-
tical. We predict this class of clusters may be biologically informative about covariant residues
specifically enriched in SARS-CoV and SARS-CoV-2 and their respective relatives. Con-
versely, clusters with large ATDS values are those clusters with residues that are present in
more evolutionary disjunctively distributed single or groups of CoVs. These may be the result
of divergent or independent selective events or are instead conserved covariant residues that
have persisted during the evolution of CoVs and are possibly ancestral or even essential to the
lineage of these viruses.

Of the 1,089,836 unique pairs with varying degrees of residue identity at every two posi-
tions, we identified 522,336 correlative AA residue pair positions and also calculated the num-
ber of unique amino acid identities that can exist for each position in the pair (tabulated in S2
Table). This degree of residue representation of each pair varied between a minimum of two
(481,024) and a maximum of seven (2). Only ~8% (41,312) of all pairs are represented by three
or more unique residue identities and this representation drops significantly stepwise for each
unique identity between three and seven. We hypothesized that the increased number of inde-
pendent residue pairs represented at any two correlative positions in any of these genes in the
evolutionary record increases the probability that there is a true interacting relationship
between such residues.

The position of every covariant residue in the alignment was mapped to the respective resi-
due position in SARS-CoV-2. For an overwhelming majority of residues that show high con-
servation and are present among the 149 CoVs, this translational numbering assignment
based on the sequence alignments is straightforward. For residues in less conserved regions
such as those that exist as gaps or insertions in some CoVs including SARS-CoV-2, this created
residues positions that are represented by gaps for sites missing in SARS-CoV-2 and duplicate
numbering. For example, several CoVs possess between two and eight additional residues
between the aligned numbered AA positions 7 and 8 of SARS-CoV-2 spike. If any of these resi-
dues are covariant with other residues or gaps, the use of SARS-CoV-2 residue numbering
necessitates either no assignment or the number of the residue that flanks the missing residues
in SARS-CoV-2 to preserve the information position of gapped-residue covariance. We chose
the latter to indicate the position, thus some residues may appear to be duplicated or even
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covariant with themselves when SARS-CoV-2 numbering is employed. We have provided
tables that indicate these positions to identify such occurrences (52 Table).

The presence of more variable covariant residues in other proteins varies significantly. For
pairs with at least five independent identities (319), nearly half (154) of these are located in the
spike protein. Various structures of spike trimer are elucidated and well-studied due to their
roles in receptor recognition, cell entry, and interactions with monoclonal antibodies [23, 62—
65]. Using available high-resolution PDB structures, we screened for predicted interacting resi-
dues and then referenced our identified covariant pairs to establish a correlation between the
number of unique identities in pairs. As observed in the alignment, spike sequences and high
order structures vary between CoVs, and we adjusted scoring both for directly interacting resi-
dues and those directly adjacent by one residue position (S5 Table). Residue pairs with
increased representation are more likely to interact or be in close proximity to one another in
the spike trimer protein [~24%] than those represented by only two identities [~5%]. This pro-
vided confidence that residues with increased representation are more likely to have direct
interactions with their identified cognate pairs.

AA covariance in the CoVs closely related to SARS-CoV-2 is enriched in
spike

We examined the identity and distribution of covariant residues within the lineages of CoV's
most closely related to SARS-CoV-2 identified in this work designated as Groups 1-5 (Fig 2A).
We reasoned that the selective pressure imposed on the AA identity of truly covariant residues
should be different than for all other noncovariant residues. Thus the collection of putative
covariant AAs in SARS-CoV-2 and other CoVs that share a common ancestor provides a new
perspective on the evolutionary relationships between these viruses.

Group 5 exhibits the most numerous and distributed covariant residues identified in dis-
tinct clusters (Fig 2C). This is not surprising based on the apparent evolutionary divergence
within these CoVs when compared to Groups 1-4 (Fig 2B). Both Group 2, which is entirely
represented by Pangolin CoVs, and Group 3, all bat CoVs, similarly exhibit a greater number
of covariant residues when compared to Group 1, also likely due to differences in the overall
relatedness of CoVs. The CoVs represented in Group 1 exhibit high conservation and some
members are nearly clonal. For these, nearly all covariant residues in this group are restricted
to spike and ORF3a, except for two residues in Nsp3 (149 and 175) and a single residue in
Nspl15 (115).

Because CoVs in Groups 1-3 are most closely related to SARS-CoV-2 based on their nucle-
otide identity, we focused on these and examined covariant residues in spike (Fig 3A-3C). Res-
idues in spike are recognized to be among the most relevant in the emergence and persistence
of SARS-CoV-2 and also implicated in host adaption in both SARS-CoV and SARS-CoV-2
[31, 66]. We vetted residues in Groups 1-3 because we hypothesized these covariant alleles
might be important for selection, adaptation, and viral fitness for the most closely SARS-CoV-
2-related viruses in human, pangolin, and bat hosts. Furthermore, we identified covariant resi-
dues co-present in either two or all three of these groups. By definition, the AA identity of indi-
vidual covariant residues is not highly conserved in CoVs, but instead, their conserved identity
varies with other residues. Thus any covariant pair or cluster of residues may indicate a direct
or indirect conserved interaction between AAs important during the adaption of a CoV. We
find a common subset of conserved covariant residues between both bat and pangolin CoV's
with those closely related to SARS-CoV-2 in Group 1. These may indicate specific interactions
between residues and residue identities especially relevant to the biology of SARS-CoV-2 and
related CoVs.
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Fig 3. The distribution of spike covariant residues found in CoVs Groups 1-3. (A) The number of unique and shared covariant residues
between Groups 1, 2, and 3. (B) Overview of covariant residue-enriched domains including NTD, RBD, and FCS that are shown in detail in
(O). (C) Aligned AA sequences of covariant residue-enriched regions of spike with representatives from Group 1, Group 2, and Group 3.
The residues identical to SARS-CoV-2 are colored black. Residues that differ from SARS-CoV-2 are colored within each of the three groups
(red, purple, and blue). Boxed residues indicate those covariant within and between groups. Covariant sequences that are common to two
groups are boxed in yellow and those to all three in green and listed in (A). Residues identified as clinical covariants are indicated (+).

Residues present in dominant circulating variants are indicated (*). Conserved residues are underlined and residues deleted when these
groups are compared marked with a red box underneath the alignment.

https://doi.org/10.1371/journal.pone.0270276.9003
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A majority of the spike-specific covariant residues common to clusters in Groups 1-3 are
located within discrete domains primarily in the S1 domain (Fig 3B and 3C). These regions are
in the NTD [AA 67-112, 137-155, and 239-271], RBD [AA 439-508 & 529-589], and CTD of
the S1 subunit [AA 632-640], and also at the FCS within the S1/S2 subunit boundary [AA
675-690]. The NTD, RBD, and FCS are also notably enriched in both mutations and deletions
identified in dominant variants of SARS-CoV-2. For example, the deletions and flanking
mutations at positions 69-70, 142-145, 156-157, and 241-253 found in SARS-CoV-2 domi-
nant variants align well with enriched covariant residues, including deletions, in these three
groups. In regions of very sparse covariance such as AA 529-590, two variant mutations 547
(in Omicron) and 570 (in Alpha) also align with covariant residues in Group 1. Conversely,
other mutations in current SARS-CoV-2 variants do not align with these enriched covariant
residues. True covariant residues require additional compensatory changes at other residue
positions and we expect a portion of these residues to be less mutable than other noncovariant
residues with low conservation.

Clinical and pan covariant residues are similar in representation

The resolution and extent of our pan-CoV covariance analysis are in part defined by the
number of distinct genomes and also their relatedness. Roles for all identified covariant resi-
dues in all proteins cannot be readily ascertained, but this generated data may be further vali-
dated as more SARS-CoV-2 protein structures become available. Because of the vast scope
and magnitude of SARS-CoV-2 infections during the ongoing pandemic and the availability
of whole genomes sequenced, we supposed covariant residues may also be apparent in the
millions of sampled clinical strains over 18 months. Genes enriched residues with covariant
relationships that appear to be co-present in both the pan and clinical covariant analysis are
more likely to be of special interest to SARS-CoV-2 biology. We extracted and stringently
selected whole-genome sequences that were nearly or entirely complete to avoid artifacts
that may bias our analysis and then compared the positions of covariant residues of

252,102 randomly selected sequences deposited between December 2019 and August 2021
(S4 Table).

Due to the near clonality of SARS-CoV-2 sequences, we were unsurprised to find only 1.2%
of the total covariant residues when compared to those identified in the pan-CoV analysis.
13,041 uniquely represented pairs of AA residues can be reduced to 6,137 correlative pairs for
all proteins. As observed in the pan-analysis, the distribution is exceedingly skewed toward
several genes encoding proteins including spike. When the distribution of every single residue
identified in both the pan and clinical analysis is compared gene-by-gene, regardless of the
positions of the correlative partner, we discovered the contributed representation for each
encoded protein follows a similar trend (Fig 4A and 4B). Genes encoding nsp5 3CL-pro,
nsp7-nspl6, Envelope, and Membrane proteins are sparse in coverage of co-identified single
residues. In contrast, covariant residues are most abundant in frequency in genes encoding
nspl-3, spike, and ORF3a. Remarkably, in either category, there are proteins and specific
regions of proteins similarly enriched in the distribution of covariant residues for both analy-
ses. When the co-occurrence for each residue is quantified for the entire protein, the observed
overlap between clinical and pan covariance is found to be statistically significant for nsp2-4,
nspl3, nspl6, spike, and nucleocapsid. For proteins with overlap measured to be above the
threshold of significance, such as nspl, envelope, and ORF3a, this graphing allows us to
observe both similar patterns and frequencies of covariant residues across the protein. Con-
versely, for nsp6, nsp10, and membrane proteins we see no significant similarities in residue
distribution or patterns.
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Fig 4. Comparing individual covariant residues in clinical and pan analyses in conserved genes. (A and B) Outline of comparative analysis.
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Mapping of identified conserved pairs in both analyses

We accounted for the distribution of intra- and inter-protein residue pairs identified in both
analyses (Fig 5A). We reasoned these pairs are more informative about conserved residue
interactions than the distribution of single residues mapped per protein. As with single resi-
dues shown in (Fig 4), the distribution of linked residue pairs is not uniform and the density
varies significantly by protein and within protein regions. The majority of linked pairs are
mapped to genes encoding nspl, nsp2, nsp3, spike, ORF3a, and nucleocapsid. For genes
encoding nsp4 and nsp16, the occurrence is sparse or absent in residue pair representation. Of
538 total pairs (S6 Table), 90% of residues (485) are represented by residues within the same
protein (Fig 5B), are frequently proximal or adjacent to each other by position, and are not
random in distribution. We expect this bias as most interacting residues should be present
within the same protein. The remaining 10% (53) intra-protein pairs are similarly clustered
and nonrandom in their positional enrichment (Fig 5C). Intra-protein residues in nsp3, spike,
and nucleocapsid are linked with the most diverse partner proteins (Fig 5F). In contrast,
nspl2, nspl3, nspl5, nspl6, and envelope possess only one or two intraprotein pairs.

Evidence for interactions within and between spike and ORF3a linked to
viral emergence and adaption

The enrichment of residue pairs in the subdomains of spike and ORF3a was of special interest
(Fig 5D). First, the distribution and abundance of these residues are similar to other covariant
residues we identified within the CoVs most related to SARS-CoV-2 (Fig 5C) Furthermore, of
these 224 residues, over a third (88) are positioned within spike and Orf3a. Of the 88, 40 are
covariant pairs, with 31 identified in dominant variants (S6 Table). When 31 residue pairs are
mapped to spike and ORF3a, most links are enriched within the NTD and RBD of spike with
two notable links between the spike NTD and AA 26 in the NTD of ORF3a (Fig 5E).

We find evidence that subsets of these 31 residue pairs likely interact directly or are posi-
tioned proximal to one other within particular regions of the spike protein (Fig 6A-6E). In a
solved quaternary structure of the spike trimer PDB (7JJL.PDB), NTD residue 20 is adjacent to
its covariant pair residue 138 in spike Cryo-EM reconstruction (Fig 6D). Moreover, residues
17 and 21 interact directly with 138 Residues between 138 through 157 include identified
covarijant residues in this work that are notably deletions and/or mutated in dominant vari-
ants. Similarly, covariant residues 241 through 252 are also frequently deleted and/or mutated
and these directly interact with 138-157. Residues 248-250 identified in our work are covari-
ant with residue 75. With residue 75, deletions and mutations between residues 65 and 82 are
also among the most abundant identified in dominant circulating variants. Residues 212 and
215 reside in yet another covariant hotspot and have covariant pairings with residues 142 and
241/242, respectively. Curiously, based on structure, AA residues 212-215 have no apparent
direct interactions with 138-157, 241-252, or 67-75. All of these mutation and deletion hot-
spots in spike NTD have generated much interest regarding their roles as superantigens and
the escape from neutralizing antibodies [more below]. The stand-alone identification of these
in both pan and clinical covariance analyses and co-occurrence in dominant circulating vari-
ants indicate these are often under significant selective pressure to either mutate or become
absent by consequence of in-frame deletion, often in the context of distal residues.

Spike protein remarkably accounts for 58% of residues in our identified 538 coincident
pairs and also is recognized to possess the majority of mutations in dominant variants. We
examined all 538 residue pairs (393 unique residues) and then cross-listed the occurrence of
each residue in dominant variants to identify those in all proteins. 119 (30%) of 393 total repre-
sented residues are found in 15 dominant variants including the two current Omicron
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https://doi.org/10.1371/journal.pone.0270276.9005
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Fig 6. Mapping of Spike NTD covariant residues and deletion identified in clinical and pan analyses and also found in dominant circulating
SARS-CoV-2 variants. (A-C) The top, side, and bottom PDB structure (7JJ.PDB) of the Spike homotrimer shows the position of these residues.
Residues are colored by position in the NTD. (D) Labeled regions and residue numbers of regions are indicated. Amino acid structures are shown for
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linked by dotted lines. Covariant residues found in both Pan and Clinical covariant analyses and dominant SARS-CoV-2 variants are colored red.

https://doi.org/10.1371/journal.pone.0270276.9006
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sublineages. When both residue pairs are present in a dominant variant, we find that 37 of
these are remarkably present together in the same variant lineage (Fig 7, S6 Table). This obser-
vation is suggestive of covariance pressure operative in the emergence of variants during the
ongoing pandemic.

Covariance, immunity evasion, and hACE-2

Numerous studies have characterized SARS-CoV-2 spike mutants that escape antibodies in
the context of structure and function (surveyed and reviewed by [67]). Other residues, sev-
eral that are functional in immune evasion, interact directly with the hACE-2 receptor [23].
As the RBD is especially enriched in such residues, there are presumed constraints imposed
on residue mutability here in the context of spike function, hACE-2 receptor interactions,
and escape from antibody neutralization. It is not surprising that some enriched mutations
in dominant variants enhance cell-receptor interactions, improve spike function, and reduce
neutralization by the host immunity, however, these probably operate without imposing sig-
nificant secondary deleterious effects on viral fitness or have acquired mutations that reduce
such impacts. We compared recent Omicron variant mutations in the spike that are demon-
strated to circumvent immunity with our pan-analysis to evaluate their frequency of occur-
rence with other co-present mutations. We reason that only one of the residues in a
covariant pair may increase escape from immunity or increase beneficial interactions such as
cell receptor recognition and binding. Covariant residues with no known function in these
processes may instead compensate in structure or by other yet undiscovered means and
therefore facilitate a gain of function (Fig 8B). In most covariant pairs or groups of residues,
the identity of which mutation arose first cannot be easily ascertained by the time a dominant
variant has emerged and is detected by genomic surveillance. However, within emerged vari-
ants that continue to adapt, the stepwise acquisition of additional mutations can yet be deter-
mined in sublineages. In Omicron 22A (BA.4), 22B (BA.5), and 22C (BA2.12.1) variants, we
find a total of 13 ancillary mutations when compared to the original 21L (BA.2) (Fig 8A).
New alleles in spike L452, a residue well- recognized for immunity escape [68], are detected
in 22AB (L225R) and 22C (L252Q). Our pan-analysis reveals covariance between 452 and 6
other spike residue mutations (T19, A27, S477, T478, E484, and Q493) co-present in these
subvariants with contrasting roles in immunity escape. We conclude that any combination
of these 6 residues might have contributed to the selection of L452R/Q and recognize that
L452R has always emerged with mutations at 478, 484, or both sites in the Delta, Kappa, and
Omicron variants. Like L452 mutations, the deletion of residues at 69-70, which is instead
not implicated in immune evasion, has independently emerged in multiple variants and
always copresent with mutations or deletions between spike residues 142-144; these are
demonstrated to epitopes for neutralizing antibodies [55]. We note that residues 69 and 142
are covariant in our pan-analysis and that the G142D mutation in Omicron 21L preempted
the 69/70 deletion in 22A and 22B. Thus a mutation first selected within an epitope might
have been improved by a second mutation with no yet known role in immune evasion. Fur-
thermore, the V213G allele, a residue identified covariant with both 69 and 142, is also pres-
ent in 21L and could conceivably play an additional compensatory or selective role.
Curiously, one mutation in Omicron 21L is a revertant in its sublineage; Q493R reverted in
22A and 22B, and Q493 is covariant with L452. Thus, the acquisition of L452R and increase
in fitness may have selected the revertant R493Q covariant residue, one operative in both
immune escape and hACE-2 interactions. Omicron 22C differs in this respect, the L452Q
mutation is maintained as copresent with Q493R. No other dominant emerged variant is yet
identified as possessing both L452R and Q493R alleles.
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https://doi.org/10.1371/journal.pone.0270276.9007

Discussion

For both nucleotide and amino acid identity-based approaches, the sequence conservation in
either complete or partial regions of CoV genomes continues to be applied to understand the
relatedness between B-coronaviruses and SARS-CoV-2. This extends to the emergence of
SARS-CoV-2 as a human pathogen responsible for a global pandemic and its continued
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2 1 [Spike][H][655][Y] Antibody Escape + Other Functions
4 8 [Spike][N][679][K] :
0 0  [Spike][P][681][H]
0 0  [Spike][N][764][K]
0 0  [Spike][D][796][Y]
0 0 [Spike][Q][954][H] ACE-2 Interactions
0 0  [Spike][N][969][K]

Fig 8. Comparison of spike protein mutations in Omicron 21L and its two emerged sublineages 22A and 22B. (A) Spike mutations are listed as
separated by protein subdomain in Omicron 21L and 22A/B. Covariant residues and their respective maximum unique identities and the total number
of residues paired within the pan covariance analysis are indicated. Residues that are demonstrated to escape neutralization by antibodies or serum are
colored red. Those demonstrated to interact directly with the hACE-2 receptor are colored blue. Those demonstrated to do both are colored purple with
an asterisk. New mutations that emerged or instead reverted in 22AB are indicated with covariant linkages to residues in 21L and 22AB. (B) A
generalized model showing how mutations and compensatory mutations with varying roles of biological significance may be co-selected based on
covariant relationships.

https://doi.org/10.1371/journal.pone.0270276.9008
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adaptation. In this work, we examined the conservation of correlative covariant pairs and even
clusters of amino acids that appear to change in concert with one another across the entire
genome. We acknowledge apparent covariant mutations can also be a simple consequence of
spontaneously emerged mutations and common mutations at less conserved sites. Conversely,
these could be a result of spontaneous mutations that imposes a selection for one or even more
compensatory mutations at other sites to maintain or even increase viral fitness. Both instances
are certain to be present in this dataset. An applied hypergeometric probability distribution
predicts the overlap of 538 covariant pairs between the pan and clinical datasets is exceedingly
significant (Fig 7). We acknowledge that the conservation and essentiality of amino acid resi-
dues vary significantly in CoVs based on the scope of evolutionary relatedness. This should
also influence the probability of true coupling because not all residues are equally conserved or
mutable. We propose future efforts should examine such covariance in the context of residue
mutability. Recent efforts that applied DCA to predict epistatic interactions in the context of
SARS-CoV-2 residue mutability concluded coupling also played a minor role in emerging
mutations within variants. The authors surmised that a restricted number of unique genomes
and a broad scope of evolutionary divergence among all coronaviruses also limited the analysis
performance for epistasis-mutation comparisons in SARS-CoV-2 proteins [69]. We chose to
limit our pan-analysis to only lineage B B-coronaviruses for our work based on this same
principle.

It is important to acknowledge any single nucleotide change can influence viral fitness
regardless of its consequence for residue identity and its role in structure and function includ-
ing covariance. For example, mutations in nucleocapsid found in multiple variants have been
recently demonstrated to alter or induce the expression of subgenomic mRNAs that encode a
truncated form of the protein that is an inhibitor of type I interferon production [70]. Further-
more, synonymous changes account for approximately 30% of mutations during the pandemic
and a recent analysis using 400,000 samples reveals persistent synonymous changes in codon
usage appear to be biased toward usage in the human host [71]. We have ignored the aspect of
codon usage, cis-acting RNA sequences, and RNA secondary structure in the scope of our cur-
rent analysis. We propose that integrating such data with AA residue covariance and with
other biologically relevant sequence-based information, including predicted recombination
events among SARS-CoV-2 and its most closely related CoV’s, will strengthen the prediction
of the contextual significance and selection of emerging mutations.

We find evidence of true covariance in this work when we compare the total number of
independent changes present in each pair with a known structure. In spike, the probability of
either a direct or possible indirect interaction by one flanking residue increased from 5% to
24% when the minimum number of unique AA changes in any given residue pair of two iden-
tities were compared to those with five (S5 Table). Furthermore, covariant residues with
increased independent residue representation in the pan covariance analysis were also more
likely to be identified in the clinical covariance analysis. Notably, when residues identified in
both analyses are compared, 90% are found within the same gene and enriched in certain
genes with important virus-host interactions such as spike. This observation is consistent with
an expected model where intraprotein covariance is predicted to be more abundant than that
for interprotein, including proteins that form homomultimers such as spike.

A benefit of comparing residues from both covariant analyses is demonstrated by their co-
presence and enrichment in dominant circulating variants. Mutations and deletion-enriched
hotspots in the spike NTD described in this work are recently identified and studied as anti-
genic regions responsible for antibody escape [55, 72-76], but not yet investigated comprehen-
sively in the context of pan-covariance to our knowledge. Notably, many NTD covariant
hotspots are also deletions identified in SARS-CoV spike protein when aligned to SARS-CoV-
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2 [55]. Though clinical SARS-CoV-2 covariance data should reveal co-present residues com-
mon to variants, the independent occurrence of these in the Pan-CoV covariance is intriguing.
We note these clinical sequences were collected through August 2021, over 3 months before
the first emergence of Omicron, and we identify some Omicron-specific residues and pairs in
this work. Moreover, contemporary subvariants of Omicron that emerged in the Spring of
2022 such as 22A (BA.4) and 22B (BA.5) have acquired a handful of additional mutations. The
majority of these new alleles are indeed strongly covariant with other co-present mutations in
Omicron. Recent structural and biochemical work finds significant synergistic fold changes in
hACE-2 binding when residues that directly interact with the receptor such as Q493 are co-
present with the accumulation of mutations that alter K417, 1452, E484, and N501 [77], prom-
inent key mutations also characterized for immune evasion. We find strong pan-covariance
among these residues and are intrigued to find L452R accompanied by an R493Q reversion in
most current Omicron sublineages. All three sublineages, but most notably those with 1452/
R493Q, were recently shown to be significantly more resistant to antibody neutralization by
both therapeutic monoclonal antibodies and serum from individuals already vaccinated and
boosted with three shots of mRNA vaccines [78]. In both current and future variants, we spec-
ulate there may be key covariant alleles that when present act as drivers for assemblages of
additional mutations important for virulence and immune evasion. In this model, variant
mutations accumulate in part due to residue covariance that is conserved and evident in the
evolutionary record of both diverse and SARS-CoV-2-related coronaviruses.

We propose all covariant residues identified in both spike and other conserved CoV pro-
teins in this work serve as a reference for possible mutational composition that might arise in
current and future dominant variants. These could inform about altered functional domains,
antigenic regions, and important epitopes that are more vulnerable to enriched mutations also
in part due to their covariant relationships with other residues, even those located in distinct
domains or other viral proteins. For example, we speculate some fraction of the mutations and
deletions that permit escape from neutralizing antibodies or increase infectivity also require
compensatory mutations to maintain fitness and vice versa. Variants that emerged early dur-
ing the pandemic lacked the opportunity for such selective purification provided by continued
serial passage across the global population and the challenges of host immunity conferred by
both prior infection and vaccination. The first mutations that emerge early in future variants
may serve as a bellwether for the subsequently selected mutations and eventual strain infectiv-
ity and severity. Detected residues in new lineages that are likewise found to be significantly
covariant with other residues that have been demonstrated to increase virulence, stability,
transmission, or immunity evasion can then inform about such issues regarding vaccine effi-
cacy and even clinical outcomes. Furthermore, these may reveal key residues that contribute to
yet undiscovered interactions between all viral proteins of SARS-CoV-2 including spike and
ORF3a as discussed in an earlier description of our initial results [59].

Future clinical applications such as the concept of pairing single and covariant mutations in
SARS-CoV-2 with host polymorphisms or clinical metadata is appealing because such a model
is likely to be developed for personalized medicine if this pathogen remains persistent or estab-
lished in recurrent and seasonal outbreaks. Studies have examined the severity of certain vari-
ants in populations dependent on age, health, pre-existing conditions, and even host genetics
(e.g., hACE-2 polymorphisms) [79-81]. We did not have access to such metadata for this work
and many of the deposited clinical sequences are only annotated for sex, age, and the global
location of the patient. Other informative and complementing clinical studies have followed
the accumulated mutations over time in immunocompromised patients chronically infected
with distinct variants of SARS-CoV-2. These revealed clusters of mutations that included those
in residues recognized to be operative in antibody neutralization and receptor binding [72,

PLOS ONE | https://doi.org/10.1371/journal.pone.0270276  July 27, 2022 20/28


https://doi.org/10.1371/journal.pone.0270276

PLOS ONE

Covariance predicts conserved protein residue interactions important for the evolution of SARS-CoV-2

82-84]. Some of these mutations that co-emerged within a single patient are also identified as
pan-CoV covariants discussed in our work and also present in emerged dominant variants.
Including such rare cases, comparative covariance analysis between pan-B-coronaviruses and
SAR-CoV-2 during the ongoing global pandemic can now be even extended to those that are
detected within the duration of an infection within a single individual.

Methods
Genome and protein sequence acquisition and alignment

Nucleotide and protein sequences for the 169 individual CoVs and 252,102 clinical samples
were downloaded from available NCBI and GISAID public databases [38, 85, 86]. All genomes
and accession numbers are provided in S1 Table. The GISAID sequences have been provided
from various sources and published work and these source data are acknowledged in S4 Table.
Nucleotide sequences of 169 CoV's were aligned using the MAFFT iterative consistency-based
setting (G-INS-i) and we used nucleotides that spanned the aligned start codon of SARS-CoV-
2 Orfla gene through the stop codon of the N gene [87]. Protein sequences for NSP1 through
NSP16, spike, ORF3a, E, M, and N of 149 CoVs were concatenated and then aligned using the
MAFFT iterative consistency-based setting (G-INS-i) [87]. For clinical samples, we initially
selected a total of 882,364 sequences isolated, sequenced, and deposited in GISAID between
December 2019 and August 21, 2021, based on their near completeness (>95%) of sequence
coverage for all proteins used in pan-CoV amino acid covariance. This facilitated the inclusion
and identification of sequences with small deletions and rare insertions. Due to computational
limits, two independent sets of 126,051 randomly selected sequences of the 882,364 were
aligned using MAFFT using respective references of each alignment to maintain identical
length (List provided in S4 Table) [87]. We expect some deletions and insertions are due to
sequencing and assembly errors but only co-varying deletions should become apparent during
covariance analysis. The clinical alignment spans both known and predicted genes between
nspl and ORF9c, but only covariance between the proteins also studied in pan covariance set
are analyzed and compared in this work.

Phylogeny and ATDS calculation

We inferred phylogeny by reconstructing a maximum likelihood (ML) tree with IQTree after
first testing and comparing 286 DNA models by creating initial parsimony trees scored accord-
ing to Bayesian information criterion (BIC) using IQTree ModelFinder [88]. We then applied
the best-fit DNA model which is a general time-reversible model using empirical base frequen-
cies allowing for the FreeRate heterogeneity model across sites GTR+F+R6 (invariable site plus
discrete Gamma model) with 1000 replicates using bootstrap resampling analysis [88]. This
tree file is available in (S2 File). Bootstrap resampling analysis was completed using 1000 repli-
cates. Bootstrap values and branch lengths are indicated in an unrooted tree shown as a circu-
lar phylogram. Branch lengths shorter than 0.0368 are shown as having a length 0.0368.

For all genomes that belong to each cluster, the sum of branch lengths between every possi-
ble pair was extracted from the tree file and averaged to calculate the Average Taxonomic Dis-
tribution Score (ATDS). This relative score is provided as additional metadata in the Gephi
Force mapping file.

Covariance analysis and force mapping

Pairwise and multiple residue covariance and scores were calculated using FastCov [60].
Alignment files for both pan and clinical CoV's were substituted to provide a “W’ in place of
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absent/deleted residues. Using the known position of true “W?, residues, all “W” deletions
were replaced as “Z” to indicate absence following analysis. We set a purity score (0.7) for
stringency cutoffs in both the pan-CoV and clinical-CoV sequence alignment. A raw table of
predicted covariant pairs is provided (S2 Table). This allowed the binning of clusters and
respective strains for Force Mapping in Gephi using the Multigravity ForceAtlas 2 setting and
comparison of covariant residues based on clusters and strains [89]. All clusters and residues
and their respective occurrence in CoVs for both analyses are tabulated in (S3 Table).
Genomes, clusters, and residues were mapped in Gephi using the MultiGravity ForceAtlas 2
algorithm. [89]. This data is provided in (S6 Table) for interactive application using Gephi
Software.

Prediction of proximal and interacting residues and mapping of residues in
spike trimer structure

The Arpeggio program was used to calculate inter and intramolecular interactions between
residues in the 7JJL.PDB file (S5 Table) [63, 90]. To accommodate minor sequence and struc-
ture variability between spike proteins in the pan-CoV analysis, the position of any two resi-
dues identified to interact in SARS-CoV-2 was extended by one flanking position both amino
and carboxyl to each residue when calculating possible interactions for all 149 CoVs. Residues
in spike were mapped onto the PDB structure for spike (7JJI.pdb) using PyMol (v.2.3.4) [62,
91, 92].

Cross-referencing residues present in dominant variants

Mutations identified in previous and dominant circulating variants of clinical interest were
extracted from data compiled by CoVariants.org and enabled by GISAID [37, 38, 93]. The
WHO label for each variant is used for reference.

Statistics

Hypergeometric probability was applied in R using the abundance and distribution of single
residues in each analyzed gene in the pan and clinical covariance datasets. Residue identity by
position was approximated for the pan covariance and then numbered by position in SARS--
CoV-2. For comparative analyses of covariant pairs identified in both analyses across all genes,
residue identity by position was approximated for the pan covariance and then numbered by
position in SARS-CoV-2. The total number of unique residues identified as covariant in each
independent analysis and the total pairs co-present (overlap) was examined as above by apply-
ing a hypergeometric probability formula using all possible pair combinations between pro-
teins examined in this work.

Plotting
Circular graphing of key collections of residues was graphically plotted using Circos [94].

Ethics approval and consent to participate

This study includes sequence and metadata of 252,102 CoV virus strains from a publically
available database (GISAID) and though patient age and sex has been approved to be publically
available in this database, only the locations and date of virus isolation are noted in this work.
No IRB approval is needed for this data or and all acknowledged sources and authors for every
sequence in this source data tabulated from the public GISAID are provided in (S4 Table).

PLOS ONE | https://doi.org/10.1371/journal.pone.0270276  July 27, 2022 22/28


https://doi.org/10.1371/journal.pone.0270276

PLOS ONE

Covariance predicts conserved protein residue interactions important for the evolution of SARS-CoV-2

Supporting information

S1 Table. Genomes and accession numbers of B-coronaviruses used in both phylogenic and
pan covariance analysis.
(XLSX)

S2 Table. Tables of covariant pairs identified in both pan and clinical covariance analyses.
Raw tables are provided to show purity and percentage for each pair. For each pair in the pan-
covariance, the number and identities of different residues are shown. Residue position by
alignment consensus and the estimated corresponding position in SARS-CoV-2 are both tabu-
lated. “Z” Residue indicates deletions.

(XLSX)

S3 Table. Table of clusters, residues, and respective genome names for pan covariance
analysis. Residue numbering is indicated by SARS-CoV-2. The “-”symbol indicates corre-
sponding residues absent in SARS-CoV-2 based on alignment and “Z” symbol indicates dele-
tion. Calculated ATDS for each cluster is tabulated and provided.

(XLSX)

S$4 Table. List and description of both sets of 126,051 sequences extracted from GISAID
used for clinical covariance analysis. Source data for each sequence is provided as a refer-
ence.

(XLSX)

S5 Table. Calculated molecular interactions in the 7JJI.PDB file using Arpeggio. Chain,
Residue, and Atom interactions are indicated. All direct and indirect positions are indicated.
All pan covariant pairs for Spike are listed by the abundance of independently identified
amino acids and co-occurrence of indirect and direct interactions predicted by Arpeggio are
indicated. Accounting of co-occurrence between pan-covariance independent pair representa-
tion and predicted interaction in 7JJL.PDB is tabulated.

(XLSX)

S6 Table. 538 pairs identified that overlap between the pan and clinical analyses. The count
of each residue in the pan CoV analysis is presented. Presence in the selected list of dominant
circulating variants is indicated for each pair. The WHO label for each variant is used for refer-
ence.

(XLSX)

S1 File. Gephi force mapping file of residues, clusters, and CoVs from pan-CoV analysis.
(Z1P)

S2 File. Newick file for ML tree generated using 30,533 nucleotide alignment of 169 CoV's
between SARS-CoV-2 Nspl start site and N stop codon.
(Z1P)

Acknowledgments

We are especially appreciative and gratefully acknowledge the authors and originating labora-
tories and hospitals responsible for obtaining the virus specimens and the laboratories where
genetic sequence data were generated and shared via the GISAID Initiative (sources provided
in S4 Table).

PLOS ONE | https://doi.org/10.1371/journal.pone.0270276  July 27, 2022 23/28


http://www.plosone.org/article/fetchSingleRepresentation.action?uri=info:doi/10.1371/journal.pone.0270276.s001
http://www.plosone.org/article/fetchSingleRepresentation.action?uri=info:doi/10.1371/journal.pone.0270276.s002
http://www.plosone.org/article/fetchSingleRepresentation.action?uri=info:doi/10.1371/journal.pone.0270276.s003
http://www.plosone.org/article/fetchSingleRepresentation.action?uri=info:doi/10.1371/journal.pone.0270276.s004
http://www.plosone.org/article/fetchSingleRepresentation.action?uri=info:doi/10.1371/journal.pone.0270276.s005
http://www.plosone.org/article/fetchSingleRepresentation.action?uri=info:doi/10.1371/journal.pone.0270276.s006
http://www.plosone.org/article/fetchSingleRepresentation.action?uri=info:doi/10.1371/journal.pone.0270276.s007
http://www.plosone.org/article/fetchSingleRepresentation.action?uri=info:doi/10.1371/journal.pone.0270276.s008
https://doi.org/10.1371/journal.pone.0270276

PLOS ONE

Covariance predicts conserved protein residue interactions important for the evolution of SARS-CoV-2

Author Contributions

Conceptualization: William P. Robins.

Data curation: William P. Robins.

Formal analysis: William P. Robins.

Funding acquisition: John J. Mekalanos.

Investigation: William P. Robins.

Methodology: William P. Robins.

Software: William P. Robins.

Validation: William P. Robins.

Visualization: William P. Robins.

Writing - original draft: William P. Robins, John J. Mekalanos.

Writing - review & editing: William P. Robins, John J. Mekalanos.

References

1.

10.

1.

12.

Al-Omari A, Rabaan AA, Salih S, Al-Tawfiq JA, Memish ZA. MERS coronavirus outbreak: Implications
for emerging viral infections. Diagnostic Microbiology and Infectious Disease. 2019 Mar 1; 93(3):265—
85. https://doi.org/10.1016/j.diagmicrobio.2018.10.011 PMID: 30413355

Corman VM, lthete NL, Richards LR, Schoeman MC, Preiser W, Drosten C, et al. Rooting the Phyloge-
netic Tree of Middle East Respiratory Syndrome Coronavirus by Characterization of a Conspecific
Virus from an African Bat. Perlman S, editor. J Virol. 2014 Oct 1; 88(19):11297. https://doi.org/10.1128/
JV1.01498-14 PMID: 25031349

HuB, Zeng LP, Yang XL, Ge XY, Zhang W, Li B, et al. Discovery of a rich gene pool of bat SARS-related
coronaviruses provides new insights into the origin of SARS coronavirus. Drosten C, editor. PLoS
Pathog. 2017 Nov 30; 13(11):€1006698. https://doi.org/10.1371/journal.ppat. 1006698 PMID:
29190287

Li W. Bats Are Natural Reservoirs of SARS-Like Coronaviruses. Science. 2005 Oct 28; 310(5748):676—
9. https://doi.org/10.1126/science.1118391 PMID: 16195424

WuF, Zhao S, Yu B, Chen YM, Wang W, Song ZG, et al. A new coronavirus associated with human
respiratory disease in China. Nature. 2020 Mar; 579(7798):265-9. https://doi.org/10.1038/s41586-020-
2008-3 PMID: 32015508

Zhang T, Wu Q, Zhang Z. Probable Pangolin Origin of SARS-CoV-2 Associated with the COVID-19
Outbreak. Current Biology. 2020 Apr; 30(7):1346—1351.e2. https://doi.org/10.1016/j.cub.2020.03.022
PMID: 32197085

Patifio-Galindo JA, Gonzalez-Candelas F, Pybus OG. The Effect of RNA Substitution Models on Viroid
and RNA Virus Phylogenies. Genome Biology and Evolution. 2018 Jan 9; 10(2):657—66. https://doi.org/
10.1093/gbe/evx273 PMID: 29325030

Smyth RP, Negroni M, Lever AM, Mak J, Kenyon JC. RNA Structure—A Neglected Puppet Master for
the Evolution of Virus and Host Immunity. Frontiers in Immunology. 2018; 9:2097. https://doi.org/10.
3389/fimmu.2018.02097 PMID: 30283444

Akashi H, Eyre-Walker A. Translational selection and molecular evolution. Current Opinion in Genetics
& Development. 1998; 8(6):688-93. https://doi.org/10.1016/s0959-437x(98)80038-5 PMID: 9914211

Tort FL, Castells M, Cristina J. A comprehensive analysis of genome composition and codon usage pat-
terns of emerging coronaviruses. Virus Res. 2020/04/12 ed. 2020 Jul 2; 283:197976—-197976. https:/
doi.org/10.1016/j.virusres.2020.197976 PMID: 32294518

Hou W. Characterization of codon usage pattern in SARS-CoV-2. Virology Journal. 2020 Sep 14; 17
(1):138. https://doi.org/10.1186/s12985-020-01395-x PMID: 32928234

Kandeel M, Ibrahim A, Fayez M, Al-Nazawi M. From SARS and MERS CoVs to SARS-CoV-2: Moving
toward more biased codon usage in viral structural and nonstructural genes. Journal of Medical Virol-
ogy. 2020 Jun 1; 92(6):660-6. https://doi.org/10.1002/jmv.25754 PMID: 32159237

PLOS ONE | https://doi.org/10.1371/journal.pone.0270276  July 27, 2022 24/28


https://doi.org/10.1016/j.diagmicrobio.2018.10.011
http://www.ncbi.nlm.nih.gov/pubmed/30413355
https://doi.org/10.1128/JVI.01498-14
https://doi.org/10.1128/JVI.01498-14
http://www.ncbi.nlm.nih.gov/pubmed/25031349
https://doi.org/10.1371/journal.ppat.1006698
http://www.ncbi.nlm.nih.gov/pubmed/29190287
https://doi.org/10.1126/science.1118391
http://www.ncbi.nlm.nih.gov/pubmed/16195424
https://doi.org/10.1038/s41586-020-2008-3
https://doi.org/10.1038/s41586-020-2008-3
http://www.ncbi.nlm.nih.gov/pubmed/32015508
https://doi.org/10.1016/j.cub.2020.03.022
http://www.ncbi.nlm.nih.gov/pubmed/32197085
https://doi.org/10.1093/gbe/evx273
https://doi.org/10.1093/gbe/evx273
http://www.ncbi.nlm.nih.gov/pubmed/29325030
https://doi.org/10.3389/fimmu.2018.02097
https://doi.org/10.3389/fimmu.2018.02097
http://www.ncbi.nlm.nih.gov/pubmed/30283444
https://doi.org/10.1016/s0959-437x%2898%2980038-5
http://www.ncbi.nlm.nih.gov/pubmed/9914211
https://doi.org/10.1016/j.virusres.2020.197976
https://doi.org/10.1016/j.virusres.2020.197976
http://www.ncbi.nlm.nih.gov/pubmed/32294518
https://doi.org/10.1186/s12985-020-01395-x
http://www.ncbi.nlm.nih.gov/pubmed/32928234
https://doi.org/10.1002/jmv.25754
http://www.ncbi.nlm.nih.gov/pubmed/32159237
https://doi.org/10.1371/journal.pone.0270276

PLOS ONE

Covariance predicts conserved protein residue interactions important for the evolution of SARS-CoV-2

13.

14.

15.

16.

17.

18.

19.

20.

21.

22,

23.

24,

25.

26.

27.

28.

29.

30.

31.

32.

Roy A, Guo F, Singh B, Gupta S, Paul K, Chen X, et al. Base Composition and Host Adaptation of the
SARS-CoV-2: Insight From the Codon Usage Perspective. Frontiers in Microbiology. 2021; 12:747.
https://doi.org/10.3389/fmicb.2021.548275 PMID: 33889134

Segreto R, Deigin Y. The genetic structure of SARS-CoV-2 does not rule out a laboratory origin: SARS-
COV-2 chimeric structure and furin cleavage site might be the result of genetic manipulation. Bioessays.
2020/11/17 ed. 2021 Mar; 43(3):e2000240—2000240. https://doi.org/10.1002/bies.202000240 PMID:
33200842

Jenkins GM, Holmes EC. The extent of codon usage bias in human RNA viruses and its evolutionary
origin. Virus Research. 2003 Mar 1; 92(1):1-7. https://doi.org/10.1016/s0168-1702(02)00309-x PMID:
12606071

Belalov IS, Lukashev AN. Causes and Implications of Codon Usage Bias in RNA Viruses. PLOS ONE.
2013 Feb 25; 8(2):e56642. https://doi.org/10.1371/journal.pone.0056642 PMID: 23451064

Greenbaum BD, Levine AJ, Bhanot G, Rabadan R. Patterns of Evolution and Host Gene Mimicry in
Influenza and Other RNA Viruses. PLOS Pathogens. 2008 Jun 6; 4(6):e1000079. https://doi.org/10.
1371/journal.ppat.1000079 PMID: 18535658

Greenbaum BD, Rabadan R, Levine AJ. Patterns of Oligonucleotide Sequences in Viral and Host Cell
RNA Identify Mediators of the Host Innate Immune System. PLOS ONE. 2009 Jun 18; 4(6):€5969.
https://doi.org/10.1371/journal.pone.0005969 PMID: 19536338

Takata MA, Gongalves-Carneiro D, Zang TM, Soll SJ, York A, Blanco-Melo D, et al. CG dinucleotide
suppression enables antiviral defence targeting non-self RNA. Nature. 2017 Oct 1; 550(7674):124—7.
https://doi.org/10.1038/nature24039 PMID: 28953888

Matyasek R, Kovarik A. Mutation Patterns of Human SARS-CoV-2 and Bat RaTG13 Coronavirus
Genomes Are Strongly Biased Towards C>U Transitions, Indicating Rapid Evolution in Their Hosts.
Genes. 2020; 11(7). https://doi.org/10.3390/genes11070761 PMID: 32646049

Song HD, Tu CC, Zhang GW, Wang SY, Zheng K, Lei LC, et al. Cross-host evolution of severe acute
respiratory syndrome coronavirus in palm civet and human. Proceedings of the National Academy of
Sciences. 2005 Feb 15; 102(7):2430-5. https://doi.org/10.1073/pnas.0409608102 PMID: 15695582

Roberts A, Deming D, Paddock CD, Cheng A, Yount B, Vogel L, et al. A Mouse-Adapted SARS-Coro-
navirus Causes Disease and Mortality in BALB/c Mice. PLOS Pathogens. 2007 Jan 12; 3(1):e5. https://
doi.org/10.1371/journal.ppat.0030005 PMID: 17222058

LanJ, Ge J, YuJ, Shan S, Zhou H, Fan S, et al. Structure of the SARS-CoV-2 spike receptor-binding
domain bound to the ACE2 receptor. Nature 2020 May; 581(7807):215-220. https://doi.org/10.1038/
s41586-020-2180-5 PMID: 32225176

Yan H, Jiao H, Liu Q, Zhang Z, Xiong Q, Wang BJ, et al. ACE2 receptor usage reveals variation in sus-
ceptibility to SARS-CoV and SARS-CoV-2 infection among bat species. Nature Ecology & Evolution.
2021 May 1; 5(5):600-8. https://doi.org/10.1038/s41559-021-01407-1 PMID: 33649547

Coutard B, Valle C, de Lamballerie X, Canard B, Seidah NG, Decroly E. The spike glycoprotein of the
new coronavirus 2019-nCoV contains a furin-like cleavage site absent in CoV of the same clade. Antivi-
ral Research. 2020 Apr 1; 176:104742. https://doi.org/10.1016/j.antiviral.2020.104742 PMID: 32057769

Zhou P, Yang XL, Wang XG, Hu B, Zhang L, Zhang W, et al. A pneumonia outbreak associated with a
new coronavirus of probable bat origin. Nature. 2020 Mar 1; 579(7798):270-3. https://doi.org/10.1038/
s41586-020-2012-7 PMID: 32015507

Li P, Guo R, Liu Y, Zhang Y, Hu J, Ou X, et al. The Rhinolophus affinis bat ACE2 and multiple animal
orthologs are functional receptors for bat coronavirus RaTG13 and SARS-CoV-2. Science Bulletin.
2021 Jun 30; 66(12):1215-27. https://doi.org/10.1016/j.scib.2021.01.011 PMID: 33495713

Lau SKP, Wong ACP, Luk HKH, Li KSM, Fung J, He Z, et al. Differential Tropism of SARS-CoV and
SARS-CoV-2 in Bat Cells. Emerg Infect Dis. 2020/07/30 ed. 2020 Dec; 26(12):2961-5. https://doi.org/
10.3201/eid2612.202308 PMID: 32730733

ZhouH, JiJ, Chen X, Bi Y, LiJ, Wang Q, et al. Identification of novel bat coronaviruses sheds light on
the evolutionary origins of SARS-CoV-2 and related viruses. Cell. 2021/06/09 ed. 2021 Aug 19; 184
(17):4380—4391.e14. https://doi.org/10.1016/j.cell.2021.06.008 PMID: 34147139

Domingo JL. What we know and what we need to know about the origin of SARS-CoV-2. Environmental
Research. 2021 Sep 1; 200:111785. https://doi.org/10.1016/j.envres.2021.111785 PMID: 34329631

Li X, Giorgi EE, Marichannegowda MH, Foley B, Xiao C, Kong XP, et al. Emergence of SARS-CoV-2
through recombination and strong purifying selection. Sci Adv. 2020 May 29;eabb9153. https://doi.org/
10.1126/sciadv.abb9153 PMID: 32937441

Makarenkov V, Mazoure B, Rabusseau G, Legendre P. Horizontal gene transfer and recombination
analysis of SARS-CoV-2 genes helps discover its close relatives and shed light on its origin. BMC Ecol-
ogy and Evolution. 2021 Jan 21; 21(1):5. https://doi.org/10.1186/s12862-020-01732-2 PMID: 33514319

PLOS ONE | https://doi.org/10.1371/journal.pone.0270276  July 27, 2022 25/28


https://doi.org/10.3389/fmicb.2021.548275
http://www.ncbi.nlm.nih.gov/pubmed/33889134
https://doi.org/10.1002/bies.202000240
http://www.ncbi.nlm.nih.gov/pubmed/33200842
https://doi.org/10.1016/s0168-1702%2802%2900309-x
http://www.ncbi.nlm.nih.gov/pubmed/12606071
https://doi.org/10.1371/journal.pone.0056642
http://www.ncbi.nlm.nih.gov/pubmed/23451064
https://doi.org/10.1371/journal.ppat.1000079
https://doi.org/10.1371/journal.ppat.1000079
http://www.ncbi.nlm.nih.gov/pubmed/18535658
https://doi.org/10.1371/journal.pone.0005969
http://www.ncbi.nlm.nih.gov/pubmed/19536338
https://doi.org/10.1038/nature24039
http://www.ncbi.nlm.nih.gov/pubmed/28953888
https://doi.org/10.3390/genes11070761
http://www.ncbi.nlm.nih.gov/pubmed/32646049
https://doi.org/10.1073/pnas.0409608102
http://www.ncbi.nlm.nih.gov/pubmed/15695582
https://doi.org/10.1371/journal.ppat.0030005
https://doi.org/10.1371/journal.ppat.0030005
http://www.ncbi.nlm.nih.gov/pubmed/17222058
https://doi.org/10.1038/s41586-020-2180-5
https://doi.org/10.1038/s41586-020-2180-5
http://www.ncbi.nlm.nih.gov/pubmed/32225176
https://doi.org/10.1038/s41559-021-01407-1
http://www.ncbi.nlm.nih.gov/pubmed/33649547
https://doi.org/10.1016/j.antiviral.2020.104742
http://www.ncbi.nlm.nih.gov/pubmed/32057769
https://doi.org/10.1038/s41586-020-2012-7
https://doi.org/10.1038/s41586-020-2012-7
http://www.ncbi.nlm.nih.gov/pubmed/32015507
https://doi.org/10.1016/j.scib.2021.01.011
http://www.ncbi.nlm.nih.gov/pubmed/33495713
https://doi.org/10.3201/eid2612.202308
https://doi.org/10.3201/eid2612.202308
http://www.ncbi.nlm.nih.gov/pubmed/32730733
https://doi.org/10.1016/j.cell.2021.06.008
http://www.ncbi.nlm.nih.gov/pubmed/34147139
https://doi.org/10.1016/j.envres.2021.111785
http://www.ncbi.nlm.nih.gov/pubmed/34329631
https://doi.org/10.1126/sciadv.abb9153
https://doi.org/10.1126/sciadv.abb9153
http://www.ncbi.nlm.nih.gov/pubmed/32937441
https://doi.org/10.1186/s12862-020-01732-2
http://www.ncbi.nlm.nih.gov/pubmed/33514319
https://doi.org/10.1371/journal.pone.0270276

PLOS ONE

Covariance predicts conserved protein residue interactions important for the evolution of SARS-CoV-2

33.

34.

35.

36.

37.

38.
39.

40.
41.

42,

43.

44.

45.

46.

47.

48.

49.

50.

51.

52.

53.

54.

Wu'Y, Zhao S. Furin cleavage sites naturally occur in coronaviruses. Stem Cell Research. 2021 Jan 1;
50:102115.

Liu X, Wu Q, Zhang Z. Global Diversification and Distribution of Coronaviruses With Furin Cleavage
Sites. Frontiers in Microbiology. 2021 Oct7; 12:649314. https://doi.org/10.3389/fmicb.2021.649314
PMID: 34690939

Zhang L, Jackson CB, Mou H, Ojha A, Peng H, Quinlan BD, et al. SARS-CoV-2 spike-protein D614G
mutation increases virion spike density and infectivity. Nat Commun. 2020 Nov 26; 11(1):6013-6013.
https://doi.org/10.1038/s41467-020-19808-4 PMID: 33243994

Korber B, Fischer WM, Gnanakaran S, Yoon H, Theiler J, Abfalterer W, et al. Tracking Changes in
SARS-CoV-2 Spike: Evidence that D614G Increases Infectivity of the COVID-19 Virus. Cell 2020 Aug
20; 182(4):812-827.e.19. https://doi.org/10.1016/j.cell.2020.06.043 PMID: 32697968

Hodcroft E. CoVariants: SARS-CoV-2 Mutations and Variants of Interest. [Internet]. 2021. https://
covariants.org

https://www.gisaid.org [Internet]. www.gisaid.org. 2020. https://www.gisaid.org

Gobeil Sophie M.-C., Janowska Katarzyna, McDowell Shana, Mansouri Katayoun, Parks Robert, Stalls
Victoria, et al. Effect of natural mutations of SARS-CoV-2 on spike structure, conformation, and antige-
nicity. Science. 373(6555):eabi6226. https://doi.org/10.1126/science.abi6226 PMID: 34168071

Felsenstein J. Phylogenies and the Comparative Method. The American Naturalist. 1985; 125(1):1-15.

Rivas E. Evolutionary models for insertions and deletions in a probabilistic modeling framework. BMC
Bioinformatics. 2005 Mar 21; 6:63-63. https://doi.org/10.1186/1471-2105-6-63 PMID: 15780137

Dunn SD, Wahl LM, Gloor GB. Mutual information without the influence of phylogeny or entropy dramat-
ically improves residue contact prediction. Bioinformatics. 2007 Dec 5; 24(3):333—40. https://doi.org/10.
1093/bioinformatics/btm604 PMID: 18057019

Talavera D, Lovell SC, Whelan S. Covariation Is a Poor Measure of Molecular Coevolution. Molecular
Biology and Evolution. 2015 Sep 1; 32(9):2456—68. https://doi.org/10.1093/molbev/msv109 PMID:
25944916

Qin C, Colwell LJ. Power law tails in phylogenetic systems. Proc Natl Acad Sci USA. 2018 Jan 23; 115
(4):690. https://doi.org/10.1073/pnas.1711913115 PMID: 29311320

Lichtarge O, Bourne HR, Cohen FE. An Evolutionary Trace Method Defines Binding Surfaces Common
to Protein Families. Journal of Molecular Biology. 1996 Mar 29; 257(2):342-58. https://doi.org/10.1006/
jmbi.1996.0167 PMID: 8609628

Pancer K, Milewska A, Owczarek K, Dabrowska A, Kowalski M, tabaj PP, et al. The SARS-CoV-2
ORF10 is not essential in vitro or in vivo in humans. PLOS Pathogens. 2020 Dec 10; 16(12):e1008959.
https://doi.org/10.1371/journal.ppat.1008959 PMID: 33301543

Gorbalenya AE, Baker SC, Baric RS, de Groot RJ, Drosten C, Gulyaeva AA, et al. The species Severe
acute respiratory syndrome-related coronavirus: classifying 2019-nCoV and naming it SARS-CoV-2.
Nature Microbiology. 2020 Apr 1; 5(4):536—44. https://doi.org/10.1038/s41564-020-0695-z PMID:
32123347

Liu P, Jiang JZ, Wan XF, Hua Y, Li L, Zhou J, et al. Are pangolins the intermediate host of the 2019
novel coronavirus (SARS-CoV-2)? PLOS Pathogens. 2020 May 14; 16(5):e1008421. https://doi.org/10.
1371/journal.ppat.1008421 PMID: 32407364

Delaune D, Hul V, Karlsson EA, Hassanin A, Ou TP, Baidaliuk A, et al. A novel SARS-CoV-2 related
coronavirus in bats from Cambodia. Nat Commun. 2021 Nov 9; 12(1):6563-6563. https://doi.org/10.
1038/s41467-021-26809-4 PMID: 34753934

Temmam Sarah, Vongphayloth Khamsing, Baquero Salazar Eduard, Munier Sandie, Bonomi Max,
Régnault Béatrice, et al. Bat coronaviruses related to SARS-CoV-2 and infectious for human cells.
Nature. 2022 Apr; 604(7905):330—336; https://doi.org/10.1038/s41586-022-04532-4 PMID: 35172323

Graham RL, Baric RS. Recombination, Reservoirs, and the Modular Spike: Mechanisms of Coronavirus
Cross-Species Transmission. J Virol. 2010 Apr 1; 84(7):3134. https://doi.org/10.1128/JV1.01394-09
PMID: 19906932

Simon-Loriere E, Holmes EC. Why do RNA viruses recombine? Nature Reviews Microbiology. 2011
Aug 1; 9(8):617—26. https://doi.org/10.1038/nrmicro2614 PMID: 21725337

Paraskevis D, Kostaki EG, Magiorkinis G, Panayiotakopoulos G, Sourvinos G, Tsiodras S. Full-genome
evolutionary analysis of the novel coronavirus (2019-nCoV) rejects the hypothesis of emergence as a
result of a recent recombination event. Infection, Genetics and Evolution. 2020 Apr; 79:104212. https:/
doi.org/10.1016/j.meegid.2020.104212 PMID: 32004758

Pollett S, Conte MA, Sanborn M, Jarman RG, Lidl GM, Modjarrad K, et al. A comparative recombination
analysis of human coronaviruses and implications for the SARS-CoV-2 pandemic. Scientific Reports.
2021 Aug 30; 11(1):17365. https:/doi.org/10.1038/s41598-021-96626-8 PMID: 34462471

PLOS ONE | https://doi.org/10.1371/journal.pone.0270276  July 27, 2022 26/28


https://doi.org/10.3389/fmicb.2021.649314
http://www.ncbi.nlm.nih.gov/pubmed/34690939
https://doi.org/10.1038/s41467-020-19808-4
http://www.ncbi.nlm.nih.gov/pubmed/33243994
https://doi.org/10.1016/j.cell.2020.06.043
http://www.ncbi.nlm.nih.gov/pubmed/32697968
https://covariants.org
https://covariants.org
https://www.gisaid.org
http://www.gisaid.org
https://www.gisaid.org
https://doi.org/10.1126/science.abi6226
http://www.ncbi.nlm.nih.gov/pubmed/34168071
https://doi.org/10.1186/1471-2105-6-63
http://www.ncbi.nlm.nih.gov/pubmed/15780137
https://doi.org/10.1093/bioinformatics/btm604
https://doi.org/10.1093/bioinformatics/btm604
http://www.ncbi.nlm.nih.gov/pubmed/18057019
https://doi.org/10.1093/molbev/msv109
http://www.ncbi.nlm.nih.gov/pubmed/25944916
https://doi.org/10.1073/pnas.1711913115
http://www.ncbi.nlm.nih.gov/pubmed/29311320
https://doi.org/10.1006/jmbi.1996.0167
https://doi.org/10.1006/jmbi.1996.0167
http://www.ncbi.nlm.nih.gov/pubmed/8609628
https://doi.org/10.1371/journal.ppat.1008959
http://www.ncbi.nlm.nih.gov/pubmed/33301543
https://doi.org/10.1038/s41564-020-0695-z
http://www.ncbi.nlm.nih.gov/pubmed/32123347
https://doi.org/10.1371/journal.ppat.1008421
https://doi.org/10.1371/journal.ppat.1008421
http://www.ncbi.nlm.nih.gov/pubmed/32407364
https://doi.org/10.1038/s41467-021-26809-4
https://doi.org/10.1038/s41467-021-26809-4
http://www.ncbi.nlm.nih.gov/pubmed/34753934
https://doi.org/10.1038/s41586-022-04532-4
http://www.ncbi.nlm.nih.gov/pubmed/35172323
https://doi.org/10.1128/JVI.01394-09
http://www.ncbi.nlm.nih.gov/pubmed/19906932
https://doi.org/10.1038/nrmicro2614
http://www.ncbi.nlm.nih.gov/pubmed/21725337
https://doi.org/10.1016/j.meegid.2020.104212
https://doi.org/10.1016/j.meegid.2020.104212
http://www.ncbi.nlm.nih.gov/pubmed/32004758
https://doi.org/10.1038/s41598-021-96626-8
http://www.ncbi.nlm.nih.gov/pubmed/34462471
https://doi.org/10.1371/journal.pone.0270276

PLOS ONE

Covariance predicts conserved protein residue interactions important for the evolution of SARS-CoV-2

55.

56.

57.

58.

59.

60.

61.

62.

63.

64.

65.

66.

67.

68.

69.

70.

71.

72.

73.

74.

McCarthy Kevin R., Rennick Linda J., Nambulli Sham, Robinson-McCarthy Lindsey R., Bain William G.,
Haidar Ghady, et al. Recurrent deletions in the SARS-CoV-2 spike glycoprotein drive antibody escape.
Science. 2021 Mar 12; 371(6534):1139-42. https://doi.org/10.1126/science.abf6950 PMID: 33536258

Fitch WM, Markowitz E. An improved method for determining codon variability in a gene and its applica-
tion to the rate of fixation of mutations in evolution. Biochemical Genetics. 1970 Oct 1; 4(5):579-93.
https://doi.org/10.1007/BF00486096 PMID: 5489762

Gobel U, Sander C, Schneider R, Valencia A. Correlated mutations and residue contacts in proteins.
Proteins: Structure, Function, and Bioinformatics. 1994 Apr 1; 18(4):309-17. https://doi.org/10.1002/
prot.340180402 PMID: 8208723

Taylor WR, Hatrick K. Compensating changes in protein multiple sequence alignments. Protein Engi-
neering, Design and Selection. 1994 Mar 1; 7(3):341-8. https://doi.org/10.1093/protein/7.3.341 PMID:
8177883

Robins WP, Mekalanos JJ. Protein covariance networks reveal interactions important to the emergence
of SARS coronaviruses as human pathogens. bioRxiv. 2020 Jan 1;2020.06.05.136887. https://doi.org/
10.1101/2020.06.05.136887 PMID: 32577639

Shen W, Li Y. A novel algorithm for detecting multiple covariance and clustering of biological
sequences. Scientific Reports. 2016 Jul 25; 6(1):30425. https://doi.org/10.1038/srep30425 PMID:
27451921

Morcos F, Pagnani A, Lunt B, Bertolino A, Marks DS, Sander C, et al. Direct-coupling analysis of resi-
due coevolution captures native contacts across many protein families. Proc Natl Acad Sci USA. 2011
Dec 6; 108(49):E1293. https://doi.org/10.1073/pnas.1111471108 PMID: 22106262

Walls AC, Park YJ, Tortorici MA, Wall A, McGuire AT, Veesler D. Structure, Function, and Antigenicity
of the SARS-CoV-2 Spike Glycoprotein. Cell. 2020 Apr 16; 181(2):281-292.e6. https://doi.org/10.1016/
j.cell.2020.02.058 PMID: 32155444

Bangaru S, Ozorowski G, Turner HL, Antanasijevic A, Huang D, Wang X et al. Structural analysis of
full-length SARS-CoV-2 spike protein from an advanced vaccine candidate. Science. 2020/10/20 ed.
2020 Nov 27; 370(6520):1089-94. https://doi.org/10.1126/science.abe1502 PMID: 33082295

Huo J, Zhao Y, Ren J, Zhou D, Duyvesteyn HME, Ginn HM, et al. Neutralization of SARS-CoV-2 by
Destruction of the Prefusion Spike. Cell Host Microbe. 2020/06/19 ed. 2020 Sep 9; 28(3):445—-454.€6.
https://doi.org/10.1016/j.chom.2020.06.010 PMID: 32585135

Huo J, Le Bas A, Ruza RR, Duyvesteyn HME, Mikolajek H, Malinauskas T, et al. Neutralizing nanobo-
dies bind SARS-CoV-2 spike RBD and block interaction with ACE2. Nature Structural & Molecular Biol-
ogy. 2020 Sep 1; 27(9):846-54. https://doi.org/10.1038/s41594-020-0469-6 PMID: 32661423

Lu G, Wang Q, Gao GF. Bat-to-human: spike features determining ‘host jump’ of coronaviruses SARS-
CoV, MERS-CoV, and beyond. Trends in Microbiology. 2015 Aug 1; 23(8):468—78. https://doi.org/10.
1016/j.tim.2015.06.003 PMID: 26206723

Harvey WT, Carabelli AM, Jackson B, Gupta RK, Thomson EC, Harrison EM, et al. SARS-CoV-2 vari-
ants, spike mutations and immune escape. Nature Reviews Microbiology. 2021 Jul 1; 19(7):409-24.
https://doi.org/10.1038/s41579-021-00573-0 PMID: 34075212

Motozono C, Toyoda M, Zahradnik J, Saito A, Nasser H, Tan TS, et al. SARS-CoV-2 spike L452R vari-
ant evades cellular immunity and increases infectivity. Cell Host & Microbe. 2021 Jul 14; 29(7):1124—
1136.e11. https://doi.org/10.1016/.chom.2021.06.006 PMID: 34171266

Rodriguez-Rivas J, Croce G, Muscat M, Weigt M. Epistatic models predict mutable sites in SARS-CoV-
2 proteins and epitopes. Proc Natl Acad Sci USA. 2022 Jan 25; 119(4):e2113118119. https://doi.org/
10.1073/pnas.2113118119 PMID: 35022216

Mears HV, Young GR, Sanderson T, Harvey R, Crawford M, Snell DM, et al. Emergence of new subge-
nomic mRNAs in SARS-CoV-2. bioRxiv. 2022 Jan 1;2022.04.20.488895.

Ramazzotti D, Angaroni F, Maspero D, Mauri M, D’Aliberti D, Fontana D, et al. Large-scale analysis of
SARS-CoV-2 synonymous mutations reveals the adaptation to the human codon usage during the virus
evolution. Virus Evolution. 2022 Jan 1; 8(1):veac026. https://doi.org/10.1093/ve/veac026 PMID: 35371557

Choi B, Choudhary MC, Regan J, Sparks JA, Padera RF, Qiu X, et al. Persistence and Evolution of
SARS-CoV-2 in an Immunocompromised Host. N Engl J Med. 2020 Dec 3; 383(23):2291-3. https://doi.
org/10.1056/NEJMc2031364 PMID: 33176080

McCallum M, De Marco A, Lempp FA, Tortorici MA, Pinto D, Walls AC, et al. N-terminal domain anti-
genic mapping reveals a site of vulnerability for SARS-CoV-2. Cell. 2021 Apr 29; 184(9):2332—-2347.
e16. https://doi.org/10.1016/j.cell.2021.03.028 PMID: 33761326

Ribes M, Chaccour C, Moncunill G. Adapt or perish: SARS-CoV-2 antibody escape variants defined by
deletions in the Spike N-terminal Domain. Signal Transduction and Targeted Therapy. 2021 Apr 24; 6
(1):164. https://doi.org/10.1038/s41392-021-00601-8 PMID: 33895775

PLOS ONE | https://doi.org/10.1371/journal.pone.0270276  July 27, 2022 27/28


https://doi.org/10.1126/science.abf6950
http://www.ncbi.nlm.nih.gov/pubmed/33536258
https://doi.org/10.1007/BF00486096
http://www.ncbi.nlm.nih.gov/pubmed/5489762
https://doi.org/10.1002/prot.340180402
https://doi.org/10.1002/prot.340180402
http://www.ncbi.nlm.nih.gov/pubmed/8208723
https://doi.org/10.1093/protein/7.3.341
http://www.ncbi.nlm.nih.gov/pubmed/8177883
https://doi.org/10.1101/2020.06.05.136887
https://doi.org/10.1101/2020.06.05.136887
http://www.ncbi.nlm.nih.gov/pubmed/32577639
https://doi.org/10.1038/srep30425
http://www.ncbi.nlm.nih.gov/pubmed/27451921
https://doi.org/10.1073/pnas.1111471108
http://www.ncbi.nlm.nih.gov/pubmed/22106262
https://doi.org/10.1016/j.cell.2020.02.058
https://doi.org/10.1016/j.cell.2020.02.058
http://www.ncbi.nlm.nih.gov/pubmed/32155444
https://doi.org/10.1126/science.abe1502
http://www.ncbi.nlm.nih.gov/pubmed/33082295
https://doi.org/10.1016/j.chom.2020.06.010
http://www.ncbi.nlm.nih.gov/pubmed/32585135
https://doi.org/10.1038/s41594-020-0469-6
http://www.ncbi.nlm.nih.gov/pubmed/32661423
https://doi.org/10.1016/j.tim.2015.06.003
https://doi.org/10.1016/j.tim.2015.06.003
http://www.ncbi.nlm.nih.gov/pubmed/26206723
https://doi.org/10.1038/s41579-021-00573-0
http://www.ncbi.nlm.nih.gov/pubmed/34075212
https://doi.org/10.1016/j.chom.2021.06.006
http://www.ncbi.nlm.nih.gov/pubmed/34171266
https://doi.org/10.1073/pnas.2113118119
https://doi.org/10.1073/pnas.2113118119
http://www.ncbi.nlm.nih.gov/pubmed/35022216
https://doi.org/10.1093/ve/veac026
http://www.ncbi.nlm.nih.gov/pubmed/35371557
https://doi.org/10.1056/NEJMc2031364
https://doi.org/10.1056/NEJMc2031364
http://www.ncbi.nlm.nih.gov/pubmed/33176080
https://doi.org/10.1016/j.cell.2021.03.028
http://www.ncbi.nlm.nih.gov/pubmed/33761326
https://doi.org/10.1038/s41392-021-00601-8
http://www.ncbi.nlm.nih.gov/pubmed/33895775
https://doi.org/10.1371/journal.pone.0270276

PLOS ONE

Covariance predicts conserved protein residue interactions important for the evolution of SARS-CoV-2

75.

76.

77.

78.

79.

80.

81.

82.

83.

84.

85.

86.

87.

88.

89.

90.

91.
92.

93.

94.

Venkatakrishnan AJ, Anand P, Lenehan P, Ghosh P, Suratekar R, Siroha A, et al. Antigenic minimalism
of SARS-CoV-2 is linked to surges in COVID-19 community transmission and vaccine breakthrough
infections. medRxiv. 2021 Jan 1;2021.05.23.21257668.

Meng B, Kemp SA, Papa G, Datir R, Ferreira IATM, Marelli S, et al. Recurrent emergence of SARS-
CoV-2 spike deletion H69/V70 and its role in the Alpha variant B.1.1.7. Cell Reports. 2021 Jun 29; 35
(13):109292. https://doi.org/10.1016/j.celrep.2021.109292 PMID: 34166617

Mannar D, Saville JW, Zhu X, Srivastava SS, Berezuk AM, Zhou S, et al. Structural analysis of receptor
binding domain mutations in SARS-CoV-2 variants of concern that modulate ACE2 and antibody bind-
ing. Cell Rep. 2021/12/04 ed. 2021 Dec 21; 37(12):110156—110156. https://doi.org/10.1016/j.celrep.
2021.110156 PMID: 34914928

Wang Q, Guo Y, Iketani S, Li Z, Mohri H, Wang M, et al. SARS-CoV-2 Omicron BA.2.12.1, BA.4, and
BA.5 subvariants evolved to extend antibody evasion. bioRxiv. 2022; 2022.05.26.493517.

Suryamohan K, Diwanji D, Stawiski EW, Gupta R, Miersch S, Liu J, et al. Human ACE2 receptor poly-
morphisms and altered susceptibility to SARS-CoV-2. Communications Biology. 2021 Apr 12; 4(1):475.
https://doi.org/10.1038/s42003-021-02030-3 PMID: 33846513

Kumar N, Quadri S, AlIAwadhi Al, AlQahtani M. COVID-19 Recovery Patterns Across Alpha (B.1.1.7)
and Delta (B.1.617.2) Variants of SARS-CoV-2. Frontiers in Immunology [Internet]. 2022 Feb;
13:812606 https://doi.org/10.3389/fimmu.2022.812606 PMID: 35237265

Wang L, Berger NA, Kaelber DC, Davis PB, Volkow ND, Xu R. Incidence Rates and Clinical Outcomes
of SARS-CoV-2 Infection With the Omicron and Delta Variants in Children Younger Than 5 Years in the
US. JAMA Pediatrics [Internet]. 2022 Apr 1;e220945 https://doi.org/10.1001/jamapediatrics.2022.0945
PMID: 35363246

Clark SA, Clark LE, Pan J, Coscia A, McKay LGA, Shankar S, et al. SARS-CoV-2 evolution in an immu-
nocompromised host reveals shared neutralization escape mechanisms. Cell. 2021 May 13; 184
(10):2605—2617.e18. https://doi.org/10.1016/j.cell.2021.03.027 PMID: 33831372

Tegally H, Wilkinson E, Giovanetti M, Iranzadeh A, Fonseca V, Giandhari J, et al. Detection of a SARS-
CoV-2 variant of concern in South Africa. Nature. 2021 Apr 1; 592(7854):438—43. https://doi.org/10.
1038/s41586-021-03402-9 PMID: 33690265

Corey L, Beyrer C, Cohen MS, Michael NL, Bedford T, Rolland M. SARS-CoV-2 Variants in Patients
with Immunosuppression. N Engl J Med. 2021 Aug 5; 385(6):562—6. https://doi.org/10.1056/
NEJMsb2104756 PMID: 34347959 (available on 2022-08-05)

Elbe S, Buckland-Merrett G. Data, disease and diplomacy: GISAID’s innovative contribution to global
health. Glob Chall. 2017 Jan 10; 1(1):33—46. https://doi.org/10.1002/gch2.1018 PMID: 31565258

NCBI Resource Coordinators. Database resources of the National Center for Biotechnology Informa-
tion. Nucleic Acids Research. 2018 Jan 4; 46(D1):D8-13. https://doi.org/10.1093/nar/gkx1095 PMID:
29140470

Nakamura T, Yamada KD, Tomii K, Katoh K. Parallelization of MAFFT for large-scale multiple
sequence alignments. Bioinformatics. 2018 Mar 1; 34(14):2490-2. https://doi.org/10.1093/
bioinformatics/bty121 PMID: 29506019

Nguyen LT, Schmidt HA, von Haeseler A, Minh BQ. IQ-TREE: A Fast and Effective Stochastic Algo-
rithm for Estimating Maximume-Likelihood Phylogenies. Molecular Biology and Evolution. 2015 Jan 1; 32
(1):268-74. https://doi.org/10.1093/molbev/msu300 PMID: 25371430

Jacomy M, Venturini T, Heymann S, Bastian M. ForceAtlas2, a Continuous Graph Layout Algorithm for
Handy Network Visualization Designed for the Gephi Software. Muldoon MR, editor. PLoS ONE. 2014
Jun 10; 9(6):€98679. https://doi.org/10.1371/journal.pone.0098679 PMID: 24914678

Jubb HC, Higueruelo AP, Ochoa-Montafio B, Pitt WR, Ascher DB, Blundell TL. Arpeggio: A Web Server
for Calculating and Visualising Interatomic Interactions in Protein Structures. Journal of Molecular Biol-
ogy. 2017 Feb 3; 429(3):365-71. https://doi.org/10.1016/j.jmb.2016.12.004 PMID: 27964945

The PyMOL Molecular Graphics System. Schrédinger, LLC;

Song W, Gui M, Wang X, Xiang Y. Cryo-EM structure of the SARS coronavirus spike glycoprotein in
complex with its host cell receptor ACE2. PLOS Pathogens. 2018 Aug 13; 14(8):e1007236. https://doi.
org/10.1371/journal.ppat.1007236 PMID: 30102747

Khare S, Gurry C, Freitas L, Schultz MB, Bach G, Diallo A, et al. GISAID’s Role in Pandemic Response.
China CDC WKkly. 2021 Dec 3; 3(49):1049-51. https://doi.org/10.46234/ccdcw2021.255 PMID:
34934514

Krzywinski Ml, Schein JE, Birol |, Connors J, Gascoyne R, Horsman D, et al. Circos: An information aes-
thetic for comparative genomics. Genome Research [Internet]. 2009 Sep; 19(9):1639-45. https://doi.
org/10.1101/gr.092759.109 PMID: 19541911

PLOS ONE | https://doi.org/10.1371/journal.pone.0270276  July 27, 2022 28/28


https://doi.org/10.1016/j.celrep.2021.109292
http://www.ncbi.nlm.nih.gov/pubmed/34166617
https://doi.org/10.1016/j.celrep.2021.110156
https://doi.org/10.1016/j.celrep.2021.110156
http://www.ncbi.nlm.nih.gov/pubmed/34914928
https://doi.org/10.1038/s42003-021-02030-3
http://www.ncbi.nlm.nih.gov/pubmed/33846513
https://doi.org/10.3389/fimmu.2022.812606
http://www.ncbi.nlm.nih.gov/pubmed/35237265
https://doi.org/10.1001/jamapediatrics.2022.0945
http://www.ncbi.nlm.nih.gov/pubmed/35363246
https://doi.org/10.1016/j.cell.2021.03.027
http://www.ncbi.nlm.nih.gov/pubmed/33831372
https://doi.org/10.1038/s41586-021-03402-9
https://doi.org/10.1038/s41586-021-03402-9
http://www.ncbi.nlm.nih.gov/pubmed/33690265
https://doi.org/10.1056/NEJMsb2104756
https://doi.org/10.1056/NEJMsb2104756
http://www.ncbi.nlm.nih.gov/pubmed/34347959
https://doi.org/10.1002/gch2.1018
http://www.ncbi.nlm.nih.gov/pubmed/31565258
https://doi.org/10.1093/nar/gkx1095
http://www.ncbi.nlm.nih.gov/pubmed/29140470
https://doi.org/10.1093/bioinformatics/bty121
https://doi.org/10.1093/bioinformatics/bty121
http://www.ncbi.nlm.nih.gov/pubmed/29506019
https://doi.org/10.1093/molbev/msu300
http://www.ncbi.nlm.nih.gov/pubmed/25371430
https://doi.org/10.1371/journal.pone.0098679
http://www.ncbi.nlm.nih.gov/pubmed/24914678
https://doi.org/10.1016/j.jmb.2016.12.004
http://www.ncbi.nlm.nih.gov/pubmed/27964945
https://doi.org/10.1371/journal.ppat.1007236
https://doi.org/10.1371/journal.ppat.1007236
http://www.ncbi.nlm.nih.gov/pubmed/30102747
https://doi.org/10.46234/ccdcw2021.255
http://www.ncbi.nlm.nih.gov/pubmed/34934514
https://doi.org/10.1101/gr.092759.109
https://doi.org/10.1101/gr.092759.109
http://www.ncbi.nlm.nih.gov/pubmed/19541911
https://doi.org/10.1371/journal.pone.0270276

