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Abstract

The fairness of machine learning (ML) approaches is critical to the reliability of modern
artificial intelligence systems. Despite extensive study on this topic, the fairness of ML
models in the software engineering (SE) domain has yet to be well explored. As a result,
many ML-powered software systems, particularly those utilized in the software engineering
community, continue to be prone to fairness issues. Taking one of the typical SE tasks,
i.e., code reviewer recommendation, as a subject, this work conducts the first study toward
investigating the fairness of ML applications in the SE domain, explicitly focusing on the code
reviewer recommendation task. Our empirical study demonstrates that current state-of-the-
art ML-based code reviewer recommendation techniques exhibit unfairness and discriminating
behaviors. Specifically, male reviewers get, on average, 7.25% more recommendations than
female code reviewers compared to their distribution in the reviewer set. This work also
discusses why the studied ML-based code reviewer recommendation systems are unfair and
provides solutions to mitigate the unfairness. For instance, these techniques may recommend
male reviewers at a significantly higher rate than female reviewers in a discriminatory manner.

Our study further indicates that the existing mitigation methods can enhance fairness
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significantly in projects with a similar distribution of protected and privileged groups. Still,
their effectiveness in improving fairness on imbalanced or skewed data is limited. Eventually,
we suggest a solution to overcome the drawbacks of existing mitigation techniques and tackle

bias in imbalanced or skewed datasets.
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Chapter 1

Introduction

1.1 Background and Context

Machine Learning (ML) approaches and models have increasingly been used to develop modern
software [1] to assist developers in different tasks, e.g., defect prediction [2, 3|, software bug
triage 4], and code reviewer recommendation |5, 6]. Meanwhile, the broad adoption of ML
has given rise to new concerns and issues regarding the trustworthiness and ethicality of
such systems, one of which is the issue of fairness |7, 8]. In machine learning, fairness means
ensuring that algorithms and models do not favor or discriminate against specific groups or
people based on their human-related and demographic aspects, such as race, gender, age, or
ethnicity [9, 8, 7, 10]. For example, judicial systems in the US that use machine learning for
criminal predictions have been shown to exhibit bias against African-American individuals [7].

These systems predict a higher rate of criminality for African Americans in a discriminatory



1.2 PROBLEM STATEMENT

manner |7|. Existing studies have shown that unfair machine learning applications can
seriously impact on people’s lives [11, 12, 13, 14, 15]. For instance, Amazon’s MIL-based hiring
algorithm discriminates against female candidates [7|. The fairness problem has also been
shown to exist in other human-sensitive areas using machine learning for making decisions,
such as judicial evaluation systems, credit scoring, and loan application filtering |7, 11, 14, 15].
Additionally, previous research [16, 7, 17] has revealed that implicit biases and concerns
regarding fairness across various aspects, including gender, geography, socioeconomic status,
age, ethnicity, and disability, can significantly affect individuals’ lives. These factors may
also contribute to a diversity crisis, particularly within the software engineering community,

resulting in a workforce and environment that are more exclusive than inclusive.

1.2 Problem Statement

Even though previous studies [17, 18, 19, 20, 21, 22, 23, 24, 25, 26| have extensively examined
the fairness of ML applications, while most of these studies mainly focus on general ML
applications, more is needed about the fairness of ML applications in the software engineering
domain, e.g., automated bug triage [4]. For our research, we take one of the typical SE tasks,
i.e., code reviewer recommendation, as a subject to explore the fairness of ML applications
in the SE domain. Specifically, code reviewer recommendation systems are widely used in
modern software development to identify the most appropriate code reviewers for a code
change [27, 28|. Recently, many ML-based code reviewer recommendation systems have been

proposed. For instance, Patanamon et al. [29] proposed RevFinder, which used similarity of



1.3 OBJECTIVE

previously reviewed file path to recommend an appropriate code-reviewer, and Pandya et al. [6]
proposed CORMS, which leveraged similarity analysis and support vector machine (SVM)
models to recommend reviewers. Although these examined code reviewer recommendation
approaches can perform well, none of the fairness characteristics (e.g., race, age, and gender)
were considered when recommending reviewers. As a result, there may be fairness issues
in such systems that have not previously been investigated, which can adversely impact
reviewers’ activities |25, 7, 26]. For instance, in such systems, the final recommendation list
may exhibit a need for more representation of female reviewers, as they might be recommended

less frequently than their male counterparts in a biased manner.

1.3 Objective

To address the aforementioned concerns, in this work, we look into the problem of assessing
fairness issues in ML-based code reviewer recommendation systems for the first time in SE
research. Specifically, we hypothesize that machine learning-based code reviewer recommen-
dation systems may be unfair in their recommendations due to latent bias in the data utilized
to train them. We empirically study two recent ML-based code reviewer recommendation
systems, RevFinder [29] and CORMS [6]. To support and validate our findings, we used the
same dataset from CORMS [6] to build these systems and run our experiments. Note that
when exploring the fairness of ML-based code reviewer recommendation systems, we only
consider the factor of gender. We do this mainly because collecting data to identify sensitive

factors such as age or race is difficult, as reviewers and code review platforms often do not



1.4 CONTRIBUTIONS

disclose this information. Gender information is also often not specified by the reviewers.
However, compared to other factors, this information can still be derived from other sources,
e.g., social media accounts, personal websites, institutional websites, and GitHub profiles.
Furthermore, as previously stated, gender emerges as the primary factor influencing the
diversity crisis in software development [16]. Consequently, by examining fairness through
gender as our studied sensitive attribute, we can foster diversity within software engineering
communities and effectively address the challenges surrounding the diversity crisis. Moreover,
since obtaining non-binary gender information is difficult, and in line with previous fairness
research [17, 7, 21, 20, 8| that used gender as the sensitive attribute, we treat gender as a
binary attribute in our analysis. Nevertheless, it is essential to emphasize that our study’s
scope is not confined to binary values and can be expanded to include non-binary genders if

we acquire adequate data (details are provided in Sections 3.3 and 3.4).

1.4 Contributions

Our experimental results show that both RevFinder and CORMS have unfair behavior in their
recommendations. Specifically, they favor male reviewers over female reviewers. For example,
in the Node.js project, male reviewers recommended by CORMS have approximately 85% more
chance of being recommended for new code review requests, which is 16% more than the fair
condition (details are in Chapter 4). We further explore the underlying factors that contribute
to the unfairness of ML-based code reviewer recommendation systems, e.g., popularity bias,

and whether the existing unfairness mitigation approaches [30, 31, 32, 33| can help improve
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the fairness of these systems. Our experiment results show that the existing mitigation
approaches can improve fairness, but only sometimes across all projects. Thus, we propose
a new mitigation method to counteract the limitations of existing unfairness mitigation
strategies. Our proposed technique can enhance fairness in code reviewer recommendation
systems in multiple circumstances. This study contributes to creating fairer ML-based code
reviewer recommendation systems, reducing gender-based discrimination, and promoting
societal equality and fairness. Those creating systems that engage with humans can apply the
findings and methodology from our research to ensure their software products are equitable
and contribute to equality among users. The methods used in our study also apply to other
types of recommendation systems, such as team recommendation systems for collaborative
software development [34].

In summary, this work makes the following contributions:

e We conduct an empirical study to investigate the fairness of two state-of-the-art code
reviewer recommendation systems. To the best of our knowledge, this is the first study

on fairness analysis of ML applications in the software engineering domain.

e We analyze the underlying factors that influence the outcomes of code reviewer recom-
mendation systems and demonstrate that the existing unfairness mitigation methods
can be utilized to alleviate the unfairness in ML-based code reviewer recommendation
systems. The improvement can be as high as 100%, effectively removing bias from
recommendations, particularly in projects where protected and privileged groups have

a balanced distribution.
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e We show that the current mitigation approaches have limitations in terms of fairness
improvement for projects with imbalanced or skewed data. Motivated by that, we
propose a new unfairness mitigation algorithm to solve the issues associated with the
previous techniques. Our algorithm can significantly outperform the two examined

baselines.

e We release our experiments’ dataset and source code to help other researchers replicate

and extend our study (details in Appendix B).

1.5 Significance of Research

This study contributes to creating fairer Al-based software, specifically, code reviewer recom-
mendation systems, reducing gender-based discrimination, and promoting societal equality
and fairness. Those creating systems that engage with humans can apply the findings and
methodology from my research to ensure their software products are equitable and contribute
to equality among users. The methods used in our study also apply to other types of

recommendation systems, such as expert recommendation systems for software teams.

1.6 Thesis Organization

The rest of this work is organized as follows. Chapter 2 presents the literature review of this
work. Chapters 3 and 4 show the experimental setup and the evaluation results, respectively.

Chapter 5 explores new approach to improve the unfairness mitigation of code reviewer
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recommendation systems. Chapter 6 discusses the threats to validity of this work. Finally,

Chapter 7 concludes this work.



Chapter 2

Literature Review

2.1 Code Review

In software development, code review (CR) refers to inspecting code modifications manually
for conformance to the team’s quality standards. [35]. Typically, code inspection involves
developers other than the original author reviewing the code, a practice widely acknowledged
for its effectiveness in reducing software defects and enhancing overall product quality [36,
37, 38]. Moreover, researchers have demonstrated that code review activities not only impact
software product quality but also have a significant effect on other aspects, such as software

security |39, 40].



2.2 MODERN CODE REVIEW

2.2 Modern Code Review

Modern code review (MCR) refers to the use of advanced tools, methodologies, and practices
for reviewing code changes in software development. It evolved from traditional manual
code review practices, which were often time-consuming. Modern code review is informal in
structure, tool-based, and occurs on a regular basis in practice [36, 41, 39, 42, 43].

In modern code review (MCR), two primary groups of individuals are involved: 1) code
authors and 2) code reviewers. They engage in activities that can be categorized into two

main phases and six primary steps, which are described as follows [27, 44]:

e Phase 1: Review planning and setup

— Step 1: The code authors prepare the code change for review, typically including
a description of the intended modification and a reference to the corresponding

1ssue.

— Step 2: Assigning code reviewers based on different heuristics or tools to review

the code change.

— Step 3: Notification to code reviewers to inform them about the review and their

duties.

e Phase 2: Review execution

— Step 4: Code reviewers start to check the code changes for improvement or fixing

the issue.



2.3 CODE REVIEWER RECOMMENDATION SYSTEMS

— Step 5: Code reviewers discuss the code change and the issue with the authors to

get feedback on the problem.

— Step 6: The code change will be accepted/merged, rejected, or returned to the

authors for refinement.

While various projects may differ in their code review practices and the extent to which
they require it, there is generally little variation in how they approach code changes, with
many following similar principles across different domains. [45]. In open-source development,
reviewers prioritize building relationships with core developers, whereas, in commercial

development, the dissemination of knowledge through MCR is more emphasized [27].

2.3 Code Reviewer Recommendation Systems

A code reviewer recommendation (CRR) system is a software application that supports
software development teams in identifying the most appropriate code reviewers for a particular
code change request by suggesting a list of the most qualified candidates to conduct the
review request [41].

While the first code reviewer recommendation system already utilized machine learning
techniques when it was introduced [46], earlier systems often relied on heuristic approaches [47,
48], such as graph and search-based approaches. As an example, Ounti et al. [47] proposed
RevRec, a recommendation system that uses a genetic algorithm to find an appropriate peer

reviewer for a code change. As the field progressed, newer systems increasingly employed more

10



2.4 FAIRNESS IN MACHINE LEARNING

machine learning methods [49, 50, 51, 6] e.g., SVM (Support Vector Machines), collaborative
filtering, and Naive Bayes, to improve their recommendations. These reviewer recommendation
systems use different factors and features for determining the most qualified reviewer for
a review request, such as file similarity, developers’ expertise, social relations, developers’
activeness, etc [41].

In this work, we select two state-of-the-art MIL-based code reviewer recommendation
systems, i.e., RevFinder [29] and CORMS |[6], as our research subjects to explore their fairness
(details are in Section 3.2). These code reviewer recommendation systems have been shown

to outperform their prior baselines and have been found effective in recommending code

reviewers.

2.4 Fairness in Machine Learning

2.4.1 Definition of Fairness

In machine learning, fairness analysis is the process of figuring out if the algorithms, models,
or systems that are being built are fair and treat everyone in a similar way, no matter their
human-related or demographic information such as race, gender, or age [7, 8]. The aim is
to ensure that the systems do not reinforce existing biases or discrimination and to prevent

negative impacts on individuals or groups due to these biases |7, 8, 52, 53].

11



2.4.2 Sensitive/Protected Attribute 2.4 FAIRNESS IN MACHINE LEARNING

2.4.2 Sensitive/Protected Attribute

A sensitive or protected attribute divides the training examples into two groups: privileged
(also known as unprotected) and unprivileged (also known as protected). This attribute
usually comes from the human-related or demographic aspects of different groups of people,
such as gender, race, and age. If a system treats people differently based on these attributes,

the system is vulnerable to unfairness |7, 17, §|.

2.4.3 Types of Fairness

In general machine learning applications, there are two common types of fairness [8, 7]:

e Group Fairness: This type of fairness ensures that different groups of people, including
protected groups and privileged groups, are treated similarly and fairly. For example, in
cases where gender is not a deciding factor, the female group should be treated similarly

to the other groups (e.g., the male group). [8, 7].

e Individual Fairness: This type of fairness ensures that individuals that are similar based
on a criterion should be treated fairly and similarly [8, 7, 52]. For example, regardless of
demographic background, each applicant in the employment process should be treated

equally.

There is also another type of fairness known as “Subgroup Fairness”, which attempts to
combine the best characteristics of group and individual concepts of fairness [54, 55|. For the

sake of brevity, we did not include this special case in the categorization. Also, it is worth

12
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noting that it can be difficult to ensure all fairness definitions at the same time, especially
when they may come into conflict with one another |7, §|.

In this study, we conduct our analysis based on the group fairness definition. Rather
than focusing on individual cases, group fairness analysis evaluates the influence of machine
learning models on distinct groups of people. This means that group fairness analysis can
assist in identifying and mitigating biases that may not be visible at the individual level but

have a major influence on specific groups of people [8, 56, 7|.

2.4.4 Major Root Cause Categories

According to the literature [8, 7], the causes of unfairness in machine learning applications

can be divided into two major categories:

e Data bias: unfairness can result from the presence of bias and prejudice in the dataset
used to train machine learning algorithms. This can happen if the dataset contains
skewed judgments, reports, and measures, an imbalanced attribute distribution, proxy

attributes!, or missing values.

e Algorithm bias: the algorithm itself has the potential to be unfair. The learning process
may become biased and unfair if the model is optimized for performance at the expense

of other factors.

IProxy attributes are non-sensitive attributes used to train the model that are correlated with sensitive
attributes.

13
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2.4.5 Origins of Unfairness

Unfairness can exist in machine learning applications and can originate from various sources:

e Unfairness may exist in the datasets used to train the model. These datasets may
contain the results of skewed judgments, reports, measures, and an imbalanced attribute

distribution.

e Unfairness can also exist in the dataset due to missing values. In this case, the dataset

will be unrepresentative due to the missing values.

e There is also the risk of unfairness caused by the algorithm. When the model is tuned
for performance at the expense of other factors, the learning process can become biased

and unfair.

e Unfairness can emerge implicitly from non-sensitive features/attributes in addition to
sensitive features/attributes. The reason for this type of unfairness is that based on
their values in the dataset, these attributes can become correlated with the sensitive

ones. These are referred to as “Proxy Attributes.”

2.5 Fairness in Recommendation Systems

In this work, we focus on the fairness of recommendation systems. The concepts and
definitions of fairness analysis in recommendation systems and general ML applications

slightly differ [56]. For example, in previous studies |7, 17, 8|, since all approaches target

14



2.5.1 Root Causes of Bias 2.5 FAIRNESS IN RECOMMENDATION SYSTEMS

classification problems, the concept of fairness thoroughly depends on the predictions of
the target attribute and its relation to the protected group. On the contrary, the concept
of fairness in recommendation systems can be discussed from several points of view, e.g.,
the fairness of each of the recommended items (item-based fairness) and the fairness of the
exposure and quality that each user experiences from the recommended items (user-based
fairness) [56].

Also, in recommendation systems, not all of the biases are considered as unfairness, e.g.,
popularity bias, position bias, and conformity bias [56, 57|. the term “bias” has been used
interchangeably with “unfairness” and “discrimination” to refer to systemic flaws or bias in
algorithms or models that might result in unfair treatment of specific groups or individuals.
However, not all biases are considered fairness problems in recommendation systems. |57, 56.
Nonetheless, it is noteworthy that in this study, terms such as “fairness issue or problem”,
“bias”, “unfairness”, and “unfairness issue or problem” are used interchangeably to illustrate

the issue of fairness in code reviewer recommendation systems, as our study goal in this work

is to examine the fairness problems.

2.5.1 Root Causes of Bias

Recommendation systems, like any other machine learning application, can suffer from bias
[57, 7]. The following factors, in general, are the root causes of bias in recommendation

systems [57]:

15



2.5.2 Types of Bias 2.5 FAIRNESS IN RECOMMENDATION SYSTEMS

e The bias may come from user behavior data due to its observational nature instead of

being more experimental.

e The bias may result from the uneven presentation of items in the dataset as a result of

the varying popularity of multiple items and their user attention.

e The bias may be caused by recommendation system exposure mechanisms, which can

determine user behaviors and amplify their choices back into the training process.

2.5.2 Types of Bias

Thus, according to [57], we can summarize the types of bias in recommendation systems

into the following categories:

1. Bias in the data, which includes conformity bias, position bias, selection bias, and

exposure bias.
2. Bias in the model, which includes inductive bias.

3. Bias in the results, which includes popularity bias and unfairness.

These various types of bias can also interact and exacerbate each other because of feedback
loop mechanism in recommendation systems. However, in this work, we will mainly investigate

the third category that includes unfairness.

2.5.3 Types of Fairness

The fairness of recommendation systems can be categorized into two groups [56]:

16



2.6 UNFAIRNESS MITIGATION TECHNIQUES

e Process fairness: This means ensuring that the process used to produce recommendations

is fair and unbiased to all users, regardless of their sensitive attributes.

e Outcome fairness: This means ensuring that the system’s outcomes are distributed fairly
and proportionately among various groups of people. This means that recommendations
should neither favor nor discriminate against any particular group based on their

sensitive attributes.

The two groups might be seen from several perspectives concerning fairness issues [56].
For example, in recommendation systems, fairness can be assessed by looking at users, items,
or both. These would correspond to review requests, reviewers, or both in code reviewer
recommendation systems.

In this study, we focus on investigating outcome fairness in ML-powered code reviewer
recommendation systems, specifically we examine the item-based fairness through group
fairness analysis. In particular, the items being recommended in our case are code reviewers.
Therefore, our research focuses on assessing whether the final list of recommendations upholds

fairness with regards to these recommended code reviewers.

2.6 Unfairness Mitigation Techniques

To mitigate the unfairness in ML applications, many unfairness mitigation mechanisms have

been proposed [8, 7|, which can be categorized into three major types.

17
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2.6.1 Pre-Processing Techniques

Pre-processing strategies [33, 32] aim to modify training data before it is utilized for training.
The data itself is a common source of prejudice or unfairness. We may alleviate this unfairness

even before the model attempts to learn it by applying pre-processing approaches.

2.6.2 In-Processing Techniques

In-processing approaches [58, 59| alter the machine-learning algorithm to increase fairness.
For example, regularization can be used as one of the in-processing strategies to increase
fairness in machine learning models [56, 7]. In-processing approaches can help decrease
discrimination and ensure that the model delivers fair results for all groups by introducing
fairness constraints into the model training process. Otherwise, the model will be penalized

for unfairness.

2.6.3 Post-Processing Techniques

In a post-processing technique [60, 61|, the output scores and predictions of the machine
learning model are processed after the learning process has taken place in order to make
them more fair.

In this work, we focus on the “post-processing” category of fairness mitigation methods and
exclude both “in-processing” and “pre-processing” mitigation approaches. “in-processing” ap-
proaches require non-trivial changes to the code reviewer recommendation systems, which are

not generalizable. Additionally, the majority of “pre-processing” approaches are unsuitable for

18



2.7 TRADE-OFFS IN FAIRNESS ANALYSIS

the recommendation tasks employed in our study subjects, given the inherent characteristics

of our data, thus not suitable for fairness study in recommendation systems [33, 32].

2.7 'Trade-Offs in Fairness Analysis

There are generally two main trade-offs in fairness analysis of ML-based applications:

2.7.1 Fairness Measures Trade-Offs

Past studies have revealed a challenge in achieving fairness across various measures and
metrics [8, 7]. This difficulty arises from the fact that these measures are often incompatible,
which is mainly due to the fact that fairness can be evaluated from different angles and
defined in multiple ways. Moreover, the calculations involved in these measures can conflict
with each other |7]. For example, enhancing fairness according to one measure might result in
reduced fairness according to another measure. Therefore, choosing the right fairness measure
that aligns with the context of our experiments and study is a critical step in conducting a

fair analysis of machine learning-based applications [8, 7].

2.7.2 Fairness-Accuracy Trade-Off

Improving the fairness of ML-based applications is a challenging task. It requires a balance
between enhancing fairness while maintaining accuracy. However, if we focus on making
them fairer, it may lead to some accuracy being sacrificed |7, 8, 62|. Previous research by

Corbett-Davies et al. [63] and Lipton et al. [64] has demonstrated this trade-off between

19



2.8 FAIRNESS IN SOFTWARE ENGINEERING

fairness and accuracy through theoretical analysis. Several empirical studies have also
supported the existence of this trade-off |65, 66, 67|. Therefore, when evaluating unfairness
mitigation techniques, we must also evaluate their impact on performance since they may

have a trade-off.

2.8 Fairness in Software Engineering

Many studies have been done on addressing the problem of fairness in general ML-based
applications and software engineering domain [25, 68, 69, 21, 17, 70|. Brun and Meliou [25]
outlined a vision for how software engineering research may address fairness flaws and called
on the software engineering research community to act. They argued that software fairness is
identical with software quality and that different software engineering difficulties, such as
requirements, specification, design, testing, and verification, must be addressed in order to
tackle this problem. Albarghouthi et al. [68] simplified the problem to a series of weighted
volume computation problems and solved them using an SMT solver. They further developed
a tool, i.e., FairSquare, to validate the fairness qualities of decision-making programs derived
from real-world datasets. Chakraborty et al. [21] introduced an unfairness mitigation approach
that integrates both in-processing and pre-processing methods to eliminate ethical bias from
the training data, leading to a fair trained model. Li et al. [17] proposed a pre-processing
approach that finds biased portions of attributes correlated with the sensitive attribute
and eliminates them from the training data, thereby enhancing fairness. Ferrara et al. [70]

conducted an extensive survey into the perception and practical management of fairness in
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software engineering by analyzing practitioners’ viewpoints regarding the existing processes
employed to handle fairness in software development, showing that fairness still remains a
secondary consideration in developing artificial intelligence systems. Some other research
studies [69, 71| work on the issue of bias in the process of modern code review. German
et al. [69] investigated whether modern code reviews are conducted fairly, using fairness
theory to develop a framework for understanding how fairness affects code reviews. Sultana
et al. [71] demonstrated that female reviewers participate less in code reviews compared
to males in a biased way. Additionally, many of them opt for gender-neutral profiles to
increase the likelihood of their code being accepted. There also exist some other studies that
involved bias and fairness in code reviewer recommender systems from different perspectives
compared to our work |72, 73|. Tecimer et al. [72] worked on fixing bias caused by labeling
errors to improve the performance of code reviewer recommendation. Murphy-Hill et al. [73]
investigated systemic gender bias in code review loads at Google, examining gender-based
discrimination similar to prior research in the field. They also demonstrated that integrating
code review data into a recommendation system can amplify pre-existing human biases
observed in the code review process, leading to biased decision-making when using these
tools to help the manual reviewer selection process. That being said, in our study, we focus
specifically on the fairness of ML-based automatic code reviewer recommendation systems,
and unlike previous studies, we do not focus solely on the process of modern code review or

the biases unrelated to fairness issues.
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Chapter 3

Research Design

For our analysis, we evaluate whether the recommendations made for a specific group of

reviewers (i.e., male or female) are fair and, if not, how we can mitigate the issue. Figure A.4

depicts the overview of our study.
This section describes our research questions (Section 3.1), study subjects (Section 3.2),
experiment configurations (Section 3.3), data collection (Section 3.4), evaluation measures

(Section 3.5), and the details of our selected unfairness mitigation strategies (Section 3.6).

3.1 Research Questions

In this study, we are going to answer the following three research questions (RQs):
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Figure 3.1: Overview of our conducted empirical study

3.1.1 RQ1: Existence of Unfairness

This RQ analyzes fairness in two typical ML-based code reviewer recommendation systems
using benchmark data from four open-source software repositories (details are in Section 3.4).
The findings of this section demonstrate the occurrence of discriminatory behavior and

unfairness in code review systems in SE domain (details are in Section 4.1).
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3.1.2 RQ2: Root Causes of Unfairness

In this RQ, we aim to investigate the factors that lead to unfairness in the results of
recommendations in the studied subjects. These factors can come from several sources, such

as an imbalanced dataset and popularity bias (details are in 4.2).

3.1.3 RQ3: Effectiveness of Existing Unfairness Mitigation Tech-
niques

In this RQ, we examine the effectiveness of existing unfairness mitigation solutions in code
review recommendation systems. Specifically, we apply current fairness-improving strategies in
the literature to the two studied ML-based code reviewer recommendation systems and further

check whether they can help mitigate the unfairness problems (details are in Section 4.3).

3.2 Subjects of Study

As mentioned in Section 2.3, we use two state-of-the-art ML-based code reviewer recommen-
dation systems as the research subjects, i.e., CORMS [6] and RevFinder [29]. RevFinder
recommends code reviewers based on a machine learning-based ranking algorithm that learns
the scores of different candidates for a given review request based on the similarities in the
file locations involved in past code reviews from the dataset. It employs four distinct file
path comparison algorithms to compute similarities: 1) Longest Common Prefix, 2) Longest

Common Prefix, 3) Longest Common Substring, and 4) Longest Common Subsequence.
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3.2 SUBJECTS OF STUDY

RevFinder generates a list of unique reviewers and their associated scores by examining the
dataset’s records and computing the scores by propagating the scores of each reviewer in-
volved in review requests with similar file path locations. Each file path comparison approach
outlined earlier will be employed to generate a separate list of scores for the likely candidates
for the code review recommendation. The outcomes of these four lists will then be combined
using the Borda Count approach [74] to create a single list of scores for the recommendation
process. By evaluating the records in the dataset and propagating the scores of each reviewer
involved in review requests with similar file path locations, RevFinder provides a list of unique
reviewers and their scores for the given dataset. On the other hand, CORMS uses the same
similarity model as RevFinder (with additional features) and also employs a SVM model
that learns from each review subject in the training set. Both systems apply combination
techniques to combine the results into a single score list. Finally, appropriate reviewers are
chosen based on their computed scores and associated ranks corresponding to their scores in
the final recommendation list.

While both approaches have proven effective, fairness analysis has yet to be conducted on
these systems. Although these two code reviewer recommendation approaches that we have
examined can achieve good performance in terms of accuracy of the reviewer recommendation
task, none of the fairness characteristics, e.g., race, age, and gender, were considered when
recommending reviewers by using these approaches.

Moreover, there are two reasons that we selected these two code reviewer recommendation

systems as the subjects of our study:
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1. It is important to note that not all datasets suitable for training code reviewer rec-
ommendation systems are compatible with one another. This means that even if a
particular dataset is useful for training one code reviewer recommendation system, it

may not be appropriate for training a different code reviewer recommendation system.

2. Some datasets lack additional information or any human-related information regarding
reviewers, making it difficult to conduct a fairness analysis. Therefore, we need to select
subjects that are compatible with datasets that contain human-related information.
Alternatively, we can annotate or augment human-related information into datasets

lacking such information to facilitate our analysis.

3.3 Configurations for Fairness Analysis

This section describes the configurations we use to conduct our fairness analysis experiments.

3.3.1 Sensitive Attribute Selection

Our work focuses only on a demographic and human-related fairness factor, i.e., gender, as the
attribute of interest for fairness analysis. This implies that our evaluation of fairness does not
take into account attributes unrelated to humans, such as projects and file paths. The reason
for this approach is that fairness issues in ML-based systems predominantly affect humans
and their interactions, and we aim to address and understand these specific problems. Also, it

is worth noting that our choice of “gender” as the sensitive attribute of our study is primarily
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driven by the challenges associated with collecting other types of sensitive features (e.g., age,
race, etc.) in our study domain. Additionally, according to the existing literature, gender is
widely recognized as the most prominent and commonly addressed factor in addressing the
diversity crisis [16]. Following previous fairness analysis studies [17, 7, 21, 20, 8], we limit
our analysis to binary gender values of male and female because of the difficulty of collecting
non-binary gender data, being in line with previous fairness research that used gender as
their sensitive attribute, and for simplicity’s sake due to the extendability of our fairness
analysis to non-binary genders in the case of having sufficient data. In this study, the female

reviewer group is considered the protected group.

3.3.2 Replication Configuration

Furthermore, we ensure the validity of our findings by replicating the configurations of
the selected two code reviewer recommendation systems as specified in their respective
publications [29, 6]. The results of replication are confirmed by comparing them to the results
of the papers, and the authors of these works ensure an accurate presentation of their work.
When training each model, following existing studies [29, 6|, we divide the dataset into two
sections, with 80% for training and the remaining 20% for testing, chronologically. In this
work, we run CORMS and RevFinder on a PC equipped with a 2.8GHz i7-7700HQ processor

and 16GB of RAM.

27



3.4 DATA COLLECTION

3.4 Data Collection

For our analysis, we need datasets that include human-related information of reviewers, such
as their gender, which is our desired sensitive attribute. This information is essential for
our study since it allows us to analyze statistics and measures related to protected groups.
However, existing code reviewer recommendation datasets from previous studies |6, 29, 56| do
not include that critical information. Thus, we must figure out how to augment the datasets
with additional information, such as gender. To collect the gender information of reviewers,
in this work, we propose heuristic methods to infer a reviewer’s gender information from
their names and other publicly available information online (e.g., homepage, GitHub account
information, and LinkedIn profile). Our experiment is conducted on the same dataset as
the previous study [6], which includes code review requests from 34 open-source projects.
These code review requests are collected from code review platforms like Gerrit and GitHub
that are available to the public. As mentioned before, these code review systems do not keep
reviewers’ human-related information, such as gender, and we cannot directly obtain the
genders of the reviewers from the datasets.

For each project in our dataset, we first get reviewers’ names through the user ID provided
by the code review platform. Then we use the following steps to infer a reviewer’s demographic

gender.

1. We first remove projects that have a high percentage of reviewers with missing names.
If the field for a reviewer’s name is null or blank, we consider this as not having a
name mainly because the reviewer did not specify a name on his/her profile. Also,
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Figure 3.2: Missing rates of names and genders for each project in our study

reviewers may have nicknames instead of their real names on their profiles. We consider
all these records “unknown” since we cannot infer the gender from them. To distinguish
nicknames from real names, we use the following heuristic, i.e., if a name contains
any number, symbol, or sign, we consider that a nickname; e.g., in the nixcommunity
project, there was a reviewer with the name “jD91mZM?2”, which has been removed
from the data. We discard projects with reviewers who have more than 10% “unknown”
names to ensure the quality of our experiment data. The percentages of missing names
and genders (“unknown”) for each project examined in our study are demonstrated in
Figure 3.2. We select projects with at most 10% missing names and genders, which is
any project whose bar is beneath the red dashed line. As a result, we selected seven
out of 34 projects. In the seven projects examined, there were at most four reviewers

who had nicknames on their profiles.
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2. Second, for the selected seven projects, we manually check each reviewer’s information
through online resources, e.g., personal and institutional homepages, GitHub accounts,
and LinkedIn profiles. Some of the reviewers have links to their social media accounts
on their GitHub profiles, so we can access their information directly. For the reviewers
who do not provide social connections (20% of our reviewer set), we search their full
name on the internet to find their social media accounts and get the gender information.
During the process, we discard names that point to indistinguishable users (e.g., people
who have the same name and similar profiles on social media). We are able to do this
since we have the reviewers’ names and can search for their profiles on the internet to
gather information. We do this by searching for the reviewer’s name plus the keywords
related to the examined project on the internet. For example. If a reviewer’s name is
John Smith in the Node.js project, we use lookup queries like “John Smith Node.js”,
“John Smith Node.js LinkedIn”, and “John Smith Node.js GitHub” on search engines.
We look for gender information in their specified pronouns in their profiles, their online
content, including the pronouns and genders the reviewers themselves or others used
to describe them. In this manual analysis, we checked 355 reviewers’ information on
the internet. These reviewers may possess several reviews and contributions in our
dataset, employed for training the models, and the corresponding statistics are displayed
in Table 3.1. According to our analysis, we obtained at least 90% of the reviewers’
gender information through this manual analysis. Three authors are involved during

this process to ensure the correctness of the manually analyzed results.
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Table 3.1: Details of the selected projects

Project | Missing Genders | Total Ex. | F.Ratio | F# | M#
nodejs 2.7% 110 0.13 5 28
bssw 5.2% 213 0.67 9 9
getsentry 4.1% 775 0.08 6 64
shopify 2.8% 565 0.06 17 | 148

3. Finally, we remove projects for which there is only one reviewer from the protected
group, i.e., the female reviewer group. In each remaining project, we exclude records

relating to reviewers of unknown genders.

After applying our gender identification approach, four out of the 34 candidate projects
from [6] are selected for our experiments, as demonstrated in Table 3.1. In this table, the
columns “Missing Genders”, “Total Ex.”, “F. Ratio”, “M+#”, and “F#”, are the percentage of
missing genders, the total number of examples (total number of reviews), the ratio of female
reviewers, the number of female reviewers, and the number of male reviewers, respectively.
Our strategy ensures the reliability and validity of our results by guaranteeing that each of
the projects we use contains at least 90% of its total reviewers and multiple people from

different gender groups.

3.5 Evaluation Measures

This section describes our evaluation measures for fairness and recommendation performance.
Existing studies [64, 10] revealed that improving fairness usually comes at a cost in terms of

performance measures such as model accuracy. As a result, in order to demonstrate that an
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unfairness mitigation strategy is useful to deploy, most studies in fairness analysis will include a
performance measure before and after applying the unfairness mitigation technique [7, 17, 63].
It is important to clarify that the objective of our study is to evaluate the fairness of code
reviewer recommendation systems, rather than focusing on their performance. Performance
measures are solely utilized to assess the influence of unfairness mitigation strategies on the
recommendation outcomes, both before and after implementing these strategies. In this work,
we follow existing studies [17, 7] and use the average of all measure values for each record in

our dataset to represent the overall performance.

3.5.1 Fairness Measures

To evaluate the fairness of recommendation systems, we use two measures that rely on
the top-K results and one measure that is independent of the top-K results [31, 56]. Both
measures are useful for analyzing group fairness, which is the goal of our investigation. Similar
to existing works [6, 29] that conducted their experiments in a specific setting, we limit the

values of K to 4, 6, and 10.

o Skewg,QK: The skew of the ranked list of top-K candidates for a certain value .S; of

the sensitive attribute is:
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where C'is the ranked list of candidates, C* is the top-K candidates from C, Pcx g, is
the proportion of candidates having the sensitive attribute value .S; in the top-K results,
and Pp g, is the desired proportion of candidates with the sensitive attribute value S;
in the given dataset. The desired proportion for each project is calculated by dividing
the number of female reviewers by the total number of reviewers. When the proportion
of the protected group is smaller than the desired proportion, the fraction’s output is
less than one, causing the natural logarithm’s output to be negative. As a consequence,
if this measure returns a negative value, we have a fairness problem for the sensitive
attribute value S; and the top-K recommendation list is not a fair recommendation.
The ideal value of this measure is zero (since the output of the fraction will be one and
the natural logarithm of one is zero). The closer the value of this measure comes to
zero, the more fair the recommendation. Yet, if the measure produces a positive result,

it indicates that the recommendations favor the protected group [31].

e Statistical Parity Difference For top-K results (SPDQK): The statistical parity differ-
ence (SPD) is a well-known measure of fairness that is used in many articles about how
fair machine learning is when it comes to classification tasks |7, 17|. This measure is

demonstrated in Eq. 3.2 as an example for the binary classification:

Py =1|S=1]-P[Y =1|S #£1]| < (3.2)
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This measure implies that the rate or probability of a positive prediction for the
protected group should be similar to that of the privileged group. In the best-case
scenario, these probabilities or rates are equal to one another, and the SPD value is
zero. Yet in reality, to consider the result of a classification algorithm fair, the difference
between these probabilities should be less than a threshold known as epsilon (¢€), which

should be chosen based on the problem information.

Nevertheless, in order to use this measure for top-K results in recommendation systems
such as code reviewer recommendation systems, we must change the calculation in Eq.

3.2. As a result, we introduce the SPDQK measure, which is described in Eq. 3.3:

PlY e CK|S=1] - P[Y € CK|S £ 1]| < e (3.3)

Where C* is the ranked list of top-K candidates from the ranked list of candidates C'
as the result of the recommendation. In this measure, we also refer to € as the expected
SPD threshold. This threshold will be computed by calculating the absolute difference

between the male and female ratios in the dataset, which is described in Eq. 3.4:

| # Females # Males
| # Reviewers  # Reviewers

(3.4)

We expect that the difference in recommendation rates for males and females will be

similar to the disparity in ratios of these groups in the dataset.
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e Normalized Discounted Cumulative KL-divergence (NDKL): Eq. 3.5 describes the
normalized discounted cumulative Kullback-Leiber (KL) divergence given a ranked list

of the candidates C-

1 1
NDKL(C) = — —_— De:i
=z ; ogati 1 1) -7

Dy) (3.5)

In Eq. 3.5 dKL(DCi

Dg) =3, Dci(j) In %, Z=3% m, and Ks = {4,6,10}
where D and Dy represent the proportion of the top ¢ candidates in the ranked list of
candidates C' having the sensitive attribute j, respectively, and the desired proportion

based on the dataset with the sensitive attribute value j.

This measure considers all sensitive attribute values, which means it considers both
privileged and underprivileged groups [31, 56]. It is also independent of the value of
K, unlike the other measures, because its value accumulates over different K values.
This measure has non-negative values, with zero being the optimal value for a fair
recommendation based on it. As a result, if the value is positive, it indicates that the
recommendation has fairness issues. The problem with this measure is that we cannot
be sure which attribute value is causing the recommendation to be unfair, and it’s
difficult to interpret. The most effective way to use it is to look for a decrease in the

values of this measure, which indicates that fairness has improved [31].
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3.5.2 Performance Measures

In this study, we adopt the identical performance metrics utilized in previous research papers
discussing CORMS and RevFinder [6, 29], i.e., Top-K Accuracy and Mean Reciprocal Rank
(MRR). This enables us to cross-compare and guarantee accurate replications of both works
and to ensure a fair assessment before and after applying bias mitigation strategies. Top-K
accuracy is a performance measure that shows how often a code reviewer recommendation
system can suggest the right code reviewers for a set of reviews [6, 29]. It is calculated by
dividing the number of reviews where at least one correct code reviewer was in the top-K
recommendations by the total number of reviews. MRR is defined as the average of the
reciprocal ranks of the correct answers in the ranked list of recommended code reviewers
[6, 29]. In other words, for each review, MRR calculates the reciprocal rank of the first
relevant result and averages these values over all the reviews in the dataset. In our scenario,
we use M RRQK to focus on the top-K recommendations. This means that we only consider
the top-K candidates in the original calculations. Every candidate not on the top-K list has

a reciprocal rank of zero. The rest of the calculations remain the same.

3.6 Selected Unfairness Mitigation Techniques

Researchers have proposed several unfairness mitigation strategies for recommendation
systems [56, 30, 75, 31, 76, 77, 78|, but not all of them are applicable to our case due

to different views on fairness [56|. Also, due to the inherent differences in the fairness of
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classification and recommendation tasks (e.g., techniques used for classification do not support
top-K results), we cannot employ those mitigation techniques for classification tasks in our
study. Moreover, each recommendation system can have a distinct and different architecture,
and only some mitigation techniques apply to that type of architecture (e.g., reinforcement
learning-based approaches may not be suitable for many recommendation systems) [56].

In this work, we select two applicable approaches from the “post-processing” category
of fairness mitigation methods (see 2.6) for reviewer recommendation systems [56]. We did
not apply any “in-processing” mitigation approaches as these approaches require non-trivial
changes to the code reviewer recommendation systems, which do not generalize. In addition,
we exclude “pre-processing” mitigation techniques, as these data-oriented techniques in the
literature are primarily designed for classification tasks and, thus, are unsuitable for our
study. Also, the training data used by our study subjects is not entirely compatible with the
pre-processing techniques available in the literature for fairness of recommendation systems,
leading to their opting out of our analysis [33, 32]. The details of these two mitigation

approaches are as follows.

3.6.1 DetGreedy

Geyik et al. [31] developed this algorithm for fairness-aware recommendation in LinkedIn
Talent Search recommendation systems. This algorithm works as follows. Given a top-K list,

there are two requirements to satisfy the fairness condition:
a. Min: VK < |C| &Vs; € A, countk(S;) > | Pp.s, - K|
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b. Max: VK < |C|&Vs; € A, countk(S;) < [Pp.s, - K|

Where A is the set of attribute values, C' is the list of candidates, Pp g, is the desired proportion
of candidates with the attribute value S;, and count(S;) is the number of candidates with
the attribute value S; in the top-K results. If there are candidates whose attribute values
are close to violating the minimum requirement, choose the candidate with the highest score
next from that group. If all candidates meet the minimum requirement, then pick the one
with the highest next score from the group based on the attribute value among those who

have not yet reached their maximum requirements.

3.6.2 DetRelaxed

To improve DetGreedy, Geyik et al. [31] further proposed DetRelaxed. While DetGreedy
aims to include as many high-scoring candidates as possible in the ranked list, it may not
be effective in various scenarios, according to the authors [31]. For example, DetGreedy
can easily fall into an infeasible state, which is a state that breaks the fairness condition in
the minimum representation explained above, according to the authors. The DetRelaxed

algorithm was proposed to consider all candidates who satisfy the minimum requirement and

(PD,S{K-I

194

minimize the term [ —‘ to select the candidate with the highest score for the next
position.
According to the previous study [31], these approaches resulted in a huge improvement in

fairness at the production stage. Hence, we select these approaches to assess their effectiveness

with our subjects.
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Chapter 4

Results and Analysis

This section presents the experimental results and answers the research questions we asked

in Section 3.1.

4.1 RQ1: Existence of Unfairness

Approach: To answer this RQ, we first build RevFinder and CORMS on the training data
selected from our experimental dataset (details are in Section 3.4). When training each
model, following existing studies [29, 6], we divide the dataset into two sections, with 80%
for training and the remaining 20% for testing, chronologically. Then, we use the measures
mentioned in Section 3.5.1 to evaluate the fairness of the recommendations generated by
these code reviewer recommendation systems based on the testing data.

Result: Table 4.1 presents the findings of our experiments, where we analyze all the evaluation

measures for each project across three different scenarios, i.e., original (i.e., results obtained
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without any mitigation approaches), DG (i.e., outcomes obtained after using DetGreedy),
and DR (i.e., results obtained after using DetRelaxed). Also, it presents the SPD threshold
for each project in the dataset. As we can see from column “Original” in the table, Skew@K
has negative values under both CORMS and RevFinder on the four projects with different K
values, e.g., BSSW, GetSentry, Node.js, and Shopify, which have negative Skew@QK values,
ie, —0.19, —0.01, —0.73, and —0.90 under CORMS when recommending top 10 reviewers.
For SPDQK , we show the detailed desired SPD threshold of each project in the last row in
Table 4.1. In this table, the results that are considered unfair recommendations based on
the SPDQK and Skew@K measures are highlighted in - and e, respectively. As we can see
on most projects, the values of SPDQK are above the specified threshold values. For the
projects BSSW, GetSentry, Node.js, and Shopify, the average variation between the SPDQK
measure values and the SPD threshold is 0.15, 0.03, 0.03, and 0.08, respectively. This indicates
that the disparity between the percentages of males and females being recommended in
BSSW, GetSentry, Node.js, and Shopify projects is 15%, 3%, 3%, and 8%, respectively. As an
illustration, in the Shopify project’s Top-6 scenario, the SPD@QK measures for both CORMS
and RevFinder are 0.80 and 0.97 and are highlighted in yellow, respectively, which exceeded
the anticipated SPD threshold of 0.79, indicating that the results were unfair. Overall,
considering the different SPDQK metric variations and their corresponding expected SPD
threshold, male reviewers get an average of 7.25% more recommendations than female code
reviewers compared to their distribution in the reviewer set. This calculation involves

averaging across all the mentioned variations. Results from Skew@K and SPDQK indicate
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there are unfairness issues for each of the four experimental projects under both CORMS
and RevFinder.

Furthermore, we analyze the normalized discounted KL divergence measure (NDKL),
which is shown in Table 4.1. Our experiments indicate that the NDKL measure yielded
positive values for all projects, suggesting that the outcomes may be biased towards a
particular value of the sensitive attribute. As discussed in Section 3.5.1, a disadvantage of
this measure is its challenging interpretation due to the unknown sensitive attribute value
that causes unfairness. However, we acknowledge that the recommendation could be unfair,

which helps us address this research question.

Answer to RQ1: In the examined projects, male reviewers get an average of 7.25%
more recommendations than female code reviewers, considering their distribution in the
recommendation list under both CORMS and RevFinder. Our experiment results suggest

that the two ML-based code reviewer recommendation systems studied exhibit bias towards

gender.

4.2 RQ2: Root Causes of Unfairness

Approach: To answer this question, we first conduct an exclusive analysis of current
fairness studies in the literature to collect all the possible factors that have been examined
to be effective in determining the fairness of ML applications [8, 57, 7, 79, 56|, especially

recommendation systems. three factors were collected: (1) imbalanced or skewed data, (2)
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Table 4.1: Summary of fairness analysis experiment results for RQ1

Projects
Top-K | Subjects | Measures BSSW GetSentry Node.js Shopify

Original[ DG | DR |Original| DG [ DR |Original[ DG | DR [Original| DG [ DR

TopK-ACC|  79% 79% 79% 43%  43% 3% | 41% 1%  41% 25% 25% 30%

CORMS MRR@K 0.54 0.54 0.54 023 023 0.21 0.26 0.26 0.27 0.19 0.19 0.21
SPD@K 0 0 0 093 093 1 0.85 0.85 1 0.80 087 1

Top-4 Skew@QK 0.01 0.01 001 | -1.82 -1.82-2.25| -1.79 -1.79 -2.7 -1.41  -1.50 -2.35

TopK-ACC| 71% 73% 73% 43%  43% 3% | 50% 50% 45% 25% 25% 24%

RevFinder MRR@K 0.5 05 05 025 0.25 0.22 0.32 0.32 0.31 0.15 0.15 0.14
SPD@K 0.09 0 0 090 0.88 1 0.52 0.56 1 097 096 1

Skew@QK -0.001 0.01 0.01| -1.48 -1.48 -2.12| 0.15 0.09 -2.71| -2.03 -1.94 -2.17

TopK-ACC| 84% 87% 87% 4% 4% 38% | 52% 52%  47% 34% 36% 37%

CORMS MRR@K 0.55 0.56 0.56 024 024 0.21 0.29 0.29 0.28 0.21 0.21 0.22
SPD@K 0.31 0 0 087 087 1 0.86 0.86 0.66 0.80 087 1

Top-6 Skew@K -0.35 0.01 0.01| -1.20 -1.20 -2.25| -1.56 -1.56 0.12| -1.14 -1.28 -2.35

TopK-ACC| 88% 83% 83% 49%  49% 46% | 54% 54%  54% 36% 36% 3%

RevFinder MRR@K 0.53 0.52 0.52 026  0.26 0.24 0.33 0.33 0.33 0.17 0.17 0.17
SPD@K 0.13 0 0 081 0.80 1 0.60 0.69 0.66 097 096 1

Skew@QK -0.14 0.01 0.01| -0.53 -0.58 -2.12| 0.07 -0.1 0.15| -1.97 -1.87 -2.17

TopK-ACC| 94%  100% 100%| 45%  46% 45% | 58% 58%  58% 42% 43%  46%

CORMS MRR@K 0.57 0.57 0.57 024 024 0.24 0.29 0.29 0.29 0.22 0.22 0.22
SPD@K 0.2 0 0 079 082 038 0.82 0.78 0.8 077 0.73 0.8

Top-10 Skew@K -0.19 0.01 0.01| -0.01 -0.1 0.14| -0.73 -0.31 -0.35| -0.90 0.26 0.04

TopK-ACC| 88% 2% 92% 62%  62% 55% | 68% 68% 68% 44% 44% 43%

RevFinder MRR@K 0.53 0.53 0.53 0.28  0.28 0.25 0.35 0.35 0.35 0.18 0.18 0.17
SPD@K 0.17 0 0 0.81 082 1 0.68 0.68 0.8 0.96 096 1

Skew@QK -0.19 0.01 0.01| -0.03 -0.16 -2.12| 0.06 0.06 -0.32| -1.83 -1.77 -2.17

CORMS NDKL 0.04 0.01 0.01 0.08 0.08 0.08 0.11 0.10 0.08 0.14 0.08 0.09
RevFinder| NDKL 0.04 0.01 0.01 0.07 0.07 0.09 0.06 0.06 0.08 0.09 0.09 0.10
SPD Threshold 0 0.82 0.69 0.79

popularity bias, and (3) algorithmic objectives. We are not going to examine algorithmic
objectives since it requires us to examine the code reviewer recommendation architectures,
which is out of the scope of this work. As a result, we employ the factors of imbalanced
or skewed data and popularity bias to explore the possible root causes of code reviewer
recommendation systems.

Imbalanced or skewed data can lead to unfairness because models trained on such data
have a strong probability of learning behavior towards over-represented groups, eventually
becoming overfitted to them [56, 57]. Popularity bias and unfairness also have a strong

connection with each other [57, 79]. The “long-tail effect” occurs when recommendation
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4.2 RQ2: ROOT CAUSES OF UNFAIRNESS

systems favor popular items over less popular ones [80, 81], which leads to discrimination
against the less popular items. If the less popular items are generally from the protected
group, popularity bias will turn into unfairness.

Result: The following are the primary factors responsible for the unfairness and disparities
between actual and expected distributions of the protected group in the outputs of the code
reviewer recommendation system:

Imbalanced or Skewed Data: Our analysis indicates that the imbalanced representation
of male and female reviewers in some projects is one of the reasons behind the unfair outcomes
of code reviewer recommendation systems. Table 3.1 shows that, apart from the BSSW project,
which has an equal number of female and male reviewers, the number of male reviewers is
higher than that of female reviewers in all other projects (males are approximately 8 times
more than females), which leads to skewed data. The BSSW project has a record of females
accounting for 67% of the total examples, while in the Node.js, GetSentry, and Shopify
projects, this percentage is 13%, 8%, and 6%, respectively. Consequently, Table 4.1 reveals
that the results of the SPDQK measure for the BSSW project are substantially lower than
those of other projects, suggesting a fairer outcome. The same pattern is observed for the
Skew@K measure in the BSSW project, as other projects exhibit more negative values for
this measure, indicating larger discrepancies between the current and fair conditions.

Popularity Bias: In the projects examined, bias was found to be more prevalent in
projects where male reviewers were more popular than female reviewers. For instance, in

Shopify and Node.js, the first 14% and 15% of popular reviewers were all male, respectively.
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4.3 RQ3: EFFECTIVENESS OF EXISTING UNFAIRNESS MITIGATION
TECHNIQUES

This led to unfairness in the CORMS and RevFinder recommendation systems, which learned
and incorporated this preference for male reviewers into their decision-making processes.
In contrast, in the BSSW project, the first two popular reviewers were female, resulting in
fairness measures like Skew@K and SPDQK being closer to fair values, such as Skew@QK
being closer to zero. More details can be found in the supplement materials (more details in

Appendix A).

Answer to RQ2: We confirm that popularity bias and imbalanced or skewed data are
two factors that can affect code reviewer recommendation systems, both of which can
lead to unfairness. Projects that do not have these issues (e.g., BSSW) result in values in

fairness measures that are closer to a fair state, in contrast to projects that do suffer from

these problems.

4.3 RQ3: Effectiveness of Existing Unfairness Mitigation

Techniques

Approach: In this RQ, we examine the selected unfairness mitigation approaches (i.e.,
DetGreedy and DetRelaxed) in Section 3.6 to see if they could improve the fairness of code
reviewer recommendation systems. Furthermore, because applying an unfairness mitigation
technique has been shown to have a trade-off with performance measures |63, 64|, we should

also guarantee that applying these mechanisms does not adversely affect performance measures.
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4.3 RQ3: EFFECTIVENESS OF EXISTING UNFAIRNESS MITIGATION
TECHNIQUES

As a result, we compare performance measures before and after using unfairness mitigation
techniques.

Result: The fairness measures after applying these two mitigation approaches, i.e., DetGreedy
and DetRelaxed, for each project, are shown in Table 4.1.

As we can see from the table, both DetGreedy and DetRelaxed mitigation techniques
can improve fairness, but not across all projects. The bolded values on this table indicate
fairness improvements compared to original settings. With the use of these approaches, the
BSSW project saw a significant fairness improvement of 100%. Also, in the BSSW project,
RevFinder’s top-K accuracy decreased by 5% solely in the top-6 scenario. While performance
measures were not adversely impacted (only a 1.75% decrease on average on all projects),
the fairness enhancement was not as noticeable in projects with an imbalanced distribution

of male and female reviewers (e.g., Node.js, GetSentry, and Shopify).

Answer to RQ3: DetGreedy and DetRelaxed mitigation approaches can improve fairness

while maintaining performance, but not consistently across all projects.
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Chapter 5

Addressing the Limitations of Current

Mitigation Methods

5.1 Problem with Existing Mitigation Methods

As presented in Section 4.3, although both examined mitigation approaches, DetGreedy
and DetRelaxed, can help improve fairness for some projects, we can also see that both
DetGreedy and DetRelaxed [31] do not work effectively for certain projects. For example, the
fairness improvement in the BSSW project is significantly higher than that of other projects
e.g., Node.js, GetSentry, and Shopify. Our analysis shows that these two approaches can be
effective when the data is not imbalanced or skewed in terms of protected and privileged
group ratios. However, for projects with imbalanced or skewed data, these approaches may

not be effective in improving fairness. As highlighted in Section 4.2, imbalanced or skewed
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5.3 IRR’S UNFAIRNESS MITIGATION EVALUATION

data is one of the main factors causing unfairness in such systems. Therefore, a solution that

can address this issue is necessary for improving fairness.

5.2 Improved Re-Ranking Algorithm (IRR)

In order to tackle this problem, we propose an improved re-ranking algorithm. The motivation
behind this algorithm is that it should guarantee to at least bring a reviewer from the
discriminated group into the top-K list, regardless of other constraints. Although the
DetGreedy and DetRelaxed algorithms specify the minimum and maximum requirements in
Section 3.6, following both requirements as a fairness condition does not necessarily result in
this outcome. Algorithm 1 demonstrates the algorithm of our approach.

The method aims to improve fairness in a recommendation list by using the SPDQK
measure. It replaces a female reviewer with the highest score not on the top-K list with a
male reviewer with the lowest score on the top-K list to achieve the SPD threshold. This

process is repeated until the threshold is met.

5.3 IRR’s Unfairness Mitigation Evaluation

Table 5.1 shows the results of the experiments with our approach. The bolded values on
this table indicate fairness improvements compared to the original settings. In this table,
indicates the results where our approach works but the DetGreedy and DetRelaxed methods

did not succeed in achieving fairness improvements. e indicates that where our approach
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5.3 IRR’S UNFAIRNESS MITIGATION EVALUATION

Table 5.1: Results of unfairness mitigation effectiveness of IRR

Top-K | Subjects | Measures | BSSW | GetSentry | Node.js | Shopify
Top-K-ACC |  53% 40% 41% 24%
MRR@K 0.43 0.23 0.26 0.19
CORMS SPDQK 0.5 0.5 0.5 0.43
Top-4 Skew@K -0.65 1 0.5 1
Top-K-ACC 57% 39% 50% 21%
RevFinder MRR@K 0.42 0.24 0.32 0.13
SPDQK 0.5 0.5 0.45 0.5
Skew@QK -0.55 1.13 0.6 1.07
Top-K-ACC 87% 43% 47% 32%
MRR@K 0.56 0.24 0.28 0.2
CORMS SPD@K 0.33 0.66 0.66 0.59
Top-6 Skew@K 0.26 0.61 0.12 0.66
Top-K-ACC 76% 49% 54% 33%
RevFinder MRR@K 0.51 0.26 0.33 0.16
SPDQK 0.33 0.66 0.57 0.66
Skew@QK -0.1 0.75 0.33 0.69
Top-K-ACC 97% 45% 58% 40%
MRR@QK 0.57 0.24 0.29 0.22
CORMS SPD@K 0.2 0.77 0.6 0.53
Top-10 Skew@QK 0.19 0.23 0.29 0.81
Top-K-ACC 88% 62% 59% 44%
RevFinder MRRQK 0.53 0.28 0.34 0.18
SPD@QK 0.2 0.78 0.6 0.79
Skew@K 0 0.31 0.32 0.22
CORMS NDKL 0.09 0.06 0.03 0.11
RevFinder NDKL 0.09 0.08 0.05 0.07
SPD Threshold 0 0.82 0.69 0.79

outperformed the DetGreedy and DetRelaxed approaches in terms of fairness improvements.
The unfair recommendations based on the SPDQK and Skew@K measures are highlighted
in - and e, respectively.

Despite the inability of DetGreedy and DetRelaxed to enhance fairness in the following

scenarios, our approach significantly increased fairness by a greater margin (approximately
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5.3 IRR’S UNFAIRNESS MITIGATION EVALUATION

Algorithm 1 Improved Re-Ranking Algorithm (IRR)
1: procedure IR R (scores_list, SPD _threshold, K)
2: topK list = topK(scores list, K)

3 topK _excluded = exclude_topK(scores_hst)
4: other females = get females(topK excluded)

5: other males = get males(topK excluded)

6

7

8

9

while is_unfair(SPD(topK _list), SPD _threshold, K) do
before scores list = topK list
m_ val before = metric(topK list)
if unfair towards males(topK list) then

10: substitute(topK list, other females)
11: else

12: substitute(topK list, other males)
13: end if

14: m_ val after = metric(topK list)

15: if m val after > m_val before then
16: return sort(before scores list)

17: end if

18: end while
19: return sort(topK list)
20: end procedure

24% on average in all scenarios): four more scenarios in the GetSentry project (CORMS-Top-4,
CORMS-Top-6, CORMS-Top-10, RevFinder-Top-10), three more scenarios in the Node.js
project (CORMS-Top-4, RevFinder-Top-6, RevFinder-Top-10), and two more scenarios in
the Shopify project (CORMS-Top-4, CORMS-Top-6). Additionally, while enhancing fairness,
the average top-K accuracy was reduced by 1.3%, 2.6%, and 2% in the GetSentry, Node.js,
and Shopify projects, respectively, across all scenarios.

To verify the significance of our approach’s fairness improvement compared to the two
baselines, i.e., DetGreedy and DetRelaxed, we employ the Wilcoxon signed-rank test [82] to
test our null hypothesis. The null hypothesis being tested is whether there is a significant

difference between the outcomes of our approach’s improvement and those of the other two
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5.3 IRR’S UNFAIRNESS MITIGATION EVALUATION

methods. If the p-value is less than 0.05, it means that the two approaches that were compared
have significantly different results. The outcomes of our tests on three projects (GetSentry,
Node.js, and Shopify), where fairness was enhanced, demonstrate that the p-values for our
approach compared to DetGreedy and DetRelaxed are 0.000007 and 0.0002, respectively.
The results imply that our approach’s improvements are statistically significant and not
due to chance. In terms of fairness evaluation, our approach performs better than both the
DetGreedy and DetRelaxed approaches in the examined scenarios.

Note that although our approach results in an overall better performance than both
DetGreedy and DetRelaxed, it still cannot fully mitigate the recommendation unfairness
on the BSSW project. For example, in this project under RevFinder’s top-4 scenario, our
approach’s SPDQK value is 0.5 (after mitigation), which exceeds the anticipated SPD
threshold of 0, which indicates further efforts on improving the fairness for projects with

different characteristics are needed.

Our proposed mitigation approach can significantly outperform the existing DetGreedy

and DetRelaxed mitigation approaches.
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Chapter 6

Threats to Validity

The main threat to the validity of this work is the generalizability, as both RevFinder [29]
and CORMS [6] use a similarity-based model as a core part of their recommendation systems.
They attempt to recommend reviewers based on the similarity of the files involved in previous
reviews for a given new review request. Additionally, CORMS employs a hybrid approach
that combines the results of the similarity model with an SVM model trained on the subjects
of previous change reviews. Therefore, it is still possible that the results of experiments
conducted on other code reviewer recommendation systems, such as those that use developer
experience, could differ from those of CORMS and RevFinder. Consequently, our findings
may not be generalizable to those systems. Future research should address these concerns
with different code reviewer recommendation systems. Additionally, as stated earlier, to align
with prior fairness studies that employed gender as the sensitive attribute [17, 7, 21, 20, §|,

and considering the challenge of acquiring non-binary data, we conducted our analysis using
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6 THREATS TO VALIDITY

the binary gender attribute. However, it’s worth noting that our analytical approach can
accommodate attributes with multiple values, not solely limited to binary ones. Therefore, if
adequate data on non-binary genders becomes available, our research can be extended to

encompass those scenarios.
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Chapter 7

Conclusion and Future Work

This study represents a novel investigation into the fairness issue of machine learning-based
code reviewer recommendation systems. Specifically, two state-of-the-art systems (CORMS
and RevFinder) and code review data from four open source projects were used to conduct the
fairness analysis. Our empirical study demonstrates that current state-of-the-art ML-based
code reviewer recommendation techniques exhibit unfairness and discriminating behaviors.
This study also discusses the reasons why the studied ML-based code reviewer recommendation
systems are unfair and provides solutions to mitigate the unfairness.

Moreover, based on existing literature[16], the diversity crisis emerges as a crucial concern
within software development, constituting a multi-dimensional problem. Among these
dimensions, gender stands out as the most prominent and applied one, particularly when
addressing the need to increase diversity with a focus on women. Thus, our research holds

promise as a valuable contribution to alleviating the diversity crisis in software development.
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7 CONCLUSION AND FUTURE WORK

In the future, we plan to broaden our research scope by investigating more sensitive
attributes, analyzing a wider range of code reviewer recommendation systems with different
architectures, multi-objective search to make a recommendation that maximizes performance
and minimizes bias, and examining fairness issues in other tasks in SE domain. To make
that research possible, the real challenge will be to find relevant datasets. This calls for the
creation of additional and more diverse datasets with several sensitive attributes, especially
for ML-powered software engineering tasks since most of the datasets lack sensitive attributes
on their data. We also plan on using automated methods to extract human-related data from

code review repositories, which will support further research in the field of fairness analysis.
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Appendix A

Supplementary Materials

A.1 Long Tail Charts for Reviewers’ Genders Frequency

In these charts, the blue bars are male reviewers, and the red ones are female reviewers.

72



A.1 LONG TAIL CHARTS FOR REVIEWERS’ GENDERS FREQUENCY

— Z€

[al 1€

[al oE

[al [-14

[l 8z

[al 1z

[al 9z

sl 14

— j:r4

— €z

- [a4

— j14

— 0z

o~ 61

o 81

o LT

118

nodejs
2

o 1)

gl 1

~™ €1

m 45

m T

m o8

10
-

15
o

T T T T T {
=1 «© w0 < ™~ [=]
g

sapuanbaiy siamainay

16
14 1
12

73



A.1 LONG TAIL CHARTS FOR REVIEWERS’ GENDERS FREQUENCY

getsentry

103

158

T T T T
o =) =3 = =3 o
2 3 2 g E 2 g ~
- = = =

5910uanbald ,S12M3IASY

74



A.1 LONG TAIL CHARTS FOR REVIEWERS’ GENDERS FREQUENCY

bssw

20
10 4
0

T
(=] (=]
< M
sapuanbaiy siamainay

70
60 1
50

75



A.1 LONG TAIL CHARTS FOR REVIEWERS’ GENDERS FREQUENCY

1

1

1
|

shopify

o
=i
=)
o e
M
L]
o e
ropr
i
© =
— =1
<+ .
[ o
\n .
el
T T T T T T T
n =) n [=] n =) wn o
m @ o~ o~ — —

sapuanbaiy siamainay

76



Appendix B

Data Availability

We release the dataset and source code of our experiments to help other researchers replicate

and extend our study?.

*https://doi.org/10.5281/zenodo. 7897538
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