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—— Abstract

ATl code-generation tools are widely deployed, yet Al is not applied uniformly: its use varies
systematically with the context of the task, the code being modified, and the engineer. Studies
that do not account for these contextual differences risk attributing to Al what is actually driven
by context. Using data from over 10K developers and 400K diffs at Meta, with character-level
provenance tracing of Al-suggested code through editing, review, and landing, we model (a) which
context factors predict AI code landing, (b) how landed Al code relates to review time, and (c) its
association with production outages (SEVs) — while controlling for contextual confounds. We
find that AI code lands more often in less central code, larger changes, test files, and for authors
with higher tenure. Review time decreases and SEV rates are lower for diffs with AI code, but
both associations are confounded by Al code appearing in less central contexts. These findings
demonstrate that naive comparisons of AI vs. non-Al work may reach misleading conclusions, and
we provide actionable guidance for controlling these confounds.
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1 Introduction

Generative Artificial Intelligence (GenAl or AI) code-generation tools are already being
deployed widely despite limited and nuanced evidence of their software engineering impact.
Many studies find increased speed and productivity [50, 51, 59, 9, 33] but also reductions in
code quality [58, 21, 19].
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Studying AI impact is complicated because Al suggestions are made in a code editor, but
the code may be modified before landing.! The probability that Al-suggested code lands
depends on numerous context factors ranging from quality of the suggestion to properties of
the code modified by the diff, properties of the diff itself, author, reviewers, etc. Indeed, Al
may not be equally applicable or effective in different contexts and for different engineers.
The commonly used and easily attained measure of acceptance rate has serious flaws [32, 25],
while studies that compare actions of engineers with and without access to Al tools lack
the essential link between the context and landing rate. Furthermore, landing rates are also
an important way to gauge how Al performance on benchmarks transfer to actual industry
software.

Our primary contribution is to demonstrate that Al is applied non-uniformly — its use
depends strongly on context — and to identify which context factors drive this variation. This
finding has a critical methodological implication: because Al-assisted and non-Al-assisted
work differ systematically in their context (e.g., Al is more likely to be used for larger, less
central changes), any analysis that simply compares outcomes of Al vs. non-AI work without
controlling for these contextual differences will confound the effect of AI with the effect
of context. Without such controls, software engineering outcomes attributable to Al tools
may be misleading. For example, if Al tends to be applied predominantly to less central
code, a study that does not take centrality into account may show increased output or other
characteristics of less central code associated with higher use of Al even if such an increase
is confounded by centrality. Similarly, if Al is more likely to be applied to larger changes,
a naive comparison would attribute the properties of large changes to Al itself. Once we
establish how the context affects Al landing rates, we address the remaining questions: how
does Al impact code reviews and service outages (SEVs)?

Our contributions are: (1) character-level tracing of Al-suggested code to landed code
via Chattributes provenance tracking; (2) demonstrating that AT landing rates are strongly
context-dependent (varying with centrality, change size, complexity, language, and tenure),
implying that diffs with and without AI code are not exchangeable; (3) modeling review time
and SEV probability while controlling for the contextual confounds identified in the landing
model; and (4) offering an alternative explanation for the literature finding that AI produces
more code — larger changes may simply offer more opportunities to apply Al.

Our study focuses on pre-agentic, completion-based Al assistance — the dominant paradigm
from 2022 to 2025 — for several reasons. First, the transition to agentic Al systems that
autonomously plan and execute multi-step tasks is well underway, making this the last
opportunity to establish rigorous empirical baselines for the pre-agentic era before the
technology mix shifts irreversibly. Second, completion tools operate at the character and
line level with the engineer in full control of each suggestion, whereas agentic tools make
autonomous multi-file decisions; the confounding patterns we identify (centrality, change
size, tenure) will manifest differently under agentic workflows, and disentangling the two
requires understanding each independently. Third, nearly all published empirical studies of
AT coding impact measured pre-agentic tools [51, 65, 66, 9]; understanding the confounds in
that setting is necessary to correctly interpret the existing body of evidence. Finally, the
methodological template we develop — first modeling where Al is applied, then controlling
for those factors in outcome models — transfers directly to evaluating agentic tools, even as
the specific coefficients change.

We study the impact of Al in three contexts: authoring, reviewing, and outages (i.e. field
faults or SEVs). We next provide background, hypotheses, and a results summary for each.

! By landing we mean that the code ends up in the primary branch after all reviews and after (successfully)
running through a CI pipeline, essentially making Al code a permanent part of the project’s codebase.
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1.1 Al impact on code authoring

Existing evidence and common sense suggest that Al may not be equally useful or used in
different contexts. For example, the degree to which Al is successfully used? may depend on
the particular part of the codebase, engineers’ experience and habits, the degree of trust in Al
generated code (for example, in risky diffs), and on coding tasks. We, therefore, expect that
AT code landing will vary with these and other context factors. For example, a responsible
engineer would likely be more wary of Al code that touches central files. Likewise, the
literature has shown that junior engineers are more likely to use Al (e.g., [65, 66, 9, 30, 12]).
We use logistic regression with presence of Al-generated code as the response variable and
include file centrality, author tenure and other common measures such as the size of the
change, its cyclomatic complexity, and the number of tests modified.

Our hypothesis is H1 : The landing of Al code will be affected by change, author, and file.
FE.g., file centrality, change size or churn.

Results summary. We find the likelihood that AI code is landed varies with the codebase:
AT diffs tend to modify lower-centrality files and test files. Contrary to existing literature,
we find that junior engineers are not more likely to land Al code.

1.2 Al impact on code reviewing

With the knowledge of what diffs are more likely to land Al-generated code, we can properly
measure how landed Al-code may, in turn, affect various software engineering outcomes.
First, there is a perception that AI will transform developers into reviewers [2] and that
AT will create more, and harder, work for reviewers [53]. Our next goal is to provide a
preliminary understanding of the impact of Al code on manual code reviews, namely code
review time. We control for confounds that are associated with landed Al code, such as file
centrality. We use a multiple regression to understand the impact of Al on how long it takes
to review code.

Our hypothesis is H2 : The landing of Al suggestions increases diff review time

Results summary. We find that Al code is reviewed more quickly, but when the centrality
of AT code is high, it appropriately increases code review time.

1.3 Al impact on production faults, i.e. SEVs

Finally we focus on the impact of Al-generated code on production faults and outages (SEVs),
arguably the most important and the least investigated software engineering outcome. Some
previous work has found improved code quality [65, 66, 30], while other work observed a
deterioration in code quality [23] and a much higher defect rate [58]. Since the diffs that
cause outages (referred to as Site Events or SEVs at Meta) are determined and recorded for
each outage in our organization, we use it instead of defect rate. We use a logistic regression
to model the probability of a SEV that includes any Al generated code and also include
key variables that are used in the models deployed to predict diff fault risk [1, 44]. Our
hypothesis is H3 : The landing of Al suggestions increases the probability of a SEV.

Results summary. We find that, after controlling for context, a higher fraction of Al
code is associated with slightly fewer SEVs; because Al-heavy diffs are larger and occupy
higher-risk contexts, their raw SEV rate is not lower. Thus, once context is accounted for,
AT use has not led to an increase in SEVs at Meta.

2 We define “successfully used” as presence of Al generated code landed in the trunk.
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2 Background and Data

Empirical software engineering has its origins in the need to evaluate the impact of software
engineering tools and practices as they are expensive to acquire, deploy, and maintain,
especially in large organizations. In this study we use fine-grained measurement of the code
editing Al tools so that we can associate the part of Al code suggestions that ended up in
the code. To our knowledge, none of the existing studies are based on measurements that
track Al suggestions to the individual diffs, likely due to extreme complexity of tracking the
provenance of each character through a variety of editing surfaces, revising, committing the
code and then through diff revisions, code review, and eventual deployment.

2.1 Al use at Meta

Meta is a large software company with a complex code base that covers a wide range of
applications from social networking and virtual reality to software engineering infrastructure,
such as continuous integration tooling and workplace coordination. Tens of thousands of
developers work on billions of lines of code (LOCs) in a monolithic repository that hosts source
code written in more than nine programming languages. The development organization spans
multiple continents and time zones, with engineers organized into product and infrastructure
teams that range from small specialist groups to large platform teams of hundreds. The
codebase includes user-facing products serving billions of users, backend infrastructure, data
pipelines, mobile applications, and developer tooling — providing a diversity of software
types and risk profiles that few single-company studies can match. The state of the source
code and the developers associated with the source code keeps evolving constantly - internal
libraries and tools get added and deprecated, while developers move across teams and change
roles. At Meta’s scale, keeping up with the knowledge required to accomplish coding tasks is
challenging. Notably, Meta has no policy restricting AI use on critical code; the organization
actively encourages Al adoption across all contexts.

At Meta, an Al-assisted code authoring system named CODECOMPOSE has been deployed
companywide [47, 14]. CODECOMPOSE is a pre-agentic, completion-based tool: it provides
inline suggestions as a software engineer types code and is designed to predict tokens that
would complete the current line (single-line suggestion) or multiple lines (multi-line suggestion)
across programming languages. Unlike agentic Al systems that can autonomously plan,
execute multi-step tasks, or modify multiple files, CODECOMPOSE operates reactively within
the editor, suggesting completions only at the cursor position. Single-line suggestions should
be quick, highly accurate, and help with the immediate context. In contrast, multi-line
suggestions need to be deeply informed and intelligent. These code blocks can help users
discover APIs, best practices, and implementation details. CODECOMPOSE is multi-lingual
and has been trained on more than nine programming languages at Meta. As such, it
inherits the property of LLMs to be multi-lingual. It is also customized for the organization:
CoDECOMPOSE is fine-tuned on Meta’s internal code repository, and is thus able to handle
languages such as Hack and Flow. CODECOMPOSE is also deeply integrated with Meta’s
version of VSCode, and other editors including online Jupyter-like data science environments.
CODECOMPOSE can understand inline comments in natural language and generate code that
adheres to the comment.

The CoDECOMPOSE model exactly recreates the masked line between 40% and 58% of
the time and has a high BLEU score between 56% and 73%, depending on the programming
language [47] in back-testing. When rolled out into production, the acceptance rate was
22% which is comparable to those at Google and GitHub. A survey and a thematic analysis
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of the comments from 70 engineers showed overwhelmingly positive feedback, with only
8.5% of comments containing negative feedback and less than 1% of engineers turning off
CODECOMPOSE. The top two feedback comment themes related to discovering APIs and
dealing with boilerplate (23%), and accelerating coding (20%).

2.2 Code Provenance via Chattributes

Chattributes is a system at Meta that tracks information about code authoring. Edit events
(insert, delete, replacement of characters) in IDEs are observed via extensions available for all
major editing surfaces (VS Code, Android Studio, NeoVim, web-based editors, and terminal
editors), and the provenance of those changes are tracked. Metadata is associated with each
changed span, including which tool or human author made the change, and if the tool was
AT assisted. Formatters, copy and paste events and Al authoring tools are tracked. Edit
tracking is implemented via a character-based form of the LineLog interleaved deltas system.
When a commit is made to source control, the provenance of all changed characters since the
previous commit is stored as commit metadata. This metadata is then propagated over source
control operations (rebase, amend). This is done by deriving edit scripts (using Myers diff
algorithm) from the underlying source control content, and applying that edit script to the
metadata. This allows us to trace provenance of characters through source control actions,
allowing us to determine which characters survive review to be landed in the repository. We
thus reason precisely about the provenance of landed code, down to character granularity.

Chattributes is deployed in production across Meta and has been validated against
alternative approaches that infer Al authorship by correlating editing actions with Al service
invocations that occur close in time. The character-level provenance tracking in Chattributes
consistently produces more accurate attribution than such temporal-correlation heuristics,
which suffer from false positives when developers type simultaneously with Al suggestions
and false negatives when network latency separates the invocation from the edit event.
Chattributes remains the primary system used at Meta for measuring Al code contribution.

With chattribute data we are able to calculate the number of bytes written by CODECOM-
POSE that ended up in the final landed diff. Approximately two months of data includes
diffs in spring of 2025 and contains several hundred thousand of diffs excluding automation-
generated diffs. Our analysis concerns roughly half of these diffs where chattributes were
available (none were bot-generated). The uncovered diffs result from editors or workflows
not yet instrumented rather than from the risk profile of the diff: covered and uncovered
diffs are well balanced on file centrality, complexity, and prior-fault history. Coverage does,
however, over-represent diffs in the earliest-instrumented ecosystems (Hack, Python, and
JavaScript relative to C++), so it reflects the order of IDE/tooling rollout rather than
risk-based selection. We cannot fully rule out residual selection on unobserved factors, and
we discuss this potential selection bias as a threat to validity (Section 5). For each diff, we
calculated measures, such as the number of files, line churn, cyclomatic complexity of the
modified files, coverage, and so on. Approximately half of the analyzed diffs had at least
some CODECOMPOSE-generated code landed.

When modelling AT code, we consider two measures: (1) the fraction of diff chunks or
contiguous spans of a changed code file where any part of the Al authoring suggestion was
landed, and (2) the fraction of modified bytes originating from that AI suggestion. We
also record the Al tool and LLM model that was used as part of the metadata. Multi-line
suggestions were substantially less common than single-line completions; in exploratory
analysis, distinguishing multi-line from single-line suggestions did not change the direction
of the landing associations we report, so for the models below we do not separate them. A
dedicated analysis of how suggestion granularity interacts with language (e.g., the lower
landing rate for C++) is left to future work.
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2.3 Data Sources for diff properties

We collect data from code measurement systems used at Meta, such as lines of code, cyclomatic
complexity, and line test coverage. These measures were calculated at the time of diff landing,
i.e. merging into the trunk.

A separate company-wide system was used to track every SEV. The root cause of every
outage is manually investigated and the diff or diffs that caused it are recorded. Due to a
strong focus on customer experience, the accuracy of SEV data is high. We used Phabricator?
to obtain the remaining measures, such as diff creation and landing times, affected files,
author, reviewers, comments, review interval, etc. Again, each measure is calculated at the
time diff is closed. So, for example, measures of author experience change after each diff.

3 Statistical Modelling

To achieve our goal of better understanding the relationships between the use of Al-assistants
and critical software engineering outcomes, such as code reviews and system outages, we
use statistical models. Statistical models help quantify relationships between outcomes and
variables that measure various properties of a diff. Two of our models have binary responses,
namely if AT code landed and if a SEV was triggered. As is commonly done in such cases,
we use Logistic regression. The remaining model has review time as a response and we use a
multiple regression.

To satisfy modeling assumptions, all continuous variables are transformed using the
In(z 4+ 1) function because they have highly skewed distributions. We add one to ensure
that there are no zero values in the log transformation. We use a = 0.05 as our significance
threshold throughout.

We are not aware of validated theories that would help explain the probability of landing
Al-generated code or how such inclusion may affect review times or the probability of a SEV.
We, therefore, start from known models of reviews and SEVs that happen to be extensively
used at Meta. Furthermore, it is essential to include them as control variables in the models
that estimate the impact of Al to avoid confounding interpretations that ascribe the impact
of the confounding variable to the impact of Al

Software engineering measures tend to be highly correlated [40, 41], but models with
highly correlated measures are hard to interpret, have unstable estimated coefficients, and
poor predictive power [13]. To this end, if the correlation between two variables exceeded 0.7
— the threshold recommended by Dormann et al. [13] as the point beyond which collinearity
begins to severely distort model estimation — one of them was removed from the model. We
complement this pairwise screening with a multivariate collinearity check (GVIF, Section 5),
which does not rely on a single arbitrary cutoff. We ensure that remaining variables are
diverse (represent distinct aspects of the diff, author, and modified code) and rely on simple
but validated measures already in wide use at Meta.

We subdivide variables into classes: prior activity and defects [26, 46], interdependen-
cies [8], coordination [8], author expertise [26, 6], complexity [46], churn [48], and testing [44].

Finally, we exclude diff properties that are determined after the phase we investigate.
For example, the authoring model cannot know information about reviewers. As a result,
only the SEV model has the full set of variables. As with all statistical models, we want
to establish a relationship between the response and variables (independent variables), as

3 http://phabricator.org
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statistical models do not demonstrate causal relationships. Although we do not fit a formal
causal model, our two-stage design is motivated by a causal-confounding logic that can be
read as an informal directed acyclic graph (DAG): context factors such as centrality, churn,
and test files jointly influence both whether AI code is applied and the downstream outcomes
(review time, SEVs). These factors are therefore common causes (confounders) that must be
adjusted for before any association between Al code and an outcome can be interpreted, and
we treat them as such by first modeling Al landing (H1) and then including its predictors as
controls in the outcome models (H2, H3).

We selected our variables based on three criteria: (1) extensive prior use in defect
prediction and code review literature, ensuring comparability with existing work; (2) diversity
across distinct aspects of the diff (prior history, interdependencies, coordination, expertise,

complexity, and testing); and (3) availability at the appropriate temporal stage of each model.
We verified linearity assumptions by inspecting residual plots and testing for non-linear terms.

We also investigated interaction effects but found none that were statistically significant
while also improving prediction and remaining interpretable, including interactions of Al
fraction with centrality quartiles and language-specific slopes.

We initially considered a substantially larger set of predictors, including organizational
unit, type of software (e.g., infrastructure vs. user-facing product), and additional measures
of code and author properties. The variables presented here survived a sequence of selection
steps: first, among strongly correlated predictors (correlation exceeding 0.7), we retained
the one easier to interpret and more widely used in prior literature; second, we excluded
predictors that were not statistically significant in any of the three models, for parsimony
and due to space constraints.

3.1 Model Variables

Table 1 lists all variables, their definitions, and rationale. As noted above, the models
may include a subset of variables, as some were collinear or determined at later stages. All
variables were calculated using approaches described in Section 2.3. We briefly summarize the
categories here. Prior history (past SEVs, review comments, post-landing changes) captures
the principle that past problems predict future ones. Interdependencies are represented via
Katz centrality [27] computed over combined call-graph (extracted via Glean [39]), co-change,
and authorship edges [64, 8] accumulated over a 12-month window. Because risk is driven by
the single most critical file a diff touches rather than by its average file, we aggregate file-level
centrality over a diff using the maximum (as we do for other file-level risk measures such as
past SEVs); using the mean or median instead did not change the direction or significance
of the centrality coeflicients. Coordination needs are proxied by the number of reviewers,
author centrality, and maximum past authors on modified files [22, 8]. Author expertise is
measured via tenure and past modifications to the affected files [46, 26]. Code complexity
includes churn and cyclomatic complexity [35]. Testing is captured by whether test files are
modified [44].

3.2 Model Definitions

In the preceding sections, we discussed data sources, data collection, and the measures used
in the models below. We evaluate the Al impact in three contexts: authoring code, reviewing
code, and SEVs or faults. For each context we introduce dependent variables and describe
each model below.

93:7
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Table 1 Measures. The measures are computed for each diff separately as they were at the time
diff landed. cent(f,t): centrality of file f at time t, CCN(f,t), LOC(f,t): cyclomatic complexity
and lines of code of file f at time ¢, d and D, are diffs, a author, r: reviewer, d,, d,: indicators that
a authored and r reviewed d; dy is true if diff d modifies file f; d; is the time diff landed; d;,_,,.,
is the time diff was created. Tests is the set of all test files. Dsey (Or dsev) is true for diffs that
triggered a SEV and false otherwise.

Category Measure Description Calculation
Past and  sev(d) True if any of the files in the diff have been max{f.d,} {1 <= 3D : Dy A
f:urrent modified by a SEY—cauSing diff in the past. Daey A Dy < dy; else 0}
issues “past faults predict future faults” [20, 6]

sugchg(d) Code review suggested making changes. A

small discovered issue may hide yet-to-be-
discovered issues [37, 3]

nemts Number of comments received during re-
view. Discussion may imply complexity
or risk of the diff [37, 3]

chgpost(d) Indicator of whether the diff had changes
after being landed. Issues that surface
after landing may indicate higher risk [44]

Inter- feent(f,t) The maximum Katz call-graph centrality max{r.d .} cent(f,d)
dependencies of the modified files. More central [64]
files may have critical functionality [8, 67]
nfiles(d) The number of files modified. Need to  [{f :ds}|

modify multiple files in a single diff implies
“logical” dependencies and risk [11, 46]

Coordi- nrev(d) The number of reviewers. [{r : dr}|
nation

acent(d) Katz centrality of the diff author based cent(a,d:)
on co-change, authorship, and call-graph
links. More central authors work with
more central files (see above) and have
more experience (64, 38]
mazauth(d) Maximum number of distinct previous au- max{f.d .} [{a :3D : Dy ADg A
thors over files modified in a diff. “Too Dy < di}|
many cooks spoil the broth” [46, 61, 6]

Expertise  pmod(d) Author expertise measured by the number | U o {D: D¢ <tANDjsA
of changes to the files modified by the diff {feds}
in the past. Expertise is associated with Da}l
defect rate [46, 61, 6]
tenure(a,t) Author expertise measured via tenure at six categories: 0-1, 1-2, 2-3, 3—
Meta at the time of diff landing. Expertise 4, 4-5, and 5+ years
is associated with defect rate [46, 61, 6]

File com-  churn(d) Sum of the lines added and deleted over all E addedLOC(f,t) +
. . ey {f:dy}
plexity files modified by diff: More change more deleted LOC
risk [46, 48] elete (f,t)

cen(d) Total cyclomatic complexity number (ccn) Z{f.d } CCN(f,t)
added over modified files. One of the old- o
est indicators of risk [35, 34].

Testing tfiles(d) True if at least one test file is modified  [{f :df A f € Tests}| >0
by the diff. Empirical findings on test
coverage vary: from reducing defects, [45],
none [24, 29], or that high-risk files tend
to have more coverage [44].
Programm- cpp, php, py Diff modifies at least one file containing
ing lan- source code from the corresponding lan-
guage guage. Risk rates and review time may
vary with programming language.

Outcomes revtime(d) The time spent in code review (interval
while the author was waiting for review(s))
Albytes(d) The fraction of bytes that are attributable  In — byte:iizqﬁ62¢lbytes+1

to Al suggestions
ai__spans+1
change__spans+1

Alspans(d) The fraction of change chunks/spans (con- In
tiguous non-overlapping parts of modi-
fied text) that contain at least some AI-
suggested code
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(a) Fraction of diffs with AI code landed (b) Distribution of the fraction of diffs with AI code
over the population of over 10K engineers. landed by engineer’s tenure.

Figure 1 Al code landing rates across engineers and tenure categories.

Authoring Model

Our first model concerns the code authoring stage of Al suggestions by modeling the
probability of landing any of the Al-suggested code in a diff.

In this model, we focus on variables that predate authoring actions as our goal is to
measure the context of a diff that affects the landing rate of Al code. The response is
binary (any AI code landed or not) and we use logistic regression. The predictors — listed
as column (a) in Table 2 — include file centrality, author centrality and tenure, past author
modifications, change size (files, churn, ccn), test files, and programming language.

Reviewing Model

Code review efficiency is commonly measured as the time code spends in review [15, 52, 54].

We use a linear regression with log-transformed review time as the response. All variables
from the authoring model are included as controls to avoid confounding, plus the number of
reviewers. Our key independent variable is Alspans, the fraction of change spans containing
Al-suggested code (preferred over the fraction of bytes due to better fit; the two Al measures

are closely related — their underlying log Al-span and Al-byte counts correlate above 0.9).

Column (b) in Table 2 shows the full set of predictors.

SEV model

Statistical software risk models have been in use for 40 years [46, 26], incorporating previous
faults [31], network complexity [8], coordination [22], and code complexity [55]. We use
logistic regression with SEV occurrence as the response. The SEV model includes the full set
of variables (column (c) in Table 2), adding post-authoring variables unavailable to earlier
models: review comments, suggested changes, and post-landing modifications.

Model Fit

Our modeling goal is to explain the variance in the response variables and model fit is the
most suitable way to accomplish that. If the model has poor fit, it means that most of the
variance is explained by unmeasured factors. Generally, measures of model fit are most useful
for comparing the same models with extra variables. From a practical perspective, what
constitutes a reasonable fit is usually dependent on prior published work or based on expert
opinions.
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In logistic regression (our AI landing and Sev models) regular R? is not available because,
instead of sum of squares (which are not additive), we have only the likelihood values. A
commonly used alternative is McFadden’s pseudo R2. It measures the ratio of information
gain when adding variables to the whole information contained in the data. It has a slightly
different interpretation from the regular R?. McFadden states [36] on page 306 “.. its values
tend to be considerably lower than those of the R? index...For example, values of 0.2 to 0.4
represent EXCELLENT fit.”

For the review time model we use adjusted R? as it is a multiple regression and compare
it to models published in academic literature.

Unlike the author and review models, the SEV model represents extremely rare events,
which can bias standard maximum-likelihood logistic regression toward underestimating
event probabilities [28]. Established remedies include Firth’s penalized-likelihood logistic
regression [16] and King and Zeng’s rare-events correction [28]; because our sample contains
several hundred SEV-causing diffs— keeping the number of events per predictor above the
widely used rule of thumb of ten — and because the rarity is in the base rate rather than the
event count and we report relative rather than absolute probabilities, these corrections are
not expected to materially change the reported associations. For goodness of fit, because the
base rate is so low, McFadden’s pseudo R? may be too optimistic and Tjur’s Coefficient of
Determination, which is another analog of R?, is preferred [57]. It represents the difference
between the average predicted probabilities for each outcome category: SEV-causing (pspv)
vs not SEV-causing (pno sgv): OF DsEV —DPno sEv- As the probability of a SEV is proprietary
information, we share the relative value of improvement: ”SEVZW, where pg; is the
fraction of SEV-causing diffs.

4 Results

4.1 H1: Al impact on code authoring

Before suggesting a positive mechanism between relating landing rate and context, we may
start from the negation or null hypothesis that diffs where AI suggestions are landed are
exchangeable with diffs where no Al suggestions are landed (conditional on AI availability):
H1y : The landing of AI code is not influenced by file centrality, author tenure, size/churn,
and other properties of the changed code. If that were the case, we could directly compare
outcomes between the two classes of diffs. The results shown in Table 2 demonstrate that
the assumptions of the null hypothesis are clearly violated.

Model Fit has McFadden’s pseudo R? = 0.12. As discussed in Section 5, strengthening
the AT landing criteria from having at least one to at least 100 AI bytes landed monotonically
improves fit: McFadden’s pseudo R? rises to about 0.17 (Nagelkerke R? ~ 0.26), and it
continues to increase with the threshold. In other words, with a larger Al footprint threshold
the model fits better and does not require additional variables to explain landing rates. The
modest fit at the one-byte threshold is expected: our goal is to characterize the context
in which AI code lands, not to fully predict an individual engineer’s moment-to-moment
acceptance decisions. Several determinants of whether a specific Al suggestion is accepted
are not observable in our data — individual developer preferences and trust in Al, team
norms, the specific task type, the editor and IDE configuration, and the quality of the
particular suggestion or prompt — and these unmeasured factors account for much of the
residual variance. Importantly, the confounds we can measure are exactly the ones that also
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Table 2 Three models: (a) probability of landing AI code (logistic, McFadden’s pseudo R? = 12—
17%), (b) review time (linear, Adj-R* = 14%), and (c) probability of SEV (logistic, relative Tjur’s
R? = 80%). Tenure coefficients are contrasts with “tenure 0-1 years.”.

(a) AI Landing (b) Review Time (c) SEV

Est. ) Est. p Est. p
(Intercept) -2.65 .00  7.58 .00 -6.66 .00
sev -0.08 .00 -0.04 .00 0.05 .01
chgpost 0.15 .07
Incmts 0.34 .00
sugchg -0.37 .01
Ifcent -0.01 .00 0.02 .00  0.07 .00
lacent 0.01 40 -0.08 .00 0.10 .01
Inrev -1.12 .00 1.09 .00
Imaxauth -0.04 .00  0.00 b3 0.06 .03
tenurel-2 yrs  0.03 45 -0.06 .16 -0.10 .54
tenure2-3 yrs  0.04 34 -0.12 .01 -0.34 .05
tenure3-4 yrs  0.10 .02 -0.10 .03 -0.16 .34
tenure4-5 yrs  0.05 25 -0.09 .04 -0.07 .68
tenured+ yrs  0.05 .23 -0.03 49 -0.12 .53
lpmod -0.00 714 -0.11 .00 -0.04 .13
Infiles 1.10 .00 -0.03 .67
lchurn 0.29 .00 0.53 .00 -0.01 .82
leen 0.03 .00  0.07 .00 0.10 .00
tfiles 0.16 .00 0.17 .00 0.16 .08
cpp 0.03 15 035 .00 0.50 .00
php 0.50 .00 -0.09 .00 054 .00
Py 0.40 .00 -0.33 .00 -0.26 .02
Alspans -0.08 .00 -0.06 .03

drive the outcomes in H2 and H3, so an incomplete landing model is sufficient for its role
as a confounder-identification step. From the model coefficients in Table 2 we can see the
following:
Landed AI code is associated with larger churn, more files, and higher cyclomatic
complexity (ccn) of a diff. Larger diffs modify more files and have higher churn which
may provide more opportunity for Al code suggestions (and subsequent landing).
The chance of landing Al code is higher for diffs involving test files.
Code that is more central (indicating higher interdependencies) is less likely to have
AT code landed. This effect is small in magnitude — the 1fcent coefficient of —0.01
corresponds to roughly a 1% change in odds — and modest relative to the dominant
predictors of change size (1nfiles, lchurn) and programming language. It is also
sensitive to the choice of centrality measure, so it should be read as a modest tendency
rather than a strong regularity.
Code with more past authors (indicating higher coordination needs) is less likely to have
AT code landed.
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For H1, the main findings are that landing Al code is less likely for central code requiring
coordination. Larger changes, and higher author tenure are associated with increased
chances of landing AI. The programming language strongly impacts the probability of
landing AI code.

There are notable differences among programming languages with Hack and Python
having much greater Al landing rates than C++.* C++ is primarily used for performance-
critical tasks and, because of the optimizations associated with performance needs, code
may be more complex.

We did not observe increased landing rates for junior or less central engineers in contrast
to findings by, e.g., Ziegler et al. [66]. In fact, Al landing rates are highest for authors
with 3—4 years of tenure, the only tenure category with a statistically significant positive
coefficient. Figure 1a shows the distribution of Al landing rates across the population of
engineers, and Figure 1b breaks this down by tenure category.

To illustrate practical significance: the coeflicient for 1churn (0.29) implies that roughly
tripling churn is associated with a 34% increase in the odds of landing AI code (%2 ~ 1.34);
php (0.50) implies 65% higher odds for diffs modifying Hack files. For the SEV model
(Table 2), the AIspans coefficient of —0.06 (p=0.03) corresponds to a 6% decrease in odds of
a SEV per unit increase in Al fraction.

4.2 Al impact on code reviewing

H2y : The landing of Al code does not increase diff review time.

Table 2 shows that, after adjusting for a number of factors, the landing of Al-suggested
code is associated with reduced review time.

Model Fit. Adjusted R? = 14% is consistent with prior work modeling review times,
e.g., [52, 54]. Review time is strongly affected by factors that are difficult or impossible to
measure: reviewer workload and how busy the reviewer is, whether they are taking a sick
day, time-zone differences between author and reviewer, the urgency of or deadline attached
to the change, and team culture around review turnaround. Even the best models of code
review time used in Meta do not have much better fit. Furthermore, our focus here is to
establish the impact, not to do review time prediction where higher values of R? would be
necessary. Because most variance remains unexplained, we phrase the review-time conclusions
as associations rather than effects and caution against over-interpreting the magnitude of
any single coefficient.

Table 2 shows that code with higher fraction of Al spans is reviewed more quickly. To
illustrate practical significance: the coefficient for Alspans (—0.08) implies that a one-unit
increase in log Al span fraction is associated with approximately 8% shorter review time
(e7998 ~ 0.92). As for the control variables, our findings match intuition. Higher tenure leads
to reduced code review time (compared to 0-1 years), as do other measures of experience:
author centrality and past changes to modified files.

However, the more central the code is, the longer the review takes, indicating that
engineers use appropriate caution when touching central code. Larger diffs measured via
code churn, cyclomatic complexity, and more test files take longer to review. Diffs with C++
code take longest to review and with Python code the shortest amount of time.

1 The variable php represents Hack, which is syntactically derived from PHP.
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Diffs with more reviewers take less time (since code review ends after the first accept).
Diffs involving files with many authors take the same amount of time to review, perhaps
because it may be easier to find a reviewer who has modified the file and is available.
Surprisingly, diffs modifying files with past SEVs take less time to review, perhaps because
thorough post-SEV investigation leaves reviewers more familiar with the affected files.

For H2, the main findings are that code with higher fraction of Al spans is reviewed
more quickly, with controls showing reduced time with author experience and increased
with centrality, size, and cyclomatic complexity.

At first glance the faster review of Al diffs is surprising because Al diffs are also larger
(more churn, more files), and larger diffs normally take longer to review. The two effects
are separated in the model: churn, number of files, and complexity each carry their own
positive coefficients on review time, so the negative Alspans coefficient is the association
that remains after holding change size fixed. In other words, among diffs of comparable
size and centrality, those containing more Al-landed code are reviewed somewhat faster —
consistent with AI code being concentrated in more routine or boilerplate spans (e.g., test
files) that reviewers can scan quickly.

We note that these associations should be interpreted cautiously. Because our study is
observational and Al-landed code tends to appear in less central, lower-risk contexts, the
reported associations between Al code and faster review times may partly reflect where Al is
used rather than a direct beneficial effect of Al itself.

4.3 Al impact on production faults, i.e. SEVs

H3y : The landing of Al suggestions does not increase the probability of a SEV. Some prior
work has found deterioration of code quality associated with the use of AT tools [58, 21, 19, 60].
We investigate if such deterioration can be observed in our study.

Model Fit. As discussed in the methods section, the rarity of SEV events suggests
the use of Tjur’s coefficient of determination (an analog to R?) which is the difference of
model-predicted probabilities for the two outcomes. We report relative Tjur’s analog to
R? = 80%, or, in other words, that difference represents 80% of the overall probability of a
SEV.

Control variables show that, as expected, diffs modifying files with past SEVs, of higher
cyclomatic complexity, coordination needs and dependencies (measured via past authors and
file centrality), and more reviewers and review comments are associated with higher SEV
rates. SEV rate does not depend on engineers’ tenure or past changes to modified files.

Having suggested changes is associated with lower SEV rates, perhaps reflecting that
more thorough code reviews prevent some SEVs. Size of the diff (number of files or churn)
does not help predict the risk of a SEV, nor having changes after accept, or having test files.
Diffs with C++ and PHP files have elevated SEV rate while diffs with Python files have
lower rates.

5 Threats to Validity

Generalizability. The findings are specific to Meta’s unique environment, monolithic repos-
itory, and internal tooling, which may limit their direct applicability to other organizations
or open-source projects. However, our study does cover a very wide swath of software
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We find that, after adjusting for context, a higher fraction of Al-generated code within
a diff is associated with a slightly lower probability of causing a SEV. This protective
association is context-adjusted: Al-heavy diffs are also larger and touch higher-risk code,
so their raw SEV rate is not lower, and the negative association emerges only once
size and centrality are controlled. The observed association therefore does not by itself
demonstrate that Al reduces SEV risk. A cautious conclusion is that, once context is
accounted for, the fraction of Al-generated code is not associated with an increase in
SEVs at Meta.

engineering. The software system covers millions of lines of code and ten thousand developers
who are both collocated and working at multiple locations across the world. We also cover a
wide range of domains from user facing social network products and virtual and augmented
reality projects to software engineering infrastructure, such as calendar, task, and release
engineering tooling. LLMs used to implement Al tools are widely available and predate
agentic solutions.

The particular infrastructure used to track the provenance of Al code may not be broadly
available, but it can be implemented in other companies or for open source projects. The
open-sourcing of popular AT authoring tool CoPilot [56] may enable such efforts.

The rapid evolution of GenAl tools means that the “true estimate” of Al’s impact is a
moving target, making this study a snapshot of its effect at a particular point in time. The
observation window is roughly two months, so seasonal effects, tool-rollout and novelty effects,
and mid-window model updates could in principle influence the estimates. Two factors limit
this risk: CODECOMPOSE had been rolled out companywide well before our window (so it is
not a novelty period), and our prior-year replication over the same calendar span with the
same developers yields nearly identical coefficients, indicating the relationships are stable
rather than artifacts of a particular short interval. Still, a longer, multi-season window would
strengthen the temporal generalizability of the results. In particular, our findings reflect
pre-agentic, completion-based Al assistance (CODECOMPOSE); the impact patterns of newer
agentic Al systems that autonomously plan and execute multi-step coding tasks may differ
substantially.

Scope of Analysis. Our analysis differentiates developers primarily by experience (tenure)
and does not examine differences across departments or product areas (except on the smaller
subsamples as noted below), as cross-team comparisons require additional organizational
metadata and raise privacy considerations. Importantly, tenure here measures time at Meta,
not total industry experience or general programming skill. It is best read as a proxy
for familiarity with Meta’s codebase, tooling, and norms rather than for seniority; the
non-monotonic peak at 3-4 years may therefore reflect a point at which engineers have
enough codebase familiarity to apply Al confidently while still working on code amenable
to completion, and it may partly stand in for correlated factors such as role, team, or prior
experience that we do not observe.

Selection Bias. Chattributes coverage of roughly half of diffs is driven by IDE and workflow
instrumentation, but if coverage correlated with unobserved diff or developer properties, the
analyzed sample could differ from the full population in ways our controls do not capture.
Similarly, engineers self-select where to invoke and accept Al, so the landing model describes
AT use as it occurs rather than under random assignment. Both forms of selection limit
causal interpretation, which is why we frame all outcomes as associations and rely on the
two-stage confound-control design rather than a direct Al-vs-non-Al comparison.
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Construct Validity. The potential set of constructs used in the mining software repositories
community is enormous. We have selected a straightforward set of measures widely used
in bug prediction literature [63, 3], e.g., prior defects and churn. We also use collaboration
measures relying on software supply chains and centrality [5, 67, 62]. We select a diverse
set of variables that represents distinct aspects of the authors, diffs, codebase, and historic
events to ensure that we do not miss aspects that might affect outcomes of interest.

A more fundamental construct concern is that Chattributes measures the provenance
of landed characters, not the cognitive contribution of AI. The measure can overstate Al’s
role when Al-attributed bytes are code the developer would have typed anyway (imports,
common idioms), and can understate it when a rejected suggestion still shapes what the
developer types next, or when AI helps via API discovery or pattern hints that leave no
attributed bytes. It thus captures “Al code that survived to landing” rather than “value
added by Al,” and our findings should be read accordingly. Even so, landed provenance is a
substantial improvement over acceptance rates or tool-availability proxies, and it is precisely
the quantity relevant to what ends up in the codebase and can cause SEVs.

Internal Validity. As is commonly necessary for statistical models in software engineer-
ing [7, 41, 40, 42, 43], we log-transformed variables with highly skewed distributions and
inspected residuals to check for nonlinear or non-monotone relationships. We also investigated
interactions among variables, but none satisfied our requirements of improving the prediction
and being easily interpretable.

While some of the variables are correlated, we found that we could pick variables from
within the highly correlated clusters without negatively affecting model performance. Since
some of the variables are categorical, we check for collinearity using Generalized Variance
Inflation Factor (GVIF) [17] implementation in R [18], which is particularly suited for
categorical variables (as correlation is generally not the most informative approach for
categorical variables). In all three models, GVIF 757 < 1.8: under the suggested threshold
of 2 [49]. This threshold corresponds to the regular VIF being less than 4 for numerical

variables.

The observational nature of the data makes it difficult to argue that observed relationships
are causal even though we selected variables that have values measured before (in time) the
outcomes. While we capture a number of important context variables, it is challenging to
explain counter-intuitive coeflicients, e.g., why Sev rate increases with author centrality?
A standard statistical explanation of latent variable, i.e., an unobserved property of a diff
that brings on more experienced engineers also makes it more risky, is very difficult to
communicate.

To ensure that models are representative of the code development at Meta we have done
various robustness analyses. First, we checked if the models used to estimate the impact of Al
accurately describe review time and chances of a SEV by fitting them over the same period
during the prior year with the same developers; the code-complexity, churn, and author-
experience controls reproduce with nearly identical direction and magnitude, confirming
that our model structure captures stable relationships. Because development activity is
seasonal (with evaluation periods and year-end holidays being substantially different), the
prior-year comparison provides a better baseline than an immediately preceding period and
confirms that our model structure captures stable relationships. Additionally, over 80% of
changes in our sample are authored from North America (about half from the US Pacific
zone alone), whose working hours largely overlap, so unobserved reviewer availability and
timezone confounds are likely to have limited impact on the review time model.
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Thresholds and the binary definition. It is reasonable to object to our definition of landed
AT code whereby landing even a single byte traced to Al puts the entire diff into AT class,
treating a one-line and a large Al contribution alike. Two aspects of our design mitigate this.
First, the binary definition is used only as the response of the authoring model (H1); the
outcome models (H2, H3) use the continuous Alspans (and, equivalently, AIbytes) fraction,
so the magnitude of Al contribution, not merely its presence, drives those estimates. Second,
for H1 we ran experiments trying thresholds up to 100 bytes and found that the same
variables were statistically significant and pointing in the same direction (in fact, increasing
the threshold improved model fit). This shows that the context factors affecting the chances
of landing AT code stay the same even when we consider a diff Al-supported only when at
least 100 bytes of Al-generated code lands.

Modeling assumptions. The sample of diffs is authored by over 10K engineers and
outcomes may vary among them even after adjusting for author centrality, tenure, and past
changes. To account for this, we fitted mixed-effects models (random effects for authors) on
several random subsamples of authors — ranging from a few hundred to a few thousand —
using Imed [10] in R, as the full logistic mixed-effects model (glmer) did not converge on the
complete dataset. We also explored author and organization fixed effects, but the very large
number of parameters prevented convergence on the full data. In all subsample analyses —
across different random author samples and different organizations — the fixed effects were
similar to the reported results with no noticeable changes in the direction of coefficients. For
clarity we present models without author random effects.

Ethics and Privacy. The study uses telemetry that reflects individual developer activity.
Meta handled the data under applicable privacy and data-governance policies; authorized
employees analyzed them on internal systems, and we report only aggregate results that
do not identify individual developers. We report no per-developer results and share only
relative effect sizes for sensitive quantities such as SEV probability. We caution that our
practitioner recommendation to build provenance infrastructure (P1) carries responsibilities:
in jurisdictions with GDPR-like requirements, developer-level provenance data constitutes
personal data, and organizations should pair such infrastructure with purpose limitation,
aggregation, access controls, and transparency to developers, and should avoid using it for
individual performance evaluation.

6 Literature and Discussion

Productivity and speed. A growing consensus is that GenAl tools increase the speed and
volume of code generation [50, 51, 59, 9, 33|, though the magnitude varies (21-65% speed
improvements depending on the study). However, this consensus is contradicted by an
RCT with experienced OSS developers where Al actually increased task completion times
despite developers perceiving themselves as faster [4]. GitClear notes that Al assistants “do
beget more lines” of code [21], and Weisz et al. [60] found only small perceived productivity
improvements.

Our findings relate to this prior work in several ways. Landed AI code is associated
with larger churn, more files, and higher cyclomatic complexity as in e.g., [60, 59, 4, 9]. We
conjecture that the causality might go in the opposite direction: larger diffs may provide
more opportunities for suggestions, so we would observe positive association of more code
with AT even though the nature of the diff may drive this difference, not the use of Al.
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This is a concrete example of how context-dependence of Al application can mislead: if
studies compare output volume without accounting for the fact that Al is disproportionately
applied to larger, more complex tasks, they will attribute to AI what is actually a property
of the task itself. We recommend future work conducting specially designed experiments
to establish the direction of causality. Results may also be reversed depending on what
outcome is measured, as when perceived improvements contrasted with measured times [4].
All studies suggest that the use of Al varies with context, further supporting our central
finding that contextual controls are essential for isolating Al’s true effects.

Code quality. The consensus on code quality is primarily negative. Uplevel [58] found a
41% higher bug rate with Copilot access. GitClear [21] documented eroding quality: increased
copy /pasted and duplicated code blocks, and 20-25% higher churn. DORA [19] noted a 7.2%
decrease in delivery stability per 25% increase in AT adoption.

Weisz et al. [60] reported “acceptable” but imperfect quality requiring user effort to
correct, and Liang Yu et al. [33] found code generation tasks required the most adjustment.
In contrast, Cui et al. [9] found no quality decrease at Microsoft, and Weber et al. [59] found
no significant differences in objective code quality.

GenAl excels at routine or boilerplate tasks but struggles with complex, domain-specific
code [33, 60]. Our increased landing rates for test code and less central files support this.
We did not find increased SEV rates (in contrast to [58]), and lower AI landing rates for
highly central files with past SEVs suggests limited trust in AI code [60].

Self-regulation vs. policy compliance. A natural alternative explanation for our H1 finding
is that the organization restricts Al use on critical code, and our model merely captures
compliance with such a policy. This is not the case: Meta actively encourages Al adoption
across all development contexts with no restrictions based on code criticality. The observed
pattern — less Al in central, high-risk code — is therefore emergent self-regulation by engineers
who exercise professional judgment about where Al suggestions are appropriate. This
distinction matters: it suggests that the context-dependence of Al use is a fundamental
property of how engineers interact with Al tools, not an artifact of organizational governance,
and is likely to manifest in other organizations as well. We caution, however, that the centrality
signal underpinning this reading is small in magnitude and sensitive to how centrality is
measured; the dominant context factors are change size and programming language. The self-
regulation interpretation should therefore be treated as a modest, completion-era tendency
that may weaken as Al tooling shifts from inline completion toward more autonomous,
agentic workflows.

Dewveloper choice vs. model capability. A second alternative reading of H1 is that the
lower AT landing rate in central, complex code (and the lower rate for C++ relative to Hack
and Python) reflects not developer caution but limits of the model: CODECOMPOSE may
simply produce weaker suggestions on complex or performance-critical code, so fewer of
them survive to landing. Our data are consistent with both mechanisms and we cannot fully
separate them, because both “the engineer declined the suggestion” and “the suggestion was
poor” manifest as unlanded Al code. Two observations suggest developer choice plays a real
role: landing rates drop with file centrality and past-SEV history even after controlling for
size and complexity, and the drop appears across languages rather than only where model
quality is weakest. Nonetheless, disentangling suggestion quality from developer selection —
for example by pairing landing data with suggestion-level accept/reject and edit-distance
signals — is important future work, and applies equally to the language differences we observe.

The “tail wags the dog” problem. Our findings highlight a methodological risk that
extends beyond this study. When Al is applied non-uniformly, factors that predict Al use
(such as change size, centrality, and programming language) also predict outcomes of interest
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(such as review time and fault rates). A study that regresses an outcome on Al use without
controlling for these shared predictors will attribute the predictors’ effects to AI. For example,
if larger changes both attract more AI use and take longer to review, a model omitting
change size will incorrectly conclude that Al increases review time. We address this by
first modeling AT landing probability (H1) to identify its predictors, then including those
predictors as controls in outcome models (H2, H3). We urge future studies to adopt this
two-stage approach: identify what drives AI application before estimating what AI drives.

What transfers to agentic tools. Because our study measures pre-agentic, completion-
based assistance, it is worth separating findings likely to be specific to that paradigm from
those likely to generalize. Two results are tied to the completion setting and may weaken
under agentic workflows: the specific magnitude of landing coefficients, and the review-time
association, since agentic tools generate larger, multi-file changes whose review dynamics
differ from line-level completions. The most transferable finding is the methodological one —
that AT application is context-dependent and must be modeled before its effects are estimated;
if anything, agentic tools that act more autonomously make confound control more, not
less, important. We also expect the qualitative direction of the context effects (less Al in
central, high-risk code; more in test and boilerplate code) to persist, though the mechanism
may shift from per-suggestion human acceptance toward human approval of agent-proposed
plans. Establishing whether these patterns hold under agentic assistance requires the same
provenance infrastructure applied to agent-authored changes, which is a direct extension of
this work.

7 Conclusion and Contribution

The study investigates the landing of code from pre-agentic, completion-based Al tools.
Al-generated code is present in 52% of diffs at Meta and nearly 8% of all modified and landed
bytes originate from Al suggestions.

Our central finding is that AI is not applied uniformly: its use is strongly context-
dependent. Al code is less likely to land in central or risky code areas and more likely
in larger diffs, test files, and for engineers with 3—4 years of tenure (contradicting prior
literature on junior engineers). Diffs with landed AI code were reviewed more quickly and
were associated with fewer SEVs, but both associations are confounded by Al code appearing
in less central contexts. These findings underscore that naive comparisons of Al vs. non-Al
work risk misleading conclusions, and that character-level provenance tracing (Chattributes)
is essential infrastructure for rigorous evaluation.

Lessons Learned. First, landing rates should replace acceptance rates as the primary measure
of Al tool effectiveness, since accepted code is frequently edited or removed before landing.
Second, context must be controlled: naive before/after or with/without comparisons confound
AT effects with task properties. Third, Al use is non-uniform and mildly self-requlated: at
Meta, developers use somewhat less Al in central, high-risk code, and after adjusting for
context we find no associated increase in SEVs. This tendency is emergent (Meta has no policy
discouraging Al use on critical code), but the centrality signal is small and measure-sensitive,
so we frame it as a modest, completion-era pattern rather than strong evidence of deliberate
risk avoidance.

Actionable Guidance for Researchers. (R1) Include covariates of AI use. Studies must
control for code centrality, change size, author experience, and programming language — all
systematically associated with AT application (H1). Without these controls, outcome models
(H2, H3) confound context effects with Al effects.
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(R2) Guard against “tail wags the dog” inference. Model Al application probability first
(as in H1), then include its predictors as controls in outcome models (H2, H3). Factors
related to the outcome — such as change duration, size, and type — must be controlled rather
than attributed to Al

(R3) Distinguish tool availability from tool application. Comparing groups with and
without AI access measures a bundled effect; our diff-level measurement of actual Al code
presence (H1) reveals context-dependent variation invisible to group-level designs.

(R4) Do not assume junior engineers benefit most. Our finding (H1) that engineers with
3—4 years of tenure have the highest Al landing rates contradicts the common assumption
that AI primarily helps inexperienced developers. Studies should measure tenure effects
directly rather than assuming a monotonic relationship.

Actionable Guidance for Practitioners. (P1) Invest in provenance infrastructure that tracks
Al-suggested code from editor to landing (Section 2.2) — without it, productivity claims rest
on acceptance rates that overstate Al contribution. (P2) Interpret AI productivity reports
with caution: our H1 results show that increased output may reflect Al being preferentially
applied to larger or less complex tasks, not Al itself increasing output. (P3) Monitor rather
than pre-emptively restrict: H1 and H3 suggest engineers already apply somewhat less Al in
higher-risk code and that, after adjusting for context, Al use is not associated with more
SEVs; monitoring landing patterns by centrality and change size can track this directly rather
than imposing blanket restrictions. (P4) Do not target Al tooling solely at junior engineers:
H1 shows mid-tenure engineers (3—4 years) have the highest AI landing rates, suggesting
that sufficient codebase familiarity helps engineers apply Al effectively. Training and tooling
strategies should account for this non-monotonic relationship.

Our findings would benefit from triangulation with qualitative evidence such as developer
interviews. Open questions include why acceptance rates diverge from landing rates for junior
developers and how Al assistance could be improved across more contexts and languages.

Data Availability Statement

Applicable privacy and confidentiality requirements prevent public release of the underlying
telemetry. We provide detailed descriptions of all variables, model specifications, and
statistical procedures to support transparency and reproducibility of the methodology.
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