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Introduction: Social contact patterns significantly influence the transmission dynamics of
respiratory pathogens. Previous surveys have quantified human social contact patterns,
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contact types (e.g., indoor versus outdoor, and physical versus non-physical).

Results: Participants reported an average of 12.0 contacts per day (95% confidence interval:
11.3—12.6), with a significantly higher number of indoor contacts compared to outdoor
contacts. The number of contacts was associated with various socio-demographic char-
acteristics, including age, education level, income, household size, and travel patterns.
Contact patterns were assortative by age and varied based on the type of contact (e.g.,
physical versus non-physical). The reproduction number, daily incidence, and infection
attack rate of simulated epidemics were remarkably stable.

Discussion: We found many intergenerational households and contacts that pose chal-
lenges in preventing and controlling infections among the elderly in rural China. Our study
also underscores the importance of integrating various types of contact pattern data into
epidemiological models and provides guidance to public health authorities and other
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major stakeholders in preparing and responding to infectious disease threats in rural
China.
© 2024 The Authors. Publishing services by Elsevier B.V. on behalf of KeAi
Communications Co. Ltd. This is an open access article under the CC BY-NC-ND license
(http://creativecommons.org/licenses/by-nc-nd/4.0/).

1. Introduction

Respiratory pathogens mainly spread through respiratory droplets when infected individuals cough, sneeze, speak, or
breathe(Dhand & Li, 2020). The type of interaction between individuals, where the interaction takes place, the distance
between individuals, and other factors play a role in shaping the transmission risk. For example, severe acute respiratory
syndrome coronavirus 2 and Mycobacterium tuberculosis can spread directly with aerosols or droplets shed by an infector,
specifically in poorly ventilated and/or crowded indoor settings (World Health Organization). Therefore, most analyses of the
transmission dynamics of respiratory pathogens require quantitative estimates of human social contacts and their charac-
teristics. Many surveys have aimed to quantify human social contact patterns. The results were qualitatively similar between
studies but depicted major quantitative differences(Mossong et al., 2008; Mousa et al.,, 2021; Van Hoang et al., 2019),
including between urban and rural areas (Leung et al., 2023; Melegaro et al., 2017).

China has 1.4 billion residents in a vast area of about 9.6 million km?, with uneven economic development levels and
varied modes of production and lifestyle. Such a heterogeneous population also translates into heterogeneous contact pat-
terns, as exhibited in previous social contact surveys(Fu et al., 2012; Huang et al., 2020; Kwok et al., 2018; Leung et al., 2017;
Zhang et al., 2019, 2020, 2021). Numerous contact surveys have been conducted in other parts of the world. However, there
remain significant gaps in the knowledge of human social contact patterns in rural China. The only published social contact
survey conducted in rural areas of Southern China was conducted in Guangzhou City (a city of over 18 million people and the
capital of Guangdong province) in 2009—2010(15). To address this gap, we conducted a cross-sectional survey-based study in
Anhua County, Hunan Province — a rural area in Central China — and explored the main determinants of contact patterns.
Additionally, we conducted mathematical modeling analysis to assess the effect of contact patterns on the transmission
dynamics of respiratory pathogens.

2. Methods
2.1. Study site and time

We conducted a contact survey from June to October 2021 in Anhua County, Yiyang City, Hunan Province, China. This
county, located in Central China, is a highly rural area characterized by low income ($1,164/year per capita for rural residents
in 2021(Government of Anhua County, 2021)) and low population density (158 people/km? according to the 7th China
Population Census(National Bureau of Statistics of China)). Anhua County's permanent population is 780,969 individuals. The
population aged 0—14 and 15—59 comprises 20.19% and 57.27%, respectively. Furthermore, the average household size in the
county is 2.69 individuals (National Bureau of Statistics of China). Since this study aimed to quantify social contact patterns
under “normal” conditions, the survey was conducted when there were no widespread coronavirus disease (COVID-19)
outbreaks or strict epidemic prevention and control measures. The Oxford COVID-19 Government Response Tracker
(OxCGRT) index for Mainland China ranged from 67.13 to 79.17 during this time, which was higher than most countries in
Europe and North America(Hale et al., 2021). During this period, Mainland China was classified into low-, medium-, and high-
risk zones based on the COVID-19 situation. For low-risk areas, routine prevention measures were recommended, such as
reducing gatherings and wearing masks indoors, but were not strictly enforced. In contrast, medium- and high-risk areas
faced stricter measures, such as isolation and venue lockdowns(Joint Prevention and Control Mechanism, 2021). During the
survey period, the entire Hunan Province was classified as a low-risk area(Government of the People's Republic of China).

2.2. Study participants

We determined the minimum sample size based on the variance in the number of contacts per person per day, assuming a
response rate of 90%. The minimum sample size was 828 and was allocated into eight age groups (0—9, 10—19, 20—29, 30—39,
40—49, 50—59, 60—69, and >70 years) according to the age structure of the Anhua population. Moreover, we doubled the
sample size for individuals aged 0—19 to enhance parameter estimation accuracy, considering their significant role as the
primary drivers of transmission for several infectious diseases(Mossong et al., 2008). This resulted in a target sample size of
1,012 participants. Eligible participants included individuals of all ages who had resided in Anhua for more than three months
in the year before the interview.

A probability proportional-to-population size sampling method was first applied, with three townships (Qingtang, Jian-
gnan, and Tianzhuang) in Anhua County, which were randomly selected for the study. In these three townships, we randomly
selected 10 villages, 2 primary schools, and 3 middle schools, along with a high school in Anhua County. The residents of the
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10 selected villages were approached in advance by local collaborators to obtain their consent to participate in the survey,
resulting in a list of candidate households. Then, our interviewers visited those households one by one during the formal
investigation. We recruited students by selecting particular classes based on the availability of students in those classes
during the survey dates. Approximately 1—3 classes per school and 50 households per village were selected based on con-
venience sampling to broadly represent the entire Anhua population regarding geographical distribution. All students in the
selected classes and all household members except students in the selected households were invited to participate in our
study until we met our predefined target sample size for each age group.

2.3. Data collection

School-aged children were enrolled at their schools, while other participants were recruited through door-to-door visits
within the community. Well-trained interviewers administered face-to-face interviews, and questionnaires were completed
by the interviewers. Participants were asked to retrospectively answer questionnaires about their social contact behaviors on
two specific days: the most recent workday and the most recent weekend (i.e., the day before the interview and another most
recent day with a different day type. If the day before the interview was a workday for the participant, the other day was the
last weekend or holiday. If the day before the interview was a weekend or holiday for the participant, the other day was the
last workday). Questionnaires were answered by guardians on behalf of children under 6 years or those who could not answer
independently. The remaining participants answered the questionnaires by themselves. The questionnaire contained three
main sections: (i) general information on the study participant, (ii) social contact behaviors on the latest non-holiday
workday, and (iii) social contact behaviors on the latest weekend or holiday.

The general information included participants' demographics, household composition, and travel behaviors.

Regarding social contact behaviors, contact is defined as either a two-way conversation involving three or more words in
the physical presence of another person or direct physical contact (e.g., a handshake or hug) (Mossong et al., 2008). We
divided social contact into three categories: (i) physical contact, (ii) non-physical contact at a distance of 1 m or less, and (iii)
non-physical contact at a distance of more than 1 m. We also recorded the age of the contactees, the relationship between the
participant and contactee, and face mask usage during the contact (i.e., both participant and contactee wore a mask, only the
participant, only the contactee, or none of them), contact location (i.e., indoor, outdoor, or both), contact setting (i.e., house,
workplace, school, or community), distance between home and the furthest contact setting (i.e., <1 km, 1-3 km, 4—5 km,
6—10 km, or > 10 km), and the frequency of contact (i.e., almost daily, 12 times per week, 1-2 times per month, less than
once a month, or never met before).

Large numbers of contacts are difficult to record individually, which can lead to underreporting(Zhang et al., 2019). As
such, similar to previous studies(Liang et al., 2023; Zhang et al., 2019, 2020, 2021), contacts with individuals sharing the same
characteristics (e.g., a group of classmates) were recorded as a single entry, and the number of individuals in the group was
also reported. We referred to this as group contact. Contacts with individuals with different characteristics were reported
individually, and we referred to this as individual contact.

2.4. Statistical analysis

2.4.1. Covariates

Four types of explanatory variables were considered when describing human social contact. (i) Demographic and so-
cioeconomic characteristics of the participants; specifically, sex, age, education level, occupation, individual income (in
Chinese Yuan, CNY), household size, and number of years living in Anhua County (i.e., <1 year, 1-5 years, 6—10 years, and >10
years). (ii) Factors associated with the day the recorded contacts took place; specifically, type of the day (i.e., workday or
weekend), whether the day is considered as typical by the participant (i.e., contact behavior similar to other workdays or
weekends), and weather (i.e., sunny, cloudy, rainy, or varied). (iii) Whether participants regularly traveled out of the village
where they reside daily or only occasionally. (iv) Other information about the participant; specifically, whether the partici-
pant has an underlying disease, contacts with animals (including raising, touching, or slaughtering animals), health status,
and a self-rated contact memory accuracy (i.e., very well, well, moderate well, not well, or poorly).

2.4.2. Characterization of human-to-human contact patterns

We used weighted generalized additive mixed models to explore the associations between participants' age and the
number of overall contacts per participant while controlling for the covariates mentioned above. We fitted penalized splines
to explore the potential nonlinear relationships of continuous participants' age to the response variable, considering the
interactions between age and day type. The sampling structure of our study allowed us to include the random effect in our
models to consider the proportion of variance in response variables attributable to intra- and inter-household and person
variation. The regression model was weighted by the population size of each age group in Anhua County and defined as
follows:
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where g is the link function, and the response variable was assumed with a negative binomial distribution; y; is the number
of overall contacts of ith contact diary reported by participant j from household k; A; . is the age of each participant; D;j is
the day type of diary day; s(A; *D; ) denotes the nonlinear relationship between participants’ age and the response variable
and the interactions between age and day type. We included this interaction because we found differences in the age dis-
tribution of contact between weekdays and weekends, specifically among those under 30 years (Fig. S4). X1, ..., X, are other
factors related to the number of overall contacts; 1, ..., 8, are the partial regression coefficients of the above factors. g is the
fixed intercept; u; is the intercept; u;;, = E(Y;jk|uj k) is the expected value of Y; under a given intercept. Besides exploring
the determinants of contact patterns, we used the same model structure to test the effect of recall bias by comparing the
number of contacts when respondents were asked to recall the day before the interview versus the most recent workday/
weekend (i.e. an earlier day with a different day type), while accounting for various covariates.

To select the explanatory variables for the final model, we first fitted univariate regression models (generalized linear
models with the same link functions as the multivariate model mentioned above) to identify candidate variables, using a
significance level of 0.1. Next, we calculated Spearman's correlation coefficient for each pair of candidate variables and
excluded variables with a correlation threshold above 0.6. Finally, we used the multivariate regression model defined above,
employed a bidirectional stepwise selection process based on Akaike's Information Criterion to determine the final set of
variables, and used a significance level of 0.05 in the multivariate regression models. We followed the same procedure to
explore factors associated with the number of indoor and outdoor contacts.

2.4.3. Contact matrices by age

We considered 17 age groups (0—2, 3—6, 7—9, 10—14, 15—19, ..., and 75 years and above) to define population age and day
type weighted age-specific contact matrices (M;;) representing the average number of contacts per day that an individual in
age group i have with individuals in age group j using the “socialmixr” package in R 4.3.2. We used a bivariate smoothing
approach to estimate the elements of the contact matrices(Mossong et al., 2008). The basis was a tensor-product spline
ensuring flexibility when modeling the average number of contacts as a function of the participant's and contact's age over
the 1-year band. The average number of contacts between a participant of age i and individuals of age j was modeled using a
two-dimensional continuous function applied to the age of participants and contacts via a generalized additive model (GAM).
To allow for over-dispersion in the number of contacts, we assumed that they were distributed following a negative binomial
distribution with the mean M;;;, dispersion parameter K, and variance M;; + Mizd./K. We used the basis dimension K = 10 to be
large enough to fit the data well but small enough to keep the fitting procedure efficient. We then selected a thin plate
regression spline to avoid the selection of the number of knots and a log link function for the GAM. Finally, we accounted for
the reciprocal nature of the data and predicted the expected number of contacts at the population level.

2.4.4. Transmission model

To estimate the impact of contact patterns on the transmission of respiratory pathogens, we used a deterministic age-
structured compartmental Susceptible-Infected-Removed (SIR) model. Susceptible individuals were exposed to an age-
specific force of infection regulated by the average number of contacts per day that an individual of a given age group had
individuals of all age groups (i.e., the contact matrix estimated using the collected survey data). The model is described by the
following set of differential equations:

ds;
- s
% = Ai(t)Si(t) - ’YIl(t)

dRr;
E*V’t(t)

where i represents the age group (0—2, 3—6, 7-9,10—14,15-19, ..., and 75 years and above); S;(t) is the number of susceptible
individuals in age group i at time t; [;(t) is the number of infected individuals in age group i at time t; R;(t) is the number of
removed individuals in age group i at time ¢, and y represents the removal rate, which corresponds to the inverse of the
generation time in a SIR model (Liu et al., 2018).

The force of infection to which age group i is exposed to, denoted with ;(t), is defined as follows:

n I;
Ai(t) = ﬁzjleu%
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where N; is the number of individuals in age group i, and ( represents the per-contact transmission risk, and it is determined
to obtain the desired value of the basic reproduction number (Ry) using the next-generation matrix (NGM) approach: § =
%, where p(M) represents the spectral radius of contact matrix M.

In this study, we did not aim to simulate a specific respiratory pathogen or model a particular epidemic phase. Therefore,
as an illustrative scenario, we assumed Ry = 2 and the generation time to be 5.1 days, both in line with values observed during
the COVID-19 pandemic (Du et al., 2022; Xu et al., 2023). Moreover, to represent the transmission of pathogens with
potentially different characteristics, we investigated scenarios where we altered: (i) the transmission risk of outdoor relative
to indoor contacts (namely, 10%, 50%, and 90%); (ii) non-physical relative to physical contacts (namely, 10%, 50%, and 90%); and
(iii) non-physical contacts at more than 1-m distance relative to physical or non-physical contacts at less than 1-m distance
(namely, 10%, 50%, and 90%). Then, we estimated the reproduction number based on the relative transmission risk of different
types of contacts. The number of individuals by age corresponded to that of the population in Anhua County (780,969 in-
dividuals). Model simulations were initialized with one infected individual per hundred thousand, and all other individuals
were considered susceptible. The model was run for 180 days, and epidemic sizes obtained using different contact matrices
were compared.

2.4.5. Sensitivity analysis

We conducted a sensitivity analysis to investigate the quantitative impact of recall bias. Specifically, we made two key
assumptions: (i) contacts within households were accurately reported, while there was a 10% redundancy or omission in
reported contacts outside of households; (ii) participants reporting more than 100 contacts were deemed invalid, leading to
the exclusion of 13 records from the sensitivity analysis. Based on these assumptions, we calculated both the average and
median number of contacts and estimated the relative reproduction number (R), assuming an initial reproduction number
(Rg) of 2 and a generation time of 5.1 days.

2.5. Ethical approval

All procedures performed in this study were approved by the ethics committees of the School of Public Health at Fudan
University, Shanghai, China (Ref: 2020-11-0857-S2) and the London School of Hygiene and Tropical Medicine, London, UK
(Ref: 22684—04), and were following the 1964 Helsinki declaration and its later amendments or comparable ethical stan-
dards. Informed consent was obtained from all individual participants included in the study (from a guardian if the partic-
ipant was under 6 years old; from both a guardian and the study participant if the participant was 7—17 years old; from the
participant if the participant was 18 years or above).

3. Results
3.1. Analyzed sample

A total of 1,522 participants were recruited for this study. The data analysis was based on a sample of 1,499 participants,
and 23 (1.5%) were excluded due to data quality issues (Fig. S1). Among the participants, 575 (38.4%) were male, with an
average age of 29 years, ranging from 0 to 92. The occupations of working-age participants were diverse, encompassing a
wide range of industries in Anhua County (National Bureau of Statistics of China), including farmers, self-employed in-
dividuals, school staffs, medical personnels, community workers, salespeople, and other workers, etc. A comparison between
the characteristics of the study participants and those of the Anhua County population is reported in Table S1 and Fig. S2. For
each participant, we recorded their contact behaviors for two days.

Overall, 2,912 contact diaries (1,496 from the day before the interview and 1,416 from the other day) (Fig. S3) were
collected, corresponding to 34,802 contacts, which consisted of 33,609 recorded contacts with details and 1,193 contacts that
respondents estimated they had left out. When the survey was conducted, there were no statutory holidays and no reports of
COVID-19 cases in Anhua County and Yiyang City, with 3 local COVID-19 cases in Hunan Province and fewer than 15 new
COVID-19 cases daily in Mainland China. No stringent epidemic prevention and control measures were in place(National
Health Commission of China). From June to July 2021, the daily maximum temperatures in Anhua County ranged between
21 and 36 °C; in October 2021, the daily maximum temperatures ranged from 11 to 21 °C (Fig. S3) (MERRA-2
tavgl_2d_Ind_Nx, 2015).

3.2. Number of contacts

According to the results of the recall bias test, the number of contacts on the other day was 1.1 times that of the day before
the interview after correcting for covariates, with an absolute mean increase of 0.9 contacts per person per day (Table S2),
suggesting that the recall bias did not have a large effect on the results. The frequency distribution of the number of contacts
was right-skewed (Fig. 1A). The mean number of contacts was 12.0 (95% confidence interval [CI]: 11.3—12.6), the median
number of contacts was 7 (interquartile range: 4—14), and the number of contacts was heterogeneous according to participant
characteristics (Tabs. 1 and S3 and Fig. 1B). For example, participants aged 7—19 reported the highest number of contacts with
15.4 (95% CI: 14.4—16.4). The mean number of contacts for individuals under 30 years exhibited notable differences between

443



Y. Liang, Q. You, Q. Wang et al. Infectious Disease Modelling 10 (2025) 439—452

A 300 C 1.0 - — = -
210 09
250 -
;“3“ e {500 _ 08 Type of contacts
06 == Qutdoor % 07 Physical
200 % 04 = === Non-physical, <1 m
3 En» o 06 === Non-physical, >1 m
5 3 =
Bl
= 150 R S S S S A A} g 0.5
9} Number of contacts T
I S 04
100 €
E 03
& 0.2
50
0.1
0 0.0
0 10 20 30 40 50 60+ 0 10 20 30 40 50 60+
Number of contacts Number of contacts
B D i
£ S— 100
e + I
ol ———— 3 W e
g 8 — W
AR
g N B = || Daytype
2 Tod — -
P %f\c}‘\ . Occupation P
T [S4Y @ B 202020 3 X
o X¢ B3 =
uw e =
<} & S
s <@ = = £
9 X s 3 <}
k] Q\&z‘\ =3
o Ayae' 'S R o Physical
5 Qt\\‘iﬁ I
© 5?}2%\ I o5 . Non-physical, =1 m
© = & —= 1
& ,\g‘b\?‘@ @ - = . Non-physical, >1 m
O L& QOR\\V& I
B S — Unknown
€ & o5 F—  m=m
%‘x\‘%{x\; , L s , TN " . . y ’ 0 . : . . . . . :
@@ 20 45 10w 0 5 A0 s, 200 25 800 S5 0-2 3-8  7-19 20-39 40-59 60-75 >75 Overall
& Qutdoor Indoor
Ny Number of contacts Age of participants, years

Fig. 1. Distribution of the number of contacts. (A) Frequency of the number of contacts. The inset depicts the cumulative probability distribution disaggregated
by indoor and outdoor contacts. (B) Mean and 95% CI of the number of indoor (right) and outdoor (left) contacts by participants' characteristics. (C) Cumulative
probability distribution of the number of contacts by type of contact (namely, physical, non-physical at < 1 m distance, and non-physical at > 1 m distance). (D)
The proportion of contacts by contact type disaggregated by study participants' age.

weekends and workdays, whereas for those over 30 years, the differences almost disappeared (Fig. S4). Participant charac-
teristics also influence the distribution of contacts by social setting. For instance, children aged 0—2 years had most of their
contacts at home (69.0%), while participants aged 7—19 had most of their contacts at school (75.2%) (Fig. S5A). Face-mask
usage was low, with 93.7% of contacts occurring without masks (Fig. S5C). Across all age groups, most contacts occurred
within a 1 km radius of the participants' homes and involved individuals they met almost daily (Figs. SSD—E). Of the 34,802
contacts, 27,419 indoor, 6,078 outdoor, and 1,305 contacts with unknown settings were recorded. Indoor contacts were more
prevalent across all age groups, with 9.4 (95% CI: 9.0—9.9) contacts per day as compared to 2.1 (95% CI: 1.8—2.4) outdoor
contacts per day (Table 1). Indoor contacts mainly took place at school for participants aged 7—19 (76.0%) and at the work-
place for those aged 20—39 (44.8%). For the other age groups, the home was the primary setting for indoor contact (Fig. S5F).
Outdoor contact primarily occurred in the community setting for most age groups (Fig. S5K). Physical contact was reported in
38.2% of the interactions, with the proportion of physical contact decreasing with participants' age. Individuals aged 18 years
and younger reported more physical contact than non-physical ones, whereas adults had a higher proportion of non-physical
contacts (Fig. 1C—D).

3.3. Determinants of contact patterns

Our statistical model illustrated different nonlinear patterns on workdays and weekends. Individuals under 30 years had
more contacts on workdays than on weekends. However, for those over 30 years, the number of contacts was similar on
workdays and weekends. We found a significant nonlinear association between the number of contacts and the age of
participants, with the highest number of contacts for respondents aged approximately 20 years on workdays (Fig. 2A).
Workdays, higher level of education, higher individual income, larger household size, worse self-rated contact memory ac-
curacy, and daily travel out of the village of residence were significantly associated with a larger number of contacts (Fig. 2B).

The number of indoor contacts was the highest for respondents aged around 20 years on workdays and around 40 years on
weekends (Fig. 2C). Workdays, higher level of education, higher individual income, larger household size, worse self-rated
contact memory accuracy, and daily travel out of the village of residence were significantly associated with larger number
of indoor contacts. Moreover, rainy days were associated with fewer indoor contacts compared to sunny days (Fig. 2D). The
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Table 1
Mean (95%CI) number of contact diaries and mean number of total, indoor, and outdoor contacts by participant's characteristic (see Table S3 for median and
IQR).
Characteristics N (%) ® Mean (95%CI) °
Total Indoor Outdoor
Overall 2,912 (100) 12.0 (11.3,12.6) 9.4 (9.0,9.9) 2.1(1.8,24)
Sex
Male 1,108 (38.0) 11.7 (10.8, 12.8) 8.9(8.2,9.6) 24(1.8,3)
Female 1,804 (62.0) 12.1(11.4,12.9) 9.7 (9.2, 104) 1.9(1.6,2.3)
Age group
0—-2 yrs 214 (7.3) 6.0 (5.5, 6.4) 5.0 (4.7,5.3) 0.9(0.6,1.2)
3—6 yrs 343 (11.8) 104 (9.2,11.6) 9.0(7.9,10.2) 1.3(0.9,1.7)
7—19 yrs 660 (22.7) 154 (14.4,164) 13.4 (12,5, 144) 0.6 (0.5, 0.8)
20—-39 yrs 685 (23.5) 14.5 (12.8, 16.5) 10.7 (9.6, 12) 3.7 (2.6,5.1)
40—-59 yrs 690 (23.7) 11.3(10.3, 12.6) 8.0(7.2,9.1) 29(2.4,34)
60—75 yrs 254 (8.7) 6.6 (5.8, 7.4) 49 (4.3,5.7) 1.5(1.2,1.9)
>76 yrs 66.0 (2.3) 5.6 (4.0, 7.7) 34(2.9,4) 2.0(0.5,3.7)
Education
None 1,133 (38.9) 8.9(8.3,9.5) 7.3(6.8,7.8) 5(1.3,1.8)
Primary school 670 (23.0) 11.5(10.4, 12.7) 8.4 (7.4,94) 1(1.7,24)
Middle school 711 (24.4) 13.4(12.5,14.3) 11.4 (105, 12.2) 5(1.1,1.8)
High school 232 (8.0) 13.1(10.7, 15.5) 10.3 (8.4, 12.9) 6 (1.5, 4.0)
College or above 166 (5.7) 26.6 (20.6, 32.8) 18.4(15.0, 21.8) 8 0 (3.7,13.6)
Occupation
Enrolled in pre-kindergarten 310(10.6) 6.4 (5.9, 6.9) 5.1(4.9,5.4) 1.1 (0.8, 1.5)
Enrolled in kindergarten 212 (7.3) 12.2 (10.5, 13.9) 11.1 (9.5, 12.8) 0.9(0.6, 1.4)
Student 691 (23.7) 14.8 (13.8,15.8) 12.9(12.0,13.7) 0.7 (0.6, 0.9)
Self-employed 86.0 (3.0) 204 (16.9, 24.2) 15.5(12.2,19.4) 2.8(1.4,4.5)
Farmer 754 (25.9) 8.3(7.5,9.2) 59(5.2,6.7) 22(1.9,2.6)
School staff 70.0 (2.4) 33.4(22.9, 46.9) 25.7 (20.0, 32.1) 7.6 (2.0, 16.6)
Other staff 72.0 (2.5) 29.9 (21.5,40.8) 16.3 (12.1,21.2) 12.9 (5.0, 22.2)
Others 327 (11.2) 14.2 (12.3,16.2) 11.4 (9.7, 134) 2.5(2.0,3.1)
Unemployed 390 (13.4) 7.4 (6.8,8.1) 5.3(4.9,5.8) 2.1(1.6,2.6)
Individual income (CNY)
No income 342 (11.7) 7.5 (6.8, 8.2) 5.2 (4.9, 5.6) 22(1.7,2.8)
<¥1k 20.0 (0.7) 7.0 (4.1,11.5) 5.9 (3.0,10.2) 1.1 (04, 2.0)
¥1-9k 166 (5.7) 10.3 (8.8, 12.0) 6.7 (5.5, 8.1) 3.2(2.3,43)
¥10-29 k 322 (11.1) 14.3 (12.6, 16.3) 10.0 (8.7, 11.5) 3.6 (2.6, 4.8)
>¥30k 291 (10.0) 20.8 (17.1, 24.9) 15.6 (13.2,18.2) 5.0 (2.4, 8.0)
Not available 1,213 (41.7) 12.2 (11.5,12.8) 10.6 (10.0, 11.2) 0.9 (0.7, 1.0)
Unwilling to answer 531(18.2) 8.6 (7.5,9.8) 6.6 (5.6, 7.7) 2.0(1.6,24)
Unknown/no response 27.0 (0.9) 13.3(7.5,194) 11.7 (6.3, 18.2) 1.6 (0.5, 2.9)
Household size
1-3 1,216 (41.8) 10.1 (9.2, 11.0) 7.4(6.7,8.2) 2.3(1.8,2.9)
4-6 1258 (43.2) 12.3(11.5,13.3) 9.8 (9.1, 10.5) 22(1.7,2.8)
>7 436 (15.0) 16.2 (15.0, 17.3) 14.0 (13, 15) 1.2 (0.9, 1.6)
Unknown/no response 2.0(0.1) 5.0 (5.0, 5.0) 1.0 (1.0, 1.0) 4.0 (4.0, 4.0)
Number of years living in Anhua county
<1yrs 56.0 (1.9) 8.1 (6.4, 10.4) 7.2 (5.6,9.6) 0.8(0.3,1.3)
1-5yrs 507 (17.4) 9.0 (8.3,10.0) 79 (7.1,8.8) 1.0 (0.7, 1.3)
6—10 yrs 327 (11.2) 11.7 (10.6, 13.0) 9.8 (8.8,10.8) 1.3(0.8,1.8)
>10 yrs 2,004 (68.8) 12.8 (12.1,13.7) 9.8 (9.2, 10.5) 2.5(2.1,3.1)
Unknown/no response 18.0 (0.6) 12.4 (9.0, 16.4) 9.1(5.9,13.2) 1.3 (0.6, 2.2)
Day type
Workday 1,424 (48.9) 14.5 (13.5, 15.6) 11.6 (10.8, 12.4) 23(1.8,3)
Weekend 1,488 (51.1) 9.5(8.9,10.2) 7.3(6.9,7.8) 1.9(1.5,2.3)
Typical day
Yes 2,656 (91.2) 11.5(10.8, 12.1) 9.0 (8.6, 9.5) 2.0(1.7,24)
No 239 (8.2) 17.5 (14.9, 20.2) 13.9 (11.6, 16.6) 3.1(2.2,4.2)
Unknown/no response 17.0 (0.6) 11.7 (6.5, 17.9) 8.7 (4.2,13.7) 1.1 (0.3, 2.0)
Weather
Sunny 1,739 (59.7) 11.7 (10.9, 12.6) 8.7 (8.2,9.3) 5 (2.0, 3.0)
Cloudy 361 (12.4) 11.8 (10.3, 13.3) 9.8 (8.7,11.1) 7 (1.0, 2.6)
Rainy 663 (22.8) 12.7 (11.8,13.7) 109 (9.9, 11.9) 4(1.1,1.8)
Variable 101 (3.5) 13.2 (9.9, 17.9) 11.5 (8.1, 15.5) 5(0.9,2.1)
Unknown/no response 48.0 (1.6) 9.0 (5.6, 13.9) 6.9 (4.4, 10.8) 2 (0.5, 2.0)
Frequency of travels outside the village of residence
Almost daily 329 (11.3) 19.2 (16.2, 22.9) 14.0 (12.2,16.2) 44(2.3,7.1)
At least once a week but not daily 586 (20.1) 12.9(11.7, 14.1) 10.1 (9.1,11.1) 2.1(1.6,2.7)
At least once a month but not each week 777 (26.7) 11.8 (10.8, 12.9) 9.8 (8.8,11.0) 1.6 (1.4, 2.0)
Less than monthly, but not never 925 (31.8) 9.7 (9.0, 10.4) 7.5(7.0,8.1) 1.9 (1.5, 2.3)

(continued on next page)
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Characteristics N (%)? Mean (95%CI) °
Total Indoor Outdoor
Never 239 (8.2) 7.7 (6.7, 8.7) 6.2 (5.3,7.3) 1.2 (0.8,1.8)
Unknown/no response 56.0 (1.9) 17.4 (14.3, 20.8) 143 (114, 17.6) 1.5 (0.7, 2.5)
Underlying conditions
Yes 597 (20.5) 10.5(9.2,12.1) 7.3 (6.5, 8.3) 3.0 (2.1,4.1)
No 2,200 (75.5) 12.3(11.7,13.1) 10.0 (9.4, 10.5) 1.9(1.6,2.3)
Unknown/no response 46.0 (1.6) 14.9 (11.0, 20.1) 12.7(9.1,17.7) 0.1(0,0.2)
Unwilling to answer 69.0 (2.4) 9.6 (7.5, 12.1) 8.0 (6.3,9.8) 0.7 (0.3, 1.1)
Contact with animals
Yes 1,713 (58.8) 10.9 (10.2,11.7) 8.4(7.8,9.0) 23(1.9,2.8)
No 1,195 (41.0) 13.4(12.6, 14.4) 11.0(10.3, 11.7) 1.7 (1.3,24)
Unknown/no response 4.0 (0.1) 7.5 (5.0, 10.0) 3.5(1.0,6.0) 4.0 (4.0, 4.0)
Self-rated contact memory accuracy
Very well 1,439 (49.4) 10.0 (9.3, 10.8) 79(7.4,8.5) 2.1(1.7,2.6)
Well 1,021 (35.1) 12.2 (11.2,13.4) 9.8 (9.2, 10.6) 1.9 (14, 2.6)
Moderate well 390 (13.4) 18.0 (16.1, 20.3) 14.1 (124, 16.2) 23(1.5,3.3)
Not well 45.0 (1.5) 16.8 (12.8,20.9) 74(58,9.1) 5.4 (2.5, 8.8)
Unknown/no response 17.0 (0.6) 13.0 (6.6, 19.4) 10.3 (4.8, 16.2) 0.6 (0.1, 1.4)
Health status
Very well 1,973 (67.8) 11.9 (11.2,12.7) 9.3(8.8,9.9) 22(1.8,2.7)
Well 641 (22.0) 122 (11.1,13.2) 10.0 (9.1, 11.0) 1.6 (1.3, 2.0)
Moderate well 229 (7.9) 11.8 (10.2, 13.5) 9.1 (7.8, 10.5) 22(1.6,2.9)
Not well 51.0(1.8) 11.5(7.7,15.5) 7.1 (4.6,10.1) 3.7(1.4,6.5)
Unknown/no response 18.0 (0.6) 11.3 (6.4, 16.7) 8.4 (4.3,13.1) 0.7 (0.1, 1.4)

2 Number of contact diaries.
b Based on 100 bootstrap samples.

number of outdoor contacts was the highest for respondents aged around 30—50 years both on workdays and weekends
(Fig. 2E). Workdays, typical days, worse self-rated contact memory accuracy, and cloudy weather were significantly associated
with larger number of outdoor contacts (Fig. 2F).

3.4. Contact patterns by age

A prominent feature of the contact matrix by age was the presence of a strong diagonal, indicating that participants in all
age groups mixed assortatively by age, with more than 85.0% of all contacts occurring within the same age group. This
assortativeness was most pronounced in the 15—19-year age group (Fig. 3 and Fig. S6). The bottom-left corner of the matrices,
corresponding to contacts between school-age children, recorded the largest number of contacts. We also found intergen-
erational contacts, such as contacts between those aged 0—10 years and those aged 20—30, contacts between those aged
20—30 and those aged 50—60, or contacts between those aged 0—10 and those aged 50—60 (Fig. 3A). For those aged 7—19,
social contacts mainly occurred in schools, while adults aged 20 years and above primarily made contacts in workplaces or
communities (Figs. S7TA—D). The indoor contact matrix was similar to the overall contact matrix, albeit with relatively fewer
contacts (Fig. 3B). The outdoor contacts were assortative by age (Fig. 3C) and mainly occurred in the community (Fig. S7I-L).
We found similar mixing patterns by age between weekends and weekdays for adults over 30 years. However, individuals
under 30 had fewer contacts during the weekend, specifically with individuals in the same age group (Fig. S8). This difference
is mainly evident for outdoor contacts. Physical contacts mainly occurred between people of the same age and between those
aged 0—10 and 20—60, primarily corresponding to the contact matrices in households and schools (Fig. 3D). Non-physical
contacts at less than 1-m distance are predominantly found among people aged 7—25 years and among people aged 30
years and above, mainly occurring in schools, workplaces or communities (Fig. 3E).

3.5. Contact patterns and transmission risk

In our baseline analysis, we assumed that all contacts had the same transmission risk. By setting Ry = 2, our mathematical
model estimated a final infection attack rate of 54.5% (95% Cl: 47.3%—60.7%) (Fig. 4A—B). By considering a 10%—90% reduction
in transmission risk for outdoor contacts relative to indoor ones, we estimated a 0%—5.0% reduction in the reproduction
number, which led to an 11.7%—36.5% reduction in the final infection attack rate. Similar reductions in the estimated
reproduction number and final infection attack rate were estimated when considering a 10%—90% reduction in transmission
risk for non-physical contacts at more than 1-m distance relative to physical or non-physical contact at less than 1-m distance
(Fig. 4A—B). A more marked reduction was observed when considering a 10%—90% reduction in transmission risk for non-
physical contacts relative to physical ones. Specifically, we estimated the reproduction number to decrease by 5.0%—45.0%,
leading to a 13.6%—99.1% decrease in the final infection attack rate. When considering the relatively lower transmission risk
for outdoor contacts, non-physical contacts, or non-physical contacts at more than 1-m distance, lower peak incidences were
observed (Fig. 4C). Regarding the infection attack rate by age, all the analyzed scenarios led to the same qualitative trend with
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higher infection rates in younger individuals. However, quantitative differences exist depending on the assumed scenarios
regarding the relative transmission risk by contact type (Fig. 4D and S9).

3.6. Sensitivity analysis

In the first scenario, the resultant estimated average number of contacts ranged from 11.2 (95% CI: 10.7—11.7) to 12.7 (95%
Cl: 12.1-13.4), and the median number of contacts ranged from 6.8 (IQR: 4.0—12.8) to 7.4 (IQR: 4.1-14.3). The relative
reproduction number (R) ranged from 1.9 (95% CI: 1.7—2.1) to 2.1 (95% CI: 1.9—2.3). In the second scenario, the estimated
average number of contacts was 11.3 (95% CI: 10.9—11.8), the median number of contacts was 7.0 (IQR: 4.0—13.0), and the
estimated R was 2.0 (95% CI: 1.8—2.3). These findings were consistent with our primary results.

4. Discussion

We conducted a social contact survey from June to October 2021 in Anhua County, Hunan Province, a rural area in Central
China. Our findings depicted that participants reported an average of 12.0 (95% Cl: 11.3—12.6) contacts per day, with
significantly more indoor than outdoor contacts. The number of contacts was associated with several socio-demographic
characteristics of the study participant, including age, level of education, income, household size, and travel patterns. Con-
tact patterns were assortative by age and differed based on the type of contact (e.g., physical versus non-physical). Finally, we
estimated the reproduction number, the infection attack rate, and the daily incidence of simulated stylized epidemics of
generic respiratory pathogens to be remarkably stable under different assumptions on the relative transmission risk of
various types of contacts (e.g., indoor versus outdoor, physical versus non-physical).

Our study is the first to quantify human-human contact patterns in rural areas of Central China. We compared our results
to other contact studies conducted in rural areas and other studies in China in urban and rural areas. In comparison to surveys
in rural areas, our mean number of daily contacts (12.0) was similar to studies in Peru (12.0) (Grijalva et al., 2015), Zimbabwe
(10.8) (Melegaro et al., 2017), and England (10.5) (Klepac et al., 2018), which was higher than those in Ethiopia (5.73—6.19)
(Trentini et al., 2021), Vietnam (7.7) (Horby et al., 2011), Uganda (7.2) (le Polain de Waroux et al., 2018), and lower than those
in rural Guangzhou (18.6) (Read et al., 2014), Kenya (17.7) (Kiti et al., 2014), and India (21.4) (Nagpal et al., 2024). Compared
with other Chinese studies, we found fewer contacts than studies in Shanghai (18.9) (Zhang et al., 2019), urban Guangzhou
(18.6) (Read et al., 2014), and Wuhan (14.6) (Zhang et al., 2020), similar numbers to studies in urban Taiwan (12.5) (Fu et al.,
2012), and higher numbers than those in Shenzhen (7.9) (Zhang et al., 2021), Changsha (9.5) (Zhang et al., 2021), and Hong
Kong (8.1) (Leung et al., 2017). The differences could result from the combined effects of study location, study population, and
survey methods. Additionally, we identified typical age assortativity in age-specific contact matrices, where individuals
predominantly interact with others of a similar age. However, strong intergenerational contacts were observed within the
population, consistent with findings from previous studies in rural areas(Leung et al., 2023; Nagpal et al., 2024) and other
regions of China (Liang et al., 2023; Wang et al., 2024; Yang et al., 2024; Zhang et al., 2019, 2020, 2021), but contrasting with
the infrequency of such interactions in European contact matrices (Mossong et al., 2008). This discrepancy may be attributed
to cultural differences, as people in rural areas and China are more likely to have adults caring for older family members and
grandparents caring for grandchildren(Li & Guo, 2022). This may lead to older adults in rural areas having a higher risk of
acquiring close-contact infections from younger people compared to those in other regions.

Contact patterns varied between workdays and weekends, primarily for students and a small portion of workers. However,
for most participants, the patterns remained similar throughout the week. This consistency is likely due to the unique
characteristics of agricultural and rural lives in Central China. In contrast, previous studies conducted in urban areas within
and outside China found more pronounced differences between workdays and weekends(Liang et al., 2023; Mossong et al.,
2008; Zhang et al., 2019). Despite the analysis being conducted in a rural area, we estimated a significantly higher number of
indoor than outdoor contacts. This is particularly relevant for studying respiratory pathogens, as they spread predominantly
indoors(Banholzer et al., 2024; Moriyama et al., 2020; Qian et al., 2021; Segal-Maurer, 2017).

According to our mathematical modeling analysis, heterogeneity in contact patterns across different age groups, social
settings, and environments translates into heterogeneous epidemiological outcomes. Our analysis also exhibits the impor-
tance of obtaining reliable estimates of the relative transmission risk of different types of contacts (e.g., physical versus non-
physical contacts or indoor versus outdoor contacts) and the effectiveness of various interventions in reducing different types
of contacts. Indeed, considering such differences could have a remarkable impact in estimating the effectiveness of public
health interventions targeting certain social settings (e.g., museums and restaurants) or restricting certain behaviors (e.g.,
being at least 1 m apart).

To interpret our findings properly, it is crucial to consider the limitations of our analysis. First, asking participants to report
their contact behaviors retrospectively can introduce recall bias. The results of the multivariate analysis support this possi-
bility, as we found that self-rated contact memory accuracy was negatively associated with the number of contacts. Likely,
participants with numerous contacts struggled to recall all individuals they encountered, leading to lower self-ratings of their
contact memory. We have put efforts to reduce recall bias during the survey: (i) Our well-trained interviewers meticulously
guided the participants in recalling their daily activities and contacts in a sequential order. (ii) We permitted participants to
report contacts with similar characteristics as a “group”, ensuring they captured a broader range of interactions without
becoming overwhelmed. (iii) We allowed participants to estimate and report the number of missing contacts, if any. Second,
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we defined group contacts to record interactions with individuals sharing identical characteristics systematically. While this
approach may have reduced the burden on the study participants, it likely came at the cost of reduced accuracy in the in-
formation collected for each contact. The participants may have grouped contacts with similar rather than identical char-
acteristics. Third, mathematical modeling analysis represents a simplified illustrative example of the spread of respiratory
pathogens with potentially different characteristics. As such, it does not consider other nuances that may shape the trans-
mission process, such as contact duration, susceptibility to infection by age, and waning immunity. Finally, we provided a
sample of contact patterns of rural Central China or other areas with similar population structure, household size, population
density, agriculture based production and lifestyle, and economic level. However, the generalization of our results to other
Chinese rural areas requires more caution. Contact surveys representing more locations and periods in China are needed in
the future.

In conclusion, our analysis provides new knowledge on contact patterns in rural areas of Central China that are relevant to
the transmission of respiratory pathogens. Future integration of contact pattern data with local epidemiological surveillance
and seroepidemiological data could represent the next step to improve our understanding of the spread of respiratory
pathogens. This could also provide major public health benefits by creating the capacity to prevent better, prepare, and
respond to infectious disease threats.

CRediT authorship contribution statement

Yuxia Liang: Writing — original draft, Visualization, Validation, Software, Project administration, Methodology, Investi-
gation, Formal analysis, Data curation. Qian You: Investigation. Qianli Wang: Investigation. Xiaohong Yang: Investigation.
Guangjie Zhong: Investigation. Kaige Dong: Investigation. Zeyao Zhao: Investigation. Nuolan Liu: Investigation. Xuemei
Yan: Investigation. Wanying Lu: Investigation. Cheng Peng: Investigation. Jiaxin Zhou: Investigation. Jiqun Lin: Investiga-
tion. Maria Litvinova: Methodology, Formal analysis. Mark Jit: Writing — review & editing, Funding acquisition. Marco Ajelli:
Writing — review & editing, Validation, Supervision, Conceptualization. Hongjie Yu: Writing — review & editing, Supervision,
Resources, Methodology, Funding acquisition, Conceptualization. Juanjuan Zhang: Writing — review & editing, Validation,
Software, Project administration, Methodology, Investigation, Funding acquisition, Formal analysis, Data curation,
Conceptualization.

Funding

This study was funded by the Shanghai Municipal Science and Technology Major Project (ZD2021CY001), the National
Institute for Health Research (NIHR) (16/137/109) using UK aid from the UK Government to support global health research,
the Key Program of the National Natural Science Foundation of China (82130093), the National Natural Science Foundation of
China (92369118 and 82304202), and Shanghai Rising-Star Program (No. 22QA1402300). The views expressed in this pub-
lication are those of the author(s) and not necessarily those of the NIHR or the UK Department of Health and Social Care.

Declaration of competing interest

H.Y. has received research funding from Sanofi Pasteur, Shenzhen Sanofi Pasteur Biological Products Co., Ltd and SINOVAC
Biotech Ltd. None of the research funding is related to this work.

Aknowledgement

The computations in this research were performed using the CFFF platform of Fudan University.
Appendix A. Supplementary data

Supplementary data to this article can be found online at https://doi.org/10.1016/j.idm.2024.12.006.

References

Banholzer, N., Schmutz, R., Middelkoop, K., Hella, J., Egger, M., Wood, R., et al. (2024). Airborne transmission risks of tuberculosis and COVID-19 in schools in
South Africa, Switzerland, and Tanzania: Modeling of environmental data. PLOS Glob Public Health, 4(1), Article e0002800.

Dhand, R., & Li, J. (2020). Coughs and sneezes: Their role in transmission of respiratory viral infections, including SARS-CoV-2. Am ] Resp Crit Care, 202(5),
651-659.

Du, Z., Liu, C,, Wang, C.,, Xu, L., Xu, M., Wang, L., et al. (2022). Reproduction numbers of severe acute respiratory syndrome coronavirus 2 (SARS-CoV-2)
variants: A systematic review and meta-analysis. Clinical Infectious Diseases, 75(1), e293—e295.

Fu, Y. C, Wang, D. W,, & Chuang, J. H. (2012). Representative contact diaries for modeling the spread of infectious diseases in Taiwan. PLoS One, 7(10), Article
e45113.

Government of Anhua County. (2021). Anhua county government work report 2021 [Available from: http://www.anhua.gov.cn/16/60/content_1473154.
html.

Government of the People’s Republic of China. Summary of the middle and high risk areas for COVID-19 in Mainland China 2021 [Available from: https://
sousuo.www.gov.cn/sousuo/search.shtml?code=17da70961a7&searchWord=%E4%B8%AD%E9%AB%98%E9%A3%8E%EI%I9%A9%ES%IC%BOBES%8C%
BA&dataTypeld=107&sign=b534f473-b741-4620-9cb0-e10f0543015b.

451


https://doi.org/10.1016/j.idm.2024.12.006
http://refhub.elsevier.com/S2468-0427(24)00132-5/sref1
http://refhub.elsevier.com/S2468-0427(24)00132-5/sref1
http://refhub.elsevier.com/S2468-0427(24)00132-5/sref2
http://refhub.elsevier.com/S2468-0427(24)00132-5/sref2
http://refhub.elsevier.com/S2468-0427(24)00132-5/sref2
http://refhub.elsevier.com/S2468-0427(24)00132-5/sref3
http://refhub.elsevier.com/S2468-0427(24)00132-5/sref3
http://refhub.elsevier.com/S2468-0427(24)00132-5/sref3
http://refhub.elsevier.com/S2468-0427(24)00132-5/sref4
http://refhub.elsevier.com/S2468-0427(24)00132-5/sref4
http://www.anhua.gov.cn/16/60/content_1473154.html
http://www.anhua.gov.cn/16/60/content_1473154.html
https://sousuo.www.gov.cn/sousuo/search.shtml?code&equals;17da70961a7&amp;searchWord&equals;%E4%B8%AD%E9%AB%98%E9%A3%8E%E9%99%A9%E5%9C%B0%E5%8C%BA&amp;dataTypeId&equals;107&amp;sign&equals;b534f473-b741-4620-9cb0-e10f0543015b
https://sousuo.www.gov.cn/sousuo/search.shtml?code&equals;17da70961a7&amp;searchWord&equals;%E4%B8%AD%E9%AB%98%E9%A3%8E%E9%99%A9%E5%9C%B0%E5%8C%BA&amp;dataTypeId&equals;107&amp;sign&equals;b534f473-b741-4620-9cb0-e10f0543015b
https://sousuo.www.gov.cn/sousuo/search.shtml?code&equals;17da70961a7&amp;searchWord&equals;%E4%B8%AD%E9%AB%98%E9%A3%8E%E9%99%A9%E5%9C%B0%E5%8C%BA&amp;dataTypeId&equals;107&amp;sign&equals;b534f473-b741-4620-9cb0-e10f0543015b
https://sousuo.www.gov.cn/sousuo/search.shtml?code&equals;17da70961a7&amp;searchWord&equals;%E4%B8%AD%E9%AB%98%E9%A3%8E%E9%99%A9%E5%9C%B0%E5%8C%BA&amp;dataTypeId&equals;107&amp;sign&equals;b534f473-b741-4620-9cb0-e10f0543015b
https://sousuo.www.gov.cn/sousuo/search.shtml?code&equals;17da70961a7&amp;searchWord&equals;%E4%B8%AD%E9%AB%98%E9%A3%8E%E9%99%A9%E5%9C%B0%E5%8C%BA&amp;dataTypeId&equals;107&amp;sign&equals;b534f473-b741-4620-9cb0-e10f0543015b
https://sousuo.www.gov.cn/sousuo/search.shtml?code&equals;17da70961a7&amp;searchWord&equals;%E4%B8%AD%E9%AB%98%E9%A3%8E%E9%99%A9%E5%9C%B0%E5%8C%BA&amp;dataTypeId&equals;107&amp;sign&equals;b534f473-b741-4620-9cb0-e10f0543015b
https://sousuo.www.gov.cn/sousuo/search.shtml?code&equals;17da70961a7&amp;searchWord&equals;%E4%B8%AD%E9%AB%98%E9%A3%8E%E9%99%A9%E5%9C%B0%E5%8C%BA&amp;dataTypeId&equals;107&amp;sign&equals;b534f473-b741-4620-9cb0-e10f0543015b
https://sousuo.www.gov.cn/sousuo/search.shtml?code&equals;17da70961a7&amp;searchWord&equals;%E4%B8%AD%E9%AB%98%E9%A3%8E%E9%99%A9%E5%9C%B0%E5%8C%BA&amp;dataTypeId&equals;107&amp;sign&equals;b534f473-b741-4620-9cb0-e10f0543015b
https://sousuo.www.gov.cn/sousuo/search.shtml?code&equals;17da70961a7&amp;searchWord&equals;%E4%B8%AD%E9%AB%98%E9%A3%8E%E9%99%A9%E5%9C%B0%E5%8C%BA&amp;dataTypeId&equals;107&amp;sign&equals;b534f473-b741-4620-9cb0-e10f0543015b
https://sousuo.www.gov.cn/sousuo/search.shtml?code&equals;17da70961a7&amp;searchWord&equals;%E4%B8%AD%E9%AB%98%E9%A3%8E%E9%99%A9%E5%9C%B0%E5%8C%BA&amp;dataTypeId&equals;107&amp;sign&equals;b534f473-b741-4620-9cb0-e10f0543015b

Y. Liang, Q. You, Q. Wang et al. Infectious Disease Modelling 10 (2025) 439—452

Grijalva, C. G., Goeyvaerts, N., Verastegui, H., Edwards, K. M., Gil, A. I, Lanata, C. F, et al. (2015). A household-based study of contact networks relevant for
the spread of infectious diseases in the highlands of Peru. PLoS One, 10(3), Article e0118457.

Hale, T.,, Angrist, N., Goldszmidt, R., Kira, B., Petherick, A., Phillips, T., et al. (2021). A global panel database of pandemic policies (Oxford COVID-19 Gov-
ernment Response Tracker). Nature Human Behaviour, 5(4), 529—538.

Horby, P, Thai, P. Q., Hens, N, Yen, N. T. T,, Mai, L. Q.,, Thoang, D. D., et al. (2011). Social contact patterns in Vietnam and implications for the control of
infectious diseases. PLoS One, 6(2), Article e16965.

Huang, Y., Cai, X, Zhang, B., Zhu, G., Liu, T., Guo, P, et al. (2020). Spatiotemporal heterogeneity of social contact patterns related to infectious diseases in the
Guangdong Province, China. Scientific Reports, 10(1), 6119.

Joint prevention and control mechanism comprehensive group for COVID-19. COVID-19 prevention and control plan [Available from: Version 8. http://
www.nhc.gov.cn/jkj/s3577/202105/6f1e8ec6c4a540d99fafef52fc86d0f8.shtml, (2021).

Kiti, M. C,, Kinyanjui, T. M., Koech, D. C., Munywoki, P. K., Medley, G. E.,, & Nokes, D. ]. (2014). Quantifying age-related rates of social contact using diaries in a
rural coastal population of Kenya. PLoS One, 9(8), Article e104786.

Klepac, P, Kissler, S., & Gog, J. (2018). Contagion! The BBC four pandemic — the model behind the documentary. Epidemics, 24, 49—59.

Kwok, K. 0., Cowling, B., Wei, V., Riley, S., & Read, ]. M. (2018). Temporal variation of human encounters and the number of locations in which they occur: A
longitudinal study of Hong Kong residents. Journal of the Royal Society, Interface, 15(138), Article 20170838.

le Polain de Waroux, O., Cohuet, S., Ndazima, D., Kucharski, A. J., Juan-Giner, A., Flasche, S., et al. (2018). Characteristics of human encounters and social
mixing patterns relevant to infectious diseases spread by close contact: A survey in southwest Uganda. BMC Infectious Diseases, 18(1), 172.

Leung, K., Jit, M., Lau, E. H. Y., & W, J. T. (2017). Social contact patterns relevant to the spread of respiratory infectious diseases in Hong Kong. Scientific
Reports, 7(1), 7974.

Leung, W. T. M., Meeyai, A., Holt, H. R,, Khieu, B., Chhay, T, Seng, S., et al. (2023). Social contact patterns relevant for infectious disease transmission in
Cambodia. Scientific Reports, 13(1), 5542.

Li, Y., & Guo, M. (2022). Filial piety matters: A study of intergenerational supports and parental health. SSM Popul Health, 18, Article 101096.

Liang, Y., Peng, C., You, Q., Litvinova, M., Ajelli, M., Zhang, J., et al. (2023). Estimating changes in contact patterns in China over the first year of the COVID-19
pandemic: Implications for SARS-CoV-2 spread - four cities, China, 2020. China CDC Wkly, 5(5), 113—119.

Liu, Q.-H., Ajelli, M., Aleta, A., Merler, S., Moreno, Y., & Vespignani, A. (2018). Measurability of the epidemic reproduction number in data-driven contact
networks. Proceedings of the National Academy of Sciences of the U S A, 115(50), 12680—12685.

Melegaro, A., Del Fava, E., Poletti, P., Merler, S., Nyamukapa, C., Williams, J., et al. (2017). Social contact structures and time use patterns in the manicaland
province of Zimbabwe. PLoS One, 12(1), Article e0170459.

MERRA-2 tavgl_2d_Ind_Nx. (2015). tavgl_2d_rad_Nx, tavgl_2d_slv_Nx: 2d,1-Hourly, time-averaged, single-level, assimilation, diagnostics V5.12.4
(M2T1NXSLV), land surface diagnostics V5.12.4 (M2T1NXLND), radiation diagnostics V5.12.4 (M2T1NXRAD) [cited 2024-12-17]. Available from: https://
xihe-energy.com/.

Moriyama, M., Hugentobler, W. J., & Iwasaki, A. (2020). Seasonality of respiratory viral infections. Annu Rev Virol, 7(1), 83—101.

Mossong, J., Hens, N., Jit, M., Beutels, P., Auranen, K., Mikolajczyk, R., et al. (2008). Social contacts and mixing patterns relevant to the spread of infectious
diseases. PLoS Medicine, 5(3), Article e74.

Mousa, A., Winskill, P., Watson, O. J., Ratmann, O., Monod, M., Ajelli, M., et al. (2021). Social contact patterns and implications for infectious disease
transmission - a systematic review and meta-analysis of contact surveys. Elife, 10.

Nagpal, S., Kumar, R., Noronha, R. F, Kumar, S., Gupta, D., Amarchand, R., et al. (2024). Seasonal variations in social contact patterns in a rural population in
north India: Implications for pandemic control. PLoS One, 19(2), Article e0296483.

National Bureau of Statistics of China. China Population Census Yearbook 2020 2022 [Available from: https://www.stats.gov.cn/sj/pcsj/rkpc/7rp/indexch.
htm.

National Health Commission of China. Reports on the Prevention and Control of the COVID-19 Epidemic in China 2021 [Available from: http://www.nhc.gov.
cn/xcs/yqtb/list_gzbd.shtml.

Qian, H., Miao, T, Liu, L., Zheng, X., Luo, D., & Li, Y. (2021). Indoor transmission of SARS-CoV-2. Indoor Air, 31(3), 639—645.

Read, J. M., Lessler, ]., Riley, S., Wang, S., Tan, L. J., Kwok, K. O., et al. (2014). Social mixing patterns in rural and urban areas of southern China. Proceedings of
the Royal Society B: Biological Sciences, 281(1785), Article 20140268.

Segal-Maurer, S. (2017). Tuberculosis in enclosed populations. Microbiology Spectrum, 5(2), 1-21.

Trentini, F.,, Guzzetta, G., Galli, M., Zardini, A., Manenti, ., Putoto, G., et al. (2021). Modeling the interplay between demography, social contact patterns, and
SARS-CoV-2 transmission in the south west shewa zone of oromia region, Ethiopia. BMIC Medicine, 19(1).

Van Hoang, T., Coletti, P., Melegaro, A., Wallinga, ]J., Grijalva, C. G., Edmunds, J. W., et al. (2019). A systematic review of social contact surveys to inform
transmission models of close-contact infections. Epidemiology.

Wang, M., Wang, C., Gui, G., Guo, F, Zha, R., & Sun, H. (2024). Social contacts patterns relevant to the transmission of infectious diseases in Suzhou, China
following the COVID-19 epidemic. Journal of Health, Population and Nutrition, 43(1), 58.

World Health Organization. WHO COVID-19 dashboard 2024 [Available from: https://data.who.int/dashboards/covid19/deaths?n=c.

Xu, X., Wu, Y., Kummer, A. G., Zhao, Y., Hu, Z., Wang, Y., et al. (2023). Assessing changes in incubation period, serial interval, and generation time of SARS-
CoV-2 variants of concern: A systematic review and meta-analysis. BMC Medicine, 21(1), 374.

Yang, M. Y., Chen, C, Zhang, X. B,, Cao, K. X,, Du, Y. X,, Jiang, D. X,, et al. (2024). Social contact patterns with acquaintances and strangers related to influenza
in the post-pandemic era. J Public Health-Heid.

Zhang, J., Klepac, P, Read, J. M., Rosello, A., Wang, X., Lai, S., et al. (2019). Patterns of human social contact and contact with animals in Shanghai, China.
Scientific Reports, 9(1), Article 15141.

Zhang, J., Litvinova, M., Liang, Y., Wang, Y., Wang, W., Zhao, S., et al. (2020). Changes in contact patterns shape the dynamics of the COVID-19 outbreak in
China. Science, 368(6498), 1481—-1486.

Zhang, ]., Litvinova, M,, Liang, Y., Zheng, W., Shi, H., Vespignani, A., et al. (2021). The impact of relaxing interventions on human contact patterns and SARS-
CoV-2 transmission in China. Science Advances, 7(19).

452


http://refhub.elsevier.com/S2468-0427(24)00132-5/sref7
http://refhub.elsevier.com/S2468-0427(24)00132-5/sref7
http://refhub.elsevier.com/S2468-0427(24)00132-5/sref8
http://refhub.elsevier.com/S2468-0427(24)00132-5/sref8
http://refhub.elsevier.com/S2468-0427(24)00132-5/sref8
http://refhub.elsevier.com/S2468-0427(24)00132-5/sref9
http://refhub.elsevier.com/S2468-0427(24)00132-5/sref9
http://refhub.elsevier.com/S2468-0427(24)00132-5/sref10
http://refhub.elsevier.com/S2468-0427(24)00132-5/sref10
http://www.nhc.gov.cn/jkj/s3577/202105/6f1e8ec6c4a540d99fafef52fc86d0f8.shtml
http://www.nhc.gov.cn/jkj/s3577/202105/6f1e8ec6c4a540d99fafef52fc86d0f8.shtml
http://refhub.elsevier.com/S2468-0427(24)00132-5/sref12
http://refhub.elsevier.com/S2468-0427(24)00132-5/sref12
http://refhub.elsevier.com/S2468-0427(24)00132-5/sref13
http://refhub.elsevier.com/S2468-0427(24)00132-5/sref13
http://refhub.elsevier.com/S2468-0427(24)00132-5/sref13
http://refhub.elsevier.com/S2468-0427(24)00132-5/sref14
http://refhub.elsevier.com/S2468-0427(24)00132-5/sref14
http://refhub.elsevier.com/S2468-0427(24)00132-5/sref15
http://refhub.elsevier.com/S2468-0427(24)00132-5/sref15
http://refhub.elsevier.com/S2468-0427(24)00132-5/sref16
http://refhub.elsevier.com/S2468-0427(24)00132-5/sref16
http://refhub.elsevier.com/S2468-0427(24)00132-5/sref17
http://refhub.elsevier.com/S2468-0427(24)00132-5/sref17
http://refhub.elsevier.com/S2468-0427(24)00132-5/sref18
http://refhub.elsevier.com/S2468-0427(24)00132-5/sref19
http://refhub.elsevier.com/S2468-0427(24)00132-5/sref19
http://refhub.elsevier.com/S2468-0427(24)00132-5/sref19
http://refhub.elsevier.com/S2468-0427(24)00132-5/sref20
http://refhub.elsevier.com/S2468-0427(24)00132-5/sref20
http://refhub.elsevier.com/S2468-0427(24)00132-5/sref20
http://refhub.elsevier.com/S2468-0427(24)00132-5/sref21
http://refhub.elsevier.com/S2468-0427(24)00132-5/sref21
https://xihe-energy.com/
https://xihe-energy.com/
http://refhub.elsevier.com/S2468-0427(24)00132-5/sref23
http://refhub.elsevier.com/S2468-0427(24)00132-5/sref23
http://refhub.elsevier.com/S2468-0427(24)00132-5/sref24
http://refhub.elsevier.com/S2468-0427(24)00132-5/sref24
http://refhub.elsevier.com/S2468-0427(24)00132-5/sref25
http://refhub.elsevier.com/S2468-0427(24)00132-5/sref25
http://refhub.elsevier.com/S2468-0427(24)00132-5/sref26
http://refhub.elsevier.com/S2468-0427(24)00132-5/sref26
https://www.stats.gov.cn/sj/pcsj/rkpc/7rp/indexch.htm
https://www.stats.gov.cn/sj/pcsj/rkpc/7rp/indexch.htm
http://www.nhc.gov.cn/xcs/yqtb/list_gzbd.shtml
http://www.nhc.gov.cn/xcs/yqtb/list_gzbd.shtml
http://refhub.elsevier.com/S2468-0427(24)00132-5/sref29
http://refhub.elsevier.com/S2468-0427(24)00132-5/sref29
http://refhub.elsevier.com/S2468-0427(24)00132-5/sref30
http://refhub.elsevier.com/S2468-0427(24)00132-5/sref30
http://refhub.elsevier.com/S2468-0427(24)00132-5/sref31
http://refhub.elsevier.com/S2468-0427(24)00132-5/sref31
http://refhub.elsevier.com/S2468-0427(24)00132-5/sref32
http://refhub.elsevier.com/S2468-0427(24)00132-5/sref32
http://refhub.elsevier.com/S2468-0427(24)00132-5/sref33
http://refhub.elsevier.com/S2468-0427(24)00132-5/sref33
http://refhub.elsevier.com/S2468-0427(24)00132-5/sref34
http://refhub.elsevier.com/S2468-0427(24)00132-5/sref34
https://data.who.int/dashboards/covid19/deaths?n&equals;c
https://data.who.int/dashboards/covid19/deaths?n&equals;c
http://refhub.elsevier.com/S2468-0427(24)00132-5/sref36
http://refhub.elsevier.com/S2468-0427(24)00132-5/sref36
http://refhub.elsevier.com/S2468-0427(24)00132-5/sref37
http://refhub.elsevier.com/S2468-0427(24)00132-5/sref37
http://refhub.elsevier.com/S2468-0427(24)00132-5/sref38
http://refhub.elsevier.com/S2468-0427(24)00132-5/sref38
http://refhub.elsevier.com/S2468-0427(24)00132-5/sref39
http://refhub.elsevier.com/S2468-0427(24)00132-5/sref39
http://refhub.elsevier.com/S2468-0427(24)00132-5/sref39
http://refhub.elsevier.com/S2468-0427(24)00132-5/sref40
http://refhub.elsevier.com/S2468-0427(24)00132-5/sref40

	Social contact patterns and their impact on the transmission of respiratory pathogens in rural China
	1. Introduction
	2. Methods
	2.1. Study site and time
	2.2. Study participants
	2.3. Data collection
	2.4. Statistical analysis
	2.4.1. Covariates
	2.4.2. Characterization of human-to-human contact patterns
	2.4.3. Contact matrices by age
	2.4.4. Transmission model
	2.4.5. Sensitivity analysis

	2.5. Ethical approval

	3. Results
	3.1. Analyzed sample
	3.2. Number of contacts
	3.3. Determinants of contact patterns
	3.4. Contact patterns by age
	3.5. Contact patterns and transmission risk
	3.6. Sensitivity analysis

	4. Discussion
	CRediT authorship contribution statement
	Funding
	Declaration of competing interest
	Aknowledgement
	Appendix A. Supplementary data
	References


