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ABSTRACT

Teaching unbiased decision-making is crucial for addressing biased
decision-making in daily life. Although both raising awareness
of personal biases and providing guidance on unbiased decision-
making are essential, the latter topics remains under-researched.
In this study, we developed and evaluated an Al system aimed at
educating individuals on making unbiased decisions using fairness-
aware machine learning. In a between-subjects experimental de-
sign, 99 participants who were prone to bias performed personal
assessment tasks. They were divided into two groups: a) those who
received Al guidance for fair decision-making before the task and b)
those who received no such guidance but were informed of their bi-
ases. The results suggest that although several participants doubted
the fairness of the Al system, fair machine guidance prompted them
to reassess their views regarding fairness, reflect on their biases, and
modify their decision-making criteria. Our findings provide insights
into the design of Al systems for guiding fair decision-making in
humans.
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1 INTRODUCTION

Humans often judge people of particular races and genders unfairly.
In one study, recruiters were sent resumes of people with the same
background and skills, differing only by name. Resumes with names
commonly associated with white people (e.g., Emily and Greg) were
significantly more likely to be called back for job interviews than
were those with more prevalent African-American names (e.g.,
Lakisha and Jamal) [7]. Another study revealed that blindfolding
judges to hide the gender of participants during orchestral auditions
increased the proportion of selected women [26].

Although educational programs and tools have been developed
to address biases when judging people, a recent survey showed that
their effects are limited [11]. In a large-scale survey conducted at a
company, the Implicit Association Test (IAT) [19, 27] was used to
assess the employees’ unconscious gender biases by measuring the
ease with which they could associate words related to gender with
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those related to career/family. The IAT results were shared with
employees to inform them of their biases. A lecture-based training
program was implemented to teach employees how to manage
gender stereotypes. The post-program results showed a positive
effect on their attitudes and an increased awareness of the need
to support women. However, the effect on their decision-making
was insignificant. Even after administering the course, the selection
rate of women as mentors and top employees did not change.

Wilson and Brekke argued that simply being aware of biases
and having the motivation to correct them is insufficient to ad-
dress them. This concept is part of a debiasing framework called
the mental correction process [85], which includes four key steps to
effectively counter bias: awareness of the bias, motivation to cor-
rect it, understanding its direction and magnitude of the bias, and
adjusting one’s responses accordingly. According to the large-scale
experiment conducted within the company previously described,
the lack of improvement in decision-making bias can be under-
stood through this framework. Although the approach of using the
IAT and lectures increased awareness and motivation to correct
bias, it fell short of offering guidance on how to adjust responses
effectively.

Based on these findings, the overarching goal of our research is
to develop an Al system that guides humans toward making fair
decisions. Although many studies have explored Al-based decision
support [16, 33, 44, 55, 63, 71, 74, 78, 79], our study adopted a dif-
ferent approach. Most existing studies have focused on the impact
of Al assistance on decision-making. For instance, they have helped
users by showing Al-predicted outcomes while assessing the like-
lihood of someone reoffending [16, 84] or evaluating someone’s
annual income [55]. Users can then use this information for their
final judgment. These approaches are similar to the perpetual use
of training wheels to assist people in riding bicycles.

In contrast to the existing research, our study employed the
mental correction process and aimed to use Al to guide people in
making better judgments independently without requiring con-
tinuous Al assistance. In reference to the aforementioned bicycle
analogy, our approach is similar to learning to riding without using
training wheels. This human-centered form of decision-making is
particularly valuable for personal evaluations, such as face-to-face
interactions, wherein Al assistance may not always be feasible.
Moreover, studies have shown that humans tend to resist algo-
rithms when making subjective judgments; this phenomenon is



called algorithmic aversion [77]. Although numerous studies have
examined user behavior in Al-assisted decision-making, few have
investigated the role of Al in teaching decision-making skills. Only
one study examined the effects of Al-based teaching; participants
were asked to evaluate the healthiness of foods from their images,
and an Al presented evidence for them to consider [22]. Although
learning was confirmed, real Al was not used in the experiments,
and the study lacked a detailed analysis of the impact of Al on user
behavior.

In this study, we developed an Al system to guide individuals
in making unbiased decisions. We focused on fair individual eval-
uations that were closely tied to the users’ personal values. We
refer to this educational approach as fair machine guidance. Al-
though the existing research indicates that humans often exhibit
algorithm aversion when Al assistance is involved in such tasks,
we investigated whether this aversion also occurs in the context of
Al guidance. If not, what processes do users go through to accept
Al guidance, and how does this influence their decision-making?
To conduct a detailed analysis of how AI guidance impacts human
decision-making, we examined the effects of fair machine guid-
ance at each step of the mental correction process. The following
research questions were answered:

e RQ1: How and to what extent does fair machine guidance
affect users’ motivation to correct bias?

e RQ2: How and to what extent does fair machine guidance
affect users’ awareness of the magnitude and direction of
the bias?

e RQ3: How and to what extent does fair machine guidance
support users’ adjustment to fair decision-making?

We used fairness-aware machine learning (ML) [1, 31, 57, 87] to
develop a fair machine guidance system. This approach adjusts ML
models to ensure fairness. The process begins by asking the user to
evaluate individuals. We then used standard ML techniques, such
as logistic regression, to analyze the evaluations and determine the
user’s decision criteria, that is, the attributes they focused on when
making evaluations. Subsequently, we applied fairness-aware ML
to the same data to create a fair model and identify the decision
criteria when the user made fair assessments. By presenting these
results to the users, we aim to help them recognize their own biases
and learn to make fair judgments.

We conducted an experiment with 99 participants using our fair
machine guidance system. The participants were assigned tasks
that involved predicting annual income and repayment risk, which
served as practical scenarios for human evaluations. In this experi-
ment, we used demographic parity [20] as the criterion for fairness,
which requires everyone to have an equal chance of receiving a
favorable evaluation regardless of sensitive attributes, such as race.
We calculated an unfairness score based on this criterion to assess
changes in participant biases before and after the educational in-
tervention. To understand the participants’ thought processes and
how they interacted with the system, we administered question-
naires before and after the intervention. For comparison, we also
prepared a baseline method that simply displayed numerical bias
metrics, such as “You evaluated x% of men as ’high-risk’ and y%
of women as ‘high-risk’” We compared this baseline with our fair

machine guidance system to explore its impact on various stages
of the mental correction process.

The results showed that there was no significant difference in
bias reduction between our fair machine guidance method and
the baseline method. However, the manner in which participants
achieved these improvements differed significantly depending on
the method employed. For RQ1, we found that fair machine guid-
ance encouraged users to think more critically about the fairness of
their evaluations, prompting them to consider societal expectations
of fairness. For RQ2, our system allowed them to visualize their
decision-making criteria, which decreased their confidence in the
fairness of their judgments. Many participants also realized that
their decisions were based on partial information. For RQ3, fair ma-
chine guidance led to adjustments in participants’ decision-making
criteria. Importantly, most participants did not blindly accept the
guidance from the system and instead they evaluated the infor-
mation provided before deciding whether to adapt their approach.
Although several participants expressed skepticism, there were
cases in which reviewing the Al system’s decision criteria led them
to develop new strategies for making fair judgments.

This paper makes the following contributions:

e A novel approach, "Fair Machine Guidance", which lever-
ages Al to guide individuals in making unbiased decisions,
ensuring that people can continue to make such decisions
independently, even in the absence of Al assistance.

e Empirical results demonstrating the efficacy of fair machine
guidance in prompting individuals to reassess their percep-
tions of fairness, reflect on their own biases, and adjust their
decision-making criteria accordingly.

o Implications for the design of Al systems aimed at reduc-
ing implicit biases. In particular, our study underscores the
importance of moving beyond merely focusing on the accep-
tance or rejection of Al suggestions. Instead, it advocates for
stimulating critical engagement and self-reflection among
their users.

2 RELATED WORK

2.1 Bias mitigation

Several methods have been investigated to mitigate biases in hu-
man decision making. The IAT has been used extensively to make
people aware of their unconscious biases [19, 27]. Existing studies
have used the IAT to measure individual biases against race and
gender, indicating the presence of bias in participants [12, 25]. A
study found that participants exhibited a change in their motivation
to correct their biases once they were made aware of them [12].
Another study showed that when the current degree of bias was
presented to participants, many participants were defensive and
surprised [25]. After being instructed to modify their judgments,
and with their bias subsequently reassessed using the IAT, their sur-
prise decreased. This suggests that human biases are unconscious
and that people do not heed them until they are highlighted.
Educational programs have been used to motivate people to mod-
ify their biases, and their effectiveness has been studied. A study
investigated the impact of online diversity training on attitudes



and behaviors toward women after participants shared their pre-
measured biases [12]. The results showed that although their atti-
tudes toward women changed, there was no improvement in actual
personnel ratings. Another study provided a video-based course
to detect sexism in judgments [41]. The intervention improved the
sensitivity of detecting sexism in judgments. However, the authors
concluded that this occurred at the expense of specificity, resulting
in no real improvement in sexism detection. Recently, an attempt
was made to develop an educational program using virtual real-
ity (VR). The participants were provided with a VR experience of
being homeless, and its impact was investigated [3]. The results
showed that, in the VR simulation of homelessness, participants
were more inclined to act in ways that demonstrated empathy and
understanding of the homeless individuals after the experiment.
Another study investigated the behavioral changes that occured
when the skin color of an avatar was changed during a VR ses-
sion [66]. A comparison of biases measured using the IAT before
and after skin-color replacement in VR indicated a decrease in the
participants’ racial biases. Methods aimed at directly correcting
stereotypes in humans, such as measuring unconscious bias using
the IAT, participating in educational programs, and using VR, have
been found to influence bias awareness and motivation to correct
bias. However, these methods have been unsuccessful in influencing
response adjustments, that is, behavior toward fair judgments.

These studies asked people to correct stereotypes directly. How-
ever, the next approach involved mitigating stereotypes without
human awareness. Various user interfaces have been proposed
to mitigate unconscious stereotyping [46, 56, 67]. An experiment
that simulated hiring decisions was also conducted [46] and the
results revealed bias against African Americans. Adjustments to
the interface design, such as providing more information about the
candidates or limiting the number of choices, effectively reduced
these biases. To investigate racial bias on dating websites, a study
created a pseudodating website and asked participants about their
preferences based on a person’s photo and profile [39]. The results
showed that even those who explicitly stated that they had no
racial bias made biased judgments. To address this bias, the authors
changed the order of information presentation and found that the
bias was significantly reduced when the profile information was
presented first. Although these interfaces resulted in improving
user stereotypes, the evaluators’ behavior toward stereotypes did
not improve.

2.2 Human-AI collaboration for fair
decision-making

The use of Al in high-stakes decision-making scenarios, such as
loan approvals [59], the risk of judicial recidivism [2, 16], and child
welfare consultations in public administration [14, 17, 28, 76], has
been explored. However, reports of unfair Al output have raised
concerns [2, 14]. One reason for the unfair output of Al models
is that the data used to train the models contain unfair biases. To
mitigate this problem, efforts are being made to incorporate hu-
man judgments. For instance, in child welfare screenings, review-
ing and selectively using Al outputs rather than directly applying
them reduces the racial biases that are observed when using an
Al model alone [14]. Similarly, a collaboration between humans

and machines in the decision-making process has been reported to
improve fairness when predicting recidivism risk [16]. Additionally,
a framework in which humans interactively assess Al outputs and
teach the AI what they consider fair has been proposed [59].
Therefore, several studies have reported that human intervention
in the decision-making process can induce fairness in scenarios
where using Al alone may produce unfair results. This could be
because human estimation and correction of Al errors lead to fairer
judgments [17]. While earlier research efforts have largely aimed
at minimizing bias present in Al systems, our study shifts the focus
towards addressing biases inherent in humans themselves.

2.3 Human-Al decision making

Several studies have been conducted on decision-making supported
by Al [16, 33, 44, 55, 63, 71, 74, 78, 79, 84]. In these studies, ML
models advised evaluators regarding the task that was used to
make a decision. They performed various tasks and experimented
with even more difficult tasks, such as diagnostic assistance for
clinicians [5, 64, 79]. Al-based suggestions have also been investi-
gated using various methods. Those used for presenting informa-
tion involve enumerating answers or candidate answers [16, 81],
presenting the reasons for the Al system’s decisions [71, 79], and
presenting views opposing human predictions [5, 71]. The goal
of Al-based decision-making is to improve task results, and it has
been demonstrated that the final outcome of a task is better with
Al assistance than when performed by humans alone.

Research on human-AI decision making has focused on assess-
ing the information that is useful for humans when using AI and
making them trust it [32, 55, 60, 65, 69, 82, 84]. Many studies have
shown that presenting the reasoning behind a decision can be use-
ful for building trust in Al For example, presenting the probability
of correctness of the evaluator and Al [55] and presenting the ac-
curacy and confidentiality of the model [71] to the evaluator help
build this trust. One study investigated whether presenting different
types of information had different effects on human understand-
ing [84]. They found that if the evaluator was familiar with the task,
highlighting important points in the judgment could effectively im-
prove trust in the model. Another study investigated the behavior
of humans receiving judgments from AI [65] and confirmed that
when people receive a decision from the Al model, they are not
convinced unless the Al model explains the reasoning behind its
decision. Furthermore, when they received decisions from the Al
model, they felt that they were biased if they were made by the
Al model alone. It was also suggested that collaborative decisions
made by humans and AI are easier to accept. Other methods for
mitigating Al distrust include adjusting the timing of presenting
Al information. For example, it has been reported that it is better
to present Al information only when a human asks for it [24] or
after they have made a decision, prompting them to change their
final decision [16, 64].

These Al-based decision support systems do not focus primar-
ily on enhancing evaluators’ individual decision-making abilities;
instead, they aim to optimize task outcomes by leveraging Al capa-
bilities. In contrast, our study aimed to improve decision-making
performance in non-Al situations, with the main goal of improving
human decision-making.



2.4 Alteaching

Only one study used Al to train humans and focused on the impact
of Al teaching on human decision-making [22]. The authors investi-
gated the types of information required to assist humans in making
health judgments regarding food and found that providing only the
reasoning behind judgments effectively improved decision-making.
This improvement can be attributed to the fact that such a focused
provision of information prompts participants to reconsider their
decision-making processes. This study has several limitations, such
as the use of predefined information and a lack of optimal decision-
making information tailored to each participant. In addition, this
study was not conducted using an actual Al system, and the in-
fluence of Al on humans was not analyzed. By contrast, in this
study, the presented information was optimized by the Al system
for each evaluator, and the impact of Al training on individuals was
comprehensively analyzed.

Machine teaching is an ML method that aims to provide optimal
education to humans [13, 36, 50-52, 70, 82, 86, 88]. A framework
has been proposed that conceptualizes humans as students and
an ML model as the teacher. In this framework, the teacher iden-
tifies and sequentially provides students with the most effective
learning resources [50, 51]. However, these studies conducted the
experiments via simulations without human participants. By con-
trast, some machine teaching studies have employed humans as
students [13, 36, 88], and the tasks involved classifying living things
such as birds and insects, for which objectively correct answers
exist. These studies showed that humans can learn the behaviors
of ML models. Our study addresses the subjective task of personal
evaluation rather than that for which there is an objectively correct
answer, such as biological classifications. This study is also novel
in that it investigates how Al-based education affects subjective
evaluations.

3 FAIR MACHINE GUIDANCE

3.1 Overview

Fair machine guidance aims to educate individuals on making un-
biased decisions. This method is based on the mental correction
process [85] and focuses on raising awareness of the direction and
magnitude of bias and aiding in response adjustment. Fair machine
guidance initially prompts users to perform personal assessments
to collect their responses. Thereafter, the logistic regression is used
to estimate the user’s decision criteria, which is referred to as the
student model. Additionally, a fairness-aware ML method [1] was ap-
plied to train the teacher model, which is an unbiased modification
of the student model.

Both the student and teacher models were used to select teaching
samples that maximized the learning impact. These samples were
selected using iterative machine teaching [50], which models how
a student model is updated when presented with a teaching sample
and selects the samples most likely to align the student model with
the teacher model. Each teaching sample advises the user by saying
“You evaluated this person as X, but to be fairer, you should evaluate
this person as Y

Fair machine guidance not only provides teaching samples but
also offers interpretations of the student and teacher models. The
interpretation of the student model is presented visually, allowing

users to review their decision-making criteria and understand their
biases. The interpretation of the teacher model has also been shown
to guide users in adjusting their decision criteria to achieve fairer
outcomes. An example interface for fair machine guidance is dis-
played in Figure 1. In the visualization, the top five attributes with
the highest absolute weight values are highlighted.

3.2 Fairness metrics

A fairness metric is necessary for applying fairness-aware ML. We
selected demographic parity [20], which is a commonly used fairness
metric that aims to ensure that the likelihood of a certain outcome
is not influenced by membership in a sensitive group, such as race
or gender. For instance, demographic parity is achieved when the
probability of hiring a man is the same as that of hiring a woman.
In our experiments, we focused on apartment rentals and credit risk
assessment. Various national and regional laws legally mandate
demographic parity as a fairness metric in these areas'?3. This
led us to adopt demographic parity in our experiments. Indeed,
other studies using the same datasets as our experiments have also
employed demographic parity as a fairness metric [10, 37, 47].

Demographic parity is represented by the equation: Pr[§ | z =
1] = Pr[§ | z = 0], where a sensitive attribute (such as race or
gender) is denoted by z € {0, 1}. We focused on cases wherein z is
binary: z = 1 indicated that the individual belongs to a privileged
group, whereas z = 0 indicated that they belong to an unprivi-
leged group. The decision, such as whether to hire or extend credit
to someone, is denoted by § € {0,1}. We considered that § = 1
represents a favorable outcome.

3.3 Fairness-aware ML

We applied the reduction approach [1] as the fairness-aware ML
method. This approach satisfies fairness constraints (such as de-
mographic parity) while reducing classification loss by adding con-
straints based on fairness criteria as penalty terms to the loss func-
tion. This approach can easily overcome the trade-off between
accuracy and fairness. We used the PyTorch implementation called
FairTorch®.

3.4 [Iterative machine teaching

We applied the iterative machine teaching method [50] to select
efficient teaching materials. Suppose that both the teacher and stu-
dent make decisions according to prediction model f, (x), which is
parametrized by a certain parameter w. Let the teacher model be w
and the student model after the ¢-th training be w;. Assume that w;

is updated according to stochastic gradient descent when a certain

teaching material, (x, y), is given, that is, w41 = w; — ’7%’

where 7 is the learning rate and £(-, -) is the loss function. In it-
erative machine teaching, a material (x, y) is selected from a set
of teaching materials ® such that w4 is closest to w,. In other
words, the teaching material (x, y) that minimizes |[w+1 — ws ||§ =

2
Hwt — ryw — W*HZ is selected.

Uhttps://www.justice.gov/crt/fair-housing-act-1

https://www justice.gov/crt/equal-credit-opportunity-act-3
Shttps://ec.europa.eu/commission/presscorner/detail/en/MEMO_07_257
“https://github.com/wbawakate/fairtorch
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Be fair in your decisions regarding race. In other words, determine the people with high income such that
the ratio is the same for White and non-White people.

Your judgment tendency.
In previous questions, you predicted and as having HIGH
INCOME. The closer the two values are, the fairer your decisions are.

We will present advice for you to be fair in your judgment. These hints are
provided by “Fair AL.” Fair Al simulates “your judgment when done fairly.” e

Example of an appropriate response.

You predicted that the person below would have a LOW INCOME. To be fair, you should have predicted a
HIGH INCOME.

Age: 50, Gender: Male
Race: Asian
Workclass: Self-employed
Education: Professional school
@ #years of education: 15
=1 Marital status: Married
—, Relationship: Husband
Occupation: Professional specialty
Working time: 50h/week
Native country: Philippines

Your criteria vs. fair criteria.

Your criteria Fair criteria o
Age: 50, Gender: Male Age: 50, Gender: Male
Race: Asian Race: Asian
Workclass: Workclass: Self-employed
Education: Professional school Education: Professional school
== #years of education: 15 #years of education: 15
=3 Marital status: Married Marital status: Married
St Relationship: Husband Relationship: Husband
Occupation: Professional specialty Occupation: Professional specialty
Working time: 50h/week Working time: 50h/week
Native country: Philippines Native country: Philippines INLCogan

The left column of the figure shows your decision criteria, as estimated from your answers using Al. You tend to estimate a
high income when the information is blue (or when the value of blue information is high). You tend to estimate low income
when the information is red (or when the value of red information is high).

The right column of the figure shows fair decision criteria, as estimated by Fair Al. Your decision will be fairer if you follow
these criteria. To be fair, you should predict a high income when the information is blue (or when the value of blue
information is high). To be fair, you should predict a low income when the information is red (or when the value of red
information is high).

Figure 1: Example of fair machine guidance. (A) Current degree of unfairness (i.e., bias feedback); (B) Teaching materials to
teach how to make fair decisions. The materials were selected through iterative machine teaching. The interpretations of the
student and teacher models were presented visually.



4 EXPERIMENTS

4.1 Experimental design

We employed a between-subjects study design with two conditions.
This study was reviewed and approved by the Ethical Review Com-
mittee for Experimental Research involving Human Subjects at the
University of Tokyo.

4.1.1 Tasks. We prepared two personal assessment tasks: Income
and Credit. In each task, synthesized person profiles were presented,
and the participants were asked to assess the individuals. Examples
of these profiles are shown in Figure 2.

e Income: In this task, participants were asked to rate their
person’s annual income as high or low. The personal pro-
files were generated using the Adult dataset [6], which was
created using the U.S. census data. In addition to age, race,
and gender, the data also included information regarding
education, occupation, and working hours. The participants
were informed that the top 20% of individuals had the high-
est annual incomes. This threshold was set based on the
ground-truth label ratio.

e Credit: In this task, participants were asked to classify the
person as high or low credit risk. The German credit dataset
was used for generating the profiles [35]. The data included
borrower profile (e.g., gender, age, and occupation), credit
amount, duration, and purpose. The participants were in-
formed that 30% of these individuals had a high credit risk.
This threshold was set based on the ground-truth label ra-
tio. We modified the occupational and housing attributes of
the original data to incorporate the gender inequality. We
expected fair machine guidance to teach humans to ignore
these attributes.

In this experiment, 300 profiles were used for each task. For the
Income task, the ground-truth labels for high and low income were
used for annual incomes of above and below 50,000 USD, respec-
tively. For the Credit task, the results of the actual risk assessment
were provided as ground-truth labels. We sampled the profiles to
ensure that the distribution of the ground-truth labels was equal for
both privileged and unprivileged groups. Additionally, the ground-
truth labels were only accessed during data sampling.

Race (white or non-white) and gender (male or female) were used
as sensitive attributes for the Income and Credit tasks, respectively.
In the Income task, 37.3% of the profiles were of white and 62.7%
were non-white people. In the Credit task, 47.3% of the profiles were
males and 52.7% were females. In the Income task, the participants
were instructed to assume the role of a landlord who wanted to
lease a house to someone with a high income and thereby scrutinize
the prospective tenant’s profile to predict and select a person with
a high income. Moreover, the participants were instructed to be
fair regarding race; i.e., they were instructed to select the same
percentage of people with high incomes from both groups. In the
Credit task, the participants assumed the role of credit examiners.
The participants were instructed to scrutinize the profiles of the
loan applicants, and anticipate and select those who were less likely
to repay the loan (i.e., “high risk”). They were instructed to be fair in
terms of gender. To emulate a face-to-face assessment, a photograph
of the person’s face was presented along with their profile. We used

photos of Asian, Black, and White female and male models from
the Chicago Face Database [54].

4.2 Participants

The participants were recruited through the crowdsourcing plat-
form Lancers®. A total of 459 participants were asked to complete
a pre-test involving 100 personal assessments. To target only those
participants making biased judgments, their unfairness score (de-
fined in Section 4.5.1) was measured for the pre-test, and only those
who scored 0.03 or higher progressed to the next phase. The thresh-
old was determined using the distribution of unfairness obtained
through preliminary experiments conducted with different partic-
ipants. In the preliminary experiment, we asked the participants
to perform the same person assessment tasks, but did not instruct
them to be fair. According to the distribution of unfairness scores
obtained in the preliminary experiment, the top, middle, and bot-
tom 1/3 of the participants were divided into biased, normal, and
reverse-biased groups, respectively. Individuals in the biased group
had unfairness scores of approximately 0.03 or higher.

Owing to the performance limitations of fairness-aware ML,
there were cases in which the obtained fair model was less fair
than the judgments of some participants. These participants were
excluded at the pre-test stage. Although the fairness model was used
only in the fair machine guidance condition, the same screening
was applied in the bias feedback condition to ensure consistency
among the participants. A total of 99 participants proceeded to
complete the main experiment.

According to the post-experiment survey, of the 99 participants,
50 were female, 48 were male, and 1 was non-binary. Nine partici-
pants were aged 20-29 years, 26 aged 30-39 years, 37 were aged
40-49 years, 22 were aged 50-59 years, and 4 were aged > 60 years.
Only one person preferred not to indicate their age. Finally, all the
participants were of Asian origin.

4.3 Procedure

The experiment comprised of four phases: pre-test (as previously
described), treatment, mini-test, and post-test. After completing the
pre-test, the participants completed a questionnaire before moving
on to the treatment phase. During this phase, different treatments
were applied to each condition, as described in Section 4.4. There-
after, the participants assessed 20 people on a “mini-test”. This
cycle of treatment and mini-test was repeated five times. Finally,
a post-test was conducted, wherein the participants assessed 100
profiles. The same profiles were used for the pre-test, mini-tests,
and post-test evaluation in each task. After completing the post-
test, the participants completed an additional questionnaire. This
procedure is illustrated in Figure 3.

Participants were paid 2.5 USD to complete the pre-test and an
additional 7.5 USD to complete the remainder of the experiment.
The average time for completing all procedures was 47 min. To
encourage serious engagement, we informed them that they would
receive extra compensation 7.5 USD if their assessments met or
exceeded certain accuracy and fairness criteria. We offered an ad-
ditional 7.5 USD to participants whose accuracy ranked in the top
10%.

Shttps://www.lancers.jp/
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Age: 47, Gender: Female
Race: Asian
Workclass: Private
Education: Masters
: #years of education: 14
o Marital status: Never-married
j - ‘. Relationship: Not-in-family
Occupation: Tech-support
Working time: 42h/week
Native country: India

Age: 31, Gender: Male
Race: Black

Housing: Rent

Saving accounts: Moderate
Checking account: Little
Credit amount: $4,300
Duration: 48 month
Purpose: Car

(a) Income

Occupation: Highschool teacher

(b) Credit

Figure 2: Examples of synthesized profiles

Table 1: Sensitive attributes and instructions for in-person assessment tasks

Assume that you are the landlord of an apartment building. You have received a rent
request from someone who lives in the United States. You want to lease the apartment
to someone with a high income. You have been instructed to scrutinize the prospective
tenant’s profile and predict their annual income. Please predict a person with a “high
income” based on the information provided. A person among the top 20 percentile of
earners is that with “high income.” However, you have been instructed to judge each
race fairly. In other words, please ensure that the proportion of White and non-White
with high annual incomes is the same. Please answer such that both the rate of correct

Assume that you are working in a financial institution and are conducting the credit

Task [ Sensitive attribute [ Instructions
Income | Race (White or
Non-White)
answers and level of fairness are high.
Credit | Gender (Female or
Male)

screening a loan applicant. You have been instructed to predict the probability of loan
repayment by the applicant. Please predict a person who is “high risk” (i.e., low probability
of repayment) based on the information provided. Of the total population, 30% are “high
risk” However, you have been instructed to judge each gender fairly. Therefore, please
ensure that the proportion of “high risk” people is the same across both genders. Please

answer such that both the rate of correct answers and level of fairness are high.

4.4 Conditions

We prepared a simple baseline, referred to as bias feedback, which
numerically displayed each participant’s bias. This baseline was de-
signed to aid in the first step of the mental correction process, which
is raising bias awareness; however, it did not offer any guidance on
making fairer decisions. By comparing the results with those of the
baseline, we examined the effect of fair machine guidance on the
subsequent steps of the mental correction process.

e Bias feedback: The current level of each participant’s un-
fairness was displayed and was calculated based on their
personal assessments in the pre- and mini-tests. The par-
ticipants were presented with their frequency of selecting
individuals from privileged and unprivileged groups. For
example, in the Income task, participants were told “You
predicted 25.4% of Whites and 12.2% of non-Whites as hav-
ing high income” Additionally, they were informed that the
closer these values were, the fairer their decisions would be.

e Fair machine guidance: In addition to informing partici-
pants about their current level of unfairness, each participant
was provided teaching materials, as outlined in Section 3.
Both the student and teacher models were personalized and
trained by using each participant’s individual responses. Af-
ter the mini-test, the models were updated based on the

participants’ answers. Teaching samples were selected from
the questions that each participant had already answered,
and five samples were displayed simultaneously. The partic-
ipants were also required to complete a check test to ensure
that they understood how to interpret the visualizations pro-
vided by the model. Only those who passed this test were
included in the main experiments.

Of the 99 participants, 37 were assigned to [Income, Bias feed-
back], 39 to [Income, Fair machine guidance], 13 to [Credit, Bias
feedback], and 10 to [Credit, Fair machine guidance].

4.5 Data analyses

4.5.1 Quantitative analysis. As discussed in Section 3, we used
demographic parity as the fairness metric. We introduced an un-
fairness score, defined as Pr([j =1 |z =1] -Pr[g=1|z = 0],
to gauge unfairness according to demographic parity. In this con-
text, a positive unfairness score suggests that an evaluator is more
likely to make favorable decisions toward individuals in the privi-
leged group (z = 1) than toward those in the unprivileged group
(z = 0). We used the key attribute change rate between the pre- and
post-tests to measure the degree of modification in the decision
criteria. After both tests, we asked the participants to select at most
five attributes (e.g., age and occupation) that were important for



pre-test (N=459)
| Screening (N=99)

treatment
Bias Fair machine
feedback guidance
Income: N=37 Income: N=39
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Figure 3: Overview of task processing: Initially, participants
completed a pre-test and were screened for the next step
based on their unfairness scores. Subsequently, they were
randomly assigned to each condition (bias feedback or fair
machine guidance) and moved to the treatment phase. This
phase included the treatment and mini-test, and this cycle
was repeated five times. Finally, they underwent a post-test.

the evaluation. We calculated the similarity between the sets of
selected attributes using the Jaccard coefficient and used the 1-
Jaccard coefficient to indicate the key attribute change rate. The
sets of attributes selected in the pre- and post-tests were denoted
as Apre and Apost, respectively, and the key attribute change rate
‘Apxe mApost ‘
‘ApreUApost‘ ’

To answer the research questions, we investigated the following
subjective measures using a five-point Likert scale (1: Disagree, 5:

Agree):

was defined as 1 —

e Reconsideration of fairness (Q10): We measured whether
the advice given by the machine influenced participants’
perception of fairness.

o Self-reported fairness (Q4): We assessed the participants’
confidence in the fairness of their answers.

o Willingness to follow machine advice (Q5): we measured
the extent to which participants were receptive to machine
advice.

4.5.2  Qualitative analysis. In addition to the quantitative analysis,
we also asked participants open-ended questions such as “Q7. Do
you think that the ‘Fair AT’ was fair?” (RQ1); “Q4. Do you think your
decisions were fair?” (RQ2); and “Q12. Did your judgment criteria
change after receiving the advice?” (RQ3). The entire questionnaire
is provided in the Appendix, in which Q6, Q7 and Q10 are associated
with RQ1; Q4 and Q11 are associated with RQ2; and Q5, Q8, Q9
and Q12 are associated with RQ3.

To understand how the system influenced participants’ recogni-
tion of own biases and their willingness to address these biases, we
employed thematic analysis on their survey responses. An author

Bias feedback

Fair machine guidance

0.2

Post unfairness
Post unfairness

0.1 0.2 0.1 0.2
Pre unfairness Pre unfairness

Figure 4: Scatter plots of unfairness for each participant in
the pre- and post-tests. The dotted line represents equal levels
of unfairness in both the pre- and post-tests; points below
this line indicate an improvement in fairness in the post-test.

initially developed codes inductively to compile a codebook, which
featured codes such as "Al fairness," "self-reported fairness," insights
on decision-making criteria, "reliability and acceptance of machine
advice," and "usage of machine advice." Following this codebook,
two authors coded the responses. Any disagreements in coding

were resolved through collaborative discussion among the authors.

5 FINDINGS

5.1 Effects of improving unfairness

In this study, two types of tasks were conducted to confirm that
the effects of the experiments were not task dependent. Because
no significant differences were identified in the results of either
task, the results of the two experiments are reported together in
subsequent sections.

Figure 4 shows the scatter plots of the pre- and post-test unfair-
ness score. Both fair machine guidance and bias feedback mitigated
unfairness among many participants. There were no significant
differences in improvement between the methods. However, a com-
parison of the survey responses of the participants confirmed dif-
ferent behaviors for leading to changes in their decisions between
the methods. In response to RQs 1-3, we performed both quanti-
tative and qualitative analyses of the differences in behavior, and
examined the impact of fair machine guidance.

5.2 RQ1: Effects on motivation to mitigate
biases

To answer RQ1, we quantitatively analyzed how fair machine guid-
ance affected the participants’ motivation to modify their biases.
Figure 5 shows the distribution of responses to Q10 (“Did this
task cause you to reconsider the fairness of your own decision
and that required by society?”) on a five-point Likert scale. The
Mann-Whitney U test revealed a statistically significant difference
between fair machine guidance and bias feedback responses, with
p < 0.05. In other words, we confirmed that fair machine guidance
was more effective at prompting the reconsideration of fairness and
motivating bias correction among the participants.
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Figure 5: Distribution of responses to Q10: “Did these tasks
cause you to reconsider the fairness of your own decision
and that required by society?”

Next, we used open-ended responses to qualitatively analyze the
effect on motivation for bias correction. First, in the fair machine
guidance group, 8 of 49 participants were convinced that the fair-
ness presented by the Al was accurate and that they realized their
own bias through this guidance; these participants provided the
following responses:

P3: I wanted to make a fair decision based on the
Al system’s suggestions (hence, I followed them).
I did not intend to apportion income by gender;
however, I was reminded that this was the basis of
my thinking and felt that I had to revise it. [Income,
Fair machine guidance]

P8: Iwas unknowingly making biased decisions; there-
fore, I decided to follow the Al system’s suggestions.
I thought I was making fair decisions, but realized
that I was unknowingly making biased ones, which
gave me the opportunity to rethink them. [Income,
Fair machine guidance]

In contrast, some participants questioned the fairness offered
of the Al system. Eleven out of forty-nine participants interpreted
the fairness taught by the Al as that required by society, where
there were discrepancies between the fairness metric and their own
ideas about fairness; 3 of them concluded that it was important to
consider things from a wide range of perspectives:

P21: There were instances where the Al system did
not make a fair decision, specifically when decid-
ing on annual income according to the country of
origin. I felt that it is important to evaluate people
from a range of perspectives, rather than based on
a single piece of information, such as gender, age,
or race. [Income, Fair machine guidance]

P24: Unable to state that the Al was impartial because
there were both convincing and unconvincing parts
the information presented by the Al I also did not
feel that it was fair to predict that an applicant
would have high income if they were from Taiwan
or low income if they were from the U.S. I felt that
even when I intended to be fair, there was an un-
intentional blurring of standards and I was predis-
posed to offer preferential treatment in my efforts

to be fair. I found it very difficult to find a balance,
and it made me think what “fairness” is in the first
place. [Income, Fair machine guidance]

Meanwhile, 9 of the 49 participants lost their understanding of
fairness because of fair machine guidance. Nonetheless, some also
gained insights into their own preconceptions.

P10: Tam not sure that the Al system is truly impartial.
Additionally, I am unsure of how to define fairness. I
did not intend to discriminate based on race but felt
that I was making assumptions regarding education
and occupation. [Income, Fair machine guidance]

P45: 1 wonder whether the term “fairness” could be
so vague and unclear, leaving me feeling unsettled
or unsatisfied. [Income, Fair machine guidance]

Thus, fair machine guidance provides an opportunity to recon-
sider the fairness standards required by society. A few participants
expressed concerns that the AI system would imprint its impar-
tiality on humans —“This Al system created by highly educated
people appears to have a biased impartiality” (P70, [Credit, Fair
machine guidance]). However, no such responses were observed
in the bias feedback group. Some participants stated that the fair
machine guidance did not prompt them to reconsider their decision,
stating “Since the decision criteria of Al were limited, I do not think
this alone would trigger a reconsideration of the fairness required
in society” (P87, [Income, Fair machine guidance]).

Meanwhile, participants in the bias feedback group exhibited
strong opposition to the fairness metric employed in the experi-
ments. In particular, there was significant opposition (14 out of 50)
to optimizing demographic parity and resistance to quantifying
and adjusting for fairness. However, the antipathy effect was not
observed in the group with fair machine guidance.

P80: Ibelieve that a person should receive a favorable
decision if they can afford to pay regardless of their
race, and that the percentage should not be adjusted
based on race. [Income, Bias feedback]

P31: It was troublesome to adjust the numbers while
considering race, and the fact that the numbers
were based on race rather than ability made me
wonder, “What is fairness in the first place?” [In-
come, Bias feedback]

In addition to the backlash against the impartiality of the bias
feedback, 5 of 50 participants were not prompted to reconsider their
impartiality because they were confident that their decisions were
impartial:

P94: I am fair because I made a comprehensive deci-
sion. The Al guidance appeared to provide superflu-
ous information for decision making. [Credit, Bias
feedback]

P54: I think I would have made the same choice with-
out being presented with “fairness in choosing race,”
which did not prompt me to reconsider. [Credit, Fair
machine guidance]

Many participants in the fair machine guidance group stated that
they were unsure about fairness, but only a few in the bias feedback
group felt this.
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Figure 6: Distribution of responses to Q4: “Do you think your
decisions were fair in the last 10 questions you answered?”

Thus, in many cases, bias feedback did not result in motivation
owing to confidence in one’s own fairness or a backlash because
one’s own idea of fairness differed from that of the Al system. A
comparison between the bias feedback and fair machine guidance
groups confirmed that fair machine guidance, which encourages
people to review their own decision-making criteria and adjust
them according to the fairness metric, is effective at motivating
them to address bias by reconsidering the fairness standard required
by society and making them aware of their own biases.

5.3 RQ2: Effects on awareness of direction and
magnitude of biases

To answer RQ2, we quantitatively examined how the participants
felt about their decisions after receiving advice from the Al system.
The self-assessment results for decision fairness in the post-test are
shown in Figure 6. The Mann-Whitney U test showed a p < 0.05,
which indicated a statistically significant difference between fair ma-
chine guidance and bias feedback. Fair machine guidance decreased
confidence as participants reviewed their decisions, whereas bias
feedback resulted in a trend wherein confidence did not change
after receiving guidance.

Next, based on the open-ended comments, we qualitatively ana-
lyzed what the participants noticed regarding the magnitude and
direction of the bias. Many people (19 of 49) specifically noticed
their own biases in the decision-making criteria through fair ma-
chine guidance, providing the following responses:

P13: At first, I did not understand why I was wrong,
but after being corrected several times, I realized
that I was unconsciously making decisions based
on factors such as my educational background. As
I progressed through the questions, I realized that I
was making decisions based on educational back-
ground and job title. [Income, Fair machine guid-
ance]

P74: This was an opportunity to revise my precon-
ceived notions, especially regarding the country of
origin and gender. [Income, Fair machine guidance]

P15: I noticed a tendency to judge a person’s abil-
ity to pay based on their occupation. [Credit, Fair
machine guidance]
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Figure 7: Distribution of responses to Q5: “We presented
the machine-generated advice to help you be fair in your
judgment. Did you decide to follow the advice?”

In the bias feedback, only three participants noticed bias in spe-
cific criteria:

P12: Thave never judged a person’s wealth or credibil-
ity based on the color of their skin, but in this case, I
realized that I was only looking at their educational
background. [Income, Bias feedback]

P32: I realized that fairness does not depend solely
on race. In retrospect, I realized that I held a bias
against occupation and education. [Income, Bias
feedback]

Fair machine guidance also helped participants realize that they
had made decisions based on limited information. Those who achieved
this realization were not included in the bias feedback group.

P21: Ifeel that, when evaluating a person, it is impor-
tant to evaluate them from a range of perspectives
rather than judge them based on a single piece of
information such as gender, age, or race. [Income,
Fair machine guidance]

P90: I thought it would be fairer to make decisions
based on overall factors, without considering race,
etc. [Income, Fair machine guidance]

P90 questioned the fairness of the Al system. Despite this, they
recognized the importance of viewing diverse information.

Thus, fair machine guidance was found to reduce confidence in
the correctness of one’s own evaluation by reviewing one’s own
decision-making criteria, making them aware of their bias against
specific decision-making criteria, and helping them realize that they
were making decisions based only on partial information.

5.4 RQ3: Effects of adjusting decision criteria

To answer RQ3, we examined whether participants accepted the Al
guidance and changed their decisions. Figure 7 shows the distribu-
tion of the responses to Q5 “We presented the machine-generated
advice to help you be fair in your judgment. Did you decide to
follow the advice?”. Previous studies on decision support by Al
assistants have shown that participants who strongly relate to per-
sonal values, such as personal assessment, are prone to algorithm
aversion. However, in the guidance approaches of this study, many
participants accepted the advice of the Al system. There was no
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statistically significant difference in the willingness to follow the
advice between the fair machine guidance and bias feedback groups.

Next, we compared the rate of change in the attributes focused
on in the pre- and post-tests to determine whether the partici-
pants’ decision-making criteria changed in response to the guid-
ance; the results are shown in Figure 8. The Mann-Whitney U test
yielded p < 0.05, confirming that fair machine guidance was statis-
tically significantly more effective than bias feedback in promoting
changes in decision-making criteria. In other words, there was no
difference between fair machine guidance and bias feedback in
terms of participants’ attitudes toward accepting guidance. How-
ever, fair machine guidance was more effective at eliciting a change
in decision-making criteria.

From the open-ended responses, the following changes in decision-
making criteria were identified under fair machine guidance:

P48: Although I did not put much emphasis on “work-
ing hours,” the advice made me place greater em-
phasis on it. [Income, Fair machine guidance]

P64: Drawing on this advice, I also included race, age,
and family structure in the criteria. [Income, Fair
machine guidance]

P72: The ideas regarding marital status and position
in the household were the opposite of mine; how-
ever, I was convinced and decided to follow the
suggested criteria. [Income, Fair machine guidance]

Even in fair machine guidance, 11 of 49 participants did not
change their decision-making criteria owing to their distrust of Al
or confidence in their answers.

P1: The decision-making criteria did not change. I
think the best way to view this is from a human
perspective. [Income, Fair machine guidance]

P45: 1do not think my decisions have changed; rather,
the hints convinced me that the type of job, working
hours, and other factors I thought important were
indeed important. [Income, Fair machine guidance]

In the bias feedback group, only one participant changed the
criteria independently. The other participants either varied the way
they adjusted their numbers for race or gender or did not change
them at all:

P59: At first, I focused on the criteria of owing a home
and the occupation, but I gradually began to focus

on the desired amount (loan) and repayment period.
[Credit, Bias feedback]

As stated in Section 5.1, there was no difference in unfairness
improvement between fair machine guidance and bias feedback
groups, but the change in the decision-making criteria was smaller
in the bias feedback group. Many participants in the bias feed-
back group only controlled how they adjusted their headcounts to
improve fairness.

Next, we quantitatively analyzed how the participants used Al-
based guidance to change their decision-making criteria. Drawing
from the participants’ open-ended responses, we investigated how
they accepted and utilized the guidance, and classified them into
three categories: “accepted,” “rejected,” and “confused (wanted to
accept but could not utilize the guidance).” Each of these categories
is comprehensively analyzed in the following sections.

5.4.1  Participants who accepted the guidance. The fair machine
guidance group included a few participants who simply followed the
Al-based guidance and stated that they did this because “it was the
AT’s decision” or because they were unsure of their own decisions.
Many participants (21 of 49) accepted the decision-making criteria
of the Al system after examining it and being persuaded.

P13: Because the Al-based advice was persuasive, I
thought I would follow it. [Income, Fair machine
guidance]

P64: Ireferred to the hints provided by the Al because
some criteria differed from my own. The criteria
provided by the Al were satisfactory; therefore, I did
not doubt them. [Income, Fair machine guidance]

Additionally, 13 of 49 questioned the Al decision-making criteria
but accepted them:

P18: Some of the hints were accurate, whereas some
were questionable, and I think I followed some of
them in essence and prioritized others. [Income,
Fair machine guidance]

P24: T was unsure and questioned some of the guid-
ance, such as why “country of origin” should be a
decision-making criterion, why “household posi-
tion” and “single/cohabiting” should be expected
to have a higher annual income, or why “profes-
sion” and “specialist position” should indicate lower
annual income. Moreover, employment status and
working hours are persuasive factors. [Income, Fair
machine guidance]

The phenomenon of questioning but obeying was unique to the
fair machine guidance group. As discussed below, those in the bias
feedback group who questioned the guidance did not accept it.
Under fair machine guidance, the Al system’s presentation of the
adjustment method for fair decision-making allowed participants
to consider the content and deliberate on the decision-making
criteria. As a result, this led to behavior that was not just simplistic
acceptance or rejection, but rather a compliance that involved either
being convinced or questioning while still following the guidance.

5.4.2  Participants who rejected the guidance. Under fair machine
guidance, 11 of 49 participants rejected the Al system’s guidance



and the most frequently cited reason for this was that the respon-
dent did not agree with the information presented by the Al system
after carefully considering its decision-making criteria:

P14: The decision-making criteria of the Al were strange;
the left and right panels displayed the same infor-
mation in different colors, and the system coerced
me to use items that were not used in the criteria
for the decision; therefore, I did not refer to them
much. [Income, Fair machine guidance]

P90: It was unclear why the items that I did not focus
on were colored, and I questioned whether it would
truly be fair if I followed the “fair criteria” There
were many unknowns, and I found few parts to be
persuasive. [Income, Fair machine guidance]

P7: I was not sure of what constitutes fairness. I could
not understand on what basis it is considered fair.
[Credit, Fair machine guidance]

Interestingly, even those who indicated that they did not follow
the AI guidance adjusted their decision-making criteria based on
their awareness of their own criteria.

P15: I was not persuaded by the hints presented (and
did not follow them). I felt that (for me) there was
a tendency to judge one’s ability to pay based on
their occupation. I thought I was making a choice
while trying not to make decisions based on race
or gender, but when I was at a loss. I felt that I
would eventually filter my decision based on “how
trustworthy” how the person seemed based on fac-
tors such as their appearance. [Credit, Fair machine
guidance]

As we have already observed, even if one does not agree with
or trust Al, each step in the mental correction process prompts a
reconsideration of fairness, awareness of one’s own criteria, and
adjustment of their decision-making criteria.

Some participants from the bias feedback group questioned the
need to adjust the number of people to make fair decisions. Those
with such doubts responded that they did not use the Al guidance
but instead made their own decisions. This contrasts with the fair
machine guidance group, in which some participants followed the
Al guidance despite their doubts.

P31: It felt cumbersome to adjust the numbers while
thinking about race, rather than purely about my
own income expectations, and I was left wonder-
ing “just what is fairness in the first place?” when
matching numbers based on race rather than ability.
[Income, Bias feedback]

Note that fair machine guidance also provided a bias score, but no
questions were raised regarding the numerical value. Participants
in the fair machine guidance group were more concerned with
the visualization of decision-making criteria than with numerical
values.

5.4.3  Participants who were confused by the guidance. After receiv-
ing fair machine guidance, 4 out of 49 participants were willing to
accept the decision-making criteria offered by the Al system but
were unable to use them in practice. In particular, some participants

did not understand the criteria presented by the Al and its decision-
making process. Additionally, many were confused because there
was excessive information in the given AI criteria, and they could
not comprehend what to prioritize and use to aid their decisions.

P75: There were multiple decision items and I was un-
sure which one to prioritize. [Income, Fair machine
guidance]

P60: I wanted to follow the advice but could not be-
cause I did not understand why the AI provided
such a result. [Income, Fair machine guidance]

In the bias feedback group, similar to the fair machine guid-
ance group, some participants stated that they could not use the
information provided because they did not understand it. However,
unlike in the fair machine guidance group, most participants in the
bias feedback group stated that they did not know how to change
their decisions to make them fair based only on the numerical in-
formation provided regarding unfairness: “I tried to follow the Al
system’s advice but not know how to do so” (P32, [Income, Bias
feedback]).

The fact that bias feedback alone was insufficient to encourage
a change in the decision-making criteria because the participants
were not familiar with how to change their decisions confirms the
importance of guidance for decision-making criteria in fair machine
guidance. However, fair machine guidance can sometimes cause
confusion.

6 DISCUSSION
6.1 Challenges in motivating bias mitigation

We examined the impact of Al teaching on human decision-making
by focusing on the mental correction process. Our study revealed
that fair machine guidance, which prompts users to re-evaluate
and adjust their decision-making criteria for fairness, effectively
encourages them to reconsider their notions of fairness and moti-
vates them to address their biases. Interestingly, even when users
were skeptical about the fairness criteria provided by the Al sys-
tem, they did not outright reject them. Instead, they interpreted
the Al guidance to be reflective of societal expectations of fairness,
concluding that adopting diverse perspectives is crucial.

Moreover, fair machine guidance did not prompt the rethinking
of fairness in some participants because it involved guiding only
fair decision making and did not stress the importance of impartial-
ity. Hence, fair machine guidance can be used in combination with
other methods, such as using lectures, to teach the importance and
necessity of fairness to instill further motivation [27]. Moreover,
some of the open-ended comments by the participants did not indi-
cate the importance or necessity of fairness in their real lives. Some
participants stated that they were not familiar with this concept be-
cause they lived in an environment wherein racism was not readily
perceived. Therefore, experiencing the importance of impartiality
through role-playing may be useful for creating opportunities to
reconsider impartiality. For example, role-playing methods were
applied to motivate participants to act on misinformation and gain
experience in dealing with it [12, 73].



6.2 Challenges in raising awareness of the
direction and magnitude of biases

The experimental results revealed that fair machine guidance fos-
ters introspection into one’s own decision-making criteria and
enhances awareness of specific biases, such as making decisions
based on certain information. Additionally, existing bias-mitigation
approaches have exhibited limited effects [48]. It was reported that
when bias correction was targeted at a specific bias and feedback
specific to that bias was provided, users improved their decision-
making, but they applied a simplistic strategy. In our study, this
phenomenon was mainly observed under the bias feedback condi-
tion. In other words, this method tends to be simplistic, as it focuses
on sensitive attributes to prompt fair decisions. In contrast, fair
machine guidance promotes deep reflection on the significance of
decision making based on diverse perspectives. This approach has
the potential to positively impact not only on personal assessments
but also various decisions in daily life.

Furthermore, we observed that not all participants completely
understood the information presented by the Al system. This may
be because of the amount of information presented in the criteria.
Under fair machine guidance, we visualized and presented both the
participants’ own and fair decision criteria. However, the volume of
this information confused some participants, as they did not know
what to prioritize. We do not consider this confusion negative but
rather a step forward in the process of making fair decisions. Addi-
tionally, in the bias feedback group, we only presented numerical
information regarding biases. However, many participants felt that
this was insufficient and did not know how to revise their decisions.
Therefore, in the future, the quantity and quality of the information
presented to humans should be addressed.

6.3 Challenges in adjusting decision criteria

Fair machine guidance encouraged participants to change their
decision-making criteria toward achieving fair evaluations. In par-
ticular, their decision criteria changed such that they focused on a
wider range of information. Although some participants accepted
the Al system’s guidance and adjusted their decision-making crite-
ria, others did not agree with the fairness criteria presented. There
were many cases in which participants deliberated on fair decision-
making and amended their own decision-making criteria by com-
paring their decisions with those presented by the Al system. From
these results, we believe that the key to encouraging people to
adjust their decision-making criteria is not to convince them to
accept the Al guidance, but instead to allow them to go through
the process of deliberating the information presented by it.
However, fair machine guidance could not suppress response
coordination. Even when it is possible to correct decision-making
biases, overcorrection may occur [29, 68], which was also observed
in this study. This is because although fair machine guidance sug-
gested that the criteria should be revised to make a fair decision, the
participants were responsible for identifying the extent to which
they should be modified. Most of them prioritized the unprivi-
leged group (i.e., non-whites or females) to mitigate unfairness,
which would result in reverse discrimination against the privi-
leged group if performed excessively. For fair decision-making, pre-
cautions must be taken against excessive adjustments to prevent

reverse discrimination. In previous studies, the excessive modifi-
cation of decision-making bias, known as the rebound effect, was
confirmed in various domains [23, 40, 58, 62]. Various efforts, in-
cluding thought suppression [23] and replacement thinking [34, 62],
have been made to reduce these effects. The approach of thought
suppression avoids unwanted thoughts such as stereotypes. For
example, stereotyping can be suppressed by postponing or not
thinking about speaking when expressing discriminatory opinions.
Alternative thinking suppresses stereotypes by rethinking content
differently. For example, to suppress the stereotype “Black people
are aggressive”, alternative thinking is used to form opposing or
neutral opinions, such as “Black people are honest” [23]. Studies
showing reduced rebound effects have focused on whether alterna-
tive thinking is easy, and it is important to consider the contents
of alternative thoughts. We believe that incorporating these ap-
proaches to suppress rebound effects in this study will be useful.

6.4 Relation to algorithm aversion

Previous discussions on Al decision support have focused on ad-
dressing algorithm aversion, which is more pronounced when the
subject of the decision is subjective to the evaluator [17, 18, 77, 83].
This was also observed in this study and was elicited by fair ma-
chine guidance in numerous ways, the first of which involved the
differences in fairness criteria. The evaluators’ notions of fairness
criteria and those taught by the Al system contained divergences,
thereby creating aversion. This is similar to the phenomenon noted
in previous studies on aversion resulting from differences between
one’s own ideas and those of Al systems [9, 17, 77]. Prior studies
have summarized why evaluators are reluctant to be persuaded
to correct their biases; for example, one reason for reluctance is
that they dislike having their decisions questioned and do not want
their decision-making to be manipulated [45]. Brehm et al. found
that methods for mitigating bias, especially those based on exter-
nal feedback, can create a backlash because they are perceived as
indirectly denying the evaluators the freedom to decide [8]. Sim-
ilar situations were also identified in our study with open-ended
comments such as “I think Al is incapable of making fair decisions,”
and “I feel uneasy about being strongly armed by AL” The results
of our experiment suggest that in Al-based education, deliberation
on the information presented by Al is more important than trust
in AL Nonetheless, it is important that evaluators trust and use Al
Although this study specifically used Al as a tool for bias correc-
tion, methods and strategies aimed at persuading humans to use
AT should be considered when applying it to other subjects and
domains.

The second reason relates to the information presented. Previ-
ous Al-based decision-making support has adopted the approach
of gaining human trust by presenting the decision-making crite-
ria of the Al system [32, 55, 60, 65, 69, 82, 84]. Based on this idea,
we attempted to visualize the decision-making criteria of our Al
system to help participants understand them. However, this visu-
alization resulted in algorithm aversion among some participants,
with responses indicating that the participants attributed their dis-
trust to the fact that the information to which they had not paid
attention was emphasized. Additionally, the emphasis on sensitive
information, particularly gender and race, was disliked by many



participants. However, the clarification of the decision-making cri-
teria had a positive impact on some participants. For example, it
encouraged them to consider and heed new perspectives. Thus,
while visualizing the decision-making criteria induced algorithm
aversion in decision making, the benefits of this approach were also
indicated.

6.5 Application to other domains

The Al guidance to improve decision making explored in this study
for fair person assessment could also be beneficial in other domains,
such as those having societal consensus on the appropriate fairness
standard. For instance, as mentioned in Section 3.2, employment
and loan evaluations are legally established fairness standards in
some countries. Additionally, the medical field has clear goals and
guidelines for adolescent health, as outlined in [72].

In contrast, domains where Al guidance for decision-making
is not advisable include those with unclear fairness standard. For
instance, a participant expressed concerns about potential social
confusion due to a lack of consensus on what constitutes a correct
decision: “No one truly knows if it (the fair Al) is truly correct.
Despite this, many people may blindly believe in it, potentially
causing social confusion” (P45, [Income, fair machine guidance]).
Examples of such domains include prioritizing organ transplants
in medical settings or legal interpretations. In these domains, the
use of machine guidance with the assumption that it provides the
absolute correct answer is not recommended. Once consensus on
the fairness standard is established, fair machine guidance has the
potential to support fair decision-making in such domains. For
example, jury trials, which deliberately seek judicial decisions from
individuals without specialized training, may increasingly require
fair judgments in the future. Fair machine guidance could be a tool
for guiding individuals in such situations.

6.6 Expectations from and concerns regarding
fair machine guidance

Finally, based on the open-ended questions, we discussed the type
of Al required in current society. First, we summarized the need
for Al assistance (responses to Q13): Many participants felt that
they required assistance but did not want to entrust Al with the
entire decision-making process. We found that many participants
sought Al support when they were unsure or unaware of their
decisions. Furthermore, existing research shown that decision sup-
port requires Al to make rational decisions based on large amounts
of data [38, 49, 65, 80]. By contrast, those who felt that they did
not require Al assistance emphasized human touch and expressed
dissatisfaction with the accuracy of current Al technology as the
main reason. In particular, opinions that emphasize the role of hu-
man decision-making in fairness suggest that human nature and
initiatives will retain their value regardless of the development of
Al technology.

We then summarized the concerns regarding AI support for
practical use (responses to Q14). The participants raised numer-
ous concerns regarding the practical application of the Al system.
The first was the limitations of Al capabilities. Some participants
believed that regardless of how technology evolved, AI would not
be able to reproduce human sensibilities. Additionally, they did

not believe that even Al could be perfectly impartial and were con-
cerned that it would make incorrect decisions. The next concern
was over-reliance on Al as many participants were concerned that
it would reduce human decision-making ability. There were also
concerns that heavy reliance on Al may lead to the loss of human
ethics and sensibilities. Finally, we reviewed concerns regarding
the misuse of Al Many participants raised concerns regarding the
misuse of Al by malicious actors. In particular, the Al users were
concerned that it was difficult to identify signs of misuse and that
they might be unknowingly guided.

These comments indicate that people do not want Al to be a
complete decision-making replacement system but rather as a tool
to support their own decision-making. These findings support the
idea that, even with Al for decision-making support, final decision-
making should be the prerogative of humans [16, 64]. Addition-
ally, as popularity of Al increased, some participants have become
concerned about the deterioration of decision-making because of
over-reliance. This concern suggests that our approach to Al-based
education is necessary, as it is not only involves providing informa-
tion and advice but it aims to improve the decision-making ability
of an individual.

Concerns regarding the misuse of AT have also been noted. Boost-
ing, an intervention to enhance cognitive processes, is known to
be effective as an approach to counteract the manipulative influ-
ence of AL For example, boosting, which raises awareness of one’s
own personality, can increase the awareness of the misuse of micro-
targeting advertising [53]. Reflective writing is one form of boosting
and involves individuals writing out their judgments and reason-
ing [42]. This approach encourages consideration and self-reflection
and aligns with the insights gained from our results. Integrating
reflective writing into our system can help users critically assess
and appropriately utilize AI guidance instead of accepting it blindly.
Al system developers should also enhance the transparency and
interpretability of their systems to prevent inadvertent harm to
users.

7 LIMITATIONS AND FUTURE WORK
7.1 Choice of fairness metrics

We used demographic parity as the fairness metric because it is
commonly used in the dataset employed for the experiment and
is a fairness standard mandated by law in some countries. We be-
lieve that indicators for guiding humans, including fairness metrics,
should be provided externally based on societal consensus [15].
In addition to demographic parity adopted in this study, there are
different types and purposes of fairness metrics, such as equalized
odds [30] and individual fairness [20]. The findings and conclu-
sions of this study cannot be simply generalized to other fairness
metrics or contexts. For instance, it is known that equalized odds
is generally more difficult to understand than demographic parity.
This is mainly because concepts used in equalized odds, such as the
false negative rate and the false positive rate, are less familiar to the
citizens [75]. When there is a lack of understanding about such fair-
ness metrics, it will likely become more challenging for people to
reassess their views on fairness and modify their decision-making
criteria in the same manner as with demographic parity.



Although fairness metrics are socially and legally defined in ar-
eas such as employment and loan evaluations, there are cases in
which no societal consensus exists, and individuals hold different
beliefs regarding what constitutes fairness. Indeed, some partici-
pants felt that the fairness metric we set was differed from their
perceptions of fairness. We see potential in the Al guidance to re-
evaluate and form a consensus on fairness metrics in cases where
such an agreement does not exist. This potential is supported by
the results that show our system can encourage people to recon-
sider the fairness metric. Although our experiment utilized a single
fairness metric, involving participants in rethinking fairness using
multiple metrics and then aggregating their opinions or facilitating
discussions could contribute to the formation of a consensus. How-
ever, a lack of understanding of fairness metrics could hinder this
re-evaluation, indicating the need for approaches that enhance the
understanding of each fairness metric.

7.2 Collective decision-making

In this study, we focused on individual evaluations. However, in
real-world scenarios, evaluations are often performed collectively
and diversity is crucial for improving group decision-making [21,
43, 61]. The proposed method, which creates a teacher model based
on each user’s judgment, maintains diversity. However, during
consensus building through discussions, a wide range of diverse
judgments may be overlooked, resulting in decisions based solely
on a few individuals’ opinions. In our experiments, the extent of
improvement in fairness varied among the participants. When the
opinions of those with less impact on improving fairness are overly
represented, the collective decision-making can become biased. To
ensure fair group decision-making, combinations of methods that
aggregate opinions while considering diverse values, such as those
proposed in [4], should be employed.

8 CONCLUSION

In this study, we explored the impact of fair machine guidance on
human decision-making. In fair machine guidance, a fair model
trained through fairness-aware ML acts as a teacher to guide hu-
mans in fair decision-making. Although the experimental results
did not indicate a significant reduction in unfairness when using fair
machine guidance compared to the simple method, they revealed no-
table differences in the participants’ process of improving fairness.
Specifically, fair machine guidance prompted them to rethink their
fairness through motivation for bias correction. Moreover, it also
increased their awareness of their own biases and the importance of
diverse perspectives. We confirmed that this approach was effective
at encouraging participants to adjust their decision-making criteria.

Unlike in previous Al-based decision assistance, our results indi-
cated that the participants neither blindly accepted nor dismissed
the Al input; instead, they carefully evaluated the information
provided. These results suggest that meaningful reflection on AI-
provided information is more crucial for informed decision mak-
ing than simply relying on it. Based on our findings and those
of previous studies, we argue that presenting information about
the decision-making process, not just the final answers, enables
individuals to make more thoughtful decisions.
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A APPENDIX

A.1 Questionnaires

Table 2: Questionnaire after the pre-test

Q1. Do you think that the percentage of people who receive favorable judgments in rental checks and credit
checks by financial institutions (e.g., people who are allowed to move in or borrow money) should be the same
regardless of race? [5-point Likert scale]

Please elaborate on the reasons for your answer to Q1. [text]

Q2. Do you think your decisions were fair in the 10 questions you just answered? [5-point Likert scale]
Please elaborate on the reasons for your answer to Q2. [text]

Q3. In the 10 tasks you just completed, please tell us up to five attributes that you valued while predicting
annual income. [multiple choice]

Please tell us why you valued the attributes selected in Q3. [text]

Table 3: Questionnaire after the post-test; All participants in the fair machine guidance (FMG) condition answered all the
questions, while those in the bias feedback condition (BF) only responded to some of them.

BF | FMG | Questionnaire
v v | Q4. Do you think your decisions were fair in the last 10 questions you answered? [5-point Likert scale]
v V' | Please elaborate on the reasons for your answer to Q4. [text]
Q5. We presented the machine-generated advice to help you be fair in your judgment. Did you decide
v v . L
to follow the advice? [5-point Likert scale]
v v Please elaborate on the reasons for your answer to Q5. [text]
v Q6. We presented the judgment example of a “Fair AI” similar to the one shown below to help you be
fair in your judgment. Did you understand why “Fair AI” made such judgments? [5-point Likert scale]
v Please elaborate on the reasons for your answer to Q6. [text]
V' | Q7. Do you think that the “Fair AI” was fair? [5-point Likert scale with the “I don’t know” option]
v Please elaborate on the reasons for your answer to Q7. [text]
v Q8. Do you think that “your criteria”, which were presented in the guidance matched your actual
criteria? [5-point Likert scale]
v Please elaborate on the reasons for your answer to Q8. [text]
v v Q9. Did you have any doubts about the advice presented? Alternatively, were there any with which
you agreed? Please specify. [text]
Y v Q10. Did these tasks cause you to reconsider the fairness of your own decision and that required by
society? [5-point Likert scale]
Y v Please elaborate on the reasons for your answer to Q10. In particular, if you answered 4 or 5, then
please elaborate upon your thoughts about fairness. [text]
Y v Q11. In the 10 tasks you just completed, please tell us up to five attributes that you valued when
predicting annual income. [multiple choice]
v v | Please tell us why you valued the attributes selected in Q11.
v v/ | Q12. Did your judgment criteria change after receiving the advice? Please specify. [text]
v v Q13. Do you think Al is necessary to help you make fair judgments? If yes, please specify the situations
in which you would like to use it. [text]
v v Q14. Would you feel concerned if the Al that helps you make fair judgments becomes available for
practical use? If you do have concerns, please specify them. [text]
v v Please state your race? [Asian/White/Black or African American/Prefer not to say]
v V' | Please state your gender? [Female/Male/Non-binary/Prefer not to say]
v v | Please state your age? [-19/20-29/30-39/40-49/50-59/>60/Prefer not to say]
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