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Open Source Software (OSS) projects are no longer only developed by volunteers. Instead, many organizations,
from early-stage startups to large global enterprises, actively participate in many well-known projects. The
survival and success of OSS projects rely on long-term contributors, who have extensive experience and
knowledge. While prior literature has explored volunteer turnover in OSS, there is a paucity of research
on company turnover in OSS ecosystems. Given the intensive involvement of companies in OSS and the
different nature of corporate contributors vis-a-vis volunteers, it is important to investigate company turnover
in OSS projects. This study first explores the prevalence and characteristics of companies that discontinue
contributing to OSS projects, and then develops models to predict companies’ turnover. Based on a study
of the Linux kernel, we analyze the early-stage behavior of 1,322 companies that have contributed to the
project. We find that approximately 12% of companies discontinue contributing each year; one-sixth of those
used to be core contributing companies (those that ranked in the top 20% by commit volume). Furthermore,
withdrawing companies tend to have a lower intensity and scope of contributions, make primarily perfective
changes, collaborate less, and operate on a smaller scale. We propose a Temporal Convolutional Network
(TCN) deep learning model based on these indicators to predict whether companies will discontinue. The
evaluation results show that the model achieves an AUC metric of .76 and an accuracy of .71. We evaluated
the model in two other OSS projects, Rust and OpenStack, and the performance remains stable.
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1 Introduction
Open source software (OSS) has been the cornerstone of our digital world. Sonatype’s 2023 report
[26] shows that 96% of commercial software now contains OSS, making up 77% of the codebase.
Unsurprisingly, companies increasingly contribute to OSS projects and play critical roles [28, 73].
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For example, in 2023, companies played a significant role in the Linux kernel development, and
were responsible for approximately 70% of total commit activities [74]. Such intense contribution
level feeds into the success of OSS projects [86], and as projects become increasingly dependent on
corporate participation, it is important that companies become long-term contributors (LTC).

However, companies may face challenges when engaging with OSS projects [35, 65, 86], such as
having to adhere to standards and processes while making contributions, getting contributions
accepted, and finding fruitful collaborations with others within the OSS project ecosystem that may
comprise many other companies. Despite the important role of companies in the development of
many OSS projects, these difficulties can ultimately contribute to their decision to stop contributing
[82]. Given the critical role of OSS in society, it is important to understand the dynamics of what
drives companies to continue and become LTCs, or what stops them from contributing. Because
it takes great effort for developers to get involved in OSS and become experienced [70]. Further,
companies usually assign a group of developers to OSS projects [86], and losing them will bring
more serious consequences, such as abandoned code blocks and knowledge loss. Intervention
efforts can be more successful when attention is directed to initial contribution experiences [46, 89].
Thus, understanding the triggers for companies’ withdrawal based on their early participation
would facilitate the success of OSS projects by assisting timely retain corporate contributors, or
look ahead at what might happen when a specific company withdrawal and be ready to handle it.
Prior research on corporate participation in OSS has explored why corporations join OSS com-

munities [8, 14, 30, 63], their business strategies [17, 18, 86, 92], collaboration dynamics [22, 31],
and the impact of company engagement on OSS development [75, 85, 87, 92]. We are aware of
only one study that has considered company discontinuation [82]; however, what characterizes
those companies that discontinue their contributions to OSS projects and their turnover prediction
approaches are as of yet lacking. Turnover and retention have been studied at the level of individual
developers [37, 51, 68, 79]; these studies highlight the challenges in maintaining a stable developer
base in OSS. Researchers have explored the relationship between developers’ initial behaviors
and their long-term participation [90] and the success of OSS projects [78]. To our knowledge, no
studies have explored the initial behavior of companies that stopped their contributions, despite
the major role that companies play in OSS development today. This study bridges this gap by
comparing the characteristics of those companies that have become long-term contributors and
those that have withdrawn, based on their participation behavior. We propose a prediction model to
forecast companies’ departure. Of course, not all companies seek to become long-term contributors
to the projects they have contributed to. This study mainly focuses on the sustainable development
of OSS projects, and attempts to provide insights that can help OSS communities better deal with
the potential losses associated with a company’s withdrawal.

We begin this study by identifying the prevalence of companies that discontinue contributing to
OSS projects. To focus our analysis, we first concentrated on one specific OSS project: the Linux
kernel. As one of the most prominent and long-standing OSS projects, with contributions from
hundreds of companies, it provides a strong case for exploring company turnover in depth. To
understand the scale of corporate turnover, we first ask:

Research Question 1: What is the prevalence of companies that discontinue contributing to the Linux
kernel?

We then seek to understand whether we can distinguish those companies that discontinue con-
tributing from those that remain active, with an aim to identify indicators of “early contribution
behavior.” Hence, we ask:

Research Question 2: How do companies that discontinue contributions differ from those that continue
in terms of early-stage contributions?
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Finally, we explore whether these indicators can help us predict corporate turnover; the ability to
do so would allow for early interventions to ensure the continuity and maintain the health of OSS
communities. We ask:

Research Question 3: Can we automatically predict which company will stop contributing based on
early behavior?
This paper makes four contributions to the literature on corporate participation in OSS projects.

First, this study contributes a comprehensive activity analysis of corporate activity in the Linux
kernel. We collected and analyzed data about 1,322 companies that had at least three months of
involvement during a period of 18 years, from January 2005 to November 2023. We found that, on
average, 12% of companies involved in the Linux kernel discontinued their contributions each year.
One in six of these withdrawing companies used to play core roles in terms of their contributions.

Second, this paper presents a novel and multidimensional participation measurement framework.
The framework consists of seven constructs (using nine indicators) for measuring the impact of
various factors on companies’ continued contributions to OSS projects. We used this framework to
develop a series of hypotheses to test differences between companies that remained active and those
that discontinued contributing. We find that companies that cease contributing to the Linux kernel
project initially demonstrate a lower contribution intensity and smaller scope, with a preference
for perfective tasks over implementing features or fixing bugs. These companies also engage less
in collaborations and are generally smaller in scale.

A third contribution is a Temporal Convolutional Network (TCN)-based deep learning model for
effective forecasting of future corporate contributions based on their initial contribution behavior.
We formulated a series of models based on nine widely used classification techniques; the evaluation
results show that the TCN-based model achieved the most promising performance with an AUC
of 0.76. To further validate the robustness and generalizability of this model, we extended the
analysis to two other large and popular OSS projects: OpenStack and Rust. The model demonstrated
consistently promising performance across these projects, highlighting its potential use in predicting
corporate long-term participation in OSS projects. These results allow OSS communities to engage
with companies earlier in an attempt to retain these companies or prepare for their leaving.

Finally, this paper provides several strategic insights for open source sustainability: practical
implications to help OSS communities grow companies into long-term contributors and future
research avenues to gain a more in-depth understanding of companies’ long-term involvement.
The rest of this paper is organized as follows: Section 2 describes related work on commercial

participation in OSS and developer turnover. Section 3 elaborates on the method we used. Section 4
covers the results of this study. Section 5 discusses the implications for both practice and research.
We analyze threats to the validity of our reported findings in Section 6 and conclude this study
with a summary in Section 7.

2 Related Work
This section reviews literature along two main themes. First, we review studies of how companies
engage in OSS ecosystems, often by assigning employees to contribute code, which overlaps with
individual developer participation. Thus, the second theme is research related to developer turnover,
to learn possible dimensions to predict.

2.1 Corporate Participation in Open Source Projects
Driven by increasing corporate participation in OSS projects, researchers have focused on four
aspects of corporate engagement: motivations, business strategies, contribution patterns, and
impacts on OSS projects.
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Early research highlighted that companies’ motivations stemmed from fostering innovation,
reducing costs, and other various drivers [8, 11, 23, 32, 63]. For example, Wang et al. [76] identified
social and technological incentives to play a role, while Henkel et al. observed that economic
motivations are the primary drivers for such participation [32]. Recently, Guizani et al. [29] have
categorized OSS participation motivations into four distinct levels: Founders’ Vision, Reputation,
Business Advantage, and Reciprocity. Further, research has focused on business strategies for
commercial OSS involvement that extend to understanding how companies engage with and benefit
from OSS. Zhou et al. [92] examined three projects producing identical software, categorizing
company participation into three models: hosting, supporting, and collaborating.
Beyond studying companies at the individual level, prior research also considered the role of

collaborations in driving innovation and shaping participation. For instance, Linåker et al. [45] noted
that collaboration patterns among companies could drive innovation and reduce time-to-market in
the Apache Hadoop ecosystem. Furthermore, Zhang et al. [87] analyzed project characteristics to
outline corporate collaborations and participation in extensive OSS ecosystems. Another strand of
research focused on the impact of corporate involvement in OSS projects, revealing both positive
and negative effects. For example, Valiev et al. [75] studied the PyPI ecosystem, and concluded
that corporate contributions significantly bolster project sustainability. In contrast, Zhang et al.
[82] observed that divergent roadmaps between companies and the OpenStack OSS project led to
companies discontinuing their contributions.More recently, Newton et al. [55] highlighted corporate
involvement may constrain a project’s contributor base, but subsidizing OSS development can
increase project accessibility and openness.

We noticed one study [82] has begun to consider the reasons behind company withdrawal. Zhang
et al. [82] conducted an empirical study of OpenStack and observed an increase in the number
of companies discontinuing their involvement over time. This study identified eight reasons for
company withdrawal by surveying core developers from these companies. To the best of our
knowledge, no study has yet attempted to predict company retention or withdrawal in their
initial participation. From the perspective of project health and sustainable evolution, the sudden
departure of companies can pose negative impacts. Accurately predicting companies’ withdrawal
based on their early participation behaviors can give project maintainers more time to mitigate
the subsequent negative impacts, e.g., code files lose their original maintenance, thereby aiding in
the project’s sustainability. Therefore, we aim to predict company turnover from an early-stage
perspective.

2.2 Turnover of Developers in Open Source Projects
There are extensive previous studies primarily concentrating on the reasons for and impacts of
individual developer turnover within these projects. The causes of turnover are multifaceted,
and influenced by both external and internal factors. External factors relate to elements outside
the developer’s control, often involving broader organizational or environmental conditions. For
example, regulatory gaps and insufficient incentives are common external factors that lead to
volunteer dissatisfaction, prompting developers to discontinue their participation [79]. Similarly,
the reputation of the organization plays a role in turnover, as developers may be influenced by
how they perceive the organization’s external standing [35]. Lastly, social dynamics play a role
in retention, Respectfulness in discussions is linked to higher turnover rates, while discussions
focused on social power dynamics help improve retention [37].
On the other hand, internal factors are more personal to the developers themselves and their

experiences within the OSS ecosystem. For instance, Schilling et al. [68] found developer experience
and conversational knowledge critical for retention, applying traditional recruitment concepts
(Person-Job and Person-Team fit) to OSS projects. Miller et al. [51] observed long-time contributors
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leave for various reasons, often due to significant life transitions. Schaarschmidt et al. [67] suggest
that the company-employed developers’ turnover intention is lowest, when there is a high level of
congruence between company and community identification.

Research has also addressed the impact of turnover, revealing key consequences. One prominent
issue is knowledge loss [36], when experienced developers leave, taking with them valuable
expertise. Foucault et al. [25], analyzing five OSS projects, outlined external and internal turnover
concepts, noting external newcomers’ activities can deteriorate software quality. Rigby et al. [61]
applied financial risk analysis techniques to gauge projects’ vulnerability to developer turnover,
aiding in risk assessment for potential departures. Technical and social growth in the OSS ecosystem
coincides with higher rates of contributor and project abandonment [13].

Finally, considering that our work focuses on making predictions from an early stage, there were
two studies concerning developers’ early participatory behaviors and initial stages of OSS projects
can also lay a foundational basis for our framework: Firstly, Zhou and Mockus [90] emphasized
the significance of new participants’ initial behaviors and experiences, creating measures for
involvement (covering both ability andwillingness) and the environment. Regarding the significance
of early project activities on its sustainability, Xiao et al. [78] found that during the initial stages of
project creation, initial participants with prior OSS experience and focused, steady commitment
positively influence future project activities. Although studies focusing on individual developer
turnover cannot cover company retention in projects, their proposed dimensions can be reused,
because paid developers present company participation.

3 Method
We outline our approach in this section, including project selection (Sec. 3.1), dataset preparation
(Sec. 3.2), ‘early’ participation definition (Sec. 3.3), and hypothesis development (Sec. 3.4).

3.1 Project Selection
Our study aims to explore company turnover in OSS projects. We selected the Linux kernel
ecosystem as our primary case study because it is one of the oldest, most well-known OSS projects
with significant corporate involvement over a long time. Initiated by Linus Torvalds in 1991, the
Linux kernel has become a critical infrastructure and has attracted the involvement of hundreds of
companies over the past decades [64]. It accommodates an extensive range of processor architectures,
both 32-bit and 64-bit [49], fostering a vast and varied community. By early 2024, it received 1.18
million commits from nearly 39,030 contributors [47]. An annual Linux kernel development report
highlighted the involvement of over 1,400 companies [72], underscoring its widespread popularity
and use in commercial applications. The intense commercial participation offers an opportunity to
explore a rich set of characteristics of companies’ early behaviors and long-term contributions.
We also chose other two OSS projects, i.e., OpenStack and Rust, to test the effectiveness of the

extracted characteristics from the Linux kernel. We chose these two projects for their importance
and impact in distinct domains, namely cloud computing and programming languages. OpenStack,
launched in 2010, has been predominantly shaped by corporate contributions [86], with hundreds
of companies involved across over 1,000 repositories. Rust [71], which started as a personal project,
has grown into a widely loved programming language, now managed by the Rust Foundation, with
major tech companies such as Google, Microsoft, and Amazon as key contributors.

3.2 Data Preparation
We accessed all commit data of the Linux kernel up to November 22, 2023, via GitHub’s REST API
[27], totaling 1,145,070 commits from 27,863 developers. The issue of developers having multiple
identities has been extensively recognized in commit history analysis [2, 6, 83, 86]. To address this,
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we applied a widely used method [93], which augments the developer’s name and email address
and has been reported to achieve high accuracy with a precision close to 100%, to merge developers’
identities. This process merged 2,837 identities, resulting in 25,026 distinct developers.

3.2.1 Affiliation Identification. To analyze companies’ participation in the Linux kernel project, it
is essential to ascertain the affiliation of each developer, specifically whether a specific company
employs them. However, accurately determining a developer’s affiliations is challenging because
of the absence of resume information in the development history data [83, 86]. We decided to
follow a practical and widely used method [83, 92]: determining each developer’s affiliation at the
moment of their contributions to the Linux kernel by analyzing the domain of their email addresses.
Specifically, we implemented the method via four steps, which will be introduced as follows.
(1) Gather all possible organizations. After an initial investigation, we found the Linux

Foundation maintains an official organization list [48], which contains 4,436 organizations that
have contributed to (not limited to code) the Linux kernel. However, this list is rough and needs
additional filtering for three reasons: First, it listed multiple entries for single entities, attributed to
capitalization differences or misspellings, such as “Amd”, “amd”, and “amd.com”; Second, it displayed
inconsistent naming, with some reflecting formal business identities like “NVIDIA Corporation”,
and others as domains like “fr24.com”; Third, it covered a variety of organization types, for example,
educational institutions like “bond.edu.au” and volunteer groups represented by public email
domains like “gmail.com”, whereas our research specifically targets corporate entities.

Before applying the organization list, we address the first two issues by manually cleaning each
organization’s name, including converting it to lowercase and removing entity types and suffixes.
This included common legal entity types, such as “inc.”, “corporation”, “ltd”, and typical internet
domain suffixes like “.com”, “.org”, “.net”. For instance, we transformed “Red Hat, Inc.” into “redhat”.
After completing this step, we had a list of 4,312 organization names, which were then paired
with developers’ email domains from the commit records. If a developer’s email ends with an
organization domain, such as “@redhat.com”, we attribute their affiliation to the corresponding
organization name (e.g., “redhat”). We identified 1,924 organizational affiliations in the commit
records of the Linux kernel.

(2) Filter free email providers. The 1,924 organizational affiliations may still include some fake
’organization’ types brought by the third issue of the official organization list, such as ‘gmail.com’,
which are beyond our corporate focus. Following prior work [82, 87], we used a public domain list
of free email providers, which is maintained on GitHub [38], to distinguish corporate participants.
Specifically, we labeled developers, whose emails can be found in the public free domain list, as
‘volunteer’. After filtering, we still have 1,649 companies pending further verification.

(3) Company verification. To validate that the 1,649 company names are true organizations,
we utilized CrunchBase [16], which has been widely used in economics research [19, 81] and hosts
detailed profiles of companies, including their founding dates, funding history, key personnel,
and industry classifications. We collected company information via CrunchBase’s REST API and
retrieved each of the 1,649 company names. Company names that could not be accurately matched
were deemed less likely to be business entities. Therefore, we omitted these company names from
our study. Through this verification, we confirmed the existence of 1,469 distinct companies that
assigned 12,305 paid developers to the Linux kernel project.
(4) Attributing contributions. Developers employed by companies may submit commits

using their public email addresses. Therefore, we calculated the exact start and end times for each
developer’s usage of a specific email associated with an organizational domain. The approximate
time frame of a developer using the same email is recorded in the ‘author_date’ field of its contributed
commits. Whether commits submitted via the public email are credited to the company depends
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on the contribution time. If the contribution time falls within the period of using the company
email, those commits are attributed to the company; otherwise, they are credited to “volunteer.” For
example, if a developer contributed 20 commits with a ‘@gmail.com’ account from March to May
2024, while also using an AMD email account (e.g., @amd.com) to submit commits from January to
December of the same year, then those 20 commits would be attributed to the AMDCorporation. We
find that the cross-use of company and public email is rare in our dataset. Specifically, approximately
4.0% of developers use both their corporate and public emails during the same period, with 5.6% of
commits being attributed to the corresponding companies in the Linux kernel. Similarly, when the
same developer switches companies, we attribute these contributions to different companies based
on the email domains recorded in the commits.
We applied the same approach to collect and clean historical commit data for OpenStack and

Rust, which are used to validate the findings and prediction model drawn from the Linux kernel.
Specifically, for OpenStack, we selected its two most important repositories, i.e., swift and nova [57].
This dataset comprises a total of 39,175 commits from May 30, 2010, to May 21, 2024. We identified
192 companies employing 1,285 paid developers. For Rust, we collected 162,627 commits from June
23, 2010, to June 29, 2024, contributed by 94 companies. To validate the accuracy of this approach,
we randomly selected 50 developers from each of the three projects: the Linux kernel, OpenStack,
and Rust. Following [83], we manually verified developers’ company affiliations by reviewing
publicly available profiles, such as LinkedIn, GitHub, and personal websites. The accuracy of this
verification process was found to be 86.8%, 90.6%, and 86.3% for the three projects, respectively.
These accuracies are comparable to the validated results reported in [83], which directly asked
developers for confirmation. More details about the manual validation process can be found in the
online appendix [3].

3.2.2 Identifying Companies that Discontinued Participation. Prior studies identified individual
developer abandonment by considering a defined period without contributions, for example, de-
velopers who did not contribute for 180 days were supposed to have left [25, 44]. Commercial
participation in OSS can change based on their business goals, domain, and development rhythms
[82, 86], and companies usually assign more than one developer to make contributions. So applying
a uniform threshold to identify departure would risk overlooking the unique operational dynamics
and contribution patterns inherent to different companies.

In this study, we followed the measurement of Zhang et al. [82] that empirically studies company
turnover in OpenStack, and looked at the contribution interval pattern for each company, namely,
how long a typical break lasts between contributions for a given company, to determine if they ceased
contributing. If a company has not contributed for a period longer than the longest contribution
break (up to the last date we have data for), we consider that it discontinued contributing. This
method provides a more tailored assessment of company engagement, rather than taking a one-
size-fits-all approach [25, 44] that may be imprecise, because companies may work at different
paces. As a result, the longest contribution breaks of the 1,469 companies in the Linux kernel range
from 0 to 5,732 days, with a median interval of 360 days. It demonstrates the variety of companies’
development rhythms. Among the 1,469 companies in the Linux kernel, we used their longest
historical contribution intervals as a threshold and identified 629 discontinued companies. For
companies that only contributed once, since no historical intervals were available, we followed
Zhang et al.’s [82] method, using the median of other companies’ longest historical contribution
intervals (e.g., 360 days in the Linux kernel) as the threshold. Specifically, if a one-time company’s
last commit occurred more than 360 days before the data collection cutoff date, we classified it as
“withdrawn”.
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3.3 Early Participation
A central hypothesis in this study is that we can predict companies’ discontinuation based on their
‘early-stage’ participation. Determining an appropriate observation window for companies’ initial
participation is necessary. Zhou and Mockus [91] model individual developers’ initial behavior in
their first month of joining an OSS project to predict who will become long-term contributors. Xiao
et al. [78] measure early participation using development activities from the first one, three, and five
months, respectively. They found that a developer’s engagement during the initial three months
is more crucial for predicting the sustainability of OSS projects. Given the possible differences
between companies and individual developers, we analyzed the monthly contribution of each
company in the Linux kernel within their initial six months. The results show that companies
averagely have commit activities over the span of three months, which is in line with Xiao et
al. [78]. Thus, we designated the three months following a company’s first contribution as the
time frame that constitutes ‘early-stage’ participation. Considering the three-month window’s
limitation for companies joining close to our dataset’s cutoff date (22 November 2023), we excluded
companies whose first contribution was on, or after, 22 August 2023. Thus, our final dataset contains
contributions from 1,322 companies, 620 of which did not continue to contribute.

Table 1. Dimensions to characterize contribution behavior of companies

Dimension Construct Variable Data
type

Explanation

Willingness
and Capacity

Contribution
Intensity

#Commits discrete The number of commits made to the
project.

#LoCs discrete The amount of code lines modified.
#Developers discrete The number of developers from the

company who are contributing.
Contribution
Scope

#Module discrete The number of different modules the
company has contributed to.

Contribution
Type

Type nominal The type of the company’s
contributions, whether they are for
new features (adaptive), improvements
(perfective), or bug fixes (corrective).

Collaborative
Environment

Scope of Collab-
oration

Degree centrality continuous A measure of a node’s centrality in a
social network.

Dominance Is_influenced boolean Whether the company has
participated in a module where
dominance exists.

Company
Attributes

Business Do-
main

Domain nominal The primary domain or field of the
company.

Company Size Employee size
range

ordinal The size of the company, typically
measured by the number of
employees.

3.4 Hypothesis Development
To conduct a thorough comparison between companies that discontinue contributing and those that
do, we draw on prior literature [7, 33, 90] to determine which dimensions to consider and develop
a comparison framework (see Table 1). Specifically, we defined a first dimension called ‘Willingness
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and Capacity’ to capture the motivational and capability aspects [7, 90] of corporate contributions.
The second dimension is ‘Collaborative Environment’ which seeks to capture interaction within
an open source project’s ecosystem [90]. Finally, recognizing the potential impact of a company’s
specific traits [82] on early participation in an open source ecosystem, we defined a third dimension
‘CompanyAttributes’ that captures the characteristics of the company. To answer RQ2, we developed
seven hypotheses based on the framework above.

3.4.1 Willingness and Capacity. Willingness refers to the forces that motivate companies to engage
and continuously contribute, such as strategic business goals [53]. Capacity refers to the internal
resources and technical expertise that make effective participation feasible. In OSS projects, it is the
developers’ willingness that ultimately converts their capabilities into meaningful contributions
[90]. We combined willingness and capacity into one dimension, aiming to comprehend companies’
early participation through their strategic interests, and outward contributions. To measure this
dimension, drawing on insights from previous research [82], we focused on three specific con-
structs: Contribution Intensity, Contribution Scope, and Contribution Type. These were selected to
collectively measure a company’s level of involvement in OSS projects comprehensively.
Contribution Intensity: Given that integrating code changes into an OSS repository can be an

exhaustive and time-intensive task for contributors [60], we used the number of commits to reflect
the frequency of contributions and the modified lines of code [83] as indicators of the workload
of each contribution. We used the number of participating developers as an indicator of the level
of resources allocated. Together, these three indicators reflect a company’s contribution intensity.
Using these measurements, we propose the following hypothesis:

Hypothesis 1: Compared to companies that continue to contribute, companies that
discontinued their contributions exhibit lower contribution intensity.

We measured the early engagement during the first three months using the median of each
month’s three metrics. The median [80] is less influenced by extreme variations than the mean,
and reflects a central tendency, providing a consistent representation of a company’s average
activity level during that period, ensuring that the overall participation assessment is not skewed
by anomalous monthly activities.
Contribution Scope: A company’s focus on OSS projects potentially enhances its technical

learning and integration within the open source ecosystem. Conversely, companies contributing to
fewer modules might have a narrower impact or a more targeted engagement approach, possibly
leading to reduced participation. Thus, we propose:

Hypothesis 2: Companies that discontinued contributions tend to have a more re-
stricted scope of contribution than companies that continued to contribute.

To assess the scope of a company’s contribution, we used the median number of modules
contributed to the Linux kernel over the first three months of a company’s engagement. Given that
the Linux kernel does not have officially defined modules, and commit logs do not explicitly state
the module to which a commit belongs, we devised an approach based on the file path recorded in
the commit log. Drawing from methods observed in the analysis of the Linux kernel architecture
[9], where directory paths are crucial for organizing and identifying subsystems, we defined a
module as the first directory in the file path. This approach is also similar to the analysis of the
open source project’s components by examining directory structures [12]. For example, if a commit
involved modifications to “arch/arm/mach-s3c6410/mach-smdk6410.c”, the corresponding module
would be identified as “arch”.

Contribution Type: This variable reveals the nature of companies’ contributions, showcasing their
technical capabilities and support strategies for open source project development. Contributions
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can be aimed at developing new features, improving existing functionalities, or bug fixing [69], and
the type of contributions may indicate a company’s strategic engagement. Companies participating
in open source projects typically have specific objectives to serve their business, such as integrating
OSS components into their products. This frequently involves allocating paid developers to essential
tasks that align with the company’s strategic goals and product roadmap, indicating a targeted
approach to their open source contributions [86]. Companies that eventually cease contributions
may exhibit a pattern of short-term or non-strategic engagements, such as bug fixing, rather than
ongoing development of novel features. Thus, we propose:

Hypothesis 3: Companies that discontinued contributions are more likely to engage in
corrective or perfective maintenance rather than adaptive maintenance for new feature
development.

We determined a company’s contribution type during the initial three-month period by identify-
ing the most frequent type of commits they made. To categorize commits, given the absence of
direct classification within commit messages, we used a classifier developed by Sarwar et al. [66] to
classify commits into distinct types. This classifier relies on commit messages as its input, employing
a bi-directional neural network that has been carefully adjusted to identify the subtle linguistic
nuances characteristic of software development communication. It then classifies each commit
into one of three traditional types [69]: Corrective (fixing bugs and faults), Perfective (improving
existing functionalities), or Adaptive (implementing new features), reported with a high level of
precision with an F1-score of 87%. We validated the performance of the classification model by
randomly selecting 100 commits from each of the three projects (Linux kernel, OpenStack, and Rust)
and manually labeling based on commit messages and diffs. The results show that 72%, 74%, and
75% of the commits in the respective projects are given the same labels from both the classification
model and the manual validation. The high consistency can demonstrate the availability of the
classification model we selected. More details about the manual validation process can be found in
the online appendix [3].

3.4.2 Collaborative Environment. This dimension focuses on the extent and nature of a company’s
interactions within open source projects. It involves two constructs: Degree centrality evaluates
the company’s central role in the project’s social network (ecosystem), indicating its influence and
connectivity. Dominance is determined by whether the company has contributed to modules where
dominance by one company can be observed. These concepts together provide insight into how
actively and influential a company participates in the collaborative ecosystem of OSS projects and
how open the collaboration environment is.
Scope of Collaboration: The environment significantly impacts the likelihood of individual

participants becoming long-term contributors in OSS projects [90]. For companies involved in
open source projects, engagement in intentional and passive collaborations is crucial. A company’s
position within the collaboration network positively correlates with its productivity in OSS projects
[87]. The perceived value of the community, alignment of individual and community values, and
the influence of coworker interactions play pivotal roles in driving participation motivation [41, 88].
Therefore, we propose:

Hypothesis 4: Companies that discontinued contributing exhibit a lower level of
collaboration than companies that continued contributing.

We constructed an early-stage collaboration network between companies using the NetworkX
library for Python [20]. Each node in this network represents a distinct company, identified by the
company’s name. Given that the commit log records the file path of every commit modification, an
edge is created from one company node to another if the first company has made contributions
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involving a file path that has also been contributed to by the second company within a specified
timeframe (three months following the initial contribution). Through this approach, we employed
degree centrality [21, 58, 77] to measure the extent of a company’s collaboration, thereby revealing
the extent of their engagement and their roles within the collaborative network of the open source
ecosystem.
Dominance: In the realm of open source projects, a phenomenon of dominance by certain

companies within repositories is observable; for example, within the OpenStack ecosystem, a single
company’s dominance can extend up to 70% within some repositories [84]. The presence of a
dominating contributing company can deter other companies from participating [84, 85]. Thus, we
posit:

Hypothesis 5: Companies that discontinued their contributions are more likely to have
been influenced by dominance than companies that continued their contributions.

As companies may contribute to multiple modules in the initial three months, we focused on
identifying the module to which each company contributed the most during this period as their
representative module.
We determined whether dominance existed for each company’s representative module during

the initial three-month phase of their involvement in OSS projects. Specifically, we adopted a
method proposed by Zhang et al. [84] to determine the existence of dominance. We calculated
the Contribution Amount (CA) for the top two companies with the highest commit counts to this
module. Dominance is defined based on the disparity in their contribution rates, as follows [84]:

Dominance = 0.5 × (1 − (𝐶𝐴2
1 −𝐶𝐴2

2)),
where 𝐶𝐴1 and 𝐶𝐴2 represent the contribution rates of the top two companies, respectively. A
module is considered to exhibit dominance if:

𝐶𝐴2
1 > Dominance.

The results of these calculations were used to update the dominance status in the dataset. For
each company, the is_influenced attribute was set to true if dominance was observed, and false
otherwise. This adjustment allows the dataset to accurately reflect the influence dynamics of
company contributions in the early stages of open source projects.

3.4.3 Company Attributes. In exploring the Inherent Attributes dimension, we aimed to uncover
the influence of companies’ internal characteristics on their initial involvement in open source
projects. Within this framework, we focused on two variables: business domain and size. These
elements shed light on the core attributes that can guide a company’s approach to engaging with
OSS communities.
Business Domain: The business domain reflects the primary industry or sector a company

operates within. Jullien et al. proposed (but did not test) that the extent to which a company invests
in an OSS project depends on the role of that asset in the company’s business, and that if it is no
longer perceived to be of value, a company will stop investing [39]. Companies tend to contribute
more effectively to projects aligned with their core expertise, utilizing their specialized knowledge
to foster innovations that complement their business objectives [86]. We argue that companies
with business domains closely aligned to the technical nature and goals of the Linux Kernel would
exhibit more sustained and significant contributions, reflecting a strong willingness and capacity
for engagement. Conversely, companies from less relevant or less technically intensive domains
might show a lower propensity for long-term contribution, potentially leading to withdrawal from
the project. Thus, we propose:
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Hypothesis 6: Companies that discontinued contributing are likely to have a less
technical domain than companies that continued contributing.

In our endeavor to accurately determine each company’s domain, we initially analyzed the
“industries” information from CrunchBase records, revealing 507 unique industry sectors from
diverse fields such as “Automotive” to “Food and Beverage.” Acknowledging the complexity of
companies operating in multiple sectors, we employed ChatGPT-4 [56], known for its broader
general knowledge and problem-solving abilities, to perform an initial classification into sixteen
broad categories. To further enhance clarity and simplify our analysis, we consolidated these into
five primary categories: Software and Digital Innovation, Hardware and Manufacturing, Services,
Energy and Environment, and Others. This concise categorization framework allowed us to assign a
representative domain to each company, based on the most prevalent category within its industries.
Company Size: An organization’s size is a key factor in its ability to sustain contributions

to complex OSS projects [82]. Specifically, smaller companies may initiate participation in OSS
initiatives but could find their scale limiting in continuing long-term engagements, especially in
demanding projects like the Linux kernel. Based on this premise, we proposed:

Hypothesis 7: Companies that discontinued contributing are likely smaller in size
than companies that continued contributing.

In defining the Company Size construct, we conducted an analysis based on employee data
sourced from CrunchBase, which provides only the range of companies’ employee counts. Following
previous studies [5, 82], we manually defined five size categories: 1-10, 11-500, 501-5,000, 5,001-
10,000, and 10,001+ employees.

To provide a clear overview of our analytical framework and the predictive metrics under
investigation, we summarized all dimensions, constructs, and the corresponding nine variables
along with their detailed interpretation in Table 1. Data and analysis scripts for this study are
available in a replication package [3].

4 Results
4.1 RQ1: Prevalence of Companies Discontinuing Contributions
The first research question explores the prevalence of companies discontinuing their contributions
to the Linux kernel project. We answer this question by analyzing the number of companies that
discontinue their contribution each year and the importance of these companies. Figure 1 shows the
participation trends of two types of companies in the Linux kernel, where: (1) blue bars represent
the number of companies that contributed at least one commit in a given year; (2) orange bars
represent the number of companies that have discontinued their contributions to the Linux kernel
for a given year; (3) the red line shows the yearly ratio of companies that stopped contributing vs.
those that contributed. We observe that, on average, 302 companies contributed to the Linux Kernel
annually, exhibiting an upward trend from 2005 to 2016, with a peak of 361 companies in 2016. On
average, 35 companies discontinued contributing each year, with a peak of 64 companies in 2014.
While there is some fluctuation year by year, the numbers indicate a slight upward trend up to
2014, at which point the trend turned slightly downwards. The median discontinued-to-contributed
ratio is 12.4%, with a peak in 2014 reaching 18.6%. The ratio increased rapidly from 2005 to 2007,
then fluctuated and stabilized post-2014.

Figure 2 presents distributions of companies that discontinued contributions annually by volume
of contributions; Following existing classifications [15, 52, 78], we explore two groups: those that
rank in the top 20% of all companies by the total number of commits historically, up to the end of
the given year, and those in the lower 80%. Companies in the top 20% account for approximately
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Fig. 1. Turnover and retention of companies in the Linux kernel ecosystem (left y-axis) and annual ratio of
companies discontinued contributing: contributed (right y-axis)
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Fig. 2. Companies that discontinued contributing: Top 20% vs. Lower 80%

16% of the withdrawn companies each year. The median number of such companies annually is six,
peaking before 2016 and then stabilizing at an average of around ten. Companies outside the top
20% are indicated by those peripheral in discontinued companies. A median of 31 such companies
stopped contributing each year, with the most considerable fluctuation observed in, again, 2014,
when as many as 54 companies withdrew. Subsequently, these numbers stabilized to a lower count.

Summary for RQ1: Annually, on average 12% of companies involved in the Linux kernel
discontinue their contributions; 16% of these withdrawn companies were used to be the top 20%
contributors ranked by their total commits. The results highlight a significant portion of major
contributing companies choosing to discontinue their involvement each year.

4.2 RQ2: Characteristics of Companies that Discontinue Contributing
To address RQ2, we categorized companies into two distinct groups, based on whether they had
discontinued contributing. Considering the variety of variables involved, which include both
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Table 2. Summary of statistical analysis results.

Dimension Hypothesis / construct Variable Statistical Test Adjusted
p-value

Willingness
and Capacity

H1 Contribution intensity #Commits Mann-Whitney U 7.09𝑒−28
#LoCs Mann-Whitney U 1.26𝑒−27
#Developers Mann-Whitney U 3.92𝑒−31

H2 Contribution scope #Modules Mann-Whitney U 4.59𝑒−13
H3 Contribution type Type (adaptive, correc-

tive, perfective)
Chi-square 6.56𝑒−03

Collaborative
Environment

H4 Scope of collaboration Degree centrality Mann-Whitney U 3.64𝑒−5
H5 Dominance Is_influenced Mann-Whitney U 0.3481

Company
Attributes

H6 Business Domain Domain Chi-square 0.9146
H7 Company size Employee size range Chi-square 4.44𝑒−2

numerical (discrete and continuous) and categorical data (see Table 1), we used different statistical
non-parametric tests suitable for non-normal distributions [24]. Specifically, we used the Mann-
Whitney U test [54] for numerical variables and the Chi-square test [1] for categorical variables. To
reduce false discoveries because of multiple hypothesis testing, we adjusted all p-values using the
Benjamin-Hochberg correction method [4]. Table 2 presents the results.

4.2.1 Willingness and Capacity. We analyzed the two groups of companies using theMann-Whitney
U test [54] for Hypothesis 1 (Contribution Intensity, measured using three variables) and Hypothesis
2 (Contribution Scope). This analysis revealed statistically significant differences across all four
indicators (all p-values well below .05). We compared the median ranks [40] of the two groups in
the Mann-Whitney U test: The discontinued companies have median ranks of 373 for all the three
measures, i.e., ‘Number of developers’, ‘Lines of code’, and ‘Number of commits’, whereas continuing
companies show higher median ranks of 913.5, 856.5, and 1,013 for the same variables. This
underscores that the median values of contribution intensity metrics for continuing contributing
companies surpass those of companies that discontinued contributions. The ‘Number of modules’
variable shows the same median ranks at 478.5 for both groups. We explored the mean ranks to
gain additional insight, finding that continuing discontinued companies’ mean rank is 605.00 and
continuing contributing companies’ is 725.48. These results lend support to Hypotheses 1 and 2; in
comparison to companies that continued to contribute, companies that discontinued demonstrate a
lower contribution intensity and a more limited scope of contributions in the early stages.
To test Hypothesis 3 (Contribution Type), we used the Chi-square test [1], and the results

also showed significant differences between the two groups of companies (p-value < 0.05). We
examined the differences in contribution types between the two groups: among the companies that
continued to contribute, 48.7% of them contributed most to perfective tasks, 26.5% of them preferred
adaptive tasks, and 24.8% of themmade more corrective contributions. Companies that discontinued
contributing showed a more distinct skew towards perfective contributions at 58.2%, with these
companies making adaptive and corrective contributions at 20.6% and 21.1%, respectively. This
analysis reveals a preference for perfective tasks among all companies, and it also lends support to
Hypothesis 3, namely that companies that discontinued contributions appear to focus even more
on perfective tasks (58.2% vs. 48.7%).

4.2.2 Collaborative Environment. The second dimension captures two constructs: Scope of Col-
laboration and Dominance. We used the Mann-Whitney U test for testing degree centrality and
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is_influenced, respectively. The results highlighted significant differences (p-value=3.64𝑒−5) in
network centrality in the early stage between the two kinds of companies, with discontinued
companies having a median rank of 544.5, compared to a higher 761.5 for those that continued con-
tributions. This result lends support to Hypothesis 4, indicating that companies that discontinued
contributing exhibited a smaller scope of collaboration.

In contrast, the results don’t support Hypothesis 5. Contributing to a module that is dominated
(in terms of contributions) by a company shows no significant variance, suggesting similar initial
behavior in engaging with modules that are dominated regardless of whether companies continue
or not.

4.2.3 Company Attributes. We explored the characteristics of companies, focusing on their business
domain and size range using the Chi-square test. For the business domain, we observed no significant
difference (p-value≈ 0.91), thus rejecting Hypothesis 6. It indicates that the primary business domain
of a company does not appear to influence whether a company continues or ceases its contributions
significantly. The Chi-square test result for size highlighted a significant difference (p-value ≈ 0.04),
underscoring that the size of a company, as determined by its (approximate) employee count, plays
a role in determining its continued participation or withdrawal from the project. To substantiate
Hypothesis 7, we analyzed the distribution of companies across different size categories. We found
that companies that remained active are more frequently of larger size (501-5,000 and 10,001+
employees) compared to companies that discontinued, which are more prevalent in the smallest
size category (1-10 employees). Hence, the analysis lends support to Hypothesis 7, indicating that
companies that have discontinued their contributions tend to be smaller in size.

Summary for RQ2: Compared to companies that remained active, companies that discontinued
contributing have a lower intensity and smaller scope of contributions with a preference for
perfective contributions in the early stage of contributing. They tend to engage less in collab-
orative efforts within other companies and tend to be smaller-scale companies. There is no
significant difference between the two groups of companies in terms of Dominance and the
business domains in which they operate.

4.3 RQ3: Prediction Models of Companies Stopping Contributing
We build prediction models based on nine widely-used classification techniques, including tra-
ditional machine learning models such as Logistic Regression [50] and Random Forest [10] and
advanced deep learning models like Multilayer Perceptrons (MLPs) [59] and Long Short-Term
Memory Networks (LSTMs) [34]. To balance between interpretability and performance, we chose
not to use larger-scaled deep-learning models, which we leave as a future research avenue. We
conducted a comprehensive evaluation of these models using a ten-fold cross-validation approach
[42],1 which is widely recognized for its effectiveness in providing robust estimates of model
performance. We randomly divided the dataset, integrating the significant variables identified in
RQ2, into ten similarly sized subsets. Each iteration of the validation process trained the model
with nine subsets and tested it with one, ensuring each subset was tested once. This process was
repeated ten times, and we reported the average performance across all rounds, offering a thorough
evaluation of the predictive accuracy of each model.
We leverage two widely-used metrics, i.e., Area Under the ROC Curve (AUC) and Accuracy, as

the main metrics for their ability to evaluate model performance across all classification thresholds,

1Note that data leakage does not exist because each record contains one company’s features and records classified into
different folds do not have temporal relationships.
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enhancing the reliability of the predictive assessment. AUC effectively reflects the likelihood
that a model will rank a randomly chosen positive instance (meaning a company discontinuing
contributions to an OSS project in this study) higher than a negative one (i.e., a company continuing
contributions), even in datasets with imbalanced distributions. Accuracy measures the proportion
of correctly classified instances among all predictions.

To explore the generalizability of the significant variables we identified in the Linux kernel, we
validated our models in two other OSS projects, i.e., OpenStack and Rust. The details of collecting
and processing the datasets are in Sec. 3.2. Similar to our approach with the Linux kernel dataset,
we employed a ten-fold cross-validation technique, and the results are averaged to provide a
comprehensive assessment of model performance. Table 3 presents the performance of these
models.

Table 3. Model Performance on the Linux Kernel, OpenStack, and Rust Projects

The Linux kernel OpenStack Rust

Model AUC Accuracy AUC Accuracy AUC Accuracy

TCN 0.76 0.71 0.79 0.76 0.84 0.79
MLP 0.74 0.69 0.77 0.73 0.76 0.70
LSTM 0.72 0.68 0.75 0.70 0.71 0.65
Bi-LSTM 0.72 0.68 0.77 0.73 0.76 0.66
GRU 0.72 0.68 0.77 0.71 0.76 0.66
Logistic Regression 0.68 0.65 0.70 0.63 0.72 0.66
Random Forest 0.65 0.63 0.69 0.69 0.57 0.57
Gradient Boosting 0.69 0.66 0.68 0.69 0.60 0.63
CatBoost 0.66 0.64 0.64 0.66 0.56 0.55

The Temporal Convolutional Network (TCN) achieved the best performance when compared
with other models in all three OSS projects with an average AUC of 0.80 and an average accuracy
of 0.75. TCN is a deep learning architecture designed for sequential data analysis, featuring flexible
receptive fields and causal convolutional design, and is particularly well-suited for capturing
temporal dependencies accurately [43], making it highly effective for both classification and
prediction tasks. These characteristics likely contributed to the TCN model’s good performance in
this study, indicating its potential for broader application in predictive modeling scenarios.

The promising performance of these prediction models may be because companies that contribute
just once are easily identified correctly. To verify this conjecture, we excluded companies that
contributed only once within their first three months and re-ran these models with the remaining
data. The results show that the TCN model continues to perform the best and remains stable,
achieving an AUC of 0.78 and an ACC of 0.76. This suggests that the inclusion or exclusion of
one-time contributors has minimal impact on the overall performance of our model. More details
can be found in the online appendix [3].

Table 4 presents the precision, recall, and F1 scores of the TCN model in the Linux kernel project.
The Positive Class refers to companies that discontinue contributions, while the Negative Class
represents those that still make contributions to the Linux kernel. The precision of 0.74 and recall
of 0.82, point to promising aspects of the model’s performance. More work is to be done, such as
considering additional factors for improvement.
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Table 4. Performance Metrics of the TCN Model on the Linux kernel Dataset

Metric Positive Class Negative Class

Precision 0.74 0.69
Recall 0.59 0.82
F1 Score 0.65 0.75

Summary for RQ3: Based on the identified features that significantly differentiate companies
that continue to contribute from those that discontinue, our TCN-based model achieves an AUC
of up to 0.76 in the Linux kernel ecosystem and maintains stable (or even improved) performance
in the other two projects.

5 Discussion
5.1 Implication for Practice
5.1.1 Strategically Improving Contributor Retention. The findings from RQ1 reveal that annually,
about 12% of companies disengaged from the Linux kernel, of which approximately 16% represent
companies that rank in the top 20% by total number of commits. These results provide a first
assessment of company turnover in the Linux kernel project. Given an increasing corporate
involvement in OSS projects, empirical evidence on such trends is important but has been hitherto
lacking. We acknowledge that not all companies pursue sustained participation in projects they
engage with. The initiative of whether to retain companies identified as likely to withdraw lies
in the hands of the open source community. If determined to do so, our results can help the
OSS communities identify such companies. Moreover, data on early corporate behaviors that
may lead to turnover can offer valuable insights to develop retention strategies. Specifically, OSS
communities could establish early warning systems tracking key metrics like commit frequency
decline (e.g., >20% over 3 months), or reduced module ownership. These metrics can trigger
targeted interventions, such as technical support through maintainer pairing or strategic roadmap
alignment workshops, fostering a stable, dynamic, and committed corporate contributor base for
OSS ecosystem sustainability. This can contribute to maintaining a stable, dynamic, and committed
corporate contributor base and the sustainability of OSS ecosystems.

5.1.2 Creating Spaces for Diverse Companies. RQ2 findings indicate that companies that stopped
contributing display a lower intensity and a narrower scope of initial contributions, compared to
those that continued contributing. This highlights a need for OSS communities to cultivate more
inclusive and collaborative environments that accommodate companies of varying sizes and types
of contributions, particularly those smaller enterprises with limited resources but a willingness and
interest to contribute. Specifically, OSS communities can support them by lowering participation
barriers, such as identifying areas where they can contribute and recommending specific tasks.
For example, an AI-assistant matching system based on historical data could recommend tasks
to companies by considering their technical expertise (e.g., hardware) and business interests
(e.g., market expansion). Besides, the OSS communities can highlight the voices of these small
companies to help them get better involvement and construct more collaborations. By designing
more flexible contribution processes, policies, and participation models, communities can better
cater to these companies, encouraging a diverse range of contributions including code submissions,
documentation, design, and marketing efforts. This approach not only aims to attract and retain a
broader and more diverse base of corporate contributors but also ensures that valuable insights
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and innovations are fully embraced, thereby fostering long-term prosperity and growth of the
community.

5.1.3 Proactive Corporate Engagement Management. The adoption of predictive models provides a
transformative method for the OSS community to manage corporate contributions more effectively.
Drawing on the findings of RQ3 that demonstrated the performance of a TCN-based prediction
model that successfully forecasts whether a company will cease contributing, we recognize that
community leaders can use these models to precisely identify companies at higher risk of disengage-
ment. This insight empowers them to initiate forward-looking strategies to encourage sustained
participation.

5.1.4 Early Engagement Predicts Longevity. Our research establishes that characteristics of early
engagement can be good indicators of a company’s long-term commitment to OSS projects. For
example, companies that stop contributing typically exhibit distinctive characteristics such as
a lower intensity of initial participation. Companies are encouraged to leverage the early stage
of involvement as an opportunity to establish a foundation for long-term engagement, actively
contributing to the project.

5.2 Implications for Research
5.2.1 Explore More Factors Influencing Company Turnover in OSS. Our finding in RQ2, i.e., com-
panies that discontinued contributing have a lower contribution intensity, aligns with Zhang et
al.’s conclusion [82] that contribution intensity is significantly associated with increased survival
rates. Additionally, our conclusion that smaller companies are more likely to stop contributing is
contrary to Zhang et al.’s finding [82] that company scale is negatively associated with company
withdrawal. Furthermore, building on previous work, we have identified three new significant
dimensions: companies that discontinued contributing have a smaller scope of contributions, show
a preference for perfective contributions in the early stage of contributing, and tend to engage
less in collaborative efforts with other companies. These indicators of early contributing behavior
identified in this study can predict companies’ departure from an OSS ecosystem, and the per-
formance of the TCN model remains promising. There are likely other factors at play. Further
study should explore more early indicators of corporate engagement. For instance, future work
could expand the analysis by including a broader range of contributions beyond commits, such
as code review, funding, or community involvement. Investigating how these different types of
contributions correlate with company retention or withdrawal could offer deeper insights into the
dynamics of company turnover within OSS ecosystems. Additionally, future research could explore
which factor contributes most to predicting long-term involvement, potentially leading to refined
predictive models. As supplementary validation, we provide the logistic regression coefficients of
all the factors we explored in RQ2 in the appendix [3], where degree centrality has the greatest
impact while the company size has the least contribution.

5.2.2 Investigte the Impact of Company Withdrawal. Our study mainly focuses on predicting
company withdrawal based on prior empirical evidence that contributor attrition undermines
OSS sustainability [25, 36]. Future research could explore its impact on the overall open source
ecosystem in depth. Specifically, it could examine how the absence of key company contributors
affects project direction, the ability to attract new contributors, and the community’s resilience in
maintaining project momentum. Further investigation into how company withdrawal influences
project development could deepen our understanding of the adaptive strategies OSS projects employ
to thrive amid changing participation dynamics.
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5.2.3 Variability in OSS Ecosystems. The findings of this study indicate that the behavior of
participating in dominant modules has no significant correlation with a company’s long-term
contributions to the Linux kernel. Further, we discovered that most Linux kernel modules do not
exhibit dominance-related behaviors, which contrasts sharply with findings of studies of OpenStack
[84], where dominance phenomena are common and negatively associated with project survival.
These differences underscore the unique characteristics of OSS ecosystems, but at the same time
suggest that OSS ecosystems vary in terms of how companies collaborate and contribute to the
central assets.

6 Threats to Validity
The design of this study involved a number of decisions, or trade-offs [62], which we now discuss
as follows.
External Validity. In this study, we focus on the Linux kernel project, which means that the

findings cannot be generalized to other projects. Together with the over 1,300 companies that
contribute to the project, this forms an ecosystem in which different actors (i.e. contributors of any
kind) operate. We selected a single project as this provides a shared context for all companies that
are involved, which means that we can exclude any context-specific factors as confounding factors
in addressing the three research questions. For example, the OpenStack ecosystem is different
than the Linux kernel. We selected the Linux kernel because it is among the best-known and most
important OSS projects that enjoy extensive corporate involvement. While our findings do not
generalize to other OSS ecosystems without further inquiry, the positioning and design of this
study offer a useful starting point to develop a better understanding of corporate turnover in OSS
projects. Our focus is on the project’s internal dynamics through analyzing commit data. We do not
extensively cover how external factors such as market trends and regulations influence corporate
strategies in OSS. However, considering commit data as a direct reflection of the company’s valuable
record in participating in OSS, we can develop an understanding of the company’s contributions to
a major OSS project.
Internal Validity. We identified developers’ affiliations by matching their email domains to

company names. Although this method was widely used in prior studies [83, 86, 92], a known
potential shortcoming is that developers can use personal emails or change jobs, which would
make it hard to determine in what capacity and role they make contributions. Zhang et al. [83, 86]
have conducted validations of the identified affiliations by contacting developers. Their evaluation
results suggested a high accuracy (up to 93%). We acknowledge that there are many methods (such
as advanced deep learning models) and data sources (e.g., LinkedIn) that can improve the accuracy
of developers’ affiliation identification. This study strives to strike a balance between the ease of
use of prediction models and the accuracy of company identification, and we deem the current
email domain-based method sufficiently accurate for our study.
The second internal threat lies in how we locate a company’s collaboration scope. To identify

collaborations between companies, we relied on the files that different companies modified. While
such trace data affords analysis of overlapping efforts and shared interests, it does not capture any
informal collaborations in which no trace data exists. This remains a limitation.
The third internal threat relates to our method of determining company withdrawal based

on different contribution breaks. Prior studies [86, 92] have shown that companies’ contribution
performance can vary because of different business strategies. Thus, we adopted a flexible approach,
i.e., identifying withdrawal companies based on their historical contribution intervals (i.e., the
time between two adjacent code contributions). Compared to using fixed contribution breaks, our
approach allows for a more nuanced assessment of company turnover. However, we acknowledge
that this approach may misclassify companies that previously made frequent contributions but
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have recently slowed down the pace. These companies could be unfairly classified as withdrawn.
To improve the validity, future work could investigate company withdrawal based on multiple
activities.

Another threat lies in commit frequency measurement. OSS projects may require developers to
submit clean, well-structured patches with clear commit messages. This often involves squashing
multiple commits into a single, more concise commit before submitting it for review. Thus, squashing
commits can result in a lower contribution frequency. However, since all companies contributing to
the same OSS project are subject to the same community guidelines, we believe this has a limited
impact on our findings. Future work that is sensitive to contribution frequency should consider
squashing commits.

The final limitation of our study is the limited interpretability of the TCN model. The main focus
of RQ3 is designing comprehensive prediction models with promising performance. Although the
ten-fold cross-validation strengthens the validity of our model, OSS communities or companies
may still not know what to do to avoid this departure risk. The significant characteristics of
companies’ initial participation identified in RQ2 can be used as a coarse reference. Future research
could explore ways to enhance the interpretability of such models (e.g., SHAP values or attention
mechanisms), including identifying key factors that contribute to withdrawal. We have also included
the coefficient results of the logistic regression model in the appendix [3], where degree centrality
has the greatest impact, while company size has the least contribution.

7 Conclusion
Large OSS projects like the Linux kernel have attracted corporate contributions, forming complex
ecosystems with hundreds or even thousands of actors. As the importance of OSS to business and
society grows, questions arise around the sustainability of these projects. Companies continuously
join and leave these OSS ecosystems, but very little is known about companies that discontinue
contributing. This study aims to close this gap by (1) establishing how prevalent this is; (2) how
companies that discontinue contributing differ from companies that remain; and (3) whether we
can predict which companies will discontinue contributing.

By examining early participation behaviors, we aim to identify predictors of potential company
withdrawal. We observed that companies that discontinued contributions show distinct patterns
in their early stage, such as lower initial contribution levels and less involvement in collaborative
activities, emphasizing a preference for perfective over adaptive or corrective tasks, compared
with companies that continued. We demonstrate that a TCN-based model to forecast a company’s
future contributions has promising performance, which underscores its potential as a strategic
tool for project maintainers, enabling proactive measures to foster a stable and sustainable OSS
ecosystem. This study not only sheds light on the factors influencing company turnover in OSS
projects but also offers practical solutions to mitigate such risks. It underscores the importance of
early detection and intervention in maintaining the vitality of OSS communities, contributing to
the broader goal of ensuring their continued growth and success.

Data Availability
To facilitate replications or future work, we publicly open our data, analysis scripts, and other
resources used in this study in [3].
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