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Abstract
Background: Contact patterns play a key role in the spread of respiratory infectious diseases in human populations.
During the COVID-19 pandemic, the regular contact patterns of the population have been disrupted due to social dis‑
tancing both imposed by the authorities and individual choices. Many studies have focused on age-mixing patterns
before the COVID-19 pandemic, but they provide very little information about the mixing patterns in the COVID-19
era. In this study, we aim at quantifying human heterogeneous mixing patterns immediately after lockdowns imple‑
mented to contain COVID-19 spread in China were lifted. We also provide an illustrative example of how the collected
mixing patterns can be used in a simulation study of SARS-CoV-2 transmission.
Methods and results: In this work, a contact survey was conducted in Chinese provinces outside Hubei in March
2020, right after lockdowns were lifted. We then leveraged the estimated mixing patterns to calibrate a mathematical
model of SARS-CoV-2 transmission. Study participants reported 2.3 contacts per day (IQR: 1.0–3.0) and the mean percontact duration was 7.0 h (IQR: 1.0–10.0). No significant differences in average contact number and contact duration
were observed between provinces, the number of recorded contacts did not show a clear trend by age, and most of
the recorded contacts occurred with family members (about 78%). The simulation study highlights the importance of
considering age-specific contact patterns to estimate the COVID-19 burden.
Conclusions: Our findings suggest that, despite lockdowns were no longer in place at the time of the survey, people
were still heavily limiting their contacts as compared to the pre-pandemic situation.
Keywords: Contact patterns, Human behavior, COVID-19, Age, Disease burden, Mathematical modeling
Introduction
The COVID-19 pandemic has caused countries around
the globe to adopt unprecedented measures to combat
the spread of the disease. China has adopted lockdowns
and social distancing strategies to contain the spread of
SARS-CoV-2 [1]. As a result, provinces outside Hubei
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were able to quickly contain the spread of infection [2].
Since February 24, 2020, lockdowns were lifted in all
provinces except for Hubei and Beijing [3]; however,
many individuals were still hesitant to resume normal
activities. This behavioral change is a significant indicator of how mixing patterns have changed throughout the
population during the pandemic.
Before the COVID-19 pandemic, many studies have
focused on age-mixing patterns to measure the features
of contacts between individuals in different age groups
and to understand the spread of infectious diseases [4–8].
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Those patterns, however, are representative of a pre-pandemic situation and have little in common with life during this pandemic [4]. As shown by human mobility data
(e.g., Google, Apple, Yandex, Weibo [9–12]), activity levels have dramatically changed over the course of the pandemic, compared to pre-pandemic conditions. However,
this data does not provide any estimate of the heterogeneous mixing patterns by age groups or other descriptive
measures needed to fully understand COVID-19 epidemiology [13, 14]. As a result, only a handful of studies
have analyzed to what extent mixing patterns by age have
changed during the pandemic as compared to pre-pandemic conditions [15–17].
The aim of this study is to estimate age-mixing patterns relevant to the spread of SARS-CoV-2 in Chinese
provinces outside Hubei over the period of March 3–23,
2020 through survey-based contact diaries and to present an application of the collected contact patterns data
to investigate SARS-CoV-2 transmission. During this
period, lockdowns had just lifted, but social distancing
was still in place. Individuals who participated in the survey were asked to record all persons they were in contact with over a 24-h period, with contact being defined
as exchanging more than three words in physical presence or having a physical contact. Participants were then
asked to define each contact by age, sex, employment status, relationship to the contact, the social setting in which
the contact took place, and the duration of the interaction. Next, we leveraged a mathematical model calibrated
using the estimated contact patterns to provide an illustrative example of the use of age-mixing patterns to provide insights on their role in SARS-Cov-2 transmission as
compared to a model assuming a homogeneous mixing
of the population.

Methods
Survey on contact patterns

To estimate age-mixing patterns, we performed a contact survey by Wenjuanxing, a professional online survey platform widely adopted in China [18]. Participants
filled in the survey between March 3, 2020 and March 23,
2020. Lockdowns (formally, Level 1 Public Health Emergency Response) were imposed in all Chinese provinces
between January 23 and January 25, 2020 [3]. As of February 24, 2020, in all provinces except Hubei and Beijing,
the transport network was restored, and the State Council advised local authorities and governments to ensure a
return to normal [3]. However, although lockdowns were
lifted, other non-pharmacological interventions (NPIs)
were still in place. Those interventions included school
closure, promotion of remote working, temperature
taking to access public places, wearing masks in public,
prohibiting mass gatherings, and scanning HealthQR
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codes. Only provinces with at least 10 participants were
included in the analysis. Hubei Province was not included
in this analysis, as Wuhan (its largest city) remained in
lockdown during this time and its epidemiological situation was highly different as compared to the rest of the
country.
When the survey was first given to the participants, the
background and purpose of the survey were explained in
detail. Confidentiality was also guaranteed to each participant for all personal information collected. Additionally, participants signed confirmation of authenticity to
ensure that all information they provided was correct.
They also agreed to have their IP addresses automatically
taken from the platform to record the Chinese Province
where they were based at the time of the survey.
The survey consisted of two areas of questioning:
(1) demographic information; and (2) social contact
information. The demographic information questions
regarded participants’ age, sex, province of residence, as
well as the age and sex of all members of the participants’
households.
The contact diary was then assigned to the participants
to record all individuals they came into contact with in
a 24-h time period. A contact was defined as either: (1)
a two-way conversation that involved at least 3 words in
the physical presence of another person (conventional
contact), or (2) a direct physical contact (e.g., a handshake, hug, kiss) [4]. As a result, only individuals that the
participants interacted with that met these conditions
were included in the contact diaries. For each contact,
the participants recorded the age (or age range if age was
unknown); their relationship with the contact (household member, other relative, classmate/colleague, other
schoolmate, other); where the contact took place (house,
work, school, leisure, transport, other); and contact duration. Contact duration was defined as the amount of
time spent in the same room/environment with a contacted individual. If a participant had a contact with the
same individual several times during the day, they were
instructed to record the contact only once and cumulated
the total time spent with that person in any location.
Statistical analysis

To quantify the average number of contacts and contact duration for each age group and to construct contact matrices by age, we performed bootstrap sampling
[19] with replacement of survey participants weighted
by the age distribution for the 12 provinces included
in our analysis as reported in the 2010 Chinese census
[20]. Every cell of each matrix represents the average of
100 bootstrapped realizations. The age distributions of
study participants, the 12 analyzed provinces and the
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bootstrapped population are reported in Additional
file 1: Fig. S1.
We estimated the mean number of contacts and their
mean duration from the survey, both irrespective of age
and for each age group. Contact patterns between individuals in the same age groups are shown as well given
their relevance in defining the assortativity of the contact matrix and, ultimately, the value of the reproduction
number of an infection in that population [21, 22]. We
then scaled to the actual population of China: the mean
number of contacts weighted by the age distribution for
the 12 provinces included in our analysis as reported in
the 2010 Chinese census gives the population-adjusted
mean number of contacts. By an analogous procedure
we obtained the population-adjusted mean duration of
contacts. Mann Whitney with the corresponding independent sample t-test was used to determine whether
differences (e.g., by province) in the number of contacts
and duration were statistically significant.
Modeling SARS‑CoV‑2 transmission

We developed a mathematical model of the infection
transmission process as an illustrative example of how
the measured contact patterns by age can be used to
provide estimates of SARS-CoV-2 transmission dynamics and COVID-19 burden. Therefore, an SIR model is
developed. Briefly, the population is divided into three
compartments: susceptible (S), representing individuals
who can acquire the infection; infectious (I), representing individuals who are infected and able to transmit
the infection; and removed (R), representing individuals who are immune to the infection. Each compartment is divided into 18 5-year age groups (0–4, 5–9,…,
80–84, 85+). Susceptible individuals are exposed to an
age-specific force of infection that depends on the number of infectious individuals of a given age, the matrix of
contacts regulating the intensity (i.e., number and duration) of contacts with individuals of a given age per unit
of time, and the transmission rate per contact. Infectious
individuals move to the removed compartment according
to a recovery rate. This process is regulated by the following system of ordinary differential equations:

n
k=1,...,m Ik δg(k)g (j )
Ṡi = −Si β
Mg(i)g (j) Tg(i)g (j) 
,
j=1
k=1,...,m Nk δg(k)g (j )
n

İi = Si β

Ṙi = γ Ii ,

j=1



Mg(i)g(j) Tg(i)g(j) 

k=1,...,m Ik δg(k)g (j )

k=1,...,m Nk δg(k)g (j )

− γ Ii ,

where, Si represents the number of susceptible individuals in age group i; Ii represents the number of
infectious individuals in age group i; Ri represents the
number of removed individuals in age group i; Ni represents the total number of individuals in age group i
(i.e., Ni = Si + Ii + Ri ); g() is a function used to map the
n = 18 age groups used for the population to the m = 6
age groups used in the contact matrix. Therein,

1, if k ≤ 4( i.e., age ∈ [0, 19]),




2, if k = 5( i.e., age ∈ [20, 24]),


3, if k = 6( i.e., age ∈ [25, 29]),
g(k) =
4, if k = 7( i.e., age ∈ [30, 34]),





 5, if k = 8( i.e., age ∈ [35, 39]),
6, if k ≥ 9( i.e., age ∈ [40, 100]).

Mg(i)g(j) is the mean number of contacts that an individual in age group g(i) has with individuals in age group
g(j); Tg(i)g(j) is the mean duration of a contact that an individual in age group g(i) has with individuals in age group
g(j); δg(k)g (j) is the Kronecker delta function (i.e., it is
equal to 1 if g(k) = g(j); 0 otherwise); β is the per-contact
transmission rate per hour; γ is the recovery rate, which
corresponds to the inverse of the generation time in an
SIR model [23, 24], and it is set to 5.1 days [2].
A key parameter regulating the spread of the infection is the basic reproduction number, R0 , representing
the average number of infections generated by a typical
primary infector in a fully susceptible population over
the whole duration of their infectious period [22]. We
used the next-generation matrix approach [21] to calculate the per-contact transmission per hour (β) given
a specified value of R0 . Namely, β = (R0 γ)/ρ(Q), where
ρ(Q) is the dominant eigenvalue of the contact matrix.
Model simulations for the baseline are initialized with
one infected individual, whose age group is randomly
sampled proportional to the size of the age group. Simulations are then run until 1000 cumulative infections are
reached. The reproduction number was set to 1.3. The
rationale for these choices is that we want to represent a
situation similar to that of the Chinese provinces outside
Hubei in the period right antecedent to our contact survey, where strict interventions were quickly enacted after
a COVID-19 outbreak was detected [2]. Moreover, a similar approach has been used by Chinese authorities for
the entire duration of the COVID-19 pandemic. As such,
it would be unlikely that contact patterns would remain
unaltered for a prolonged period, extending beyond the
detection of the first 1,000 infections.
We conducted three sensitivity analyses where we varied the number of initial seeds (1; 5; 20), the reproduction
number (1.3; 2.0), and the cumulative number of infections to interrupt the simulation (1000; 500; 20,000).
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Table 1 Number and duration of recorded contacts per participant
Characteristics

Overall

Number of participants

354

Contact number

Contact duration

Mean (median; IQR)

Mean (median; IQR)

2.3 (2.0; 1.0, 3.0)

7.0 (5.0; 1.0, 10.0)

Age of participant
0–19

53

2.3 (2.0; 2.0, 3.0)

7.5 (7.1; 1.2, 12.0)

20–24

141

2.4 (2.0; 1.0, 3.0)

7.0 (6.8; 1.8, 10.0)

25–29

79

2.0 (2.0; 1.0, 3.0)

7.9 (6.9; 0.8, 10.0)

30–34

36

2.8 (2.0; 1.0, 4.0)

5.9 (6.2; 0.4, 11.0)

35–39

18

3.1 (2.0; 2.0, 4.0)

6.6 (6.6; 2.2, 10.0)

40 +

27

2.0 (2.0; 1.0, 3.0)

5.4 (4.9; 0.3, 7.8)

Sex of participanta
Male

189

2.4 (2.0; 1.0, 3.0)

6.4 (4.6; 1.0, 10.0)

Female

164

2.3 (2.0; 1.0, 3.0)

6.9 (5.0; 1.4, 10.0)

Household size
1

20

1.7 (1.0; 0.0, 2.0)

2.9 (0.4; 0.0, 6.0)

2

108

1.6 (1.0; 1.0, 2.0)

6.1 (3.0; 0.5, 10.0)

3

121

2.2 (2.0; 2.0, 2.0)

6.9 (5.5; 1.8, 10.0)

4

76

2.9 (3.0; 2.0, 3.0)

7.4 (6.1; 2.0, 10.6)

5

19

4.1 (4.0; 4.0, 4.0)

7.5 (6.6; 3.0, 9.6)

6+

10

6.6 (5.5; 4.0, 11.0)

9.0 (4.1; 2.3, 20.0)

200
20

2.3 (2.0; 1.0, 3.0)
2.8 (2.0; 1.0, 4.0)

6.5 (4.6; 0.8, 10.0)
7.6 (6.1; 2.5, 12.0)

Provinces
Sichuan
Chongqing

a

Shandong

19

2.1 (2.0; 1.0, 2.0)

7.0 (3.0; 0.5, 11.7)

Hebei

17

2.1 (2.0; 2.0, 2.0)

7.4 (6.1; 2.0, 10.0)

Henan

16

2.7 (2.0; 2.0, 3.0)

5.1 (2.3; 0.8, 11.0)

Zhejiang

14

2.4 (2.0; 2.0, 3.0)

5.8 (4.8; 0.9, 12.0)

Yunnan

13

3.1 (2.0; 1.0, 3.0)

5.5 (6.8; 1.5, 9.6)

Fujian

13

2.2 (2.0; 2.0, 2.0)

6.3 (5.0; 1.0, 8.2)

Hunan

12

1.9 (2.0; 1.0, 3.0)

7.0 (5.5; 1.0,11.3)

Guangdong

10

2.2 (2.0; 1.0, 3.0)

7.2 (4.0; 2.0,10.0)

Jiangxi

10

3.0 (2.5; 2.0, 4.0)

6.6 (3.8; 2.2,10.0)

Shanxi

10

2.8 (2.0; 2.0, 3.0)

9.7 (8.8; 5.0,12.5)

Note that one participant refused to fill in their gender

Along with the infection transmission model, we
developed a disease burden model. This model takes
as input the number of infected individuals by age
estimated by the transmission model and applies agespecific risks to estimate the distributions by age of
some major indicators of disease burden: symptomatic
infections, hospital admissions, and deaths. The values
of these age-specific risks are taken from the literature
[25, 26] and reported in Additional file 1: Table S1.
To show to what extent age mixing patterns affect
SARS-CoV-2 transmission and COVID-19 burden, we
run the model using three assumptions on the mixing
patterns of the population: homogeneous mixing (contacts are the same for any individual of the population,
irrespective of their age), contact matrix (contacts are

based on the recorded number of contacts by age only),
and contact and duration matrix (contacts are based on
the recorded number of contacts by age and their duration). Parameters used in model simulations are reported
in Additional file 1: Table S2.

Results
Description of the sample

In total, we collected 748 diaries; 394 participants were
excluded from the study. Of these excluded participants,
311 did not have complete contact or residential information, 14 did not reside in Mainland China outside Hubei,
and 1 responded to the survey outside of the study
period. In the remaining 422 clean diaries, 200 diaries are
from Sichuan. Outside Sichuan, only participants from
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Fig. 1 Daily number of contacts and contacts by age. A Mean number of contacts by age group of study participants. The standard error in each
age group is obtained from bootstrap sampling according to the age distribution for the 12 provinces included in our analysis as reported in the
2010 Chinese census. The two bars on the right show the mean number of contacts irrespective of the age of study participant in the sample and
by adjusting for the age structure of the 12 provinces included in our analysis. B Fraction of contacts with same age class as participants. C Overall
contact matrix by age group

the 12 provinces with at least 10 diaries were kept, which
brings the total number diaries analyzed in this study to
354 (Additional file 1: Table S3). No significant difference in both contact numbers and contact duration with
Sichuan were found for these provinces (Mann Whitney
test, all p-values > 0.01), except for Shanxi. Shanxi Province exhibited an average contact duration of 9.7 h as
compared to an overall average of 7.0 h.
Number of contacts and duration

A total of 828 contacts were analyzed in this study. The
mean number of daily contacts was 2.3 (median: 2; interquartile range, IQR: 1.0–3.0) (Table 1). The overall mean
contact duration was 7.0 h (IQR: 1.0–10.0).
Contact patterns by gender, age, relationship, and location

Individuals with different genders demonstrated no
apparent distinctions in their contact numbers and
duration, resulting in 2.3–2.4 contacts and 6.4–6.9 h
respectively (Mann Whitney test, p-values > 0.01). The
average number of contacts increased as the household size became larger, rising from 1.7 with a household size of one to 6.6 for a household size of six or

more. The average contact duration also exhibited the
same pattern, increasing from 2.9 for a household of
one to 9.0 for households with six or more members.
The mean number of contacts by age shows only slight
differences in individuals aged from 30–34 and 35–39.
Individuals in the 30–34 age group and individuals in
the 35–39 age group exhibited daily mean contacts as
2.8 and 3.1 respectively, which is slightly higher than
the daily mean contacts for individuals in the other age
groups (Table 1). Since the numbers of participants
in the six age groups were unbalanced, we performed
bootstrap sampling with replacement of survey participants weighted by the age distribution for the 12 provinces included in our analysis as reported in the 2010
Chinese census [20]. We then recalculated the population-adjusted mean number of contacts in this fashion.
It can be discerned that there were no obvious differences obtained in the distribution of contact numbers
after bootstrap sampling (Fig. 1A).
In Fig. 1B, individuals in age groups 0–19 and 20–24 have
the lowest numbers of same-age contacts, while individuals
in the 40 + age group had the highest number. This finding
was possibly explained by the fact that these age groups are
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Fig. 2 Relationship between contacts and location of contacts. A Probability distribution of the relationship between the study participant of a
given age group and the contacted individual. The bars on the right show the probability distribution of the relation between study participant
irrespective of age and the contacted individual in the sample and by adjusting for the age structure of the 12 provinces included in our analysis as
reported in the Chinese 2010 census. B As A, but showing the location where contacts took place

almost students in the population and their school semester was postponed during the time of the study.
Mixing patterns by age can be summarized in a contact
matrix, whose elements represent the mean number of
contacts that an individual in a given age group has with
individuals in other age groups (Fig. 1C). The resulting
contact matrix by age is characterized by the presence of
a main diagonal representing contacts with individuals in
the same age group. Contacts between school age individuals are lower than 1 per day on average; in fact, most
schools were still closed in the analyzed time frame.
As for the relationship between contacts, 77.9% of
recorded contacts occurred between family members,
3.2% with other relatives, 1.2% classmates, 8.9% with
colleagues, and 8.8% with other individuals (Fig. 2A).
Despite the lockdown being lifted at the time of our survey, our results show that contacts were predominantly
occurring within households. This trend is more marked
for younger individuals: for individuals aged 0–19 years,
90.7% of contacts occurred with household members,
while this figure decreases to 48.8% for individuals aged
40 years or more. Depending on the age group, the proportion of contacts with work colleagues varies in the
range 0.3%-30.4% (Fig. 2A). The fraction of contacts with

other relatives varied between 3.6% and 13.1%, with the
larger fraction found in the age groups 0–19 and 40 + .
We estimated that the household was the most common place where contacts took place (79.1%), followed by
“other places” (10.8%), workplace (6.8%), transport (2.8%),
and school (0.6%) (Fig. 2B). Individuals aged 40 + years
made about 17.4% of their contacts in the workplace.
Contact duration

In this survey, the contact duration per contact was also
collected. As shown in Fig. 3A, study participants presented an average contact duration per contact from 5.4
to 8.1 h. Individuals aged 40 + years showed the shortest average duration per contact, while participants in
age group 25–29 show the longest average duration per
contact. Similarly, no significant differences can be seen
in the duration per contact after adjusting for the actual
age distribution of the focus population (Fig. 3A). Participants over 40 had spent the most amount of time
with same-age contacts, while individuals in age groups
0–19 and 20–24 spent the lowest amount of time with
same-age contacts (Fig. 3B). The average durations per
contact between individuals of different age groups are
reported in Fig. 3C. As for the relationship between contacts, the duration that participants had contact with
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Fig. 3 Daily average duration of contacts by age. A Daily average duration of contacts by age group of study participants. The standard error in
each age group is obtained from bootstrap sampling according to the age distribution for the 12 provinces included in our analysis as reported
in the Chinese 2010 census. The bars on the right show the daily average duration per contact between study participant irrespective of age and
the contacted individual in the sample and by adjusting for the age structure of the 12 provinces included in our analysis. B Fraction of contact
duration with same age class individuals. C Overall contact duration matrix by age groups. D Probability distribution of the relation between study
participant of a given age group and contacted individuals

family members comprised the majority of the total time,
mainly at 83.3% (Fig. 3D), followed by time spent with
colleagues at 7.4%.
Impact of contact patterns on COVID‑19 burden

The simulation results show, for each indicator of the
disease burden, marked differences between the homogeneous mixing model (Model 1) and the two models
considering heterogeneous contacts by age (Model 2 and
Model 3), see Fig. 4. On the other hand, including contact
duration (Model 3) yields to results comparable to that
of the model considering the number of contacts by age
only (Model 2). These results are consistent when considering different numbers of initial seeds and different values of the reproduction number (Additional file 1: Figs.
S2 and S3). The estimated age-distribution of COVID-19
burden is unaltered when different numbers of cumulative infections to interrupt simulation are considered,
while the absolute burden is proportional to them (Additional file 1: Fig. S4).

Discussion
In this paper, we analyzed contact intensity from two
different angles: contact number and average contact
duration. Overall, individuals reported an average of
2.3 contacts per day (IQR: 1.0–3.0) and 7.0 h per contact (IQR: 1.0–10.0). The estimated number of contacts
well compares with estimates obtained in February 2020
for Wuhan (2.0 contacts on average) and Shanghai (2.3
contacts on average) [16]. Also the estimated contact
duration is in line with previous estimates obtained in
a 2015/16 survey conducted in Hong Kong where the
authors estimated an average contact duration of 9.3 h
[6], which falls inside our interquartile range. We estimated both the average number of contacts and contact
duration to increase as the household size increases. A
similar trend was estimated in Hong Kong before the
COVID-19 pandemic [6].
As for the relationship between contacts, we estimated
the large majority of contacts (77.9%) to occur between
family members, highly different from pre-pandemic
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Fig. 4 Application to COVID-19. A Number of infections by age group for the three models. The number of initial seeds is set to 1, R0 is fixed to 1.3,
and the simulation is interrupted when cumulative 1,000 infections are reached. B As A, but for symptomatic individuals. C As A, but for hospital
admissions. D As A, but for deaths

studies (range: 22.9–25.8%) [7, 27] but consistent with
other studies in the early phase of the COVID-19 pandemic (range: 63.0–94.1%) [16, 28].
In the post-lockdown period, when workers had started
to resume in-person work, non-negligible percentages
of contact number and contact duration were recorded
in the workplace with colleagues. However, contacts
reported with family members at home still represented
a remarkable fraction of overall recorded contacts and
contact duration, indicating that during the study period
people were still cautious about resuming contacts.
The following limitations need to be considered when
interpreting the results of the survey presented in this
study. The current survey over-samples school-age individuals and participants needed to be able to have access
to the internet, potentially biasing our results. Recorded
contacts can be affected by recall bias and compliance
bias as well. A discussion about the biases commonly
affecting contact survey studies can be found in Smieszek
et al. [29]. Another limitation is that only the total time
the participant spent in the same room/environment
with a contacted individual was recorded; it is unknown
whether this definition of contact duration is adequate
for studying transmission patterns of respiratory pathogens. Most schools were still closed (online learning)
during the study period; this does not allow us to draw

conclusions about the post-lockdown mixing patterns of
Chinese students. This study is based on limited number of participants (354) that does not allow us to consider refined age groups. In particular, we did not have
enough sample to subdivide individuals aged 40 + years
in multiple subgroups. As such, we are not able to draw
specific conclusions for the contact patterns followed by
the elderly—a key group in determining COVID-19 burden. Finally, the modeling exercise presented here does
not have the ambition of being representative of the all
complexities of COVID-19 epidemiology; it serves as a
simplified example to highlight the effect of mixing patterns in SARS-CoV-2 transmission patterns and COVID19 burden.
Our modeling exercise highlights the effect of considering human mixing patterns in shaping SARS-CoV-2
transmission patterns and COVID-19 burden. Considering age-mixing patterns provides remarkably different estimates of COVID-19 burden by age group as
compared to a model where the population mixes fully
at random. Considering contact duration in addition to
the number of contacts by age lead to comparable results
to that of the model accounting for the number of contacts only. The small sample size of our survey does not
allow a fine characterization of contact patterns of individuals aged 40 + years. A more refined resolution in this
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age segment of the population is warranted to provide
deeper insights on SARS-CoV-2 transmission patterns
and COVID-19 burden.
This work can be considered as an incremental step in
quantifying contact patterns by age, relationship, social
setting, and duration in China during the COVID-19
pandemic.

Supplementary Information
The online version contains supplementary material available at https://doi.
org/10.1186/s12879-022-07455-7.
Additional file 1. Model parameters and sensitivity analysis results.
Acknowledgements
Not applicable.
Author contributions
Q-HL and MA designed the research; Q-HL, MA, XY, JL, KY, TZ and JL designed
the survey and collect the data; Q-HL, MA and YZ developed the model; YZ
performed the simulations; YZ, Q-HL and MA analyzed the data; YZ, SO’D, XY,
JL, KY, TZ, JL, MA and Q-HL interpreted the results; YZ, SO’D, LF, MA and Q-HL
wrote the manuscript; TZ and JL edited the manuscript. All authors read and
approved the final manuscript.
Funding
This research was supported by the National Natural Science Foundation of
China under Grant No. 62003230, the Fundamental Research Funds for the
Central Universities under Grant No. 1082204112289, the Special Funds for
Prevention and Control of COVID-19 of Sichuan University under Grant No.
0082604151026.
Availability of data and materials
The datasets generated and/or analyzed in the current study are available in
the [Sichuan_Contact_Survey] repository, [https://github.com/QH-Liu/Sichu
an_Contact_Survey].

Declarations
Ethics approval and consent to participate
The study was approved by the Clinical Trials and Biomedical Ethics Commit‑
tee of the West China Hospital, Sichuan University (No. 2020190). All methods
were performed in accordance with the relevant guidelines and regulations.
Data were anonymized, and informed consent was obtained from all subjects
and/or their legal guardian(s).
Consent for publication
Not applicable.
Competing interests
M.A. has received research funding from Seqirus. The funding is not related to
COVID-19. All other authors declare no competing interest.
Author details
1
College of Computer Science, Sichuan University, Chengdu, China. 2 Labora‑
tory for Computational Epidemiology and Public Health, Department
of Epidemiology and Biostatistics, Indiana University School of Public Health,
Bloomington, IN, USA. 3 Institute for Applied Computational Science, Harvard
University, Cambridge, MA, USA. 4 Shenzhen International Graduate School,
Tsinghua University, Shenzhen, China. 5 Big Data Research Center, University
of Electronic Science and Technology of China, Chengdu, China.
Received: 31 December 2021 Accepted: 10 May 2022

Page 9 of 10

References
1. Chinese Center for Disease Control and Prevention. Notice on the imple‑
mentation of science-based and targeted measures in the prevention
and control of novel coronavirus pneumonia. 2020. Available in Chinese
at: http://www.chinacdc.cn/jkzt/crb/zl/szkb_11803/jszl_11815/202002/
t20200225_213723.html. Accessed 25 Nov 2021.
2. Zhang J, Litvinova M, Wang W, et al. Evolving epidemiology and
transmission dynamics of coronavirus disease 2019 outside Hubei
province, China: a descriptive and modelling study. Lancet Infect Dis.
2020;20(7):793–802.
3. The State Council Information Office of the People’s Republic of China.
Fighting COVID-19: China in Action. 2020. Available in Chinese at: http://
www.scio.gov.cn/ztk/dtzt/42313/43142/index.htm. Accessed 7 Jun 2022.
4. Mossong J, Hens N, Jit M, et al. Social contacts and mixing patterns
relevant to the spread of infectious diseases. PLoS Med. 2008;5(3): e74.
5. Kretzschmar M, Mikolajczyk RT. Contact profiles in eight European coun‑
tries and implications for modelling the spread of airborne infectious
diseases. PLoS ONE. 2009;4(6): e5931.
6. Leung K, Jit M, Lau EHY, et al. Social contact patterns relevant to
the spread of respiratory infectious diseases in Hong Kong. Sci Rep.
2017;7(1):1–12.
7. Ajelli M, Litvinova M. Estimating contact patterns relevant to the spread
of infectious diseases in Russia. J Theor Biol. 2017;419:1–7.
8. Zhang J, Klepac P, Read JM, et al. Patterns of human social contact and
contact with animals in Shanghai, China. Sci Rep. 2019;9(1):1–11.
9. Jia J, Lu X, Yuan Y, et al. Population flow drives spatio-temporal distribu‑
tion of COVID-19 in China. Nature. 2020;582(7812):389–94.
10. Kraemer MUG, Yang CH, Gutierrez B, et al. The effect of human mobility
and control measures on the COVID-19 epidemic in China. Science.
2020;368(6490):493–7.
11. Schlosser F, Maier BF, Jack O, et al. COVID-19 lockdown induces diseasemitigating structural changes in mobility networks. Proc Natl Acad Sci.
2020;117(52):32883–90.
12. Kogan NE, Clemente L, Liautaud P, et al. An early warning approach to
monitor COVID-19 activity with multiple digital traces in near real time.
Sci Adv. 2021;7(10):eabd6989.
13. Machens A, Gesualdo F, Rizzo C, et al. An infectious disease model
on empirical networks of human contact: bridging the gap between
dynamic network data and contact matrices. BMC Infect Dis.
2013;13(1):1–15.
14. Aleta A, Ferraz de Arruda G, Moreno Y. Data-driven contact structures:
from homogeneous mixing to multilayer networks. PLoS Comput Biol.
2020;16(7):e1008035.
15. Backer JA, Mollema L, Vos ERA, et al. Impact of physical distancing
measures against COVID-19 on contacts and mixing patterns: repeated
cross-sectional surveys, the Netherlands, 2016–17, April 2020 and June
2020. Eurosurveillance. 2021;26(8):2000994.
16. Zhang J, Litvinova M, Liang Y, et al. Changes in contact patterns
shape the dynamics of the COVID-19 outbreak in china. Science.
2020;368(6498):1481–6.
17. Jarvis CI, Van Zandvoort K, Gimma A, et al. Quantifying the impact of
physical distance measures on the transmission of COVID-19 in the UK.
BMC Med. 2020;18(1):1–10.
18. Questionnaire Star. Company webpage in Chinese: https://www.wjx.
cn/. Accessed 25 Nov 2021.
19. Efron B. Bootstrap methods: another look at the jackknife. In: Break‑
throughs in statistics. New York: Springer; 1992. p. 569–93.
20. National Bureau of Statistics of the People’s Republic of China. China
Statistical Yearbook 2010. Available in Chinese at http://www.stats.gov.
cn/tjsj/ndsj/2010/indexch.htm. Accessed 25 Nov 2021.
21. Diekmann O, Heesterbeek JAP, Metz JAJ. On the definition and the
computation of the basic reproduction ratio R0 in models for infectious
diseases in heterogeneous populations. J Math Biol. 1990;28:365–82.
22. Fumanelli L, Ajelli M, Manfredi P, Vespignani A, Merler S. Inferring the
structure of social contacts from demographic data in the analysis of
infectious diseases spread. PLoS Comput Biol. 2012;8(9): e1002673.
23. Wallinga J, Lipsitch M. How generation intervals shape the relationship
between growth rates and reproductive numbers. Proc R Soc B Biol Sci.
2007;274(1609):599–604.

Zhao et al. BMC Infectious Diseases

(2022) 22:483

Page 10 of 10

24. Liu QH, Ajelli M, Aleta A, et al. Measurability of the epidemic reproduc‑
tion number in data-driven contact networks. Proc Natl Acad Sci.
2018;115(50):12680–5.
25. Poletti P, Tirani M, Cereda D, et al. Association of age with likelihood
of developing symptoms and critical disease among close contacts
exposed to patients with confirmed sars-cov-2 infection in Italy. JAMA
Netw Open. 2021;4(3):e211085–e211085.
26. Yang J, Chen X, Deng X, et al. Disease burden and clinical severity of
the first pandemic wave of COVID-19 in Wuhan, China. Nat Commun.
2020;11(1):1–10.
27. Fu YC, Wang DW, Chuang JH. Representative contact diaries for modeling
the spread of infectious diseases in Taiwan. PLoS ONE. 2012;7(10): e45113.
28. Zhang J, Litvinova M, Liang Y, et al. The impact of relaxing interventions
on human contact patterns and SARS-CoV-2 transmission in China. Sci
Adv. 2021;7(19):eabe2584.
29. Smieszek T, Burri EU, Scherzinger R, et al. Collecting close-contact social
mixing data with contact diaries: reporting errors and biases. Epidemiol
Infect. 2012;140(4):744–52.

Publisher’s Note

Springer Nature remains neutral with regard to jurisdictional claims in pub‑
lished maps and institutional affiliations.

Ready to submit your research ? Choose BMC and benefit from:

• fast, convenient online submission
• thorough peer review by experienced researchers in your field
• rapid publication on acceptance
• support for research data, including large and complex data types
• gold Open Access which fosters wider collaboration and increased citations
• maximum visibility for your research: over 100M website views per year
At BMC, research is always in progress.
Learn more biomedcentral.com/submissions

