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Abstract: Al fairness is an essential topic as regards its topical and social-societal implications.
However, there are many challenges posed by automating Al fairness. Based on the challenges
around automating fairness in texts, our study aims to create a new fairness testing paradigm that can
gather disparate proposals on fairness on a single platform, test them, and develop the most effective
method, thereby contributing to the general orientation on fairness. To ensure and sustain mass
participation in solving the fairness problem, gamification elements are used to mobilize individuals’
motivation. In this framework, gamification in the design allows participants to see their progress
and compare it with other players. It uses extrinsic motivation elements, i.e., rewarding participants
by publicizing their achievements to the masses. The validity of the design is demonstrated through
the example scenario. Our design represents a platform for the development of practices on fairness
and can be instrumental in making contributions to this issue sustainable. We plan to further realize
a plot application of this structure designed with the gamification method in future studies.

Keywords: artificial intelligence fairness; gamification; testing; fair-test; zero-suppression decision
diagram; centrality; confusion matrix; mutation test

1. Introduction

Justice is a multifaceted and context-dependent concept that has been debated for
centuries. Specifically, for justice alone, there are many different definitions, several of
which are incompatible, as no method can satisfy them simultaneously except in minimal
special cases [1]. The limitations, compatibility, applicability, assumptions, and parameters
of each definition are not yet fully understood [2,3].

Today’s computer technologies automate decision-making in many areas. These tech-
nologies can offer tremendous opportunities, as they are accelerating scientific discovery
in personalized medicine, intelligent weather forecasting, and many other regions. They
can automate tasks related to personal decisions, and help improve our daily lives through
personal digital assistants and recommendations. These include hiring processes, credit
score prediction, and sentencing decisions in courts, as well as software systems used in
surveillance. Moving forward, such decision-making has the potential to transform society
through platforms such as open government. These machines are generally beneficial,
as they allow for more informed and less subjective decisions that taking into account
factors other than human ones. On the other hand, in the quest to maximize efficiency
the decisions made by machines can be flawed [4]. In addition to making life easier, this
situation has led to new debates around justice and automatization in terms of making
fair decisions. In other words, justice debates have gained a new dimension today as
decision-making mechanisms have shifted from humans to machines with developing
automation technologies.

Maintaining fairness in emerging automation technologies means measuring and
eliminating discrimination in the model and ensuring that the applications built around
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the model are reliable. The goal is to prevent the model from making significantly different
predictions for subgroups where each subgroup is divided by a “sensitive characteristic”
such as race, gender, or age [5]. Different approaches include algorithms, data, and holistic
justice [6]. These approaches often focus on discrimination issues such as gender, religion,
age, sexual orientation, and race [7,8]. Because fairness is in general a difficult concept to
understand, numerous definitions and models of fairness have been developed, as well as
various algorithmic approaches to fair rankings and proposals that make the landscape
very convoluted [9]. To make real progress in building fair systems, it is necessary to
demystify what has been done, to understand how and when each model and approach
can be used, and finally, to be able to recognize the research challenges that lie ahead [10].
In this respect, there is a need for holistic tests of fairness.

Text is an important building block in holistic tests for the fairness problem [11]. This
is because text is an expression of language as social communication. Text is important
because it carries clues about various social interaction processes. For example, when our
perception is exposed to an image, we use text to process it. On the other hand, the concept
of justice is structured through legal expressions, that is, through text.

Motivated by the challenges of automating fairness in texts, we aim to create a new
fairness testing paradigm that combines disparate pro-fairness Al proposals into a single
platform in order to test them and develop the most effective method, thereby contributing
to the general direction of fairness. However, we believe that there is a need for mass
participation in the best way to test texts for Al fairness. For this reason, a game for testing
Al fairness in texts was designed using the gamification concept to ensure participation in
the fairness system we have developed, make it sustainable, and motivate the participating
individuals for this purpose.

The concept of gamification generally refers to technological, economic, cultural,
and societal developments in which reality becomes more gamified. Thus, it can lead
to a greater degree of skill, motivational benefits, creativity, playfulness, engagement,
and overall positive growth and happiness [12]. The structuring and development of Al
fairness affect technological, economic, cultural, and societal developments. The role of
civic engagement in all these developments is critical [13]. In this respect, gamification
practices are an important strategy for increasing civic engagement [14]. Gamification is
defined as using game elements in non-game contexts to make a system more attractive by
leveraging the intrinsically rewarding properties of games [15]. Significant studies show
that gamified applications provide a better user experience and civic engagement [16,17].

It is known that the main reason for using gamification is to increase motivation [17].
In this way, gamification aims to change user behavior [15]. Two types of motivation for
behavior change are intrinsic and extrinsic [18]. Accordingly, intrinsic motivation means
that a person is motivated because they believe in the values underlying something or
because they find something stimulating and enjoyable. On the other hand, extrinsic
motivation refers to the expectation of reward or money in return for one’s actions. Ac-
cording to self-determination theory (SDT) [19], humans are naturally proactive, have
a strong intrinsic desire for growth, and have basic human needs such as competence,
relatedness, and autonomy, which promote motivation. For gamification-based systems
to be engaging, they are expected to activate these motivators. For example, according to
Kanat et al.’s [16] gamification proposal, competence and relatedness should be positioned
to allow participants to see their progress and compare it with other players. Autonomy
should be positioned within gamification by allowing users to choose the projects they
care about. In our study, we designed a game called “fair-test” based on the concept of
gamification to ensure citizen participation in the development of tests to ensure fairness in
artificial intelligence, motivate participants, and make the interaction sustainable. We used
extrinsic motivation elements in the game we designed to mobilize the basic motivators.
In other words, we adopted an approach that rewards participants by publicizing their
achievements to the masses. In terms of fairness, in our design, each study that finds any
problematic element in the text and proves its success to a certain extent by any method
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it wishes is accepted as a test case. The cumulative sum of these test cases is called a test
suite. Each test suite tests an atomic structure. These atomic structures test the fairness of
texts in terms of legal laws.

In general, everyone who cares about and works in artificial intelligence fairness
constitutes the target audience of our design. In particular, software developers who pro-
duce solutions on fairness constitute the participants of the fair-test game, while everyone
affected by artificial intelligence fairness constitutes an end user. Our design is expected
to become a ground where current practices on fairness can be applied and contribute to
the sustainability of contributions on this issue by gathering them on a single platform.
In future studies, it is planned to realize a plot application of this structure designed with
the gamification method.

In the remainder of this study, previous research on the subject is mentioned, then the
gamification and gamification elements are explained. Next, the study’s methodology is
presented and the design is tested through a sample scenario. Finally, the outcomes of the
scenario are discussed and the conclusion of our research are presented.

2. Related Work

In this section, because our study aims to bring together the scattered proposals for Al
fairness and to develop and automate these proposals, the current literature on determining
Al fairness and general proposals for eliminating fairness problems are included. Second,
gamification and Al-focused research are examined, as gamification elements are used to
improve Al fairness in our study.

2.1. Artificial Intelligence Fairness

Artificial intelligence fairness is a highly topical and increasingly popular topic.
Chouldechova and Roth have shown that decision support systems can inadvertently
encode existing human biases and introduce new ones [20]. Another study found that
women are stereotyped and systematically underrepresented when the results of a visual
search for doctors or nurses are compared to the actual percentage estimated by the US
Bureau of Labor and Statistics [21]. The first of the two interesting results from the study is
that people are more likely to prefer and rate search results that are consistent with stereo-
types. The second interesting result is that when the representation of gender in visual
search results is changed, people’s perceptions of the real-world distribution tend to change
as well. Another well-known example is the COMPAS system, a commercial tool that uses
a risk assessment algorithm to predict certain categories of future crime. Specifically, this
tool is used in courts in the US to assist with bail and sentencing decisions. It has been
found that the false positive rate, i.e., people labeled as high risk by the tool who do not
re-offend, is almost twice as high for African-Americans than for White defendants [22].
This often means that the ubiquitous use of decision support systems can create potential
threats such as economic loss, social stigmatization, and even loss of liberty.

Movie and music platforms, advertisements, social media and news outlets, and search
and recommendation engines are all data-driven systems [23]. Such systems are central
in shaping our experiences and influencing our perception of the world. For example,
how most of us listen to music now presents certain built-in bias issues. This is because
when a streaming service offers music recommendations, it does so by examining what
music has been listened to before. This creates a recommendation loop that reinforces
existing bias and reduces diversity. A recent study analyzed the public listening records of
330,000 users of a service and found that female artists represented only 25% of the music
listened to by users. The study identified gender justice as one of the main concerns of
artists, as female artists do not receive equal space in music recommendations [24]. Another
study by the University of Southern California on Facebook ad recommendations found
that the recommendation system disproportionately showed certain job postings to men
and women [25]. A recent survey has focused on fairness in these ranking [26]. Recent
studies focusing on concepts and measures of fairness and the challenges involved in
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applying them to recommendations and information retrieval, as well as scoring methods,
have been presented by [27-29], respectively.

Pitoura et al. [10] proposed a preprocessing approach for solving fair ranking and
recommendations with the aim of transforming the data to remove any underlying bias or
discrimination, along with an in-processing approach to introduce new algorithms and a
postprocessing approach to change the state. Chierichetti et al. [30] developed a graph
clustering and ranking method. Hu and Chen [31] identified the persistence of racial
inequalities and designed a number of solutions based on a dynamic reputation model of
the job market, highlighting the consequences of groups’ differential access to resources.
In addition, there have been studies on the fairness problem in online job markets [32],
on solving the social matching problem [33], and on the fairness problem in ranking and
recommendation [10,34]. Most of the recent work on fairness seems to be isolated to
specific tasks, focusing on the classification task for non-discrimination. However, there is
a continuing need for research and solutions that consider fairness across the entire data
pipeline [35].

As can be seen, there is a wide variety of research in the literature on Al fairness from
many different fields. In the vast majority of these studies, query, ranking, and classification
issues have been addressed through the lens of discrimination. To the best of our knowledge,
no holistic approach to Al fairness has been developed. Moreover, there are no studies on
the use of gamification practices in solving the fairness problem. Unlike the literature, in our
study, in order to overcome the difficulties involved in automating fairness in texts, a new
fairness testing paradigm using gamification is developed to gather disparate proposals
about fairness on a single platform, then test them in order to develop the most effective
method, thereby ensuring that the effort is sustainable.

2.2. Gamification and Artificial Intelligence

In the literature, artificial intelligence research using gamification elements has pro-
liferated in recent years. In a recent study on Al and gamification, a machine learning
algorithm-based personalized content selection for gamified systems has been proposed.
The process is based on Deterding’s 2015 gamified design framework, the lens of intrinsic
skill atoms, and heuristics for effective design [36]. In the work of [36], machine learning
was used to realize gamification. In our work, gamification is used to improve Al fairness.

Based on the fact that personalized adaptive gamification can increase individuals’
motivation and performance, [37] presented a machine learning method that uses task
information and individual facial expression data. Another study proposed a machine
learning algorithm-based personalized content selection for gamified systems [38]. The pro-
cess is based on Deterding’s 2015 gamified design framework, the intrinsic skill atoms
lens, and heuristics for effective design. This process has been demonstrated through the
application of personalized gamification for a computer-supported collaborative learning
environment. In the studies of [37,38], the authors used machine learning to provide direct
gamification or demonstrate gamification results. Unlike these previous studies, in our
study the gamification elements are used in the context of artificial intelligence fairness.

Another gamification-focused study examined the impact of social learning and gam-
ification methodologies on learning outcomes in higher education. In this framework,
students were asked to design, execute, and evaluate a series of learning tasks and games
in two consecutive semesters of an undergraduate course [39]. Unlike our study, their [39]
study focused on the effects of gamification on education and learning. In another study in
the field of education, a design was developed to increase students” motivation by using
a ranking of engagement levels and incorporating gamification to allow students to rein-
force learning whenever and wherever they wanted to [40]. In another study, an adaptive
gamified learning system (AGLS) was developed combining gamification, classification,
and adaptation techniques to improve the effectiveness of e-learning. The results showed
that AGLS positively impacted students’ engagement and learning performance compared
to gamification alone [41]. In a different study, the scope and future challenges of such
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applications were examined alongside a review of the existing literature on adaptive gami-
fication in e-learning [42]. Although all of these studies were conducted in the education
field, they have in common with our study that they utilized elements of “gamification for
a purpose”.

In a different study, an approach using a blockchain-based solution enhanced with
a gamification component for fake media or Internet of fake media objects (IoFMT) was
proposed [43]. In another study, which sought to open up new ways to increase attractive-
ness using artificial intelligence and machine learning, an open-ended gamification method
was proposed that did not depend on the course and program studied [44]. Another
study argued that games can enhance the possibilities for democratic deliberation during
government consultation with the public. Key design features developed in this context
include game origin, management, and oversight; networked small groups at the center of
the project; and artificial intelligence and automated metrics to measure deliberation [45].
Finally, another study presented a visual analytics technique for interactive data labeling
that applies gamification and explainable Al concepts to support complex classification
tasks [46]. Several studies by Chen (2020) [44—46] utilized elements of “gamification for a
specific purpose”, albeit with completely different topics and objectives than our study.

To summarize, unlike the previous studies in the literature, in this study gamifica-
tion elements are utilized to gather studies on ensuring Al fairness onto a single plat-
form, allowing Al fairness to be developed faster, more efficiently, and through a more
sustainable process.

3. Method

In this study, a game design was developed to enable civic engagement around the
development of Al fairness tests and to bring together scattered proposals on a single
platform. The design we developed consists of both Rule and Discussion (Zero-Suppressed
Decision Diagram [47], Centrality) elements and Test (Confusion Matrix, Mutation Test)
elements. The Rule and Discussion elements form the Zero-Suppressed Decision Diagram
(ZDD) and Centrality scores in the design we developed. In contrast, the Test element
forms the Confusion Matrix and Mutation Test scores.

Figure 1 shows the general design of the gamification elements discussed in detail in
this section.

User's Playground

@ Uzer

( p V
M d

Game Output

The Purpose Improvement of software The process of formation of

of the Game with community participant ranking as a result —
involvement of improvements Network and business Sustainable
Sustainable o deals promised to the | de€velopment of the
development of - [ / best participant most effective tests
the most \ for fairness.
effective tests » Game Result _———

for fairness.

Identifying the best participant

Game Process

Figure 1. General design of gamification.

3.1. Gamification Elements

Gamification elements are considered the most essential design components of a
gamification concept [48]. In gamification, it is essential to understand the role of existing
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elements, what they represent, and their properties [49]. In this section, the elements of the
design and their roles are explained.

3.1.1. Rule and Comment

Rules are structures used to test whether a text is fair. All the rules used form a rule
network. This network contains only rules and comments. Here, rules are immutable, while
comments are mutable. Users set various rules and comments in the system. The popularity
of these rules and comments is calculated by a Zero-Suppressed Decision Diagram (ZDD)
and a Centrality score.

Each rule is treated as a node in the graph structure of the system. There are three types
of relationships in the rule network. Logical relationships between rules in the network
are found in three different forms: verification (AND), refutation (NOT), and alternative
generation (OR).

For example, the sentence “women and men are equal” is a rule. If desired, this rule
can be supported by the rule “women have the same working conditions as men” (AND).
Propositions that support, refute, or provide an alternative point of view, such as “women
and men are not equal” (NOT) or “women and men have very different qualities and are
therefore different” (OR), are expressed as rules.

The score of these relationships is calculated with the Zero-Suppressed Decision Dia-
gram (ZDD), as it has a logical structure within a domain that users can specify. In addition,
we use calculations based on centrality criteria in the network to determine the popularity
of rules and comments. The reason for using ZDD is that it can express rules and discus-
sions canonically as a “sum of products”. In this way, supported and unsupported rules
are kept compact and easy to find.

As shown in Figure 2, Rule A has associations. The score of shared rules increases or
decreases depending on how much that rule is verified in the rule network. The individual
score of the person sharing a rule affects the score of the rule they share to a certain extent.
This means that rules shared by people with a high game score have more influence.

c N

Rules

N, Test Suite of
Rules

Test Suite of
Rules

Test Suite of
Rules

(& J
Figure 2. Rule A’s relationships.

Another criterion used in the generation of rules and their interpretation is centrality.
Centrality is a computational method used in graph theory and network analysis to rank
nodes according to their position in the network [50]. The aim is to understand the density
of a node according to specific criteria. There are many measures of centrality, including
degree centrality, betweenness centrality, closeness centrality, and eigenvector centrality.
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Centrality values are used in this design to determine the importance of the rules
developed within the game. Accordingly, rules with higher centrality values are more
important. Centrality metrics are included in the system as a score related to the node’s
importance. This score represents the centrality score of the rule.

3.1.2. Text Testing

This is a method for testing the conformity of texts to rules. Users can add new rules
or tests to the system. Each rule can have subrules. Here, tests are prepared to determine
the conformity of the text to the rule, and the text is tested through these tests. Each subrule
can be tested independently, and each subrule must pass the tests of its parent rules.

Test cases are test procedures that can be run successfully or unsuccessfully. Negative
test cases should produce negative results, while positive ones should yield positive results.
A test is successful if the expected results match the actual results [51].

A test suite is a set of test cases [52]. Here, the output of one test case can be the input
of another test case.

As can be seen in Figure 2, each rule in the rule network has a test suite. In our design,
the performance of the test cases is measured by the confusion matrix and the performance
of the test suites is measured by mutation testing.

In our design, test cases can be developed with simple natural language processing
methods or with more complex structures such as machine learning [53]. The Confusion
Matrix measures the performance of the generated test cases. Accuracy, Precision, Recall,
and F1 Score [54] are calculated based on the Confusion Matrix.

Another metric used in the testing phase is mutation testing. Mutation testing is a
method used to measure the performance of test suites [55]. Although it has standard
features with the confusion matrix method, it differs in its holistic approach.

In this study, mutants are treated as texts in mutation testing. The text added to the
system, i.e., the mutant, can be reproduced with the mutation operator. If the test case
captures a mutant, this is called a dead mutant. If it is missed, it is called a living mutant.
The performance of the test suite is tested using these mutations. Figure 3 shows the
test suite’s test cases and each test case’s mutants. In our model, each test case can have
many mutants.

Test Case Text
Mutant
- creation
operator
~
Test Score =
Mutant 1 - T .
Number of Mutants Killed
- Mutant
creation
R\ operator
-
™
Mutant n

Figure 3. General representation of mutants.

In mutation testing, various metrics are used to test the test suite. The most commonly
used ones are the Fault Detection Ratio (FDR), Average Percentage of Faults Detected
(APFD), FDR/Test Suite Size, FDR/Test Case Time, and FDR/Test Suite Time [52]. The
FDR formula has the same meaning as Accuracy in our design. Apart from this, APFD
is preferred for use in cases with multiple test cases, as it provides information about
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how to arrange the test cases in cases with many test cases. FDR/Test Suite Size provides
information in terms of the test suite. It differs from the confusion matrix in this respect.
On the other hand, the confusion matrix does not produce any output related to timing.
In contrast, FDR/Test Case Time and FDR/Test Suite Time provide information about
timing. The performance of the test suite is determined using these scores. The higher the
performance of the test suite, the higher the detection rate of the tested rule in the text.
At the same time, the overall performance of the test suite constitutes the test score.

3.1.3. Score

There are two basic game scores in the design, the rule score and the test score;
their sum determines the user score. The rule score is obtained by normalizing the ZDD
score and the centrality score to a range of 0-1, while the test score is obtained by normaliz-
ing the confusion matrix score and the mutation test score to the range of 0-1.

Rule score = ZDD score + Centrality score 1

APFD generates values between 0 and 1, while FDR/Test Suite Size and FDR/Test
Suite Time generate non-normalized values. Therefore, the FDR/Test Suite Size and
FDR/Test Suite Time values are normalized and added to the formula. In our model,
the formula used for the test score is as follows:

Mutant score = APFD + FDR/ Test Suite Size + FDR / Test Suite Time )

Test Score = Mutant Score + Con fusion Matrix Score 3)

The user score is the sum of the rule score and the test score normalized to a range of
0-0.5:
User Score = Rule score + Test score (4)

Figure 4 shows an overview of the user’s playing field and the elements that make
up the user score. Here, the user score, which determines the user’s influence factor in
the game, is composed of the rule score and the test score.

[ @ User's Playground
( )
X . AN
16% Rule Setting Test Development
Q e ZDD Score e Confusion Matrix Score
e Centrality Score : : e Mutation Test Score
Relationships (Confirm, Reject, Submit Alternative)
Rule Score Test Score
! User Score and User Impact Factor

Figure 4. The user’s playground and the elements that make up the user score.

3.2. Player Action Steps

When the user logs into the game area, they can perform various action steps. Accord-
ingly, the user enters rules and comments into the game system. The rules and comments
entered by the user create the rule score. The user’s rule score is determined according to
the centrality and ZDD scores. The user can enter a test case, mutant operator, and mu-
tant into the game system. The test case score entered by the user is calculated using the
mutation test and the confusion matrix.
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As can be seen in Table 1, each rule, comment, test, mutant operator, and mutant
entered into the system determines the user’s rule score and test score. The rule and
test scores generated in this way determine the user’s score in the game. The user score
constitutes the user’s influence factor in the game system, and ensures that each rule,
comment, test, mutant operator, or mutant that players with a high user score enter into the
system has a greater influence in the game. The user’s action steps in the game are shown
in Figure 5.

Table 1. Summary of game metrics.

Game Element

Criteria Used Description Scoring

Rule and Comment

Zero-Suppressed Allows parsing and scoring relational rules and

Decision Diagram Score comments. High processing power is required

Rule and Comment Score = ZDD score + Centrality score

Centrality Score

Allows rules and comments to be scored without
parsing them

Test

Confusion Matrix Score

Generates a test performance score using Accuracy,
Precision, Recall, and F1 Score

Mutation Test Score

Genere}tes a test performance score using the Fault Test Score = Confusion Matrix Score + Mutation Test Score
Detection Ratio (FDR), Average Percentage of Faults

Detected (APFD) FDR/Test Suite Size, FDR/Test
Case Time, and FDR/Test Suite Time

To illustrate the example scenario, in Figure 5, A1, A2, and A3...denote the actors
(users) logging into the system, while H1, H2, H3... denote the rules circulating in the system.

@

The Purpose
of the Game

Sustainable
development
of the most
effective tests
for fairness

User's Playground

——

User's Action Steps
A

User interface

Game Scores User Score v
N A .\ =
N\ s N N\ 2

r

o Rule Setting

Game
. | ® ZDD Score

e Commenting

 Confusion Matrix Score | __—¥| Test Score
® Teat Dovelopment e Mutation Test Score

" o Centrality Score [ | Rule Score Output

User's Impact
! The most
— Fact thi
> UserScore | — a%‘;’; © effective tests
for fairness

Game Process

Figure 5. Overview of the user’s playground and action steps.

Including rules introduced by different users creates different versions of that rule in
the network, and all of these versions are stored in the rule. On the other hand, a rule’s score
is calculated based on all logical relations related to the rule stored in the ZDD. For example,
the ZDD representation and score of Rule H1 are shown in Figure 5.

Accordingly, the score of Rule H1 within a user-specified domain is the sum of the
Rules H1 and H2 that validate this rule, i.e., 2. In addition to this, as can be seen, for example,
in Figure 6, the structure we designed contains many different scores that can be evaluated
within the framework of graph centralities such as Degree, Eigenvector, and Closeness,
which are calculated and shared with the users in order to follow the relationships and
patterns related to the rules. As can be seen in Figure 6, when user Al shares rule H1
in the network, rules H2 and H3 validate rule H1. The red arrows show the verification
relationship between the rules in Figure 6. The black arrows indicate comment relations.
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) s N
Rule Versions ZDD Score
H1 H2 + H3’
Version 1 —
-7~ d
Version 2 - ~,
w° 0o
Version 3 -
Vo ‘1\ -0 Iy
w7 1
7 oL -~

Centrality Score
Degree
Eigenvector .

Closeness

e Red arrows show relationships between rules, black arrows show relationships between comments.
e There are two main types of scores, Centrality and ZDD, which determine the rule score. Verification
® Rules contain versions of rules.

Alternative

Figure 6. General structure of the rule network.

Thanks to its customizable interface, all participants can log in with their accounts,
and each participant has a rule-sharing profile in the system. Thanks to this personal profile,
participants can follow every event related to their rules and tests from their accounts.
When a user logs in to the system, they can see all the rules and tests they have created,
shared, or followed, along with other rules and difficulties related to the rule or test,
summarized on their screen. Users can manage rules and tests related to them on their
profile page. The user can interpret any rule and confirm the accuracy or inaccuracy of their
rules and tests. Users can track which rules and tests are generally popular when logging
into the system. They can comment on issues related to their own rules and tests, create
new rules and tests, and delete or modify the rules and tests they have created. On the other
hand, it can be considered a limitation that malicious users may include misleading tests
about fairness. However, adding new mutants (texts) to the system should eliminate this
problem in the medium and long term, as a user who creates such a misleading situation
will be penalized or banned from the system. When the system starts up, there will need to
be more participants, meaning that performance will be low. To overcome this problem,
we plan to focus on promotional activities. In addition, it can be considered that the game
design we have developed is not very rich in reward at this stage. However, it is envisaged
that reward mechanisms will be developed over time, as this becomes known and seen as
an area of attraction by companies with the effect of promotional activities.

4. Sample Scenario

An actor enters the system and introduces Rule A: “men and women are equal”.
A different set of rules associated with that rule, brought by different actors, are then
integrated into the system. Figure 7 illustrates this structure.

“Men and women are equal”

AND

“Women have equal working conditions with men”

“Men and women are not equal”

v

“Men and women doing the same job get the same pay”

OR

“Women and men have very different qualities and are therefore different”

Figure 7. Example scenario.
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As shown in Figure 7, Rule A, “Men and women are equal”, is a rule. If desired,
this rule can be supported by Rule B: “Women have equal working conditions with men”
(AND), or C: “Women and men are not equal” (NOT) and D: “Women and men are paid the
same for doing the same work”, or E: “Women and men have very different qualities and
are therefore different” (OR). With respect to the original rule, these variously support it,
refute it, or provide an alternative point of view. The ZDD representation of this structure
is described in detail below.

In Figure 8, because Rule B is negative, 4 — 1 = 3 represents the number of rules
favoring Rule A. On the other hand, according to the same scenario, the Degree Centrality
value of Rule A is 2. The Betweenness Centrality value of Rule A is 4/8, i.e., 0.5, because it
is located on the paths AA, AC, AD, BC, BD, CD, AE, and DD among the paths AB, AC,
AD, BC, BD, CD, AE, and DD. The Closeness Centrality is 1/7, i.e., 0.14, because AB =1,
AC=2,AD=3,and AE=1.

Figure 8. ZDD representation of the example scenario.

The total score of Rule A’s related rules and interpretations, i.e., the unnormalized
sum of the ZDD and centrality scores, is 3 + 2 + 0.5 + 0.14 = 5.64.

Suppose another user adds a test case to Rule A. Various other users then add mutants
to this test case. For example, let us say that ten mutants are created. The confusion matrix
values of Rule A in this case are shown in Table 2.

Table 2. Confusion matrix for Rule A.

Predicted

Actual

For example, in this case, the Accuracy value of Rule A is 7/10, the Precision value
is 3/5, the Recall value is 3/4, and the F1 score is 0.45/1.35 = 0.75. Thus, the Confusion
Matrix score is 0.75.

When we calculate the mutation test score of Rule A, FDR = 7/10. Because there is one
test case, the APFD value is 1. The FDR/Test Suite Size score is equal to FDR. Assuming
that the test case can compute a mutant every ten seconds, the Test Suite Time is 0.07 from
FDR/10. Because there is one test case, the Test Case Time equals the Test Suite Time.

Mutant score =1 + 0.07 + 0.07 + 0.07 = 1.14; Test Score = 1.14 + 0.75 = 1.89.

The score of the user who made Rule A = Rule score + Test score = 5.64 + 1.89 = 7.53.

Because normalization is not used in the above calculations, an approximate sample
result is obtained. Furthermore, when a user adds a test case to a rule, the success score
of the test case is added to that person’s user score. The user score of the person who
generates mutants to the test case is increased by the number of live mutants.
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5. Conclusions

In this study, gathering disparate proposals on fairness on a single platform was taken
as a starting point based on the difficulties in automating fairness in texts. In this framework,
a new fairness testing paradigm called “fair-test”, which uses gamification elements, was
developed to use with proposals on Al fairness in order to test these proposals and find
the most effective method, thereby strengthening civic participation in Al fairness efforts
and making them sustainable. In this context, a game was designed that allows participants
to see their progress and compare it with other players. It uses extrinsic motivation at its
core, i.e., rewarding participants by publicizing their achievements to the masses.

The game design we developed consists of Rules and Comments (ZDD, Centrality)
and Test (Confusion Matrix, Mutation Test) elements that are created to determine the
fairness in texts. In this design, the Rule and Discussion elements constitute the ZDD and
Centrality scores, while the Test element constitutes the Confusion Matrix and Mutation
Test scores. The sum of the Rule and Discussion and Test scores, which are the basic
gamification elements, determines the user score, and this score constitutes the user’s
influence factor in the game. In our design, rules, comments, and tests can be developed
with simple natural language processing methods as well as more complex and different
structures such as machine learning. This provides participants with the flexibility to
develop tests with a wide variety of methods while contributing to Al fairness, which is
the study’s main goal.

This model utilizes the social network effect to prevent unfair textual data by focusing
on “sharing, discussion, and verifiability of generated rules and tests” to prevent unfair
textual data. It is expected that our design will become a ground where current practices
on fairness can be applied, mediating the sustainability of contributions on this issue and
thereby contributing to the current orientation on fairness. In future studies, it is planned
to realize a plot application of this structure designed with the gamification method.
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