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Abstract. Online communities can create complex knowledge products, such as software, 
by leveraging collaboration and division of labor between their core members and the 
crowd across tasks. Recent literature has focused on how incentives stimulate crowd con
tributions. Limited attention has been paid to potential intergroup spillovers, that is, how 
incentivizing crowd contributions affects nonincentivized core members’ contributions. In 
this paper, we examine how core members of the Python developer community responded 
to the Internet Bug Bounty program, an initiative that offers monetary incentives for bug 
reporting by the crowd. Using a difference-in-differences strategy and the Java community 
as the control group, we find that the Python core members reduced their contributions to 
the incentivized task of bug reporting after the program’s implementation. Importantly, 
they also reduced their contributions to the nonincentivized task of enhancement report
ing, a critical knowledge creation task for improving Python. Such reduction has led to a 
decline in the overall contributions of enhancement reports and related code commits to 
Python. Further analysis suggests that the negative intergroup spillover of the incentive on 
core members’ nonincentivized task contributions can plausibly be explained by reduced 
intertask learning. Our study offers implications for crowdsourcing, the design of incen
tives for digital public goods, and task delegation.
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1. Introduction
Developing complex knowledge products, such as soft
ware, involves coordinating many individuals and dif
ferent knowledge inputs (MacCormack et al. 2001). 
Although firms have traditionally acted as the primary 
agents for organizing such complex processes, advances 
in digital platforms have given rise to an open and dis
tributed community model of production (Baldwin and 
von Hippel 2011). This alternative approach has been 
widely used in open-source software (OSS) develop
ment, such as Linux (Raymond 1999), and has gener
ated significant economic value and productivity gains 
(Nagle 2018, Hoffman et al. 2024).

Communities often exhibit a division of labor 
between their core members and the broader crowd 
across different empirical contexts (Lee and Cole 2003, 
Shah 2006). For example, in OSS development, a small 

group of core developers, also known as maintainers, 
coordinate and engage in various tasks to drive the 
development process, playing a critical role in shaping 
and sustaining the software. With broad expertise 
across different domains, these core developers are 
better positioned to solve complex and interdependent 
problems (Fleming and Waguespack 2007). Meanwhile, 
a much larger group of crowd contributors makes spo
radic contributions and brings diverse perspectives 
to support the core members’ work. Together, these 
communities develop complex knowledge products by 
combining the diversity and prowess of crowd partici
pation with the commitment and expertise of core 
members.

To harness the potential of community-based pro
duction, a widely discussed approach in the academic 
literature and among practitioners is to promote crowd 
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contributions by offering incentives. This approach 
aligns with the optimistic perspective that “given a 
large enough beta-tester and codeveloper base, almost 
every problem will be characterized quickly and the fix 
[will be] obvious to someone” (Raymond 1999, p. 1). 
Attracting more crowd contributions can bring benefits, 
such as reduced bias (Greenstein and Zhu 2012), im
proved product quality (Nagaraj 2021), and enhanced 
reliability (Zhou and Hui 2019).

The literature has examined how incentives stimu
late the crowd’s contributions to incentivized and non
incentivized tasks (e.g., Gallus 2017, Wang et al. 2022). 
Much less is known about potential intergroup spillovers: 
how incentivizing crowd contributions affects nonin
centivized core members’ contributions to knowledge 
creation. On the one hand, more crowd contributions 
may reduce the burden of core members, allowing 
them to shift their attention and effort to other nonin
centivized knowledge creation tasks (Holmstrom and 
Milgrom 1991). On the other hand, core members may 
need to expend more effort integrating the increasing 
crowd contributions, outsourcing tasks may hinder 
the knowledge flow necessary for further innovations 
(Reitzig and Wagner 2010), and incentives may induce 
counterproductive psychological effects (e.g., Kuang 
et al. 2019). Understanding the potential interactions 
between the crowd’s and core members’ contributions 
is key to successful utilization of the community pro
duction model. For example, if soliciting crowd contri
butions impedes the productivity and work output 
of core community members, then we must use this 
approach carefully and delicately to ensure optimal 
work outcomes.

In this paper, we study how incentivizing crowd 
contributions affects core members’ knowledge crea
tion by using field data from a quasi-natural experi
ment in the open-source Python community. Python 
has been supported by two groups of contributors, 
namely, the official maintenance team (core members, 
henceforth referred to as “maintainers”) and the public 
unaffiliated with Python (crowd contributors, hence
forth referred to as “peripheral contributors”). Without 
a firm dictating the development, Python relies on 
these contributors to continuously and openly contrib
ute new ideas on software bugs and feature enhance
ments. Contributors use bug reports to inform the 
community about bugs in the Python software and 
enhancement reports to propose new features and 
improvements in Python.

We exploit a unique information security crowd
sourcing initiative—the Internet Bug Bounty (IBB) 
program—to identify the causal impact of incentiviz
ing crowd contributions on core members’ knowledge 
creation. In November 2013, Microsoft, Facebook, 
and HackerOne initiated the IBB to solicit vulnerabil
ity identification for Python by providing monetary 

rewards, or “bug bounty,” to crowd contributors who 
successfully report unknown security vulnerabilities 
(i.e., bug reports). Unlike peripheral contributors, the 
Python maintainers, despite being the most active 
contributors of bug reports, do not claim bug bounty 
rewards because of conflict of interest.

The IBB offers three unique advantages for our iden
tification strategy. First, the decision to include Python 
in the IBB was made externally and was unexpected to 
the Python maintainers. Therefore, the introduction of 
the IBB is exogenous, facilitating the identification of its 
causal impacts. Second, the IBB provides incentives to 
bug reporting but not enhancement reporting, allow
ing us to examine the potential spillover of the IBB on 
knowledge creation tasks where the IBB incentive does 
not apply. Third, the IBB incentive applies to periph
eral contributors but not maintainers, allowing us to 
identify how incentivizing crowd contributions affects 
nonincentivized core members’ contributions. This 
third feature is our key point of departure from the 
literature.

We use empirical data to examine how the IBB affects 
Python maintainers’ knowledge creation. Our identifica
tion strategy is difference-in-differences (DID), employ
ing the maintainers of another widely used open-source 
project not treated by IBB, OpenJDK (the open-source 
implementation of Java; henceforth referred to as “Java”), 
as the control group. Our data comprise monthly bug 
and enhancement reports submitted by Python and Java 
maintainers and peripheral contributors from January 
2012 to December 2019, which cover the pre-IBB and 
post-IBB periods. We can observe the IBB’s long-term 
impacts given that this program had been operating in 
the Python community for more than six years before our 
data collection.

We find that, relative to Java maintainers, Python 
maintainers’ contributions of bug and enhancement 
reports reduced significantly after the introduction of 
the IBB. This reduction was associated with a decline in 
their contributed code commits. However, the IBB did 
not lead to significant changes in report or commit 
quality as measured by report length, valid report 
ratio, ratio of reports including patches, patch length, 
and commit length or complexity. We present evidence 
that this decrease may be attributed to two factors: 
increased difficulty for Python maintainers to find 
bugs and the complementarity between bug reporting 
and enhancement reporting, which could arise from 
intertask learning—Python maintainers learn from the 
bug reporting process to facilitate their enhancement 
reporting (Lindbeck and Snower 2000, Schilling et al. 
2003). Accordingly, reduced bug reporting could nega
tively affect their enhancement reporting.

Our findings hold in view of several alternative 
explanations, including the loss of interest in Python 
among Python maintainers, an excessive number of 
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reports for Python maintainers to handle after the 
introduction of the IBB, substitution of crowd enhance
ment reports, misclassified enhancement reports, and 
the use of Java as an inappropriate control group. 
Finally, we find that, although the IBB has an overall 
positive security impact by making bugs more difficult 
to find, the overall contributions of enhancement reports 
and enhancement-related commits to Python have 
reduced after the introduction of the IBB.

Our finding that incentivizing crowd contributions 
affects core members’ contributions in broader knowl
edge creation tasks is of particular interest because 
leveraging crowd capability is a common way of enhanc
ing community-based knowledge production. Although 
crowd solutions can be transferred to supplement core 
members’ work, the underlying knowledge that drives 
these crowd solutions may be sticky and tacit (Reber 
1989, von Hippel 1994). Relying on crowd solutions in 
place of core members’ own problem solving could limit 
core members’ learning of the underlying knowledge 
and, subsequently, impair their performance. This find
ing highlights learning opportunities as an important 
consideration in task delegation.

Our study contributes to the literature and practice 
in three important ways. First, we characterize the non
trivial trade-offs between the contributions of crowds 
and core members in crowdsourcing. Previous studies 
have emphasized the benefits of soliciting crowd con
tributions, such as improving the quantity and quality 
of the crowdsourced tasks and potentially increasing the 
crowd’s nonincentivized contributions (e.g., Terwiesch 
and Xu 2008, Boudreau et al. 2011, Wang et al. 2022). 
Our results offer a novel perspective by showing that 
incentivizing crowd contributions can generate a nega
tive intergroup spillover effect on core members’ contri
butions, potentially reducing the overall nonincentivized 
contributions. This negative intergroup spillover on 
core members’ noncrowdsourced tasks counters the 
conventional wisdom that outsourcing a task would 
allow an individual to work better in other tasks (e.g., 
Quinn and Hilmer 1994).

Second, to our knowledge, we are among the first to 
provide empirical evidence on how incentive provision 
affects OSS contributions. OSS underpins modern IT 
infrastructure. Unlike other online content, such as 
reviews and Q&As, OSS requires technically complex 
contributions (e.g., software issue reports and code 
commits) across multiple knowledge domains (e.g., 
security and feature enhancements) and relies on sus
tained participation from both core maintainers and a 
wider community of contributors (Lee and Cole 2003, 
Dahlander and O’Mahoney 2011). It is unclear whether 
findings on incentive effects in other online settings 
generalize to OSS (e.g., Gallus 2017, Burtch et al. 2018). 
Our findings of spillovers on OSS maintainers and 
nonincentivized contributions highlight the need to 

observe caution when implementing OSS incentive 
policies that target specific individuals or tasks.1

Third, we advance the literature on performance- 
contingent rewards (i.e., rewarding top performers) by 
highlighting their side effects. Research has emphasized 
their advantage over completion-contingent rewards 
(i.e., rewarding anyone who completes the task) in 
strengthening the recipients’ motivation and perfor
mance (e.g., Wang et al. 2012, Yu et al. 2022). We show 
that performance-contingent rewards can intensify com
petition, potentially reducing contributions from noneli
gible contributors. Importantly, in complex knowledge 
production settings where task complementarity and 
intertask learning are imperative, noneligible users’ 
reduced contributions to the incentivized tasks may 
impede their nonincentivized task contributions, further 
dampening their outputs. These insights introduce new 
considerations for the use of performance-contingent 
rewards in complex knowledge production settings.

2. Theoretical Background
2.1. Related Literature
This study advances the literature on how incentives 
stimulate contributions to digital public goods. Prior 
research has examined how contributors respond 
to completion- or performance-contingent incentives, 
mostly using data from online review and knowledge- 
sharing platforms. Table 1 distinguishes our study 
from the literature along three key dimensions.

First, the literature has emphasized the direct effects 
of incentives on targeted tasks and individuals, and inter
task spillovers where incentivizing one activity affects reci
pients’ nonincentivized contributions (Kuang et al. 2019, 
Qiao et al. 2020, Wang et al. 2022, He et al. 2023). By con
trast, we focus on intergroup spillovers, that is, an incen
tive’s impacts on excluded individuals’ task contributions. 
We complement prior findings to offer a more compre
hensive picture of incentives’ unintended impacts. Our 
finding of negative intergroup spillover effects starkly 
contrasts with the positive spillover effects predicted in 
the literature (Gallus 2017). For example, Mishra et al. 
(2022) suggest that users provide more reviews after 
observing incentivized reviews.

Second, the literature has mostly examined incentive 
impacts in online review or text-based knowledge- 
sharing contexts; there is limited evidence on how 
incentive provision affects contributions in OSS where 
knowledge creation is substantially more complex and 
interdependent (Bessen 2006). To our knowledge, only 
a few concurrent working papers have examined 
developer-solicited sponsorships, where GitHub devel
opers exchange explicit benefits (e.g., consulting or pro
ject mentions) for monetary support, and find that such 
incentive mechanisms can reduce sponsored develo
pers’ contributions (e.g., Conti et al. 2023). By contrast, 
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we study incentive mechanisms that do not impose 
new commitments on OSS developers, and investigate 
their intergroup spillover effects.

Table 1. Summary of Studies on Incentivizing Digital Public Goods Contribution

Literature Direct or spillover impact Public goods context Incentive mechanism

Gallus (2017) Direct Wikipedia Completion-contingent
Burtch et al. (2018) Direct Online reviews Completion-contingent
Khern-am-nuai et al. (2018) Direct Online reviews Completion-contingent
Kuang et al. (2019) Intertask spillovers Online Q&A Completion-contingent
Qiao et al. (2020) Intertask spillovers Online reviews Completion-contingent
Wang et al. (2022) Intertask spillovers Online Q&A Completion-contingent
Yu et al. (2022) Direct Online reviews Performance-contingent
Qiao and Rui (2023) Direct Online reviews Completion-contingent
He et al. (2023) Direct/intertask spillovers Online experience sharing Completion-contingent
This study Intergroup spillovers OSS as a complex knowledge product Performance-contingent

Note. For brevity, the review focuses on journal publications, even though several conference or working papers exist (e.g., Wang et al. 2012, 
Mishra et al. 2022, Conti et al. 2023).

Third, the literature has mostly focused on completion- 
contingent rewards (rewarding task completion); a few 
studies have examined the impact of performance- 
contingent rewards (rewarding only top performers) for 
highest-quality contributions in the online review context 
(Wang et al. 2012, Yu et al. 2022). We extend the literature 
to a context where only the first contributors of unknown 
bugs are rewarded. We also study how performance- 
contingent rewards affect nonincentivized contributor 
groups.

Our paper is also related to the empirical literature 
on reward-based crowdsourcing and bug bounty pro
grams (BBPs), a specific reward-based crowdsourcing 
contest for software bugs (Fryer and Simperl 2017). 
This stream of research focuses on how crowdsourcing 
(including BBPs) affects crowd behavior, such as the 
quantity and quality of contributions and behavioral 
biases (e.g., Terwiesch and Xu 2008, Jeppesen and 
Lakhani 2010, Lee et al. 2018, Hwang et al. 2019, Zhang 
et al. 2019, Mo et al. 2021) or the crowd’s responses to 
various contextual designs (e.g., Boudreau et al. 2011, 
Jian et al. 2019, Jin et al. 2021, Althuizen and Chen 
2022, Gu et al. 2022, Koh and Cheung 2022, Lysyakov 
and Viswanathan 2023). It is relatively silent on the 
impact of crowdsourcing on nonincentivized indivi
duals’ work outputs. Our study is the first to analyze 
BBPs’ spillover to nonsecurity outcomes.

This study draws upon various theories on crowd
sourcing and multitasking (Holmstrom and Milgrom 
1991, Terwiesch and Xu 2008). We discuss the relevant 
studies in developing the hypotheses.

2.2. Spillover to Core Members’ Contributions to 
Incentivized Tasks

In general, core members’ contributions to incentivized 
tasks are influenced by two factors, task difficulty and 
motivation. Regarding task difficulty, extant theories 
have produced different predictions by viewing the 

IBB as a reward-based crowdsourcing contest. One 
stream of research views crowdsourcing as an innova
tion contest, positing that an increase in crowd contri
butions intensifies the competition at the task level, 
thus reducing everyone’s chance of obtaining a suc
cessful solution (typically defined as being the first to 
find a solution or finding the best solution (Terwiesch 
and Xu 2008, Boudreau et al. 2011). For example, in a 
BBP, increased competition for finding bugs increases 
the difficulty for everyone, including software maintai
ners, to be the first to find an unknown bug in the soft
ware (Zhou and Hui 2019). Conversely, a different 
research stream views crowdsourcing as a way for dis
tant search, highlighting the possibility that crowd con
tributors can offer innovative solutions beyond the 
knowledge of experts and incumbents (Afuah and 
Tucci 2012, Poetz and Schreier 2012). Core members 
are recognized as experts (Lee and Cole 2003), so if the 
crowd mostly makes contributions that are overlooked 
by core members, crowdsourcing may not increase the 
difficulty for core members to complete the task.

Regarding motivation, we consider how incentiviz
ing crowd contributions may affect core members’ 
motivation through self-determination theory, which 
identifies individuals’ three basic psychological needs, 
namely, competence, autonomy, and relatedness (Deci 
et al. 1999, Ryan and Deci 2000). First, as discussed 
above, an incentive may promote competition, which 
reduces the chances for core members to find a success
ful solution. The reduced performance in the crowd
sourced task could undermine an individual’s perceived 
competence (Deci et al. 1999). Second, the increased com
petition may lead core members to feel pressured 
into competing with the crowd, potentially eroding 
their perceived autonomy (Reeve and Deci 1996). Third, 
increased crowd contributions may enhance core 
members’ perceived relatedness by signaling the com
munity’s greater interest and care for their project—a 
social benefit supported by prior work (Zhang and 
Zhu 2011, Baek and Shore 2020), but core members’ 
perceived relatedness may also be reduced if they feel 
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that their contributions to the crowdsourced task are 
less needed.

Taken together, a crowd incentive may increase task 
competition, reducing core members’ perceived compe
tence and autonomy, which can negatively affect 
their crowdsourced task contributions. However, when 
viewing crowdsourcing as distant search and given the 
nuanced impacts of incentives on core members’ per
ceived relatedness, a crowd incentive could increase 
their contributions, too. Based on this discussion, we 
propose the following competing hypotheses:

Hypothesis 1A. Introducing a crowdsourcing contest to 
solicit crowd contributions for a task will decrease core 
members’ contributions to that task.

Hypothesis 1B. Introducing a crowdsourcing contest to 
solicit crowd contributions for a task will increase core 
members’ contributions to that task.

2.3. Spillover to Core Members’ Contributions to 
Nonincentivized Tasks

Multitasking theory posits that individuals’ activities 
in one task can influence their performance in other 
tasks as different tasks draw on common resources, 
such as time, attention, and knowledge (Holmstrom 
and Milgrom 1991). Unlike sporadic crowd contribu
tors, core members often contribute to multiple tasks 
across knowledge domains (Nakakoji et al. 2002, Lee 
and Cole 2003). Hence, a change in their activities in 
one task, as proposed in Hypothesis 1, can affect their 
performance in other (nonincentivized) tasks. How
ever, competing theories offer contrasting predictions 
of this impact.

One perspective suggests that engaging in one task 
can negatively influence one’s performance in other 
tasks, a phenomenon referred to as task substitutability 
(Balmaceda 2016). Given individuals’ limited time 
and cognitive resources, resources devoted to one 
task directly reduce available resources for other tasks 
(Dumont et al. 2008). Prior cognitive research rein
forces this view by highlighting that task switching 
increases cognitive load and hinders performance 
(Rogers and Monsell 1995, Monsell 2003). This view 
also aligns with the conventional outsourcing wisdom 
that outsourcing a task allows one to focus and work 
better on remaining tasks (Quinn and Hilmer 1994). In 
the OSS context, bug reporting demands significant 
time and cognitive effort for deep code comprehen
sion, vulnerability identification, and detailed docu
mentation (e.g., Foreman 2019, Harzevili et al. 2023). If 
crowd contributions reduce core members’ workload 
in such tasks, core members can allocate more time 
and attention to other nonincentivized tasks, such as 
enhancement reporting, potentially increasing their 
contributions.

Conversely, the concept of task complementarity 
suggests that engaging in one task can positively influ
ence one’s productivity and performance in other tasks 
by fostering intertask learning and knowledge transfer 
(Lindbeck and Snower 2000, Schilling et al. 2003). Prior 
empirical studies show that exposure to different yet 
related tasks can boost productivity in creative tasks 
by fostering new understanding and cultivating trans
ferable skills (Schilling et al. 2003, Aral et al. 2012, Mo 
et al. 2021). Studies on knowledge recombination like
wise posit that combining insights across domains is 
central to knowledge creation, underscoring the bene
fits of engaging in different tasks (e.g., Fleming 2001). 
Although core members are considered experts, learn
ing remains necessary because for complex knowledge 
production such as large OSS development, even core 
members are unlikely to master all knowledge (Akgul 
et al. 2023).

In our OSS context, although bug reporting demands 
time and cognitive effort, maintainers’ direct involve
ment in these tasks may benefit their broader knowl
edge creation in ways that passively reading or fixing 
the crowd’s bug reports may not afford. First, bug 
reporting fosters a broader information search. Unlike 
bug fixing, where OSS maintainers typically focus on 
issues within their area of expertise (known as maintai
ners’ expertise), the exploratory nature of bug identifi
cation often pushes maintainers into broader domains 
(LaToza et al. 2006, Akgul et al. 2023).2 Research on 
innovation suggests that narrow focus may stifle crea
tivity, emphasizing the need for breaking boundaries 
and broader information search (Kaplan and Vakili 
2015). Hence, the broader exploration promoted by bug 
reporting may help maintainers uncover more enhance
ment opportunities. Second, the firsthand involvement 
in bug reporting can provide rich tacit knowledge 
(Reber 1989). As a trial-and-error process, identifying 
bugs necessitates investigating diverse software func
tionalities and behavior, a process that often reveals 
enhancement opportunities and nuanced insights not 
documented in others’ reports (Austin and Williams 
2011). Such tacit knowledge and insights may help 
maintainers in other knowledge creation tasks, such as 
enhancement reporting. Our survey with OSS maintai
ners corroborates this view. For example, one main
tainer stated that “bug report is a process to learn the 
details of the behavior, and thus it is also helpful to find 
potential enhancements”; another maintainer men
tioned that “a well-written bug report often involves 
referencing parts of the code that one thinks is relevant 
to the bug. This ability to reference relevant parts of the 
code base can be very useful for most types of enhance
ment reports.”

In sum, arguments exist for both task substitutability 
(because of time competition and task switching 
costs) and complementarity (because of learning), with 
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contrasting implications for the intergroup spillovers on 
core members’ contributions to nonincentivized knowl
edge creation tasks. Although reducing incentivized 
task activities can save time and effort, such reduction 
may limit core members’ intertask learning, potentially 
hampering their nonincentivized knowledge creation. 
We propose the following competing hypotheses:

Hypothesis 2A (Task Substitutability). In a crowdsourcing 
contest to solicit crowd contributions, core members will 
increase (decrease) their contributions to nonincentivized 
knowledge creation tasks if their contributions to incentiv
ized task decrease (increase).

Hypothesis 2B (Task Complementarity). In a crowdsour
cing contest to solicit crowd contributions, core members 
will decrease (increase) their contributions to nonincenti
vized knowledge creation tasks if their contributions to 
incentivized task decrease (increase).

3. Research Context
Our empirical context is the OSS community for Python, 
which has been consistently regarded as one of the most 
popular general-purpose programming languages since 
its launch in 1991. Python’s development follows a 
canonical community-driven model of OSS develop
ment (Lee and Cole 2003). The Python setting provides 
the following desirable features for our research: (1) 
Python OSS is an exemplary community-based complex 
knowledge product supported by peripheral contribu
tors (the crowd) and maintainers (core members). (2) 
The two important tasks in Python, bug reporting and 
enhancement reporting, are highly comparable, but 
only bug reporting by the crowd (cf. core members) is 
incentivized by the IBB, providing a clean setting for 
us to test Hypothesis 1 and Hypothesis 2. (3) The IBB 
shock is exogenous, facilitating causal identification of 
its impacts on the contributions made by core members.

Figure 1. (Color online) Python Development Process 

3.1. Quality Assurance and Innovation in Python
Similar to other OSS, Python’s development relies on 
developers to perform two important functions (Lee 
and Cole 2003): (1) quality assurance, which covers 

identifying and fixing bugs in the software, and (2) 
innovation, which covers proposing and implementing 
new features to enhance the usefulness of Python. 
What sets OSS apart from firm-based, closed-source 
software is the absence of a firm dictating the quality 
assurance and innovation processes. Specifically, like 
other OSS, the evolution of Python relies on commu
nity members to share ideas about quality assurance 
and innovation to guide its development direction. 
Interested contributors can translate the ideas into code 
implementations of bug fixes or new features. Figure 1
illustrates the Python development process.

Anyone who discovers a bug can submit a bug 
report to the Python issue tracker,3 the official website 
for bug reports. Figure 2 shows a sample bug report, 
which typically contains a title, the problem descrip
tion, the contributor’s identity, creation date, issue 
type, assignee (i.e., the person responsible for resolving 
the bug), and a “nosy list” (a list of people interested in 
the bug). Reporters can select a Python maintainer as 
the assignee based on the “expert index” (https:// 
devguide.python.org/core-team/experts) or just let 
the Python maintainers assign themselves to the report. 
The Python issue tracker also facilitates follow-up dis
cussions and records the process until the bug is fixed. 
All registered users interested in the bug can add them
selves to the nosy list, which allows them to receive 
updates on the report.

Similarly, anyone can propose new features by sub
mitting enhancement reports through the same web
site. Unlike bug reports that concern potential defects, 
enhancement reports suggest new features or improve
ments to Python, such as new modules, functions, or 
arguments for existing functions. Figure 3 shows a 
sample enhancement report, where the reporter sug
gested adding a new function, asyncio.get_runnin
g_loop(), to the Python library. Enhancement reports 
and bug reports typically use different languages and 
terms. For example, as contrasted in Online Appendix 
A.1, bug reports often use keywords such as “error” 
and “fail,” whereas enhancement reports often use 
words such as “implement,” “add,” and “support.” 
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We discuss the concern related to report misclassifica
tion in a robustness check.

Figure 2. (Color online) Sample Python Bug Report 

Note. This bug report can be accessed at https://bugs.python.org/issue15301 (accessed December 1, 2021).

After bugs or new features are reported and verified, 
Python community members can fix the bugs or imple
ment the new features by changing the source code, 

which will then be reviewed and integrated into the 
common code repository through code commits. Each 
code commit represents a confirmed modification of 
the software. Only Python maintainers have commit 
access to the Python public repository.

Figure 3. (Color online) Sample Python Enhancement Report 

Source. https://bugs.python.org/issue32269 (accessed December 1, 2021).
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3.2. Maintainers and Peripheral Contributors
Although anyone can participate in Python develop
ment, roles and hierarchies emerge in the community 
(O’Mahony and Ferraro 2007, Dahlander and O’Mah
ony 2011). In this study, Python maintainers, who con
stitute the official maintenance team, are considered 
core members. These maintainers chart the develop
ment of Python by having exclusive commit privileges 
to the source code and the authority to approve or reject 
contributions from peripheral contributors (Nakakoji 
et al. 2002). Similar to other OSS, an individual needs to 
consistently make high-quality contributions to be 
selected as a maintainer by existing maintainers. Apart 
from maintainers, a far larger group of peripheral con
tributors from the general public contribute to the 
development of Python. These peripheral contributors 
do not have formal roles or commit privileges and 
mostly make temporary and irregular contributions 
(Nakakoji et al. 2002, Ye and Kishida 2003). Figure 4
shows that among the 9,668 peripheral contributors 
who contributed at least one bug or enhancement 
report before January 2020, 7,514 (78%) made only one 
contribution. By contrast, each Python maintainer con
tributed an average of 57 bug or enhancement reports 
during the same period. Although OSS contributors 
are typically motivated by enjoyment, their desire to 
improve the product, or the temporary need for func
tionalities (Shah 2006, Setia et al. 2012, Coelho et al. 
2018), the IBB presents an exogenous shock that incenti
vizes peripheral contributors to contribute bug reports 
by providing an additional monetary incentive. Online 
Appendix A.2 further contrasts the characteristics of 
these two types of contributors.

Figure 4. (Color online) Frequency of Python Contributions 
by Peripheral Contributors 

Note. Each bug or enhancement report is counted as one 
contribution.

3.3. The Internet Bug Bounty Program
Microsoft, Facebook, and HackerOne initiated the IBB 
program on November 7, 2013, to engage the public in 
identifying unknown security vulnerabilities to protect 

core internet infrastructure and OSS. Under the IBB, 
peripheral contributors may claim a “bounty reward” 
ranging from US$500 to US$5,000 by reporting previ
ously unknown security vulnerabilities through bug 
reports. The official implementation of the Python pro
gramming language, CPython (referred to as “Python” 
throughout this paper), was included in the first round 
of the IBB in November 2013 alongside several other 
popular OSS projects. As Python maintainers serve as 
bug report judges, they do not claim bug bounty 
rewards despite contributing bug reports themselves 
(Heimes 2013a). We focus on the impact of the IBB on 
Python because of data availability (some OSS do not 
disclose bug reports; see Online Appendix A.3 for a 
discussion and the complete list of OSS in the IBB). The 
scope of the IBB (i.e., the OSS to be included) is decided 
by an independent panel of security experts from large 
IT organizations and academia based on the following 
criteria (Internetbugbounty.org 2013): (1) “Widespread 
Use,” meaning the software affects a significant num
ber of users; (2) “Mind the Gap,” meaning the IBB will 
not duplicate the work of other initiatives; and (3) 
“Active Security Team,” which requires the project to 
be maintained by an active development or security 
team capable of handling bug reports. As corroborated 
by Python maintainers, the implementation of the IBB 
is nonintrusive; that is, this program does not interfere 
with the usual bug report workflows while allowing 
reporters to claim a bug bounty reward from Hacker
One after report confirmation (Heimes 2013b). Online 
Appendix A.4 details a specific IBB process.

The IBB was designed to mitigate some potential 
negative effects of rewards on recipients. First, it is 
a performance-contingent reward, only to the first re
porters of unknown vulnerabilities. Unlike completion- 
contingent rewards that may crowd out intrinsic 
motivation (Deci 1975, Deci et al. 1999), performance- 
contingent rewards strengthen intrinsic motivation by 
validating recipients’ capabilities and enhancing their 
perceived competence (Deci et al. 1999, Yu et al. 2022). 
Second, crowd contributors can choose not to claim the 
IBB reward, so the conventional concern that rewards 
may undermine the crowd’s perceived autonomy does 
not apply (Deci et al. 1999). Nevertheless, how such 
incentives create intergroup spillovers affecting nonin
centivized core members remains unclear.

The IBB provides a quasi-natural experimental set
ting to study how incentivizing crowd contributions 
affects core members’ contributions. First, it is an exog
enous event because the decision to include Python in 
the IBB was made by a panel independent of Python 
maintainers, who were not informed of this decision in 
advance.4 Such exogeneity allows us to identify the 
causal impact of the IBB on Python maintainers’ contri
butions. Second, none of the three scoping criteria for 
IBB projects is related to the bug reporting activities of 
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maintainers. Therefore, the selection of Python in the 
IBB is not motivated by endogenous patterns or distri
butions in report contributions. Third, the IBB was 
implemented nonintrusively, minimizing the chance of 
having contemporaneous events, such as changes in 
the bug or enhancement reporting processes, that could 
confound its effects.

4. Data and Measures
To evaluate Hypothesis 1 and Hypothesis 2, we 
analyze the quantity and quality of maintainers’ bug 
reports and enhancement reports, respectively. As dis
cussed in Section 3, the process of enhancement report
ing is similar to that of bug reporting, but enhancement 
reporting does not attract the IBB incentive. This differ
ential treatment provides a clean setting to test the 
IBB’s impact on core members’ knowledge creation in 
tasks where the IBB incentive does not apply (i.e., fea
ture enhancement). We also examine the IBB’s impact 
on maintainers’ coding activities, acknowledging that 
coding activities can be affected directly by bug and 
enhancement reporting because of upstream and 
downstream task dependency (e.g., fewer enhancement 
requests may reduce coding needs; see Figure 1) and 
indirectly by task complementarity or substitutability. 
The net impact of the IBB on Python maintainers’ cod
ing activities is ambiguous under these dependencies 
and potential confounds. Therefore, we use enhance
ment reports to test Hypothesis 2 and the maintainers’ 
coding activities for robustness checks.

We measure quantity as the monthly number of bug 
and enhancement reports, and we operationalize qual
ity using the average length of these reports based 
on the evidence that developers perceive longer reports 
as having higher quality because of their detail and 
actionability (Zimmermann et al. 2010), and that more 
substantial issues require more comprehensive docu
mentation. For robustness, we consider multiple alter
native quality metrics: (1) the ratio of valid reports— 
reports may be deemed invalid (outdated, duplicates, 
inappropriate, or nonissues) after peer review; the ratio 
of valid reports reflects whether maintainers’ reports 
are of high quality; (2) the ratio of reports including 
patches, which indicates whether the reporters included 
solutions; and (3) the size of patches, which indicates 
whether the included patches involve more substantial 
changes. In Section 7.2, we also consider patch merge 
success rate as an alternative report quality measure 
and obtain consistent findings. Note that these quality 
measures are undefined if a maintainer did not submit 
any report in a given month (Burtch et al. 2018, Wang 
et al. 2022).

We collected all Python bug and enhancement reports 
submitted before January 2020 from the Python issue 
tracker. Online Appendix B.1 presents the collection 

process in detail. Note that report misclassification is not 
a material concern in our context because maintainers 
have the expertise and incentive to label reports cor
rectly.5 Moreover, Python has a triage team that 
reviews and corrects report information. In one robust
ness check, we combine the report type labels and 
keywords to classify the reports and obtain similar find
ings. Similarly, we collected the Java maintainers’ bug 
and enhancement reports from the OpenJDK issue 
tracker.

We also collected the following data (see Online 
Appendix B.1 for the coding procedures): (1) Maintai
ners’ coding activities as measured by the number and 
size of their code commits (Chen et al. 2022). Each code 
commit represents a confirmed change to the source 
code. Commit size is measured by the lines of code 
(LOC) affected, a standard measure for development 
effort for code changes (Boehm 2002). (2) Reports con
tributed by maintainers of well-known Python third- 
party libraries in different applications (e.g., Numpy, 
Matplotlib, and Scikit-Learn). (3) Control variables, 
including (a) the maintainers’ reporting experience 
(Reporting Experience) as measured by the number of 
months since their first report; (b) version releases for 
Python or Java in each month (Version Releases); and (c) 
the popularity of Python and Java over time (Language 
Popularity) as measured by the TIOBE index, a well- 
known programming language popularity index based 
on search statistics from major search engines.

By aggregating the number of bug and enhancement 
reports contributed by each maintainer in each month, 
we construct a panel data set with “maintainer” as the 
cross-sectional unit and “month” as the time unit. We 
exclude maintainers who did not experience the imple
mentation of the IBB either because they joined after 
the program or quit before its implementation (OSS 
projects typically label a maintainer as inactive if the 
person has not made any contribution in a year; we 
treat a maintainer as quitting the project if the person 
did not make any contribution for more than a year). 
The panel is unbalanced because maintainers may 
join and quit at different times. We use a balanced 
panel in a robustness check. Our data set includes 92 
Python maintainers (58% of all Python maintainers 
in history) who were responsible for 89% of all 
maintainer-generated bug and enhancement reports in 
Python, and 272 Java maintainers (52% of all Java 
maintainers in history) who were responsible for 82% 
of all maintainer-generated bug and enhancement 
reports in Java. Evidently, these maintainers are active, 
committed, and representative of the community.

Table 2 presents the summary statistics, which show 
a 23%–29% drop (p< 0.01) in Python maintainers’ bug 
and enhancement report contributions after the IBB 
implementation. By contrast, the Java maintainers’ con
tributions of bug and enhancement reports remained 
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stable or even increased during the same period. We 
observe no significant changes (at the 0.05 significance 
level) in the Python maintainers’ report quality as mea
sured by report length, valid ratio, or patch ratio, but 
the ratio of valid enhancement reports has increased. 
We examine these changes more closely through 
model-free evidence and regression analyses.

Table 2. Summary Statistics

Before IBB After IBB
Diff

Mean S.D. Min Max Mean S.D. Min Max t stat.

Python maintainers (n� 92)
Monthly bug reports 0.504 1.480 0 16 0.360 1.333 0 32 �3.92***
Monthly enhancement reports 0.415 1.405 0 17 0.320 1.283 0 25 �2.71***
Bug report length 769 1,095 55 20,049 906 1,252 60 25,408 1.91*
Enhancement report length 584 777 36 12,267 594 451 57 3,958 0.28
Ratio of valid bug reports 0.824 0.324 0 1 0.849 0.314 0 1 1.30
Ratio of valid enhancement reports 0.783 0.350 0 1 0.843 0.318 0 1 2.83***
Ratio of bug reports containing patches 0.367 0.430 0 1 0.406 0.437 0 1 1.49
Ratio of enhancement reports containing patches 0.481 0.453 0 1 0.483 0.456 0 1 0.07
Patch lengths in bug reports (LOC) 260 504 10 3,174 485 1,621 4 23,577 1.93*
Patch lengths in enhancement reports (LOC) 1,752 4,270 5 34,414 1,929 6,387 13 59,164 0.36
Monthly commits 3.754 10.161 0 129 2.619 9.089 0 154 �4.55***
Monthly commits related to adding 

functions/parameters
0.762 2.422 0 42 0.605 2.308 0 38 �2.52**

Commit size (affected LOC) 216 945 1 15,173 239 1,468 0 30,758 0.36
Commit data density 9.011 67.137 0 1,268 6.939 51.235 0 992 �0.76
Commit decision density 0.332 1.288 0 24 0.301 1.060 0 23 �0.56

Controls
Reporting experience 47 19 0 75 88 30 0 149 57.40***
Version release 0.045 0.207 0 1 0.066 0.248 0 1 3.28***
Language popularity 3.857 0.471 3.11 5 4.469 2.118 1.990 10 12.66***

Java maintainers (n� 272)
Monthly bug reports 1.515 3.688 0 46 1.454 3.376 0 85 �1.10
Monthly enhancement reports 0.428 1.347 0 23 0.510 1.492 0 32 3.44***
Bug report length 920 1,399 29 21,779 938 2,068 7 90,210 0.38
Enhancement report length 519 839 16 17,766 562 792 11 14,609 1.44
Ratio of valid bug reports 0.726 0.358 0 1 0.811 0.310 0 1 10.25***
Ratio of valid enhancement reports 0.751 0.380 0 1 0.843 0.323 0 1 7.46***
Ratio of bug reports containing patches 0.230 0.362 0 1 0.341 0.406 0 1 11.02***
Ratio of enhancement reports containing patches 0.235 0.384 0 1 0.377 0.432 0 1 9.19***
Patch lengths in bug reports (LOC) 543 3,625 8 86,102 564 3,509 1 90,032 0.14
Patch lengths in enhancement reports (LOC) 4,611 61,094 9 1,061,661 2,556 24,162 5 817,347 �0.99
Monthly commits 1.182 3.195 0 44 1.502 4.901 0 433 4.35***
Monthly commits related to adding 

functions/parameters
0.367 1.189 0 19 0.404 1.04 0 14 2.12**

Commit size (affected LOC) 1,055 11,726 1 304,862 2,057 57,770 1 3,922,706 0.68
Commit data density 3.511 1.732 0 19 3.721 1.787 0 25 4.13***
Commit decision density 0.214 0.285 0 4 0.207 0.278 0 5 �0.82

Controls
Reporting experience 43 28 0 78 80 39 0 152 62.46***
Version release 0 0 0 0 0.071 0.257 0 1 19.71***
Language popularity 16.844 0.710 15.910 18 16.765 2.213 12.430 21 �2.48***

Note. stat., statistic.
***p< 0.01; **p< 0.05; *p< 0.1.

5. Model-Free Evidence
We first consider the IBB’s impact on report quantity. 
Figure 5 plots the monthly number of bug reports and 
enhancement reports contributed by Python maintainers 

and peripheral contributors, with the vertical lines indi
cating the IBB’s introduction date. Panel (a) shows that 
the number of bug reports by both types of contributors 
followed a similar trend before the IBB, but immediately 
after the program was introduced, the peripheral contri
butors started contributing more reports, whereas the 
maintainers contributed fewer. Panel (b) shows a similar 
decline in enhancement reports from Python maintainers 
compared with peripheral contributors after the IBB 
implementation. Notably, these trend changes occurred 
around the time the IBB was implemented. We do 
not find any significant events alongside the IBB by 
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manually reading the reports and email exchanges 
among Python maintainers during this period.

Figure 5. (Color online) Monthly Reports by Python Contributors from January 2009 to December 2019 

Notes. (a) Bug reports. (b) Enhancement reports. The number of reports before January 2009 is small and is therefore excluded. Panel (a) shows 
the trend in all bug reports, including those that do not receive rewards under the IBB.

As the number of reports contributed by Python 
peripheral contributors is influenced by the IBB, they 
may not serve as a good control group for investigating 
the changes in the number of reports contributed by 
maintainers. In any case, most peripheral contributors 
make sporadic contributions (see Figure 4). We plot the 
contributions of Python maintainers relative to those of 
Java maintainers in Figure 6. Evidently, the contribu
tions of Python and Java maintainers followed a similar 
trend before the IBB implementation. However, imme
diately after the IBB, the monthly average number of 
bug reports and enhancement reports contributed by 

Python maintainers decreased, whereas those by Java 
maintainers remained similar to their pre-IBB levels.

We then assess the impact of the IBB on report qual
ity. Figure 7 examines whether Python maintainers 
made their reports longer or more substantial com
pared with Java maintainers. Unlike the significant 
drop in report quantity, we do not find a notable change 
in report length following the IBB. Figures in Online 
Appendix C.1 show no clear changes in the validity 
ratio, patch ratio, and patch length of Python maintai
ners’ reports compared with Java maintainers. Overall, 
Figures 5–7 indicate that the IBB leads to fewer bug and 
enhancement report contributions from Python main
tainers, but its effect on report quality is not apparent.

Figure 6. (Color online) Monthly Average Reports by Python and Java Maintainers 

Notes. (a) Bug reports. (b) Enhancement reports. To facilitate comparison of the trends in panel (a), the monthly contributions by Python maintai
ners are scaled along the left y-axis, whereas those of Java maintainers are scaled along the right y-axis. Contribution trends are based on report
ing activities of Python and Java maintainers from January 2012 to December 2019. The monthly average number of reports is calculated by 
dividing the total number of reports in a given month by the number of active maintainers.
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Figure 7. (Color online) Average Report Length by Python and Java Maintainers 

Notes. (a) Bug reports. (b) Enhancement reports. We use inverse hyperbolic sine (IHS) transformation to reduce skewness.

6. Empirical Analysis
6.1. Identification Strategy
We employ the DID strategy to estimate the impact of 
the IBB on Python maintainers’ contributions by com
paring the changes in their monthly contributions rel
ative to Java maintainers for several reasons.6 First, 
the creator of Python has listed Java as its top compar
ator (Van Rossum 1997). Second, Python and Java are 
frequently listed as two of the most popular program
ming languages in the world (Cass 2022), and both 
have large contributor communities. Each of them 
has a large group of maintainers spanning diverse 
backgrounds, which is lacking in most other pro
gramming languages (e.g., R has fewer than 20 main
tainers). Third, with reference to Online Appendix 
C.2, many popular websites that use Python at the 
backend also use Java as a programming language, 
suggesting that Python and Java have a comparable 
commercial use.

Our identification strategy is premised on the assump
tion that the contribution trends of Python and Java 
maintainers are similar in the absence of the IBB. The 
model-free evidence in Figure 6 shows that these main
tainers’ contributions followed a similar trend before the 
IBB and diverged only after the IBB implementation. Sec
tion 7.2 presents statistical tests of the parallel trends and 
various placebo tests.

We undertake three additional steps to strengthen 
our identification strategy. First, following the litera
ture (e.g., Wang et al. 2022), we construct a matched 
sample of Python and Java maintainers with similar 
observed characteristics using coarsened exact match
ing (CEM). CEM has several advantages over other 
matching methods such as propensity score matching 
because it does not assume the underlying data- 
generation process and it reduces imbalance, model 
dependence, and estimation errors (Iacus et al. 2012). 
Combining DID with matching allows for a more 

precise comparison of the contribution behavior 
between Java and Python maintainers. We perform 
one-to-one CEM based on the maintainers’ pretreat
ment average reporting activities (average monthly 
number of bug reports and enhancement reports), 
average bug and enhancement report lengths, average 
monthly number and size of commits, and report 
experience.7 The matching yields 75 matched pairs of 
Python and Java maintainers (11,341 maintainer- 
month observations) with no statistically significant 
differences in their pretreatment reporting and code 
commit behaviors or experiences (see Table 3). We also 
examine our results using alternative methods (see 
Online Appendix D): (1) an unmatched full sample, 
(2) extra matching covariates (resulting in a smaller 
sample), and (3) different matching strategies such 
as entropy balancing, to ensure that our results are 
not driven by sample selection, observable covariate 
imbalances, and specific matching strategies.

Second, instead of Java maintainers, we repeat the 
same analysis using maintainers of Python third-party 
libraries as an alternative control group in Online 
Appendix D, noting that the IBB only rewards bug 
reports in the Python core library but not in third-party 
libraries. Therefore, the maintainers of these third-party 
libraries can serve as an alternative control group. Our 
results remain qualitatively similar when using this 
alternative control group.

Third, we apply the synthetic DID method, which 
constructs a control group to mirror the trends of the 
treatment group and hence satisfies the parallel trends 
assumption by construction. This approach alleviates 
omitted variable concerns that might affect identifica
tion (Arkhangelsky et al. 2021). As reported in Online 
Appendix D, the synthetic DID produces similar con
clusions. As these strategies lead to qualitatively similar 
findings, we focus on the results from the DID estima
tions with CEM.
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Table 3. Balance Checks of Variables Before and After CEM

Mean 
(Python)

Mean 
(Java) Std. Diff.

t-test after 
matching (p-value)

Number of bug reports per month (IHS) Before 0.30 0.67 �0.675 0.678
After 0.28 0.30 �0.068

Number of enhancement reports per month (IHS) Before 0.24 0.25 �0.022 0.835
After 0.21 0.20 0.034

Average bug report length (IHS) Before 5.21 5.46 �0.092 0.719
After 4.97 5.15 �0.059

Average enhancement report length (IHS) Before 4.76 4.36 0.135 0.725
After 4.41 4.23 0.058

Number of commits per month (IHS) Before 0.77 0.54 0.271 0.593
After 0.49 0.43 0.087

Average commit size (IHS) Before 3.26 4.05 �0.270 0.979
After 2.93 2.94 �0.004

Maintainer experience (Log) Before 3.85 3.37 0.466 0.945
After 3.82 3.81 0.011

Notes. We use inverse hyperbolic sine (IHS) transformation or logarithmic transformation to mitigate the influence of extreme values. 
We use inverse hyperbolic sine transformation for dependent variables to be consistent with the regressions. Results are robust to 
different transformations. The standardized difference is based on Austin (2009).

6.2. Main Results
The DID regression takes the following form:

Reportsit � α0 + βPythoni × IBBt + αXit + τt + fi + ɛit, (1) 

where Reportsit represents the monthly quantity or 
quality of bug or enhancement reports contributed by 
maintainers. We use inverse hyperbolic sine transfor
mation to scale the dependent variables so that they 
become more normally distributed (Hui 2020, Bahar et 
al. 2023). Inverse hyperbolic sine transformation may be 
preferred over log-transformation when a variable takes 
on zero values (Bellemare and Wichman 2020). Using 
raw-scale (untransformed) dependent variables or alter
native transformations, such as Poisson or negative 
binomial regressions, does not qualitatively change our 
results (Online Appendix D), suggesting that these 
results are robust to the potential bias because of the 
transformation of the dependent variable (Cohn et al. 
2022, Chen and Roth 2024).8 We do not use nonlinear 
regression models for our main analysis because they 
require strong distributional assumptions to identify the 
DID estimator (Hoetker 2007). Pythoni is a dummy vari
able that equals one for Python maintainers and zero for 
Java maintainers, and IBBt is a dummy variable that 
equals one for every month on or after November 2013 
and zero otherwise. The vector fi represents the main
tainer fixed effects, which capture time-invariant main
tainer features, such as personal characteristics that 
could affect the contributions. τt represents time- 
varying fixed effects, including year and month-of-year 
fixed effects, which account for the seasonality and 
trends of online contributions (e.g., different days in dif
ferent months (Xu et al. 2020)). Xit contains the time- 
varying control variables Reporting Experience, Version 

Releases, and Language Popularity. We include all reports 
from January 2012 to December 2019 in the analysis. We 
cluster all standard errors at the individual maintainer 
level.

Column (1) in Table 4 presents the estimation with 
the monthly number of bug report contributions as the 
dependent variable. The focal variable, Python × IBB, 
has a negative and statistically significant coefficient of 
�0.267. Column (2) shows a similar result with the con
trol variables included. These estimates indicate an 
average 48% decrease in the number of bug report 
contributions by Python maintainers relative to Java 
maintainers.9 Referring to Figures 5(a) and 6(a), these 
estimates reflect that the IBB has had a substantial 
impact on Python maintainers’ bug report contribu
tions. Column (3) assesses the IBB’s impact on report 
length and shows no significant increase in content 
length.10 We consider several alternative quality mea
sures and obtain similar findings. Column (4) shows no 
change in the valid ratio of Python maintainers’ bug 
reports, column (5) shows no change in the likelihood for 
their bug reports to contain patches, and column (6) sug
gests that these patches, if offered, do not become more 
substantial. The absence of significant influence on the 
maintainers’ bug report quality is unsurprising given the 
high standards and quality of contributions that OSS 
maintainers consistently uphold (Gousios et al. 2015).

To assess the IBB’s impact on Python maintainers’ 
enhancement reporting, we replicate the analysis using 
maintainers’ enhancement reports as the dependent 
variable. Columns (1)–(6) of Table 5 present the results. 
The coefficients for Python × IBB in columns (1) and (2) 
are negative and statistically significant, indicating a 
38% reduction in the number of enhancement reports 
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from Python maintainers (relative to Java maintainers) 
after the IBB. Columns (3)–(6) indicate no significant 
changes in the length, valid ratio, patch ratio, or 
the size of patches contained in Python maintainers’ 
enhancement reports.

Table 4. IBB on Bug Reporting

(1) (2) (3) (4) (5) (6)

Variables
No. of 

bug reports
No. of 

bug reports
Length of 

bug reports
Ratio of valid 
bug reports

Ratio of bug reports 
containing patches

Patch 
length

Python × IBB �0.267*** �0.274*** 0.108 �0.052 �0.056 0.244
(0.051) (0.051) (0.113) (0.032) (0.054) (0.201)

Report experience 0.023 0.011 �0.046 �0.040 �0.502***
(0.043) (0.088) (0.030) (0.045) (0.150)

Version releases 0.006 0.146* 0.022 �0.022 0.124
(0.023) (0.076) (0.032) (0.036) (0.159)

Language popularity �0.140** �0.001 �0.023 �0.012 0.092
(0.059) (0.100) (0.032) (0.044) (0.239)

Maintainer FE Yes Yes Yes Yes Yes Yes
Year and month FE Yes Yes Yes Yes Yes Yes
Observations 11,341 11,341 2,794 2,794 2,794 1,302
No. of maintainers 150 150 150 150 150 150

Notes. Robust standard errors clustered by maintainers are reported in parentheses. FE, fixed effects.
***p< 0.01; **p< 0.05; *p< 0.1.

Online Appendix D presents validation for the paral
lel trends assumption and shows that the results above 
are robust to alternative control groups, matching strat
egies, data transformation, and data samples. Overall, 
consistent with the model-free evidence, our regression 
results show that the IBB significantly reduces the 
number of bug and enhancement reports contributed 
by Python maintainers. The impact of the IBB on report 
quality is not statistically significant.

Table 5. IBB on Enhancement Reporting

(1) (2) (3) (4) (5) (6)

Variables

No. of 
enhancement 

reports

No. of 
enhancement 

reports

Length of 
enhancement 

reports

Ratio of valid 
enhancement 

reports

Ratio of enhancement 
reports containing 

patches
Patch 
length

Python × IBB �0.137*** �0.148*** �0.119 0.005 0.004 �0.253
(0.037) (0.038) (0.113) (0.042) (0.067) (0.317)

Report experience 0.081* 0.130 �0.009 0.001 0.298
(0.041) (0.089) (0.042) (0.061) (0.236)

Version releases 0.008 �0.016 0.011 �0.011 �0.229
(0.018) (0.114) (0.038) (0.038) (0.275)

Language popularity �0.136*** 0.014 0.065 0.055 �0.092
(0.044) (0.116) (0.042) (0.060) (0.232)

Maintainer FE Yes Yes Yes Yes Yes Yes
Year and month FE Yes Yes Yes Yes Yes Yes
Observations 11,341 11,341 1,820 1,820 1,820 944
No. of maintainers 150 150 150 150 150 150

Note. Robust standard errors clustered by maintainers are in parentheses.
***p< 0.01; **p< 0.05; *p< 0.1.

6.3. Code Commits
We examine the impact of the IBB on Python maintai
ners’ coding activities as measured by the number and 
size of their code commits. The main observation, 

shown in columns (1) and (4) of Table 6, is that the IBB 
has overall led Python maintainers to contribute fewer 
code commits without significant changes in their com
mit size. Because coding is a downstream task from 
contributor reports (Figure 1), the changes in maintai
ners’ coding activities could be driven by both the 
number of newly identified bugs or enhancement ideas 
(e.g., fewer enhancement ideas would require less cod
ing) and the extent of task complementarity or substi
tutability (Hypothesis 2). To better account for the 
influence of report inflow, we reestimate the IBB’s 
impact on code commits after controlling for monthly 
bug and enhancement report numbers, including both 
the maintainers’ own reports and overall Python 
reports. The attenuated Python ×IBB coefficient in col
umn (2) confirms that part of the IBB’s impact on code 
commits could be mediated by the reduced Python 
bug and enhancement reports, which negatively affects 
the downstream code commit task. This net negative 
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Python×IBB coefficient suggests that the IBB may 
have negatively influenced code commits beyond the 
reduced reporting route, possibly because of task com
plementarity (e.g., reduced learning of code restruc
turing opportunities or alternative solutions beyond 
addressing reported issues (Swanson 1976)). In Online 
Appendix C.3, our analysis of commit-to-report ratios 
yields consistent findings.

Table 6. IBB on Code Commits

Quantity Quality Halstead effort

Variables

(1) (2) (3) (4) (5) (6) (7)
Total 
code 

commits

Total code commits 
(additional control of 

report numbers)

Commits related 
to new 

mod./func./param.

Affected 
LOC per 
commit

Decision 
density per 

commit

Data 
density per 

commit
Halstead 

effort

Python × IBB �0.213*** �0.143* �0.082** 0.013 0.020 �0.083 �1.012***
(0.081) (0.073) (0.039) (0.210) (0.039) (0.112) (0.334)

Bug reports 0.107***
(0.015)

Enhancement reports 0.153***
(0.019)

Overall bug reports 0.0003**
(0.0001)

Overall enhancement 
reports

�0.0004*
(0.0003)

Controls Yes Yes Yes Yes Yes Yes Yes
Maintainer FE Yes Yes Yes Yes Yes Yes Yes
Year and month FE Yes Yes Yes Yes Yes Yes Yes
Observations 11,341 11,341 11,341 2,986 2,986 2,986 11,341
No. of maintainers 150 150 150 150 150 150 150

Notes. Robust standard errors clustered by maintainers are reported in parentheses. mod., module; func., function; param., parameter.
***p< 0.01; **p< 0.05; *p< 0.1.

We conduct additional tests for further insights. 
First, we examine how the IBB affects code commits 
related to new modules, functions, or parameters. We 
identify such commits by checking whether the code 
changes involve adding new modules, functions, or 
parameter names (excluding renames). Consistent with 
the reduction in enhancement reporting, column (3) of 
Table 6 shows that the IBB has led Python maintainers 
to contribute fewer of such commits. Second, we con
sider alternative commit quality measures from the liter
ature (Banker et al. 1998): (a) decision density, which is 
measured by McCabe’s cyclomatic complexity and cap
tures the complexity of program logic, and (b) data den
sity, which is measured by Halstead’s N2 software 
science metrics and captures the amount of data 
required to perceive and process. Columns (5) and (6) 
show no significant IBB effects on these commit quality 
measures. Finally, following the software engineering lit
erature, we examine the estimated overall coding effort 
using the Halstead effort metric, which accounts for both 
the quantity and complexity of code commits (Halstead 
1977). Consistent with the results in columns (1)–(6), col
umn (7) suggests a reduction in maintainers’ overall cod
ing effort after the IBB (Online Appendix C.3 shows a 
similar result with report numbers as control variables).

6.4. Mechanism Exploration
We present two sets of results exploring explanations 
for Python maintainers’ contribution changes. First, 
Hypothesis 1A posits that IBB may affect both bug 
identification difficulty and maintainers’ motivation. 
Given that we cannot measure motivation directly and 
that the motivation effects may mingle with task diffi
culty (e.g., increased task difficulty may reduce per
ceived competency; see Hypothesis 1), we test whether 
finding bugs in Python has become more difficult after 
the IBB or if the decreased bug reporting is solely due 
to decreased motivation (Section 6.4.1). We also show 
that the loss of interest—a concept reflecting intrinsic 
motivation (Deci 1992)—may not explain our findings 
in Section 7.1. Second, to support the explanation 
underlying Hypothesis 2B, we demonstrate that bug 
and enhancement reporting are complementary activi
ties (Section 6.4.2), and our survey and post hoc analy
sis suggest that such complementarity may be due 
to intertask learning (Section 6.4.3). We assess alterna
tive explanations, including (a) Python maintainers los
ing interest, (b) Python maintainers being burdened 
with resolving reports, and (c) increased enhancement 
reports by peripheral contributors substituting Python 
maintainers’ enhancement reports, in Section 7.1.

6.4.1. Increased Difficulty of Finding Bugs. We exam
ine whether the introduction of the IBB increased the 
difficulty of finding bugs in Python. One way for Python 
maintainers to find bugs is by using the Python build
bot, an automated tool that routinely builds and tests 
Python across different environments (i.e., systems, 
architectures, and configurations).11 When Python fails 
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to run in an environment, the buildbot generates error 
messages, prompting Python maintainers to investigate 
the causes and file bug reports.

Because the buildbot mechanically tests Python, its 
activity should not be susceptible to maintainers’ incen
tives. The main determinant of the number of bug reports 
prompted by the buildbot (which we call “machine- 
assisted bug reports”) is the objective difficulty of finding 
bugs in Python. If the IBB made bugs more difficult to 
find, then we would expect the buildbot to detect fewer 
errors and prompt fewer machine-assisted bug reports. 
Because Python maintainers typically reveal how a bug 
is discovered in their bug reports, we can identify 
machine-assisted bug reports by searching for the key
word “buildbot” in the titles or descriptions of these 
reports.

We plot the monthly number of machine-assisted 
bug reports in Figure 8 (solid line), which shows an evi
dent decline in the number of machine-assisted bug 
reports after the IBB, indicating increased difficulty in 
discovering bugs. The t-test in the summary table 
shows that this decline is statistically significant. Addi
tionally, the dashed orange line in Figure 8 and the 
regression analysis in Online Appendix C.4 show that 
Python maintainers also reduced their contributions 
of non-machine-assisted bug reports. Overall, these 
results suggest that finding bugs in Python has become 
more difficult after the IBB implementation, providing 
a plausible explanation for the decline in the bug 
reports contributed by Python maintainers.

Figure 8. (Color online) Trends in the Number of Machine-Assisted and Non-Machine-Assisted Bug Reports in Python 

Notes. The graph shows that machine-assisted and non-machine-assisted bug reports have decreased after the IBB. We extend the plot to January 
2009 to illustrate a longer pre-IBB trend (other thresholds yield consistent results). ***p< 0.01.

6.4.2. Complementarity Between Bug and Enhance
ment Reporting. Hypothesis 2B posits that if Python 
maintainers’ bug and enhancement reporting are com
plementary, such that their productivity of enhancement 

reporting is lower (higher) when their bug reporting 
activity is lower (higher), then their reduced bug report
ing after the IBB will negatively impact their enhance
ment reporting. This section offers evidence for this 
complementary relationship. Following the literature 
(e.g., Brynjolfsson and Milgrom 2013, Wu et al. 2020, 
Gong and Png 2024), we examine complementarity 
by testing whether Python maintainers produce more 
enhancement reports when they engage more in bug 
reporting. We construct a Python maintainer monthly 
contribution panel and regress these maintainers’ 
enhancement report outputs on their bug reporting 
activities while controlling for the maintainer and time 
fixed effects and other control variables. Column (1) of 
Table 7 suggests that a higher level of bug reporting 
activity is associated with a higher output of enhance
ment reports, providing support that bug and enhance
ment reporting are complementary.

However, time-varying unobservable factors may 
pose a concern. For example, maintainers may contrib
ute more reports during their free time (such as holi
days) and fewer reports when they are busy, which 
could lead to spurious correlations between their bug 
and enhancement reporting. To address such endo
geneity, we apply an instrumental variable (IV) strat
egy, where the IV is the number of errors detected by 
the Python buildbot in each month. As discussed 
above, the buildbot mechanically tests Python, so 
the errors detected by the buildbot should be indepen
dent of the individual maintainer’s schedule. However, 
these errors should motivate Python maintainers to 
investigate the underlying causes, which can lead them 
to compose bug reports.12 Aside from prompting main
tainers to investigate bugs, these buildbot-generated 
errors are unlikely to directly impact maintainers’ 
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enhancement reporting. Column (2) of Table 7 reports 
the IV regression result. The Kleibergen-Paap Wald sta
tistic (Kleibergen and Paap 2006) of 13.16 in the first- 
stage regression suggests that the IV is not weak. With 
this IV, we continue to find a positive and statistically 
significant coefficient, reinforcing the notion that bug 
and enhancement reporting are complementary activi
ties. In column (3), we perform another test to address 
a concern that the above result is driven by observa
tions during Python major updates, which might affect 
bug and enhancement reporting. We exclude all obser
vations within two months following Python major 
updates and obtain a similar coefficient estimate, sug
gesting that our results are not driven by Python 
updates (using other thresholds leads to similar find
ings). We obtain similar results by randomly excluding 
20% of observations for 100 times.

Table 7. Complementarity Between Bug and Enhancement Reporting

(1) (2) (3)

Variables

Enhancement 
reports 

(fixed effects)

Enhancement 
reports (buildbot 

errors as IV)

Enhancement reports (buildbot 
errors as IV, limit to >2 months 

after version update)

Bug reports 0.319*** 0.731*** 0.781***
(0.033) (0.189) (0.227)

Controls Yes Yes Yes
Maintainer FE Yes Yes Yes
Year and month FE Yes Yes Yes
Observations 7,122 7,122 5,844
Number of maintainers 92 92 92

Notes. All 92 Python maintainers are included in the estimation. Robust standard errors clustered by maintainers are 
reported in parentheses.

***p< 0.01; **p< 0.05; *p< 0.1.

Additional evidence suggests that the complementar
ity between bug and enhancement reporting is robust. 
First, the survey in Section 6.4.3 shows that the majority 
of the Python maintainers believe that bug reporting 
facilitates their enhancement reporting. Second, we cor
roborate the complementarity test result using recent 
IBB payouts as an alternative IV (Online Appendix C.5). 
Finally, we examine the sensitivity of the IV results to 
the exclusion restriction assumption by using the 
“plausibly exogenous” tests from Conley et al. (2012), 
which confirm that our estimation results are robust 
even after accounting for the possible violation of the 
exclusion restriction assumption (Online Appendix C.5).

Taken together, our evidence consistently indicates 
that Python maintainers’ bug and enhancement report
ing are complementary. Python maintainers’ output of 
enhancement reports is lower (higher) when their bug 
reporting activities are lower (higher), suggesting that 
the reduction in bug reporting after the IBB can have a 
negative impact on their enhancement reporting.

6.4.3. Post Hoc Analysis: Learning as the Potential 
Source of Complementarity. Although our hypothesis 
highlights learning as the potential driver of task 

complementarity, the implicit nature of learning poses 
measurement challenges. Previous research has tested 
the learning effect by examining whether the perfor
mance in one task improves as individuals complete 
other tasks, which is consistent with our analysis 
in Section 6.4.2 (Schilling et al. 2003, Mo et al. 2021). 
To substantiate the complementarity relationship and 
learning as the potential source of influence, we (1) 
directly survey maintainers for their opinions on the 
relationship between bug and enhancement reporting, 
and (2) review Python maintainers’ reports, emails, 
and blogs for concrete examples.

6.4.3.1. Survey. We sent a short survey to 92 Python 
maintainers whose email addresses could be identified 
and received 13 responses, yielding a 14% response rate, 
which is higher than that achieved in recent studies 
(e.g., 6% in Wessel et al. 2020 and 11% in Constantino 
et al. 2023). Most of the respondents are active contribu
tors, with 61.6% contributing over 13 bug reports and 
53.8% contributing over 10 enhancement reports per 
year within the past three years. Cross-checking against 
the Python issue tracker reveals that these maintainers 
are among the top 10% most active maintainers. Consis
tent with the findings in Table 7, we observe a strong 
correlation (0.908, p< 0.01) between these maintainers’ 
bug and enhancement reporting activities. Online 
Appendix C.6 provides the details of the survey.

When asked whether they feel that the skills in devel
oping bug reports and enhancement reports are related, 
53.8% of the respondents answered “agree” or “strongly 
agree,” whereas 38.5% answered “somewhat agree.” 
Most of them believe that the knowledge from bug 
reporting helps them develop enhancement reports, 
with 46.2% answering “agree” or “strongly agree” and 
the other 38.5% choosing “somewhat agree.” None of 
the respondents disagreed with these two questions. 
These responses provide direct support for the notion 
that bug reporting provides knowledge and learning 
benefits to enhancement reporting.
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A total of nine respondents (69%) shared additional 
insights on why bug reporting helps enhancement 
reporting. As shown in Table 8, the key reason men
tioned by 55.6% of them (five respondents) is that bug 
reporting helps them gain a deeper understanding of 
the code and improve their development skills, which in 
turn benefits their enhancement reporting. This finding 
aligns with our hypotheses. Three respondents (33.3%) 
mentioned that bug reporting enhances their ability to 
write enhancement reports. One respondent mentioned 
that in some cases, bugs can be regarded as missing fea
tures. These findings are corroborated by a parallel sur
vey of Java maintainers (see Online Appendix C.6).

6.4.3.2. Process, Concrete Examples, and Additional 
Tests. In Online Appendix C.7, we include examples 
of maintainers’ contributions to illustrate the potential 
learning. The described intertask learning process 
suggests the following implication: because bug report
ing provides maintainers with more opportunities to 
explore related code, the complementarity benefit may 
be stronger when maintainers propose enhancements 
for this related code. This reasoning aligns with the lit
erature suggesting that the learning effect is stronger 
when individuals perform different but related tasks 
(Schilling et al. 2003). Supporting this implication, our 
analysis in Online Appendix C.8 shows that bug 
reporting mainly benefits enhancement reporting on 
related code (the enhancement ideas are about the 
same or related modules that were recently investi
gated by a Python maintainer in bug reports).

Table 8. Summary of Python Maintainers’ Comments

Summary Sample comments from Python maintainers

Bug reporting helps understand codes and 
improve skills (55.5% of the respondents)

• Writing a good bug report requires digging deep to track down root causes. 
The knowledge gathered from writing bug reports has really helped me 
figure out how to write feature requests/enhancements properly. 
• You need to understand the code you are working on both when you are 

fixing it and when you are improving it. If you get familiar with it while 
fixing bugs, it will be easier to add enhancements, and vice versa. 
• I think the two kinds of reports require many of the same skills and so doing 

one helps improve skill at the other. For enhancement reports, the focus is 
more on explaining and justifying why a feature or change is a good idea. 
For bug reports, it is more about correctly identifying where the bug is 
located and what’s wrong. 

Bug reporting helps write better reports 
(33.3% of the respondents)

• Both practices force you to write clearly and concisely, for an audience that 
may be aware neither of your local environment and uses of Python … 
• Submitting bugs does help understand the basic process for submitting 

GitHub issues,a the basic information to fill out, how to interact with other 
contributors … 

aPython started to use the GitHub issue tracker to receive issue reports in 2022.

6.4.3.3. Additional Validation from Heterogeneous 
Effects. If task complementarity is the correct explana
tion, then the following implications emerge: (1) main
tainers who demonstrated a greater reduction in their 

bug reporting should also demonstrate a greater reduc
tion in their enhancement reporting because they lost 
more complementarity benefits, (2) maintainers whose 
enhancement reporting benefits more from the comple
mentarity should be more affected, and (3) maintainers 
should not reduce their contributions to tasks that are 
not complementary to bug or enhancement reporting. 
The analysis in Online Appendix C.9 supports these 
predictions.

6.5. Overall Impact on Python Enhancement
From the buildbot analysis, we find that bugs became 
more difficult to find after the IBB, which is consistent 
with the IBB’s positive security impact. We further 
explore the IBB’s impact on Python enhancement.

We first examine the enhancement report contribu
tions from all Python contributors. Figure 9 shows a 
significant reduction in monthly enhancement report 
contributions since the IBB (purple solid line). This 
reduction is mainly driven by a significant decrease in 
the enhancement reports contributed by maintainers 
(second row in the summary table and blue dashed 
line), which has not been sufficiently compensated by 
the slight increase in crowd contributions (third row in 
the summary table and gray dotted line). By contrast, 
the overall bug report contributions have remained 
stable, as the substantial increase in bug reports 
from peripheral contributors has nearly countered the 
decline in the reports from maintainers (fourth to sixth 
rows in the summary table).

We next measure Python contributors’ attempts to 
add new modules, functions, or parameters to the 
Python codebase. Our first metric is the total number of 
commits related to such attempts (as seen in column (3) 
of Table 6). As shown in Figure 10 (first row of the 
summary table and green line), these commits have 
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declined after the IBB. Given that maintainers contrib
ute over 90% of such commits, the overall drop is pri
marily driven by the significant reduction in maintainers’ 
contributions (contrasting rows 1–3 of the summary 
table). As a single commit may bundle many changes to 
different modules, some of which may not be about 
module, function, or parameter additions, we also ana
lyze each individual change to a program file in a commit 
(known as a “diff” for a specific file) as the unit of analy
sis. As shown in Figure 10 (fourth row of the summary 
table and blue line), the results remain similar. We also 
obtain a similar finding if we weight each “diff” by the 
affected lines of code.

Figure 9. (Color online) IBB on Total Enhancement Reports 

Finally, we conduct a module-level analysis by match
ing individual modules between Python and Java to 
compare commits at the module level. As shown in 
Online Appendix C.10, the finding is similar. Collec
tively, we find that the reduced enhancement report 
contributions by Python maintainers have negatively 
impacted Python’s overall enhancement, including 
enhancement reports and enhancement-related code 
commit contributions.

Figure 10. (Color online) IBB on Commits/Diffs Potentially Related to Enhancements 

7. Alternative Explanations and 
Robustness Checks

7.1. Alternative Explanations
7.1.1. Loss of Interest. An alternative explanation is 
that Python maintainers lost their interest in Python 
after the IBB because they felt unfairly treated, as their 
contributions were not rewarded, hence reducing their 
contributions.

To assess this explanation, we check the post-IBB 
contributions of Python maintainers who show a clear 
interest in Python. As discussed in Section 3, in the 
Python issue tracker, contributors can add themselves 
to nosy lists to receive updates on issues that interest 
them. Thus, we can use the maintainers’ listing on the 
nosy lists of new reports as an indicator of their interest 
in Python (Python Software Foundation 2020). If a loss 
of interest in Python accounts for maintainers’ reduced 
contributions, then we expect that the IBB should not 
affect the contributions made by maintainers on the 
nosy lists.

In columns (1) and (2) of Table 9, we estimate the 
effect of the IBB on the bug and enhancement report 
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contributions of Python maintainers who are added on 
the report nosy lists in the same month.13 The coeffi
cient of Python × IBB remains negative, large, and 
statistically significant, suggesting that the maintainers’ 
bug and enhancement report contributions have reduced 
even among those who are clearly interested in Python.

Table 9. Contribution Behavior Among Python Maintainers Who Indicate Interest

Variables

Interest based on the 
nosy lists

Interest based on 
report quantity

Interest based on 
contribution months

(1) (2) (3) (4) (5) (6)
Bug 

reports
Enhancement 

reports
Bug 

reports
Enhancement 

reports
Bug 

reports
Enhancement 

reports

Python × IBB �0.356*** �0.217*** �0.455*** �0.244*** �0.427*** �0.236***
(0.060) (0.044) (0.074) (0.059) (0.074) (0.058)

Controls Yes Yes Yes Yes Yes Yes
Maintainer FE Yes Yes Yes Yes Yes Yes
Year and month FE Yes Yes Yes Yes Yes Yes
Observations 9,355 9,355 6,707 6,707 6,911 6,911
No. of maintainers 150 150 76 76 78 78

Notes. The number of maintainers in columns (3)–(6) is slightly more than half of those in the main sample because of ties at the 
median. Robust standard errors clustered by maintainers are in parentheses.

***p< 0.01; **p< 0.05; *p< 0.1.

We corroborate these findings in several ways. 
(a) We regard the “remain interested” maintainers as 
those who contribute actively after the IBB (i.e., interest 
revealed by their actual contribution activities), specifi
cally those maintainers whose total report contribu
tions or active contribution months after the IBB exceed 
their group median. We apply these categorizations to 
both the treatment and control groups. As shown in 
columns (3)–(6) of Table 9, the interested maintainers 
significantly reduced their contributions after the IBB. 
(b) Given that other individuals can add a Python 
maintainer to the nosy list, we repeat our analyses in 
columns (1) and (2) under a stricter rule; that is, we 
regard Python maintainers as interested only when 
they voluntarily added themselves to this list. The 
results in Online Appendix C.11 remain similar. (c) The 
evidence in Online Appendix C.11 does not support 
the notion that the IBB has significantly influenced 
Python maintainers’ interest as measured by their pres
ence on the nosy lists of reports. Collectively, the sub
stantial and significant reduction in the contributions 
of interested maintainers suggests that losing interest is 
unlikely to be the explanation for our findings. Because 
interest often directly reflects intrinsic motivation (Deci 
1992), lack of motivation may also not be the primary 
driver of our findings.

7.1.2. Burden of Resolving Reports. Another alterna
tive explanation is that Python maintainers are bur
dened by resolving too many reports after the IBB (e.g., 
fixing bugs or implementing proposed enhancements), 
which reduces their time or energy for proposing new 
bug or enhancement reports. Note that the total 

number of reports that Python maintainers need to 
resolve, including reports from themselves and periph
eral contributors, need not increase because their own 
reporting has decreased. Furthermore, there is no for
mal requirement regarding the nature and amount of 
work from Python maintainers. If a Python maintainer 
does not wish to resolve reports, the person can choose 
not to do so (directly assigning reports to Python main
tainers is uncommon). This means that Python maintai
ners do not necessarily spend more time resolving 
reports after the IBB.

We examine the number of reports resolved by each 
Python maintainer over time. We consider a Python 
maintainer to be responsible for resolving a report 
when the person appears in the “assignee” field in the 
bug or enhancement reports. To address measurement 
errors, we also consider a broader assignee definition 
to include maintainers who provide links to their code 
changes in report discussions as assignees. The ratio
nale is that assignees are likely to provide updates on 
the fixing process to inform the community. This alter
native approach accounts for situations when multiple 
maintainers work on the same report or when maintai
ners are not formally recorded in the assignee fields. 
We examine each maintainer’s workload in resolving 
four types of reports, namely, bug and enhancement 
reports from peripheral contributors and Python main
tainers, and we do the same for Java maintainers. We 
then use the monthly number of each type of report 
that a maintainer needs to resolve as the dependent 
variable in Equation (1).

Panels A (assignees based on the “assignee” field) 
and B (broader assignee definition) of Table 10 present 
the results, and column (1) of these panels presents the 
impact of the IBB on the total number of reports that 
these maintainers have resolved. The results indicate a 
drop in the total number of reports that Python main
tainers need to resolve after the IBB. Columns (2)–(5) 
separate the results based on whether the assigned 
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reports are bug or enhancement reports and whether 
they were submitted by peripheral contributors or 
maintainers. The results do not support the notion that 
Python maintainers are burdened with resolving more 
reports after the IBB. Finally, recall Table 6, where we 
find that the IBB reduces Python maintainers’ coding 
outputs, a metric that can incorporate all development 
effort of the maintainers, including report resolution. 
This finding does not support the explanation that 
maintainers diverted their effort toward addressing 
reports after the IBB.

Table 10. Workload in Resolving Reports

(1) (2) (3) (4) (5)

Variables

Total 
assigned 
reports

Assigned bug reports 
from peripheral 

contributors

Assigned bug 
reports from 
maintainers

Assigned enhancement 
reports from peripheral 

contributors

Assigned enhancement 
reports from 
maintainers

Panel A: Labeled as assignee
Python × IBB �0.186*** 0.021 �0.162*** 0.008 �0.078**

(0.067) (0.041) (0.043) (0.012) (0.032)
Panel B: Broader assignee definition

Python × IBB �0.186** 0.023 �0.168*** 0.020 �0.076**
(0.076) (0.046) (0.051) (0.014) (0.037)

Controls Yes Yes Yes Yes Yes
Maintainer FE Yes Yes Yes Yes Yes
Year and month FE Yes Yes Yes Yes Yes
Observations 11,341 11,341 11,341 11,341 11,341
No. of maintainers 150 150 150 150 150

Note. Robust standard errors clustered by maintainers are reported in parentheses.
***p< 0.01; **p< 0.05; *p< 0.1.

7.1.3. Substitution of Enhancement Reports. Could 
the reduction in enhancement reports from Python 
maintainers be due to a substitution by the increased 
peripheral contributors’ enhancement reports, similar 
to bug reports? Although the number of bugs in a soft
ware project is theoretically limited at any given time, 
enhancement ideas are unlimited. If a reduction in main
tainers’ enhancement reports is due to substitution, then 
we would expect the substitution effect to be weaker. 
However, the summary table in Figure 9 of Section 6.5
shows that although the peripheral contributors’ monthly 
enhancement reports have slightly increased (third row 
in the summary table), the decrease in the maintainers’ 
enhancement reports is much larger (second row in the 
summary table), which cannot be explained by the substi
tution effect.

Furthermore, if the decreased maintainers’ enhance
ment reports are mainly substituted by peripheral con
tributors’ enhancement reports, then we would expect 
maintainers to reduce more enhancement report contri
butions when there are more enhancement reports 
from peripheral contributors. However, our analysis in 
Online Appendix C.12 disproves this case. We instead 
find that a greater reduction in enhancement reports 
contributed by a Python maintainer is associated with 

a greater reduction in their contributed bug reports, 
supporting the complementarity explanation (Online 
Appendix C.9).

7.2. Robustness
As detailed in Online Appendix D, we validate the 
identification assumptions by testing parallel trends 
and assessing the stable unit treatment value assumption 
(SUTVA). We also conduct various robustness checks 
(summarized in Table D.1 of Online Appendix D). Our 
results are robust to different control groups (maintai
ners of Python third-party libraries), matching strategies 
(entropy balancing, synthetic DID, and additional 
matching covariates), sample construction (the balanced 
sample, the full sample, winsorized dependent vari
ables, or exclusion of outlier maintainers), alternative 
quality measures (patch merge success), and estimation 
models (untransformed dependent variables or Poisson 
regression model). Finally, we consider various falsifica
tion tests (random treatment and pretreatment placebo 
tests) and show that two other alternative explanations, 
namely, report misclassification and maintainers sub
mitting bug reports with fake accounts, are unlikely to 
explain our findings.

8. Concluding Remarks
Our study investigates how incentivizing crowd con
tributors impacts core members’ contributions in a 
community-based complex knowledge production 
setting. Through a quasi-natural experiment, we find 
that incentivizing crowd contributions substitutes 
core members’ contributions in the crowdsourced 
task. More importantly, such substitution negatively 
influences core members’ nonincentivized knowledge 
creation without improving their contribution quality. 
Additional analyses suggest that this influence may 
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be driven by core members’ reduced intertask learn
ing. When the core members’ contributions to the 
crowdsourced task serve as a knowledge source and 
experience that benefits related tasks, their substitu
tion by crowd contributions can negatively influence 
these core members’ contributions to other tasks.

Our findings reveal a managerial challenge in solicit
ing crowd contributions as the spillovers can be substan
tial. For instance, Python maintainers’ enhancement 
report contributions decreased by an average of 38% 
after the IBB, leading to reduced overall contributions of 
enhancement reports and related code commits. Fur
thermore, it may be difficult to predict which tasks could 
be affected ex ante. More broadly, such spillovers pro
vide implications beyond reward effects in OSS: in 
complex collaborative production systems, interven
tions that target one group’s tasks can unintentionally 
trigger sizable, difficult-to-foresee intergroup spillovers 
that dampen other groups’ contributions to complemen
tary or downstream tasks.

8.1. Implications for OSS and Online 
Community Management

The significant economic benefits and efficiency of OSS 
make it appealing for governments and companies to 
sponsor incentives for OSS projects (Hoffmann et al. 
2024). However, we caution against blanket incentiviz
ing of crowd contributions without considering poten
tial intergroup spillovers. One possible solution is to 
incentivize the core members, but monetary rewards 
can backfire and impede these members’ intrinsic moti
vations to contribute (Shah 2006, Coelho et al. 2018). 
Incentives should align with core members’ motiva
tions (e.g., recognition, reciprocity, fun, and altruism), 
such as acknowledgment or symbolic rewards for their 
contributions (Gallus 2017). Given that spillovers can 
be difficult to foresee, we advise gradual implementa
tion, starting from smaller and less important projects, 
to allow potential externalities to surface and for 
policies to adjust. More broadly, incentive policies for 
specific contributor groups or contributions should 
evaluate possible externalities holistically.

Our study highlights the learning-by-contributing 
effect in fostering online contributions. This is espe
cially important for large projects such as Python, 
where few members master every aspect of the project 
and members often rely on making contributions to 
learn. Our findings suggest that prioritizing the speed 
of completing tasks over learning opportunities may 
not be optimal for the community. Coincidentally, 
Python maintainers sometimes intentionally mark 
some bug reports as “easy issues” for less experienced 
contributors to address. It is worth noting that effi
ciency and learning need not be in conflict: we may 
increase community productivity without sacrificing 
learning opportunities by promoting communication 

and collaboration and by providing training and edu
cational opportunities (von Krogh et al. 2003).

8.2. Broader Managerial Relevance Beyond OSS
Although our findings on intergroup spillovers emerge 
from the OSS context, they point to a broader manage
rial challenge that may be relevant to other knowledge 
production systems: managing unintended spillovers 
associated with task delegation and labor substitution. 
Consider some examples:

8.2.1. Scientific Collaboration. In large research pro
jects, delegating seemingly routine tasks to research 
assistants or specialized technical staff can accelerate 
data production but risks depriving senior researchers 
of direct engagement with critical data, tools, and 
methods. Such direct engagement can be vital for 
developing nuanced understanding and tacit knowl
edge that fuel significant discoveries and cross-domain 
innovations (Cetina 1999, Latour et al. 2013). When 
core researchers lose direct learning opportunities, the 
field’s collective capacity to generate innovations can 
be impaired.

8.2.2. Education. The widespread adoption of auto
mated tutoring systems and outsourced teaching con
tent creation has the potential to scale access and 
efficiency, but it may reduce instructors’ involvement 
in designing materials and experimenting with teach
ing pedagogy. Such disengagement could degrade 
overall curriculum quality and erode long-term peda
gogical innovation (Létourneau et al. 2025).

8.2.3. AI and Automation. AI can now substitute a 
wide range of complex human knowledge work, yet 
short-term efficiency gains from AI may come at the 
cost of eroding humans’ learning of necessary skills, 
potentially affecting human capability and productiv
ity in derived or complementary tasks. Recent empiri
cal findings have a striking correspondence to this 
implication. For example, students relying on AI for 
writing or math perform worse in related non-AI- 
assisted tasks, in part because the use of AI can reduce 
brain connectivity (Kosmyna et al. 2025). Endoscopists 
using AI-assisted colonoscopy detect fewer adenomas 
in unaided procedures (Budzyń et al. 2025). Consul
tants using AI underperform when tasks fall outside 
AI’s frontier (Dell’Acqua et al. 2026).

These examples suggest that intergroup spillovers 
are not confined to OSS communities but represent a 
broader phenomenon in collaborative knowledge pro
duction systems where task complementarity and 
intertask learning are critical. Our research underscores 
the need to evaluate strategies that could lead to labor 
substitution—be they new incentives, outsourcing, or 
automation tools such as AI—not just for their 
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immediate effects on the targeted outputs, but for their 
broader, often-hidden impacts on other groups and 
activities.

8.3. Theoretical Implications and Conclusion
This study also offers several theoretical implications. 
First, our intergroup spillover findings imply that 
optimizing the outcomes of crowd contributions in 
crowdsourcing may not maximize the overall benefits. 
Crowdsourcing research has often conceptualized 
crowdsourcing as isolated tournaments (e.g., Ter
wiesch and Xu 2008, Chawla et al. 2019), focusing 
solely on optimizing crowd contributions. Intergroup 
spillovers suggest that the findings from the literature 
may not offer the “global optimum” in overall contri
butions. Specifically, we identify two types of external
ities, direct externalities due to strategic substitutions 
and indirect externalities due to task complementarity, 
as a basis for further research on maximizing the over
all benefits of crowdsourcing.

Second, our findings suggest that insights from other 
public goods contexts may not apply to OSS. For exam
ple, although studies on online Q&A platforms show a 
positive intertask spillover—where incentives increase 
nonincentivized contributions among recipients (Kuang 
et al. 2019, Wang et al. 2022)—we find that in OSS, the 
negative intergroup spillover (on core members) can 
ultimately reduce the overall nonincentivized contribu
tions. This qualitative difference in implications, along 
with limited research in this domain, underscores the 
need for further investigations into the unique incentive 
effects in OSS.

Third, this study provides the first empirical evi
dence that BBPs can influence nonsecurity outcomes, 
broadening the focus of existing research and calling for 
attention to BBPs’ unintended consequences when future 
research assesses their effectiveness. More broadly, our 
study extends the literature on the economies of learning 
by suggesting that scope and complementarity could be 
important for learning and that seeking external help 
may not benefit the learner. Future research should rigor
ously assess whether this result is general across other 
settings beyond crowdsourcing.

This study has several limitations. First, although we 
have employed multiple approaches, such as different 
control groups, different identification strategies, and a 
survey, to ensure that our findings are not driven by 
specific sampling strategies, differences between trea
ted and untreated maintainers may still exist, which 
may bias our estimations of the IBB’s impact. Second, 
although our theory implies that intergroup spillovers 
have general implications in settings characterized by 
division of labor and task complementarity, we can
not offer direct evidence in corporate settings. Future 
research may verify whether our insights hold in 
broader organizational contexts.

In conclusion, our study provides the first evidence 
showing that incentivizing crowd contributors can infl 
uence core members’ work outcomes. Our study high
lights the substitution between crowd and core member 
contributions and the core members’ intertask learning 
in driving their reduced contributions. We offer impor
tant implications for crowdsourcing research and prac
tice, the design of incentives for digital public goods, 
and discussions related to task delegation or labor 
substitution.
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Endnotes
1 We have privately informed Python maintainers of our findings. 
The IBB program for Python has ceased since September 2021 
(BusinessWire.com 2021).
2 We examine whether Python maintainers report bugs in broader 
areas than the bugs they fix by comparing the Herfindahl-Hirschman 
index (HHI) of their bug reports and bug fixing (in terms of related 
modules). We find that their reported bugs are significantly more 
diverse (HHI� 0.241) than the bugs they fix (HHI� 0.458, Diff� 0.458 
� 0.241� 0.217, p< 0.01). We test whether bug reporting facilitates 
enhancement reporting in Section 6.4.2.
3 The website is https://bugs.python.org, which migrated to GitHub 
issue trackers in 2022.
4 The email discussion regarding the IBB by Python maintainers 
suggests that maintainers were not aware of this program before 
November 2013. See https://tinyurl.com/yh5m8pjc (accessed Decem
ber 1, 2020). We corroborate this fact in Online Appendix A.5 using 
Google Search Index.
5 According to the Python developers’ guide, maintainers “represent 
the project and your fellow core developers whenever you discuss 
Python with anyone.” See https://devguide.python.org/core-team/ 
responsibilities (accessed March 1, 2023).
6 Java maintainers refer to maintainers of OpenJDK. Similar to CPy
thon, OpenJDK is the official open-source implementation of Java. 
The IBB does not include OpenJDK possibly because Oracle main
tains a commercial Java implementation, OracleJDK. The relation
ship between OpenJDK and OracleJDK resembles that between 
Linux and Red Hat Linux (Lerner and Tirole 2002). OracleJDK’s exis
tence might violate the IBB’s “Mind the Gap” criterion because Java 
has Oracle’s support. Our results remain robust after controlling for 
various OracleJDK influence measures (Online Appendix D).
7 Given the limited number of maintainers, we do not include all 
report quality measures for matching because Ripollone et al. (2020) 
recommend matching on a small vector of covariates to avoid heavy 
losses in sample size that would introduce more severe bias. Our 
results remain robust when matching on additional report quality 
measures (Online Appendix D).
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8 In trading off reducing skewness in data using variable transfor
mations and the potential bias arising from the transformation, we 
choose the transformation path because contribution skewness is a 
more salient issue in online contribution contexts (Wang et al. 2022). 
We follow the literature (e.g., Coles et al. 2022, Chen and Roth 2024) 
to show that our results are robust without transformation or when 
using nonlinear models.
9 The percentage change in y is calculated as β

ffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffi
1+ 1=y2

p
(Bellemare 

and Wichman 2020), where β represents the estimated coefficient, 
and y represents the sample mean.
10 There are fewer observations for quality outcomes than for quan
tity outcomes because quality outcomes are undefined in months 
when a maintainer did not contribute. Maintainer activity levels are 
comparable to other OSS projects such as Linux.
11 A description of the Python buildbot is available at https://www. 
python.org/dev/buildbot/ (accessed September 1, 2023).
12 Interestingly, buildbot and crowd bug reports impact maintai
ners’ bug reporting differently. Buildbot prompts errors without 
directly generating bug reports, requiring Python maintainers to 
investigate the causes and compose bug reports themselves. By con
trast, peripheral contributors directly contribute bug reports and 
often directly advise on the causes.
13 The estimation is the treatment effect conditional on maintainers 
clearly expressing interest (i.e., inclusion in the nosy lists). As the nosy 
list information in the OpenJDK issue tracker is not public, in our esti
mation, we assume that Java maintainers are still interested in Java and 
thus include all Java maintainer-month observations in the sample.
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