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Abstract
Severe acute respiratory syndrome coronavirus-2 (SARS-CoV-2), an enveloped RNA virus transmits by droplet infection 
thus affects the respiratory system. Different genomes have been reported globally for SARS-CoV-2 with moderate level of 
mutation which makes it harder to combat the virus. Mutational profiling and the relevant evolutionary aspect of coronavirus 
proteins namely spike glycoprotein, membrane protein, envelope protein, nucleoprotein, ORF1ab, ORF3a, ORF6, ORF7a, 
ORF7b and ORF8 were studied by in silico experiments. Clustering of the protein sequences and calculation of residue rela-
tive abundance were done to get an idea about the protein conservancy as well as finding out some representative sequences 
for phylogenetic and ancestral reconstruction. By mutational profiling and mutation analysis, the effect of mutations on the 
protein stability and their functional implication were studied. This study indicates the mutational effect on the proteins 
and their relevance in evolution, which directs us towards a better understanding of these variations and diversification of 
SARS-CoV-2 for useful future therapeutic study and thus aid in designing therapeutic agents keeping the highly variable 
regions in mind.
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1  Introduction

Severe acute respiratory syndrome coronavirus-2 (SARS-
CoV-2) is the seventh coronavirus which is known to infect 
humans. Previously reported SARS-CoV (2002–03) and 
MERS-CoV (2012) also lead to severe respiratory illness 
whereas HKU1, NL63, OC43 and 229E are associated with 
relatively mild diseases [1]. The virus is a member of the 
betacoronavirus family, which is confirmed by the fact that 
it has 79.6% identity to SARS-CoV [2]. Phylogenetic studies 
have also confirmed that the virus belongs to the betacoro-
navirus family and is closer to the SARS-like coronavirus 
in bat [3]. The virus shows a 4% sequence variability when 
compared with its closest relative, bat SARS-related corona 
virus RaTG13 and the variability reaches to almost 17% in 
the neutral sites. The development of new variations in the 
virus which has given rise to the more prevalent L type and 
less found S type. This is not only due to recombination but 
can also be attributed to mutation and natural selection [4].

The virus has approximately 30 kb long positive sense 
single stranded RNA genome with 38% GC content. The 
virus particle has a spherical shape with some polymor-
phism, the diameter of which range from 60 to 140 nm with 
distinctive spikes about 8 to 12 nm in length [5]. The virus 
consists of a 7096 amino acid long replicase polyprotein 
1ab which is cleaved to form several proteins which play 
a very important role in virus replication. The components 
are host translation inhibitor nsp1, RNA dependent RNA 
polymerase, helicase, protease, endonuclease, exonuclease, 
methyltransferase and many others. This polyprotein is syn-
thesized in such a manner that during translation there is 
a ribosomal frameshift to the − 1 frame which makes this 
polyprotein different in comparison to polyprotein 1a which 
is translated from the same RNA region. The spike glyco-
protein is one of the most important proteins on the surface 
of the virus which interacts with the host ACE2 receptor for 
entry into the cell [6]. The protein encoded by ORF7a is a 
non-structural protein which plays a very important role in 
viral replication in cell culture by modulating the host G0/
G1 transition checkpoint. The protein encoded by the ORF3a 
forms a homotetrameric K+ ion channels and can also modu-
late the release of virus particles. The membrane protein and 
envelope protein both constitute the virion outer envelope. 
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The nucleoprotein packages the viral RNA genome to form 
the helical ribonucleocapsid and also plays a very impor-
tant role in viral assembly through its interactions with the 
viral genome and membrane protein. The envelope protein 
besides its role in forming the viral envelope also acts as a 
viroporin to form pentameric protein-lipid pores that allow 
ion transport. The proteins encoded by ORF6, ORF7b and 
ORF8 may function as a determinant of virus virulence, 
integral component of viral membrane and a relay point for 
host-viral interaction, respectively [7].

In this study almost all of the proteins belonging to the 
virus were considered and those were characterized using 
several in silico methods. This has been done to create a 
mutation profile and thus analyze all the mutations with 
respect to a parent ancestral strain from where the virus has 
diversified. These findings provide idea about the impact of 
different mutations on the proteins in terms of their stabil-
ity and overall influence aiding in the study of evolution of 
this virus.

1.1 � Methodology

1.1.1 � Sequence Retrieval

The protein sequences of ORF1ab, ORF3a, ORF6, ORF7a, 
ORF7b, ORF8, spike glycoprotein, nucleocapsid, envelope 
protein and membrane protein were retrieved from the NCBI 
virus page. Globally 1740 (one from Africa, 163 from Asia, 
28 from Europe, 1542 from North America, one from Oce-
ania and four from South America) complete genomes have 
been sequenced with the human host till 9th May, 2020. 
Amino acid sequences of these ten proteins belong to the 
genomes mentioned above.

1.1.2 � Clustering and Shannon Entropy Calculation

Sequences were clustered using CD-HIT (CDHIT: https://​
pubmed.​ncbi.​nlm.​nih.​gov/​16731​699/) at a threshold of 
100% identity to determine the total number of different 
unique sequences that are present for each protein [8]. This 
also helps to identify what could be the native residue, at 
a particular position which has undergone mutation over 
the course of time as well as provides the data of relative 
abundance of different amino acids at each position of a pro-
tein. This also aids in getting idea to gain more information 
on the possible ancestral strain of the virus which is later 
done by phylogenetic reconstruction of the closest ances-
tral sequences. Shannon entropy (H) is used to estimate the 
diversity among protein sequences by the equation:

H = −

M
∑

i=1

P
i
log2Pi

 (Pi = probability of i, where i refers to 

the amino acid type and M refers to the number of amino 
acid type) [9]. H ranges from 0 (only one residue is present 

at that position) to 4.322 (all 20 residues are equally repre-
sented in that position). High entropic value at a particular 
position means higher variability of amino acid at that posi-
tion and vice versa. When Shannon entropy is applied to a 
multiple sequence alignment (MSA), it computes the entropy 
(variability) for every position. In statistical mechanics, 
entropy is a measure of the number of ways a system can be 
arranged or number of states. In MSA, the entropy value for 
a particular position indicates the number of amino acids can 
be present in that position (more like informational entropy). 
Thus, for DNA or protein sequence it can compute the rela-
tive variation (with respect to nucleotide or amino acid, 
respectively) present in different sequences of a set as well 
as provide some quantitative data to guess the nucleotide or 
amino acid which is present with higher percentage for a 
particular sequence set [10]. Here, Los Alamos Shannon 
entropy tools were used for the calculation Fig. 1. Execution 
of these two processes were used to map the relative abun-
dance of the residues in the proteins along with some repre-
sentative mutant sequences.

1.1.3 � Phylogenetic Analysis

All the clustered representatives were phylogenetically ana-
lyzed using the Dayhoff model of amino acid substitution 
and 1000 bootstraps in the IQTREE server (http://​iqtree.​
cibiv.​univie.​ac.​at/) [11]. Approximate Bayes’ test was also 
done for the same. The final trees were visualized in iTOL 
(https://​itol.​embl.​de/) to get a phylogram [12] Fig. 2. So by 
this analysis, it was possible to map the sequence which is 
closest to and have arisen from the root itself as well as the 
diversified sequences. By ancestral sequence reconstruction 
from these in-group phylogenetic trees, the root sequence 
i.e. the first node sequence was reconstructed and compared 
with existing sequences. Phylogenetic analysis (using out-
group protein sequences) was performed to detect the true 
root of the sequences, where the Bat Coronavirus sequences 
served as outgroups. Due to change in sequence size owing 
to evolution, the size of the ancestral sequences could be dif-
ferent in certain cases and these changed length sequences 
were considered for further analysis involving stability upon 
mutation. Multiple sequence alignment was done using 
MultAlin (http://​www.​sacs.​ucsf.​edu/​cgi-​bin/​multa​lin.​py) 
to compare the Wuhan reference strain with the most recent 
ancestor reconstructed from ingroup and outgroup phylo-
genetic trees.

1.1.4 � Mutation Profile

The mutational profile of the proteins were generated 
using EVmutation (EVcouplings) web server (https://​
evcou​plings.​org) [13, 14]. Presently the unique muta-
tion profiling algorithm used in this server, accepts data 

https://pubmed.ncbi.nlm.nih.gov/16731699/
https://pubmed.ncbi.nlm.nih.gov/16731699/
http://iqtree.cibiv.univie.ac.at/
http://iqtree.cibiv.univie.ac.at/
https://itol.embl.de/
http://www.sacs.ucsf.edu/cgi-bin/multalin.py
https://evcouplings.org
https://evcouplings.org
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Fig. 1   Shannon entropy calculation of the aligned protein sequences of SARS-CoV-2. The bars show the frequency of variation of amino acids 
at that position. Lower entropic frequency means the presence of highly conserved amino acid residue at that position

Fig. 2   Phylogenetic trees of eight SARS-Cov-2 proteins: a spike, b 
ORF3a, c envelope, d membrane protein, e ORF6, f ORF7a, g ORF8, 
h nucleocapsid, are mentioned in the text in Newick format. Repre-
sentative sequences derived from clustering data were used for phy-
logenetic tree construction. Results show that the initial sequences 

(YP009724390, YP009724391, YP009724392, YP009724393, 
YP009724394, YP009724395, YP009724396, YP009724397) belong 
to the same strain for all proteins. The circle in each cases indicates 
the starting point for diverging out of phylogenetic tree. The rectan-
gular boxes denote the representative sequence (ancestral sequence)
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belonging to the range of 50–500 amino acids. Thus, 
ORF1ab, spike protein and ORF7b were not considered 
for being out of acceptance range, while the rest seven 
proteins abiding by the requisites of the server were con-
sidered for further analysis being in the acceptable region. 
In case of polyprotein ORF1ab, any analysis other than 
the stability of the protein would not be accurate as it gets 
cleaved into different individual proteins with independ-
ent functions in many cases inside the host cell. In each of 
these profiles the ancestral sequence reconstructed from 
the ingroup phylogenetic trees was taken as the starting 
point and effect of all mutations mapped using two sepa-
rate algorithms: the independent model and the epistatic 
model. The independent model Fig. 3 considers only local 
effect of each mutation, having an independent effect on 
the overall characteristics of the protein while the epistatic 
model Fig. 4 considers coupling of both local and global 
effect of mutation and calculates the change in energy 
using an energy function on the basis of statistical phys-
ics. Both these models and their respective algorithms are 
part of the EVmutation server.

1.1.5 � Mutation Analysis

The iMutant 2.0 server (https://​foldi​ng.​biofo​ld.​org/i-​
mutant/​i-​mutan​t2.0.​html) was used to predict the differ-
ence of change in Gibbs free energy between wild type 
protein (in this case is the ancestral reconstructed strain 
from the outgroup trees so that the true root is used for 
analysis) and the mutated sequence to predict the effect 
of mutation on stability [15–17]. The ∆G of formation of 
both wildtype and mutant proteins is the change in energy 
of the same from unfolded to folded state (i.e. ∆G = energy 
of folded state—energy of unfolded state) and ∆∆G is 
the difference between ∆G of formation of wild type and 
∆G of formation of mutant protein with both values being 
negative as folding of protein leads to decrease in energy 
(∆∆G = ∆Gf

WT − ∆Gf
Mutated). Thus a negative value indi-

cates the wild type value is more negative than mutant 
implying that the wildtype is more stable and mutation 
leads to decrease of stability. On the other hand a positive 
value indicates that the wild type value is less negative 
than the mutant protein implying the increase of stability 
upon mutation. For sequence based prediction, the server 

Fig. 3   Independent model of mutational profiling using EVmutation 
server. X-axis of the graph represents the amino acid sequences with 
corresponding position of the mentioned protein and Y axis repre-

sents the amino acid (KRHEDNQTSCGAVLIMPYFW) substitution. 
The colour gradient from higher intensity of blue towards red refers 
to the lowering of harmful effect due to mutations on the protein

https://folding.biofold.org/i-mutant/i-mutant2.0.html
https://folding.biofold.org/i-mutant/i-mutant2.0.html
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has shown an accurate result in 77% of the cases using the 
dataset belonging to Protherm, the database for all experi-
mentally determined thermodynamic parameters of wild 
type and mutant proteins. According to the server ΔΔG is 
the difference of unfolding Gibbs free energy between the 
mutated and wild type of the protein which is a positive 
value as proper folding of the protein leads to decrease of 
energy. So when the difference between these ΔG are con-
sidered for wild type and mutant species, a negative value 
is considered to be destabilizing as the difference between 
the energy of unfolded and folded state gets reduced in 
the mutant strain thus making it smaller than that for wild 
type sequence. So a positive difference indicates that the 
ΔG of mutant sequence is greater (greater negative value) 
than the wild type sequence and thus the mutation has a 
stabilizing effect on the protein. All mutations were per-
formed at 25 °C and pH 7. The temperature was selected 
such that it is close to average temperature of the world 
and pH such that it is neutral and does not influence any 
particular type of mutation. Both these factors affect the 
nature of mutation and its effect on stability where chang-
ing either of values can affect the nature of results. All 

mutations were performed in two sets at 25 °C, pH 7 and 
37 °C, pH 7.4. The temperatures were selected such that 
it is close to average temperature of the world and the 
conventional temperature at which enzymes get activated. 
Similarly, neutral pH as well as human blood pH were 
selected so that none of them influence any particular type 
of mutation. The results were compared by performing a 
paired T-test (significance level 0.05) to investigate statis-
tical significance between the two sets. Paired T-test is per-
formed between two similar sets at two different scenarios 
and gives result of significant difference between the two.

The DUET web server (http://​biosig.​unime​lb.​edu.​au/​
duet/​stabi​lity) was used to study the effect of mutation 
on protein stability at the structural level [18]. It takes 
into account a statistical potential energy and graph based 
signatures to represent the 3D protein environment to pre-
dict the effect of the mutation on protein stability. The 
structures for the same was constructed using homology 
modelling taking 7jtl.pdb as template for ORF8, 6xdc.pdb 
for ORF3a, 6m3m.pdb for nucleocapsid and 7cn8.pdb for 
spike. These structures were used for study of mutations’ 
effect on stability.

Fig. 4   Epistatic model, considering both local and global effect of 
mutation using EVmutation server. X-axis of the graph represents the 
amino acid sequences with corresponding position of the mentioned 
protein and Y axis represents the amino acid (KRHEDNQTSCGAV-

LIMPYFW) substitution. The colour gradient from higher intensity 
of blue towards red refers to the lowering of harmful effect due to 
mutations on the protein

http://biosig.unimelb.edu.au/duet/stability
http://biosig.unimelb.edu.au/duet/stability
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1.1.6 � Functional Effect of Mutations

The functional impact of mutations i.e. whether the mutation 
is tolerated by the protein or not is predicted by the SIFT 
web server (http://​sift-​dna.​org) which makes use of simi-
lar protein to evaluate the effect of amino acid substitution 
based on sequence homology [19] thus taking into consid-
eration the evolutionary conservancy of residues where it is 
thought that functionally important residues are those which 
remain conserved throughout the course of evolution. Thus 
only proteins which have a minimum number of sequences 
can be analyzed using the same. Due to lack of acceptable 
number of sequences available, ORF8 and ORF7b could not 
be analyzed to take a look at the functional relevance of the 
mutations taking the Wuhan reference strain (NC_045512) 
as reference for evaluating the tolerance of the mutation.

2 � Result

2.1 � Identification of Unique Sequences 
of SARS‑CoV‑2 Proteins Sequences

Protein sequences with complete information regarding their 
mutational changes, are only considered in this study for all 
SARS-CoV-2 proteins except the polyprotein ORF1ab where 
all sequences were taken into consideration. This polypro-
tein gives rise to all the functional and nonstructural proteins 
of the virus like protease, exonucleases, endonucleases, heli-
case, polymerase etc. and loss of information is for just a 
part of the protein and not all the protein. So for this protein 
only the unknown positions designated as X positions were 
discarded and not the whole sequences. The number of dif-
ferent unique sequences for the various proteins are as fol-
lows: 630 for ORF1ab (including the incomplete sequences), 
79 for spike glycoprotein, four for Envelope, 14 for mem-
brane protein, 66 for Nucleoprotein, 44 for ORF3a, seven 
for ORF6, 18 for ORF7a, 25 for ORF8 and three for ORF7b. 
All these sequences differ from each other in at least one 
position. At 90% identity it has been seen that these clusters 
coalesce to a single cluster, reiterating the fact that they do 
not have too many mutations amongst them and these muta-
tions can only be identified at a very fine resolution.

2.2 � Calculation of Relative Abundance of Amino 
Acids of SARS‑CoV‑2 Proteins

Shannon entropy was calculated for the protein sequences to 
determine the relative conservancy and abundance of each 
amino acid at each position Fig. 1. The relative abundance 
data provides us with the information of what all mutations 
are found at each respective position for the proteins. The 
Shannon entropy data is useful in knowing the conservancy 

of an amino acid in a particular position which may have 
functional implications as it is the functionally important 
residues which remain evolutionarily conserved.

2.3 � Phylogenetic Analysis of the Representative 
Sequences of SARS‑CoV‑2 Proteins

The representative sequences from clustered data were 
used for phylogenetic tree construction using the IQTree 
software package where the Dayhoff model was used for 
the same along with Bayes’ test and 1000 bootstraps. The 
reconstructed sequence at the root for the reconstructed 
trees considering ingroup sequences, was again seen to 
be the sequence of the Wuhan 2019 strain. Phylogenetic 
trees Fig. 2 were built independently for all the proteins 
separately except for ORF7b, because it has only three 
different sequences those differed from the root sequence 
by one amino acid. The result showed that the initial 
sequence or the ancestral origin is the same for all of the 
proteins (YP009724390, YP009724391, YP009724392, 
YP009724393 ,  YP009724394 ,  YP009724395 , 
YP009724396, YP009724397). While constructing the 
ancestral sequences i.e. the closest ancestor from which 
the SARS-CoV-2 sequences emerged considering the clos-
est relative i.e. Bat Coronavirus as an outgroup it was seen 
that the reconstructed sequences were highly similar to the 
Wuhan strain of the virus. The sequences were absolutely 
identical for proteins M, S and ORF8 while for E there is one 
substitution and one addition, which has been removed in the 
course of evolution. Similarly in case of ORF3a there is one 
substitution while for ORF6 and N there is one substitution 
and two amino acids addition for both proteins. These addi-
tional amino acids indicate that evolution has shortened the 
sequence lengths in these proteins. From the data of ingroup 
sequences, it can be seen that the Wuhan strain is actually 
the ancestral strain, while taking in consideration the out-
group sequences it can be seen that the Wuhan strain is very 
close to the ancestral strain which in terms of substitution is 
one amino acid apart in few cases while in others they are 
absolutely identical.

2.4 � Mutation Profiling of SARS‑CoV‑2 Proteins 
Using Independent and Epistatic Models

The resulting data of all proteins here, follows a trend of 
having an overall impact of the mutations on the phenotype 
of the protein and not just on their stability. The effect of the 
mutations on the stability is mostly additive because, accord-
ing to the independent model, it considers the effects of each 
mutation to be independent of the other mutations and thus 
shows additive nature being mutually exclusive events. But, 
in some cases their effects may not be independent of each 
other and influence each other as well (epistatic mutation). 

http://sift-dna.org
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The intensity of different shades of blue color represent the 
extent of damaging influence of the mutations created upon 
the overall protein Figs. 3 and 4. The changes from blue to 
white exemplify the decreasing amount of damaging influ-
ence while the change from white to red marks the amount 
of beneficial influence of the mutations on the protein. Thus 
by comparing the results of both the models of any particular 
mutation on each of the proteins, it was seen that the epi-
static model Fig. 4 gives a wider range of energy than the 
independent model Fig. 3. This indicates that the mutation 
which in some cases appear to be less damaging or even 
beneficial to some extent, actually has far-reaching effects 
beyond their additive nature when the change of interactions 
with surrounding residues is taken into consideration. Thus 
a mutation which is independently more or less neutral has 
a deeper effect which cannot be understood by looking at 
the mutation alone but needs to be considered as a collec-
tive. The evolutionary fitness data of a particular mutation 
can also be predicted from this analysis due to the fact that 
the model compares the effects of the mutations as a whole 
which would help to determine the overall stability of the 
proteins and their phenotypic consequence, thus provide 
knowledge about the possible evolutionary pathways the 
proteins have undergone or will undergo. The stability data 
also provide information about how much the protein is evo-
lutionarily fit as in order to evolve the protein has to cross 
the evolutionary fitness barrier which is again governed by 
the stability of the protein. Thus both the models suggest the 
impact of mutations on the fitness of the proteins in the evo-
lutionary timescale but the data obtained by employing the 
epistatic model has much wider and in depth implications 
by taking into consideration both local and global effects 
of the mutation and is thus more robust of the two models 
used in this study.

2.5 � Mutation Stability Analysis of SARS‑CoV‑2 
Proteins

Each mutation was considered separately as single point 
mutation for most of the sequences Table 1. In most cases 
it has been seen that these mutations show additive effect 
upon protein stability according to the independent model 
of mutation. Thus, these single point mutations can be 
extrapolated to multiple mutations in cases where applica-
ble. When a single residue has been mutated to multiple 
residues Table 2, they have been considered as separate 
mutations. In Table 2, the difference of energy occurred as 
a result of the mutations has been recorded and those data 
imply the stability of the proteins on the basis of change 
in Gibbs free energy, and the changes of amino acids from 
wild type to mutated strains. The data tabulated in Table 1, 
classified as four categories with respect to ΔΔG values as 
mild stabilizing (0–1), strong stabilizing (greater than 1), 

mild destabilizing (0 to − 1) and strong destabilizing (less 
than − 1) mutations. Table 1 data shows 617 destabilizing 
mutations and 162 stabilizing mutations i.e. destabilizing 
mutations are 79.20% of the total mutations (779). So, it 
can be seen that the destabilizing mutations dominate over 
the stabilizing ones and thus leads to a decrease in stability 
of the proteins in turn promoting further evolution. Both 
ΔΔG values (25 °C and 37 °C) were compared using two 
tailed paired T-test (at 0.05 significant level). For all eight 
proteins, (except ORF 7b and envelope due to low sample 
size) results indicate non-significant difference between the 
two groups Table 3.

The effect of mutation on stability were mostly in agree-
ment to the data generated based on sequence analysis. For 
Orf8, it was seen that 80% of the mutations were destabiliz-
ing at the structure level, for nucleocapsid this percentage 
was 77.7%, 75% for ORF3a and 61% for spike. It was seen 
that for a majority of the proteins, full structure could not 
be constructed and thus the effect of all the mutations could 
not be studied at the structural level due to the constraint of 
non-availability of the region in the respective structures. 
This makes the predictions at the sequence level essential 
for these mutations as no structural data is available for all 
the proteins.

2.6 � Effect of Mutations on Protein Function

Analyzing the tolerance of mutation on the individual pro-
teins taking the Wuhan reference strain protein sequence 
as the reference it was seen that the overall tolerance level 
varied based on proteins Table 1. In some proteins like 
spike glycoprotein (S), the majority of mutations are toler-
ant which makes the virus infective in spite of such high 
mutations in the protein. This data proves that though the 
protein may lose out on stability due to the mutations, its 
function is not compromised. On the other hand, there are 
proteins like ORF3a and ORF7a where most of the muta-
tions are non-tolerant as their functions get compromised 
which points to the fact that there is little acceptance to the 
change in the particular proteins. In the RNA directed RNA 
polymerase (RdRP) the prevalence of non-tolerating muta-
tions show that the protein needs specific residues to carry 
out its function and mutations compromise the function in 
most cases and may also play a role in decreasing infectivity 
of the virus with time. Thus it has been seen that there is no 
uniform rule for the functional impact of the mutations on 
the protein. The impact of mutations vary from protein to 
protein and is based mainly on their evolutionary conserv-
ancy, which directly points to the functional impact of the 
proteins in the virus lifecycle as it is the functionally impor-
tant residues which have been seen to be more resilient to 
mutations (to preserve their function) and highly conserved 
across evolution. Conversely, there are proteins which needs 
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to evolve with time to maintain its infectivity and thus needs 
to be more flexible with respect to mutations.

2.7 � Discussion

In this short span of time SARS-CoV-2 has mutated itself 
which has led to its strain diversification. Here, first using 
the clustering the different types of sequence were identified 
which helps to know the relative percentages of the different 
sequences in existence. The less amount of divergence per 
residue indicates the fact that the virus has not originated a 
very long time ago as with passage of time the amount of 
divergence goes on increasing as can be seen in the case of 
HIV-1 [20].

The presence of one phenotypic mutation in most of the 
cases leads to the fact that the virus is relatively new. The 
mutation profile indicates the overall influence of all the 
mutations possible in these proteins. Most of these muta-
tions have not been reported till now and many may never 
be reported as well due to their destabilizing effects on the 
virus. From the overall view of the effects of all of these 
mutations on these proteins it can be said that majority of 
the mutations are destabilizing in nature to the respective 
proteins which in turn acts as an incentive for their further 
evolution so that they can survive to attain a higher stability 
and not be rejected during natural selection [21].

In this study, through mutation analysis, it has been seen 
that the predominant of the mutations are destabilizing in 
nature ranging from 60 to 100% [22]. Thus the mutations 
lead to a decrease in stability of the proteins by both struc-
tural and functional aspects. It has been seen in several stud-
ies that the increase in protein core size leads to an increase 
in the mutational robustness of the proteins thus making 
them more susceptible to the mutations which occur as a 
result of polymerase errors, host encoded mutation rate mod-
ifiers besides the fact that the virus contains a single stranded 
RNA genome [23]. It is seen here that larger proteins which 
are not disordered also undergo the same as is evident from 
71 mutation sites in Spike protein (1273 amino acids) to just 
two mutation sites in protein ORF7b (43 amino acids). Thus 
it can be said that larger protein cores can accumulate more 
mutations leading to more mutational robustness. In both 
eukaryotes and prokaryotes it has been seen that the median 
of the mutations lie in the destabilizing range, the number 
being further more for archaea. Thus larger protein cores 
accumulate more destabilizing mutations which also reflects 
the strong stability determined constraints on proteins. Stud-
ies have shown that highly stable proteins have slower evo-
lutionary rates as stability retards structure evolution owing 
to the formidable fitness valley barriers. Evolution of new 
structure occurs by passing through a series of unstable 
intermediates. This formation of intermediates is hindered 
by the high fitness barrier. This can also be proved by the 

Table 2   The Gibbs free energy 
changes of four SARS-
CoV-2 proteins due to the 
corresponding mutational 
changes

Name of the protein Amino acid 
position

AAwild type AAMutant ΔΔG at 25ºC ΔΔG at 37ºC

Membrane protein (M) 2 A V − 0.39 − 0.29
S − 0.46 − 0.45

3 D G − 0.49 − 0.22
38 A S − 0.29 − 0.27
70 V I − 1.27 − 1.11

S − 3.66 − 3.36
85 A S − 0.76 − 0.74

155 H Y − 0.22 − 0.21
175 T M − 0.59 − 0.57
190 D N − 1.85 − 1.65
209 D Y − 1.85 − 1.73

Envelope (E) 36 A V  + 1.47 1.59
37 L H − 1.76 − 1.74
71 L P − 1.34 − 1.27

ORF6 8 Q H − 1.9 − 1.87
9 V F − 2.36 − 2.43

34 S N 0.85 1
42 K N − 1.41 − 1.29
61 D Y 0.97 1.07

ORF7b 19 F L − 1.72 − 1.63
28 F Y − 0.89 − 0.86
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fact that the abundant proteins which have evolved towards 
greater stability have slow evolution rates [20]. Compactness 
of the protein leads to stability in the protein. This compact-
ness can be described using contact density in the protein 
which may thus act as a proxy for thermodynamic stability 
which has been shown to be negatively correlated with the 
evolutionary rate.

For a protein to evolve, a threshold level of stability is 
needed. If the protein exceeds this threshold by a consider-
able margin it can accumulate more of these destabilizing 
mutations and lead to a higher evolutionary rate. But if the 
protein is very much close to the threshold then too much 
of these mutations will lead to it falling below the thresh-
old and thus lead to loss of structure and function of the 
protein and eventually being removed by natural selection. 
This is where the role of the less prevalent stabilizing muta-
tions come in which may play an enabling role so that to 
increase the breadth of these destabilizing mutations that 
can be accommodated [24]. These destabilizing mutations 
lead to structural disorder which allows the protein to occupy 
multiple conformations and by more evolutionary refine-
ments can lead to specialization and further stabilization. 
Thus the fitness and functional advantage is given priority 
by selection even compromising the structural stability of 
the protein [25].

An example for the same can be considered in the form 
of HIV-1. In spite of using combinatorial drugs, the problem 
with HIV-1 is that they frequently become drug-resistant. 
Thus evolutionary trace back of the same was done to arrive 
at evolutionary primitive sequences. When these sequences 
were compared with drug resistant strains for amino acid 
replacements it was seen that the predominant of these sub-
stitutions were destabilizing in nature. The overall evolu-
tionary history of HIV-1 has shown a tendency for decrease 
in stability [26]. When the non-drug resistant strains were 
considered it was seen that the specific accessory mutations 
spotted were mostly stabilizing in nature and thus stabilized 
the proteins. But overall the same story was seen where the 
proteins in the course of evolution show a decrease in stabil-
ity. It has been known for a long time that HIV-1 has a very 
high rate of mutation which renders the drug ineffective and 
a possible reason for the high rate could be this accumulation 
of destabilizing mutations which lower the fitness barrier. 
The same results in case of SARS-CoV-2 could indicate the 
same where the high prevalence of destabilizing mutations 
can be one of the primary reasons for the huge variation and 
strain diversification of the virus.

Based on the functional implications of the mutations, it 
can be seen that the impact varies according to the impor-
tance of the protein in the virus and its role in the virus 
lifecycle. Some mutations may lead to change in the phe-
notype of the protein leading to various drugs becoming 
ineffective in clinical trial as well as increasing the viral 

survival capability as can be seen in D614G mutation of 
spike protein [27]. It has also been seen that mutation lead 
to greater infectivity of the virus [28].

Proteins involved in the basic function of the virus 
have been primarily seen to be resilient to mutations and a 
majority of the mutations cannot be functionally tolerated 
by the proteins, this data points that the residues which are 
involved in mutation have a chance of affecting the active 
site and thus lead to a reduced efficacy in the proteins. 
On the other hand of the spectra, there are proteins which 
are involved in virus infectivity and thus to maintain the 
same they need to be flexible and open to varied types of 
mutation but still maintain the infectivity otherwise the 
virus would lose infectivity very easily and would perish 
even before entering the host cells. Proteins like the spike 
glycoprotein(S) which have a whole plethora of mutations 
which in spite of adversely affecting the protein stability 
have a positive role in function and thus the mutations 
play very important in evolution by promoting evolution 
in both ways.

Thus it is the mutations’ effect on protein stability which 
reduces the fitness barrier and also on protein function that 
promotes the role of the mutations in the ability to evolve 
the virus such that it is causing a wide spread pandemic by 
adapting to new hosts and environments through increasing 
its genetic diversity in a very short period of time [23]. The 
data can be validated with the data obtained from SARS-
CoV-1 where a specific selection for some sequences have 
occurred due to availability of divergence time (supplemen-
tary data).

3 � Conclusion

COVID-19 caused by SARS-CoV-2 has been made an out-
break since December 2019 and become a worldwide pan-
demic. Disease specific medication has not yet been discov-
ered and one of the main reason may be the mutations that 
occur in the protein sequences and leads to different strains 
of the virus. Investigation and analysis of the mutations in 
ten SARS-CoV-2 proteins are executed in this study using 
several in silico methods. Determination of variation in dif-
ferent protein sequences was done by clustering and iden-
tification of ancestral sequence done using both Shannon 
entropy calculation and phylogenetic analysis. By mutational 
profiling and mutation analysis, the effect of mutations on 
the protein stability and their functional implication were 
studied. This may be helpful for future study in identifying 
proper medication against the virus by characterizing the 
varying nature of the functionally important residues thus 
making it effective against a vast range of mutations which 
are or will be found in the respective proteins. Thus, these 
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mutations even advocate the need for combinatorial therapy 
for better efficacy like in the case of HIV-1 where using a 
single drug leads to development of resistance against the 
same very quickly, resulting in the need to use combinato-
rial therapy. Similar cases have also been seen for several 
respiratory viruses where again combinatorial therapy have 
given excellent results [29, 30].
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