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Abstract

Code review is an important gate for code changes, but review ef-
fort and expertise are limited. Defect prediction and just-in-time
risk modeling aim to identify changes that are most likely to in-
troduce defects so that teams can focus additional attention where
it is most useful. We study whether risk-aware interventions, tar-
geted specifically at these high-risk changes, can improve review
outcomes while preserving developer velocity. In our setting, risk
refers to the likelihood that a code change will introduce a defect
after landing. We quantify this defect risk with the Diff Risk Score
(DRS) used to identify high-risk diffs and investigate three research
questions related to code review: (RQ1) whether a dedicated work-
flow improves review behavior on high-risk diffs, (RQ2) whether
we can design a reviewer recommender tailored to risky diffs, and
(RQ3) how well that new recommender performs in an A/B test
across thousands of high risk diffs.

For RQ1, we introduce the Risky Diff Reviewer (RDR) workflow,
which assigns an additional recommended reviewer for high-risk
diffs and shows a bypassable pre-land dialog when authors attempt
to land without resolving the risk signal. In a randomized trial on
the top 5% of diffs by diff defect risk (over 15k diffs), RDR increases
review depth and collaboration and increases the fraction of diffs
whose final version falls below the high-risk threshold by 9.56%,
with a minor 0.45% increase in diff reviewing time.

For RQ2, we design a new reviewer recommender (RecRDR)
for risky diffs. RecRDR uses a continuous, weighted ground truth
that emphasizes file experience, author collaboration, interaction
quality, and recency. In offline backtests, RecRDR improves Top-1
and Top-3 action rates over the baseline recommender.

For RQ3, we evaluate RecRDR using an A/B test within the RDR
workflow on over 5k diffs. RecRDR increases engagement from
the recommended reviewer, with 9.94% more comments and 7.77%
more acceptances, and we do not observe statistically significant
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regressions in guardrail metrics such as diff reviewing and process-
ing time.
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1 Introduction

We aim to improve the quality of code review for the riskiest
changes, i.e. those that might introduce a defect, without harm-
ing developer velocity. Defect prediction models have existed for
decades [25, 32] and some organizations surface risk signals to en-
gineers during review [66]. A common mitigation is to suggest ex-
tra reviewers for risky changes. Despite this long history, we are
unaware of prior industry studies that rigorously test whether risk-
aware reviewer assignment and workflow interventions actually
improve review outcomes in a large organization.

We operate in a large, fast-moving environment where engineers
push code frequently and peer review is the primary gate before
landing. We surface the Diff Risk Score (DRS) directly in the re-
view UI for high-risk diffs, highlight risky snippets, and provide a
soft-blocking warning that encourages mitigation [2]. Building on
this signal, we introduce an integrated experience that automati-
cally assigns a top reviewer for risky diffs and prompts authors for
justification when attempting to land without resolving the risk.
We also redesign reviewer recommendation specifically for risky
diffs, emphasizing recent, meaningful engagement and collabora-
tion over historical, latency-oriented signals.

We address three needs. First, we need to quantify whether a
dedicated workflow for risky diffs drives more thorough and expert
review. Second, we need a recommender that identifies contextually
relevant reviewers for risky changes, not merely people who have
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reviewed in the past. Third, we need to validate these interventions
in live systems using Randomized Controlled Trials (RCT) with goal,
tracking, and guardrail metrics that are instrumented consistently
across reviews. We discuss our three research questions below
summarizing the motivation, methodology, and results.

RQ 1. Risky Diff Reviewer (RDR) Experiment

Expt. 1: Can we drive more thorough review by more qualified review-
ers on risky diffs?

Motivation. When a diff is flagged as high risk, additional
scrutiny can help authors and reviewers surface issues earlier. We
study whether a lightweight, risk-aware workflow changes review
behavior on the riskiest diffs while preserving velocity. We sug-
gested an additional reviewer in the Risky Diff Reviewer (RDR)
workflow using the existing RevRec recommender [63].

Method. We ran an A/B test on over 15k diffs' on non-config
diffs, targeting the top 5% by Diff Risk Score (DRS). In treatment
condition, we automatically assigned a DRS reviewer and showed a
bypassable pre-land dialog when authors attempted to land without
approval from the DRS reviewer or a top recommended reviewer.

Results summary. The RDR workflow increased review depth
and collaboration (more comments and revisions) and increased the
fraction of diffs whose final version fell below the high-risk thresh-
old. Reviewer engagement increased, with a low bypass rate indi-
cating that most authors used the workflow as intended. Changes
in diff processing time were modest.

RQ 2. A recommender model for risky diffs

Can we more accurately recommend the reviewers for risky diffs?

Motivation. Engineers reported that the baseline reviewer rec-
ommender sometimes suggested reviewers who lacked the most
relevant context for high-risk diffs. We explore whether a recom-
mender tuned for risky diffs can surface more contextually appro-
priate reviewers.

Method. We designed, RecRDR, a new recommender model
for RDR that emphasizes recent, meaningful engagement using
low-latency signals such as recency strength and author-reviewer
interaction history, and we trained it using a weighted ground truth
rather than a binary “did they review” label.

Results summary. In offline backtests, the best model variant
improved Top-1 and Top-3 recommended reviewer action rates
over the baseline (RevRec), indicating that the added recency and
interaction signals improved recommendation quality.

RQ 3. RevRec vs RecRDR Experiment

How well does the new recommender work in practice?
Motivation. Offline gains may not translate to real reviewer be-
havior, especially when availability and workload vary. We evalu-
ate whether RecRDR improves engagement from the recommended
reviewer under real review conditions.
Method. We ran an A/B test on over 5k high-risk diffs within the
RDR workflow, comparing RecRDR to the baseline recommender

1An A/B test is an industry jargon for (and we use it interchangeably with) a Random-
ized Controlled Trial (RCT) where diffs are assigned treatment condition (in this case
workflow changes) or control condition (no changes). This chance assignment creates
similar groups, minimizing bias and making it easier to prove if the treatment actually
causes an effect, making RCTs the “gold standard” for medical evidence.

A. Girish Paraspatki, B. Reznicek, R. Abreu, F. Garberson, A. Mockus, N. Nagappan, P.C. Rigby

while keeping the rest of the experience unchanged. We tracked
recommended reviewer engagement as goal metrics, along with
velocity-focused guardrails.

Results summary. RecRDR increased engagement from rec-
ommended reviewers (more comments and acceptances) without
observable regressions in guardrail metrics such as diff processing
time and review duration. These results suggest that tuning recom-
mendations for recent and relevant expertise improves risky-diff
review in practice.

The remainder of this paper is structured as follows. In Section 2,
we provide background on software development and code review,
and we describe the Diff Risk Score (DRS) model. In Section 3, we
present the design of the Risky Diff Reviewer (RDR) workflow and
how it integrates a Ul-surfaced risk signal with targeted reviewer as-
signment and a soft-blocking pre-land prompt. In Section 4, we de-
scribe how we create a new reviewer recommender for risky diffs, in-
cluding the revised ground truth and the low-latency features used
at recommendation time. In Section 5, we describe our experimen-
tal methodology and the Randomized Controlled Trials (RCTs) used
to evaluate both the RDR workflow and the new recommender. In
Section 6, we report the results for RQ1-RQ3, including offline back-
tests and A/B tests. In Section 7, we position and discuss our contri-
butions in the research literature. In Section 8, we discuss threats
to validity. In Section 9, we provide conclusions and contributions.

2 Background

2.1 Software Development at Meta

Meta develops software for both its servers and client devices, in-
cluding specialized hardware devices. This approach facilitates swift
software updates and provides meticulous control over versioning
and configurations. At Meta, this deployment strategy has culti-
vated a routine of frequently “pushing” new code to production.
Prior to any push, the code undergoes peer review, in-house user
testing, and comprehensive automated and canary tests. Once de-
ployed, engineers scrutinize logs to spot potential problems.

At Meta, it is customary for engineers to review each other’s
code. This process serves several functions [71]. Firstly, it motivates
the original coder to maintain high coding standards. Secondly, a
reviewing engineer, with a fresh perspective, might detect flaws or
propose better solutions. Thirdly, it promotes the dissemination of
coding practices and specific code knowledge throughout the orga-
nization. Meta uses Phabricator? as the cornerstone of its CI system.
This platform facilitates contemporary code reviews, wherein de-
velopers submit code changes, that are referred to as diffs at Meta,
and provide feedback on their peers’ changes before they are either
integrated into the codebase or rejected.

Phabricator and version control systems are used as part of the
development process. Phabricator tracks code diffs, author/reviewer
actions, and the current state of all diffs. Developers submit their
code for review, creating a patch representing the initial version
of the code. Reviewers can suggest improvements, leading to addi-
tional revisions until the diff is either approved and incorporated
into the code base (the diff “lands”), or until the diff is abandoned.
A diff is a collection of patches representing the initial version of a

2http://phabricator.org
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bug fix or enhancement, along with any revisions made during the
diff’s lifecycle.

2.2 DRS Model

Diff Risk Score (DRS)? is an Al-driven system developed at Meta
designed to estimate the probability that a code modification will
trigger a production incident, commonly referred to as a SEV. Built
upon a fine-tuned Llama large language model (LLM), DRS ana-
lyzes code changes along with associated metadata to generate a
risk score and identify potentially hazardous code segments. Cur-
rently, DRS supports numerous risk-sensitive features that enhance
product quality, boost developer efficiency, and improve compu-
tational resource utilization. Importantly, DRS has enabled Meta
to remove significant code freeze periods, allowing developers to
deploy code in situations where they previously could not, with
minimal adverse effects on user experience and business outcomes.

Modern state-of-the-art generative LLMs have proven effec-
tive in supporting various software engineering tasks, including
code completion [1, 20, 44], test case generation [70], and code re-
view [23, 45]. These models are built on a foundational model pre-
trained on vast internet-scale datasets (billions of tokens) using a
straightforward generic objective, namely next token prediction.
They are then either prompted directly or further fine-tuned on
domain-specific datasets to improve performance on targeted tasks.

CodeLlama [67] is an example of such a model, developed on top
of Meta GenAI's Llamaz2 [76] and fine-tuned specifically for code
generation and discussion. CodeLlama offers enhanced capabilities
for coding tasks, including generating code and natural language
explanations from both code and natural language inputs (e.g.,
"Write me a function that outputs the Fibonacci sequence"). It also
supports code completion and debugging across many widely used
programming languages.

DRS utilizes a model derived from CodeLlama, called iDiffLlama
[2]. Beyond pre-training on code and natural language, iDiffLlama
is additionally pre-trained on internal diffs, i.e., code changes. This
pre-training makes the model “change-aware,” enabling it to com-
prehend not only static code but also the dynamics of code evo-
lution through changes. Specifically, diffs represent a developer’s
intent to commit modifications to the monorepo. iDiffLlama learns
this intent by modeling the relationships between a diff’s title, sum-
mary, test plan, and the actual code changes.

We perform a supervised fine-tuning (SFT) phase on the pre-
trained LLM using labeled DRS data. To convert the classification
task into a generative one, we annotate the input with special
markers [DRS][/DRS], append the label (0 or 1) at the end, and
train the model to “generate” the label token. A detailed description
of the model can be found at [2].

At inference time, we prompt the model to generate the label
token. To obtain a risk score rather than just a label, we extract the
probabilities of the label tokens “0” and “1” from the next token
distribution. If the model is well-aligned, all other tokens in the
vocabulary should have near-zero probability.

This approach allows the LLM to backpropagate and learn the
subtleties of diff risk, effectively making it "risk-aligned,' rather

3https://engineering.fb.com/2025/08/06/developer-tools/diff-risk-score- drs-ai-risk-
aware-software-development-meta/
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than relying on untuned embeddings that only capture general diff
characteristics. This is the model we use to identify risky diffs in
this paper.

3 Developing the Risky Diff Reviewer (RDR)
Workflow

We developed the Risky Diff Reviewer (RDR) workflow to focus
reviewer attention on the small fraction of diffs that are flagged
as high risk during review. The workflow builds on the Diff Risk
Score (DRS), an internal machine learning signal that estimates the
likelihood that a diff will trigger an incident after landing. When a
diff’s risk score exceeds the high-risk threshold (95th percentile),
the code review Ul surfaces a warning and highlights potentially
risky snippets to help authors and reviewers quickly identify areas
that merit closer inspection [2].

Figure 1 illustrates how RDR is triggered for a high-risk diff.
When the warning appears, RDR automatically assigns an addi-
tional reviewer, called the DRS Reviewer, selected by the reviewer
recommendation system. This reviewer is the top recommended
candidate based on signals such as recent engagement with the rel-
evant files and recent collaboration patterns [63]. In addition to
surfacing the risk signal, RDR adds lightweight structure to the re-
view process by making the recommended expert reviewer explicit
and by recording key author and reviewer actions related to risk
resolution.

Authors can clear the high-risk signal in two common ways.
They can obtain approval from the DRS Reviewer (or another highly
recommended reviewer), or they can add a mitigation plan that
supports safe rollback, such as gating mechanisms like Gatekeepers,
JustKnobs, or Quick Experiments.

Figure 2 shows the pre-land dialog that appears when an author
attempts to land a high-risk diff without resolving the DRS signal.
The dialog acts as a soft block: authors can proceed, but they provide
a brief reason (for example, an urgent incident fix or confirmation
of expert review). RDR also files a land issue when approvals from
the DRS Reviewer or the top recommendations are missing, and it
logs bypass actions for later analysis.

We also support reassignment when the default DRS Reviewer is
not a good fit. Authors and reviewers can reassign the DRS Reviewer
to someone with more relevant context, and the UI captures a
structured reason such as not available or does not have context. We
treat reassignment feedback, especially does not have context, as a
signal for improving the recommendation system over time.

In summary, RDR is a workflow contribution that couples a UI-
surfaced risk signal with targeted reviewer assignment, a light-
weight pre-land prompt, and structured feedback loops. This com-
bination provides a practical way to encourage deeper review on
high-risk diffs while keeping the standard review experience un-
changed for the majority of diffs. We evaluate this workflow in an
RCT in Research Question 1.

4 Creating a New Recommender for RDR

The RDR workflow assigns an additional reviewer for high-risk
diffs, so the quality of reviewer recommendation directly affects
how RDR is experienced. We received feedback that the existing
recommender was often not selecting the best reviewer for risky
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Source Oncall

Risk Awareness

Type
Other

Description

Start
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To mitigate risk and resolve this signal, have the assigned Risk Reviewer NN rcvicw and accept.

Here are some other ways you can reduce risk, though these won't resolve this signal:

* Examine the code snippets linked below.
¢ Add tests for the highlighted code snippets.

Figure 1: A warning signal appears on the diff, which indicates the risk level of the diff and the additional Risk Reviewer that is

recommended to review the diff.

DRS review required (N

This diff has a high risk of leading to a SEV (99th percentile).

Please review the code changes with a bit of extra care and consider increasing test coverage if relevant.
This is a non-blocking warning to inform you of elevated risk in an effort to help you ship code more safely.

Diff Risk Score (DRS) uses an LLM to predict SEV risk based on title, test plan, and code changes.

Affected diff: I

© Need help?

* Bypass ~

Select a bypass reason X

© Proceed with caution.

() Mustland ASAP to fix a SEV/UBN
’\ This change is low risk

‘: :- Incorrect DRS reviewer

w':’:- Other

Figure 2: This pop-up dialogue appears on the diff when the author tries to land the diff while the current diff version is still
high risk and while there is no approval from the Risk Reviewer. The dialogue can be bypassed by the author by indicating a

reason for bypass.

diffs. This is consistent with the legacy model’s original objective:
it was tuned to reduce review latency by predicting who would
take any action, using a limited feature set and a binary ground
truth derived from historical reviewer actions [63]. For RDR, we
instead focus on recommending reviewers with strong and recent
context on the relevant code and collaboration patterns.

Following prior work, we used LambdaMART to train our model [63].

Since reviewer recommendation is a ranking problem, we select
the learn-to-rank approach [12], LambdaMART. A pairwise com-
parison of each reviewer is made and this ordering is then used to
determine the final order. In our case we use MART (Multiple Ad-
ditive Regression Trees) as the function to determine the ordering
of reviewers. LambdaMART is the boosted tree version of Lamb-
daRank, which is based on RankNet. All have proven to be very
successful algorithms for solving real world ranking problems. An
approximate description of how it works would take more space
than this paper and is presented in [12]. There is infrastructural
support for LambdaMART models at scale using measures collect-
ing data from internal databases on code review and coding.

4.1 Ground Truth for DRS Reviewers

The legacy model treated each candidate as a positive example if
they took an action on the diff. This binary label is easy to con-
struct, but it does not distinguish between shallow and substantive
engagement, and it can over-emphasize availability and historical
assignment patterns.

For RDR, we train on a continuous, weighted ground truth that
scores each candidate based on multiple dimensions of reviewer fit
in Table 2: file expertise (authorship and review experience on rele-
vant files), author collaboration (attention and prior working rela-
tionship), and recent interaction history (comments and review ac-
tions on overlapping files), with recency decay to emphasize current
context. We also include small adjustments that reward consistently
engaging when tagged and penalize frequent resignations, so the
label reflects meaningful participation rather than activity volume.

4.2 Model Features and Importance

To support this ground truth at review time, we expand beyond the
existing activity-focused signals and add low-latency features that
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Table 1: The existing recommender, RevRec, was trained on the first set of features. We added the bottom features to the new
model that is trained for risky diff review, RecRDR. We only include features that can be calculated with low latency, we use
the feature categories suggested by Al-Zubaidi et al. [3].

Category

Feature

Description

Familiarity with Author

Reviewer On Au-

The time the candidate spent in the diff review tool looking at the author’s diffs in the

thor Eyeball past 90 days
Familiarity with Author Assigned Reviewer | The time the candidate spent in the diff review tool looking at the author’s diffs when
On Author Eyeball | they were explicitly assigned as a reviewer in the past 90 days

Review Participation Rate

assigned reviews

Number of diffs the candidate was assigned as reviewer. Reviewers are assigned to
many diff either directly or as part of a team or review group.

Review Participation Rate | resigned diffs Number of diffs the candidate resigned from. When a reviewer does not feel qualified
to review a diff they can resign from that review.
Reviewing Experience rejected diffs Number of diffs the candidate rejected

Reviewing Experience

reviewer comments

Number of diffs the candidate commented or acted on as a reviewer

Reviewing Experience

total comments

Number of diffs the candidate commented on

Code Ownership

authored diffs

Number of diffs the candidate authored in the past which touched any of the files in
the diff.

Reviewer Recency

recency strength

Exponential decay based on most recent interaction with interaction type weighting

Recent Comment Interac-

author-reviewer

Total number of comments exchanged between the candidate and the author on previous

comment interac-
tion count

tion Rate

diffs containing overlapping files in the last 180 days.

author-reviewer re-
view  interaction
count

Recent Reviewer Actions
Interaction Rate

180 days.

Total number of explicit reviewer actions taken by the candidate for the author, and by
the author for the candidate, on previous diffs containing overlapping files in the last

Table 2: Ground truth for RecRDR model. Typically, code reviewer recommenders are only evaluated on how well they predict
the person who made a comment or did an action during a code review. Our goal, is to focus the model on a diverse set of
ground truth metrics with the weighting focusing on our goal of identifying good reviewers of risky diffs.

Measure Description Weight
Author collaboration Quantifies overall attention the candidate has given to the author’s diffs based on eyeball time. 35%
Core file experience Measures how much the candidate has authored or reviewed diffs on the relevant files. 25%
Active engagement quality | Captures the candidate’s engagement through comments on relevant diffs. 15%
Comment collaboration Measures collaborative commenting activity between candidate and author. 10%
Review collaboration Measures collaborative review/accept activity between candidate and author 10%
Recency factor Measures how recent the collaboration or activity between candidate and author. 5%
Total ‘ Sum of weights ‘ 100%

capture recency and depth of reviewer-author-file relationships.
The full set of features is shown in Table 1. Key additions include
recency strength (exponential decay over recent interactions) and
explicit author-reviewer interaction counts over a recent window,
alongside existing signals such as file experience and commenting
behavior.

This change shifts the model toward substantive engagement
signals. As shown in Table 5, RecRDR places substantially more
weight on features that reflect active reviewing and collaboration
(e.g., total comments and assigned-reviewer eyeball time), while the
baseline RevRec relies more heavily on assignment-driven activity
(e.g., assigned reviews and general eyeball time). This aligns rec-
ommendation behavior with the RDR goal of surfacing reviewers
who actively understand and engage with the relevant code, rather
than reviewers who are merely likely to act. In RQ2 we evaluate

the new RecRDR on an offline backtest, and in RQ3 we contrast
RevRec with RecRDR in an RCT.

5 Experimental Design

Most empirical studies in software engineering are observational,
which makes causal inference difficult when treatment correlates
with unobserved factors. We use Randomized Controlled Trials
(RCTs), commonly called A/B tests in software engineering, to
estimate causal effects by randomly assigning diffs to treatment
and control [17, 29, 31].

We ran two RCTs to evaluate (1) the RDR workflow for high-
risk diffs and (2) a new reviewer recommendation model within the
RDR experience.

Experiment 1: RDR workflow. We ran a five-week A/B test on the
top 5% of riskiest diffs, as identified by the Diff Risk Score (DRS)
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Table 3: We conduct two experiments. We show the experimental condition, e.g., the number of diff in each experiment. The table
also shows the metrics we use to quantify the impact and success/failure of an experiment as goal, tracking, and guardrail metrics.

Experimental Conditions Description Expt. 1 Expt. 2
Experimental unit The number of diffs in the experiment (50/50 randomized split) 15,794 diffs | 5,372 diffs
Time period Number of weeks the experiment ran 5 weeks 2 weeks
Risk threshold The threshold at which a diff is considered by be high risk 5% 2.5%
Evaluation Metrics Description Expt. 1 Expt. 2
Abandon Rate The rate at which diffs are abandoned Goal Guardrail
Rate of Final DRS Score Being Low Risk | The rate at which the landed version of a diff drops below the high | Goal Guardrail
risk threshold
Number of Versions Number of published diff versions Tracking Tracking
Number of Long Comments Number of comments by reviewers with > 200 characters Tracking Tracking
Number of Comments Number of comments by reviewers with > 200 characters Tracking Tracking
Number of Commenters Number of unique reviewer commenters Tracking Tracking
Number of Rejections Number of diff rejections Tracking Tracking
Reviewer Tenure Number of years since the reviewer was hired Tracking Tracking
Reviewer Eyeball Time The active time spent by reviewers reviewing the diff Tracking Tracking
Diff Processing Time (DPT) The time from when a diff is first published to when it lands Guardrail | Guardrail
Recommended Reviewer Commented The number of comments made by the recommended reviewer NA Goal
Recommended Reviewer Accepted The number of diffs accepted by the recommended reviewer NA Goal

model. Eligible diffs were randomly assigned by Phabricator diff ID
to control or treatment (50/50). Control diffs followed the standard
review workflow. Treatment diffs used RDR: a DRS reviewer was
automatically assigned, and a bypassable pre-land dialog prompted
additional scrutiny before landing. The experiment included 7,981
control diffs and 7,813 treatment diffs.

Experiment 2: recommender model within RDR. We later ran a
two-week A/B test on the top 2.5% of riskiest diffs. Eligible diffs were
randomly assigned by Phabricator diff ID to RDR with the baseline
recommender (RecV1) or RDR with the DRS-tuned model (RecRDR),
with no other changes to the RDR experience. The experiment
included 2,756 control diffs and 2,616 treatment diffs.

We tracked the metrics in Table 3 for each experiment. Goal met-
rics focus on review quality proxies (reviewer actions and reviewer
characteristics), and we also report tracking metrics to capture re-
lated review activity. As a guardrail, we track Diff Processing Time
(DPT), measured as the time from when a diff is published to when
it is closed.

6 Results
6.1 RQ 1.Risky Diff Reviewer (RDR) Experiment

Expt. 1: Can we drive more thorough review by more qualified review-
ers on risky diffs?

Our DRS model is capable of quantifying the risk of a diff [2]. Us-
ing the A/B test methodology described in Section 5, we rollout the
RDR flow using existing RevRec to recommend an extra reviewer
on the top 5% of risky diffs and contrast it with the existing work-
flow for diff review. In Table 4, we discuss the impact on each of
our goal, tracking, and guardrail metrics.

For the goal metric, Abandonment Rate, we see a statistically
significant increase of 13% more abandonments in the RDR condi-
tion, which implies that authors are being more cautions with their

Table 4: RQ1. Expt 1 Results. We compare the current review
workflow with the additional risk reviewer RDR workflow
that use the RecRDR. Our goal metrics indicate that the addi-
tional reviewer reduced the final risk score and lead to more
comments from reviewers. These are promising proxy mea-
sures of improvement in review quality.

Metric Name Metric Type | % Difference | p-value
Abandon Rate Goal 13.09% 0.01
Rate of Final DRS | Goal 9.56% 0.00
Score Being Low Risk

Number of Versions Tracking 4.89% 0.00
Number of Long Com- | Tracking 9% 0.00
ments

Number of Comments | Tracking 6.18% 0.00
Number of Com- | Tracking 5.63% 0.00
menters

Number of Rejections | Tracking — 0.44
Reviewer Tenure Tracking 2.21% 0.00
Reviewer Eyeball Time | Tracking 0.97% 0.00
Diff Processing Time | Guardrail 0.45% 0.02
(DPT)

changes. Interestingly, we do not see a statistically significant in-
crease (p = .44) in the Number of Rejections because rather than
forcing a reject on the authors, the reviewers comments will allow
the author to decide to abandon the change.

For the goal metric, Rate of Final DRS Score Being Low Risk.,
when a diff is flagged as risky, authors examine their code and
often reduce the risk by reworking the diff so that it is below the
threshold, which unblocks the diff and avoids having to get an
additional risk reviewer. In the RDR condition, 9.56% more diffs
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have a final risk score below the threshold. This drop is important
because authors and reviewers take steps to reduce the risk, which
is then confirmed by the change in score showing leading to fewer
high risk diffs being rolled into production.

Our Tracking Metrics add additional insights related to our
goal metrics. The increase is expected in each as the RDR condition
results in a blocked diff and the assignment of an additional reviewer.
The Number of Commenters, Comments, and Long Comments all
increase by 5.6%, 6.1%, and 9%, respectively. These metrics show an
increased discussion of high risk diffs flagged in the RDR condition.
We also see more experienced reviewers with higher 2.2% Reviewer
Tenure and reviewers spending more time on the diff Active Review
Time increase of 0.9%. These comments and additional expertise
lead to an increase in the Number of Versions of 4.8% as the authors
refine the diff more frequently with RDR.

With the addition of a reviewer and indication of risk, we did
not want to see a substantial increase in Diff Processing Time (DPT),
our Guardrail metric. We see a modest 0.45% increase in DPT.
This indicates that reviews do take longer, but these are our risky
diffs and there increase is minor.

Expt. 1: We are able to drive significant improvements in
proxy measures of review quality, e.g., more comments by
reviewers with greater expertise and a reduction in final
DRS score, with less than a 0.5% increase in the review diff
processing time.

6.2 RQ 2. A recommender model for risky diffs

Can we more accurately recommend the reviewers for risky diffs?

In the previous experiment, we saw that flagging the riskiness of
a diff and recommending an extra reviewer improved the thorough-
ness of the review and reduced the risk score for the diffs. However,
engineers complained that our recommendations were often not
the best reviewer. Reviewer recommenders are typically trained
on a ground truth that simply know the historical reviewers that
took an action on a diff, e.g., a comment or accept. In Section 4, we
developed a new ground truth that is weighted towards the charac-
teristics of reviewers that engineers for those reviewing risky diffs.

In Section 4, we describe the model and training. In Table 5 that
we see the change in feature importance for the original model,
RevRec vs the new model that is trained on features relevate to pre-
dicting the best reviewer for a risky diff. We see that drastically dif-
ferent feature importance in Table 5. In the RevRec model, the most
influential features were reviewer-on-author eyeball time (33.89%)
and the number of assigned reviews (31.28%), indicating a strong
reliance on general reviewer activity and assignment patterns. In
contrast, the RecRDR model, which was specifically tuned for high-
risk diffs, shifted its emphasis: total comments became the most
important feature (28.04%), followed by reviewer-on-author eyeball
time (24.26%).

This shift in feature importance is a direct consequence of the
change in ground truth, from a binary label to a weighted, multi-
dimensional score, which allows the model to better capture the
nuanced qualities of effective code review. As a result, features that
reflect substantive reviewer engagement, such as commenting, are

FSE Companion 26, July 05-09, 2026, Montreal, QC, Canada

Table 5: RQ2. Feature importance. We order the features by
their importance to RecRDR and contrast it with the prior
recommender RevRec. We note that different ground truths
are used in training and this has a major impact on feature
importance. For example, the top feature for RevRec was the
amount of time the reviewer spent reviewing prior diffs from
the author. In contrast, total comments is the most important
feature for RecRDR as the ground truth is related to overall
reviewer prominence.

Recommender RecRDR (new) | RevRec (old)
Feature Importance | Importance
total comments 38.04% 1.57%
assigned reviewer on author 24.26% 6.69%
eyeball time

assigned reviews 12.93% 31.28%
reviewer on author eyeball 11.55% 33.89%
time

authored diffs 6.08% 491%
reviewer comments 2.17% 10.10%
recency strength 1.82% NA
author-reviewer comment in- 1.09% NA
teraction count

rejected diffs 0.66% 11.56%
author-reviewer review inter- 0.62% NA
action count

resigned diffs 0.00% 0.00%

Table 6: RQ2. Improvement in Accuracy for RecRDR over
RevRec. To ensure that we did not regress on the accuracy
of the recommendations, we backtested the recommenders
on an unseen set of code reviews based and used the person
who actual did the review as the ground truth.

Recommender Top-1 Top-3
RevRec 41.28% 51.56%
RecRDR 44.42% 54.76%
Improvement | 3.14 points | 3.20 points

now more strongly prioritized, aligning the model’s behavior with
the goal of improving review quality and risk mitigation for the
riskiest code changes.

As a guardrail/safety test, we need to make sure that the new
recommender is still recommending reviewers that took action on
a diff. We see in Table 6 that the RecRDR actually improves upon
the original RevRec in terms of predicting who will take an action.
Given that the new model, RecRDR did not regression on Top1 or
Top3 accuracy, we are now ready to roll the new model into an A/B
test.
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Table 7: RQ 3. Expt. 2 compared RevRec with RecRDR. We
see that RecRDR improved our goal metrics with the recom-
mended reviewer making 9.9% more comments and accept-
ing 7.7% more diffs than the RevRec recommended reviewer.
This improvement shows that RecRDR provides better rec-
ommendations for risky diff review in production.

Metric Name Metric Type | % Difference | p-value
Abandon Rate Guardrail — 0.10
Rate of Final DRS | Guardrail — 0.59
Score Being Low

Risk

Number of Ver-| Tracking — 0.56
sions

Number of Long | Tracking — 0.88
Comments

Number of Com- | Tracking — 0.18
ments

Number of Com- | Tracking 6.17% 0.01
menters

Number of Rejec- | Tracking — 0.32
tions

Reviewer Tenure Tracking — 0.84
Reviewer Eyeball | Tracking 10.79% 0.04
Time

Diff  Processing | Guardrail — 0.15
Time (DPT)

Recommended Goal 9.94% 0.01
Reviewer  Com-

mented

Recommended Re- | Goal 7.77% 0.00
viewer Accepted

New model: The new ground truth drastically changed
the feature importance focusing RecRDR on the features
that are important for risky diff review. We also see that
the new RecRDR model did not regress on the prior accu-
racy measure of prediction which reviewers were able to
comment and act on diffs. We concluded that RecRDR was
ready for an A/B test.

6.3 RQ 3. RevRec vs RecRDR Experiment

Expt. 2: How well does the new recommender work in practice?

Our first experiment showed that adding reviewers to risky diffs
lead to more thorough reviews and a reduction in risk scores. How-
ever, the existing recommender, RevRec, often provided recom-
mended reviewers that engineers indicated were not the best re-
viewer. RecRDR was trained to find the best reviewer for a risky
diffs. We roll out an experiment that compares RevRec vs RecRDR
in a double blind trial A/B test.

Table 7 displays the results from the experiment 2. Our goal
was to make better reviewer recommendations for risky diffs that
were quantified as the number of comments the recommended
reviewer made and the number of diffs the recommended reviewer
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accepted. We see a statistically significant improvement, 9.9% and
7.7%, respectively for both goal metrics.

For the tracking metrics, only the number of commenters in-
creased by 6.17% in a statistically significant manner. This is likely
a byproduct of the extra reviewer being somehow could more likely
do the review and is tied to the goal metrics.

We did not want to see regressions in our guardrail metrics. We
see that the abandonment rate and the rate in diffs with lower risk
scores did not change at statistically significant levels. We also did
not see an increase in the amount of time to process and review a
diff (DPT).

On the basis of these results, we replaced RevRec with RecRDR
for the top 5% of risky diffs.

Expt. 2: We substantially improved the amount of time,
number of comments, and number of diffs accepted by the
reviewer recommended by the RecRDR. We did not see
any regressions in our guardrails and continue to see a
similar drop in the final DRS score from adding reviewers.
RecRDR is now used on all risky diffs.

7 Literature and Discussion

We position our findings in the research literature and discuss
how we advance our understanding of (1) risk-aware code review
workflows for high-risk changes, and (2) reviewer recommendation
models that are tuned to current expertise and evaluated in RCTs.

7.1 Code Review Practice and Risk

Fagan’s seminal work on software inspections [21] demonstrated
that structured reviews can detect defects early and reduce down-
stream effort. Subsequent work refined inspection processes and
quantified their benefits and sources of variation [22, 55, 56]. How-
ever, the synchronous, meeting-heavy nature of traditional inspec-
tions has limited their adoption in fast-moving engineering envi-
ronments [6].

Modern code review has largely replaced formal inspections with
lightweight, tool-supported, asynchronous review workflows [6, 60—
62]. Studies of open source and industrial projects show that mod-
ern review supports defect finding, knowledge sharing, and process
conformance [10, 11, 37, 43, 46, 53, 69]. At the same time, review
quality and participation are influenced by human and organiza-
tional factors such as workload, seniority, and motivation [9, 26, 68].

In parallel, defect prediction and risk modeling have been widely
studied [28, 32, 32, 35, 50, 72, 75, 78, 82]. Traditional models rely
on static and process metrics to identify risky components or com-
mits prior to release, while more recent work leverages deep learn-
ing and behavioral traces for just-in-time defect prediction [32, 50].
Recent industrial work integrates risk models into deployment
pipelines, using predictive signals to manage code freezes and roll-
out decisions [2, 49].

Our Diff Risk Score (DRS) system [2, 49] fits into this line of
work as a just-in-time risk signal for individual diffs, powered by an
LLM trained on code changes. Unlike most prior defect prediction
studies, which are evaluated offline using metrics such as AUC or F1,
we study how exposing a risk signal directly in the review UI and
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coupling it with workflow interventions affects review behavior
and measured risk on high-risk diffs in production.

7.2 Defect Detection and Risk Mitigation
During Review

Code modifications introduced during development and mainte-
nance can lead to defects that impact quality and reputation [8, 48,
54, 77]. Modern code review plays a central role in detecting such
defects before release [37, 39, 46, 60]. Empirical studies show that
review measures (e.g., number of comments, reviewer experience,
participation) correlate with post-release defects [37, 39, 46], but
causality is difficult to establish.

Kazemi et al. propose the Changeset Safety Ratio (CSR) to quan-
tify the risk of inducing defects after code integration and use it
to study the effect of reviewer recommendation on risk [33]. They
simulate reviewer replacement by substituting one reviewer with a
recommended expert and show that expertise-based recommenders
can reduce risk but do not explicitly address knowledge distribu-
tion or turnover. Other work measures outcomes for reviewer rec-
ommenders beyond accuracy, such as mitigating knowledge loss
or balancing workload [5, 27, 47, 59], often using historical simula-
tions instead of RCTs.

In contrast to replacement-based strategies, we focus on live in-
terventions that shape review behavior on the riskiest diffs. Our
first research question (RQ1) asks whether a dedicated, risk-aware
workflow—automatically assigning a top reviewer and adding a
soft-blocking pre-land dialog—drives more thorough and expert re-
view on high-risk diffs. We measure changes in review depth (com-
ments, long comments, versions, unique commenters), reviewer
expertise, and the final DRS risk score, while guarding developer
velocity via diff processing time. Our results show that for the top
5% riskiest diffs, the Risky Diff Reviewer (RDR) workflow leads to
more cautious author behavior (e.g., higher abandonment), deeper
and more collaborative reviews, and about a 10% relative increase
in the proportion of diffs that land below the high-risk threshold,
with less than a 0.5% increase in processing time.

7.3 Code Reviewer Recommendation

Identifying suitable reviewers for a code change is a central chal-
lenge in modern code review [6, 7, 21, 26, 85]. Inappropriate re-
viewer selection can slow down reviews [74] or reduce review qual-
ity [6, 11, 37]. Reviewer recommendation systems therefore aim to
automatically assign review requests to developers who are likely
to provide expert and timely feedback [7, 13, 16].

Prior work has explored a wide range of techniques, including
heuristic-based scoring over file and author history [5, 27, 36, 47,
58, 74, 85], search-based and multi-objective optimization [3, 15,
51, 59], collaborative filtering and matrix factorization [16, 80],
machine learning and learning-to-rank [4, 30, 52, 73], text and
topic mining [40-42, 79], and graph- and hypergraph-based models
over multiplex relationships [42, 57, 65, 81, 83, 84, 86]. Industrial
deployments at Microsoft, Tencent, and other organizations show
that reviewer recommenders can reduce latency and manual effort
at scale [5, 14, 86].
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Most of this work evaluates recommenders offline by comparing
the recommended list to the historical set of reviewers who actu-
ally reviewed a change [13, 34]. This evaluation setup implicitly
assumes that historical reviewers are ideal and that reproducing
their choices is the primary goal. However, empirical studies ques-
tion this assumption: Kovalenko et al. show that developers often
already know the top recommended reviewers and that Top-K ac-
curacy and MRR provide limited additional value [38]; Gauthier et
al. and Kazemi et al. find that recommended but unused reviewers
would often have been appropriate choices and that recommenda-
tions can become stale over time [24, 34]. Dogan et al. explicitly
investigate the validity of ground truth for reviewer recommen-
dation and highlight systematic biases in labeling based solely on
historical participation [18].

Recent work therefore broadens the goals of reviewer recommen-
dation to include balancing workload, mitigating turnover-induced
knowledge loss, and improving knowledge distribution [27, 47, 48,
59, 64]. Mirsaeedi and Rigby [47] evaluate recommenders in terms of
expertise, core team workload, and files-at-risk-to-turnover, while
Hajari et al. use the Gini coefficient to measure workload distri-
bution [19, 27]. Industrial systems such as WhoDo [5] also track
operational metrics like average number of open reviews and com-
pletion time.

Our work contributes to this literature in three ways. First, for
RQ2 we redefine the ground truth used to train a reviewer recom-
mendation model for high-risk diffs. Instead of a binary label indicat-
ing whether a candidate reviewed a diff, we construct a continuous,
weighted score over file expertise, author collaboration, interaction
quality, and recency, informed by concerns about stale recommenda-
tions and biased labels [18, 24, 34]. Second, we design a low-latency
feature set that emphasizes recent, meaningful engagement (e.g., to-
tal comments, reviewer-on-author eyeball time, recent interaction
counts) and show in offline backtests that the resulting RecRDR
model improves Top-1 and Top-3 action rates over our legacy model,
while shifting feature importance toward substantive engagement.

Third, and most importantly for RQ3, we evaluate reviewer rec-
ommendation for risky diffs in a production A/B test rather than
only on historical data. We compare the legacy recommender to Re-
cRDR within the same RDR workflow, using goal metrics focused
on recommended reviewer behavior (comments and acceptances),
tracking metrics on broader review activity, and guardrails on diff
processing time and abandonment. RecRDR increases comments
and acceptances from recommended reviewers by roughly 8-10%
and 7-8%, respectively, without harming developer velocity. This
complements prior industrial case studies [5, 14, 86] by showing
that a risk-aware, recency-tuned recommender can measurably im-
prove review engagement on the riskiest diffs, when coupled with
a workflow that surfaces risk signals directly in the review UL

8 Threats to Validity
8.1 Generalizability

We conducted the evaluation within a large engineering ecosystem,
which includes Phabricator-based code review, a monorepo, inter-
nal telemetry, and the Diff Risk Score (DRS) signal that triggers the
Risky Diff Reviewer workflow. These conditions may differ from
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other organizations in release cadence, reviewer culture, code own-
ership, and the availability of low-latency signals. We rely on fea-
tures such as eyeball time, recent author-reviewer interactions, and
assignment heuristics; environments without similar instrumenta-
tion or review practices may not transfer these results directly.

We targeted only the top 5% (or 2.5% in one experiment) of
diffs by DRS, which constrains our findings to the riskiest tail of
changes. Effects may differ for medium-risk or routine diffs. We
excluded some groups and non-config diffs at times, which may bias
applicability to domains with different policies or incident profiles.
Short evaluation windows (five weeks and two weeks) limit our
inference about seasonal patterns, staffing cycles, and long-term
reviewer learning effects.

8.2 Construct Validity

We use several proxy outcome measures for review quality and risk
reduction. Counts of comments, long comments (length threshold),
versions, unique commenters, reviewer tenure, and reviewer eyeball
time indicate engagement, but they do not directly measure defect
prevention or SEV avoidance. We observe a drop in the final DRS
score, but this is a model output rather than an observed ground-
truth risk outcome. Improvements in these proxies may not fully
translate to fewer production incidents.

We assess reviewer recommendation accuracy via Top-1 and
Top-3 action rates. We define action broadly (accept, comment, en-
dorse, reject), and this definition may conflate high-quality review
with minimal engagement. We build a continuous, weighted ground
truth for RecRDR from internal signals (file experience, collabo-
ration, recent interactions). These signals may encode historical
assignment biases or code ownership norms, which can skew the
label toward entrenched reviewers rather than emerging experts.
Differences in tool usage and parallel responsibilities can affect eye-
ball time and interaction counts; these factors introduce measure-
ment noise.

We use Diff Processing Time (DPT) as a guardrail for velocity, but
it mixes review latency with author iteration time, test execution,
and landing windows. UX changes (soft-block dialogs, reassignment
options) may alter behaviors independent of review quality, which
complicates attribution. Authors self-report bypass reasons, and
these reports may be incomplete or strategic, which reduces the
precision of behavioral interpretations.

8.3 Internal Validity

We randomize by diff ID to balance confounders, but cluster effects
may remain. Reviewers may participate across control and test diffs,
which creates spillover. Authors or teams with concentrated risk
profiles can induce correlation within clusters.

Flagging risk can change behavior. Reviewers and authors may
respond to the signal because they know the diff is flagged, rather
than due to the recommended reviewer or the model’s quality.
Reviewer availability and workload fluctuate, which affects who
acts on a diff independent of the recommendation. We capture
reassignment reasons, but the feature also creates an intervention
channel that can modify reviewer composition independent of the
model.
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9 Conclusion and Contributions

We study whether risk-aware interventions can improve code re-
view outcomes for the riskiest code changes in a large, fast-moving
engineering environment while preserving developer velocity. Our
approach couples three components: (1) a Ul-surfaced risk signal
via the Diff Risk Score (DRS), (2) a lightweight workflow that fo-
cuses additional expert attention on high-risk diffs, and (3) a re-
viewer recommender tuned for risky diffs that prioritizes recent
and relevant expertise.

We introduce the Risky Diff Reviewer (RDR) workflow, which
automatically assigns an additional recommended reviewer when a
diff is flagged as high risk and presents a bypassable pre-land dialog
when authors attempt to land without resolving the risk signal.
This workflow keeps the standard review experience unchanged
for the majority of diffs while adding structure and visibility to
review and mitigation behavior on the high-risk tail.

We evaluate RDR and our recommender changes using offline
backtests and two A/B tests instrumented with goal, tracking, and
guardrail metrics. In the workflow experiment on the top 5% of diffs
by DRS (over 15k diffs), RDR increases collaborative review activity
and iteration, and it increases the fraction of diffs whose final ver-
sion drops below the high-risk threshold (+9.56%), with a modest
change in Diff Processing Time (+0.45%). We also redesign reviewer
recommendation for risky diffs by moving beyond a binary “did
they review” label to a continuous, weighted ground truth that em-
phasizes file experience, author collaboration, interaction quality,
and recency, using only low-latency features available at recom-
mendation time. In offline evaluation, the resulting model (RecRDR)
improves Top-1 and Top-3 action rates over the baseline. In an A/B
test on over 5k diffs we compare the new and old recommender and
find that RecRDR increases engagement from the recommended
reviewer (+9.94% comments and +7.77% acceptances) without sta-
tistically significant regressions in guardrail metrics such as diff
processing time.

We make three contributions. First, we present a practical, risk-
aware code review workflow that couples a clear, Ul-surfaced risk
signal with targeted reviewer assignment and a lightweight pre-
land prompt, and we provide experimental evidence that it improves
engagement and reduces the fraction of diffs that remain above the
high-risk threshold at landing. Second, we introduce a reviewer rec-
ommender tailored to risky diffs, including a continuous, weighted
training signal and a low-latency feature set designed to emphasize
recent and meaningful reviewer expertise and collaboration. Third,
we demonstrate, through RCTs at scale, that these workflow and
recommendation interventions improve reviewer engagement on
high-risk diffs while maintaining velocity-focused guardrails.

In future work, we plan to connect these proxy improvements
to longer-term outcomes beyond review activity and model scores,
to explore additional risk bands, and to incorporate workload and
coverage objectives into reviewer assignment and recommendation.
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