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Abstract

Algorithmic bias has emerged as a pressing concern as artificial intelligence (AI) increasingly in-
fluences decisions in domains such as recruitment, finance, and criminal justice. While technical
approaches to fairness have received much attention, less is known about how non-experts perceive
and understand algorithmic bias. This study explores the use of interactive storytelling as a science
communication tool to foster awareness of AI bias. We designed Echoes of Algorithm, a narrative-driven
digital game that places players in the role of a journalist investigating hiring discrimination. Using a
one-group pre- and post-test design with university students (n = 42), we evaluated changes in knowl-
edge, fairness perceptions, and behavioral intentions. Results indicate that participants significantly
improved their understanding of concepts such as historical and systemic bias, showed heightened
sensitivity to the potential unfairness of algorithmic systems, and expressed greater willingness to
question and challenge biased AI decisions. The findings suggest that interactive narrative games can
serve as effective tools for communicating complex socio-technical issues, bridging knowledge gaps
across disciplines, and encouraging more critical engagement with AI. Limitations and directions for
future research include extending the game to additional scenarios, exploring long-term learning effects,
and enhancing engagement through narrative and design improvements.
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1. Introduction

Artificial intelligence (AI) has been employed in multiple fields such as recruitment, education, and
financial services. However, current efforts to promote fairness and equity in AI are still in their early
stages, and further institutional change and policy support are needed. [1]. As generative AI and large
language models develop, these systems are being used as tools to support decision-making, with the
expectation of improving efficiency and consistency. Research shows that public concerns about the
risks of artificial intelligence exacerbating inequality and eroding trust are growing, driving increased
attention and regulatory demands for responsible AI [2].

At the core of these concerns lies the problem of biased algorithms. A biased algorithm refers to one
whose decisions are skewed toward a particular group of people and produces systematic and repeatable
errors, even when the input data are unbiased [3, 4]. AI models are usually “black-boxes” for users and
even for its developers. It is not always clear nor well understood why a certain AI algorithm made a
certain prediction, or how trustworthy the predictions are [5]. Therefore, the increasing use of AI is
often driven less by critical understanding and more by a near-blind trust in numbers and automation
[6]. One way to mitigate algorithmic bias and protect the public from the commercial marketing of
AI companies is to develop a more comprehensive understanding of how people perceive algorithmic
decisions and to foster public awareness of the potential risks involved.

Our goal is to enhance public understanding of algorithmic bias and its societal implications. We use
games as a tool to help players understand the concept of AI bias, explain the potential causes of bias,
and highlight the potential impacts of these automated decisions. Therefore, the main research question
is: How can interactive storytelling game influence students’ attitudes and perceptions of algorithmic bias?

We develop an interactive narrative game that would expose players to the nature of algorithmic
bias.1,2 The game draws on a real example of recruitment discrimination. Interactive narrative games
have beenwidely discussed as ameans of increasing user engagement and facilitating the communication
of complex concepts [7]. Therefore, we chose this format as a communication tool to help players interact
with the situation and visually present abstract content. We also conduct pre- and post-responses
surveys to assess the impact on players.

This study makes four main contributions. First, it provides a narrative-based, interactive tool for
communicating AI bias to university students. Second, it shows the potential and role of game narratives
in shaping a sense of fairness and stimulating critical reflection. Third, it empirically measures the
effectiveness of game-based storytelling in communicating AI bias. Finally, it integrates the theory of
algorithmic bias with the practice of science communication.

2. Literature Review and Position

This chapter reviews relevant literature on algorithmic bias, public perceptions of fairness, and the use
of games and interactive media to communicate these issues, and concludes by positioning the present
study within this interdisciplinary context.

2.1. Understanding Algorithmic Bias: Definitions, Sources, and Impacts

Algorithmic bias generally refers to the unfairness or advantage that an algorithm’s results place on
specific individuals or groups [8, 4]. However, the term “bias” itself has multiple meanings; it can
be interpreted as a deviation from a certain standard (e.g., statistical, ethical, regulatory, legal, social,
psychological, etc.) [9]. The existence of these multiple standards also comes from different sources at
different levels.

Lopez [10] argues that algorithmic bias is not simply a technical error but also a sociotechnical bias.
Algorithmic Bias is not simply a problem with the data itself but rather reflects social structures of

1All code for the game is available at: https://github.com/Capybaraaa0/Echoes-of-Algorithm
2A playable version of the game can be accessed here: https://capybaraaa0.github.io/Echoes-of-Algorithm/

https://github.com/Capybaraaa0/Echoes-of-Algorithm
https://capybaraaa0.github.io/Echoes-of-Algorithm/


unfairness. For example, even if sensitive variables such as gender or race are avoided directly in
modeling, the model can still indirectly infer these social attributes through proxy variables such as
location, interests, and language style, perpetuating or exacerbating real-world inequalities. Some
health risk prediction models, when using medical expenditures as a proxy for health status, may
underestimate the actual needs of certain groups [10]. Furthermore, some argue that there is a lack of
consensus on the concept of fairness in the public sphere, with different stakeholders holding differing
views [11]. For example, while policies may avoid collecting sensitive attributes, technology requires
these attributes to help eliminate discrimination.

In the technical process, algorithmic bias can arise from multiple stages of a machine learning
system [12]. At the data level, it can come from incomplete, unbalanced, or unrepresentative training
data. For example, if an image recognition system is trained primarily on lighter-skinned faces, its
accuracy in identifying people of color will decrease [13]. Secondly, during model design, bias can be
introduced through factors such as feature selection, proxy methods, and the deployment environment.
Even if the algorithm itself is neutral, using variables that carry social meaning can still unfairly affect
certain groups [10]. Furthermore, after the algorithm is deployed, in some cases user behavior can be
fed back into the system, creating a feedback loop that can exacerbate existing biases [9]. For example,
predictive policing systems often identify high-risk areas with high enforcement activity. This results
in increased police concentration in those areas, which in turn reinforces the system to identify the
area in a high-risk area.

The impact of these biases can be seen at both the individual and societal levels. Algorithmic bias can
lead to unequal opportunities for individuals. Certain groups face unfair treatment based on features
such as gender and race, limiting their access to recruitment, credit, and education [4, 14, 15]. In finance,
for example, algorithmic bias can lead to unfair loan denials. For individuals, this means they cannot
obtain the necessary credit, limiting their life choices and even potentially excluding them from the
economic system for a long time [15]. Furthermore, empirical research suggests that interacting with
biased AI can exacerbate human biases [16].

At the societal level, algorithmic bias further entrenches structural social inequalities and undermines
public trust in AI systems [17, 18]. Furthermore, as the application of algorithmic systems continues
to expand, the impact of bias is extending beyond recruitment and credit to criminal justice, medical
resource allocation, and other areas. For example, Obermeyer et al. [19] analyzed a case of unfair
medical resource allocation algorithms. Because historical medical expenditures were used as a proxy
for health risk, patients of color received more than half as many medical resources as white patients
with the same predicted risk. Since patients of color already receive lower medical expenditures due
to structural issues, the algorithm mistakenly assumes they are healthier, resulting in fewer resources
allocated. In the criminal justice field, the COMPAS system was widely used to assess recidivism risk,
but investigations have shown that its predictions of “high risk” for African American defendants are
systematically biased [20].

2.2. Algorithmic Fairness in Recruitment: Challenges and Critiques

Recruitment is a high-risk sector for algorithmic bias since it has a critical effect on candidates’ career
paths and social structures. Recruitment systems often rely on historical data, automated scoring
mechanisms, and feature selection methods to evaluate candidates, all of which can inadvertently
perpetuate or even amplify existing human biases [21]. Excessive representation bias occurs when
certain groups are underrepresented in historical data [22]. Furthermore, information contained in
resumes, often used for model training, can be correlated with sensitive variables. For example, accents
and appearance can be linked to gender, and names can be associated with immigrant background.
These indirect proxy features can easily pick up sensitive social traits without meaning, which can
contribute to bias [23].

Several empirical cases have clearly revealed the structural biases inherent in recruitment algorithms.
For example, Amazon once used a resume screening system that was trained on the company’s history
data, which showed that it had mostly hired men over the past ten years. As a result, resumes with the



word ”women” were systematically downgraded, which kept many women from being able to compete
for many positions [24]. LinkedIn’s advertising algorithm has also been shown to favor high-paying
jobs for men, even when they have similar qualifications, thereby exacerbating gender occupational
segregation [15]. Furthermore, multiple studies and field tests have shown that the photo, name, or
language style used in resumes can significantly influence algorithmic scoring, reflecting implicit biases
based on cultural background, race, or gender [25].

Another important concern is that when companies deploy AI recruitment tools, they often mask
systemic biases in the name of fairness or efficiency. As Drage [26] criticizes, some AI recruitment
companies claim their products can eliminate gender and racial bias. However, this claim actually
obscures how technology operates within gendered and racialized power relations. By presenting
algorithms as neutral tools, such narratives deflect attention from the mechanisms by which technology
reproduces and even reinforces inequality, enabling organizations to blame the technology itself when
faced with allegations of discrimination and even hindering responses to recruitment bias. Chen [18]
also points out that the perception of high-tech systems as objective further obscures this reality.

In response, many countries and regions have begun to establish legal frameworks and ethical
standards to oversee the use of recruitment algorithms. The European Union’s General Data Protection
Regulation (GDPR) explicitly stipulates that automated decision-making must be transparent, and
individuals have the right to be informed and explained, as well as the right to object to fully automated
processing [27]. Relevant US laws, such as the Fair Employment Opportunities Act, require that all
recruitment tools must not lead to direct or indirect discrimination; otherwise, employers will be
held liable for compliance. For example, in New York City, local legislation directly mandates that
recruitment AI undergo third-party bias audits and publicly disclose its core mechanisms to candidates
[21].

2.3. Public Perceptions of Algorithmic Fairness

As algorithmic systems enter various industries, their acceptance and application will be hampered
if they fail to gain public trust and recognition [28]. A growing body of research suggests that the
public’s understanding of fairness extends beyond mathematical definitions and technical references
to encompass multiple fairness concepts or social behaviors [29]. Starke et al. [28] note that public
perceptions of fairness mainly focus on distributive fairness, procedural fairness, and informational
fairness. Distributive fairness explores whether different groups are equitably affected by algorithmic
outcomes. Procedural fairness considers the legitimacy, consistency, and social acceptability of the
decision-making process. Informational fairness clarifies about whether the public gets sufficient
explanatory information.

The public’s perception of algorithmic fairness varies across social groups. Mourali et al. [30]
noticed that Democratic supporters are more likely to select algorithms that promote equal outcomes,
while Republican supporters prefer algorithms with higher accuracy but with possibly unequal results.
Educational level also plays a role. Individuals with higher education levels focus more on the fairness
of the process than on whether the outcomes benefit them, whereas those with lower education levels
tend to judge fairness by the results [31]. Furthermore, some research suggests that due to historical
and ongoing racial discrimination, some social groups have a deep-seated distrust of the healthcare
system, and this distrust also influences their perceptions of fairness in algorithmic systems [32].

There are differences in what the public expects and how algorithmic systems are built due to
information asymmetry and cognitive paradigm differences. Algorithmic systems are typically treated
as ”black boxes” whose inner workings are unknown to the public. This is likely to bring about too
much trust or distrust [18]. Even if a system is statistically fair but non-explanatory, it will be felt to be
unfair [33]. Therefore, explaining algorithmic choices, providing sufficient notification, ensuring the
right to appeal, and maintaining human oversight can help build public trust and approval in the use of
algorithmic systems [34].



2.4. Communicating through Games and Interactive Media

In recent years, serious games and interactive media have gradually become useful tools for science
communication and education [35]. These media combine entertainment and education, effectively en-
hancing audience interest and engagement through their high degree of interactivity [36]. Furthermore,
serious games transcend boundaries across multiple fields, including science, education, and media,
playing a similar role as an intermediary in the dissemination of scientific knowledge [37, 38]. Research
indicates that these media can provide platforms for audiences from diverse backgrounds to participate
in scientific communication, broadening the audience for science, breaking down existing knowledge
barriers, and promoting the spread of scientific literacy among a larger population [39]. Furthermore,
these media make science participation more inclusive, engaging not only stakeholders within specific
research fields but also hard-to-reach groups such as the general public [40].

Compared to other traditional teaching models or scientific communication methods, games are more
engaging [41]. Research has found that games empower players with control and decision-making
power, which can increase their learning motivation and encourage them to explore and solve problems
proactively [42]. A large-scale survey of 705 MOOC learners further demonstrated that autonomy,
curiosity, and self-directed exploration play a crucial role in maintaining learning motivation and
engagement [43]. Furthermore, games enhance motivation through goal-driven learning and immediate
rewards through task feedback [44]. These immediate feedback mechanisms (such as scores, hints, and
milestone achievements) can reinforce correct behaviors, correct errors, and provide players with a
sense of accomplishment [45].

Games can induce deep emotional involvement, thus improving the effectiveness of science commu-
nication [46]. Emotional elements can influence science communication, particularly when addressing
socially controversial or ethical scientific issues [47, 48]. Through character design, situational dilemmas,
and narrative techniques, games can evoke players’ empathy for scientific issues, fostering a resonance
of values [49]. For example, in games exploring issues such as climate change, public health, and envi-
ronmental governance, players are often placed in specific roles and must consider the consequences of
decisions made within limited resources [50, 51, 52]. During the COVID-19 epidemic, games such as
Plague Inc. have been used to help players to think about the connection between games and the real
world because of their immersive nature [53, 54].

Games also have limitations in science communication. Serious games may face challenges in design,
resources, and teacher training during implementation [55]. For example, some games do not fit well
with the course content, leading to inconsistencies between the learning paths and the assessment
objectives, thus weakening the systematic nature of knowledge structures. Furthermore, educators’
acceptance of game tools, their ability to use them, and their time commitment can also impact the
effectiveness of games [56].

Furthermore, balancing the scientific and entertainment aspects of games is a core challenge in
their communication effectiveness. Some research suggests that the term ”serious game” itself is an
oxymoron [57]. Some games, when overly educational, undermine the principles of freedom and fun.
However, games that neglect aesthetics and narrative can also lead to a dull and tedious experience [58].

2.5. Position

As summarized in the literature review, existing studies on algorithmic bias have explored its definitions,
sources, and social consequences across domains such as recruitment and credit scoring. Research has
also examined how the public perceives fairness in algorithmic systems and how interactive media
can support science communication. Although such studies highlight the systemic and multi-layered
origins of bias, they scarcely engage with how lay individuals encounter algorithmic injustices or how
awareness can be promoted outside expert circles. Research has found that while companies claim
to prioritize fairness in recruitment, they often retain some structural discrimination or inequality in
practice [26, 18]. This highlights the need for communication strategies that can expose these biases.

At the same time, research on science communication has pointed to the potential for games and



interactive media to engage people, elicit emotional responses, and model rich systems [7, 35]. There
have been experiments with serious games in areas such as climate change, health, and environmental
governance [50, 51, 52], and their use for communicating algorithmic fairness and bias has been limited.
Quite a lot of research on them has been speculative and few experimental studies have tested their
impact on knowledge, attitudes, and behavioral intention.

The present project attempts to balance the scales by designing and testing an interactive story game,
called ”Echoes of Algorithm.” The game immerses players in a scenario of hiring bias. Building on
previous research that has highlighted the educational and communicative potential of serious games,
the evaluation design adapts fairness perception measures [5, 59] and applies a mixed-method pre-
/post-test framework to assess not only knowledge gains but also changes in attitudes and behavioral
intentions.

Thus, this research is situated at the intersection of computer science, social science, and science
communication. It seeks to explore how interactive narratives can help people reflect on the social and
ethical aspects of algorithmic bias. Instead of aiming to solve technical problems, the project focuses
on how such issues can be communicated and experienced through game play. This study hopes to
encourage more inclusive and reflective discussions about the role of algorithms in society.

3. Method

3.1. Research Design and Participants

This study adopted a mixed-method experimental design. It combines an interactive digital game
with pre- and post-game surveys. It aims to evaluate changes in participants’ knowledge, perceptions
of fairness, and behavioral intentions of algorithmic bias. This approach focuses on the behavioral
impact of algorithmic bias in information systems research, which means developing not only technical
correction methods but also examining people’s perceptions and behavioral responses.

To achieve this goal, we used a one-group pre-test/post-test quasi-experimental design, a method
for evaluating data in real-world settings where random assignment of participants is not feasible
[60]. Specifically, the design used within-subject comparisons, measuring and comparing the same
participants before and after a single intervention involving the game. This approach allows for a degree
of control for confounding by individual differences (such as background knowledge and personal
experiences). This is because each participant serves as their own control group. This approach reduces
measurement error and is more sensitive to whether changes caused by the intervention exist in small
samples.

This studywas approved by the LeidenUniversity Faculty of Science ethics committee. All participants
read the study description and gave informed consent before participating. Data will be collected
anonymously (see in Appendix A).

The target audience is university students. They are generally familiar with digital games and
interactive technologies, making them suitable for testing a learning activity designed as a game.
Furthermore, recruiting participants on campus is manageable and helps ensure the study is carried
out consistently. Another reason is that students are in a phase where they are developing views on
technology and its impact on society.

We collected 50 responses. While this sample size is insufficient for large-scale deployment, it
is feasible for exploratory experiments, and can reveal the potential impact of the intervention on
knowledge and attitudes.

3.2. Game Design

The research tool used in this study is an interactive narrative game called Echoes of Algorithm,
developed on the RPG Maker MV platform. The game characters were hand-drawn by the researcher,
while the background scenes were drawn and modified on the Canvas platform to ensure consistency
and originality of the visual style.



The goal of this game is to serve as an educational tool to help players understand the issue of
“Algorithmic Bias”. The game aims to explore what algorithmic bias is, how it arises, and why it matters.

3.2.1. Characters and Narrative Structure

The player assumes the role of a journalist investigating a hiring discrimination case at a fictional
company. The story begins with a highly qualified female job applicant who is repeatedly rejected. A
journalist’s investigation guides the player from questioning individual responsibility to uncovering
deeper, systemic issues. This process gradually reveals how bias is incorporated into algorithms, such
as through historical data and proxy variables [4, 61]. Ultimately, the player understands the systemic
bias behind algorithmic bias and the importance of human-centered accountability. This case is similar
to the real-life incident in 2018 when Amazon suspended its AI recruitment program after the system
learned patterns of gender inequality and was exposed as discriminating against female applicants [24].

The game’s narrative structure is similar to a puzzle. Players engage in conversations with various
non-player characters (such as an HR manager, an IT engineer, and the company’s CEO). The HR
representative argued that AI recruitment could avoid human bias and attempted to mask the issue
with reasons of efficiency and fairness, reflecting the common view that algorithms are more objective
than humans. This shows that algorithms are often viewed as objective and effective when performing
rote tasks, but are perceived as unfair when it comes to personnel evaluations [5]. The IT engineer
discussed issues with historical data and the selection of proxy variables in the data, demonstrating
that simply removing sensitive indicators (such as gender and age) does not truly eliminate unfairness
[26]. When questioned by a journalist, the CEO acknowledged the existence of systemic bias and said
that AI systems act as a mirror to human society. Ultimately, the journalist’s reflections suggested that
humans should ultimately take responsibility for the choices the AI system made[62].

3.2.2. Interaction Mechanics

The game’s interactive mechanics combine investigation, dialogue choices, and evidence presentation.
Players can freely choose to visit HR, IT, or the CEO first in the company lobby. Different visit sequences
yield different clue combinations. The Figure 1 below shows the company lobby.

Figure 1: Screenshot of Choice box

When players talk to the corresponding NPC, they can gather certain clues. The following Figure 2
shows a conversation scene with an IT engineer.



Figure 2: Screenshot of IT

At key moments, players need to present the right clues to unlock further dialogue and narrative
development. This mechanic draws on the logic of detective mystery games, such as Ace Attorney [63],
allowing players to take a more proactive role in analysis and argumentation. Such as shown in the
Figure 3 below, when presenting evidence, you must select sufficient and correct evidence to unlock
and proceed to the next storyline. In the conversation with the CEO, the CEO refuses to acknowledge
the AI’s shortcomings until the player presents the correct evidence they’ve previously collected.

Figure 3: Screenshot of CEO

3.3. Survey Evaluation

Survey evaluation is based on the Kirkpatrick model of training effectiveness, focusing on learning
(knowledge and perception) and behavior (intention to act) [64]. The survey instrument was im-
plemented in Qualtrics. The questionnaire used a 5-point Likert scale and was supplemented with
open-ended background questions. The survey process is that players start playing the game immedi-
ately after completing the pre-test, and return to the questionnaire to complete the post-test questions
after the game is over. Some questions in the questionnaire were reverse coded to prevent players from
always choosing the same response options during testing. There are four main sections as follow.

1. Background Questions: Degree, study major, prior knowledge about AI fairness content, and
interest in technology news.

2. Bias Perception and Fairness (Pre- and Post-game): Likert-scale items assessing perceptions of AI
fairness and trust in algorithmic vs. human decisions.



3. Knowledge Assessment (Pre- and Post-game): Likert-scale items measuring understanding of
algorithmic bias concepts (e.g., historical data bias, systemic bias). In addition, the post-test
included a multiple choice item as a complementary knowledge check. This item presented a
hiring scenario and asked participants to identify a potential case of algorithmic bias.

4. Behavioral Intentions (Post-game only): Likert-scale items assessing willingness to challenge
unfair AI decisions, support ethical AI, and continue learning. An additional item asked about
interest in future game chapters.

The learning aspect examines whether players have learned relevant knowledge points. The behav-
ioral aspect primarily examines whether players’ intentions toward algorithmic decisions change after
playing the game. Furthermore, the fairness perception component focuses on changes in participants’
perceptions of the fairness of AI decisions. This component measures whether the game helps players
become aware of potential biases and societal risks associated with algorithms. Several items were
adapted from the organizational justice scale originally developed by Colquitt [59]. For example, “Have
those procedures been free of bias?” was reformulated as “AI decision processes are free from bias.”,
and “The decision-making process of AI systems is based on accurate and appropriate information.”
was adapted into “AI systems can create unfair outcomes through seemingly neutral criteria”.

To compare pre- and post-test responses, we used a paired-samples t-test. This test is suitable for
within-subjects designs where the same group of participants are measured at two different time points,
as it effectively controls for individual differences [65]. The t-test can also be used in experiments
with small sample sizes, but the results are more likely to reflect trends rather than strong statistical
conclusions [66]. Its limited statistical power under small-sample conditions means that the results
should be interpreted cautiously.

4. Result

4.1. Overview of Participants

A total of 61 responses were collected from the survey. Among them, 49 participants completed the full
questions. Among these, 42 came from university students and were included in the analysis. Regarding
their current degree, Figure 4 shows 40.5% (𝑛 = 17) were pursuing a bachelor’s degree, 52.4% (𝑛 = 22)
were master’s students, and 7.1% (𝑛 = 3) were doctoral students. In terms of disciplinary background(see
Figure 5), 47.6% (𝑛 = 20) reported studying in a field related to computer science, artificial intelligence,
or data science, while 52.4% (𝑛 = 22) came from other fields. In Figure 6, most of the respondents (81.0%,
𝑛 = 34) indicated that they regularly follow news about technology or social issues, while a smaller
proportion (19.0%, 𝑛 = 8) reported not. This disciplinary imbalance may have influenced the results.
Students with backgrounds in related majors probably had more prior knowledge about algorithms
than those from other fields, which may have shaped their responses.



Figure 4: Distribution of student participants by current degree program

Figure 5: Distribution of student participants by
disciplinary background

Figure 6: Distribution of student participants by
frequency of following technology or so-
cial news

4.2. Knowledge Assessment

In order to evaluate the effect of the game on the perceived knowledge level, this study set up seven
related questions in the questionnaire. These included six questions related to knowledge comprehension
related to algorithmic bias (Q15-Q20, including the pre-test and post-test), and a situational choice
question in the post-test. From the overall trend, the post-test scores of the six knowledge questions
were all higher than the pre-test, suggesting that the participants’ understanding of the relevant concepts
improved after playing the game (see Figure 8).

Table 1
Overall knowledge assessment (Q15–Q20 average): pre–post comparison

Group (n=42) Mean SD 𝑡(41) 𝑝 Cohen’s 𝑑

Pre-test 3.72 0.71
3.64 0.0008 0.56

Post-test 4.01 0.66

In the comparison of the mean scores, the results showed that the general perceived knowledge of
the participants after playing the game was higher than that of the pre-test (see Table 1). Questions
were scored on a 1–5 Likert scale, with higher scores indicating greater understanding. The pre-test
mean score was M=3.72, SD=0.71, and the post-test was M=4.01, SD=0.66, an increase of approximately



0.29 points. The results of the paired sample test showed that the difference reached a certain level of
statistical significance (t(41)=3.64, p=0.0008), and the effect size Cohen’s d=0.56, which was a medium
effect. Although the sample size is limited, this result still provide preliminary evidence that playing
the game helps participants feel like they know more about algorithmic bias.

Beyond the mean comparison, Figure 7 uses a Sankey diagram to visualize how participants’ perceived
knowledge scores shifted from pre- to post-test across the six knowledge questions, as well as the overall
flow of scores. The nodes in this diagram are arranged in ascending order of total flow (including all
people who started from and moved into that score).

Figure 7: Sankey diagram of transitions on six knowledge questions (pre-test to post-test)

As shown in Figure 8, the post-test mean scores for all questions were higher than the pre-test.
Questions 17 and 18 showed the largest pre- and post-test differences, with lower pre-test scores (mean
score about 3.4) and highest post-test improvements. Q16 “I know that algorithms can replicate existing
inequalities when trained on biased historical data.” and Q20 “Responsible AI should focus on supporting
human capabilities and protecting ethical and societal values.” scored the highest (mean score higher
than 4.2), indicating that most participants had a high degree of recognition of the clues Biased Past
Data and Human Accountability in this game.

Figure 8: Means for Knowledge Assessment

Figure 9 and Figure 10 shows the distribution of pre- and post-test responses for Q17 and Q18. On
Q18, “I know what ’systemic bias’ means in the context of algorithmic decision-making,” the proportion



of participants who chose “Strongly Agree” increased from 12% to 24% in the post-test. This question
assesses knowledge of systemic bias in games, and the results suggest that games may be effective in
explaining basic concepts. On Q17, “I am aware that AI systems may unintentionally discriminate
through factors like commute distance or overtime work,” the proportion of participants who chose
“Strongly Agree” increased to 26% in the post-test, while the proportion of participants who chose
“Neutral” or “Disagree” decreased, indicating that more participants were able to identify potential bias
caused by proxy variables.

Figure 9: Pre- and post-test distribution of re-
sponses for Q17

Figure 10: Pre- and post-test distribution of re-
sponses for Q18

In addition, the post-test included a multiple-choice question: “Which of the following is a type of
algorithmic bias that can potentially happen in the hiring process?” This question served as an additional
knowledge check, designed to assess participants’ understanding of the concept through a contextualized
multiple-choice question. The results showed that 83.7% (n = 36) of the participants selected the correct
answer ( “Preferring candidates who live closer to the office, which unintentionally favors certain
groups” ), demonstrating that most of the players were able to not only express their understanding of
the concept in a Likert-style question but also identify instances of bias in specific contexts.

4.3. Bias Perception and Fairness

Four Likert scale questions (Q5–Q8) were designed to explore whether the game affected participants’
attitudes toward algorithmic bias and fairness. The questions include the perception of algorithmic
bias, the judgment of fairness, and the degree of human trust in algorithmic decisions.

Table 2
Overall bias perception and fairness assessment (Q5–Q8 average): pre–post comparison

Group (n=42) Mean SD 𝑡(41) 𝑝 Cohen’s 𝑑

Pre-test 3.40 0.84
3.17 0.0029 0.49

Post-test 3.83 0.88

Table 2 shows that the Mean score rose fromM = 3.40 (SD = 0.84) in the pre-test to M = 3.83 (SD = 0.88)
in the post-test—an increase of about 0.43 points. The comparison results of the pre-test and post-test
showed that the difference reached a certain statistically significant level (t(41)=3.17, p=0.0029), and the
effect size Cohen’s d=0.49 was a medium effect. Although the sample is limited, the overall trend shows
that the game increased the participants’ sensitivity to algorithmic unfairness. This suggests that it
may play a positive role in the attitude change level. The game may have played a positive role in the
attitude change of participants.

This Sankey diagram (Figure 11) shows the pre-test and post-test score changes and flow trends for
four questions on Bias Perception & Fairness. Each line in the diagram represents the number of people
who moved from one score in the pre-test to another in the post-test. Thicker lines represent more
people who moved, and therefore greater flow. The nodes in this diagram are arranged in ascending
order of total flow (including all people who started from and moved into that score).



Figure 11: Sankey diagram of transitions on six knowledge questions (pre-test to post-test)

In Figure 12 , the average scores for the four fairness-related questions in the post-test were all higher
than those in the pre-test, a trend consistent with the results in Table 2 . Among them, Q8, “I trust
algorithmic decisions more than human decisions because humans are more biased.” (reverse-scored),
saw the largest change, increasing from M = 3.1 to M = 3.6. Q6, “Algorithmic decisions are not always
fair,” was already at a high level in the pre-test and increased further in the post-test (M = 3.7 to 4.1),
indicating that participants generally acknowledge the potential for algorithmic bias and unfairness.
Q5 and Q7 also showed varying degrees of growth.

Figure 12: Means for Bias Perception and Fairness

Specifically, in Q5, the general trend showed that participants were more aware of the possibility
that algorithms reflect social biases such as gender and race after playing the game. Specifically, the
proportion of participants who chose ”strongly agree” increased from 19.05% to 33.33%, while the
proportion who chose ”somewhat agree” remained high (38.10% to 42.86%) (see Figure 14). At the same
time, the proportions of participants who expressed neutrality and disagreement decreased, showing
that participants displayed a higher sensitivity to social dimensions related to fairness.

In Q6, the post-test showed that the proportion of participants who chose ”strongly agree” increased
to 35.71%, and the proportion of those who expressed ”somewhat agree” also increased to 50.00% (see
Figure 14), while the number of participants who expressed neutrality or disagreement decreased.
This suggests that after playing the game, more and more participants have become more aware that
algorithms are not completely objective and unbiased.



Figure 13: Pre- and post-test distribution of re-
sponses for Q5

Figure 14: Pre- and post-test distribution of re-
sponses for Q6

In Question 8 (see Figure15), “I trust algorithmic decisions more than human decisions because humans
are more biased,” more participants chose the disagreement option “Somewhat disagree,” rising from
23.81% to 42.86% in the post-test, and “Strongly disagree,” rising from 11.90% to 23.81%. This suggests
that after playing the game, participants’ belief that ”algorithms are more trustworthy than humans”
has weakened, leading to a more skeptical and cautious attitude.

Figure 15: Pre- and post-test distribution of responses for Q8

4.4. Behavioral Intention

To examine the impact of the game on the behavioral level, six behavioral intentions related to the
algorithmic system were measured after the game.

Table 3 below summarizes the means and standard deviations for each item. In general, the mean
scores of the participants in most items were above the scale midpoint (3). These results suggest that
the game may have increased players’ awareness and engagement with real-life issues concerning
algorithmic bias. Players may be more willing to question the fairness of AI systems and more interested
in participating in similar games in the future.

Specifically, participants agreed most strongly with Q9, “I believe that the training data sources for
AI hiring systems should be reviewed” (M=4.2, SD=1.3), indicating a strong intention to support data
source review. The average scores for Q10, “If I encountered an unfair AI decision, I would raise a
concern or give feedback,” and Q13, “I would advocate for fairer and more ethical AI systems when
given the chance,” were above 4, indicating that most people are willing to question and promote
fairer AI systems in real-world situations. In Q14, “I would be interested in playing a second chapter
or a follow-up story in this game,” received the lowest score (M=3.5, SD=1.3), indicating that while
participants have strong intentions to act on ethical and social issues, their interest in the game itself is



Table 3
Descriptive statistics for Behavioral Intentions (Post-game only)

Question Mean (M) SD
Q9. I believe that the training data sources for AI hiring systems should be reviewed. 4.2 1.3
Q10. If I encountered an unfair AI decision, I would raise a concern or give feedback. AI 4 1.1
Q11. I am willing to actively learn more about algorithmic systems and bias. 3.9 1.2
Q12. I would question the fairness of decisions made solely by AI systems. 4.1 1
Q13. I would advocate for fairer and more ethical AI systems when given the chance. AI 4.1 1.1
Q14. I would be interested in playing a second chapter or a follow-up story in this game. 3.5 1.3

relatively limited. From the perspectives of entertainment and sustained engagement, the appeal of the
game still needs improvement.

4.5. Subgroup Analysis

This study compared changes in knowledge comprehension (average scores for Q15–Q20) and fairness
perceptions (average scores for Q5–Q8) in different subgroups (see Tables 4 and 5). The results showed
that both students in related and non-related majors, as well as participants who regularly followed
science, technology, and social news, showed some improvement after playing the game. The table
shows that groups with lower pre-test scores tended to see greater improvements after playing the
game.

In knowledge understanding, the mean score for the related major group was higher at pre-test (M =
3.93, SD = 1.05), which increased to M = 4.12 (SD = 0.97) at post-test. The non-related major group started
at a lower mean (M=3.53, SD=1.09), which increased to M = 3.92 (SD = 1.00) after the test. Similarly,
among the news follower group, participants who frequently followed the news saw their self-perceived
knowledge level increase from M=3.80 (SD=1.09) to M=4.02 (SD=0.98), while those who rarely followed
the news saw their self-perceived knowledge level increase from M=3.40 (SD=1.11) to M=3.98 (SD=0.97).
These results suggest that participants with relevant professional backgrounds or those who frequently
followed the news had higher levels of self-perceived knowledge at the beginning of the study. The
changes brought about by the game were more pronounced among those with non-related professional
backgrounds and those who did not follow news.

Table 4: Perceived knowledge (Q15–Q20) by subgroups

Subgroup N Pre M (SD) Post M (SD)

Related major 20 3.93 (1.05) 4.12 (0.97)
Non-related major 22 3.53 (1.09) 3.92 (1.00)
Follow news 34 3.80 (1.09) 4.02 (0.98)
Not follow news 8 3.40 (1.11) 3.98 (0.97)

A similar trend was observed in fairness perceptions. The related major group saw an improvement
from M=3.53 (SD = 1.23) to M=3.79 (SD = 1.22), while the non-related major group saw an increase from
M=3.30 (SD = 1.03) to M=3.88 (SD = 0.98). Within the news attention group, the group that did not pay
attention to the news saw a higher increase, from M = 3.28 (SD = 1.13) to M=4.03 (SD = 1.00). However,
due to the limited size of some subsamples (e.g., the group that does not regularly follow the news, n =
8), these results need further verification in a larger sample size study.



Table 5: Fairness perception (Q5–Q8) by subgroups

Subgroup N Pre M (SD) Post M (SD)

Related major 20 3.53 (1.23) 3.79 (1.22)
Non-related major 22 3.30 (1.03) 3.88 (0.98)
Follow news 34 3.43 (1.14) 3.78 (1.11)
Not follow news 8 3.28 (1.13) 4.03 (1.00)

5. Discussion

This section discusses how the game influenced participants’ learning outcomes, perceptions of fairness,
and intentions to act in relation to algorithmic systems.

5.1. How does this game influence players’ understanding of algorithmic bias?

This study found that the interactive game had a positive impact on improving the understanding of
concepts related to algorithmic bias by participants and their ability to identify specific biases. Generally,
the average scores on the post-test for all six self-reported knowledge-related questions were higher than
those on the pre-test. In the scenario test, over 80% of participants correctly identified bias examples in
the recruitment scenario. This is consistent with the findings of numerous educational game studies,
which show that interactive and embodied learning experiences (e.g., educational games) can effectively
promote perceived knowledge absorption and conceptual understanding [67]. Interactive storytelling
can serve as a stimulus within the stimulus-organism-response (SOR) [68] framework: story scenarios
serve as stimuli, and students process them cognitively and emotionally (organismically), ultimately
acquiring richer conceptual knowledge and becoming better able to identify bias (response).

5.2. How does this game change players’ attitudes and perceptions of fairness?

In the bias perception and fairness section, the game also appears to have had some impact on the
attitudes of the participants. The average scores on these questions generally increased after the game,
indicating a heightened sensitivity to the potential unfairness of algorithms. the game appears to have
encouraged participants to adopt a more cautious stance towards algorithmic decisions and encouraged
them to view technical decisions more critically. In particular, the proportion of participants who chose
”disagree” in the reverse-scored question 8 (”I trust algorithmic decisions more than human decisions
because humans are more biased”) increased most in the post-test. This indirectly suggests a deeper
understanding of how algorithms reflect societal biases.

This trend is consistent with organizational justice theory, which states that distributive justice
(fairness of outcomes) and procedural justice (fairness of the decision-making process) jointly influence
people’s judgments [69, 70]. Through narrative of the game, participants learned about the potential for
algorithmic bias (fairness of outcomes) and experienced this unfairness through storytelling (procedural
fairness). In this sense, narratives may help make abstract ethical issues more immersive and relatable
experiences.

5.3. How does this game influence players’ behavioral intentions?

Participants showed positive responses to questions related to behavioral intentions, such as expressing
a willingness to ”question unfair AI decisions.” This suggests that the game, after influencing participants’
cognition and attitudes, also stimulated their willingness to take action. While the survey captures only
self-reported intentions and not actual behavior, such expressions of willingness are often considered an
important precursor to behavioral change. It also shows that the game may have enhanced participants’
motivation to engage more critically and proactively with algorithmic systems.



At the same time, participants showed relatively low interest in continuing to play subsequent
chapters of the game, reflecting a common challenge in serious game design. While narrative-driven
games facilitate understanding and learning and may change players’ attitudes, further enhancements
in terms of fun or narrative engagement are needed to maintain engagement.

5.4. How does this game impact the abovementioned effects on different subgroups?

Subgroup analysis revealed that while all groups improved after playing the game, those with lower
initial knowledge levels showed more improvement. For example, students in non-related majors
showed greater improvements in knowledge and perceived fairness. Similarly, participants who rarely
followed science news also showed greater improvement. These results suggest that interactive games,
as a science communication tool, can also be useful for developing new approaches to bridging digital
gaps between people of different backgrounds.

6. Conclusion and Future Work

This study developed and evaluated an interactive narrative game to explore its potential to improve
students’ understanding and attitudes toward algorithmic bias. The results suggest that the game has
the potential to positively influence learning, fairness perceptions, and behavioral intentions. It may
have helped participants better understand complex concepts, such as historical data bias and systemic
bias. Furthermore, the game appeared to make participants more cautious and critical about algorithmic
fairness, and increased their awareness of the potential for algorithms to replicate societal biases. The
study also highlighted positive behavioral intentions, such as raise concerns about unfair outcomes,
and advocating for fairer AI systems. In summary, interactive narrative games have the potential to be
an effective science communication tool.

Although the study presented some preliminary results, it still has some limitations. Due to the use of
convenience sampling, participants were only included students, which limited the representativeness
of the sample. In addition, the sample was overrepresented with students with backgrounds in computer
science, artificial intelligence, or data science, and their background knowledge may have influenced the
results. The overall sample size was small, and in certain subgroups it was so limited that the reported
effects should only be interpreted as tendencies without statistical support. The sample size should
be increased in future researches, and the respondents of other educational backgrounds and cultures
should be considered.

Second, although the game enhanced knowledge and perceived fairness, the willingness of the
participants to keep playing the game was low. The effectiveness of this tool in maintaining public
interest in science communication should be enhanced. Further studies should focus their design
process on fostering user engagement.

Third, the evaluation was based on a short-term pre-test and post-test comparison. Although the
results show positive trends in learning outcomes and attitude changes, it is unclear whether these
effects persist. Since the survey only measured behavioral intentions, it is still unclear whether these
positive intentions will lead to real-world actions. Furthermore, this study used a single-group design
without a control group. In the future, it may be possible to further incorporate a control group.

Finally, this survey only tested behavioral intentions rather than actual behavior, and the research
context focused only in hiring case. Interactive narrative methods can be extended to other areas, such
as credit scoring, predictive policy, or medical decision-making. Expanding to richer scenarios may
attract diverse audiences and help evaluate the effectiveness of this tool in scientific communication.
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A. Survey Questions

A.1. Background Questions

1. What is your current degree? [Multiple Choice]
(Bechalor, Master, PHD, Somethin else)
2. Not a student or something else(text in)
3. Is your major related to computer science, artificial intelligence, or data science? [Yes/No]
4. Do you regularly follow news about technology or social issues? [Yes/No]

A.2. Bias Perception & Fairness (Pre- and Post-game)

Scale: 1 = Strongly Disagree, 5 = Strongly Agree (Likert 1–5)
5. AI systems reflect biases related to gender, race, or other social factors.
6. Algorithmic decisions are not always fair.
7. AI systems can create unfair outcomes through seemingly neutral criteria.
8. I trust algorithmic decisions more than human decisions because humans are more biased. (reverse
coded)

A.3. Behavioral Intentions (Post-game only)

Scale: 1 = Strongly Disagree, 5 = Strongly Agree (Likert 1–5)
9. I believe that the training data sources for AI hiring systems should be reviewed.
10. If I encountered an unfair AI decision, I would raise a concern or give feedback.
11. I am willing to actively learn more about algorithmic systems and bias.
12. I would question the fairness of decisions made solely by AI systems.
13. I would advocate for fairer and more ethical AI systems when given the chance.
14. I would be interested in playing a second chapter or a follow-up story in this game.

A.4. Knowledge Assessment (Pre- and Post-game)

Scale: 1 = Strongly Disagree, 5 = Strongly Agree (Likert 1–5)
15. I understand what “algorithmic bias” means.
16. I know that algorithms replicate existing inequalities when trained on biased historical data.
17. I am aware that AI systems may unintentionally discriminate through factors like commute distance
or overtime work.
18. I know what “systemic bias” means in the context of algorithmic decision-making.
19. I understand the ethical tension between making fair decisions and maximizing company profit.
20. Responsible AI should focus on supporting human capabilities and protecting ethical and societal
values.

A.5. Adapted Items Reference

Table 6 shows the adapted survey items along with the original items from Colquitt (2001).



Table 6: Adapted survey items compared with original Colquitt (2001) items

Adapted Survey Item Original Colquitt (2001) Item

AI systems can create unfair outcomes
through seemingly neutral criteria.

The decision-making process of AI systems is
based on accurate and appropriate informa-
tion.

AI decision processes are free from bias. (re-
verse coded)

Have those procedures been free of bias?

Decisions made by AI systems are consistent
and fair. (reverse coded)

Have those procedures been applied consis-
tently?
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