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Estimation of the prevalence and contagiousness of undocumented novel coronavirus (SARS-CoV2)
infections is critical for understanding the overall prevalence and pandemic potential of this disease. Here
we use observations of reported infection within China, in conjunction with mobility data, a networked
dynamic metapopulation model and Bayesian inference, to infer critical epidemiological characteristics
associated with SARS-CoV2, including the fraction of undocumented infections and their contagiousness.
We estimate 86% of all infections were undocumented (95% CI: [82%-90%]) prior to 23 January 2020
travel restrictions. Per person, the transmission rate of undocumented infections was 55% of documented
infections ([46%-62%1]), yet, due to their greater numbers, undocumented infections were the infection
source for 79% of documented cases. These findings explain the rapid geographic spread of SARS-CoV2
and indicate containment of this virus will be particularly challenging.

The novel coronavirus that emerged in Wuhan, China (SARS-
CoV2) at the end of 2019 quickly spread to all Chinese prov-
inces and, as of 1 March 2020, to 58 other countries (I, 2).
Efforts to contain the virus are ongoing; however, given the
many uncertainties regarding pathogen transmissibility and
virulence, the effectiveness of these efforts is unknown.

The fraction of undocumented but infectious cases is a
critical epidemiological characteristic that modulates the
pandemic potential of an emergent respiratory virus (3-6).
These undocumented infections often experience mild, lim-
ited or no symptoms and hence go unrecognized, and, de-
pending on their contagiousness and numbers, can expose a
far greater portion of the population to virus than would oth-
erwise occur. Here, to assess the full epidemic potential of
SARS-CoV2, we use a model-inference framework to estimate
the contagiousness and proportion of undocumented infec-
tions in China during the weeks before and after the shut-
down of travel in and out of Wuhan.

We developed a mathematical model that simulates the
spatiotemporal dynamics of infections among 375 Chinese
cities (see supplementary materials). In the model, we di-
vided infections into two classes: (i) documented infected in-
dividuals with symptoms severe enough to be confirmed, i.e.,
observed infections; and (ii) undocumented infected individ-
uals. These two classes of infection have separate rates of
transmission: B, the transmission rate due to documented
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infected individuals; and pf, the transmission rate due to un-
documented individuals, which is § reduced by a factor p.

Spatial spread of SARS-CoV2 across cities is captured by
the daily number of people traveling from city j to city 7 and
a multiplicative factor. Specifically, daily numbers of travel-
ers between 375 Chinese cities during the Spring Festival pe-
riod (“Chunyun”) were derived from human mobility data
collected by the Tencent Location-based Service during the
2018 Chunyun period (1 February-12 March 2018) (7). Chun-
yun is a period of 40 days—15 days before and 25 days after
the Lunar New Year—during which there are high rates of
travel within China. To estimate human mobility during the
2020 Chunyun period, which began 10 January, we aligned
the 2018 Tencent data based on relative timing to the Spring
Festival. For example, we used mobility data from 1 February
2018 to represent human movement on 10 January 2020, as
these days were similarly distant from the Lunar New Year.
During the 2018 Chunyun, a total of 1.73 billion travel events
were captured in the Tencent data; whereas 2.97 billion trips
are reported (7). To compensate for underreporting and rec-
oncile these two numbers, a travel multiplicative factor, 0,
which is greater than 1, is included (see supplementary mate-
rials).

To infer SARS-CoV2 transmission dynamics during the
early stage of the outbreak, we simulated observations during
10-23 January 2020 (i.e., the period before the initiation of
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travel restrictions, fig. S1) using an iterated filter-ensemble
adjustment Kalman filter (IF-EAKF) framework (8-10). With
this combined model-inference system, we estimated the tra-

jectories of four model state variables (S;, E;, I, I : the sus-

ceptible, exposed, documented infected, and undocumented
infected sub-populations in city 7) for each of the 375 cities,
while simultaneously inferring six model parameters (Z, D, ,
B, o, 0: the average latent period, the average duration of in-
fection, the transmission reduction factor for undocumented
infections, the transmission rate for documented infections;
the fraction of documented infections, and the travel multi-
plicative factor).

Details of model initialization, including the initial seed-
ing of exposed and undocumented infections, are provided in
the supplementary materials. To account for delays in infec-
tion confirmation, we also defined a time-to-event observa-
tion model using a Gamma distribution (see supplementary

materials). Specifically, for each new case in group /', a re-

i

porting delay #; (in days) was generated from a Gamma dis-
tribution with a mean value of T, In fitting both synthetic
and the observed outbreaks, we performed simulations with
the model-inference system using different fixed values of T,
(6 days < T; < 10 days) and different maximum seeding,
Seed . (1500 < Seednq. < 2500) (see supplementary materials,
fig. S2). The best fitting model-inference posterior was iden-
tified by log-likelihood.

We first tested the model-inference framework versus al-
ternate model forms and using synthetic outbreaks generated
by the model in free simulation. These tests verified the abil-
ity of the model-inference framework to accurately estimate
all six target model parameters simultaneously (see supple-
mentary methods and figs. S3 to S14). Indeed, the system
could identify a variety of parameter combinations and dis-
tinguish outbreaks generated with high o and low p from low
a and high p. This parameter identifiability is facilitated by
the assimilation of observed case data from multiple (375) cit-
ies into the model-inference system and the incorporation of
human movement in the mathematical model structure (see
supplementary methods and figs. S15 and S16).

We next applied the model-inference framework to the
observed outbreak before the travel restrictions of 23 Janu-
ary—a total of 801 documented cases throughout China, as
reported by 8 February 2020 (1). Figure 1, A to C, shows sim-
ulations of reported cases generated using the best-fitting
model parameter estimates. The distribution of these sto-
chastic simulations captures the range of observed cases well.
In addition, the best-fitting model captures the spread of in-
fections with the novel coronavirus (COVID-19) to other cities
in China (fig. S17). Our median estimate of the effective re-
productive number, R.—equivalent to the basic reproductive
number (R,) at the beginning of the epidemic—is 2.38 (95%
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CI: 2.04-2.77), indicating a high capacity for sustained trans-
mission of COVID-19 (Table 1 and Fig. 1D). This finding aligns
with other recent estimates of the reproductive number for
this time period (6, 11-15). In addition, the median estimates
for the latent and infectious periods are approximately 3.69
and 3.48 days, respectively. We also find that, during 10-23
January, only 14% (95% CI: 10-18%) of total infections in
China were reported. This estimate reveals a very high rate of
undocumented infections: 86%. This finding is inde-
pendently corroborated by the infection rate among foreign
nationals evacuated from Wuhan (see supplementary materi-
als). These undocumented infections are estimated to have
been half as contagious per individual as reported infections
(n = 0.55; 95% CI: 0.46-0.62). Other model fittings made us-
ing alternate values of T; and Seedn.. or different distribu-
tional assumptions produced similar parameter estimates
(figs. S18 to S22), as did estimations made using an alternate
model structure with separate average infection periods for
undocumented and documented infections (see supplemen-
tary methods, table S1). Further sensitivity testing indicated
that o and p are uniquely identifiable given the model struc-
ture and abundance of observations utilized (see supplemen-
tary methods and Fig. 1, E and F). In particular, Fig. 1F shows
that the highest log-likelihood fittings are centered in the
95% CI estimates for o and p and drop off with distance from
the best fitting solution (a= 0.14 and p = 0.55).

Using the best-fitting model (Table 1 and Fig. 1), we esti-
mated 13,118 (95% CI: 2,974-23,435) total new COVID-19 in-
fections (documented and undocumented combined) during
10-23 January in Wuhan city. Further, 86.2% (95% CI: 81.5%-
89.8%) of all infections were infected from undocumented
cases. Nationwide, the total number of infections during 10-
23 January was 16,829 (95% CI: 3,797-30,271) with 86.2%
(95% CI: 81.6%-89.8%) infected by undocumented cases.

To further examine the impact of contagious, undocu-
mented COVID-19 infections on overall transmission and re-
ported case counts, we generated a set of hypothetical
outbreaks using the best-fitting parameter estimates but with
p = 0, i.e., the undocumented infections are no longer conta-
gious (Fig. 2). We find that without transmission from undoc-
umented cases, reported infections during 10-23 January are
reduced 78.8% across all of China and 66.1% in Wuhan. Fur-
ther, there are fewer cities with more than 10 cumulative doc-
umented cases: only 1 city with more than 10 documented
cases versus the 10 observed by 23 January (Fig. 2). This find-
ing indicates that contagious, undocumented infections facil-
itated the geographic spread of SARS-CoV2 within China.

We also modeled the transmission of COVID-19 in China
after 23 January, when greater control measures were ef-
fected. These control measures included travel restrictions
imposed between major cities and Wuhan; self-quarantine
and contact precautions advocated by the government; and
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more available rapid testing for infection confirmation (11,
12). These measures along with changes in medical care-seek-
ing behavior due to increased awareness of the virus and in-
creased personal protective behavior (e.g., wearing of
facemasks, social distancing, self-isolation when sick), likely
altered the epidemiological characteristics of the outbreak af-
ter 23 January. To quantify these differences, we re-estimated
the system parameters using the model-inference framework
and city-level daily cases reported between 24 January and 8
February. As inter-city mobility was restricted after 23 Janu-
ary, we tested two altered travel scenarios:
(i) scenario 1: a 98% reduction of travel in and out of Wuhan
and an 80% reduction of travel between all other cities, as
indicated by changes in the Baidu Mobility Index (16) (table
S2); and (ii) scenario 2: a complete stoppage of inter-city
travel (i.e., 0 to 0) (see supplementary methods for more de-
tails).

The results of inference for the 24 January-8 February pe-
riod are presented in Table 2, figs. S23 to S26, and table S3.
As control measures have continually shifted, we present es-
timates for both 24 January-3 February (Period 1) and
24 January-8 February (Period 2). For both periods, the best-
fitting model for Scenario 1 had a reduced reporting delay, 75,
of 6 days (vs. 10 days before 23 January), consistent with
more rapid confirmation of infections. Estimates of both the
latency and infectious periods were similar to those made for
10-23 January; however, o, , and R. all shifted considerably.
The transmission rate of documented cases, B, dropped to
0.52 (95% CI: 0.39-0.71) during Period 1 and 0.35 (95% CI:
0.27-0.50) during Period 2, less than half the estimate prior
to travel restrictions (Table 2). The fraction of all infections
that were documented, o, was estimated to be 0.65 (95% CI:
0.60-0.69), i.e., 65% of infections were documented during
Period 1, up from 14% prior to travel restrictions, and re-
mained nearly the same for Period 2. The reproductive num-
ber was 1.36 (95% CI: 1.14-1.63) during Period 1 and 0.99 (95%
CI: 0.76-1.33) during Period 2, down from 2.38 prior to travel
restrictions. While the estimate for the relative transmission
rate, b, is lower than before 23 January, the contagiousness
of undocumented infections, represented by uf}, was substan-
tially reduced, possibly reflecting that only very mild, less
contagious infections remain undocumented or that individ-
ual protective behavior and contact precautions have proven
effective. Similar parameter estimates are derived under Sce-
nario 2 (no travel at all) (table S3). These inference results for
both Period 1 and 2 should be interpreted with caution as
care-seeking behavior and control measures were continually
in flux at these times.

Overall, our findings indicate that a large proportion of
COVID-19 infections were undocumented prior to the imple-
mentation of travel restrictions and other heightened control
measures in China on 23 January, and that a large proportion
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of the total force of infection was mediated through these un-
documented infections (Table 1). This high proportion of un-
documented infections, many of whom were likely not
severely symptomatic, appears to have facilitated the rapid
spread of the virus throughout China. Indeed, suppression of
the infectiousness of these undocumented cases in model
simulations reduces the total number of documented cases
and the overall spread of SARS-CoV2 (Fig. 2). In addition, the
best-fitting model has a reporting delay of 9 days from initial
infectiousness to confirmation; in contrast line-list data for
the same 10-23 January period indicates an average 6.6 day
delay from initial manifestation of symptoms to confirmation
(17). This discrepancy suggests pre-symptomatic shedding
may be typical among documented infections. The relative
timing of viremia and shedding onset and peak versus symp-
tom onset and peak has been shown to potentially affect out-
break control success (18).

Our findings also indicate that a radical increase in the
identification and isolation of currently undocumented infec-
tions would be needed to fully control SARS-CoV2. Increased
news coverage and awareness of the virus in the general pop-
ulation have already likely prompted increased rates of seek-
ing medical care for respiratory symptoms. In addition,
awareness among healthcare providers, public health offi-
cials and the availability of viral identification assays suggest
that capacity for identifying previously missed infections has
increased. Further, general population and government re-
sponse efforts have increased the use of face masks, restricted
travel, delayed school reopening and isolated suspected per-
sons, all of which could additionally slow the spread of SARS-
CoV2.

Combined, these measures are expected to increase re-
porting rates, reduce the proportion of undocumented infec-
tions, and decrease the growth and spread of infection.
Indeed, estimation of the epidemiological characteristics of
the outbreak after 23 January in China, indicate that govern-
ment control efforts and population awareness have reduced
the rate of spread of the virus (i.e., lower B, up, R.), increased
the reporting rate, and lessened the burden on already over-
extended healthcare systems.

Importantly, the situation on the ground in China is
changing day-to-day. New travel restrictions and control
measures are being imposed on new populations in different
cities, and these rapidly varying effects make certain estima-
tion of the epidemiological characteristics for the outbreak
difficult. Further, reporting inaccuracies and changing care-
seeking behavior add another level of uncertainty to our esti-
mations. While the data and findings presented here indicate
that travel restrictions and control measures have reduced
SARS-CoV2 transmission considerably, whether these con-
trols are sufficient for reducing R, below 1 for the length of
time needed to eliminate the disease locally and prevent a
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rebound outbreak once control measures are relaxed is un-
clear. Further, similar control measures and travel re-
strictions would have to be implemented outside China to
prevent reintroduction of the virus.

The results for 10-23 January 2020 delineate the charac-
teristics of the SARS-CoV2 moving through a developed soci-
ety, China, without major restrictions or control. These
findings provide a baseline assessment of the fraction of un-
documented infections and their relative infectiousness for
such an environment. However, differences in control activ-
ity, viral surveillance and testing, and case definition and re-
porting would likely impact rates of infection documentation.
Thus, the key findings, that 86% of infections went undocu-
mented and that, per person, these undocumented infections
were 55% as contagious as documented infections, could shift
in other countries with different control, surveillance and re-
porting practices.

Our findings underscore the seriousness and pandemic
potential of SARS-CoV2. The 2009 HIN1 pandemic influenza
virus also caused many mild cases, quickly spread globally,
and eventually became endemic. Presently, there are four, en-
demic, coronavirus strains currently circulating in human
populations (229E, HKU1, NL63, OC43). If the novel corona-
virus follows the pattern of 2009 HIN1 pandemic influenza,
it will also spread globally and become a fifth endemic coro-
navirus within the human population.
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Table 1. Best-fit model posterior estimates of key epidemiological
parameters for simulation with the full metapopulation model during
10-23 January 2020 (Seed/ax= 2000, 7T4= 9 days).

Parameter Median (95% Cls)
Transmission rate (B, days ') 1.12 (1.06, 1.19)
Relative transmission rate () 0.55(0.46, 0.62)
Latency period (Z, days) 3.69 (3.30, 3.96)
Infectious period (D, days) 3.47 (3.15,3.73)
Reporting rate (o) 0.14 (0.10, 0.18)
Basic reproductive number (R.) 2.38(2.03, 2.77)
Mobility factor (0) 1.36 (1.27, 1.45)

Table 2. Best-fit model posterior estimates of key epidemiological parameters for simulation of the
model during 24 January-3 February and 24 January-8 February (Seednm.x= 2000 on 10 January,
T+=9 days before 24 January, 7,= 6 days between 24 January and 8 February). Travel to and from
Wuhan is reduced by 98%, and other inter-city travel is reduced by 80%.

Parameter 24 January-3 February 24 January-8 February
[Median (95% ClIs)] [Median (95% Cls)]
Transmission rate (B, days™) 0.52(0.42, 0.72) 0.35(0.28, 0.45)
Relative transmission rate () 0.50 (0.37, 0.69) 0.43 (0.31, 0.61)
Latency period (Z, days) 3.60 (3.41, 3.84) 3.42 (3.30, 3.65)
Infectious period (D, days) 3.14 (2.71,3.72) 3.31(2.96, 3.88)
Reporting rate (o) 0.65 (0.60, 0.69) 0.69 (0.65, 0.72)
Effective reproductive number (R.) 1.34 (1.10, 1.67) 0.98 (0.83, 1.16)
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Fig. 1. Best-fit model and sensitivity analysis. Simulation of daily reported cases in all cities (A), Wuhan city (B)
and Hubei province (C). The blue box and whiskers show the median, interquartile range, and 95% credible
intervals derived from 300 simulations using the best-fit model (Table 1). The red x’s are daily reported cases.
The distribution of estimated R. is shown in (D). The impact of varying o and p on R. with all other parameters
held constant at Table 1 mean values (E). The black solid line indicates parameter combinations of (a,) yielding
R. = 2.38. The estimated parameter combination o = 0.14 and p = 0.55 is shown by the red x; the dashed box
indicates the 95% credible interval of that estimate. Log-likelihood for simulations with combinations of (a,p)
and all other parameters held constant at Table 1 mean values (F). For each parameter combination, 300
simulations were performed. The best-fit estimated parameter combination o = 0.14 and y = 0.55 is shown by
the red x (note that the x is plotted at the lower left corner of its respective heat map pixel, i.e., the pixel with the
highest log likelihood); the dashed box indicates the 95% credible interval of that estimate.
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Materials and Methods

1. Model Configuration and Initialization

The transmission model incorporates information on human movement within the following
metapopulation structure:
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where S;, E;, I7, I} and N; are the susceptible, exposed, documented infected, undocumented
infected and total population in city i. Note that we define patients with symptoms severe enough
to be confirmed as documented infected individuals; whereas other infected persons are defined
as undocumented infected individuals. We provide a rate parameter, £, for the transmission rate
due to documented infected individuals. The transmission rate due to undocumented individuals
is reduced by a factor u. In addition, a is the fraction of documented infections, Z is the average
latency period and D is the average duration of infection. The effective reproduction number
(R,) is calculated as R, = affD + (1 — a)uBD (see Section 6 below for details). Spatial
coupling within the model is represented by the daily number of people traveling from city j to
city i (M;;) and a multiplicative factor, 8, which is greater than 1 to reflect underreporting of
human movement. We assume that individuals in the I] group do not move between cities,
though these individuals can move between cities during the latency period. A similar

metapopulation model has been used to forecast the spatial transmission of influenza in the
United States (20).

The core model structure (Equations 1-5) was integrated stochastically using a 4™ order Runge-
Kutta (RK4) scheme. Specifically, for each step of the RK4 scheme, each unique term on the
righthand side (rhs) of Equations 1-4 was determined using a random sample from a Poisson
distribution, i.e.
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The solutions for Equations 1-4 were then calculated as:

ds;
—L=_-U1-U2+U3-U4
dt
dE;
E=U1+U2—U5—U6+U7—U8
dI"T—US U9
dt
dI¥
o =U6—-U10+U11 —U12

Equation 5 was solved deterministically.

The initial prior ranges of the parameters for the model were drawn using Latin hypercube
sampling from uniform distributions with the following prior ranges:

e [: the transmission rate of symptomatically infected patients. 0.8 < f < 1.5
e u: the multiplicative factor reducing the transmission rate of unreported infected patients.
02<u<l.



0: the multiplicative factor to adjust mobility data estimates of human movement
between cities. 1 < 6 < 1.75.

Z: the mean latency period. 2 days < Z < 5 days.

a: the fraction of infections that develop severe symptoms. 0.02 < a < 1.0.

D: the average duration of infection for infected patients. 2 days < D < 5 days.

The initial prior ranges for a and u were chosen to cover most possible values, i.e. [0,1]; the
initial prior ranges for the latency and infection periods, Z and D, were provided in order to
produce an aggregate period range of 4-10 days spanning previous estimates for the total
infection period and generation time (6, /4, 15), as well as previously published estimates for
other coronaviruses (summarized in Table 1 of /3); the initial prior range for  was set to enable
a broad initial range for R, (i.e. [0.35, 7.5], based on R, = afD + (1 — a)ufBD); and the initial
prior range for 8 was set to capture the discrepancy between recorded Tencent travel volume and
reported travel (/). Note that the Ensemble Adjustment Kalman Filter (EAKF, described in
Section 5 below) is not constrained by the initial priors and can migrate outside these ranges to
obtain system solutions.

For the outbreak origin, Wuhan city, the initial exposed population, E\,,; qn, and initial
undocumented infected population, I}, ;4n, Were drawn from a uniform distribution

[0, Seed nax]- A single emergence of SARS-CoV?2 has been estimated to have occurred in late
2019. Specifically, the most recent common ancestor (TMRCA) is estimated for 17 November
2019; [95% CI: 27 August — 19 December] (27). Assuming Wuhan as the epicenter with
emergence on November 17 and an estimated doubling time of 6.4 days [95% CI: 5.8-7.1 days]
(13) implies about 400 cumulative infections (most still latent or still infectious) [95% CI: 180-
715] on January 10, the start date of our transmission model simulations. If we use a November 1
emergence—still well within the TMRCA 95% CI—these numbers rise considerably to about
2000 cumulative infections [95% CI: 1000-4000]. We used this last upper estimate to set
Seedq, (2000 initial latent (Eo) and undocumented infections (I§) on January 10). Note
Seed,, 4, only sets an upper bound: each model simulation randomly selects a number from 0 to
Seed oy (1.e.0 < Ej < Seedpax; 0 < 1§ < Seed,,qy)- Also, although infections were
documented prior to January 10, these cases were sporadic and the EAKF adjustment can
account for the effects of these early infections (by selecting elevated exposed and unreported
infection levels). For other cities, we defined C; as the number of travelers from Wuhan to city i
on the first day of Chunyun. The initial exposed, documented infected and undocumented
infected populations were set to E; = 3C;Eyunan/Nwunan, I; = 0 and I} = 3C; L, nan/ Nwunan-

2. Observations of Confirmed COVID-19 Cases

Daily numbers of confirmed cases for 375 Chinese cities (Fig. S1) were collected from official
reports on the website of National and Provincial Health Commissions in China (/). Confirmed
cases were defined as a suspected case with a positive test result for viral nucleic acid (22).
These data were compiled for periods before (January 10-23, 2020) and after (January 24 —
February 8, 2020) the January 23 implementation of travel restrictions. These data are included
in Other Supplementary Materials (Data S1) and posted at (23).

Suspected cases were diagnosed based on clinical symptoms and exposure, where exposure was
indicated if an individual had resident history in Wuhan, travel history to Wuhan, or contact with

4



individuals from Wuhan who had experienced fever and respiratory symptoms. Additionally, the
city of a confirmed case was the city where an individual was confirmed rather than home
residence. Thus, individuals might acquire infection in one location, but become symptomatic
and be confirmed in another. These definitions were consistent for the entire study period
(January 10 — February 8, 2020).

3. Reporting Delay

Our transmission model (Egs. 1-5) does not explicitly represent the process of infection
confirmation. Thus, we mapped simulated documented infections to confirmed cases using a
separate observational delay model. In this delay model, we account for the time interval
between a person transitioning from latent to contagious (i.e. E = I]) and observational
confirmation of that individual infection. To estimate this delay period, T;, we examined line-list
data from early confirmed cases in China (/7). Prior to January 23, 2020, the time-to-event
distribution of the interval (in days) from symptom onset to confirmation is well-fit by a Gamma
distribution (a = 1.85,b = 3.57, LL = —252.24) [the Gamma distribution provides a better fit
than a Weibull distribution (A = 7.29,B = 1.41,LL = —255.17)] (Fig. S2). Consequently, we
adopted a Gamma distribution to model T,;. After January 23, this distribution is also well-fit by
a Gamma distribution (a = 2.34,b = 2.59,LL = —1251.94) [Weibull distribution (4 =

6.78,B = 1.63,LL = —1255.38)].

In practice during transmission model simulation, for each new documented infection
transitioning from £ to I}, a random number t; was drawn from the Gamma distribution
G(a,T;/a). This new case was ‘reported’ as a confirmed infection t; days after the transition
from E 2 I . The reported cases on a given day were then accumulated as the model integrated
forward in time. Because infected patients may shed SARS-CoV?2 before the onset of symptoms
(18, 24), we considered longer mean times for the reporting delay than those estimated directly
from the line-list data. [Note that the transition from E to I] represents the onset of contagious
shedding, not symptom onset.] Specifically, we tested a number of Gamma distributions in
which we fixed the shape parameter, a = 1.85, but varied the distribution mean, T; = ab, by
increasing b. The best-fitting model, i.e. the best combination of posterior fit parameters (see
Section 5 below), initial maximal seeding (see Section 1 above) and reporting delay Gamma
distribution parameters, was identified by log likelihood.

4. Mobility Data

To capture individual movement among the 375 cities simulated in the metapopulation model,
we use human mobility data from the Tencent location-based service (LBS) used in popular
Tencent mobile phone applications (Apps), such as Wechat, QQ, and Maps. These data were
collected using the application program interface (API) from the Tencent big data platform (25).
No identifiable information is included in the dataset (Data S1, also posted on 23).

The Tencent data platform stopped releasing human mobility information between paired cities
after 2018. (Beginning 2019 only outflows and inflows to and from Beijing have been released.)
Other data sources, such as the Mobility Index from Baidu (/6), have continued to produce
measures of mobility, but these do not provide counts of travel that are comparable among cities.
Consequently, we used the 2018 Tencent data and assumed the travel patterns captured in 2018



during Chunyun are similar to those of the analogous time period during 2020, prior to January
23 travel restrictions. This assumption is fair, as previous studies have shown that similar travel
patterns exist across years (26), other studies have also used prior year data to approximate travel
patterns during 2020 (6, 13), and Baidu Mobility Index patterns are similar during 2019 and
2020 prior to January 23. Here, we used daily data from the first 14 days of Chunyun in 2018
(February 1 — 14, 2018) as proxy travel data for the first 14 days of Chunyun in 2020 (January 10
— 23, 2020).

Mobility for all age groups are included in the Tencent data. Although the usage of mobile
differs among age groups, the constituent sources, particularly WeChat, have good penetration in
older populations, as they are widely used for payments. Thus, we believe the data are
representative of mobility patterns during Chunyun.

In the Tencent mobility data, for each day, the top 10 outflows from each of 375 Chinese cities
were recorded. For city-to-city connections for which only some of the days in this two-week
time period rank in the top 10, we linearly interpolated missing daily outflow values. In total,
92,248 inter-city travel records were used to represent travel during January 10-23.

Strict travel restrictions were implemented in several Chinese cities beginning January 23, 2020.
As a result, the 2018 mobility data we use are likely not as representative of inter-city human
movement after travel restrictions were implemented in Wuhan. Indeed, the 2020 Baidu Mobility
Index data (/6) indicate a precipitous decrease in travel to and from Wuhan occurs after January
23 (see Section 11, below). Inflow to Wuhan drops about 80%, and outflow from Wuhan drops
about 98%. We use these data on relative travel patterns after January 23 to inform the model
fitting for January 24-February 8 (see Section 11, below).

4.1 Gravity Model Test

Note that we tested fitting the mobility data to gravity models with different deterrence functions
(i.e., power-law M;; = kpirlpj?2 /df}, exponential M;; = kpirlpjr.z/ exp(d;;/r), and truncated
power-law M;; = kpflp;2 / [dg- exp(d;;/r)]), where p; is the population of city i and d;; is the
geographical distance (km) between city i and j. The gravity models do not effectively reflect the
observed mobility pattern (Fig. S3). As a consequence, we concluded that using a gravity model
in the inference would not yield credible results and instead developed the metapopulation model
presented in Section 1 above.

5. Model-inference framework

We infer model epidemiological parameters using an iterated filtering (IF) approach (8-10). The
IF framework can be used to infer the maximum likelihood estimates of parameters in epidemic
models and has been successfully applied to infectious diseases such as cholera (9) and measles
(27). The IF framework is designed as follows: an ensemble of system states, which represent the
distribution of parameters and variables, are repeatedly adjusted using filtering techniques in a
series of iterations, during which the variance is gradually tuned down. In the process, the
distribution of parameters is iteratively optimized per observations and converges to values that
achieve maximum likelihood.

In its original implementation, the filtering technique used for IF was sequential Monte Carlo (i.e.
a particle filter) (28). Here, due to the high-dimensionality of the metapopulation model, we used
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a different efficient data assimilation algorithm - the Ensemble Adjustment Kalman Filter
(EAKF) (29). Particle filters require a large number of particles (30); however, the EAKF can
generate similar results using only hundreds of ensemble members (20). Originally developed for
use in weather prediction, the EAKF assumes a Gaussian distribution of both the prior and
likelihood and adjusts the prior distribution to a posterior using Bayes rule deterministically (29).

To represent the state-space distribution, the EAKF maintains an ensemble of system state
vectors acting as samples from the distribution. In particular, the EAKF assumes that both the
prior distribution and likelihood are Gaussian, and thus can be fully characterized by their first
two moments (mean and variance). The update scheme for ensemble members is computed using
Bayes rule (posterior « prior X likelihood) via the convolution of the two Gaussian distributions.
For observed state variables, the posterior of the ith ensemble member is updated through

2 2 2
Ot,0bs — Ot,prior Ot 0bs
Ot,prior + 0¢ +

i _ i =
Ot,post - (Ot,prior - Ot,prior)-

2 2 2 2 2 2
t,obs + Ut,prior at,obs + Ut,prior at,obs + Ut,prior

Here 0¢ o5t and 0y .oy are the posterior and prior of the observed variable for the ith ensemble
member at time t; Oy oy is the mean of the prior observed variable; o/, and atz_pn-or are the

variances of the observation and the prior observed variable; and o, is the observation at time t.
Unobserved variables and parameters are updated through their covariability with the observed
variable, which can be computed directly from the ensemble. In particular, the ith ensemble
member of unobserved variable or parameter x! is updated by

N o ({xt,prior}n' {Ot,prim‘}n)

2
Gt,prior

i N
xt,post - xt,prior

(Oé,post - Oé,prior)'

Here xé’po st and x,f,pn-or are the posterior and prior of the unobserved variable or parameter for
the ith ensemble member at time t; and o ({xt,pn-or}n, {ot_pn-or}n) is the covariance between the
prior of the unobserved variable or parameter {xt'prior}n and the prior of the observed variable

{ot,pn-or}n at time t. In the EAKF, variables and parameters are updated deterministically so that
the higher moments of the prior distribution are preserved in the posterior.

In applying the EAKF, we used the daily number of reported cases in city [ on a given day ¢, y},
as observations. For each yf, we assume a heuristic observation error variance (OEV, denoted by

of)):
t\2
07, = max <4, ) )

4

Similar forms of OEV have been successfully used for inference and forecasting for a range of
infectious diseases including influenza (20, 31), Ebola (32), West Nile virus (33) and respiratory
syncytial virus (34). We did test an alternate Poisson OEV with form ofl = max (4, y}); the
results remain similar (see Section 10 below for details).

The IF-EAKF algorithm proceeds per the pseudo-code in Algorithm 1.



Algorithm 1. IF-EAKF

Input: The metapopulation model M, observations {yf} in T days and M locations, the
observational error variance (OEV) {agl}, the initial system state X, the initial
covariance matrix X, a discount factor a € (0,1), and the number of iterations L.
for! =1toL do
Generate an ensemble of system state with n members using a multivariate Gaussian
distribution: {20}, ~N( %,_1, a?-VX).
fort =1toT do
Run model M with posterior {£] ~*},, obtained from last update for one day, and
return the ensemble of weekly incidence: {of},, = M ({&/"'},).
Update the prior distribution {x}},, = {£f "'}, to posterior {£f},, using the EAKF:
{flt}n = EAKF({xlt}nr {ylt}' {Olt}n: {atzl})
end for
Calculate the ensemble mean of posterior over time as the input in next iteration: x;
Y E,({25},) /T, where E,, computes ensemble mean.
end for
Output: x; as the maximum likelihood estimate of the system state.

In each iteration of the IF, the standard deviation of each parameter is shrunk by a factor a €
(0,1). In practice, the discount factor a can range between 0.9 and 0.99. If a is too small, the
algorithm may ‘quench’ too fast and fail to find the MLE; if it is too close to 1, the algorithm
may not converge in a reasonable time interval. The number of iterations required for this
convergence was determined by inspecting the evolution of posterior parameter distributions. In
particular, the iteration time should be set to avoid divergence in the EAKF, in which the
ensemble distribution collapses to a narrow range. In our implementation, we used n = 300
ensemble members, a shrinking parameter a = 0.9 and an iteration number L = 10.

Algorithm 1 returns the MLEs for parameters. In different runs, the MLEs are slightly different
due to the stochasticity in the model and the initialization of the inference algorithm. In this
study, we ran 1,000 independent realizations to generate the average MLEs of inferred
parameters and their corresponding 95% Cls.

6. Calculation of R, in Wuhan city

We calculated the reproductive number R, in Wuhan city using the inferred parameters.
Specifically, R, is the largest eigenvalue of the next-generation matrix (NGM) (35, 36). Define
X =[E,I",I*]T and Y = [S, R]". The vectors for new infection and other rates are:
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The disease-free equilibrium is x, = [0,0,0, N, 0]7. We then have
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The NGM is K = FV 1. R, is then computed as the leading eigenvalue of the NGM K, i.e.,
R, =afD+ (1 —a)upD.

Of note, at the beginning of the epidemic (e.g., before January 23, 2020), R. is equivalent to the
basic reproductive number, Ro. As the epidemic unfolds, declines in population susceptibility
reduce the effective reproductive number. However, here to assess the effectiveness of control
measures, we used the same formula above for periods after January 23, 2020, without
accounting for the relatively small decrease in population susceptibility due to infections during
January 24 — February 8, 2020.

7. Synthetic testing

Before applying the model-inference framework to the observed COVID-19 incidence data, we
tested the model-inference framework using model-generated outbreaks. Specifically, we
generated a synthetic outbreak using a free simulation of the metapopulation model with a set of
specified parameters. We then ran IF-EAKF inference using the daily cases for each city, as
generated in stochastic free simulation, as observations. The aim is to determine whether the
model-inference framework can ingest observations and recover the specified parameters. This
assessment of the performance of the inference algorithm also allows inspection of the
sensitivities of the inference results to model assumptions.

7.1. Accuracy of parameter estimation

We first generated a synthetic outbreak using the following parameter values: § = 1.0, u = 0.8,
0 =1.4,7Z = 4days,a = 0.1, D = 4 days, Ty = 6 days. For the IF, a 300-member ensemble
was used. Priors of variables and parameters were drawn from the ranges reported in Section 1
above using a Latin Hypercubic Sampling algorithm. We used Seed,, 5, = 2,000 in Wuhan city
to initiate the outbreak. During inference, the seeding parameter Seed,,,, was also set to 2,000.
To account for stochastic effects, we applied the IF-EAKF inference algorithm 300 times and
report the distributions of estimated parameters. All parameters were accurately estimated (Fig.
S4) and the effective reproductive number R, was recovered (Fig. S5). After each iteration, the
variances of estimated parameters were reduced, and mean estimates converged to stable values
(Fig. S6).

To further validate the inference approach, we also tested the system on another synthetic
outbreak generated with a lower R, (f =1.0,u=0.6,0 =1.4,Z =4 days,a =0.2,D =4



days, T; = 6 days). Again, epidemiological parameters and R, were captured by the estimated
distributions (see Figs. S7-8).

Two additional synthetic outbreak were also tested: the first with a higher reporting rate (« = 0.5,
B=10,u=0.6,0=14,7Z = 4days,a = 0.5, D = 4 days, T; = 6 days); the second with a
still higher reporting rate and low transmission reduction factor for undocumented infections
(a=07,=10,u=0.3,0 =1.4,Z = 4 days, a = 0.5, D = 4 days, T; = 6 days). As
shown in Figs. S9-12, these parameter combinations were also accurately estimated.

Together, the synthetic testing indicates that all metapopulation model parameters are
identifiable, including both a and u, which are the core focus of this study. In particular, we note
the parameters are well estimated for outbreaks generated with a high transmission reduction
factor for undocumented infections and a low fraction of documented infections (i.e. ¢ = 0.8 and
a = 0.1, Figs. S4-5) and a low transmission reduction factor for undocumented infections and a
high fraction of documented infections (i.e. ¢ = 0.3 and a« = 0.7, Figs. S11-12).

7.2. Sensitivity of parameter estimation to seeding

As the numbers of exposed (E) and undocumented infected (I*) individuals are unobserved, we
estimated these state variables along with the other parameters/variables using the IF-EAKF
approach. In particular, E and I* may be sensitive to the imposed range of initial seeding
(Seed,q4x). We examined the sensitivity of the overall parameter estimation to the seeding
parameter Seed,,,,. To do this, we repeated the inference shown in Figs. S4-5 using a higher
seeding parameter Seed,,,,, = 3,000 (the true Seed,,,4, 1s 2,000). As shown in Figs. S13-14,
with a mis-specified, higher prior for Seed,, 4, the estimation biases remain limited and
unchanged, and R, is identified.

7.3. System identifiability

Identification of model parameters is the central aim of this work. Our contention is that the
assimilation and use of multiple streams of data from different cities, along with the movement
data, enables parameter estimation.

To demonstrate that the utilization of multiple data streams in the inference system improves
model parameter identifiability, we performed synthetic tests using four additional transmission
models: 1) a reduction of the metapopulation model to a single location, 7, i.e.

dSi _ Bsilf IJ-BSiI'iJ
dt Nj Nj

dE; _ Bsitf | pBsit g
dt Ni Ni Z
aj _  E I

dt = ~z Dr

drft E; IV
2 (1 _ a) ol S B
dt Z DU

2) the metapopulation model representing only two cities (Wuhan and Xiaogan); 3) the
metapopulation model representing only ten cities (Wuhan, Yichang, Xiangyang, Jinmen,
Xiaogan, Huanggang, Xianning, Suizhou and Enshi), and 4) the metapopulation model
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representing 50 cities. The distributions of estimated parameters and the actual parameters used
to generate synthetic outbreaks are shown in Figs. S15. Several parameters in the single location
model are not well identified, in particular the relative transmissibility ¢, and the mean infection
period, D; however, as more data streams and mobility data are used to constrain the system,
parameter posterior credible intervals capture the truth. These simulation findings indicate that
accurate constraint of system parameters is supported by the assimilation of observational data
streams from multiple locations (375 cities in the full model, Figs. S4-14).

To demonstrate the importance of the Tencent mobility data and geographic interconnectedness
for parameter estimation, we performed additional synthetic testing using the ten-city model.
Specifically, we generated a synthetic outbreak using the metapopulation model with inter-city
movement, but shut down this inter-city mobility during inference. The distributions of estimated
parameters for this experiment are shown in Fig. S16. Without inter-city connectedness, the
model parameters cannot be accurately estimated. Together, the results presented in Figs. S15-
S16 indicate that the assimilation of data from multiple cities and the inclusion of movement
information support constraint of all 6 model parameters, including the fraction of documented
infections, a, and the relative transmissibility u.

8. Inference using documented cases

We used the reported cases from 375 Chinese cities during January 10, 2020 to January 23, 2020
to infer model parameters. In total, 801 cases were reported, with 454 cases in Wuhan city.

We tested a range of reporting delays (T; = 6, 7, 8, 9 and 10 days). For each combination of
seeding and reporting delay parameters, we ran the inference 300 times. To validate the estimates,
we generated 2000 outbreaks using the inferred mean parameters with seeding randomly drawn
from a uniform distribution U[0, Seed,,,, = 2,000], and then compared the distributions of
simulated new cases in all cities with reported case observations. The goodness-of-fit was
measured using log-likelihood (LL). The log-likelihood is computed using the posterior
distribution of confirmed cases in each city. For each observation, we calculate the logarithmic
value of the weight assigned to a +/-15% interval around the reported incidence (+/- 10%, 15%
and 20% were also tested, and the results remained the same). We set the minimum logarithmic
value as -20. LL is the sum of these values. Inference results for the best-fitting model with the
maximum LL (T; = 9 days) are shown in Table 1 of the main text, and model fitting for this
inference solution is shown in Fig. 1 of the main text.

9. Spatial movement of COVID-19 in China

Using the best-fitting model (Seed,,4, = 2,000, T; = 9 days), we generated 300 simulated
outbreaks starting January 10" until January 23, We computed the daily number of cities with
cumulative incidence > 10 and compared these distributions with the reported numbers of
invaded cities during the same period (Fig. S17). The observations and simulations are in good
agreement. In particular, major cities outside epicenter and connected to Wuhan, specifically,
Huanggang, Beijing, Shenzhen, Shanghai, Xiaogan and Chongqing, reached 10 cumulative cases
on January 20, 21, 21, 22, 23, 23, respectively. In our simulated outbreaks (2000 free simulations
using inferred parameters), Beijing, Xiaogan, Huanggang, Chongqing and Jinmen reached 10
cumulative cases on January 21, 22, 22, 22, and 23, respectively.
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We also generated simulations with the best-fitting parameter estimates but using re-wired
outflows from each city to other randomly selected cities (i.e. a scrambled mobility matrix). This
disruption of the mobility matrix greatly altered the cities with cumulative incidence >10 before
January 23. For instance, in one realization, Tonghua, Jieyang, Yutian and Shenyang reached 10
cumulative cases on Jan 22, 22, 22, and 23, respectively. This result is completely distinct from
the observed spatial spread pattern.

10. Sensitivity of parameter estimates and identifiability

Distributions for estimated parameters and R, for different settings of T; (T = 6,7,8,9,10) and
Seedqx (Seed g = 1500,2500) are shown in Fig. S18 and Fig. S19. Estimations of 5, u, 6,
Z and D are robust to different settings of T; and Seed,,,,. The relative insensitivity to the value
T,; suggests that as long as a random Gamma distributed reporting delay of sufficient mean
length is imposed, the parameters can be identified based on the growth and intercity spread of
confirmed cases. The insensitivity to Seed,,, 1s likely due to two factors: 1) initial infections
are drawn uniformly from zero to Seed,, 4, N0t at Seed,,4,x; and 2) the EAKF, by continually
adjusting state variable estimates with each assimilation of data (i.e. observed confirmed cases),
can quickly adjust spuriously high or low initial state values to more realistic levels.

To test the sensitivity of parameter estimates to the assumed OEV form, we performed another
inference using a Poisson OEV, specifically, agl = max(4, y}). Estimation was robust to this
OEV form (Fig. S20).

We further tested the sensitivity of the parameter estimates to the form of the prior distributions.
In particular, instead of generating the initial priors using Latin hypercube sampling from
uniform distributions, we used normal distributions with means set as the midpoint of the
uniform prior ranges and standard deviations set to 30% of those respective mean values. The
inference results remain similar (Fig. S21). Again, this robustness may be partly due to the
capability of the EAKF to migrate posterior distributions toward true parameter values.

We also ran inference assuming that there was an additional reporting delay before January 17.
Specifically, for documented infections occurring before January 17, 2020, we added two days to
the randomly generated Gamma reporting delay. The results in Fig. S22 indicate that this
additional delay does not affect the inference findings.

To further explore the identifiability of @ and p, we examined how marginal variations of these
two parameters affect R, (Fig. 1E). An increase of either parameter leads to a monotonic
increase of R, and the accumulation of more reported cases; however, R, is more sensitive to
changes to p, the relative contagiousness of undocumented infections. Because multiple
combinations of a and u produce the same estimate for R,, we also tested whether the
combination identified by our model-inference framework (i.e. « = 0.14, u = 0.55) is
maximally likely. Indeed, this identified combination has the highest log-likelihood (Fig. 1F),
indicating that the framework, given the abundance of observations (daily data from 375 cities),
is able to discriminate among combinations of a and .
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Lastly, to test whether the estimates for «, 5, u, Z, and 8 were sensitive to the use of a single
average infection period, D, we fit the daily incidence data in 375 cities during January 10-23 to
a metapopulation model in which documented and undocumented infections had separate
average infection periods (denoted by D" and D). Here the model is:

ds; sl uBsIt M;iS; M;iS;
_l:_Bll l+92] l]J_ezj Jl;
dt N; N; Ni_Ii
dE; _ BSi] | uBSi Ml iE M jiE;
— =L +02] ”—ezj —
dt N; Nj Ni—I;
ar;, _ E; I

at ~ ~z DT

dI“ E; M1

Y- fron -0y,
Ni:Ni‘l'er ij HZ] i

The best-fit model posterior estimates of key epidemiological parameters are reported in Table
S1 and are similar with those obtained using the model presented in the main text (Table 1).
Further, the estimates for D" and D% are similar to D.

W

11. Inference of model parameters after January 23, 2020

We modeled the transmission of SARS-CoV2 in China after implementation of control measures
on January 23. These control measures included: travel restrictions imposed between major cities
and Wuhan; self-quarantine and contact precautions advocated by the government; and more
available rapid testing for infection confirmation (//-12). These control measures along with
changes in care-seeking behavior due to increased awareness of the virus and increased personal
protection behavior (e.g. wearing of facemasks, self-isolation when sick), likely altered the
epidemiological characteristics of the outbreak after January 23. To quantify these differences,
we re-estimated the system parameters using the metapopulation model-inference framework and
city-level daily cases reported between January 24 and February 8. As the compliance of the
inter-city travel restriction is unknown, we tested the following two scenarios:

1) Travel from and to Wuhan are reduced by 98%, and other inter-city travel is reduced
by 80%.

2) All inter-city mobility is shut down.

The first scenario is informed by the reductions observed in the Baidu Mobility Index (Table S2).
In addition, to represent reduced person-to-person contact and increased infection detection, we
updated the initial priors for 8 to [0.2, 1.2] for both extreme scenarios. We also tested a range of
reporting delays, T4, from 6 days to 10 days. As before, we used the daily reported cases in all
cities to compute the log-likelihood.

In order to reflect the rapid change in control efforts, we inferred model parameters during two
overlapping periods: January 24 to February 3 and January 24 to February 8. For these periods,
the best-fitting models are shown in Figs. S23-S26. Estimated parameters, R, and goodness-of-
fit are reported in Table 2 of the main text and Table S3.
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12. Independent model validation using infection rates among evacuees to other countries

A recent study (37) summarized infection rates in evacuees to Singapore, South Korea, Japan
and Germany at the end of January. The average infection rate was reported as 1.39%. Based on
this estimate, we performed two independent tests to corroborate the parameters inferred by the
metapopulation model.

1). According to official report, around 5 million people left Wuhan city before January 23. The
total population in Wuhan city after January 23 (when travel restrictions were imposed) is
therefore around 6 million. A 1.39% infection rate suggests an estimated 83,400 infections prior
to February 1 in Wuhan. Simulation with the metapopulation model using inferred parameters
produces a total infected population of 48,420 (95% CI [10,849, 89,524]) before Feb 1, which in
general matches the estimated 83,400 infections in magnitude.

2). In our model, infections occurring prior to February 1 will be documented with a reporting
delay (as inferred, an average of 9 days before January 23 and 6 days after January 23). For
simplicity, we assume the reporting delay for each person is constant. Based on this assumption,
infections before February 1 should continue appearing until February 7. The cumulative
confirmed cases for February 7 in Wuhan is 13,562, which suggests a reported infection rate of
13,562/6 millions = 0.22%. Compared with the infection rate 1.39% (37), the reporting rate in
Wuhan should be 0.22%/1.39%=15.8%. This estimate generally agrees with our inferred
reporting rate of 14% before January 23.
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Fig. S1. Cumulative cases in 375 Chinese cities on January 23, 2020. Wuhan city had 454 cases.

White circles indicate zero reported cases.
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Fig. S2. Distribution of interval between onset of symptoms and confirmation (days) for cases
confirmed before (left) and after (right) January 23, 2020 (/7). The data prior to January 23 were
better fitted with a Gamma distribution (a = 1.85,b = 3.57,LL = —252.24) than a Weibull
distribution (A = 7.29,B = 1.41,LL = —255.17). After January 23, the data were better
fitted with a Gamma distribution (a = 2.24,b = 2.59,LL = —1251.94) than a Weibull
distribution (A = 6.78, B = 1.63,LL = —1255.38).
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Fig. S3. Fitting the Tencent mobility data to gravity models with power-law, exponential and
truncated power-law deterrence functions. The red line shows y = x.

17



0.3 B L

0
I 0.3 0.3
I Estimate
Truth
0.2 0.2 0.2
0 el 0
e 2 o
o o o
01 0.1 0.1
0 0 0
1 1.5 0.5 1 1 1.5
Prior range Prior range Prior range
03 z 03 e 03 D
0.2 0.2 0.2
el el 0
e 2 2
o o o
0.1 0.1 0.1
0 0
2 3 4 5 0.2 0.4 0.6 2 3 4 5
Prior range Prior range Prior range

Fig. S4. Accuracy of parameter estimation. The actual parameters used in generating the
synthetic outbreak are depicted by vertical red lines. Blue bars represent the distribution of the

posterior parameter estimates. The ranges of the x-axis are set as the initial prior parameter
ranges.
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bars) for the fittings shown in Figure S3.
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stable values.
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Fig. S9. Accuracy of parameter estimation. The actual parameters used in generating the
synthetic outbreak are depicted by vertical red lines. Blue bars represent the distribution of the
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Fig. S11. Accuracy of parameter estimation for a truth with a high fraction of documented
infections (& = 0.7) and low relative contagiousness of undocumented infections (u = 0. 3).

The actual parameters used in generating the synthetic outbreak are depicted by vertical red lines

Blue bars represent the distribution of the posterior parameter estimates. The ranges of the x-axis
are set as the initial prior parameter ranges.
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Fig. S12. Comparison of the actual R, (vertical red line) and the distribution of estimated R,
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(blue bars) for a truth with a high fraction of documented infections (& = 0.7) and low relative
contagiousness of undocumented infections (u = 0. 3) (individual parameter estimates shown in

Figure S10).
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Fig. S13. Accuracy of parameter estimation. The actual parameters used in generating the
synthetic outbreak are depicted by vertical red lines. Blue bars represent the distribution of the
posterior parameter estimates. The ranges of the x-axis are set as the initial prior parameter

ranges. The actual seeding parameter for the synthetic outbreak is Seed ., = 2,000, while
Seed,, ., Was set to 3,000 during inference.
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Fig. S15. Accuracy of parameter estimation. Estimation of system parameters using a single-
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Fig. S16. Accuracy of parameter estimation. Estimation of system parameters using a
metapopulation model consisting of ten cities: Wuhan, Yichang, Xiangyang, Jinmen, Xiaogan,
Huanggang, Xianning, Suizhou and Enshi. Here, inter-city travel was shut down during inference.
The actual parameters used in generating the synthetic outbreak are depicted by vertical red lines

Blue bars represent the distribution of the posterior parameter estimates. The ranges of the x-axis
are set as the initial prior parameter ranges.
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whiskers indicate the 95% Cls. Red: two-day additional reporting delay for infections occurred
before January 23, blue: a same Gamma-distributed reporting delay across the two-week period.

We set Seed, 0 = 2000 and T; = 9 days for both inferences.
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Fig. S23. Model fitting (T ; = 6 days) to documented cases in Wuhan through February 3, 2020
with no travel between cities (left). The distribution of estimated R, is shown in the right panel.
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Fig. S24. Model fitting (T ; = 6 days) to documented cases in Wuhan through February 3, 2020

(left). Travel to and from Wuhan is reduced by 98%, and other inter-city travel is reduced by
80%. The distribution of estimated R, is shown in the right panel.
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Fig. S25. Model fitting (T ; = 6 days) to documented cases in Wuhan through February 8, 2020
with no travel between cities (left). The distribution of estimated R, is shown in the right panel.

39



6000 - 0.07

5000 - 0087

0.05
4000
0.04 -
3000
0.03

Wuhan daily case

2000 -
0.02 -

1000 - 001

Fig. S26. Model fitting (T ; = 6 days) to documented cases in Wuhan through February 8, 2020
(left). Travel to and from Wuhan is reduced by 98%, and other inter-city travel is ae reduced by

80%. The distribution of estimated R,, is shown in the right panel.
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Table S1. Best-fit model posterior estimates of key epidemiological parameters for simulation
during January 10-23, 2020 with the metapopulation model adjusted to include separate mean
infectious periods for documented and undocumented infections (Seed,,, 4, = 2000, T; =9

days).
Parameter Median (95% CIs)
Transmission rate (3, days™) 1.12 (1.07, 1.17)
Relative transmission rate (u) 0.55 (0.49, 0.60)
Latency period (Z, days) 3.68 (3.48, 3.90)

Infectious period for documented

infections (D", days) 3.47(3.26,3.67)

Infectious period for undocumented

infections (D", days) 3.45(3.24,3.70)

Reporting rate (o) 0.14 (0.10, 0.17)
Basic reproductive number (R.) 2.38 (2.16, 2.59)
Mobility factor (6) 1.36 (1.31, 1.42)

Table S2. Baidu Mobility Index travel to and from Wuhan during January 23 — February 8,
2020.

Jan o4 o5 26 27 28 29 30 31 P o 3 4 5 & 7 8

Date 23 1

To Wuhan 175 088 063 051 042 041 037 035 033 036 039 040 041 037 037 036 0.34
From Wuhan 11.14 389 130 066 043 032 026 024 024 024 046 021 023 028 028 027 0.28
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Table S3. Best-fit model posterior estimates of key epidemiological parameters for simulation of
the model with no travel between cities during January 24 — February 3 and January 24 —
February 8 (Seed 4, = 2000 on January 10, T; = 9 days before January 24, T; = 6 days

between January 24 and February 8).

Parameter

January 24 — February 3
(Median (95% ClIs))

January 24 - February 8
(Median (95% Cls))

Transmission rate (5, days™)
Relative transmission rate (u)
Latency period (Z, days)
Infectious period (D, days)
Reporting rate (a)

Effective reproductive number (R.)

0.51 (0.37, 0.68)
0.47 (0.36, 0.64)
3.62 (3.44, 3.87)
3.15 (2.62, 3.71)
0.65 (0.60, 0.69)
1.32 (1.07, 1.54)

0.35 (0.30, 0.52)
0.42 (0.34, 0.61)
3.43 (3.30, 3.63)
3.32(2.92, 4.04)
0.69 (0.66, 0.71)
0.96 (0.83, 1.16)
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Data S1. (separate file) File (DataS1.zip) includes:

Data.zip:
Daily incidence by city, intercity movement, city coordinates, city populations
(Incidence.csv; Mobility.csv; city coordinates.csv; pop.csv)

Code.zip:
Matlab code and input files for running model-inference system (M.mat; SEIR.m;
cities.mat; incidence.mat; inference.m initialize.m; pop.mat)
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The MDAR framework establishes a minimum set of requirements in transparent reporting applicable to studies in the life sciences
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the MDAR framework for transparent reporting in manuscripts and other outputs. Please refer to the MDAR Elaboration
Document for additional context for the MDAR framework.



Materials

Antibodies Yes (indicate where provided: page no/section/legend) | n/a

For commercial reagents, provide supplier X
name, catalogue number and RRID, if available.

Cell materials Yes (indicate where provided: page no/section/legend) | n/a

Cell lines: Provide species information, strain. X
Provide accession number in repository OR
supplier name, catalog number, clone number,
OR RRID

Primary cultures: Provide species, strain, sex of X
origin, genetic modification status.

Experimental animals Yes (indicate where provided: page no/section/legend) | n/a

Laboratory animals: Provide species, strain, sex, age, X
genetic modification status. Provide accession
number in repository OR supplier name, catalog
number, clone number, OR RRID

Animal observed in or captured from the X
field: Provide species, sex and age where

possible

Model organisms: Provide Accession number X

in repository (where relevant) OR RRID

Plants and microbes Yes (indicate where provided: page no/section/legend) | n/a

Plants: provide species and strain, unique accession X
number if available, and source (including location
for collected wild specimens)

Microbes: provide species and strain, unique X
accession number if available, and source

Human research participants Yes (indicate where provided: page no/section/legend) | n/a

Identify authority granting ethics approval (IRB or X
equivalent committee(s), provide reference number
for approval.

Provide statement confirming informed consent X
obtained from study participants.
Report on age and sex for all study participants. X




Design

Study protocol Yes (indicate where provided: page no/section/legend) | n/a

For clinical trials, provide the trial registration X
number OR cite DOI in manuscript.

Laboratory protocol Yes (indicate where provided: page no/section/legend) | n/a

Provide DOI or other citation details if detailed step- X
by-step protocols are available.

Experimental study design (statistics details) Yes (indicate where provided: page no/section/legend) | n/a

State whether and how the following have been
done, or if they were not carried out.

Sample size determination X
Randomisation X
Blinding X
Inclusion/exclusion criteria X
Sample definition and in-laboratory replication Yes (indicate where provided: page no/section/legend) | n/a
State number of times the experiment was X
replicated in laboratory

Define whether data describe technical or biological X
replicates

Ethics Yes (indicate where provided: page no/section/legend) | n/a
Studies involving human participants: State details of X
authority granting ethics approval (IRB or equivalent

committee(s), provide reference number for

approval.

Studies involving experimental animals: State details X

of authority granting ethics approval (IRB or
equivalent committee(s), provide reference number
for approval.

Studies involving specimen and field samples: State if X
relevant permits obtained, provide details of
authority approving study; if none were required,

explain why.
Dual Use Research of Concern (DURC) Yes (indicate where provided: page no/section/legend) | n/a
If study is subject to dual use research of concern, X

state the authority granting approval and reference
number for the regulatory approval




Analysis

Attrition Yes (indicate where provided: page no/section/legend) | n/a
State if sample or data point from the analysis is No case, mobility or population data were excluded
excluded, and whether the criteria for exclusion were
determined and specified in advance.
Statistics Yes (indicate where provided: page no/section/legend) | n/a
Describe statistical tests used and justify choice of Throughout the supplementary materials; Cls presented
tests. in Tables, Figures and main text
Data Availability Yes (indicate where provided: page no/section/legend) | n/a
State whether newly created datasets are available, All codes and data are shared with the paper and
including protocols for access or restriction on posted on Github (https://github.com/SenPei-
access. CU/COVID-19)
If data are publicly available, provide accession In the references
number in repository or DOI or URL.
If publicly available data are reused, provide X
accession number in repository or DOI or URL, where
possible.
Code Availability Yes (indicate where provided: page no/section/legend) | n/a
For all newly generated code and software essential
for replicating the main findings of the study:
State whether the code or software is available.
If code is publicly available, provide accession
number in repository, or DOI or URL.
Reporting
Adherence to community standards Yes (indicate where provided: page no/section/legend) | n/a
MDAR framework recommends adoption of
discipline-specific guidelines, established and
endorsed through community initiatives. Journals
have their own policy about requiring specific
guidelines and recommendations to complement
MDAR.
State if relevant guidelines (eg., ICMJE, MIBBI, X

ARRIVE) have been followed, and whether a checklist
(eg., CONSORT, PRISMA, ARRIVE) is provided with
the manuscript.



https://github.com/SenPei-CU/COVID-19
https://github.com/SenPei-CU/COVID-19

Correction (25 March 2020): Li et al. have identified an error in the code in lines 44 to 49 of
SEIR.m and in equation 4 of the supplementary materials. This produces a very small error in the
denominator population size in some of the model terms. The authors have rerun the model and
find that the parameter estimates are almost identical and the conclusions are unchanged.
Corrections have been made in Tables 1 and 2, the supplementary materials (including tables S1
and S3), and the code.
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