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Abstract

In pull-based development, Pull Requests (PRs) undergo peer review.
To address review feedback, authors may “force-push” after amend-
ing, squashing, or rebasing commits. Such revisions can conflate
PR-specific changes with updates on the base branch, hindering
further review and introducing noise into PR-based datasets.

In this paper, we empirically study 935,011 PRs from 1,445 well-
maintained GitHub projects. We observe 568,218 force-push events
in 242,624 PRs that span 1,366 projects. We denote the HEAD com-
mits of the PR before and after force-pushing as a force-push pair,
and observe that 210,837 pairs (37.1%) have a relationship that
conflates PR changes with updates to the base branch.

To systematically isolate PR-specific changes in such revisions,
we propose AntiDiffamine—an ancestry-based approach that aligns
commits on a common reference. AntiDiffamine can automatically
deconflate 98.1% of the studied revisions, decreasing the diff size
by one to three orders of magnitude.

We also evaluate AntiDiffamine on fail-fix pairs, i.e., revisions
that fix failing builds. A case study of Kubernetes reveals that 130
of 523 pairs have conflated diffs. Moreover, the fixing files identified
when AntiDiffamine is applied overlap more with a human-labelled
ground truth than when conflation is untreated or excluded.

AntiDiffamine is a first attempt at addressing force-push-based
diff conflation, which is having a real-world impact on practical
and research workflows. To ease practical adoption, we provide a
template GitHub Action, which scans PR updates for force-push
events and applies AntiDiffamine to deconflate the diff.
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1 Introduction

Pull-based development is a collaborative workflow where develop-
ers propose changes through Pull Requests (PRs) that are reviewed,
discussed, and integrated into a shared codebase [14]. To create a
PR, developers fork the repository and record changes on a head
branch corresponding to a base branch in the original repository.
The PR lifecycle begins when the developer opens a PR compar-
ing the head and base branches, followed by an iterative code re-
view cycle, where reviewers and bots suggest improvements until
maintainers grant merge approval. To incorporate review feedback,
authors may append commits or rework existing ones through
amending, squashing, and rebasing [14, 16, 22, 29], which requires
force-pushing since rewriting commit history is inherently dan-
gerous. While this keeps commit history linear, diffs summarizing
changes before and after force-pushing may conflate PR-specific
changes with base-branch updates.

While rewriting commit history keeps history linear, diffs that
compare changes before and after force-pushing may conflate PR-
specific changes with base-branch updates. We refer to the HEAD
commits of the PR before and after such a revision as a “force-push
pair”. Figure 1 illustrates a scenario where git diff compares two
commits (e.g., SOURCE′ and TARGET′) before and after a force-push
(shaded regions in Figure 1b), yielding a diff conflated by base-
branch commits (e.g., 74d5d93) and their changes (e.g., CalciteQ
ueryProcessor.java) that are not part of the PR. This conflation
complicates peer review. For example, reviewers verifying whether
feedback was addressed in a force-pushed revision must traverse
PR revisions to filter out base-branch changes.

This conflation problem also introduces noise in datasets that
rely on PRs, such as those that (1) identify changes that fix fail-
ing builds [4, 17, 18, 39], (2) compare bug-inducing and -fixing
commits [5, 36], and (3) identify duplicate or competing pull re-
quests [24, 25, 43]. For example, BugSwarm [39] includes a fail-fix
pair1 with an unusually large diff (394 changed files, with 9,603
added and 1,679 removed lines). A closer inspection reveals that
the two commit contents remain the same across failing and fixing
versions. The failure was fixed by an update that was received from
the base branch by rebasing the PR, which is entangled with feature

1SonarSource-sonar-java-341335847

https://orcid.org/0009-0009-6143-9862
mailto:gengyi.sun@uwaterloo.ca
https://orcid.org/0000-0001-6560-7944
mailto:georgesaaron.randrianaina@uwaterloo.ca
https://orcid.org/0000-0003-4070-585X
mailto:xiao@ait.kyushu-u.ac.jp
https://orcid.org/0000-0002-7058-1045
mailto:kamei@ait.kyushu-u.ac.jp
https://orcid.org/0000-0002-0193-3975
mailto:shane.mcintosh@uwaterloo.ca
https://creativecommons.org/licenses/by-nc-nd/4.0
https://creativecommons.org/licenses/by-nc-nd/4.0
https://creativecommons.org/licenses/by-nc-nd/4.0
https://doi.org/10.1145/3832783.3837417
https://doi.org/10.1145/3832783.3837417
https://github.com/SonarSource/sonar-java/compare/d2429a9..5234498


ASE ’26, October 12–16, 2026, Munich, Germany Sun et al.

(a) Pull request timeline with force-push events.

(b) Commit graph of the source and target commits. Arrows indicate

parent-child commit relations.

Figure 1: PR 12128 from the apache/ignite project.

code introduced by other developers and PRs. While such a large
diff may indeed repair the build, the diff is no longer semantically
aligned with the PR description.

To better understand the conflation problem, we conduct an
empirical study of real-world PRs. More specifically, we address
the following research questions (RQs):
RQ1: How prevalent are force-push pairs on GitHub?

Motivation: Conflation arising from force-pushing can impact devel-
opment and research workflows. To estimate the potential impact
magnitude, we set out to study the prevalence of force-push events.
Results: Section 3 shows that 1,366 of 1,445 studied projects include
at least one PRwith a force-push event. A total of 568,218 force-push
events span 242,624 of the 935,011 studied PRs (26%).
RQ2: What characterizes conflation-prone force-push pairs?

Motivation: It is not clear whether all force-push pairs are equally
prone to conflation. Therefore, we set out to characterize the force-
push pairs that are conflation-prone.
Results: Section 4 shows that frequently syncing with the base
branch to avoid merge conflicts by force-pushing produces “hetero-
ancestral” relationships, conflating PR-scope changes with base
branch updates. We find that 210,837 and 235,296 of 568,218 studied
force-push pairs are hetero-ancestral and co-ancestral, respectively.
RQ3: To what extent can we deconflate force-pushed revi-

sions?

Motivation: Given the prevalence of hetero-ancestral force-push
pairs, there is a need for an automated solution. Hence, we set out
to propose and evaluate such a solution.
Results: Section 5 introduces ÃAntiDiffamine—an ancestry-based
approach that systematically isolates PR-specific changes.ÃAnti-

Diffamine can deconflate 98.1% of hetero-ancestral force-push pairs.

Moreover, those deconflated diffs are orders of magnitude smaller
than their conflated counterparts.
RQ4: To what extent does conflation impact downstream

analyses?

Motivation: The identification of revisions of PRs is a key step in
other analyses. Since force-push-based conflation is prevalent, we
set out to evaluate its impact on downstream analytical tasks.
Results: Section 6 shows that diff conflation also impacts fail-fix
pair analyses, and treating these pairs with ÃAntiDiffamine sub-
stantially outperforms leaving them untreated or excluding them.

We conclude that diff conflation impacts both practitioners and
researchers. In code review, diff conflation complicates PR revisions
by obscuring the true scope of changes. For researchers, the complex
nature of PR revisions discourages the use of this rich, iterative data,
limiting the community’s ability to leverage PR-based discussions
and code evolution. ÃAntiDiffamine addresses both challenges
by narrowing conflated diffs to the true PR scope.

To integrate ÃAntiDiffamine into existing developer work-
flows, we implement a GitHub Action that triggers automatically
when a PR receives new commits. If hetero-ancestral pairs are de-
tected in the commits of the PR, the action posts a comment on
that PR that contains a URL, which includes an ÃAntiDiffamine-
treated diff along with other contextual information.

2 Revision History in Pull-Based Development

In this section, we define PRs (Section 2.1) and force-push events
(Section 2.2). We also discuss the impact of altered revision history
on practitioners (Section 2.3) and researchers (Section 2.4).

2.1 Pull-Based Development

Pull-based development is a common workflow supported by mod-
ern social coding platforms (e.g., GitHub and GitLab), where de-
velopers often contribute to repositories by submitting a PR. To
prepare a PR, a developer forks the original (a.k.a. upstream) repos-
itory, develops their changes in that forked repository, and submits
their set of changes for integration by submitting a PR to the up-
stream repository. In GitHub terminology, the branch within the
fork repository from which the PR is submitted is called the head
branch (PR branch), and the branch within the upstream repository
onwhich the changes should land is called the base branch. The base
branch may be any branch in the upstream repository, whereas the
head branch may either be a branch local to the forked repository
or another branch within the same upstream repository [14].

Figure 1a shows an example of a PR in the apache/ignite reposi-
tory. The contributor forked the repository apache/ignite and cre-
ated the local branch ignite-23416. When the PR was submitted,
GitHub compared the head branch pr-author:ignite-23416 with the
base branch apache/master in the upstream repository. The PR
includes all commits reachable (i.e., the recorded ten commits) from
the head branch, but not from the base branch [14].

2.2 Force-Push Events

After a PR is submitted, the upstream maintainers review it by in-
specting the changes and leaving comments. The author continues
to push commits to the head branch in their fork (e.g., to address
reviewers’ feedback), and the PR will update accordingly. Reviewers

https://github.com/antidiffamine/AntiDiffamine
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then examine the new version, and this cycle continues until the PR
is either merged or closed. In practice, the base branch also evolves
in the meantime, and it is well-recognized that long-lived code on
isolated branches can be problematic when merging [6–8, 13, 40].
Therefore, the author must periodically incorporate those upstream
changes, typically by rebasing the PR onto the latest HEAD commit
of the base branch. Since this action alters the commit history on
the PR branch, developers must force-push such updates to take
responsibility for the risks.

Figure 1a shows how force-push events ( 1 , 2 ) are recorded in
the PR activity log on GitHub. The two commits form a pair, which
we denote as the source and target commits, i.e., the HEAD commit
of the PR before and after the force-push event, respectively.

Figure 1b shows the commit graph associated with the PR, with
two force-push events ( 1 , 2 ), whichwe refer to as SOURCE–TARGET
and SOURCE′–TARGET′, respectively. SOURCE and TARGET are the
only commits on the PR before and after the force-push event.
Their ancestor on the base branch is commit d28e212, which was
the HEAD of the base branch when the fork was created.

If there are multiple commits on the PR before the force-push
event, the log message only refers to the HEAD commits. In Figure 1b,
the SOURCE′ and TARGET′ point to the HEAD of commits 1′ − 10′ and
1′′ − 10′′, respectively. The two sets of ten commits both form a
linear parent-child commit chain, where their ancestors on the base
branch are commits d28e212 and da91e49, respectively.

After the force-push event, the previously recorded commits be-
come detached. For example, Figure 1b shows the current commits
on the PR are the commits with TARGET′ as their HEAD.

2.3 Impact on Practitioners

While the cognitive load of reviewing such conflated PR revisions
remains difficult to quantify, developer complaints about conflated
diffs caused by force-pushing date back almost a decade on Stack-
Overflow. According to GitHub Community discussion, reviewers
cannot directly isolate and inspect the changes to the PR that were
responses to their code review comments. As a result, existing tools
show code reviewers as many as thousands of modified lines that
do not correspond to meaningful edits within the context of the PR.
Other social coding platforms that support pull-based development
also suffer from this limitation (e.g., GitLab and Codeberg). For
example, on HackerNews, nine developers complain that they must
“review the whole branch all over again” because there is “no diff
between two versions of the branch”.

This conflated diff is also a challenge for PR authors and CI
maintainers. According to GitHub Community discussion, a failing
test case may be correctly fixed by a force-pushed revision to a PR,
yet the code snippet that resolves the failure can be buried within a
conflated diff. As a result, PR authors and CI maintainers may find
it difficult to identify the true cause of the change to build status,
limiting their ability to learn from past mistakes and/or improve
the robustness of their pipelines.
Limitation of Existing Solution. A potential solution is git range-
diff—a Git subcommand that relies on heuristic, non-deterministic
commit-matching. This solution is not yet integrated into any so-
cial coding platform. Moreover, it produces a “diff of diffs”, which
introduces challenges when interpreting its output.

Analyze
Ancestry

1,445 

Repos

935,011

PRs

568,218

FP Pairs

Extract 
Force-Push

Pairs

Extract 
Pull

Requests Hetero-ancestral
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Unresolvable
122,085

Co-ancestral
235,296

Figure 2: Data collection and analysis overview.

2.4 Impact on Researchers

Force-push events also challenge researchers. Rapaport et al. [31]
report that altered histories are prevalent in version control reposi-
tories, with pull requests being the most frequently affected, chal-
lenging assumptions that repository-based analyses rely on au-
thentic, unaltered histories. Indeed, Silva et al. [35] were forced
to discard part of their dataset for fault localization tasks because
force-pushes masked commits that failed earlier in the lifetime of a
PR, obscuring the true fault-inducing changes.

More broadly, an inaccurate history of PR revisions may intro-
duce contamination risks into datasets. TravisTorrent [4], a large-
scale CI log dataset, notes that identifying a build-breaking commit
is "undecidable" when a PR is rebased onto the HEAD of the base
branch. Following Beller et al.’s [4] procedure, Tomassi et al. [39]
and Madeiral et al. [26] mine Travis CI to build BugSwarm and
BEARS by identifying consecutive fail-fix build pairs, using the diff
between commits as an estimate of the fix. Such fail-fix pairs can
suffer from diff conflation, which may produce misleading results.

To mitigate these risks, researchers may exclude altered com-
mit histories from their analyses. For example, PR-based bench-
marks [30, 42] (e.g., SWE-bench [17] and DevOps-Gym [38]) focus
on the final state of merged PRs rather than intermediate revisions.

Fields like fault localization and program repair rely on accu-
rately identified fix-inducing and fixing commits [2, 9, 12, 18, 21, 34,
41], often extracting such pairs from linearized main-branch com-
mits. Chen et al. [10] emphasize this linearized history as essential
for mitigating noise, since the code has already undergone review
and refinement. While this suits their design, as a community, an
exclusive focus on the main branch overlooks the rich context of
discussions and revisions inherent to pull-based development. Cap-
turing this process could yield more fine-grained, representative
data for the broader community.

3 How Prevalent Are Force-Push Pairs on

GitHub?

In this section, we present our approach to studying the prevalence
of force-push pairs on GitHub (Section 3.1), followed by the results
that we observe (Section 3.2).

3.1 Approach

Figure 2 describes our process for querying GitHub, collecting
PRs, and extracting force-push pairs. At a high level, our approach
consists of: (1) selecting the studied projects, (2) collecting PRs, and
(3) identifying force-push pairs. Below, we describe each step.
Selecting the Studied Projects. We leverage the search engine
of GitHub to identify the studied projects. We construct a query
to search for GitHub repositories, filtering out irrelevant reposito-
ries from the entire GitHub corpus, which contains more than 420

https://stackoverflow.com/questions/39684749/compare-old-and-new-versions-of-force-pushed-github-pull-request
https://stackoverflow.com/questions/39684749/compare-old-and-new-versions-of-force-pushed-github-pull-request
https://github.com/orgs/community/discussions/3478
https://gitlab.com/gitlab-org/gitlab/-/merge_requests/129279?diff_id=760626993&start_sha=33c8eacfb4929c23a65c3955b7230a606323996b
https://codeberg.org/ziglang/zig/compare/1ca8be6b96afce21ff655f2cfaec5dbc1bb4af0c..0b857eebeb9e348370ab88797743eeed9fdffbe6
https://news.ycombinator.com/item?id=26923639
https://github.com/orgs/community/discussions/62568
https://innovationgraph.github.com/global-metrics/repositories
https://innovationgraph.github.com/global-metrics/repositories
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Table 1: Number of repositories and pull requests with and

without force-push pairs.

Repositories PRs Revised PRs FPs

With FP 1,366 242,624 242,624 –
Without FP 79 692,387 215,003 –
Total 1,445 935,011 457,627 568,218

million repositories. To exclude small projects, we remove reposito-
ries: (i) with fewer than 1,000 forks, which reduces all projects on
GitHub to a sample on the order of tens of thousands, and (ii) that
are smaller than 10,000 KB, which further reduces the sample to the
order of thousands of repositories. To ensure that our analysis re-
flects actively developed projects, we exclude repositories that have
been marked as archived or mirrored, which reduces the sample by
roughly one thousand repositories. To filter out inactive projects,
we select repositories with at least one recently merged PR. Since
weekend activity varies substantially across repositories, we select
repositories that have at least one commit landing on the main
branch on at least one of the weekdays of the week when our data
collection process was initiated. These conditions are expressed
using one query and reduce all repositories reachable on GitHub to
a sample of 1,673 repositories. Finally, to focus on software develop-
ment, we select repositories whose primary programming language
ranks among the ten most popular languages on GitHub. GitHub
detects the programming languages in a repository using the Lin-
guist tool, which computes the proportion of bytes attributed to
each recognized language. The primary programming language is
the language that accounts for the largest proportion of recognized
source-code bytes.

After filtering, we obtain a dataset of 1,445 repositories. The
GitHub query and its results are available in our replication package.
Collecting PRs. For each repository, we use the GitHub REST API
to search the list of PR numbers submitted within a six-month
window, between February and July 2025. For each PR of each
sampled repository, we collect its corresponding raw HTML page.
We collect raw HTML because it contains contextual data that we
may require, and that is not present in the REST API response.

Overall, due to systematic pauses introduced to prevent abusive
web scraping behaviour, the data collection process took 24 days.
The dataset of 935,011 PRs consumes 110 GB of storage space.
Identifying Force-Push Pairs. For each PR, we use BeautifulSoup
to process the structured HTML pages. We first identify force-push
events bymatching the keyword “force-pushed” in the HTML content.
We then extract the associated commit identifiers from the embed-
ded hyperlinks using regular expressions [1]. Finally, following the
convention illustrated in Figure 1a, we label commits according to
their roles, where SOURCE and TARGET denote the commits before
and after the force-push, respectively.

3.2 Results

Table 1 provides an overview of our studied repositories and PRs
with and without force-push pairs, along with the total number of
force-push pairs and PRs that are revised.
Observation 1: Force-push activity is common in pull-based de-

velopment. Table 1 shows the number of repositories and PRs with

at least one force-push pair. Among 935,011 PRs, 457,627 (48.9%)
undergo at least one revision, and 242,624 (26.0%) are revised using
force-push. Overall, we identify 568,218 force-push pairs. Among
1,445 repositories, 1,366 (94.5%) contain at least one force-push pair.
These repositories account for 932,212 PRs (99.7%), suggesting that
force-push events are a common occurrence.
Conclusion. Force-push events are not isolated or non-standard
coding practices, as they occur in 94.5% of our studied projects.

4 What Characterizes Conflation-Prone

Force-Push Pairs?

Not all force-push pairs are equally prone to diff conflation. Fig-
ure 1b shows that comparing commit pairs that diverge within the
PR scope produces PR-specific commits (e.g., SOURCE–TARGET). In
contrast, commit pairs that diverge on the base branch can yield
conflated diffs (e.g., SOURCE′–TARGET′), since their ancestors on
the base branch (e.g., branch ancestors d28e212 and da91e49) are
separated by unrelated updates (e.g., commit 74d5d93).

In this section, we present our approach to classify force-push
pairs based on their ancestral relationships (Section 4.1), and our ob-
servations about their prevalence and characteristics (Section 4.2).

4.1 Approach

Based on the positions of their respective ancestors on the base
branch, we classify force-push pairs as co-ancestral pairs if they
are not prone to conflation, or as hetero-ancestral pairs if they
are prone to conflation. Algorithm 1 presents the procedure for
identifying the ancestral relationships of force-push pairs. Figure 3
illustrates this procedure using two examples, the co-ancestral
SOURCE–TARGET and the hetero-ancestral SOURCE′–TARGET′.

The classifyRelationships function takes force-push pairs
and their base branch (Line 18) as input. If either the source or target
commit, or their containing branch, are unavailable on the remote
(Line 10), we return NULL for branch ancestors (Line 11). For each
source and target commit, we first compute their common ancestor
using git merge-base (Line 12). If no common ancestor can be
computed (Line 13), we also return NULL for branch ancestors (Line
14). Figure 3 shows that the common ancestor for both SOURCE–
TARGET and SOURCE′–TARGET′ is commit d28e212.

Next, we identify the closest ancestor on the base branch, re-
ferred to as the branch ancestor. In cases where a PR is merged,
commits from the PR may also appear on the base branch. There-
fore, we define the branch ancestor as the first ancestor that lies on
the base branch (Line 5) and is not part of the commit history of
the PR (Line 6). The computeBA function (Line 1) locates the branch
ancestor of a given reference with respect to the base branch, which
in this case coincides with the common ancestor in Figure 3. First,
we enumerate the ancestor commits in chronological order from
the common ancestor to the reference using git rev-list (Line 3).
Figure 3 illustrates the ancestor lists: [1] for SOURCE, [1′] for TARGET,
[1′, . . . , 10′] for SOURCE′, and [1′′, . . . , 10′′] for TARGET′. Our goal is
to determine whether they share the same branch ancestor by first
examining the position of the branch ancestor relative to the com-
mon ancestor. If the branch ancestor appears within the ancestor
lists, we then check if the identified branch ancestors of the source
and target commits are the same.

https://innovationgraph.github.com/global-metrics/repositories
https://github.blog/news-insights/octoverse/octoverse-2024/#the-most-popular-programming-languages
https://github.com/github/linguist
https://github.com/github/linguist
https://zenodo.org/records/21410986
https://tedboy.github.io/bs4_doc/
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Figure 3: Identifying the ancestral relationship of force-push

pairs and rebasing the SOURCE
′
to the branch ancestor of

TARGET
′
. Arrows indicate parent-child commit relations.

If the branch ancestor is not in the list of candidates (Line 8), it
implies that the common ancestor is within the PR scope. Thus,
the algorithm returns the last commit in the ancestor list, which
corresponds to the common ancestor. This indicates that both the
source and target commits are children of the same commit on the
base branch and therefore share the same branch ancestor.

After determining the branch ancestors of the source and target
commits (Line 21), we proceed to compare them. If the branch
ancestors are NULL, the pair is classified as unresolvable (Lines 22–
23). If the pair shares the same branch ancestor, it is classified as
co-ancestral; otherwise, as hetero-ancestral (Lines 24–27). In Figure 3,
SOURCE and TARGET share the same branch ancestor, and the pair
is classified as co-ancestral. In contrast, SOURCE′ and TARGET′ have
different branch ancestors, and are classified as hetero-ancestral.

Finally, the function returns three sets, one with pairs that are
unresolvable, one with co-ancestral pairs, and one with the hetero-
ancestral pairs (Line 28).

4.2 Results

Figure 4 provides an overview of the prevalence of ancestral rela-
tionships among force-push pairs.
Observation 2: Force-push pairs with a hetero-ancestral rela-

tionship, which requires additional treatment to avoid con-

flation, occur at rates comparable to those with a co-ancestral

relationship. Figure 4 shows that, among 568,218 force-push pairs,
210,837 (37.1%) exhibit a hetero-ancestral relationship that is prone
to diff conflation, whereas 235,296 (41.4%) exhibit a co-ancestral
relationship that can be directly compared. The cumulative distri-
bution functions further indicate that the overall distributions of
co- (dashed) and hetero-ancestral (dash-dotted) pairs are similar,
suggesting that developers frequently rewrite revision histories in
ways that result in conflation of changes.

Finally, 122,085 pairs (21.5%) yield unresolvable relationships,
122,015 of which (99.94%) are due to deleted commits or branches;
these cases are artifacts of data availability in our analysis rather
than limitations of our proposed approach (Section 5). If force-
push pairs are analyzed at their creation time rather than in the
batch process that we conduct in this section, the missing remotes
and branches would still exist, and these pairs can be analyzed.
A negligible fraction, 70 of 568,218 pairs (0.01%), do not share a
common ancestor (e.g., due to merges involving commits from
external repositories). Although this case may be viewed as a third

Algorithm 1: Classify Ancestral Relationships
1 function computeBA(common, ref, branch):
2 // locate branch ancestor

3 ancestors← git.rev-list(common, ref, branch)
4 foreach commit ∈ ancestors do
5 if commit ∈ getBaseBranchCommits(ref, branch)

6 and commit ∉ getPRCommits(ref) then

7 return commit

8 return last(ancestors)

9 function getBothBAs(source, target, branch):
10 if either source, target, branch not on remote then

11 return NULL, NULL

12 common← git.mergebase(source, target)
13 if no common then

14 return NULL, NULL

15 sourceBA← computeBA(common, source, branch)
16 targetBA← computeBA(common, target, branch)
17 return sourceBA, targetBA

18 function classifyRelationships(forcePushes):
19 unresolvable, coAncestral, heteroAncestral ←{ }, { }, { }
20 foreach (source, target, branch) ∈ forcePushes do
21 sourceBA, targetBA← getBothBAs(source, target, branch)
22 if sourceBA == NULL or targetBA == NULL then
23 unresolvable ← unresolvable ∪ {(source, target)}
24 else if sourceBA == targetBA then

25 coAncestral ← coAncestral ∪ {(source, target)}
26 else

27 heteroAncestral ← heteroAncestral ∪ {(source, target)}
28 return unresolvable, coAncestral, heteroAncestral

Figure 4: Sorted distribution of ancestral relationships.

relationship alongside co- and hetero-ancestral, its extremely low
prevalence leads us to exclude it from further analysis in this paper.
Conclusion. Hetero-ancestral force-push pairs occur at rates
comparable to co-ancestral ones. This is likely due to the good
habit of keeping the PR branch up-to-date with the base branch.

5 To What Extent Can We Deconflate

Force-Pushed Revisions?

In this section, we investigate the severity of the conflation prob-
lem inherent to the hetero-ancestral force-push pairs, present our
approach to mitigating conflation (Section 5.1), and evaluate the
effectiveness of that approach (Section 5.2).

5.1 Approach

Figure 1 shows that the co-ancestral SOURCE–TARGET pair differs
within the PR scope and thus do not require additional treatment to
compare. In contrast, the hetero-ancestral SOURCE′–TARGET′ pair
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Table 2: Comparison of git diff statistics before and after

applying AntiDiffamine on force-push pairs.

Default
Rebase
(76.2%)

Strategic
Rebase
(21.9%)

Manual
Rebase
(1.9%)

Rate (%)
25th 59 10 0
50th 74 23 0
75th 88 36 3

Changed
Files

Original
25th 6 18 34
50th 31 96 191
75th 152 394 839

Rebased
25th 0 1 –
50th 0 1 –
75th 1 3 –

Added
Lines

Original
25th 64 299 519
50th 575 2,283 4,652
75th 3,785 12,099 25,974

Rebased
25th 0 1 –
50th 0 5 –
75th 4 30 –

Removed
Lines

Original
25th 25 141 282
50th 242 1,018 2,916
75th 1,763 5,854 16,672

Rebased
25th 0 1 –
50th 0 3 –
75th 3 27 –

Merge
Conflicts

Files
25th – 1 1
50th – 1 2
75th – 2 4

Lines
25th – 1 0∗
50th – 1 1
75th – 3 4

∗Merge conflicts involving structural changes, file deletions,
or non-textual files (e.g., .png, .zip, .tar) are not parsed.

Algorithm 2: Rebasing and Diff Force-Push Pairs
1 function AntiDiffamine(forcePushes):
2 foreach (source, target, branch) ∈ forcePushes do
3 originalDiff ← git.diff(source, target)
4 sourceBA, targetBA← getBothBAs(source, target, branch)
5 git.checkout(source)
6 mergeConflicts, sourcerebased ← git.rebase(--onto, targetBA,

sourceBA, source) // default rebase

7 if mergeConflicts is not empty then

8 extractAndStore(mergeConflicts)
9 mergeConflicts, sourcerebased ← git.rebase(--onto, targetBA,

sourceBA, source, option=target) // strategic rebase

10 if mergeConflicts is not empty then

11 rebasedDiff← NULL // require manual rebase

12 rebasedDiff ← git.diff(sourcerebased , target)
13 return originalDiff, rebasedDiff

differs by numerous commits on the base branch, which will include
non-PR-specific changes when applying git diff.
ÃAntiDiffamine. To mitigate this conflation caused by hetero-
ancestral relationships, we proposeÃAntiDiffamine, which (1) iden-
tifies a suitable common branch ancestor as the comparison base,
(2) rebases the commits onto this ancestor, (3) isolates changes spe-
cific to the two commits, and (4) produces a more meaningful diff
for the hetero-ancestral pairs than a direct comparison.

Figure 3 illustrates a scenario of rebasing the SOURCE′–TARGET′
pair usingÃAntiDiffamine, which copies the highlighted commits
X from SOURCE′ until the child of the branch ancestor of SOURCE′,

and reapplies them at the branch ancestor of TARGET′. This action
produces the highlighted commits Y .

Algorithm 2 implements the process. For each source and target
commit and their base branch in a force-push pair (Line 2), we first
compute the diff between the original source-target pair (Line 3,
e.g., SOURCE′–TARGET′ in Figure 3) and their branch ancestors (Line
4). Then, the source commit (e.g., SOURCE′ in Figure 3) is checked
out (Line 5). A default rebase operation is attempted (Line 6), which
fails if merge conflicts occur (Line 7). In such cases, the rebase
process is paused to extract and record the conflicting lines (Line
8). To resolve the merge conflicts during rebasing, Git provides
strategy options. When merge conflicts occur, a strategic rebase is
attempted, which prioritizes the changes in the target commit, i.e.,
the PR-updated version of the codebase (Line 9). If the attempted
strategic rebase also fails, then we skip the force-push pair because
it requires manual intervention (Lines 10–11).

If either the default or strategic rebase succeeds, the HEAD points
to the rebased version of source, which has a new SHA identifier
(e.g., SOURCE′ to SOURCE′

rebased
in Figure 3). We then diff the new

pair (Line 12, e.g., SOURCE′
rebased

–TARGET′ in Figure 3).
Comparing with Range-Diff. Range-diff is a built-in Git function
that compares two ranges of commits using heuristic commit match-
ing. Although range-diff takes similar inputs as ÃAntiDiffamine

(i.e., two sequences of commits), the two approaches are designed
for different purposes. Range-diff determines the extent to which
two commit ranges diverge, whereasÃAntiDiffamine provides an
overview of the changes between two commit ranges. Therefore,
rather than treating range-diff as a baseline, we characterize its
differences withÃAntiDiffamine quantitatively.

We make three adaptations to compare the output of range-diff
with ÃAntiDiffamine. First, since range-diff focuses on how each
commit diverges, it matches commits individually and displays
the line-level differences only when the differences fall within its
fuzzy matching criteria. Otherwise, only the commit hashes of the
divergent commits are displayed, requiring users to look up their
diffs. Thus, we append the content of the divergent commits to the
range-diff output for a fair comparison withÃAntiDiffamine.

Second, range-diff is not intended to bemachine-readable accord-
ing to its official documentation. In addition to the standard prefixes
of the unified diff format (+ and -), range-diff introduces compos-
ite prefixes: -- (removal of deletion), -+ (removal of addition), ++
(target-side-only addition), and +- (target-side-only deletion). Since
ÃAntiDiffamine focuses on the diff of the source-to-target revi-
sion, we map only the prefixes to changes comparing the source and
target revisions: ++ and -- as addition and +- and -+ as deletion,
treating - and + as unchanged context lines.

Finally, range-diff takes in a creation factor that ranges from 0 to
100, which controls the strictness of its fuzzy matching. The larger
the factor, the less likely that commits will match. We explore the
impact of the creation factor by evaluating eleven settings (i.e., 0,
10, 20, 30, 40, 50, 60, 70, 80, 90, and 100).

5.2 Results

We applyÃAntiDiffamine to all hetero-ancestral force-push pairs
identified in Section 4 and observe a failure rate of 0.2% (448 pairs
from 99 repositories) due to commits on the remote branch being

https://git-scm.com/docs/git-range-diff#_output_stability
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Figure 5: Per-repo rebase success and identical diff rates.

Figure 6: Comparing range-diff to AntiDiffamine.

deleted. Similar to Section 4.2, these failures are an artifact of our
evaluation timing rather than a flaw in our approach.

Table 2 shows: (1) the 25th, 50th, 75th percentiles, and the total
counts of the per-repository rebase success rate, (2) the original and
rebased diff sizes, and (3) the number of files and lines involved in
merge conflicts. Figure 5 shows the distributions of: (1) force-push
pairs that are automatically rebased and analyzed per-repository,
and (2) force-push pairs with identical commits per-repository.
Figure 6 shows the number of changed files, added lines, removed
lines, and total lines produced by range-diff and ÃAntiDiffamine

at the 25th, 50th, and 75th percentiles.
Observation 3: Diffs of hetero-ancestral force-push pairs are

heavily conflated, while AntiDiffamine reduces them by at

least an order of magnitude after rebasing. Prior studies show
review diffs are typically small [3, 14, 32, 33], with median (mean)
sizes under 100 lines and few exceeding several hundred. The Orig-
inal columns in Table 2 show that the untreated hetero-ancestral
diffs are orders of magnitude larger.

The fourth column in Table 2 shows that, for default-rebased
pairs, the 50th percentile numbers of changed files, added lines, and

removed lines decrease from 31, 575, and 242 to zero, with no merge
conflicts. For strategically-rebased pairs (the fifth column), the 50th
percentile numbers of changed files, added lines, and removed
lines decrease from 96, 2,283, and 1,018 to one, five, and three,
respectively, with merge conflict files and lines of one. Especially
for force-push pairs that require manual rebasing (the sixth column),
the original diffs at the 50th percentile numbers of changed files,
added lines, and removed lines are 191, 4,652, and 2,916, respectively.
Observation 4: AntiDiffamine can automatically deconflate

almost all hetero-ancestral force-push pairs. Indeed, 98.1% of
force-push pairs can be rebased automatically using either the de-
fault (76.2%) or the fallback strategic (21.9%) approach. The dashed
line in Figure 5 shows that at least 95% of force-push pairs can be
automatically rebased and analyzed in 86% of repositories. More-
over, in 53.5% (100%–46.5%) of repositories, all force-push pairs can
be automatically rebased and analyzed. These results suggest that
ÃAntiDiffamine is applicable to the majority of force-push pairs
and repositories in the studied sample.

The 1.9% of force-push pairs that require manual intervention
during the rebase action have merge conflicts that involve few files
and lines. Indeed, the sixth column of Table 2 shows 25th (50th)
percentile merge-conflict files at one (two), and merge-conflict lines
at zero (one), respectively. Since our parser detects merge-conflict
markers in textual files, merge conflicts involving file structure,
removed files, or binary files (e.g., .png) are excluded from the
conflict-line count.
Observation 5: AntiDiffamine reveals a substantial portion

of hetero-ancestral force-push pairs with identical commits.

The dotted line in Figure 5 shows that when applying ÃAnti-

Diffamine, 45.9% of the studied hetero-ancestral pairs (96,848) yield
no changes within the PR scope, suggesting their original changes
are merely synchronizations with the most recent HEAD of the base
branch. This phenomenon can be observed across 90.5% of the
studied repositories. Within each repository, the 25th, 50th, and
75th percentile values of identical diffs are 23.3%, 37.9%, and 55.3%,
respectively. These results suggest that large diffs may create the
perception of an onerous review, whereas they often reflect simple
branch synchronization, and should be explicitly labelled to avoid
unnecessary review effort.
Observation 6: Range-diff outputs are larger in size than Anti-

Diffamine. Figure 6 shows that range-diff outputs vary with the
setting of the creation factor. The number of lines of output of range-
diff spans from two to three lines at the 50th percentile and 37 and
200 at the 75th percentile, respectively. In contrast, the number of
lines of output ofÃAntiDiffamine is one line at the 50th percentile
and 17 lines at the 75th percentile.

In terms of the number of changed files, added lines, and removed
lines, range-diff ’s output size similarly varies with the creation fac-
tor, spanning from two to four changed files, ten to 125 added lines,
and eight to 36 removed lines; whereasÃAntiDiffamine produces
eight added lines and six removed lines at the 75th percentile. At the
median, range-diff performs comparably toÃAntiDiffamine. Both
range-diff and ÃAntiDiffamine detect no changed files, added
lines, and removed lines at the 25th percentile, confirming Observa-
tion 5, i.e., that almost half (45.9%) of the hetero-ancestral force-push
pairs are branch synchronization.
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Table 3: Comparison of git diff statistics before and after

applying AntiDiffamine on Kubernetes build fail-fix pairs.

Default
Rebase
(63.8%)

Strategic
Rebase
(30%)

Manual
Rebase
(6.2%)

Changed
Files

Original
25th 51 194 160
50th 210 559 500
75th 994 1,093 1,162

Rebased
25th 1 1 –
50th 2 2 –
75th 3 8 –

Added
Lines

Original
25th 160 6,694 16,604
50th 6,103 23,079 51,932
75th 50,540 53,642 82,941

Rebased
25th 1 3 –
50th 6 23 –
75th 30 124 –

Removed
Lines

Original
25th 475 2,409 1,580
50th 1,928 10,783 11,407
75th 21,055 32,496 40,981

Rebased
25th 0 3 –
50th 4 26 –
75th 35 104 –

Merge
Conflicts

Files
25th – 1 1
50th – 1 2
75th – 2 3

Lines
25th – 1 0∗
50th – 2 1
75th – 4 18

∗Merge conflicts involving structural changes, file deletions,
or non-textual files (e.g., .png, .zip, .tar) are not parsed.

To provide additional context for practitioners, our ÃAnti-

Diffamine GitHub Action also computes range-diff output at the
default creation factor of 60 alongside theÃAntiDiffamine output,
rendering both in a common interface.
Conclusion. Force-pushed revisions are substantially conflated.
ÃAntiDiffamine reduces the size of diff to better align with
the needs of developers.ÃAntiDiffamine also makes diffs that
correspond to branch synchronization trivial to filter out, thereby
reducing unnecessary review effort.

6 To What Extent Does Conflation Impact

Downstream Analyses?

In Section 1, the conflated fail-fix pair in BugSwarm [39] illustrates
that diff conflation can interfere with downstream analyses. To
systematically assess this impact, we study fail-fix pairs of build
executions that rely on clean PR revision data.

We study fail-fix pairs in the context of Kubernetes—one of the
largest and most visible projects in our dataset. More specifically,
we investigate the extent to which co- and hetero-ancestral rela-
tionships occur when analyzing this other pull-based development
activity. When hetero-ancestral relationships emerge, we evaluate
whetherÃAntiDiffamine can deconflate the diffs as well.

Below, we describe the context (Section 6.1), the approach (Sec-
tion 6.2) and the results (Section 6.3) of our Kubernetes case study.

6.1 Context

A fail-fix pair can be identified by examining build execution history,
where a failing build is followed by a passing build for the same PR.
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Figure 7: Overview of the case study.
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Figure 8: Prow build dashboard for Kubernetes-PR 134777

Fail-fix pairs are frequently mined to construct datasets for fault
localization and program repair tasks [18, 35, 39].

In a linear parent-child sequence of commits with associated
builds, a fail-fix transition is between a parent commit with a failing
build and a child commit with a passing build. When a force-push
event occurs, the linear sequence may not be preserved. In such
cases, a fail-fix pair may coincide with a force-push pair, since PR
updates are commonly submitted via force-pushes (Section 2.2).
Key Insight 1. Therefore, fail-fix pairs that are mined from build
execution history are prone to the same diff conflation issues
caused by force-push pairs.
To study the impact of force-push-induced diff conflation on

fail-fix pairs, we extract build execution status and job information.
Doing so requires understanding the build context of each studied
repository rather than simply issuing API calls. Since projects may
execute their builds using different CI providers and a project may
even use multiple providers simultaneously, processing the logs
of all 1,366 studied projects presents practical challenges. Solving
those challenges would likely introduce construct and internal
threats to validity by producing a build outcome signal that would
be unreliable. Hence, we perform a case study to allow us to dedicate
resources to producing a reliable build outcome signal.

We select Kubernetes—a popular container orchestration system—
as our case study subject. The Kubernetes team follows a pull-based
development model and uses Prow as its CI platform.

Figure 8 illustrates an example of the Prow build dashboard,
showing PR 134777 from the Kubernetes project. Each build consists
of multiple jobs, which may be required, i.e., it must pass for a PR to
be permitted to merge (e.g., X verify), or optional, i.e., its outcome
does not affect the merge permission for a PR (e.g., Y e2e-ec2). We
focus on the build outcomes of the required jobs, since they impact
merge decisions.
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Table 4: Top 10 files in the git-diff of build fail-fix pairs under three treatments on the hetero-ancestral pairs.

Untreated Count Excluded Count Treated with AntiDiffamine Count

pkg/.../zz_generated.openapi.go 102 test/.../versioned_feature_list.yaml 17 test/.../versioned_feature_list.yaml 28
api/openapi-spec/swagger.json 100 api/openapi-spec/swagger.json 15 api/openapi-spec/swagger.json 26
pkg/features/kube_features.go 98 pkg/.../zz_generated.openapi.go 11 pkg/kubelet/kubelet.go 24
pkg/kubelet/kubelet.go 96 pkg/features/kube_features.go 11 pkg/.../zz_generated.openapi.go 22
go.sum 85 pkg/kubelet/kubelet.go 11 staging/.../cacher_whitebox_test.go 21
pkg/kubelet/kubelet_test.go 85 hack/golangci.yaml 10 pkg/features/kube_features.go 20
go.mod 84 hack/golangci-hints.yaml 9 staging/.../allocator.go 19
staging/.../go.mod 84 staging/.../cacher_whitebox_test.go 9 pkg/kubelet/kubelet_test.go 17
vendor/modules.txt 84 test/.../test_data/versioned_feature_list.yaml 8 staging/.../allocator_test.go 17
test/e2e/feature/feature.go 82 test/e2e/feature/feature.go 7 hack/golangci.yaml 15

Table 5: Precision and recall of the three treatments

Mean Median

Treatment Precision Recall F1 Precision Recall F1

Untreated .02 .60 .04 0 1 0
Excluded .29 .29 .29 0 0 0
AntiDiffamine .54 .73 .62 .50 1 .67

6.2 Approach

Identifying Fail-Fix Pairs. A failing build is a build where at least
one required job fails, whereas a passing build is one where all
required jobs succeed. Figure 8 shows two build attempts (columns
8988ea7 and f82a139), each being composed of jobs (rows). The re-
quired job cmd fails on 1 commit 8988ea7, while the subsequently
force-pushed 2 commit f82a139 resolves the failure. Due to build
flakiness, the job initially fails on commit f82a139 (10), but passes
when re-executed (12). To account for this, we consider that a job
has passed on a commit if its latest invocation succeeds. Similar to
Beller et al. [4], we identify fail-fix commit pairs as two consecutive
builds where the earlier build fails and the subsequent build passes.

Figure 7 shows an overview of our data collection and analysis
pipeline. We first group the Prow build jobs by PR, and filter out
the PRs that invoke partial builds that do not execute all required
jobs. Next, we identify fail-fix pairs from the Prow dashboard and
map each pair to its corresponding commits. Following the same
approach described in Sections 4 and 5, we identify the ancestral
relationships of the commits that correspond to fail-fix pairs and
apply ÃAntiDiffamine to reduce the diff of hetero-ancestral pairs.
Identifying the Most Frequently Implicated Files in Build-

Fixing Diffs.We compute the frequency with which files appear in
diffs of hetero-ancestral pairs, which are (1) not treated (i.e., retain
all pairs and directly compare them), (2) excluded (i.e., retain only
the co-ancestral pairs and directly compare them), and (3) treated
(i.e., retain all pairs and treat the hetero-ancestral ones withÃAnti-

Diffamine). We rank and report the top ten files most frequently
implicated in the three lists (Table 4).
Labelling Actual Build-Fixing Files. To assess which treatment
generates diffs that are closest to the changes within the PR scope
that actually fix the build failure, two annotators independently la-
bel the files implicated in the fixing commits for the hetero-ancestral
build fail-fix pairs in Kubernetes. A build failure is fixed by changes
within the PR scope (i.e., a failure triggered by PR commits) or by
synchronizing to the base branch (i.e., a failure triggered by not

updating to the base branch). In the context ofÃAntiDiffamine,
we focus our attention on changes within the PR scope because
ÃAntiDiffamine focuses on PR evolution.

To identify fix locations, annotators are provided with the diffs
between the source and target commits and their branch ancestor
(i.e., the source diff and target diff), along with the logs of the
failing jobs as an additional reference. To account for subjectivity,
we estimate inter-rater reliability using Krippendorff’s alpha [20,
27], where the population for each pair is the union of the sets of
files in the source and target diffs. For each case where annotators
disagree, we conduct a follow-up discussion. If an agreement cannot
be reached, a third annotator casts the deciding vote.

To assess which treatment performs best in locating fix-inducing
files on hetero-ancestral pairs (i.e., untreated, excluded, and treated
withÃAntiDiffamine), we calculate precision, recall, and F1-score
with respect to the ground truth. To further evaluate the down-
stream impact, we report and compare the rankings of the ten most
frequently implicated files across hetero-ancestral fail-fix pairs un-
der different treatments with the ground truth.

6.3 Results

We could not label six of the 130 fail-fix pairs. Two pairs lack failure
logs, since Kubernetes periodically purges CI logs. The four other
pairs lack PR revisions, since the author abandoned the PR by
rebasing the branch onto the base HEAD, leaving zero commits.
A build is still triggered by the rebase action, but the PR has no
changes to label. An example PR and commit graph are included in
our replication package.

For the remaining 124 hetero-ancestral fail-fix pairs, two annota-
tors label the fix locations at the file level, achieving a Krippendorff’s
alpha of 0.807, which indicates a high level of agreement [20, 27].

Table 3 shows the sizes of diffs of fail-fix pairs with hetero-
ancestral relationships before and after applyingÃAntiDiffamine.
Table 4 shows the ten most frequently implicated files in the origi-
nal and rebased diffs. Table 5 shows the precision, recall, and F1-
score for each treatment using the human-labelled fix locations as
the ground truth. Table 6 presents the ten most frequently impli-
cated files in human-labelled fix locations, as well as when hetero-
ancestral pairs are not treated, or are treated withÃAntiDiffamine.
Observation 7: hetero-ancestral relationships occur at a con-

siderable rate in build fail-fix pairs. There are 3,701 Kubernetes
PRs between February and October in 2025. These PRs may only
invoke a subset of build jobs for quick testing instead of the full
build execution. Out of the 1,382 PRs that contain all required build

https://github.com/kubernetes/kubernetes/pull/131389
https://zenodo.org/records/21410986
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Table 6: Top 10 files in hetero-ancestral pairs, untreated and treated with AntiDiffamine, and the human-labelled fix locations

Untreated Count Treated with AntiDiffamine Count Ground-Truth Count

pkg/.../zz_generated.openapi.go 91 staging/../allocator.go 14 pkg/../versioned_kube_features.go 3
pkg/features/kube_features.go 87 pkg/kubelet/kubelet.go 13 test/../versioned_feature_list.yaml 3
../openapispec/swagger.json 85 staging/.../cacher_whitebox_test.go 12 pkg/kubelet/kubelet_test.go 3
pkg/kubelet/kubelet.go 85 api/openapi-spec/swagger.json 11 test/e2e_node/pod_resize_test.go 2
go.sum 82 pkg/../zz_generated.openapi.go 11 test/../dra.go 2
go.mod 81 pkg/kubelet/kubelet_test.go 11 pkg/kubelet/kubelet.go 2
staging/../go.mod 81 test/../versioned_feature_list.yaml 11 staging/../cacher_whitebox_test.go 2
vendor/modules.txt 81 ../..v1alpha3_openapi.json 10 ../api__v1_openapi.json 2
pkg/kubelet/kubelet_test.go 79 ../..v1beta1_openapi.json 10 staging/../reflector_test.go 2
staging/../go.sum 77 pkg/../types.go 10 staging/../watch_test.go 2

jobs, we identify 523 fail-fix pairs at the PR level. While 393 of
the pairs are co-ancestral, 130 are hetero-ancestral, accounting for
24.9% of the studied fail-fix pairs.
Observation 8: Hetero-ancestral fail-fix pairs yield large diffs,

suggesting that they are also prone to conflation. In total, 93.8%
of fail-fix pairs are automatically rebased. The fourth column of
Table 3 shows that, for default-rebased pairs, the corresponding
values decrease from 210, 6,103, and 1,928 to two, six, and four. For
strategically-rebased pairs (the fifth column), the 50th percentile
diff sizes are reduced from 559, 23,079, and 10,783 to two, 23, and 26,
respectively, with merge-conflict files and lines of one and two, re-
spectively. Across categories,ÃAntiDiffamine effectively removes
changes to the base branch from diffs.

The sixth column of Table 3 shows that 6.2% of hetero-ancestral
fail-fix pairs cannot be automatically rebased. They have merge-
conflict files and lines of one and zero at the 25th percentile, respec-
tively, and two and one at the 50th percentile, respectively. Even
whenÃAntiDiffamine encounters conflicts that require manual
intervention, the size of the conflict regions remains manageable.
The frequency of large and broad diffs suggests that the base branch
activity is also dominating the content of revisions in fail-fix pairs.
Key Insight 2. Downstream analyses on fail-fix pairs, such as
fault localization, program repair, or patch characterization, may
draw incorrect conclusions of the location and nature of the fix.

The conflated diffs may attribute the fix to files on the base branch
rather than within the PR itself.
Observation 9: Fail-fix pairs are often identical before and

after the rebase. Similar to Observation 5, we find that the diffs
of 11.5% of hetero-ancestral fail-fix pairs contain no changes after
factoring out changes on the base branch by rebasing.
Key Insight 3. Fail-fix pairs often correspond to simple synchro-
nization with the base branch, which alone is sufficient to resolve
build failures.

This finding aligns with examples in Section 1. If care is not taken,
one may incorrectly attribute the conflated diff to the PR author
when the build was actually fixed by branch updates outside the
scope of the PR. With the ÃAntiDiffamine Action installed, prac-
titioners can easily recognize such branch synchronization activity.
Observation 10: The most frequently implicated files almost

always change ranking across different treatments on hetero-

ancestral pairs. Table 4 shows that even among overlapping files,
implication frequencies differ substantially, ranging from 82–102
down to 7–17. Only one file (a build-generated JSON) retains the

same ranking across all three treatments. We suspect that these dis-
crepancies would becomemore pronounced if the analysis were con-
ducted at finer granularities (e.g., line level). When hetero-ancestral
pairs are untreated or excluded, only five of the top ten files are
source files (e.g., .go), compared to seven forÃAntiDiffamine.
Key Insight 4. Failing to address hetero-ancestral pairs underes-
timates source-file involvement, biasing downstream analyses.
Researchers unaware of hetero-ancestral relationships may gen-

erate data via direct comparisons over all fail-fix pairs [39] (un-
treated), or recognize the noise and exclude such pairs [4] (ex-
cluded).ÃAntiDiffamine instead preserves the full dataset while
narrowing diffs to PR-specific changes.
Observation 11: The edits of hetero-ancestral pairs identified

by AntiDiffamine are the closest to the actual fix of the build

failure. Table 5 shows that ÃAntiDiffamine outperforms both
alternatives, achieving mean (median) precision, recall, and F1-
scores of 0.54 (0.50), 0.73 (1.0), and 0.62 (0.67), respectively, compared
to the untreated and excluded approaches, whose mean (median)
precision are 0.02 and 0.29 (0 and 0), recall are 0.60 and 0.29 (1.0
and 0.0), and F1-scores are 0.04 and 0.29 (0 and 0), respectively.

When the ground truth is an empty set, a treatment returning no
files has a precision and recall of one, while one returning any file
has values of zero. The excluded group always returns no files, re-
ceiving precision and recall of either one or zero.ÃAntiDiffamine

filters out non-PR-related edits and thus returns no files more often
than the untreated group, explaining its higher recall.

Table 6 shows that the excluded treatment returns no files for
hetero-ancestral pairs, so it is omitted from the table. The untreated
and ÃAntiDiffamine-treated groups overlap with the actual fix
locations in two and four files, respectively. By detecting what has
changed between two revisions (a superset of the actual fix loca-
tions), ÃAntiDiffamine narrows down the set of files of potential
fix locations compared to the untreated group.
Conclusion. The diff conflation problem is also present in build
fail-fix pairs. ÃAntiDiffamine effectively reduces the diff size
and removes changes made outside the PR context.

7 Related Work

Gousios et al. [14] found that merges and cherry-picking via re-
basing often fail to preserve revision history, hindering reviewers’
ability to trace earlier revisions. Later, GitHub added a force-push
link to the PR timeline, enabling direct inspection of force-push
differences, which has allowed researchers to study PR revisions
otherwise unretrievable [11, 15].

https://github.blog/changelog/2018-11-15-force-push-timeline-event/
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Despite official support to trace code revisions in PRs, their
intrinsic characteristics may negatively impact the code review
process. Li et al. [23] investigated repeated revisions in PRs by de-
tecting force-push events. They analyzed the reasons behind PR
non-acceptance in the context of such repeated revisions and high-
lighted the need for improved tooling support to facilitate the re-
view of force-pushed updates [22]. They further identified rebasing
performed to update PRs as a contributing factor to PR abandon-
ment. Paixao and Maia [29] found that frequent rebasing on Gerrit
can be harmful, as some of the source code changes under review
may originate from commits on the base branch rather than from
modifications within the code review. Such out-of-context changes
increase the cognitive load on reviewers. Similarly, Nachuma and
Zibran [28] studied agent-authored PRs and identified force-push
indicators as a strong factor associated with non-acceptance. They
attribute this effect to force-push activities “disrupting the shared
context”. In contrast, we find that force-push is an inherent and
often necessary practice in PR workflows, particularly for synchro-
nizing with the base branch.

Prior work has advocated for improved diffing support in next-
generation code review tools to better compare different versions
of code under review [19]. To that end, this paper proposesÃAnti-

Diffamine to mitigate the impact of diff conflation.

8 Threats to Validity

In this section, we discuss the potential threats to construct, internal,
and external validity.
Construct Validity. While classifying ancestral relationships, we
encountered exceptions affecting classification and the consistency
of rebase reconstruction. To mitigate this, we document, inspect,
and report reasons for unresolvable pairs, introducing targeted
strategies and re-running the process for consistency. We find 21.5%
of pairs are unresolvable, 99.94% due to deleted commits or branches,
suggesting maintainers may adopt varying artifact retention or
branch management policies. In practice, ÃAntiDiffamine would
be applied immediately after a force-push, while relevant artifacts
still exist.
Internal Validity.The distribution of ancestral relationships among
force-push pairs may shift if currently unresolvable cases become
resolvable, and additional relationships may exist among these un-
available artifacts. For example, 70 unresolvable cases (0.01% of all
pairs) lack a common ancestor, typically involving commits without
a valid parent (e.g., an orphan branch). Nonetheless, such poten-
tial distributional changes do not invalidate our findings on the
identified hetero-ancestral pairs and diff conflation.
External Validity. Our studied dataset is collected from GitHub.
However, conflation exists in other pull-based platforms, such as
GitLab and Codeberg. Thus, the prevalence and impact of conflated
diffs may vary across platforms. Nonetheless, our study is large-
scale (1,445 projects, 935,011 PRs) and GitHub is the most broadly
adopted of such platforms. Moreover, our implementation is built
on Git primitives, making it extensible to other Git-based platforms.

The case study on build fail-fix pairs is conducted on one project,
and the prevalence of hetero-ancestral pairs may not generalize
to other projects. Nonetheless, Kubernetes is a large, active, and
well-maintained project. Moreover, an example from BugSwarm

confirms the existence of such hetero-ancestral pairs in build fail-fix
pairs.

We adopt the default Myers diffing algorithm in Git, which may
produce slightly different diffs compared to using minimal, patience,
or histogram algorithms. These differences do not invalidate our
findings on diff conflation, which is introduced at the commit level,
although the reported diff size may vary. Furthermore, ÃAnti-

Diffamine is compatible with other diffing algorithms and can
adopt the preferred algorithm when presenting diffs to developers.

9 Conclusion and Implications

In this paper, we describe the force-push-based diff conflation prob-
lem in pull-based development. Analyzing 935,011 PRs across 1,445
projects, we observe 568,218 force-push pairs spanning 242,624
PRs in 1,366 projects, of which 210,837 hetero-ancestral pairs are
affected by conflation. We propose ÃAntiDiffamine, which fo-
cuses diffs on PR-specific changes, and can reduce the size of con-
flated diffs by orders of magnitude. Building on this, we conduct
a Kubernetes fail-fix pair case study and find similar conflation-
prone hetero-ancestral relationships. Finally, comparing three treat-
ments of hetero-ancestral pairs, we show that ignoring or excluding
conflation-prone pairs introduces bias in downstream analyses.
Facilitating Code Review. Developers have long expressed con-
cerns about conflated diffs.ÃAntiDiffamine addresses this issue
by providing a PR-specific diff that isolates changes within the
PR scope. To integrate ÃAntiDiffamine into existing developer
workflows, we implement a GitHub Action that triggers automati-
cally when a PR receives new commits. When that action detects
a hetero-ancestral pair among the commits of the PR, it invokes
ÃAntiDiffamine and posts a comment that provides a URL where
a deconflated diff can be viewed.

With theÃAntiDiffamine Action installed, wasted code review
effort can be avoided in 45.9% of cases, as the ÃAntiDiffamine

Action would notify reviewers that there are no actual changes
to review (Observation 5). When there are actual changes, the
misleading and exhaustive diff can be shortened from hundreds
or thousands of files and lines to a few, and merge conflicts are
highlighted so reviewers can see which changes the PR author kept
(Observations 3 and 4). This benefit extends beyond force-pushed
revisions—Observations 8 and 9 that show 11.5% of hetero-ancestral
build fail-fix pairs are pure branch synchronization and can likewise
be marked as requiring no review.
Encouraging Fine-Grained Benchmarks. Diff conflation can dis-
courage researchers from leveraging the rich yet inaccurate PR
revisions, and improperly treating conflation can bias downstream
analyses. Existing benchmarks typically rely on the merged state
of PRs on the main branch, where discussion and code refinement
have already occurred, thereby abandoning the iterative code evolu-
tion process.ÃAntiDiffamine enables the construction of datasets
at a finer granularity across settings such as fail-fix pairs, and po-
tentially bug-inducing and -fixing pairs and competing PRs. Future
work should explore additional use cases ofÃAntiDiffamine.
Future Work. ÃAntiDiffamine is motivated by discussions of
developers and lack of PR revision datasets; however, the perceived
benefits of adoptingÃAntiDiffamine remain unclear. Future work
should investigate the perception of both groups.

https://github.blog/engineering/architecture-optimization/scaling-gits-garbage-collection/
https://docs.github.com/en/repositories/configuring-branches-and-merges-in-your-repository/configuring-pull-request-merges/managing-the-automatic-deletion-of-branches
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