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Before the COVID-19 pandemic, at most 5% of Americans 
worked from home for more than three days per week1, 
whereas it is estimated that, by April 2020, as many as 37% 

of Americans were working from home (WFH) full-time2,3. Thus, 
in a matter of weeks, the pandemic caused about one-third of US 
workers to shift to WFH and nearly every American that was able 
to work from home did so4. Many technology companies, such as 
Twitter, Facebook, Square, Box, Slack and Quora, have taken this 
shift one step further by announcing longer term and, in some 
cases permanent, remote work policies that will enable at least some 
employees to work remotely, even after the pandemic5,6. More gen-
erally, COVID-19 has accelerated the shift away from traditional 
office work, such that even firms that do not keep full-time remote 
work policies in place after the pandemic has ended are unlikely to 
fully return to their pre-COVID-19 work arrangements7. Instead, 
they are likely to switch to some type of hybrid work model, in 
which employees split their time between remote and office work, 
or a mixed-mode model, in which firms are comprised of a mixture 
of full-time remote employees and full-time office employees. For 
example, some scholars predict a long-run equilibrium in which 
information workers will work from home approximately 20% of 
the time1. For long-term policy decisions regarding remote, hybrid 
and mixed-mode work to be well informed, decision makers need 
to understand how remote work would impact information work in 
the absence of the effects of COVID-19. To answer this question, we 
treat Microsoft’s company-wide WFH policy during the pandemic 
as a natural experiment that, subject to the validity of our iden-
tifying assumptions, enables us to causally identify the impact of 
firm-wide remote work on employees’ collaboration networks and 
communication practices.

Previous research has shown that network topology, including 
the strength of ties, has an important role in the success of both 
individuals and organizations. For individuals, it is beneficial to 
have access to new, non-redundant information through connec-
tions to different parts of an organization’s formal organizational 
chart and through connections to different parts of an organization’s 

informal communication network8. Furthermore, being a conduit 
through which such information flows by bridging ‘structural 
holes’9 in the organization can have additional benefits for indi-
viduals10. For firms, certain network configurations are associated 
with the production of high-quality creative output11, and there is 
a competitive advantage to successfully engaging in the practice of 
‘knowledge transfer,’ in which experiences from one set of people 
within an organization are transferred to and used by another set 
of people within that same organization12. Conditional on a given 
network position or configuration, the efficacy with which a given 
tie can transfer or provide access to novel information depends on 
its strength. Two people connected by a strong tie can often transfer 
information more easily (as they are more likely to share a common 
perspective), to trust one another, to cooperate with one another, 
and to expend effort to ensure that recently transferred knowledge 
is well understood and can be utilized10,13–15. By contrast, weak ties 
require less time and energy to maintain8,16 and are more likely to 
provide access to new, non-redundant information8,17,18.

Our results show that the shift to firm-wide remote work caused 
business groups within Microsoft to become less interconnected. 
It also reduced the number of ties bridging structural holes in 
the company’s informal collaboration network, and caused indi-
viduals to spend less time collaborating with the bridging ties that 
remained. Furthermore, the shift to firm-wide remote work caused 
employees to spend a greater share of their collaboration time with 
their stronger ties, which are better suited to information transfer, 
and a smaller share of their time with weak ties, which are more 
likely to provide access to new information.

Previous research has also shown that the performance of work-
ers is affected not only by the structure of the network and the 
strength of their ties, but also by the temporal dynamics of the net-
work. Not only do the benefits of different types of ties vary with 
their age19, but people also benefit from changing their network 
position20–22, adding new ties23,24 and reconnecting with dormant 
ties25. We find that the shift to firm-wide remote work may have 
reduced these benefits by making the collaboration network of 
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workers more static—individuals added and deleted fewer ties from 
month-to-month and spent less time with newly added ties.

Existing theoretical perspectives and empirical results suggest 
that knowledge transfer and collaboration are also affected by the 
modes of communication that workers use to collaborate with one 
another. On the theoretical front, media richness theory26,27 posits 
that richer communication channels, such as in-person interaction, 
are best suited to communicating complex information and ideas. 
Moreover, media synchronicity theory28 proposes that asynchro-
nous communication channels (such as email) are better suited for 
conveying information and synchronous channels (such as video 
calls) are better suited for converging on the meaning of informa-
tion. There is also a rich body of empirical research that documents 
the myriad implications of communication media choice for organi-
zations. For example, previous research has shown that establishing 
a rapport, which is an important precursor to knowledge transfer, is 
impeded by email use29, and that in-person and phone/video com-
munication are more strongly associated with positive team perfor-
mance than email and instant message (IM) communication30.

Remote work obviously eliminates in-person communication; 
however, we found that people did not simply replace in-person 
interactions with video and/or voice calls. In fact, we found that 
shifting to firm-wide remote work caused an overall decrease in 
observed synchronous communication such as scheduled meet-
ings and audio/video calls. By contrast, we found that remote work 
caused employees to communicate more through media that are 
more asynchronous—sending more emails and many more IMs. 
Media richness theory, media synchronicity theory and previ-
ous empirical studies all suggest that these communication media 
choices may make it more difficult for workers to convey and/or 
converge on the meaning of complex information.

There is a large body of academic research across multiple dis-
ciplines that has studied remote work, virtual teams and telecom-
muting (see ref. 31 for a review of much of this work), including 
previous research studies that examined the network structure of 
virtual teams and how individual network position in virtual teams 
correlates with performance32–34. During the COVID-19 pandemic, 
there has been renewed public and academic interest in how virtual 
teams function. Recent analyses of telemetry and survey data show 
that the pandemic has affected both the who and the how of col-
laboration in information firms—while working remotely during 
the pandemic, workers are spending less time in meetings35, com-
municating more by email35, collaborating more with their strong 
ties as opposed to their weak ties36, and exhibiting patterns of com-
munication that are more siloed and less stable37. However, these 
analyses, like much of the previous research on remote work, vir-
tual teams and telecommuting, are non-causal31 and are therefore 
unable to separate the effects of remote work from the effects of 
pandemic-related confounding factors, such as reduced focus due 
to COVID-19-related stress or increased caregiving responsibili-
ties while sheltering in place. Although previous research on the 
causal effects of remote work does exist, this work has mainly stud-
ied employees who volunteer to work remotely, and has focused on  
settings such as call centres and patent offices38,39 where, relative to 
the majority of information work, tasks are more easily codifiable 
and are less likely to depend on collaboration or the transfer of com-
plex knowledge.

In this article, we contribute to the research literatures on remote 
work, virtual teams and telecommuting by analysing the large-scale 
natural experiment created by Microsoft’s firm-wide WFH policy 
during the COVID-19 pandemic. As remote work was mandatory 
during the pandemic, we are able to quantify the effects of firm-wide 
remote work, which are most relevant for firms considering a tran-
sition to an all-remote workforce. Furthermore, as our model speci-
fication decomposes the overall effects of firm-wide remote work 
into ego remote work and collaborator remote work effects, our 

results also provide some insight into the possible impacts of remote 
work policies such as mixed-mode work and hybrid work.

Results
We analysed anonymized individual-level data describing the 
communication practices of 61,182 US Microsoft employees 
from December 2019 to June 2020—data from before and after 
Microsoft’s shift to firm-wide remote work (our data on workers’ 
choice of communication media goes back only to February 2020). 
Our sample contains all US Microsoft employees except for those 
who hold senior leadership positions and/or are members of teams 
that routinely handle particularly sensitive data. Given the scope 
of our dataset, the workers in our sample perform a wide variety 
of tasks, including software and hardware development, marketing 
and business operations. For each employee, we observe (1) their 
remote work status before the COVID-19 pandemic, and what 
share of their colleagues were remote workers before the COVID-19  
pandemic; (2) their managerial status, the business group they 
belong to, their role and the length of their tenure at Microsoft as of 
February 2020; (3) a weekly summary of the amount of time spent 
in scheduled meetings, time spent in unscheduled video/audio calls, 
emails sent and IMs sent, and the length of their workweek; and 
(4) a monthly summary of their collaboration network. Before the 
COVID-19 pandemic, managers at Microsoft used their own dis-
cretion in deciding whether an employee could work from home, 
which was the exception rather than the norm.

The natural experiment that we analysed came from the 
company-wide WFH mandate Microsoft enacted in response 
to COVID-19. On 4 March 2020, Microsoft mandated that all 
non-essential employees in their Puget Sound and Bay Area cam-
puses shift to full-time WFH. Other locations followed suit and, by 
1 April 2020, all non-essential US Microsoft employees were WFH 
full-time. Before the onset of the pandemic, 18% of US Microsoft 
employees were working remote from their collaborators. For this 
subset of employees, the shift to firm-wide remote work did not 
cause a change in their own remote work status, but did induce vari-
ation in the share of their colleagues who were working remotely. 
For the remaining 82% of US Microsoft employees, the shift to 
firm-wide remote work induced variation in both their own remote 
work status and in the remote work status of their coworkers.

We analysed this natural experiment using a modified 
difference-in-differences (DiD) model. Standard DiD is an econo-
metric approach that enables researchers to infer the causal effect of 
a treatment by comparing longitudinal data from at least two groups, 
some of which are ‘treated’ and some of which are not. Provided 
that the identifying assumptions of the DiD model are satisfied, the 
causal effect of the treatment is obtained by comparing the mag-
nitude of the gap between the treated and untreated groups after 
the treatment is delivered with the magnitude of the gap between 
the groups before the treatment is delivered. Our modified DiD 
model extends the standard DiD model by estimating the causal 
effects of changes in two different treatment variables (one’s own 
remote work status and the remote work status of one’s colleagues) 
and by introducing additional identifying assumptions such that it 
is possible to draw causal inferences in the presence of an additional 
shock (in our case, the non-WFH-related aspects of COVID-19) 
that affects both treated and untreated units, and is concurrent with 
the exogenous shock(s) to our treatment variables. The time series 
trends shown in Fig. 1 suggest that the identifying assumptions of 
our modified DiD model are plausible; further details on the model 
are provided in the Methods.

In all of the analyses that follow, we cannot report the actual level 
of our outcome variables due to confidentiality concerns. Instead, 
throughout the paper we report outcomes and effects in terms of 
February value (FV)—the average level of that variable (for exam-
ple, number of bridging ties) for all US employees in February.
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Effects of remote work on collaboration networks. We start by 
presenting the non-causal time-series trends for different collabo-
ration network outcomes across our entire sample. These trends 
provide insights into how work practices have changed during the 
COVID-19 pandemic, and also represent the type of data that many 
executives may use when making decisions regarding their firm’s 
long-term remote work policy.

Descriptive statistics. Figure 2 shows the average monthly time 
series for various aspects of workers’ collaboration egocentric (ego) 
networks from December 2019 to June 2020: the number of con-
nections, the number of groups interacted with, the number of 
and share of time with cross-group connections, the number and 
share of time with bridging connections, the clustering coefficient, 
the share of time with weak connections, the number of churned 
and added connections, and the share of time with added connec-
tions. Mathematical definitions for these measures are provided in 
the Methods. Although we did not find evidence of a clear pattern 
of change around the shift to firm-wide remote work for many of 
these measures, we did observe large changes in the average shares 
of monthly collaboration hours spent with cross-group ties, bridg-
ing ties, weak ties and added ties, which all decreased precipitously 
between February and June.

Causal analysis. We next used our modified DiD model to isolate 
the effects of firm-wide remote work on the collaboration net-
work, which are shown in Fig. 3. Although we found no effect on 
the number of collaborators that employees had (the size of their 
collaboration ego network), we did find that firm-wide remote 
work decreased the number of distinct business groups that an 

employee was connected to by 0.07 FV (P < 0.001, 95% confidence 
interval (CI) = 0.05–0.10). Firm-wide remote work also decreased 
the cross-group connections of workers by 0.04 FV (P = 0.008, 
95% CI = 0.01–0.07) and the share of collaboration time workers 
spent with cross-group connections by 0.26 FV (P < 0.001, 95%  
CI = 0.23–0.29). In other words, firm-wide remote work caused an 
overall decrease in the number of cross-group interactions and the 
fraction of attention paid to groups other than one’s own.

Although formal organizational boundaries shape informal 
interactions40, the formal organization of firms and their infor-
mal social structure are two distinct, interrelated concepts41. 
Connections that provide access to diverse teams may not bridge 
structural holes in the network sense9, and connections that bridge 
structural holes in the network sense may not provide access to dif-
ferent parts of the formal organizational chart. We therefore also 
analysed how the shift to firm-wide remote work affected the struc-
tural diversity of employees’ ego networks with respect to the firm’s 
observed communication network, as opposed to the formal orga-
nizational chart. We label each tie as ‘bridging’ or ‘non-bridging’ on 
the basis of its local network constraint, which is a measure of the 
extent to which a given tie bridges structural holes in a network9,42. 
We then measured the effect of firm-wide remote work on the num-
ber of bridging ties that each worker had and the amount of time 
that each worker spent with their bridging ties. We found that, on 
average, firm-wide remote work decreased the number of bridg-
ing ties by 0.09 FV (P < 0.001, 95% CI = 0.06–0.13) and the share of 
time with bridging ties by 0.41 FV (P < 0.001, 95% CI = 0.35–0.47). 
The fact that firm-wide remote work caused workers to have fewer 
bridging ties, and to spend less time with their remaining bridg-
ing ties, suggests that firm-wide remote work may have reduced the  
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Fig. 1 | Time trend comparisons. a–d, The average number of bridging ties per month (a,c) and the average unscheduled video/audio call hours per week 
(b,d) for different groups of employees, relative to the overall average in February. These plots establish the plausibility of the ‘parallel trends’ assumption 
that is required by our modified DiD model. The error bars show the 95% CIs and are in some places thinner than the symbols in the figure; s.e. values are 
clustered at the team level. a,b, The graphs show employees who, before COVID-19, worked from the office (blue; n = 50,268) and a matched sample of 
employees who worked remotely (orange; n = 10,914). c,d, The graphs show two subgroups of the blue lines in a and b—employees who, before COVID-19, 
had less than 10% of their collaborators working remotely (dashed; n = 36,008) and those who had more than 50% of their coworkers working remotely 
(dotted; n = 1,861). Both variables were normalized by subtracting and dividing by the average across the entire sample of that variable in February. Most 
employees transitioned to WFH during the week of 1 March 2020, although our analysis omits the month of March as a transition period.
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ability of workers to access new information in other parts of 
the network. These results, in conjunction with our finding that 
firm-wide remote work reduced workers’ cross-group interactions, 
also suggest that firm-wide remote work caused the collaboration 
network to become more siloed, both in a formal sense and in an 
informal sense.

We also found that firm-wide remote work caused a 0.06 FV 
(P = 0.005, 95% CI = 0.02–0.10) increase in the individual cluster-
ing coefficient, which provides a measure of what proportion of an 
individual’s network connections are also connected to each other 

(the higher a person’s individual clustering coefficient, the more 
dense their ego network). Given the fact that we did not observe a 
statistically significant effect of remote work on the number of col-
leagues with whom workers collaborate, this result suggests that, on 
average, firm-wide remote work caused workers to substitute ties 
that were not connected to one another for those that were. In other 
words, different portions of the network, which became less inter-
connected, also became more intraconnected.

The ability of a worker to effectively access knowledge  
from other parts of an organization is a function of not only the 
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n = 61,279 for each panel.
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organizational and/or topological diversity of their connections, but 
also the strength of those connections. For each month, we classi-
fied ties as strong when they were in the top 50% of an employee’s 
ties in terms of hours spent communicating, and as weak otherwise. 
Although we have not seen strong and weak ties defined in this 
exact way elsewhere in the research literature on social networks, 
the research community has not, to our knowledge, converged on 
a standard way to measure tie strength. Our operationalization is 
similar to a common tie strength definition that simply counts the 
amount of contact between ties43–45 and allows tie strength to vary 
over time on the basis of the relative amount of contact between 
two people46. Also, it is consistent with Granovetter’s original notion 
that tie strength is determined by a combination of “the amount of 
time, the emotional intensity, the intimacy (mutual confiding) and 
the reciprocal services which characterize the tie”8.

Although weak ties by definition will always get less of an employ-
ee’s time than strong ties in a given month, we found that the shift to 
remote work reduced the share of time that workers spent collabo-
rating with weak ties by 0.32 FV (P < 0.001, 95% CI = 0.29–0.35). 
As the median is just one possible cut-off to distinguish between 
strong and weak ties, we also analysed the entire distribution of 
collaboration time for each worker and confirmed that the average 
ego-level-normalized Herfindahl–Hirschman index (HHI)47 of the 
collaboration time is increased by remote work, and that the average 
ego-level Shannon entropy48 of collaboration time is decreased by 
remote work. The effects of firm-wide remote work on both of these 

outcomes are provided in Supplementary Table 2. In total, these 
results indicate that, above and beyond the impact of firm-wide 
remote work on the organizational and structural diversity of work-
ers’ ego networks, the shift to firm-wide remote work also made the 
allocation of workers’ time more heavily concentrated.

We also found that the shift to firm-wide remote work caused 
workers’ ego networks to become more static; firm-wide remote 
work reduced the number of existing connections that churned 
from month-to-month by 0.05 FV (P = 0.006, 95% CI = 0.02–
0.09), and decreased the number of connections workers added 
month-to-month by 0.04 FV (P = 0.015, 95% CI = 0.01–0.07). 
Furthermore, the shift to firm-wide remote work decreased the 
share of time that workers spent collaborating with the connec-
tions they did add by 0.29 FV (P < 0.001, 95% CI = 0.24–0.34). Of 
the added ties we observed in June 2020, 40% existed in at least 
one month between January 2020 and May 2020, whereas the 
remaining 60% did not. This suggests that the added ties that we 
observed are a mixture of dormant ties25 and ties that are truly new.  
Overall, the changes that we observed in the temporal dynamics of 
ego networks may have made it more difficult for workers to capture 
the benefits associated with forming new connections23,24, recon-
necting with dormant connections25 and modulating their network 
position20–22. These results are robust to the use of alternative defi-
nitions of added and deleted ties (full details are provided in the 
Supplementary Information).

In summary, our results suggest that firm-wide remote work 
ossified workers’ ego networks, made the network more fragmented 
and made each fragment more clustered. We tested for heteroge-
neity in the effects of the shift to firm-wide remote work on col-
laboration ego networks with respect to a worker’s managerial 
status (manager versus individual contributor), tenure at Microsoft 
(shorter tenure versus longer tenure) and role type (engineering 
versus non-engineering), and did not find meaningful heterogene-
ity across any of these dimensions (Supplementary Figs. 1, 2 and 4).

The effects of remote work on the use of communication media. 
In addition to estimating the effects of firm-wide remote work on 
workers’ collaboration networks, we also estimated the impact of 
firm-wide remote work on workers’ choice of communication media.

Descriptive statistics. Figure 4 shows the non-causal time-series 
trends for workweek hours and different communication media 
outcomes across our entire sample. Detailed definitions for each 
of these outcomes are provided in the Methods. For unscheduled 
call hours, meeting hours, total video/audio hours and IMs sent, we 
observed considerable increases around the time of the switch to 
firm-wide remote work; these increases are sustained through our 
data timespan. The change in email volume is much smaller and 
shorter-lived. Figure 4f shows the change in workweek hours, a met-
ric that measures the total amount of time between the first observed 
work activity and the last observed work activity on each work day 
in a given week. Although there was a sustained increase in work-
week hours, it was too small to account for the large increases that 
we observed in the use of various communication media without a 
simultaneous shift in the way that employees were conducting work.

Causal analysis. Figure 5 shows the estimated causal effects of 
firm-wide remote work on the amount of communication con-
ducted through different media, as well as the length of workers’ 
workweeks. Relative to the baseline case of all coworkers work-
ing in an office together, we found that firm-wide remote work 
decreased scheduled meeting hours by 0.16 FV (P < 0.001, 95% 
CI = 0.13–0.19) and increased unscheduled video/audio call hours 
by 1.6 FV (P < 0.001, 95% CI = 1.5–1.8). The increase in unsched-
uled calls was more than offset by the decrease in scheduled meet-
ing hours. To observe that, we defined the sum of unscheduled call 
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Fig. 3 | Effects of firm-wide remote work on collaboration networks. 
The estimated causal effects of both an employee and that employee’s 
colleagues switching to remote work on the number of collaborators an 
employee has, the number of distinct groups the employee collaborates 
with, the number of cross-group ties an employee has, the share of time 
an employee spends collaborating with cross-group ties, the number of 
bridging ties an employee has, the share of time an employee spends 
collaborating with bridging ties, the individual clustering coefficient of an 
employee’s ego network, the share of time an employee spent collaborating 
with weak ties, the number of churned collaborators, the number of added 
collaborators and the share of time spent with added collaborators. The 
reported effects are (β + δ) from equation (1), normalized by dividing by 
the average level of that variable in February. The symbols depict point 
estimates and the lines show the 95% CIs. n = 61,182 for all variables. The 
full results are provided in Supplementary Tables 1 and 2.
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hours and scheduled meetings hours as the synchronous video/
audio communication hours. We estimate that firm-wide remote 
work caused a slight decrease of 0.05 FV (P = 0.006, 95% CI = 0.01–
0.08) in the total amount of synchronous video/audio communica-
tion. Given that, by definition, a shift to firm-wide remote work 
causes in-person interactions to drop to zero and synchronous 
video/audio communication decreased overall, our results also 
indicate that firm-wide remote work led to a decrease in the total 
amount of synchronous collaboration, both in-person and through 
Microsoft Teams.

Although firm-wide remote work caused a decrease in synchro-
nous communication, it also caused an increase in the amount of 
asynchronous communication. Firm-wide remote work increased 
the number of emails sent by workers by 0.08 FV (P < 0.001, 
95% CI = 0.05–0.12) and the number of IMs sent by workers by 
0.50 FV (P < 0.001, 95% CI = 0.46–0.55). Firm-wide remote work 
also increased the average number of workweek hours by 0.10 FV 
(P < 0.001, 95% CI = 0.09–0.11); however, this effect is small relative 
to the effect on IM volume. This suggests that the increase in IMs 
reflects a change in workers’ collaboration patterns while working, 
as opposed to changes in how much workers were working. The 
fact that shifting to firm-wide remote work increased the number of 
workweek hours also makes the negative effect of firm-wide remote 
work on synchronous collaboration more notable. The increase in 
workweek hours could be an indication that employees were less 
productive and required more time to complete their work, or 
that they replaced some of their commuting time with work time;  

however, as we are able to measure only the time between the first 
and last work activity in a day, it could also be that the same amount 
of working time is spread across a greater share of the calendar day 
due to breaks or interruptions for non-work activities.

Heterogeneous effects of firm-wide remote work on communication 
media choice. Although the effects of firm-wide remote work on col-
laboration networks did not exhibit heterogeneity across the worker 
attributes that we observed, the effects of firm-wide remote work 
on communication media were in some cases larger for managers 
and engineers. We found that the switch to firm-wide remote work 
caused larger increases for managers than individual contributors 
in IMs sent, emails sent and unscheduled video/audio call hours  
(Fig. 6, left). This is probably because, relative to individual contrib-
utors, a larger share of managers’ time is dedicated to communicat-
ing with others, that is, their direct reports (for example, to address 
issues blocking progress or conduct performance reviews), and rep-
resentatives of other groups within the organization (for example, to 
coordinate activity and goals across different groups). We also find 
that the shift to firm-wide remote work caused larger increases for 
engineers than non-engineers in the number of IMs sent and the 
number of unscheduled call hours (Fig. 6, right). This may be reflec-
tive of the fact that software development teams are particularly reli-
ant on informal communication49–51, much of which may have taken 
place in-person before the shift to firm-wide remote work. We did 
not find meaningful heterogeneity with respect to employee tenure 
at Microsoft.
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Fig. 4 | Time trends for communication media. a–f, The weekly averages for each variable, relative to the February average. Each variable was normalized 
by subtracting and dividing by the average FV for that variable. The vertical bars show the 95% CIs, but are in most places not much taller than the data 
points; s.e. values are clustered at the team level. The variables are the employees’ average number of unscheduled audio/video call hours (a), scheduled 
meeting hours (b), total hours in scheduled meetings and unscheduled calls (the sum of a and b) (c), IMs sent (d), emails sent (e), and hours between the 
first and last activity (sent email, scheduled meeting, or Microsoft Teams call or chat) in a day, summed across the workdays (f). The dips in all six metrics 
during the weeks of 16 February, 24 May and 14 June were due to four-day workweeks, in observance of Presidents’ Day, Juneteenth and Memorial Day, 
respectively. n = 61,279 for all variables.

Nature Human Behaviour | VOL 6 | January 2022 | 43–54 | www.nature.com/nathumbehav48

http://www.nature.com/nathumbehav


ArticlesNaTUre HUMan BehaVIOUr

Decomposing the effects of firm-wide remote work. One benefit 
of our empirical approach is that it enables us to decompose the 
causal effects of firm-wide remote work into two components: the 
direct effect of an employee working remotely on their own work 
practices (ego effects) and the indirect effect of all an employee’s 
colleagues working remotely on that employee’s work practices  
(collaborator effects). The model is linear, so the predicted effects 
from having half of one’s collaborators switch to remote work would 
be half as large.

Figure 7 shows the ego and collaborator effects of firm-wide 
remote work on people’s collaboration networks. Notably, the 
remote work status of an employee and that employee’s collabora-
tors both contributed to the total effect of firm-wide for most net-
work outcomes. An employee’s collaborators switching to remote 
work seems to have had a particularly large impact on the amount 
of time that workers spent with ties that are most likely to provide 
access to new information, that is, cross-group ties, bridging ties, 
weak ties and added ties. As seen in Fig. 8, collaborator effects also 
dominate ego effects when we decomposed the effects of firm-wide 
remote work on communication media usage. More than half of the 
increase in IMs sent and emails sent was due to collaborators switch-
ing to remote work, and approximately 90% (+0.09 FV, P < 0.001, 
95% CI = 0.07–0.10) of the increase in workweek hours was due to 
collaborators switching to remote work. Overall, we found that col-
laborators switching to remote work caused workers to spend less 
time attending to sources of new information, communicate more 
through asynchronous media and work longer hours. Looking to 
the future, these findings suggest that remote work policies such as 
mixed-mode and hybrid work may have substantial effects not only 
on those working remotely but also on those remaining in the office.

Discussion
Our results suggest that shifting to firm-wide remote work caused 
the collaboration network to become more heavily siloed—with 
fewer ties that cut across formal business units or bridge structural 
holes in Microsoft’s informal collaboration network—and that those 
silos became more densely connected. Furthermore, the network 
became more static, with fewer ties added and deleted per month. 
Previous research suggests that these changes in collaboration pat-
terns may impede the transfer of knowledge10,12,13 and reduce the 
quality of workers’ output11,23. Our results also indicate that the shift 
to firm-wide remote work caused synchronous communication to 
decrease and asynchronous communication to increase. Not only 
were the communication media that workers used less synchronous, 
but they were also less ‘rich’ (for example, email and IM). These 
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Fig. 5 | The effects of firm-wide remote work on the use of communication 
media. The estimated causal effects of both an employee and their 
colleagues switching to remote work on the employee’s hours spent in 
scheduled meetings, hours spent in unscheduled calls, the sum of meetings 
and call hours, IMs sent, emails sent and estimated workweek hours. The 
reported effects are (β + δ) from equation (1), normalized by dividing by 
the average level of that variable in February. The symbols depict point 
estimates and lines depict 95% CIs. n = 61,182 for all variables. The full 
results are provided in Supplementary Table 3.
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Fig. 6 | The effects of remote work on the use of communication media by manager and individual contributor status and role type. The causal effects, 
estimated separately for managers (n = 9,715) and individual contributors (ICs) (n = 51,467) (left) and engineers (n = 29, 510) and non-engineers 
(n = 31,672) (right), of an employee and their colleagues switching to remote work on hours spent in scheduled meetings, the sum of scheduled meetings 
and unscheduled call hours, IMs sent, emails sent and estimated workweek hours (a), and hours spent in unscheduled calls (b). The reported effects are 
(β + δ) from equation (1), normalized by dividing by the average level of that variable for all employees in February. The symbols depict point estimates and 
the lines show the 95% CIs. The full results are provided in Supplementary Tables 8, 9, 22 and 23.
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changes in communication media may have made it more difficult 
for workers to convey and process complex information26–28.

We expect that the effects we observe on workers’ collaboration 
and communication patterns will impact productivity and, in the 
long-term, innovation. Yet, across many sectors, firms are making 
decisions to adopt permanent remote work policies based only on 
short-term data52. Importantly, the causal estimates that we report 
are substantially different compared with the effects suggested by 
the observational trends shown in Figs. 2 and 4. Thus, firms making 
decisions on the basis of non-causal analyses may set suboptimal 
policies. For example, some firms that choose a permanent remote 
work policy may put themselves at a disadvantage by making it 
more difficult for workers to collaborate and exchange information.

Beyond estimating the causal effects of firm-wide remote 
work, our results also provide preliminary insights into the effects 
of remote work policies such as mixed-mode and hybrid work. 
Specifically, the non-trivial collaborator effects that we estimate 
suggest that hybrid and mixed-mode work arrangements may not 
work as firms expect. The most effective implementations of hybrid 
and mixed-mode work might be those that deliberately attempt to 
minimize the impact of collaborator effects on those employees that 
are not working remotely; for example, firms might consider imple-
mentations of hybrid work in which certain teams come into the 
office on certain days, or in which most or all workers come into the 
office on some days and work remotely otherwise. Firms might also 

consider arrangements in which only certain types of workers (for 
example, individual contributors) are able to work remotely.

Although we believe these early insights are helpful, firms and 
academics will need to undertake a combination of quantitative 
and qualitative research once the COVID-19 pandemic has ended 
to better measure both the benefits and the downsides of differ-
ent remote work policies. Large firms with the ability to collect 
rich telemetry data will be particularly well-positioned to build 
on the quantitative insights presented in this work by conducting 
large-scale internal field experiments. If published externally, these 
experiments could have the capacity to greatly further our collective 
understanding of the causal effects of both firm-wide remote work 
and other work arrangements such as hybrid work and mixed-mode 
work. Our results, which report both direct effects and indirect 
effects of remote work, suggest that such experimentation needs to 
be conducted carefully. Simply comparing the work practices and/
or productivity levels of remote workers and office workers will 
likely yield biased estimates of the global treatment effects of differ-
ent remote work policies, due to the causal effects of one’s colleagues 
working remotely. In conducting these experiments, it is crucial that 
firms use experiment designs that are optimized for capturing the 
overall effects of remote work policies, for example, graph cluster 
randomization53,54 or switchback randomization55. Ideally, such field 
experiments would be complemented with high-quality qualitative 
research that can describe emergent processes and workers’ percep-
tions and, more generally, uncover insights beyond those that can be 
obtained through quantitative methods.

Our research is not without its limitations. First, our study 
characterizes the impacts of firm-wide remote work on the US 
employees of one major technology firm. Although we expect our 
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Fig. 7 | Decomposition of the effect of remote work on collaboration 
networks into ego and collaborator effects. The estimated causal effects 
of either an employee (δ from equation (1)) or their colleagues (β from 
equation (1)) switching to remote work on the number of collaborators that 
an employee has, the number of distinct groups the employee collaborates 
with, the number of cross-group ties an employee has, the share of time 
an employee spends collaborating with cross-group ties, the number of 
bridging ties an employee has, the share of time an employee spends 
collaborating with bridging ties, the individual clustering coefficient of an 
employee’s ego network, the share of time an employee spent collaborating 
with weak ties, the number of churned collaborators, the number of added 
collaborators and the share of time spent with added collaborators. All 
effects were normalized by dividing by the average level of that variable 
in February. The symbols depict point estimates and the lines show 
the 95% CIs. n = 61,182 for all variables. The full results are provided in 
Supplementary Tables 1 and 2.
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Fig. 8 | Decomposition of the effect of remote work on the use of 
communication media into ego and collaborator effects. The estimated 
causal effects of either an employee (δ from equation (1)) or their 
colleagues (β from equation (1)) switching to remote work on hours spent 
in scheduled meetings, the sum of scheduled meetings and unscheduled 
call hours, IMs sent, emails sent and estimated workweek hours (a), 
and hours spent in unscheduled calls (b). All effects were normalized by 
dividing by the average level of that variable in February. The symbols 
depict point estimates and the lines show the 95% CIs. n = 61,182 for all 
variables. The full results are provided in Supplementary Table 3.
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results to generalize to other technology firms, this may not be the 
case. Caution should also be exercised in generalizing our results 
to other sectors and other countries. Second, the period of time 
over which we measured the causal effects of remote work are quite 
short (three months), and it is possible that the long-term effects of 
firm-wide remote work are different. For example, at the beginning 
of the pandemic, workers were able to leverage existing network 
connections, many of which were built in person. This may not be 
possible if firm-wide remote work were implemented long-term. 
Third, our analysis treats the effects of firm-wide remote work on 
peoples’ collaboration networks and communication media usage 
as separate, whereas these two types of effects may interact and 
exacerbate one another. Fourth, although we believe that changes 
to workers’ communication networks and media will affect pro-
ductivity and innovation, we were unable to measure these out-
comes directly. Even if we were able to measure productivity and 
innovation, the impacts of network structure and communication 
media choice on performance are likely contingent on a number 
of factors, including the type of task a given team/organization is 
trying to complete56–59. Finally, our ability to make causal claims is 
predicated on the validity of our modified DiD framework’s iden-
tifying assumptions: parallel trends, conditional exogeneity after 
matching and additively separable effects. Although we have taken 
steps to verify the plausibility of these assumptions and tested the 
robustness of our results to an alternative matching procedure60 
(details of which are provided in the Methods), they are assump-
tions nonetheless.

There are multiple high-profile cases of firms such as IBM and 
Yahoo! enacting, but ultimately rescinding, flexible remote work pol-
icies before COVID-19, presumably due to the impacts of these pol-
icies on communication and collaboration61,62. On the basis of these 
examples, one might conclude that the current enthusiasm for remote 
work may not ultimately translate into a long-lasting shift to remote 
work for the majority of firms. However, during the COVID-19  
pandemic, workers and firms have invested in the physical and 
human capital required to support remote work63 and innovation 
has shifted toward new technologies that support remote work64. 
Both of these factors make it more likely that for many firms, some 
version of remote work will persist beyond the pandemic. In light of 
this fact, the importance of deepening our understanding of remote 
work and its impacts has never been greater.

Methods
Ethical review. This research was reviewed and classified as exempt by the 
Massachusetts institute of Technology (MIT) Committee on the Use of Humans 
as Experimental Subjects (that is, MIT’s Institutional Review Board), because the 
research was secondary use research involving the use of de-identified data.

Data. Our data were passively collected and anonymized by Microsoft’s Workplace 
Analytics product65, which logs activity that takes place in employees’ work email 
accounts and in Microsoft Teams using de-identified IDs. Microsoft Teams 
is collaboration software that enables employees to video/audio call, video/
audio teleconference, IM and share files. The use of the data is compliant with 
US employee privacy laws. Employee privacy restrictions in many countries 
prevent us from reporting on workers outside the US. However, an employee’s 
communication and collaboration with international coworkers is still included in 
the data and those employees are still counted as part of each employee’s network. 
No information on international coworkers except for counting interactions with 
US employees was obtained for research purposes or analysed. Microsoft provides 
employees with appropriate notice of its use of Workplace Analytics, and sets strict 
controls over the collection and use of such data.

In our collaboration network, each worker is a node. For a tie to exist between 
two workers in a given month, those two workers must have had at least one 
meaningful interaction through two out of the following four communication 
media: email, IM, scheduled meeting and unscheduled video/audio call. A 
meaningful interaction is an email, IM, scheduled meeting or unscheduled video/
audio call with a group of size no more than eight.

In our analysis, we classify a worker as working remotely if more than 80% of 
their collaboration hours in a given month are with colleagues remote to them. For 
employees WFH, all of their colleagues are considered to be remote from them, 

whereas, for those in an office, colleagues are remote to them if those colleagues are 
WFH or are located on a Microsoft campus in a different city. After March 2020, all 
US Microsoft employees are by definition working remotely, as they are WFH.

Modified DiD model. Our modified DiD model extends the standard DiD model 
in two ways. First, rather than measuring the effect of changes in one treatment 
variable, our model measures the effects of changes in two different treatment 
variables—(1) whether an employee is working remotely and (2) whether that 
employee’s colleagues are working remotely—and assumes that these two effects 
are additively separable. Second, our model allows the variation in our treatment 
variables to be induced by one exogenous shock that affects all workers in 
our sample, but affects some workers differently compared with others. More 
specifically, although all Microsoft employees were affected by COVID-19, only 
some employees experienced changes in their remote work status and/or the share 
of their collaborators that were working remotely due to Microsoft’s company-wide 
WFH mandate during the pandemic.

We estimate the average treatment effect for the treated (ATT) of ego remote 
work and collaborator remote work on all outcome measures using the following 
specification:

Yit = αi + τt + δDit + βsit + ϵit , (1)

where Yit denotes the work outcome, αi is an employee fixed-effect, τt is a month 
fixed effect, Dit indicates whether employee i was a treated employee forced to work 
remotely in month t, sit is the share of employee i’s coworkers who were working 
remotely in month t and ϵit denotes the error term. Observations are weighted 
using coarsened exact matching (CEM) weights, and standard errors are clustered 
at the level of an employee’s manager. We estimate this model using data from 
February, April, May and June 2020. We omitted March because workers were 
transitioning from office work to WFH beginning in the first week of the month.

Our ability to causally identify both ATTs is predicated on a number of 
identifying assumptions, some of which are standard in DiD analyses and some 
of which are specific to our research setting. First, we assume that, for both of our 
‘treatment’ variables, the time series for ‘treated’ and ‘untreated’ workers would 
have evolved in parallel absent the treatment. Time-series trends for different 
subsets of the matched sample are compared in Fig. 1. These comparisons 
suggest that, for both of our treatment variables, the DiD model’s parallel trends 
assumption is plausible, both when measuring the effect of the treatment on 
network measures (Fig. 1a,c) and when measuring the effect of the treatment on 
communication media measures (Figs. 1b,d). Analogous figures for our full set 
of outcome variables are provided in Supplementary Figs. 5–19. In all cases, the 
time series appear to move in parallel both before the transition to remote work, 
and once the transition to remote work concluded, suggesting that this identifying 
assumption is reasonable.

Second, we assume strict exogeneity, that is, that the timing of the switch to 
remote work must be independent of employees’ outcomes. As the ‘treatment 
group’ was all switched to WFH due to COVID-19, we are less concerned about 
endogeneity of treatment than we might be in other settings. However, we do 
need to assume that workers’ remote work status before the pandemic and the 
percentage of workers’ colleagues that work remotely before the pandemic are 
independent of how they are affected by the pandemic. This assumption would 
be violated if, for example, those who worked remotely before the pandemic 
were less likely to have unforeseen childcare responsibilities from school 
closures caused by the pandemic. To make this identifying assumption more 
plausible, we use the CEM procedure described below. If we wanted to interpret 
the ATTs that we estimate from those employees that started WFH due to the 
pandemic as average treatment effects, we would also need to assume that, 
conditional on the CEM procedure described below, employees’ pre-pandemic 
remote work status and the percentage of colleagues working remotely were 
independent of the effects of ego remote work and collaborator remote work on 
their work outcomes.

Finally, we assume that ego remote work effects, collaborator remote work 
effects and non-remote-work-related COVID-19 effects are additively separable. 
More precisely, we assume that Yit can be written as

Yit(RWit , sit, Cit) = Yit(0, 0, 0) + δRWit + βsit + γCit (2)

where RWit is a binary variable that indicates whether employee i is working 
remotely at time t, sit is the share of employee i’s collaborators working remotely in 
month t, Cit is a binary variable indicating whether employee i was subject to the 
COVID-19 pandemic at time t and Yit(0, 0, 0) is worker i’s outcome at time t if all 
three variables were equal to 0. This assumption is an extension of the standard 
DiD assumption that treatment effects, cross-group differences and time-effects 
are additively separable and would be violated if, for example, the effects of ego 
remote work and/or collaborator remote work were amplified in a multiplicative 
manner due to other aspects of the COVID-19 pandemic (for example, childcare 
responsibilities or pandemic-induced changes to Microsoft’s product roadmaps). 
With our data, we are unable to validate the plausibility of this important 
identifying assumption; however, it is worth noting that causal estimates produced 
by standard DiD models also rely on the validity of parametric assumptions66.
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The results from our modified DiD specification for the full set of outcomes 
are provided in Supplementary Tables 1–3. Throughout the main text, we refer to 
results as insignificant when two-sided P >0.05.

CEM. We make our results more robust by estimating our DiD model using 
weights generated using CEM67. This reweighting means that we can relax the 
parallel trends and exogeneity assumptions described above to only be required 
conditional on employee characteristics. In other words, provided that any 
differences in how the two groups would have evolved in the absence of the 
pandemic or how they are affected by the pandemic are entirely explained by the 
employee characteristics we match on, then the CEM-based results are valid.

The CEM procedure works as follows. Each US Microsoft employee is assigned 
to a stratum on the basis of their role, managerial status, seniority level and tenure 
at Microsoft as of February 2020. For each employee i in a stratum s that contains 
a mixture of employees that were and were not remote before the COVID-19 
pandemic, we construct a CEM weight according to the following formula:

wi =






1 if i ∈ Os

nR
nO

nsO
nsR

if i ∈ Rs
(3)

where nO (nR) is the total number of non-remote (remote) employees before 
the COVID-19 pandemic, nsO (nsR) is the total number of non-remote (remote) 
employees before the COVID-19 pandemic in stratum s and Os (Rs) is the set of 
non-remote (remote) employees before the COVID-19 pandemic in stratum s. The 
97 (<0.2%) employees in strata without both non-remote and remote employees 
before the COVID-19 pandemic were discarded from our sample. The final 
remote:non-remote sample ratio is 1:4.6.

Treatment effect heterogeneity. We measured treatment effect heterogeneity with 
respect to tenure at Microsoft (shorter tenure versus longer tenure), managerial 
status (manager versus individual contributor) and role type (engineering versus 
non-engineering). To do so, we estimated the DiD model separately for each 
subgroup. Our treatment effect estimates for each combination of outcome and 
subgroup are provided in Supplementary Tables 4–23.

Alternative matching procedure. To test the robustness of our analysis, we 
re-estimate our main DiD specification on an alternate matched sample of 
employees who worked remotely before the COVID-19 pandemic, which is 
constructed using a more extensive matching procedure introduced in ref. 60. In 
this matching procedure, we augment the set of observables that we match on to 
include not only time-invariant employee attributes (that is, role, managerial status, 
seniority and new-hire status as of February), but also time-varying behavioural 
attributes (that is, number of scheduled meeting hours, unscheduled call hours, 
IMs sent, emails sent, workweek hours, network ties, business groups connected 
to, cross-group connections, bridging ties, churned ties and added ties, share 
of time with cross-group ties, bridging ties, weak ties and added ties, and the 
individual clustering coefficient) as measured in June 2020. As we are matching on 
many more variables, there are more employees who cannot be matched, and our 
matched sample includes only 43,576 employees.

The motivation for this matching procedure is as follows. In a standard 
matched DiD analysis, control and treatment units would be matched on the basis 
of pretreatment behaviour. This type of matching is not appropriate in our context, 
given that employees who did and did not work remotely before the COVID-19 
pandemic are by definition in different potential outcome states in February. 
Assuming that there is a treatment effect to detect, matching on pretreatment 
behavioural outcomes would actually make our identifying assumptions less likely 
to hold. However, in June 2020, both employees who were and were not working 
remotely before the COVID-19 pandemic were in the same potential outcome state 
(firm-wide remote work), and therefore matching on time-varying behavioural 
outcomes improves the credibility of our identifying assumptions.

Supplementary Figs. 20 and 21 show the results of our DiD model as estimated 
on this alternative sample. The results are qualitatively similar to those we present 
in our main analysis.

Collaboration network outcome definitions. 
•	 Number of connections: The number of people with whom one had a mean-

ingful interaction through at least two out of four possible communication 
media (email, IM, scheduled meeting and unscheduled video/audio call) in a 
given month. A meaningful interaction is an email, meeting, video/audio call 
or IM with a group of size no more than eight.

•	 Number of business groups and cross-group connections: A business group 
is a collection of typically fewer than ten employees who report to the same 
manager and share a common purpose. We look at the number of distinct 
business groups that one’s immediate collaborators belong to, and the number 
of one’s collaborators that belong to a different business group than one’s own.

•	 Bridging connections: Bridging connections are connections with a low value 
of the local constraint9,18,42 in that period. To calculate the local constraint, 
we first calculate the normalized mutual weight, NMWijt, between each pair 

of people i and j in each period t. If there is no connection between i and j in 
period t, then NMWijt = 0, otherwise NMWijt =

2
nit+njt , where nit is the num-

ber of connections i has in period t. Then, for each i, j, t, we calculate the local 
constraint LCijt = NMWijt +

∑
kNMWikt × NMWkjt. We define a global 

cut-off L̂C on the basis of the median value of the constraint across all directed 
ties in February and categorize a connection as bridging if its local constraint 
is below that cut-off. We calculate the local constraint for each tie using the 
matricial formulae described in ref. 68.

•	 Individual clustering coefficient: The number of triads (group of three people 
who are all connected to each other) a person is a part of as a share of the 
number of triads they could possibly be part of given their degree. If aijt is a 
dummy that equals 1 if and only if there is a connection between i and j in 
period t and nit is the number of connections i has in period t, then individual 
i’s clustering coefficient in period t is CCit =

2
nit(nit−1)

∑

j,k
aijt × ajkt × akit.

•	 Number of churned connections: The number of people with whom a worker 
had a connection with in month t − 1, but does not have a connection in month t.

•	 Number of added connections: The number of people with whom a worker 
has a connection in month t, but did not have a connection in month t − 1.

•	 Distribution of collaboration time: In addition to unweighted network ties, we 
also measured the share of collaboration time that an individual spent with 
each of their collaborators. The number of collaboration hours is calculated 
by summing up the number of hours spent communicating by email or IM, in 
meetings and in video/audio calls. If hijt is the number of hours that individual 
i spent with collaborator j in month t, then the share of collaboration time i 
spent with j is Pijt = hijt∑

khikt
, from which we can define the following metrics: 

•	 Share of time with own-group connections: The share of time spent 
with collaborators in the same business group (see the above definition), 
SGit =

∑

j|gj=gi
Pijt, where gi is the business group that individual  

i belongs to.
•	 Share of time with bridging connections: The share of collaboration time 

spent with collaborators with whom the local constraint (as defined under 
‘bridging connections’) is below the February median BCit =

∑

j|LCijt<L̂C
Pijt.

•	 Share of time with weak ties: The share of a person’s collaboration hours 
spent with the half of the people that they collaborate with the least dur-
ing month t, STit =

∑

j|Pijt<Pmit
Pijt, where Pmit  is the time that i spends with 

their median connection in period t. We do not analyse the number of 
weak ties a person has in a given month as, by this definition, it is equal to 
half the number of ties they have in that month.

•	 Share of time with added connections: The share of a person’s collabora-
tion hours spent with people with whom they did not have a connection 
in the previous month, SAit =

∑

j /∈ni,t−1

Pijt, where ni,t − 1 is the set of i’s 

collaborators in period t − 1.
•	 Entropy of an individual’s collaboration time (network entropy): The 

entropy48 of the distribution of the hours spent with one’s collaborators, 
Eit = −

∑
jPijt × log Pijt.

•	 Concentration of an individual’s collaboration time: A normal-
ized version of the HHI47 of the hours spent with one’s collaborators, 
HHIit = 1

nit−1

(
nit ×

∑
jP

2
ijt − 1

)
, where nit is the number of i’s col-

laborators in period t. The normalization ensures that HHIit always falls 
between 0 and 1.

Communication media outcome definitions. 
•	 Scheduled meeting hours: The number of hours that a person spent in meet-

ings scheduled through Teams or Outlook calendar with at least one other 
person. Before firm-wide remote work, employees were able to participate in 
meetings both in-person and by video/audio call. After the shift to firm-wide 
remote work, all meetings take place entirely by video/audio call.

•	 Unscheduled call hours: The number of hours a person spent in unscheduled 
video/audio calls through Microsoft Teams with at least one other person.

•	 Emails sent: The number of emails a person sent through their work email 
account.

•	 IMs sent: The number of IMs a person sent through Microsoft Teams.
•	 Workweek hours: The sum across every day in the workweek of the time 

between a person’s first sent email or IM, scheduled meeting or Microsoft 
Teams video/audio call, and the last sent email or IM, scheduled meeting 
or Microsoft Teams video/audio call. A day is part of the workweek if it is a 
‘working day’ for a given employee based on their work calendar.

Reporting Summary. Further information on research design is available in the 
Nature Research Reporting Summary linked to this article.
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Study description This study uses quantitative quasi-experimental data to measure the effects of remote work on information workers' collaboration 
and communication practices.

Research sample Our data describes the behavior of all 61,182 Microsoft U.S. employees whose data is recorded by Workplace Analytics. Since we 
study all U.S. employees whose behavior is recorded by Workplace Analytics, our sample is by definition representative. For privacy 
reasons, we do not have access to demographic variables such as age and gender. However, 9,715 employees are managers and 
51,467 are individual contributors. 53,317 are long-tenured employees and 7,865 are short-tenured employees. 29,510 are 
engineers and 31,672 are non-engineers.

Sampling strategy 61,182 U.S. Microsoft employees using Workplace Analytics software. Workplace analytics is widely adopted within Microsoft.

Data collection Our study uses data collected by Microsoft's Workplace Analytics software, which passively collects data on employees' behavior on 
Microsoft Teams (video calls, audio calls, IMs) and their work email accounts. Workplace Analytics does not record the contents of 
employees' communication, only the associated metadata. This data available from Workplace Analytics are anonymized. The data 
are only analyzed in aggregate.

Timing The data were collected from December 1st, 2019 to June 30th, 2020.

Data exclusions For our analyses that use coarsened exact matching, employees for whom there are no matches (i.e., they are 'treatment' employees 
in a bucket with no 'control' employees or vice-versa) are excluded from our analysis. This results in 105 Microsoft employees being 
excluded from these analyses. Other than this specific analysis, there are no other exclusions.

Non-participation No participants dropped out or declined participation.

Randomization Participants were not allocated into experimental groups since our study was observational.

Reporting for specific materials, systems and methods
We require information from authors about some types of materials, experimental systems and methods used in many studies. Here, indicate whether each material, 
system or method listed is relevant to your study. If you are not sure if a list item applies to your research, read the appropriate section before selecting a response. 

Materials & experimental systems
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