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Abstract
Generative Artificial Intelligence (GenAI) tools such as GitHub
Copilot are increasingly used in software development, yet their
relationship with testing practices remains poorly understood. In
particular, it is unclear whether GenAI is associated not only with
testing activity but also with the synchronization between produc-
tion and test code over time. This study investigates the relationship
between GenAI adoption, code coverage, and test co-evolution in
industrial software projects. Web-oriented backend and frontend
repositories are analyzed using repository mining, SonarQube data,
and a practitioner survey. A quasi-experimental design combining
Interrupted Time Series (ITS), Regression Discontinuity Design
(RDD), and CausalImpact is adopted to compare pre- and post-
adoption periods. The results indicate a general increase in testing
activity and code coverage after adoption, with more evident gains
in medium-term windows within the first post-adoption year. In
contrast, test co-evolution remains highly variable and does not
show a consistent pattern of sustained improvement; under a coun-
terfactual perspective, post-adoption deviations are often negative.
Survey responses suggest that participants perceive production and
test updates as closely synchronized, but this perception is only
partially aligned with the longitudinal evidence. Overall, the find-
ings suggest that, in the studied context and observed period, no
consistent evidence suggests that GenAI substantially changes the
underlying nature of test co-evolution; instead, it is more clearly
associated with increased testing activity and broadening coverage
than with transforming synchronization between production and
test evolution.
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1 Introduction
Software development is inherently continuous and evolving [16,
17], making quality assurance increasingly challenging as systems
adapt to new features, bug fixes, and changing requirements [22].
In this context, testing remains central to preventing regressions,
validating functionality, and supporting maintainability [21]. Yet
quality depends not only on writing tests, but also on keeping

them aligned with production code over time. This interdepen-
dent evolution, or test co-evolution, is critical to preserving testing
effectiveness [25, 34]; when synchronization fails, projects may
accumulate outdated validations, weaker fault detection, and addi-
tional maintenance effort [37].

Prior work shows that synchronization between production and
test code is desirable but difficult to sustain [18, 38], with large-scale
studies reporting substantial project-level variation and recurring
evolutionary lag, where production changes are not accompanied
by corresponding test updates [24, 38].

This challenge is now being reshaped by Generative Artificial
Intelligence (GenAI) in software development. Tools such as GitHub
Copilot1 can generate code, documentation, and test cases in real
time, potentially improving productivity while also changing how
developers create and maintain both production and test artifacts
[41]. Even so, there is still limited empirical evidence on how GenAI
is associated with the co-evolution of production and test code: it
may be associated with increased testing activity, but it may also
introduce inconsistencies or weaken alignment over time.

Against this backdrop, this study investigated the relationship
between GitHub Copilot adoption and the co-evolution of pro-
duction and test code. Web-oriented industrial projects, including
backend and frontend systems, were analyzed using repository min-
ing and time-series techniques. The scope reflects the availability
of comparable workflows, testing pipelines, and longitudinal data
across repositories, and should be interpreted accordingly. This
study addressed the following research question: How does the use
of Generative AI tools relate to the co-evolution between production
and test code?

To answer this question, the analysis combines repository min-
ing, SonarQube coverage data, and a complementary practitioner
survey in a longitudinal quasi-experimental design. GitHub Copilot
adoption is examined through code coverage and test co-evolution
using Interrupted Time Series (ITS), Regression Discontinuity De-
sign (RDD), and CausalImpact across multiple temporal windows.

As a result, the evidence points to a nuanced pattern. Code
coverage tends to increase after adoption, especially over medium-
term windows within the first post-adoption year, whereas test
co-evolution remains unstable and does not exhibit consistent im-
provement. This suggests that, in the studied context and observed
period, no consistent evidence suggests that GenAI substantially
1https://github.com/features/copilot

https://github.com/features/copilot
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changes the underlying nature of test co-evolution; instead, it is
more clearly associated with accelerating test generation and cov-
erage expansion than with transforming synchronization between
production and test evolution.

The main contributions of this work are: 1) an empirical in-
vestigation of the association between GenAI adoption, test co-
evolution, and code coverage in real-world software projects; 2)
a multi-method analytical approach combining ITS, RDD, and
CausalImpact; and 3) evidence that higher code coverage does not
necessarily correspond to stable co-evolution between production
and test code over time.

2 Related Work
Generative Artificial Intelligence (GenAI), through tools such as
GitHub Copilot, ChatGPT, and CodeWhisperer, has attracted in-
creasing attention in software engineering. Recent studies have
investigated its relationship with software development from mul-
tiple perspectives, particularly regarding the quality of generated
code. Some works report positive outcomes, such as improvements
in functional correctness [30], while others highlight limitations,
suggesting that generated code may be inferior to human-written
solutions [14]. Other studies emphasize both the potential and the
risks associated with these tools, pointing to still inconclusive re-
sults [1, 36]. Overall, this diversity of findings suggests that the
effectiveness of GenAI-based programming assistants is highly de-
pendent on context and usage.

Beyond code quality, several studies have examined the practical
challenges associated with adopting these tools. Prior work has
identified limitations in Copilot’s effectiveness as a development
assistant [10], as well as issues related to code complexity and under-
standability [26]. Other studies report that developers may spend
additional time reviewing and validating generated suggestions
[6]. Research has also highlighted challenges inherent to applying
large language models to programming tasks [31], reinforcing the
need for a deeper understanding of their implications in real-world
development workflows.

More recently, the literature has explored broader aspects such
as developer experience and productivity. Some studies suggest
that tools like Copilot can serve as a useful starting point, even
if they do not necessarily reduce overall development time [4].
Other works analyze usage patterns and practices in real-world
environments [29, 39], as well as how different developer profiles
interact with these tools [32]. In parallel, there is growing interest
in the performance of generated code, with studies identifying
inefficiencies and proposing optimization techniques [9, 11, 13, 19,
20].

Taken together, prior studies provide relevant evidence on code
quality, developer productivity, and usage patterns of GenAI assis-
tants. Most analyses focus on code generation quality or short-term
developer interactions, with limited attention to longitudinal asso-
ciations with testing dynamics and maintenance-oriented practices.
In particular, the literature still lacks a convergent explanation of
how GenAI adoption is associated with the coordination between
production and test evolution over time.

This study builds on prior work on test co-evolution [23, 24].
In contrast to prior efforts, it addresses this gap by shifting the

analysis from isolated code-generation outcomes to the tempo-
ral relationship between production and test code in industrial
settings. Repository mining is combined with a longitudinal quasi-
experimental design, and evidence is triangulated through ITS,
RDD, and CausalImpact across multiple temporal windows. This
design allows the analysis to assess not only whether testing ac-
tivity changes after adoption, but also whether such changes are
consistently reflected in test co-evolution behavior.

3 Study Design
The study was conducted through dataset construction, metric
extraction and time series analysis, statistical evaluation around
Copilot adoption, and a complementary survey-based analysis. Fig-
ure 1 presents the workflow of the proposed approach.

3.1 Dataset Construction
This study uses data from a private Brazilian software company
that develops enterprise solutions in domains such as ERP, HCM,
logistics, sales, and access/security. Project selection followed con-
venience sampling: the initial set of 25 active projects comprised
repositories with authorized source-code access, corresponding
task-management data, and available SonarQube data.

The 25 projects were screened using four inclusion criteria: (i)
complete repositories with development history available in the
repository itself, (ii) implementation in TypeScript or Java, (iii)
active use in production, and (iv) non-trivial projects maintained
by a development team rather than isolated or short-lived efforts.
A second filtering stage ensured analytical comparability. First, 5
repositories created only after organizational GenAI adoption were
removed because they lacked a comparable pre-adoption period.
Second, 6 repositories with sparse, irregular, or discontinuous test-
ing histories were excluded because they could not support stable
monthly series for code coverage and test co-evolution. The final
dataset therefore comprises 14 projects.

The filtering was therefore guided by analytical completeness
rather than by an arbitrary single-value cutoff. In summary, the
dataset construction progressed from 25 initially eligible projects
to 20 projects with a comparable pre-adoption period, and finally
to 14 projects with sufficiently consistent longitudinal testing data
for the proposed analyses.

The scope is therefore limited to web-oriented industrial reposi-
tories (backend and frontend systems), selected due to data avail-
ability and comparable workflows; consequently, the findings may
not generalize to mobile, embedded, or substantially different de-
velopment contexts. Nevertheless, the selected projects are mature
systems with established practices, including automated testing,
continuous integration, and rich historical data. As shown in Table
1, they exhibit substantial development activity, involve multiple
developers, share a project age of 7 years, and have a median of
25% test files.

The final dataset comprises 7 Java backend microservices, 6 An-
gular frontend applications, and 1 Java backend library, reflecting
different architectural layers within the organization. The analyzed
tests are predominantly unit-oriented: unit and repository tests in
Java projects, commonly implemented with JUnit-based stacks and
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Figure 1: Workflow of the research method

Table 1: Distribution of key characteristics in the final dataset

Commits Devs Age (Years) Test Files (%)

Q1 2025 56 7 14
Q2 2434 73 7 25
Q3 3758 90 7 30
IQR 1733 33 0 16

Mockito, and component-level unit tests in Angular projects, typi-
cally executed with Jasmine/Karma and Angular TestBed. There-
fore, the analysis primarily reflects unit, repository, and component
testing practices rather than broader end-to-end or system-level
testing.

3.2 Code Coverage Extraction
Code coverage data were extracted from project logs generated by
SonarQube [8], which is integrated into the company’s develop-
ment pipeline and consolidates coverage reports produced by each
project’s testing toolchain. In the Java backend services and library,
coverage is primarily computed from JaCoCo reports, which in-
strument test execution and record which lines and conditions are
exercised. For Angular frontend applications, SonarQube ingests
the coverage reports generated by the standard Angular unit-testing
stack used in the projects.

In this study, the coverage metric represents the overall coverage
of each analyzed project, rather than the coverage of only the code
modified in a given change. This choice was made because Sonar-
Qube provides a consistent longitudinal project-level metric across
repositories and technologies, whereas change-level coverage was
not uniformly available in the analyzed pipelines. It is defined as the
ratio between covered elements (executed lines and conditions) and
the total number of executable elements, resulting in a percentage
that reflects testing completeness.

Coverage data were collected automatically via the SonarQube
REST API using a Python-based extract, transform, and load (ETL)
pipeline. The extracted data were stored in JavaScript Object Nota-
tion (JSON) format and aggregated monthly by project component,
computing intra-month averages. Thus, the monthly coverage of a
project corresponds to the arithmetic mean of the coverage percent-
ages of its active components in a given month. For example, if the
14 active components of a project in January 2025 sum to 565.7 per-
centage points of coverage, the monthly mean is 565.7/14 = 40.4%.
This aggregation gives the same weight to all components and is
therefore sensitive to changes in component composition over time.

3.3 Test Co-Evolution Extraction
The extraction procedure builds on a previously proposed tool-
supported method for measuring co-evolution between production
and test code [23]. Whereas the original approach focuses on ag-
gregated temporal trends, the present study adapts it to a commit-
level temporal coupling perspective and extends the underlying
tool to support scalable local execution across multiple reposito-
ries. Commit-level analysis was adopted because it is the standard
granularity used in much of the software co-evolution literature
and can be consistently obtained from local Git repositories. We
acknowledge that pull request-level analysis could better capture
complete development tasks and review cycles, potentially affecting
co-evolution estimates, and identify this as an important direction
for future work. The framework used to classify production and
test files is therefore grounded in prior studies on test co-evolution
and repository mining [38], rather than being defined ad hoc for
this study.

Furthermore, the original method is extended with a file-level,
pairwise co-evolution analysis that associates each production file
with its corresponding test file based on common naming con-
ventions (e.g., *Test, *.spec), as illustrated in Figure 2. Although
this heuristic-based pairing may introduce imprecision due to the
absence of explicit traceability links, such approaches are widely
adopted in mining software repositories studies to relate production
and test artifacts. In particular, the use of naming and structural
cues is consistent with prior work on understanding and facilitating
test co-evolution, as well as with studies that leverage co-evolution
patterns for downstream tasks such as automated test case recom-
mendation [33, 35].

Test co-evolution is defined as the degree to which related pro-
duction and test files evolve synchronously, operationalized as
temporally coupled changes across commits. The analysis was re-
stricted to source files aligned with the dominant technology of
each repository (i.e., .java for backend and .js/.ts for frontend).
To increase confidence in the automated pairing process, a manual
inspection of a diverse sample of production–test pairs was con-
ducted, verifying the plausibility of the identified matches accord-
ing to repository structure and testing conventions. All proposed
extensions are included in the research artifacts.

For each repository, changes in production files are identified
and, for each production–test file pair, it is verified whether the
corresponding test file was also modified within a 7-day window
before or after the production change. In this study, file changes in-
clude file insertions and file modifications; deletions and renamings
are not considered in the co-evolution rate. This decision prioritizes
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Figure 2: Overview of the refined tool-based approach for
extracting test co-evolution based on a prior tool-supported
approach [23]

measurement reliability. Exploratory analyses suggested that in-
cluding file deletions and inferred renames introduced substantial
artificial drops in the co-evolution metric during large repository
restructurings. Deletions cannot be reliably paired once a file is
removed, and Git detects renames heuristically rather than storing
them explicitly, which may introduce false positives or inconsistent
matches. Therefore, the analysis considers only additions and modi-
fications, for which production–test pairing and temporal coupling
are more stable. This choice may exclude legitimate synchronized
deletions or renames and may underestimate co-evolution during
refactorings or migrations, but it reduces noise and improves the re-
liability of the reported metric. In other words, a pair is considered
co-evolving when the test file is committed up to 7 days earlier or up
to 7 days later than the corresponding production file. In this study,
the ±7-day temporal window was defined based on the workflow
adopted by the company and the development team under analysis.
In this context, development demands are usually broken down
into smaller tasks that are expected to be implemented, tested, and
released to customers within a cycle of up to 7 days. Therefore, this
window reflects the short-term coordination expected between pro-
duction and test changes in the industrial setting studied. Moreover,
a 7-day interval is also consistent with the duration of a regular
work week, making it appropriate for capturing related develop-
ment and testing activities that may not occur in the same commit
or on the same day, but still belong to the same delivery cycle.

We acknowledge that the ±7-day window is an operational
choice based on the context of this study and that alternative defini-
tions of a development work unit could also be adopted. To assess
the robustness of the results, sensitivity analyses were conducted
using ±7-, ±15-, and ±30-day windows, obtaining consistent conclu-
sions across these configurations. Other operationalizations, such
as same-commit or pull request-level coupling, are also possible
but capture different aspects of production–test synchronization
and remain an important direction for future work. This approach

captures the synchronization between development and testing
activities over time.

The co-evolution rate is defined as the proportion of production
changes whose corresponding test files were modified within this
±7-day temporal window. Formally, for a given month𝑚, the metric
is computed as

𝐶𝑜𝐸𝑣𝑜𝑅𝑎𝑡𝑒𝑚 =
𝐶𝑜𝐸𝑣𝑜𝑙𝑣𝑖𝑛𝑔𝐶ℎ𝑎𝑛𝑔𝑒𝑠𝑚 ∗ 100

𝑃𝑟𝑜𝑑𝑢𝑐𝑡𝑖𝑜𝑛𝐶ℎ𝑎𝑛𝑔𝑒𝑠𝑚
,

where 𝐶𝑜𝐸𝑣𝑜𝑙𝑣𝑖𝑛𝑔𝐶ℎ𝑎𝑛𝑔𝑒𝑠𝑚 denotes the number of production
changes in month𝑚 whose paired test file was also changed within
±7 days, and 𝑃𝑟𝑜𝑑𝑢𝑐𝑡𝑖𝑜𝑛𝐶ℎ𝑎𝑛𝑔𝑒𝑠𝑚 denotes the total number of
production changes observed in the same month. This metric re-
flects the extent to which test code evolves alongside production
code. The unit of analysis is defined in three steps. First, the metric
is computed independently for each repository on a monthly ba-
sis. Second, each repository-level time series is aligned by relative
month with respect to the intervention date. Third, the aligned
repository-level series are aggregated by arithmetic mean, produc-
ing one cross-repository series for each metric and bandwidth. For
monthly aggregation within each repository, all co-evolving produc-
tion changes across the active components of a project are summed
and this value is divided by the total number of production changes
in the same month. For example, if in January 2023 a project has 32
co-evolving changes out of 101 production changes across its com-
ponents, the monthly co-evolution rate is (32 × 100)/101 = 31.68%.
Unlike the monthly coverage mean, this aggregation weights com-
ponents according to their volume of changes and is therefore
more sensitive to the distribution of development activity across
components.

This approach is consistent with prior empirical studies on test
co-evolution, which model co-evolution as a temporal and struc-
tural relationship between production and test artifacts [24, 38].

3.4 Analysis Methods
To assess the association between Generative AI adoption and co-
evolution behavior, three complementary statistical approaches are
applied: Interrupted Time Series (ITS), Regression Discontinuity
Design (RDD), and CausalImpact. ITS estimates changes in level
and trend, RDD focuses on local discontinuities around the cutoff,
and CausalImpact compares the observed post-adoption trajectory
with a counterfactual baseline; using the same temporal windows
across methods improves comparability and supports triangulation.
January 2025 is defined as the intervention point, corresponding to
the organizational proxy date for recurrent developer-level adop-
tion of GitHub Copilot in the analyzed projects. Since licenses were
introduced gradually throughout 2024 and no single adoption date
applies uniformly across developers, January 2025 represents con-
solidated day-to-day usage. To reduce transition-period biases, such
as gradual onboarding, learning effects, and partial adoption, the
intervention month is excluded from the analysis [40].

For eachmetric (code coverage and test co-evolution), onemonthly
time series per repository is constructed (14 series per metric) and
aligned relative to the January 2025 cutoff, which represents the
consolidated organizational adoption period rather than a directly
observed usage event in every repository or commit. Monthly ag-
gregation reduces day-to-day noise while preserving medium-term
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variation, consistent with quasi-experimental Software Engineering
studies that use monthly observations to evaluate process inter-
ventions [40]. Sensitivity analysis is performed over symmetric 6-,
9-, and 12-month bandwidths. For each relative month [40] and
bandwidth, repository-level series are aggregated by arithmetic
mean, capturing organizational-level trends rather than separate
repository-specific patterns.

Interrupted Time Series (ITS) analysis is used [5, 28] to evaluate
changes in both level and trend before and after the intervention.
The time series is modeled using segmented regression, where the
pre-intervention period establishes a baseline trend and the post-
intervention period captures potential deviations associated with
the adoption of GitHub Copilot. This approach enables the identifi-
cation of both immediate deviations, reflected as level changes at
the intervention point, and gradual patterns, reflected as changes in
trend over time. To complement this longitudinal perspective, Re-
gression Discontinuity Design (RDD) is applied [12, 40] to estimate
local discontinuities around the intervention point. By focusing on
observations close to the cutoff, RDD isolates short-term disconti-
nuities and minimizes the influence of long-term trends.

Finally, CausalImpact is used [3, 7] to estimate the counterfactual
behavior of the time series, modeling what would have occurred
in the absence of the intervention. This method relies on Bayesian
structural time series to predict expected post-intervention trajec-
tories based on pre-intervention data, which are then compared
with observed values. By providing probabilistic estimates and
confidence intervals, CausalImpact enables a more nuanced inter-
pretation of changes, capturing cumulative differences over time
and offering a complementary perspective to ITS and RDD.

In the model specification, ITS and RDD use Ordinary Least
Squares (OLS) regression with HC3 robust standard errors, while
CausalImpact employs a Bayesian Structural Time Series (BSTS)
model.

3.5 Survey
To better understand the mechanisms behind the observed quan-
titative results, a survey was conducted with both closed-ended
and open-ended questions focusing on practitioners’ perceptions
of GitHub Copilot adoption. The questionnaire was designed to
triangulate the evidence on code coverage and test co-evolution
by collecting information about respondents’ profile, timing of
recurrent Copilot adoption, intensity of use in test-related tasks,
and perceived changes in test maintenance and synchronization
between production and test code. The survey was administered
to members of the development teams involved in the analyzed
projects, including developers, quality assurance (QA) professionals,
and team leads.

The questionnaire combined structured and open-ended items.
Closed-ended questions were used to characterize participants and
summarize recurrent perceptions about Copilot use, review effort,
test synchronization, and perceived coverage changes, while open-
ended questions were used to capture examples and possible con-
founding factors affecting the observed results. Responses were
analyzed qualitatively to identify recurring themes and explanatory
mechanisms, especially regarding the increase in code coverage
alongside unstable co-evolution. Participation was voluntary and

anonymous, all participants provided informed consent, and the
authors did not include their own responses in the analysis.

4 Results
The results are reported by contrasting two complementary dimen-
sions of testing practice: testing expansion (code coverage) and
maintenance synchronization (test co-evolution). For each dimen-
sion, evidence is triangulated from ITS, RDD, and CausalImpact
across multiple bandwidths. Practitioner perceptions from the sur-
vey are then used to interpret convergences and divergences be-
tween observed behavior and developer experience.

4.1 Code Coverage Patterns After Adoption
Across the analytical perspectives, code coverage shows a modest
post-adoption increase, although the strength of this pattern varies
by method and temporal window.

The distributional comparison in Figure 3 shows a modest up-
ward shift in central tendency after adoption, with the median
increasing from 51.98% to 54.57% (+2.59 pp) and the mean from
51.43% to 55.19% (+3.75 pp, +7.3%). However, this improvement is
not uniform over time, with more pronounced increases emerging
in the later post-adoption period. Starting around August 2025, the
boxplots exhibit a clearer upward shift, with higher medians and
means (frequently approaching or exceeding 56–59%), as well as an
upward displacement of the upper quartiles. At the same time, the
variability appears relatively stable over time, suggesting that the
improvement is not solely driven by isolated peaks but reflects a
broader elevation of coverage levels across projects. This temporal
pattern suggests that coverage gains may become more evident in
the medium to longer term rather than immediately after adoption.

Figure 3: Code coverage distribution showing a modest post-
adoption increase, more evident in later months

The Interrupted Time Series results in Figure 4 provide additional
insight into the temporal dynamics observed in the distributional
analysis. Across the bandwidth configurations, as indicated by the
window limits in the figure, coverage follows a relatively stable
upward trend before the intervention, with no clear visual evidence
of a structural break at the cutoff point. Instead, post-adoption
behavior appears as a continuation of the existing trend, with more
noticeable increases emerging several months later, particularly
from mid-2025 onwards. These observations reinforce the absence
of a consistent immediate shift and support the interpretation of
gradual improvement over time.
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Figure 4: ITS results showing no clear structural break, but
gradual post-adoption increase in coverage

Similarly, the Regression Discontinuity Design estimates pre-
sented in Table 2 do not indicate clear positive local discontinuities
at the intervention cutoff. Across all bandwidths, the estimated
local discontinuities are negative, small in the 6- and 9-month win-
dows, and statistically significant only in the 12-month window.
These findings suggest that coverage gains are not expressed as a
consistent immediate local effect at the intervention cutoff.

Table 2: RDD results for code coverage across bandwidths

Bandwidth Coef. 95% CI p-value
6 months -0.125 [-1.099, 0.850] 0.802
9 months -0.435 [-1.456, 0.586] 0.404
12 months -2.259 [-4.190, -0.327] 0.022

In contrast, the counterfactual analysis in Figure 5 consistently
indicates positive post-adoption deviations across all bandwidths.
Observed coverage values remain above the predicted baseline
trajectory, producing consistent positive cumulative deviations over
time across all analyzed windows, with the divergence becoming
more pronounced in the later post-adoption period.

Table 3 consolidates this interpretation across methods. It shows
progressively larger pre/post differences as the observation window
widens (52.32%→ 53.21%, 52.13%→ 54.25%, and 51.43%→ 55.19%),
together with statistically significant positive CausalImpact esti-
mates in all three windows (𝑝 = 0.001). Read alongside the ITS and
RDD results, this synthesis suggests that coverage gains become
more visible over medium-term horizons than as an immediate
discontinuity at the intervention cutoff.

Taken together, the evidence indicates that GitHub Copilot adop-
tion is associated with higher code coverage, primarily through

Table 3: Code coverage before and after GitHub Copilot adop-
tion

Result 6-mo. window 9-mo. window 12-mo. window

Pre/Post 52.32→ 53.21 52.13→ 54.25 51.43→ 55.19 ↑
ITS n.s. (p=0.519) ↓ Sig. (p=0.004) n.s. (p=0.053)
RDD n.s. (p=0.802) n.s. (p=0.404) ↓ Sig. (p=0.022)
CausalImpact ↑ Sig. (p=0.001) ↑ Sig. (p=0.001) ↑ Sig. (p=0.001)

(a) 6-month window

(b) 9-month window

(c) 12-month window

Figure 5: CausalImpact results indicating consistent positive
post-adoption deviations in coverage

gradual improvements that become more evident over medium-
term horizons rather than through immediate structural changes.
While the overall pattern is positive, its magnitude and detectabil-
ity vary across analytical methods, highlighting the importance of
adopting multiple perspectives when assessing associations with
Generative AI adoption in software development.

4.2 Test Co-Evolution Patterns After Adoption
In contrast to code coverage, test co-evolution does not show con-
sistent improvement after adoption. Across the analytical perspec-
tives, the observed changes remain small, unstable, and difficult to
interpret as evidence of a clear directional gain.

The distributional comparison in Figure 6 reinforces this interpre-
tation. Pre- and post-adoption periods exhibit substantial overlap,
with no clear and consistent shift in central tendency across time.
Although some post-adoption months present higher central val-
ues, these increases are not sustained, and are interspersed with
periods of lower co-evolution rates. The spread of the distributions
remains similar across periods, indicating that co-evolution behav-
ior is highly variable and does not exhibit a stable or systematic
pattern of improvement after adoption.

The Interrupted Time Series results in Figure 7 further support
this pattern. Across the bandwidth configurations, as indicated by
the window limits in the figure, the time series exhibits substantial
fluctuations throughout the analyzed period, without a sustained
upward trend in the post-intervention phase. Although some post-
adoption months present higher values, these increases are not
maintained over time. No clear or consistent structural break is
observed at the intervention cutoff, suggesting that adoption is not
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Figure 6: Test co-evolution distribution showing high vari-
ability and no clear post-adoption shift

associated with a stable or systematic improvement in synchroniza-
tion behavior.

Figure 7: ITS results showing no consistent trend or structural
change after adoption

Similarly, the Regression Discontinuity Design results summa-
rized in Table 4 do not indicate clear discontinuities around the
intervention cutoff. Across the three analyzed bandwidths, the es-
timated local discontinuities are consistently negative but highly
imprecise, with wide confidence intervals that include zero and
non-significant 𝑝-values. Overall, these results reinforce the ab-
sence of a consistent short-term association with synchronization
behavior.

Table 4: RDD results for test co-evolution rate across band-
widths

Bandwidth Coef. 95% CI p-value
6 months -0.692 [-26.536, 25.151] 0.958
9 months -6.039 [-29.598, 17.519] 0.615
12 months -6.653 [-30.335, 17.028] 0.582

In contrast, the counterfactual analysis in Figure 8 suggests pre-
dominantly negative post-adoption deviations, particularly in the
shorter time windows. Observed values often remain below the
predicted baseline trajectory, indicating negative relative deviations
in several periods. However, this pattern is not consistent across

Table 5: Test co-evolution before and after GitHub Copilot
adoption

Result 6-mo. window 9-mo. window 12-mo. window

Pre/Post 46.05→ 44.88 47.87→ 49.15 47.49→ 48.70
ITS n.s. (p=0.266) n.s. (p=0.095) n.s. (p=0.478)
RDD n.s. (p=0.958) n.s. (p=0.615) n.s. (p=0.582)
CausalImpact ↓ Sig. (p=0.001) ↓ Sig. (p=0.001) ↓ Sig. (p=0.006)

all bandwidths, with some intervals showing mixed or overlap-
ping behavior. Overall, these results suggest that, relative to the
expected trajectory, co-evolution does not exhibit a consistent im-
provement after adoption and may, in some cases, underperform
the counterfactual expectation.

(a) 6-month window

(b) 9-month window

(c) 12-month window

Figure 8: CausalImpact results suggesting negative or mixed
post-adoption deviations in co-evolution

Table 5 brings these results together in a single view. The pre/post
comparisons remain small and unstable across bandwidths, shift-
ing from 46.05% to 44.88% in the 6-month window, from 47.87%
to 49.15% in the 9-month window, and from 47.49% to 48.70% in
the 12-month window. At the same time, ITS and RDD remain
non-significant throughout, whereas CausalImpact indicates statis-
tically significant negative deviations in all three windows. Taken
together, this synthesis reinforces the absence of a clear directional
improvement in co-evolution after adoption.

Taken together, the evidence does not support a consistent im-
provement in test co-evolution after GitHubCopilot adoption.While
coverage tends to increase, co-evolution remains highly variable
over time, without a stable or sustained pattern of improvement.
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Under the counterfactual perspective, the results suggest predomi-
nantly negative or mixed deviations relative to the expected base-
line, indicating that co-evolution does not consistently improve in
the post-adoption period.

4.3 Survey Results
To complement the quantitative analysis, a survey was conducted
with members of the development teams involved in the analyzed
projects. A total of 9 responses were received out of 15 invitations
(60% response rate), including eight developers and one Quality
Assurance (QA) professional, with varied levels of experience.

The responses indicate that GitHub Copilot is actively used in
test-related activities. Most participants report frequent or constant
use of the tool for generating, completing, and reviewing automated
tests, with 55.6% indicating “frequently”, 33.3% “always”, and 11.1%
“sometimes”. This suggests that Copilot is integrated into day-to-
day testing workflows.

Participants also perceive strong synchronization between pro-
duction and test updates. Specifically, 77.8% report that tests are
updated together with production code “always”, while 22.2% re-
port this occurs “frequently”. Regarding coverage, among the eight
respondents who addressed this aspect, 62.5% perceived an increase
after adoption and 37.5% reported stability, with no respondents
indicating a decrease.

However, these perceptions contrast with the quantitative find-
ings. While participants report high synchronization, the longi-
tudinal analysis does not show consistent improvement in test
co-evolution. This divergence suggests that perceived alignment
at the task level may not translate into sustained synchronization
over time.

Qualitative responses provide further insight into this gap. Par-
ticipants consistently describe Copilot as effective for accelerating
test creation and reducing boilerplate, but emphasize that gener-
ated tests still require manual review and often lack project-specific
context. For example, one respondent noted that generated tests
“require review, especially for new tests, where there is little contex-
tual information for the AI”, while another observed that in some
projects “it can get lost”.

Several respondents also highlighted that the effectiveness of
generated tests depends on the surrounding development context,
including project configuration and available tooling. Issues such as
incorrect or unnecessary mocks were mentioned, reinforcing that
Copilot-generated tests are not always aligned with project-specific
testing practices.

These examples suggest that while Copilot reduces the effort re-
quired to produce tests, it does not eliminate the need for developer
intervention and contextual understanding, particularly in more
complex scenarios.

These survey results should be interpreted cautiously due to the
small sample size, self-reported bias, and context specificity; thus,
they serve only as complementary evidence to contextualize quan-
titative findings, not as a standalone measure of synchronization
behavior.

5 Discussion
This section discusses the implications of the observed divergence
between testing expansion and testing synchronization after GitHub
Copilot adoption. It first interprets this divergence by contrasting
coverage and co-evolution behaviors, then explores potential expla-
nations grounded in repository evidence and qualitative responses,
and finally discusses implications for practice and research.

5.1 Interpreting Code Coverage and
Co-Evolution Results

The results of this study suggest a nuanced and, in some aspects,
counterintuitive relationship between Generative AI adoption and
testing practices. While code coverage exhibits a general upward
tendency, test co-evolution does not show consistent improvement
and, in some configurations, presents negative deviations. This
divergence suggests that increased testing activity does not nec-
essarily translate into better synchronization between production
and test code.

For code coverage, the distributional view in Figure 3 shows sub-
stantial overlap between the pre and post-adoption periods, with
a slight upward shift in post-adoption values. This indicates that,
although coverage tends to increase, the magnitude of this change
is modest. From a temporal perspective, the ITS analysis in Figure 4
does not reveal a consistent structural change, while the RDD es-
timates summarized in Table 2 show null discontinuities in the 6-
and 9-month windows and a significant negative local discontinuity
in the 12-month window. In contrast, the counterfactual analysis
(Figure 5) consistently shows positive deviations, indicating that
coverage is higher than expected under the baseline trajectory. This
triangulation, also summarized in Table 3, suggests that coverage
increases, but not as a strong structural shift.

This pattern is consistent with recent studies showing that AI-
assisted test generation can improve, or at least achieve, non-trivial
levels of code coverage across different contexts. Altmayer Pizzorno
et al. reported a median per-module coverage of 80% compared to
47% in a baseline setting, as well as total coverage of 89% versus
77% in another comparison [2]. Pan et al. found that combining
LLMs with static analysis increased line coverage by 26.4% in Java
EE applications [27]. Likewise, Jain and Goues reported an average
line coverage of approximately 44.4% with TestForge-generated
test suites [15]. Taken together, these results suggest that GenAI-
based approaches are often associated with broader test execution
and increased coverage, particularly in controlled test generation
scenarios.

In contrast, test co-evolution presents a different pattern. Fig-
ure 6, Figure 7, and the RDD estimates summarized in Table 4
indicate high variability and lack of consistent trends, while the
counterfactual analysis (Figure 8) shows negative deviations across
all bandwidths. As summarized in Table 5, these results do not
provide consistent evidence of improvement in co-evolution and,
in some analyses, are compatible with deterioration relative to its
expected trajectory.

The variability measures further reinforce this interpretation. In
the 12-month window, coverage increased from 51.43% to 55.19%
despite higher post-adoption dispersion (SD: 1.48 to 2.35; IQR: 0.82
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to 3.98). In contrast, co-evolution changed only slightly in mean val-
ues (47.49% to 48.70%) but exhibited substantially greater variability
after adoption (SD: 8.32 to 12.09; IQR: 9.95 to 18.70). This pattern
indicates that the post-adoption period is better characterized by
heterogeneous and unstable behavior than by a uniform shift across
the analyzed observations.

In this sense, separate frontend and backend analyses would
be valuable, since these contexts may exhibit different testing and
co-evolution dynamics. However, splitting the dataset of only 14
repositories would substantially reduce statistical power and the
stability of ITS, RDD, and CausalImpact estimates. Therefore, the
study adopts an organizational-level analysis, acknowledges this
limitation, and leaves stratified analyses with larger frontend and
backend samples as future work.

5.2 Explaining the Divergence
A key insight emerges when these quantitative results are con-
trasted with practitioner perceptions. Survey responses indicate
that developers perceive strong synchronization between produc-
tion and test updates, with most reporting that tests are “always”
or “frequently” updated together with code changes. However, the
empirical results do not clearly confirm this perception at a broader
temporal scale, suggesting a gap between perceived and observed
co-evolution.

Part of this gap may stem from how synchronization is concep-
tualized in practice. The co-evolution metric captures longitudinal
alignment across commits and delivery cycles, rather than local
task-level coordination. Consequently, activities that appear syn-
chronized within individual tasks may still be reflected as weakly
coupled in the historical signal captured by the metric.

This interpretation is reinforced by an exploratory manual in-
spection of the repositories that most negatively affected the co-
evolution metric. To better understand the observed decline, an
exploratory sample were traced back to their corresponding pull
requests and associated tasks. Although these cases were not sys-
tematically ranked, the inspection frequently pointed to recurring
situations in which one-to-one production–test synchronization is
naturally weak or not expected. This pattern was particularly evi-
dent in frontend-related work, where artifacts such as certain user
interface (UI) components do not always have a directly associated
test file, as well as in modifications to continuous integration and
continuous delivery (CI/CD) scripts and utility files (e.g., .sh and
.py), which primarily support infrastructure and pipeline activities
rather than production behavior.

Other recurrent scenarios point in the same direction. The in-
spected cases includedmigrations to newer versions of the Java plat-
form and behavior-preserving refactorings in already covered code;
for example, removing a Spring annotation to avoid dependency-
injection conflicts may affect several production files without requir-
ing updates to existing tests. Test-only maintenance activities were
also identified, such as updating libraries used exclusively by the test
suite, which naturally have no corresponding production changes.
Taken together, these cases suggest that lower co-evolution rates do
not necessarily indicate weaker testing discipline; rather, they may
partially reflect the composition of maintenance work captured
by the metric. This interpretation is also consistent with periods

of concentrated technical activity, especially around January 2026,
when the joint release of three projects made these patterns more
visible in the time series.

This divergence also matters substantively for how testing qual-
ity is interpreted in practice. Higher coverage indicates broader test
execution and can reflect faster test production, but it does not guar-
antee that tests remain aligned with the parts of the system that are
changing. When coverage increases while co-evolution remains un-
stable, organizations may obtain more tests without strengthening
the synchronization needed to preserve fault-detection capability,
reduce maintenance friction, and sustain confidence that the test
suite still reflects current production behavior. In this sense, cov-
erage captures testing expansion, whereas co-evolution captures
maintenance synchronization; considering both dimensions helps
distinguish having more tests from maintaining more effectively
aligned tests.

Qualitative responses are also compatible with this explanation.
Participants often reported that generated tests still require review,
especially in complex or context-specific scenarios, as highlighted
by statements such as “require review [...] where there is little con-
textual information for the AI” and “it can get lost” in projects with
particular characteristics. At the same time, they emphasized pro-
ductivity gains, noting that Copilot “speeds up test creation” and
enables higher coverage levels. This combination helps explain why
coverage can increase even when co-evolution remains unstable:
GenAI seems tomake it easier to produce tests and expand coverage,
but not necessarily to preserve systematic synchronization between
production and test evolution over time. This observation suggests
that GenAI tools may facilitate test generation more readily than
sustained test maintenance over time.

5.3 Implications for Practice and Research
Taken together, these findings may reflect a partial shift from a
maintenance-driven testing process to a more generation-driven
process, in which tests are created more opportunistically. This
helps explain the observed divergence: coverage increases because
test generation becomes easier, while co-evolution remains unstable
because synchronization is not reinforced with the same consis-
tency over time. In other words, in the studied context, GenAI does
not appear to change the underlying nature of test co-evolution
in a sustained way; rather, it primarily seems to accelerate test
generation and coverage expansion.

From a practical perspective, increasing code coverage alone is
not sufficient to ensure effective testing practices. Organizations
adopting GenAI tools should complement them with practices and
metrics that explicitly monitor the alignment between production
and test code over time.

From a research perspective, the gap between perceived and
observed synchronization reinforces the importance of combining
quantitative and qualitative evidence. It also highlights the need
for more comprehensive evaluation frameworks that consider not
only artifact generation, but also maintenance dynamics over time
in AI-assisted software development.
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6 Threats to Validity
This study faces typical limitations of observational and industrial
empirical research, which are mitigated through methodological
triangulation, sensitivity analyses, and complementary qualitative
evidence.

Internal Validity: This study relies on observational data and a
quasi-experimental design, limiting causal inference despite the
use of ITS, RDD, and CausalImpact. Unobserved confounders may
have influenced the results, including AI-assisted code review, new
pipelines, and supporting tools reported in the survey, so observed
changes should not be attributed exclusively to Copilot. Adoption
was also gradual, and no per-developer telemetry or per-commit
Copilot-usage signal was available; therefore, eligible commits were
analyzed regardless of whether theywere directly assisted byGenAI.
To mitigate this limitation, two survey questions captured when
participants started using Copilot regularly and how frequently
they used it for automated-test tasks. A common organizational
proxy date was then defined, the transition month was excluded,
and observation windows were standardized. Nevertheless, hetero-
geneous adoption may attenuate estimates or introduce exposure
misclassification, so the results should be interpreted as associations
with the organizational adoption period rather than commit-level
effects of confirmed Copilot use. The year 2024 was retained as
the closest pre-consolidation baseline, balancing contamination
risk from early GenAI use against temporal comparability with the
post-adoption period.

Construct Validity: The results depend onmethodological choices,
especially the temporal configuration and the operationalization
of co-evolution. The post-adoption period covers approximately
12 months, supporting short- to medium-term observations but
not strong claims about long-term GenAI-related changes. To re-
duce temporal sensitivity, sensitivity analyses used 6-, 9-, and 12-
month bandwidths aligned with organizational release cycles. Co-
evolution is measured with a ±7-day window reflecting the studied
workflow, although delayed or asynchronous coordination may
be missed. Additional ±15- and ±30-day analyses led to consistent
conclusions, but stricter or alternative operationalizations, such as
same-commit or pull request-level coupling, could produce different
estimates. Test-file and production–test pairing rely on heuristics,
which may introduce noise; to reduce this risk, a diverse sample
of pairs was manually inspected and auxiliary artifacts, such as
infrastructure scripts and unrelated test types, were excluded. Even
so, the metric remains an approximation of synchronization behav-
ior. Finally, although the main CausalImpact structure is specified,
some hyperparameters rely on library defaults, which may limit
reproducibility and methodological transparency.

Conclusion Validity: The aggregation of metrics across repos-
itories using arithmetic means may obscure variability between
projects. Arithmetic means summarize organizational-level trends
but may mask variability across repositories; therefore, mean-based
results should not be interpreted as uniform patterns across all
projects. To mitigate this limitation, aggregated results are com-
plemented with distributional analyses and variability measures,
including boxplots, standard deviations, and interquartile ranges.
The relatively small sample size (14 projects) may also limit statisti-
cal power. However, this limitation is partially addressed through

the use of multiple complementary analytical methods, which con-
sistently evaluate the results from different perspectives, increasing
confidence in the findings.

External Validity: The dataset is derived from a single private
company and focuses on web-based systems, which may limit gen-
eralizability to other domains. Project selection was based on conve-
nience, constrained by data availability, potentially introducing se-
lection bias. However, this is common in industrial studies. This lim-
itation is partially mitigated by including multiple projects across
backend and frontend systems, increasing diversity. Additionally,
the survey is subject to response bias and subjective interpretation;
therefore, it is used to contextualize quantitative results rather than
as primary evidence.

7 Conclusion and Future Work
This study investigated the relationship between GenAI adoption,
specifically GitHub Copilot, and testing practices in industrial soft-
ware projects, focusing on code coverage and test co-evolution.
Based on repository mining, SonarQube coverage data, a comple-
mentary practitioner survey, and longitudinal quasi-experimental
analyses across backend and frontend systems, pre- and post-adop-
tion periods were compared. The results indicate that, within the
observed post-adoption period, GenAI adoption is more strongly
associated with increased testing activity and higher code cover-
age than with sustained improvements in test co-evolution. More
specifically, the evidence suggests that, in the studied context and
within the first post-adoption year, no consistent evidence sug-
gests that GenAI substantially changes the underlying nature of
test co-evolution; instead, it is more clearly associated with accel-
erating test generation than with transforming synchronization
between production and test evolution. Although participants of-
ten perceived production and test updates as closely synchronized,
this perception was only partially aligned with the longitudinal
evidence.

Future work should further investigate test co-evolution as a
heterogeneous phenomenon, analyzing how generative AI is associ-
ated with different test evolution patterns (e.g., Progressive, Stable,
Deferred). It is also important to explore the relationship between
generative AI, co-evolution, and maintenance types (feature devel-
opment versus bug fixing), as well as extend the analysis to longer
observation periods and open-source projects to understand how
collaboration and project context influence alignment between test
code and production code over time.

Artifact Availability
The research artifacts supporting the findings of this study are
available at https://doi.org/10.5281/zenodo.21313548.
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