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Abstract To examine how sociodemographic char-
acteristics and non-pharmaceutical interventions
affect the transmission of COVID-19, we analyze
patient profiles and contact tracing data from almost
all cases in an outbreak in Shijiazhuang, China, from
January to February 2021. Because of universal test-
ing and digital tracing, the data are of high quality.
Results from negative binomial models indicate that
the counts of close contacts and secondary infections
vary with the cases’ age and occupation. Notably,
cases under age 18 are causing an increased infec-
tion rate among their close contacts and leading to
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more within-neighborhood secondary infections than
adults aged 18—49. Also, county-wide interventions
and lockdown are found to be effective at containing
the spread of COVID-19. These measures can reduce
the number of close contacts that each case has and
largely restrict the remaining infections to the case’s
neighborhood. These results suggest that transmis-
sion risks of COVID-19 are associated with the case’s
sociodemographic characteristics and can be reduced
with interventions at the county level. Implications
on mitigation measures and reopening plans are
discussed.

Keywords COVID-19 - Social determinants -
Non-pharmaceutical interventions - Contact tracing -
Shijiazhuang (China)

Since the COVID-19 pandemic started, researchers
have tried to understand the social determinants of its
contagion dynamics. Incorporating these factors into
empirical research is considered important for both
epidemiological models and policy discussions [1].
In the current literature, most empirical studies on
COVID-19 transmission are based on comparisons
across nations or sub-national units [2]. These eco-
logical analyses have furthered our understanding of
area-level factors driving the pandemic and informed
policymakers about the efficacy of non-pharmaceuti-
cal interventions [3], but their findings may not apply
to the individual-level epidemiological dynamics.
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There is also a growing number of studies using
individual-level contact tracing data to investigate
COVID-19 transmission and evaluate the effective-
ness of mitigation policies [4, 5]. These studies have
laid the foundation for non-pharmaceutical inter-
ventions, but because of limited testing capacities
and risks of infringing on privacy, surveillance data
used in individual-level research usually have limited
representativeness.

In this study, we try to fill this gap in the litera-
ture by analyzing patient profiles and contact trac-
ing data from a COVID-19 outbreak in a northern
Chinese city, Shijiazhuang, in early 2021. During
the outbreak, the municipal government conducted
universal testing for all residents and used geoloca-
tion data from telecommunication providers to assist
contact tracing for both symptomatic and asymp-
tomatic/pre-symptomatic cases. These testing and
contact tracing efforts provide high-quality data that
support accurate analysis of transmission dynamics at
the individual level. Specifically, this study assesses
sociodemographic factors associated with transmis-
sion risks of COVID-19 and evaluates the effective-
ness of county-level interventions. In the face of slow
vaccination roll-out in many developing countries [6],
threats from new variants [7], and the urgent need to
safely reopen schools and other social institutions [8,
9], findings from our analyses will not only advance
our understanding of social determinants of COVID-
19 transmission but also help the design of mitigation
policies and reopening plans in countries around the
globe.

Background
Transmission Heterogeneities of COVID-19

The transmission of infectious diseases, like COVID-
19, is based on person-to-person contagion. Thus,
people with more social contacts, once infected by
the virus, are also more likely to transmit it to others.
Social network research suggests that network size
and structure vary with sociodemographic factors,
like age [10, 11], gender [12, 13], and socioeconomic
status [11, 14]. While the direction and magnitude of
these cross-group differences are modified by how

social networks are conceptualized and measured
[15], this literature indicates that certain sociodemo-
graphic characteristics may facilitate the spread of
germs by exposing the host to more social contacts.
Therefore, in this study on COVID-19 transmission,
we expect the patients’ age, gender, and socioeco-
nomic status to have an impact on their numbers of
close contacts and secondary infections.

In addition to network size, the duration and close-
ness of social interactions may also vary by sociode-
mographic factors. Children, for example, tend to
have prolonged exposure to each other when attend-
ing school in person. While in-person schooling plays
an essential role in children’s welfare and education,
without adequate mitigation policies, it would lead
to rapid transmission within schools and their sur-
rounding communities [8, 16, 17]. Similarly, females
typically have more contact with relatives than males
[11, 18]. Compared to social interactions in the work-
place, these kinship-based interactions tend to be
closer and consequently pose higher transmission
risks [4]. Socioeconomic status can also affect the
dynamics of social interactions through conditions of
employment and housing. People working or living in
overcrowded settings may not be able to comply with
social distancing and other public health guidelines
[1]. Therefore, patients’ age, gender, and socioeco-
nomic status are also expected to be associated with
the risk of causing secondary infections among their
social contacts.

Fully evaluating transmission heterogeneities by
sociodemographic characteristics would help the
design of targeted and cost-effective interventions.
However, the collection of high-quality contact-
tracing data is costly and faces concerns over data
protection and privacy. During the first wave of the
pandemic, the capacities of testing and contact tracing
were still limited, leaving public health authorities
with no choice but to prioritize testing to symptomatic
individuals. The ramping up of testing capacities
and use of digital technologies, like smartphone
applications, in contact tracing can partially address
this data limitation. Compared to traditional manual
contact tracing, digital tracing is faster and provides
a more complete picture [19, 20]. However, it may
also infringe on privacy [21]. Therefore, the uptake of
government-implemented contact tracing applications
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tends to be low and varies from country to country
[22,23].

Impacts of Non-pharmaceutical Interventions.

Because COVID-19 can be transmitted by asymp-
tomatic/pre-symptomatic carriers, epidemic control
is unrealistic if case isolation and quarantine of close
contacts are the only measures in place [4]. Population-
level interventions (e.g., lockdown) have been shown
to be effective mitigation strategies [24-26], but they
also come with high costs on economic activities [27],
employment [28], and mental health [29-31]. These
economic and social costs can be lowered with timely
small-scale interventions targeted towards places with
the highest risk of transmission. Mathematical mod-
eling and empirical research on aggregated data have
supported the effectiveness of these measures [32, 33],
but to fully understand how they change the dynamics
of COVID-19 transmission, we need more evidence
from high-quality contact tracing data.

In China, starting from late February 2020, a
three-level prevention and control plan was rolled
out in provinces where the initial lockdown policies
were lifted [34]. This plan requires local governments
to dynamically assess the risk of COVID-19 in each
county-level jurisdiction (hereafter county) according
to two criteria: cumulative cases in the past 14 days
and whether cluster cases exist. Counties, or some-
times neighborhoods, are classified as either low-
risk, medium-risk, or high-risk. Once the risk level
changes from low to medium, the local government
would put locations associated with cases under lock-
down, activate enhanced surveillance, and conduct
disinfection. In high-risk areas, the following poli-
cies would be adopted: expanded lockdown, universal
screening of symptoms, restrictions on social gather-
ings, business and school closure, and the activation
of the public health emergency management system.
Compared to larger-scale lockdowns or restrictions,
these interventions at the county/neighborhood level
have smaller impacts on economic and social well-
being. In this study, we evaluate the effectiveness of
these measures using individual-level contact tracing
data. Findings from this part of our analysis will be
informative for places facing emerging outbreaks of
COVID-19 or other infectious diseases.
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The Shijiazhuang Outbreak

Shijiazhuang is the capital city of Hebei Province in
northern China. It administers 22 counties with a total
population of about 11 million. After the first wave of
the pandemic in early 2020, the city reported no case
for months. However, on January 2", 2021, locally
infected cases re-emerged, and an outbreak ensued.
During the outbreak, two counties, Gaocheng and
Xinle, were classified as high-risk areas, and a few
neighborhoods in other counties were classified as
medium-risk areas. Early interventions resulting from
the designation of medium/high-risk areas effectively
cleared local transmission in mid-February. In total,
there were 1,033 infected residents reported in the
city from January 2™ to February 14%.

The Shijiazhuang outbreak provides high-quality
data for research on transmission heterogeneities and
policy impacts because of two measures taken by the
local government and public health authority. First,
the city did three rounds of free COVID-19 testing
for all its residents, each covering more than 10.25
million people [35, 36, 37]. Namely, these testing
efforts have reached almost the entire 11 million
population three times. In addition to these large-
scale testing campaigns, all close contacts of positive
cases are tested three times on the 1%, 2", and 14™
days after they were identified as a contact. Therefore,
epidemiological data collected during this outbreak
would be able to include asymptomatic cases that
could not be found otherwise. The second measure that
facilitates the collection of epidemiological data is the
use of geolocation data from mobile phones in contact
tracing. China authorized public health departments
to use big data in COVID-19 prevention and control
in early 2020 [38]. During the Shijiazhuang outbreak,
geolocation data from telecommunication providers
were used to identify people who might have been
exposed to positive cases. Trained epidemiological
investigators would then reach out to these people
and evaluate whether they should be treated as close
contacts according to the guidelines issued by the
National Health Commission [34]. This centralized
approach of digital tracing does not require individuals
to download and use any application on their phones.
Therefore, it can provide a more complete picture than
software-based tracing techniques.
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Data and Methods

We use de-identified patient profiles and contact
tracing data from the Shijiazhuang Center for
Disease Prevention and Control. The patient profiles
include basic sociodemographic information, date
of symptom onset, and date of COVID-19 diagnosis
with the polymerase chain reaction test. The contact
tracing data include all close contacts for each case.
For close contacts who also tested positive, their
ID in the patient profile data is also available. The
universal testing and extensive contact-tracing efforts
provide high-quality data that are rarely available in
other places. Our analysis includes 1,028 (99.52%) of
the 1,033 locally transmitted cases. only 5 cases are
dropped because of missing information.

Four outcomes are evaluated in our study: (1) the
count of close contacts, including all people who
had unprotected contact with the case within four
days prior to symptom onset or positive COVID-
19 test, whichever earlier; (2) secondary infections,
namely all close contacts who also tested positive for
COVID-19'; (3) secondary infections residing in the
same neighborhood as the case, and; (4) secondary
infections in other neighborhoods.

Sociodemographic characteristics evaluated in our
analysis include gender (male versus female), age
(0-17, 1849, 50-64, and 65 and over), and occupa-
tion (peasants, other manual jobs, non-manual jobs,
and not employed).? Mitigation policies are measured
with the risk level of each case’s residence at the time
of COVID-19 diagnosis. Because only 43 cases were
from medium-risk areas, we combine low and medium
risks as the reference group. Also, considering that
the contact tracing data cover all contacts within four
days prior to symptom onset or diagnosis, we expect
interventions to reduce transmission risks after 4 days.
Thus, we treat 0—4 days into high-risk and more than

! In this study, we assume each index case is the source and
his or her identified contacts who turned positive are second-
ary infections. However, due to the potentially long incubation
period of COVID-19, it could be the other way around. We
thank an anonymous reviewer for pointing out this possibility.

2 Peasants include self-employed small farmers and agricul-
tural laborers. Other manual jobs include skilled and unskilled
manual occupations that are non-agricultural. Non-manual jobs
include all clerical, professional, and managerial occupations.
Not employed includes unemployed working-age adults as well
as children and retired elders.

4 days into high-risk as different categories. In the
analysis, we also control for the county of residence
(Gaocheng and Xinle, both are high-risk areas, or oth-
ers) and whether the case was symptomatic, ranging
from coughing to having pneumonia or more severe
symptoms, when tested positive [34].

Because all four outcomes are count variables, we
use negative binomial regression models in our analy-
sis. Also, in this study, we focus on the net effect of
each explanatory variable adjusted for other covari-
ates. Therefore, we estimate coefficients for all explan-
atory variables in the same model. In addition to anal-
ysis on all cases, as a sensitivity test, we replicate all
models with cases from Gaocheng and Xinle, the two
counties that had been classified as high-risk during
the outbreak. By restricting our analysis to these two
counties and controlling for county fixed effects, we
are essentially comparing cases who tested positive
after the transition into high risk with their counter-
parts from the same county but before the transition.
In this way, we further purge out confounding effects
of time-constant county-specific characteristics and
thus strengthen the validity of estimated policy effects.

Results

Descriptive statistics of the Shijiazhuang cases are shown
in Table 1. On average, each case has 23.0 close con-
tacts and 1.3 secondary infections. Compared to find-
ings from other parts of China [4, 5], the Shijiazhuang
cases have reported more close contacts. In terms of
sociodemographic background, the Shijiazhuang cases
are mainly females (58.9%), working-age adults (39.8%),
and peasants (61.1%). About three-quarters of them are
from high-risk areas. Most cases are from Gaocheng
county (83.1%). Also, more than a third of the cases were
asymptomatic/pre-symptomatic, showing the strengths
of universal testing in identifying these cases.

Figure 1 and Table S1 show the distribution of close
contacts and secondary infections that each case has by
gender, age, occupation, and risk level. Consistent with
previous research [4], we observe an overdispersion
in these distributions. While most cases have no more
than five close contacts and less than two secondary
infections, there are 45 cases (4.5%) linked with more
than 100 contacts and 3 cases (0.3%) associated with
more than 10 secondary infections. This overdispersion
is consistent across all sociodemographic groups and
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Table 1 Descriptive profile of COVID-19 cases in Shiji-
azhuang, China, January—February 2021

N Mean/% SD  IQR

Close contacts 1028 23 672 (2,14)
Secondary infections 1028 1.3 1.8 (0,2
Gender

Female 605 58.9

Male 423 41.2
Age

0—17 209 20.3

18—49 409 39.8

50—64 249 24.2

65+ 161 15.7
Occupation

Peasant 628 61.1

Other manual 73 7.1

Non-manual 54 53

Not employed 273 26.6
Risk level when tested positive

Low/medium 267 26

High, 04 days 277 27

High, >4 days 484 47.1
County

Gaocheng 854 83.1

Xinle 71 6.9

Other 103 10
Symptomatic when tested positive

Asymptomatic/ 368 35.8

pre-symptomatic
Symptomatic 660 64.2

Standard deviation and inter-quartile range are presented for
continuous variables only

risk levels, but there are also noticeable differences
across groups. Females tend to have more close
contacts than males, but the distribution of secondary
infections does not change much with gender (Fig. 1A).
In terms of age (Fig. 1B), cases aged 65 or older appear
to have fewer close contacts and secondary infections
compared to younger adults (18-64). Children, though
with fewer close contacts than adults, are leading
to more secondary infections. Additional analysis
indicates that 32.1% of children’s secondary infections
are also under age 18 and the rest 67.9% are adults.
Occupation also appears to affect the transmission
risks (Fig. 1C). Non-manual jobs tend to increase the
number of close contacts, but not secondary infections,
indicating that most of their contacts might have very
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brief exposures or adopted social distancing during the
interactions. Importantly, the descriptive results show
that intervention policies have an appreciable impact
on containing transmission (Fig. 1D). Cases from high-
risk areas have fewer close contacts and secondary
infections than those from low/medium-risk areas.

Incident rate ratios (IRR) from negative binomial
models are shown in Tables 2 and 3. According to
Models 1 and 2 in Table 2, there are no gender differ-
ences in transmission risks, but age is associated with
both close contacts and secondary infections. Cases
aged 65 or older have 33% fewer close contacts and
27% fewer secondary infections than those aged 18-49.
Occupation is also correlated with the number of close
contacts. Compared to peasants, working on other
manual jobs reduces the number of close contacts by
48% while having a non-manual job leads to 87% more
contacts. However, these differences in the number of
close contacts are not causing significant differences in
secondary infections. Results from negative binomial
models also confirm the effectiveness of interventions
in high-risk areas. Within the first four days of imple-
mentation, these measures reduce the number of close
contacts associated with an average case by 41% and
secondary infections by 39%. After four days into high-
risk, the numbers of close contacts and secondary infec-
tions per case are further reduced to 25% and 51% of
their respective levels in low/medium-risk areas.

In model 3, we add the logged number of close
contacts as an offset on the basis of model 2 to esti-
mate the rate of close contacts that turn into secondary
infections. This specification adjusts for the popula-
tion at risk, allowing us to interpret the outcome as a
rate [39]. Estimating the rate requires at least one close
contact. Thus, fifty-four cases with no close contact
are dropped in this model. The results show that cases’
gender and occupation are not significantly correlated
with the infection rate among their close contacts, but
age makes a remarkable difference. The close con-
tacts of children (ages 0-17) are 81% more likely to
be infected than the contacts of adults aged 18-49. As
for the effects of interventions in high-risk areas, the
measures do not have an immediate impact on the rate
of close contacts getting infected. However, after four
days into high-risk, the rate increases to 155% of the
level in low/medium-risk areas. This increase in the
infection rate among close contacts is essentially con-
sistent with results from Models 1 and 2. Although the
number of close contacts (Model 1) gets reduced by
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A. Gender B. Age

65 +

Male
Male
|
65 +

50 - 64

e

%_ﬁ
i+

50 - 64

TYTYT

18 - 49

0-17

Female
¢
Female
|
-17

T T T T T

T T T T T T
0 500 1000 0 5 10 15 0 500 1000 5 10 15
Close contacts Secondary infections Close contacts Secondary infections

o

C. Occupation D. Risk level

|
High, >4days
High, >4days

Other manual Non-manual Not employed
Other manual Non-manual Not employed

Low/medium High, 0-4 days
|
Low/medium High, 0-4 days i
\

Peasant
Peasant

T T T T T T T T
500 1000 0 5 10 15 0 500 1000 0 5 10 15
Close contacts Secondary infections Close contacts Secondary infections

jL
%,__ _
%.
?_

Fig. 1 Violin plots representing the distribution of close contacts and secondary infections by gender, age, occupation, and risk level
of COVID-19 cases in Shijiazhuang, China, January—February 2021
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Table 2 Negat.ive binomial Model 1 Model 2 Model 3
models predicting close Close contacts Secondary infections Infection rate
contacts and secondary IRR (95% CI) IRR (95% CI) IRR (95% CI)
infections of COVID-19
cases in Shijiazhuang, Male 091 0.87 0.99
gg;lla, January—February [0.76,1.10] [0.74,1.03] [0.80,1.22]
Age (ref.=18-49)
0—17 0.82 1.42 1.81°%
[0.55,1.23] [0.99,2.05] [1.13,2.90]
50—64 0.99 0.80 1.05
[0.77,1.28] [0.64,1.00] [0.79,1.40]
65+ 0.67%* 0.73%* 1.26
[0.50,0.88] [0.56,0.95] [0.90,1.76]
Occupation (ref. =peasant)
Other manual 0.52%*% 1.13 1.17
[0.36,0.76] [0.81,1.57] [0.78,1.77]
Non-manual 1.87%* 1.03 0.69
[1.22,2.88] [0.70,1.53] [0.41,1.16]
Not employed 0.78 1.03 1.01
[0.53,1.15] [0.73,1.46] [0.64,1.59]
Risk level (ref. =low/medium)
High, 04 days 0.59%*%* 0.71%* 1.09
[0.44,0.79] [0.54,0.95] [0.75,1.58]
High, >4 days 0.25%%%* 0.5 %% 1.55%
[0.18,0.34] [0.37,0.68] [1.04,2.30]
County (ref. = Gaocheng)
Xinle 0.37%%:* 0.95 1.85%
[0.25,0.55] [0.66,1.37] [1.13,3.03]
Other 0.98 0.77 0.76
[0.66,1.46] [0.53,1.11] [0.47,1.23]
Symptomatic 1.16 1.40%%* 1.51%%*
[0.92,1.46] [1.15,1.69] [1.19,1.93]
In(close contacts) 1
Constant 50.79%:%* 1.70%%* 0.09%3#*
[37.12,69.50] [1.29,2.25] [0.06,0.13]
alpha 1.91 0.90 1.40
[1.76,2.06] [0.74,1.09] [1.21,1.61]
N 1028 1028 974

@ Springer

Model 1 estimates effects of sociodemographic and policy factors on the count of close contacts
with no offset variable

Model 2 estimates effects of sociodemographic and policy factors on the count of secondary
infections with no offset variable

Model 3 estimates effects of sociodemographic and policy factors on the count of secondary
infections with the number of close contacts as the offset variable. Therefore, the outcome should
be interpreted as infection rates

* p<0.05, ** p<0.01, *** p <0.001, two-tailed tests
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75% after four days into high-risk, the corresponding
reduction in secondary infections (Model 2) is much

smaller (49%).

In Table 3, we estimate separate models for second-
ary infections from the same neighborhood as the case

Table 3 Negative
binomial models predicting
secondary infections in

the same neighborhood
and other neighborhoods
of COVID-19 cases in
Shijiazhuang, China,
January—February 2021

(Model 4) and those from other neighborhoods (Model
5). The results suggest that sociodemographic factors
only affect transmission risks within neighborhoods.
Children are associated with 64% more secondary infec-
tions in their neighborhoods than adults aged 18-49.

Model 4 Model 5
Secondary infections, same Secondary infections,
neighborhood other neighborhoods
IRR (95% CI) IRR (95% CI)
Male 0.89 0.82
[0.74,1.07] [0.57,1.17]
Age (ref.=18-49)
0—17 1.64* 1.22
[1.09,2.47] [0.57,2.65]
50—64 0.87 0.66
[0.68,1.11] [0.40,1.08]
65+ 0.77 0.61
[0.58,1.03] [0.35,1.07]
Occupation (ref. = peasant)
Other manual 1.23 0.86
[0.86,1.76] [0.42,1.78]
Non-manual 0.60* 1.77
[0.37,0.98] [0.83,3.81]
Not employed 0.93 1.14
[0.62,1.38] [0.56,2.34]
Risk level (ref. =low/medium)
High, 04 days 0.80 0.56*
[0.58,1.10] [0.32,0.98]
High, >4 days 0.69* 0.227%%%*
[0.49,0.96] [0.12,0.40]
County (ref. = Gaocheng)
Xinle 0.86 1.11
[0.57,1.31] [0.54,2.27]
Other 0.67 0.86
[0.44,1.02] [0.41,1.79]
Symptomatic 1.41%* 1.39
[1.13,1.75] [0.93,2.08]
Constant 1.03 0.70
[0.75,1.41] [0.39,1.23]
alpha 0.98 4.30
[0.78,1.23] [3.31,5.58]
N 1028 1028

Model 4 estimates effects of sociodemographic and policy factors on the count of secondary
infections from the same neighborhood with no offset variable

Model 5 estimates effects of sociodemographic and policy factors on the count of secondary
infections from other neighborhoods with no offset variable

* p<0.05, ** p<0.01, *** p <0.001, two-tailed tests
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Also, non-manual workers, compared to peasants, have
40% fewer secondary cases from the same neighborhood,
probably because interactions among neighbors are more
frequent in rural areas than in urban areas. The impact of
county-wide interventions, in contrast, appears to increase
with spatial and social distance. For within-neighborhood
infections, interventions in high-risk areas have no sig-
nificant impact in the first four days. However, after this
initial period of time, the transmission is reduced by 31%.
For transmission across neighborhoods, the measures lead
to a significant 44% drop in secondary cases right after
the designation of high-risk areas. After the first four days,
the effect size further increases to a reduction of 78%.
Tables S2 and S3 show results from our sensitiv-
ity tests based on cases from Gaocheng and Xinle only.
According to the tables, only one of the 10 policy coeffi-
cients shows a change in statistical significance. In Model
5, where we estimate the impacts on secondary infections
from other neighborhoods, the coefficient of 0—4 days
into high-risk is significant with all cases (Table 3), but
no longer significant after we restrict the analysis to
Gaocheng and Xinle. Despite this change in statistical
significance, the difference in IRR is negligible (0.57 ver-
sus 0.56), confirming the pattern we found with all cases.

Conclusions and Discussion

By analyzing high-quality contact tracing data, this
study highlights two important findings. First, the
numbers of close contacts and secondary infections
vary with sociodemographic characteristics. Compared
to cases with non-manual jobs, peasants and urban
manual workers tend to have fewer close contacts, but
they are causing more secondary infections within
their neighborhoods. Cases aged 65 or older have fewer
close contacts and secondary infections compared to
their working-age counterparts. Children, in contrast,
are associated with an increased infection rate among
their close contacts and a large number of secondary
infections in their neighborhoods. The high infection
rates among contacts of children might be due to two
reasons. First, children are probably not as precautious
as adults and may not take enough protective behaviors
(e.g., proper mask-wearing, handwashing, or social
distancing) when interacting with other people.
Second, our additional analysis indicates that the
majority of people infected by children are adults,
suggesting that these secondary cases are likely to
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be their parents or other household members. These
contacts tend to have prolonged and frequent exposure
to the case, which can increase the risk of infection.
Future research with more detailed case—contact
relationship data is needed as ascertaining children’s
role in the spread of COVID-109 is critical to the design
of mitigation policies and reopening plans.

Second, the three-level prevention and control plan in
China appears to be effective at containing the spread of
COVID-19. Especially, we find that county-wide inter-
ventions adopted in high-risk areas, a combination of
expanded lockdown, universal screening of symptoms,
restriction on gatherings, and business and school clo-
sure, can drastically reduce infections by lowering the
number of close contacts associated with each case.
Also, these measures have a greater impact on transmis-
sion across neighborhoods than that within the same
neighborhood. These results suggest that social interac-
tions in high-risk areas are likely to be restricted to those
with high frequency and closeness (e.g., among family/
household members3), who also bear increased risks of
infection if one of the participants carries the virus.

Because of limited information collected and reported
in the patient profiles and contact tracing data, our results
may have been confounded by several unobservable
or unmeasured factors, like income or household size.
Also, regarding the effects of county-wide interventions,
although only two counties were classified as high-risk
during the outbreak, other counties also implemented
mobility restrictions for short periods of time. These
spontaneous reactions might have lowered infections in
low/medium-risk areas and led to an underestimation
of the reduction in transmission risks seen in high-risk
areas. However, sensitivity tests indicate that the policy
effects do not change much after we restrict the analysis
to counties that actually experienced the policy transition.

The generalizability of our findings is restricted by
some conditions specific to the Shijiazhuang outbreak.
First, the city had been reporting zero cases until
local infections reappeared in January 2021. Thus,
the local residents probably did not take adequate
protective measures before they noticed the outbreak.
This lack of precaution might have facilitated the
spread of the virus and resulted in an increased

3 Because the patient profiles do not have detailed address
information for rural cases, which account for more than 60%
of cases covered in our analysis, we are not able to evaluate
within-household transmission in this study.
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number of secondary infections. Second, the initial
local transmissions in Shijiazhuang are thought to be
associated with village wedding parties [40]. These
events exposed their attendees, mainly peasants, to
more social contacts than they usually have and might
have an impact on our estimation of transmission
heterogeneities across occupational groups. Third, by
the time of the outbreak, vaccines were only available
to health care workers and other occupational groups
with high infection risks [41]. Therefore, only a
few cases covered in our analysis were eligible for
inoculation. Considering that vaccines can reduce
the viral shedding of COVID-19 cases, we expect
transmission rates to lower with the rollout of
vaccination campaigns. While we are not able to
take into account vaccination in this study, given the
stark disparity gap between vaccination programs
in different countries, our findings are still relevant
for places with low vaccination rates, including most
countries in Africa and some Eurasian countries [42].
Last, a large proportion of cases in the Shijiazhuang
outbreak are from rural areas, so our findings may not
be generalizable to countries with a small agricultural
industry. Nevertheless, given that about 45% of the
world population still resides in rural areas [43], our
findings may inform epidemiological interventions
with considerable returns in population health.

Despite these limitations, this study sheds new light
on the prevention and control of COVID-19 as well as
other infectious diseases. Our analysis indicates that
timely non-pharmaceutical interventions, including
restrictions on gatherings and school closure, can
effectively contain further infections via contact
reduction. Especially, when implemented in small areas
with the highest caseload, these measures can drastically
reduce infections with relatively small economic and
social costs. Also, the sociodemographic heterogeneities
in transmission risks revealed in this study can guide the
epidemic control and reopening plans. Our data show
that peasants and manual workers have more within-
neighborhood secondary infections than those with non-
manual jobs, suggesting that small-scale interventions
would be more effective in less developed areas with
larger rural populations. As for age, we find that the close
contacts of children have a higher infection rate than
contacts of adults. This finding echoes concerns about
reopening schools recently expressed by epidemiologists
[44]. While children have a low probability of having

severe symptoms after being infected by COVID-19,
they can seed the spread in the larger society by infecting
their household members and other adults living in
their neighborhoods. These adults can then transmit the
disease to their own social contacts. As children return
to in-person classes, countries, including China and the
United States, reported spikes in children’s cases and
outbreaks in schools [45, 46]. Future studies on how to
control within-school infections are therefore urgently
needed.
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