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ABSTRACT
Introduction  To characterise age-mixing patterns 
among index cases and contacts of COVID-19, and 
explore when patients are most infectious during the 
disease process.
Methods  This study examined all initial 90 885 confirmed 
index cases in Shanghai and their 450 770 close contacts. 
A generalised additive mixed model was used to analyse 
the associations of the number of close contacts with 
different demographic and clinical characteristics. The 
effect of different exposure time windows on the infection 
of close contacts was evaluated using a modified mixed-
effects Poisson regression.
Results  Analysis of contacts indicated that 82 467 
(18.29%; 95% CI 18.17%, 18.42%) were second-
generation cases. Our result indicated the q-index was 
0.300 (95% CI 0.298, 0.302) for overall contact matrix, 
and that assortativity was greatest for students (q-
index=0.377; 95% CI 0.357, 0.396) and weakest for 
people working age not in the labour force (q-index=0.246; 
95% CI 0.240, 0.252). The number of contacts was 4.96 
individuals per index case (95% CI 4.86, 5.06). Contacts 
had a higher risk if they were exposed from 1 day before 
to 3 days after the onset of symptoms in the index 
patient, with a maximum at day 0 (adjusted relative risk 
(aRR)=1.52; 95% CI 1.30, 1.76). Contacts exposed from 3 
days before to 3 days after an asymptomatic index case 
had a positive reverse transcriptase-PCR (RT-PCR) result 
had a higher risk, with a maximum on day 0 (aRR=1.48; 
95% CI 1.37, 1.59).
Conclusions  The greatest assortativity was for students 
and weakest for people working age not in the labour force. 
Contact in the household was a significant contributor to the 
infection of close contacts. Contact tracing should focus on 
individuals who had contact soon before or soon after the 
onset of symptoms (or positive RT-PCR test) in the index 
case.

INTRODUCTION
The COVID-19 pandemic is a global outbreak 
of coronavirus and characterised by a high 
rate of transmission, with a high risk of expo-
sure to and transmission of COVID-19 in 
indoor congregate settings,1 2 high transmis-
sion mostly among close contacts and spread 

WHAT IS ALREADY KNOWN ON THIS TOPIC
	⇒ Transmission of respiratory pathogens such as 
COVID-19 depends on patterns of contact and 
mixing across populations, and these patterns are 
crucial to predict pathogen spread and the effective-
ness of control efforts.

	⇒ Although SARS-CoV-2 can be detected one to 3 days 
before symptoms begin, detection of the virus does 
not necessarily mean that a person is infectious and 
able to spread the virus to others.

WHAT THIS STUDY ADDS
	⇒ Contact patterns between index patients and their 
close contacts were similar to previous human so-
cial contact pattern.

	⇒ Contact in the household increased the risk of infec-
tion of a close contact.

	⇒ Individuals with COVID-19 were most infectious on 
day of the onset of symptoms (or positive reverse 
transcriptase-PCR (RT-PCR) test).

HOW THIS STUDY MIGHT AFFECT RESEARCH, 
PRACTICE OR POLICY

	⇒ Tracing of all possible index cases and close contacts 
is impossible due to limited available resources.

	⇒ It suggested that surveillance should focus on in-
dividuals who had contact before or soon after the 
onset of symptoms (or positive RT-PCR test) in the 
index case, especially the symptomatic index case.
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based on social contacts,3 and social mixing patterns 
of host populations.4 In late February 2022, Shanghai 
started a new wave of local Omicron epidemic. From that 
day on, altogether, Shanghai adopted a series of non-
pharmaceutical interventions5 to contain the spread of 
the SARS-CoV-2 virus. Contact tracing was a key part of 
the overall strategy of preventing transmission from indi-
viduals who are likely to be infectious.6 In China, a close 
contact refers to a person who has effective contact with 
a suspected or confirmed case, typically by inhalation of 
infectious secretions from coughing, sneezing, laughing, 
singing, or talking, or by touching contaminated body 
parts or surfaces followed by ingestion of the pathogen.7 8

To understand the spread of infectious diseases, many 
previous studies focused on age-mixing patterns and 
measured the characteristics of general population and 
their contacts in different age groups.9–11 However, there 
were few studies to report the contact patterns for index 
cases and close contacts. Data on the interactions of index 
cases and close contacts can provide early signals related 
to the identification of close contacts; supply important 
information regarding the number of close contacts 
among age cohorts for epidemiological modelling12; and 
increase awareness of the epidemic so that effective inter-
vention measures can be developed and implemented.13

Additionally, there is limited data on how long Omicron 
infections last and the time when an infected individual is 
most infectious in comparison to other variants. A previous 
study suggested that in people who develop symptoms, the 
majority are not infectious before symptoms develop, but 
two-thirds of cases are still infectious 5 days after their symp-
toms begin,14 but this study examined a small sample and 
had low statistical power. From the inferred distribution 
of the infectiousness profile, a study in Hong Kong esti-
mated that the infectiousness peaked at 1 before the day of 
symptom onset.15 Another study found that close contacts 
had the highest risk of infection if they were exposed from 
2 days before to 3 days after the onset of symptoms in the 
index patient, with a peak at day 0.16 Thus, additional epide-
miological data are needed to understand the relationship 
of SARS-CoV-2 transmissibility with the timing of symptoms 
and diagnosis.

The aim of this study was to use data on index cases and 
contact tracing to quantify the contact patterns of index 
cases and contacts, and to investigate the association of 
the time of exposure with the development of disease in 
close contacts of index patients.

MATERIALS AND METHODS
Data sources and study design
Data on contact details for this study were sourced from 
the provincial Center for Disease Control and Preven-
tion (CDC) in Shanghai, China, identifying patients 
newly diagnosed with COVID-19 and their close contacts 
between 1 March and 31 May 2022. Close contacts 
were quarantined for at least 14 days and received clin-
ical examinations, including at least four times reverse 

transcriptase-PCR (RT-PCR) test during centralised quar-
antine period: on days 1, 4, 7 and 14.

This study was divided into two sections. The first 
section was an analysis of contact patterns. In this section, 
data were from 90 885 confirmed index cases in Shanghai 
and their 450 770 close contacts. The second section was 
an analysis of transmission risk at different exposure time 
windows. In this section, 409 close contacts were first 
excluded because of errors in the date of the onset or end 
of contact. An additional 36 110 contacts were excluded 
because their exposure times were not between 14 days 
before and 14 days after the positive RT-PCR result of the 
index patient. A previous systematic review reported the 
pooled incubation time of the Omicron variant was 3.42 
days (95% CI 2.88, 3.96), slightly less than that of the 
Alpha variant.17 Therefore, some contacts whose expo-
sures occurred too early before or too late after the onset 
of symptoms (or positive RT-PCR result for the asymp-
tomatic) in the symptomatic patient were also excluded. 
The final analytic sample consisted of 396 482 close 
contacts (figure 1).

Identification of cases and contact tracing
An index patient was defined as the first eligible patient 
with a diagnosis of COVID-19 who had one or more 
contacts, with confirmation by RT-PCR. The clinical 
severity of disease in each patient was defined as asymp-
tomatic, mild, moderate, severe or critically ill.16 An 
asymptomatic infection is defined as a PCR-confirmed 
individual who entry into hospital or quarantine (i) 
does not meet any of the following clinical criteria: 
fever, cough, sore throat, and other self-perceived and 
clinical-identifiable symptoms or signs; and (ii) has no 
radiographic evidence of pneumonia.18 When a patient 
had a laboratory-confirmed infection, a thorough epide-
miological investigation was administered to the index 
patient and contacts, and all demographic and clinical 
data (sex, age, occupation, residence, clinical severity, 
etc) and exposure-related characteristics were recorded 
by the Shanghai CDC. Health officials defined a close 
contact as an individual who was not wearing personal 
protection equipment and had contact with a suspected 
or confirmed case within 4 days before symptom onset 
or a positive RT-PCR result. To further prevent transmis-
sion, the window of investigation could be extended to 7 
days before the date of symptom onset or the first positive 
RT-PCR result of an asymptomatic infected person to the 
day of entry into quarantine, especially for index cases 
who were from densely populated environments, such as 
factories, construction sites and farmers’ markets.

Different exposure time windows
The exposure window was defined as the time between 
the first and last day of reported exposure to the index 
case, based on contact investigation.19 According to the 
time from symptoms onset (or positive RT-PCR result for 
the asymptomatic) to exposure by the first day, contacts 
of index cases were classified into the following timing 
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groups: more than 4 days before (−4+); 4 days before 
(−4); 3 days before (−3); 2 days before (−2); 1 day before 
(−1); 0 days before (0); 1 day after (1); 2 days after (2); 
and three or more days after (3+). Contacts of sympto-
matic cases were also divided into groups based on the 
interval from the onset of symptoms in the index case to 
diagnosis: day 0; day 1; day 2; day 3; and day 4 or more. 
Contacts of asymptomatic cases were grouped according 
to the time from a positive RT-PCR result to exposure 
and from a positive RT-PCR result to diagnosis, as indi-
cators of different exposure time windows. Cumulative 
exposure duration was defined as the total number of 
days that a contact had exposure, from 4 days before to 4 
days after the day of symptoms onset (or positive RT-PCR 
result for the asymptomatic) in the index patient.

Data processing and statistical analysis
Different age classes were used to develop age-specific 
contact matrices,11 with stratification by occupation and 
confirmed disease duration of index cases, to estimate 
the number of age-specific close contacts per index case. 
The q-index, which represents departure from propor-
tionate mixing and ranges from 0 (proportionate) to 1 
(fully assortative), and the bootstrapped 95% CIs were 
used to assess the degree of age assortativity.20

A generalised additive mixed model (GAMM21 with a 
negative binomial distribution was used to analyse the 
association of the number of close contacts with demo-
graphic and clinical parameters. A χ2 test was used 
to compare the distribution of the clinical severity of 
index cases and secondary cases, and the duration from 
symptom onset to a positive RT-PCR result. The interval 

between a positive RT-PCR result and diagnosis was exam-
ined using a two-sample t-test.

The attack rate (AR) was defined as the total number 
of new cases diagnosed among contacts of index patients 
divided by the total number of exposed contacts.22 The AR 
was estimated for all contacts, and then separately for each 
exposure-related characteristic. A modified mixed-effects 
Poisson regression with a robust error variance was used to 
analyse infection risk for categorical covariates and different 
exposure time windows. This model has a logarithmic link 
function that considers clustering of contacts and allows for 
direct estimation of relative risk in observational studies.16 
Univariate regression was used to analyse factors related to 
infection of contacts. Then, the significant independent 
variables in the univariate analysis (age, sex, confirmed time 
window and occupation of index cases, household contact) 
were included in a multivariable regression model. P values 
and 95% CIs were used to assess statistical significance in all 
models. All statistical analyses were performed using R.4.1.1 
software.23 A two-sided p value less than 0.05 was considered 
significant.

Patient and public involvement
Neither the patients nor the public were involved in the 
conceptualisation, design, conduct, reporting or dissem-
ination of this study as it was a large retrospective study 
of 450 770 close contacts. Data analysis and article writing 
in our study was designed to be fully anonymous and 
no private information (eg, name of participant) was 
recorded.

Figure 1  Disposition and inclusion of COVID-19 index patients and close contacts. The number of exposure events is not the 
same as the number of close contacts because of missing data in some close contacts (date of onset or end of exposure date) 
or index patients (symptom onset date and diagnosis date). RT-PCR, reverse transcriptase-PCR.
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RESULTS
Demographic characteristics of index cases, close contacts 
and secondary cases
The index patients consisted of 44 384 women (48.84%) 
and 46 501 men (51.16%) and the median age was 46.00 
years (IQR: 32.00, 59.00 years), compared with 40.81 
years (IQR: 28.70, 54.59) among the close contacts 
(online supplemental table S1). Among the 450 770 
close contacts, 82 467 (18.29%, 95% CI 18.17%, 18.42%) 
received diagnoses of COVID-19. The mean interval 
from symptom (online supplemental table S2) onset 
to a positive RT-PCR result was 1.30 days (95% CI 1.26, 

1.34) in index cases and 1.50 days (95% CI 1.46, 1.53) 
in secondary cases (p<0.001). Analysis of the duration 
between a positive RT-PCR result to diagnosis was 2.30 
days (95% CI 2.29, 2.31) in index cases. The mean 
number of secondary cases per index patient was 0.91 
(IQR: 0.89, 0.92) and the median number was 0.0 (IQR: 
0.00, 1.00).

The mean number of secondary cases remained stable 
during April and May (figure 2), and was approximately 
1 per index case. Analysis of the index cases indicated 
that 26.17% were confirmed on day 2 after symptom 
onset (online supplemental figure S1), but only 1.20% 

Figure 2  Changes in close contacts per index patient (A), secondary infections (B) and secondary attack rate (C). Shaded 
regions: 95% CIs.

https://dx.doi.org/10.1136/bmjph-2023-000154
https://dx.doi.org/10.1136/bmjph-2023-000154
https://dx.doi.org/10.1136/bmjph-2023-000154
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on day 0 or before symptom onset. Most secondary cases 
were diagnosed 2 days (54.16%) or 1 day (23.12%) after 
symptom onset.

Contact patterns of index cases and close contacts
The distribution of the number of close contacts was 
positively skewed (online supplemental figure S2). 
Overall, only 1.01% of index cases had more than 50 
close contacts, and most of index cases reported 1 close 
contact (38.14%) or 2 close contacts (21.00%). More 
than 48% of retired index cases reported 1 close contact, 
but 30.67% of school student index cases reported 1 
close contact (online supplemental figure S2).

Among all 450 770 close contacts, most (50.32%) 
were at home (figure  2), and fewer were at the work-
place (9.65%), farmers’ market (4.17%) and hotels/
restaurants (0.51%). As the contact duration increased, 
the proportion of contacts at home also increased 
(figure 3E). For 81.52% of the index cases with contact 
durations more than 1 day, the close contact was a daily 
contact (figure 3). Among daily contacts, 81.30% were at 
home (figure 3). Individuals who were family members, 
relatives or colleagues were less likely to be contacts 
(figure 3).

Figure 3  Patterns of contact of index patients and close contacts according to setting, frequency, relationship and duration. 
The proportions of contact relationships according to individual contact settings (A), frequencies (B) and durations (C). The 
proportions of contact settings according to contact frequencies (D) and durations (E). (F) Same as (A-E), but the proportions 
represent the contact frequencies according to contact durations. Farmers market is a public and recurring assembly of 
farmers or their representatives selling the food that they produced directly to consumers.

https://dx.doi.org/10.1136/bmjph-2023-000154
https://dx.doi.org/10.1136/bmjph-2023-000154
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Contact matrix and assortativity of index cases and close 
contact
Analysis of the overall assortative mixing for the contact 
matrix indicated the q-index was 0.300 (bootstrapped 
95% CI 0.298, 0.302) (figure  4). The epidemic phase 
with the lowest assortativity was the half-city home quar-
antine phase to the city-wide home quarantine phase 
(q-index=0.246; 95% CI 0.242, 0.250). The occupational 
contact matrix (figure 4B1,B2) showed that the contact 
matrix of index cases who were students had the greatest 
assortativity (q-index=0.377; 95% CI 0.357, 0.396), and 
assortativity was weakest for people working age not in the 

labour force (q-index=0.246; 95% CI 0.240, 0.252). Index 
cases who were preschoolers had fewer contacts with indi-
viduals aged 10–22 years, and more contacts with indi-
viduals who were aged 60 years or more. Students who 
were index cases tended to have contact with same-age 
individuals and those who were aged 30–60 years. Anal-
ysis of employed people (figure 4B3,) indicated a strong 
diagonal signal starting at about age 15–70 years old for 
contacts and index cases.

The pattern of different age groups of index cases 
tending have assortative mixing by age also occurred in 
the contact matrices that were stratified by time window 

Figure 4  Contact matrices for index patients and close contacts according to age. Each cell of a matrix represents the mean 
number of close contacts that an index patient in an age group had with other close contacts of different age groups. Matrices 
are for close contacts overall (A), different epidemic phases (B1–B5), and different occupations (C1–C6). To construct the 
matrix, bootstrap sampling with replacement of index patients was performed with weighting by the age distributions of the 
index patients. Each cell of the matrix represents an average more than 100 bootstrapped results.
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and occupation (online supplemental figures S3-1 and 
S3-2). In particular, male index patients (q-index=0.301; 
95% CI 0.298, 0.303) had more assortativity than female 
index patients (q-index=288; 95% CI 0.285, 0.290) 
(online supplemental figure S4). For contact matrices 
of index cases among registered residents in Shanghai 
or other provinces, the diagonal element was most 
pronounced in those who were aged 15–35 years (online 
supplemental figure S4, B1-B2). The diagonal element 
was evident in the contact matrix that was stratified by 
symptoms (online supplemental figure S4, C1-C2).

Factors associated with the number of close contacts of index 
cases
The GAMM regression mode indicated there were 4.96 
(95% CI 4.86, 5.06) close contact per index case (table 1). 
Relative to male index cases, female index cases had fewer 
close contacts (OR=0.89, 95% CI 0.88, 0.90). There was 
also a nonlinear association between the number of close 
contacts and the age of index cases, with the greatest 
OR in those aged 20–39 years (OR=1.29, 95% CI 1.11, 
1.48) and the smallest OR in those aged more than 60 
years (OR=1.03, 95% CI 0.89, 1.19). The number of close 
contacts of employed index patients (6.35, 95% CI 6.16, 
6.54) was significantly larger than that for student index 
patients (5.18, 95% CI 4.63, 5.72).

Compared with index cases who were residents in 
Shanghai, those with residences in other provinces 
had more contacts (OR=1.18, 95% CI 1.16, 1.20). The 
number of daily reported contacts of per case was slightly 
(although not significantly) greater before onset of the 
public transportation suspension phase, and declined 
significantly and progressively during the next four 
phases of the epidemic (OR=0.39; 95% CI 0.35, 0.44; 
OR=0.23; 95% CI 0.21, 0.26; OR=0.18; 95% CI 0.16, 0.20; 
OR=0.62; 95% CI 0.53, 0.73).

Analysis of categorical covariates and risk for different 
exposure time windows
The AR (table 2) peaked during the half-city home quar-
antine phase to the onset of city-wide home quarantine 
phase, and was lowest in the phase since gradual resump-
tion (20.95%; 95% CI 20.62%, 21.29% vs 3.61%; 95% 
CI 3.09%, 4.19%). The 197 286 close contacts who were 
Shanghai residents had a higher risk for secondary infec-
tion (18.63%; 95% CI 18.46%, 18.80%) than the 25,3075 
close contacts who were residents of other provinces 
(17.87%; 95% CI 17.69%, 18.06%), but this difference 
was not significant in the multivariate analysis (adjusted 
relative risk (aRR)=1.01; p=0.082). The multivariate 
(online supplemental table S3) analysis also indicated 
there were significant effects of age, occupation, status 
as a student and phase of the epidemic (all p<0.001). 
Analysis of contact setting indicated that contact in a 
household (aRR=1.32, 95% CI 1.29, 1.34) significantly 
increased the risk of infection in close contacts.

Our univariate analysis (online supplemental table S4) 
showed that a contact tended to have increased risk of 

infection with increases in the time from symptom onset to 
diagnosis of a symptomatic index case and with increases 
in the time from a positive RT-PCR test to diagnosis of 
an asymptomatic case (online supplemental figures S5 
and S6). A mixed-effects model that adjusted for cate-
gorical covariates showed that contacts had a higher risk 
of COVID-19 if they were exposed from day −1 to day 3 
of the index patient’s symptom onset (figure 5), with a 
maximum at day 0 (aRR: 1.52; 95% CI 1.30, 1.76; AR: 
23.37%; 95% CI 21.24%, 25.66%). The time from onset 
to diagnosis of an index case significantly increased the 
risk of infection risk for close contacts, and contacts had 
the highest risk of COVID-19 if the time from an index 
case’s time from symptom onset to diagnosis was 4 days or 
more (AR: 21.44%; 95% CI 20.81%, 22.10%; crude risk 
ratio (CRR): 1.68; 95% CI 1.40, 2.01; aRR: 1.60; 95% CI 
1.33, 1.91). For asymptomatic index cases, contacts had 
a higher risk of COVID-19 if they were exposed between 
day −3 and day 3 (figure 5) from the index patient’s posi-
tive RT-PCR result, with a maximum at day 0 (aRR: 1.48; 
95% CI 1.37, 1.59; AR: 22.20%; 95% CI 21.04%, 23.40%). 
Asymptomatic index cases tended to have an increased 
risk of infection of close contacts as time from a positive 
RT-PCR result to diagnosis increased; contacts had the 
highest risk of COVID-19 if the time of an index case’s 
positive RT-PCR result to diagnosis was 4 days or more 
(AR: 23.46%; 95% CI 22.87%, 24.06%; CRR: 1.75; 95% CI 
1.63, 1.87; aRR: 1.61; 95% CI 1.50, 1.72). Our results also 
showed that the cumulative duration of exposure signifi-
cantly increased the risk of infection of close contacts 
(figure 5 and online supplemental figure S7). The ARs 
and infection risk of close contacts tended to increase 
as the cumulative exposure duration increased (0 days: 
17.16%; 95% CI 16.17%, 18.20%; 7+ days: 19.98%–95% 
CI 19.45%, 20.53%; CRR: 1.16; 95% CI 1.09, 1.24; aRR: 
1.13; 95% CI 1.06, 1.21).

DISCUSSION
In the present study, analysis of the overall degree of 
assortative mixing in the contact matrix indicated the 
q-index was 0.300 (95% CI 0.298, 0.302) and students 
had the greatest assortativity (q-index=0.377, 95% CI 
0.357, 0.396). Several demographic and clinical factors 
of index cases (gender, age, residence, clinical severity) 
were associated with the number of close contacts. We 
also found that contact in the household increased the 
risk of infection of a close contact. Moreover, our results 
showed that the risk of COVID-19 transmission to a close 
contact was greater if the exposure time was from day 
−1 to day 3 of symptom onset in a symptomatic index 
case, and from day −3 to day 3 in an asymptomatic case 
with a positive RT-PCR result, with maximal risk on day 
0 in both cases. As expected, the infection risk of close 
contacts tended to increase as the duration of cumulative 
exposure increased.

Similar to the findings of Prem et al,24 we found that 
high assortativity of contacts was common in students, 

https://dx.doi.org/10.1136/bmjph-2023-000154
https://dx.doi.org/10.1136/bmjph-2023-000154
https://dx.doi.org/10.1136/bmjph-2023-000154
https://dx.doi.org/10.1136/bmjph-2023-000154
https://dx.doi.org/10.1136/bmjph-2023-000154
https://dx.doi.org/10.1136/bmjph-2023-000154
https://dx.doi.org/10.1136/bmjph-2023-000154
https://dx.doi.org/10.1136/bmjph-2023-000154
https://dx.doi.org/10.1136/bmjph-2023-000154
https://dx.doi.org/10.1136/bmjph-2023-000154
https://dx.doi.org/10.1136/bmjph-2023-000154
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Table 1  Regression coefficients used in the generalised additive model

Characteristics
Number of 
participants n (%)

Close contacts mean 
(95% CI) OR (95% CI) P value

Overall/intercept 90 885 4.96 (4.86, 5.06) 3.18 (2.99, 3.38)*** <0.001

Gender

Male 46 501 (51.2) 5.25 (5.09, 5.41) 1 –

Female 44 384 (48.8) 4.65 (4.52, 4.78) 0.89 (0.88, 0.90)*** <0.001

Age group, years

0–6 1649 (1.8) 4.23 (3.48, 4.98) 1 –

7–19 5215 (5.7) 4.72 (4.32, 5.12) 1.03 (0.9, 1.18) 0.649

20–39 29 298 (32.2) 5.65 (5.47, 5.84) 1.29 (1.11, 1.48)*** <0.001

40–59 32 545 (35.8) 5.32 (5.13, 5.5) 1.26 (1.09, 1.45)** 0.002

≥60 22 178 (24.4) 3.63 (3.46, 3.8) 1.03 (0.89, 1.19) 0.687

Profession

Preschooler 1627 (1.8) 4.18 (3.43, 4.93) 1 –

Student 4212 (4.6) 5.18 (4.63, 5.73) 1.00 (0.87, 1.14) 0.962

Employed 31 750 (34.9) 6.35 (6.16, 6.54) 1.15 (1.03, 1.28)* 0.013

Working age not in 
the labour force† 14 446 (15.9) 4.74 (4.45, 5.02) 1.11 (0.99, 1.25) 0.068

Retired 12 089 (13.3) 3.53 (3.33, 3.73) 0.92 (0.84, 1.01) 0.067

Unknown 26 761 (29.4) 4.1 (3.93, 4.26) 0.93 (0.83, 1.03) 0.163

Clinical severity

Asymptomatic 83 251 (91.6) 5.01 (4.9, 5.12) 1 –

Mild 7250 (8.0) 4.45 (4.21, 4.69) 0.88 (0.85, 0.9)*** <0.001

Moderate 304 (0.3) 3.88 (2.95, 4.82) 0.87 (0.77, 0.99)* 0.044

Severe 64 (0.1) 3.92 (2.08, 5.77) 1.06 (0.8, 1.4) 0.676

Critical 16 (0.0) 2.31 (0.8, 3.83) 0.63 (0.35, 1.14) 0.128

Epidemic phase

Before school 
closure 355 (0.4) 24.05 (19.38, 28.72) 1 –

Schools closure 
to onset of public 
transportation 
suspension 256 (0.3) 26.83 (21.28, 32.39) 1.14 (0.97, 1.35) 0.119

Public transportation 
suspension to onset 
of half-city home 
quarantine 6275 (6.9) 10.12 (9.4, 10.83) 0.39 (0.35, 0.44)*** <0.001

Half-city home 
quarantine to onset 
of city-wide home 
quarantine 12 612 (13.9) 5.65 (5.38, 5.93) 0.23 (0.21, 0.26)*** <0.001

City-wide home 
quarantine to 
onset of gradual 
resumption 71 067 (78.2) 4.16 (4.07, 4.26) 0.18 (0.16, 0.2)*** <0.001

After onset of gradual 
resumption 320 (0.4) 14.46 (11.26, 17.66) 0.62 (0.53, 0.73)*** <0.001

Registered 
residence

Shanghai 57 095 (62.8) 4.44 (4.32, 4.55) 1 –

Other province 33 790 (37.2) 5.84 (5.65, 6.04) 1.18 (1.16, 1.2)*** <0.001

(n) % indicates the proportion of index-patients.
*p<0.05.
**p<0.01.
***p<0.001.
†People of working age (≥18 years) unemployed or not in the labour force (disabled).
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and less common in index cases working age not in 
the labour force. Compared with most individuals, 
those contacted by students and teenagers were of a 
similar age.3 25 However, working age not in the labour 
force were more likely to have contact of diverse ages, 
which may provide a route for transmission from people 
working age not in the labour force and the rest of the 
population, and lead to a greater number of new infec-
tions.26 Previous studies3 27 28 reported that contact dura-
tion, frequency of contact, nature of the relationship and 
location of contact were associated with one another. 
For example, the less frequent contacts were less likely 
to be family members and colleagues. Importantly, inti-
mate contacts had a greater risk of transmission, and 
these contacts typically occurred at home.29 For instance, 

our results suggested that contact within the house-
hold (aRR=1.32, 95% CI 1.29, 1.34) was associated with 
a significantly higher risk of infection of close contacts 
than contact outside the household. We found that index 
patients who were residents in other provinces had more 
close contacts (OR=1.18; 95% CI 1.16, 1.20) than index 
patients from Shanghai. This might be due to the prox-
imity of places used for gathering, working and living of 
these no-residents (9.78 million people (40.27% of the 
total population in Shanghai)).30 Female index cases 
had fewer close contacts than male (OR=0.89; 95% CI 
0.88, 0.90), possibly because men travel more outside 
the home with worse awareness of social distancing than 
female.31

Table 2  Attack rate (AR) for COVID-19 among close contacts according to demographic and clinical characteristics of index 
cases

Characteristic
Contacts who developed 
COVID-19/total contacts (N/N) AR (95% CI)

Overall 82 406/450 361 18.3 (18.17, 18.42)

Epidemic phase

Before school closure 581/8497 6.84 (6.3, 7.41)

School closure to onset of public 
transportation suspension 570/6864 8.3 (7.64, 9.01)

Public transportation suspension 
to onset of half-city home 
quarantine 10 641/63 434 16.77 (16.46, 17.1)

Half-city home quarantine 
to onset of city-wide home 
quarantine 14 918/71 198 20.95 (20.62, 21.29)

City-wide home quarantine to 
onset of gradual resumption 55 529/295 740 18.78 (18.62, 18.93)

After onset of gradual resumption 167/4628 3.61 (3.09, 4.19)

Residence of index case

Shanghai 47 146/253 075 18.63 (18.46, 18.8)

Other provinces 35 260/197 286 17.87 (17.69, 18.06)

Age group of index case, years

0–6 1365/6975 19.57 (18.55, 20.63)

7–19 4138/24 605 16.82 (16.31, 17.34)

20–39 26 995/165 488 16.31 (16.12, 16.51)

40–59 32 403/172 799 18.75 (18.55, 18.96)

≥60 17 505/80 494 21.75 (21.43, 22.07)

Gender of index case

Female 37 275/206 320 18.07 (17.88, 18.25)

Male 45 131/244 041 18.49 (18.32, 18.66)

Occupation of index case

Preschooler 1530/7504 20.39 (19.39, 21.43)

Student 2830/21 095 13.42 (12.93, 13.92)

Employed 35 596/201 182 17.69 (17.51, 17.88)

Working age not in the labour 
force 6459/37 266 17.33 (16.91, 17.76)

Retired 15 525/73 760 21.05 (20.72, 21.38)

Severe/critical disease in index 
case

No 82 350/450 073 18.30 (18.17, 18.42)

Yes 56/288 19.44 (14.84, 25.05)

Close contacts in household

No 24 676/139 254 17.72 (17.5, 17.94)

Yes 32 801/141 031 23.26 (23.01, 23.51)
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Previous research reported that COVID-19 was more 
likely to be transmitted by symptomatic than by asymp-
tomatic infected individuals (AR of contacts: 18% vs 
13%).32 In agreement, we found that symptomatic expo-
sure was associated with a significantly higher AR of close 
contacts than asymptomatic exposure (aRR=0.93; 95% 

CI 0.92, 0.95). This result suggests there may be addi-
tional secondary benefits of reducing the symptoms or 
disease severity of infected individuals,33 such as by vacci-
nation or prompt diagnosis and treatment. Previous 
reports16 19 concentrated on the risk of transmission in an 
earlier SARS-CoV-2 lineage, and only examined a limited 

Figure 5  Attack rate (AR) for development of COVID-19 in close contacts of index patients according to cumulative exposure 
duration and time from symptom onset (or positive RT-PCR (reverse transcriptase-PCR) result for the asymptomatic) to 
exposure. For symptomatic patients, the ‘time from onset to exposure’ is the time from symptom onset in the index patient 
to exposure of the close contact; the ‘time from onset to diagnosis’ is the time from symptom onset in the index patient to 
diagnosis of the close contact. For asymptomatic patients, the ‘time from a positive RT-PCR result to exposure’ is the time 
from a positive RT-PCR result in the index patient to exposure of the close contact; the ‘time from a positive RT-PCR result to 
diagnosis’ is the time from a positive RT-PCR result in the index patient to diagnosis of the contact. Error bars (95% CIs) and 
dots represent AR for COVID-19 transmission to contacts. The vertical dotted line at 1.0 indicates no effect on risk. AR for each 
day was estimated using a multivariable Poisson regression with adjustment for household contacts, phase of the epidemic, 
and age, sex and occupation of the index patient.



Zheng Y, et al. BMJ Public Health 2024;2:e000154. doi:10.1136/bmjph-2023-000154 11

BMJ Public Health

number of cases (less than 800) and contacts. In contrast, 
the outbreak of COVID-19 in Shanghai was caused by 
the Omicron variant.34 This led us to perform a large 
population-based study to investigate the association of 
the timing of exposure to the Omicron variant with the 
risk to close contacts. Our findings indicated that the risk 
of transmission to a close contact was greatest from 1 day 
before symptom onset to 3 days after symptom onset in the 
index patient. These results have important implications 
for understanding the transmission dynamics of COVID-
19, and are consistent with other infectivity studies which 
suggested that viral load may be highest around the time 
of symptom onset,35 36 with a gradual decrease in viral 
shedding at 1 week after symptom onset.37 Similar to 
previous research,38 the transmission risk of asymptom-
atic index cases was greatest from 3 days before to 3 days 
after a positive RT-PCR result, with a maximum at day 0 
(aRR=1.48; 95% CI 1.37, 1.59). Our observation of a lower 
risk of transmission from 3 days after symptom onset or 
3 days after a positive RT-PCR result during the Shanghai 
Omicron epidemic has important implications for opti-
mising COVID-19 prevention and control measures, 
cutting quarantine periods for the close contacts. Our 
results suggest that contact tracing should focus on indi-
viduals who had contact soon before or soon after the 
onset of symptoms in the index case. This is an important 
consideration, because surveillance of all possible index 
cases and close contacts is impossible due to limited avail-
able resources.

There were some limitations in our study. First, there 
may have been some reporting bias if contacts or index 
patients did not accurately recall the details of their 
date of onset. Second, the contact times of all contacts 
were not traced and recorded by health authorities, 
presumably due to a severe shortage of staff related to 
the sudden surge of cases. This could have led to bias in 
the parameter estimates.39 Third, there may be a propor-
tion of initially diagnosed asymptomatic Omicron infec-
tions is in the pre-symptomatic stage.40 The presence 
or absence of symptoms depends on self-reporting on 
admission, which could lead to recall bias, especially in 
distinguishing between asymptomatic and symptomatic 
infections. Fourth, we determined the directionality of 
transmission based on recall by the index patient and the 
sequence in which the index case and contact first devel-
oped symptoms, a widely used procedure.19 41 42 However, 
this method could lead to misclassification if an index 
patient had an unusually long incubation time or the 
contact had an unusually short incubation time.

CONCLUSIONS
Our study of the relationships of index patients and 
their close contacts on the risk for COVID-19 transmis-
sion indicated that students had the greatest assorta-
tivity and people working age not in the labour force 
had the least assortativity. Individuals with COVID-19 
were most infectious a few days before and a few days 

after symptom onset (or positive RT-PCR result for the 
asymptomatic), with a maximum at day 0. The duration 
of cumulative exposure significantly increased the risk 
of infection of a close contact. Contact in the household 
was a significant contributor to the infection of close 
contacts.
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