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We investigate the effect of the COVID-19 pandemic on labor activity using

real-time data from millions of GitHub users around the world. We show that

the pandemic triggered a sharp pattern of labor reallocation at both the global

and regional level. Users were more likely to work on weekends and outside

of traditional 9 am to 6 pm hours, especially during the early phase of the

pandemic. We also document considerable heterogeneity between different

user groups and locations. Some locations show a steady reversion back to

historical work patterns, while others have experienced persistent trend devi-

ations in the wake of COVID-19. The pattern of labor reallocation is slightly

more pronounced among males in our sample, suggesting that men may have

benefited more from the increased flexibility provided by remote work than

women. Finally, we show that the pattern of reallocation was accompanied by

a simultaneous increase in overall activity, though this effect is more transient.

We discuss several potential mechanisms and draw tentative conclusions for
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broader workplace trends given our study population.

Introduction

The novel Sars-Cov2 virus (and the disease it causes, COVID-19) has profoundly changed the

global economy. Recovery from the initial pandemic is ongoing amid continued outbreaks and

the arrival of new variants. However, real-time data suggest that unemployment peaked at 20

percent in the United States, levels not seen since the Great Depression (1). Even those work-

ers who retained employment status throughout the pandemic have had to confront dramatic

changes in work conditions and habits.

Perhaps the most notable of these changes is the shift to remote work, or “working from

home” (WFH). Cities, states, and countries across the world have implemented stay-at-home

orders of varying forms to combat the virus. At the same time, private companies and public

entities have responded by implementing large-scale WFH policies of their own. In some cases,

this has been to comply with government orders and temporary lockdowns. Yet many employers

issued internal allowances or WFH mandates in advance of any official requirements and have

since approved permanent remote working terms for a large fraction of their employees.1 There

appears to be a growing consensus that WFH will become an enduring legacy of the pandemic

(4, 5).

Despite these large-scale social changes, the extent to which remote work changes when

and how people work remains open question. Experimental evidence collected before the pan-

demic suggests that some types of workers are more productive at home (6). But WFH during

COVID-19 may be uniquely challenging due to the presence of contemporaneous shocks such

1A case in point is Microsoft, which issued a WFH recommendation to employees at its main Seattle-Redmond
campus (and other nearby locations) on March 4, 2020 (2). This was several weeks before the official mayoral
order to remain at home on March 23rd. The company later adopted guidelines for enabling a large portion of its
employees to remote work on a permanent basis, mirroring similar moves by other tech giants such as Google and
Facebook (3).
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as stress or illness from the virus itself. In turn, policy responses like the widespread school

closures in the early phase of the pandemic may have inadvertently triggered (or exacerbated)

a disproportionate burden among certain population groups (7, 8). Other individuals may have

conversely selected into doing more work during the pandemic, simply because their traditional

leisure options were enjoined by lockdown measures. Further complicating matters is the fact

that WFH may portend changes to how we work and collaborate in teams. At least two recent

studies, each drawing on internal data from a different tech company, document several negative

outcomes following the switch to WFH (9, 10). Collaboration was stymied as communication

networks became siloed and productivity fell even as work hours increased.

It is within this context that the present study seeks to further our understanding of COVID-

19’s labor impacts, specifically, and the longer-run effects of WFH, generally. We do so by

drawing on a rich and underused resource: real-time activity data from millions of GitHub users

across the world. The increased provision of (near) real-time data has become a defining feature

of the COVID-19 pandemic. Policymakers and citizens alike have been informed by continuous

updates to local case numbers and public health dashboards. For their part, researchers have

turned to a variety of novel data sources and methods to better understand the effects of COVID-

19. While real-time data come with their own challenges (11,12), they have helped to overcome

the limitations of more traditional data sources and provided a direct window into the pandemic

response as it has unfolded.2 Examples include company emails, internal communications and

analytics (9,10,14), mobility data from cellphones and social media accounts (15,16,17), online

vacancy postings and unemployment insurance claims (18), time-clock data from Homebase

2Contemporaneous data on socioeconomic outcomes, such as employment or weekly hours work, have tradi-
tionally been based on comprehensive surveys administered by federal entities like the US Census Bureau. How-
ever, the delays associated with these surveys make them ill-suited for capturing rapidly evolving situations as in
a global pandemic. For example, the Current Population Survey (CPS) and American Community Survey (ACS),
both of which are administered by the US Census Bureau, respectively, have 1- and 18-month lags. Survey re-
sponses also decreased dramatically following the start of the pandemic and, in some cases, temporarily ceased
altogether (13).
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and other scheduling software (11), Google Trends (19), and rapid online market surveys (1, 8,

20). One prominent group of researchers has even combined several high-frequency private data

sources—including anonymized information on credit card use and business revenues—into a

publicly available database that tracks real-time economic activity (12). All told, real-time data

have helped measure COVID-19’s impact on a diverse range of socioeconomic outcomes, from

employment and energy use to mental health and family strife.

The GitHub data that we use in this study complement these and other novel data sources.

However, it also offers some unique benefits in terms of scale and coverage. Our primary finding

is that the pandemic triggered a sharp pattern of labor reallocation that persisted through much

of 2020. Users were significantly more active on the platform during weekends and outside of

traditional 9 am to 6 pm hours. While this reallocation is evident at both the global and regional

level, we also document considerable heterogeneity between different user groups and loca-

tions. In addition to documenting changes in how GitHub users allocate their time (intensive

margin), we also consider changes to total productivity (extensive margin). We observe a large,

positive deviation in total user activity relative to the predicted counterfactual. This deviation

coincides neatly with the onset of the pandemic, yet generally subsides after a few months. Fi-

nally, we also find compelling evidence of spatial and temporal spillovers. The pattern of labor

reallocation that we observe in many locations occurs well in advance of any local lockdown or-

ders. Instead, we observe a global synchronization of shifting activity around the start of March

2020. This observation not only has narrow implications for our own research design, but also

underscores the importance of adopting a wider perspective for estimating causal relationships

in an interconnected world (15).
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Background

GitHub data

GitHub (www.github.com) is the world’s largest platform for software development and sci-

entific code, currently serving over 50 million users.3 The platform was originally targeted at

professional software developers, but now claims a userbase across a broad swathe of industries

and academic institutions (21). GitHub’s core purpose is to facilitate version control of code

and data.4 Specifically, it enables tracking of individual files and lines of code so that earlier

versions of a project’s codebase can be recalled at any point in time. Individuals, teams, and or-

ganizations that host their code or data on GitHub can manage contributions from collaborators,

field issues and requests, and generally control any changes made to a project.

An example may help to clarify some terms as well as the scope of our data. Consider an app

developer who has identified a small bug in her code. She fixes the bug on her local computer

and saves (“commits”) these changes, thereby adding it to the project’s version control history.

She then uploads (“pushes”) the fix to the corresponding GitHub repository in the cloud. This

GitHub repository essentially provides a clone of her local project—all of the files, directories,

etc.—that is accessible to others online. At this point, there are several possible ways to pro-

ceed. For example, users of the app might be free to download the update immediately. Or, a

collaborator might be assigned to review the proposed fix on GitHub first, only merging it into

the main code branch once they are satisfied. Regardless of how things do proceed, the most

salient features from our perspective are the following: 1) any changes to the GitHub repository

are automatically timestamped and logged as part of the version control history, and 2) this

version control history can be viewed and analyzed by anyone with read access to the reposi-

3https://github.com/search?q=type:user&type=Users
4The name GitHub reflects tight integration with the Git version control system. Originally written by Linus

Torvalds to facilitate collaborative development of the Linux kernel (22), Git provides the underlying protocol and
functionality that GitHub’s services are built upon.
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tory. The features of our hypothetical example extend to all other projects and repositories on

GitHub. The platform automatically records any changes made to a project’s codebase—who

made them, when they were made, and what they consisted of—with perfect fidelity. More-

over, it logs these changes for posterity. To put a fine point on it, GitHub data provide a direct

measurement of real-time labor activity for tens of millions of knowledge workers across the

world.

In this study, we use GitHub data to investigate how user activity and work habits have

changed as a result of COVID-19. Our focus is on activity recorded on the public GitHub

timeline — which is to say, activity on any repository that is not access-limited to a group of

private collaborators. All of this information is provisioned by GitHub’s official API (Applica-

tion Protocol Interface).5 However, we primarily draw our data from two third-party sources,

GHTorrent (23) and GH Archive (24), which were established to collate information across the

entire GitHub platform and make it accessible to researchers. Despite the exclusion of private

GitHub activity from our study, we emphasize that the public timeline still encompasses a vast

number of users and activity. For example, we observe activity from over 15 million unique

users during 2020 alone. Fig. 1 depicts the timeline of daily activity from 2015 to 2020 (our

designated study period). Toward the latter part of this period, we observe as many as two

million individual events per day.6

[Fig. 1 about here.]

For a subset of approximately 2.5 million registered GitHub users, we also observe their

self-reported geographic location. Of these users, just over a million were active on public
5For example, the recent public activity of the corresponding author may be found at the following API end-

point: https://api.github.com/users/grantmcdermott/events.
6Note that “event” is a formal designation given by the GitHub API to a variety of user actions. This includes

committing and pushing changes to a repository (the most common event type), forking a repository, leaving a
comment on an issue thread, etc. We do not distinguish between event types in our primary analysis since we are
interested in tracking activity in the aggregate. Limiting the analysis to individual events types (e.g. push events)
yields very similar results to the ones that we present here. A full list of the recognized event types is available
here: https://docs.github.com/en/developers/webhooks-and-events/events.
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repositories during 2020. Table S1 and Fig. 2 depict the geographic distribution of daily GitHub

activity over our study period. Drilling down yet further, a large fraction of GitHub users re-

sides in traditional tech hubs. Table S2 highlights the top ten cities in our dataset by identifiable

user geography. As part of our later analysis, we focus on six of these markets—London, New

York, San Francisco, Beijing, Bengaluru (Bangalore), and Seattle—and examine the response

of user activity to both local and global COVID-19 shocks. Finally, while GitHub does not

report gender, many users report their first and last names. We use this information to statisti-

cally impute gender among users of the five Anglo-Indian cities within our sample, based on

tabulated frequencies drawn from relevant census data. For simplicity, we exclude uncertain

matches (e.g., unisex names). The resulting subsample populations are heavily skewed toward

males. For every female user that we impute, we impute nine male users. This pattern holds

consistently across cities, corroborating existing evidence about the lack of gender diversity in

the tech industry (25).

[Fig. 2 about here.]

Timing and response to the COVID-19 pandemic

The exact origin and timing of human-to-human SarsCov2 transmission remains unknown.

China began locking down several cities in Hubei province in December 2019 following the

initial outbreak in the city of Wuhan. The World Health Organization declared an interna-

tional public health emergency on January 30, 2020 and officially declared it a global pandemic

on March 11, 2020. While localized outbreaks varied in their precise timing and intensity,

global awareness of COVID-19 increased throughout February 2020, with widespread aware-

ness emerging in March 2020 ahead of the many local, regional, and even national lockdown

measures that were temporarily introduced.

With that timeline in mind, we first focus on weekly activity, considering the week 10 of
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2020 (the first week of March) as a baseline measure of the pandemic onset. This abstraction

may fail to account for localized or company specific policies, which may have begun sooner

in some cases. However, it will also limit bias in the case of geographic and network spillovers.

To the extent that we do mismeasure company or local shifts to WFH, our approach will serve

to understate the effects of WFH on labor reallocation. We also emphasize that our study popu-

lation is not necessarily representative of the modal worker in the economy. Tech professionals

and other knowledge workers experienced very different work stresses and constraints during

COVID-19 compared to, say, restaurant owners and their employees. Yet this population is

ideally suited for measuring the effect of WFH on labor timing and intensity. While we do not

observe remote work directly, (26) find that workers in digital knowledge spaces like computers

are ex ante easily able to do their job remotely, and (27) find that ex post the vast majority of

these workers were working remotely in the pandemic.

Methods

In observational data settings such as ours, researchers commonly exploit variation in treat-

ment timing across units. For example, one might be tempted to use variation in the onset of

COVID-19 (and lockdowns) across countries to construct treatment and comparison units. This

research design could then be used to infer the causal effect on GitHub activity in one loca-

tion, given the valid counterfactual provided by another location that had not yet been treated.

Unfortunately, such a strategy is difficult to justify in the context of a globalized shock like

the COVID-19 pandemic. Temporal and geographic spillovers—whether due to coordinated

political responses, multinational firm policies, or network effects—would lead to biased es-

timates. Indeed, (15) document considerable spillover effects during the early phase of the

pandemic, which cut across large geographic distances and even served to undermine local pol-

icy responses. A lesser, but also important, complication involves the presence of compositional
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effects. The number of GitHub users grew continuously during the study period. While it is

possible to control for this growth directly, correctly attributing changes along the extensive and

intensive margins of activity requires some care.

We adopt two separate empirical strategies to avoid these inferential problems. Our first

approach compares proportional year-on-year GitHub activity within the same geography. For

example, did GitHub users in San Francisco work more on weekends during March 2020 (after

the COVID-19 lockdown) than they did in previous years? This allows us to detect whether ac-

tivity during our 2020 treatment year deviates from the patterns that we typically observe during

a specific month or calendar week. The year-on-year comparative approach has the virtue of

being easy to visualize and intuit. Indeed, we present direct visual evidence of labor realloca-

tion patterns by plotting the raw GitHub data in the next section. Yet we also complement these

visualizations by estimating event-study regression models of the form

Yi,t = αi + γt +Xi,tΓ + ΣW
w=WβwLi,t−w + εi,t. (1)

Our treatment group in the above equation is defined as the pandemic year (i.e., 2020),

while the control group consists of the years immediately preceding it (e.g., 2015–2019). Thus

αi denotes a year fixed effect, γt a week-of-year time effect, and Xi,t a vector of controls such

as location fixed effects. The outcome variable Yi,t is a measure of interest, such as a proportion

of weekend or out-of-hours GitHub activity. The term ΣW
w=WβwLi,t−w allows us to track the

evolution of this outcome variable over time in response to COVID-19 lockdown(s) L. Our

default specification considers the evolution of GitHub activity from W = 10 weeks before the

lockdown until W = 20 weeks after it. We extend this basic event-study framework to various

locations and cuts of the data (e.g., by gender).

The focus on proportionality measures in Eq. (1) allows us to detect reallocation patterns
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even if the number of GitHub users is changing (increasing) over time.7 However, it does

not allow us to take a definitive stance on whether COVID-19 induced changes in the overall

level of activity. For example, did San Francisco GitHub users work longer hours in total after

they went into lockdown? Or were they just reallocating a set time budget from regular work

hours to evenings and weekends? To address this question, our second empirical approach

adopts a forecasting counterfactual strategy (28, 29). In brief, we train a time-series model on

historical data and forecast a counterfactual for 2020 against which the observed values can be

compared. The “Prophet” model developed by researchers at Facebook is ideally suited to our

use case (30).8 As per Fig. 1, the daily GitHub activity data exhibit clear trends and patterns

of layered seasonality (day of week, month of year, etc.). We similarly need to account for

large holiday effects that may be location-specific and bleed into surrounding dates (e.g., around

Christmas and New Year’s Day). Prophet takes the form of a nonlinear regression model, where

different separate time-series components are combined in additive fashion:

yt = g(t) + s(t) + h(t) + εt. (2)

Here g(t) is a piecewise-linear trend function (or “growth” term), s(t) captures various sea-

sonal patterns, h(t) represents (potentially irregular) holiday effects, and εt is an idiosyncratic

error term. We use 2017–2019 activity data for model training and only evaluate forecasts on a

set cohort of existing users to avoid spurious compositional effects.

7As described in the supplementary text, we also take steps to compare consistent cohorts over time to avoid
picking up spurious compositional trends.

8Use case fit aside, we also cross-validated a variety of forecast models. Prophet performed as well or better
than the other options while being considerably faster and requiring minimal hyperparameter tuning for good
performance.
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Results

We begin our results section by presenting the raw year-on-year global GitHub activity data.

Fig. 3 highlights a sharp reallocation towards weekend activity following the onset of COVID-

19. This proportional increase, from a baseline of 20 percent to over 24 percent, represents

a sizable shift in individuals’ time use. If we assume a constant 40-hour work week, then it

translates to an additional 2 hours of work every weekend. The gap between our treatment and

control groups does narrow as we move toward the later calendar weeks of the year. However,

the proportional shift is long-lasting and remains above trend throughout 2020.

[Fig. 3 about here.]

In Fig. 4 we present similar proportionality plots for a group of major tech cities from dif-

ferent parts of the world. This time, we include the proportion of out-of-hours work in addition

to weekends, and highlight local lockdown orders. Several cities demonstrate a clear shift to-

ward both weekend and out-of-hours work. However, the effects are more heterogeneous and

nuanced in others. Residing in the initial treatment country of China, Beijing experienced a

clear and early structural change as it came out of Chinese New Year in early February. Yet it

is interesting to note that the reallocation pattern in the other cities generally precedes—by sev-

eral weeks—their own, local lockdown orders. Instead, we observe a general synchronization

around a “global” treatment date at the beginning of March (week 10). There is also a fair de-

gree of heterogeneity in terms of persistence. For example, London had reverted to its historical

pattern by somewhere between weeks 30 and 40, coinciding with local lockdown orders being

lifted. In contrast, the out-of-hours proportion for Bengaluru remained stubbornly above trend

for the entirety of 2020.

[Fig. 4 about here.]

The descriptive analyses presented thus far reveal large shifts in the times that GitHub users
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choose to work. We formalize these insights by estimating several regression models per Eq.

(1). Informed by the visual patterns evident in the preceding figures, we fix a global treatment

date at the beginning of March—as opposed to relying on local lockdown orders—to avoid the

inferential problems associated with geo-temporal spillovers in treatment. By and large, our

regression results simply confirm the patterns that are readily apparent in the raw data and can

be viewed in supplementary material (e.g Tables S3 and S4). We limit our discussion here to

the event-study plots in Fig. 5, which break out the results by gender.

A consideration of gender differences in our dataset is salient for several reasons. Female

workers have generally experienced larger employment declines and slower recoveries through-

out the pandemic (7). Moreover, these effects cannot be fully explained by differences in occu-

pation or industry (31). Yet it is not a priori obvious whether these gendered effects will be fully

evident among the GitHub users in our sample. Many knowledge workers were shielded from

COVID-19’s (un)employment impacts due to their ability to work remotely. These individuals

were also more likely to work longer and flexible hours before the pandemic (32, 33). At the

same time, women typically bare a disproportionate parenting burden during unforeseen events

like school closures, regardless of industry (8, 34). To interrogate these potential outcomes, we

split our city-level data by imputed gender and estimate separate regression models to allow for

heterogeneous effects. Because of sample size differences across this split—male users greatly

outnumber females users—we pool the gender data rather than estimate separate regressions for

each city. Doing so allows us to maximize statistical power across geography while capturing

overall uncertainty within gender groups.

Looking at Fig. 5, both male and female GitHub users show an increased tendency to work

outside of traditional hours following the initial lockdown period. Despite tapering toward the

end of the study period, these treatment effects persist for most of 2020. Yet we also observe

some differences between gender groups. The treatment response is more immediate and con-
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centrated among men than women, which suggests that men may have benefited more from the

initial flexibility provided by remote work. At least in the aggregate, male users in our sample

appear to have been in a position that allowed them to adapt nearly immediately to COVID-19.

In contrast, female users reallocated work effort more slowly and inconsistently. This latter

claim is supported by inspecting the raw data trends in gender activity across cities in Figs. S7

and S8. Again, such a finding would be consistent with prior research on gender roles and the

disproportionate burden that women bear in home production, particularly given the widespread

school closures starting in early March 2020.

[Fig. 5 about here.]

Having established a consistent pattern of proportional labor reallocation—we observe com-

paratively more activity during traditional leisure periods—we next investigate the net effect of

COVID-19 on overall productivity. The results from this analysis are summarized in Fig. 6,

where we zoom out to focus on country-level data rather than individual cities.9 As described

earlier, our approach here adopts a forecasting counterfactual strategy. For each country, we

train our model on 2017–2019 activity data, before forecasting into 2020 and then comparing

against observed GitHub activity.10 Following the onset of the pandemic, most countries in our

sample record a large (15–20 percent) increase in overall activity relative to the forecast coun-

terfactual. Assuming that these changes are reflected proportionally against a regular 40-hour

work week, this translates to approximately eight hours of additional activity each week. In

some countries like India (30–40 percent increase), this jump was even larger. Interestingly, the

exceptions to this trend are concentrated among the Asian nations that had to confront COVID-

19 first. China and South Korea do not exhibit the large and significant increase in user activity
9Our city-level focus was motivated by the need to investigate the effect of hyperlocalized lockdown orders

versus a more globalized effect with treatment spillovers.
10Note in passing that our emphasis on proportionality measures thus far allowed us to abstract from composi-

tional changes in the underlying GitHub userbase. But for measuring total productivity, any changes to the number
of users would clearly distort year-on-year comparisons on the extensive margin. We therefore limit our forecasting
exercises to a set cohort of users who already had active GitHub accounts at the start of the training period.
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of other countries. If anything, Chinese GitHub activity appears to have fallen below trend in

the wake of COVID-19. However, the sudden structural reallocation of time towards weekly

activity is clearly apparent, as evidenced by the increased amplitude of the Chinese series.

Other notable features of Fig. 6 include the fact that the elevated activity levels across our

sample countries had generally returned to trend by the start of July. This reversion coincides

with the reopening of the global economy, as the first wave of the pandemic subsided and

vaccines were increasingly made available. We also observe—in some countries, at least—

evidence of slight dip leading into the pandemic before the sharp uptick. This dip possibly

reflects anticipation effects or difficulties associated with the initial coordination problem in

moving to remote work and education (9). To help validate these results, we replicate our

forecasting exercise for user activity in 2019, i.e., the year before the pandemic. The results

from this placebo test can be seen in Fig. S10. While the observed activity differed widely from

what we observed in 2020, no such difference emerges for 2019. We interpret this as supporting

evidence that our forecasting approach credibly identifies deviations specific to the pandemic

rather than stemming from systematic forecasting errors.

[Fig. 6 about here.]

Stepping back, one way we might summarize the results across Figs. 3–6 is as follows. The

pattern of proportional labor reallocation shows a good deal of persistence, especially out-of-

hours activity. Despite some regional and gender-based heterogeneity, we observe a sustained

shift in work patterns that essentially lasted through the end of 2020. In contrast, the jump in

total activity appears to have been more transient. Total GitHub activity across most regions

in our sample had reverted to trend by July 2020. This divergence highlights the differential

impacts of the pandemic itself, the imposition of lockdowns and switch to WFH, and the lasting

cultural changes that were seeded. As economies around the world have reopened and leisure

opportunities have returned, so too have workers return to a regular 40- or 50-hour week. But
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they have not necessarily returned to the same 9 am to 6 pm, Monday to Friday schedule.

We conduct a number of supplementary analyses beyond those presented here. For exam-

ple, thus far we have generally shied away from making claims about “productivity”, which

economists would define in strict terms of output per unit effort. However, we can still glean

some insight into productivity by tracing the evolution of GitHub events per number of active

users. Figs. S4 and S5 illustrate the resulting time-series plots for this (narrow) measure of pro-

ductivity.11 While we observe a moderate increase in productivity over 2019–2020, COVID-19

does not appear to trigger any sustained changes beyond that. In a related but separate ex-

ercise, we confirm that our results do not hinge on our decision to group all event activity

together. Indeed, the relative frequency of different GitHub event types—pushes, pull requests,

etc.—is remarkably stable over time (generally) and around the COVID-19 treatment period

(specifically). See Fig. S6 for an illustration. Finally we consider a set of organisation case

studies, which offer additional insights because of their stable employment environments and

long-standing norms of public-facing code. See Figs. S11–13 and further discussion in the

supplementary text, particularly with regard to generalising our findings to activity in private

GitHub repositories.

Conclusions

COVID-19 continues to reshape much of human life. In this paper, we have focused on labor

(re)allocation and how individuals with flexible work conditions have adapted their schedules in

response to the pandemic. We rely on real-time activity data from GitHub, covering millions of

knowledge workers from across the world. Despite regional heterogeneity, our primary finding

is that the onset of the pandemic triggered a sharp and sustained pattern of labor reallocation

11Here we highlight the same group of countries our forecasting analysis, since we again wish to hold a fixed
cohort of users.

15



at the global level. GitHub users were demonstrably more active on weekends and outside

of regular work hours than they were in previous years. Concomitant with this proportional

reallocation of time, COVID-19 also precipitated a jump in overall activity. GitHub users were

not simply reshuffling a set budget of work hours during the early lockdown period, but actually

working more in general. However, this latter effect is largely transient and aggregate activity

had trended back to expected levels within a few months. By the end of the 2020 we observe

a fairly steady pattern that is tempting to call a “new normal”. People appear to be working

more during traditional leisure times—but not necessarily more in the aggregate—as schedules

adjust to a world where more and more of us are WFH.

Many questions remain for future work. While we have provided evidence of spatial spillovers,

the exact network propagation remains unclear. The GitHub data that we have used here would

readily lend itself to such an analysis, since the full network tree of collaborators and joint

projects is encapsulated in the event logs. Similarly, we have assumed an implicit constant

quality to event activity. A follow-up study could evaluate the content of the individual com-

mits or frequency of corrections; again using a similar dataset to ours. Users could also be

matched to additional demographic information such as age and workplace experience, to see

how these factors interact with gender and school closures. As these and other questions are

investigated, we believe that real-time data sources—such as the GitHub data that we document

here—will continue to offer unique insights into the ways the firms and workers have adapted

in the wake of COVID-19.
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Figure 1: Global GitHub activity. The figure shows the total daily events recorded on the
public GitHub timeline from 2015 to 2020. The time series is broken out by day of week
and week of year to underscore the strong seasonality in the data (weekdays versus weekends,
public holidays, etc.). Peak daily activity increases from approximately half a million events
at the start of 2015 to over two million daily events by the end of 2020. This is largely driven
by a proportional increase in active daily users—from 150,000 to 500,000—over the same time
period. Timestamps are relative to UTC (Coordinated Universal Time).
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Figure 2: Geographic distribution. The map shows the average number of daily GitHub events
over the 2015–2020 study period, aggregated at the country level. The data are limited to active
GitHub users for whom a defined geographic location is available. Note that the color scale has
been logged to preserve aesthetic attributes.

22



0 10 20 30 40 50

15%

18%

20%

23%

25%

Week of year

Pr
op

or
tio

n 
of

 w
ee

ke
nd

 a
ct

ivi
ty

Recent years Recent mean 2020

Figure 3: Working more on weekends. The figure shows the proportion of global GitHub
event activity taking place on weekends, by week of year. The year of the pandemic (2020, in
magenta) is contrasted against the five years immediately before that (2015–2019, in cyan). The
vertical line denotes the 10th week of the year, corresponding to the beginning of March 2020
and the onset of the pandemic in most industrialized nations. Timestamps are relative to UTC.
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Note: "Out-of-hours" defined as the period outside 9 am to 6 pm.

Figure 4: Labor reallocation across cities. As per Figure 3, except broken out by major global
cities and including the proportion of out-of-hours activity (i.e., outside 9 am to 6 pm). As
with Figure 3, the solid vertical lines in each panel denote the beginning of March 2020. The
additional dashed vertical lines correspond to the official lockdown orders or WFH mandates
associated with each city. Recent comparison years are limited to 2017–2019 to limit confound-
ing migration and relocation patterns. Timestamps are adjusted to local time zones.
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Figure 5: Gender event-study plot. The figure shows the dynamic evolution of lockdown treat-
ment effects in accordance with regression Eq. (1). The data have been subset by, and stratified
according to, imputed gender. This subsample consists of approximately 72,000 active GitHub
users across five major Anglo-Indian cities (London, New York, San Francisco, Bengaluru, and
Seattle-Redmond), of which nearly 90 percent are male. The inner lines depict the coefficient
point estimates, while the outer ribbons depict the 95 percent confidence intervals associated
with standard errors that have been clustered at the city-year level.
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Figure 6: Observed vs. predicted GitHub activity. The figure shows the percentage differ-
ence between observed and predicted daily GitHub event activity across a sample of countries,
zoomed in around the COVID-19 onset period. Predictions are obtained using the Prophet fore-
casting model (30), with the full training sample extending over 2017–2019. Shading denotes
the 90 percent forecast interval. For each country, activity is limited to a set cohort of users
who had established GitHub accounts before the start of the training period. Values above zero
indicate that observed activity was higher than the counterfactual level predicted by the model,
and vice versa.
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Methods

GitHub data — additional information

We obtain the bulk of our GitHub data from GH Archive (1) and GHTorrent (2). The former

catalogs all of the public event activity recorded by the GitHub API and is updated daily. The

latter catalogs similar information, but is updated less regularly. However, it also provides

periodic snapshots of user information—including location and organization affiliation—which

we use for subsetting and covariate matching. Both (1) and (2) host their tables on Google’s

BigQuery database warehouse system.1 We query and join these tables programatically via the

BigQuery API. The raw data require several cleaning steps to exclude undesirable features and

outliers. For example, we ignore user entries with more than 30 events in an hour (or 150 events

in a day) to exclude bots and fake accounts. We similarly ignore and remove all activity on days

with notable GitHub outages.

An important feature of the data is that the underlying GitHub API logs all event activity

in terms of Coordinated Universal Time (UTC). This has ramifications for our research design,

insofar as we cannot simply infer the time of day when a particular user is active—i.e., relative

to their local time zone—based on the observed timestamps of the data. Instead, we must first

match users to their self-reported location and then convert to the appropriate timezone. At

least, we must do this for queries that require precise estimation of time-based effects, such as

the proportion of out-of-hours activity. The UTC artefact in part motivates our decision to query

and analyse representative geographic samples of the data (e.g., a detailed snapshot of certain

countries, rather than a panel of activity data for every country in the world).

While (1) and (2) provide the bulk of our GitHub data, neither provides information that

would allow us to impute gender. Nevertheless, the underlying GitHub GraphQL API records

1https://cloud.google.com/bigquery
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first and last names for all users that self-report this information.2 We therefore query the

GraphQL API directly, matching on the subset of users that we have identified as located within

one of the highlighted cities in Table S2. We extract all available first names and then impute

gender based on the tabulated frequencies of relevant census data. We exclude Beijing because

our imputation procedure is not reliable for Chinese names.3 We also exclude ambiguous gender

imputation matches, such as common unisex names. In total, we impute gender for about 40

percent of users from the five remaining highlighted cities in Table S2.

2https://docs.github.com/en/graphql
3This is primarily due to inconsistent use of native Chinese and Anglicized names, as well as the prevalence of

different Chinese character (hanzi) standards.
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Supplementary text

Organisation case studies

A potential concern is that our results may, at least in part, reflect compositional effects stem-

ming from the types of repositories that GitHub users choose to work on. This concern relates

to the fact that our data are all drawn from the public GitHub timeline and we don’t observe

activity within any private repositories. For example, some users might have switched over to

doing more work on public repositories following the pandemic to better advertise their skills

to potential employers and thereby mitigate job uncertainty. Others might have switched over

to working on “hobby” projects, rather than renumerated ones, during traditional leisure times.

We believe there are good reasons a priori to be sanguine about the former, since employment

opportunities for knowledge workers during the pandemic were very stable compared to work-

ers in other sectors. For the latter, this is largely a matter of framing, but also seems unlikely

given the persistence of out-of-hours work that we observe throughout 2020 (and certainly well

after most economies reopened). Nevertheless, we further explore this issue with the help of

several organizational case studies in Figs. S11–S13.

These case studies consider event activity within repositories belonging to three organisa-

tions: Microsoft (https://github.com/microsoft), Alibaba (https://github.

com/alibaba), and the UK Government Digital Service division (https://github.

com/alphagov). All three are among the most active and well-represented organisations

on GitHub; certainly within their respective categories.4 More importantly, each in their own

way provides a useful test case for analysing how GitHub activity responded to the pandemic

in an environment where: i) job security among this subset of users was high, and ii) working

4As GitHub’s parent firm, Microsoft is the largest organisation on the entire platform by some distance. To
avoid confounding geographic and time-zone effects, we further limit our analysis of Microsoft activity to members
from Seattle-Redmond (i.e. where the company is headquartered).
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within public repositories and on open-source code was part of organisational norms.

Looking at Figs. S11–S13, there is a clear treatment effect across all three organisations.

As with the city- and country-level results presented in the main text, the pattern of labour

reallocation appears to be more persistent for out-of-hours activity than weekend activity. In

the case of Microsoft’s Seattle-Redmond employees, for example, the proportional jump in out-

of-hours activity is much larger than the same metropolitan region as a whole. We observe a

sustained 6–8 percent increase in activity outside of traditional 9 am to 6 pm work hours. Our

takeaway from these organization case studies is that they support our our main findings, and

enhance our understanding of the underlying treatment effects. We are left to conclude that our

focus on the public GitHub timeline does not unduly distort the results that we would observe

if we also had access to activity data from private repositories.

At the same time, there are interesting divergences between the organization trends that

underscore the heterogeneity in our data. To highlight an obvious example, we observe a large

anticipatory spike in the UK Government Digital Service activity immediately prior to the coun-

try’s lockdown. Drilling down into the actual GitHub logs, this spike was driven by a rush to

provide ancillary services to the British public that needed to be available once the lockdown

went into effect.5 Yet we note that these strong anticipatory effects do not explain (or under-

mine) the persistent pattern of labor reallocation that follows in the weeks and months thereafter.

5For example, forms that small businesses would use when requesting government support to help defray
financial losses.
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Supplementary Tables

Table S1: Sample of top GitHub countries by identifiable user geography

Rank Country Users (2019) Users (2017)

1 United States 706,038 695,185
2 India 178,689 173,582
3 China 164,613 161,818
4 United Kingdom 122,862 120,867
5 Germany 103,662 101,935
6 Brazil 85,660 83,027
8 France 71,902 70,637
9 Japan 42,680 41,983

16 Sweden 28,868 28,521
18 Italy 26,330 25,701
22 South Korea 18,506 17,978
33 South Africa 11,709 11,435

This sample of 12 countries was selected to yield good geographic coverage and a
mix of COVID-19 response policies. We favour countries with single time zones
to enable accurate weekend and out-of-hours proportionality. Exceptions for the
latter criteria are made for the United States (owing to its status as the top-ranked
country and where we use CST) and Brazil (where >90% of the population reside
in the BRT time zone). For the forecasting exercises described in the main text,
we limit the sample to users who had established a GitHub account before 2017.

Table S2: Top 10 GitHub cities by identifiable user geography

Rank City Users (2019) Gender imputed % Male

1 London, UK 44,759 18,266 92
2 New York, US 44,413 15,920 87
3 San Francisco, US 40,713 16,327 89
4 Beijing, CN 38,901 – –
5 Bengaluru, IN 35,706 11,110 91
6 Shanghai, CN 25,921 – –
7 Seattle-Redmond, US 24,205 10,256 89
8 Paris, FR 22,792 – –
9 Moscow, RU 18,910 – –

10 Chicago, US 18,487 – –

Cities in bold are highlighted in this paper. For a subset of cities, we impute gender
based on the user’s first name. Gender imputation is limited to GitHub users who
were active during 2019 and excludes common unisex name matches.
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Table S3: Event-study regressions: Proportion of weekend activity

Location Global Full city sample Beijing Bengaluru London New York San Francisco Seattle

Dependent Variable: Events
Model: (1) (2) (3) (4) (5) (6) (7) (8)

Variables
Treated × TimeToTreatment=-8 -0.0067 0.0010 0.0039 0.0122 0.0088

(0.0042) (0.0133) (0.0064) (0.0105) (0.0075)
Treated × TimeToTreatment=-7 -0.0060 0.0185 -0.0256 0.0056 0.0232∗∗∗ 0.0234 0.0129

(0.0040) (0.0165) (0.0167) (0.0084) (0.0039) (0.0184) (0.0101)
Treated × TimeToTreatment=-6 -0.0070 -0.0042 -0.0289 -0.0002 0.0167∗∗∗ 0.0172 0.0050

(0.0075) (0.0124) (0.0170) (0.0062) (0.0023) (0.0154) (0.0047)
Treated × TimeToTreatment=-5 0.0276 0.0174 0.0010 0.0036 0.0126 0.0336∗ 0.0192 0.0152

(0.0142) (0.0163) (0.0575) (0.0176) (0.0081) (0.0128) (0.0112) (0.0067)
Treated × TimeToTreatment=-4 -0.0024 0.0118 0.0296 -0.0068 0.0104∗∗ 0.0118 0.0129 -0.0060

(0.0082) (0.0126) (0.0657) (0.0195) (0.0026) (0.0146) (0.0076) (0.0153)
Treated × TimeToTreatment=-3 -0.0014 0.0032 -0.0070 -0.0229 0.0097 0.0170 0.0112 -0.0041

(0.0052) (0.0182) (0.0438) (0.0199) (0.0044) (0.0118) (0.0115) (0.0033)
Treated × TimeToTreatment=-2 -0.0056 0.0233 -0.0049 0.0117 0.0090 0.0260∗∗∗ 0.0140 -0.0021

(0.0051) (0.0168) (0.1348) (0.0215) (0.0066) (0.0025) (0.0155) (0.0049)
Treated × TimeToTreatment=0 0.0004 0.0219∗ 0.0536 -0.0021 0.0118∗∗∗ 0.0227∗ 0.0196 0.0076∗∗

(0.0023) (0.0110) (0.0532) (0.0060) (0.0016) (0.0077) (0.0103) (0.0020)
Treated × TimeToTreatment=1 0.0118∗∗∗ 0.0214 0.0081 -0.0037 0.0240∗∗ 0.0069 0.0538∗ 0.0207∗

(0.0012) (0.0169) (0.1146) (0.0088) (0.0060) (0.0114) (0.0178) (0.0076)
Treated × TimeToTreatment=2 0.0312∗∗∗ 0.0494∗∗∗ 0.0669 0.0308 0.0497∗∗∗ 0.0443∗∗∗ 0.0589∗∗ 0.0272∗∗

(0.0020) (0.0125) (0.0568) (0.0203) (0.0083) (0.0064) (0.0126) (0.0065)
Treated × TimeToTreatment=3 0.0328∗∗∗ 0.0593∗∗∗ 0.0560 0.0619∗∗ 0.0684∗∗∗ 0.0650∗∗ 0.0476∗∗ 0.0352∗∗

(0.0023) (0.0137) (0.0599) (0.0174) (0.0049) (0.0141) (0.0107) (0.0065)
Treated × TimeToTreatment=4 0.0147 0.0507∗∗∗ 0.0527 0.0348 0.0369∗∗∗ 0.0598∗∗∗ 0.0400∗∗ 0.0337∗∗∗

(0.0102) (0.0122) (0.0527) (0.0268) (0.0062) (0.0057) (0.0103) (0.0039)
Treated × TimeToTreatment=5 0.0298∗∗∗ 0.0505∗∗∗ 0.0525 0.0711∗∗ 0.0436∗∗∗ 0.0442∗∗∗ 0.0562∗∗ 0.0231

(0.0026) (0.0149) (0.0572) (0.0190) (0.0060) (0.0073) (0.0098) (0.0103)
Treated × TimeToTreatment=6 0.0296∗∗∗ 0.0495∗∗∗ 0.0513 0.0419 0.0530∗ 0.0478∗∗ 0.0469∗∗ 0.0435∗∗∗

(0.0023) (0.0134) (0.0565) (0.0233) (0.0197) (0.0083) (0.0142) (0.0050)
Treated × TimeToTreatment=7 0.0336∗∗∗ 0.0488∗∗ 0.0145 0.0795∗∗∗ 0.0492∗∗ 0.0547∗∗∗ 0.0413∗∗∗ 0.0396∗∗∗

(0.0054) (0.0202) (0.0614) (0.0114) (0.0085) (0.0023) (0.0056) (0.0029)
Treated × TimeToTreatment=8 0.0234∗∗ 0.0439∗∗ 0.0209 0.0544∗∗∗ 0.0554∗∗ 0.0295∗∗ 0.0367∗∗ 0.0415∗∗∗

(0.0079) (0.0163) (0.0534) (0.0062) (0.0105) (0.0056) (0.0080) (0.0028)
Treated × TimeToTreatment=9 0.0251∗∗∗ 0.0402∗∗∗ 0.0368 0.0372∗ 0.0444∗∗∗ 0.0345∗∗ 0.0445∗∗ 0.0280∗∗

(0.0030) (0.0128) (0.0559) (0.0134) (0.0046) (0.0060) (0.0084) (0.0074)

Fixed-effects
Year Yes Yes Yes Yes Yes Yes Yes Yes
TimeToTreatment Yes Yes Yes Yes Yes Yes Yes Yes
Location Yes Yes Yes Yes Yes Yes Yes

Fit statistics
Observations 174 724 112 124 124 124 124 116
R2 0.76274 0.71156 0.66461 0.90867 0.88779 0.89589 0.89356 0.88778
Within R2 0.56894 0.36484 0.46067 0.77718 0.78345 0.79217 0.77946 0.70980

Clustered (Location-Year) standard-errors in parentheses

Signif. Codes: ***: 0.01, **: 0.05, *: 0.1
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Table S4: Event-study regressions: Proportion of out-of-hours activity

Location Full city sample Beijing Bengaluru London New York San Francisco Seattle

Dependent Variable: Events
Model: (1) (2) (3) (4) (5) (6) (7)

Variables
Treated × TimeToTreatment=-8 -0.0303∗∗∗ -0.0177∗∗∗ -0.0207 0.0040

(0.0099) (0.0027) (0.0105) (0.0081)
Treated × TimeToTreatment=-7 -0.0084 -0.0237∗∗ -0.0082 -0.0111 -0.0061 0.0170

(0.0101) (0.0054) (0.0077) (0.0049) (0.0047) (0.0116)
Treated × TimeToTreatment=-6 -0.0236∗∗ -0.0165 -0.0101 -0.0032 -0.0016 -0.0031

(0.0088) (0.0218) (0.0085) (0.0055) (0.0032) (0.0158)
Treated × TimeToTreatment=-5 -0.0183 -0.0423 -0.0315 -0.0077 0.0074 0.0141 0.0227∗∗

(0.0129) (0.0535) (0.0199) (0.0063) (0.0096) (0.0078) (0.0039)
Treated × TimeToTreatment=-4 -0.0303∗∗ -0.0566 -0.0192 -0.0131 -0.0117 0.0099∗ -0.0126∗∗∗

(0.0118) (0.0611) (0.0191) (0.0104) (0.0160) (0.0036) (0.0015)
Treated × TimeToTreatment=-3 -0.0144 -0.0582 0.0168 -0.0129 0.0152 0.0007 -0.0111∗∗∗

(0.0130) (0.0587) (0.0097) (0.0098) (0.0119) (0.0031) (0.0016)
Treated × TimeToTreatment=-2 0.0059 -0.0211 0.0312∗∗∗ -0.0070 0.0045 -0.0097 -0.0164∗

(0.0086) (0.0878) (0.0015) (0.0045) (0.0062) (0.0052) (0.0068)
Treated × TimeToTreatment=0 -0.0028 0.0361 -0.0076 -0.0226∗∗∗ 0.0090 0.0016 -0.0019

(0.0060) (0.0767) (0.0093) (0.0019) (0.0144) (0.0051) (0.0040)
Treated × TimeToTreatment=1 0.0031 0.0202 -0.0025 -0.0063∗ -0.0014 0.0134∗∗∗ 0.0128

(0.0061) (0.0770) (0.0067) (0.0023) (0.0168) (0.0017) (0.0113)
Treated × TimeToTreatment=2 0.0093∗ 0.0340 0.0266∗∗ 5.64× 10−5 0.0063 0.0246∗∗ 0.0040

(0.0050) (0.0535) (0.0051) (0.0062) (0.0039) (0.0058) (0.0120)
Treated × TimeToTreatment=3 0.0124 0.0199 0.0529∗∗∗ 0.0069 -0.0055 0.0025 0.0144

(0.0086) (0.0560) (0.0061) (0.0060) (0.0064) (0.0093) (0.0106)
Treated × TimeToTreatment=4 0.0210∗∗ 0.0181 0.0476∗∗ 0.0034 0.0252∗∗ 0.0078∗ 0.0109

(0.0090) (0.0626) (0.0109) (0.0026) (0.0054) (0.0028) (0.0070)
Treated × TimeToTreatment=5 0.0160∗ 0.0102 0.0552∗∗∗ -0.0086 0.0185∗ 0.0175 0.0181∗∗

(0.0087) (0.0583) (0.0045) (0.0099) (0.0077) (0.0077) (0.0042)
Treated × TimeToTreatment=6 0.0162 0.0271 0.0711∗∗∗ -0.0021 0.0218 0.0080 0.0112∗∗

(0.0108) (0.0582) (0.0084) (0.0022) (0.0109) (0.0063) (0.0027)
Treated × TimeToTreatment=7 0.0132 -0.0349 0.0653∗∗∗ 0.0214∗∗∗ 0.0164∗∗ 0.0082 0.0122∗

(0.0142) (0.0605) (0.0040) (0.0012) (0.0049) (0.0073) (0.0044)
Treated × TimeToTreatment=8 0.0250∗∗ -0.0035 0.0558∗∗ 0.0348∗∗ 0.0390∗∗∗ 0.0104 0.0232∗∗∗

(0.0103) (0.0642) (0.0096) (0.0079) (0.0009) (0.0085) (0.0029)
Treated × TimeToTreatment=9 0.0252∗∗∗ 0.0131 0.0735∗∗∗ 0.0024 0.0290∗∗ 0.0252∗∗ 0.0265∗∗∗

(0.0089) (0.0573) (0.0080) (0.0088) (0.0063) (0.0049) (0.0025)

Fixed-effects
Location Yes Yes Yes Yes Yes Yes Yes
Year Yes Yes Yes Yes Yes Yes Yes
TimeToTreatment Yes Yes Yes Yes Yes Yes Yes

Fit statistics
Observations 724 112 124 124 124 124 116
R2 0.86056 0.76375 0.94462 0.87963 0.86721 0.80745 0.86325
Within R2 0.30276 0.53828 0.77708 0.71258 0.67445 0.50719 0.64801

Clustered (Location-Year) standard-errors in parentheses
Signif. Codes: ***: 0.01, **: 0.05, *: 0.1
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Supplementary Figures

Additional time series plots
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Figure S1: Daily global GitHub activity (2015–2020). Panel (a) recapitulates Fig. 1 from
the main text, while panel (b) records active GitHub users rather than events. We include both
panels here to demonstrate the direct proportionality between users and events.
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Figure S2: Daily country GitHub activity (2019–2020), part I. As per Fig. 1 in the main text,
but highlighting event activity within the sample of countries from Table S1 over 2019–2020.
The vertical lines represent the first official lockdown of any country (China) and the start
of March 2020, respectively. Note that the y-axis is free-scaled to emphasise within-country
trends; absolute activity levels should not be compared across countries. Continues in the next
figure.
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Figure S3: Daily country GitHub activity (2019–2020), part II. Continues from Fig. S2.
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Figure S4: Daily country GitHub productivity (2019–2020), part I. As per Fig. S2, but now
measuring productivity, which we defined here as: Productivityt = Eventst/ActiveUserst.
Again, note that the y-axis is free-scaled to emphasise within-country trends; absolute activity
levels should not be compared across countries. Continues in the next figure.
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Figure S5: Daily country GitHub productivity (2019–2020), part II. Continues from Fig. S4.

13



Additional proportionality plots
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Figure S6: Working more on weekends (push events only). As per Fig. 3 in the main text,
but limited to push events only.
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Figure S7: Proportion of weekend activity by city and gender. As per Fig. 4 in the main text,
except (i) limited to weekend activity and (ii) broken out by imputed gender.
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Note: "Out-of-hours" defined as the period outside 9 am to 6 pm.

Figure S8: Proportion of out-of-hours activity by city and gender. As per Fig. 4 in the main
text, except (i) limited to out-of-hours activity and (ii) broken out by imputed gender.
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Additional forecasting plots
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Figure S9: Observed vs. predicted GitHub activity (absolute differences). As per Fig. 6
in the main text, except using absolute deviations in the number of events (in thousands) rather
than percentages.
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Figure S10: Observed vs. predicted GitHub activity (placebo). As per Fig. S9 and similar
to Fig. 6 in the main text, except shifted backwards by one year (i.e. October 2018 through
June 2019). The absence of any treatment effect around the equivalent COVID-19 onset —
approximately the start of March — underscores that we are not picking up a spurious seasonal
effect in our primary analysis.
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Organisation case studies
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Note: "Out-of-hours" defined as the period outside 9 am to 6 pm.

Figure S11: Microsoft activity. As per Fig. 4 in the main text, except limited to (i) activity on
repositories belonging to Microsoft, and (ii) users located in the Seattle-Redmond area.
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Note: "Out-of-hours" defined as the period outside 9 am to 6 pm.

Figure S12: Alibaba activity. As per Fig. 4 in the main text, except limited to activity on
repositories belonging to Alibaba. The timestamp adjustment assumes that all contributors are
located in China.
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Note: "Out-of-hours" defined as the period outside 9 am to 6 pm.

Figure S13: UK Government Digital Service. As per Fig. 4 in the main text, except limited to
activity on repositories belonging to the (UK) Government Digital Service division. The large
spikes immediately prior to lockdown (dotted vertical line) are driven by activity related to the
provision of COVID-19 web services (e.g. government assistance applications). The three solid
vertical lines demarcate successive reopening dates: 1) schools, 2) shops, 3) all other.
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