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ABSTRACT

Continuous Integration (CI) tools like GitHub Actions were origi-
nally designed to streamline development workflows in traditional
software systems by automating tasks such as building and test-
ing, which has proven beneficial in improving review efficiency.
However, ML projects present additional complexities—such as
non-determinism, challenging testing processes, and longer build
durations—that may limit the effectiveness of CI in supporting
efficient reviews. Given these unique challenges, it is essential to
reassess how CI tools impact the review process withinML contexts.
This study empirically investigates the impact of GitHub Actions
on PR review dynamics across 55 GitHub-based ML projects, focus-
ing on metrics such as time to close a PR (i.e., PR latency), PR churn,
comments, and PR submission frequency. Using a Regression Dis-
continuity Design (RDD), we analyze PR data from 12months before
and after the adoption of GitHub Actions. Our results show that
GitHub Actions does not significantly reduce PR review times
in ML projects, with factors such as PR churn and backlog size
playing a larger role in influencing review efficiency. Addition-
ally, rejected PRs were characterized by higher churn and more
extensive discussions. These findings suggest that, while CI tools
automate repetitive tasks and reduce manual workload, they may
not fully address the unique demands of ML project reviews. We
provide practical recommendations to enhance review efficiency in
ML workflows, including strategies for incremental PR submissions
and optimized backlog management.
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1 Introduction

Machine Learning (ML) projects are software projects that incor-
porate ML components to enable more intelligent functionalities.
These projects typically fall into two broad categories: (i) ML tools,
such as libraries and frameworks that offer reusable ML capabili-
ties (e.g., scikit-learn); and (ii) ML-enabled applications, which
integrate ML models to support domain-specific tasks (e.g., image
recognition or recommendation systems). In this study, we adopt a
broad definition of ML projects that includes both categories.

Developing ML projects requires the combined effort of math-
ematical modeling and software engineering [28]. Beyond imple-
menting functionality, ML developers must manage data dependen-
cies, evaluate model performance, and handle non-deterministic
behaviors [27]. These complexities make ML projects inherently
more difficult to manage than traditional software systems and may
introduce additional difficulties in collaborative workflows such as
code review.

Open-source software (OSS) development often follows a pull-
based model, where contributors propose changes via pull requests
(PRs), and integrators review them before merging [9, 13]. This
model fosters collaboration but also introduces overhead—especially
in ML projects, where PR reviews must consider not only code
correctness but also data, configuration, and model performance
implications [1, 8, 17, 29]. The probabilistic behavior of ML mod-
els further complicates validation and reproducibility during re-
view [1].

To reduce manual effort and streamline review workflows, OSS
projects often adopt CI tools that automate tasks such as building,
testing, and deploying code. GitHub Actions, a GitHub’s native CI
solution, integrates these tasks into the pull-based workflow [31].
In traditional software projects, CI has been shown to improve code
quality and reduce PR review delays [2, 3, 10, 11, 14, 22, 23, 26, 31,
33]. However, it remains unclear whether these benefits translate
to ML projects, where review complexity often stems from factors
not easily addressed by conventional CI workflows.

This study aims to empirically assess the impact of GitHub
Actions on PR review efficiency in ML projects. We analyze data
from 55 open-source ML projects on GitHub to evaluate changes
in PR latency (i.e., time to close a PR) before and after the adoption
of this CI service. Additionally, we examine the characteristics of
merged and rejected PRs to identify factors that influence review
outcomes. By doing so, we contribute empirical evidence on how
CI services may affect the development dynamics of ML teams and
offer insights into the limitations of current automation practices.

Our investigation is guided by the following research questions
(RQs):

• RQ1.What is the impact of GitHub Actions on the time

to review pull requests in ML projects?

We examine whether the adoption of GitHub Actions im-
pacts the time to close PRs (i.e., PR latency) in ML projects.
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Our results indicate that, although the adoption of GitHub
Actions did not significantly affect PR latency, higher PR
submission rates and active project engagement were asso-
ciated with shorter review times. In contrast, backlog accu-
mulation, complex code changes, and extensive discussions
contributed to longer PR latency.

• RQ2. How do the characteristics of merged and rejected

pull requests differ in ML projects?

We analyze the characteristics of merged versus rejected PRs.
In ML projects, rejected PRs tend to exhibit higher churn,
longer latency, and a greater number of comments, suggest-
ing that complex and discussion-heavy contributions are
less likely to be accepted. To improve their chances of accep-
tance, contributors should aim to submit manageable PRs
with clear and concise changes.

Paper organization. Section 2 discusses relevant prior work.
Section 3 describes our study design. Section 4 presents the findings,
followed by a discussion in Section 5. Section 6 addresses threats
to validity, and Section 7 concludes the paper. Finally, Section 8
outlines directions for future work.

2 Related Work

Prior studies have shown that CI can improve PR review efficiency
in traditional open-source software projects. For example, Cassee et
al. [5] report that the adoption of Travis CI reduces PR discussion
by up to one comment per review.

In contrast, fewer studies have investigated the effectiveness of
CI in ML projects, which present unique challenges such as model
validation, data dependency management, and non-deterministic
behavior. Rzig et al. [21] conducted a large-scale study character-
izing the use of CI tools in ML projects. They found that CI is
commonly used to support automation and quality control but of-
ten fails to reduce review time, largely due to the unique demands
of ML workflows. While their work sheds light on how CI is used in
ML projects, it does not evaluate the impact of CI on collaborative
development practices such as PR reviews.

Bernardo et al. [4] performed a large-scale empirical study com-
paring CI practices between ML and non-ML projects on GitHub.
Their findings indicate that ML projects tend to have longer build
durations and lower test coverage. Through quantitative and qual-
itative analyzes, they highlighted challenges specific to ML con-
texts, such as mistrust in CI outcomes and greater complexity in
maintaining reproducible workflows. While their study focuses on
characterizing the presence and challenges of CI usage, our work
extends this line of inquiry by examining how the adoption of CI
services—specifically GitHub Actions—affects PR review dynamics
in ML projects.

Our work is also informed by Wessel et al. [31], who applied
Regression Discontinuity Design (RDD) to evaluate the impact
of GitHub Actions adoption in OSS projects. They reported a
significant reduction in PR latency post-adoption and found that
increased discussion correlates with longer review times—a pattern
consistent with our findings. However, their study did not include
ML projects. We build on their methodology by applying RDD
specifically to ML repositories, offering new insights into how CI
adoption affects PR review dynamics in this domain. To the best of

our knowledge, no prior work has empirically assessed the impact of
CI services—specifically GitHub Actions—on PR review efficiency
in ML projects.

3 Research Methodology

In this section, we explain how we select the studied projects and
construct the database that we use in our analyses.

3.1 Studied Projects

To investigate the impact of GitHub Actions on the PR review
dynamics of ML projects, we selected a dataset of open-source ML
projects from GitHub that consistently used GitHub Actions CI
workflows. CI workflows are pipelines configured to perform CI-
related tasks, such as executing automated tests. We started by
selecting the dataset curated by Bernardo et al. [4], which includes
93 ML projects and 92 non-ML projects with an active history of
GitHub Actions CI workflows usage. For our analysis, we focused
exclusively on the ML projects. The ML projects in our dataset
encompass a range of ML frameworks and libraries, such as scikit-
learn, as well as ML applications like Faceswap. These projects
leverage ML techniques or components to fulfill specific user needs
or provide general-purpose functionalities.

Following similar methodologies used in prior studies on CI tools
adoption in open-source projects [5, 23, 30, 31, 33], we analyzed a
24-month period surrounding the adoption of GitHub Actions CI
workflows for each project, consisting of 12 months before and
12 months after the adoption. The adoption date was determined
by the first recorded execution (Run) of a GitHub Actions CI
workflow in the project’s history. To ensure we selected projects
with consistent activity, we filtered projects with at least one PR
submitted each month throughout the 24-month analysis period.
This step was used to avoid periods of project inactivity and ensure
a robust analysis of PR review dynamics. As a result, 55 ML projects
remain in our analysis.

3.2 Data Collection

After selecting our studied projects, we began collecting project
metadata. Each step of the process is detailed below.

Step 1: Collection of projectsmetadata.Weuse theGitHubAPI
to collect general information for each studied project, such as pri-
mary language and number of stars, as well as the entire PR and
commit history of the projects within their default branch. In Table
1, we present the general descriptive statistics for the investigated
projects, including the number of PRs per project, the age of the
projects in years, and the duration in years that each project has
been using GitHub Actions.

Step 2: Compute Metrics. We use data from Step 1 to compute
the metrics for our analyses. We segment the project history into 30-
day periods (one month), as illustrated in Figure 1. We exclude data
from the 30 days surrounding the adoption of GitHub Actions CI
workflows, as this period is well-documented in the literature as an
adaptation phase for CI services [5, 30, 31, 33]. The variables used
in this study are based on metrics established in previous literature
[31, 33], and were collected using the GitHub API on May 2024.
These variables include measures of project activity, collaboration,
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Table 1: Descriptive statistics for the investigated projects.

Metric Min Q1 Median Mean Q3 Max

Pull Requests 290 985 2023 3452 3516 26908
Commits 698 2592 5509 7387 9218 31527
Integrators 5 29.5 52 105.6 106.5 714
Contributors 13 104 202 356.9 332 3159
Proj. Age (y) 5.1 5.9 7 7.9 9.6 14.8
GHA usage (y) 1.9 3.2 3.2 3.2 3.5 3.7

Figure 1: Periods of Analysis.

and PR characteristics. A detailed description of each variable is
provided in Table 2.

Step 3: Perform Analysis. The curated datasets produced in
Step 2 are the basis for the subsequent analyses for RQ1 and RQ2.
All the scripts and datasets we used in our analyses are available in
our online Appendix.1

4 Results

In this section, we present the motivation, approach, and results
for each RQ.

RQ1. What is the impact of GitHub Actions on

the time to review pull requests in ML projects?

Motivation. Efficient PR reviews are crucial for maintaining de-
velopment speed and code quality in ML projects, where complex
dependencies and computational tasks might slow the process.
While GitHub Actions automates tasks to streamline builds and
tests, its effectiveness in reducing PR review time for ML projects
remains uncertain. Assessing the impact of GitHub Actions on
PR latency helps determine the extent to which CI automation can
address ML-specific review challenges.

Approach. To address 𝑅𝑄1, we employed a Regression Discon-
tinuity Design (RDD) to specifically analyze the effect of GitHub
Actions on PR latency, following the work of Zhao et al. [33] and
Wessel et al. [31]. RDD is a quasi-experimental technique that al-
lows for the analysis of an intervention (in this case, the adoption
of GitHub Actions) by examining changes in outcome variables
at the intervention point while controlling for confounding factors
[15, 16, 25]. Using RDD, we model our variables of interest as a
function of time, looking for discontinuities around the interven-
tion point [5]. If the intervention does not affect the outcome, there
will be no discontinuity, and the outcome will remain continuous
over time [7]. The model behind RDD is as follows:

1https://zenodo.org/records/14050696

𝑦𝑖 = 𝛼 + 𝛽 · time𝑖 + 𝛾 · intervention𝑖+
𝛿 · time_after_intervention𝑖 + 𝜂 · controls𝑖 + 𝜖𝑖 ,

where 𝑖 represents the observations for each project.
To account for the evolution of our variables over time and the

adoption of GitHub Actions, we use three variables: time, time
after intervention, and intervention. The time variable is recorded in
months from the start to the end of the observation period for each
project. The intervention variable is a binary indicating whether
the time point 𝑗 is before (intervention = 0) or after (intervention =
1) the adoption event. The time after intervention variable measures
the number of months since the adoption of GitHub Actions at
time point 𝑗 , and is set to 0 before adoption. The controls𝑖 variables
help isolate the effects of GitHub Actions adoption from other
factors that could influence the dependent variables. For obser-
vations before the intervention, with controls held constant, the
regression line slope is 𝛽 , and after the intervention, the slope be-
comes 𝛽 +𝛿 . The magnitude of the intervention effect is represented
by the difference 𝛾 between the two regression values of 𝑦𝑖 at the
intervention point.

We used mixed-effects linear regression using the lmerTest R
package [18], with project name and primary programming lan-
guage modeled as random effects to account for project-to-project
and language-to-language variability [12]. All other variables were
treated as fixed effects. Variables with high variance were log-
transformed [24], and we addressed multicollinearity by removing
variables with a Variance Inflation Factor (VIF) greater than 5 [24].

The model’s goodness of fit was assessed using the marginal 𝑅2
(𝑅2𝑚), indicating the variance explained by the fixed effects, and the
conditional 𝑅2 (𝑅2𝑐 ), which captures the variance explained by both
fixed and random effects [19]. We reported statistically significant
coefficients (𝑝 < 0.05) and estimated variance using ANOVA.

Results. The impact of GitHub Actions on PR latency was
assessed using a mixed-effects RDD model with PR latency as the
dependent variable. Figure 2 shows trends in PR latency before and
after the adoption of GitHub Actions, while Table 3 provides
coefficients and significance levels for model variables. The model’s
marginal 𝑅2𝑚 is 0.47, indicating that 47% of the variance in PR
latency is explained by the fixed effects, and the conditional 𝑅2𝑐 of
0.65 accounts for variability across projects and languages. These
results suggest that while fixed effects capture significant variability,
project-specific differences also play a crucial role in PR latency.

The analysis reveals that the number of submitted PRs had a
strong negative effect on PR latency (𝛽 = −0.507, 𝑝 < 0.001), with
the highest sum of squares (137.9). This suggests that projects with
higher PR submission rates experience shorter latency, likely due
to increased project activity fostering quicker decision-making.
Conversely, a higher number of open PRs at the beginning of each
period correlated with longer latency (𝛽 = 0.3996, 𝑝 < 0.001),
highlighting a backlog effect where accumulated reviews slow down
the reviewing efficiency.

PR characteristics also significantly affected the PR latency of
ML projects. PRs with higher churn (𝛽 = 0.0829, 𝑝 < 0.01) and
more commits (𝛽 = 0.2653, 𝑝 < 0.001) exhibited longer latency,
likely due to the need for more comprehensive review evaluations.
Interestingly, PRs with more changed files showed shorter latency

https://zenodo.org/records/14050696
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Table 2: Descriptions and rationale for variables used in the analysis.

Variable Variable Explanation (D: Description | R: Rationale)

priorTravisCIUsage D: Binary indicator of prior experience with Travis CI before adopting GitHub Actions.
R: Accounts for the impact of prior CI experience on PR processing efficiency.

projectIntegrators D: The number of integrators involved in reviewing and PRs.
R: Captures collaboration level and its influence on PR processing.

previousOpenPRs D: The number of open PRs at the start of each observation period.
R: Measures the impact of backlog on PR processing times.

submittedPRs D: The number of PRs submitted during each observation period.
R: Reflects the level of project activity and momentum affecting PR processing efficiency.

PRsChurn D:Median churn (sum of lines added and removed) in closed PRs for each period.
R: Measures the complexity of PR changes and its effect on PR processing time.

PRsCommits D:Median number of commits in closed PRs for each period.
R: Accounts for the additional effort needed to review PRs with multiple commits.

PRsParticipants D:Median number of participants in closed PRs for each period.
R: Reflects the level of collaboration or scrutiny in each PR review process.

PRsChangedFiles D:Median number of changed files in closed PRs for each period.
R: Measures the size and structure of PRs and their impact on review times.

PRsComments D:Median number of comments in closed PRs during each period.
R: Serves as a proxy for the intensity of discussions and feedback in PR reviews.

PRLatency D: The time taken to close a PR, measured from the time it was opened to when it was merged or rejected.
R: Serves as the primary indicator of PR processing efficiency and the dependent variable in this study.
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Figure 2: Trends in the PR Latency of ML projects before

(blue) and after (red) GitHub Actions adoption.

(𝛽 = −0.2095, 𝑝 < 0.001), possibly indicating that these PRs were
better structured or involved modular changes that are easier to
review.

Additionally, the number of PR comments was associated with
longer latency (𝛽 = 0.3671, 𝑝 < 0.001), suggesting that extensive dis-
cussions tend to extend review time. Projects with prior experience
using Travis CI were associated with shorter latency (𝛽 = −0.4261,
𝑝 < 0.05), indicating that familiarity with CI practices enhances
review efficiency, though the relative impact was modest.

The model’s time-based predictors (𝑡𝑖𝑚𝑒 , 𝑖𝑛𝑡𝑒𝑟𝑣𝑒𝑛𝑡𝑖𝑜𝑛, and
𝑡𝑖𝑚𝑒_𝑎𝑓 𝑡𝑒𝑟_𝑖𝑛𝑡𝑒𝑟𝑣𝑒𝑛𝑡𝑖𝑜𝑛) for GitHub Actions adoption were not
statistically significant, indicating no immediate or abrupt change in
PR latency following GitHub Actions adoption. As shown in Fig-
ure 2, the PR latency trend remained stable before and after GitHub
Actions adoption, with a slight increase post-adoption, potentially
reflecting initial workflow adjustments to new CI processes.

Coeffs Sum Sq

(Intercept) 1.6419
priorTravisCIUsageTRUE -0.4789* 0.143
log(projectIntegrators) -0.0645 0.705
log(previousOpenPRs) 0.3996*** 35.407
log(submitedPRs) -0.507*** 137.944
log(PRChurn) 0.0829** 7.794
log(PRCommits) 0.2653*** 7.116
log(PRParticipants) 0.0761 2.603
log(PRChangedFiles) -0.2095*** 6.467
log(PRComments) 0.3671*** 19.977
time -0.0066 0.007
interventionTRUE -0.004 0.001
time_after_intervention 0.013 0.659
𝑅2𝑚 0.47
𝑅2𝑐 0.65

*** 𝑝 < 0.001; ** 𝑝 < 0.01; * 𝑝 < 0.05

Table 3: The effects of GitHub Actions on Pull Reqest

Latency. The response variable is log(PRLatency).

While GitHub Actions adoption did not significantly
impact PR latency, higher PR submissions and active
project engagement correlated with shorter review times,
whereas backlog accumulation, complex changes, and
extensive discussions contributed to longer PR latency.
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RQ2. How do the characteristics of merged and

rejected pull requests differ in ML projects?

Motivation. Understanding the characteristics that distinguish
merged from rejected PRs in ML projects can provide insights into
factors influencing PR acceptance. Identifying these characteristics
allows contributors to better tailor their submissions and main-
tainers to refine their review criteria, ultimately enhancing the
efficiency and quality of the review process in ML workflows.

Approach. To analyze the differences in PR characteristics be-
tween merged and rejected PRs, we employed the Mann-Whitney-
Wilcoxon (MWW)[32] test to identify statistically significant dif-
ferences in key variables, such as churn, commits, and comments.
Additionally, we calculated Cliff’s Delta[6] to measure the effect
size of these differences, indicating their practical significance. We
applied the thresholds suggested by Romano et al. [20], interpreting
the effect sizes as follows: 𝛿 < 0.147 (negligible), 𝛿 < 0.33 (small), 𝛿
< 0.474 (medium), and 𝛿 ≥ 0.474 (large).

Results.When examining the characteristics of contributed code
in ML projects, we found no statistically significant differences be-
tween merged and rejected PRs in terms of the number of commits
or changed files. Both types of PRs had a median of 2 commits,
with a negligible effect size (p = 0.755), and a median of 2 changed
files, also with a negligible effect size (p = 0.371). This indicates that
the number of commits and the scope of affected files are not key
factors influencing the decision to merge or reject a PR.

However, we identified a notable difference in PR churn, where
rejected PRs had a higher median churn (48.25) compared to merged
PRs (36.75). This difference, although marginally significant (p =
0.058) with a small effect size, suggests that PRs involving more
extensive modifications are more likely to be rejected. Higher churn
could introduce complexity and increase the risk of errors, prompt-
ing maintainers to exercise caution and be more critical of such
PRs.

We also examined communication efforts, particularly PR com-
ments and participants. Rejected PRs had a significantly higher
number of comments (median = 2) compared to merged PRs (me-
dian = 1), with a medium effect size (𝑝 = 1.930𝑒 −04). This indicates
that rejected PRs often involve more extensive discussions, poten-
tially due to unresolved issues or the need for multiple rounds of
feedback and revisions. While rejected PRs tended to involve more
participants in their discussions, this difference was not statistically
significant (𝑝 = 0.088), suggesting that the number of participants
has a limited impact on PR outcomes.

The most pronounced difference between merged and rejected
PRs was in PR latency. Merged PRs had a median latency of 1.05
days, whereas rejected PRs had a significantly longer median la-
tency of 6.16 days, with a large effect size (𝑝 < 0.001). This finding
highlights that rejected PRs experience protracted review cycles,
likely due to the need for additional revisions and feedback itera-
tions.

Rejected PRs in ML projects are characterized by higher
churn, longer latency, and more comments, indicating
that complex and discussion-heavy contributions are less
likely to be merged. Contributors should strive to submit
manageable PRs with clear, concise changes to improve
their chances of acceptance.

5 Discussion and Implications

In the following, we discuss the results and their implications for
practice and research.

Tailoring CI for the unique demands of ML projects. The
contrasting impact of GitHub Actions adoption between tradi-
tional OSS and ML projects highlights an opportunity to refine CI
configurations specifically for ML workflows. Different from our
results, Wessel et al. [31] observed that GitHub Actions effectively
reduces PR latency in traditional OSS, which might indicate that
the complexities of ML projects, such as model validation, data
handling, and iterative testing, might require tailored CI tools that
extend beyond standard automation capabilities. Traditional CI se-
tups, optimized for code-centric tasks, may not fully support the
model-focused, data-intensive nature of ML development. This gap
indicates a need for CI advancements that can automateML-specific
tasks, such as model performance verification, dataset versioning,
and dependency checks. By addressing these ML-specific require-
ments, CI tools could help alleviate the extended review times often
associated with ML projects and improve the overall efficiency of
PR processes. These findings emphasize the importance of develop-
ing CI solutions tailored to the ML domain, focusing on reducing
data bottlenecks and model management within CI pipelines.

Beyond Review Speed: The Hidden Benefits of CI in ML

Projects.While GitHub Actions did not significantly reduce PR
latency, its seamless integration into ML project pipelines could
offer other valuable benefits. ML projects that adopt CI use it for
building, testing, and code analysis, which is crucial for maintaining
quality [21]. By automating essential tasks of the project develop-
ment, GitHub Actions potentially alleviates the cognitive load on
reviewers, allowing them to focus on higher-level aspects of the
PR. This could improve code quality and project stability, even if
review times are not significantly reduced. Additionally, projects
with established CI practices (e.g., previous use of Travis CI) exhib-
ited shorter PR latencies, suggesting that the cumulative experience
with CI tools and workflows contributes to more efficient reviews
over time.

Practical Recommendations for Contributors and Main-

tainers. Our findings for RQ1 showed that an increased number
of open PRs correlates with longer review times. Furthermore, our
findings for RQ2 highlight the nuanced relationship between PR
complexity, communication, and review outcomes. Rejected PRs
were characterized by higher churn and more extensive discussions,
indicating that substantial changes often lead to more prolonged
and iterative feedback cycles. This suggests that contributors should
carefully consider the scope of their changes and aim to submit
smaller, more manageable PRs to minimize complexity and reduce
the likelihood of rejection. Based on these findings, we propose
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several actionable recommendations for ML project contributors
and maintainers:

• Focus on Backlog Management: Since a higher number
of open PRs was linked to longer review times, maintainers
should establish regular review cycles to manage the backlog
effectively and avoid processing delays.

• Minimize PR Complexity: Contributors should aim to sub-
mit incremental changes to avoid high churn and reduce the
likelihood of rejection. High churn was strongly associated
with longer PR latency and higher rejection rates.

• Prioritize Early Feedback: Effective communication and
early issue identification are crucial. Implementing auto-
mated feedback mechanisms and establishing clear review
guidelines can help reduce the number of comments and
iterations needed during reviews.

6 Threats to Validity

This study has limitations that may affect the generalizability and
interpretation of its findings.

Construct Validity. We did not analyze the specific content or
purpose of the GitHub Actions workflows. As such, we cannot de-
termine whether CI was used to automate ML-specific tasks—such
as model training, data validation, or inference—or limited to con-
ventional software tasks like linting or unit testing. This limits our
ability to interpret why CI adoption had no significant effect on
PR latency. Additionally, we measured review dynamics using ob-
servable metrics such as latency, churn, and comment count, which
may not fully capture more nuanced factors like model correctness,
data complexity, or the nature of reviewer feedback.

Internal Validity. Our study is based on observational data,
which makes causal inference inherently difficult. While we applied
a Regression Discontinuity Design (RDD) to minimize confounding,
unobserved variables—such as contributor expertise, code owner-
ship, or simultaneous process changes—could still influence the
observed outcomes.We also accounted for prior CI usage via Travis
CI, but did not include other tools like Jenkins, which may also
shape a project’s CI maturity. Nevertheless, previous studies [14]
have identified Travis CI as the most widely adopted CI service on
GitHub prior to the introduction of GitHub Actions.

External Validity. Our dataset includes 55 GitHub-based ML
projects, whichmay not capture the full diversity of ML software de-
velopment across different domains, organizational contexts, or CI
adoption patterns. Notably, our sample contains both ML libraries
and ML applications, which may follow distinct development work-
flows. Aggregating them may have introduced variability that af-
fects the consistency of our results. Moreover, we only studied
projects using GitHub Actions, and the findings may not general-
ize to projects using other CI tools such as Travis CI or GitLab
CI.

7 Conclusion

This study investigated the impact of GitHub Actions on PR
review dynamics in ML projects by analyzing data from 55 GitHub-
based repositories. Contrary to expectations drawn from prior re-
search on traditional software projects, our results show that the

adoption of GitHub Actions did not significantly reduce PR re-
view latency in ML contexts. Instead, we observed that intrinsic PR
characteristics—such as churn and the number of comments—had a
stronger association with review outcomes. Rejected PRs tended to
exhibit higher churn, more extensive discussions, and longer review
cycles, suggesting that complexity and communication demands
play a central role in PR evaluation.

These findings indicate that while CI tools like GitHub Actions
provide valuable automation capabilities, their current usage in
ML projects may not sufficiently address factors that influence re-
view efficiency. Further investigation is needed to understand how
CI tools is applied within ML workflows and to identify opportu-
nities for better alignment between automation and the specific
challenges of ML development.

8 Future Work

Our findings highlight several avenues for future research:
• CI Workflow Analysis in ML Contexts: Future stud-
ies should examine the actual content of GitHub Actions
workflows to determine whether they automate ML-specific
tasks—such as model training, inference testing, or data vali-
dation—or focus only on general software tasks. Understand-
ing this scope is essential to interpret the limited impact
observed.

• Project Type Stratification: Since our dataset includes
both ML libraries and ML applications, future work could
disaggregate these categories to investigate whether the im-
pacts of the adoption of CI services such as GitHub Actions
differ by project type.

• Qualitative PR Analysis: A complementary qualitative
analysis of merged and rejected PRs—particularly those with
high churn and extensive discussions—could uncover review
dynamics not captured by quantitative metrics. Additionally,
our results could be further enriched through surveys and in-
terviews with developers and project leaders of ML projects,
offering deeper insights into the specific challenges, expec-
tations, and contextual factors that influence PR evaluation
in this domain.
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