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Full genome sequences are increasingly used to track the geographic spread and transmission dynamics of viral pathogens. Here, with a focus on Israel, we sequence 212 SARS-CoV-2
sequences and use them to perform a comprehensive analysis to trace the origins and spread
of the virus. We ﬁnd that travelers returning from the United States of America signiﬁcantly
contributed to viral spread in Israel, more than their proportion in incoming infected travelers.
Using phylodynamic analysis, we estimate that the basic reproduction number of the virus
was initially around 2.5, dropping by more than two-thirds following the implementation of
social distancing measures. We further report high levels of transmission heterogeneity in
SARS-CoV-2 spread, with between 2-10% of infected individuals resulting in 80% of secondary infections. Overall, our ﬁndings demonstrate the effectiveness of social distancing
measures for reducing viral spread.
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Results and discussion
To gain a better understanding of the dynamics of SARS-CoV-2
spread into and within Israel, we sequenced the virus from a
cohort of patients representing a random sample across Israel,
resulting in 212 full-genome SARS-CoV-2 sequences (Methods).
A total of 224 unique single nucleotide variants (SNVs) were
identiﬁed between the Wuhan reference sequence and this set of
sequences from Israel. Figure 1 shows the distribution of identiﬁed SNVs along the genome and their counts in the sequenced
samples. Of these SNVs, 141 were non-synonymous, 72 were
synonymous, and the remaining 11 were in non-coding regions.
One of the most abundantly detected SNVs was a nonsynonymous variant D614G found in the spike protein, which
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Count of samples with mutation

cases rapidly ensued, which led to increased measures of social
distancing, including the cessation of passenger ﬂights to Israel,
school closure, and eventually a near complete lockdown across
the entire state of Israel. Quarantining of returning travelers from
Europe was implemented between February 26 and March 4,
2020, and subsequently all incoming travel to Israel (including from the U.S.) was arrested on March 9. In the meantime, the
rate of testing was ramped up, eventually reaching a rate of more
than 1500 tests per million people per day. The reported daily
incidence and reported numbers of daily severe cases peaked
around mid-April and dropped steadily up to the time of this
manuscript’s initial submission (May 2020). Despite this knowledge, many questions remain: Which of the multiple SARS-CoV2 introductions resulted in sustained local transmission? How did
the virus spread across the state? What was the magnitude of the
virus’s reproduction potential within Israel, and to what extent
did control measures mitigate its spread through March–April?
Here, through a comprehensive set of phylogenetic and phylodynamic analyses, we quantitatively address these questions.
We show that travelers from the U.S. contributed signiﬁcantly
more to viral spread as compared to their proportion in incoming
infected travelers. We use a phylodynamic approach to estimate
the basic reproduction number of the virus, and show a substantial reduction in viral spread following the implementation of
social distancing measures. Finally, we report high levels of
transmission heterogeneity in SARS-CoV-2 spread, with between
2% and 10% of infected individuals resulting in 80% of secondary
infections.
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n December 2019, an outbreak of severe respiratory disease
was identiﬁed in Wuhan, China1. Shortly later, the etiological
agent of the disease was identiﬁed as severe acute respiratory
syndrome coronavirus 2 (SARS-CoV-2)2,3, and the disease caused
by the virus was named coronavirus disease 19 (COVID-19). The
virus has since spread rapidly across the globe, causing a WHOdeclared pandemic with social and economic devastation in many
regions of the world4. The infectious disease research community
has quickly stepped up to the task of characterizing the virus and
its replication dynamics, describing its pathogenesis, and tracking
its movement through the human population. Parameterized
epidemiological models have been particularly informative of
how this virus has spread with and without control measures in
place, e.g., ref. 5, and have been used to project viral spread both
in the short-term6 and in the more distant future7.
Along with epidemiological analysis based on case reports and
COVID-19 death data, sequencing of viral genomes has become a
powerful tool in understanding and tracking the dynamics of
infections8,9. So-called genomic epidemiology allows for effective
reconstruction of viral geographical spread as well as estimation
of key epidemiological quantities such as the basic reproduction
number of a virus, its growth rate and doubling time, and patterns of disease incidence and prevalence. Such insights have been
used to inform policy makers during various pathogen outbreaks,
as occurred for example in the 2014–2016 outbreak of Ebola virus
in West Africa10,11 and during this current SARS-CoV-2
pandemic12,13.
Here, we set out to sequence SARS-CoV-2 from samples across
the state of Israel, with the aim of gaining a better understanding
of introductions of the virus into Israel, spread of the virus inside
the country, and the epidemiology of the disease, including (a) the
basic reproduction number of the virus before and after social
distancing measures were implemented, and (b) the extent of viral
superspreading within Israel. As pointed out recently14, caution
should be exercised when interpreting viral dynamics based on
genetic data only. We thus incorporated here extensive, highresolution epidemiological data that exist regarding the outbreak
in Israel.
The ﬁrst conﬁrmed cases of SARS-CoV-2 infection in Israel
were reported in mid-February, followed by many identiﬁed
SARS-CoV-2 cases in travelers returning to Israel mainly from
Europe and the United States. Growth in the number of veriﬁed
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Fig. 1 Variation found in sequenced samples from Israel. The x-axis corresponds to the SARS-CoV-2 genome and the y-axis provides counts of identiﬁed
SNVs across the viral genome. Source data are provided as a Source Data ﬁle.
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Based on >50,000 SARS-CoV-2 sequences downloaded from GISAID, July 17 2020, and also reported in
https://virological.org/t/common-microdeletions-in-sars-cov-2-sequences/485
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We note that these are underestimates as deletions are sometimes masked in reported sequences.

Fig. 2 Deletions found in Israeli samples. a Maximum-likelihood tree of Israeli sequences highlighting sequences found with deletions. Sequences are
color-coded by the groups described in b. A clade with three independent deletions occurring in four samples is boxed. Source data are provided as a
Source Data ﬁle.

was present in 90% of the sequences. This variant has generated
much interest as it has been reported to potentially increase the
transmissibility of the virus15. However, additional analyses have
suggested that the observed increase in this variant’s frequency
may be due to stochastic effects16.

We also found ﬁve different high conﬁdence genomic deletions, spanning between 1 and 18 nucleotides (Fig. 2) (Methods).
Each of these deletions was found in one to two samples. Three of
the ﬁve deletions occur in multiples of three and are in-frame
deletions or affect non-coding regions. Of the remaining two
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deletions, deletion #3 spans ten nucleotides, and likely prevents
the translation of ORF7a. Deletion #4 occurs at the end of ORF8
and causes the replacement of the last amino acid with an
additional ﬁve amino acids. Notably, an 81-nucleotide in-frame
deletion in ORF7a has been previously reported17, as has a 382nucleotide deletion in ORF8 (ref. 18), suggesting that the virus is
to some extent tolerant to deletions in these ORFs.
When focusing on deletions that occurred in two samples, we
noted that deletion #5 was present in two related samples that
were sampled 5 days apart from each other. Deletion #1, on the
other hand, appeared in two samples located in very remote
clades of the phylogeny. This deletion has been observed multiple
times in various sequences with diverse genetic backgrounds,
including sequences from many different countries across the
world, suggesting that it has arisen multiple independent times
(Fig. 2b). Deletions #2, #3, and #4 revealed an intriguing pattern:
three independent deletions (one of which was present in two
samples) were all part of the same clade that included 18 samples
(Fig. 2). One non-synonymous SNV deﬁned this clade: S2430R in
ORF1b, which affects the non-structural protein NSP16. This
protein has been reported to be a 2′O-methyltransferase that
enhances evasion of the innate immune system19. To follow up
on our ﬁnding of deletions in this clade, we examined a set of over
50,000 global sequences, and found that 137 sequences likely
belong to the clade deﬁned by S2340R, with eight of these
sequences bearing short deletions (Supplementary Table 1).
Interestingly, we found that the proportion of these unique
deletions observed in the S2340R-deﬁned clade was 5%, signiﬁcantly higher than the proportion of unique deletions
observed across the entire global tree (1.8%) (P = 0.01; hypergeometric test), leading us to cautiously suggest that S2340R is
associated with a higher rate of deletions.
While further in-depth investigation of SARS-CoV-2 indels is
clearly needed, at this point we conjecture that the deletions we
detected are neutral or to some extent deleterious, and that
deletions in SARS-CoV-2 are likely to occur frequently given the
number of deletions detected in our samples.
Origins and transmission patterns in Israel. We next set out to
explore patterns of SARS-CoV-2 introduction into Israel. Figure 3
shows the time-resolved phylogeny inferred using 214 Israeli
sequences (the 212 sequenced here and two additional ones
sequenced previously) in addition to 4693 representative
sequences from across the world. This phylogeny allowed us to
characterize the major viral clades circulating within Israel and to
infer the geographic sources and timing of virus introductions
into the state. We found multiple introductions into Israel from
both the U.S. and Europe, the latter including mainly the U.K.,
France, and Belgium. Over 70% of the clade introductions into
Israel were inferred to have occurred from the U.S., while the
remaining were mainly from Europe. To rule out that this result
is due to biases in geographic sampling, we ﬁrst note that in our
sample, the number of sequences from Europe (n = 1991) was
higher than the number from the U.S. (n = 1195). We further
quantiﬁed sampling noise by bootstrapping the Israeli samples
and exogenous samples, leading to conﬁdence intervals ranging
between 50% and 80% for U.S. clade importations (Methods). We
noted considerably lower proportions of importations from the
U.S. into other countries we examined (Supplementary Fig. 1),
making it unlikely that our results arise from systematic biases of
U.S. sequences relative to sequences from other regions. We
validated the robustness of our inference to changes in underlying
evolutionary model parameters and possible biases in ancestral
state assignments, and found that any biases stemming from
uncertainty in phylogenetic reconstruction are negligibly small
4

(Supplementary Fig. 2). Finally, we note that attribution of an
Israeli sequence to a U.S. clade was normally based on two to four
shared mutations, making it exceedingly unlikely that parallel
independent substitutions occurred that could alternatively
explain these patterns. However, we acknowledge that additional
sequencing may change some of the inferences we make here, as
has been shown elsewhere20.
Throughout the epidemic in Israel, very close monitoring of all
incoming infected travelers was imposed, and reports show that
only ~27% of infected returning travelers were from the U.S.
(Supplementary Fig. 3). There is a strong discrepancy between
this 27% estimate and the 70% estimate for clade introductions,
and this discrepancy holds even when considering our lower
bound bootstrap estimate of 50% for clade importations
(mentioned above). This suggests that the travelers returning
from the U.S. contributed substantially more to the spread of the
virus in Israel than would be proportionally expected. This may
have occurred due to the gap in policy that allowed returning
non-European travelers to avoid quarantine until March 9, or due
to different contact patterns of those who returned from the U.S.
Moreover, by examining the timing of viral importation events
from the U.S. into Israel, we found that up to 55% of the
transmission chains in Israel (118 out of 214; Methods) could
have been prevented had ﬂights from the U.S. been arrested at the
same time that ﬂights from Europe were arrested (between
February 26 and March 4, instead of by March 9).
As the pandemic spread, entry into Israel was restricted, and
local transmission became dominant. Transmission patterns into
and between ﬁve geographical regions in Israel (North district,
Tel Aviv district, South coast district, Jerusalem district, and
South district) are shown in Fig. 4. While most transmission
occurred inside deﬁned regions, transmission between distinct
regions was also observed, such as, for example, movement
between Jerusalem and the north district of Israel.
Phylodynamic modeling of viral spread in Israel. To estimate
the basic reproduction number of SARS-CoV-2 in Israel initially
and then following the implementation of social distancing
measures, we performed coalescent-based phylodynamic inference using the PhyDyn program implemented in BEAST2
(Methods). We note that existing phylodynamic analyses of
SARS-CoV-2, focusing on a number of different geographic
regions across the world, have shown that the effective reproduction number of the virus has decreased over time, as
quarantine and social distancing measures have been implemented21–23. However, many of these analyses have to date
modeled reductions in the reproduction number as stemming
from the depletion of susceptible individuals23, rather than from
reductions in the basic reproduction number R0, the latter of
which would be consistent with lowering of contact rates. Other
analyses, particularly those that use the birth–death model
approach for phylodynamic inference, have allowed for changes
in R0 over time21,22, but cannot as easily accommodate structure
in the infected host population (e.g., that some individuals are
exposed but not yet infectious, and that transmission heterogeneity exists between infected individuals). Our phylodynamic
analysis here, based heavily on existing coalescent-based model
structures that have been applied to SARS-CoV-224, instead
allows for this structure to be accommodated and for R0 to
change in a piecewise fashion over time.
Our phylodynamic analysis assumes an underlying susceptible–
exposed–infected–recovered (SEIR)-type epidemiological model
for SARS-CoV-2 transmission dynamics and explicitly incorporates transmission heterogeneity (Supplementary Fig. 4, Methods). Recent epidemiological analyses have estimated considerable
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Fig. 3 Patterns of SARS-CoV-2 introduction into Israel. a Time-resolved phylogeny inferred using viral sequences from Israel (blue tips) and around the
world (tips without dots). Lineages are colored by inferred region of circulation. Phylogeographic analysis reveals multiple introductions into Israel, mainly
from the U.S. b Map of phylogenetically inferred introductions into Israel highlighting the dominance of the U.S. and to a lesser extent Europe as the
geographic sources of SARS-CoV-2 introductions into Israel. Figure (including map) generated using NextStrain32. Source data are provided as a Source
Data ﬁle.

levels of SARS-CoV-2 transmission heterogeneity, with ~7–10%
of infected individuals estimated to be responsible for 80% of
secondary infections25,26. Instead of assuming a given level of
transmission heterogeneity for Israel, we instead performed
phylodynamic inference for the SEIR model across a range of
transmission heterogeneities. Speciﬁcally, the SEIR-type model
implemented two classes of infectious individuals, corresponding
to a highly infectious subset of individuals (Ih) and a less

infectious subset of individuals (Il). Exposed (E) individuals
transitioned to Ih with a probability given by the parameter ph,
and transitioned to Il with a probability given by (1 − ph). The
relative transmission rate of Ih to Il individuals was set such that
the highly infectious class (Ih) was responsible for 80% of
secondary cases. As such, we were able to modify the extent of
transmission heterogeneity by modifying ph. A ph value of 0.8
implements a model with no transmission heterogeneity (as 80%
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Fig. 4 Spread of SARS-CoV-2 into and within Israel. a Map of Israel with geographic locations of samples, and inferred spread inside Israel (blue lines).
Figure generated using NextStrain32. b Inferred viral spread into and inside Israel, with directionality (left to right). Each line represents a transmission
event inferred based on the phylogeny. Thicker lines indicate multiple transmission events. Source data are provided as a Source Data ﬁle.
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Fig. 5 Estimated epidemiological parameters and cumulative incidence across different levels of transmission heterogeneity. The parameter ph gives
the fraction of infected individuals that are responsible for 80% of secondary infections. Higher ph values correspond to less transmission heterogeneity.
a Estimated R0 in Israel prior to March 19, 2020. b Estimated factor by which R0 in Israel changed after March 19. c Estimated cumulative number of
infected individuals in Israel on the date of the last sampled sequence (April 22, 2020). Horizontal dotted line at N = 13,942 shows the cumulative number
of reported cases on April 22, 2020, as given by the ECDC (https://opendata.ecdc.europa.eu/covid19/casedistribution/csv). In a–c, only values that fall
within the 95% highest posterior density intervals from the main MCMC chain are shown (total of 4751 data points). Violin plots show the kernel density
estimation of the underlying distribution. The median value is denoted by a white dot and the black bar in the center of the violin deﬁnes the interquartile
range. The black line stretched from the bar extends to the range of data that are not more than 1.5 times the interqaurtile range above the upper or below
the lower quartile. Density is only plotted over the range of observed values. Results shown assume a time-varying migration rate estimated from a global
maximum-likelihood phylogeny. Source data are provided as a Source Data ﬁle.

of the infected individuals are responsible for 80% of secondary
infections), whereas a ph value of 0.2 implements a model
consistent with the 20/80 superspreading rule27 with 20% of
individuals being responsible for 80% of secondary infections.
Values of ph under 0.2 implement a model with even more
extreme levels of transmission heterogeneity. The SEIR-type
model we implemented further included terms for migration into
and out of Israel; these terms enabled lineages in the phylogeny to
transition out of Israel going backward in time (as would happen,
in forward time, during an importation event). We considered
two different functional forms for this migration term, one based
on phylogenetically inferred timing of importations and the other
assuming a simpler, constant rate of migration (Methods).
Using the migration rate form based on inferred importation
times, we estimated R0 prior to March 19 to be between 2.1 and
2.3 across the range of ph = 0.1–0.8 (that is, 10–80%) with
estimates increasing toward R0 = 3.0 at high levels of superspreading (ph = 2%) (Fig. 5a). Across the full range of ph =
2–80%, we robustly estimated that quarantine measures had the
effect of reducing R0 by more than two-thirds (α = ~25%, where
6

R0 following quarantine measures was given by α times R0 prior
to the implementation of these measures; Fig. 5b).
Figure 5c shows the cumulative number of SARS-CoV-2 cases
by April 22, estimated by our phylodynamic analyses across the
considered range of transmission heterogeneity. Estimates of the
cumulative number of cases is highly sensitive to the level of
assumed transmission heterogeneity, particularly at high levels of
superspreading (ph = 2–10%). Comparison between these
inferred cumulative cases and reported case numbers (dotted
lines in Fig. 5c) indicates that SARS-CoV-2 transmission
dynamics were driven by a high level of viral superspreading.
Speciﬁcally, if we assume almost complete case reporting, our
phylodynamic analysis indicates that between 5% and 10% of
infections are responsible for 80% of secondary infections. With
lower assumed levels of case reporting, less than 5% of infections
would be responsible for 80% of secondary infections. Findings
from the phylodynamic analyses were shown to be robust to
the speciﬁc functional form of the migration rate that was
assumed, as well as to the overall magnitude of migration across a
broad range of values (Supplementary Figs. 5 and 6).
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a
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Fig. 6 Epidemiological dynamics inferred using phylodynamic analysis. a Estimated number of currently infected individuals (Il + Ih) over time.
b Estimated cumulative number of infected individuals. An infected individual is assumed to contribute to cumulative incidence at the end of their infectious
period. Black dots show the cumulative number of reported cases in Israel over time. In a and b, lines show median estimates of models with different levels
of transmission heterogeneity. Shaded regions represent the 95% highest posterior density region. Source data are provided as a Source Data ﬁle.

Phylodynamic analysis further allows us to visualize inferred
epidemiological dynamics. In Fig. 6, we show inferred patterns of
prevalence (Fig. 6a) and incidence (Fig. 6b) for three different
assumed levels of viral superspreading. Inferred patterns of
prevalence corroborate epidemiological ﬁndings that the number
of cases started to decline in early April. Inferred patterns of
cumulative incidence indicate that reporting rates were initially
low but improved considerably over the time course of viral
spread. The leveling off of cumulative incidence around late
March/early April is observed in both the reported case data and
in our inferred epidemiological dynamics, ground-truthing the
results of our phylodynamic analyses.
Overall, our ﬁndings highlight the use of genomic data to
effectively track the spread of an emerging virus using
phylogenetic and phylodynamic approaches that have been
developed to study viral outbreaks. We have found a relatively
high proportion of genomes with short deletions, suggesting that
such deletions arise frequently during SARS-CoV-2 replication
and are to some extent tolerated by the virus. We succeeded in
tracking the main transmission chains that led to SARS-CoV-2
spread in Israel, and applied phylodynamic analysis to infer the
key epidemiological parameters governing its spread. Our results
indicate that superspreading events drive the transmission
dynamics of SARS-CoV-2, suggesting that focused measures to
reduce contacts of select individuals/social events could mitigate
viral spread. Finally, our results highlight how global connectivity
allows for massive introductions of a virus and emphasize how
border control and shelter-in-place restrictions are crucial for
halting viral spread. Addendum September 2020: the authors
would like to note that unfortunately, following the relaxation of
social distance measures in May, case counts have substantially
climbed and Israel has entered a second lockdown.

Table 1 Summary of samples successfully sequenced.
a
Age group
Age group

Number of samples

0–9
10–19
20–29
30–39
40–49
50–59
60–69
70-79
80–89
90 and up
Unknown

8
17
42
28
26
29
31
15
11
3
2

b
Location and hospital
Hospital

Geographic region

Number of
samples

Barzilai Medical Center
Samson Assuta Ashdod
University Hospital
Hadassah University Hospital Ein Kerem
Poria Medical Center
Sheba Medical Center
Soroka Medical Center

South coast district
South coast district

30
23

Jerusalem district

62

North district
Tel-Aviv district
South district

26
51
20

c

Methods

Sex

Number of samples

Ethics statement. An exemption from institutional review board approval was
determined by the Israeli Ministry of Health as part of an active epidemiological
investigation, based on the use of retrospective anonymous data only and no
medical intervention. This included exemption from informed consent. The study
was further approved by the Tel-Aviv University ethics committee (approval
0001274-1).

Female
Male

101
111

Details of samples and virus genome sequencing. With the aim of generating a
random sample of viral infections across the entire country, a total of 213 samples
were retrieved from six major hospitals in Israel spanning the entire geography of
Israel from south to north (Table 1 and Supplementary Table 2).
We obtained RNA extracted from nasopharyngeal samples. Sequencing was
performed based on the V3 Artic protocol (https://artic.network/ncov-2019).

The table is divided by metadata information (a–c). Source data are provided as a Source Data
ﬁle.

Brieﬂy, reverse transcription and multiplex PCR of 109 amplicons was performed,
and adapters were ligated to allow for sequencing. All samples were run on an
Illumina Miseq using 250-cycle V2 kits in the Technion Genome Center (Israel).
Supplementary Table 13 contains all primer names and sequences as described in
the Artic protocol.
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Determining genome consensus sequences. Sequencing reads were trimmed
using pTrimmer, a multiplexing primer trimming tool28, and then aligned to the
reference genome of SARS-CoV-2 (GenBank ID MN908947) using our AccuNGS
pipeline29, which is based on BLAST30, using an e-value of 10−9. The pipeline
allows for consensus determination and variant calling. We considered substitutions at the consensus sequence (as compared to the reference) only if a given base
was present in 80% of the aligned reads, and ﬁve or more reads aligned to the
reference; bases where the majority of reads showed a substitution but that did not
fulﬁll these two conditions were deemed uncertain. Similarly, positions to which no
reads were mapped were also deemed uncertain, and such positions were assigned
with an “N”. All deletions were manually veriﬁed: (a) over 98% of the reads
covering the deletion site mapped to both ends of the deletion (i.e., bore evidence of
the deletion), (b) the deletion was based on over 40 independent reads (on average
>1000 reads), and (c) coverage was high at both ends of the deleted region. Only
sequences that spanned 90% of the reference genome were retained, leading to the
removal of one sequence (Supplementary Table 2), and hence a new set of 212
Israeli sequences was generated here. Another two Israeli sequences already
available on GISAID were added to the phylogenetic analysis, leading to a total of
214 sequences from Israel.
The collection dates of the 214 Israeli sequences used in our analysis ranged
from February 23 through April 22, 2020. The number of sequences is thus ~1.5%
of the total number of reported cases on April 22.
Phylogenetic analyses. All available full-length SARS-CoV-2 genomes from
outside of Israel (a total of 16,403 sequences) were retrieved from GISAID on May
5, 2020. All sequences from a non-human host as well as sequences with incomplete sampling date (YYYY-MM or YYYY-MM-XX) or a high level of uncertainty
(>10% ambiguous bases marked as N) were removed. All available sequences were
then down-sampled to 4693 representative sequences across the globe using the
latest build of NextStrain ncov pipeline31,32 (https://github.com/nextstrain/ncov);
1195 of these 4693 sequences were from the U.S., while 1991 were from Europe.
The 212 new Israeli sequences were added to the tree.
Down-sampling of global tree for phylodynamic analysis. Following the initial
sampling of the global tree described above, we applied a second sampling speciﬁcally for the phylodynamic analysis. The down-sampling was inspired by the
recommended guidelines described for SARS-CoV-2 (sarscov2phylodynamics.org),
and thus we applied two sampling techniques:
(i) Random time stratiﬁed sampling—We sampled a total of 100 sequences
from outside of Israel across v = 5 time intervals such that each time interval
contained ~20 sequences.
(ii) Closest sequence match—Deﬁning SISR as the set of all sequences from
Israel, we sample the exogenous set of sequences from the global tree with
the minimal cophenetic distance between each Israeli sequence belonging to
SISR as based on the maximum-likelihood phylogeny. This results in
sequences closely related to sequences from Israel to be included in the
analysis.
We next manually curated the sequences from Israel to ensure they represent a
random sample across Israel. To this end, we removed samples suspected to be
from the same household, samples with consecutive identiﬁers, or identical samples
with similar identiﬁers and similar dates. Only one sample from a given household
was chosen randomly. This led to a removal of six sequences.
Following down-sampling and manual curation, a phylogenetic tree was
inferred using the NextStrain pipeline32. The tree topology was validated as a
legitimate representative of the global tree by performing 1000 random samples
containing 373 sequences from the global tree. The Kendall–Colijn metric33 was
used to assess the distance between each random sample and the original tree,
allowing us to create a null distribution. The λ parameter, which determines the
trade-off between topology and branch length, was set to zero, thus accounting for
the tree topology alone. The signiﬁcance of the topology of the down-sampled tree
as compared to the global tree was thus obtained by comparing the Kendall–Colijn
metric of the down-sampled tree to the null distribution (P = 0.003).
Timing and distribution of importations. Given a time-resolved global tree (after
the initial down-sampling from GISAID database and before down-sampling for
phylodynamic analysis; 4693 sequences total), we assigned a country to each
internal node using NextStrain’s maximum-likelihood ancestral state reconstruction. We deﬁned an importation event into Israel as a transition from a non-Israeli
node to an Israeli node. We then used the dates associated with the internal nodes
to generate a distribution of importation dates, which was used to parameterize the
phylodynamic migration rate (Supplementary Fig. 8), as described below. Moreover, we inferred that the ﬁrst introductions to Israel occurred already in late
January/early February, as further supported by data from epidemiological
investigations.
The internal nodes and their associated dates were further used to infer the
number of transmission chains that could have been prevented by arresting ﬂights
from the U.S. earlier. Out of a total of 214 clade importations from the U.S., 118
(55%) were inferred to have occurred between February 26 and March 9, 103
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between March 1 and March 9 (48%), and 42 between March 4 and March
9 (20%).
Conﬁdence in numbers and fractions of importation events. Conﬁdence in the
relative number of importation events from the U.S. vs. Europe was assessed using
two measures of conﬁdence intervals. These were aimed at testing whether the set
of exogenous (non-Israeli) sequences was biased, or whether the set of Israeli
sequences was biased. First, we generated 1000 samples of the exogenous sequences
using a bootstrap approach: we sampled N sequences with replacement, where N is
the number of exogenous sequences. We then determined the fraction of importation events into Israel for each set. Second, we similarly bootstrapped only the
local (Israeli) sequences using a similar approach and assessed the fraction of
importation events into Israel for each bootstrapped set. The reported conﬁdence
interval includes the lower bound and higher bound of both bootstrapping
schemes. We describe below our approach for inferring the timing of importation
events.
Phylodynamic analysis. Phylodynamic analyses were conducted using BEAST2
v2.6.2 (ref. 34) and PhyDyn v1.3.6 (ref. 35). An HKY substitution model with a
lognormal prior for κ with mean log(κ) = 1.0 and standard deviation of log(κ) =
1.25 was used. We assumed no sites to be invariant and used an exponential prior
for γ with a mean of 1.0. A strict molecular clock with a uniform prior between
0.0007 and 0.002 substitutions/site/year was used. A uniform prior was used for
nucleotide frequencies. The down-sampled maximum-likelihood tree generated
using IQ Tree was used as a starting tree.
PhyDyn is a coalescent-based inference approach implemented in BEAST2,
allowing for the integration over phylogenetic uncertainty35,36. The program
requires speciﬁcation of an underlying epidemiological model, as well as any priors
on parameters that will be estimated. In line with recent analyses37, we assumed
that the epidemiological dynamics of SARS-CoV-2 were governed by SEIR
dynamics. Transmission heterogeneity has previously been described for viral
pathogens including SARS-CoV-1 (ref. 38) and appears to be important in the
transmission dynamics of SARS-CoV-2 (refs. 25,26). To account for the possibility
of transmission heterogeneity, as in previous work37, we modeled two classes of
infected individuals: one with low transmissibility Il and one with high
transmissibility Ih. Mathematically, the epidemiological model is given by Eqs. (1)–
(5):
 
 
dS
S
S
¼ βl Il 
 βh Ih 
ð1Þ
dt
N
N
 
 
dE
S
S
¼ βl Il 
þ βh Ih 
 γE E
dt
N
N

ð2Þ

dIl
¼ ð1  ph ÞγE E  γI Il
dt

ð3Þ

dIh
¼ ph γE E  γI Ih
dt

ð4Þ

dR
¼ γ I Il þ γ I Ih :
dt

ð5Þ

We set as ﬁxed the host population size to the population size of Israel, according
to the European Centre for Disease Prevention and Control (N = 8,883,800), the
average duration of time an individual spends in the exposed class (1/γE = 3 days),
and the average duration of time an individual spends in the infected (infectious)
class (1/γI = 5.5 days). These durations are based on a study that inferred
transmissibility over the course of infection using data from established SARSCoV-2 transmission pairs39. R0 in this model is given by (βhph+βl(1–ph))/γI, where
ph is the fraction of exposed individuals who transition to the Ih class instead of to
the Il class. In our model, we estimated a piecewise R0 by estimating an initial R0
that was in effect until March 19, 2020, when strong social distancing measures
were implemented, along with a factor α by which R0 changed on March 19.
Instead of independently parameterizing βh and βl, we deﬁned (as in previous
work37) the relative transmissibility of infected individuals in the Ih and Il classes by
the parameter τ ¼ βh =βl , and simplify notation by deﬁning β  βl . We further
deﬁned a parameter P as the fraction of secondary infections that were caused by a
fraction ph of the most transmissible infected individuals and set P to 0.8. Based on
1
h
set values of P and ph, we calculated τ asð1p
ph Þ=ðP  1Þ. As such, we could easily
parameterize the model across various levels of transmission heterogeneity, with a
fraction ph of infected individuals being responsible for 80% of secondary
infections. Existing epidemiological analyses indicate that ph is approximately
0.07–0.1 (7–10%)25,26 indicative of even more transmission heterogeneity than
given by the 20/80 rule27. We considered a range of ph between 2% and 80% in our
phylodynamic analyses to allow for a broad range of transmission heterogeneity,
from extreme superspreading (ph = 2–10%) to no transmission heterogeneity
(ph = 80%).
Again, based on existing analyses (sarscov2phylodynamics.org,37), we included
an external reservoir in our analysis to allow for multiple introduced clades into
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Israel to be jointly considered. Instead of modeling both exposed (E) and infected
(I) individuals in the external reservoir, we assume a single infected class Y
undergoing exponential growth. We ﬁx the duration of infection of this class of
individuals to be 8.5 days (= 1=γE þ 1=γI ). We attempted to estimate both the
growth rate of the infected class Y and its initial size at time t = 2019.7, but found
that these parameters were practically unidentiﬁable. We thus set the growth rate of
the infected class to 24 person−1 year−1 (resulting in an R0 of 1.56 in the
reservoir) and estimated only the initial size of the infected class Y. An exponential
prior with mean 1.0 was used for the initial size of Y.
Migration into and out of Israel occurred at an overall migration rate of η(t) and
we assumed for simplicity that all migrations involved exposed (E class)
individuals, rather than also implementing migration of the infected (Il and Ih)
classes. As migration is assumed to be symmetrical into and out of Israel, it does
not affect the focal SEIR model dynamics. However, it does inﬂuence the
probability that a given lineage’s geographic state is assigned to Israel. We
considered two different functional forms of the migration rate η(t). The ﬁrst form
for η(t) was generated using the timing of inferred importation events (described
above in “Timing and distribution of importations”). Inferred importation events
were grouped into 3-day windows and a piecewise exponential function ﬁt to the
data using the Nelder–Mead algorithm as implemented in SciPy40. The curve was
ﬁxed to change from growth to decay at the end of the time window with the peak
number of importations (Supplementary Fig. 9A) and assumed to be 0 until the
date at which the best ﬁt curve was ≥1. Model ﬁtting resulted in an importation rate
given by the curve expð57ðt  2020:05ÞÞ between 2020.05 and 2020.18 and
declined from 2020.18 with the curve 1680 expð52ðt  2020:18ÞÞ. To assess the
robustness of our results to the magnitude of this curve, we also scaled the growth
and decay rates (57 and −52, respectively) by θ = 0.8, 0.9, 1.0, 1.1, and 1.2 and
modiﬁed the initial value of the importation rate at 2020.18 accordingly
(Supplementary Figs. 5 and 9B and Supplementary Tables 3–7). Over the time
series in our model, this translates to a total of 17, 33, 62, 118, and 228 migrations
into and out of Israel that result in established clades. The second form for η(t)
assumed a constant migration rate (η = 10, 100, 1000, 2500, 5000 year−1
(Supplementary Fig. 5 and Supplementary Tables 8–12) which translates to 6, 61,
607, 1518, and 3037 migrations over the time course of our model.
With a given functional form for η(t) and with the parameterization of this
form, we used our parameter estimates to infer the time-varying probability that an
exposed individual in Israel migrated into Israel versus became infected locally
(Supplementary
Figs. 10 and 11). This time-varying probability is given by

ηðtÞ= ηðt Þ þ

βSðIl þτIh Þ
N

genbank/). A list of all sequence accession numbers used in this study, Beast XML
conﬁgurations, and outputs are available at https://github.com/SternLabTAU/
SARSCOV2NGS. Source data are provided with this paper.

Code availability
All analysis scripts, NextStrain make ﬁle and phylodynamic model conﬁguration scripts
are available at https://github.com/SternLabTAU/SARSCOV2NGS. Our local NextStrain
build is also available in NextStrain community at https://nextstrain.org/community/
SternLabTAU/SARSCOV2NGS?f_country=Israel.
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