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Abstract 

Open-source software (OSS) underpins a substantial portion of modern software infrastructure. 

Despite its importance, comparative empirical analyses that jointly examine development velocity, 

popularity–maintenance relationships, and cross-domain differences remain limited. This paper 

presents a data-driven comparative study of 28 high-impact open-source repositories spanning web 

frameworks, machine learning systems, infrastructure tooling, and programming language runtimes. 

Drawing on repository metadata, 7,082 issues, and 248,320 pull requests, we quantify issue 

resolution times, pull-request merge latency, and efficiency metrics. Our principal findings are 

fourfold. First, the median pull-request merge time (0.57 days) is substantially lower than the median 

issue resolution time (15.09 days)—approximately a twenty-six-fold difference. Second, project 

category exerts a statistically significant effect on both metrics (Kruskal–Wallis H = 130.81, p < 10⁻²⁶ 

for issues; H = 6547.39, p ≈ 0 for pull requests (PRs)). Third, the correlation between stars and open 

issues is weak (Spearman ρ = 0.172, p = 0.38), indicating that popularity does not automatically 

translate into higher maintenance burden. Fourth, efficiency—measured as stars per open issue—

varies by more than two orders of magnitude, with Flask emerging as an outlier of exceptional 

maintenance hygiene (6,747 stars per open issue). These results provide empirical benchmarks for 

maintainers and contributors and highlight the role of domain-specific governance cultures in 

shaping development dynamics. 

 

Keywords: Open-source software, empirical software engineering, pull requests, issue resolution, 

development velocity, comparative analysis 

 

 

INTRODUCTION 

Open-source software (OSS) has transitioned from a niche collaborative practice to the dominant 

mode of constructing critical software systems. Projects such as the Linux kernel, React, TensorFlow, 

and Kubernetes form foundational layers of contemporary computing. Foundational empirical work 

established early quantitative baselines for participation, productivity, and defect density in large 

open-source projects such as Apache and Mozilla [1]. Understanding how these projects manage 

contributions, resolve issues, and sustain community health is therefore of both practical and scientific 

interest. 

 

A substantial body of research has examined 

individual facets of OSS development, such as 

pull-request acceptance [2, 3], latency [4, 5], 

social signals in evaluation [3, 6], and issue 

lifetime [7, 8]. However, comparatively few 

studies offer a multi-dimensional, cross-category 

comparison that simultaneously analyzes issue 

resolution, pull-request throughput, popularity 

metrics, and community scale within a single 

coherent framework. 
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This study addresses this gap. We analyzed 28 carefully selected repositories that represent major 
domains of modern software development. Our research questions are: 

• RQ1. How do issue resolution times and pull-request merge times vary across project 
categories and sizes? 

• RQ2. What is the relationship between project popularity (stars, forks) and maintenance burden 
(open issues, contributor load)? 

• RQ3. Which projects exhibit high efficiency in handling contributions relative to their 
popularity? 

• RQ4. What distinctive development patterns emerge when comparing web frameworks, 
machine learning systems, infrastructure tools, and language runtimes? 

 
The remainder of this paper is organized as follows. The next section reviews related work, 

followed by a description of the dataset and methodology. The subsequent section presents the results, 
while the following section discusses the implications and threats to validity. The paper concludes 
with a summary of the findings. 

 

Related Work 

The pull-based development model has been extensively characterized. Gousios et al. [2] provided 
an early large-scale exploration of pull-request usage on GitHub, reporting high merge rates and rapid 
turnaround for the majority of contributions. Rahman and Roy [9] complemented this large-scale view 
with a comparative study of successful and unsuccessful pull requests, identifying discussion text and 
contributor experience as differentiators of outcome. Subsequent work examined the integrator’s and 
contributor’s perspectives [10, 11], revealing tensions around prioritization, quality assurance, and 
responsiveness. At the level of a single organization, Kononenko et al. [12] examined pull-request 
merge practices at Shopify’s Active Merchant project, illustrating how local process choices shape 
review outcomes. 
 

Social and technical factors jointly influence contribution outcomes. Tsay et al. [3, 6] showed that 

evaluators attend both to technical signals (e.g., test presence, commit style) and social signals (e.g., 

prior interaction, network strength). Dabbish et al. [13] similarly highlighted how the transparency 

and visibility of collaborator activity on GitHub shapes coordination. Demographic composition 

further conditions these dynamics: Vasilescu et al. [14] found gender and tenure diversity to be 

positively associated with team productivity, whereas Terrell et al. [15] documented systematic 

differences in pull-request acceptance rates between women and men. Latency has received particular 

attention: Zhang et al. [4, 5] synthesized factors affecting pull-request latency across multiple 

contexts, Kudrjavets et al. [16] linked smaller code changes to faster merge times across multiple 

languages, and Soares et al. [17] modelled the factors influencing overall pull-request lifetime, while 

Hasan et al. [18] focused on time-to-first-response and the growing role of bots. 

 

Issue resolution dynamics have been studied through lifetime modelling [8] and analyses of 

labelling and assignment practices [7]. Parallel streams of research have investigated continuous 

integration, code review, and newcomer barriers [19–23]. 

 

Despite this rich literature, most studies either examine a single project, a broad unstratified GitHub 

sample, or a narrow slice of the contribution lifecycle. Our work contributes a focused, multi-category 

comparative analysis that jointly considers issue and pull-request metrics alongside popularity and 

community indicators. 

 

METHODOLOGY AND DATASET 

Data Collection 

Following established practice for pull-based development datasets [24], we assembled a dataset 

comprising three components for 28 open-source repositories and adhered to recommended 

precautions for GitHub-derived data throughout collection and cleaning [25]. 
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Repositories were selected to cover major domains: web frameworks (React, Django, Flask, 

Streamlit), machine learning (TensorFlow, Keras, NumPy, MiniCPM-V), infrastructure (Kubernetes, 

Terraform, Ansible, Airflow, Elasticsearch, Grafana, Kafka, Dagster, HTTPd), runtimes/languages 

(Node.js, Swift, Linux, Git), and tooling (Playwright, Webpack, Babel, npm CLI), together with 

ERPNext, Guava, and Hackingtool. Size categories were assigned as large (5 projects), medium (21 

projects), and small (2 projects) based on the overall scale and community size (Table 1). 

 

Metrics and Analysis 

Issue resolution time is defined as the interval (in days) between issue creation and closure; open 

issues are excluded from median calculations. Pull-request merge time is the interval between creation 

and successful merge. Efficiency is operationalized as stars per open issue. Community indicators 

include total contributors and open versus closed ratios. We report medians as primary measures of 

central tendency because both distributions are heavily right-skewed. 

 

Category differences were assessed using the Kruskal–Wallis test. Associations between popularity 

and maintenance indicators were examined using Spearman’s rank correlation. All analyses were 

performed using Python (pandas, NumPy, SciPy). Closed issues were used for issue resolution 

statistics, and merged pull requests were used for merge time statistics. This design avoids treating 

currently open records as completed events. 

 

RESULTS 

Overall Development Velocity 

Across the corpus, pull requests are processed markedly faster than issues. The median merge time 

is 0.57 days, whereas the median issue resolution time is 15.09 days, approximately a twenty-six-fold 

difference. Mean values are substantially higher (7.16 days for merges; 233.51 days for issues), 

confirming the presence of long-tailed distributions. The large gap between the median and mean 

values indicates strongly right-skewed lifetime distributions, with a minority of issues and pull 

requests remaining open or under review for extended periods (Table 2). 

 

Variation by Category 

Project category has a statistically significant effect on both issue resolution time (Kruskal–Wallis 

H = 130.81, p < 10⁻²⁶) and pull-request merge time (H = 6547.39, p ≈ 0) (Table 3 and Figure 1). 

 

Table 1. Dataset summary. 

Component N Primary fields 

Repository metadata 28 Stars, forks, open issues, contributors, size category 

Issues 7,082 State, creation/closure timestamps, resolution time 

Pull requests 248,320 State, creation/merge timestamps, merge time 

 

Table 2. Aggregate velocity statistics. 

Metric Value 

Total issues 7,082 

Closed issues 3,872 (54.7%) 

Median issue resolution time 15.09 days 

Mean issue resolution time 233.51 days 

Total pull requests 248,320 

Merged PRs 183,836 (74.0%) 

Median PR merge TIME 0.57 days 

Mean PR merge Time 7.16 days 
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Testing and tooling projects exhibited the fastest issue resolution (median 5.26 days), followed by 

enterprise software (8.71 days). Web frameworks and libraries showed substantially longer medians. 

For pull requests, libraries and tooling again led, while runtime and language projects (notably Linux 

and Git) displayed longer merge times consistent with rigorous review cultures required for core 

system software (Figure 2 and Table 4). 

 

Popularity and Maintenance Burden 

A common assumption is that higher popularity entails a heavier maintenance load. Our data 

provide only weak support for this claim. The Spearman correlation between stars and open issues is ρ 

= 0.172 (p = 0.38), indicating a weak and non-significant relationship. In contrast, stars and forks are 

strongly associated (ρ = 0.817, p < 0.001) (Figure 3). 

 

Table 3. Median issue resolution time by category. 

Category Median (days) 

Testing/tooling 5.26 

Enterprise 8.71 

Runtime/language 19.08 

Infrastructure 25.57 

Machine learning 26.58 

Web framework 67.27 

Library 252.11 

 

Table 4. Median PR merge time by category. 

Category Median merge time 

(days) 

Library 0.017 

Testing/Tooling 0.124 

Enterprise 0.234 

Infrastructure 0.621 

Web Framework 0.636 

Machine Learning 0.917 

Runtime/Language 2.003 

 

 
Figure 1. Median issue resolution time (days) by project category. 
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Figure 2. Median pull-request merge time (days) by project category. 

 

 
Figure 3. Relationship between stars and open issues (logarithmic x-axis). 

 

This finding challenges the common assumption that popular projects inevitably accumulate large 

backlogs of unresolved issues. Project governance, community norms, and tooling appear to play a 

larger role than raw popularity. 

 

Efficiency Rankings 

We define efficiency as the ratio of stars to open issues. Higher values indicate that a project 

maintains a relatively clean issue tracker relative to its popularity. Flask achieves an exceptional score 

of approximately 6,747 stars per open issue, far exceeding other projects. Linux, Django, and React 

also rank highly, while several infrastructure and machine learning projects exhibit lower ratios  

(Table 5). 
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Table 5. Top projects by stars per open issue efficiency. 

Project Stars Open issues Stars/issue 

Flask 67,474 10 6,747 

Hacking tool 48,056 73 658 

Linux 177,813 383 464 

Django 79,035 241 328 

React 226,971 829 274 

 

 
Figure 4. Top projects ranked by stars per open issue. 
 

Flask stands out dramatically. Despite nearly 68,000 stars, it maintains only ten open issues at the 
time of data collection, yielding an efficiency score more than an order of magnitude higher than most 
other projects (Figure 4). 
 

Project Level Extremes 
At the individual project level, the fastest median issue resolution times were observed for Flask 

(0.06 days), Babel (0.67 days), and MiniCPM-V (3.33 days). The slowest were Guava (252 days), 
TensorFlow (231 days), and Grafana (110 days). 
 

For pull requests, Guava, Playwright, and Elasticsearch showed median merge times under 0.15 
days, while Linux (261 days) and Git (24 days) exhibited the longest median merge times—reflecting 
the deliberate, high-assurance review cultures of these foundational projects. 
 

DISCUSSION 
Principal Observations 

Several important trends emerge from the analysis: 

• Speed asymmetry. Pull requests are merged far more quickly than issues are resolved. This 
suggests that code contributions receive higher priority or benefit from clearer acceptance 
criteria compared with general issue discussions. 

• Category matters. Domain and project types strongly influence development speed. Tooling 
and library projects often exhibit faster cycles than complex infrastructure or language projects. 

• Popularity ≠ burden. The weak correlation between stars and open issues challenges the 
assumption that popular projects necessarily suffer from an overwhelming maintenance load. 
Effective governance and community processes appear to be more decisive. 

• Governance signal. Extremely long median merge times in projects such as Linux and Git 
reflect deliberate, high-assurance review processes rather than inefficiency. 
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Implications 

These findings have practical implications. New contributors may prefer projects with faster 

feedback cycles (e.g., many tooling projects). Maintainers can benchmark their own resolution and 

merge times against category peers. Researchers gain a clearer picture of the diversity of development 

cultures across the open-source landscape. For contributors, projects in the tooling and library 

categories currently offer the shortest feedback cycles. For maintainers, the efficiency metric and 

category benchmarks supply reference points against which internal processes can be compared. For 

researchers, the results underscore the value of stratified, multi-metric designs over single project or 

unstratified analyses. 

 

Threats to Validity 

Several limitations should be noted. First, the analysis covers 28 repositories and therefore should 

not be interpreted as representative of the entire OSS ecosystem; the sample, while diverse, is not a 

random sample of GitHub and over-represents high-visibility projects. Second, repository categories 

are broad and may contain substantial within-category variation. Third, the analysis relies on issue 

and pull-request metadata and does not directly model code review discussion quality, issue-topic 

semantics, contributor retention, or governance practices. Issue and pull-request data reflect only the 

GitHub interface; off-platform discussion and mergers are not captured. Resolution and merge times 

are sensitive to project-specific conventions (e.g., prolonged “on hold” states). Fourth, repository 

popularity indicators such as stars and forks are observational measures and should not be interpreted 

as causal drivers of maintenance behavior. Finally, the cross-sectional nature of the snapshot 

precludes strong causal claims about longitudinal trends; repository activity changes over time, and 

the reported values represent a snapshot rather than permanent project characteristics. 

 

Data Availability 

The dataset used in this study, including repository metadata, issue records, and pull-request 

records for the 28 selected open-source projects, along with the analysis scripts (Python) used to 

compute resolution times, merge times, and statistical tests, is publicly available at: 

https://github.com/pmpatel-cpu/Open-Source-Software-Development-Trends. All underlying data 

were collected from publicly accessible GitHub repositories in accordance with GitHub’s terms of 

service and established mining guidelines [25]. 

 

CONCLUSION AND FUTURE WORK 

This study presents a comparative, data-driven analysis of development trends across 28 prominent 

open-source repositories. By jointly examining issue resolution, pull-request latency, popularity, and 

efficiency, we have shown that development velocity varies systematically by category, that 

popularity is only weakly coupled to open-issue burden, and that certain projects achieve markedly 

higher maintenance efficiency than their peers. The results indicate that project category is strongly 

associated with issue resolution and pull-request merge times, while repository popularity alone does 

not provide a sufficient explanation for maintenance burden. 

 

Future work should incorporate longitudinal data across multiple years to examine how 

development and maintenance patterns evolve overtime. Additional community-level variables, 

including code review comment volume, contributor retention, and contributor activity, can be 

incorporated to provide a more comprehensive understanding of project health. The study can also be 

extended to a larger and more balanced set of repositories across additional software categories. 

 

Finally, qualitative and text-based analysis of issue and pull-request titles, descriptions, and 

discussions could be used to identify recurring themes and development trends that are not captured 

by quantitative repository metrics alone. 
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