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ABSTRACT

Disruptions to open source software platforms can occur for various reasons such as natural disasters, cyber-attacks
etc., that are beyond the control of open source workers. As open source work relies primarily on voluntary
contributions, any type of disruptions to the work routines of open source workers can lead to loss of productivity and
cause delays in software production and releases. Currently, we do not have sufficient understanding about worker
resilience or the effects of disruption on open source development. To understand the effects of disruption, data has
been collected on open source production activities during the COVID-19 pandemic, an exemplar event, from January
1st 2020 to 7th April, 2020 from two different locations that had different lockdown policies. The results highlight the
importance of disruptions in open source production environments and project management practises during crisis
situations.
Keywords

Open source, COVID-19, disruptions, online communities.
INTRODUCTION

Open source software is a software that is developed by individuals or organizations with contributions from voluntary
workers through web-based platforms (Von Hippel and Von Krogh 2003) such as Github, Bitbucket etc., and have
challenged the traditional ways of developing software and project management activities within organizations.
Unlike, proprietary software, open source can be rich in kind due to its wide-scale availability and enhancements
provided by altruistic people participating in software development activities (Puranam et al. 2014). Hence
organizations are adopting both open source software and open source development practices into organizations
through inner-sourcing practices (Stol and Fitzgerald 2014).
Open source platforms are useful for entrepreneurs and organizations for tapping the workforce and IT skills that are
beyond the reach of the organizational boundaries, however, open source platforms are also susceptible to disruptions
which can lead to potential problems in coordination, production releases and open source project management
(Lindberg et al. 2016). We define here disruptions in open source platforms as triggering events that are “sufficiently
jarring that it cannot be ignored” (Morgeson and DeRue 2006, p 272). One key feature that distinguishes disruptions
from other forms of “interruptions” or “distractions” (such as a simple email or pull request or a comment) is that they
are sufficiently large and unexpected and have the potential for creating chaos and uncertainty in open source platforms
(Stoverink et al. 2020).
This is problematic as disruptions can create challenges to users that routinely build software through these opensource platforms. Disruptions can bear heavily on open source processes, software release cycles and voluntary
contributions (Stoverink et al. 2020) and despite over decades of research on open source platforms there are not
many studies that have studied the phenomena of disruption and how it affects open source activities i.e., what sort
of activities get highly disrupted and which activities are least affected and for how long? Hence, we can ask:
RQ1: What is the impact of disruption on open-source activities? And how long does it take for workers to
reverse this effect?
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Recent studies on digital platforms (Choudhury et al. 2020; Zhang and Zhu 2011), banking (Dong et al. 2018) have
used “difference-in-difference” estimation technique to test causality by using natural experiments. To this end, our
research design follows this logic to understand how disruption affects open source platform activities. To this end,
data was collected from a popular open source site Github (www.github.com) which was established in the year 2008
and has over 40 million users from all over the world in 2020 (Gousios 2013). We chose a major event dubbed
“COVID-19 pandemic” (a pandemic that was caused due to a novel coronavirus outbreak in Wuhan in December
2019) as an exemplar of disruption in open source platforms as open source workers are subject to different working
conditions (Liu et al. 2020). As COVID-19 pandemic affected different regions to different degrees, governments
have imposed different types of lockdowns and thus allowing us to understand how different lockdown policies
(thereby different open source working conditions) can affect the opensource production activities of individual
workers.
For setting up a quasi-natural experiment, data was chosen on activities of users from two locations that have faced
different type of disruptions during the COVID-19 pandemic, i.e., one with no lockdown and one with full lockdown
during the same period (Liu et al. 2020). The analysis shows that contributions decrease by 19% due to disruption,
however, the effect was much smaller in entrepreneurial activities. At the same time, the effect of disruption was
observed to be persistent for a long time.
The paper is organized as follows. First literature review is provided on open source platforms and disruptions. Then
research design is discussed. Next key findings are discussed. The paper ends with discussion, conclusion and suggest
possible avenues for future research.

BACKGROUND

Research on open source platforms spans across multiple disciplines in the fields of information systems, management,
and organization science and has been touted under different labels such as open-source science, private-collective
innovation model, community-based innovation, open innovation, Open Source Software Development (OSSD),
virtual organizations etc., to name a few (Foss et al. 2016).
Open source platforms rely on the concept of developing software through volunteers via web-based hosting services
(ibid). In line with this view, projects developed in open source platforms depend on the volunteers to carry out tasks
such as bug reporting, code development, project management and develop code collectively through patches and
software releases. Researchers have made several important contributions to unpack the inner workings of how open
source projects work and how they are governed and what enables the projects to remain solvent (Von Hippel and
Von Krogh 2003). Studies pinpoint the reasons for success (Crowston et al. 2003; Crowston and Howison 2005;
Crowston et al. 2006), and how trust between developers enhances open source effectiveness (Stewart and Gosain
2006), and the role of diversity in community engagement (Daniel et al. 2013), and communication strategies for
growth of open source projects (Foss et al. 2016).
Surprisingly, despite over decades of research on open source platforms there have not been many studies that have
studied the phenomena of disruption and how it affects open source activities i.e., what sort of activities get highly
disrupted and which activities are least affected and for how long? Some studies have been conducted in the area of
software development for understanding the role of “interruptions” (a superset of disruptions) to shed light on the
effective strategies that organizations can utilize in reducing the negative effects of interruptions (Sykes 2011). At the
same time, a recent study on online communities showcase the importance of self-organizing during crisis situations
(Nan and Lu 2014) and suggest that more work is needed in unpacking the nuances of open source production process
such as platform disruptions due to exogeneous shocks (see Fisher 2019 and Faraj et al 2011, 2016 for more details
regarding the differences between open source and online communities)(Faraj et al. 2011; Faraj et al. 2016; Fisher
2019). Hence Nan and Liu (2014) note that: “online community research, being relatively new, is still searching for
fruitful angles to grasp the fundamental difference between online communities and traditional forms of
communication and collaboration (Majchrzak 2009). Since self-organization in online communities manifest
organizing dynamics distinct from those in traditional communication and collaboration platforms, it provides a
promising new angle to rethink the key constructs of existing online community research: motivation, structural
mechanism, and governance”(Nan and Lu 2014, p 1153).
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Understanding the effects of disruptions on open-source platforms is important for several reasons. In today’s
environment, disruptions to open source platforms are increasingly becoming common due to cyber-attacks, power
outages, natural disasters, censorships etc., (Zhang and Zhu 2011). All these type of disruptions can bear heavily on
open source software processes, production release and voluntary contributions (Stoverink et al. 2020). There have
not been many studies that have studied the phenomena of disruption and how it affects open source activities i.e.,
what sort of activities get highly disrupted and which activities are least affected and for how long? As we know that
most of the firms are dependent on open source platform disruptions can be problematic for organizations (Nagle
2019).
Second, disruption can impair team functioning and cause delays in the open source production process, especially,
when open source team or an individual member is faced with a tricky situation or a puzzle for which there are no
clear solutions (Stoverink et al. 2020). As most of the open source development is self-organized (Foss et al. 2016),
the product owner or manager has to monitor and prepare strategies for coping up with the disruptive events to reduce
delays in production. To this end, product owners managing open source need to understand the type of disruptive
events that can be expected in open source and how to effectively manage their teams by understanding the potential
impact of disruption on workers (Morgeson and DeRue 2006). For example, a recent news report finds that, when a
software programmer1 pulled out the code from a popular package called Node Package Manager (NPM) due to legal
issues it resulted in disruption across thousands of projects that use this software code. The CEO of the company had
to take unprecedented steps to bring the situation under control. This exemplifies the heightened challenges in
managing open source development during disruptions.
Third, when platforms are disrupted, open source teams need to develop resilience to overcome the situation
(Stoverink et al. 2020). This can be challenging for many open source software teams due to lack of training and
project management experience. In conclusion, disruption(s) is an understudied topic in open source literature and
through this study we would like to shed light in this area. Next, we discuss our research design.
RESEARCH DESIGN

In this study we followed a research design that is traditionally followed in observational studies in information
systems (Horton and Tambe 2015). We illustrate our research design with a figure to give an overview of the process
followed (see Figure 1). First the research questions were formulated and an quasi-experiment was set up and the data
was collected in the next step and then exploratory data analysis was carried out. Finally, the results were interpreted.

1

See https://www.theregister.co.uk/2016/03/23/npm_left_pad_chaos/
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Collect data from open
source platform

Formulate the research
question and design the
quasi-experiment set up

Analyze the results

Conduct exploratory data
analysis

Figure 1: Research design

Data collection

Data was collected from two different sources. First, data was collected from a popular open source platform, Github,
which has over 100 million projects and 40 million users all over the world as of May 2020 (see
https://en.wikipedia.org/wiki/GitHub). Specifically, data was collected from GHTorrent database which is widely
used by the researchers for studying open source platform (for example see Medappa and Srivastava 2019 for more
details) (Medappa and Srivastava 2019).
In order to understand the effects of disruption, the COVID-19 pandemic has been chosen as a setting as this allows
to conduct a natural experiment across two different locations that were disproportionately disrupted by the
government policies (i.e., in one location there was full lockdown and causing disruption and in another location had
no lockdown and hence less disruption) (Choudhury et al. 2020; Wu et al. 2020). To this end, two locations were
chosen, namely Wuhan, China and Hong Kong, China for estimating the disruption effects on open source workers.
Wuhan was chosen as this location was the worst hit of the COVID-19 pandemic and where the lockdown was
enforced early on from January 23rd, 2020 until April 8th, 20202. Hong Kong was chosen as a control group as this
location (some people think Hong Kong is a country but it is part of China and referred to as special administrative
region) (Kam Ng 2008) adopted a different strategy and did not enforce lockdown but rather used surveillance
technologies, contact tracing and quarantine methods to fight the COVID-19 pandemic. Both Wuhan and Hong Kong
almost have similar populations, Wuhan has roughly around 11 million and Hong Kong has roughly about 7 million
people3, and both are metropolitan cities, and thus allowing for a quasi-natural experiment set up to understand the
effects of disruption on open source worker productivity.
GHTorrent dataset provides details of the individual users, location and other demographic details. These details are
being leveraged to identify the users from Wuhan and HK. Using fuzzy string-matching techniques, 3341 users (2637
2

See https://en.wikipedia.org/wiki/COVID-19_pandemic_lockdown_in_Hubei

3

See https://en.wikipedia.org/wiki/List_of_cities_in_China_by_population
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from Hong Kong and 704 from Wuhan) were identified that would be ideal for the study. Users were eliminated who
have listed multiple locations such as “Hong Kong/New York”. The user activity data was collected between January
1st, 2020 and April 7th, 2020 on open source activities of workers (Gousios 2013). One limitation of the GHTorrent
dataset is that many users do not display their locations and the database of the users sometimes are not updated, thus
leading to underrepresentation of all the users in the location, and could lead to selection bias in the sample. As this
study, compares the individual productivity across locations, any misrepresentations should likely even out across
locations, however this should be considered as a limitation to the study.
A second dataset on COVID-19 infections was collected in the locations to account for the possible exposure of the
disease to the user4. This dataset is provided by Johns Hopkins University Center for Systems Science and Engineering
(JHU CCSE). Wuhan and Hong Kong drastically differed in terms of the growth of the disease, hence this is used as
a control variable for possible effects of the COVID-19 pandemic. Now the variables in the study are discussed in
detail.
Dependent variables: For the study, a count of all the Github activities (for example forking, creating, deleting etc.,)
of worker i at time t for measuring the All Contributionsit. This type of measures have been used in earlier studies
(who has used similar type of proxy measures, see Belenzon and Schankerman 2015 and Zhang and Zhu 2011 for
more details) (Belenzon and Schankerman 2015; Zhang and Zhu 2011). All contributions it is measured for individuals
on a weekly basis by accounting for the exact times in China (data on GHTorrent shows the timestamps in UTC format
and hence were transformed to time in China). This measure is log transformed and is coded as log (1+x), where x
refers to the total number of open source contributions. In addition, other dependent variables have been generated
which are grouped by the activity types, for example, Entrepreneurshipit (is grouped as sum of all the create events),
Personal learningit (sum of all fork events and watch events) and the rest all activities are grouped under Project
managementit variable (for example push event, pull request event etc.,).
Treatment variables: Locationi variable is coded as 1 if the individual i location is in Wuhan and 0 for Hong Kong.
The treatment variable Aftert is coded as 1 for 5 to 14 weeks of year 2020 (the lockdown started in Wuhan on January
23rd, 2020 i.e., 4th week of the year, as we cannot determine if this week belonged to post or pre-treatment we dropped
these observations) and first three weeks of January 2020 are coded as 0 (i.e., for pre-treatment). The interaction term
is coded based on the prior two variables. It is a multiplicative product of Aftert * Location i .
Controls: Tenure it , (Tenure)^2 it and COVID-19 infections t variables are used as controls. Tenure it is calculated as
the total number of weeks of the worker in open source worker. (Tenure)^2 it term is included for possible curvilinear
effects. Tenure it is divided by 100 and (Tenure)^2 it by 10000 for presentation of the findings. COVID-19 infections it
is the total number of COVID-19 infections in prior week in the local region where the user is present. Unfortunately,
the Humanitarian data used in the dataset is provided for Hubei province instead of Wuhan, nonetheless, most of the
cases in the January and February originated from Wuhan hence Hubei should be good proxy for the COVID-19
exposure. At the same time, data is provided from 23 rd January, 2020. Hence, we manually calculated the possible
number of cases in Wuhan by using an epidemic calculator for the first three weeks. We chose R0=10 and Rt= 9.3
and estimated the total cases by taking December 1 st as the origin of the epidemic in Wuhan (Liu et al. 2020). For,
Hong Kong, there were no cases in prior weeks of January 23 rd and thus we coded them as 0. This variable is divided
by 100000 for presentation of the findings.
Data analysis

To estimate the effects of the treatment, difference in difference estimator technique is used (Bertrand et al. 2004;
Wooldridge 2007). As the shock due to pandemic was natural and unexpected, the users in the platform can be thought
of as if randomly chosen for disruption treatment. Both OLS and fixed effects regressions are carried out as the
dependent variable is a count variable. The dependent variable is transformed as log (1+x) and for the both the OLS
and fixed effects regression.

4

See https://data.humdata.org/dataset/novel-coronavirus-2019-ncov-cases
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Summary statistics

In table 1, descriptive statistics are reported. As mentioned before the total number of observations in the dataset is
43433 and there are 3341 individuals in total from both treated and untreated locations. We can see the standard
deviation for COVID-19 infections is high which is expected considering the massive outbreak in Wuhan. In table 2
the correlation between variables are provided. We can see that tenure is positively correlated with the dependent
variables which was expected.

Table 1: Descriptive statistics
Variables

Mean

SD

Min

Max

All contributions it

0.23

0.69

0.00

7.35

Entrepreneurship it

0.04

0.25

0.00

5.71

Personal learning it

0.10

0.36

0.00

4.91

Project management it

0.15

0.59

0.00

7.18

Location i

0.21

0.41

0.00

1.00

After t

0.77

0.42

0.00

1.00

Tenure it

3.44

0.90

1.92

6.20

(Tenure) it ^2

12.66

6.66

3.69

38.44

0.90

2.11

0.00

6.78

COVID-19 infections it
N=43433

Table 2: Correlation for all variables
1

2

3

4

5

6

7

8

1. All contributions it

1

2.Entrepreneurship it

0.66***

1

3. Personal learning it

0.64***

0.22***

1

4. Project management it

0.89***

0.68***

0.28***

1

5. Location i

-0.00

-0.01**

0.06***

-0.03***

6. After t

0.01**

0.01**

0.01

0.01**

0.00

7.Tenure it

0.13***

0.06***

0.10***

0.10***

-0.07***

0.04***

1

8. (Tenure) it ^2

0.13***

0.06***

0.10***

0.10***

-0.08***

0.03***

0.99***

1

9. COVID-19 infections it

0.01

-0.00

0.05***

-0.02***

0.76***

0.23***

-0.04***

-0.05***

Note: + p<0.10, * p<0.05, ** p<0.01, *** p<0.001
RESULTS

9

1
1

1
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In this section results are reported. First, a model free evidence of the effect of treatment in the treated group vs.
untreated group is shown visually (see Figure 2). Both locations show parallel trends before the treatment and we can
see in the 4th week of January 2020 there is drastic reduction in the overall contributions in both locations, likely due
to the lockdown announcement on January 23rd, 2020, though the fall is not as sleep in the untreated location (parallel
trends have been observed for other dependent variables as well but have not been displayed due to space limitations).
As suggested by Mora and Reggio (2012) additional test has been carried out for confirming the parallel trends (Mora
and Reggio 2012).

Figure 2: Open source productivity of workers in regions over time before and after treatment of lockdown
Note: Lockdown came in effect in Wuhan (Treated) on January 23 rd and no lockdown was in place in Hong Kong and
hence can be considered as untreated.
The regression results are shown in Table 3. For each dependent variable two models are developed here, first is the
OLS regression model and the next is the fixed effects model. In model (1), the regressions uses only the independent
variables and controls and we can see that the effect of treatment is significant (p< .001, = -.083) on all contributions.
In model (2), the analysis is repeated with fixed effects regression, the effect of treatment is significant (p< .01, = .062). In model (3), the same analysis with OLS regression is carried out for the entrepreneurship variable, we can see
that the effect of treatment is partially significant (p< .10, = -.012). In model (4), the analysis is repeated with fixed
effects regression, the effect of treatment is significant (p< .05, = -.016). In model (5) and (6) the analysis is repeated
for personal learning dependent variable, the effect is significant in model (5) (p< .001, = -.053) and model (6) (p<
.001, = -.046). In model (7) and (8) the analysis is repeated for project management dependent variable, the effect is
significant in model (7) (p< .001, = -.039) and model (8) (p< .01, = -.043). Model (2) suggests that that lockdown
treatment has decreased the all contributions of workers by 18.8% (see Kennedy (1981) for more details)(Kennedy
1981) and model (4) suggest 13% decrease in entrepreneurship, model (6) suggests 15.7% decrease in personal
learning and model (8) suggest 15.5% decrease in project management activities.
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Table 3: Results for effects of lockdown treatment on open source worker productivity

Variables
After
Location

Tenure it
(Tenure) it ^2
COVID-19 infections

Fixed Effects
Observations

(3) OLS (4) FE
Entrepreneurship

(5) OLS (6) FE
Personal learning

0.022**
(0.007)

0.006*
(0.002)

0.008*
(0.004)
0.074***
(0.015)

0.013
(0.010)

0.037
(0.024)

After t * Location i

it

(1) OLS (2) FE
All contributions

-0.006
(0.007)

-0.083*** -0.080*** -0.012+
(0.019) (0.019) (0.006)

43433
-44941

-0.004
(0.005)

0.014*
(0.006)

0.017+
(0.009)

-0.030
(0.018)

0.002*
(0.001)

-0.016* -0.053*** -0.046***
(0.013) (0.014)
(0.007)
-0.029
0.005
0.020
(0.105) (0.043) (0.162)
-0.000
0.005
0.026
(0.015) (0.006) (0.024)
0.006*** 0.005**
0.003*
(0.002) (0.002)
(0.001)

Yes

No

Yes

No

Yes

No

Yes

43433
-21776

43433
-604

43433
14194

43433
-17045

43433
155

43433
-38280

43433
-15560

0.097
0.067
(0.074) (0.303)
0.000
0.022
(0.011)
(0.044)
0.010*** 0.010**
(0.003) (0.003)
No

0.009*
(0.004)

(7) OLS (8) FE
Project management

0.036+
(0.020)
-0.003
(0.003)

-0.039** -0.043**
(0.014) (0.015)
0.116*
(0.059)
-0.007
(0.008)
0.006**
(0.002)

-0.107
(0.262)
0.020
(0.038)
0.007**
(0.002)

Log likelihood
R squared
0.017
0.002
0.004
0.001
0.015
0.002
0.010
0.001
Notes: Standard errors in parentheses: + p<0.10, * p<0.05, ** p<0.01, *** p<0.001 robust standard errors clustered
on individuals are reported here.
To further understand the time varying effects of the disruption we chose to study two weeks post treatment
sequentially i.e., We compared the weeks (1-3) to week 5 and week 6 in first model (for t+1) and week 6 and 7 in
second model for (t+2) (see Table 4 below) and we continued analyzing till the end of the lockdown period. From
table 4, we can see that the effect of treatment was significant on all the dependent variables after t+1, though the
effect vanished in the t+2 and it was significant and negative in t+3 weeks. Surprisingly, it took almost t+7 weeks to
the workers to be productive again, we can see that entrepreneurship and project management activities becoming
significant in the later half or close to the end of lockdown. This suggests that disruption effects only reverse after a
very long time.
Table 4: Time varying effects of disruption

t+1
t+2
t+3
t+4
t+5
t+6
t+7
t+8
t+9

All contributions

Entrepreneurship

Personal learning

Project management

-0.090***(0.022)
-0.055(0.039)
-0.082*(0.033)
-0.189(0.148)
-0.208(0.192)
-0.260(0.191)
0.017(0.020)
0.021(0.022)
0.026(0.023)

-0.028***(0.008)
-0.007(0.018)
0.003(0.014)
-0.008(0.042)
0.017(0.032)
0.006(0.013)
0.016+(0.009
0.011(0.009)
0.013+(0.008)

-0.040**(0.015)
-0.020(0.031)
-0.049+(0.026)
-0.151(0.112)
-0.257(0.184)
-0.259(0.186)
0.000(0.016)
0.000(0.017)
-0.007(0.017)

-0.062***(0.017)
-0.036(0.027)
-0.034(0.024)
-0.052(0.092)
0.057(0.056)
0.021(0.025)
0.030+(0.018)
0.035+(0.019)
0.041*(0.020)
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Notes: All the models are fixed effects and the coefficients and standard errors of the interaction (after
* location) are shown (standard errors are clustered on individuals). All the other variables (tenure,
tenure square, COVID-19 infections) are included as controls.
Overall, the results suggest that the disruption due to COVID-19 pandemic has reduced the productivity of open source
workers and the effect was found to be smaller in entrepreneurial activities than project management activities.
DISCUSSION AND CONCLUSIONS

The results of this study show that disruptions have a negative impact on the productivity of open source workers,
though the effect was found to be lesser on entrepreneurial activities. Prior studies in online communities have found
that workers self-organize during the crisis situations and our results show that in the early stages the negative effects
are stronger (Nan and Lu 2014). Future research can study the aspect of self-organizing in open source development
and understand the process by which workers become resilient. This is left for future study. Second, we find that the
effect of disruption on project management activities and personal learning is much stronger (~16%) and hence
researchers in open source need to unpack how to motivate workers during disruption and the possible mechanisms
for enhancing community engagement (Daniel et al. 2013) and improving coordination (Lindberg et al. 2016).
The effect is consistently negative and well identified across various models by taking into account endogeneity issues
(Nagle 2019). As this study only takes into open source platform activity, naturally it does not account for any other
productivity related tasks that are not recorded by the platform and hence the true effect of lockdown on contributions
of open source worker can be possibly much greater. Because of the sample construction and data constraints, there
could be some open source workers who are not accounted for in the study. It is quite possible, that the users who are
not accounted for in the study might show some differences in productivity levels, which are left for future study.
Future research can explore how the productivity of the worker could differ across different user profiles (for example
full-time vs. part-time worker).
An additional limitation relates to understanding on how productivity might vary across workers from different
geographies as this study only considers two different locations. For example, future research can explore and conduct
experiments in understanding how the productivity can gets affected by various lockdown policies and regional
settings. Although, endogeneity is a concern in studies on productivity, this study uses a difference-in-difference
technique and thus provides a causal explanation for decrease in productivity (Choudhury et al. 2020; Zhang and Zhu
2011).
The study findings have implications for researchers, policy makers, managers and organizations working in open
source platforms. Disruptions are extremely common these types in open source platforms, hence platform owners
need to understand what is the true effect of disruption. The answers to these questions can solve the puzzle of how
platform owners can interact with the members of open source community by understanding the productivity losses.
Even though, there was around 19% overall loss of contributions, the effective loss in starting new repositories (was
only around 13%) suggesting that entrepreneurial activities may be less affected by disruption. Furthermore, the study
suggest disruption effects on open source platforms due to the COVID-19 pandemic are much longer than expected.
Hence, platform owners need to be accommodative and reassign tasks to less disrupted workers in case of crisis
situations for increasing team productivity.
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