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A B S T R A C T   

We measured contact patterns using online diaries for 304 employees of 3 U.S. companies working remotely. The 
median number of daily contacts was 2 (IQR 1-4); majority were conversation (55 %), occurred at home (64 %) 
and lasted >4 h (38 %). These data are crucial for modeling outbreak control among the workforces.   

1. Introduction 

The workplace is a key setting for social interactions and respiratory 
infection transmission, where 16 % (range 9–33 %) of influenza trans-
mission is estimated to occur (Edwards et al., 2016). Accordingly, the 
workplace is an important setting to reduce severe acute respiratory 
syndrome coronavirus 2 (SARS-COV-2) transmission through policies 
including remote work. In models of infection transmission, the force of 
infection depends on the rate of inter-personal social contacts and an 
estimate of the probability of virus transmission during contact. The 
potential impact of remote work on SARS-COV-2 transmission can be 
quantified by assessing changes in social contact patterns (Del Fava 
et al., 2020; Zhang et al., 2020). Contact patterns are used to parame-
terize mathematical models and may be used to forecast epidemics and 
simulate the effects of interventions. Models are highly sensitive to the 
nature and frequency of contacts that individuals make within different 
settings. 

There is a dearth of social contact data for the United States, espe-
cially in workplaces. One published telephone study from one US state 

reported variation by age, day of the week and holiday period (Deste-
fano et al., 2011). Along with households, adults spend most of their 
time at work (American Time Use Survey Home Page, 2020) where 
20–25 % of their contacts are with individuals from diverse ages and 
neighborhoods (Edwards et al., 2016). In mid-April 2020, 62 % of 
employed adults in the US reported working remotely in response to the 
COVID-19 pandemic (PWC’s US Remote Work Survey, 2020). Our study 
aimed to characterize social contact patterns among employees in the US 
during the COVID-19 pandemic. 

2. Methods 

Researchers in this study partnered with the Rollins School of Public 
Health, Emory University, to recruit 3 companies in Atlanta Georgia, 
through convenience sampling. Two of these offer consulting services 
(N1 = 275, N2 = 3000) with employees across all US states while the 
third offers administrative services to a university (N3 = 560), where Ni 
represents number of employees per company. Company officials sent 
emails inviting all staff working in their US offices to participate. 
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Participants opted into the study by consenting online. Each participant 
completed an enrolment survey which collected information on socio- 
demographics, the workplace, and household structure. Participants 
were expected to complete two consecutive days of online diaries 
through a personalized emailed survey link. Multiple daily contacts with 
the same person were recorded once, as well as the total time spent with 
that person. Contact with the same person on both days was counted as 
two contacts. A contact was defined as either non-physical (a two-way 
conversation with three or more words exchanged in the physical 
presence of another person) or physical (directly touching someone, 
either skin-to-skin or over the clothes). Remote work was defined as 
working from a location outside their designated site of work, including 
home or a public space. Each contact was characterized by age, sex, 
duration and location. For the second day of contact diary, we asked if 
each contact was repeated from the first day to assess contact persis-
tence. Data were collected from April to June 2020. 

We summarized the median number of contacts per person per day 
stratified by age group, sex, race and household structure of the 
participant. Contact matrices were calculated by dividing the age group- 
specific number of contacts by the number of participants in that age 
group and stratified by contact type, location and repeat. We used four 
age groups for the participants (20–29, 30–39, 40–59, 60+ years) and 
six age groups for the contacts (0–9, 10–19, 20–29, 30–39, 40–59, 60+
years). We assessed mixing within same age groups (assortative mixing) 
using the Q index (Iozzi et al., 2010) (Supplementary text 1). To make 
our results representative of age-specific mixing patterns among US of-
fice workers during the pandemic, we weighted the contact matrix with 
age-specific employee data for office workers from the US Bureau of 
Labor Statistics (U.S. Bureau of Labor Statistics, 2021). Analyses were 
done in R v3.6.2. Ethical approval was given by Yale University (IRB# 
2000026906). 

3. Results 

The overall response rate for the first day of the contact diary was 9.3 
% (357/3,835), of which 304 (85 %) participants completed both days 
of contact diary. Because we found no substantial differences in char-
acteristics between participants who completed one day only and both 
days, main results are summarized for the individuals who completed 
both. 

The median age of the participants was 36 years (range 21–78) with 
around 50 % aged 20–39 years and 10 % older than 60 years (Table 1). 
The majority self-identified as white (58 %) and women (61 %). Most 
participants reported at least a bachelor’s degree (94 %), and all worked 
in office-based roles such as analysts, consultants, and managers. 
Household structures ranged from living with spouse only (32 %), 
spouse and children only (25 %), parent (8%), roommate or sibling (13 
%) or alone (15 %); the most common state of residence was Georgia (49 
%). Almost all participants worked remotely on the day of diary 
completion (95 %). 

A median of 2 contacts (IQR: 1-4, range: 0-21) was reported per 
respondent on both days. Over both days, a median of 2 contacts (IQR: 1- 
4) was reported. The number of contacts differed by household structure 
but not by sex, age group, race or ethnicity. Individuals living alone or 
living with their spouse only reported a median of 0 contacts (IQR: 0-2) 
which was lower than individuals living with spouse and children, sib-
ling or roommate or with at least a parent (median 3; Table 1). 

Of the 608 diary-days, 202 (33 %) were collected in April and 406 
(67 %) were collected in May and June. Among the 1,548 social contacts 
reported across two days of data collection, 54 % were conversation 
only, 12 % were physical contact only, and 34 % were conversation and 
physical contact (Fig. 1). Among these, 64 % occurred at home, 14 % on 
the streets or at stores, 6 % at work, and 5% at another person’s home 
(Fig. 1 Panel A). We report both long lasting (38 % of contacts lasting 
>4 h) and short (32 % lasting <15 min) contacts: 97 % of long-lasting 
contacts occurred at the participant’s home while 78 % of short 

contacts occurred outside. Sixty two percent of contacts were repeated 
over both days of data collection and 87 % of repeat contacts occurred in 
the participant’s home. 

The age-stratified contact matrix (Fig. 1 Panel B) details average 
contacts made by participants and contacts within and across age 
groups. The peak mean numbers of contacts were on the main diagonal, 
indicating preferential mixing among individuals of the same age group. 
However, there was little evidence of assortative mixing by age for 
contacts above 20 years (Q index = 0.27). The mixing matrix also shows 
inter-generational mixing involving 30–59-year-old participants and 
children. 

Table 1 
Distribution of participant characteristics (n = 304) and the median and inter-
quartile range (IQR) of contacts reported on the first day and over the two study 
days, April to June 2020.    

Total 
(%) 

Median (IQR) 
Contacts – First 
day 

Daily Median 
(IQR) Contacts – 
over two days 

Company Accenture 39 
(12.8 
%) 

2 (1–3.5) 2 (1–3)  

Guidehouse 178 
(58.6 
%) 

2 (1–4) 2 (1–4)  

Emory 1599 87 
(28.6 
%) 

2 (1–4) 2 (1–4) 

Sex Women 184 
(60.5) 

2 (1–4) 2 (1–4)  

Men 116 
(38.2) 

2 (1–4) 2 (1–4)  

Prefer not to 
answer 

4 (1.3) 0.5 (0–1.5) 1 (0–1.5) 

Age Group 
(years) 

20–29 90 
(29.6) 

2 (1–3) 2 (1–3)  

30–39 76 
(25.0) 

2 (1–3) 2 (1–3)  

40–49 60 
(19.7) 

3 (2–5) 3 (1–5)  

50–59 49 
(16.1) 

2 (1–3) 2 (1–3)  

60+ 29 
(9.5) 

2 (1–4) 2 (1–4) 

Race Black 26 
(8.6) 

2.5 (1–4) 2 (1–4)  

White 174 
(57.2) 

2 (1–4) 2 (1–4)  

Asian 48 
(15.8) 

2 (0.8–3) 1 (1–3)  

Mixed 52 
(17.1) 

2 (1–4) 2 (1–4)  

Other 4 (1.3) 3 (1.8–4.3) 3 (1–4) 
Hispanic or 

Latino 
Yes 14 

(4.6) 
3 (1.3–5) 3 (1–4)  

No 290 
(95.4) 

2 (1–4) 2 (1–4) 

Household 
structure a 

Live alone 44 
(14.5) 

0.5 (0–2) 0 (0–2)  

Live with 
parent 

26 
(8.6) 

3 (2–5.8) 3 (2–5)  

Roommate or 
sibling 

39 
(12.8) 

3 (2–5) 3 (1–4)  

Spouse and 
children 

76 
(25.0) 

3 (2–5) 3 (2–4)  

Spouse only 97 
(31.9) 

1 (1–2) 1 (1–2)  

Other b 22 
(7.2) 

3 (2–4) 2 (1–4)  

a Household structure was considered as living with parent if the participant 
lived with parent regardless of who else was in the house. This category includes 
households with parents, participant, spouse; parents, participant, children etc. 

b Others are living with children only, grandchildren, grandparents, friends, 
niece, nephew, tenant and au pair. 
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4. Discussion 

Participating study employees reported few contacts during this time 
when shelter-in-place orders were in effect in Georgia and most other 
states. The majority of the contacts occurred at home and were repeated 
rather than new, which may reduce the overall size of an outbreak 
(Smieszek, 2009). As such, employees in this survey were not making 
many new contacts outside the household during this phase of the 
pandemic, which could limit community transmission risk but increase 
risk of infections clustered in the households. The duration of contact is 
important in models to define heterogeneous transmission probabilities 
based on age-specific exposure-time to infectious agents during contacts 
(Smieszek, 2009). The duration of contact can also be used in network 
models of transmission dynamics. Network models represent persistent 
contacts, in order to explicitly represent the repeated set of exposures 
between the same set of persons in the population over time (Jenness 
et al., 2020). Persistent contacts are important to incorporate in settings 
or situations where the assumptions of standard compartmental models 
(a homogenous well-mixed population) may be violated. By disen-
tangling one-time versus repeated exposures in this data, we provide the 
necessary empirical framework for parameterizing these models. 

Employees from 3 companies were recruited online; employees 
opted-in the study which elicited fewer responses than expected despite 
regular reminders and monetary incentives. Employees interested in 
public health or who adhered to social distancing policies may have 
been more likely to respond to our surveys. Public health messaging 
calling for social distancing may have also created stigma around 
reporting high contact rates resulting in the low contact rates reported in 
this study. This study purposively selected individuals from job cate-
gorized as management occupations, business and financial operations 
occupations, computer and mathematical occupations and life physical 
and social science occupations (U.S. Bureau of Labor Statistics, 2021). 
Nevertheless, the distribution of population by age and job category is 
similar to the overall distribution of employees aged >16 years, thus we 
represent a diverse cross-section of the working population as shown in 
Table 1. To account for the non-probability sampling, we performed post 

hoc weighting and adjusted for reciprocity similar to other studies 
(Supplementary Information 2). This resulted to a symmetric matrix 
with lower contact rates along the diagonal. 

We lack pre-pandemic data from this specific population for direct 
comparison, but other studies in the UK (Klepac et al., 2020) and China 
(Zhang et al., 2020) report reduced contact rates by office workers 
during the pandemic. Data provided from this study can be combined 
with other population-based data sources from earlier studies (such as 
POLYMOD (Mossong et al., 2008) or studies by UC Berkeley (Feehan and 
Mahmud, 2021) to represent general community. Similarly, many U.S. 
companies instituted work-from-home policies (PWC’s US Remote Work 
Survey, 2020), likely reducing total number of contacts in workplaces 
and non-household settings, while increasing the intensity and duration 
of household contacts. In subsequent rounds of the study, we will assess 
changes in contact patterns as physical distancing restrictions are eased 
and employees return to work in office settings. We will also adjust for 
sex, age group and region based on company-specific data or nationally 
representative census data. In future, we will use the contact pattern 
data to parameterize mathematical models describing risk of disease 
transmission and investigate prevention and control strategies in the 
home and workplace. 
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