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Abstract—The automation of code review has been tackled
by several researchers with the goal of reducing its cost. The
adoption of deep learning in software engineering pushed the
automation to new boundaries, with techniques imitating devel-
opers in generative tasks, such as commenting on a code change
as a reviewer would do or addressing a reviewer’s comment
by modifying code. The performance of these techniques is
usually assessed through quantitative metrics, e.g., the percentage
of instances in the test set for which correct predictions are
generated, leaving many open questions on the techniques’
capabilities. For example, knowing that an approach is able to
correctly address a reviewer’s comment in 10% of cases is of little
value without knowing what was asked by the reviewer: What
if in all successful cases the code change required to address
the comment was just the removal of an empty line? In this
paper we aim at characterizing the cases in which three code
review automation techniques tend to succeed or fail in the two
above-described tasks. The study has a strong qualitative focus,
with ∼105 man-hours of manual inspection invested in manually
analyzing correct and wrong predictions generated by the three
techniques, for a total of 2,291 inspected predictions. The output
of this analysis are two taxonomies reporting, for each of the
two tasks, the types of code changes on which the experimented
techniques tend to succeed or to fail, pointing to areas for future
work. A result of our manual analysis was also the identification
of several issues in the datasets used to train and test the
experimented techniques. Finally, we assess the importance of
researching in techniques specialized for code review automation
by comparing their performance with ChatGPT, a general
purpose large language model, finding that ChatGPT struggles
in commenting code as a human reviewer would do.

Index Terms—Automated code review, empirical study.

I. INTRODUCTION

THE benefits of code review are well-known and supported
by empirical evidence [8], [9], [27], [29], [39]. However,

works in the literature also documented the non-trivial costs
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of such a process [11], [36], [37]. To bring down such a cost,
researchers proposed techniques to (partially) automate code
review tasks. Originally, most of the approaches aimed at rec-
ommending appropriate reviewers for a given code change [5],
[7], [19], [20], [28], [30], [35], [43], [52], [56], [57]. With the
rise of Deep Learning (DL) in software engineering, researchers
started addressing more challenging generative tasks aimed at
imitating human developers. Two concrete examples are the
tasks automated by Tufano et al. [48]1 using a Transformer
model. The first, named code & comment-to-code, aims at
automatically implementing a revised code (Cr) given the code
submitted for review (Cs) and a reviewer comment (Rnl). Thus,
the input of the approach is represented by a pair 〈Cs, Rnl〉,
while the output is Cr.

The second, named code-to-comment, aims at commenting a
code submitted for review as a reviewer would do: The input
of the approach is Cs, while the expected output is Rnl (i.e., a
natural language comment asking for changes to Cs).

The work by Tufano et al. [48] is only the first of several fo-
cusing on automating one or both of these tasks [18], [22], [23],
[48]. These techniques have been evaluated on test sets con-
taining hundreds of instances representative of the automated
tasks. For example, for the code & comment-to-code task, the
test sets feature 〈Cs, Rnl〉 pairs which are fed to the approach
to assess whether it can address the reviewer’s comment Rnl

and generate the expected Cr. The outcome of these evaluations
is a mostly quantitative report showing, e.g., the percentage of
instances in the test set for which the approach successfully
generated a prediction. However, such quantitative measures
only tell part of the story. Indeed, it could happen that the
approach is targeting the low-hanging fruits, being successful in
only simple code review scenarios which are unlikely to save
developers’ time. For the code & comment-to-code task this
might mean successfully addressing mostly comments requir-
ing minor changes to Cs (e.g., addition/removal of whitespaces
to improve the formatting). Similarly, for the code-to-comment
task the approach could overfit and mostly be successful in
posting comments related to e.g., replacing the == operator in
Java with an equals invocation when needed. In other words,
little is known about the code review scenarios in which these
techniques succeed or fail.

1We refer to our previous works in the area as Tufano et al. because the
set of authors only partially overlaps.
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TABLE I
SUMMARY OF RELATED WORK. FOR LI Z. ET AL. [23] THE SIZE OF THE TEST SET REFERS TO JAVA INSTANCES ONLY

Reference Venue Task Granularity Underlying # Training # Test
technique instances instances

Tufano M. et al. [46] ICSE’19 code-to-code method NMT 8.6k 1k

Tufano R. et al. [49] ICSE’21 code-to-code method NMT 13.7k 1.7k
code & comment-to-code

Tufano R. et al. [48]
ICSE’22 code-to-code method T5 (pre-trained) 134.2k 16.7k

code & comment-to-code
code-to-comment

Thongtanunam et al. [42] ICSE’22 code-to-code method NMT 118k 14.7k

Li L. et al. [22] ESEC/FSE’22 code & comment-to-code method T5 (pre-trained) 87k 1k
code-to-comment

Hong et al. [18] ESEC/FSE’22 code-to-comment method IR 13.7k 1.7k

Li Z. et al. [23]
ESEC/FSE’22 code & comment-to-code diff hunk T5 (pre-trained) 117.7k 2.2k

code-to-comment 150.4k 1.6k
code quality estimation 265.8k 66.4k

To fill this gap, we manually analyzed 2,291 predictions
generated by three state-of-the-art techniques [18], [23], [48]
automating the code review tasks previously described. The
predictions have been generated on the original test sets used
in the papers presenting the subject techniques.

The result of such an analysis are two taxonomies (one
per task) featuring a total of 120 types of code changes re-
quested during code review (e.g., extract method refactoring,
add thrown exception) with indication about the extent to
which state-of-the-art techniques are successful in (i) requesting
their implementation when needed by properly commenting
the submitted code as a human reviewer would do (code-to-
comment task); (ii) automatically implementing them to address
a reviewer’s comment (code & comment-to-code task).

We found that the proposed techniques can provide support in
a wide variety of code changes. However, there are areas of our
taxonomies in which the approaches consistently fail, pointing
to the need for more research. As a concrete example, the ex-
perimented techniques struggle when they need to recommend
(code-to-comment task) or implement (code & comment-to-
code task) complex code changes spanning across several code
components. This is due to the “view” they have of the code
base, usually limited to a single function or diff hunk submitted
for review. This indicates the need for enriching the contextual
information provided to these techniques.

During our manual analysis we also found that ∼25% of the
instances in the inspected datasets are the result of data extrac-
tion errors possibly undermining the techniques’ performance
and questioning the validity of the evaluation performed on the
test set. We discuss the reasons for such problematic instances.

Finally, given the recent proposal of general purpose Large
Language Models (LLMs) such as ChatGPT [1], it is unclear
what the actual need is for code review automation via spe-
cialized techniques. We compared the three subject approaches
with ChatGPT, showing that, while the latter represents a com-
petitive solution for the code & comment-to-code task, it suffers
in the code-to-comment task.

We release [4] all data used in and output of our study.

II. RELATED WORK

Most of the works in code review automation aim at recom-
mending the most suited reviewer for a given change [5], [7],
[12], [19], [20], [28], [30], [35], [41], [43], [52], [53], [54], [56],
[57]. These works differ in the features and algorithms used for
the recommendation. Other techniques focus on the binary clas-
sification of the quality of the code submitted for review (i.e.,
whether the change should be accepted or not) using machine
[12] or deep [23], [40] learning. Our work is however mostly
related to the techniques aimed at imitating human reviewers
by automatically reviewing the submitted code. Thus, we fo-
cus our discussion on these techniques which are summarized
in Table I.

Tufano M. et al. [46] proposed the usage of Neural Machine
Translation (NMT) to learn how to automatically modify a
given Java method as developers would do during a pull request
(PR): The NMT model takes as input a method submitted in a
PR and implements code changes likely to be required during
the review of the PR.

Tufano R. et al. [49] built on top of this idea by presenting two
transformer-based models to automate two code review tasks.
The first, named code-to-code, is a replica of the task automated
by Tufano M. et al. [46]: It takes as input a Java method
submitted for review (Cs) and implements changes likely to
be required during code review, producing a revised method
Cr. The second is the already discussed code & comment-to-
code task.

Both of the aforementioned works suffered of a major limi-
tation: They relied on a code abstraction process to reduce the
vocabulary size and simplify the learning of the DL models.
This means that the models did not work on raw code, but
on an abstracted version of it in which, for example, variable
names were replaced with a VAR_ID token, with ID being a
progressive number going from 1 to n (n= number of variables
declared in the method). However, such an abstraction had
a cost to pay, since the models were not able to implement
code changes requiring the introduction of new identifiers and
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literals. To understand this point let us consider the code-to-
code task, in which the model takes as input a submitted method
Cs and generates a revised method Cr. Both the input and
the generated method are abstracted. The abstraction process
applied to Cs allows to map each identifier to its abstracted
version. For example, it is possible to know that a variable
sum in Cs has been mapped to VAR_1. Thus, if the generated
Cr method features VAR_1, it can be mapped back to sum,
making Cr understandable by the developer receiving such a
recommendation. Differently, if Cr features a new identifier
VAR_4 which was not present in Cs, it is not possible to map
it to raw code, making the recommendation useless. For this
reason, both of these works [46], [49] only automated very sim-
ple code review tasks, mostly requiring re-arranging the code
tokens in Cs and avoiding the introduction of new identifiers
and literals.

To address this limitation, Tufano R. et al. [48] proposed a
new approach which exploited the Text-To-Text Transfer Trans-
former (T5) model [34] and adopted a SentencePiece tokenizer
[21], allowing the model to work with raw source code by
keeping under control the vocabulary size, avoiding the need for
abstraction. Besides reporting better performance as compared
to their previous approach [49], this work is also the first one
attempting the automation of the code-to-comment task (i.e.,
commenting the code to request changes as a human reviewer
would do).

Thongtanunam et al. [42] also used transformers to automate
code review. They focused on the code-to-code task, comparing
with the original work by Tufano M. et al. [46] and showing the
superiority of their approach.

Li L. et al. [22] relied on pre-trained DL models to im-
prove the performance achieved by Tufano R. et al. [48] on
the code & comment-to-code and the code-to-comment tasks.
Hong et al. [18] showed instead that a simpler approach based
on IR can achieve competitive performance as compared to DL
models when it comes to the code-to-comment task: Rather
than generating a reviewer’s comment for a submitted Java
method (as done by the DL-based techniques), the approach by
Hong et al. [18] identifies in the “training set” the method Cms

being most similar to the Cs submitted for review. Based on
this information, it retrieves review comments which have been
posted in the past for Cms, assuming they would be valuable
for Cs as well. Both Li L. et al. [22] and Hong et al. [18] show
the superiority of their technique as compared to the approach
by Tufano R. et al. [48].

Finally, Li Z. et al. [23] targeted the automation of three
code review tasks. The first among these represent the binary
classification of submitted code to decide whether it needs a
review or can be accepted as is. The other two tasks are code-
to-comment and code & comment-to-code. One aspect makes
this work particularly novel as compared to those previously
discussed: While all previous techniques work at method-level
granularity (i.e., they take as input a method submitted for
review), the approach by Li Z. et al. [23] takes a “diff hunk”,
namely an area of a specific file modified in a code change
to be reviewed. This allows the model to generate file-level
“reviewers’ comments” such as those asking changes to the

import statements, which are ignored by previous techniques.
Given also its ability to work with code written in nine different
programming languages, this is currently considered the state-
of-the-art technique.

III. STUDY DESIGN

The goal of this study is to assess the capabilities of state-
of-the-art techniques for code review automation. The context
consists of: (i) three techniques, i.e., Tufano R. et al. [48]
(T5CR), Li Z. et al. [23] (CODEREVIEWER), and Hong et al. [18]
(COMMENTFINDER); (ii) two code review tasks for which the
subject techniques provide automation, i.e., code-to-comment
and code & comment-to-code; and (iii) instances featured in
the test datasets on which the techniques have been evaluated
in the papers presenting them. We do not aim at comparing the
performance of the three techniques to understand which one
is the best. Rather, we look at them as a whole to understand
the status of code review automation.

We address the following research questions (RQs):
RQ1: What are the characteristics of correct and wrong

recommendations generated by techniques for code review
automation? We cluster the predictions generated by the ex-
perimented techniques into two sets representing instances for
which the approaches generated a correct or a wrong prediction.
Then, we quantitatively compare these two sets. For the code-
to-comment task we compare the “complexity” of the comments
to automatically generate (i.e., those present in the ground
truth). Similarly, for the code & comment-to-code task, we
compare the “complexity” of the code changes to implement.
Such an analysis will shed some light on the extent to which
the state-of-the-art techniques overfit towards the low-hanging
fruits of the datasets.

On top of this, we qualitatively analyze 2,291 predictions
generated by the three approaches (equally distributed between
correct and wrong predictions) to characterize the type of code
change they were able to request (code-to-comment task) or
to automatically implement (code & comment-to-code task).
The objective is to understand the scenarios in which these
techniques are successful vs those in which they tend to fail. For
example, if the outcome reveals that for the code & comment-to-
code task the techniques are mostly successful in implementing
formatting changes, but tend to fail when dealing with more
challenging code changes (e.g., fixing a bug), this would ques-
tion their usefulness.

RQ2: To what extent are the datasets used to train and test
techniques for code review automation suitable for such a
scope? Through qualitative analysis we unveil the presence of
problematic instances in the datasets used in the subject studies,
calling for better dataset-cleaning pipelines.

RQ3: How do techniques for code review automation
proposed in the literature compare to state-of-the-art large
language models? We compare the three subject techniques
with ChatGPT [1] as representative of LLMs. Such a com-
parison informs the need to further invest in automating code
review through specialized models rather than relying on
general-purpose LLMs.
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TABLE II
INSPECTED INSTANCES

Reference Task # Correct (%) # Wrong (%) Inspected Correct Inspected Wrong Valid Correct Valid Wrong

T5CR [48] code&comment-to-code 2′363 (14.08%) 14′417 (85.92%) 178 272 199 167
code-to-comment 354 (2.11%) 16′426 (97.89%) 200 227 169 189

COMMENTFINDER [18] code-to-comment 479 (2.85%) 16′301 (97.15%) 234 254 169 176

CODEREVIEWER [23] code&comment-to-code 599 (27.15%) 1′607 (72.85%) 197 317 197 176
code-to-comment 0 (0%) 1′611 (100%) - 412 50 179

A. Study Context

We present the study context in terms of experimented tech-
niques and datasets/predictions we analyzed.

1) Techniques for Code Review Automation: Our work
focuses on techniques aimed at imitating human reviewers,
thus automating the code-to-comment and/or code & comment-
to-code task. Based on our analysis of the literature, five ap-
proaches target these tasks: Tufano R. et al. [49], T5CR [48],
COMMENTFINDER [18], CODEREVIEWER [23], and Li L. et al.
[22]. Tufano R. et al. [49] has been excluded since in their
followup work [48] the authors showed the superiority of the
newly presented technique (T5CR) as compared to their first
attempt [49] in automating code review. Li L. et al. [22], instead,
has been excluded after inspecting the replication package
shared by the authors: We rely on the authors’ replication pack-
ages to download (and then inspect) the predictions generated
by their model on the test set. The replication package for Li L.
et al. [22] featured 987 predictions for the 1,055 instances in the
test set, casting doubts on the mapping between test instances
and predictions. Also, 7 of these predictions had one or more
“partial duplicate” in the training set, meaning that the training
set featured the same code instance (i.e., the same code for
which the technique had to automatically generate “reviewer’s
comments”) of an entry in the test set with a different target
message. While this is not a problem in principle, this plays
a role in our qualitative evaluation, where we analyze whether
the comments generated by these techniques are semantically
equivalent to the expected one (despite they might use a differ-
ent wording). Having the same code instance in the training set
allows the approach by Li L. et al. [22] to “reuse” the reviewer’s
comment from the training set, thus generating something that,
for sure, will be meaningful. For these reasons we discarded this
technique from our study. This left us with the three techniques.

For the code-to-comment task, we consider predictions
generated by all three approaches with: T5CR [48] being
representative of DL-based techniques working at method-
level granularity and not considering the code diff as an in-
put; COMMENTFINDER [18] being representative of IR-based
techniques also working at method-level granularity; and
CODEREVIEWER [23] being representative of DL-based tech-
niques working at “diff hunk” granularity and considering the
code diff as an input. For the code & comment-to-code task
we only consider T5CR and CODEREVIEWER, since COMMENT

FINDER does not provide support for such a task.
2) Datasets and Predictions: From the replication packages

of the three techniques [18], [23], [48] we collected the test sets
used for their evaluation and the corresponding predictions. The

size of the test datasets is reported in Table I. There are two main
differences among the datasets. The first is in the representation
of the code submitted for review that is provided as input to the
technique (Cs). While for T5CR [48] and COMMENTFINDER [18]
Cs is a Java method, for CODEREVIEWER [23] is a diff hunk.
The second concerns the fact that T5CR and COMMENTFINDER

only work with Java code, while CODEREVIEWER supports nine
languages, including Java. In our study we only considered
Java instances for consistency and to simplify the following
described manual analysis.

B. Data Collection and Analysis

1) RQ1: Correct vs Wrong Recommendations: To answer
RQ1 the first step is to classify the predictions by the three
approaches as correct or wrong. We considered a prediction as
correct if it represents an exact match (EM) with the target (i.e.,
the expected output). This means that for the code-to-comment
task the model generated a comment identical to the one written
by human reviewers, while for the code & comment-to-code
task the model implemented a code change required by the
reviewer exactly as the human contributor did. For each pair
of technique and automated task, such a process resulted in the
identification of the buckets of correct and wrong predictions re-
ported in Table II (columns “# correct (%)” and “# wrong (%)”).
While the EM metric has been used in the evaluation of the
three techniques, we acknowledge that it has strong limitations,
since it provides quite a strict definition of correctness. For
example, an automatically generated natural language comment
requesting the same code changes of the target comment with
different wording is considered wrong. While this undermines a
purely quantitative assessment of performance, in our study we
use EM only as a mean to identify candidate correct and wrong
predictions. The predictions will undergo a manual analysis
which, for example, considers correct generated messages being
semantically equivalent to those posted by the human reviewers.

Qualitative Analysis. The goal of the manual analysis was
to characterize the type of code change the experimented tech-
niques were (or were not) able to request (code-to-comment
task) or to automatically implement (code & comment-to-
code task). For each of the above-described buckets of correct
and wrong predictions (as identified via the EM analysis), we
targeted the manual inspection of 167 valid instances, corre-
sponding to a statistically significant sample with at least a con-
fidence level of 99% and confidence interval of ±10% for each
bucket. The target of 167 instances was defined by computing a
sample size (SS) calculation formula [38] on the bucket having
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the largest “population” (i.e., wrong predictions generated by
T5CR for the code-to-comment task, with 16′426 instances):

SS =
z2×p(1−p)

e2

1 +
(

z2×p(1−p)
e2·N

)

where p is the predicted probability of the observation event to
occur, set to 0.5 when not known a priori (as in our case), N is
the population size, e is the estimated margin of error (±10%),
z is the z-score for a given confidence level (in our case, 2.58
for the 99% confidence). As it can be seen from the formula,
the larger N , the larger the sample size. Thus, using the largest
“population” to compute the number of instances to inspect is
a conservative choice, ensuring even better confidence when
working on smaller buckets.

We use the term “valid” instances to account for the following
scenarios. First, when inspecting a prediction falling in one of
the wrong buckets it is possible that we realize that the predic-
tion is actually correct (e.g., the comment generated/retrieved
by the technique uses different wording as compared to the
target, but it is semantically equivalent). In this case, while
we inspected a wrong instance, it will actually fall into the
corresponding correct bucket. Second, we discarded several
problematic instances we found in the test sets of the exper-
imented techniques. For example, we found instances in the
code & comment-to-code task for which, given the input code
as context, it was impossible even for a human to understand
the associated reviewer’s comment (i.e., what the reviewer was
asking to change in the input code). Indeed, the reviewer’s
comment referred to a wider context (e.g., parts of the code
base not provided as input to the model), making the prediction
impossible for the automated technique. These are problem-
atic instances in the test set rather than failure cases of the
technique, and we document them in RQ2. In summary, an
instance was considered “valid” if, given the input information
(i.e., Cs for the code-to-comment task, and 〈Cs, Rnl〉 for the
code & comment-to-code task), it was possible for a human to
understand the rationale for the related output: For the code-to-
comment task, this means that the human evaluator was able to
understand what the Rnl comment to generate refers to (i.e.,
what the problem in the submitted code Cs spotted by the
reviewer is); for the code & comment-to-code task, the evaluator
considers an instance valid if the changes resulting in the revised
code Cr to generate actually address the reviewer comment Rnl

posted for the submitted code Cs. The instances to inspect were
randomly selected from each bucket until the target number of
valid instances was reached.

The columns “Inspected correct” and “Inspected wrong” in
Table II report, for each bucket, the number of instances we
ended up manually inspecting to reach our target of 167 valid
instances per bucket. Overall, we inspected 2,291 instances.
Each instance has been independently inspected by two authors
(from now on, evaluators) who were tasked with classifying the
type of change to request (code-to-comment) or to implement
(code & comment-to-code). Five authors were involved in the
manual analysis. On average, the authors have 13.4 years of
programming experience (min= 6) and 9.2 years of experience
with Java (min= 5), the language used in the inspected datasets.

One of them holds a PhD in software engineering, and three
more are currently pursuing a PhD in software engineering. One
is a software engineer.

The whole process was supported by a web app we devel-
oped that implemented the required logic and provided a handy
interface to visualize the instance to label. For each instance,
the evaluator was presented with: (i) the input provided to the
approach; (ii) the generated prediction; and (iii) the expected
output. As a result of the inspection, the evaluator could classify
the instance or discard it as non-valid, providing an explanation
as to why it was discarded.

The classification required to assign the instance one or
more labels describing the change (e.g., refactoring → extract
method). Each evaluator was free to define their own label(s)
(i.e., open coding procedure), as they felt it was needed to
properly describe the change: For this specific task, it was
not possible to define upfront all possible labels, making card
sorting [13] not suitable for our study. Indeed, while there are
taxonomies of issues identified during the code review process
[10], [24], [33] their abstraction level is not suitable for our goal.
For example, the taxonomy by Mäntylä et al. [24] includes a
category named evolvability defects → structure which is too
coarse grained to investigate the automation capabilities of the
subject techniques. To provide a concrete example, the taxon-
omy depicting the types of changes that the three techniques
were (or were not) able to automatically request in the code-
to-comment task (Fig. 1) we have an entire tree dedicated to
the recommendation of refactoring operations (which would
fall under the evolvability defects → structure taxonomy from
[24]). Our taxonomy includes concrete refactoring operations
(e.g., Extract method, Change variable/constant type), some
of which are successfully recommended by the experimented
techniques, while others consistently represent failing scenar-
ios. The fine-grained nature of our taxonomy allows to observe
these differences.

The agreement among the authors was to define each label
in the form parent → child, where parent was a coarse-grained
description of the change while child was a more specific, fine-
grained description. New labels defined by an evaluator were
made available in the web application to the other evaluators.
While this goes against the notion of open coding, this allows to
reduce the chance of multiple evaluators defining similar labels
to describe the same type of change while not substantially
biasing the process. The evaluator was also in charge of flagging
instances in the wrong buckets as “actually correct” in case
they felt that the prediction, while different from the target,
was correct.

The manual evaluation was performed in three rounds. A first
round asked each evaluator to inspect 30 instances. This round
resulted in a set of labels that has been inspected by the authors
with the goal of merging similar labels and come up with a
common strategy to categorize the instances in the next rounds.
Then, a second round was performed in which the authors
targeted the labeling of 30% of the overall instances assigned to
them. Again, such a round was followed by a further inspection
of the defined labels, with grouping of similar labels and further
discussion on strategies to improve agreement. The rationale for
the number of instances to inspect in each of the three rounds
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was the following. We wanted to label very few instances in
the first round (30) since we expected several inconsistencies
in the way in which the authors were going to perform the
labeling and, thus, we targeted a short dry run to test the adopted
web application, the clarity of the overall process and, at least
in part, the type of labels assigned by the authors (e.g., their
granularity). Then, we decided to follow with a larger second
batch (30%) which allowed to spot more corner cases worth to
be discussed among the authors (e.g., instances for which an
author was unsure about the type of label to assign). Finally,
since we felt that the labeling process was well-defined and
clarified among the authors, we decided to move on labeling the
whole dataset. Once all 2,291 instances have been inspected by
two evaluators, we solved conflicts that arose in 1,225 cases2.
Such a number may look high, since it represents 53% of
the inspected instances. However, the high rate of conflicts is
explained by three design decisions. First, we considered all
conflicts, also the ones resulting in the first and second round
in which the set of possible labels was not stable at all. Second,
the labels in our study emerged from the data and were not pre-
defined. To get an idea of the complexity of this task the whole
process resulted in a total of 120 different labels. Third, we were
conservative in our definition of conflict, which occurred if:
(i) two evaluators assigned a different set of labels to the
instance, even if the two sets partially overlapped; (ii) two
evaluators assigned the exact same set of labels to a wrong
instance with only one of the two reporting the instance as
“actually correct”; (iii) only one of the two evaluators labeled
the instance, while the other one discarded it. Each conflict has
been inspected by two additional authors, who discussed and
solved it.

Finally, we used the assigned labels to build hierarchical
taxonomies showing the types of changes in which the three
techniques tend to succeed and fail for the two automated tasks.
Such a process required additional inspections of the considered
instances. Indeed, once all categories in the taxonomies have
been defined, two of the authors rechecked that all instances
were assigned to the most proper category. Indeed, it is possible
that a category C added during the very last labeling round
would be more suitable for instances inspected at the very be-
ginning of the manual process, when C was not available (since
no one came up with that label while inspecting the instance).
This resulted in the re-assignment of 16 instances (∼1%).

The final number of valid instances (i.e., non-discarded)
within each bucket is reported in the columns “Valid correct”
and “Valid wrong” in Table II. A few clarifications are needed
for values which are different from 167, which was our orig-
inal target. First, we did not have correct (EM) predictions
generated by CODEREVIEWER [23] for the code-to-comment
task. Thus, we applied the following procedure to collect in-
stances for the corresponding bucket. We selected among the
wrong predictions generated by CODEREVIEWER, the top-100 in
terms of BLEU-4 (Bilingual Evaluation Understudy) score [32].
BLEU measures how similar the candidate (predicted) and

2Given the open nature of the coding, it was not possible to compute a
meaningful inter-rater agreement (e.g., Cohen’s kappa).

reference (oracle) comments are in terms of overlapping
4-grams. A value of 1.0 indicates that the candidate and the pre-
dicted comment are identical. The selected top-100 predictions
have a BLEU-4 ranging between 0.28 and 0.72.

Our assumption is that wrong predictions having a high
BLEU score are likely to be correct, since they closely resemble
the target comment. During the manual analysis, we discarded
the instances that despite the high BLEU score, were actually
wrong, since they did not belong to the “correct bucket”. This
process led us to 50 valid instances in this bucket, which is the
only one being underrepresented (see Table II). Second, as it
can be seen from Table II, in several buckets we collected more
than the targeted 167 valid instances. This is due to the conflict
resolution phase in which some instances discarded by one of
the two evaluators were considered valid and re-introduced.

The output of this analysis are two taxonomies reporting, for
each of the two tasks, the types of code changes on which the
experimented techniques tend to succeed or to fail.

Quantitative Analysis. We contrast the complexity of the
test set instances resulting in correct and wrong predictions of
the experimented techniques. For the code-to-comment task, we
used as proxy for complexity the number of words featured
in the comment to generate, under the assumption that longer
comments are likely more complex.

For the code & comment-to-code task, we measure the num-
ber of AST-level changes required to convert Cs (i.e., the code
submitted for review) into Cr (i.e., the revised code address-
ing the reviewer’s comment). We expect a higher number of
changes to indicate a higher complexity of the comment to
implement. The AST-level changes have been extracted using
Gumtree Spoon AST Diff [14].

For the code-to-comment task, we used as proxy for complex-
ity (i) the number of words featured in the comment to generate,
under the assumption that longer comments are likely more
complex, and (ii) the number of AST-level changes required
to address the reviewer’s comment (as done for the code &
comment-to-code task). The latter was only computed for the
predictions generated by T5CR and by COMMENTFINDER, since
for CODEREVIEWER we did not manage to retrieve from the
dataset the code implementing the required change, but only
the submitted code with the posted reviewer’s comment.

For both tasks, we report boxplots of the distribution of
the complexity proxies for correct and wrong predictions both
overall and by approach. We also statistically compare the two
distributions assuming a significance level of 95% and using
the Wilcoxon test [51]. The Cliff’s Delta (d) is used as ef-
fect size [16], and it is considered: negligible for |d|< 0.10,
small for 0.10 ≤ |d|< 0.33, medium for 0.33 ≤ |d|< 0.474,
and large for |d| ≥ 0.474 [16]. We adjust p-values using Holm’s
correction procedure [17]. We compare the complexity proxies
only on the predictions we manually validated. The reason
is that, as explained, relying on EM to identify correct pre-
dictions could lead to false negatives, thus invalidating our
quantitative analysis.

2) RQ2: Datasets Quality: The datasets used to train and test
the experimented techniques have been automatically mined
from GitHub. The authors applied a number of heuristics to
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filter-out problematic instances. For example, in the code-
to-comment task efforts have been made to remove review
comments posted by bots. Similarly, in the code & comment-to-
code task in which 〈Cs, Rnl〉 → Cr triplets are involved, checks
are performed to make sure that Cr (the code which should
implement the reviewer’s comment Rnl) is different from Cs.
Indeed, Cs = Cr =⇒Rnl not addressed.

Despite the effort in cleaning the datasets, in our manual anal-
ysis we found ∼25% of the inspected instances representing
noise in the datasets, posing questions on the reliability of the
evaluations reported in the literature. As previously explained,
when discarding an instance during the manual analysis the
evaluators had to report the reason why said instance was dis-
carded. After such a process, the five authors looked at the pro-
vided motivations and distilled them into four main categories
representing errors introduced during the automated mining of
the data from GitHub. We answer RQ2 by presenting statistics
summarizing such an analysis.

3) RQ3: Comparison With LLMs: We assess the perfor-
mance of ChatGPT [1] on the two tasks focus of our study. We
limited the number of samples to 250 for ChatGPT, due to the
high cost of running such an evaluation. Indeed, there were two
manual steps to perform. First, we needed to interact with the
ChatGPT GUI to manually prompt each instance on which we
wanted to run ChatGPT. Based on some tests we performed, we
ended up selecting the following two prompts for our tasks:

code-to-comment: Write a code review of the
following code “{inputCode}”.

code & comment-to-code: Revise this code
“{inputCode}” given this comment “{input
Comment}”.

In the prompts {inputCode} and {inputComment}
represent the Cs and Rnl, respectively, in the test datasets used
for the two tasks. The replies provided by ChatGPT when using
these prompts made it clear that it properly interpreted the task
to perform.

Second, once ChatGPT generates an answer, we cannot rely
on EM to check if it is correct, since ChatGPT has not been
trained to generate answers in the same format used in the test
sets. For this reason we had to manually inspect the generated
answers to assess their correctness. Each generated answer was
independently inspected by two authors, who classified it as
correct or wrong. For the code-to-comment task we considered
the code review generated by ChatGPT as correct if it contains
the target comment. For code & comment-to-code, we verified
whether ChatGPT properly addressed the reviewer’s comment,
even with the coding solution being different to the target one.
Conflicts (i.e., the two authors disagreed on the correctness of
ChatGPT’s answer), which arose in 18% of cases, were solved
by a third author.

For the code-to-comment task we randomly selected 50 in-
stances from the test set of each of the experimented techniques
(150 instances in total). The 50 instances included 25 correct
(i.e., the corresponding technique generated a correct solution)
and 25 wrong predictions. The same approach has been used
for the code & comment-to-code task which, however, is only
automated by two of the three subject techniques, thus resulting
in 100 randomly selected instances.

We answer RQ3 by reporting the percentage of cases in which
ChatGPT was successful in both tasks. We also analyze the
overlap between the state-of-the-art techniques and ChatGPT
by reporting the percentage of cases in which (i) both succeed;
(ii) at least one of the two succeeds; and (iii) none of the
two succeeds.

IV. RESULTS DISCUSSION

We discuss the achieved results by RQ. We use the � icon to
mark lessons learned and directions for future work.

A. RQ1: Correct vs Wrong Recommendations

Fig. 1 and Fig. 2 report the taxonomies of “types of code
changes” involved in the predictions generated by the subject
techniques. Fig. 1 refers to the code-to-comment task, depict-
ing types of changes that the techniques were supposed to
ask for in generated comments, as a human reviewer would
do. Fig. 2 refers to the code & comment-to-code task, re-
porting types of changes that the techniques were required to
automatically implement.

The taxonomies include several trees, each one represent-
ing a generic set of code changes specified in the root cate-
gory (e.g., refactoring, bug-fix). The number on the top-right
corner of each label reports the number of instances we man-
ually assigned to that change type (e.g., 503 refer to refactor-
ing in Fig. 1).

Three clarifications are needed on this point. First, one in-
stance we analyzed (i.e., a prediction generated by an approach
for a test entry) could have been assigned to multiple cate-
gories since requiring multiple types of changes. Second, for
readability reasons, we decided to not report in the picture all
categories of code changes that have been assigned to less than
ten instances. Indeed, it is difficult to draw any conclusion with
so few data points. The full data is available in our replication
package [4].

Third, being a hierarchical taxonomy, one may expect the
number of elements in a parent category to match the sum of
the number of elements in its child categories. However, this
is not the case due to two reasons. First, sometimes the parent
category has been used as a label when we did not manage to
clearly identify the required code change, but only its overall
goal (e.g., using bug fix → fix wrong behavior instead of its
child modify if condition). Second, as previously explained,
we do not depict in the taxonomies categories featuring less
than 10 instances. However, we still count their instances in the
parent category (e.g., refactoring → renaming has a rename
class child which has not been depicted but contributes with
6 instances).

In this scenario, the parent category has been used as a label
when we did not manage to clearly identify the required code
change, but only its overall goal (i.e., fixing wrong behavior).
This is another reason why parent categories can have a higher
counting than the sum of their child categories.

The color assigned to each label reflects the ability of the
techniques to automate the code review task in the context
of such a change type. Since we manually analyzed ∼50%
of correct and ∼50% of wrong predictions generated by each
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Fig. 1. Taxonomy of types of changes for the code-to-comment task. The color assigned to each label reflects the ability of the techniques to automate the

code review task in the context of such a change type ( white best, black worst). We report the percentage of successful predictions by each approach for

each change type as bars below the corresponding category: T5CR (blue bar), CODEREVIEWER (green), and COMMENTFINDER (red).

approach, a success rate around 50% for a change type indicates
that the techniques do not tend to perform particularly well or
bad for that change type.

Indeed, the goal of this analysis is to see if the correct (wrong)
predictions are polarized by specific categories. For these rea-
sons, we defined the color schema as follows:

A gray label indicates a change type for which the automa-
tion level aligns with what expected based on our sample of
correct and wrong predictions. Looking at Table II it can be
seen that, for the code-to-comment task, we inspected a total
of 388 correct and 544 wrong instances. Such an imbalance is
due, as previously explained, to the CODEREVIEWER technique

which generated 0 EMs and for which we decided to manually
inspect 100 wrong predictions looking for actually correct ones
(50 identified). This means that we should expect an aver-
age performance per change type close to (388 ∗ 100)/(544 +
388) = 42%. For this reason, Fig. 1 features a grey category if
the techniques succeeded for such a change type in 32% to 52%
of cases (i.e., 42% ± 10%). With a similar computation, Fig. 2
features a grey category if the techniques succeed in 43% to
63% of cases (since an average of 53% correct predictions has
been analyzed per approach). Note that the “± 10% choice” has
been done to simplify the results discussion and visualization.
We acknowledge that other choices are possible (e.g., ± 20%);
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Fig. 2. Taxonomy of types of changes for the code & comment-to-code task. The color assigned to each label reflects the ability of the techniques to

automate the code review task in the context of such a change type ( white best, black worst). We report the percentage of successful predictions by each

approach for each change type as bars below the corresponding category: T5CR (blue bar), CODEREVIEWER (green).

raw data with exact percentages are available in our replication
package [4].

A black label indicates a change type for which the automa-
tion tends to fail, thus in which the techniques are struggling.
This means a success rate lower than 32% for the code-to-
comment task, and lower than 43% for the code & comment-
to-code task.

A white label indicates a change type for which the au-
tomation succeeds more than expected, namely in at least 53%
of cases for code-to-comment and 64% of cases for code &
comment-to-code.

While this 3-level color schema represents the capabilities
of the experimented techniques as a whole, Fig. 1 and Fig. 2
also report the percentage of successful predictions generated
by each approach for each change type as bars below the cor-
responding category. In Fig. 1 the three bars are ordered from
top to bottom as: T5CR (blue bar), CODEREVIEWER (green),
and COMMENTFINDER (red). In Fig. 2 the bars are only two,
corresponding to T5CR (blue) and CODEREVIEWER (green). An
empty bar indicates that the approach always failed for instances
of that type. Instead, the filling of the bar with a zig-zag pattern
indicates that the manually inspected test set entries on which
the corresponding technique has been experimented did not
contain any instance of that type.

On top of the two taxonomies, Fig. 3 depicts the boxplots
showing the computed “complexity” of the test instances on

Fig. 3. Task complexity for correct and wrong predictions.

which the experimented techniques succeed (blue) or fail (or-
ange). We discuss our qualitative and quantitative results by
automated task.

1) Code-to-Comment: Before looking at characteristics of
correct and wrong predictions, Table III reports, for each ap-
proach and for each task, the percentage of non-EM predic-
tions that we classified as actually correct. As it can be seen,
21.83% of non-EM predictions generated by CODEREVIEWER

are actually correct for the code-to-comment task. The per-
centage is smaller for the other two techniques for which
we did not focus the inspection on predictions having a high
BLEU, but still non-negligible (∼2.5%). For example, in the
case of COMMENTFINDER the EM predictions are 2.85% of
the test set instances, while we found an additional 2.22% of
non-EM predictions which are actually correct, almost doubling
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TABLE III
NON-EM CLASSIFIED AS CORRECT DURING MANUAL ANALYSIS

Reference Task % Correct Non-EM

T5CR
code & comment-to-code 15.66%

code-to-comment 2.58%

COMMENTFINDER code-to-comment 2.22%

CODEREVIEWER
code & comment-to-code 17.37%

code-to-comment 21.83%

the approach’s correctness. A manual analysis of (a sample of)
non-EM predictions is needed to better assess the capabilities
of an automated technique. An example of non-EM generated
by CODEREVIEWER and being actually correct belongs to the
other → reuse existing code category: The target comment
was “Use IOUtils instead”, while CODEREVIEWER gener-
ated the equivalent “Can we use Guava’s IOUtils here?”
This is a first important outcome of our study: � Using EM
to assess the automation of the code-to-comment task might
be unfair.

Not surprisingly the white categories (i.e., the techniques
tend to succeed) are characterized by simple requests to include
in the generated message, and in particular the removal/addition
of a thrown exception, and the replacement of an operator. The
excellent performance achieved in these change categories are
usually driven by the success of the COMMENTFINDER IR-based
technique. The latter has 100% accuracy in recommending the
addition/removal of exceptions, thanks to the retrieval from
the training set of past reviewers’ comments requiring such
a change for similar methods. � Looking at the taxonomy, it
is clear that for code change types which are quite general,
simple, and thus likely to be requested over and over again
in different code review instances (e.g., the addition/removal
of exceptions, asking to revert a code change), an IR-based
approach can be a trump card. Differently, comments requiring
the description of more complex changes are challenging to
retrieve or synthesize. The refactoring tree provides interest-
ing examples.

Simple refactorings such as changing variable/constant
type or renaming variable/constant are overall well-supported
(e.g., COMMENTFINDER: “qry−>query”). When it comes
to refactorings involving complex code changes, possibly im-
pacting multiple code components, the techniques tend to fail.
This is the case for refactorings extracting or moving code ele-
ments. This is likely due to the limited contextual information
provided to code review automation techniques. Among the
experimented techniques, T5CR and COMMENTFINDER work at
method-level granularity, meaning that the method provided as
input represents everything the model knows about the system.
Similarly, the “view” of CODEREVIEWER is limited to a diff
hunk. Such an issue does also affect the performance of the
techniques for apparently simple changes to require, such as
those asking to change the method visibility. Indeed, with-
out additional knowledge of the system it is difficult to judge
what the correct visibility of a method should be. � Pushing
the boundaries of code review automation for these types of

changes requires enriching the contextual information provided
to the techniques, similarly to what observed for other software
engineering tasks [44].

A negative exception in the refactoring tree is the renaming
of methods which one could expect to be on a similar level of
difficulty as compared to the renaming of variable/constants
which is, instead, quite successful. We inspected these instances
and we noticed that, while renaming variables/constants may
just require a term expansion (as in the qry example pre-
viously reported), methods’ names are more expressive and
challenging and, while the techniques are sometimes able to
capture the need for a renaming, they fail in recommending
meaningful alternatives.

The techniques also have a hard time automating logging
activities, especially when it comes to suggest the introduction
of a log statement or the need to change the log level (e.g.,
from error to warning). Interestingly, for both method re-
naming and recommendation of log-related changes, special-
ized DL-based techniques have been proposed in the literature
(see e.g., Alon et al. [6] for renaming, and Mastropaolo et al.
[25] for logging). Based on the reported empirical evaluations,
those techniques proven to be quite effective in these tasks.
For example, Mastropaolo et al. [25] presented LANCE, an
approach able to correctly recommend fixes to the level of log
statements in 66% of cases. � While the code review automation
techniques proposed in the literature target the automation of
generic code changes, the adoption of specialized techniques
might be more effective for specific change types. However,
this might not be straightforward to do in the context of the
code-to-comment task. Indeed, assuming the will to specialize
a model for “commenting” on a specific type of issue, the first
needed ingredient is a training dataset, which might not be easy
to collect. One may think to cluster reviewers’ comments via
lexical analysis and train a specialized model on each of those
clusters. Nevertheless, a trade-off between cohesiveness of the
clusters and availability of training data soon becomes evident:
very cohesive clusters will result in highly specialized models
which, however, are likely to benefit from very little training
data (e.g., only a few instances in which a reviewer’s comment
is suggesting to introduce a log statement). Larger clusters
featuring more training data are instead unlikely to specialize
the model for specific types of recommendation, thus again
pushing it towards a generic recommender. A more promising
approach might be to manually define “commenting patterns”
for a specific type of change (i.e., a standard sentence expressing
the need for improving a certain aspect of the code, such as
introducing a log statement). In this case, the training dataset
could be built by parsing code changes performed during the
change history of a project (e.g., commits introducing a new log
statement), independently from the availability of code review
information for these changes. This implies the possibility to
reliably identifying code changes in which the target issue has
been fixed. For some of the “black categories” in our taxonomy
this can be easily achieved (e.g., lack of log statement, need for
changing the method visibility, etc.). Others would require more
advanced solutions, like the usage of tools to detect refactoring
operations [45]. Negative instances, i.e., code components on
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which the target issue does not manifest (e.g., no need to add log
statements), might be needed as well. Once trained, specialized
models can be triggered on the code change submitted for
review, reporting the improvement recommendations (if any)
to the developer.

Not surprisingly, the experimented techniques do not shine
in recommending types of code changes which are likely to be
system-specific and, thus, difficult to learn/retrieve from other
sources. This is the case for the performance optimizations
comments that the techniques were required to emulate (e.g.,
TARGET: “We should use keyService here, intention is to
cache key temporary so under heavy load we don’t download
keys all the time”). � A possible strategy to overcome this
limitation could be to fine-tune the techniques to a specific soft-
ware project or, at least, to a set of projects falling in the same
domain (e.g., DB engines). For example, after a pre-training
performed on generic code review data, a DL-based approach
could be fine-tuned to specifically support code review in a
project. A major obstacle is the possible lack of fine-tuning
training data, since a single project is unlikely to provide enough
training instances. This may be partially overcome through data
augmentation techniques [55].

T5CR and COMMENTFINDER achieve good performance when
it comes to asking for testing-related changes, correctly gen-
erating comments aimed at both improving the test coverage/
logic (e.g., T5CR: “add a check here to verify that the serial
DataReceived method was not called”) and cleaning/
refining them, e.g., T5CR suggested to replace an empty
String passed as parameter in an assert statement with an
EMPTY_VALUE constant already used in other statements of
the test. In general, the changes to recommend in the testing
category are very specific and tend to focus on a single code
statement. � Still, this shows the potential of these techniques
as possible “refinement tools” for approaches supporting the
automated generation of test cases [15], [31].

From the quantitative perspective, the boxplots in Fig. 3 for
the code-to-comment task suggest, as expected, that the tech-
niques tend to succeed in the generation of simple reviewers’
comments, having a median of 6 words composing them. As
a comparison, the failing cases are more than twice longer (in
terms of median), with 14 words. Such a trend holds, with minor
differences, for all approaches. Also, it is interesting to notice
that, when considering all techniques together, the first quartile
of the wrong predictions is very close to the third quartile of
the correct predictions, indicating a strong difference between
the two sets that is confirmed by the statistical analysis with a
p-value < 0.001 accompanied by a large effect size (test re-
sults in [4]). Similar observations can be drawn when us-
ing the AST changes required to implement the reviewer’s
comment as a complexity proxy. � Future work should focus
on boosting performance in these challenging scenarios, since
the approaches seems to work pretty well in the generation
of simple comments (<20% of wrong predictions have less
than 6 words).

2) Code & Comment-to-Code: Also for this task, we start
by observing the substantial percentage of non-EM predictions
which are actually correct — 15.66% for T5CR and 17.37%

for CODEREVIEWER. � This reinforces the need for manual
analysis when assessing the performance of techniques for code
review automation.

The taxonomy depicted in Fig. 2 is smaller as compared
to the previous one, since a higher number of categories (91)
count less than 10 instances (for the full taxonomy see [4]).
It is interesting to see some major differences as compared to
the previous taxonomy. Changes which were trivial to ask for
in a comment to generate (e.g., “please revert this change”) are
challenging to automatically implement, as required in the code
& comment-to-code task. Indeed, the reverting may require
several code changes which are not necessarily easy to predict,
especially if the full code diff is not part of the information
available to the model.

Interesting is the complementarity between the two tech-
niques that support this task. T5CR is very effective in changes
related to object design principles, e.g., handling issues related
to encapsulation and scope of variables/methods, which usually
require minor code changes. Also, T5CR works well in imple-
menting changes ensuring adherence to the code base in terms
of coding style, e.g., addressing comments like “String.
isEmpty() is used in other places” pointing to an inappropri-
ate if condition checking coverageId.length() == 0.
CODEREVIEWER, instead, is the only approach supporting docu-
mentation changes, and can achieve excellent performance even
for less-trivial code changes requiring e.g., to merge multiple
code statements (in order to improve readability) or to migrate
towards more appropriate types (refactoring→ typing). Consid-
ering that both techniques are built on top of a transformer-
based architecture, such a complementarity can be partially
explained by the different code representation they use, one
looking at a single method at a time (T5CR) and one taking a
diff hunk into account (CODEREVIEWER), possibly with a partial
view of specific code components (e.g., only the changed lines
of a method are visible in the diff hunk). � A hybrid representa-
tion including both the full representation of the involved code
entities and the changed lines might help in getting the best of
both worlds.

As expected, both approaches are effective in the automation
of very simple changes related to improve the formatting of
code (e.g., add/remove parentheses, add/remove white spaces).
The automation of these changes can be easily performed by a
code formatter (e.g., [3]), without the need for expensive DL
models. � Such instances should be removed from the test sets
used in the evaluation of techniques automating the code &
comment-to-code task, to avoid inflating the percentage of EM
predictions they generate.

The two techniques struggle to automatically implement
complex bug-fixes requiring major code changes (e.g., fix wrong
behavior) and/or changes to the code logic (e.g., modify if con-
dition). � This result is inline with what observed for techniques
specialized in automated bug-fixing [47], which also tend to be
successful in a minority of cases (usually <30%) confirming
the need for more work in the area.

Finally, we want to comment on the performance of the two
techniques on the 87 types of code changes which are not
represented in Fig. 2, since counting less than 10 instances each.
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TABLE IV
CATEGORIES OF DISCARDED INSTANCES

Reason #
T5CR COMMENTFINDER CODEREVIEWER

C&NL2C C2NL C2NL C&NL2C C2NL

Unclear comment 281 32 55 97 57 40
No change asked 182 24 13 44 30 71
Ignored comment 74 25 0 0 49 0
Wrong linking 16 1 0 1 4 10
Other 16 2 1 1 1 11

Overall these 87 categories feature 132 of the predictions we
inspected for the code & comment-to-code task.

Out of those, 69 (52%) were correct predictions, which
matches the expected success rate and seems to suggest that
the two state-of-the-art techniques do not really struggle in au-
tomatically implementing code changes which are likely to be
less represented in the training set. However, by inspecting the
predictions in these categories, we found out that a “good” level
of performance (i.e.,≥52% correct predictions) is only obtained
for 48% of these poorly represented categories (e.g., for 18 of
them we observed 0% of correct predictions). It is thus possible
that, in some cases, the models learn from similar and related
categories in a sort of transfer learning fashion. For example,
training on instances of the well-represented category “remove
unneeded statement” might have played a role in achieving
good performance on the five instances belonging to the code
change type “remove final modifier”. However, given the low
number of instances in each of these categories (at most 9), we
cannot draw any conclusion based on these findings.

The results of the quantitative analysis (right side of Fig. 3)
show an interesting trend: while the correct predictions by
T5CR require substantially simpler changes as compared to the
wrong predictions (median of 2 AST changes vs 4, p-value
< 0.001 with medium effect size), this is not the case for
CODEREVIEWER. Here the two sets are basically equivalent
in terms of code change complexity (negligible effect size).
Looking at the boxplots it is clear that T5CR tends to overfit
to simpler changes, while CODEREVIEWER, possibly thank to
the diff hunk representation, is able to cope with more com-
plex code changes as well, supporting its status as state-of-the-
art approach.

B. RQ2: Datasets Quality

Table IV reports the number of instances that we discarded
as being problematic together with the reason why they have
been discarded. For the sake of space, we shortened the code &
comment-to-code task as C & NL2C and the code-to-comment
as C2NL. While Table IV shows also the results by test set of
each technique, we focus the discussion on the overall trend
(#). The “Other” category contains 16 instances discarded for
various but rare reasons, that we do not discuss but document
in [4]. The remaining “discarding reasons” are sorted based on
their frequency from top to bottom.

For 281 cases, we assigned the unclear comment label to
discard the instance since it was impossible even for a human
to understand what to implement (code & comment-to-code)

or what the target comment to generate was actually asking to
the developer (code-to-comment). For the code & comment-
to-code task, this was due to the limited contextual information
provided to the model (i.e., the input). For the code-to-comment
task, a recurring problem is again the lack of context but,
this time, related to the conversation that happened between
the contributor and the reviewer(s), which is not visible to
the techniques. For example, a comment saying “ah, ok, that
would be clearer” is meaningless without knowing the previous
exchanged messages. � As already observed in RQ1, increasing
the contextual information is a must to push the boundaries of
code review automation.

In 182 instances we inspected the reviewer’s comment was
not requesting any change. For the code & comment-to-code
task, this means that the approaches could not really address
the comment by modifying the code (e.g., “Awesome work so
far, Eli!”). For the code-to-comment task this means training
and testing the technique for the generation of comments which
are uninteresting given the automation goal. Indeed, these tech-
niques aim at generating comments asking for code changes
targeting the improvement of source code. Thus, comments like
“I am not sure what GitHub wants to tell me with this icon
here :)” should not be considered relevant for these approaches.
The cleaning pipelines employed in the works presenting the
experimented techniques fail in filtering out those meaning-
less instances.

In 74 cases (all related to the code & comment-to-code task),
while the reviewer’s comment was asking for a change, the con-
tributor was changing the code but not to address the comment.
These instances penalize both the learning and the evaluation
of the models. Indeed, even assuming that the model correctly
implements the change required by the reviewer, during training
the weights of the network will be revised to steer the prediction
towards a different (wrong) target and, during evaluation, any
quantitative metric is likely to point to a wrong prediction.

Finally, 16 instances result from errors while mining the
dataset, since the code has been linked to a wrong code, e.g.,
“there’s no need for final in interfaces” for an input code not
being an interface.

� Worth noticing is the overall number of discarded instances
(574) out of the 2,291 manually analyzed (25%). Since the
test set is just a random selection of 10% of data, we can
assume a similar distribution in the training sets of the subject
techniques. Thus, all discussed instances have the potential to
hinder the training and bias the testing, since it is unreasonable
to expect them to result in a correct prediction given the target.
Supervised or unsupervised techniques aimed at removing these
problematic instances are needed to make a further step ahead
on code review automation thanks to higher-quality datasets.

C. RQ3: State-of-the-Art vs ChatGPT

Table V shows the results of the manual analysis assessing
ChatGPT in automating code review: For each task (rows) we
report the percentage of cases in which ChatGPT succeeds (�)
or fail (�) for instances on which the state-of-the-art (SOTA)
techniques were correct or wrong. Results are aggregated for
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TABLE V
MANUAL ANALYSIS OF CHATGPT PREDICTIONS

Task �State-of-the-art �State-of-the-art
�ChatGPT �ChatGPT �ChatGPT �ChatGPT

code & comment-to-code 66% 34% 44% 56%
code-to-comment 19% 81% 7% 93%

the three approaches, with raw data available in our replication
package [4].

ChatGPT performs slightly better than the SOTA in the code
& comment-to-code task, being able to address the reviewer’s
comment in 55/100 = 55% of cases, as compared to the 50%
of the three techniques (we selected half instances on which
they work, and half on which they fail — see Section III.B.3).
Interesting is the complementarity between ChatGPT and
the SOTA: ChatGPT succeeds in 44% of cases in which the
SOTA techniques fail. These are mostly instances in which
the reviewer’s comment provides little information about the
change to implement. For example, ChatGPT addressed a
reviewer’s comment pointing to a “wrong formula” in the code
(“wrong formula” is the full content of the reviewer’s comment)
by applying the following change: forward * strikes
Like.get(i) + shiftOutput; → forward *
Math.exp(strikesLike.get(i)) + shiftOut-
put;. This is a failing instance for the SOTA.

Concerning the code-to-comment task, ChatGPT succeeds in
19/150 = 13% of cases, being less performant than the SOTA.
Only 5 of those instances are failure cases for the SOTA. For
this task the output of ChatGPT is not a single comment (as for
the SOTA techniques) but a list of observations regarding the
submitted code. In most of cases, we found these comments to
be meaningful, but they often miss or are in contrast with the
point raised by the human reviewer.

This is the case for an instance in which the diff hunk reported
a change from trace to info for the level of a logging
statement. While the reviewer complained about this change
(and the SOTA technique agreed with the human reviewer),
ChatGPT was in favor of it, commenting: “an info level logging
statement would be more applicable”).

Since there is evidence in the literature about the major role
played by the provided prompt on the output produced by
large language models when dealing with code-related tasks
[26], we further investigated whether it is possible to improve
the performance of ChatGPT by exploiting different and more
advanced prompts. We took the failure cases of ChatGPT (i.e.,
131 cases for the code-to-comment task and 45 cases for the
code & comment-to-code task) and we provided them again as
input to ChatGPT, but with different promptings also exploiting
information from our taxonomy. In particular, our taxonomies
feature five root categories classifying the types of changes
reviewers usually ask to implement in a code review process:
Bug-Fixing, Object-Design Principles, Testing, Refactoring,
Logging. On top of that there is the Other category grouping
change types which cannot be attributed to any of the five above
categories. We use these root categories to define two prompts
(one for each of the two tasks), inspired by the chain-of-thought

prompting methodology [50] which has been successfully ap-
plied in natural language processing:

code & comment-to-code task
Given this code “{inputCode}” and this
comment “{inputComment}” and assuming you
are an expert developer:
1) Identify/Classify the type of code

changes requested in the comment. An-
swer with one or more of the following:
• Changes have been required to
refactor the code to improve its
quality;

• Changes have been required since
tests for this code must be written;

• Changes have been required to better
align this code to good object-
oriented design principles;

• Changes have been required to fix one
or more bugs;

• Changes have been required to improve
the logging of its execution;

• Changes have been required for other
reasons not listed above.

2) Implement the required code
changes.textcbrc:

code-to-comment task
Given this code “{inputCode}” and assuming
you are an expert code reviewer:
1) Decide whether the code needs to be

revised or not. Answer True or False.
2) If the response to the above point is

True, then identify/classify the type
of code change(s) required. Answer with
one or more of the following:
• Changes are needed to refactor the
code to improve its quality;

• Changes are needed since tests for
this code must be written;

• Changes are needed to better align
this code to good object-oriented
design principles;

• Changes are needed to fix one or more
bugs;

• Changes are needed to improve the
logging of its execution;

• Changes are needed for other reasons
not listed above.

3) Write a code review (i.e., explain the
changes to be performed, if any) based
on your answers to the questions above.

As it can be seen, both prompts guide the large language
model towards the solution of the task without, however, giving
it any extra information besides what would be available during
the review process.

As for the code & comment-to-code task, we also exper-
imented an additional prompt, which classifies the reviewer’s
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TABLE VI
FAILURE CASES MADE SUCCESSFUL VIA MORE ADVANCED PROMPTING

Task Prompt �ChatGPT (%)

code & comment-to-code Chain-of-Thought 23/45 (51%)
code & comment-to-code Label-Aware 25/45 (55%)

code-to-comment Chain-of-Thought 13/131 (10%)

comment into one of the categories in our taxonomies before
asking the model to automatically implement the code changes
required to address the comment

Assume you are an expert developer.
Given this code “{inputCode}” implement
the code changes requested by a code
reviewer in this comment “{inputComment}”,
considering that the change requested is
asking to [category from our taxonomy
to which the comment has been manually
assigned].

For example, assuming that the assigned category in our
taxonomy logging, the prompt will end with: considering
that the change requested is asking to im-
prove the logging of its execution.

In other words, we are simulating the scenario in which,
besides providing a comment explaining the change to per-
form, the reviewer also provides a label classifying the type of
code change required. Note that such a prompting cannot be
experimented in the code-to-comment task, since in that case
the reviewer comment is the output of the model rather than
the input.

As previously done, two authors independently assessed the
correctness of ChatGPT output, and conflicts have been solved
by a third author. Table VI reports the achieved results. For the
code & comment-to-code task, depending on the used prompt,
we managed to make ChatGPT correctly predicting up to 25 of
the previously identified 45 failure cases. It is quite interesting
to see that just providing the model with an explicit label taken
from our taxonomy and describing the type of change required
in the reviewer’s comment substantially helps the model in
correctly implementing the required changes. As for the code-
to-comment task, the chain-of-thought prompt helped the model
only 13 of the 131 failure cases, confirming that generic large
language models not specifically trained for this task struggles
in dealing with it.

For completeness, we also provide in our replication package
[4] two files mapping the ChatGPT success and failure cases to
categories in our taxonomy. We do not discuss the findings in
terms of coverage of the different categories in our taxonomy
since the number of instances we analyzed in RQ3 is quite
low, resulting in few data points for each category (i.e., it is
difficult to judge whether CHatGPT works well for specific
code change types).

� ChatGPT is a very competitive baseline for the code
& comment-to-code task, with prompting playing a major
role in boosting the model’s performance. However, it is im-
portant to consider the fact that ChatGPT may have seen

the code addressing the reviewer’s comment during training,
questioning the extent to which such a comparison is fair.
When it comes to generating reviewers’ comments, SOTA tech-
niques are superior, supporting the worth of further research in
this direction.

V. THREATS TO VALIDITY

Construct validity. In RQ1 we classified the change type
based on what was visible in the test set instance. For example,
we did not see the conversation between the contributor and
the reviewers, which could allow to better understand the re-
viewers’ requests. However, this was done by design to identify
“unclear” instances in RQ2.

Also, we considered the predictions of the three techniques
on the test sets used in the original papers presenting them. This
means that they have not been assessed on the same dataset.
However, as previously explained, our goal was not to compare
the capabilities of the three approaches, but rather to look at
their strengths and weaknesses as representative of the state-
of-the-art in code review automation.

Internal validity. There are possible subjectiveness issues
in the manual analyses. We mitigated this threat by always
involving multiple authors inspecting the same instance. Still,
as for any manual process, imprecisions are possible.

External validity. In terms of studied techniques, we consid-
ered all those focusing on the automation of the two targeted
tasks; we only excluded the approach by Li L. et al. [22] for
the reasons explained in Section III.A.1. All our RQs required
manual analysis, resulting in limitations on the number of data
points collected. Given the expense of the manual investigation,
we targeted the inspection of a sample of instances ensuring
at least a confidence level of 99% and a confidence inter-
val of ±10% on each of the analyzed bucket of predictions.
More conservative choices (e.g., 95%± 5% confidence) would
have required a much higher number of inspected instances
(more than twice). Replications are needed to corroborate/revise
our findings.

VI. CONCLUSION AND FUTURE WORK

We assessed the capabilities of three state-of-the-art tech-
niques for code review automation [18], [23], [48]. Differently
from the mostly quantitative evaluations available in the litera-
ture our study has a strong qualitative focus. Our study disclosed
the scenarios in which state-of-the-art approaches tend to suc-
ceed and fail (RQ1) and identified major issues in the quality
of the datasets used for their training and evaluation (RQ2).
Finally, we showed that ChatGPT [1], as representative of Large
Language Models, is a competitive technique for code review
automation, but still struggles in several scenarios, justifying
the need for more research on models specialized for such
automation (RQ3).

Future work will focus on assessing (i) the usefulness of code
review automation from the practitioners’ perspective, and (ii)
the code review automation opportunities offered by other state-
of-the-practice techniques (e.g., Copilot [2]).
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