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Background
The Coronavirus genome is characterized as a large non-segmented, singlestranded, positive-sense RNA virus [11]. Beginning in the mid-1960s, a series of
four Coronavirus variants (229E, NL63, OC43, and HKU1) have been identified;
these Coronaviruses generally cause mild to moderate “common cold” type of
infections of the upper respiratory tract [19, 20].
In the past 20 years, however, three novel human coronaviruses have emerged
that, unlike the initial four identified Coronaviruses, have caused significant
diseases and mortality [13].
1. In December 2019, a set of cases that appeared to present as viral
pneumonia emerged in Wuhan, Hubei, China. This represented the
beginning of the COVID-19 outbreak, with the first case being confirmed
on December 1, 2019 [18]. As of April 15, 2020, the SARS-CoV-2 virus
has infected 2,016,020 individuals and killed 129,045. Due to the rapid
spread of this novel pathogen, studying its transmission and
epidemiology is imperative to combat the current pandemic and prepare
for future pandemic events [13]. The Reproduction Number (R0), which
defines the number of people that each person with a virus is likely to
infect is estimated to be between 1.5 and 3.5 according to The Imperial
College Group [21].
2. MERS-CoV (2012): MERS-CoV infected 1831 and killed 787 (35.67%)
[12]. The R0 according to the WHO for MERS is < 1 [22].
3. SARS-CoV (2003): SARS-CoV infected 8422 individuals and killed 916
(11%) [16]. For the SARS pandemic in 2003, scientists estimated the
original R0 to be around 2.75 but as the pandemic continued it reduced
to < 1 [21].
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Introduction
In this paper we identify temporal and spatial variations of the genome of the
SARS-COV-2 virus, which causes the illness known as COVID-19 over different
geographical locations during a set time period. We classify each sequence in
groups and subgroups, depending on the level of similarities amongst the
sequences. It is hoped that this knowledge will help to identify temporal and
spatial variations of the SARS-CoV-2 virus genome such that these
considerations may be taken into account in the efforts to develop effective
treatments, deploy vaccines and create associated policies to control COVID-19
transmission.
To achieve this, we first obtain the publicly available genome sequences from
real time databases such as the NIH genetic sequence database, GenBank [17]
and GISAID [17]. We then convert the genome sequences to waveforms and
determine a metric that measures the degree of difference or similarity that
exists amongst the sequences.
We use waveforms, complex random values which can be analyzed using digital
signal processing (DSP) techniques, to reduce time operation complexities and to
perform rapid computations. Also, waveforms can be easily analyzed via
statistical resampling methods, resulting in higher accuracy of metrics of interest.
Finally, for sequence analysis waveforms may be easier to visualize than
sequence character form.
This metric, based on the confidence interval of the autocorrelation and crosscorrelation functions of the waveforms, is finally compared to various threshold
levels, so that each of the sequences can be classified into a tree data structure.
This technique enables a hierarchal classification with different branch levels to
represent and to depict distinctive degrees of similarities and allows for the
tracing of their evolution paths. Despite the SARS-CoV-2 focus of this study, this
method can be applied in general to any other type of genome sequence.
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Approach
The complexity of previous methods developed for comparing DNA sequences
[1][2] have time complexities of Ο(𝑚 ⋅ 𝑛), where 𝑚 and 𝑛 are the lengths of each
sequence in the pair. The method in [3] uses FFT (Fast Fourier Transform) which
has a complexity of Ο(𝑛 ⋅ 𝑙𝑜𝑔(𝑛)) and uses nine FFT operations. Furthermore,
the method in [4] has a similar complexity as that of [3] but only uses three FFT
operations. The mapping is done from the sequence characters to four fixed
numerical values. This method was used to compare two different DNA
sequences.
Our approach is an extension to the work in [4] but instead of mapping to four
fixed numerical values, we map to random values. One advantage of this
approach is that it enables the mapping of patterns instead of just single
elements of the sequences since there is no limitation in the random values that
can be used. This proves useful in the study of, for example, specific features of
the genome sequence where correspondingly, there is no restriction in the
number of patterns that can be used. Another advantage of this approach is
robust estimation. By taking this approach and then incorporating resampling
methods, it is possible to reduce the noise level of the correlation function shown
in [4]. This is important, for example, when studying genome sequence virus
evolution, where even small variations in the genome sequences may indicate
possible virus mutations. Finally, we also propose a metric that measures the
degree of correlation of these sequences by comparing them with different
threshold levels and classifying the sequences into different groups in a
hierarchical structure.
The method we developed is described in the below section:
1. Input sequences
Let the pair of input sequences that we want to compare be denoted by:
• 𝒈𝟏 : (1 × 𝑙1 ) vector for the first genome sequence and
• 𝒈𝟐 : (1 × 𝑙2 ) vector for the second genome sequence,
where 𝑙1 ≥ 𝑙2 denote the sequence lengths for the first and second
sequences respectively.
2. Conversion from the input sequences to random signal waveforms
Let 𝒛 = [𝑧(1), … , 𝑧(𝑞)]; be a Gaussian complex random vector with a
circular symmetric distribution given by ~𝒞𝒩(𝟎, 𝑰), with 𝟎 (1 × 𝑞) mean
vector, and 𝑰 (𝑞 × 𝑞) correlation matrix, where 𝑞 is length of the alphabet
of the input sequences, i.e., the number of unique characters of the input
sequence.
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There may be different options for mapping the characters of the input
sequences to the random vectors. It could be one to one, many to one, or
one to many, depending on the sequence features and weighting factors
one wants to capture.
In this paper we focus on the one to one mapping, where each element of
the input sequence is mapped to an element of the random vector z, as
shown below.

Figure 1: Sequence alphabet to random vector mapping
For each of the input sequences 𝒈𝟏 , 𝒈𝟐 , we obtain the corresponding
signal waveforms 𝒔̃𝟏 , 𝒔̃𝟐 .

Figure 2: Genome sequence to signal waveform mapping
We finally pad with zeros the shortest output signal waveform, to ensure
that both output signal waveforms have an identical length 𝑙, where
𝑙 = max (𝑙1 , 𝑙2 ) as indicated by the (1 × 𝑙) vectors below:
𝒔𝟏 = [𝑠̃1 (1), … , 𝑠̃1 (𝑙)]; 𝒔𝟐 = [𝑠̃2 (1), … , 𝑠̃2 (𝑙2 ), … ,0]
Figure 3 shows the conversion of the pair of input sequence into their
corresponding signal waveforms.

2020-04-15

Uen Rev

© Ericsson AB 2020
Commercial in Confidence

5 (23)

Figure 3: Conversion of the input sequences to their corresponding signal
waveforms
3. Metric definition to measure the similarities of a pair of signal
waveforms
Let the circular autocorrelation and cross-correlation of the input
complex valued signals, as defined in [10], be given by:
𝑙−1

𝑟11 (𝑚) = ∑ 𝑠1 (𝑛)𝑠1∗ ((𝑛 − 𝑚))𝑙
𝑛=0
𝑙−1

𝑟12 (𝑚) = ∑ 𝑠1 (𝑛)𝑠2∗ ((𝑛 − 𝑚))𝑙
𝑛=0

𝑤ℎ𝑒𝑟𝑒 𝑠𝑖∗ ( ) = 𝑐𝑜𝑛𝑗(𝑠𝑖 ( )) and ()𝑙 denotes the sequence module, i.e., it
cyclically repeats every 𝑙 samples.
And let the correlation (1 × 𝑙) vectors be given by:
𝒓𝟏𝟏 = [𝑟11 (1), … , 𝑟11 (𝑙)]; 𝒓𝟏𝟐 = [𝑟12 (1), … , 𝑟12 (𝑙)];
Furthermore, let’s define the following coefficients 𝑐11 , 𝑐12 :
𝑐11 = max(𝒓𝟏𝟏 (𝑚)), 𝑐12 = max(𝒓𝟏𝟐 (𝑚))
𝑚
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We propose the following metric:

This is, we extract the maximum peak of the correlation over all the lags
m , to capture the point of maximum agreement between the pair of
sequences. As the metric value approaches to as the metric value
approaches to zero, no significant variations occur in the input signal
waveforms. When the metric value diverges from zero, variations occur
in the pair of input waveform signals.
4. Evaluation of correlation coefficients
Since the genome sequences are considerably long (e.g., SARS-CoV-2
genome sequences are ~ 30,000 samples long), we calculate the
correlation function in the frequency domain, which simplifies this
computation considerably. This is because the correlation of the signal
vectors in the time domain becomes an element by element
multiplication of the signal vectors in the frequency domain.
Let the 𝑛𝑓𝑓𝑡 point DFT (Discrete Fourier Transform) of the input signals
be given by:
𝑛𝑓𝑓𝑡 −1

𝑆1 (𝑘) = ∑ 𝑠1 (𝑛)𝑒 −𝑗2𝜋𝑛𝑘/𝑛𝑓𝑓𝑡 ; 𝑘 = 0, … , 𝑛𝑓𝑓𝑡 − 1
𝑛=0
𝑛𝑓𝑓𝑡 −1

𝑆2∗ (𝑘) = ∑ 𝑠2∗ (𝑛)𝑒 −𝑗2𝜋𝑛𝑘/𝑛𝑓𝑓𝑡 ; 𝑘 = 0, … , 𝑛𝑓𝑓𝑡 − 1
𝑛=0

Then we calculate the following:
𝑅11 (𝑘) = 𝑆1 (𝑘)𝑆1∗ (𝑘)
𝑅12 (𝑘) = 𝑆1 (𝑘)𝑆2∗ (𝑘)
And by applying IDFT (Inverse Discrete Fourier Transform), we obtain:

𝑟11 (𝑘) =
𝑟12 (𝑘) =
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Furthermore, the DFT operation can be performed in segments as
described in [5], which allows one to be able to not only perform analysis
of long sequences but also analyze the sequence in separated regions.
5. Confidence interval
Furthermore, since the mapping performed in Figure 2 is random, i.e.,
there is a different mapping at each realization of this process, the
evaluated metric is also random. Therefore, it is necessary to focus on the
confidence interval of the metric instead of focusing on the value of a
specific instantiation of the metric. In this analysis, we choose to
evaluate the 𝛼 = 99% confidence interval [*] of the metric, as shown
below:
[𝑚12 ]𝛼
To find this confidence interval, we use bootstrap methods as described
by Efron in[6], where we find the empirical distribution of this metric by
resampling and extracting the 99% confidence interval.
6. Metric evaluation of all combinations of input pair sequences
First, we calculate all possible metrics for all the combinations of pairs of
input sequences. More specifically, for a given number, 𝑁,
input sequences, we find all possible combination pairs, as follows:
𝑁(𝑁 − 1)
2
and calculate their confidence interval metrics as shown in Figure 4.

We have used a confidence interval of α=99% as it effectively captures
the most typical variations, however this parameter can be set to other
number is appropriate for the analysis.
*
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Figure 4: Combinations of input pair sequences
7. Input sequence classification in groups in a tree structure
In this step we classify the input sequences into groups in a tree
structure.
𝒋

Let 𝚪𝒊 be a given group where 𝒋 denotes the group parent and 𝒊 denotes
the group level.
Let [𝒎𝒊𝒋 ]𝜶 be the confidence interval of the metric between the sequence
of the parent group 𝒊 and the sequence of group level 𝒋 (i.e., threshold
level 𝑇𝑗 )
And, let [𝒎𝒊𝒋𝒌 ]𝜶 be the confidence interval of the metric of sequences at
level 𝒊, (i.e., threshold level 𝑇𝑖 ) between sequence of group 𝒋 and a
sequence of group 𝒌.
We start by classifying an input sequence, as shown in Figure 5, by
calculating the metric of the sequence and the groups at threshold level
𝑇1 . If the confidence interval of the metric of the sequence and all
possible groups at level 𝑇1 are all greater than the threshold 𝑇1 , then the
sequence forms a new group at level 𝑇1 . Otherwise, the sequence falls
into the group at level 𝑇1 with the lowest metric value.
To further find, to which group at level 𝑇2 the sequence belongs to, then,
for the given parent group, all possible metrics of the sequence with the
groups at level 𝑇2 , are calculated. If all metric values are all greater than
the threshold value 𝑇2 , then a new group is formed at level 𝑇2 . Otherwise,
the sequence falls into the group at level 𝑇2 with the lowest metric value.
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Figure 5: Classification of input sequences in groups in a tree structure
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Findings from this study
Spatio-temporal Variations
Table 1 below displays the time stamps of the input sequences and Figure 6 &
Figure 7 illustrate their corresponding tree structure and geographic locations.
Sample Name

Sample Location

Date

MN908947

Wuhan, China

1-12-2020

MN994468

California, United States

1-22-2020

MT066156

Lombardy, Italy

1-30-2020

MT093571

Sweden (city unspecified)

2-07-2020

LC528233

Japan (city unspecified)

2-10-2020

MT233519

Spain (city unspecified)

2-27-2020

MT126808

Brazil (city unspecified)

2-28-2020

Table 1: Sample Information – 7 countries
To analyze these sequences, we evaluate the confidence interval of the metric
for all possible combinations of pairs of input sequences. We obtain 2 values as
shown in Figure 6. We have used the following threshold values: 𝑇1 = 3, 𝑇2 =
1 to sort these sequences in a hierarchical structure as shown in Figure 7.
It can be seen from these illustrations, that the sequence from Lombardy, Italy,
has higher similarity to the sequence from the United States versus the sequence
from China.
Using Wuhan-China as a point of reference, Figure 7 shows two groups with the
largest variations, i.e., at threshold level 𝑇1, Wuhan-China and Spain.
The reason the sequence from Spain greatly differs from the sequence from
Wuhan, China may be due to the incomplete state (two samples missing) of the
Spain genomic sequence at the time it was gathered by this team.
It is noted that there are four subgroups under the Wuhan-China group, i.e., at
threshold level 𝑇2,: The United States, Italy, Japan and Sweden. Furthermore,
Brazil is very similar to Italy and the United States. However, we remark that the
Italy genome sequence is the only other sequence with an incomplete state in this
study (one sample missing). Therefore, to do a valid comparison, Brazil is
classified under the United States Group.
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Figure 6: 99% Confidence Interval of the Measured Metric, using 100 Bootstrap
Samples

Figure 7: Tree Classification of Genome Sequences from Seven Countries
Figure 8 shows the geographic locations of the seven countries and SARS-CoV-2
migration connections. It is the assertion of this study that one reason why the
Brazil sequence is so closely correlated to the United states sequence could be
related to the degree to which the United States is a popular transit point for many
flying on commercial airlines from China to Brazil.
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Figure 8: Geographic Genome Sequence Variation from Seven Countries
Temporal Variation
Table 2 below shows the input genome sequence information from China. In this
section we are interested only in analyzing the time variations within this
particular geographical region.
Sample Name

Sample Location

Date

MN908947

China

20-12-2019

MN996527

China

30-12-2019

MN975262

China

1-11-2020

MT253696

China

1-23-2020

MT135042

China

1-28-2020

MT121215

China

2-02-2020

MN019529

China

2- XX-2020

Table 2: Sample Information – China
Figure 9 demonstrates the metric evaluated in two consecutive samples., i.e., first
value of the metric corresponds first and second sequences, second value of the
metric corresponds second and third sequences, and so on. First value in the figure
shows the metric between 1st and 2nd sequences, while last value in the graph
shows the metric between the 6th and 7th samples as indicated in Table 2).
We can observe strong variations for the first five consecutive sequences,
indicated by the first four metric values shown in the figure. We note that each of
these sequences was taken about 10 days apart. We also note a stronger variation
between the fourth and fifth sequences, which were taken five days apart. Finally,
there is little variations in the last three sequences. These results indicate that the
sampled sequences belong to five different groups, with significant temporal
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variations within the region of China that were captured during a two-month
period.

Figure 9: Temporal Variation of Genome Sequence in China
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Discussion
We proposed an approach to analyze the variations of genome sequences from
different geographic locations over a set period. The method presented in this
paper is more robust than some other proposed models as it is able to detect
large and small variations within genome sequences of the same virus, by using
resampling methods. Also, it is more flexible since it enables for the analysis of
different features of the sequence, with no restriction in the number of mapped
elements.
This method converts the genome sequences into waveforms and measures their
differences with a metric we defined. In this approach, we used digital signal
processing tools which allowed us to calculate this metric efficiently. Also, the
waveform representation allows an easy visualization of the different patterns
of these sequences.
This method is very flexible since it can be easily adapted to measure different
features of the sequence. This method is very flexible as it does not require
alignment in the input sequences; length segments, tree depths and thresholds
can also be configured according the desired behavior. In our study, we analyzed
samples from seven countries and found variations for the samples from China,
Italy, Japan, the United States, Sweden and Spain. We also found that the
sample from Brazil sequence are very similar to the one from the United States.
In analyzing these samples from seven countries, we have been able to
definitively identify different variations and track their evolution paths.
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Conclusion
This approach provides the ability to take the publicly available genome
sequences from multiple geographic locations and determine not only the
variations in SARS-CoV-2 strains that are circulating, but also the level of
correlation between any two strains. This knowledge provides a critical view into
whether treatment identification and vaccine production may need to account
for these variations in strains and indicates that safety and efficacy trials may
need to be conducted against multiple divergent strains.
This method was able to capture genome variations both within a country and
between countries and as additional sequences are made available, this analysis
can increase its sample size and add to the evidence for the advent of multiple
strains of COVID-19 amidst this pandemic outbreak.
The impact of this work is that it tracks spatial and temporal variations of the
SARS-CoV-2 virus, allowing us to classify the sequences in different groups
based on these variations. This knowledge is crucial for determining approaches
to potential treatments and for developing vaccines, since trials may be
necessary to be conducted across all the identified groups to ensure vaccine
efficiency and to make the determination whether single or multiple vaccines
must be tested and put into production to eventually cover a nearly all of the
global population.
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Date

Location

Data
Source

Host
sex

Virus Identifier
(Isolate)

Title

Taxonomy
ID

CHINA_WU
HAN_LR75
7998.1

2019-1226

China:
Wuhan

NCBI

Male

BetaCov/Wuhan
/WH01/2019

2019nCoV_WH01
Complete
Genome

2697049

CHINA_WU
HAN_MN99
6531.1

30-Dec2019

China:
Wuhan

NBCI

CHINA_WU
HAN_LR75
7996.1

2020-0101

China:
Wuhan

NBCI

USA_WA_
MN985325.
1

19-Jan2020

USA: WA

NBCI

2019nCoV/USAWA1/2020

2697049

italy_MT06
6156.1

30-Jan2020

Italy

NBCI

SARS-CoV2/human/ITA/I
NMI1/2020

2697049

Sweden_M
T093571.1

2020-0207

Sweden

NBCI

SARS-CoV2/human/SWE/
01/2020

2697049

Japan_LC5
28233.1

2020-0210

Japan

NBCI

SARS-CoV2/Hu/DP/Kng/1
9-027

2697049
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2019nCoV_WH03
Complete
Genome

2697049
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Brazil_MT1
26808.1

28-Feb2020 l

Brazil
(patient
traveled
from
Switzerlan
d and Italy
(Milan) to
Brazil)

Spain_MT2
33519.1

27-Feb2020

Spain:
Valencia

NBCI

SARS-CoV2/human/ESP/V
alencia5/2020

2697049

CHINA_MN
908947.1

Dec-2019

China

NBCI

Wuhan-Hu-1

2697049

CHINA_MN
996527.1

30-Dec2019

China:
Wuhan

NBCI

WIV02

2697049

CHINA_MN
975262.1

11-Jan2020

China

NBCI

2019nCoV_HKU-SZ005b_2020

2697049

CHINA_MT
253696.1

2020-0123

China:
Zhejiang,
Hangzhou

NBCI

SARS-CoV2/human/CHN/
HZ-162/2020

2697049

CHINA_MT
135042.1

28-Jan2020

China:
Beijing

NBCI

SARS-CoV2/human/CHN/2
31/2020

2697049

CHINA_MT
121215.1

02-Feb2020

China:
Shanghai

NBCI

SARS-CoV2/human/CHN/S
H01/2020

2697049

CHINA_MT
019529.1.f
asta

23-Dec2019

China:
Hubei,
Wuhan

NBCI

BetaCoV/Wuhan
/IPBCAMS-WH01/2019

2697049

NBCI

SARS-CoV2/human/BRA/S
P02/2020

2697049
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