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Transmission heterogeneities, kinetics, and
controllability of SARS-CoV-2
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A long-standing question in infectious disease dynamics concerns the role of transmission
heterogeneities, which are driven by demography, behavior, and interventions. On the basis of detailed
patient and contact-tracing data in Hunan, China, we find that 80% of secondary infections traced back
to 15% of severe acute respiratory syndrome coronavirus 2 (SARS-CoV-2) primary infections, which
indicates substantial transmission heterogeneities. Transmission risk scales positively with the duration
of exposure and the closeness of social interactions and is modulated by demographic and clinical
factors. The lockdown period increases transmission risk in the family and households, whereas isolation
and quarantine reduce risks across all types of contacts. The reconstructed infectiousness profile of

a typical SARS-CoV-2 patient peaks just before symptom presentation. Modeling indicates that
SARS-CoV-2 control requires the synergistic efforts of case isolation, contact quarantine, and
population-level interventions because of the specific transmission kinetics of this virus.

Ithough it has been well documented

that the clinical severity of COVID-19

increases with age (I-5), information is

limited on how transmission risk varies

with demographic factors, clinical pre-
sentation, and contact type (6-12). Individual-
based interventions such as case isolation,
contact tracing, and quarantine have been
shown to accelerate case detection and inter-
rupt transmission chains (73). However, these
interventions are typically implemented in
conjunction with population-level physical
distancing measures, and their effects on con-
tact patterns and transmission risk remains
difficult to separate (74-24). A better under-
standing of the factors driving severe acute
respiratory syndrome coronavirus 2 (SARS-
CoV-2) transmission is key to achieving epi-
demic control while minimizing societal cost,
particularly as countries relax physical dis-
tancing measures.

Hunan, a province in China adjacent to
Hubei, where the COVID-19 pandemic began,
experienced sustained SARS-CoV-2 transmis-
sion in late January and early February 2020,
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followed by a quick suppression of the out-
break by March 2020. As in many other provinces
in China, epidemic control was achieved by
layering interventions targeting SARS-CoV-2
cases and their contacts with population-level
physical distancing measures. In this study,
we reconstruct transmission chains among all
identified SARS-CoV-2 infections in Hunan,
as of 3 April 2020, on the basis of granular
epidemiological information collected through
extensive surveillance and contact-tracing ef-
forts. We identify the demographic, clinical,
and behavioral factors that drive transmission
heterogeneities and evaluate how interventions
modulate the topology of the transmission
network. Further, we reconstruct the infec-
tiousness profile of SARS-CoV-2 over the
course of a typical infection and estimate the
feasibility of epidemic control by individual-
and population-based interventions.

We analyze detailed epidemiological records
for 1178 SARS-CoV-2-infected individuals and
their 15,648 close contacts—representing 19,227
separate exposure events—compiled by the
Hunan Provincial Center for Disease Control
and Prevention. Cases were identified be-
tween 16 January and 3 April 2020; primary
cases were captured by passive surveillance,
contact tracing, or traveler screening and then
were laboratory confirmed by reverse tran-
scription polymerase chain reaction (RT-PCR).
Individuals who were close contacts of the
primary cases were followed for at least
2 weeks after the last exposure to the infected
individual. Before 7 February 2020, contacts were
tested only if they developed symptoms during
the quarantine period. After 7 February 2020,
RT-PCR testing was required for all con-
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tacts, and specimens were collected at least
once from each contact during quarantine,
regardless of symptoms. Upon positive RT-
PCR test results, infected individuals were
isolated in dedicated hospitals, regardless of
their clinical severity, and their contacts were
quarantined in medical observation facilities.
The case ascertainment process is visualized
in fig. S1.

The dataset includes 210 epidemiological
clusters representing 831 cases, with an ad-
ditional 347 sporadic cases (29%) unlinked to
any cluster (see supplementary materials and
methods for more details). For each cluster, we
stochastically reconstruct transmission chains
and estimate the timing of infection most com-
patible with each patient’s exposure history.
We analyze an ensemble of 100 reconstructed
transmission chains to account for uncertain-
ties in exposure histories (Fig. 1 visualizes
one realization of the transmission chains, and
fig. S2A illustrates variability in the topology of
the aggregation of 100 realizations of trans-
mission chains).

We observe between zero and four gener-
ations of transmission, with the largest cluster
involving 20 SARS-CoV-2-infected individuals.
The number of secondary infections ranges
from 0 to 10, with a distribution of secondary
infections best characterized by a negative
binomial distribution with mean p = 0.40
[95% confidence interval (CI): 0.35 to 0.47]
and variance u(1 + 1 / k) = 0.96 (95% CI; 0.74
t01.26), where k = 0.30 (95% CI: 0.23 to 0.39)
is the dispersion parameter (Fig. 1). We find
that 80% of secondary infections can be traced
back to 15% of SARS-CoV-2-infected individ-
uals, which indicates substantial transmission
heterogeneities at the individual level. We can
also assess geographic diffusion within Hunan
province and find that the majority of trans-
mission events occur within the same prefec-
ture (94.3%; 95% CI: 93.7 to 95.0%), with
occasional spread between prefectures (5.7%:
95% CI: 5.0 to 6.3%).

Characterizing SARS-CoV-2 transmission
heterogeneities at the individual level

To dissect the individual transmission heter-
ogeneities and identify predictors of transmis-
sion, we analyze the infection risk among a
subset of 14,622 individuals who were closc
contacts of 870 SARS-CoV-2 patients. This
dataset excludes primary cases whose infected
contacts reported a travel history to Wuhan.
The dataset represents 74% of all SARS-CoV-2
cases recorded in the Hunan patient database
Contacts of these 870 patients have been care-
fully monitored so that 17,750 independent
exposure events have been captured.

We start by characterizing variation in
transmission risk across the diverse set of
17,750 exposures. We study how the per-
contact transmission risk varies with the type
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Fig. 1. SARS-CoV-2 transmission chains. (Top)
One realization of the reconstructed transmission
chains among 1178 SARS-CoV-2-infected individ-
uals in Hunan province. Each node in the network
represents a patient infected with SARS-CoV-2,
and each link represents an infector-infectee
relationship. The color of the node denotes the
reporting prefecture of the infected indiv.duals.
(Bottom) Distribution of the number of secondary
infections. Blue bars represent the ensemble
averaged across 100 stochastic samples of the
reconstructed transmission chains. Orange bars
represent the best fit of a negative binormial
distribution to the ensemble average. Vertical
lines indicate 95% Cls across 100 samples (of both
data and the models' fitting results). Some
confidence intervals are narrow and not visible on
the plot. For sensitivity analysis, we also fit the
distribution with geometric and Poisson distributions.
On the basis of the Akaike information criterion (AIC),
the negative binomial distribution fit the data the
best (average AIC score for negative binomial
distribution: 1902, for geometric distribution: 1981;
and for Poisson distribution: 2259).

of exposures, exposure duration, exposure
timing, and physical distancing intervention,
after adjusting for demographic, clinical, and
travel-related factors. Exposures are grouped
into five categories on the basis of contact
type—i.e.,, household, extended family, social,
community, and health care (table S2)—with
the duration of exposure approximated by
the time interval between the initial and
final dates of exposure. To gauge the impact
of physical distancing on transmission risks,
we further stratify exposures by the date of
occurrence, with 25 January 2020 marking
the beginning of lockdown in Hunan [based
on Baidu Qjanxi mobility index (25); fig. S3A,
insert). To address putative variation in infec-
tiousness over the course of infection, we
distinguish whether exposures overlap with
the date of symptom onset of a primary case, a
period associated with high viral shedding.
We use a mixed-effects multiple logistic re-
gression model (GLMM-logit) to quantify the
effects of these factors on the per-contact risk
of transmission (see table S3 for a detailed
definition of all risk factors and summary
statistics).

Sun et al., Science 371, eabe2424 (2021)
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On the basis of the point estimates of the
regression (see fig. S3A for regression results),
we find that household contacts pose the highest
risk of transmission followed by extended
family, social, and community contacts, in
agreement with a prior study (J2). Health care
contacts have the lowest risk, which suggests
that adequate protective measures were adop-
ted by patients and health care staff in Hunan.
Notably, the impact of physical distancing
differs by contact type (Table 1): The risk of
transmission in the household increases
during the lockdown period, likely because
of increased contact frequency at home as a
result of physical confinement. By contrast,
the transmission risk decreases for commu-
nity and social contacts during lockdown, pos-
sibly because of the adoption of prudent
behaviors such as mask wearing, hand wash-
ing, and coughing-sneczing etiquette. We find
that longer exposures are riskier, with 1 addi-
tional day of exposure increasing the transmis-
sion risk by 10% (95% CI: 5 to 15%). Further,
transmission risk is higher around the time
of symptom presentation of the primary case
(Table 1). Additionally, susceptibility to infec-
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tion (defined as the risk of infection given
contact with a primary case) varies by age:
Children aged 0 to 12 years are significantly
less susceptible than individuals aged 26 to
64 years (odds ratio 0.41; 95% CI: 0.26 to 0.63),
and patients older than 65 years are signif-
icantly more susceptible (odds ratio 1.39; 95%
CI: 1.02 to 1.91). By contrast, we find no statistical
support for age difference in infectivity (fig. S3A).
These results are in agreement with previous
findings (12, 26, 27).

For each of the 17,750 contact exposure
events, we estimate the probability of trans-
mission using the point estimate of the
baseline odds and the odds ratios from the
GLMM-logit regression (fig. S3A). In Fig. 24,
we plot the distribution of transmission prob-
abilities for household, extended family, social,
and community contacts separately. The aver-
age per-contact transmission probability is
highest for household contacts (7.2%; 95% CI:
1.2 t0 19.6%) followed by family (1.7%; 95% CI:
0.4 t0 5.6%) and social contacts (0.9%; 95% CI:
0.2 to 2.7%), whereas the risk is lowest for com-
munity contacts (0.4%; 95% CI: 0.1 to 1.1%).
These transmission probabilities reflect the joint

2 of 8

1202 '6 Iudy uo /B1o-Beuwsduains aousios/:duy woy papeojumoq




RESEARCH | RESEARCH ARTICLE

=
Table 1. SARS-CoV-2 transmission risk in Hunan by contact type, duration of exposure, and
whether the exposure window contains the date of symptom onset of the primary case—a
period of intense viral shedding. Risk is further stratified by the date of implementation of social
distancing interventions in Hunan, which is 25 January 2020. The regression model is adjusted
for demographic characteristics of the cases and their contacts, clinical symptoms, and travel history.
Details are provided in the materials and methods, and the full results of the regression, including

additional risk factors, are shown in fig. S3.

Risk factors Odds ratio 95% ClI
Before 25 January 2020 o 220r (139, 3.49)
Household contacts After 25 January 2020“ 39T T (247,5, 79)
Before 2 January2 (VI ..o oo Reterence
Extended family contacts (0 50 1 46)
(. 371 06)
Social contacts . .(0 21,0, 78)
3efo . (019, 0.74)
Community contacts After 25 January 2020 - . (0057071
Before 25 January 2020 " 015 (003, 068)
Health care contacts . After 25 January 2020 J. 2 (001, 090)
Duration of exposure (days) 110%= (LOS, 115)
Symptom onset within exposure window (yes) 149~ (109, 2.04)

‘P <005 *P <001 ***P < 0.00L

effect of duration of exposure (Fig. 2B) super-
imposed on differences in transmission risk
by type of contact (fig. S3A). Although con-
fidence intervals on risk estimates are broad,
there is statistical support for separating out
contacts in five categories and including a
time covariate to capture the effect of the
lockdown rather than collapsing the contact
data into fewer categorics (table S4). By con-
trast, there is no statistical support for a more
complex model that considers a different ef-
fect of contact duration by type of contact
(table S4). It is worth noting that the per-
contact transmission probabilities were esti-
mated in a situation of intense interventions
and high population awareness of the di-
sease, and thus, they may be not generaliz-
able elsewhere.

The number of contacts is also a key driver
of individual transmission potential and varies
by contact type. Figure 2C presents the contact
degree distribution, defined as the number of
distinct contacts per individual. We find that
the distributions of individual contact degree
are overdispersed with dispersion parameter
0 < k < 1 across all contact types. Further-
more, household (¢ = 0.72) and extended
family (k = 0.64) contacts are less dispersed
than social (% = 0.19) and community (¢ = 0.14)
contacts, which suggests that contact hetero-
geneities are inversely correlated with the close-
ness of social interactions. Figure 2D visualizes
the age-specific contact patterns between the
primary cases and their contacts, demonstrat-
ing diverse mixing patterns across different
types of contact. Specifically, household con-
tacts present the canonical three-bands pattern,

Sun et al,, Science 371, eabe2424 (2021)

where the diagonal illustrates age-assortative
interactions, and the two off-diagonals repre-
sent intergenerational mixing (28, 29). Other
contact types display more diffusive mixing
patterns by age. We also observe that among
all primary cases, young and middle-aged adults
have the most social contacts (Fig. 2E).

Next, we summarize the overall transmis-
sion potential of an individual by calculating
the cumulative contact rate (CCR) of all primary
cases. The CCR captures how contact oppor-
tunities vary with demography, temporal varia-
tion in the infectiousness profile, an individual’s
contact degree, and interventions (see section
4.3 in the materials and methods for detailed
definition). After adjusting for age, sex, clinical
presentation, and travel history to Wuhan,
we find that physical distancing measures
increase CCRs for household and extended
family contacts and decrease (although not
statistically significantly) CCRs for social and
community contacts (Fig. 2E). By contrast,
faster case isolation universally reduces CCRs,
decreasing transmission opportunities across
all contact types (Fig. 2E).

Characterizing the natural history of SARS-
CoV-2 infection by strength of interventions

We have characterized SARS-CoV-2 transmis-
sion risk factors and have shown that individual-
and population-based interventions have a
differential impact on contact patterns and
transmission potential. Next, we use our proba-
bilistic reconstruction of infector-infectee pairs
to further dissect transmission kinetics and
project the impact of interventions on SARS-
CoV-2 dynamics. On the basis of the recon-
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structed transmission chains, we estimate a
median serial interval of 5.3 days, with an
interquartile range (IQR) of 2.7 to 8.3 days,
which represents the time interval between
symptom onset of an infector and that of his
or her infectee (fig. S7, B and D). The median
generation interval—defined as the interval
between the infection times of an infector and
his or her infectee—is 5.3 days, with an IQR of
3.1to 8.7 days (fig. S7, A and C). We cstimate
that 63.4% (95% CI: 60.2 to 67.2%) of all
transmission events occur before symptom
onset, which is comparable to findings from
other studies (6-8, 10-13, 18, 30, 31). However,
these estimates are affected by the intensity of
interventions; in Hunan, isolation and quar-
antine were in place throughout the epidemic.

Case isolation and contact quarantine are
meant to prevent potentially infectious indivi-
duals from contacting susceptible individuals,
effectively shortening the infectious period. As
a result, we would expect right censoring of
the generation and serial interval distribu-
tions (32). Symptomatic cases represent 86.5%
of all SARS-CoV-2 infections in our data; among
these patients, we observe longer generation
intervals for cases isolated later in the course
of their infection (Fig. 3A). The median gene-
ration interval increases from 4.0 days (IQR,
1.9 to 7.3 days) for cases isolated 2 days since
symptom onset to 7.0 days (IQR, 3.6 to 11.3 days)
for those isolated >6 days after symptom
onset (P < 0.001; Mann-Whitney U test). We
observe similar trends for the serial interval
distribution (Fig. 3B). The median serial in-
terval increases from 1.7 days (IQR, -1.6 to
4.8 days) for cases isolated <2 days after symp-
tom onset to 7.3 days (IQR, 3.4 t010.8 days)
for those isolated >6 days after symptom onset
(P < 0.001; Mann-Whitney U test).

Faster case isolation restricts transmission
to the earlier stages of infection, thus inflating
the contribution of presymptomatic transmis-
sion (Fig. 3C). The proportion of presympto-
matic transmission is estimated at 87.3% (95%
CI: 79.8 t0 93.4%) if cases are isolated within
2 days of symptom onset, whereas this propor-
tion decreases to 47.5% (95% CI: 414 to 53.3%)
if cases are isolated >6 days after symptom
onset (P < 0.001; Mann-Whitney U test).

Next, we adjust for censoring caused by case
isolation and reconstruct the infectiousness
profile of a typical SARS-CoV-2 patient in the
absence of interventions. To do so, we charac-
terize changes in the timeliness of case isola-
tion over time in Hunan. Figure S8 shows the
distributions of time from symptom onset to
isolation during three different phases of ¢pi-
demic control, coinciding with major changes
in COVID-19 case definition (phase 1: before
27 January; phase II: 27 January to 4 February;
and phase III: after 4 February; fig. $3) (23). In
phase I, 78% of cases were detected through
passive surveillance; as a result, most cases
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Fig. 2. Heterogeneity in contact rates of SARS-CoV-2 cases and impact
of interventions, separated by contact type. Columns from left to right
represent community contacts (e.g.. public transportation, food, and
entertainment), social contacts, extended family contacts, and household
contacts. (A) Violin plots representing the distribution of per-contact
transmission probability by contact type. adjusted for all other covariates in
fig. S3 (probability expressed in percentage: x axis). (B) Complementary
cumulative distribution function (CCDF) (y axis) for duration of exposure
(1.e.. the probability that exposure is longer or equal to a certain value).
Dashed vertical lines indicate average values. Household contacts last the
longest, and as expected. contact duration decreases as social ties loosen.
(C) The distribution of the number of distinct contacts (degree distribution)
of the primary cases for each contact type. The y axis indicates probability
mass function (PMF). The dashed vertical lines indicate average values. The
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Rate ratio Rate ratio

dispersion parameter k is calculated on the basis of the relationship

o = £ where p and o are the mean and variance of the number of
distinct contacts. Values of k < 1 indicate overdispersion. (D) Age
distribution of SARS-CoV-2 case-contact pairs (contact matrices).

(E) Rate ratios of negative binomial regression of the CCRs against
predictors including the infector's age. sex, presence of fever or cough,
Wuhan travel history, whether symptom onset occurred before social
distancing was in place (before or after 25 January 2020). and time from
isolation to symptom onset. CCRs represent the sum of relevant contacts
over a 1-week window centered at the date of the primary case's symptom
onset. Dots and lines indicate point estimates and 95% Cls of the rate
ratios, respectively, and numbers below the dots indicate the numerical
value of the point estimates. Ref.. reference category. *P < 0.05.

**P < 0.01, ***P < 0.001.
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Fig. 3. The impact of interventions on SARS-CoV-2 transmission dynamics.
(A) Violin plot of the generation interval distributions stratified by time from
symptom onset to isolation or presymptomatic quarantine, based on an
ensemble of 100 realizations of the sampled transmission chains. (B) Same as
(A) but for the serial interval distributions. (C) Same as (A) but for the fraction of
presymptomatic transmission, among all transmission events, with vertical line
indicating 50% of presymptomatic transmissions. In (A) to (C). dots represent
the mean, and whiskers represent minimum and maximum. (D) Estimated
average (across 100 realizations of sampled transmission chains) transmission
risk of a SARS-CoV-2-infected individual since time of infection under four
intervention scenarios: the red solid line represents an uncontrolled epidemic
scenario modeled after the early epidemic dynamics in Wuhan before lockdown,
and the dashed lines represent scenarios where quarantine and case isolation
are In place and mimic phases [, Il, and Ill of epidemic control in Hunan. The
shapes of these curves match those of the generation interval distributions in
each scenario, and the areas under the curve are equal to the ratios of the
baseline/effective basic reproduction numbers (Ro/Rf). (E) Same as in (D) but
with time since symptom onset on the x axis [colors are the same as in (D)].

% reduction in contact rate

% reduction in contact rate

The vertical line represents symptom onset. (F) Reduction (percentage) in the
basic reproduction number as a function of mean time from symptom onset (or
from peak infectiousness for asymptomatic cases) to isolation .., (x axis) and
fraction of SARS-CoV-2 infections being isolated (y axis). The distribution of
onset to isolation follows a normal distribution with mean <., and standard
deviation of 2 days. The dashed lines indicate 30, 40, and 50% reductions in R,
under interventions. (G) Effective basic reproduction number as a function of
population-level reduction in contact rates (i.e., through physical distancing;
expressed as a percentage, x axis) and isolation rate (fraction of total infections
detected and further isolated). We assume baseline basic reproduction number
Ro = 2.19 and a normal distribution for the distribution from onset to isolation
with a mean of O days and a standard deviation of 2 days. The dashed line
represents the epidemic threshold, R* = 1. The blue area indicates the region
below the epidemic threshold (namely. controlled epidemic), and the red area
indicates the region above the epidemic threshold. (H) Same as in (G) but
assuming Rg = 1.57 (a more optimistic estimate of Ry in Wuhan. adjusted for
reporting changes) and a normal distribution for the distribution from onset to
isolation with a mean of 2 days and a standard dewiation of 2 days.

were isolated after symptom onset [median
time from onset to isolation, 5.4 days (IQR,
2.7t0 8.2 days); fig. S8A]. By contrast, in phase
I11, 66% of cases were detected through active
contact tracing, which shortened the median
time from onset to isolation to ~0.1 days (IQR,
-2.9 to 1.8 days; fig. S8C). Timeliness of iso-

Sun et al., Science 371, eabe2424 (2021)

lation is intcrmediate in phase II. We use
mathematical models (detailed in the mate-
rials and methods) to dynamically adjust the
serial interval distribution for censoring, and
we apply the same approach to the time in-
terval between symptom onset of a primary
case and onward transmission (fig. S10). These

15 January 2021

censoring-adjusted distributions can be rescaled
by the basic reproduction number R, to reflect
the risk of transmission of a typical SARS-CoV-
2 case since the time of infection or since
symptom onset (Fig. 3, D and E). We find that in
the absence of interventions, infectiousness peaks
near the time of symptom onset (fig. S10D).
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This is consistent with our regression anal-
ysis, where the higher risk of transmission is
near symptom onset (Table 1).

Evaluating the impact of individual- and
population-based interventions on
SARS-CoV-2 transmission

Next, we use the estimated infectiousness
profile of a typical SARS-CoV-2 infection (Fig.
3, D and E) to evaluate the impact of case iso-
lation on transmission. We first set a baseline
reproduction number R, for SARS-CoV-2 in
the absence of control. Results from a recent
study (33) suggest that the initial growth
rate in Wuhan was 0.15 day ! in raw casc
data (95% CI: 0.14 to 0.17), although the
growth rate could be substantially lower
(0.08 day ™) if changes in case definition are
considered. Conservatively, we consider the
upper value of the growth rate at 0.15 day '
together with our generation interval dis-
tribution adjusted for censoring (fig. S10C)
to estimate R,. We obtain a baseline repro-
duction number R, = 2.19 (95% CI: 2.08 to
2.36) using the renewal equation framework
(34). This represents a typical scenario of
unmitigated SARS-CoV-2 transmissibility in
an urban setting. The reconstructed infec-
tiousness profile in the absence of control is
shown in solid red lines in Fig. 3, D and E,
with respect to time of infection and symptom
onset, respectively. Notably, we find that SARS-
CoV-2 infectiousness peaks slightly before
symptom onset (-0.1 days on average), with
87% of the overall infectiousness concentrated
within =5 days of symptom onset and 53% of
the overall infectiousness in the presympto-
matic phase (Fig. 3E).

Next, we evaluate the impact of case isola-
tion on transmission by considering three dif-
ferent intervention scenarios mimicking the
timeliness of isolation in the three phases of
the Hunan epidemic control. We further as-
sume that 100% of infections are detected and
isolated and that isolation is fully protective
(i.e., there is no onward transmission after the
patient has been isolated or quarantined). The
infectiousness profiles of the three interven-
tion scenarios are shown in dashed lines in
Fig. 3, D and E. We find that the basic re-
production number decreases in all interven-
tion scenarios, but the projected decrease is
not sufficient to interrupt transmission (Fig.
3D; Ry = 1.75for phase I R, — 1.46 for phase
11, and Ry — 1.01 for phase III, where R} is
the effective basic reproduction number).

We further relax the assumption of 100%
case detection and isolation and relate changes
in the basic reproduction number to two inde-
pendent parameters measuring the strength of
interventions: the effectiveness of case isolation
and contact quarantine (measured as the frac-
tion of total infections isolated) and the time-
liness of isolation (measured as the delay from
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symptom onset to isolation; phase diagram in
Fig. 3F). Dashed lines in Fig. 3F illustrate 30,
40, and 50% of reduction in R,. To reduce R,
by half (the minimum amount of transmission
reduction required to achieve control for a
baseline Ry ~ 2), 100% of infections would
need to be isolated even if individuals were
isolated as early as the day of symptom onset.
In practice, epidemic control is unrealistic if
casc isolation and quarantine of close contacts
are the only measures in place.

Our data support the idea that case isolation
and quarantine of close contacts are effective
in reducing SARS-CoV-2 transmission, espe-
cially if these interventions occur early in the
infection. To achicve epidemic control, how-
ever, these interventions need to be layered
with additional population-level measures,
including increased teleworking, reduced
operation in the service industry, or broader
adoption of face masks. The synergistic effects
of these interventions are illustrated in Fig.
3G. We find that a 30% reduction in transmis-
sion from population-level measures would
require a 70% case detection rate to achieve
epidemic control, assuming that cases can be
promptly isolated on average upon symptom
presentation. Notably, a 30% reduction in
transmission could also encompass the benefits
of residual population-level immunity from the
first wave of COVID-19, especially in hard-hit
regions (35, 36). As a sensitivity analysis, we
further consider a more optimistic scenario
with a lower baseline R, = 1.56, correspond-
ing to an epidemic growth rate of 0.08 day '
(95% CI: 0.06 to 0.10) in Wuhan (33), which is
adjusted for reporting changes. As expected,
control is much easier to achieve in this
scenario: If detected SARS-CoV-2 infections
are effectively isolated on average 2 days after
symptom onset, a 25% population-level re-
duction in transmission coupled with a 42%
infection isolation rate is sufficient to achieve
control (Fig. 3H).

Discussion

Detailed information on 1178 SARS-CoV-2-
infected individuals along with their 15,648
contacts allowed us to dissect the behavioral
and clinical drivers of SARS-CoV-2 transmis-
sion, to evaluate how transmission oppor-
tunities are modulated by individual- and
population-level interventions, and to char-
acterize the typical infectiousness profile of a
case. Informed by this understanding, par-
ticularly the importance of presymptomatic
transmission, we have evaluated the plausibil-
ity of SARS-CoV-2 control through individual-
and population-based interventions.

Health care contacts posed the lowest risk of
transmission in Hunan, which suggests that
adequate protective measures against SARS-
CoV-2 were taken in hospitals and medical
observation centers (Table 1). The average risk
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of transmission scales positively with the
closeness of social interactions: The average
per-contact risk is lowest for community ex-
posures (including contacts in the public trans-
portation system and at food and entertainment
venues), intermediate for social and extended
family contacts, and highest in the household.
The average transmission risk in the house-
hold is further elevated when intense physical
distancing is enforced, and the risk is also
elevated for contacts that last longer. These
lines of evidence support the idea that SARS-
CoV-2 transmission is facilitated by close
proximity, confined environment, and high
frequency of contacts.

Regression analysis indicates a higher risk
of transmission when an individual is exposed
to a SARS-CoV-2 patient around the time of
symptom onset, in line with our reconstructed
infectiousness profile. These epidemiological
findings are in agreement with viral shedding
studies (6, 37-40). We estimate that overall in
Hunan, 63% of all transmission events were
from presymptomatic individuals, in concor-
dance with other modeling studies (6, 7, 10, 12, 41).
However, the estimated presymptomatic pro-
portion is affected by case-based measures,
including case isolation and contact quaran-
tine. We estimate that the relative contribution
of presymptomatic transmission drops to 52%
in an uncontrolled scenario where case-based
interventions are absent.

Case isolation reduces the effective infec-
tious period of SARS-CoV-2-infected individ-
uals by blocking contacts with susceptible
individuals. We observe that faster isolation
significantly reduces CCRs across contact types
(Fig. 2E). We also observe shorter serial and
generation intervals and a larger fraction of
presymptomatic transmission when individ-
uals are isolated faster (Fig. 3, A to C). By
contrast, population-level physical distancing
measures have differential impacts on CCRs—
decreasing CCRs for social and community
contacts, while increasing CCRs in the house-
hold and family contacts. As a result, strict
physical distancing confines the epidemic
mostly to families and households (see also
fig. S7). The precise impact of physical dis-
tancing on transmission is difficult to separate
from that of individual-based interventions.
However, our analysis suggests that physical
distancing changes the topology of the trans-
mission network by affecting the number and
duration of interactions. Notably, the topology
of the household contact network is highly
clustered (42), and theoretical studies have
shown that high clustering hinders cpidemic
spread (43, 44). These higher-order topological
changes could contribute to reducing trans-
mission beyond the effects expected from an
overall reduction in CCRs. In parallel, the ef-
fectiveness of physical distancing measures
on reducing COVID-19 transmission has been
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demonstrated in empirical data from China
(24, 45) and elsewhere (46).

We have explored the feasibility of SARS-
CoV-2 epidemic control against two important
metrics related to case isolation and contact
quarantine: the timeliness of isolation and the
infection detection rate (Fig. 3F). For a base-
line transmission scenario compatible with the
initial growth phase of the epidemic in Wuhan,
we find that epidemic control solely relying on
isolation and quarantine is difficult to achieve.
Layering these interventions with moderate
physical distancing makes control more likely
over a range of plausible parameters—a situa-
tion that could be further improved by residual
immunity from the first wave of SARS-CoV-2
activity (35, 36). Successful implementation of
contact tracing requires a low level of active in-
fections in the community, as the number of
contacts to be monitored is several folds the
number of infections (~13 contacts were traced
for each SARS-CoV-2-infected individual in
Hunan). The timing of easing of lockdown
measures should align with the capacities of
testing and contact-tracing efforts relative to
the number of active infections in the commu-
nity. In parallel, technology-based approaches
can also facilitate these efforts (7, 7).

Overall, we find that case isolation and
quarantine successfully blocked transmission
to close contacts in Hunan, with an estimated
4.3% of transmission occurring after SARS-
CoV-2 patients were isolated. In this setting,
all SARS-CoV-2 infections were managed under
medical isolation in dedicated hospitals re-
gardless of clinical severity, and contacts were
quarantined in designated medical observation
centers. Self-regulated isolation and quarantine
at home, however, may not be as effective, and
a higher proportion of onward transmission
should be expected.

Scveral caveats are worth noting. We could
not evaluate the risk of transmission in schools,
workplaces, conferences, prisons, or factories,
as no contacts in these settings were reported
in the Hunan dataset. Our study is likely un-
derpowered to assess the transmission poten-
tial of asymptomatic individuals given the
relatively small fraction of these infections in
our data (13.5% overall and 22.1% of infections
captured through contact tracing). There is no
statistical support for decreased transmission
from asymptomatic individuals (fig. S3A), al-
though we observe a positive, but nonsignificant,
gradient in average transmission risk with
disease severity. Evidence from viral shedding
studies is conflicted; viral load appears to be
independent of clinical severity in some studies
(6, 22, 38, 48), whereas others suggest that
there is faster viral clearance in asymptomatic
individuals (49).

Another limitation relates to changes in
testing practices for contacts of primary cases.
Testing was initially limited to contacts exhibit-
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ing symptoms, and this condition was relaxed
after 7 February. The early testing scheme may
lead to underestimation of susceptibility in
children, as younger individuals are less likely
to develop SARS-CoV-2 symptoms (50). How-
ever, sensitivity analyses indicate that the age
gradient of susceptibility is preserved even after
stratification for changes in testing protocol.
Further, our finding of lower susceptibility to
infection among children under 12 years of age
relative to adults remains stable in the period
with comprehensive testing (fig. S4). Overall,
the contribution of asymptomatic infections
to transmission remains debated but has pro-
found implications on the feasibility of control
through individual-based interventions. Careful
serological studies combined with virologic test-
ing in households and other controlled environ-
ments are needed to fully resolve the role of
asymptomatic infections and viral shedding
on transmission.

Detailed contact-tracing data illuminate
heterogeneities in SARS-CoV-2 transmission
driven by biology and behavior and modu-
lated by the impact of interventions. Notably,
and in contrast to SARS-CoV-1, the ability of
SARS-CoV-2 to transmit during the host’s
presymptomatic phase makes it particularly
difficult to achieve epidemic control (51). Our
risk factor estimates can provide evidence to
guide the design of more-targeted and sus-
tainable mitigation strategies, and our recon-
structed transmission kinetics will help calibrate
further modeling efforts.

Materials and methods summary

We combined individual-level data on 1178
SARS-CoV-2 infections with detailed diaries
of exposures collected through contact-tracing
efforts in Hunan, China, to stochastically re-
construct transmission chains and infer infec-
tion times. Reconstructed transmission chains
had to be compatible with highly resolved
individual-level data on symptom onset dates,
daily records of exposure to infected contacts,
and travel history to high-risk regions. On
the basis of the reconstructed transmission
chains, we characterize the distribution of
key SARS-CoV-2 transmission parameters—
including the number of secondary cases,
the generation and serial intervals, and the
interval from infection or symptom onset to
isolation—at different stages of the epidemic.
To further understand the drivers of transmis-
sion heterogeneity and the dispersion in the
number of secondary cases, we study the
degree distribution of SARS-CoV-2-infected
individuals, the duration of exposures, and the
age-specific contact patterns between infec-
tors and infectees, separately by contact type
(household, family, community, transportation,
and health care). We also use logistic regres-
sion analysis to model the per-contact risk of
transmission, with contact type and duration,
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symptoms, demographic factors, and different
periods of the outbreak as covariates. Missing
data are addressed through multivariate im-
putation algorithms. We conduct sensitivity
analyses to test the robustness of regression
results.

We next use our data to model the synergistic
effects of case-based and population-level inter-
ventions on transmission. We reconstruct the
average infectiousness profile of a SARS-CoV-2
infection, after adjusting for the truncation
effects of case isolation. On the basis of the
estimated infectiousness profile, we use math-
ematical models to estimate the effect of layered
interventions on transmission (mcasured as
changes in the effective reproduction number).
We consider different intensities of population-
level physical distancing, case detection, and
timeliness of isolation or quarantine. A full
description of the materials and methods is
provided in the supplementary materials.
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Time and intimacy drive transmission

A minority of people infected with severe acute respiratory syndrome coronavirus 2 (SARS-CoV-2) transmit most
infections. How does this happen? Sun et al. reconstructed transmission in Hunan, China, up to April 2020. Such
detailed data can be used to separate out the relative contribution of transmission control measures aimed at isolating
individuals relative to population-level distancing measures. The authors found that most of the secondary transmissions
could be traced back to a minority of infected individuals, and well over half of transmission occurred in the
presymptomatic phase. Furthermore, the duration of exposure to an infected person combined with closeness and
number of household contacts constituted the greatest risks for transmission, particularly when lockdown conditions
prevailed. These findings could help in the design of infection control policies that have the potential to minimize both
virus transmission and economic strain.
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