
The Ground Is Shifting: A Reflection on the Foundations of
Software Measurement

Thomas Bock✉

Carnegie Mellon University
Pittsburgh, PA, USA
bockthom@cmu.edu

Audris Mockus
University of Tennessee

Knoxville, TN, USA
audris@utk.edu

Bogdan Vasilescu
Carnegie Mellon University

Pittsburgh, PA, USA
vasilescu@cmu.edu

Abstract
For most of the past six decades, software measurement relied
on labor-intensive manual collection of proprietary data, which
hampered progress. The shift to repurposing traces from version
control and related tools dramatically expanded data availability—
especially with the rise of open-source software—but hinged on an
often unstated assumption: that these tools are used by professional
developers to build genuine software systems. However, as trace-
generating tools, data types and scale, and empirical methods have
all evolved, it has become clear that changes in data generation and
analytical approaches affect many prior findings about software
development, maintenance, and evolution. With AI agents now ac-
tively using these same tools, the resulting traces frequently violate
the original assumption of human origin. To preserve the relevance
of software measurement research, immediate action is needed:
We must detect when foundational assumptions are violated in
contemporary data and develop new methodologies that remain
valid under changed circumstances. To this end, we propose a sys-
tematic AI-assisted replication program that revisits key findings
using modern techniques, aiming for methods that yield consistent
results on current data to keep software measurement meaningful.
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1 Introduction
Empirical software engineering has transformed significantly over
the past six decades. The initial notion that software should be mea-
sured to inform development became widespread in the 1970s, no-
tably with the introduction of source-code complexity metrics [52],
regression models for developer productivity [84], and early soft-
ware reliability models [59].These foundational approaches, though
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impactful, relied on costlymanual data collection.The 1980s brought
more sophisticated models [3, 12], along with systematic programs
for software measurement in enterprises [33] and critical evalu-
ations of emerging methodologies [88]. Manual data collection
remained prevalent and access to data was mostly proprietary.

In the 1990s, empirical software measurement matured further.
Researchers proposed frameworks for effective measurement sys-
tems [6, 72], practical guidance for their application [66], and
methodologies for qualitative studies [73]. However, measurement
continued to be restricted to organizations capable of supporting
extensive programs, limiting broader research participation.

A pivotal shift occurred with the realization that valid metrics
could be extracted from projects that use version control and issue
trackers. This democratized empirical software engineering: Any
project using these systems could analyze its own data and bench-
mark against historical states, enabling predictions about defect
introduction [57] and future file reliability [35]. Crucially, validation
extended beyond proprietary projects [54, 55], opening vast public
open-source datasets to the research community. Methodological
advances replaced rules for manual metric collection [45] with
automated extraction techniques from operational systems. As plat-
forms evolved—from SourceForge [39] to git’s dominance [7] and
GitHub’s ascendance [42]—data extraction approaches were contin-
ually refined. Researchers adapted their tools, methods, and datasets
in response to rapid technological change and shifting development
practices [28, 64, 78]. The rise of open-source hosting platforms—
especially GitHub—dramatically expanded research possibilities.
Data could be enhanced by incorporating issue trackers, pull re-
quests (PRs), and continuous-integration logs [15, 16]. This enabled
analyses at ecosystem scale rather than isolated projects [13, 53],
driving the development of mining infrastructure such as GHTor-
rent or Software Heritage archives [17, 23, 32, 65].

Recently, datasets have grown to span entire ecosystems. Repos-
itory archives such as World of Code aggregate version control
data across diverse hosting platforms, constructing unified graphs
linking developers, commits, and projects across observable open-
source activity [51, 65]. These cross-platform resources allow re-
searchers to address previously intractable questions, such as study-
ing vulnerability propagation via dependencies or examining the
diffusion of practices across programming communities [2, 8, 36, 50,
58, 71]. The scale now encompasses billions of artifacts, requiring
advanced computational infrastructure and analytics [13, 51, 65].

Methodological rigor has kept pace: Extracting valid measure-
ments from operational systems is now standard practice, with
greater attention paid to threats to validity, replication standards,
and statistical robustness [5, 27, 47, 77, 83]. Machine learning and
natural-language processing techniques are widely adopted—for
example, in code completion or vulnerability detection [24, 49].
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Qualitative approaches (e.g., interviews, ethnographies) comple-
ment or replace quantitative analyses in many settings [21, 25, 74].

The emergence of large language models (LLMs) and AI-powered
development tools marks a new inflection point. Tools such as Chat-
GPT, GitHub Copilot, or Claude Code are reshaping how developers
write, review, and debug code [14, 22, 29, 62, 87]. This evolution
challenges established empirical research paradigms: datasets built
from human-written code may not reflect current practices; studies
validated on pre-AI corpora face questions about ongoing relevance.
But also new opportunities arise around understanding developer–
AI interaction, measuring the quality impact of generated code, and
distinguishing human versus machine contributions. The definition
of a “software artifact” worthy of study is itself being renegotiated.

Fundamentally, most of the present empirical work is predicated
on repurposing operational data (e.g., issue tracking or version con-
trol) to measure phenomena such as developer effort or software
quality. As processes and tools evolve—particularly with generative
AI (GenAI)—the durability of existing measurement methods is un-
certain. Methodologies must account for both professional human
activity (e.g., keeping logical changes separate in version control)
and deviations (e.g., agent-generated commits). Much effort was
devoted to cleaning operational data, such as excluding agent activ-
ity [20] or untangling complex commit histories [37]. In the age of
GenAI agents, extracting valid data requires major methodological
innovation. Recent project practices emphasizing simplified history
(e.g., squashed commits) further complicate accurate authorship
and evolution tracking. At the same time, some problems with
cleaning data may no longer be relevant, for example, when LLMs
generate accurate, standardized commit messages [89, 92, 94].

Urgent action is needed to ensure the survival of software mea-
surement as a discipline that repurposes operational data in soft-
ware projects to gain useful software-engineering insights. It re-
quires intervention from tool makers to generate traces that identify
automated and manual activities, and from researchers using these
traces to find ways to treat human actions (constrained by physics
and biology) and agent actions (not having such constraints).

2 Assumptions of Data Collection Practices and
the Evolution of Analytical Methods

The evolution of empirical software-engineering research can be un-
derstood through two interrelated dimensions: data sources and an-
alytical methods, each of which has undergone substantial change.

Throughout most of its history, software-engineering measure-
ment was hampered by expensive (and limited) manual data collec-
tion and proprietary datasets. Only during the last quarter century,
the discovery that data from software tools, such as version control
systems, could be used to produce valid measures led to exponential
expansion in measurement methods, and, in the case of open-source
software, in public datasets of millions of projects [26]. That leap
to rely on tool-trace data (i.e., records left by tool usage) required
many assumptions—some forgotten by now (see Table 1). Even un-
der these assumptions, trace data had to be augmented for different
types of software changes, outliers identified and removed, miss-
ing data imputed, and many other contingencies addressed [56].
Numerous violations of foundational assumptions are already docu-
mented [40]. For example, Rapaport et al. [68] showed that altered

Table 1: Foundational assumptions and their violations

Assumption Violation

A commit is an atomic unit of work Squash-merging collapses PRs into one commit
Traces are generated by human developers AI agents & bots generate commits
Version history is append-only Rebasing & force-pushing rewrite history
Author identity is unique and stable Identities are fragmented & shared accounts exist

version histories—through force pushes or rebasing—have become
commonplace. AlMarzouq et al. [4] emphasized issues of data fresh-
ness, API limitations, and the difficulty of establishing ground truth.

While initial regression and software reliability analyses date
from the 1970s, most data analysis methods in software engineering
were of a simpler kind, such as descriptive statistics and correla-
tions. Gradually, techniques suitable for software data [18], such as
negative binomial and logistic regression, survival analysis, mixed-
effects models for hierarchical structure, and Bayesian methods for
uncertainty quantification increased in popularity [26, 30]. Recently,
the field has also begun grappling with causal inference—propensity
score matching, instrumental variables, difference-in-differences,
and regression discontinuity—recognizing that evaluating interven-
tions without randomized trials requires explicit causal reasoning
through directed acyclic graphs [31, 34]. Network analysis operates
at multiple scales: social networks from co-commits or pull requests
reveal collaboration patterns [10, 61], dependency networks from
package managers expose vulnerability propagation [93], and co-
change networks illuminate architectural coupling [95]. Machine
learning has progressed from traditional defect prediction to deep
learning on code representations and LLMs [1, 41, 44, 85], whose
integration into workflows (e.g., GitHub Copilot) creates new chal-
lenges as code increasingly reflects AI assistance [63].

Sophisticated methods assume stable relationships, but a model
validated on repositories in 2010 may not generalize to 2020 data
because the phenomenon itself has changed. Zimmermann et al.
[96] identified recurrent challenges: establishing ground truth, over-
generalizing from convenience samples, and the tension between
statistical and practical significance. Changes in tools alter both
how software is developed and recorded, potentially invalidating as-
sumptions underlying data collection and analytical methods [38].

3 Discussion: Which Findings Are Replicable?
The preceding sections documented how data sources and analyti-
cal methods have evolved over decades of empirical software engi-
neering research, undermining fundamental assumptions that event
traces are generated by a professional human actor following a well-
established process with strict quality gates. Would a historic anal-
ysis repeated without adjusting for the changes in how the data are
now generated lead to the same conclusions? Of the four assump-
tion violations listed in Table 1, we explore two in depth through
illustrative anecdotes concerning changes in software development
practices, before turning to the broader implications for the field
and the potential role of replication and AI in addressing them.

3.1 Squash-Merging Hides Developer Activity
Changes in development practices affect the data empirical re-
searchers analyze. Squash-merging—the practice of collapsing all
commits from a pull request into a single commit on the main
branch [9, 43]—exemplifies how modern workflows can fundamen-
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Figure 1: The same pull request results in different histories:
(a) traditional merging preserves all commits; (b) squash-
merging collapses the commit history into a single commit.

tally alter what repository mining can observe. In Figure 1, we illus-
trate the difference between traditional merge commits and squash
merges. In a traditional merge, the feature branch’s entire commit
history with every single commit is preserved in the main branch,
maintaining a granular record of development activity. In contrast,
squash-merging condenses all commits of the pull request into a
single commit, erasing intermediate steps. This practice, while ben-
eficial for maintaining a clean main branch history, has significant
implications for empirical research. Consider what a researcher ana-
lyzing commit histories would see when examining a feature imple-
mentation under different merge strategies. With traditional merge
commits, the history preserves the development trajectory: initial
implementation attempts, debugging iterations, responses to code
reviews, and final refinements appear as distinct commits with their
own timestamps, authors, and messages. This granular history en-
ables analyses of development processes, bug introduction patterns,
and collaboration dynamics. With squash-merging, this trajectory
collapses into a single commit. A feature that required three weeks
of development, twenty intermediate commits, and input from mul-
tiple reviewers appears as one atomic change attributed to a single
author on a single date. Debugging sessions disappear. Reviewer-
prompted modifications vanish.What remains is a sanitized commit
that presents the final outcome as if it emerged fully formed.

The implications for research extend across multiple domains.
Bug introduction analysis, which traces defects to the commits that
introduced them, cannot pinpoint introductions within squashed
commits—the bug and its fix may both be subsumed in the same
atomic change [9, 67]. Developer productivity metrics based on
commit counts become meaningless when a month of work is
squash-merged into a single commit, obscuring actual effort and
activity. Similarly, analyses of code churn (i.e., frequency and vol-
ume of code changes) are distorted when multiple incremental
changes are consolidated into one. Collaboration pattern analy-
sis conducted solely on the project’s commit history does not see
the changes that might have been conducted during pull-request
review. Also, studies examining the temporal dynamics of develop-
ment lose fidelity when intermediate timestamps are lost. Further,
developer networks constructed from co-change relationships be-
tween commits become sparser and less informative, neglecting
the incremental changes on which the developers have worked. If
multiple developers collaborated on a feature branch but their con-
tributions are squashed into a single commit, the resulting network
fails to capture the true collaboration structure.

The problem compounds because squash-merging adoption is
neither universal nor random. Some projects mandate it; others
forbid it; many leave the choice to individual contributors. For

Table 2: Number of commits in merged pull requests (PRs)

Project w. squash-merges # PRs Avg. commits/PR Max. commits/PR PRs > 1 commits

denoland/deno 15 142 4.3 389 61.8%
electron/electron 25 669 2.8 1 256 38.9%
facebook/react 12 836 2.6 1 900 35.3%
flutter/flutter 48 051 3.6 1 398 48.7%
huggingface/transformers 19 353 7.3 846 64.7%
microsoft/vscode 47 094 2.8 3 896 38.4%
microsoft/TypeScript 14 877 3.8 438 51.7%
twbs/bootstrap 9 259 3.3 9 187 42.7%

Time window: Project start on GitHub until May 12, 2026. Only merged PRs are considered.

Figure 2: Excerpt of the commit history of microsoft/vscode,
showing a traditional merge commit (lower part) directly
next to a squash-merged commit (upper part).

example, the commit history of project microsoft/vscode currently
shows a mixture of traditional merge commits of pull requests (in-
dicated by “Merge pull request …”) and squash-merged pull requests
(indicated by “(# PR number)” at the end of the commit message)
next to each other, as we show in Figure 2. Analyses that treat
commits as comparable units across such heterogeneous data risk
systematic biases whose direction and magnitude depend on the
correlation between merge practices and the phenomena under
study. To illustrate the magnitude of the potential problem, we
collected descriptive statistics via the GitHub API in May 2026 for
8 widely-used software projects that (at least, partially) use squash-
merging. As we show in Table 2, merged pull requests on average
contain 2–7 commits, with maxima up to 9 187 commits. 35%–65%
of the pull requests in these projects contain more than one commit
and vanish into a single commit when squash-merged. To assess
how prevalent squash-merging is at population scale, we then iden-
tified all GitHub projects that have at least one commit whose title
follows GitHub’s standardized pattern for squash-merged pull re-
quests (i.e., the title ends with “(# PR number)”). Using data from the
repository archive World of Code [51] until October 2025, consider-
ing only public projects with more than 1 000 commits (as merging
practices primarily matter in projects with large activity), we found
that 132 251 out of 341 397 projects (39%) contain at least one such
squash-merged commit, indicating that squash-merging is not un-
common. Project-level adoption of squash-merging rose from 18% in
2016 to 39% in 2025, indicating a growing trend. Our data collection
even undercounts squash merges, as project owners can customize
the format of commit messages for squash merges, making auto-
matic identification of all squash merges even more complicated. To
the best of our knowledge, past studies have not sufficiently inves-
tigated how their results are dependent on these merge practices.

3.2 Human-Generated vs. AI-Generated Data
Squash-merging already demonstrated that development practices
can erase authentic history. Whereas this erasure is a side effect of
a workflow choice, an AI agent can create a sequence of commits
with realistic timestamps, messages, and diffs, which also does not
reflect genuine human development. Even human commits are now
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Table 3: Examples of proposed replications targeting human-behavior constructs

Construct Classic finding What to replicate Why it might break

Productivity & effort estimation Commit count & frequency serve as
effort proxy [60, 70, 75, 79]

Analyze commit activity and developer time for
pre- and post-GenAI periods

Squash-merged commits as well as AI-generated commits do not reflect
development time and human effort

Bug introduction & prediction Code churn predicts defects [48, 76, 80] Measure churn in projects with/without squash-
merging and with/without AI assistance

Squash-merging hides change frequency; code churn of AI-generated
code may reflect insufficient prompting rather than defects

Developer expertise & code ownership Code contributions reflect expertise [19] Investigate contributions and their quality Expertise may shift from code writing to reviewing/prompting

hybrid artifacts—partly human intent, partly AI generation. When
a developer uses GitHub Copilot to write a function and then com-
mits it, the trace looks identical to a purely human-authored com-
mit [90], but the underlying generative process is fundamentally dif-
ferent.The distinction between “human” and “artificial” is no longer
binary—it is a spectrum that current tooling cannot resolve. With a
wider deployment of GenAI agents that use not just version con-
trol, but also conduct code reviews, etc., historically held assump-
tions about humans generating all important software-engineering
events no longer hold [69, 82]. At least some software produced en-
tirely via prompts would no longer be of primary interest for human-
behavior constructs, but the corresponding prompts might be [86].
Consequently, without a significant change, the current way of
software measurement via trace data would no longer be relevant.

3.3 A Call for Action
These anecdotes illustrate a broader concern: classic findings may
not be repeatable (without adjustments) on contemporary data that
do not satisfy the same assumptions as historical data or if exam-
ined using different methods. We do not know how many classic
findings survive under contemporary conditions. So, what action
may be needed to keep the approach anchored in reality? First, as
we exemplify, the assumptions under which software-engineering
events are generated are changing. We urgently need to create
methods that work under new assumptions (e.g., redefining mea-
surement constructs to account for AI-assisted commits, or devel-
oping new metrics that capture human effort in the presence of AI
assistance). This includes detecting the types of assumption viola-
tions and irregularities listed in Table 1, as well as new ones that
yet remain to be identified. Second, we need a broad and system-
atic replication agenda to re-analyze established constructs using
contemporary methods on past and present projects, focused specif-
ically on constructs that measure human behavior. In Table 3, we
outline examples of specific replications. Each example targets a
finding about human behavior and asks whether it survives when
the human-origin assumption is relaxed. Such replications enable
measurement validity research: determining which constructs still
have valid operationalizations and which need entirely new ones.
A systematic replication agenda would catalog influential findings,
identify ones that could benefit from newer methods or might be
affected by new data-generation mechanisms, and subject them to
replication with contemporary methods and contemporary data.

The traditional obstacle to replications is cost, as a thorough
replication might occupy a graduate student for months. LLMs
can alter this calculus. AI assistants such as ChatGPT or Claude
can read papers, extract methodological details, and implement
analysis pipelines with speed that humans cannot match [46, 91].
An AI-assisted workflow could: (1) ingest papers and extract re-
search questions, methods, and assumptions (e.g., about commit
granularity); (2) implement and adapt methodologies for modern

data; (3) execute replications at scale across thousands of reposi-
tories; (4) synthesize results identifying where findings replicate
or fail. Human researchers remain essential to validate implemen-
tations, interpret discrepancies, and assess whether adaptations
preserve the spirit of original analyses. But AI assistants enable sys-
tematic evaluation at a scale that was previously infeasible, as we
were limited by human resources. Beyond replication, AI can assist
prospectively by identifying assumptions that may be violated by
modern practices and suggesting sensitivity analyses. To that end,
we need to define units of replication, which findings to re-analyze
(e.g., code authorship attribution, productivity, collaboration pat-
terns), and what controls to put in place to ensure that AI replicates
the original analysis as faithfully as possible, while adjusting for
changes in data generation and methodological advances.

Limitations must be acknowledged: AI may misinterpret method-
ological details, cannot access proprietary data, and may introduce
biases. Therefore, human assessment remains essential [81]. Never-
theless, the combination of accumulated findings, methodological
advances, and AI tools creates conditions for comprehensive re-
assessment of what software-engineering research knows.

Beyond a replication agenda, the research community should
advocate that development tools and platform owners (e.g., GitHub,
GitLab) generate provenance metadata as a first-class part of the
commit record: Was this commit human-authored, AI-generated,
or AI-assisted? Which AI model was used? What was the prompt?
What was the human’s review decision? Such metadata would let
the field continue its tradition of adapting to new trace-generating
technologies, as it has done for six decades, and would enable
transparency, traceability, and accountability in software devel-
opment, fostering trust in the software supply chain and enabling
researchers to understand how AI is shaping development practices.

4 Conclusion
Data and methods of empirical software engineering have both
transformed over decades—yet we have not systematically exam-
ined whether findings established under earlier conditions still hold.
Automation using the same tools as human developers makes the as-
sumption that we analyze events of a human actor rapidly obsolete.
This reflection is a call for action: The community should prioritize
the development of techniques to replicate classic softwaremeasure-
ment studies using contemporary methods on contemporary data,
leverage AI-assisted tools to make such replication feasible at scale,
and treat the results—whether confirmatory or contradictory—as
valued contributions that strengthen our collective understanding.
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