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Abstract

How quickly merged pull requests (PRs) reach end users is a funda-
mental measure of software delivery efficiency. This paper inves-
tigates whether PR delivery time, defined as the interval between
a PR merge and its inclusion in an official release, differs between
Machine Learning (ML) and non-ML open-source projects. Ana-
lyzing 58 GitHub projects (27 ML, 31 non-ML), we find that ML
projects experience significantly longer delivery times (median 68
vs. 40 days) and longer end-to-end PR lifetimes, from submission to
release (81 vs. 49 days), despite statistically similar time to merge.
Contrary to what one might expect, the bottleneck is not the code
review phase but the post-merge release process. ML projects also
release roughly half as frequently as non-ML projects (1.47 vs. 2.98
releases/year). Regression models reveal that the main predictors
of delivery time are the same in both project types, suggesting that
ML-specific delays reflect general deficiencies in release cadence
and coordination rather than domain-specific technical constraints.
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1 Introduction

How quickly merged code reaches end users is a fundamental mea-
sure of a software project’s delivery efficiency. PR delivery time,
defined as the interval between when a pull request (PR) is merged
and when its changes appear in an official release, captures this
dimension directly [5, 6, 9]. Prior work has shown that this metric
varies widely across open-source projects and is shaped by factors
such as queue position, contributor experience, and release cadence.
Even in projects that adopt Continuous Integration (CI) to auto-
mate building and testing, significant post-merge delays can persist
before changes are delivered to users.

Machine Learning (ML) projects introduce additional complex-
ity into this picture. Training pipelines may take hours or days,
datasets must be versioned and validated, and testing often involves
non-deterministic model outputs. These demands extend well be-
yond what standard CI pipelines are designed to handle and can
directly delay the post-merge steps required to prepare a stable re-
lease. Recent work has shown that ML projects already differ from
traditional open-source software in measurable ways: they exhibit
lower test coverage and longer build durations [7], and distinct
reviewer engagement patterns [4]. A practitioner survey further
reveals that automated deployment and release management are
among the main challenges for ML teams [3]. Together, these find-
ings raise a concrete question: do ML projects take longer to deliver
merged pull requests to end users than non-ML projects?
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No prior study has directly compared PR delivery time between
ML and non-ML open-source projects. Understanding whether
such a gap exists, whether it stems from code review or from the
post-merge release phase, and what factors drive it is essential
for guiding ML teams toward more effective release engineering
practices.

This paper addresses this gap by presenting an empirical study
of PR delivery dynamics in 58 open-source GitHub projects (27
ML and 31 non-ML). Our investigation focuses on three research
questions:

¢ RQ1. How does PR delivery time in ML projects com-
pare to non-ML projects? We quantify whether ML projects
experience longer PR delivery times and locate where in the
PR lifecycle the main differences occur.

¢ RQ2. How do PR submission and evaluation patterns
differ in the release dynamics between ML and non-
ML projects? We analyze whether ML and non-ML projects
differ in PR submission behavior, evaluation outcomes, and
release frequency.

¢ RQ3. What are the key factors affecting PR delivery
time in ML and non-ML projects? We identify and com-
pare the factors most strongly influencing PR delivery time
to assess whether the determinants are domain-specific or
reflect general software development dynamics.

The remainder of this paper is structured as follows. Section 2
reviews related work. Section 3 describes our research methodology.
Sections 4 and 5 present results and discuss implications. Section 6
addresses threats to validity, and Section 7 concludes the paper.

2 Related Work

PR delivery time and release engineering. Prior work on soft-
ware delivery latency has established that queue position, contrib-
utor experience, and release cadence are key predictors of how
quickly fixed issues and merged PRs appear in a release [9, 10].
Gousios et al. [12] characterized the pull-based development model,
while Bernardo et al. [5, 6] found that CI adoption does not consis-
tently accelerate PR delivery, with only half of the studied projects
benefiting. Our work extends this line by comparing PR delivery
time between ML and non-ML projects for the first time, locating
the delivery gap in the post-merge release phase rather than in
code review.

CI in open-source software. Hilton et al. [15] found that CI-
enabled projects release more frequently and integrate contribu-
tions faster. Bernardo et al. [4, 7] showed that ML projects exhibit
lower test coverage, longer build durations, and distinct reviewer
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engagement patterns compared to non-ML projects, while a prac-
titioner survey [3] identified release management and automated
deployment as major barriers. None of these studies directly mea-
sured whether such differences manifest as longer PR delivery
times.

ML software engineering. Sculley et al. [23] identified hidden
technical debt specific to ML systems, including data entangle-
ment and pipeline fragility. Amershi et al. [1] found model deploy-
ment and monitoring to be particularly challenging stages, and
Zimelewicz et al. [27] report limited MLOps adoption with teams
struggling to integrate model serving into CI/CD pipelines. These
findings motivate our investigation into whether ML-specific con-
straints translate into measurably longer PR delivery times.

3 Research Methodology

In this section, we describe the selection of studied projects, the
database construction, and the design of each research question.

3.1 Studied Projects

We started from a curated dataset of 185 open-source projects (93
ML and 92 non-ML) hosted on GitHub, selected based on active
GitHub Actions CI usage and balanced ML/non-ML representa-
tion [4]. From this dataset, we identified 180 projects (90 ML and
90 non-ML) with release tags available through the GitHub APL
Figure 1 illustrates the filtering steps that led to our final sample.
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Figure 1: Project selection process.

Step 1 - Filtering by Semantic Versioning and Release Type.
We verified adherence to Semantic Versioning (SemVer) [20] and
retained only projects using valid SemVer tags. Patch releases and
non-user-intended tags (pre-releases, alpha, beta) were excluded.
After this step, 84 ML and 88 non-ML projects remained.

Step 2 - Removing Projects with Multiple Parallel Version
Lines. Projects maintaining multiple parallel version lines (e.g.,
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v1.x and v2.x concurrently) were excluded, leaving 76 ML and 74
non-ML projects.

Step 3 — Manual Validation. The remaining projects were man-
ually reviewed to ensure data quality. Eight projects were excluded
for having too few valid releases, excessive non-SemVer tags, or
extremely sparse release histories. This left 74 ML and 68 non-ML
projects.

Step 4 — Focusing on Projects with Active PR Activity. We
required each project to exhibit sustained PR activity, defined as
a median of at least one merged PR per release. The final sample
comprises 58 projects: 27 ML and 31 non-ML.

3.2 Data Collection

We collected our dataset using an updated version of the ml-ci-
project-miner tool, provided in the replication package of Bernardo
et al. [2]. This Java-based mining tool automates the retrieval and
processing of GitHub repository metadata through the GitHub API,
supporting the extraction of tags, releases, commits, PRs, and gen-
eral repository metadata. Data collection was performed in June
2024.

For each repository, we collected: general repository metadata
(forks, stars, contributors, language), commit data, release tag data,
and PR metadata (state, author association, changed files, additions,
deletions, commits, comments, participants, and timestamps). From
PR timestamps, we derived merge time (creation to merge) and
rejection time (creation to close for non-merged PRs).

Pull Request—to—Release Association. To measure delivery time, we
linked merged PRs to their first subsequent release tag via a release
interval analysis based on chronological SemVer ordering. For each
project, the time span between two consecutive tags defined a
release interval. A merged PR was linked to a release interval if its
merge date fell within that interval. We then computed: (i) Delivery
time: days between PR merge date and release date; and (ii) PR
lifetime: days between PR creation and release date.

3.3 Research Questions Design

RQ1. How does PR delivery time in ML projects compare to non-ML

projects? The basic PR lifecycle comprises two phases: t; (merge

phase: submission to merge) and #, (delivery phase: merge to re-
lease). The sum t; + t, defines the total PR lifetime. For each project,

we calculated the median of these three metrics across all releases.
To compare ML and non-ML projects, we applied the Mann-Whitney-
Wilcoxon (MWW) test [25] and Cliff’s Delta [8] to assess both sta-
tistical significance and practical magnitude. Following Romano

et al. [21], we interpret Cliff’s Delta as: negligible (<0.147), small

(<0.33), medium (<0.474), and large (>0.474). We present results

using annotated boxplots [26].

RQ2. How do PR submission and evaluation patterns differ in the re-
lease dynamics between ML and non-ML projects? We computed and
compared: PR submission rate (median submitted PRs per release),
PR acceptance/rejection rates, merge-to-reject ratio, and release
cadence (median releases per year). Metrics were aggregated at
the project level. We use MWW tests [25] and Cliff’s Delta [8] for
comparisons.
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RQ3. What are the key factors affecting PR delivery time in ML and
non-ML projects? We use multiple regression modeling with Ordi-
nary Least Squares (OLS) to examine relationships between a set of
explanatory variables and PR delivery time [14]. We fit one model
per project to capture project-specific relationships. Tables 1 and
2 define the explanatory variables. The modeling process follows
Harrell Jr. [13] and is summarized in Figure 2.

Table 1: Explanatory variables: Contributor; Process and
Workflow.

Dim. Variable Type Definition / Rationale
Contributor No. of previously released PRs by the
. Num.
Experience same author [24].
Contributor Num Avg. delivery time of the author’s previ-
Integration * ousPRs[9].
Author Assoc. . .
Contributor  (MEMBER) Bool.  Author is a repository member.
Author Assoc.
(CONTRIBU-  Bool.  Author is a previous contributor.
TOR)
Author Assoc. . -
(NONE) Bool.  Author has no prior association.
Type of release (major, minor) in which

Release Type Cat. the PR was included.

Process & Queue Rank Num. I;i:ﬁ;o[l; ]of the PR in the release merge

Workflow Merge Work- Num No. of PRs waiting to be merged at sub-
load W mission time.

Merge Time Num. Days between PR submission and merge.

Table 2: Explanatory variables: PR Size and Complexity; Col-
laboration.

Dim. Variable Type Definition / Rationale
Commits .
PR Size & Count Num. No. of commits in the PR [19].
Complexity ~ Changed Files Num. No. of changed files in the PR.

Churn Num. Added + deleted lines in the PR [17].
iz.nt(s)f Com- Num. No. of comments on the PR [11].
Collaboration Participants No. of unique participants in the PR dis-
Num. X
Count cussion.
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Figure 2: Overview of the process used to build our explana-
tory models.

+

Step 1: Preparing Factors. We address potential collinearity
using the redun function from the rmsR package [10]. Variables with
R? > 0.9 are considered redundant and discarded. We then apply
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variable clustering [22] and retain only one representative variable
from clusters with [p| > 0.7 correlation. Finally, we estimate the
degrees of freedom (D.F.) budget as {; [13], preventing overfitting.

Step 2: Training Models. We assess model fit using R? [16] and
compute the optimism-reduced R? via 1,000 bootstrap samples [18].
We retain only models with optimism-reduced R*> > 0.5. Of 58
evaluated models, 21 (11 ML, 10 non-ML) met this threshold.

Step 3: Analyzing Models. We apply the Wald y? test to evalu-
ate each variable’s contribution to explained variance. We use the
Predict function from the rms package to plot the effect of the
most influential variables on PR delivery time.

Step 4: Comparing Models. We rank variables by Wald y?
values per project and compare their distributions between ML and
non-ML projects.

4 Results

RQ1. How does PR delivery time in ML projects
compare to non-ML projects?

Figure 3 presents a comparative overview of PR lifecycle metrics for
the 27 ML and 31 non-ML projects, reporting p-values and Cliff’s
Delta (d) values.
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Figure 3: Comparative overview of PR lifecycle metrics in
ML and non-ML projects.

The median rejection time in ML projects was 7.13 days vs. 4.81
days in non-ML projects (p = 0.0295, Cliff’s d = 0.33, medium).
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This suggests that rejected PRs remain open longer in ML projects,
possibly reflecting longer evaluation periods.

No statistically significant difference was observed in merge time
(1.17 vs. 0.84 days, p = 0.22, d = 0.19, small), indicating that the
integration of accepted changes proceeds at a similar pace in both
project types.

ML projects exhibited a significantly longer median deliv-
ery time than non-ML projects (68.07 vs. 39.76 days, p = 0.0283,
Cliff’s d = 0.34, medium). This delay may reflect additional steps
in ML release workflows (model retraining, dataset updates, val-
idation), though further investigation is needed. The cumulative
effect is visible in overall PR lifetime: ML projects had a median of
81.00 days vs. 48.90 days in non-ML projects (p = 0.0333, d = 0.33,
small).

Summary (RQ1): ML projects experience significantly
longer delivery times and overall PR lifetimes despite com-
parable merge durations. The primary bottleneck lies in the
post-merge release phase, not in code review or integration.

RQ2. How do PR submission and evaluation
patterns differ in the release dynamics between
ML and non-ML projects?

Non-ML projects tend to receive more PRs per release (median
58) than ML projects (median 33), though the difference is not
statistically significant (p = 0.1677, d = —0.21, small). Figure 4
illustrates this.
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Figure 4: Number of submitted PRs per release in ML and
non-ML projects.

Regarding PR outcomes (Figure 5), ML projects exhibit a sig-
nificantly lower rejection rate (12.27% vs. 19.36%, p = 0.007163,
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d = —0.41, medium) and a slightly higher merge rate (84.12% vs.
79.56%, p = 0.007853, d = 0.41, medium).
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Figure 5: Percentage of rejected and merged PRs per release.

The merge-to-reject ratio (Figure 6) is significantly higher in
ML projects (median 6.75 vs. 4, p = 0.007855, d = 0.41, medium),
meaning roughly one rejection per seven merges in ML vs. one per
four in non-ML. This may reflect stricter PR submission culture in
ML contexts.
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Figure 6: Merge-to-reject ratio per release.

Finally, ML projects have a significantly lower release cadence:
1.47 releases/year (one every ~8 months) vs. 2.98 releases/year (one
every ~4 months) in non-ML (p = 0.009371, d = —0.40, medium).

Summary (RQ2): ML projects merge a higher proportion
of PRs and reject fewer per release (merge-to-reject ratio:
6.75 vs. 4), but release significantly less frequently (1.47 vs.
2.98 per year), which directly contributes to longer delivery
times.
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Figure 7: Release frequency (releases per year).

RQ3. What are the key factors affecting PR
delivery time in ML and non-ML projects?

Our models achieved a median R? of 0.60 for both ML and non-ML
projects. After correcting for optimism, both groups converged to
a median corrected R? of 0.58, with median optimism estimates of
0.01, indicating low overfitting. Of 58 fitted models, 21 (11 ML, 10
non-ML) met the retention threshold of optimism-reduced R?2 > 0.5;
the comparisons that follow are based on this subset.
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Figure 8: PR delivery time explanatory power by variable
and project type.

Figure 8 shows that three variables account for most explained

variance: queue_rank, release_type,and contributor_integration.

Among these, queue_rank clearly stands out, with median explana-
tory power around 50% for both project types. The remaining pre-
dictors (changed files, comments, commits, participants, merge
workload) each explain less than 5% on average.
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Figure 9: Top predictor per project based on percentage of
variance explained.

Figure 9 shows the top predictor per project. queue_rank dom-
inates (7 ML, 6 non-ML projects). contributor_integration is
second (3 ML, 3 non-ML), and release_type appears as the top
predictor in one ML and one non-ML project.

Figure 10 reveals the direction of effects: queue_rank has a neg-
ative association with delivery time (PRs merged later in the cycle
reach the next release faster); contributor_integration has a
positive relationship (contributors whose past PRs took longer tend
to experience longer delivery times again); and major release_type
is associated with longer delivery times than minor releases.
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Figure 10: Relationship between top predictors and delivery

time.

Summary (RQ3): PR delivery time is primarily driven
by workflow-related factors: queue_rank (position in the
release cycle), contributor_integration (historical de-
livery performance), and release_type. These drivers are
largely shared across ML and non-ML projects within the
retained subset, suggesting that longer delivery times in
ML may not be uniquely tied to ML-specific workflows.
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5 Discussion

Interpreting Longer PR Lifetimes in ML Projects

Our RQ1 findings show that ML projects have longer delivery times
than non-ML projects. The lower release cadence observed in RQ2
directly contributes to extended PR lifetimes. This slower cycle
likely reflects deeper technical challenges: prior work has shown
that ML projects tend to exhibit lower test coverage and longer
build durations compared to non-ML projects [7], driven by complex
testing and high infrastructure demands such as data validation
and model training.

A practitioner survey on CI in ML projects [3] corroborates this
picture: practitioners report that limited automated deployment is a
recurring barrier to delivery, with ML teams frequently struggling
to integrate model serving into their CI/CD pipelines. Zimelewicz
et al. [27] further report limited MLOps adoption, frequent deploy-
ment of models as separate services, and substantial difficulties
with production infrastructure integration. Together, these findings
provide converging evidence that the release process constitutes
a major bottleneck for ML projects. Teams should integrate data
validation, dependency management, and automated model deploy-
ment as core steps in the CI/CD pipeline.

Interpreting the Drivers of Delivery Time

The regression analysis in RQ3 identifies a small set of variables that
consistently explain most of the variance in PR delivery time, pri-
marily related to workflow management and contributor behavior
rather than project type or PR content.

Queue position and workflow timing. Queue_rank alone
explains around half of the explained variance in most models.
While this effect is partly mechanical (PRs merged later have less
time until release), it points to the need for coordinated release
management and predictable integration cadence.

Contributor history. Contributor_integration shows a pos-
itive relationship with delivery time: contributors whose previous
PRs took longer to be released tend to experience longer delivery
times again. Teams can mitigate this inertia through improved on-
boarding, clear contribution guidelines, and pairing contributors
with experienced integrators.

Release policy. Release_type influences delivery time, with
major releases generally taking longer, reflecting broader integra-
tion scope. Common PR-level metrics (changed files, comments,
commits) remain minor contributors once workflow-level factors
are controlled.

Implications for ML projects. Since ML projects typically ex-
hibit lower release cadence, adopting more frequent and smaller
release batches could substantially reduce delivery times. The re-
gression models suggest ML-specific delays arise primarily from
general workflow coordination rather than ML-specific technical
constraints.

6 Threats to Validity

Construct validity. Our sample covers diverse domains within
both ML and non-ML categories, but we did not stratify results
by domain (e.g., deep learning frameworks, scientific computing),
which may influence PR delivery dynamics. Additionally, the high

Bernardo et al.

explanatory power of queue_rank is partly mechanical: PRs merged
closer to a release cut naturally have less time until release, inflating
its correlation with delivery time. Furthermore, the PR-to-release
association relies on chronological ordering rather than commit
reachability verification, which may introduce false positives if a
PR’s changes were not effectively included in the linked release tag.

Internal validity. As an observational study, the relationships
found between variables and PR lifetime cannot be interpreted
as causal. Confounding factors (governance style, release policy
changes, organizational practices) may influence both predictors
and outcomes. Although we reduced multicollinearity, omitted
relevant variables (e.g., PR priority) could bias coefficients.

External validity. Our dataset consists of GitHub-hosted projects
following a PR-based workflow, which may limit generalizability
to other platforms (GitLab, Bitbucket). We filtered out inactive
projects or those with sparse release histories, biasing the sample
toward more active and mature projects. The ML subset contains
open-source frameworks, applied tools, and libraries; results may
not generalize to proprietary ML systems. Furthermore, our deliv-
ery time measure assumes that release tags represent the moment
changes reach users. In projects that practice Continuous Deploy-
ment, merged PRs are delivered to users immediately after merge,
making the tag an inadequate proxy for delivery; such projects
were excluded from our sample by construction.

7 Conclusion

We investigated PR delivery dynamics in ML and non-ML open-
source projects, analyzing data from 58 GitHub projects (27 ML
and 31 non-ML). Our key findings are: (i) ML projects exhibit sig-
nificantly longer delivery times (68 vs. 40 days) and overall PR
lifetimes (81 vs. 49 days) than non-ML projects, despite statisti-
cally similar time to merge; (ii) ML projects receive fewer PRs per
release and reject a smaller proportion, resulting in a higher merge-
to-reject ratio (6.75 vs. 4) and a slower release cadence (1.47 vs.
2.98 releases/year); and (iii) three variables explain most of the
variance in PR delivery time in both project types: queue_rank,
contributor_integration, and release_type.

These findings suggest that ML-specific delivery delays stem
less from domain-specific technical constraints than from general
deficiencies in release coordination and cadence. For ML projects,
shortening post-merge delays through more frequent releases and
improved MLOps practices could substantially improve delivery
efficiency. Future work should investigate domain-specific effects
across ML sub-domains and examine how release queue manage-
ment and contributor experience interact in more complex team
settings.

Artifact Availability

The replication package, including data collection scripts and analy-
sis scripts, is available at: https://github.com/joaohelis/ml-ci- project-
miner [2].
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