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Abstract 
The Fork and Pull-Request model is widely used in collaborative 
development of open source software (OSS), fostering innovation 
through independent repository copies, but it can also lead to in-
efficiencies and fragmentation. A key underexplored aspect is the 
integration effectiveness—the degree to which distributed original 
commits across forks are effectively integrated back into the main 
repository. It plays a critical role in OSS project productivity but 
remains poorly understood. In response, we introduce convergence 
entropy, a novel metric that quantifies the integration effectiveness 
by measuring the similarity between distributions of original and 
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merged commits across forks, adjusted for integration ratio. This 
metric highlights not only the volume of contributions but also their 
diversity and coordination, offering a unique lens to understand 
forking practices. Moreover, we explore the relationship between 
convergence entropy and three dimensions of OSS project produc-
tivity, showing significant correlations. We also observe that other 
factors can alter this dynamic. 
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1 Introduction 
Forks play a central role in modern pull-based Open Source Soft-
ware (OSS) development[26, 61]. In the dynamic ecosystem of OSS, 
forking enables developers to create independent copies of a repos-
itory, fostering innovation, experimentation, bug fixes, and feature 
additions that can potentially be integrated back into the main 
project via mechanisms like pull requests [30]. This distributed ap-
proach promotes collaboration across global communities, allowing 
diverse ideas to evolve in parallel and enriching the project’s overall 
development trajectory. Successful OSS projects often exhibit high 
fork activity, which is widely regarded as a marker of popularity 
and vitality [11, 12, 59]. 

However, the outcomes of forking are not always aligned with 
seamless integration. On one hand, forks intended for contributions 
to the main repository can suffer from inefficiencies, such as lost, 
rejected, or redundant efforts, as highlighted in existing research 
on suboptimal forking practices [34, 68]. These issues can waste 
developer time and hinder project progress, even in projects with a 
large number of forks—which is often seen as a sign of successful 
OSS projects but does not guarantee productivity or health. On the 
other hand, not all forks are created with the goal of merging back 
into the main repository; some are established for independent 
development, leading to divergent paths that may compete with the 
original project. This competition, while stimulating the broader 
ecosystem by fostering innovation and community engagement[51], 
can have a negative impact on the main repository’s development 
[22, 44]. Developer attrition can occur as contributors may prefer to 
focus on their own forks or alternative forks rather than continuing 
to contribute to the main repository [16, 50, 69]. As a result, this 
fragmentation can weaken the cohesion of the main repository 
community, potentially stalling its progress. 

Addressing these challenges requires a systematic approach to 
measure how effectively a project integrates contributions from 
its forks. Existing research reveals two key limitations in this re-
gard. First, current metrics for assessing fork integration are often 
static, coarse-grained, or focused on isolated inefficiency types 
(e.g., lost contributions, duplicate PRs [34]). They lack a unified, 
time-sensitive measure that quantifies the alignment between the 
distribution of original development activity across forks and the 
distribution of successfully integrated contributions. Second, while 
prior work has analyzed correlations between fork-related metrics 
and project characteristics [68], the longitudinal relationship be-
tween the integration effectiveness and core project productivity 
outcomes remains underexplored. 

To address these gaps, we propose a novel metric called Conver-
gence Entropy to quantify the integration effectiveness of 
fork practice in OSS repositories. We conceptualize fork practice 
of OSS as distributed collaboration system that incorporate both 
decentralized contributions and centralized integration workflows. 
Our approach uses Jensen-Shannon divergence to measure the dis-
crepancy between two key distributions derived from fork practice: 
(1) the distribution of original commits across all forks, which re-
flects decentralized innovation and effort, and (2) the distribution 

of merged commits across all forks, which indicates successful in-
tegration. These two key distributions capture how well a project 
harnesses fork-based activities to achieve unified progress. Simul-
taneously, it incorporates the ratio of merged to original commits 
to account for the overall efficiency of convergence. This dual ap-
proach allows Convergence Entropy to encapsulate the multiplex 
nature of convergence—emphasizing not only the volume but also 
the diversity and coordination of contributions across forks. As 
suggested in prior work, diverse and well-coordinated contribution 
patterns are critical for addressing challenges in OSS development 
[5]. Convergence Entropy offers a nuanced perspective, project 
managers can identify patterns of successful integration, under-
stand temporal changes in fork utilization, and devise strategies to 
encourage productive forking while minimizing risks like commu-
nity splits. 

Furthermore, to investigate the relationship between integration 
effectiveness and project productivity, we employ Convergence En-
tropy as a proxy for integration effectiveness. Following Forsgren’s 
framework [15], we select three indicators representing project 
productivity dimensions: output performance (new bugs), 
developer activity quantity (new commits), and team process 
efficiency (issue resolution time). Our empirical analysis draws 
on commit and fork data from eight prominent GitHub OSS projects, 
encompassing both corporate-driven and community-driven ones. 
We incorporate control variables such as the number of forks (Num-
Forks), issues (NumIssues), pull requests (NumPrs), files (NumFiles), 
core developers (NumCore), external developers (NumExt), and 
project age (Project Age). The rationale for these choices is detailed 
in 4.1. This study is guided by the following research questions. 

• RQ1: What is the correlation between convergence entropy 
and the number of new bugs in OSS projects, and what factors 
could alter this dynamic? 

The number of new bugs is commonly served as a proxy for eval-
uating software quality [45, 59, 62]. We use this metric to capture 
project productivity in the Performance dimension, assessing the 
outcome of the software development process [15]. Our results indi-
cate that convergence entropy is significantly negatively correlated 
with the number of new bugs. This correlation strengthens with 
project age and the involvement of core teams in non-company 
projects but weakens with more issues, files, and external contribu-
tors. In contrast, in company projects, the correlation strengthens 
with external contributors but weakens with more forks, issues, 
and files. 

• RQ2: How is convergence entropy correlated with the number 
of new commits in OSS projects, and what factors may affect 
this connection? 

In many studies focusing on OSS development and community, 
the number of commits is considered as the productivity metric 
[45, 57, 58]. We adopt this widely used productivity indicator to 
capture project productivity in the Activity dimension, assessing 
the output of the software development process [15]. Our findings 
show that convergence entropy has a distinct correlation with new 
commits: it is positive in non-company projects but negative in 
company projects. In non-company projects, the positive corre-
lation strengthens with project age, pull requests, and external 
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contributors but weakens with more issues, files, and core devel-
opers. Conversely, in company projects, the negative correlation 
strengthens with project age but weakens with more forks, issues, 
and pull requests. 

• RQ3: To what extent does convergence entropy correlate with 
issue resolution time in OSS projects, and what factors could 
strengthen or weaken this association? 

The issue resolution time is also regarded as an important metric 
for productivity [17, 41]. We adopt this metric to capture project 
productivity in the Efficiency & Flow dimension, assessing the effi-
ciency of the software development process [15]. Regression anal-
ysis demonstrates a contrasting correlation with issue resolution 
time: positive in non-company projects and negative in company 
projects. In non-company projects, this association strengthens 
with the number of files but weakens with more forks and issues. In 
company projects, more forks and external contributors strengthen 
the reduction in issue resolution time but weakens with more core 
members. 

This article aims to systematically quantify integration ef-
fectiveness via convergence entropy and examine their relation-
ships with three dimensions of OSS project productivity. The 
overall framework of this paper is shown in Figure 1. Through the 
above studies, we conclude that the integration effectiveness plays 
a crucial role in understanding the development of OSS projects. 
The proposed metric serves as an effective and useful indicator for 
assessing the integration of distributed contributions in fork prac-
tices, showing significant correlations with project productivity 
indicators related to OSS development and maintenance. 

In summary, this work makes the following contributions. 

• We propose convergence entropy to measure the integra-
tion effectiveness in OSS repositories based on fork commit 
distributions, offering a novel perspective on integration 
dynamics. 

• We employ convergence entropy to study integration dy-
namics and analyze its correlations with new bugs, new 
commits, and issue resolution time as proxies for OSS pro-
ductivity dimensions. Our findings highlight the metric’s 
role in elucidating project productivity. 

• We discuss implications of convergence entropy for manag-
ing forks and guiding OSS practices. 

The rest of the paper is organized as follows. Section 2 presents 
the related work. In Section 3, we detail the calculation of Con-
vergence Entropy and its properties. Section 4 describes the study 
design. We report results and findings in Section 5. In Section 6, 
we discuss implications and threats to validity. Finally, Section 7 
concludes and suggests future work. 

2 Related Work 
This section situates our research within the broader landscape of 
OSS development. We begin by discussing the fundamental chal-
lenges of coordinating distributed development in OSS, highlighting 
why the effective integration of code contributions is a critical con-
cern. This naturally leads to a focus on the forking mechanism and 
the concept of convergence, which refers to how well contributions 
scattered across forks are integrated back. We then synthesize the 

limitations of prior work and clearly articulate the novel contribu-
tions of our study, supported by a structured comparison of key 
metrics. 

2.1 Challenges in OSS Development and the 
Centrality of Code Integration 

Successful OSS projects rely on effectively coordinating contribu-
tions from a distributed, often volunteer-based community [13]. 
Key challenges include maintaining code quality [36], managing a 
high volume of contributions [21], fostering community cohesion, 
and ensuring sustainable development pace [52]. Among these, 
the integration of external code into a stable mainline is a critical 
bottleneck; inefficient integration can lead to lost contributions, du-
plicated effort, community fragmentation, and ultimately, reduced 
project vitality [20, 68]. The widely adopted fork-and-pull model, en-
abled by platforms like GitHub, formalizes this integration process 
by allowing developers to create independent copies of a repository. 
While this mechanism lowers the barrier to contribution and fos-
ters innovation [30], it also decentralizes development. Therefore, 
understanding and measuring how well a project converges, that 
is, how effectively it integrates distributed contributions from its 
forks, is essential for assessing the health and efficiency of OSS 
development. 

2.2 Forking Mechanisms and the Pursuit of 
Convergence 

The forking mechanism is a double-edged sword. On one hand, it en-
ables parallel experimentation, bug fixes, and feature development 
[30]. On the other, it introduces several documented inefficiencies: 
lost contributions, rejected pull requests, duplicate development 
efforts, and community fragmentation [68]. These inefficiencies are 
influenced by project characteristics such as modularity, coordina-
tion style, and the integrators’ trade-off between quality assurance 
and contribution throughput [20]. Furthermore, forks exhibit di-
verse intents. They can be classified as social (aiming to contribute 
back), divergent (no intention to merge), or hard forks (pursuing 
independent development) [8, 22, 44, 69]. This diversity can lead to 
effort diffusion, where secondary forks contribute to other forks 
but not the original repository, causing gradual community drift 
[69]. 

Substantial research has aimed at mitigating these inefficiencies 
and improving convergence. Studies have proposed tools to in-
crease transparency by identifying unmerged features in forks [67], 
frameworks to predict potential PR contributions from forks early 
[65], and methods to predict the long-term active integrators [27]. 
These efforts underscore the community’s focus on enhancing the 
integration pipeline. Importantly, prior work also notes that a lower 
level of direct integration is not always detrimental; it can reflect 
a project’s specific governance structure or a conscious trade-off. 
For example, some projects exhibit vibrant ecosystems with many 
independent forks, yet still absorb significant contributions from 
them [50]. This nuance suggests the need for a nuanced measure of 
integration effectiveness that goes beyond simple counts of merged 
PRs. 
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Figure 1: Research framework of this paper 

However, a key limitation of much prior work is its static or 
cross-sectional nature. For instance, Zhou et al. [68] quantified sev-
eral inefficiency metrics (e.g., ratio of contributing forks, presence 
of hard forks) at a single point in time or over a whole project 
history. While their regression analysis related these metrics to 
project characteristics and practices, the data did not capture how 
integration dynamics evolve over time. Metrics like "presence of 
hard forks" are inherently non-time-sensitive; their value over a 
time window is not meaningful. This limits the understanding of 
how integration efficiency fluctuates and interacts with project 
outcomes longitudinally. An exception is the fork entropy proposed 
by Wang et al. [61], which is calculated as the average pairwise 
distance between files modification vectors of forks within a time 
window. While this metric is time-sensitive, it remains unrelated to 
integration practice because it does not consider whether the modi-
fications are integrated back to the mainline. To clearly differentiate 
our contribution from key prior works, we present a comparative 
summary in Table 1. 

Our review reveals two interconnected gaps. First, existing met-
rics for fork integration are often static, coarse-grained, or focused 
on isolated inefficiency types (e.g., lost contributions, duplicate 
PRs). They lack a unified, time-sensitive measure that quantifies 
the alignment between the distribution of original development 
activity across forks and the distribution of successfully integrated 
contributions. Second, while prior work has analyzed correlations 
between fork-related metrics and project characteristics [68] or 
main repository commit volume [61], the longitudinal relation-
ship between the effectiveness of convergence and core project 
productivity outcomes remains underexplored. 

Our work directly addresses these gaps. We propose Conver-
gence Entropy, a novel, time-window-based metric that quantifies 

the degree to which the distribution of original commits across 
forks is effectively mirrored in the distribution of merged commits 
into the main repository. It combines a measure of distributional 
alignment (using Jensen-Shannon Divergence) with a scaling factor 
for merge ratio, producing a single scalar that reflects integration ef-
fectiveness within a given time period. Crucially, this design makes 
it inherently time-sensitive, suitable for longitudinal analysis. 

3 Convergence Entropy 
In this section, we introduce convergence entropy as a metric to 
quantify the global integration effectiveness in open-source soft-
ware repositories based on fork activities. We first present the 
information-theoretic foundation, then we present the calculation 
details of convergence entropy and discuss its behavior in various 
scenarios. Additionally, we describe its application in analyzing the 
integration of external contributions. 

3.1 Information Theory Foundation 
Information theory provides tools for quantifying similarity and 
divergence between distributions [48]. A key measure is the Jensen-
Shannon Divergence(JSD), which is a symmetric and smoothed 
variant of Kullback-Leibler Divergence(KLD), defined for two prob-
ability distributions P and Q as: 

𝐽 𝑆𝐷 (𝑃 | |𝑄 ) = 
1 
2 
𝐾 𝐿𝐷 (𝑃 | |𝑀 ) + 

1 
2 
𝐾𝐿𝐷 (𝑄 | |𝑀 ) 

where 𝑀 = 1 
2 (𝑃 +𝑄 ) and 𝐾 𝐿𝐷 is the Kullback-Leibler divergence: 

𝐾 𝐿𝐷 (𝑃 | |𝑄 ) = 
∑︁ 

𝑖 

𝑃 (𝑖 ) log2 
𝑃 (𝑖 ) 
𝑄 (𝑖 ) 



Convergence Entropy CHI ’26, April 13–17, 2026, Barcelona, Spain 

Table 1: Comparison of fork-related metrics in prior work and this study 

Metric Core Formula (Informal) What it Primarily Measures Limitations w.r.t. Integrated Practice 

Ratio of con-
tributing 
forks [68] 

#contributing forks 
#active forks Inefficiencies regarding lost con-

tributions 
Does not consider how much each 
fork contributes, nor how integrated 
contributions are distributed across 
forks. 

Ratio of 
merged 
PRs [68] 

#merged PRs 
#closed PRs Inefficiencies regarding rejected 

PRs 
Treats all PRs equally and indepen-
dent of their fork of origin, ignores 
the distribution of integrated contri-
butions across forks. 

Ratio of 
duplicate 
PRs [68] 

#duplicate PRs 
#closed PRs Inefficiencies regarding duplicate 

development 
Treats all PRs equally and indepen-
dent of their fork of origin, ignores 
the distribution of integrated contri-
butions across forks. 

Presence 
of hard 
forks [68] 

Indicator variable for 
hard fork presence 

Inefficiencies regarding commu-
nity fragmentation 

Coarse-grained binary signal; does 
not provide a continuous measure 
of how integrated contributions are 
over time. 

Fork en-
tropy [61] 

1 
𝑚2 


𝑖 


𝑗 𝐷 (𝑐𝑖 , 𝑐 𝑗 ) 
where 𝐷 is the distance 
between files modifica-
tion vectors of two forks 

Fork diversity, measured by the 
average pairwise distance be-
tween their files modification vec-
tors within a time window 

Unrelated to integration practice; it 
ignores whether modifications are 
integrated back to the mainline. 

Convergence 
Entropy 
(this work) 

(1 − JSD(𝑃𝑜 ∥ 𝑃𝑚 )) · 𝐶𝑚

𝐶𝑜

where 𝑃𝑜 and 𝑃𝑚 are 
the distributions of origi-
nal and merged commits 
across forks 

The degree to which distributed 
original commits across forks are 
effectively integrated back into 
the main repository; quantified 
by the alignment between the dis-
tributions of original and merged 
commits within a time window, 
scaled by the merge ratio. 

Does not distinguish specific ineffi-
ciency types; instead provides a uni-
fied, time-sensitive scalar indicator 
that complements the above special-
ized metrics. 

JSD ranges from 0 (identical distributions) to 1 (maximal difference) 
and is widely used in various fields to measure the distance between 
two distributions[19, 31]. 

3.2 Definition and Calculation of Convergence 
Entropy 

We model the fork practice of OSS as a distributed collaboration sys-
tem that encompasses decentralized contributions and centralized 
integration workflows. In this framework, forks produce original 
commits (decentralized innovation), with some of these commits 
being merged back into the main repository (effective integration). 
Drawing from information theory, convergence entropy quantifies 
this integration effectiveness by measuring the similarity between 
two key distributions: the distribution of original commits across all 
forks and the distribution of merged commits from those forks. This 
metric captures the extent to which decentralized contributions are 
successfully integrated into the main repository. 

A specific example illustrates the calculation. Consider a project 
with multiple forks. For a given time window (e.g., a month), we 
extract: 

• The original commit distribution: For each fork 𝑓𝑘 , count 
the number of original commits, normalized to form probabil-
ity distribution 𝑃𝑜 = {𝑝𝑜 (𝑓1), 𝑝𝑜 (𝑓2), . . . , 𝑝𝑜 (𝑓𝑘 ), . . . }, where  
𝑝𝑜 (𝑓𝑘 ) = 1. 

• The merged commit distribution: For each fork 𝑓𝑘 , count 
the number of commits merged into the main repository, 
normalized to form 𝑃𝑚 = {𝑝𝑚 (𝑓1), 𝑝𝑚 (𝑓2), . . . , 𝑝𝑚 (𝑓𝑘 ), . . . },
where 

 
𝑝𝑚 (𝑓𝑘 ) = 1. 

These distributions reflect the decentralized nature of fork activ-
ities, where original commits represent the breadth of innovation 
across contributors, and merged commits indicate which innova-
tions are successfully integrated. The distribution of original com-
mits highlights how effort is spread among forks, revealing patterns 
of independent development or focused contributions from specific 
forks. Meanwhile, the merged commit distribution shows the se-
lective integration process, emphasizing which forks’ efforts are 
valued and adopted by the main project. The alignment (or mis-
alignment) between these distributions is significant because it 
reveals the efficiency of knowledge transfer in OSS ecosystems. 
For example, if original commits are evenly distributed but merges 
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favor only a few forks, it may indicate barriers to entry for new 
contributors or biases in review processes. Conversely, close align-
ment suggests a meritocratic system where diverse innovations 
are proportionally recognized and incorporated, fostering inclusiv-
ity and project vitality. These distributions provide insights into 
collaborative dynamics, such as competition among forks, the role 
of core maintainers in curation, and the overall health of the fork 
ecosystem. 

Convergence entropy is then defined as: 

𝐻𝑐𝑜𝑛𝑣 = (1 − JSD(𝑃𝑜 | |𝑃𝑚 )) × 

 
𝐶𝑚 

𝐶𝑜 

 
Where JSD(𝑃𝑜 | |𝑃𝑚 ) is the Jensen-Shannon divergence between 𝑃𝑜 
and 𝑃𝑚 , measuring dissimilarity (JSD ranges from 0 to 1, with 0 
indicating identical distributions). 𝐶𝑜 is the total number of original 
commits across all forks in the time window. 𝐶𝑚 is the total number 
of merged commits from all forks in the time window. (1 − JSD) 
captures the alignment between decentralized innovation and effec-
tively integration, while 𝐶𝑚 

𝐶𝑜 
is efficiency factor and scales it by the 

overall merge ratio. This is computed periodically (e.g., monthly) 
to track temporal changes in repository dynamics. 

Convergence entropy provides insights into repository dynam-
ics, particularly at the extremes of the entropy spectrum. When 
entropy is minimal, it implies fragmented or inefficient integration, 
where original commits are dispersed across many forks but only 
a small fraction or a skewed subset are merged. For instance, if 
numerous forks produce innovative commits but merges are dom-
inated by a single fork (low 1-JSD and low merge ratio), it might 
suggests challenges like poor pull request quality, maintainer bot-
tlenecks, or competitive silos. This low entropy may indicate a less 
collaborative environment, where decentralized efforts fail to con-
verge, potentially leading to contributor attrition, duplicated work, 
community splits, or stalled project growth. It signals to project 
managers the need for interventions, such as improved documenta-
tion, mentorship for fork owners, or streamlined review processes 
to enhance integration. 

Conversely, when entropy is high, it reflects a balanced and ef-
fective convergence, where the distribution of original commits 
closely mirrors that of merged commits, with a high merge ratio. In 
this scenario, diverse forks contribute innovations proportionally, 
and these are broadly integrated, indicating a vibrant, inclusive 
ecosystem. High entropy suggests a complex, multifaceted devel-
opment process where various stakeholders participate, bringing 
unique expertise that enriches the main repository. This diversity 
of fork involvement often correlates with deeper project evolution, 
as integrated contributions from multiple sources drive innovation 
and resilience. Such a process adds greater value to the project, 
benefiting from a comprehensive, collaborative approach [5]. 

3.3 Application Practice in Forks from External 
Contributors 

Although convergence entropy captures overall fork dynamics, this 
study specifically focuses on forks from external contributors. Since 
external contributors do not have write access to projects, fork and 
pull-request is their primary, if not the only, means of contribution 
[22], [24], making our study more focused on the features and 

performance related to the integration effectiveness. In contrast, 
core team members can commit directly without forking. Moreover, 
external contributors tend to participate sporadically, adding a layer 
of unpredictability to the contribution integration process, which 
is not typically observed with the more consistent and structured 
involvement of core team members [4]. By examining fork activities, 
we aim to understand how these distributed contributions converge 
or diverge globally and how they relate to project productivity. 

OSS development teams consist of a small, well-organized core 
team and a larger, loosely-coupled group of external contribu-
tors [32, 66]. Previous studies used GitHub’s repository permis-
sion mechanism to distinguish core team members from external 
contributors[23]. However, GitHub does not allow anyone except 
the repository owners to access the list of members with manage-
ment privileges. Wang et al. [62] proposed a more reliable method 
by identifying core team members through their performance of 
events that require write permission. However, this approach may 
miss some core team members whose roles do not require write 
permissions. For example, the role of “Triage” on GitHub allows 
core team members to manage issues and pull requests without 
write permissions. 

Building on Wang et al.’s method, this study uses a permissions-
check mechanism to distinguish core team members from external 
contributors, but it considers all privileged events, not just those 
requiring write permissions. 

Specifically, based on GitHub’s permissions documentation [18], 
permissions for 53 types of issue-level events were manually anno-
tated to determine which actions require management privileges. 
It was found that 16 of these events could be performed by exter-
nal contributors without needing management privileges. Users 
who have performed events requiring management privileges are 
labeled as “core team member”, while all others are classified as 
“external contributor”. Notably, the required permissions for some 
actions depend on the target object. For instance, users can close 
issues they created themselves but need management privileges to 
close issues created by others, even though both scenarios are cate-
gorized as “Closed Event” on GitHub. See the replication package 
for details1 . 

4 STUDY DESIGN 
In this section, we firstly present the selection of key productiv-
ity metrics based on the SPACE (Satisfaction & well-being, Perfor-
mance, Activity, Communication & collaboration, Efficiency & flow) 
framework [15], and relevant control variables. We then outline 
the data collection and cleaning process from eight open source 
projects on GitHub. Finally, we explain the use of panel regression 
analysis to evaluate the relationship between convergence entropy 
and project productivity. 

4.1 Variables 
Forsgren et al. [15] introduced the SPACE framework, which presents 
a comprehensive view of productivity by assessing five dimensions: 
Satisfaction & well-being, Performance, Activity, Communication 
& collaboration, and Efficiency & flow. To capture the project pro-
ductivity, we have selected three metrics closely tied to the fork and 

1https://github.com/anonymous2026CHI/2026CHI-replication-package 

https://github.com/anonymous2026CHI/2026CHI-replication-package


Convergence Entropy CHI ’26, April 13–17, 2026, Barcelona, Spain 

commit activities according to the SPACE framework guidelines, 
spanning three dimensions: Performance, Activity, and Efficiency 
& Flow. These metrics are new bugs, new commits, and issue res-
olution time, and all of them are significant within the context of 
fork convergence, where bugs represent critical outcomes of de-
velopment processes, commits serve as tangible outputs, and issue 
resolution time reflects team efficiency. 

We did not include the Satisfaction & well-being dimension 
which typically captured through surveys, due to the impracti-
cality of tracking these changes monthly. The Communication & 
collaboration dimension is also excluded, as convergence entropy 
implicitly encapsulates information related to convergence and 
collaboration within fork activities. This approach aligns with the 
SPACE framework’s guidelines, allowing for such adaptability. 

In addition, we also introduce some relevant control variables to 
ensure a comprehensive evaluation of the project’s productivity. 

New bugs. The number of new bugs is commonly used as a 
proxy for evaluating software quality in projects [45, 59, 62]. We 
use this metric to capture project productivity in the Performance 
dimension, assessing the outcome of the software development 
process [15]. Specifically, we calculate the number of new bugs 
found during a project-month. Note that we do not distinguish bug 
reports from core members or external contributors, because we 
measure the productivity of the whole project. On GitHub, the issue 
can be of various types, e.g., discussion, new feature request, im-
provement request, and so on. To categorize these issues, software 
developers often employ some keywords to tag them. However, 
because tagging is often project specific, we adopt Vasilescu et al.’s 
[59] method to distinguish bug issues from other issue types in this 
study. We set up a list of bug-related keywords, i.e., defect, error, 
bug, issue, mistake, incorrect, fault, and flaw, and then search for 
these words in both the issue tags and issue titles. If any tags or 
title of an issue contains at least one keyword, we identify it as a 
bug issue. 

New commits. In many studies focusing on OSS development 
and community, the number of commits is considered as the pro-
ductivity metric [45, 57, 58]. We adopt this widely used productivity 
indicator to capture project productivity in the Activity dimension, 
assessing the output of the software development process [15]. Note 
that we count the commits from all contributors rather than from 
external developers only, because we measure the impact on the 
productivity of the whole team. Similarly, as the productivity data, 
we compute the number of new commits in every project-month. 

Issue resolution time. The issue resolution time is also re-
garded as an important metric for productivity [17, 41]. We adopt 
this metric to capture project productivity in the Efficiency & Flow 
dimension, assessing the efficiency of the software development 
process [15]. To calculate the average issue resolution time each 
project-month, we consider all issues (including bugs) closed within 
the respective time window and compute the duration from cre-
ation to closure for each. The average of these durations is then 
taken as the issue resolution time for that project-month. 

Control variables. Based on prior software engineering liter-
ature [20, 59, 61] and our experience, we include the following 
factors as control variables. 

• Project Age: The time span from project creation to the 
current month, measured in months. Growth dynamics may 
be different in younger vs. older projects [59]. 

• NumForks: The number of forks of the project until the 
current month. We use this as a proxy measure for the pop-
ularity of the project. A higher number of forks typically 
correlates with an increased volume of bug reports[59] and 
augmented external contributions[61]. 

• NumIssues: The number of new issues opened within the 
current month. 

• NumPrs: The number of pull-requests opened within the 
current month. More opened pull-requests typically corre-
lates with more people discussing concerns, and a longer 
issue resolution time [33]. 

• NumFiles: The number of files of the project until the cur-
rent month. We use this as a proxy measure for the size of the 
project. Larger projects naturally receive more contributions 
[20, 59]. 

• NumCore and NumExt: The number of active core devel-
opers and active external developers for the month. Active 
developers are defined as those who engage with the repos-
itory through at least one recorded activity (e.g., commit, 
fork, PR) within a given month. 

4.2 Data Collection and Cleaning 
To answer the three research questions presented in Section 1, we 
conduct an empirical study based on eight well-known open source 
projects. The study follows a systematic project selection process 
designed and the steps are as follows: 

We began by obtaining an initial project pool comprising the top 
1,000 projects from GitHub, ranked by star count. This pool was 
refined through the following filtering criteria to arrive at qualified 
candidate pool: 

• To ensure robust analysis, we required projects to possess 
sufficient development history and collaborative records. 
Specifically, we applied the following quantitative thresh-
olds: 

(1) Project age over 5 years: Ensures complete release cycles 
and potential evolution of maintenance patterns. 

(2) Mainline commits over 3,000: Ensures adequate activity 
for analyzing code integration patterns. 

(3) Contributors Over 300: Indicates a sizable community, 
facilitating the examination of collaboration. 

• The selected projects should be engaged in software devel-
opment, rather than serving as repositories for document 
storage or course teaching. We use Zhou’s method [68] to 
remove non-development repositories. We set up a list of 
keywords, i.e., “homework”, “assignments”, “course”, “learn”, 
“free”, “awesome”, and then search for these words in both 
project names and descriptions. matched project were then 
manually inspected and only development project were re-
tained. 

Among the 261 candidate projects selected with the above crite-
ria, we ultimately sample 8 projects for study. To avoid domain-
specific bias [61], the final sample spans various application do-
mains such as documentation tools, testing frameworks, and service 
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discovery components. Acknowledging the trend of increasing cor-
porate involvement in open source, the sample comprises both 
enterprise-driven and community-driven projects. Following the 
heuristic proposed by Spinellis et al. [49] to identify enterprise-
driven projects, we classify facebook/docusaurus, microsoft/playwr-
ight, alibaba/nacos, and google/googletest as enterprise-driven. 
Conversely, fastapi/fastapi, vuejs/vue, rustdesk/rustdesk, and ohmy-
zsh/ohmyzsh are categorized as community-driven projects. 

We collected data on forks, commits, and all related events for 
each project through the GitHub REST API and GraphQL API. 
We excluded forks with no new commits, as they represent the 
majority of forks, which are often created for backup purposes 
and are irrelevant to the integration effectiveness we discuss [28]. 
This dataset also excludes any data that has been removed from 
GitHub, as it is typically not considered meaningful by project 
managers. Additionally, we excluded any actions performed by bots 
(i.e., automated processes presented as GitHub users who perform 
event-driven actions), as our focus is solely on human activities. 

In total, we collected 12,720 forks and 39,300,748 commits across 
these eight repositories. See the replication package for details 2 . 

4.3 Regression Analysis 
We calculate monthly variables for each project spanning from its 
creation to May 2025. For convergence entropy and each control 
variable, we standardized them to a mean of zero and a standard 
deviation of one. This ensures that all estimated coefficients in the 
model are on the same scale so that we can perform comparative 
analysis. Additionally, we manually remove about 1% of values as 
outliers to ensure the models are robust against outliers [42]. 

To construct our linear models, we employ panel regression 
analysis, a robust econometric technique well-suited for our dataset, 
which is inherently unbalanced panel data. The use of simple OLS 
multivariate linear regression is not appropriate in this context; 
it fails to account for the intrinsic differences across the various 
projects and over the distinct time periods, as noted by Wooldridge 
[64]. 

Moreover, panel regressions provide another benefit, their intrin-
sic ability to handle commercial, social, and technical confounding 
factors without explicit enumeration. For example, project-specific 
factors (e.g., project domain, etc.) are treated as unobserved time 
invariant within the regression models. This is particularly useful 
when facing numerous confounding factors that are challenging to 
list exhaustively in statistical analyses—the selection of a subset for 
inclusion could introduce selective biases. While, the independent 
variables’ effects could be precisely estimated without worrying 
about potential interactions and selective biases with many con-
founding factors when we do not aim for causality[64]. Intuitively, 
each project has its own characteristics, so we use the random ef-
fects model, which assumes that individual project characteristics 
are randomly distributed and uncorrelated with the explanatory 
variables. 

Before fitting the model, we conducted a Skewness Test on the 
control variables. For control variables with skewed distributions, 
we performed a log transformation to stabilize the variance and 
reduce heteroscedasticity [37]. For each dependent variable, we use 

2https://github.com/anonymous2026CHI/2026CHI-replication-package 

Amemiya method to estimate the random effects model parameters, 
which is robust to potential heteroskedasticity and autocorrelation 
in the data. After we finish the model estimation, we perform a 
series of regression diagnostics for examining the time-specific 
effects and empirically justifying the use of random effects models. 
These regression diagnostics include time-fixed effects test, F-test 
(pFtest), Hausman Test (pHtest), and Heteroskedasticity Test, Skew-
ness Test. Given that our sampled projects consist of 4 company 
projects and 4 non-company ones, it is natural to investigate if 
convergence entropy’s impacts on project’s productivity are sen-
sitive to these project characteristics. Therefore, we perform the 
same regression analyses to the two subsamples. The results are 
reported accordingly. All the panel regressions, if not otherwise 
stated, are performed with R’s plm package [10]. We follow the 
ASA’s principles to present and interpret statistical significance 
[63]. 

5 RESULTS 
In this section, we report the results of regression analyses for 
research questions, and all data and code have been made publicly 
available for download. 

Moreover, it’s essential to understand that our regression mod-
els are intended to pinpoint correlation rather than causation. In 
interpreting the findings, we give some conjectures that suggest 
possible causal relationships. This approach is in line with stan-
dard practices in empirical research examining human and social 
behaviors [9, 43]. However, these conjectured causal links should 
be regarded as speculative and not definitive, which require further 
empirical investigation to be substantiated [47]. 

5.1 RQ1: What is the correlation between 
convergence entropy and the number of 
new bugs in OSS projects, and what factors 
could alter this dynamic? 

To answer RQ1, we model the number of new bugs as a function of 
convergence entropy. Our model accounts for a variety of control 
factors, including project age, the number of forks, the number of 
issues, the number of pull requests, the number of files, the number 
of active core developers, and the number of active external contrib-
utors. Additionally, we have included interaction terms between 
convergence entropy and each of the control factors. 

Table 2 presents the regression analyses across three distinct 
samples. Model B1 examine non-company projects, while Models 
B2 focus on company projects, enabling systematic comparison 
between these project types. Model B3 provides the whole-sample 
analysis for overall effect estimation. All models demonstrate strong 
explanatory power, with both 𝑅 2 and adjusted 𝑅 2 indicating substan-
tial variance explanation. The highly significant Wald 𝜒 2 statistics 
confirm the joint significance of all predictors. 

Whole Sample Regression Results. In Model B3, convergence 
entropy (H𝑐𝑜𝑛𝑣 ) shows a significant negative correlation with the 
number of new bugs. This suggests that higher convergence en-
tropy, indicating stronger integration effectiveness from forks, cor-
responds to a significant decrease in the number of new bugs within 
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OSS projects. This finding aligns with the view that effective aggre-
gation of contributions reduces fragmentation and bug propagation. 
[25, 39] 

The interaction effects reveal nuanced dynamics. The negative 
effect of convergence entropy on new bugs strengthens as projects 
mature, but weakens when the number of issues increases. Con-
versely, more pull requests enhance the bug-reducing impact of 
convergence entropy. The presence of more external contributors 
and forks may slightly weaken the beneficial effects in some con-
texts. 

Subsample Regression Results. In Models B1 and B2, the 
negative correlation between convergence entropy and new bugs 
remains robust, with the effect appearing slightly stronger in com-
pany projects. 

For the model’s interaction terms, Figure 2 illustrates the strongest 
interaction effects in Models B1 and B2 to showcase their details. 
Figure 2a illustrates the trends of new bugs with the increasing 
of project age at low, middle, and high levels of convergence en-
tropy in Model B1, respectively. We define the low, middle, and 
high levels of convergence entropy respectively to correspond to 
its values with mean minus one standard deviation (Mean - Std.), 
mean, and mean plus one standard deviation (Mean + Std.) after 
consulting the literature [47]. The transparent parts represent the 
90% confidence intervals. In general, new bugs decrease with the 
increase in project age. And the interaction suggests a higher level 
of convergence entropy is associated with a steeper decrease rate 
of new bugs with project age. With a fixed project age, an increase 
in a project’s convergence entropy is related to a decrease in new 
bugs. This may indicate that non-company projects benefit from 
the integration effectiveness, with the advantages increasing over 
time. A possible explanation for this trend is that the progress of 
non-company projects is more dependent on effectively integrating 
the efforts of external contributors, a process that requires sub-
stantial time to accumulate and cultivate a dedicated contributor 
community [1]. 

Figure 2b illustrates the interaction between convergence en-
tropy and the number of forks on new bugs in Model B2. We observe 
that a decrease in new bugs is correlated to the increase of the num-
ber of forks, especially in the case of low levels of convergence 
entropy. When the number of forks is low, new bugs decrease as 
convergence entropy increases, but when the number of forks is 
high, the opposite occurs. This interaction may suggest that in 
company projects, a high number of forks combined with strong 
convergence entropy could lead to increased complexity in inte-
gration, potentially introducing more bugs due to the structured 
but resource-intensive processes typical in corporate environments, 
where rapid scaling of forks might overwhelm centralized review 
mechanisms [56]. 

Interactions with NumIssues and NumFiles are positive in both 
subsamples, but H𝑐𝑜𝑛𝑣 :NumExternals is positive in non-company 
and negative in company projects, highlighting how company sup-
port might better integrate external contributions. 

In summary, we answer RQ1 as below. 

(1) Convergence entropy is significantly negatively correlated 
with the number of new bugs. 

(2) In non-company projects, the correlation between conver-
gence entropy and new bugs strengthens with project age 
and core teams, but weakens with more issues, files and 
external contributors. 

(3) In company projects, this correlation strengthens with exter-
nal contributors, but weakens with more forks, issues and 
files. 

(a) Interaction between Convergence Entropy and Project Age on 
New Bugs in Non-Company Projects 

(b) Interaction between Convergence Entropy and Number of Forks 
on New Bugs in Company Projects 

Figure 2: Visualization of Strongest Interaction Effects in 
Models B1 and B2 

5.2 RQ2: How is convergence entropy correlated 
with the number of new commits in OSS 
projects, and what factors may affect this 
connection? 

To answer RQ2, we model the number of new commits as a function 
of convergence entropy. Our model accounts for a variety of control 
factors, including project age, the number of forks, the number of 
issues, the number of pull requests, the number of files, the number 
of active core developers, and the number of active external contrib-
utors. Additionally, we have included interaction terms between 
convergence entropy and each of the control factors. 

Table 3 presents the regression analyses across three distinct 
samples. Model C1 examine non-company projects, while Models 
C2 focus on company projects, enabling systematic comparison 
between these project types. Model C3 provides the whole-sample 
analysis for overall effect estimation. All models demonstrate strong 
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Table 2: Regression Models for New Bugs 

Noncompany Sample Company Sample Whole Sample 
Model B1 Model B2 Model B3 

Coeffs Std. Error Coeffs Std. Error Coeffs Std. Error 

(Intercept) 10.936 11.327 60.344* 25.187 26.517* 10.970 
H𝑐𝑜𝑛𝑣 −12.357** 4.175 −14.507** 5.618 −13.220*** 3.264 
Project Age −12.898*** 3.201 37.489*** 5.589 2.545 1.917 
NumForks −6.487** 2.438 −70.600*** 7.707 −4.114 2.182 
NumIssues 8.982*** 1.857 26.180*** 3.228 16.339*** 1.608 
NumPrs 4.856*** 0.995 3.185 1.920 4.377*** 1.020 
NumFiles 20.986*** 2.813 −21.736*** 3.740 −0.262 1.724 
NumCores −2.267* 1.133 −1.588 1.470 −2.275** 0.868 
NumExternals 4.599** 1.399 3.518 3.220 4.095** 1.395 
H𝑐𝑜𝑛𝑣 :Project Age −9.900*** 2.361 −7.856 4.732 −4.285** 1.581 
H𝑐𝑜𝑛𝑣 :NumForks −0.334 0.930 44.705*** 4.186 2.586* 1.116 
H𝑐𝑜𝑛𝑣 :NumIssues 5.197** 1.892 5.044* 2.645 8.334*** 1.440 
H𝑐𝑜𝑛𝑣 :NumPrs −0.403 0.970 −2.719 1.747 −7.839*** 0.910 
H𝑐𝑜𝑛𝑣 :NumFiles 6.868** 2.469 7.650** 2.545 1.067 1.617 
H𝑐𝑜𝑛𝑣 :NumCores −2.076* 1.057 −2.692 1.777 −0.995 0.960 
H𝑐𝑜𝑛𝑣 :NumExternals 5.496*** 1.379 −5.685* 2.413 2.533* 1.165 

𝑅 2 0.742 0.758 0.602 
Adj. 𝑅 2 0.731 0.747 0.594 
Wald 𝜒 2(15) 1073.450*** 1020.390*** 1081.660*** 
***p<0.001, **p<0.01, *p<0.05 

explanatory power, with both 𝑅 2 and adjusted 𝑅 2 indicating sub-
stantial variance explanation. The highly significant Wald 𝜒 2 sta-
tistics confirm the joint significance of all predictors. Notably, the 
Models C2 exhibit superior model performance, suggesting distinct 
underlying mechanisms between project types. 

Whole Sample Regression Results. In Model C3, convergence 
entropy (H𝑐𝑜𝑛𝑣 ) lacks a significant main effect, but interactions 
reveal nuanced dynamics. This suggests that the overall corre-
lation with new commits depends heavily on contextual factors. 
For the model’s interaction terms, H𝑐𝑜𝑛𝑣 :NumForks and H𝑐𝑜𝑛𝑣 :-
NumIssues are positive, suggesting that more forks and issues am-
plify the positive impact of convergence on commits. Similarly, 
H𝑐𝑜𝑛𝑣 :NumPrs is positive, indicating enhanced commit activity 
with pull requests. However, H𝑐𝑜𝑛𝑣 :NumFiles is negative, imply-
ing that larger codebase may hinder convergence-driven commits, 
possibly due to the complexity of code review [38, 56]. 

Subsample Regression Results. The correlation between con-
vergence entropy and new commits differs markedly: positive and 
significant in non-company projects but negative in company projects. 
This suggests that non-company projects may rely on effective in-
tegration of external contributions, while company projects face 
potential overload. 

For the model’s interaction terms, Figure 3 illustrates the strongest 
interaction effects in Models C1 and C2 to showcase their details. 
Figure 3a illustrates the interaction between convergence entropy 
and the number of issues on new commits in Model C1. We ob-
serve that the correlation between the number of issues and new 
commits differs with different levels of convergence entropy. New 

commits decrease with the number of issues when convergence 
entropy is at the median or high level, while they remain basically 
unchanged when convergence entropy is low. This phenomenon 
is opposite in company projects. A possible explanation is that in 
non-company projects, high convergence entropy may lead to over-
load when issues accumulate, diverting efforts from new commits 
to resolution, whereas low convergence allows for stable commit 
activity regardless of issue volume, possibly due to decentralized 
community handling [54]. 

Figure 3b illustrates the interaction between convergence en-
tropy and project age on new commits in Model C2. We observe 
that the correlation between project age and new commits exhibits 
opposite patterns in high and low entropy scenarios. New commits 
decrease with project age when convergence entropy is at the high 
level, while they increase when convergence entropy is low. Inter-
estingly, this phenomenon is opposite in non-company projects. A 
possible explanation is that in company projects, core team often 
gradually establish a well-defined project roadmap and develop-
ment priorities. They aim to adhere to this roadmap, may become 
more selective and tend to reject contributions that are perceived 
as diverging from the project’s core objectives, even if those con-
tributions are valuable in isolation [21]. In contrast, non-company 
project may adopt a more inclusive approach which helps sustain 
contributor motivation and encourages ongoing participation [66]. 

The remaining interactions show varied patterns: H𝑐𝑜𝑛𝑣 :NumPrs 
is positive in both C1 and C2; H𝑐𝑜𝑛𝑣 :NumExternals is positive in 
non-company but negative in company projects; H𝑐𝑜𝑛𝑣 :NumCores 
is negative in non-company but positive in company projects; and 
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H𝑐𝑜𝑛𝑣 :NumFiles is positive in non-company but negative in com-
pany projects. These indicate how contextual factors differentially 
moderate integration effectiveness across project types. 

In summary, we answer RQ2 as below. 
(1) Convergence entropy has a distinct correlation with new 

commits: positive in non-company projects but negative in 
company projects. 

(2) In non-company projects, the positive correlation strength-
ens with project age, pull requests, and external contributors 
but weakens with more issues, files, and core developers. 

(3) In company projects, the negative correlation strengthens 
with project age but weakens with more forks, issues, and 
pull requests. 

(a) Interaction between Convergence Entropy and Number of Issues 
on New Commits in Non-Company Projects 

(b) Interaction between Convergence Entropy and Project Age on 
New Commits in Company Projects 

Figure 3: Visualization of Strongest Interaction Effects in 
Models C1 and C2 

5.3 RQ3: To what extent does convergence 
entropy correlate with issue resolution time 
in OSS projects, and what factors could 
strengthen or weaken this association? 

To answer RQ3, we model the project’s average issue resolution 
time as a function of convergence entropy. Our model accounts for a 
variety of control factors, including project age, the number of forks, 
the number of issues, the number of pull requests, the number of 
files, the number of active core developers, and the number of active 

external contributors. Additionally, we have included interaction 
terms between convergence entropy and each of the control factors. 

Table 4 presents the regression analyses across three distinct 
samples. Model T1 examines non-company projects, while Models 
T2 focus on company projects, enabling systematic comparison 
between these project types. Model T3 provides the whole-sample 
analysis for overall effect estimation. The highly significant Wald 
𝜒 2 statistics confirm the joint significance of all predictors. The 
explanatory power of the regression models is moderate, with R2 
values of 0.265 for T1, 0.183 for T2. These values are acceptable for 
modeling issue resolution time, which depends on many complex 
factors in OSS development. The low R2 in Model T3 likely results 
from heterogeneity between company and non-company projects, 
as evident from the divergent patterns in T1 and T2. Therefore, 
we focus our interpretation on the subsample analyses while still 
reporting the whole-sample results for completeness. 

Subsample Regression Results. The correlation differs: posi-
tive in non-company projects, indicating higher convergence en-
tropy may prolong fix times, but negative in company projects, 
suggesting efficiency gains. 

For the model’s interaction terms, Figure 4 illustrates the strongest 
interaction effects in Models T1 and T2 to showcase their details. 
Figure 4a illustrates the interaction between convergence entropy 
and the number of files on issue resolution time in Model T1. We 
observe that the correlation between the number of files and issue 
resolution time differs with different levels of convergence entropy. 
Issue resolution time decreases with the number of files when con-
vergence entropy is at the median or low level, while it increases 
when convergence entropy is high. A possible explanation is that 
in non-company projects, low to moderate convergence allows 
larger codebases to benefit from distributed community efforts that 
efficiently address issue, but high convergence introduces coordi-
nation overhead in integrating diverse contributions, prolonging 
resolution times as the codebase grows. 

Figure 4b illustrates the interaction between convergence en-
tropy and the number of forks on issue resolution time in Model T2. 
We observe that an increase in issue resolution time is correlated 
with the increase in the number of forks, especially in the case 
of low levels of convergence entropy. Combining with the confi-
dence intervals, when the number of forks is low, the influence of 
convergence entropy on resolution time is minimal, but when the 
number of forks is high, higher convergence entropy is associated 
with shorter resolution times. This interaction may suggest that in 
company projects, a high number of forks can introduce more com-
plexity, leading to increased issue resolution time, but high levels of 
convergence entropy, which indicate stronger aggregation effects, 
can mitigate this by enabling better integration and resource alloca-
tion through corporate oversight, effectively reducing fix times in 
scaled fork environments; this differs from non-company projects, 
where forks may amplify decentralized challenges without such 
structure [55]. 

The remaining interactions show varied patterns: H𝑐𝑜𝑛𝑣 :NumIss-
ues is negative in non-company projects; H𝑐𝑜𝑛𝑣 :NumFiles is pos-
itive in non-company projects but negative in company projects; 
H𝑐𝑜𝑛𝑣 :NumExternals is positive (though non-significant) in non-
company projects but negative in company projects; and H𝑐𝑜𝑛𝑣 :Num-
Cores is positive in company projects. These indicate how factors 
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Table 3: Regression Models for New Commits 

Noncompany Sample Company Sample Whole Sample 
Model C1 Model C2 Model C3 

Coeffs Std. Error Coeffs Std. Error Coeffs Std. Error 

(Intercept) 183.111*** 29.567 72.924*** 6.214 93.087*** 12.621 
H𝑐𝑜𝑛𝑣 198.257*** 38.763 −39.967*** 11.267 13.597 13.097 
Project Age 89.283** 27.941 −2.021 12.303 14.512 7.510 
NumForks 20.978 23.925 −35.193* 16.644 −19.814* 9.810 
NumIssues −59.701*** 15.811 1.860 7.292 0.721 6.084 
NumPrs 104.771*** 8.298 56.971*** 4.403 62.584*** 4.141 
NumFiles −66.317** 25.634 1.111 5.182 −14.846* 6.336 
NumCores −19.650* 8.939 −4.731 3.598 −6.984* 3.464 
NumExternals 24.501* 11.799 4.830 7.903 7.577 5.416 
H𝑐𝑜𝑛𝑣 :Project Age 50.727* 19.941 −42.432*** 8.360 1.032 6.116 
H𝑐𝑜𝑛𝑣 :NumForks −7.201 8.464 23.131* 10.877 14.562** 4.838 
H𝑐𝑜𝑛𝑣 :NumIssues −66.114*** 15.738 16.212** 6.152 16.647** 5.433 
H𝑐𝑜𝑛𝑣 :NumPrs 52.763*** 8.083 8.518* 4.033 12.442*** 3.648 
H𝑐𝑜𝑛𝑣 :NumFiles 12.651 21.214 −6.669 6.017 −21.592*** 6.500 
H𝑐𝑜𝑛𝑣 :NumCores −17.235* 8.666 3.006 4.219 0.610 3.873 
H𝑐𝑜𝑛𝑣 :NumExternals 23.331* 11.751 −12.484* 6.026 −7.954 4.487 

𝑅 2 0.483 0.729 0.432 
Adj. 𝑅 2 0.462 0.717 0.420 
Wald 𝜒 2(15) 338.044*** 835.509*** 531.084*** 
***p<0.001, **p<0.01, *p<0.05 

like forks and issues can enhance efficiency in decentralized set-
tings, while company structures may introduce overhead with core 
teams but better handle externals. 

In summary, we answer RQ3 as below. 

(1) Convergence entropy shows contrasting associations with 
issue resolution time: positive in non-company projects but 
negative in company projects. 

(2) In non-company projects, this association strengthens with 
the number of files but weakens with more forks and issues. 

(3) In company projects, more forks and external contributors 
strengthen the reduction in issue resolution time but weak-
ens with more core members. 

6 DISCUSSION 

6.1 Discussion of the Findings 
The empirical findings from our regression analyses provide valu-
able insights into the role of convergence entropy in OSS project 
dynamics, highlighting its correlations with key productivity met-
rics such as new bugs, new commits, and issue resolution time. 
By distinguishing between non-company and company-backed 
projects, our results underscore the contextual nuances that shape 
these relationships. Below, we discuss the implications of each RQ. 
Note that, in interpreting the findings, we give some conjectures 
that suggest possible causal relationships. This approach is in line 
with standard practices in empirical research examining human and 
social behaviors [9, 43]. However, these conjectured causal links 

should be regarded as speculative and not definitive, which require 
further empirical investigation to be substantiated [47]. 

For RQ1, our results indicate that a stronger integration effective-
ness is associated with fewer new bugs. This relationship may be 
explained by enhanced code unification and improved collaboration 
efficiency, as increased convergence reduces fragmentation risks. 
Timely integration of contributions from forks allows the main-
line to benefit from diverse external contribution while minimizing 
the potential for bug propagation [25, 39] or inefficient collabo-
ration [20, 68] that often result from fork practice. For instance, 
when innovations or fixes from forks are efficiently integrated, typ-
ically through rigorous review and testing, they can preemptively 
address potential defects, contributing to a more stable and consis-
tent codebase. This process creates a positive feedback loop that 
transforms distributed development efforts into collective quality 
improvements, rather than isolated changes that introduce instabil-
ity. In non-company projects, the strengthening of this correlation 
with project age and core team size might suggest that mature, 
community-driven ecosystems develop more effective mechanisms 
for filtering and integrating converged contributions, thereby re-
ducing bug-inducing divergences [1]. Conversely, the weakening 
effects associated with more issues, files, and external contributors 
may reflect coordination challenges in decentralized environments, 
where a high volume of external contributions under strong con-
vergence could lead to integration errors without effective man-
agement. In company projects, the distinct dynamics, such as the 
weakened association with forks, point to possible scalability limits. 
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Table 4: Regression Models for Resolution Average Time 

Noncompany Sample Company Sample Whole Sample 
Model T1 Model T2 Model T3 

Coeffs Std. Error Coeffs Std. Error Coeffs Std. Error 

(Intercept) 91.359*** 11.409 38.933*** 11.054 56.217*** 7.224 
H𝑐𝑜𝑛𝑣 86.725*** 19.333 −30.049** 11.175 −18.141 14.278 
Project Age 59.077*** 13.809 −78.358*** 18.425 −4.207 9.572 
NumForks 27.152 17.584 114.638*** 28.193 −1.183 11.301 
NumIssues −60.967*** 13.389 −23.370 12.599 −25.618*** 7.442 
NumPrs 8.851** 2.840 27.739*** 5.721 11.070 6.186 
NumFiles −35.781** 12.219 5.875 5.890 4.505 6.082 
NumCores 16.871*** 4.762 −10.029 7.621 12.879 6.914 
NumExternals 38.586*** 10.320 18.026*** 1.529 15.526* 7.002 
H𝑐𝑜𝑛𝑣 :Project Age 12.815 11.620 2.642 9.822 −5.926 7.186 
H𝑐𝑜𝑛𝑣 :NumForks −14.724* 6.537 −43.547* 19.002 6.315 8.686 
H𝑐𝑜𝑛𝑣 :NumIssues −51.561*** 10.294 3.563 2.812 −5.956 4.220 
H𝑐𝑜𝑛𝑣 :NumPrs 6.372 4.902 −0.379 4.936 4.793 2.618 
H𝑐𝑜𝑛𝑣 :NumFiles 53.889*** 5.652 −7.458 6.886 −9.708 9.900 
H𝑐𝑜𝑛𝑣 :NumCores −6.371 8.726 8.962* 3.969 0.677 6.296 
H𝑐𝑜𝑛𝑣 :NumExternals 11.369 7.126 −10.779*** 1.987 0.443 3.416 

𝑅 2 0.265 0.183 0.077 
Adj. 𝑅 2 0.235 0.145 0.058 
Wald 𝜒 2(15) 131.048*** 72.386*** 61.934*** 
***p<0.001, **p<0.01, *p<0.05 

For example, a large number of forks combined with strong con-
vergence may overburden centralized review processes, resulting 
in rushed integrations and ultimately more bugs [9]. 

For RQ2, the findings reveal a divergent correlation between con-
vergence entropy and the number of new commits across project 
types, positive in non-company projects but negative in company 
ones. This might suggest that in decentralized, community-driven 
settings, stronger convergence may facilitate greater commit by 
effectively integrate distributed contributions into mainline, po-
tentially fostering a virtuous cycle of innovation and participation. 
This is consistent with previous research, high convergence could 
streamline the incorporation of fork-derived changes, encouraging 
more frequent commits as contributors see their work integrated 
swiftly, thereby sustaining motivation and accelerating develop-
ment velocity [3, 53]. The strengthening of this positive association 
with project age, pull requests, and external contributors in non-
company projects may indicate that over time, these ecosystems 
cultivate robust collaborative norms and tools that amplify the ben-
efits of convergence, transforming a growing pool of external inputs 
and structured pull requests into heightened commit output [1]. 
However, the weakening effects from increased issues, files could 
stem from resource dilution; for instance, a larger codebase or issue 
backlog under strong convergence might overload volunteer-based 
core teams, shifting focus from new commits to maintenance and 
integration tasks, leading to inefficiencies in handling complexity 
[54, 62]. In contrast, the negative correlation in company projects, 
which intensifies with project age, might reflect bureaucratic hur-
dles or selective integration practices that prioritize quality over 

quantity [21], where high convergence in mature projects could re-
sult in more rigorous vetting processes that inadvertently suppress 
commit volume to maintain alignment with corporate roadmaps. 
The weakening of this negative effect with more forks, issues, and 
pull requests may imply that in scaled corporate environments, 
these factors introduce sufficient external pressure or diversity to 
counterbalance convergence-driven selectivity, prompting more 
commits to address emerging needs despite structured oversight. 

For RQ3, our analysis reveals contrasting correlations between 
convergence entropy and average issue resolution time: positive in 
non-company projects (prolonging resolution) and negative in com-
pany projects (accelerating it). This divergence likely stems from 
organizational differences. In non-company projects, which often 
rely on decentralized, volunteer-driven structures, high conver-
gence may create coordination bottlenecks, as integrating diverse 
fork contributions demands extensive community consensus and 
ad-hoc efforts, leading to delays [55]. In company projects, charac-
terized by centralized governance and dedicated resources [60], the 
negative correlation might highlight efficiency gains, as structured 
organizational processes facilitate rapid incorporation of converged 
fork innovations into fixes. The visibility and attention that come 
with more forks, issues and external contributors mean that bugs 
are more likely to be spotted and addressed promptly [46]. This may 
be attributed to the wide array of ideas and skills that contributors 
bring to the table, enhancing the detection and addressing of bugs 
[2]. 

Across RQs, a key theme emerges: convergence entropy is gen-
erally associated with fewer bugs; however, its relationships with 
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(a) Interaction between Convergence Entropy and Number of Files 
on Issue Resolution Time in Non-Company Projects 

(b) Interaction between Convergence Entropy and Number of Forks 
on Issue Resolution Time in Company Projects 

Figure 4: Visualization of Strongest Interaction Effects in 
Models T1 and T2 

commit activity and issue resolution time vary by project type. 
Non-company projects show positive correlations with quality and 
output metrics but tend to exhibit negative correlations with effi-
ciency measures, while company projects demonstrate positive as-
sociations with both quality and efficiency, though sometimes with 
a negative correlation to commit volume. This interplay suggests 
that convergence entropy captures not just technical aggregation 
but also socio-organizational dynamics, extending theories on OSS 
sustainability [35]. Future research could explore causal pathways, 
such as through longitudinal studies or interventions, to validate 
these observed correlations. 

6.2 Recommendations 
The observations and analyses derived from our study provoke 
a number of actionable recommendations for practitioners and 
maintainers of open-source software (OSS) projects. Accordingly, 
we provide a set of guidelines which aims to unlock the potential 
of fork convergence, thereby enhancing the sustainability of OSS 
projects. 

• Enhancing Governance in Non-Company Projects: Our 
finding highlight that high convergence entropy may pro-
long issue resolution in non-company projects due to coor-
dination challenges in decentralized structures. To address 
this, maintainers should prioritize lightweight governance 

tools, such as modular review workflows or automated test-
ing pipelines, to streamline fork integration without im-
posing heavy hierarchies. This approach can reduce delays 
while leveraging the bug-reduction benefits that strengthen 
with project age, fostering a more efficient volunteer-driven 
ecosystem. 

• Streamlining Resources in Company Projects: In com-
pany projects, convergence entropy is negatively correlated 
with commit volume, potentially due to selective integration 
practices that prioritize internal roadmaps over external con-
tributions, leading to a more exclusive development process. 
To counteract this, leaders should consider decentralizing 
certain governance aspects, such as empowering external 
contributors through delegated decision-making rights or 
open review committees, to encourage broader integration 
of fork innovations. This can mitigate commit suppression, 
amplify efficiency gains in issue resolution, particularly with 
increasing forks and contributors, while addressing scalabil-
ity challenges in larger teams and fostering a more inclusive 
alignment with corporate goals. 

• Promoting Convergence Across Project Types: The con-
sistent negative correlation between convergence entropy 
and new bugs underscores the value of unified contribu-
tions for quality improvement. Practitioners should foster 
convergence through incentives, such as contributor recogni-
tion programs or automated fork-syncing bots, to encourage 
timely integrations. This not only lowers bug introductions 
but also enhances the moderating effects of pull requests 
and external inputs, supporting long-term sustainability in 
both decentralized and centralized environments. 

• Auditing Complexity in Mature Projects: As projects 
age, factors like codebase size and issue backlogs can weaken 
convergence benefits, varying by project type. Maintainers 
should conduct periodic audits, refactoring large codebase 
into modules or using community voting for issue triage, 
to counteract these effects. This helps sustain positive dy-
namics, such as increased commits in non-company projects 
or faster resolutions in company ones, preventing overload 
from accumulated complexity. 

6.3 Implications 
Previous studies have explored various aspects of fork practices, 
such as commit distribution characteristics within forks [7] and 
techniques for automatically generating overviews of active forks 
[67]. By integrating these efforts with our work, we can develop a 
more comprehensive understanding of fork dynamics in OSS ecosys-
tems. Specifically, by capturing integration effectiveness through 
convergence entropy, we can finely observe the divergence or con-
vergence of collective intelligence in fork practices, thereby en-
abling deeper exploration of project sustainability. 

Further research into the temporal patterns of convergence en-
tropy could significantly advance OSS development. Employing 
pattern mining and time series analysis techniques would enable 
the extraction of evolutionary trends and future projections for 
convergence entropy, while identifying key factors and events that 
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drive its fluctuations. Analyzing these influences on project sustain-
ability and vitality would, in turn, inform the creation of monitoring 
tools and best-practice guidelines to foster efficient collaboration 
throughout OSS development and maintenance. 

Beyond its analytical contribution, the Convergence Entropy 
metric holds significant potential from a Human-Computer Inter-
action (HCI) perspective, particularly in enhancing transparency, 
coordination, and trust in distributed software work—themes well-
established in prior research [11, 14, 24]. By providing a succinct, 
temporal indicator of integration health, it can serve as a key ele-
ment in project dashboards. This offers contributors an at-a-glance 
understanding of whether contributions from the broader fork 
ecosystem are being absorbed effectively, thereby alleviating, to 
some degree, the inherent transparency challenges in distributed 
software development. This newfound transparency enables proac-
tive coordination. A sustained low Convergence Entropy is not 
merely a number; it is a diagnostic signal of underlying coordina-
tion failures, such as duplicated efforts [34], bureaucratic hurdles 
[21], or emerging community drift [68]. For maintainers, this shifts 
their role from reactive integration managers to proactive ecosys-
tem stewards. They can initiate targeted interventions, such as 
reaching out to isolated but active forks or adjusting contribution 
guidelines to better channel community efforts. For contributors, 
visibility into a project’s historical and current convergence trends 
can inform their decision to invest effort, fostering trust by signaling 
a fair and efficient integration process. For platforms, integrating 
such a metric could enable novel features—for instance, triggering 
alerts when convergence entropy drops significantly, which may 
suggest potential bottlenecks or community drift. Thus, by bridging 
measurement with actionable insight, our work aims not only to 
advance empirical understanding but also to provide a practical 
tool for improving the quality and sustainability of open-source 
collaboration. 

Importantly, the notion of contribution distribution and conver-
gence, applied here to fork activities, lends itself to broader collabo-
rative contexts where workflows involve distributed contributions 
and centralized integration, all quantifiable via convergence metrics. 
For example, in distributed teams or version control systems outside 
OSS, convergence entropy could illuminate integration efficiency 
and reveal bottlenecks in crowd collaboration. 

6.4 Threats to Validity 
Construct validity. This study introduces convergence entropy 
as a metric to quantify the extent to which distributed original 
commits across forks are effectively integrated back into the main 
repository. Jensen-Shannon Divergence (JSD) is a well-established 
indicator, widely applied across various fields to measure the dis-
tance between two distributions [19, 31]. In convergence entropy, 
we employ JSD to assess the distance between the distributions 
of original commits and merged commits, further adjusted by an 
efficiency factor. Consequently, we are confident that this approach 
poses no significant threat to construct validity. 

Internal validity. We implemented several safeguards to en-
sure that our data collection process mitigated most of the common 
pitfalls outlined in [6, 29]. All analyzed projects were substantial 
in scale, featuring mature governance structures and established 

practices that leverage forks and commits for contribution manage-
ment. We relied on objective activity records sourced from GitHub, 
which facilitated an unbiased analytical process. Established and 
widely recognized techniques were utilized throughout, with the 
adoption of random effects models in panel regressions justified 
through empirical validation. In this study, we investigated the 
correlation between convergence entropy and OSS project produc-
tivity, adhering to the guidelines in [15] by using new bugs, new 
commits, and issue resolution time as metrics to encompass di-
verse aspects of project productivity. A potential threat is that the 
capture of the efficiency and flow dimension by issue resolution 
time may be influenced by issue complexity. However, we believe 
it is an appropriate indicator of efficiency and flow, as it directly 
reflects the ability to make progress with minimal interruptions 
or delays—a core component of this dimension. This operational-
ization is also consistent with prior literature, which explicitly 
recommends time-based measures as proxies for efficiency and 
flow. Furthermore, many empirical studies have adopted metrics 
such as issue resolution time or bug fixing time as indicators of 
efficiency[40, 41]. From an experimental design perspective, our 
dataset is sufficiently large and temporally granular. We calculate 
the monthly average issue resolution time for each project, which 
helps smooth individual-level variations in complexity. As a result, 
issue complexity functions more like statistical noise than system-
atic bias, since its variance is averaged out under large numbers in 
our longitudinal analysis. Additionally, our panel regression model 
implicitly absorbs time-invariant project characteristics that may 
influence inherent issue complexity, such as project domain or gov-
ernance structure.Importantly, issue complexity tends to naturally 
increase as projects evolve. This time-varying component is al-
ready controlled for via our project age variable. After accounting 
for project age, the key variables in our model remain significant, 
demonstrating the robustness of our findings even under potential 
complexity-related confounding.Nonetheless, we acknowledge that 
our model cannot fully eliminate all effects of issue complexity. 

External validity. Regarding external validity, we believe the 
design of convergence entropy introduces no major concerns. Al-
though our study centers on fork activities, it represents a gen-
eralizable model for quantifying convergence in distributed col-
laboration scenarios. This stems from the fact that our definition 
and computation make no assumptions about workflows beyond 
distributed contributions and centralized integration. However, we 
acknowledge that the empirical findings may not generalize to all 
OSS projects. A key limitation is that our dataset comprises only 
eight large-scale projects, selected to ensure sufficient traceable 
records of fork practices. We advise caution when extrapolating 
these results to small-scale or inactive OSS projects. Expanding the 
study to include a broader range of projects is planned for future 
work. 

7 Conclusion 
In the realm of open-source software (OSS) development, forking 
serves as a cornerstone mechanism that promotes innovation and 
collaboration through independent repository copies, yet it often in-
troduces challenges such as inefficiencies and fragmentation. While 
the importance of integrating fork contributions is acknowledged, 



CHI ’26, April 13–17, 2026, Barcelona, Spain Yang Shen et al. 

the integration effectiveness remains underexplored, with its impli-
cations for project productivity unclear. 

In this work, we introduce convergence entropy, a novel metric 
grounded in information theory that quantifies this integration 
effectiveness by assessing the similarity between distributions of 
original and merged commits across forks. We apply convergence 
entropy to evaluate the convergence dynamics in fork practices 
and investigate its associations with key productivity proxies: new 
bugs, new commits, and issue resolution time. Our findings reveal 
a consistent negative correlation with new bugs, indicating quality 
enhancements; divergent correlations with new commits (positive 
in non-company projects, boosting output, but negative in com-
pany projects, potentially suppressing volume); and contrasting 
links with issue resolution time (positive in non-company projects, 
extending durations, but negative in company projects, accelerat-
ing them). Additionally, we identify significant interactions with 
factors such as project age, number of forks, and codebase size, 
which modulate these relationships based on project type. 

In light of these insights, we discuss the underlying mechanisms, 
propose practical recommendations to harness convergence ben-
efits, and explore broader implications for OSS ecosystem health 
and collaborative workflows. Furthermore, we reflect on the po-
tential of convergence entropy to inform future research and tools, 
offering fresh perspectives on the sustainability and vitality of OSS 
projects. Future work will expand our analysis to a wider array of 
projects, including smaller-scale ones, and delve into causal investi-
gations through longitudinal studies or experimental interventions 
to further validate and refine these conjectures. 
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