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Abstract

1

We propose an efficient framework for genetic subtyping of a pandemic virus, with application to the novel

2

coronavirus SARS-CoV-2. Efficient identification of subtypes is particularly important for tracking the

3

geographic distribution and temporal dynamics of infectious spread in real-time. In this paper, we utilize an

4

entropy analysis to identify nucleotide sites within SARS-CoV-2 genome sequences that are highly

5

informative of genetic variation, and thereby define an Informative Subtype Marker (ISM) for each sequence.

6

We further apply an error correction technique to the ISMs, for more robust subtype definition given

7

ambiguity and noise in sequence data. We show that, by analyzing the ISMs of global SARS-CoV-2 sequence

8

data, we can distinguish interregional differences in viral subtype distribution, and track the emergence of

9

subtypes in different regions over time. Based on publicly available data up to April 5, 2020, we show, for

10

example: (1) distinct genetic subtypes of infections in Europe, with earlier transmission linked to subtypes

11

prevalent in Italy with later development of subtypes specific to other countries over time; (2) within the

12

United States, the emergence of an endogenous U.S. subtype that is distinct from the outbreak in New York,

13

which is linked instead to subtypes found in Europe; and (3) dynamic emergence of SARS-CoV-2 from

14
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localization in China to a pattern of distinct regional subtypes in different countries around the world over

15

time. Our results demonstrate that utilizing ISMs for genetic subtyping can be an important complement to

16

conventional phylogenetic tree-based analyses of the COVID-19 pandemic. Particularly, because ISMs are

17

efficient and compact subtype identifiers, they will be useful for modeling, data-mining, and machine learning

18

tools to help enhance containment, therapeutic, and vaccine targeting strategies for fighting the COVID-19

19

pandemic. We have made the subtype identification pipeline described in this paper publicly available at

20

https://github.com/EESI/ISM.

21

Author Summary

22

The novel coronavirus responsible for COVID-19, SARS-CoV-2, expanded to reportedly 1.3 million confirmed

23

cases worldwide by April 7, 2020. The global SARS-CoV-2 pandemic highlights the importance of tracking

24

dynamics of viral pandemics in real-time. Through the beginning of April 2020, researchers obtained genetic

25

sequences of SARS-CoV-2 from nearly 4,000 infected individuals worldwide. Since the virus readily mutates,

26

each sequence of an infected individual contains useful information linked to the individual’s exposure

27

location and sample date. But, there are over 30,000 bases in the full SARS-CoV-2 genome — so tracking

28

genetic variants on a whole-sequence basis becomes unwieldy. We describe a method to instead efficiently

29

identify and label genetic variants, or “subtypes” of SARS-CoV-2. Applying this method results in a

30

compact, 17 base-long label, called an Informative Subtype Marker or “ISM.” We define viral subtypes for

31

each ISM, and show how regional distribution of subtypes track the progress of the pandemic. Major findings

32

include (1) showing distinct viral subtypes of infections in Europe emanating from Italy to other countries

33

over time, and (2) tracking emergence of a local subtype across the United States connected to Asia and

34

distinct from the outbreak in New York, which is connected to Europe.

35

Introduction

36

Severe acute respiratory syndrome coronavirus 2 (SARS-CoV-2), the novel coronavirus responsible for the

37

Covid-19 pandemic, was first reported in Wuhuan, China in late December 2019. [17, 29]. In a matter of

38

weeks, SARS-CoV-2 infections have been detected in nearly every country. Powered by advances in rapid

39

genetic sequencing, there is an expansive and growing body of data on SARS-CoV-2 sequences from

40

individuals around the world. Because the viral genome mutates over time as the virus infects and then

41

spreads through different populations, viral sequences have diverged as the virus infects more people in

42
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different locations around the world. There are now central repositories accumulating international

43

SARS-CoV-2 genome data, such as the Global Initiative on Sharing all Individual Data (GISAID) [27]

44

(available at https://www.gisaid.org/).

45

Researchers have sought to use traditional approaches, based on sequence alignment and phylogenetic tree

46

construction, to study evolution of SARS-CoV-2 on a macro and micro scale. At a high level, for example,

47

the Nextstrain group has created a massive phylogenetic tree incorporating sequence data, and applied a

48

model of the time-based rate of mutation to create a hypothetical map of viral distribution [11] (available at

49

https://nextstrain.org/ncov). Similarly, the China National Center for Bioinformation has established a

50

“2019 Novel Coronavirus Resource”, which includes a clickable world map that links to a listing of sequences

51

along with similarity scores based on alignment (available at https://bigd.big.ac.cn/ncov?lang=en) [41].

52

In more granular studies, early work by researchers based in China analyzing 103 genome sequences,

53

identified two highly linked single nucleotides, leading them to suggest that two major subtypes had emerged:

54

one called “L,” predominantly found in the Wuhan area, and “S,” which derived from “L” and found

55

elsewhere [30]. Subsequently, further diversity was recognized as the virus continued to spread, and

56

researchers developed a consensus reference sequence for SARS-CoV-2, to which other sequences may be

57

compared [35]. Researchers have also begun to publish studies of the international expansion of specific

58

variants, though as yet the timeline and variant composition of such systematic studies have been

59

limited [36]. Studies have also been undertaken of specific localized infections out of context of the pandemic

60

as a whole, such as analysis of sequences from passengers on the Diamond Princess cruise ship, including for

61

U.S. passengers by the CDC as well as by Japanese researchers [25].

62

Researchers are also actively studying sequence variation in order to identify potential regions where

63

selection pressure may result in phenotypic variation, such as in the ORF (open reading frame) coding for

64

the spike (S) receptor-binding protein which may impact the development of vaccines and antivirals. Notably,

65

a group studying sequence variants within patients reported limited evidence of intra-host variation, though

66

they cautioned that the results were preliminary and could be the result of limited data [14, 26]. That study

67

suggests an additional layer of complexity in evaluating viral variation that may have an influence on disease

68

progression in an individual patient, or be associated with events that can generate sequence variation in

69

other individuals that patient infects.

70

Given the importance of tracking and modeling genetic changes in the SARS-CoV-2 virus as the outbreak

71

expands, however, there is a need for an efficient and systematic methodology to quantitatively characterize

72

the SARS-CoV-2 virus genome. It has been proposed that phylogenetic trees obtained through sequence

73

alignment may be utilized to map viral outbreaks geographically and trace transmission chains [10, 23].

74
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These approaches are being demonstrated for SARS-CoV-2 by, e.g., the Nextstrain group as discussed above.

75

However, phylogenetic trees are complex constructs that are not readily quantifiable. As exemplary

76

implementations of using phylogenetic trees in epidemiology demonstrate, requiring additional complex

77

processing such as through the use of clustering that are cumbersome and introduce potential error and

78

bias [7, 38]. To generate highly informative signatures, we look to methods that have been successfully

79

employed in the microbiome field for 16S ribosomal DNA (16S rDNA). 16S rDNA is a highly conserved

80

sequence and therefore can be used for phylogenetic analysis in microbial communites [6, 9, 18, 19, 37]. To

81

differentiate between closely related microbial taxa,nucleotide positions that represent information-rich

82

variation may be identified [8]. This kind of approach has also been used in the reverse direction to find

83

conserved sites as a way to assemble viral phylogenies [3].

84

We apply these principles to develop a more efficient framework to quantify viral subtypes, which can help

85

achieve important goals for understanding the progression of the COVID-19 pandemic, as well as ultimately

86

contain and resolve the disease. Exemplary potential applications of quantitative subtyping include:

87

• Characterizing potentially emerging variants of the virus in different regions, which may ultimately
express different phenotypes.

88

89

• Monitoring variation in the viral genome that may be important for vaccine, for example due to

90

emerging structural differences in proteins encoded by different strains.

91

• Designing future testing methodology to contain disease transmission across countries and regions, for

92

example developing specific tests that can characterize whether a COVID-19 patient developed

93

symptoms due to importation or likely domestic community transmission.

94

• Identifying viral subtypes that may correlate with different clinical outcomes and treatment response in
different regions (and potentially even patient subpopulations).

95

96

In this paper, we propose a method to define a signature for the viral genome that can be 1) utilized to

97

define viral subtypes that can be quantified, and 2) efficiently implemented and visualized. In particular, to

98

satisfy the latter need, our method compresses the full viral genome to generate a small number of nucleotides

99

that are highly informative of the way in which the viral genome dynamically changes. Based on such a

100

signature, SARS-CoV-2 subtypes may thus be defined and then quantitatively characterized in terms of their

101

geographic abundance, as well as their abundance in time — and, potentially also detect clinical variation in

102

disease progression associated with viral subtypes. We develop and implement a pipeline to utilize entropy

103
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analysis to identify highly informative nucleotide positions, and, in turn, identifying characteristic

104

Informative Subtype Markers (ISM) that can be used to subtype individual SARS-CoV-2 virus genomes.

105

The ISM pipeline further includes an error correction procedure. Losing sequence information would

106

otherwise substantially hamper tracking of the full scope of the viral pandemic. In particular, even though

107

the SARS-CoV-2 data set appears to be large, it represents only a small sample of the full scope of cases.

108

Error correction of subtype labels, therefore, represents an essential component for an effective viral

109

subtyping for real-time tracking of a pandemic, such as SARS-CoV-2. We describe and apply a methodology

110

to account for the substantial amount of noise by in the data set by resolving base-call ambiguities in

111

sequence data, which give rise to spurious ISMs that reflect those anomalies. We demonstrate that by

112

including this error correction procedure in our pipeline, we can eliminate most such spurious ISMs and, thus,

113

maximize utilization of sequence information.

114

We evaluate the pipeline as a whole by demonstrating the potential of ISMs to model and visualize the

115

geographic and temporal patterns of the SARS-CoV-2 using sequences that are currently publicly available

116

from the GISAID database. We have made the pipeline available on Github https://github.com/EESI/ISM,

117

where it will be continuously updated as new sequences are uploaded to data repositories.1

118

Methods

119

Data collection and preprocessing

120

SARS-CoV-2 (novel coronavirus) sequence data was downloaded from GISAID (http://www.gisaid.org) on

121

April 5, 2020 which contains 4087 sequences. The preprocessing pipeline then begins by filtering out

122

sequences that are less than 25000 base pairs (the same threshold used in Nextstrain project built for

123

SARS-CoV-22 ). We also included a reference sequence from National Center for Biotechnology Information3

124

(NCBI Accession number: NC 045512.2). This resulted in an overall data set of 3982 sequences with

125

sequence length ranging from 25342 nt to 30355 nt. We then align all remaining sequences after filtering

126

together using MAFFT [15] using the “FFT-NS-2” method in XSEDE [33]. After alignment, the sequence

127

length is extended (for the present data set, up to 35362 nt).

128

1 The

latest report at the time of paper submission, run on April 14, 2020 with data up to April 12, 2020, can be found in
https://github.com/EESI/ISM/blob/master/ISM-report-20200412-with_error_correction.ipynb.
2 https://github.com/nextstrain/ncov
3 https://www.ncbi.nlm.nih.gov/
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Entropy analysis and ISM extraction

129
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Figure 1. Left: histogram of masked entropy values; Right: histogram of percentages of n and For the aligned sequences, we merged the sequence with the metadata in Nextstrain project4 as it is in
April 6, 2020 based on identification number, gisaid epi isl, provided by GISAID [27]. We further filtered
out sequences with incomplete date information in metadata (e.g, ”2020-01”), so that our analysis can also
incorporate temporal information with daily resolution, given the fast-moving nature of the pandemic. In
addition, we filtered out sequences from unknown host or non-human hosts. The resulting final data set
contains 3832 sequences excluding the reference sequence. Then, we calculate the entropy by:

H“´

ÿ

pk ˚ log2 ppk q

kPL

where L is a list of unique characters in all sequences and pk is a probability of a character k. We estimated

130

pk from the frequency of characters. We refer to characters in the preceding because, in addition to the bases

131

A, C, G, and T, the sequences include additional characters representing gaps (-) and ambiguities, which are

132

listed in 1.5

133

Sites N and - (representing a fully ambiguous site and a gap respectively) are substantially less

134

informative. Therefore, we further define a masked entropy as entropy calculated without considering

135

sequences containing N and - in a given nucleotide position in the genome. Based on the entropy calculation,

136

we developed a masked entropy calculation whereby we ignore the N and -. With the help of this masked

137

entropy calculation, we can focus on truly informative positions, instead of positions at the start and end of

138

the sequence in which there is substantial uncertainty due to artifacts in the sequencing process. Finally,

139

high entropy positions are selected by two criteria: 1) entropy ą 0.5, and 2) the percentage of N and - is less

140

than 25%. This yielded 17 distinct positions along the viral genome sequence. We then extract Informative

141

4 https://github.com/nextstrain/ncov/blob/master/data/metadata.tsv
5 The sequences are of cDNA derived from viral RNA, so there is a T substituting for the U that would appear in the viral
RNA sequence.
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Table 1. Sequence notation [1]
Symbol
Meaning
A
A
C
C
G
G
T
T
W
A or T
S
G or C
M
A or C
K
G or T
R
G or A
Y
T or C
B
G or T or C
D
G or A or T
H
A or C or T
V
G or C or A
N
G or A or T or C

Subtype Markers (ISMs) at these 17 nucleotide positions from each sequence. Figure 1 shows how we

142

identified these two criteria. The left hand side of the plot shows that there is a peak with entropy greater

143

than 0.5, which we sought to retain. Looking to the right hand side of the plot, setting threshold to 0.25 will

144

keep the peak on the left which represents the most informative group of sites in the genome.

145

Error correction to resolve ambiguities in sequence data and remove spurious

146

ISMs

147

The focus of the error correction method is to correct an ISM that contains ambiguous symbols, i.e., a

148

nucleotide identifier that represents an ambiguous base call (more details in 1 based on [1]), such as N, which

149

represents a position that could either be A, C, T, or G. The basic idea for error correction of ISMs is to use

150

ISMs with no or fewer ambiguous symbols to correct ISMs with such errors (ambiguities). Given an ISM

151

with an error, we first find all ISMs that are identical to the subject ISM at all nucleotide positions in which

152

there is no error in the subject ISM. We refer here to these nearly-identical ISMs as supporting ISMs. Then

153

we iterate over all positions with an error that must be corrected in the subject ISM. For a given nucleotide

154

position, if all other such supporting ISMs with respect to the said erroneous position contain the same

155

non-ambiguous base (i.e., an A, C, T, or G), then we simply correct the ambiguous base by the non-ambiguous

156

base found in the supporting ISMs. However, when the supporting ISMs disagree at a respective nucleotide

157

position, the method generates an ambiguous symbol which represents all the bases that occurred in the

158

supporting ISMs and compare this artificially generated nucleotide symbol with the original position in the

159

subject ISM, if the generated nucleotide symbol identifies a smaller set of bases, e.g., Y representing C or T

160
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rather than N, which may be any base, we use the generated symbol to correct the original one.

161

When we apply the foregoing error correction algorithm to all ISMs that have ambiguous nucleotide

162

symbols resulting from the present data set, we find that 85.4% of erroneous ISMs are partially corrected

163

(meaning at least one nucleotide position with ambiguity was corrected for that ISM but not all), and 41.6%

164

of erroneous ISMs are fully corrected (meaning all positions with ambiguity are corrected to a non-ambiguous

165

base (i.e., an A, C, T, or G)). Since one ISM my represent multiple sequences in the data set, overall the error

166

correction algorithm is able to partially correct 90.4% of sequences identified by an erroneous ISM, and

167

47.0% of subjects with an erroneous ISM are fully corrected.

168

Quantification and visualization of viral subtypes

169

At the highest level, we assess the geographic distribution of SARS-CoV-2 subtypes, and, in turn, we count

170

the frequency of unique ISMs per location and build charts and tables to visualize the ISMs, including the

171

pie charts, graphs, and tables shown in this paper. All visualizations in this paper and our pipeline are

172

generated using Matplotlib [12]. To improve visualization, ISMs that occur with frequency of less than 5% in

173

a given location are collapsed into “OTHER” category per location. Our pipeline then creates pie charts for

174

different locations to show the geographical distribution of subtypes. Each subtype is also labeled with the

175

earliest date associated with sequences from a given location in the dataset.

176

To study the progression of SARS-CoV-2 viral subtypes in the time domain, we group all sequences in a
given location that were obtained no later than a certain date (as provided in the sequence metadata)
together and compute the relative abundance (i.e., frequency) of corresponding subtypes. Any subtypes with
a relative abundance that never goes above 2.5% for any date are collapsed into “OTHER” category per
location. The following formula illustrates this calculation:

ISMps,cq ptq “

Ns,c ptq
Nc ptq

where ISMps,cq ptq is the relative abundance of a subtype, s, in location, c, at a date t, Ns,c ptq is the total

177

number of instances of such subtype, s, in location, c, that has been sequenced no later than date t and

178

Nc ptq is the total number of sequences in location, c, that has been sequenced no later than date t.

179

We also include a proof of concept for using hierarchical clustering to organize ISM subtypes in the

180

pipeline. We picked the 50 most abundant ISMs and calculated the pairwise Hamming distance between

181

them [13]. We then performed hierarchical clustering on these ISMs based on the Hamming distances using

182

average linkage (specifically utilizing the UPGMA algorithm) [21]. The hierarchical clusters are then

183
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184

date associated with sequences with the ISM subtypes in the dataset, and the corresponding countries or

185

regions in which a sequence with that ISM was first observed.

186

Results and Discussion

187

Identification and Mapping of subtype markers

188

Masked Entropy

visualized in a tree format, as shown below in Figure 16. The leaves in Figure 16 are labeled with the earliest

2.00
1.75
1.50
1.25
1.00
0.75
0.50
0.25
0.00

0

5000 10000 15000 20000 25000 30000 35000
Position

Figure 2. Overall entropy as a function of nucleotide position for all SARS-CoV-2 sequences in the data set
Figure 2 shows the overall entropy at each nucleotide position, determined based on calculating the

189

masked entropy for all sequences as described in the Methods section. Notably, at the beginning and the end

190

of the sequence, there is high level of uncertainty. This is because there are more N and - symbols,

191

representing ambiguity and gaps, in these two regions (Gaps are likely a result of artifacts in MAFFT’s

192

alignment of the viruses or its genomic rearrangement [14], and both N’s and -’s may result due to the

193

difficulty of accurately sequencing the genome at the ends). After applying filtering to remove low entropy

194

positions and uncertain positions, we identified 17 informative nucleotide positions on the sequence to

195

generate informative subtype markers (see filtering details in Methods section).

196

Importantly, even though the combinatorial space for potential ISMs is potentially very large due to the

197

large number of characters that may present at any one nucleotide position, only certain ISMs occur in

198

significantly large numbers in the overall sequence population. Figure 3 shows the rapid decay in the

199

frequency of sequences with a given ISM, and shows that only the first nine ISMs represent subtypes that are

200
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Informative Subtype Markers (ISM)

Figure 3. Number of sequences containing the 20 most abundant ISMs within the total data set (out of
3982 sequences).
significantly represented in the sequences available worldwide.

201

Some potential reasons for the rapid dropoff in the frequency relative to the diversity of ISMs may

202

include the following: (1) Since the virus is transmitting and expanding so quickly, and the pandemic is still

203

at a relatively early stage, there has not been enough time for mutations that would affect the ISM to occur

204

and take root. In that case, we would expect the number of significant ISMs to rise over time. (2) The

205

population of publicly available sequences is biased to projects in which multiple patients in a cluster are

206

sequenced at once: For example, a group of travelers, a family group, or a group linked to a single spreading

207

event. An example of this is the number of sequences from cruise vessels in the database. We expect that the

208

impact of any such clustering will be diminished in time as more comprehensive sequencing efforts take place.

209

(3) ISMs may be constrained by the fact that certain mutations may result in a phenotypic change that may

210

be selected against. In this case, we may expect a steep change in a particular ISM or close relative in the

211

event that there is selection pressure in favor of the corresponding variant phenotype. However, as described

212

above, at the present time the high-entropy nucleotide sequences appear to be primarily in open reading

213

frame regions that, at least in comparison to other SARS-related viruses, do not represent areas in which

214

there would be high selection pressure (i.e., due to exposure to the human immune response or need to gain

215

entry to host cells).

216
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Site
1
2
3
4
5
6
7
8
9
10
11
12
13
14
15
16
17

Table 2. Mapping ISM sites to the reference viral genome
Nucleotide Position
Entropy
Annotation
241
1.002215927
Non-coding Region
1059
0.531987853
ORF1ab
3037
1.015626172
ORF1ab
8782
0.735237992
ORF1ab
11083
0.641834959
ORF1a
14408
1.006329881
ORF1ab
14805
0.502722748
ORF1ab
17747
0.561489842
ORF1ab
17858
0.573208404
ORF1ab
18060
0.588462469
ORF1ab
23403
1.011257757
S surface glycoprotein
25563
0.614935552
ORF3a
26144
0.527628595
ORF3a
28144
0.732986643
ORF8
28881
0.612149979 nucleocapsid phosphoprotein
28882
0.608003271 nucleocapsid phosphoprotein
28883
0.608003271 nucleocapsid phosphoprotein

Figure 3 also shows that despite the application of the error correction method detailed in the the

217

Methods section, some symbols representing ambiguously identified nucleotides, such as S and K still remain

218

in the ISMs. These represent instances in which there was insufficient sequence information to fully resolve

219

ambiguities. We expect that as the number of publicly available sequences increases, there will likely be

220

additional samples that will allow resolution of base-call ambiguities. That said, it is possible that the

221

ambiguity symbols in the ISMs reflect genomic regions or sites that are difficult to resolve using sequencing

222

methods, in which case the ISMs will never fully resolve. Importantly, however, because of the application of

223

the error correction algorithm, there are fewer spurious subtypes which are defined due to variants arising

224

from sequencing errors, and all remaining ISMs are still usable as subtype identifiers.

225

After the informative nucleotide positions were identified, we then mapped those sites back to the

226

annotated reference sequence for functional interpretation [35]. As shown in Table 2, we found that all but

227

one of the nucleotide positions that we identified were located in coding regions of the reference sequence.

228

The majority of the remaining sites (9/16) were found in the ORF1ab polyprotein, which encodes a

229

polyprotein replicase complex that is cleaved to form nonstructural proteins that are used as RNA

230

polymerase (i.e., synthesis) machinery [16]. One site is located in the reading frame encoding the S spike

231

glycoprotein, which is responsible for viral entry and antigenicity, and thus represents an important target for

232

understanding the immune response, identifying antiviral therapeutics, and vaccine design [22, 34].

233

High-entropy nucleotide positions were also found in the nucleocapsid formation protein, which is important

234

for packaging the viral RNA. [39] A study has also shown that, like the spike protein, the internal

235
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nucleoprotein of the virus is significant in modulating the antibody response. [32]

236

Additionally, Table 2 shows a high-entropy, informative site in the predicted coding region ORF8. Based

237

on structural homology analysis the ORF8 region in SARS-CoV-2 does not have a known functional domain

238

or motif [5]. In previously characterized human SARS coronavirus, ORF8 has been associated with an

239

enhanced inflammatory response, but that sequence feature does not appear to have been conserved in

240

SARS-CoV-2, and, in general, SARS-CoV-2 ORF8 appears divergent from other previously characterized

241

SARS-related coronaviruses [5, 40]. Previous entropy-based analysis of earlier and smaller SARS-CoV-2

242

sequence data sets have suggested that there is a mutational hotspot in ORF8, including early divergence

243

between sequences found in China, and large scale deletions found in patients in Singapore — which is

244

consistent with the results we have found here on a much more comprehensive analysis of genomes [4, 28, 30].

245

Similarly, sites were identified in the ORF3a reading frame, which also appears to have diverged

246

substantially from other SARS-related viruses. In particular, the SARS-CoV-2 variant in the predicted

247

ORF3 region appear also to not contain functional domains that were responsible for increased inflammatory

248

response as they were in those viruses [5, 40].

249

While the significance of ORF8 to viral biology and clinical outcomes remains uncertain, the majority of

250

high-entropy sites are in regions of the genome that may be significant for disease progression and the design

251

of vaccines and therapeutics. Accordingly, ISMs derived from the corresponding nucleotide positions can be

252

used for viral subtyping for clinical applications, such as identifying variants with different therapeutic

253

responses or patient outcomes, or for tracking variation that may reduce the effectiveness of potential vaccine

254

candidates.

255

Geographic distribution of SARS-CoV-2 subtypes

256

Figure 4 shows the distribution of ISMs, each indicating a different subtype, in the countries/regions with the

257

relatively larger amount of available sequenced genomes. As shown therein, the ISMs are able to successfully

258

identify and label viral subtypes that produce distinct patterns of distribution in different countries/regions.

259

Beginning with Mainland China, the consensus source of SARS-CoV-2, we observe three dominant subtypes

260

in Mainland China, as indicated by relative abundance of the ISM among available sequences:

261

CCCCGCCCACAGGTGGG (as indicated on the plot, first seen in December 24, 2019 in sequences from Mainland

262

China in the dataset), CCCTGCCCACAGGCGGG (first seen in January 5, 2020 in sequences from Mainland China

263

in the dataset) and CCCCTCCCACAGGTGGG (first seen in January 18, 2020 in sequences from Mainland China in

264

the dataset). These subtypes are found in other countries/regions, but in distinct patterns, which may likely

265
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Figure 4. Major subtypes in countries/regions with the most sequences (indicating date subtype was first
sequenced in that country/region). Subtypes with less than 5% abundance are plotted as “OTHER”. The
raw counts for all ISMs in each country/region, as well as the date each ISM was first found in a sequence in
that country/region, are provided in Supplementary file 1 — ISM abundance table of 16 countries/regions.
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correspond to different patterns of transmission of the virus. For example, sequences in Japan are dominated

266

by CCCCTCCCACAGGTGGG, the third of the subtypes listed for Mainland China, and first observed in a

267

sequence in Japan on February 10, 2020. However, this subtype is not prevalent in other countries/regions,

268

with limited abundance in Australia, Canada, and Singapore — countries that are likely to have travel links

269

to both Mainland China and Japan. However, in Singapore a major subtype is CCCTGCCCACAGG-GGG , which

270

is very close to subtype which was found in Mainland China (CCCCTCCCACAGGTGGG).

271

Moreover, additional metadata provided for certain sequences for the country of exposure in cases

272

involving travelers reveals that in other non-Asian countries, the CCCCTCCCACAGGTGGG subtype was frequently

273

found in travelers from Iran, including multiple sequences from Canada and Australia, as well as sequences

274

from the United States (specifically New York), New Zealand, and France. Given that the subtype was

275

otherwise not abundant in these countries, it suggests that these traces are due to the subtype being

276

prevalent in Iran at the time these travel cases were found. But in the absence of sequence data from Iran, it

277

is not presently possible to confirm that hypothesis. In any event, the analysis shows that the ISM-based

278

subtype patterns in Asian countries/regions are related or shared, though as can be seen, the larger portion

279

of outbreaks Singapore and Japan appear to have drawn from distinct subtypes that were found earlier in

280

Mainland China, potentially leading to the hypothesis that there were multiple distinct travel-related

281

transmissions from China (or potentially from Iran) to both countries by the time of this analysis.

282

The data further indicate that the United States has a distinct pattern of dominant subtypes. In

283

particular the subtype with the highest relative abundance among U.S. sequences is CCCTGCCTGTAGGCGGG,

284

first seen in February 20, 2020. This subtype has also emerged as a major subtype in Canada, with the first

285

sequence being found on March 5, 2020. A different pattern is found among sequences in Europe, in which

286

dominant subtypes tend to be different from those found in most Asian countries/regions. Of particular note

287

though, Japan includes a number of sequences, of a subtype that is found extensively in European countries,

288

TCTCGTCCACGGGTAAC, first found in Japan on March 11, 2020. This subtype has also been found in Canada

289

and Brazil, suggesting a geographical commonality between cases in these diverse countries with the

290

progression of the virus in Europe.

291

While many of the connections between shared subtypes in Figure 4 reflect the general understanding of

292

how the virus has progressed between Asia, North America, and Europe, ISM-based subtyping further

293

suggests hypotheses of more granular linkages. For example, one of the most prevalent subtypes in sequences

294

from France, TCTCGTCCACGTGTGGG, is also found in neighboring Belgium, but it is not a prevalent subtype in

295

other European countries shown in Figure 4. Indeed, this subtype was found in 0.59% of sequences in the

296

United Kingdom, and in only one sequence in Iceland, which has the largest per capita sample size in the

297
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data set (see Supplementary file 1 — ISM abundance table of 16 countries/regions). The subtype is found,

298

however, in other countries like Canada, Australia, and Japan, suggesting a potential viral transmission due

299

specifically to travel between France and those two countries.

300
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Figure 5. Viral subtype distribution in the United States, showing California (CA), New York (NY),
Washington (WA), and U.S. passengers on the Diamond Princess cruise ship. Subtypes with less than 5%
abundance are plotted as Other. The raw counts for all ISMs in each state, as well as the date each ISM was
first found in a sequence in that state, are provided in Supplementary file 2 — ISM abundance table of 5 U.S.
states and Diamond Princess
We also found that different states within the United States have substantially different subtype

301

distributions. Figure 5 shows the predominant subtype distributions in the states with the most available

302

sequences. Figure 5 also shows the subtypes found among U.S. passengers on the Diamond Princess cruise,

303

which experienced an outbreak that was traced back to a Hong Kong passenger who embarked on the vessel

304

on January 21, 2020. [24]. The pie charts demonstrate subregional viral subtype diversity within the United

305

States. The colors shown on the charts are also keyed to the colors used in Figure 4, which allows for the

306

visualization of commonalities between the subregional subtypes in the United States and the subtypes

307

distributed in other regions. As expected, the viral subtypes on the Diamond Princess cruise ship are the

308

same as those found in Mainland China early in the progress of the virus, which is consistent with the

309

hypothesis of an outbreak resulting from an early exposure by a single source linked to China. In the United

310

States, by contrast, the patterns of viral subtypes are distinctly different.

311

Most prominently, the sequences in New York are dominated a subtype, TTTCGTCCACGTGTGGG, which is

312

also highly abundant among sequences from European countries, including France, Iceland, Germany, and

313
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314

a major subtype in Mainland China, as shown in Figure 4. The most abundant subtype in Washington,

315

CCCTGCCTGTAGGCGGG, is also the most abundant in the United States as a whole, likely as the result of

316

Washington state having the most subtypes overall. The same CCCTGCCTGTAGGCGGG subtype is also found in

317

substantial abundance in Canada as well. Consistent with the hypothesis that this subtype is endogenous to

318

the US, the ISM was found in the sequence of one suspected case of exposure in the United States found in

319

Canada and 11 sequences in Iceland associated with suspected exposure in the United States. (One travel

320

case in Iceland was of the TTTCGTCCACGTGTGGG subtype dominant in New York.) But this

321

Washington-dominant ISM has not been detected in sequences from New York, further suggesting that the

322

outbreak of SARS-CoV-2 centered in New York may have distinct characteristics likely due to it arising from

323

import in Europe rather than a connection to other U.S. cases on the West Coast. Interestingly, as shown in

324

Figure 5, this Washington-dominant and suspected-endogenous U.S. subtype has been detected in

325

Connecticut, which may suggest that there could be some unsequenced circulating cases of this viral subtype

326

in New York as well.

327
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Belgium. California, on the other hand, includes as a dominant subtype, CCCCGCCCACAGGTGGG, which is also

Figure 6. Relative abundance in other countries of the second-most abundant subtype in Italy,
TCGTCCACGGGTAAC (left) and most abundant subtype in Italy TCGTCCACGGGTGGG (right).

To further validate the utility of ISMs for subtyping, we focused on the analysis of the geographical

328

distribution of the dominant subtypes in Italy. Based on publicly available sequence data from Italy, we

329

found that Italy had two particularly abundant ISMs, TCGTCCACGGGTAAC and TCGTCCACGGGTGGG, as can be

330

seen in the pie chart in Figure 4. (The third-most abundant subtype shown in the chart

331
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(CCCCTCCCACAGTTGGG) corresponds to cases that were linked to original exposure from China, which is

332

consistent with the ISM being in common with one found in Hong Kong.) Figure 6 shows the relative

333

abundance (proportion of total sequences in that country/region) of each of these two dominant subtypes in

334

Italy in other countries/regions. As the plot shows, the outbreak in other European countries have generally

335

involved the same viral subtypes as those which are most abundant in Italy, as defined by ISM. Indeed,

336

initial reports of cases in various other European countries in late February 2020 were linked to travellers

337

from Italy [2]. The Italy subtypes are found, however, at lower yet still significant abundance in countries

338

including Japan, Canada, the United States, and Australia.

339

Somewhat surprisingly, though the Italy subtypes were found in other states, only 1 out of the 50

340

sequences from New York in the data set had the same ISM as a dominant subtype in Italy (see

341

Supplementary file 2 — ISM abundance table of 5 U.S. states and Diamond Princess). This suggests that

342

the outbreak in New York may not be linked directly to travel exposure directly from Italy, but rather from

343

another location in Europe, with the important caveat that the relatively low number of sequences available

344

from Italy means that potential subtypes may not have been detected there. Indeed, the dominant subtype

345

in New York (TTTCGTCCACGTGTGGG) was detected in one sequence in Iceland linked to exposure in Italy.

346

However, that same subtype was found in Iceland in sequences from 27 cases linked to exposure in Austria, 2

347

from Denmark, and 1 from Germany. This further suggests that it was unlikely that the incidence of the

348

TTTCGTCCACGTGTGGG subtype in New York is connected to Italy rather than elsewhere in Europe, but limited

349

sequence coverage prevents more definitive inference.

350

The dominant subtypes in Italy are not found at all in locations in Asia, however, such as Mainland

351

China and Singapore, as indicated in Figure 6. An additional observation to note from 6 is that the most

352

abundant subtype in Italy (TCGTCCACGGGTGGG) is found proportionately much more in France and Spain

353

than the second-most abundant subtype (TCGTCCACGGGTAAC), detected later. Conversely, the second-most

354

abundant subtype is found more uniformly in other countries. These observations give rise to two potential

355

hypotheses for further study: (1) An outbreak centered in Italy moved earlier to France and Spain, and cases

356

elsewhere are connected to a combination of earlier and later exposures. Or, (2) the second-most abundant

357

subtype in Italy is linked to potential exposure from another country in Europe. Overall, the foregoing

358

results are consistent with phylogenetic tree-based analyses, such as that illustrated on NextStrain’s website

359

(http://www.nextstrain.org/ncov), which suggest a flow of the infection from Asia, to Italy, and then

360

subsequently export from Italy to other countries in Europe. It is important to note, however, that the ISMs

361

also resolve potentially significant differences in the subtype distributions in European countries outside of

362

Italy as the virus continues to progress, indicated in Figure 4.

363
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Temporal dynamics of SARS-CoV-2 subtypes

364

Temporal dynamics of viral subtypes within geographical regions

365

The present-time geographical distributions shown in Figures 4, 5, and 6 suggest that ISM subtyping may

366

identify the temporal trends underlying the expansion of SARS-CoV-2 virus and the COVID-19 pandemic.

367

To demonstrate the feasibility of modeling the temporal dynamics of the virus, we first analyzed the

368

temporal progression of different ISMs on a country-by-country basis. This allows examination of the

369

complex behavior of subtypes as infections expand in each country and the potential influence on regional

370

outbreaks by subtypes imported from other regions.

371
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Figure 7. Relative abundance (%) of ISMs in DNA sequences from Australia as sampled over time.
We focused our analysis on the temporal dynamics of the viral subtypes in Mainland China, Australia,

372

Canada, the United States, the Netherlands, United Kingdom, and Spain. As Figure 4 shows, Australia and

373

Canada have many different subtypes with similar relative abundance showing a substantial level of

374

geographical diversity in ISMs, and by contrast, the United States and larger European countries have a

375

smaller number of predominant subtypes, which may be due to the relative importance of cases linked to

376

travel exposure and endogenous transmission. We include Mainland China in the analysis, as it was the

377

earliest site of viral detection. Following the methods described in the Methods section, we graph how viral

378

subtypes are emerging and growing over time, by plotting the relative abundance of viral subtypes in a

379

country/region (via the most frequently occurring ISMs over time), in Figs. 7–13. As discussed above,

380

through the pipeline we have developed, these plots use a consistent set of colors to indicate different ISMs

381
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Figure 8. Relative abundance of ISMs in DNA sequences from USA as sampled over time.
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Figure 9. Relative abundance of ISMs in DNA sequences from Canada as sampled over time.
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Figure 10. Relative abundance of ISMs in DNA sequences from Mainland China as sampled over time.
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Figure 11. Relative abundance of ISMs in DNA sequences from the United Kingdom as sampled over time.
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Figure 12. Relative abundance of ISMs in DNA sequences from the Netherlands as sampled over time.
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Figure 13. Relative abundance of ISMs in DNA sequences from Spain as sampled over time.
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(and are also consistent with the coloring scheme in Figure 4).

382

As an initial matter, Figure 10 reflects Mainland China’s containment of SARS-nCoV-2, as seen in the

383

initial growth in viral genetic diversity, followed by a flattening as fewer new cases were found (and

384

correspondingly fewer new viral samples were sequenced). Australia, on the other hand, shows growing

385

subtype diversity as its cases increase over time. Initially, Australia’s sequences were dominated by two

386

subtypes that were also substantially abundant in Mainland China (CCCCGCCCACAGGTGGG and

387

CCCTGCCCACAGGCGGG), and another subtype (CCCCGCCCACAGTTGGG) that was less relatively abundant in

388

Mainland China but more highly abundant in sequences from Hong Kong and Singapore (see Figure 4).

389

Later, another subtype that was found in Mainland China (and linked to Iran as well) was found in Australia

390

(CCCCTCCCACAGGTGGG). Then, starting with sequences obtained on February 27, 2020 and subsequently, more

391

subtypes are seen to emerge in Australia that were not found in other Asian countries but were found in

392

Europe. This pattern suggests a hypothesis that Australia may have had multiple independent viral

393

transmissions from Mainland China — or, as noted in the previous discussion, potentially through

394

transmissions from Iran — followed by potentially independent importation of the virus from Europe and

395

North America. A similar pattern is seen in Canada. Figure 9 shows that the earliest viral sequences in

396

Canada included mostly subtypes found in Mainland China, with the same pattern in which there was a

397

second, later subtype in common with Mainland China, which was also found in travel exposure from Iran

398

(CCCCGCCCACAGTTGGG). And, like in Australia, in Canada these few initial viral sequences were followed by a

399

diversification of subtypes that including many in common in Europe and the United States. In sum,

400

Australia and Canada show patterns that might be expected for smaller populations in countries with diverse

401

and extensive travel connections.

402

In the United States, however, the most abundantly found subtype in the current subtype population,

403

CCCTGCCTGTAGGCGGG, is not abundant in either Asia or Europe. However, the subtype has been found in

404

substantial numbers of sequences in Canada and Australia. It is plausible, therefore, that the

405

CCCTGCCTGTAGGCGGG subtype has become abundant as the result of community transmission in the United

406

States, and has been exported from the United States to these other countries. Interestingly, while

407

CCCTGCCTGTAGGCGGG has been found across the United States, as shown in Figure 5, it has not been found to

408

be substantially abundant in New York. This is notable, as at the time of this study, within the United

409

States, New York is the state with the most significant outbreak of the virus as measured by positive tests,

410

as well as COVID-19 hospitalizations and deaths [31]. As discussed above, the predominant subtype in New

411

York (TTTCGTCCACGTGTGGG) is in fact the same as a major subtype found in European countries. such as

412

France, suggesting a link between the New York outbreak and Europe, to a link to the putative endogenous

413
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subtype in the United States (CCCCGCCCACAGTTGGG). The plot in Figure 8 further shows that the putative

414

endogenous U.S. subtype was expanding prior to the first detection of the New York major subtype, further

415

supporting the theory that New York’s outbreak is not linked to the dominant subtype elsewhere in the

416

United States, particularly Washington state (see Figure 5).

417

As shown in Figures Figs. 11–13, the subtype distribution in sequences in European countries differs

418

significantly from that of North America and Australia. In particular, as detailed above, the European

419

dynamics of SARS-CoV-2 appear to reflect the theory that in many European countries, the first cases were

420

due to travel from Italy. In data from the United Kingdom, however, we observe the same initial subtypes

421

shared with Mainland China that were also observed in Australia and Canada, i.e., CCCTGCCCACAGGCGGG

422

amd CCCCGCCCACAGGTGGG. It may be the case though that these subtypes would have been observed early on

423

in the Netherlands and Spain as well, but were missed because sequencing only began with later cases. As

424

expected, however, especially initially but throughout, the predominant subtypes in Italy discussed above,

425

TCGTCCACGGGTAAC and TCGTCCACGGGTGGG, are represented among viral sequences in all three countries. But

426

distinct subtypes are found in these countries as well. The CCCCTCTCACAGTTGGG subtype has emerged as a

427

highly abundant subtype in United Kingdom data. This subtype has also been found in substantial numbers

428

in the Netherlands, as well as in Australia, but not in Spain. As Figure 13 shows, in Spain, the

429

CCCCTCTCACAGTTGGG subtype was also found in an early sequence data but not thereafter. And, in Spain, a

430

unique subtype has emerged that is not found in abundance in any other country.

431

Temporal dynamics of individual viral subtypes across different regions

432

Our pipeline also includes the generation of plots that show how the dynamics of a subset evolve over time in

433

different geographical regions. We illustrate this analysis by tracing the progress of the subtype associated

434

with the ISM obtained from the reference viral sequence [35]. Since this sequence appears to have arisen

435

early in the international spread of the virus, it is a useful demonstration for this kind of comparative

436

temporal analysis. This plot illustrates how the reference subtype, which was characterized in early

437

sequences has progressed from being found entirely in Mainland China to being found in the United States,

438

and then subsequently to a greater degree in Europe. A critical point to keep in mind while interpreting

439

these time series data is that they are based on the reported date of sequences. The sequences of individuals

440

who test SARS-CoV-2 positive will likely lag the actual infection date, since many of those individuals will

441

be tested because they have symptoms – although some were almost certainly tested while presymptomatic

442

due to contacts, such as passengers on the Diamond Princess cruise ship.

443

Figure 14 shows, the reference genome subtype began to grow in abundance in Mainland China, before
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Figure 14.
Stacked plot of the number of sequences of the reference sequence ISM subtype
(CCCCGCCCACAGGTGGG).
leveling off, and then being detected in the United States and Europe, and subsequently levelling off in those

445

countries as well. In the case of Mainland China, that could be due to the substantial reduction in reported

446

numbers of new infections and thus additional sequences being sampled. However, the other countries have

447

continuing increases in reported infection as of the date of the data set, as well as substantially increasing

448

numbers of sequences being sampled – making it less likely that the reference subtype (CCCCGCCCACAGGTGGG)

449

is simply being missed. In those cases, it appears from Figures 8, 11, and 12 that in later times, other

450

subtypes have emerged over time and are becoming increasingly abundant. One potential explanation is that

451

because the SARS-CoV-2, is an RNA virus and thus highly susceptible to mutation as transmissions

452

occur [20]. Therefore, as transmissions have continued, the ISM associated with the reference sequence has

453

been replaced by different ISMs due to these mutations. Another plausible explanation for such leveling off

454

in a region is that the leveling off in relative abundance of the subtype represents containment of that

455

subtype’s transmission while other subtypes continue to expand in that country or region. The latter could

456

plausibly explain the pattern observed in the United States, where earlier subtypes connected to Asia did not

457

increase in abundance while a putative endogenous subtype, as well as the dominant New York subtype, have

458

significantly increased in abundance (see Figure 8 and accompanying discussion above). Further investigation

459

and modeling of subtype distributions, as well as additional data, will be necessary to help resolve these

460
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questions — particularly in view of the caveats described below.

461

All the inferences from the temporal trends in subtypes described in the foregoing, however, must be

462

limited by important caveats: Because the number of viral sequences is much smaller than the number of

463

cases, there may be a lag before a sample is sequenced that includes a particular ISM. As a result, even

464

though subtype CCCTGCCTGTAGGCGGG is first seen in the United States on February 20, 2020 and then a

465

sequence with that ISM was obtained in Canada sequences about 14 days later, that does not necessarily

466

mean that Canada acquired this subtype from the United States. While the presence or absence of this

467

subtype in sequences obtained from travelers may shed light on this question, it cannot be definitive because

468

so few cases due to travel have been sequenced. However, given the amount of time that has lapsed, the

469

general result that this subtype did not originate in Mainland China, for example, is more robust.

470

Our approach, like all sequence-based interpretation of the COVID-19 pandemic, is further limited in that

471

the depth of sequencing within different regions is highly variable. As an extreme case, Iceland, which has a

472

small population, represents nearly 9% of all sequences in the complete data set. Italy, on the other hand,

473

had a large and early outbreak but has disproportionately less sequencing coverage. As a result, tracking the

474

relative abundances of subtypes across different regions is complicated, because a region that does more

475

sequencing may simply end up having a greater number of sequences of any given subtype. This problem is

476

exacerbated in temporal analysis, because the extent of sequencing efforts in a region may also change over

477

time. Some ISMs also include gaps and ambiguity, which indicate the presence of noise in some sequence

478

data. For example, subtype TCTCGTCCACGGGNNNN could in fact be subtype TCTCGTCCACGGGTAAC and subtype

479

TCTCGTCCACGGGTGGG. Although we have implemented our “error” correction algorithm to improve the

480

precision of ISM definition by accounting for technical sequencing errors and ambiguous base calls, there are

481

still bases that can not be fully corrected. We are also evaluating the potential to use epidemiological data

482

for the growth in the number of cases, as a potential supplement for effectively calibrating temporal analysis

483

of viral subtype dynamics.

484

Increasing ISM subtype diversity over time and hierarchical clustering of

485

related ISM subtypes

486

While keeping in mind the foregoing limitations on the data and our analysis, we do observe that tracking

487

ISM based on the reported date of sequences does reflect the dynamics of the progress of SARS-CoV-2. This

488

is evinced by the results discussed above, which show that the spatiotemporal trends of ISMs are consistent

489

with our general understanding of how the virus has spread, as well as sequence data from travel cases.

490

25/34

bioRxiv preprint doi: https://doi.org/10.1101/2020.04.07.030759; this version posted April 16, 2020. The copyright holder for this preprint (which
was not certified by peer review) is the author/funder, who has granted bioRxiv a license to display the preprint in perpetuity. It is made
available under aCC-BY-ND 4.0 International license.

491

occur, because as the number of transmissions of the virus between people increases over time, the

492

probability of changes to the sequence that will lead to a different ISM will increase.

493
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Figure 15. Plots of the Hamming Distance of sequences obtained after the date of the reference sequence
(dated December 24, 2019) (open circles), and the cumulative reported number of worldwide COVID-19 cases
over days after December 24, 2019 (filled circles).
To evaluate the increase in ISM diversity, we computed the Hamming distance between each of the 50

494

most prevalent ISMs and the ISM of the reference sequence [13]. These distances, although naı̈ve as they are

495

based on an equally probably nucleotide changes, provide a rough measure of how much each ISM has

496

changed relative to the reference. We then plotted the distance of each ISM along the dates of the first

497

sequence in which the ISM was first detected. As Figure 15 illustrates, even though there is significant

498

variability in this rough measure of the difference between ISMs, there is a clearly accelerating trend towards

499

greater differences over time based on the sequence dates. This provides additional confidence in the

500

robustness of subtyping by ISM according to sequence date. By way of further illustrating this point, Figure

501

15 superimposes the cumulative reported number of confirmed COVID-19 cases over time.6 While these data

502

provide only a limted picture of the actual number of SARS-CoV-2 infections (including because of limited

503

testing), it further demonstrates that ISM subtypes following sequence dates are capable of tracking the

504

actual temporal progress of the virus.

505

As the growing diversity shown in Figure 15 illustrates, the number of ISMs is increasing, thus motivating
6 The cumulative reported Worldwide cases were obtained from the Our World In Data Project, which reported
them from the European Center for Disease Prevention and Control, made available at https://ourworldindata.org/
coronavirus-source-data.
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Figure 16. Hierarchical clustering of 50 most frequently-observed ISM subtypes
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the development of methods to group and organize ISMs into different levels of subtyping. As an initial

507

illustration of this approach, the tree shown in Figure 16 illustrates relationships between geographical and

508

temporal subtypes, which suggests that subtyping can be done using “consensus ISMs” that include common

509

subunits of ISMs beneath them in the hierarchy.

510

For example, the subtree colored dark-yellow (labeled D and E in Figure 16 contains the subtypes that

511

are close to the reference sequence ISM subtype (CCCCGCCCACAGGTGGG). Other subtypes in this subtree are

512

also found in Asia, as well as in other countries with links to travel exposure to Asia and, as discussed above,

513

Iran (i.e. with the subtype CCCCTCCCACAGGTGGG). The closest subtree to the dark-yellow (labeled D and E) is

514

the purple-colored subtree (labeled C). This cluster “C” includes many subtypes that first were observed in

515

the United States, including the endogenous U.S. subtype described above, CCCTGCCTGTAGGCGGG. (This

516

subtype is labeled as being first observed in Canada, though that first sequence was found from a case linked

517

to U.S. exposure.) Clusters labeled A (green) and B (cyan and red), on the other hand, primarily include

518

subtypes first found in Europe or (as indicated for Brazil) due to exposure from travelers to Europe.

519

Interestingly, cluster C (purple) with putative endogenous U.S. subtypes is closer to the cluster with

520

predominantly cases from Asia than cluster A (colored green), which ontains subtypes first seen in Europe,

521

including the subtype that is dominant in New York state (TTTCGTCCACGTGTGGG). Overall, ISM clustering

522

further supports the hypothesis that the emergent putative endogenous U.S. subtypes is linked to the original

523

U.S. outbreaks linked to Asia, and that subtypes in the New York outbreak are conversely linked more

524

directly to Europe. We are currently following up on the proof-of-concept clustering results shown here to

525

develop more sophisticated machine learning approaches to identify patterns in viral subtype distribution.

526

Conclusions

527

In this paper, we propose to use short sets of nucleotides, based on error corrected entropy-based

528

identification of highly informative nucleotide sites in the viral genome, as markers to define subtypes of

529

SARS-CoV-2 sequences (ISMs). We validate the utility of ISM distributions as a complement to phylogenetic

530

tree-based approaches, e.g. as used in the Nextstrain project and by other investigators, by demonstrating

531

that patterns of ISM-based subtypes similarly model the general understanding of how the outbreak has

532

progressed through travel exposure and community transmission in different regions. Specifically, we show

533

that the distribution of ISMs is an indicator of the geographical distribution of the virus as predicted by the

534

flow of the virus from China, the initial European outbreak in Italy and subsequent development of local

535

subtypes within individual European countries as well as interregional differences in viral outbreaks in the

536
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United States. In addition, we demonstrate that by using ISMs for subtyping, we can also readily visualize

537

the geographic and temporal distribution of subtypes in an efficient and uniform manner. We have developed

538

and are making available a pipeline to generate quantitative profiles of subtypes and the visualizations that

539

are presented in this paper on Github at http://github.com/EESI/ISM.

540

Overall, the entropy-based, and error corrected, subtyping approach described in this paper represents a

541

potentially efficient way for researchers to gain further insight on the diversity of SARS-CoV-2 sequences and

542

their evolution over time. An important caveat of this approach, as with others based on analysis of viral

543

genome sequence, is that it is limited by the sampling of viral sequences. Small and non-uniform samples of

544

sequences may not accurately reflect the true diversity of viral subtypes within a given population. However,

545

the ISM-based approach has the advantage of being scalable as sequence information grows, and as a result

546

will be able to become both more accurate and precise as sequence information grows within different

547

geographical and other subpopulations.

548

Indeed, with the ISM subtyping pipeline in place and access to continuously updating sequencing data,

549

we are capable of (and are presently) updating subtype identification as new sequences are sequenced and

550

categorized to a subtype for further analysis. In the future, therefore, as data becomes available, ISM-based

551

subtyping may be employed on subpopulations within regions, demographic groups, and groups of patients

552

with different clinical outcome. Efficient subtyping of the massive amount of SARS-CoV-2 sequence data will

553

therefore enable quantitative modeling and machine learning methods to develop improved containment and

554

potentially also therapeutic strategies against SARS-CoV-2. Moreover, the ISM-based subtyping scheme and

555

the computational pipeline described here for SARS-CoV-2 are directly applicable to other viruses and,

556

therefore, can be utilized for efficient subtyping and real-time tracking of potential viral pandemics that may

557

emerge in the future as well.
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Supplementary Files
Supplementary file 1 — ISM abundance table of 16 countries/regions
The raw counts for all ISMs in each of 16 countries/regions, as well as the date each ISM was first found in a
sequence in that country/region.

Supplementary file 2 — ISM abundance table of 5 U.S. states and Diamond
Princess
The raw counts for all ISMs in each of 5 U.S. states and Diamond Princess, as well as the date each ISM was
first found in a sequence in that location.
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