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Pattern of genomic variation in SARS-CoV-2 (COVID-19)
suggests restricted nonrandom changes: Analysis using Shewhart
control charts
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SARS-CoV-2 is a member of the Coronavirus family which recently originated from the Wuhan province of
China and spread very rapidly through the world infecting more than 4 million people. In the past, other
Coronaviruses have also been found to cause human infection, but not as widespread as COVID-19. Since
Coronavirus sequences constantly change due to mutation and recombination, it is important to understand the
pattern of changes and likely path the virus can take in the future. In this study, we have used the Shewhart
control chart to identify and analyze hypervariable (hotspots) and hypovariable (coldspots) regions of the virus.
Our analysis shows that SARS-CoV-2 has changed in a few regions of the genome. Analysis of SARS-CoV-1
and MERS sequences suggests that over time, mutations start accumulating in different regions and most likely
SARS-CoV-2 may also follow a similar path. The results suggest a possible emergence of modified viruses
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1. Introduction

Coronaviruses are single-stranded RNA viruses that
vary in size from 26 to 32 kilobases (Schoeman and
Fielding 2019). Based on the serology and genome, the
Coronavirinae subfamily is divided into four major
genera: Alphacoronavirus, Betacoronavirus, Gamma-
coronavirus, and Deltacoronavirus (Wertheim et al.
2013). Generally, these display host specificity, the
former two primarily infect mammals, whereas the
latter two predominantly infect birds (Chan et al
2013). Coronaviruses mainly cause respiratory and
gastrointestinal tract infections, and several different
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instances of human infections have been seen. Some of
these are the severe acute respiratory syndrome coro-
navirus (SARS-CoV-1, SARS1), and the Middle East
respiratory  syndrome coronavirus (MERS-CoV,
MERS) where substantial numbers of humans were
infected (Chu et al. 2014). These viruses are highly
prevalent in animals. Novel viruses emerge occasion-
ally due to genomic alteration as a result of cross-
species infections and high rate of sequence diversity
and frequent recombination of their genomes (Rehman
et al. 2020).

The viral genome is the positive strand, and therefore
the genomes need to be copied using a virally coded
RNA dependent RNA polymerase (RdRp) for replica-
tion. RdRps display a high level of error during
copying RNA strands, thereby introducing a number of
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mutations in the genome (Castro et al. 2005). Coron-
aviruses also undergo a high degree of recombination
among each other, probably using a template-switching
mechanism (Lai Lai 1992). The genome plasticity
allows viral evolution and emergence of novel viruses
with altered host range and pathology. The SARS-CoV-
2 or COVID-19 virus has emerged from a zoonotic
source as late as December 2019 and infected a couple
of million people worldwide with high mortality
ranging from around 3-10%. This virus displays altered
disease transmission and pathology as compared to
SARS1 and MERS (Lai et al. 2020).

A large number of COVID-19 genomes from dif-
ferent parts of the world have been sequenced. The
sequenced information has been used to classify viru-
ses, in order to understand the origin of these viruses.
The results from these analyses clearly showed that
COVID-19 is a lineage B Betacoronavirus and closely
resembles two bat SARS-like coronaviruses with an
extremely high degree of sequence identity with each
other and bat viruses (Velavan et al. 2020). Less than
1% sequence divergence observed suggests that these
viruses have evolved in humans recently. Most of the
computational approaches towards the analysis of
COVID-19 sequences are for better classification of the
viral sequences and eventually understanding features
and patterns that correlate with disease severity. For
achieving these goals both alignment-based and free
methods have been used with variable success (Robson
2020).

One of the major concerns of COVID-19 is viral
evolution and its potential impact on our future disease
surveillance and prevention strategies. For example, if
the targeted domains for vaccines change so that anti-
bodies do not recognize the altered virus, vaccinated
individuals will not be protected (Wang et al. 2019). In
order to study the evolution of viruses, there is a need
to understand patterns of genomic changes in the
viruses that have been isolated after the pandemic has
started. In this study, we present the results of an
analysis of COVID-19 sequences using Shewhart
control charts (SCC) which were developed for the
identification of genomic hot and cold spots.

2. Results and discussion

2.1 Nonrandom distribution of single nucleotide
variations (SNV)

We have carried out a distribution of SNVs between
two isolates one being the reference genome
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NC 045512 of COVID-19 and another a randomly
generated SNVs following Poisson distribution. For
this analysis, we have used a non-overlapping window
of 250 nucleotides. SNV counts were plotted within the
250 nucleotide segments (figure 1). For comparison,
we have also generated the same number of SNVs with
random map positions (Supplementary figure 1). It is
clear that the SNVs are distributed nonrandomly across
the genome. The bin size of 250 nucleotides was
chosen considering our past experience and the size of
the genome. The optimal bin size of 250 has been
chosen through prior experience and observations by
considering all the SNVs spread over the entire gen-
ome. Previously, Das et. al. in 2012 had found that
optimal bin size is 2000 for Mycobacterium tubercu-
losis H37Rv genome (4 million genome size). The bin
size chosen here was based on the size of the genome
being analysed in comparison to that of M.
tuberculosis.

2.2 Distribution of SNVs in COVID-19

Genomic sequences of a total of 552 isolates of
COVID-19 were used to generate SCC. SCC a useful
statistical test is used for quality control in the manu-
facturing process (Nelson 1984). This chart can be used
to monitor one or more variables that are directly or
indirectly associated with a production process and can
detect instantly any significant deviation during the
manufacturing process. SCC was used for finding
hotspot and coldspot regions in bacterial genomes (Das
et al. 2012). In the application, the genomes were
divided into segments of equal length and a number of
SNVs were noted that map to these regions. Basic
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Figure 1. SNVs frequency identified at each genomic
location by comparing NC 045512 genome along with all
the SARS-CoV-2 isolates.
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characteristics of these charts are Center Line (CL), the
Upper Control Limit (UCL) and Lower Control Limit
(LCL). This chart graphically displayed the regions that
showed the number of SNVs beyond a certain statis-
tical limit (out of control) that is, above UCL in a given
location of the genome. Hotspots are defined as the
regions that are above UCL and correspondingly
coldspots map close to zero lines (Koutras et al. 2007).
In effect, SCC finds regions that display statistically
higher or lower levels of variations compared to all
other regions.

Cumulative SCC of 552 number of COVID-19
genomes is shown in figure 2. For this analysis, we
have used a window size of 250. The results showed
that there are only 9 hotspot regions. The majority of
the regions lie in the cold spot areas. It indicates a high
degree of similarity and a low level of variations
among different isolates. The hotspot regions were
further studied by mapping to the protein sequences
and 3D structure (UniProtKB). The summary of the
results is shown in table 1.

Some of the hotspots map to regions that encode
important viral proteins such as helicase, proofreading
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exonuclease, S protein and transmembrane domain.
The longest region was found spanning helicase and
proofreading exonuclease enzymes. The changes in
these could in principle alter the properties of the
enzymes making them more resistant to nucleoside
analogues, potential drug candidates (Graepel et al.
2017). Variations in the RBD region of S protein can
likely alter the nature of interaction with the host
receptor changing binding characteristics including
host range. Similarly, hotspot regions in important viral
proteins ns§ and ORF3a can also affect virus-host
interaction.

2.3 Distribution of SNVs in SARS-CoV-1

SCC was applied to understand the pattern of genomic
variations in SARSI1. Since SARS1 and COVID-19 are
highly related viruses it was important to see if the
hotspot and coldspot regions are the same in these two
viruses. The result is shown in figure 3. Unlike
COVID-1, there were no clear coldspot regions in this
virus. Statistically, significant hotspot regions were
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Figure 2. Red dots indicate the Hotspot regions of SARS-Cov-2. Using Figure 1 binning of size 250 was performed to find
the SNV frequency in each bin by applying Shewhart control chart. Refer to table 1 for hotspot location details.
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Table 1. SARS-CoV-2 hotspot location details.

Genomic
position Number
of SNVs
No. From To Protein/peptide present Domain Comments
1 0 250 5-UTR ORF1 702 Consists of stem-loop 5 ATG present from location 265
2 1000 1250 nsp2 171 Topological domain Plays a role in the modulation of host
cell survival signaling pathway
3 3000 3250 nsp3 285 Predicted phosphoesterase  Responsible for the cleavages located at
transmembrane domain 1 the N-terminus of the replicase
polyprotein
4 8500 8750 nsp4 8 Transmembrane domain 2  Cleavage by PL-PRO
(Helical)
5 14250 14500 Nspl2 /RNA- 264 Consists of Helix, Zinc Domain 2 of the nspl2 protein
dependent RNA finger and sheet
polymerase
6 17500 18000 Helicase 318 CV ZBD (Zinc Binding ZBD in N-terminus displaying RNA
Domain), RNA virus and DNA duplex-unwinding activities
helicase ATP-binding with 5’ to 3’ polarity
7 18000 18250 Proofreading 154 Chain Homologous to Guanine-N7
exoribonuclease methyltransferase
8 23500 25500 S protein 63 Receptor-binding domain ~ RBD binds to the human ACE2
(RBD)
9 25500 25750 ORF3a 229 Transmembrane Forms homotetrameric potassium
domain(helical) sensitive ion channels (viroporin)
10 28000 28250 ns8/ORFS8 222 Signal peptide and chain Plays a role in host-virus interaction

region

mostly concentrated towards the 3’-end of the genome.
A low level of variations was observed all along the
genome, the main reason for the lack of cold spot
reasons. Some of the genes that showed a high degree
of variations are helicase, proofreading exoribonucle-
ase, nsp2, nsp3, etc. (supplementary table 1). It appears
that helicase and proofreading exonuclease are intrin-
sically variable in both the SARS viruses.

The difference in patterns observed between SARS-
CoV-1 and SARS-CoV-2 may be due to restrained viral
evolution due to the recent appearance of the latter
(only 4 months). The SARS-CoV-1 sequences that
were used to derive hotspots were deposited over
several years (from 2003-2019). It is likely that the
highly divergent SCC pattern observed by us, maybe
due to the long time that it took for the evolution of the
virus. Therefore, we carried out an SCC analysis of
only those sequences deposited in 2003. The results are
shown in figure 3. Viral sequences were found to be
much more conserved with several cold spots and
only two hotspots. The number of variations found in
the hotspots was also much less compared to
SARS-CoV-2.

2.4 Distribution of SNVs in MERS-CoV

MERS sequences were also analyzed by SCC. The
observed pattern was substantially different from that
of both SARS1 and COVID-19 (figure 4). Variations
were spread all across the genome and only three
hotspots were observed. Unfortunately, the number of
sequences available for analysis were only a few which
did not allow definite conclusions to be made. The
three hot spots mapped to Spike, ORF3, ORF4a nsp3
and nsp13 proteins (supplementary table 2).

3. Methods
3.1 Datasets

The Wuhan seafood market pneumonia virus (COVID-
19 virus/SARS-CoV-2) isolate Wuhan-Hu-1 was
downloaded from the National Center for Biotechnol-
ogy Information (NCBI) database (Brister et al. 2015).
All of the available 617 sequences of COVID-19 virus,
SARS-Cov-1 and MERS sequences were obtained
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Figure 3. Shewhart Control Chart showing the hotspots in red dots above the UCL of SARS-CoV. The hotspot details are

presented in supplementary table 1.

from the NCBI, on 22 April 2020. The data
included a total of 552 of COVID-19, 40 of SARS-
1 and 25 of MERS genomes by considering
NC_045512, NC_004718 and NC 019843 as refer-
ence genomes respectively. The datasets within a
time frame of one year are chosen for SARS-1(2003
to 2004) as well as MERS (2012 to 2013) in
comparison with the COVID-19 (2020) considering
the evolutionary rate of mutation. The whole-gen-
ome length of these reference genomes was 29903
for NC 045512, 29751 for NC 004718 and 30119
for NC 019843. All the isolates studied were iso-
lated from the human host.

3.2 Identification of SNVs

Multiple sequence alignment was performed using
clustalw (Thompson et al. 1994). Reference genomes
of COVID-19, SARS-1 and MERS were used to
identify SNVs from isolates of respective categories.
For each genomic position, the frequency of SNVs was
calculated and this information was used for further

downstream analysis. SNV frequency is defined here as
the number of SNVs present or absent in a particular
genomic location among all the genomic isolates being
considered. In figure 1 we observe that in the x-axis we
have genomic positions and the y-axis represents the
different SN'Vs present in numbers of isolates (out of a
total of 552) of SARS-CoV-2. For example, if an SNV
is present in a large number of isolates, then that
position is a hotspot.

The whole-genome (29903 bp) of COVID-19 was
divided into 120 non-overlapping bins of 250 bp. The
number of SNVs in each bin was used as an input to
the Shewhart Control Chart (SCC). SCC is a statistical
quality control method for the identification of hotspots
and coldspots. SSC has previously been successfully
implemented to identify the hotspot and the coldspot
regions in the Mycobacterium tuberculosis genome
(Das et al. 2012). We have identified a total of 4189,
2375 and 480 SNPs from SARS-CoV-2 (552 isolates),
MERS (25 isolates) and SARS-1(40 isolates) isolates
respectively. The unique number of SNPs present were
715, 282 and 292 from SARS-CoV-2, MERS and
SARS-1 respectively.
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Figure 4. Hotspots identified using SCC indicated as red dots with a bin size of 250. Supplementary table 2 shows the

details of the hotspot locations.

3.3 Shewhart Chart

SCC is a method to graphically display the quality of
the process or the product that has been measured from
a sample with respect to the sample number. SCC is
characterized by Upper Control Limit (UCL), the
Lower Control Limit (LCL) and the CenterLine (CL)
(figure 2). These quantities are considered as shown
below

UCL = E[Y] + 3 x
CL = E[Y]

LCL = E[Y] — 3 x 1/VAR(Y)

where Y is g(X). For the process data vector g(X) is a
statistical function considered for estimating the mean
of the process. E(Y) and VAR(Y) are the mean and
variance of Y respectively. For mean p and standard
deviation ¢ the CL is m p, UCL is 1 + 35 and LCL is
pu — 3o. Essentially the CL, UCL and LCL are the
three-sigma limits (Koutras et al. 2007; Benneyan et al.
2003).

VAR(Y)

LCL is the cutoff line or limit to figure out the out-
liers of the data points. The data points that are outside
the limits of UCL and LCL or in other words 36 (3
standard deviations) away from the mean(p) are the
genomic location exhibiting higher or lower mutations
compared to other regions.

4. Conclusion

Viral replication introduces a number of sequence
variations due to inaccuracy during the copying pro-
cess. Potentially these alterations can change the
behavior of the viruses in the future. The variation of
SNVs across the entire genome of SARS-CoV-2 can be
observed in figure 1. Some of the SNVs tend to occur
more in certain genomic regions. These hotspots are
more elucidated in our statistical approach of Shewhart
Control Chart which identifies regions that have sta-
tistically higher or lower SNVs compared to other
regions. We have also performed our analysis of clo-
sely related viruses such as MERS and SARSI. The
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analysis of SARS-CoV-1 and MERS sequences sug-
gests that over time mutations start accumulating in
different regions and most likely SARS-CoV-2 may
also follow a similar path. Recently some analysis has
been done to understand the variation in SARS-C0OV2
genomes. Zhou et al. performed the identification and
characterization of a 2019-nCoV and used nucleotide
identity in percentage from SARS-CoV BJ01 and other
bat genomes (Zhou et al. 2020). In the second study
essentially viruses from different geographic origins
were included and region-specific variations were
enumerated (Laamarti ef al. 2020). The method used
and the results obtained are different from this report.

Our method of finding hotspots as well as cold spots
(something other studies normally do not take into account)
is different from others and helps us to understand the future
course of virus evolution There is a possibility that the
evolved virus may have different properties.
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