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Modern code review is a ubiquitous software quality assurance process aimed at identifying and resolving potential issues (e.g.,
functional, evolvability) within newly written code. Despite its e [edtiveness, the process demands large amounts of e [arit from the
human reviewers involved. To help alleviate this workload, researchers have trained various deep learning based language models to
imitate human reviewers in providing natural language code reviews for submitted code. Formally, this automation task is known as
code review comment generation. Prior work has demonstrated improvements in code review comment generation by leveraging
machine learning techniques and neural models, such as transfer learning and the transformer architecture. However, the quality of
the model generated reviews remain sub-optimal due to the quality of the open-source code review data used in model training. This
is in part due to the data obtained from open-source projects where code reviews are conducted in a public forum, and reviewers
possess varying levels of software development experience, potentially a [edting the quality of their feedback. To accommodate for
this variation, we propose a suite of experience-aware training methods that utilise the reviewers’ past authoring and reviewing
experiences as signals for review quality. Speci [cdlly, we propose experience-aware loss functions (ELF), which use the reviewers’
authoring and reviewing ownership of a project as weights in the model’s loss function. Through this method, experienced reviewers’
code reviews yield larger in [uénce over the model’s behaviour. Compared to the SOTA model, ELF was able to generate higher quality
reviews in terms of accuracy (e.g., +29% applicable comments), informativeness (e.g., +56% suggestions), and issue types discussed (e.g.,
+129% functional issues identi [ed). The key contribution of this work is the demonstration of how traditional software engineering
concepts such as reviewer experience can be integrated into the design of Al-based automated code review models.
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1 INTRODUCTION

As a spiritual successor to the Fagan inspection, modern code review is a lightweight human-oriented software quality
assurance process that can be found in most of today’s collaborative software development environments [23, 71, 90].
The process requires developers who are not the code author to inspect a code change for a wide variety of problems,
ranging from functional issues (e.g., logical [aws and resource misuse) to evolvability issues (e.g., poor variable naming
and low readability) [59]. Whilst the review process helps improve the quality and maintainability of the software,
practitioners often [nd the process both time-consuming [7] and mentally taxing [31]. When code reviews are not
rigorously conducted, software [Ies are still found to be defective [76], emphasising a need for automation.

To help alleviate this workload, researchers have attempted to automate the code review process via three sequential
tasks: code change quality estimatj@mode review comment generatiml code re nemenRespectively, these tasks
replicate the developer’s actions in deciding if a code change needs to be revised, describing what needs to be revised in
a natural language review, and [nally revising the code according to that review. In this work, we focus on the code
review comment generatitask which has been shown to be the most challenging component of the three tasks [48].
This involves training deep language models [66, 89] to provide natural language reviews that identify a wide variety
of issues within submitted code changes [45, 48, 85]. The state-of-the-art model, CodeReviewer [48], is a T5-based
transformer [66] that has been trained on a large-scale GitHub code review corpus. Although considerable e [arit has
been invested into curating a diverse set of code reviews, little attention has been placed on exploring the variation in
quality across the reviews themselves i.e., all past studies including CodeReviewer have weighted the data uniformly
during model training, allowing equal in [uénce over model behaviour, despite potential di [erences in content quality.

Code reviews can be conducted by a wide range of reviewers with varying levels of expertise, which may lead to
diversity in the quality of reviews. Prior studies found that reviewers’ experience and expertise are often associated
with the issue types identi [ed in code reviews [40] and the level of usefulness [87]. Inexperienced reviewers (who
have reviewed and authored few code changes) often focus on trivial issues like visual representation (e.g., Figure 1,
Example 2), which are considered less useful by developers [40, 87], or express confusion and uncertainty (e.g., Figure 1,
Example 3), an anti-pattern associated with a lack of experience [13]. In contrast, experienced reviewers are more likely
to identify critical functional issues, such as the missing validation check in Figure 1, Example 1, which demonstrates
the value of deeper code understanding [40].

As code reviews may re [edt the reviewers’ insights drawn from their prior software development and code review
experiences, we hypothesise that the quality of generated reviews can be improved by aligning the language model
with experienced reviewers’ perspectives. To achieve this alignment, we propose a suite of experience-aware training
methods that utilise the reviewers’ past authoring and reviewing experiences as signals for review quality. Speci Lcally,
we propose a novel method called experience-aware loss functions (ELF), which assigns a weight to the model’s
loss function that is proportional to the reviewer’s experience in the project [9, 77]. In this way, comments made by
experienced reviewers yield more in [uénce over the model’s behaviour.

Through both quantitative and qualitative evaluation, we found that ELF demonstrated stronger capability in
generating high-quality reviews compared to past methods. In terms of accuracy, ELF achieved the highest increase
over CodeReviewer in terms of BLEU-4 (+5%) and applicable comments generated (+29%). In terms of informativeness,
ELF exhibited the highest increase in suggestions over CodeReviewer (+56%), whilst maintaining a similar improvement
compared to experience-aware loss functions in terms of confused questions (-71%) and explanations generated (+125%).
Regarding the types of generated reviews, we found that ELF demonstrated the highest increase over CodeReviewer in
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Leveraging Reviewer Experience in Code Review Comment Generation 3

terms of functional faults detected (+129%) and evolvability issues identi [ed (+21%). Amongst the di [erknt con [gdrations
of ELF, we found that considering both authoring and reviewing experience separately at the package level yielded the
most improvement, however the complementary nature of the di Lerknt granularities should also not be overlooked.

This study extends our short paper [51], published at MSR 2024 (The International Conference on Mining Software
Repositories), by introducing a new experience-aware technique along with deeper analysis to explore how di Lerknt
ways of estimating and weighing reviewers’ experiences a [edt model-generated reviews. To recapitulate, the initial
work [51] introduced experience-aware oversampling, which aims to improve code review comment generation
models by oversampling experienced reviewer’s comments during model training. This preliminary method identi [ed
experienced reviewers by utilising the traditional 5% ownership threshold rule [9, 77] from both code reviewing and
authoring perspectives at the repository level. In this extension, our experimentation expands upon the initial work
along two main vectors. Firstly, we expand the calculation of the ownership metrics to consider [nér granularities; that
is, we consider subsystem and package-level ownership in addition to repository-level ownership that was originally
considered in the short paper. The intention is to better re [edt reviewers’ specialised experiences within the project.
Secondly, we introduce experience-aware loss functions (ELF) to replace the previously proposed experience-aware
oversampling method; we do this for two reasons: 1) to mitigate the sensitivity to arbitrarily selected major ownership
thresholds that may not generalise across projects, and 2) to circumvent the computationally costly search for optimal
upsampling rates. We compare 12 new models derived from ELF in addition to the three previously proposed experience-
aware oversampling strategies from the short paper (calculated at repository level only) and the original CodeReviewer
model in terms of accuracy, informativeness, and issue types discussed.

The main contributions of this paper are:

A suite of experience-aware training methods for improving code review comment generation

An analysis of emergent behaviours of code review comment generation models after experience-aware training
Two large scale datasets containing commit and pull-request histories for 826 of the top GitHub repositories
An augmented version of CodeReviewer’s dataset that is tagged with six di Lerent ownership metrics

2 BACKGROUND & RELATED WORK

In this section, we discuss related work from three main areas: automated code reviews (2.1), review comment generation
(2.2), and experienced reviewers and code review quality (2.3). We focus on these aspects as we seek to improve review
comment generation by leveraging reviewer experience as a signal for identifying higher quality reviews during model
training.

2.1 Automated Code Reviews

The recent success of deep learning based language models in the [eltl of natural language processing [17, 65, 66, 89]
has inspired a plethora of research on their application to the software engineering domain [28, 53, 99]. This transition
is seemingly natural, as both programming languages and natural languages are used to form sequential texts that
conform to syntax and grammar, whilst expressing human logic in their semantics. As a result, many studies have
demonstrated that language models can achieve promising levels of performance in real-world program understanding
and generation tasks [99] — such as vulnerability detection [25], repair [24, 26, 101] and bug [Xihg [37, 38, 83] —
suggesting the existence of exploitable naturalness properties [1, 36, 70] within human written software. Likewise, the
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4 Lin et al.

Fig. 1. Example of Variation in Code Review Content Provided by Reviewers with Di Lerent Levels of Experience

[elt of automated code reviews also operates under the assumption that review comments are often repetitive and
predictable, making the problem a suitable candidate for language modelling.

In its current form, automated code reviewing can be subdivided into a sequence of three tasks: code change quality
estimation [35, 48], review comment generation [46, 48, 51, 85], and code re [nd@ment [44, 48-50, 63, 78, 82, 85, 86].
Firstly, code change quality estimation requires the model to determine whether a code change submitted by a developer
requires code review. Thiscan be de[nddasa( a4 ¥ A4E8BMinary classi [cation task [48], where 7aais the version
of the code hunk submitted for review and A4E8Bi4 the binary decision output of whether the code change needs
review. If it is determined that the code change needs review, review comment generation is subsequently performed.
The review comment generation task (the subject of this study) requires the model to generate a natural language
comment that can help guide the developer to improve the submitted piece of code, just as a human reviewer would.
More formally, this can be formulated asa ( 7a4 ¥ ’ =;) neural machine translation task [48], where’ -. is the natural
language review comment. Finally, code re (nément requires the language model to address the review comment’ .,
by revising ~a4to the [nal improved version of the code hunk 7>pcready to be merged into the code base. This last
task can be formulated asa ( 244’ =, ¥ 2>gghbimodal input translation problem [48].

Whilst it has been proven that underlying statistical properties of code reviews are learnable, publicly available
state-of-the-art techniques such as LLaMA [52] and ChatGPT [32, 84] still struggle to perform well on the given test sets.
In contrast, the code review models trained on closed-source software projects [23, 90] have reported high adoption
rates. A likely reason being the data was collected from environments with experienced software engineers, strict code
Manuscript submitted to ACM



Leveraging Reviewer Experience in Code Review Comment Generation 5

review cultures, and well-managed version control data, demonstrating that these code review models are performing
well in practice when trained with high-quality examples. However, such data of closed-source projects are limited,
resulting in the need for models to rely on data from open-source platforms such as GitHub, where the code review
standards may vary widely. Our study focuses on alleviating this issue for the task of review comment generation, by
leveraging reviewer experience as a proxy for identifying high quality code reviews in the open source.

2.2 Review Comment Generation

Review comment generation (the subject of this study) represents the most challenging task in the attempt to automate
code reviews, as the language model is required to infer the single ground truth comment from a vast space of potential
solutions using only a small window of code. Tufano et al. [85] have demonstrated the potential of using the text-to-text
transfer transformer (T5) [66] to generate code reviews, when pre-training the model with general code and natural
language corpora related to the software engineering domain. Yet, compared to code re [nément, the model showed far
lower performance in terms of text matching metrics for review comment generation; however, upon their manual
inspection, it was revealed that many generated comments were in fact either semantically equivalent to the ground
truth or a valid alternative solution. In this study, we conduct manual evaluation to additionally account for these cases.

Whilst Tufano et al. [85] conducted pre-training on more general software engineering corpora, Li et al. [45] found
success in jointly pre-training on code functions and their attached reviews. Simultaneously, CodeReviewer [48] showed
signi [cant performance leaps by training on code review speci [Cpre-training tasks as opposed to the generic masked
language modelling technique used in prior works [45, 85]. This success was enabled by their large scale multilingual
GitHub code review dataset, which is now widely employed as the benchmark dataset [49, 51, 52, 73].

More recently, Lu et al. [52] discovered that generic LLMs such as LLaMA [81] were also capable of review comment
generation by parameter-e [cieht [na-tuning on only 8.4 million parameters. Taking a di [erent approach, Sghaier and
Sahraoui [73] explored the e [ect of cross-task knowledge distillation, by jointly learning the successive tasks of review
comment generation and code re [(nément together with two symbiotic models.

Whilst past research e [arts have focused on improving review comment generation using various machine learning
techniques, all of these approaches still assume the quality of comments across their open-source datasets are equivalent
i.e., their approaches allow all data to contribute uniformly to the model’s learning process. This can be suboptimal as
the models will equally attempt to imitate the behaviour found in low quality code reviews, as those of higher quality,
which can reduce the potential usefulness of the resulting tool, as evidenced by our initial results [51]. In contrast, our
current study proposes a novel method that forces more attention on potentially higher quality examples, such that
they yield stronger in [uénce over model behaviour, which may in turn increase the usefulness of the tool.

2.3 Experienced Reviewers and Code Review L[alityl

Detailed knowledge about program elements is usually retained by developers who frequently work with the code
base [22]. In the context of software quality, code ownership has often been a determinant of software defect prone-
ness, where ownership ratios are inversely related to defect occurrences [9, 34, 77]. A study of implicated code has
demonstrated that lower [ellevel ownership tended to characterise the developers responsible for buggy lines [67],
thus highlighting the importance of specialised knowledge. Concurrently, experienced developers are often assigned to
[xXtomplex bugs due to their expertise [12], which recursively deepens their knowledge of potential software quality
issues. Given that code reviewers are a sub-population of developers, one would naturally intuit that their software

development experience also has an impact on their e [edtiveness in reviewing code.
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6 Lin et al.

Thongtanunam et al. [77] studied the relationship between software defects and code ownership of reviewers at the
module level, concluding that modules that were reviewed by developers who lack both code authoring and reviewing
expertise were more likely to be defect-prone. Whilst studying the role of people and participation in code review
quality, Kononenko et al. [41] also discovered corroborating evidence of the inverse relationship between reviewer
experience and the presence of bugs, thus indicating that code review quality indeed varies depending on the individual
who conducts it. A survey in the open-source Mozilla core project revealed that developers were in close to uniform
agreement regarding reviewer experience being a factor that in [uénces code review quality [40]. The developers
reasoned that domain knowledge is crucial for properly evaluating a change, as super [ci&l reviews arise from a lack of
familiarity with the code base. From an industry perspective, [ndings from Microsoft demonstrated that having prior
experience with a [Ielunder review has a noticeable e [edt on the usefulness of the reviews provided [10]. Whilst this line
of research has studied the notion of useful comments coarsely de [ndd by their ability to trigger a code change [10, 68],
our study focuses on a more [na-grained view of review quality, scrutinising the variation in quality between change
triggering comments.

Past work have proposed to automatically evaluate code review quality by directly classifying review comments,
however, they often do not cover detailed technical concerns [10, 33, 68, 97], struggle to reach reliable accuracy [88], or
are privately developed for speci [cC$oftware environments [97]. For example, Bosu et al. [10] and Rahman et al. [68]
framed the problem as a binary classi [cation task, using classical machine learning models to identify useful comments
i.e., change triggering comments. On the other hand, Yang et al. [97] proposed to assess comments based on linguistic
attributes i.e., emotion, question, evaluation, suggestion, using a separate binary classi [ed for each attribute. Although
these types of classi [cdtions provide insight into communication dynamics and reviewer intent, they do not capture
technical concerns of code changes under review, as both comments addressing critical issues regarding functional
defects and trivial issues (e.g., visual representation) will trigger changes, evaluate code weaknesses and provide
suggestions. Di [erknt to this line of work, other studies have investigated code review quality from the perspective of
issue categories. Developers at Samsung [33] have expressed that reviews which identify defects, missing validations,
performance optimisation opportunities, logical mistakes, etc. are useful, whilst visual representation issues that
can be identi [ed by static analysis tools are not useful. Coinciding with these results, developers from the OpenDev
project [87] rated reviews that discuss functional defects and validation issues as the most useful type of reviews, whilst
those that address visual representation are rated as the least useful. Based on this spectrum of comment usefulness
ratings, a reviewer’s prior coding experience was found to have the largest positive impact on comment usefulness,
whilst their authorship/reviewership of the speci [c Tlelunder review had no signi [cant association. As the positive
relationship between reviewer experience and code review quality has continuously resurfaced across di Lerknt software
development environments, and has shown promising results in our initial study [51], we hypothesise that this attribute
can directly serve as a general review quality signal for enhancing automated code review models in the absence of
detailed and reliable review comment classi [erk.

3 EXPERIENCE-AWARE TRAINING METHODS

Di [erknt to past approaches [45, 48], which have mainly focused on the e [edtiveness of deep learning based language
modelling techniques, our approach is the [rst to scrutinise the variation in quality amongst open-source code reviews.
As prior studies [33, 40, 87] found that reviewer experience is positively correlated with review quality, we developed
two experience-aware model training methods to improve the quality of model generated code reviews. This section

presents our proposed experience-aware training methods. In particular, we describe reviewer experience heuristics
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Leveraging Reviewer Experience in Code Review Comment Generation 7

that are used to re [edt a reviewer’s software development experiences (3.1), our previously proposed experience-aware
oversampling method (3.2), and our newly proposed experience-aware loss function method (3.3).

3.1 Reviewer Experience Heuristics

We measure reviewers’ experience by calculating traditional code ownership metrics based on reviewers’ past activity
as a code reviewer [77] and as a code author [9]. We consider three granularity levels of software systems: repository,
subsystem, and package [98]. Ownership metrics at each granularity level represent di Lerknt levels of knowledge
coverage, where the repository level re [edts general knowledge within a repository and the package level re [edts
knowledge of a particular component. \WWe measure experience at di [erknt levels of granularity because some reviewers
have ownership over speci [c.tomponents in the software system [80, 98], whilst other reviewers are maintainers that
oversee the whole project at a macro level [18].

For authoring experience, Authoring Code Ownership (ACO) [9] represents the share of overall code contributions
attributable to an individual. It represents a developer’s experience and coverage on a piece of software gained from
hands on coding. We formulate ACO as follows:

$ , =2 2 £42>B8C>A~ (D1B~BC4< %02:064 1)

”

”

where U, " is the number of commits in which reviewer has contributed to the software at the targeted granularity

2 f4?>B8C>A~ (D1B~BC4< %064 " is the total commits at that granularity. A higher ACO ratio indicates
more experience as a code author for the targeted granularity in the system, and vice versa. Whilst other studies [3, 56]
explore authorship at a line-level [dality i.e., git blame, the scale of our study is orders of magnitude larger, rendering
this calculation infeasible. A recent study also found that commit-based ownership shares a stronger relationship with
software quality than line-based ownership [79]. Thus, we resort to commit level calculations, which is also widely
considered as a reasonable approximation [9, 55, 77].

For a reviewing experience, Review-Speci [cDwnership (RSO) [77] represents the share of overall code reviews
attributable to an individual. It represents a developer’s experience and coverage of a part of software systems gained
from reviewing code. We formulate RSO as follows:

A
d.
where A, " is the number of closed pull requests in which reviewer has reviewed (i.e., commented at least once)
for a given granularity 2 f4?>B8C>A~ (D1B~BC4< %Q21®64 * is the total number of closed pull requests for
that given granularity. A higher RSO ratio indicates more experience as a code reviewer for the chosen granularity in

¢ . =

2 f47>B8C>A~ (D1B~BC4< %02:064 @)

the system, and vice versa.
The three levels of granularity are determined as follows.

v Repository level is the most coarsely grained, where authoring and reviewing activities are considered in
terms of the entire repository of the project under development. Speci [cdlly, all commits and reviewed pull
requests mined from a repository are considered at this level. Ownership at the repository level represents
general experience covering the entire project.

v Subsystem level is represented by the top level of [eldirectories in the repository [98]. For example, the
Oelarch/arm64/kernel/moduleis considered to sit within the arch subsystem. A commit or reviewed pull

request belongs to a subsystem if at least one of the changed [Ie$ resides within that directory. Ownership at the
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8 Lin et al.

subsystem level represents coverage over a particular top-level component of the system. Whilst we use the
term “subsystem” to refer to the top-level directories in the source code hierarchy, we recognize that this view
may not match an experienced developer’s mental model of the software architecture [42, 58, 75]. However, we
consider that this model is a reasonable proxy: the source hierarchy is known to all developers of the project
and hence has currency to them. In addition, the evaluation will be based on 826 GitHub repositories in our
study; thus, devising a specialised architectural model for each repository is impractical and the models would
be peculiar to our experiences rather than those of the project developers.

v Package level is represented by the immediate folder that contains the target [1el[98]. For example, the [Iel
arch/armé4/kernel /module.ds considered to sit within the arch/arm64/kernel package. A commit or reviewed
pull request belongs to a package if at least one of the changed [Ieb resides within that directory. Ownership
at the package level represents coverage over a direct set of co-located [Ies. Similarly, our measurement of a
package is only an approximation, it does not re [edt the ground truth system architecture. The term “package”
here is de [nad in terms of the hierarchical view of [Iellocations, not to be confused with programming language
constructs such as Java packages or C++ namespaces.

3.2 Experience-Aware Oversampling

Experience-aware oversampling was designed to over represent experienced reviewers’ code reviews during training,
such that their perspectives yield more in [uénce over the model’s behaviour. We previously introduced the experience-
aware oversampling method as a preliminary test of the concept that automated code review models could conform to
the perspectives of experienced reviewers, thus improving the quality of generated reviews [51]. This method utilised
the traditional 5% ownership threshold rule [9, 77] to target three speci [C$ub-populations of the dataset, resulting in
three separate models. The [rst group were major authors” , $ 598, the second group were major reviewers
(3 598, and the last group were major reviewers and major authors "™ . 3 5%0=3'($ 5%.Each
model was trained by oversampling one of these groups with an oversampling rate of 400%. A sizable oversampling
rate was chosen with the intention to elicit strong e [edts.

3.3 Experience-Aware Loss Functions

In this study, we introduce experience-aware loss functions (ELF), which uses the reviewers’ assigned ownership ratios
directly as loss function weights during training, such that their code reviews yield stronger in [ugnce over the model’s
behaviour. Speci Lcally, we augment the original negative log-likelihood loss for review comment generation [48] with
an additional experience embedded weight term | [19, 47, 91-93]. This weight term dynamically accounts for the
actual ownership values in their continuous form which both removes the need for the major ownership threshold
assumption and the need for tuning an upsampling rate. Furthermore, utilizing the ownership values in their original
form retains continuous information and allows the model to capture the intricate di [erences between the examples.
We formulate the experience-aware loss function as follows:

0

L = log%Fqg2 FyC (3)

cG1

where 2 is the submitted code change, F cis the current comment token, F yCare the comment tokens generated so far,

and : is the sequence length. We formulate four weighting strategies to embed the experience values of ACO and RSO
dimensions into the weight term | .
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Leveraging Reviewer Experience in Code Review Comment Generation 9

v | 025> = 41-02> takes only authoring experience into consideration, speculating that reviewers who are proli [£]
in coding provide higher quality code reviews. Intuitively, the higher the ACO of the reviewer who wrote the
comment, the heavier the penalty (i.e., the loss value is ampli [ed by the weight term | ) to the model for an
incorrect prediction.

v | ap>= 41-AB3akes only reviewing experience into consideration, speculating that reviewers who are proli [c]
in reviewing pull requests provide higher quality code reviews. Intuitively, the higher the RSO of the reviewer
behind the comment, the heavier the penalty to the model for an incorrect prediction.

v | oge= 4 B2 Considers both authoring and reviewing experience equally, speculating that reviewers who
are proli [c1dn both committing and reviewing code provide higher quality code reviews. Intuitively, the higher
the combined ACO and RSO of the reviewer behind the comment, the heavier the penalty to the model for an
incorrect prediction.

V | <o = 41-<0G.AB>02>cqngjders only the most representative experience type, speculating that reviewers
who are proli [cn either committing or reviewing code provide higher quality code reviews. Intuitively, the
higher the reviewer’s max ownership, regardless of experience type, the heavier the penalty to the model for an
incorrect prediction.

Given that the model will be penalised di [erently based on the particular reviewer experience in focus, the
weighted loss forces the model to align to their code review examples by aledting the direction of the gradient
updates. Since the variation between ownership values is numerically small, we take an exponential to create stronger
separation e [edts [19, 91, 94]. The four weights can be calculated at the three aforementioned granularities 2
f4?>B8C>A~ (D1B~BC4< %02eQ@4ing in 12 di Lerknt models. For example, the model trained with | 925 49>
weighted L conforms to reviewers who have high authoring code ownership at the repository level, whilst the
model trained with | ggg o6 Weighted L aligns to reviewers with high coverage in terms of both authoring and
reviewing ownership at the package level.

4 EXPERIMENT SETUP

In this section, we propose our research questions (4.1), provide a study overview (4.2), as well as describe our data
preparation steps (4.3), [né-tuning implementation (4.4), evaluation metrics (4.5), and manual evaluation process (4.6).

4.1 Research [esfidns

In this work, we set out to investigate the e [edtiveness of experience-aware training methods on code review comment
generation. We formulate three research questions to evaluate the model performance in three main aspects, i.e.,
accuracy, informativeness, and issue types.

(RQ1) What is the impact of ELF on the accuracy of code review comment generation models?
Motivation:This RQ aims to evaluate the correctness of the generated comments against the ground truth, i.e., comments
made by human reviewers. We measure the accuracy of the ELF models in terms of textual similarity [62] and semantic
equivalence [45, 85, 86] against the ground truth in the test set. Additionally, to capture the diverse nature of all potential
code reviews, we also assess their general applicability [48, 85, 86] to the code change submission. The textual similarity
metric (BLEU-4), will be automatically assessed, whilst both semantic equivalence and applicability are manually
evaluated.
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Fig. 2. Overview of Our Experimental Design

(RQ2) What is the impact of ELF on the informativeness of code review comment generation models?
Motivation:Informativeness is one of the important characteristics of high-quality reviews as perceived by developers [33,
40]. Typically, the informativeness of a code review refers to whether they identify an issue [10], prescribe a solution [33,
48], and provide a clear explanation for their rationale [40, 54, 69, 87]. The ability to achieve all three criteria may vary
depending on the reviewer’s experience. In this RQ, we set out to evaluate the quality of the code reviews generated by
the ELF models in terms of feedback type, i.e. suggestions, concerns, confused questions and presence of explanation.
Both feedback type and presence of explanation are metrics that involve manual evaluation.

(RQ3) What issue types are discussed in the ELF models’ code reviews?

Motivation:Code reviews cover a wide variety of issues, including both functional and non-functional properties of
the system [59]. Technical issues such as those related to defects and logic often require more in-depth knowledge of
the system [40, 87] as opposed to generic issues such as improving visual representation. As developers seek more
insightful code reviews [33, 40, 54, 87], it is crucial that the model is able to o [eflcomments that re [edt deeper issues.
For this RQ, we manually evaluate the issue types discussed in the ELF models’ code reviews.

4.2 Study Overview

The overview of our experimental design is presented in Figure 2. To answer all three RQs, we need to 1) construct a code
review dataset tagged with ownership ratios to facilitate experience-aware [nd-tuning, 2) [nd-tune CodeReviewer’s
pre-trained checkpoint using each strategy i.e., ELF, experience-aware oversampling, original, and 3) evaluate all of
the resulting models with respect to the metrics proposed for each of the RQs. To evaluate the degree of impact each
strategy has on accuracy, RQ1 employs three accuracy metrics i.e., BLEU-4, semantic equivalence and applicability.
Whilst BLEU-4 is an automatic text matching metric that can be applied to the entire test set, semantic equivalence
and applicability measure accuracy based on the actual meaning being conveyed in the review, which requires human
level understanding. As a result, these two metrics are manually evaluated based on 100 random samples in the test
set. To evaluate the degree of impact each strategy has on informativeness, RQ2 employs two metrics i.e., feedback
type, presence of explanation. Since these two metrics also rely on human level understanding to determine the level
of information provided in the review, they are manually evaluated as well. Finally, to evaluate the degree of impact
Manuscript submitted to ACM



Leveraging Reviewer Experience in Code Review Comment Generation 11

each strategy has on the issue types discussed, RQ3 requires manual evaluation to reliably categorise the content of the
review. The details of the experimental design are discussed below (Sections 4.3 - 4.6).

4.3 Data Preparation

Dataset selection. We use the CodeReviewer dataset provided by Li et al. [48], which is the benchmark dataset for
the [elt of automated code reviews. Speci [cdlly, we use the code re [(ndment set for review comment generation,
as their original comment generation dataset did not retain pull request IDs, making them untraceable. The dataset
represents a diverse set of software projects written in nine of the most popular programming languages on GitHub,
including Python, Java, Go, C++, JavaScript, C, C#, PHP, and Ruby. The training set was derived from 519 repositories,
representing a subset of the top 10k most starred projects that contained more than 2.5k pull requests. The validation
and test sets were derived from 307 repositories that contained between 1.5k and 2.5k pull requests. The size of the
original dataset was 150,406 for training, 13,103 for validation and 13,104 for testing.

Meta information recovery. To retrieve meta information for each comment in the dataset, we used PyGithub! to
retrieve the associated pull requests and identify the original comments using string matching. For each comment, we
extracted the username and ID of the reviewer and the timestamp of when the comment was posted. Throughout this
process, we identi [ed 10,583 accounts who wrote reviews in the training set and 2,763 accounts in validation and test
set. The reviews covered a timeframe between 2011 and 2022.

Preprocessing. Given that our focus is to build a review comment generation model that re [edts the experienced
perspective of human reviewers, we removed all bot accounts (e.g., Cl bots, style checkers). This was achieved through
two common methods [29]: 1) identi [cation by the “bot” su [X]DP5], and 2) identi [cdtion by an established list of
bots [30]. The identi [ed bot accounts were manually inspected for false positives, which were subsequently retained.
Finally, we discarded comments that provided code but without any natural language remarks. More speci Lcally, we are
referring to the GitHub code suggestion functionality that can be found in comments denoted with the \'BD664BC8>=
format, where the reviewer’s comment contains only a code edit of the original code hunk under review. This type of
comment makes up approximately 5% of the re [(nément dataset [51], which caused severe mode collapse in the model
when used for comment generation training. Without removing the code-only comments, the model’s ability to provide
real natural language comments can be degraded by only copy-and-pasting entire chunks of the submitted code, whilst
in [&fing its performance on text matching-based results, e.g., BLEU-4. The [nal dataset included 141,259 examples for
training, 12,406 for validation and 12,369 for testing. Table 1 presents statistics regarding the dataset [Ifdring process.

Mining software development history. We collected meta information on all commits and pull requests for
each of the 826 GitHub repositories. More speci [cally, for each commit, we retrieved the original author, a list of the
changed [et, and the timestamp using PyDriller [74] and for each pull request, we retrieved the GitHub users who
left comments, a list of the changed [Ieb, and the timestamp using PyGithub®. We observed that only some groups of
developers used the GitHub review comment function, while others left reviews in the form of issue comments on the
pull request. Therefore, in addition to considering GitHub review comments such as in our previous work [51], we also
consider issue comments as they demonstrate code reviewing activity [39]. In terms of commit history, we omit merge
commits as they do not represent actual code authoring activity. Table 1 presents statistics regarding the repository
history mining process.

Lhttps://github.com/PyGithub/PyGithub
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Table 1. Dataset Overview.

Training Validation = Test
Dataset Filtering (Reviews)

Original Dataset Size 150,406 13,103 13,104

Untraceable - 618 -24 -41

Generated by Bot -1,207 -41 -55

No Natural Language Comment - 7,322 - 632 - 639

Final Dataset Size 141,259 12,406 12,369
Mining Repository History

# Repositories 519 300 300

# Reviewer Accounts 10,583 2,148 2,125

# Bot Accounts 9 3 4

# Past Commits 8,294,486 2,945,639 2,944,569

# Past Closed Pull Requests 3,478,749 606,148 605,649
Ownership Statistics (* f)

RSO (Repository) 021/021 031/024 [031/0.24

ACO (Repository) 0.08/0.13 015/021 @ 0.15/021

RSO (Subsystem) 025/023 035/026 | 0.35/0.26

ACO (Subsystem) 01 /014 017/022 017/022

RSO (Package) 0.31/027 0.39/029  0.38/0.29

ACO (Package) 012/0.19 0.18/024 0.18/0.24

Calculating ownership ratios. We calculate the ownership metrics with regard to each example (i.e., review
comment) in the dataset. Although each reviewer may provide multiple reviews, the ownership metrics are calculated
independently for each review comment. The rationale is that a reviewer’s ownership coverage may change throughout
time, hence our method re [edts a version of that reviewer distilled at the timestamp of the review comment. The
implementations are detailed in Algorithm 1 for ACO calculation and Algorithm 2 for RSO calculation, where ’
denotes a review comment, denotes a developer, and  denotes the granularity level. Table 1 presents statistics
regarding the calculated ownership ratios.

Algorithm 1 Implementation of Authoring Code Ownership (ACO)

1. procedure ACO( ' ) * ACO forone’ example
2 u, "0

3 . 0

4 for all commit2 do

5: gl ' timestamp

6 g2 commit timestamp

7 ifg2Yglthen , ” . "1 e #commitsin priorto’

8 if commit author then U, U, "1 e #commitsin by priorto’

9 end if

10: end if

1L end for

12: return U, o, e ratio of commitsin by over total commitsin atgl

13: end procedure
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Algorithm 2 Implementation of Review-Speci [CDwnership (RSO)

1. procedure RSQ@ ' ) * RSO forone’ example
2 A " 0

3 d,” O

4 forallclosed PR2 do

5: gl ' timestamp

6 g2 closed PR timestamp

7 \ Set(reviewers of closed PR)

8 ifg2Yglthend, ” d, ",1 « #closed PRsin  priorto’

9 if 2\ thenA, A, ", 1  #closed PRsin reviewed by priorto’
10: end if

11 end if

12: end for

13: return A, "d, " « ratio of closed PRs in  reviewed by  over total closed PRsin atgl

14: end procedure

4.4 Model Fine-tuning

Following CodeReviewer [48], we [n8-tuned the models with a learning rate of 34 4 using the AdamW optimizer. The
training was set for 30 epochs at a batch size of 72. A beam search width of 10 was used during inference. Our hardware
consisted of a single server with 32 CPUs, 256GB RAM and four NVIDIA A100-80GB GPUs. For fair comparison with
the experience-aware models, we [na-tuned CodeReviewer on our [féred dataset. To incorporate our experience-aware
loss functions and the previous experience-aware oversampling method, we altered the original Python scripts provided
by Li et al. [48], which were implemented with Pytorch? and HuggingFace Transformers3. For a fair comparison, we
also re-implemented experience-aware oversampling using our new ownership values, which were calculated based on
our newly mined repository histories (i.e., omitting merge commits, including issue comments). In total, we trained 16
models, including 12 ELF models, three experience-aware oversampling models, and one original CodeReviewer model.

4.5 Evaluation Metrics

Our evaluation consists of one automatic text matching metric and [v8 manual evaluation tasks. Automatic text
matching is measured on the entire test set, whilst the manual evaluation tasks are completed on a random sample of
100, achieving a 95% con [ddnce level with 10% margin of error.

v BLEU-4 (RQ1): To align with past research [48], we adopt the established Bilingual Evaluation Understudy
metric [62] with up to 4-gram matching to benchmark the new approaches in terms of accuracy against the test
set. We use the exact implementation provided by Li et al. [48], with stop words removed from the comments.

v Semantic Equivalence (RQ1): This manual assessment of accuracy evaluates whether the model generated
comments possess the same intentions as the ground truth code reviews in the test set [45, 85, 86]. This metric
disregards the degree of textual overlap, since the same intention can be expressed in various di Lerent ways. For
example, in Figure 3, despite being worded di Cerently, candidate A is considered semantically equivalent to the
ground truth as the main intention of both comments is to change the error to a log warning.

v Applicability (RQ1): This manual assessment of accuracy evaluates whether model-generated comments
provide applicable reviews given the context of the submitted code change [48, 85, 86]. Since ground truth code

2https://pytorch.org/
3https://huggingface.co/
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Fig. 3. Examples of Semantically Equivalent (SE) and Applicable (App) Comments

Fig. 4. Examples of Suggestion (Sug) with Explanation (Exp), Concern (Con) and Confused [—esfidn (CQ)

reviews re [edt only a subset of many possible issues with a particular piece of code, this evaluation captures the
models’ general ability to provide relevant code reviews. For example, in Figure 3, comment candidate B is not
considered to be semantically equivalent to the ground truth; however, it is still applicable to the code change as
the developer can make subsequent code improvements to address the comment. By de [nikion, all comments
that are semantically equivalent to the ground truth are also applicable.
Feedback Type (RQ2): To measure informativeness, this manual assessment categorises the code reviews into
three distinct feedback types. We present them in order of most to least informative:

Suggestiofl0, 33, 48] — Not only is an issue identi [ed, but a solution is also proposed to address the issue.

Concerr33, 48] — An issue is identi [ed or doubt is raised; however, no solution is provided.

Confused Questigfh3] — The comment demonstrates an inability to comprehend the code change.
In Figure 4, the most uninformative feedback type is exempli [ed in the ground truth, which is a confused question
that demonstrates an inability to understand the code change. Comment candidate A will be categorised as a
concern because only a concern is raised, but no further solution is provided. Comment candidate B is considered
as providing a suggestion because it recognises that the assert statements should not be removed and directly
suggests to "keep the ‘\\d’ tests.
Presence of Explanation (RQ2): This manual evaluation is a binary measure of whether the comment expresses
their rationale. A comment that explains itself is considered to be more informative [40, 54, 69, 87]. For example,
in Figure 4, we consider that comment candidate B has expressed their rationale as it describes why "\\d’ tests"
should be kept "to ensure that the code doesn’t produce invalid JS@Nte contrary, both the ground truth and
candidate A do not provide a rationale for their concerns or questions.
Comment Category (RQ3): This manual evaluation categorises the suggestions and concerns based on 15
established issue categories developed by past work [8, 10, 59, 87]. These categories are broadly segmented
into three large classes, covering functional issues, evolvability issues, and discussions. Functional issues are
defects that can cause system failures at execution time, whilst evolvability issues are non-functional issues
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Table 2. Code Review Comment Categories

Group Category Description
. A functionality is missing or implemented incorrectly, which often
Functional Defect ur ctiona _t_y s missing or impleme _ted nco ectly, which ofte
requires additional code or larger modi [cations.
S Issues with detecting an invalid value and issues related to data
Validation o
Functional sanitisation.
. Issues with comparison operations, control [aw, computations
Logical .
and other types of logical errors
Issues when interacting with other parts of the software
Interface - - - .
e.g., existing code library, hardware device, database, operating system
Issues with the initialisation, manipulation and release of variables,
Resource
memory, [Ieb and database
Support Issues related to support systems, libraries or their con [gurations
Timing Issues with incorrect thread synchronisation in shared resource settings
Solution Approach Suggestions for alternate implementations e.g., algorithms, data structures
Documentation Suggestions to improve code comments or documentation
. s ions for stri ral refactorin
Evolvability | Organisation of Code Suggestions o structural refactoring - .
e.g., collapse hierarchy, extract super class, inline function
Alternate Output Suggestions for improving error messages, toast messages, alerts
and the returned values of a function
Naming Convention Suggestions for renaming software elements to comply with conventions
Visual Representation Suggest|0n§ for improving code reaglablllty _ _
e.g., removing white spaces, blank lines, code rearrangements, indentation
. . Question Questions to understand design and implementation choices
Discussion - - : - — -
. . . Higher level discussions on design directions, design patterns
Design Discussion -
and software architecture
Other Comments that do not [Tvithin the taxonomy

The code review comment categories and their respective descriptions are adopted from past work [8, 59, 87]

that a [edt the compliance, maintainability and understandability of the code. Discussions are dialogues that
invoke thought regarding design directions and implementation choices. We only label comment category for
comments previously annotated as applicable, as such, we do not consider the praise and false positive categories
like in prior work [87]. Comments that do not [finto the taxonomy are categorised as other. The full list of code
review comment categories and their respective descriptions are detailed in Table 2.

4.6 Manual Evaluation Process

To answer all three research questions, we rely on manually evaluated metrics i.e, semantic equivalence (RQ1), ap-
plicability (RQ1), feedback type (RQ2), presence of explanation (RQ2) and comment categories (RQ3). We detail the
evaluation process and discuss the inter-rater agreement for these [wvé metrics below.

Overall manual evaluation process. The manual evaluation was conducted by the [rst and sixth authors. Both
annotators have previously been employed as software engineers and are currently pursuing a PhD in software
engineering. One has [vd years of software development experience, whilst the other has over 10 years. The manual
evaluation consisted of 8,000 annotations (100 generated comments 16 models 5 manual evaluation tasks). The
annotators were provided with a guideline including the de [nitions above, the submitted code hunk, the ground

truth review comment, the generated reviews, and the post-review code re [ndment. To mitigate incorrect annotations
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caused by a lack of familiarity with the software environments in the examples, the annotators may acquire more
information from the original repositories and external resources such as Stack Over [aw and o [cial package/language
documentation. For each manual evaluation task (1,600 annotations for 100 generated comments 16 models), the
two annotators independently completed two rounds of annotations where the [rst round consisted of 300 generated
comments and the second round consisted of 200 generated comments. After each round, we measure inter-rater
agreement and resolve all con [icts, resulting in a re [ndd annotation guideline that both annotators agreed on [5]. After
reaching an agreement rate that we were satis [ed with [27] ( 0.8 Cohen’s kappa [14]), the [rst author annotated the
remaining 1,100 comments independently. Finally, the annotations were reviewed by the second and [fth authors.
Note that we omit information regarding which models generated the comments during the annotation process to
eliminate a con [rmhation bias, i.e., avoiding the evaluation results favoring particular models. Below, we summarise
our annotation process for each evaluation task, including the inter-rater agreement achieved during the independent
annotation rounds and the con [icting cases that were resolved.

Semantic equivalence (RQ1). The annotators reached 89% agreement with a Cohen’s kappa of 0.66 (substantial
agreement) in the [rst round; the second round reached a satisfactory agreement rate of 94% with a Cohen’s kappa of
0.82 (near perfect agreement). The most common type of con [ict arose from the cases where the generated comments
have semantically equivalent intention as the ground truth but suggest incorrect implementation, and where the
generated comments have ambiguous intentions which are open to multiple interpretations. The comments with partial
semantic equivalence were eventually labelled as not semantically equivalent as the suggested implementation would
lead to the wrong [XJFor the comments with ambiguous intentions, they were labelled as semantically equivalent if the
subsequent ground truth code change was in the potential action space that could be elicited by the generated comment.
Otherwise, they were labelled as not semantically equivalent.

Applicability (RQ1). The annotators reached 83% agreement with a Cohen’s kappa of 0.67 (substantial agreement)
in the [rst round; the second round reached a satisfactory agreement rate of 93% with a Cohen’s kappa of 0.86 (near
perfect agreement). The most common types of con [icts arose from cases where the generated comments required
additional context and/or project knowledge to comprehend. For example, a generated comment suggested to rename a
method "fc_ t_schedulet to BasicTrainSchedulewhich can be considered as applicable. However, this suggestion
is not suitable for a Python project as Pascal case violates PEP8 guidelines. These types of con Licts were resolved by
consulting external resources in the context of the project.

Feedback type (RQ2). The annotators reached 93% agreement with a Cohen’s kappa of 0.86 (near perfect agreement)
in the [rst round. Given that near perfect agreement was achieved, we omitted the second round and the [rst author
performed the annotations on the remaining sampled comments. The most common types of con [icts arose from cases
where the comments raised concerns in a question form which were similar to suggestions in question form. Code review
suggestions are often provided in question form to be polite [20], however, they can also be a request for con [rmhation.
For example, "Maybe close the ‘De aterOutputStream* heezf@l "Do we need to close the ‘De aterOutputStream’ here?
are similar comments, however the former is a polite suggestion that o [erk a solution, whilst the latter is a concern that
requires other developers to clear their doubts. The con [icts were resolved by considering comments with "Do we ...”?
questions as exhibiting uncertainty and therefore should be labelled as concern.

Presence of explanation (RQ2). The annotators reached 99% agreement with a Cohen’s kappa of 0.98 (near
perfect agreement) in the [rst round. Given that near perfect agreement was achieved, the [rst author performed the
annotations on the remaining sampled comments without the second round. There was only one con [icting case where

the comment asking "Isn’t there a complete_bipartite_graph functiosan be considered as a self-embedded rationale
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Fig.5. Comparing Informativeness and Comment Categories of Code Reviews by Experienced vs Inexperienced Reviewers

when viewed as a suggestion, and as lacking a rationale when viewed as a concern asking about the code change itself.
This case was resolved by considering with the context of the feedback type and code change.

Comment category (RQ3). The annotators reached 88% agreement with a Cohen’s kappa of 0.86 (near perfect
agreement) in the [rst round. Given that near perfect agreement was achieved, we omitted this task from the second
round. The most common types of con [icts arose from the misallocation of variable declaration changes to the resource
category. This category includes variable initialisation changes, which distinctly focuses on problems related to resource
allocation. Since changes such as improving the declared variable type do not alter the external behaviour of the code,
we categorise them as organisation of code a.k.a refactoring type code reviews instead.

5 PRELIMINARY ANALYSIS ON CODE REVIEW COMMENTS AND REVIEWER EXPERIENCE

Before evaluating the models trained with ELF, we [Tst investigate whether the nature of code reviews varies with
reviewer experience in reality. To investigate this, we compare the real distributions of informativeness and issue types
discussed between the review comments of inexperienced and experienced reviewers. To this end, we sample code
reviews of reviewers with polar opposite degrees of experience from the training set. We take extreme examples as
there are no hard thresholds for determining general experience groups. Since experience likely exists on a spectrum,
we abstain from using thresholds on intermediary ownership values to group code reviews. Thus, for this analysis, we
consider inexperienced reviewers as those where all of their RSO and ACO values are two standard deviations below
the mean or zero (RSO Repository = 0, ACO Repository = 0, RSO Subsystem = 0, ACO Subsystem = 0, RSO Package = 0,
ACO Package = 0). Conversely, we consider experienced reviewers as those where all of their RSO and ACO values are
two standard deviations above the mean (RSO Repository  0.63, ACO Repository  0.34, RSO Subsystem  0.71, ACO
Subsystem  0.38, RSO Package 0.85, ACO Package 0.5). Based on these extreme thresholds, we extracted a pool
of 1,031 reviews from inexperienced reviewers and 232 reviews from experienced reviewers. We randomly sample 88
examples from both pools of reviews, achieving a 95% con [dénce level with 10% margin of error. The [Ist and sixth
authors then manually annotated the sampled reviews together in terms of feedback type, presence of explanation and
comment categories. The reviewer demographic information was omitted to prevent con [rmhation bias.

Figure 5 (left) shows the comparative results in terms of informativeness metrics. We [nd that experienced reviewers
provided more suggestions and explanations than inexperienced reviewers. In particular, the di [erence in amount of
explanations was substantial ( 34%, this phenomenon is within expectation as code reviews are often used by senior
developers as a platform for knowledge transfer within a project [4]. We [nd that explanations are prevalent when
experienced reviewers are discussing complex issues e.g., deep functional defects, alternative implementation solutions.

Figure 5 (right) shows the comparative results in terms of comment categories. These categories are ordered from
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most useful (left) to least useful (right) as rated by open source developers [87]. We [nd that the code reviews from
experienced developers tend to focus on more critical problems such as functional defects, validation issues, logical

errors and incorrect usage of interfaces, whilst code reviews from inexperienced developers tend towards more trivial

issues such as naming conventions and visual representation. Although inexperienced reviewers do discuss functional

issues, the majority of issues were obvious syntactic bugs e.g., "Does this even work with a ;" inside those brackets?
whilst experienced reviewers largely focused on deeper issues that require explanations e.g., "Can we make sure these

two calls (ciphers and applicationProtocolCon g), or at least applicationProtocolCon g call, are made after the customizer is
applied? Otherwise we would end up violating HT TP/2 speci catioh Ihd€neral, the [ndings from our preliminary

analysis coincides with past research, which further motivates the ELF method.

6 RESULTS

In this section, we discuss the results with respect to the three RQs, which evaluate accuracy (5.1), informativeness (5.2)
and issue types discussed (5.3) in the comments generated by our experience-aware loss functions (ELF) method.

For the count based manual evaluation results on the 100 random samples, we are interested in measuring any
signi [cant improvements from our models compared to the original CodeReviewer model. To this end, we elect to
report statistical signi [cance based on the one-tailed two proportion Z-test [21]. The two proportion Z-test is used for
comparing two proportions for signi [cant di Cerknces, in this case one proportion would be the result of the original
CodeReviewer model and the other proportion would be the result of one of our models. We select a one-tailed test
as we are only interested in an improvement in one direction, e.g., signi [cant increase in the number of suggestions
generated out of 100 samples compared to the original CodeReviewer model.

6.1 (RQ1)What is the impact of ELF on the accuracy of code review comment generation models?

Below, we present the accuracy results of our ELF models based on BLEU-4, semantic equivalence, and applicability.

BLEU-4. All ELF models surpassed past methods in terms of matched n-grams. The best-performing ELF
models achieved 5% higher BLEU-4 scores than the original CodeReviewer modehs shown in Table 3, all ELF
models (with di Cerent ownership values at di [erent granularity levels) achieved higher BLEU-4 scores than the original
CodeReviewer. In contrast, the experience-aware oversampling models achieved lower BLEU-4 scores. Comparing the
performance of ELF models across di Lerent ownership values and granularities, all the models achieved comparable
BLEU-4 scores ranging from 7.29 to 7.6. The highest performing ELF models were | g2> 47> and | ggg 47>, both
recording without stop word BLEU-4 scores of 7.6, which is a ,5%increase over the original CodeReviewer model. The
results are also consistent when considering stop words in BLEU-4. These results suggest that ELF models can generate
more comments that are textually similar to the ground truth than past models.

Semantic Equivalence. Our ELF models achieved results comparable to those of the original CodeReviewer
model in terms of generating semantically equivalent comments to the ground truth.  Table 3 shows that
20 comments out of 100 samples generated by the original CodeReviewer model are semantically equivalent to the
ground truth. Our ELF models also achieve similar results, ranging from 17 to 23 comments that are semantically
equivalent to the ground truth , where seven of 12 ELF models generated more than 20 of such comments. In contrast,
all experience-aware oversampling models generated less than 20 semantically equivalent comments. The highest
performing ELF models were | og>47> and | apse:6 both achieving 23 correct matches. These results suggest that
the use of experience-aware methods does not have a large impact on the semantic equivalence of model generated

comments towards the ground truth. However, it is important to note that this evaluation did not consider the quality
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Table 3. BLEU-4 on the Entire Test Set, Semantic Equivalence & Applicablility on 100 Random Samples

Exp-aware Oversampling Exp-aware Loss Function (ELF)

| 02> | AB> | oE6 | <06

ORG| MRMA MR MA Repo  Sys Pkg| Repo Sys Pkg | Repo Sys Pkg| Repo  Sys Pkg

)4BC (4C 4r > (c>7F>pa3g 127 | 687#  671# T11# 76 " 756" 746" | 745" 757" 755" | 7.6 " 736" 745" 743" 729" 738"
4F (c>7F>a3B | 581 | 559# 55 # b572# 609" 607" 6.02"| 59" 61" 602" | 607" 595" 596" |593" 582" 599"

SE 20 14# 18# 19# 17# 21" 19# 23" 23" 20 22" 20 22" 22" 22" 19#

App 42 40 # 38# 44" 37# 54" 53" 52" 53" 53" 44" 43" 46" 48" 46" 44"

Original Code Reviewer (ORG, Major Reviewer Major Author (MRMA), Major Reviewer (MR), Major Author (MA), Repository (Rep Subsystem (Sy3, Package (Pkd

BLEU-4 (B4), Semantic Equivalence (SE), Applicablility (App)

Increased from ORG(""), Decreased from ORG(#), p<0.05 ( )

(0<?;4B

Table 4. Feedback Type and Presence of Explanation on 100 Random Samples

Exp-aware Exp-aware Loss Function (ELF)
Oversampling | 02> | AB> | oE6 | <0G
GT | ORG| MRMA MR MA | Repo Sys Pkg Repo Sys PkgRepo Sys PkgRepo Sys Pkg
Sug | 87 | 27 31" 28" 30" | 25# 34" 42" |34™ 35" 37" | 29" 24# 31" |30" 28" 30"
Con | 10 8 8 9" 11" |10" 17" 9" |14" 15" 11" |11" 16" 12" |12" 14" 12"
CQ 3 7 1# 1# 3#| 2# 3# 2#| 4# 3# 5#| 4# 3# 3#| 6# 4# 2#
Exp | 68 8 16" 6" 20"|10" 11" 15" 11" 18" 11" 11" 12" 13" |12" 11" 15"

Ground Truth (GT), Original Code Reviewer (ORG, Major Reviewer Major Author (MRMA), Major Reviewer (MR), Major Author (MA)
Repository (Repd Subsystem (Sy$, Package (Pkg, Suggestion (Sug), Concern (Con), Confused Question (CQ), Explanation (Exp)
Increased from ORG(""), Decreased from ORG(#), p<0.05 ( )

of generated comments. Given that our key goal is to improve the quality of generated comments by aligning with the
comments of experienced reviewers, we did not expect to achieve an improvement in terms of semantic equivalence
towards the general population of the dataset. To this end, we assess the quality of generated comments using the
subsequent metrics.

Applicability. Our ELF models can generate more comments that are applicable to the code changes than
the original CodeReviewer model. The top performing ELF model generated 29% more applicable comments
than the original CodeReviewer model. Table 3 shows that 42 comments out of 100 samples generated by the
original CodeReviewer model were applicable to the code change. All ELF models apart from | g2 47> generated
more applicable comments than the original CodeReviewer model, ranging from 43 to 54 applicable comments. For
experience-aware oversampling, only " could outperform the original CodeReviewer model. In total, eight of 12
ELF models generated more applicable comments than all past techniques. Comparing across ELF strategies, we found
that | agsmodels were consistently high performing, generating between 52 and 53 applicable comments. Overall,

I 02> (~B Was the top performer with 54 applicable comments, which is a statistically signi [cant increase of +29% over
the original CodeReviewer model.

RQ1: All ELF models surpassed past methods in terms of BLEU-4, achieving up to +5% increase over the original
CodeReviewer model. Overall, all ELF models achieved comparable results to the original CodeReviewer model
in terms of semantically equivalent comments. Our ELF models were able to generate more applicable comments
than all past methods, achieving up to +29% increase over the original CodeReviewer model.

6.2 (RQ2) What is the impact of ELF on the informativeness of code review comment generation models?

Feedback Type. Our ELF models provided more suggestions than all past methods. The top performing ELF

model generated 56% more suggestions than the original CodeReviewer modélable 4 shows that 27 comments out
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of 100 samples generated by the original CodeReviewer model were suggestions (64% of its applicable comments). With
the exception of | 02> 47> and | ggg (~B, all ELF models provided more suggestions than the original CodeReviewer
model, ranging from 28 to 42 suggestions. The experience-aware oversampling models also outperformed the original
CodeReviewer model in terms of number of generated suggestions, however, the improvements were not signi [cant.
Overall, [vd of 12 ELF models surpassed all past techniques in terms of generated suggestions, all of which were | g2>
and | agsmodels. Comparing across strategies, we found that | aogsmodels showed the most consistent improvements,
generating between 34 and 37 suggestions. Comparing across granularities, we found that package level models tended
to provide the most suggestions, as they were consistently the highest performer across all four strategies for this
task. The top performer, | o2 o6, generated 42 suggestions (79% of its applicable comments), yielding a statistically
signi [cant increase of +56% over the original CodeReviewer model.

All ELF models generated more concerns and fewer confused questions than the original CodeReviewer
model. The top performing ELF models generated 71% less confused questions than the original CodeReviewer
model. Table 4 shows that eight comments out of 100 samples generated by the original CodeReviewer model were
concerns. All ELF models generated more concerns than the original CodeReviewer model, ranging from nine to
17 concerns generated. Similarly, both ™ and " also provided more concerns than the original CodeReviewer
model, however, the di Lerknces were not signi [cant. Interestingly, subsystem level views tended to produce the most
concerns across all four strategies for this task. Table 4 shows that seven comments out of 100 samples generated by the
original CodeReviewer model were confused questions (17% of its applicable comments). All ELF models manifested
less confusion than the original CodeReviewer model, ranging from two to six confused questions generated. The top
performing ELF models, | 02> 42>, 1 02> 9:6 aNd | <0G _04:6 generated only two confused questions each (5% of their
applicable comments), which were statistically signi [cant decreases of -71% against the original CodeReviewer model.
Similarly, all experience-aware oversampling models also exhibited less confusion, with "™ and" generating
only one confused question each.

Presence of Explanation. We found that all ELF models tended to provide rationales more frequently than
the original CodeReviewer model. The top performing ELF model generated 125% more comments with rationales
than the original CodeReviewer model. Table 4 shows that eight comments out of 100 samples generated by the original
CodeReviewer model contained a rationale (19% of its applicable comments). All ELF models surpassed the original
CodeReviewer model in this regard, generating between 10 to 18 comments with rationales. Amongst the ELF models,
| AB>(~B Was the top performer, generating 18 of such comments (34% of its applicable comments), demonstrating a
statistically signi [cant increase of +125% over the original CodeReviewer model. Overall, experience-aware oversampling
models still provided the most explanations, with " generating up to 20 comments with rationales.

RQ2: Our ELF models were able to provide more suggestions than all past methods, achieving up to +56%
increase over the original CodeReviewer model. Similar to experience-aware oversampling, all ELF models also
generated more concerns with fewer confused questions, achieving up to -71% decrease compared to the original
CodeReviewer model in terms of confused questions generated. All ELF models provided explanations more
frequently, achieving up to +125% increase over the original CodeReviewer model.

6.3 (RQ3) What issue types are discussed in the ELF models’ code reviews?

Functional Issues. Our ELF models generated more comments related to functional issues than all past

methods. The top performing model identi ed +129% more functional issues than the original CodeReviewer
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model. Table 5 shows that seven comments out of 100 samples generated by the original CodeReviewer model were
related to functional issues (17% of its applicable comments). In this regard, nine of 12 ELF models surpassed all past
methods, generating between 10 to 16 functional issue related comments. In terms of experience-aware oversampling
methods, both ™" and " outperformed the original CodeReviewer model, however the improvements were
not signi [cant. Comparing across the granularities, we found that package level models tended to provide more
comments related to functional issues, however there was no observable pattern in the speci [Ctategory types that
yielded the improvement. Compared to the original CodeReviewer model, we found that | 2 o6 Was able to elicit [vd
new comments related to high priority issues, such as logical, validation, and functional defects. The top performing
model for this task was | oeg 04:6, Which generated 16 comments related to functional issues (35% of its applicable
comments), demonstrating a statistically signi [cant increase of +129% over the original CodeReviewer model. Most
of this improvement can be attributed to its ability to identify new logical errors and resource issues i.e., incorrect
initialisation, manipulation and release.

Evolvability Issues. Our ELF models generated more comments related to evolvability issues than the
original CodeReviewer model. Speci cally, all ELF models unanimously identi ed more documentation related
issues than the original CodeReviewer model. Table 5 shows that 24 comments out of 100 samples generated by the
original CodeReviewer model were related to evolvability issues. In comparison, six of 12 ELF models generated more
evolvability related comments, ranging from 27 to 29 of such comments. For experience-aware oversampling, both
and"  also slightly outperformed the original CodeReviewer model. Comparing across strategies, we found
that | aAgsmodels yielded the most consistent improvements, achieving a +13% increase over the original code reviewer
model. These improvements can be attributed to their ability to identify opportunities for improving documentation
and code element renaming. Interestingly, every ELF model identi [ed more documentation related issues, where | 92>
and | asmodels all achieved statistically signi [cant improvements, reaching up to +600% increase over the original
CodeReviewer model. All ELF models produced fewer comments related to trivial issues, i.e., visual representation,
achieving up to -50% decrease from the original CodeReviewer model. Overall, | oo o6 Yielded the most improvement,
with a +21% increase over CodeReviewer, identifying more improvement opportunities for a wide array of evolvability

issues (four of six categories).

Discussion. All ELF models outperformed past methods in terms of discussion invoking comments. The top
performing ELF models generated 150% more questions concerning implementation choices than the original
CodeReviewer modelTable 5 shows that three comments out of 100 samples generated by the original CodeReviewer
model were discussions. In contrast, all ELF models outperformed past methods, generating between six to 11 discussions.
In this aspect, experience-aware oversampling demonstrated negligible overall di Cerence compared to the original
CodeReviewer model. The majority of improvements from the ELF models can be attributed to an increase in questions
concerning implementation choices. In particular, | g2> (~B, | AB>(~B and | oeg (~B exhibited statistically signi [cant
increases of +150% over CodeReviewer in terms of these types of questions.

RQ3: Our ELF models identi [ed more functional issues than all past methods, achieving up to +129% increase
over the original CodeReviewer model. Our ELF models found more evolvability issues. Speci [cally, all ELF
models identi CLed more opportunities for improving documentation, achieving up to +600% increase over the
original CodeReviewer model. All ELF models generated more questions concerning implementation choices
than past methods, achieving up to +150% increase over the original CodeReviewer model.
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Table 5. Code Review Comment Categories on 100 Random Samples

Lin et al.

Exp-aware Exp-aware Loss Function (ELF)
Oversampling | 02> | aAB> | oE6 | <0G
GT | ORG| MRMA MR MA | Repo Sys Pkg Repo Sys Pkg Repo Sys Pkg Repo Sys Pkg

Total Functional Issues 35 7 9" 9" 7 10" 12" 13" (10" 11" 12"} 8" 9" 16" [11" 9" 11"
Functional Defect 6 2 2 1# 3" 1# 3" 4| 3" 2 2 2 1# 2 2 1# 2

Validation 6 1 2" 4" 0#] 1 1 2" 1 2" 1 o# 2" 1 2" 1 i
Logical 5 0 2" 1 1) 3" 4" 2v)p 1ot oo2v| 2" 2" 3 2" 2" 0#
Interface 7 1 0 # 1 0o#| 0# O0# 2" | 1 0# 1 0# 1 2" 1 o# 2"
Resource 6 2 2 0# 2 3" 2 1#) 3" 3" 5" 3" 2 6" | 3" 4" 2

Support 1] 1 1 1 1 1 1 1 1 1 1 1 1 1 1 1 1

Timing 4 0 0 1 0 i* 1" 1" 0 1" 0 0 0 1] 0 0 1"
Total Evolvability Issues 57 | 24 26 " 23 # 28 | 19# 27" 29|21 21" 21|24 21# 19# | 28# 21" 23#
Solution Approach 7 4 2 # 3 # 4 1# 3# 2#| 3# 4 3# | 3# 3# 2# | 3# 3# 5"
Documentation 7 0 3" 2" 2" 3" 4" 47| 4" 6 6" 3" 2" 1" | 2" 3" 2"
Organisation of Code 20 3 6" 3 9"| 2# 2# 5" | 4" 3 2# | 5" 5" 2#]| 4" 7" 2%
Alternate Output 6 4 3# 4 2 #| 1# 7" 6"| 3# 2# 4 1# 2# 4 4 1# 2#
Naming Convention 12 7 9" Tt 4 #| T 6# 8" | 9" 9" 9" | 7 5# 7 7 9" 8"
Visual Representation 5| 6 3 # 4 # 7| 5# S5# A#| A# 3# 3#| b5# A# 3#| 3#  A# A4
Total Discussion 3 4 4 5T 6" 11" 8"|10" 11" 8" | 7" 10" 7" | 7" 6" 8"
Question 1 4 4 2 # 4 6" 10" 7" 9" 10" 77| 6" 10" 7", 7" 6" 6"
Design Discussion 2 0 0 3" 17 0 1" 1" 1" 1 101" 0 0 0 0 2"
Other 2 0 0 0 1710 i 11" 1t 171 0 171 1" 0 0

Ground Truth (GT), Original Code Reviewer (ORG, Major Reviewer Major Author (MRMA), Major Reviewer (MR), Major Author (MA)
Repository (Repd Subsystem (Sy3, Package (Pkg, Functional Issue [ 7] Evolvability Issue [ Discussion [
Increased from ORG(""), Decreased from ORG(#), p<0.05 ( )

7 ANALYSIS AND DISCUSSION

In this section, we provide further analysis of our results. Firstly, we investigate the distribution of ownership values
and how they are related to each other (7.1). Secondly, we compare the quality of code reviews generated by ELF against
real code reviews (7.2). Thirdly, we discuss the BLEU-4 score improvements of our ELF models (7.3). Next, we discuss
the value of considering reviewer experience at di Lerknt granularities (7.4). Finally, we compare the performances of
di Cerent ELF strategies (7.5) and conduct a sensitivity analysis (7.6).

7.1 How are the di Lerknt ownership values distributed and what is their relationship to each other?

A di[erknce in behaviour amongst the ELF models is only possible if reviewers’ ownership ratios vary between the
authoring and reviewing perspective, and across the di [erknt granularities. Thus, we [rst investigate the distributions
and relationships of the di [erent ownership ratios to gain initial insight into why di [erent ELF models may generate
di [erknt code review comments.

The kernel density estimates of the ownership ratios in Figure 6 demonstrate that reviewers tend to have higher RSO
than ACO. In fact, many reviews are provided by experienced developers who contribute mainly via reviewing code,
rather than by writing code, which aligns with past [ndings [77]. Interestingly, a rise in ACO values consistently comes
with a rise in RSO values, indicating that developers who are responsible for a large portion of commits tend to also be
responsible for a larger portion of code reviews. Comparing across the dataset splits, it is evident that ownership ratios
in the training set are more concentrated around smaller values as opposed to the validation and test sets. This aligns
with intuition since it is more di [Cculk for an individual to gain high ownership coverage in large projects that have
more contributors. We [nd that ACO and RSO values consistently increase as we consider a more re [néd granularity,
indicating that many developers have more specialised coverage within the project. We report the Pearson correlation
for ACO in the training set between repository and subsystem (d=0.85), between subsystem and package (d=0.69) and
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Fig. 6. Kernel Density Estimates of ACO and RSO at Repository, Subsystem and Package Level

[nally between repository and package (d=0.58). We also report the Pearson correlation for RSO in the training set
between repository and subsystem (d=0.67), between subsystem and package (d=0.74) and [nally between repository
and package (d=0.67). - The divergence in both correlation and magnitude of ownership ratios between the di [erent
granular views indicate potential for varying signals. As such, a di [erence in model behaviour when employing ELF
from di Lerbnt granularities was within our expectation.

7.2 How do code reviews generated by ELF compare with the ground truth in terms of quality?

Whilst our main results section compares reviews generated by the di [erknt review comment generation models,
this section compares the reviews generated by the best performing models to the ground truth reviews provided by
human reviewers. The 100 ground truth examples were randomly sampled from the distribution of the test set, thus it
includes reviewers from a variety of experience levels. This is particularly relevant as code reviewing in reality is not
restricted to experienced reviewers only. The main reason for this design was to compare the nature of code reviews
generated from the di [erknt techniques against the nature of real code reviews that developers are receiving. We
report the summary statistics for the ownership values of these 100 samples (RSO Repository ,,‘ f " = (0.26, 0.24), ACO
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Fig. 7. Example of an ELF Model Generating a Natural Language Code Review with Embedded Code Snippet

Repository ,‘ f " =(0.14, 0.23), RSO Subsystem ,,* f " =(0.31, 0.26), ACO Subsystem , f " =(0.16, 0.24), RSO Package
. F7=(0.35,0.29), ACO Package ,' f " =(0.19, 0.26)). In terms of feedback type, the proportions of suggestions in
the 100 samples is 87%. For the best performing ELF strategy in this regard, | o2 o4:6, 0Only 79% of their applicable
comments were suggestions. The proportion of code reviews that had explanations in the 100 samples is 68%. For the
best performing ELF strategy in this regard, | ag>(~g, only 34% of their applicable comments contained explanations.
In terms of comment categories, 35% of the 100 samples discuss critical functional issues. For the best performing ELF
strategy in this regard, | ggg 4.6, 35% Of their applicable comments also discuss critical functional issues. Although the
ELF method yields similar behaviour with the real code reviews in terms of proportion of functional issues discussed,
they still fall short in terms of informativeness. Thus, reaching this informativeness standard still remains an objective
for current models. Future work should also progressively track model progress against more experienced reviewers.

7.3 Why do ELF models generate more textually similar reviews to the ground truth?

To investigate the unanimous improvement of ELF models in terms of BLEU-4, we manually analysed the top 10
examples for each ELF model in terms of the largest BLEU-4 delta against the original CodeReviewer model.

- We observe that all ELF models tended to provide code snippets with exact implementation suggestions embedded
within their natural language comment as opposed to the original model which tended to provide natural language
comments that occasionally included code elements. Thus, when ELF models were semantically equivalent to the
ground truth, they often provided close to exact match code implementations to explain their suggestions, which
achieves near perfect BLEU-4 results, as demonstrated in Figure 7. In the cases where ELF models did not achieve
semantic equivalence, they were able to locate the exact code that was considered problematic by the ground truth
comment, which also resulted in high n-gram matches. This [nding is signi [cant given that using code snippets to
explain implementations is rarely done in code reviews and a method used by experienced reviewers to guide new
developers in the project [100]. Often used for suggestions and citations, reviewers employ these code snippets when
the intended revision cannot be clearly described in words. This ensures that ideas can be quickly evaluated with less
room for miscommunication. Given that these types of comments are well received by developers, we consider this an
improvement in the quality of generated comments. We emphasise that the ELF models have learned this behaviour
without losing the ability to generate natural language reviews; this can be contrasted with the previously discussed
issue where models learned only to copy and paste code inputs due to problematic examples in the dataset that included
only code suggestions without any natural language component.
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Fig. 8. Diversity of Applicable Comments Generated by ACO and RSO Based Strategies in Terms of Comment Category

7.4 What is the value of considering reviewer experiences from di [erknt granularities?

As observed in the results, all granularities perform similarly in terms of BLEU-4, semantic equivalence and applicability.
However, similar metric results do not indicate that the di Cerent views are generating the same comments. To further
explore the value of employing di Cerent granularities, we examine whether there is a di [erknce in generated comments
within each of the four proposed strategies.

Firstly, we investigate the degree to which di [erknt granularities are achieving semantic equivalence on the same
ground truth examples. For | g2>, we [nd that the three granular views can cover 29 semantically equivalent comments
together with %8 being mutually inclusive and %—é attributable to only one unique view. For | op»we [nd that the
three granular views can cover 34 semantically equivalent comments together with %% being mutually inclusive and
%% attributable to only one unique view. For | geg we [nd that the three granular views can cover 32 semantically
equivalent comments together with %—8 being mutually inclusive and %—8 attributable to only one unique view. For | <G,
we [nd that the three granular views can cover 32 semantically equivalent comments together with %—% being mutually
inclusive and %—g attributable to only one unique view. - For all strategies, more than half of the total semantically
equivalent matches cannot be simultaneously covered by all three granular views, a substantial portion of which can
only be covered by one particular view. To further explore the diversity of the generated comments, we conducted the
same analysis on the types of elicited comments, which is displayed in Figure 8. Two applicable code reviews of the
same code change submission are considered to be di [erknt if they fall under di [erknt code review categories. For | g2,
we [nd that 32%, 44% and 42% of the applicable comments generated by repository, subsystem and package level views,
respectively, were completely unique. For | ao»the proportion of applicable comments that were completely unique
are 25%, 23% and 28%, respectively. - The high percentage of uniquely generated comments indicates that the varying
ownership ratios between the granularities in fact do elicit diverging perspectives. As such, we [nd that there is value
in considering all three granularities when training automated code review models with ELF.

7.5 Which ELF strategies elicit the most improvement in terms of code review comment quality?

Comparing across the strategies, we [nd that all three models of | aogsare consistently high performing across the
majority of the tasks, i.e., semantic equivalence, applicability, suggestions provided, identi [ed evolvability issues
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and discussion invoking comments. However, the subsystem and package level models of | g2> are consistently high
performing across nearly all tasks apart from semantic equivalence. - In contrast, we [nd that both | ggsand | <o
strategies rarely bring additional value, indicating that experience types should be considered separately during training.

Since the subsystem and package level models of both | g2>and | apsare top performing, we analyse their overlap in
issue types discussed in the generated comments. We [nd that the overlap between | g2 g5:6and | A6 IS ONly 22%
compared to the overlap between | g2> (~g and | aAp>(~g at 37%. - This indicates that the package level models of | g2
and | agsare not only more accurate and informative, but o Cerlthe most diverse range of code reviews. Compared to
CodeReviewer, | g2 946 i able to identify more high priority issues related to functional defects, validation errors,
and logical faults, which are the top three most useful code review categories as rated by open-source developers [87].
We highlight the signi [cance of this [nding as code reviews rarely [nd functionality defects in reality [15]. This
demonstrates that targeting reviewers’ coding experience at the package level can pinpoint critical code reviews
during model training. To complement | oo o4:6, | AB>%:6 IS able to catch more resource-related issues. | 92> o:6
improves on a wide variety of evolvability issues, i.e. documentation, organisation of code (refactoring), alternate
output and naming convention. Unlike visual representation issues (formatting), these evolvability issues are often
beyond the scope of traditional static analysis tools [90], making them highly valuable types of code reviews to generate.
More speci [cally, improving the organisation of code can help ameliorate low evolvability in systems, which hinders
developer productivity when adding features or [xihg bugs [6, 72]. On the other hand, | Ap>9:6 €Xcels at improving
documentation, which can aid the comprehensibility of the programs [61]. Overall, we [nd that both | g2>and | aAp>
strategies are the most e [edtive, especially at the package level. Given the diverse nature of these two models, it is
highly synergetic to integrate both models together.

7.6 How sensitive is the ELF method to weighting strategy selection?

Although the ELF method removes the need to tune ownership thresholds, there still exists the need to select a particular
loss function weighting. Through our results, we identi[ed | 925 o5:6aNd | AB>04:6 t0 be top performers, however, it
remains unclear how sensitive the ELF method is to strategy selection overall. To this end, we analyse the performance
gaps between the di Lerbnt weighting strategies, using the same statistical testing as the main results. Figure 9 shows the
distribution of results across all ELF weighting strategies. When not considering the aforementioned top performers, we
[nd that results can be sensitive to weighting strategy selection in terms of informativeness and issues types discussed,
whilst accuracy is generally consistent. We discuss [ndings from the sensitivity analysis in more detail below.

To re [edt the impact of weighting strategy selection on accuracy, we report the gap between the best and worst
performing ELF models in terms of BLEU-4, semantic equivalence and applicability. The distribution of accuracy results
are presented through the pink boxplots in Figure 9. In terms of BLEU-4, we [nd that the di [erences in performance are
minimal, where the maximum gap in BLEU-4 with and without stop words are merely 028(6.1-5.82)and 031(7.6 -
7.29), respectively. Similarly, we [nd statistically insigni [cant di [erences in semantic equivalence, where the maximum
gapis 6(23 - 17) in correct matches. In contrast, the | g2> '47> variant yields a statistically signi [cant decrease of 17
(54 - 37) in applicable comments from the top performer, whilst the rest of the variants yield insigni [cant di [erknces.
With the exception of the case mentioned above, we [nd that accuracy of the ELF method vary minimally to weighting
strategy selection.

To re [edt the impact of weighting strategy selection on informativeness, we report the gap between the best and
worst performing ELF models in terms of feedback type and presence of explanation. The distribution of informativeness

results are presented through the brown boxplots in Figure 9. In terms of feedback type, we [nd that the variation in both
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Fig. 9. Distribution of Results Across All ELF Strategies

suggestions and concerns provided can be statistically signi [cant, with a maximum gap of 18(42 - 24) in suggestions
and 8(17-9) in concerns. In contrast, we [nd that amount of confused questions generated only varied by a maximum
of 4(6 - 2), which is insigni [cant. Similarly, we [nd that the variation in amount of generated explanations is also
statistically insigni [cant, with a maximum gap of 8 (18 - 10). Thus, the ELF method varies minimally to weighting
strategy selection for certain informativeness measures, such as number of confused questions and explanations
generated, however, this selection causes large variations in the number of suggestions and concerns generated, when
not considering | 2> 94:6 and | AB>%:6

To re [edt the impact of weighting strategy selection on issue types discussed, we report the gap between the best
and worst performing ELF models in terms of the categories of generated comments. These distributions are presented
through the purple boxplots in Figure 9. In terms of functional issues, we [nd that| gge'47> can yield a statistically
signi [cant decrease of 8 (16 - 8) from the top performer, whilst the rest of the variants yield insigni [cant di [erknces.
For evolvability issues, we [nd that variations can be signi [cant, where the maximum gap is  10(29 - 19). In contrast,
the amount of generated discussions vary minimally, where the maximum gap is 5(11 - 6). In general, the ELF method
varies minimally to weighting strategy selection in terms of functional issues and discussions. On the other hand, this
selection can cause signi [cant variations in number of comments generated regarding evolvability issues, when not
considering | 92> o5:6and | AB>0:6:

Since behaviour in terms of various informativeness measures and issues types discussed can vary due to the selected
weighting strategy, future researchers and practitioners should preliminary evaluate the di [erent strategies on any
validation set of interest before selection. Nevertheless, | 92> o5:6 aNd | AB>94:6 remain consistently top performing
across all evaluation metrics in our experiments.

8 BROADER IMPLICATIONS

We now discuss the broader implications of our study.
Practitioners. In theory, if code review comment generation models could successfully mimic experienced reviewers

in disseminating expert knowledge during the review, the usefulness of the tool would better align with preferences
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of developers [40]. However, given the non-trivial nature of the task, the state of open source code review comment
generation models is still far from practical, as exhibited by the large portion of non-applicable comments being
generated. Whilst our released model checkpoints can be directly deployed for inference with frameworks that support
the T5 language model architecture, software developers and project maintainers should proceed with caution, given
the tool is in early development and has not demonstrated completely reliable levels of accuracy. Nevertheless, the
ELF method presents a data e [cieht way to improve code review comment generation models, which is especially
critical given the sparsity of such corpora. For model developers who want to leverage ELF to train their code review
comment generation models, there are two base requirements that need to be ful [0Idd, 1) abundant code review data
from mature software projects, and 2) accurate version control history. An abundance of code review data is needed
such that generalisable patterns can be learned, and mature software projects are required such that experienced
reviewers can exist. For a single project, the amount of code review data from experienced reviewers is often insu [Cieht,
thus practitioners should incorporate mature projects that have similar characteristics to their target project e.g.,
application domain, software engineering standards, programming languages. Whilst there is no established threshold
for determining when a project can be considered mature, the rule of thumb used to collect the training set was more
than 2.5k pull requests [48]. In terms of accurate version control history, practitioners can bene [firom projects where
a complete record of the history is available, and the entirety of each reviewer’s involvement in the project can be
resolved to one pro [Iel Additionally, a more accurate calculation of the subsystem and package level expertise can be
achieved if the model developers use projects where the ground truth software architecture is known. To implement ELF
in a real work [aw, model developers need to 1) extract all code reviews along with pull-request and commit histories
from the version control systems of target projects, 2) pre-calculate the ownership ratios for each example, 3) train their
code review comment generation model with the ELF methodology, 4) deploy the static model in their code review
platform, and 5) repeat steps 1-4 with newer code reviews when performance degradation is observed.

Whilst open source code review comment generation models are still in the early stages of development, our
[ndings highlight the importance of attending to examples involving expert feedback during model training. As such,
practitioners should consider integrating reviewer experience into future model development as it can help optimise
the usefulness of such tools for the developers they assist.

Researchers. Whilst our preliminary results show promising signs for integrating reviewer experience into the
training process of code review comment generation models, there are various areas for improvement. Firstly, the
accuracy of subsystem and package level experience estimation is dependent on the ability to approximate ground truth
software architectures. However, manual recovery of these architectures is unfeasible given the number of projects
needed for building state-of-the-art models, therefore our approach relied on a heuristic based approximation that
can be suboptimal. Future researchers should explore the potential integration of methods in automatic software
architecture recovery, such as those that rely on data mining [16], information retrieval [64] or clustering [2, 57, 96].
This can facilitate more accurate experience estimation for [na-grained ownership ratios, thus improving the reliability
of the ELF method. Secondly, our ability to holistically evaluate the techniques on the entire test set is restricted by the
absence of reliable automatic evaluation methods. As a result, our study relied on costly manual evaluation, which only
scales to small samples. Future researchers should investigate reliable automatic methods to evaluate natural language
code reviews in terms of semantic equivalence, applicability, informativeness measures and comment categories. This
can facilitate rapid development e.g., search optimal parameter con [gurations or loss function designs. Additionally,
the domain knowledge of experienced reviewers can often be project speci [CAnd dependent on contextual information

beyond the input code hunk. As a result, the limited contextual information presents a restrictive upper bound on the
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e Cedtiveness of the ELF method. Future researchers should investigate ways to retrieve and incorporate relevant project
information discussed by the code review comment.

Whilst this study integrates the notion of reviewer experience into the [né-tuning process of code review comment
generation models, the idea can be applied to any Al for software engineering task involving human created artifacts.
The only condition is that developer characteristics must induce a meaningful di Cerence in the artifact of concern.
Additionally, the use of ownership ratios is not restricted to weighting loss functions, and can be incorporated into
any technique that uses quanti [afile measures e.g., weighting the ranking in retrieval systems [43] or weighted data
sampling [11, 60]. In summary, our study sheds light on the utility in considering the characteristics of developers
behind the targeted artifacts, which is a perspective that should be considered more generally by all researchers working
on Al for software engineering.

9 THREATS TO VALIDITY

We now discuss the threats to the validity of our study.

Internal Validity. To ensure that our representation of CodeReviewer is faithful to the original paper [48], we
utilised their exact replication package, pre-trained checkpoint, hyper-parameters, and training setup. The only varying
factors are the [féred dataset used for [nd-tuning and the experience-aware techniques that we introduce. Ownership
values may be underestimated when records of reviews or commits are lost, users are unsearchable, users use multiple
accounts, and when projects are rebased or deleted. As BLEU-4 is not an adequate measure for comprehensively
evaluating the correctness of the automated code review models, we not only employ manual evaluation to capture
semantic equivalence with the ground truth, but we also assess the applicability of the comments irrespective of the
ground truth. To capture the informativeness of generated reviews, we conduct manual evaluation in terms of both
feedback type and presence of explanation. To capture the change in behaviour in terms of the subject of generated
comments, we conduct manual evaluation on the review category type. Since manual evaluation is prone to subjectivity
and bias, the two annotators conducted the manual evaluations independently with the sources of the generated reviews
masked. All con [icts were resolved together until a satisfactory inter-rater agreement level was reached, resulting in a
re [ndd guideline that was used to complete the rest of the annotations. Two additional reviewers then independently
checked the [nal results for consistency. To manage the scale of manual annotation, we sampled at a 95% con [ddnce
level with a 10% margin of error, rather than a more precise 5% margin of error. Nevertheless, we reported statistically
signi [cant results under the one-tailed two proportion Z-test. All research outputs are included in the replication
package for transparency *.

External Validity. Our experiments on model training focused on 519 of the most starred projects on GitHub, with
more than 2,500 pull requests. Thus, the behaviours elicited from our ELF technique may not generalise to smaller
scale software projects or to developers in other code review environments, e.g., Gerrit or closed source development.
Additionally, the dataset consists of only inline code review comments, which dictates the nature of the discussion. As
such, these [ndings may not generalise to other types of code review comments, e.g., commit level or pull request level.

10 CONCLUSION
The [eld of code review comment generation has demonstrated the potential of deep learning based language models in

automating the cognitively loaded task of code reviewing. Whilst past studies have focused on technical improvements

4https://zenodo.org/records/15400484
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using techniques derived from the [eltl of machine learning, our study explores the potential of leveraging the software
engineering concept of reviewer experience to elicit higher quality code reviews from automated code review models. Our
proposed experience-aware loss function (ELF) method re-weights the training data using traditional ownership metrics
that re [edt a reviewer’s authoring and reviewing experiences at the repository, subsystem, and package level. Through
both quantitative and qualitative evaluation, our results show that certain ELF models can surpass all past methods in
terms of both accuracy (RQ1) and informativeness (RQ2), whilst also identifying more functional and evolvability issues
(RQ3) in the process. In particular, we found that considering both authoring and reviewing experiences separately at the
package level was the most bene [Cidl; however, the uniqueness of the comments elicited from both the repository and
subsystem level view also demonstrate that di [Lerent granularities are highly complementary. We hope that our [ndings
can inspire future work in review comment generation to also consider integrating established software engineering
concepts and theories into the design of automated code review models.
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