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Epidemiological models are commonly fit to case and pathogen sequence data
to estimate parameters and to infer unobserved disease dynamics. Here, we
present an inference approach based on sequence data that is well suited for
model fitting early on during the expansion of a viral lineage. Our approach
relies on a trajectory of segregating sites to infer epidemiological parameters
within a Sequential Monte Carlo framework. Using simulated data, we first
show that our approach accurately recovers key epidemiological quantities
under a single-introduction scenario. We then apply our approach to SARS-
CoV-2 sequence data from France, estimating a basic reproduction number of
approximately 2.3-2.7 under an epidemiological model that allows for multiple
introductions. Our approach presented here indicates that inference approa-
ches that rely on simple population genetic summary statistics can be infor-

mative of epidemiological parameters and can be used for reconstructing
infectious disease dynamics during the early expansion of a viral lineage.

Phylodynamic inference methods use pathogen sequence data to
estimate epidemiological quantities such as the basic reproduction
number and to reconstruct epidemiological patterns of incidence and
prevalence. These inference methods have been applied to sequence
data across a broad range of RNA viruses, including HIV'™, Ebola
virus®”, dengue viruses®, influenza viruses’, and most recently severe
acute respiratory syndrome coronavirus 2 (SARS-CoV-2)"°%, Most
commonly, phylodynamic inference methods rely on underlying coa-
lescent models or birth-death models. Coalescent-based approaches
have been generalized to accommodate time-varying population sizes
and structured epidemiological models, for example, susceptible-
exposed-infected-recovered (SEIR) models and models with spatial
subdivision®", Birth-death approaches'*", where a birth in the context
of infectious diseases corresponds to a new infection and death cor-
responds to a recovery from infection, carry advantages such as cap-
turing the role of demographic stochasticity in disease dynamics,
which may be particularly important in emerging diseases that start
with low infection numbers'. Birth-death approaches have also been
expanded to incorporate the complex nature of infectious disease
dynamics including structured populations”. Both coalescent-based
and birth-death phylodynamic inference approaches rely on time-

resolved phylogenies and have been incorporated into the phyloge-
netics software packages BEAST1'® and BEAST2" to allow for joint
estimation of epidemiological parameters and dynamics while inte-
grating over phylogenetic uncertainty®®. Integrating over phyloge-
netic uncertainty is crucial when applying these methods to viral
sequence data that are sampled over a short period of time and contain
only low levels of genetic diversity. However, integrating over phylo-
genetic uncertainty can be computationally intensive. Moreover,
phylodynamic approaches that use reconstructed trees for inference
require estimation of parameters associated with models of sequence
evolution, along with parameters that are of more immediate epide-
miological interest.

Here, we present an alternative sequence-based statistical infer-
ence method that may be particularly useful when viral sequences are
sampled over short time periods and when phylogenetic uncertainty
present in time-resolved viral phylogenies is considerable. Instead of
relying on viral phylogenies to infer epidemiological parameters or to
reconstruct patterns of viral spread, the “tree-free” method we pro-
pose here fits epidemiological models to time series of the number of
segregating sites (that is, the number of polymorphic sites) presentina
sampled viral population. The approach we propose here allows for
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structured infectious disease models to be considered in a straight-
forward “plug-and-play” manner. It also incorporates the effect that
demographic noise has on epidemiological dynamics. Below, we first
describe how segregating site trajectories are calculated using
sequence data and how they are impacted by sampling effort, rates of
viral spread, and transmission heterogeneity. We then describe our
proposed statistical inference method and apply it to simulated data to
demonstrate the ability of this method to infer epidemiological para-
meters and to reconstruct unobserved epidemiological dynamics.
Finally, we apply our segregating sites method to SARS-CoV-2
sequence data from France, arriving at quantitatively similar para-
meter estimates to those arrived at using epidemiological data.

Results

Segregating site trajectories are informative of epidemiological
dynamics

The number of segregating sites present in a set of sampled viral
sequences is defined as the number of nucleotide sites at which
genetic variation is present in the sample set. To determine whether
the number of segregating sites that are observed over time in a viral
population may be informative of underlying epidemiological
dynamics, we forward-simulated a classic susceptible-exposed-
infected-recovered (SEIR) epidemiological model, augmented with
viral evolution, under various sampling efforts and parameterizations
(Fig. 1, Methods). Simulations of this augmented SEIR model, initi-
alized with a single infected individual, first indicate that segregating
site trajectories are sensitive to sampling effort, as expected (Fig. 1a, b).
More specifically, we considered three different sampling strategies,
each with sequences binned in consecutive, nonoverlapping 4-day
time windows to calculate segregating site trajectories. These three
sampling strategies consisted of a strategy with full sampling effort (all
sequences per 4-day time window), one with dense sampling effort

(40 sequences per 4-day time window) and one with sparse sampling
effort (20 sequences per 4-day time window). With all three of these
sampling efforts, the number of segregating sites first increases as the
epidemic grows, with mutations accumulating in the virus population.
Following the peak of the epidemic, the number of segregating sites
starts to decline as viral sublineages die out, reducing the amount of
genetic variation present in the viral population. A comparison
between full, dense, and sparse sampling efforts indicates that low-
ering sampling effort results in a lower number of observed segre-
gating sites during any time window. This is because at lower sampling
effort, less of the genetic variation present in a viral population over a
given time window is likely to be sampled. The patterns shown here
across sampling strategies are robust to the time window length used
for the calculation of segregating site trajectories (Figure S1).

To assess whether segregating site trajectories could be used for
statistical inference, we first considered whether these trajectories
differed between epidemics governed by different basic reproduction
numbers (Rq values). Figure 1c shows simulations of the SEIR model
under two parameterizations of the basic reproduction number: an Ry
of 1.6, corresponding to the simulation shown in Fig. 1a, and a higher Ry
of 2.0 (implemented via a higher transmission rate f8). The epidemic
with the higher Ry expanded more rapidly (Fig. 1c) and, under the same
sampling effort, resulted in a more rapid increase in the number of
segregating sites (Fig. 1d). This indicates that segregating site trajec-
tories can be informative of Ry early on in an epidemic.

We next considered the effect of transmission heterogeneity on
segregating site trajectories. Many viral pathogens are characterized
by ‘superspreading’ dynamics, where a relatively small proportion of
infected individuals are responsible for a large proportion of second-
ary infections”. The extent of transmission heterogeneity is often
gauged relative to the 20/80 rule (where the most infectious 20% of
infected individuals are responsible for 80% of the secondary cases®).
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Fig. 1| Segregating site trajectories under simulated epidemiological dynam-
ics. a Dynamics of infected individuals (/) under an SEIR model simulated with an Ry
of 1.6. b Segregating site trajectories under full (black dashed line), dense (black
lines), and sparse (gray lines) sampling efforts. Dense and sparse sampling corre-
spond to 40 and 20 sequences sampled per time window, respectively. ¢ Simulated
infected dynamics under the SEIR model with an R, of 2.0 (blue line) compared to
those of the Ry =1.6 simulation (black line). d Segregating site trajectories for the
two simulations shown in panel c. e Simulated infected dynamics under the SEIR
model with transmission heterogeneity (green, dashed line) compared to those of
the Ro=1.6 simulation (black line) without transmission heterogeneity. Transmis-
sion heterogeneity was included by setting the parameter py, to 0.06. For ease of
comparing segregating site trajectories, the transmission heterogeneity simulation
was shifted later in time (green, solid line). f Segregating site trajectories for the
shifted transmission heterogeneity simulation (green lines) and the original
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simulation (black lines). g Simulated infected dynamics under the SEIR model with
changing Ro. In the simulations shown in red and yellow, when the number of
infected individuals reached 400, R, was decreased to 1.1 and 0.75, respectively.
The simulation in black has Ry remaining at 1.6. h Segregating site trajectories for
the three simulations shown in panel g. Dense sampling effort was used to generate
all segregating site trajectories shown in panels d, f, and h. 30 randomly-sampled
segregating site trajectories are shown for each sampling effort in panel b and for
each epidemiological scenario in panels d, f, and h. In all model simulations,
Ye=1/2 days™, y,=1/3 days™, population size N=10°, and the per genome, per
transmission mutation rate g = 0.2. Initial conditions are S(tp) = N-1, E(to) = 0,

I(to) =1, and R(ty) = 0. For the transmission heterogeneity simulation (panel e),
Iv(to) =1 and /(o) = 0 was used instead of /(to) =1. A time step of 7=0.1 days was
used in the Gillespie 7 -leap algorithm.
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Some pathogens like SARS-CoV-2 exhibit extreme levels of super-
spreading, with as low as 10-15% of infected individuals responsible for
80% of secondary cases'>***. Because transmission heterogeneity is
known to impact patterns of viral genetic diversity*®, we simulated the
above SEIR model with transmission heterogeneity to ascertain its
effects on segregating site trajectories (Methods). Because transmis-
sion heterogeneity has a negligible impact on epidemiological
dynamics once the number of infected individuals is large”, epide-
miological dynamics with and without transmission heterogeneity
should be quantitatively similar to one another, with transmission
heterogeneity simply expected to shorten the timing of epidemic
onset in simulations with successful invasion®. Our simulations, para-
meterized with extreme transmission heterogeneity of 6/80, confirm
this pattern (Fig. 1e). To compare segregating site trajectories between
these simulations, we therefore shifted the simulation with transmis-
sion heterogeneity later in time such that the two simulated epidemics
peaked at similar times (Fig. 1e). Comparisons of segregating site tra-
jectories between these simulations indicated that transmission het-
erogeneity decreased the number of segregating sites during every
time window (Fig. 1f). As expected, lower levels of transmission het-
erogeneity result in less substantial decreases in the number of seg-
regating sites (Figure S2). Together, these results indicate that
transmission heterogeneity needs to be taken into consideration when
estimating epidemiological parameters using segregating site
trajectories.

Finally, we wanted to assess whether changes in Ry over the
course of an epidemic would leave signatures in segregating site tra-
jectories. We considered this scenario because phylodynamic infer-
ence has often been used to quantify the effect of public health
interventions on Ry, most recently in the context of SARS-CoV-2'"", We
thus implemented simulations with Ry starting at 1.6 and then either
remaining at 1.6 or reduced to either 1.1 or 0.75 when the number of
infected individuals reached 400 (Fig. 1g). The segregating site tra-
jectories for these three simulations indicate that reductions in Ry over
the course of an epidemic leave signatures in this summary statistic of
viral diversity (Fig. 1h). The signatures left in the segregating site tra-
jectories reflect the epidemiological dynamics that result from the
reductions in Ro. Reducing R to 1.1 results in a slower increase in the
number of cases and a delayed, as well as broader, epidemic peak; as
such, the number of segregating sites increases more slowly and the
decline in the number of segregating sites is not apparent over the
time period shown. Reducing Ry to 0.75 results in an immediate

decline in cases, with an observed drop in the number of segregating
sites due to the stochastic loss of viral sublineages. Similar magnitude
reductions in Ry that were implemented later on in the simulated
epidemic yielded fainter signatures of this effect in the segregating site
trajectories (Figure S3).

Epidemiological inference using segregating site trajectories
To examine the extent to which inference based on segregating sites
can be used for epidemiological parameter estimation, we generated a
mock segregating site trajectory by forward simulating an SEIR model
with an Ry of 1.6. From this simulation, we randomly sampled 500 viral
sequences (corresponding to approximately 0.78% of infections being
sampled) and binned these sequences into 4-day time windows based
on their sampling times (Fig. 2a). Figure 2b shows the segregating site
trajectory from these binned sequences. From this trajectory, we first
attempted to estimate only Ry under the assumption that the timing of
the index case ¢, is known (Methods). We estimated an R, value of 1.58
(95% confidence interval of 1.37 to 1.81; Fig. 2c), demonstrating that our
segregating sites inference approach applied to this simulated dataset
is able to recover the true Ry value of 1.6. Lower levels of sampling
effort (100 viral sequences) resulted in an Ry estimate to 1.65 and a
broader 95% confidence interval (1.30 to 2.06; Figure S4). Instead of
random sampling of sequences, adopting a more uniformly dis-
tributed sampling strategy acted to reduce the uncertainty in the Rg
estimate (Figure S5). In Figure S6, we present results for the same set of
sequences as those used in Fig. 2, with the sequence data binned
instead in time windows of 1 day, 2 days, 6 days, and 10 days, rather
than in a time window of 4 days. These results show that R, estimates
are not biased by the use of different time window lengths.

Because the timing of the index case ¢, (in cases with a single
introduction) is almost certainly not known for an emerging epidemic,
we further attempted to estimate both Ry and ¢, using the segregating
site trajectory shown in Fig. 2b. We considered a range of R, values
between 1.0 to 2.5 and a broad range of ¢, starting 50 days prior to the
true start date of O and ending at the date of the first sampled
sequence. We divided this parameter space into fine-resolution para-
meter combinations (R, intervals of 0.1 and ¢, intervals of 2 days) and
ran 20 SMC simulations for every parameter combination. In Fig. 3a,
we plot the mean value of the 20 SMC log-likelihoods for every para-
meter combination in the considered parameter space. Examination of
this plot indicates that there is a log-likelihood ridge that runs between
early to/low Ro parameter sides, indicating that inference using
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Fig. 2 | Epidemiological inference on a simulated trajectory of segregating
sites. a, top The number of sampled sequences over time, binned by 4-day time
windows. Sampling was done in proportion to the number of individuals recovering
in a time window. In all, 500 sequences were sampled over the course of the
simulated epidemic. a, bottom The proportion of sampled individuals in each time
window, obtained by dividing the number of sampled individuals by the number of
individuals who recovered during a time window. b Simulated segregating site
trajectory from the sampled sequences, by time window. ¢ Estimation of R, using
Sequential Monte Carlo (SMC). Points show log-likelihood values from different
SMC simulations. Ry values between 1.0 and 1.25 and between 2.0 and 2.5 were
considered with a step size of 0.1. Ry values between 1.25 and 2.0 were considered

with a step size of 0.01. Solid black curve shows the mean of 20 data points for each
R, value. The vertical red dashed line shows the maximum likelihood estimate
(MLE) of Ro. The red band shows the 95% confidence interval of R,. The vertical blue
line shows the true value of Ro=1.6. The MLE and 95% CI were obtained using the
mean log-likelihood values. The 95% CI band included the set of R, values with log-
likelihoods that fell within 1.92 units of the highest mean log-likelihood value, based
on a chi-squared distribution with 1 degree of freedom. Model parameters for the
simulated data setare: R, =1.6, y; ='/2 days™, y, =1/3 days™, population size N =10°,
to=0, and the per genome, per transmission mutation rate u = 0.2. Initial condi-
tions are S(¢p) =N-1, E(tp) =0, /(tp) =1, and R(¢p) = 0. A time step of 7=0.1 days was
used in the Gillespie 7 -leap algorithm.

Nature Communications | (2023)14:3105



Article

https://doi.org/10.1038/s41467-023-38809-7

=77.0

—-80.0

—90.0

time of MRCA (days)

-326.1

1.0

1.5 2.0

Ro

2.5

Fig. 3 | Joint estimation of the basic reproduction number (Ro) and the timing
of the index case (¢o) using simulated data, and comparison against PhyDyn.
a The log-likelihood surface based on the segregating site trajectory shown in
Fig. 2b is shown over a range of Ry and ¢, parameter combinations. The log-
likelihood value shown in each cell is the mean log-likelihood value calculated from
20 SMC simulations. Blank cells yielded mean log-likelihood values of negative
infinity. The red boundary shows the set of (R, to) values that fall within the 95%
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confidence region. Parameter combinations within the red boundary have mean
log-likelihood values that fall within 2.996 units of the highest mean log-likelihood
value, based on a chi-squared distribution with 2 degrees of freedom. b Joint
density plot for Ry and the time of the most recent common ancestor (tMRCA), as
estimated using PhyDyn® on the same set of 500 sampled sequences. Dashed red
line in the joint density plot shows the 95% HPD interval of the joint density.
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Fig. 4 | Reconstruction of unobserved state variables. a Simulated trajectory of
the number of segregating sites (dashed red), alongside reconstructed trajectories
of the number of segregating sites (gray). b Simulated dynamics of susceptible
individuals (dashed red), alongside reconstructed dynamics of susceptible indivi-
duals (gray). ¢ Simulated dynamics of exposed individuals (dashed red), alongside
reconstructed dynamics of exposed individuals (gray). d Simulated dynamics of
infected individuals (dashed red), alongside reconstructed dynamics of infected
individuals (gray). Reconstructed state variables were obtained by running the
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particle filter using Ro and ¢, parameter values randomly sampled from within the
95% CI region, with a further condition that the log-likelihood from the run
exceeded the 95% Cl region log-likelihood cutoff shown in Fig. 3a. To show that
resampling of particles during the SMC performs effectively, we show in Figure S7
the dynamics of these unobserved state variables in particles that are sampled at
different time points during the SMC procedure that may be lost by the end of the
simulation as a result of resampling.

segregating site trajectories can in principle estimate both ¢ and Ro.
The parameter combination with the highest mean log-likelihood was
Ro=17 and ty=16 days, with the true parameter combination of
Ro=1.6 and t, = 0 days falling within the 95% confidence region of the
estimated parameters. Our results therefore indicate that joint esti-
mation of these parameters is thus possible in cases where a single
introduction is responsible for igniting local circulation. Using our
estimates of Ry and ¢y, we reconstructed the dynamics of the segre-
gating sites (Fig. 4a) and unobserved state variables: the number of
susceptible, exposed, and infected individuals over time (Fig. 4b-d).
These reconstructed state variables captured the true epidemiological
dynamics, demonstrating that our segregating sites approach can be
used to infer epidemiological variables that generally go unobserved.

As mentioned in the Introduction, there are existing phylody-
namic inference approaches available that can estimate epidemiolo-
gical model parameters using viral phylogenies that have been
reconstructed from sequence data. Of particular note is the
coalescent-based inference approach developed by Volz"” that has
been implemented as PhyDyn°® in BEAST2. To compare our results
using the segregating sites approach to results using PhyDyn, we
generated mock viral nucleotide sequences from our set of 500 sam-
pled sequences (Methods) and used these nucleotide sequences as
input into PhyDyn. Assuming the same epidemiological model struc-
ture and using uninformative priors, PhyDyn was similarly able to

recover the true Ry value of 1.6 used in the forward simulation (Fig. 3b;
95% credible interval = 1.44 to 1.61). Because PhyDyn infers epide-
miological parameters using a tree-based method, the program does
not estimate the time of the index case ¢,. Instead, it estimates the time
of the most recent common ancestor (tMRCA) of the viral phylogeny.
The credible interval of PhyDyn’s tMRCA estimate spanned from
-26.89 to 1.87 days post the true time of the index case (to = 0). Times
of a most recent common ancestor, however, are generally later (and
never earlier) than the time of the index case. This is because some
viral lineages likely go unsampled and the pruning of these unsampled
lineages results in a tMRCA that can be considerably later than the time
of the index case to*®. As such, interpretation of the PhyDyn results
would almost certainly result in timing the index case t, as less than O
(too early), given 1.87 days as the top end of the tMRCA credible
interval. This potentially early estimate of to may be due to the “push-
of-the-past” effect”, which results from the assumption of determi-
nistic dynamics in the inference process when the underlying popu-
lation dynamics are stochastic (and conditioned on the persistence of
a lineage). This “push-of-the-past” effect is usually reflected in an
overestimate of the growth rate (or an overestimate in Rp) in
coalescent-based inference approaches that are applied to datasets
with small population sizes during their exponential growth phase'.
Here, because Ry controls not only the rate of increase in the number
of infected individuals at the start of the simulated epidemic but also
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Fig. 5 | Joint estimation of the basic reproduction number (Ro) and the timing
of the index case (¢,) using early samples from the simulation, with compar-
ison against PhyDyn. a Simulated trajectory of the number of segregating sites
using early sequences. Sequences were binned into 4-day windows, with 10 indi-
viduals sampled from each time window. b The log-likelihood surface based on a
segregating site trajectory shown in panel (a). As in Fig. 3a, the log-likelihood value
shown in each cell is the mean log-likelihood value calculated from 20 SMC
simulations and the 95% CI boundary shown in red contains sets of parameter

time of MRCA (days)

combinations that fall within 2.966 log-likelihood units of the maximum log-
likelihood. Blank cells had mean log-likelihood values of negative infinity. (c) Joint
density plot for R and the time of the most recent common ancestor (tMRCA), as
estimated using PhyDyn® on the same set of 50 sampled sequences. Dashed red line
in the joint density plot shows the 95% HPD interval of the joint density. For Ry, only
the lower bound of the 95% HPD is shown as the upper bound is above 6. In panels
a through ¢, simulations were parameterized with a per genome, per transmission
mutation rate of p=0.2.

the time at which the simulated epidemic starts to decline, the “push-
of-the-past” effect may instead be reflected in a tMRCA estimate that
likely occurs too early. Because our inference approach implements
stochastic population dynamics, it appropriately accounts for the
push-of-the-past effect, as do phylodynamic inference approaches that
incorporate stochastic population dynamics (e.g., birth-death models).

Because the impetus for developing the segregating sites infer-
ence approach was based on the extent of phylogenetic uncertainty
present early on in an epidemic, we re-applied the inference approach
to sequences sampled early on during the simulated epidemic, with
time window bins ending on days 36, 40, 44, 48, and 52 (Fig. 5a).
During each of these five-time windows, we sampled 10 sequences,
resulting in a total of 50 sampled sequences. Our results on this subset
of simulated data indicate that Ry and ¢, could again be jointly esti-
mated, although the confidence intervals for Ry and ¢, were both
considerably broader, as expected with a much shorter time series
(Fig. 5b). Similarly, on this same subset of data, PhyDyn’s 95% credible
intervals were considerably broader (95% credible interval for Ry =1.48
to 10.80). For this particular time series, both the segregating sites
approach and PhyDyn tended to overestimate the true value of R = 1.6
(Figs. 5b, 5c). For PhyDyn, the “push-of-the-past” effect’ may have
contributed to the overestimation of Ro.

To determine whether there might be an upwards bias in the
estimation of Ry using the segregating sites approach, we simulated an
additional short dataset under the same epidemiological model
structure and model parameterization, with the exception of the
mutation rate g, which we increased from 0.2 to 0.4. To calculate the
segregating sites trajectory, we sampled from this simulation as we did
for Fig. 5a-c, with 10 sequences sampled in each of the five time win-
dows (Figure S8a). The maximum likelihood estimates of Ry using our
segregating sites approach did not overestimate the true Ry of 1.6 in
this dataset, although the time of the index case was again estimated to
be slightly later than the true value of ¢, = O (Figure S8b). Compared to
the results on the p=0.2 short dataset (Fig. 5b), the 95% confidence
region spanned over a similar extent of parameter space. PhyDyn also
did not overestimate Ry on this p=0.4 short dataset (Figure S8c).
Moreover, its 95% credible interval was considerably smaller than on
the p=0.2 short dataset. This result makes sense: at higher mutation
rates, phylogenetic uncertainty is reduced and tree-based inference
approaches are expected to improve. In contrast, a low-dimensional

summary statistic, such as the number of segregating sites cannot take
advantage of the higher-dimensional structure present in the
sequence data.

Epidemiological inference using SARS-CoV-2 sequences from
France

We applied the segregating sites inference approach to a set of SARS-
CoV-2 sequences sampled from France between January 23, 2020, and
March 17, 2020 (the date on which a country-wide lockdown began).
We decided to apply our approach to this set of sequences for several
reasons. First, many of the 479 available full-genome sequences from
France over this time period appear to be genetically very similar to
one another”, indicating that one major lineage took off in France (or
at least, that most sampled sequences derived from one major line-
age). This lineage would be the focus of our analysis. Second, an in-
depth epidemiological analysis previously inferred Ry for France prior
to the March 17 lockdown measures that were implemented®. That
analysis fit a compartmental infectious disease model to epidemiolo-
gical data that included case, hospitalization, and death data. Because
our segregating sites inference approach can accommodate epide-
miological model structures of arbitrary complexity, we could adopt
the same model structure as in this previous analysis. We could also set
the epidemiological parameters that were assumed fixed in this pre-
vious analysis to their same values. By controlling for model structure
and the set of model parameters assumed as given, we could ask to
what extent sequence data corroborate the Ry estimates arrived at
from detailed fits to epidemiological data.

To apply our segregating sites approach to the viral sequences
from France, we first identified the subset of the 479 sequences that
constituted a single, large lineage. To keep with the “tree-free”
emphasis of our approach, we identified this subset of sequences
(n=432) without inferring a phylogeny (Methods). Using phylogenetic
inference, however, we confirmed that our subset of sequences con-
stituted a single clade, with sequences from France falling outside of
this clade being excluded (Figure S9). To generate a segregating site
trajectory from these sequences, we defined 4-day time windows such
that the last time window ended on March 17, 2020. Figure 6a
shows the number of sequences falling into each time window.
Figure 6b shows the segregating site trajectory calculated from these
sequences.
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Fig. 7 | Joint estimation of the basic reproduction number R, and the time of
the index case ¢, for the France SARS-CoV-2 data. The joint log-likelihood surface
based on the estimated segregating site trajectory for the France data. Each cell
shows the mean log-likelihood value based on 10 SMC simulations. Blank cells
indicate mean log-likelihood values of negative infinity. Gray cells indicate where
log-likelihood values were not evaluated. The red lines denote the set of parameter
values that fall within the 95% confidence interval. A few ‘islands’ of parameter
combinations that fall either outside or inside the 95% Cl are apparent and are due
to the variation in the log-likelihood values obtained from the SMC simulations.

We parameterized the model with a per genome, per transmission
mutation rate u using consensus sequence data from established
SARS-CoV-2 transmission pairs that were available in the literature® >
(Methods). Specifically, for each of the 87 transmission pairs we had
access to, we calculated the nucleotide distance between the con-
sensus sequence of the donor sample and that of the recipient sample
and fit a Poisson distribution to these data (Fig. 6¢). Using this
approach, we estimated a u value of 0.33, corresponding approxi-
mately to one mutation occurring every 3 transmission events.

Similar to the approach we undertook with our simulated data, we
first attempted to jointly estimate Ry and the timing of the index case
to for this segregating site trajectory. We considered a broad para-
meter space over which to calculate log-likelihood values. Specifically,
we considered Ry values between 1.0 and 4.5 and ¢, values of between
December 1st, 2019 and February 14th, 2020. We ran 10 SMC simula-
tions and calculated the mean log-likelihood for each parameter
combination (Fig. 7). We estimated Ry to be 3.0 (95% confidence
interval = 1.6 to 4.2), consistent with the R, estimate of 2.9 (95% con-
fidence interval = 2.81 to 3.01) arrived at through epidemiological time

series analysis®. We estimated ¢, to be February 8th, 2020 (95% con-
fidence interval = December 25, 2019, to February 14, 2020).

We decided to further consider an alternative model that allowed
for multiple introductions of the focal lineage into France (Methods).
This decision was based on evolutionary analyses that have shown that
regional SARS-CoV-2 epidemics in Europe (as well as in the United
States) were initiated through multiple introductions rather than only
a single one*. Instead of attempting to jointly estimate Ry and to, we
attempted to jointly estimate Ry and a parameter n using the segre-
gating site trajectory. The parameter 1 quantifies the extent to which
transmission between France and regions outside of France is reduced
relative to transmission occurring within France. This model further
required specification of the time at which the basal genotype evolved
outside of France, which we refer to as t,. We considered a broad
parameter space over which to calculate log-likelihood values (Ro
values between 1.0 and 4.0 and n values between 1078 and 10™) and
three different ¢, values: December 24, 2019, January 1, 2020, and
January 8, 2020 (Methods). At each of these ¢, values, we ran 10 SMC
simulations and calculated the mean log-likelihood for each parameter
combination (Fig. 8a-c). We estimated Rq to be 2.6 (95% CI=2.0 to
4.0),2.7 (95% Cl =2.0 t0 4.0), and 2.3 (95% Cl=2.1to 4.0), respectively,
under ¢, = December 24, 2019, January 1, 2020, and January 8, 2020.
These results indicate that the inferred Ry values are relatively insen-
sitive to the assumed emergence time of the basal genotype outside of
France. At later assumed values of ¢, our estimates for  were higher,
indicating that later emergence times were compensated for by a
higher transmission rate between infected individuals outside of
France and susceptible individuals within France.

We reconstructed the unobserved state variables for the multiple-
introductions model using SMC simulations parameterized with Ry
and 7 values that were sampled from the parameter spaces shown in
Fig. 8, using the same approach we used for reconstructing state
variables on the mock segregating sites trajectory. These recon-
structed variables are shown in Fig. 9. As expected for an epidemic with
an Ry >1, the total number of infected individuals increased expo-
nentially over the time period considered (Fig. 9d-f). In Fig. 9g-i, we
plot the reconstructed cumulative number of recovered individuals
over time. These cumulative trajectories indicate that by mid-March
2020, approximately 0.009% to 2.044% of individuals in France had
recovered from infection from this SARS-CoV-2 lineage. These cumu-
lative predictions can be roughly compared against findings from a
serological study that was conducted over this time period in France”.
Based on a survey of 3221 individuals, this study found that 0.41% of
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Fig. 9 | Trajectories of reconstructed state variables for the France data under
the multiple-introductions model. State variables are reconstructed for the
multiple-introductions model with three different values assumed for the emer-
gence time of the basal genotype: t. = December 24, 2019 (first column), January 1,
2020 (second column), and January 8, 2020 (third column). a-c Segregating site
trajectory for the France SARS-CoV-2 data (red), alongside reconstructed segre-
gating site trajectories (gray). d-f Reconstructed dynamics of the number of
infected individuals (£, + E; + /) over time, shown in percent of France’s population.
g-i Reconstructed dynamics of the cumulative number of recovered individuals
over time, shown in percent of France’s population. Independent estimates of the

Days post index case

Days post index case

fraction of the population that has been infected with SARS-CoV-2 by mid-March
are shown in black. Estimates are from a serological study conducted during the
time window March 9-15, 2020 j-1 Reconstructed dynamics of the cumulative
number of infections in France that resulted from contact with infected individuals
outside of France. Reconstructed state variables shown in panels (a-I) were
obtained by running the particle filter using R, and ¢, parameter values randomly
sampled from within the 95% CI region, with a further condition that the log-
likelihood from the run exceeded the 95% ClI region log-likelihood cutoff shown in
Fig. 8a-c, respectively.
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individuals (95% confidence interval = 0.05% to 0.88%) had gotten
infected with SARS-CoV-2 by March 9 to 15, 2020 (Fig. 9g-i). Our
estimates fall in line with these independent estimates. Of note, our
estimates should fall on the low side of these independent estimates
because other, smaller clades were also circulating in France during
the time period studied and infections with viruses from these other
clades would also contribute to seropositivity levels. We also empha-
size that this is necessarily a rough comparison because seroconver-
sion does not occur exactly at the point of recovery. It can occur over a
broader range of times, ranging from prior to recovery to many days
following symptom onset™, Finally, in Fig. 9j-1, we plotted the recon-
structed cumulative number of infections that resulted directly from
contact with individuals outside of France. By the first sampled time
window (ending on February 22, 2022), our SMC results indicate that
there were very likely repeated introductions of this lineage into
France, with the majority of sampled particles pointing towards hun-
dreds of introductions of this lineage into France by this time point.

Discussion

Here, we developed a statistical inference approach to estimate epi-
demiological parameters from virus sequence data. Our inference
approach is a “tree-free” approach in that it does not rely on the
reconstruction of viral phylogenies to estimate model parameters. One
benefit of using such an approach for parameter estimation of emer-
ging viral pathogens is that, early on in an epidemic, phylogenetic
uncertainty present in time-resolved viral phylogenies is significant,
and tree-based phylodynamic inference approaches would need to
integrate over this uncertainty. This is oftentimes computationally
intensive, especially when many sequences have been sampled. The
computational complexity of our “tree-free” approach, in contrast,
does not scale with the number of sampled sequences. Instead, the
runtime required for parameter inference depends on the number of
genotypes that evolve over the course of the model simulations. This
number in turn is affected by the proposed basic reproduction num-
ber, the proposed time of the index case in the single introduction
model, and the magnitude of the per genome, per transmission
mutation rate p. A second benefit to our tree-free approach is that it
can estimate the time of the index case (in a single-introduction sce-
nario), whereas tree-based inference methods estimate the time of the
most recent common ancestor. This is a benefit when the question of
interest focuses on when a viral lineage emerges and starts to spread.
Instead of viral phylogenies being the data that statistically interface
with the epidemiological models, our approach uses a population
genetic summary statistic of the sequence data, namely the number of
segregating sites present in time-binned sets of viral sequences. Our
inference approach benefits from being plug-and-play in that it can
easily accommodate different epidemiological model structures.

Based on fits to a simulated data set, we have shown that segre-
gating site trajectories can be used to estimate the basic reproduction
number Ry and the timing of the index case ¢, in cases where a single
introduction can be assumed. We further fit a multiple-introductions
epidemiological model to a segregating site trajectory that was cal-
culated from SARS-CoV-2 sequence data from France, estimating a
basic reproduction number R, of approximately 2.3-2.7. These results
are consistent with previous estimates from an epidemiological ana-
lysis and consistent with a serological study conducted in mid-
March 2020.

Our inference approach relies on several assumptions that are
shared by existing phylodynamic inference methods. Most notably, it
relies on an assumption that all mutations are phenotypically neutral.
However, a recent analysis of SARS-CoV-2 sequences has shown evi-
dence for purifying selection, even early on during the pandemic®.
Indeed, within the set of SARS-CoV-2 sequences from France, we
observe 170 nonsynonymous mutations and 138 synonymous muta-
tions (a ratio of 1.23:1). Given the number of nonsynonymous sites

(n=68,540) and the number of synonymous sites (n=19,255) in the
SARS-CoV-2 genome, we would expect, under neutrality, a ratio of
3.56:1. This underrepresentation of nonsynonymous genetic variation
points towards purifying selection in our analyzed dataset. A more
recent analysis also raises the possibility of adaptive evolution occur-
ring during early 2020*°. Incorporating non-neutral genetic variation
into inference approaches such as ours and existing phylodynamic
ones is complicated, although some statistical approaches have star-
ted to tackle this goal’. In the context of our segregating sites inference
approach, directly incorporating non-neutral evolution will increase
model complexity considerably, and assumptions would need to be
made about the distribution of mutational fitness effects. Rather than
incorporating non-neutral evolution within our approach, we can for
now consider how the occurrence of non-neutral evolution would
impact our parameter estimates. With purifying selection at play, we
would expect to see less genetic variation than in its absence. As such,
the number of segregating sites in any time window would be lower
than it would be under neutrality. Our inference approach, assuming
neutrality, would therefore bias R, estimates to be low and, in single-
introduction models, the timing of the index case ¢, to be late. In multi-
introduction models, our estimate of n would be biased high.

Our approach also assumes infinite sites and the absence of
homoplasies. While these assumptions are limiting over longer periods
of sequence evolution, our approach is intended to be used for
emerging viral pathogens, sampled over shorter periods of time, when
levels of genetic diversity are still low. As such, these assumptions will
likely not be violated in cases where this approach will come in useful.
We would also like to note that the infinite sites assumption could in
principle be relaxed, but this would make the simulations in the
inference approach substantially more costly. Furthermore, as time
goes on, not only do chances of repeated mutations at sites increase,
but genetic diversity increases. As such, phylogenetic uncertainty will
decrease, such that existing tree-based phylodynamic inference
approaches will become increasingly informative and segregating site
trajectories less informative.

While our inference approach does adopt assumptions of phe-
notypic neutrality and infinite sites, it does not assume a constant
sampling rate or a specific sampling process throughout the time
period over which sequences are collected. As we have shown in
Fig. 1b, sampling effort does impact the segregating sites trajectory:
the greater the sampling effort, the larger the number of segregating
sites. For our inference approach to perform effectively, sampling
effort therefore needs to be matched between the simulations and the
empirical data. This matching of sampling effort is implemented in the
particle filter. However, the number of samples sequenced per time
window is not particularly informative of model parameters (except in
the case of extremely high sampling effort when certain low Ro model
parameterizations cannot appropriately evaluate the expected num-
ber of segregating sites in a time window because the number of
sampled sequences exceed the number of simulated recoveries). The
reason why the number of samples is not particularly informative of
model parameters is because, under our approach, sampling of indi-
viduals does not impact the underlying epidemiological dynamics:
individuals are sampled upon recovery, once they are no longer
infectious. That the number of observed samples is not highly infor-
mative of model parameters we see as a benefit of our approach
because sampling effort and testing rates can change dramatically over
the course of an emerging pandemic or over the early period of an
emerging viral lineage as surveillance efforts ramp up. In contrast,
sampling times of sequences have been shown to be highly informa-
tive of model parameters in the case of birth-death models, with
sampling process misspecification resulting in the possibility of arriv-
ing at biased parameter estimates®..

While the number of sampled sequences is largely uninformative
of model parameters, our approach does have to make an assumption
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of when individuals are sampled. In our simulated dataset and in our
application to SARS-CoV-2, we assumed that individuals were sampled
as they recovered. This sampling scheme decision was based on our
understanding that the time of symptom onset often follows peak viral
load for many emerging viral pathogens*? and an assumption that most
testing early on in a pandemic involves individuals who develop
symptoms. It isimportant to note that if the assumed sampling scheme
is mismatched with the empirical sampling scheme, parameter esti-
mates may be biased. For example, if individuals were instead sampled
as they transitioned from the exposed class to the infectious class,
rather than upon recovery, and we assumed in our model that indivi-
duals were sampled upon recovery, then our R, estimates would be
biased high.

Finally, we would like to note that setting the per genome, per
transmission mutation rate to a constant value does not correspond to
an assumption of a constant molecular clock. A constant molecular
clock requires that the number of substitutions per unit time remains
the same. Our assumption is that the mean number of nucleotide
changes that occur during a transmission event between a donor and a
recipient (at the consensus level) stays constant over time. This would
almost certainly be the case unless the fidelity of the viral polymerase
was evolving over the period considered. Changes in the substitution
rate could come about if the generation interval between transmission
events changes due, for example, to the implementation of non-
pharmaceutical interventions or increased symptom awareness. A
shortening of the generation interval (defined as the time between
infection and onward transmission) would increase the number of
transmission events that occur per unit time and thereby result in an
increase in the substitution rate. In contrast, a lengthening of the
generation interval would result in fewer transmission events occur-
ring per unit time, thereby decreasing the population-level substitu-
tion rate. Changes in the generation interval can emerge from an
underlying epidemiological model, such that our assumption of a
constant per genome, per transmission event mutation rate does not
preclude or conflict with the observation of changes in the substitution
rate over time.

The analysis we presented here focuses on statistical inference
using sequence data alone. In recent years, there has also been a
growing interest in combining multiple data sources - for example,
sequence data and epidemiological data or serological data - to more
effectively estimate model parameters. The few existing studies that
have incorporated additional data while performing phylodynamic
inference have shown the value in pursuing this goal”****. As a next
step, we aim to extend the segregating sites approach developed here
to incorporate epidemiological data and/or serological data more
explicitly. Straightforward extension is possible due to the state-space
model structure that is at the core of the particle filtering rou-
tine we use.

Our analysis focused on phylodynamic inference based on
sequence data belonging to a single viral lineage, with either a single
index case or multiple introductions from an outside reservoir. Our
approach, however, can be expanded in a straightforward manner to
multiple viral lineages. This is especially useful in cases like SARS-
CoV-2, where many regions have witnessed the introduction of
multiple clades'*. In this case, a single segregating sites trajectory
could be calculated for each clade, such that multiple segregating
site trajectories could be simultaneously fit to under specified con-
straints such as the basic reproduction number being the same
across all clades. Different clades could also be allowed to differ in
their reproductive numbers, such that questions relating to the
selective advantage of some clades over others could be addressed.
As such, this inference method, designed for emerging pathogens
with low levels of genetic diversity, may continue to be useful for
endemic pathogens to address questions related to the emergence of
new viral lineages.

Methods

Brief overview of inference approach

Mutations occur during viral replication within infected individuals
and these have the potential to be transmitted. During the epidemio-
logical spread of an emerging virus or viral lineage, the virus popula-
tion (distributed across infected individuals) thus accrues mutations
and diversifies genetically. This joint process of viral spread and evo-
lution can be simulated forward in time using compartmental models,
with patterns of epidemiological spread leaving signatures in the
evolutionary trajectory of the virus population. Parameters of these
compartmental models that govern patterns of epidemiological
spread can thus in principle be estimated using viral sequence data.
Here, similar in spirit to existing inference approaches based on
summary statistics**>°, we develop a statistical inference approach
that fits compartmental epidemiological models to time series of a
low-dimensional summary statistic calculated from sequence data.
Specifically, we use trajectories of the number of segregating sites
from samples of the viral population taken over time for statistical
inference. Because we propose the use of our method early on in an
epidemic (or during the early expansion of a viral lineage), we focus
primarily on estimating the basic reproduction number Ry using this
inference approach.

Epidemiological model simulations and calculation of
segregating site trajectories

To simulate mock data of segregating site trajectories, we specify a
compartmental epidemiological model and simulate the model under
demographic stochasticity using Gillespie’s 1-leap algorithm. Here, we
use a susceptible-exposed-infected-recovered (SEIR) model whose
stochastic dynamics are governed by the following equations:

Sevac=Se —Ns_ g @

Epope=Ectng p—ng )

Teige=le+ne . —ny g 3

Reiae=Retny_ g “4)

where:

ng_ r ~ Pois (B%I,At) ©)

ng_,; ~ Pois(ygE At) (6)

ny_ g ~ Pois(y,I At) @)

where S is the transmission rate, N is the host population size, y is the
rate of transitioning from the exposed to the infected class, y; is the
rate of recovering from infection, and At is the T-leap time step used. Ry
is given by B /y1. The epidemiological dynamics of this model can be
simulated from the above equations alone. Additional complexity is
needed to incorporate virus evolution throughout the course of the
simulation. To incorporate virus evolution, we partition exposed
individuals and infected individuals into genotype classes, with
genotype 0 being the reference genotype present at the start of the
simulation. Mutations to the virus occur at the time of transmission,
with the number of mutations that occur in a single transmission event
given by a Poisson random variable with mean g, the per-genome, per-
transmission event mutation rate. We assume infinite sites such that
new mutations necessarily result in new genotypes. New mutations
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and new genotypes are both assigned integer indices in order of their
appearance. When new mutations are generated at a transmission
event, the new genotype harbors the same mutation(s) as its parent
genotype plus any new mutations. We use a sparse matrix approach to
store genotypes and their associated mutations to save on memory.
There are three types of events that occur in the SEIR model
simulations: transitions from exposed to infected; transitions from
infected to recovered; and transmission. To simulate transitions from
exposed to infected, during a time step At, n;_,, individuals are drawn
at random from the set of individuals who are currently reside in the
exposed class. These individuals will transition to the infected class
during this time step, while retaining their current genotype statuses.
To simulate transitions from infected to recovered, during a time step
At, n;_ , individuals are drawn at random from the set of individuals
who are currently residing in the infected class. These individuals will
transition to the recovered class during this time step. To simulate
transmission, during a time step At, we add n_, ; new individuals to the
set of exposed individuals. For each newly exposed individual, we
randomly choose (with replacement) a currently infected individual as
its ‘parent’. If no mutations occur during transmission, then this newly
exposed individual enters the same genotype class as its parent. If one
or more mutations occur during transmission, this newly exposed
individual enters a new genotype class, and the sparse matrix is
extended to document the new genotype and its associated mutations
(given as integers, without a bitstring or explicit genome structure).
We start the simulation with one infected individual carrying a viral
genotype that we consider as the reference genotype (genotype 0). To
calculate a time series of segregating sites, we define a time window
length T (7> At) of a certain number of days and partition the simula-
tion time course into discrete, non-overlapping time windows. During
simulation, we keep track of the individuals that recover (transition
from / to R) within a time window. For each time window i, we then
sample n; of these individuals at random, where n; is the number of
sequences sampled in a given time window based on the sampling
scheme chosen. Because we have the genotypes of the sampled indi-
viduals from the sparse matrix, we can calculate the number of segre-
gating sites s; in any time window i. Since s; is the number of
polymorphic sites across the sampled individuals in time window i, it is
simply calculated from the set of mutations harbored by the sequences
of the sampled individuals. While in our simulations, we sample indi-
viduals as they recover, alternative sampling schemes can instead be
assumed. For example, individuals could be sampled as they transition
from the exposed to the infected class, or while they are in the infected
class. We chose to sample upon recovery based on symptom devel-
opment (and thereby testing) often occurring following peak viral load.

Implementation of the transmission heterogeneity model

We implement transmission heterogeneity in the epidemiological
model by splitting the infected classes into a high-transmission and a
low-transmission class, as has been done elsewhere®’°. For an SEIR
model, the model extended to incorporate transmission heterogeneity
becomes:

Stiae=Se — N (8)

Egoae=Ectng p—np,, —ng 9)

Tperae=Ipetng,, — Ny g (10)
Iievac=lietng . —ny g (11
Reiac=Retny _gtny g (12)

where:
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ng_,, ~Bin(ng_,py) 15)
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ny_ g ~Pois(y,l; At) (18)

The parameter py quantifies the proportion of exposed indivi-
duals who transition to the high-transmission /, class. Parameters S,
and B, quantify the transmission rates of the infectious classes that
have high and low transmissibility, respectively. We set the values of 3,
and B, based on a given parameterization of overall Ry and the para-
meter py. To do this, we first define, as in previous work®', the relative

transmissibility of infected individuals in the /, and / classes as c= %

We further define a parameter P as the fraction of secondary infections
that result from a fraction py of the most transmissible infected indi-
viduals. Based on given values of py and P, we set ¢, as in previous

Loy
work®, to % With ¢ defined in this way, py can be interpreted as the
P

proportion of most infectious individuals that result in P of secondary
infections. We set Pto 0.80, to make py easily interpretable relative to
the “20/80” rule in disease ecology””. Recognizing that

— Pubn*A=py)B; ; i - Ry
R, v in this model, we can then solve for ﬁ"pHCHI—pH)’ and

set B, =cp,;. Note that the interpretation of py in the context of the
disease ecology rule is an approximation since this calculation does
not take into consideration variation in individual R that results from
differences in the duration of infection or variation in individual R, that
results from differences in the number of secondary infections that are
due to stochastic effects.

Epidemiological inference using time series of segregating sites
Our inference approach relies on particle filtering, also known as
Sequential Monte Carlo (SMC), to estimate model parameters and
reconstruct unobserved (latent) state variables. Particle filtering cal-
culates the likelihood of a parameterized model (more precisely, the
probability of observing the time-series data marginalized over the
unobserved state variables) by recurrently updating a set of particles
(Figure S10). In our case, each of these particles holds a state-space
model, which includes a process model component that simulates
underlying epidemiological and evolutionary dynamics and an obser-
vation model that relates these latent state variables to the observed
segregating sites data (Figure S11). The process model includes the
unobserved epidemiological variables (e.g., S, E, /, and R) and the
evolutionary components of the model (viral genotypes and muta-
tions). From one observed segregating sites data point to the next one,
the model is simulated using Gillespie’s 7-leap algorithm, as described
in the section above.

At the end of each time window, when the simulation reaches the
next observed segregating sites data point, the observation model is
used to calculate the probability of observing the observed data point
given the underlying process model. This probability is calculated as
follows. We calculate the expected number of segregating sites from
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the model simulation by performing k ‘grabs’ of sampled individuals,
with each grab consisting of the following steps:

* pick (without replacement) n; individuals from the set of indi-
viduals who recovered during time window i, where n; is the
number of samples present in the empirical dataset in window i.
This step mimics the process of sample collection at the same
effort as in the observed data. We control for sampling effort
because the extent of sampling impacts the number of
segregating sites. )

+ calculate the simulated number of segregating sites s;™, based
on the genotypes of the sampled n; individuals.

Between grabs, the replacement of previously sampled indivi-
duals occurs. We then calculate the mean number of segregating sites
for window i by taking the average of all k s&™ values. Finally, we
calculate the probability of observing s; segregating sites in window i,
given the model-simulated mean number of segregating sites, using a
Poisson probability mass function parameterized with the mean s™
value and evaluated at s;. As a special case in the calculation of this
probability, if the number of individuals who recovered during a given
time window i is less than the number that needs to be sampled (n;),
then the particle’s probability of observing the number of segregating
sites s; is set to 0. The calculated probabilities serve as the weights for
the particles.

Particle weights obtained at the end of each window are used 1)
to resample particles for the next time window according to their
assigned weights and 2) to calculate the likelihood of a para-
meterized model. In the particle filtering algorithm, the likelihood is
obtained by averaging particle weights within each window and then
multiplying these average particle weights across all time windows
with observations. For time windows without observations (n; =0),
particle weights are assigned a value of O if the virus has died out
stochastically and 1 if the virus continues to persist in the population.
These weights are used for resampling, but do not contribute to the
calculation of the likelihood. We adopt this approach to filter out
particles during early time windows that have undergone stochastic
extinction.

Latent state variables are reconstructed by randomly sampling a
particle at the end of an SMC simulation and plotting the values of its
simulated latent state variables over time. All of our SMC simulations
were performed with 200 particles and k=50 grabs. Note that the
complexity of this inference method is largely independent of the
number of input sequences. This stands in contrast to phylodynamic
inference approaches that frequently down-sample sequences to
reduce runtime.

Converting simulated sequences into nucleotide sequences for
the performance comparison against PhyDyn

Simulated sparse matrices were converted to nucleotide alignments
by first generating a reference sequence with the same length as the
maximum number of mutations in the sparse matrix and choosing
an A, C, G, or T nucleotide at each site with equal probability. A
mutated sequence was generated for each genotype represented in
the sparse matrix by replacing the reference allele at that position
with another nucleotide chosen with equal probability. The final
FASTA alignment was generated by identifying the simulated
sequence associated with each sampled individual. Generation of
the simulated FASTA file was done using Python v3.9.4 with
Numpy v1.19.4.

The simulated FASTA alignment was used to generate a BEAST2
XML file from a template XML which was generated in part using Beauti
v2.6.6. This template used a JC69 nucleotide substitution model with
no invariant sites. We assumed an uncorrelated log-normally dis-
tributed relaxed clock with a uniform [0.0, 1E-2] prior on the mean and
a uniform [0.0,2.0] prior on the standard deviation.

A single-deme structured coalescent prior as defined by the fol-
lowing equations was implemented using PhyDyn v1.3.8:

G VeE -l 0)
% Yy @1

where B=R,y,. A population size of 10° with a single initially infected
individual was used. We assume infected individuals remain exposed
for an average of 2 days (1/yg) and infectious (1/y;) for an average of
3 days. Ro was estimated using a uniform [1.0, 10.0] prior. All sampled
sequences were assigned to the infected (“I”) class.

Sampled parameters and trees were logged every 1000 states and
all MCMC chains were run for at least 209 M (Fig. 3b), 64 million
(Fig. 5¢), 150 million (Figure S8c) iterations. The first 10% of MCMC
chains were discarded as burn-in and the ESS values of all parameters
were >200, as identified by Tracer v1.7.1 (10.1093/sysbio/syy032).

Epidemiological model structure and parameterization used in
the SARS-CoV-2 analysis

The process model we use in our application to SARS-CoV-2 sequence
data from France is based on a previously published epidemiological
model’. We base our process model on this published model to allow
for a direct comparison of inferred Ry values between our sequence-
based analysis and their analysis that focuses on SARS-CoV-2 spread in
France over a similar time period. Their analysis was based on fitting an
epidemiological model to a combination of case, hospitalization, and
death data. Their model structure, once implemented using Gillespie’s
t-leap algorithm, is given by:

S¢iac=St — N5y (22)
Eytiae=EqetNs gy — Ner g (23)
Eyeiac=Eret gy gy —Npyyy (24)

Ievpr=letngy  — 0y g (25)
Riige=Re+ny_p (26)
where:
. (0S¢ . (0S¢
ng_ g ~ Pois ﬂﬁl,dt + Pois ﬁﬁfz,tAt 27)
Ny gy ~ POIS(y g Eq ,At) (28)
Ngy [~ Pois(Yg,E, (AY) (29)
n,_ g ~ Pois(y,1,At) (30)

The parameters are the transmission rate S, the rate of transi-
tioning from the F; class to the E, class yg;, the rate of transitioning
from the £, class to the / class y,, and the rate of transition from the /
class to the R class y,. The average duration of time spent in the £; class
given by 1/y;; =4 days, the average duration of time spent in the £
class given by 1/y,, =1 day, and the average duration of time spent in
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the infected class given by 1/y, =3 days. Their model assumes that the
transmission efficiency S of exposed class 2 (£,) and that of the
infected class / are the same; their model considers £, and / as distinct
classes to interface with the case data, where symptoms are assumed
to not appear before an individual has transitioned to class /. We
maintain the model structure with £y, E5, and / rather than reducing it to
a model structure with just a single E and a single / class to keep the
same overall distribution of infection times as in their model.

Because SARS-CoV-2 dynamics are characterized by substantial
levels of transmission heterogeneity'®***' and we have shown in Fig. 1
that transmission heterogeneity impacts segregating site trajectories,
we expanded the compartmental epidemiological model for SARS-
CoV-2 described above to include transmission heterogeneity in a
manner similar to the one we used in Fig. 1. Based specifically on the
analysis by Paireau and colleagues™, we set py; to 0.10, such that 10% of
infections are responsible for 80% of secondary infections. Analogous
to the approach we undertook for the simulated data, we jointly esti-
mated R, and ¢, using the segregating site trajectory shown in Fig. 6b.

Based on phylogenetic analyses that have indicated that early
introductions of SARS-CoV-2 into focal regions likely resulted from
multiple introductions rather than a single one, we considered a
modified version of the epidemiological model that would allow for
multiple introductions. The modification relied on the incorporation
of infections within France that resulted from direct contact with
infected individuals outside of France, termed the viral “reservoir”.
Similar to the approach adopted by some existing phylodynamic
analyses', the viral population dynamics in this reservoir are simplified
to exponential growth. This infected population from outside of
France acts as another source of infection for susceptible individuals
within France, allowing for multiple introductions of SARS-CoV-2 into
France.

As in the focal region, new genotypes are expected to emerge in
the outside reservoir. As we assume an infinite sites model, the geno-
types that emerge in the outside reservoir and in the focal region will
not overlap except in the basal genotype that is first introduced to the
focal region. For this reason, and because the basal genotype is
expected to be considerably more common than any of the viral
genotypes that stem from it, we consider only the repeated intro-
duction of the basal genotype into France. Starting at the time of
emergence of the basal genotype in the outside reservoir (¢.), we let
the number of individuals infected with this basal genotype Y; grow
exponentially:

Y =e"tt 31
where r is the intrinsic growth rate of the basal genotype. Based on
empirical estimates®™**, we set the intrinsic growth rate to 0.22 day™.
To set t., we first identified the genotype sampled in France that is
genetically closest to the reference strain Wuhan/Hu-1 (MN908947.3).
This basal genotype differs from Wuhan/Hu-1 by 4 nucleotides: C241T,
C3037T, C14408T, and A23403G. Using GISAID data, we then identi-
fied sequences with collection locations outside of France that carried
all four of these mutations that define the basal genotype. The earliest
of these sequences including the four basal genotype-defining
mutations was collected on January 25, 2020, in Australia, suggesting
that the basal genotype had been circulating prior to January 25, 2020.
Considering the potential delay between emergence and the time of
first detection, we considered three distinct ¢, values: December 24th,
2019, January 1st, 2020, and January 8th, 2020.

Individuals infected in this outside reservoir can transmit their
infection to susceptible individuals within France. The rate at which
they transmit the infection is reduced relative to the rate at which
infected individuals within France transmit the infection to susceptible
individuals within France. We let the factor by which transmission is
reduced be given by the factor 5. During a t-leap timestep, the number

of individuals within France who become infected from contact with an
infected individual outside of France is therefore given by:

ng g, ~ Pois (ﬂﬂ% Y. At ) (32)

As we are considering only the transmission of the basal genotype
from infected individuals in the outside reservoir to susceptible indi-
viduals in France, all of these newly infected individuals will carry the
basal genotype unless mutation occurs during the transmission pro-
cess. Our simplifying assumption that only the basal genotype can be
introduced into France from the outside reservoir ignores the possi-
bility that genotypes that are derived from the basal genotype enter
France from the outside reservoir. Strictly speaking, we think this
assumption is unlikely to be met. However, at very early time points in
France’s epidemic, most of the genotypes outside of France should still
be the basal genotype, and only at later time points should the fre-
quencies of derived genotypes increase outside of France. Introduc-
tion of these derived genotypes at these later time points could result
in the establishment of viral sublineages in France. However, because
autochthonous infections would be high at this point, these viral
sublineages would very likely go unsampled. As such, we do not think
that our assumption of only the basal genotype being introduced into
France would have a dramatic effect on our results. We can consider,
however, the effects that violation of this assumption would have on
our parameter estimates: if derived genotypes were introduced into
France and sampled (or their descendants sampled), then the number
of segregating sites that would have evolved within France would be
lower than we are currently taking it to be. As such, our current esti-
mate of Ry would be biased high.

Estimation of the per genome, per transmission event
mutation rate
We set the per-genome, per-transmission mutation rate parameter p to
0.33. This is based on the fit of a Poisson distribution to the number of
de novo substitutions that were observed in 87 transmission pairs of
SARS-CoV-2 from four studies®**. Accession numbers for 78/87 of
these transmission pairs are available in Table S1. Accession numbers
for the remaining pairs were provided by the corresponding authors of
the relevant publication®. Sequence data were aligned to Wuhan/Hu-1
(MN908947.3)* using MAFFT v.7.464°, Insertions relative to Wuhan/
Hu-1 were removed and the first 55 and last 100 nucleotides of the
genome were masked. De novo substitutions for each pair were
identified in Python v.3.9.4 (http://www.python.org) using NumPy
v.1.19.4%". Ambiguous nucleotides were permissively included in the
identification of de novo substitutions (e.g., an R nucleotide was
assumed to match both an 4 and a G). The mean number of substitu-
tions between transmission pairs is the maximum likelihood estimate
for the rate parameter of the Poisson distribution. The 95% confidence
interval was calculated using the exact method using SciPy v.1.5.4°,
The value for p=0.33 is consistent with population-level sub-
stitution rate estimates for SARS-CoV-2, which range from 7.9 x10—* to
1.1 x10-3 substitutions per site per year’**°. With a genome length of
SARS-CoV-2 of approximately 30,000 nucleotides and a generation
interval of approximately 4.5 days®’, these population-level substitu-
tion rates would correspond to per genome, per transmission muta-
tion rates of between 0.29 and 0.41, respectively.

Estimation of segregating site trajectories for the France data

We downloaded all complete and high-coverage SARS-CoV-2 sequen-
ces with complete sampling dates sampled through March 17th, 2020
(https://doi.org/10.55876/gis8.230123mt) in France and uploaded
through April 29th, 2021 from GISAID®'. Sequences were aligned to
Wuhan/Hu-1 using MAFFT v.7.464. Insertions relative to Wuhan/Hu-1
were removed. Any sequences with fewer than 280004, C, T, or G
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characters were removed. Following this filtering protocol, our dataset
included 479 sequences. We masked the first 55 and last 100 nucleo-
tides in the genome as well as positions marked as “highly homoplasic”
in early SARS-CoV-2 sequencing data (https:/github.com/W-L/
ProblematicSites SARS-CoV2/blob/master/archived_vcf/problematic_
sites_sarsCov2.2020-05-27.vcf). Pairwise SNP distances were calcu-
lated in a manner that accounted for IUPAC ambiguous nucleotides in
Python using NumPy. To subset these data to a single clade circulating
within France, we identified the connected components of this pair-
wise distance matrix with a cutoff of 1 SNP in Python using SciPy and
identified the shared SNPs relative to Wuhan/Hu-1 between all
sequences in each connected component. The largest connected
component contained 308 sequences which shared the substitutions
C241T, C3037T, C14408T, and A23403G. Our final dataset included
these 308 as well as 124 sequences from connected components that
shared these four substitutions relative to Wuhan/Hu-1. We included
connected components in which all sequences had an N at any of the
four clade-defining sites of the largest connected component. Two
sequences were excluded as they differed from all other sequences in
the dataset by > 7 SNPs. This dataset includes 112 of the 186 sequen-
ces analyzed in Danesh et al.". Sequences were binned into four-day
windows, aligned such that the last window ended on the latest
sampling date. The number of segregating sites in each window was
calculated in Python using NumPy. Ambiguous nucleotides were
permissively considered in the calculation of segregating sites, e.g.,
an N nucleotide was assumed to match all four nucleotides, whereas
an R nucleotide was assumed to match only A and G nucleotides. This
matching assumption results in a lower bound estimate for the
number of segregating sites in any time window. If we instead count
an N nucleotide at a site as a mutation, the number of segregating
sites in each time window is much larger (Figure S12a). However, it is
unlikely that an N nucleotide indicates a mutation; it is much more
likely that an N indicates an inability to call a nucleotide based on low
read depth or poor quality scores at a site. If we count N nucleotides
as matching observed variation but count other ambiguous nucleo-
tides (e.g., R) as mutations, the segregating site trajectory is barely
affected (Figure S12b). This is because there are very few non-N
ambiguous nucleotides in the dataset. As such, our parameter esti-
mates on the France dataset are unlikely to be impacted by our
assumption of ambiguous nucleotides matching observed genetic
variation at their respective sites.

Phylogenetic analysis of SARS-CoV-2 sequences from France
To confirm that the subset of sequences from France obtained from
finding connected components formed an evolutionary lineage/
clade, we first combined the 479 sequences sampled from France
with 100 randomly-selected complete, high-coverage sequences
sampled from outside France through March 17th, 2020 and uploa-
ded to GISAID through April 29th, 2021. These sequences were
aligned to Wuhan/Hu-1 using MAFFT, insertions were removed, and
the sites described above were masked. This alignment was con-
catenated with the aligned sequences from France. 1Q-Tree v. 2.0.7%
was used to construct a maximum likelihood phylogeny, and
ModelFinder®® was used to find the best fit nucleotide substitution
model (GTR+F+I). Small branches were collapsed. TreeTime v.
0.8.0°* was used to remove any sequences with more than four
interquartile distances from the expected evolutionary rate, rooting
at Wuhan/Hu-1. Treetime was also used to generate a time-aligned
phylogeny assuming a clock rate of 1 x10-3 substitutions per site per
year with a standard deviation of 5 x10-* substitutions per site per
year, a skyline coalescent model, marginal time reconstruction,
accounting for covariation, and resolving polytomies. Maximum
likelihood phylogenies were visualized in Python using Matplotlib v.
3.3.3% and Baltic (https://github.com/evogytis/baltic).

Reporting summary
Further information on research design is available in the Nature
Portfolio Reporting Summary linked to this article.

Data availability

The simulated data generated in this study are available at https://
github.com/koellelab/segregating-sites. The transmission pair data
used to estimate the per-genome, per-transmission event mutation
rate is provided in Table S1. The SARS-CoV-2 viral genome sequences
used in the France analysis are available from GISAID (Supplementary
information; https://doi.org/10.55876/gis8.230123mt). Due to the
size of datasets, source data (excluding genome sequences down-
loaded from GISAID) are available at https://github.com/koellelab/
segregating-sites.

Code availability
Python code used for generation of all figures is available on GitHub:
https://github.com/koellelab/segregating-sites.

References

1. Stadler, T. & Bonhoeffer, S. Uncovering epidemiological dynamics
in heterogeneous host populations using phylogenetic methods.
Phil. Trans. R. Soc. B 368, 20120198 (2013).

2. Popinga, A., Vaughan, T., Stadler, T. & Drummond, A. J. Inferring
epidemiological dynamics with Bayesian coalescent inference: the
merits of deterministic and stochastic models. Genetics https://doi.
org/10.1534/genetics.114.172791 (2014).

3. Ratmann, O. et al. Phylogenetic Tools for Generalized HIV-1 Epi-
demics: Findings from the PANGEA-HIV Methods Comparison. Mol.
Biol. Evolution 34, 185-203 (2017).

4. Volz, E. M. et al. Phylodynamic analysis to inform prevention efforts
in mixed HIV epidemics. Virus Evolution 3, vex014 (2017).

5. Stadler, T., Kihnert, D., Rasmussen, D. A. & du Plessis, L. Insights
into the Early Epidemic Spread of Ebola in Sierra Leone Provided by
Viral Sequence Data. PLoS Curr https://doi.org/10.1371/currents.
outbreaks.02bc6d927ecee7bbd33532ec8ba6a25f (2014).

6. Volz, E. M. & Siveroni, |. Bayesian phylodynamic inference with
complex models. PLoS Comput Biol. 14, €1006546 (2018).

7. Vaughan, T. G. et al. Estimating Epidemic Incidence and Prevalence
from Genomic Data. Mol. Biol. Evol 36, 1804-1816 (2019).

8. Rasmussen, D. A., Boni, M. F. & Koelle, K. Reconciling phylody-
namics with epidemiology: the case of dengue virus in southern
Vietnam. Mol. Biol. Evol 31, 258-271 (2014).

9. Rasmussen, D. A. & Stadler, T. Coupling adaptive molecular evo-
lution to phylodynamics using fitness-dependent birth-death
models. Elife 8, e45562 (2019).

10. Miller, D. et al. Full genome viral sequences inform patterns of
SARS-CoV-2 spread into and within Israel. Nat. Commun. 11,

5518 (2020).

1. Danesh, G. et al. Early phylodynamics analysis of the COVID-19
epidemic in France. Peer Community J. 1, e45 (2021).

12. Geidelberg, L. et al. Genomic epidemiology of a densely sampled
COVID-19 outbreak in China. Virus Evol 7, veaal02 (2021).

13. Volz, E. M. Complex population dynamics and the coalescent under
neutrality. Genetics 190, 187-201 (2012).

14. Stadler, T. Sampling-through-time in birth-death trees. J. Theor.
Biol. 267, 396-404 (2010).

15. Stadler, T. et al. Estimating the basic reproductive number from
viral sequence data. Mol. Biol. Evol. 29, 347-357 (2012).

16. Boskova, V., Bonhoeffer, S. & Stadler, T. Inference of epidemiolo-
gical dynamics based on simulated phylogenies using birth-death
and coalescent models. PLoS Comput. Biol. 10, 1003913 (2014).

17. Kuhnert, D., Stadler, T., Vaughan, T. G. & Drummond, A. J. Phylo-
dynamics with Migration: A Computational Framework to Quantify

Nature Communications | (2023)14:3105

13


https://github.com/W-L/ProblematicSites_SARS-CoV2/blob/master/archived_vcf/problematic_sites_sarsCov2.2020-05-27.vcf
https://github.com/W-L/ProblematicSites_SARS-CoV2/blob/master/archived_vcf/problematic_sites_sarsCov2.2020-05-27.vcf
https://github.com/W-L/ProblematicSites_SARS-CoV2/blob/master/archived_vcf/problematic_sites_sarsCov2.2020-05-27.vcf
https://github.com/evogytis/baltic
https://github.com/koellelab/segregating-sites
https://github.com/koellelab/segregating-sites
https://doi.org/10.55876/gis8.230123mt
https://github.com/koellelab/segregating-sites
https://github.com/koellelab/segregating-sites
https://github.com/koellelab/segregating-sites
https://doi.org/10.1534/genetics.114.172791
https://doi.org/10.1534/genetics.114.172791
https://doi.org/10.1371/currents.outbreaks.02bc6d927ecee7bbd33532ec8ba6a25f
https://doi.org/10.1371/currents.outbreaks.02bc6d927ecee7bbd33532ec8ba6a25f

Article

https://doi.org/10.1038/s41467-023-38809-7

18.

19.

20.

21.

22.

23.

24.

25.

26.

27.

28.

20.

30.

31.

32.

33.

34.

35.

36.

37.

38.

39.

40.

Population Structure from Genomic Data. Mol. Biol. Evol. 33,
2102-2116 (2016).

Suchard, M. A. et al. Bayesian phylogenetic and phylodynamic data
integration using BEAST 1.10. Virus Evolution 4, vey016 (2018).
Bouckaert, R. et al. BEAST 2.5: An advanced software platform for
Bayesian evolutionary analysis. PLoS Comput Biol. 15,

1006650 (2019).

Stadler, T., Kuhnert, D., Bonhoeffer, S. & Drummond, A. J. Birth-
death skyline plot reveals temporal changes of epidemic spread in
HIV and hepatitis C virus (HCV). Proc. Natl Acad. Sci. 110,

228-233 (2013).

Lloyd-Smith, J. O., Schreiber, S. J., Kopp, P. E. & Getz, W. M.
Superspreading and the effect of individual variation on disease
emergence. Nature 438, 355-359 (2005).

Woolhouse, M. E. J. et al. Heterogeneities in the transmission of
infectious agents: Implications for the design of control programs.
Proc. Natl Acad. Sci. 94, 338-342 (1997).

Sun, K. et al. Transmission heterogeneities, kinetics, and controll-
ability of SARS-CoV-2. Science 371, eabe2424 (2021).

Althouse, B. M. et al. Superspreading events in the transmission
dynamics of SARS-CoV-2: Opportunities for interventions and
control. PLoS Biol. 18, e3000897 (2020).

Lemieux, J. E. et al. Phylogenetic analysis of SARS-CoV-2 in Boston
highlights the impact of superspreading events. Science 371,
eabe3261 (2021).

Koelle, K. & Rasmussen, D. A. Rates of coalescence for common
epidemiological models at equilibrium. J. R. Soc. Interface 9,
997-1007 (2012).

Keeling, M. J. & Rohani, P. Modeling Infectious Diseases in Humans
and Animals. (Princeton University Press, 2008).

Pekar, J., Worobey, M., Moshiri, N., Scheffler, K. & Wertheim, J. O.
Timing the SARS-CoV-2 index case in Hubei province. Science 372,
412-417 (2021).

Nee, S., Holmes, E. C., May, R. & Harvey, P. Extinction rates can be
estimated from molecular phylogenies. Philos. Trans. R. Soc. Lond.
B 344, 77-82 (1994).

Gambaro, F. et al. Introductions and early spread of SARS-CoV-2 in
France, 24 January to 23 March 2020. Eurosurveillance 25, (2020).
Salje, H. et al. Estimating the burden of SARS-CoV-2 in France.
Science eabc3517 https://doi.org/10.1126/science.abc3517.(2020)
Popa, A. et al. Genomic epidemiology of superspreading events in
Austria reveals mutational dynamics and transmission properties of
SARS-CoV-2. Sci. Transl. Med 12, eabe2555 (2020).

Braun, K. M. et al. Acute SARS-CoV-2 infections harbor limited
within-host diversity and transmit via tight transmission bottle-
necks. PLoS Pathog. 17, €1009849 (2021).

Lythgoe, K. A. et al. SARS-CoV-2 within-host diversity and trans-
mission. Science 372, eabg0821 (2021).

San, J. E. et al. Transmission dynamics of SARS-CoV-2 within-host
diversity in two major hospital outbreaks in South Africa. Virus Evol
7, veab041 (2021).

Worobey, M. et al. The emergence of SARS-CoV-2 in Europe and
North America. Science 370, 564-570 (2020).

Le, Vu,S. et al. Prevalence of SARS-CoV-2 antibodies in France:
results from nationwide serological surveillance. Nat. Commun. 12,
3025 (2021).

lyer, A. S. et al. Persistence and decay of human antibody responses
to the receptor binding domain of SARS-CoV-2 spike protein in
COVID-19 patients. Sci. Immunol. 5, eabe0367 (2020).

Ghafari, M. et al. Purifying Selection Determines the Short-Term
Time Dependency of Evolutionary Rates in SARS-CoV-2 and pH1N1
Influenza. Mol. Biol. Evol 39, msac009 (2022).

Neher, R. A. Contributions of adaptation and purifying selection to
SARS-CoV-2 evolution. Virus Evol 8, veac113 (2022).

41.

42.

43.

44,

45,

46.

47.

48.

49.

50.

51.

52.

53.

54.

55.

56.

57.

58.

59.

60.

61.

62.

63.

Volz, E. M. & Frost, S. D. W. Sampling through time and phylody-
namic inference with coalescent and birth-death models. J. R. Soc.
Interface 11, 20140945-20140945 (2014).

Linton, N. M., Akhmetzhanov, A. R. & Nishiura, H. Correlation
between times to SARS-CoV-2 symptom onset and secondary
transmission undermines epidemic control efforts. Epidemics 41,
100655 (2022).

Rasmussen, D. A., Ratmann, O. & Koelle, K. Inference for nonlinear
epidemiological models using genealogies and time series. PLoS
Comput Biol. 7, €1002136 (2011).

Li, L. M., Grassly, N. C. & Fraser, C. Quantifying Transmission Het-
erogeneity Using Both Pathogen Phylogenies and Incidence Time
Series. Mol. Biol. Evolution 34, 2982-2995 (2017).
Gonzalez-Reiche, A. S. et al. Introductions and early spread of
SARS-CoV-2 in the New York City area. Science eabc1917 https://
doi.org/10.1126/science.abc1917.(2020)

Leventhal, G. E. et al. Inferring Epidemic Contact Structure from
Phylogenetic Trees. PLoS Comput Biol. 8, 1002413 (2012).
Ratmann, O., Donker, G., Meijer, A., Fraser, C. & Koelle, K. Phylo-
dynamic Inference and Model Assessment with Approximate
Bayesian Computation: Influenza as a Case Study. PLoS Comput
Biol. 8, €1002835 (2012).

Kim, K., Omori, R. & Ito, K. Inferring epidemiological dynamics of
infectious diseases using Tajima’s D statistic on nucleotide
sequences of pathogens. Epidemics 21, 21-29 (2017).

Saulnier, E., Gascuel, O. & Alizon, S. Inferring epidemiological
parameters from phylogenies using regression-ABC: A comparative
study. PLOS Computational Biol. 13, 1005416 (2017).

Plazzotta, G. & Colijn, C. Phylodynamics without trees: estimating RO
directly from pathogen sequences. http://biorxiv.org/lookup/doi/
10.1101/102061 (2017).

Adam, D. C. et al. Clustering and superspreading potential of SARS-
CoV-2 infections in Hong Kong. Nat. Med 26, 1714-1719 (2020).
Paireau, J. et al. Early chains of transmission of COVID-19 in France,
January to March 2020. Eurosurveillance 27, 2001953 (2022).
Dehning, J. et al. Inferring change points in the spread of COVID-19
reveals the effectiveness of interventions. Science 369,

eabb9789 (2020).

Musa, S. S. et al. Estimation of exponential growth rate and basic
reproduction number of the coronavirus disease 2019 (COVID-19) in
Africa. Infect. Dis. Poverty 9, 96 (2020).

Wu, F. et al. A new coronavirus associated with human respiratory
disease in China. Nature 579, 265-269 (2020).

Katoh, K. MAFFT: a novel method for rapid multiple sequence
alignment based on fast Fourier transform. Nucleic Acids Res. 30,
3059-3066 (2002).

Harris, C. R. et al. Array programming with NumPy. Nature 585,
357-362 (2020).

SciPy 1.0 Contributors. et al. SciPy 1.0: fundamental algorithms for
scientific computing in Python. Nat. Methods 17, 261-272 (2020).
Duchene, S. et al. Temporal signal and the phylodynamic threshold
of SARS-CoV-2. Virus Evolution 6, veaa061 (2020).

Griffin, J. et al. Rapid review of available evidence on the serial
interval and generation time of COVID-19. BMJ Open 10,

e040263 (2020).

Shu, Y. & McCauley, J. GISAID: Global initiative on sharing all
influenza data - from vision to reality. Eurosurveillance 22,

30494 (2017).

Minh, B. Q. et al. IQ-TREE 2: New Models and Efficient Methods for
Phylogenetic Inference in the Genomic Era. Mol. Biol. Evolution 37,
1530-1534 (2020).

Kalyaanamoorthy, S., Minh, B. Q., Wong, T. K. F., von Haeseler, A. &
Jermiin, L. S. ModelFinder: fast model selection for accurate phy-
logenetic estimates. Nat. Methods 14, 587-589 (2017).

Nature Communications | (2023)14:3105

14


https://doi.org/10.1126/science.abc3517
https://doi.org/10.1126/science.abc1917
https://doi.org/10.1126/science.abc1917
http://biorxiv.org/lookup/doi/10.1101/102061
http://biorxiv.org/lookup/doi/10.1101/102061

Article

https://doi.org/10.1038/s41467-023-38809-7

64. Sagulenko, P., Puller, V. & Neher, R. A. TreeTime: Maximum-
likelihood phylodynamic analysis. Virus Evol. 4, vex042 (2018).

65. Hunter, J. D. Matplotlib: A 2D Graphics Environment. Comput. Sci.
Eng. 9, 90-95 (2007).

Acknowledgements

The research reported in this paper was supported by the National
Institute of General Medical Sciences grant NIH/NIGMS RO1 GM124280
RO1 GM 12480 and RO1 GM124280-0351 (K.K.), the National Institute of
Allergy and Infectious Diseases Centers of Excellence for Influenza
Research and Response (CEIRR) contract # 75N93021C00017 (K.K.),
and NIH NIAID F31A1154738 (M.A.M.). We thank the Koelle lab, Aaron
King, Sally Otto, and Ailene MacPherson for feedback, as well as the BIRS
Mathematics and Statistics of Genomic Epidemiology workshop for the
opportunity to discuss this work.

Author contributions

Y.P.: Conceptualization, Methodology, Software, Validation, Formal
Analysis, Investigation, Writing, Visualization. M.A.M.: Conceptualiza-
tion, Methodology, Software, Formal Analysis, Investigation, Writing,
Visualization. K.K.: Conceptualization, Methodology, Investigation,
Writing, Supervision.

Competing interests
The authors declare no competing interests.

Additional information

Supplementary information The online version contains
supplementary material available at
https://doi.org/10.1038/s41467-023-38809-7.

Correspondence and requests for materials should be addressed to
Katia Koelle.

Peer review information Nature Communications thanks the anon-
ymous reviewer(s) for their contribution to the peer review of this work.
A peer review file is available.

Reprints and permissions information is available at
http://www.nature.com/reprints

Publisher’s note Springer Nature remains neutral with regard to jur-
isdictional claims in published maps and institutional affiliations.

Open Access This article is licensed under a Creative Commons
Attribution 4.0 International License, which permits use, sharing,
adaptation, distribution and reproduction in any medium or format, as
long as you give appropriate credit to the original author(s) and the
source, provide a link to the Creative Commons license, and indicate if
changes were made. The images or other third party material in this
article are included in the article’s Creative Commons license, unless
indicated otherwise in a credit line to the material. If material is not
included in the article’s Creative Commons license and your intended
use is not permitted by statutory regulation or exceeds the permitted
use, you will need to obtain permission directly from the copyright
holder. To view a copy of this license, visit http://creativecommons.org/
licenses/by/4.0/.

© The Author(s) 2023

Nature Communications | (2023)14:3105

15


https://doi.org/10.1038/s41467-023-38809-7
http://www.nature.com/reprints
http://creativecommons.org/licenses/by/4.0/
http://creativecommons.org/licenses/by/4.0/

	Epidemiological inference for emerging viruses using segregating sites
	Results
	Segregating site trajectories are informative of epidemiological dynamics
	Epidemiological inference using segregating site trajectories
	Epidemiological inference using SARS-CoV-2 sequences from France

	Discussion
	Methods
	Brief overview of inference approach
	Epidemiological model simulations and calculation of segregating�site trajectories
	Implementation of the transmission heterogeneity model
	Epidemiological inference using time series of segregating sites
	Converting simulated sequences into nucleotide sequences for the performance comparison against PhyDyn
	Epidemiological model structure and parameterization used in the SARS-CoV-2 analysis
	Estimation of the per genome, per transmission event mutation�rate
	Estimation of segregating site trajectories for the France data
	Phylogenetic analysis of SARS-CoV-2 sequences from France
	Reporting summary

	Data availability
	Code availability
	References
	Acknowledgements
	Author contributions
	Competing interests
	Additional information




