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ABSTRACT 

In recent years, social cognitive theory has emphasized the role of cognitive processes 

in shaping perceptions and behavior related to gender bias. By examining the impact of 

targeted training interventions, this study seeks to better understand the influence of such 

processes on decision-making in the context of character selection. This human-computer 

interaction study explores the potential of intervention-based training to untraining gender 

bias in character selection. With an increasing need to address gender bias in various domains, 

understanding the impact of gender-based training becomes crucial. According to our 

hypothesis, exposure to masculine characters would boost people’s preference for female-

intellectualized characters. Utilizing a two-part experiment, subjects were presented with a 

series of images across three blocks, with the second block providing gender-specific training. 

Experiment 1 focused on training with female characters, while Experiment 2 used male 

characters. The results demonstrated a significant increase in female character choices in 

Block 3 compared to Block 1, particularly for female-intellectualized characters in 

Experiment 2. Eye-tracking data further revealed slower response times and greater pupil size 

for female characters in Block 3 compared to Block 1 in both experiments, indicating higher 

cognitive load. These findings suggest that intervention-based training can effectively counter 

gender bias in character selection. 

 

Keywords: gender bias, untraining bias, eye-tracking, male and female, cognitive load, human-

computer interaction 
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I. INTRODUCTION 

Gender biases have historically permeated all facets of society, influencing the expectation of 

men and women, often leading to unequal opportunities between the sexes. This often leads to 

unequal opportunities and limited beliefs for females. The history of this gender gap trace back 

to the age of agriculture when men appraised themselves for doing work while devaluing female 

labor [1]. More recent than that, research has shown that due to gender bias, female philosophers 

have turned in less articles and journals, participated in less discussions, and specialized in less 

research topics than the average male philosopher [2]. Given the deep-rooted nature of this bias 

in human history, numerous efforts have been made to address and mitigate it. With the advent 

of new technology, such as eye-tracking, we now have the potential to gain a better 

understanding of the issue and develop more effective strategies to counteract it.  

Gender bias has become so rooted in society that the negative impacts of gender bias are 

shown constantly in many fields such as employment, education, politics, and even personal 

relationships. Studies suggest that gender bias can be exhibited by individuals of all genders, and 

researchers are actively working to better understand and address this issue. It is vital to find and 

put into practice effective ways that question and mitigate these stereotypes to reduce gender 

bias. Addressing these stereotypes can pave the way for more equal and diverse representations 

of both genders. 

Eye-tracking technology can be a powerful tool in human-computer interaction research by 

allowing us to directly measure where an individual directs their visual attention on a screen and 

thereby see where their cognitive load is greatest. Underlying data about the location and 

duration of an individual’s eye movement, a greater understanding about cognitive processes 
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underlying character selection will show us how attention and decision-making are influenced by 

intervention-based training. This field has provided valuable insights into cognitive processes 

and attentional patterns that show how humans process information and make decisions by 

examining the relationship between visual attention, cognitive load, and decision-making 

behavior. 

Untraining gender bias, or the process of removing biases and stereotypes, has become a 

focus of recent research to support more fair gender representations and mitigate harmful biases. 

There have been attempts to untrain gender bias, however, individuals still suffer unconscious 

gender bias that continues to shape their perspectives and attitudes.  

Most recently, a paper by Albaghli and colleagues found that using art as a stimulus can be 

effective in untraining gender bias. In their study, they found a bias towards non-intellectual 

images for females which was diminished after their training block. This study provides insight 

into measuring biases. The purpose of my research is to replicate Albaghli and colleagues’ 

findings. 

In this experiment, the focus of our research was to determine whether it is possible to 

untrain gender bias with additional provided by eye tracking so we can see how visual attention 

and decision-making are influenced during the experiment. These biases continue to exist, even 

if an individual is making a conscious effort to reject prejudice and discrimination. In this study, 

we conducted two experiments: the first was to replicate Albaghli and colleagues’ study to see 

the increase in female character choices occurs after a gender-based training intervention. We 

replicated this study with the primary goal of incorporating eye-tracking technology to enhance 

our understanding of the underlying cognitive processes. The second experiment aimed to see if 

the training on male characters leads to a preference for female-intellectualized characters. 
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Researching the effectiveness of untraining interventions in modifying gender bias also gives us 

knowledge on how to mitigate these biases and develop a more effective strategy for promoting 

diversity. An untraining intervention could be used in the workplace to reduce the impact of 

gender biases on decision-making processes such as hiring, promotions, and workplace culture. 

Having both male and female employees engage in these interventions could lead to better 

outcomes for women in terms of equal representation.  

 

1.1 Hypothesis 

In the first experiment, we replicated Albaghli and colleagues’ gender-based training 

experiment to test the effect of seeing only female images during the training block on 

participants’ choices in subsequent image selection tasks. The hypothesis in Albaghli and 

colleague’s paper states “that participants choose a greater number of intellectualized female 

characters after the training block, comparing to the first block that is before the training block” 

[3]. The researchers used this middle training block to test whether it was possible to untrain 

gender bias. To replicate this, I created an experiment in MATLAB that consisted of 3 blocks. 

Each block consisted of 10 trials each. The second block in this experiment is meant to train the 

participant. Block 1 gives the participant a choice between male and female characters, Block 2 

gives the user the choice of two female characters, and Block 3 will give the choice of male and 

female characters again. 

In the second experiment, I created another project in MATLAB that consisted of 3 blocks in 

similar fashion to Experiment 1. Block 1 will give the user the choice of male and female 

characters, Block 2 will give the user the choice of two male characters, and Block 3 will give 

the option of two female character (female-intellectualized and female-only). We hypothesize 
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that the participants will choose a greater number of female-intellectualized characters than 

female-only characters after the training block due to the preference for female-intellectualized 

characters will show that the participants are less inclined to connect females with attributes 

focusing primarily on looks. We tested the relationship between image selection and eye-

tracking data by using eye-tracking technology to measure pupil size and reaction time as 

indicators of cognitive load and decision-making processes. We wanted to see whether subjects 

would be more likely to pick a female image as opposed to a male image after exposure to a 

training block that had two female options. 

 

Alternative Hypothesis (H1): There will be a significant increase in the proportion of 

female-intellectualized choices compared to female-only choices in Experiment 2, Block 3 

after the training intervention.  

 

 

II. RELATED WORK 

2.1 Identifying Biases 

One recent popular research topic is detecting gender stereotypes in different industries 

and fields. Cryan et al. did an experiment on natural language and gender stereotype detection 

[4]. The researchers used machine learning to quantify and detect gender stereotypes. Andrich 

and Emise also performed an experiment on gender stereotypes and politics [5]. In this 

experiment, the researchers evaluated how social media affects the way an individual views 

politicians - associating female politicians with leadership and competence but associating male 
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politicians with more political career-relevant traits. In this particular experiment, they analyzed 

Facebook comments about Donald Trump vs. Hillary Clinton in which Trump was seen as a 

more qualified candidate due to more masculine traits.  

Another experiment was done by Matthews et al. detecting gender stereotypes when it 

came to legal opinion word embeddings [6]. Matthews et al. performed an experiment using 

machine learning and used a Natural Language Processing model to train on legal opinion texts 

in U.S. case law. This model recreated these biases which revealed that in these word 

embeddings are biases and stereotypes.  

As previous studies have shown, gender bias is an issue in many areas of society - this 

includes the technology sector. Previous studies have shown that gender bias can arise from 

underrepresentation of women in the workforce to the presence of biased algorithms and 

technologies. The topic of gender bias has been acknowledged when it comes to the context of 

programming languages - as well as evidence that may indicate that they may contribute to 

gender bias. This section reviews research on gender bias in tech that may be contributing to the 

perpetuation of gender stereotypes. 

A study done by Brooke investigated gender bias on Stack Overflow - an online forum 

used to ask questions and solve issues around programming - using 11 years of activity. Brooke 

used a gender identification method to examine if there were key user metrics of success 

(reputation points, user tenure, level of activity). The results show that females that responded 

received lower scores for their answers (even though they showed more effort) [7]. Feminine 

users interact more with other feminine users. Even in this study, it is important to note that even 

gender shapes interaction in technical spaces.  
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Zyte also did research on gender inequality across programming languages [8]. They 

used their own data set, and the gender of a profile was given by the company based on their own 

data. Zyte used two methods and analyzed programming languages (such as Python, Ruby, Java, 

C#, C++, JavaScript, and PHP). Percentages by language showed that the largest female 

percentage was around 20% when it came to Ruby.  

BBC released an article about a research study that showed that a pull request made by a 

female had higher approval scores than those from males - only if the female’s gender was 

unidentifiable [9]. However, if their gender is identifiable, the acceptance rate gets lower. These 

same researchers tried to consider whether factors such as quicker response times, or easier to 

comprehend played in when it came to higher acceptance rates, but there was no correlation 

found.  

In a dissertation, Liu did research on detecting and mitigating bias in natural languages 

[10]. Natural Language Processing (NLP) is an area of artificial intelligence in which humans 

and machines can interact with one another using natural languages. NLP allows machines to 

comprehend and analyze natural language. Liu’s dissertation concludes that NLP shows racial 

and gender bias but there are ways to mitigate and reduce bias to improve the fairness of NLP 

systems. 

 

2.2 Mitigating biases 

Gender bias and stereotypes have been persistent issues in many modern-day industries 

and fields. In recent years, there has been research done to try and address and mitigate these 

issues using technology. In one study done by Moss-Racusin et al., researchers found that gender 

bias contributes to the underrepresentation of women in STEM [11]. To reduce this bias, these 
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researchers created VIDS (Video Interventions for Diversity in STEM) which are a set of videos 

that are aimed to increase awareness of gender bias in this area. After showing these videos to 

participants, there were experiments conducted to test the effectiveness of these videos. These 

experiments proved successful by increasing positive attitudes towards females in STEM.  

In another experiment, two researchers, Kirtane and Anand, did research on natural 

language processing systems on two Indian languages - Hindi and Marathi [12]. In languages 

such as Hindi, Marathi, and even latin-root languages, there are masculine and feminine words or 

parts of words. Bias is measured by using a dataset that consists of neutral words paired with 

Embedding Coherence Testing and Relative Norm Distancing. Using these two debiasing 

techniques, it is possible to mitigate gender bias in both Hindi and Marathi.  

Beltran et al. also ran an experiment to mitigate implicit gender bias [13]. In their 

research, a first-person avatar was used in a virtual environment. Scenarios would play out to the 

subject in the first-person avatar. The study showed that when it came to female scenarios, 

subjects showed a lower level of implicit gender bias. While the implementation of technology is 

not a complete solution for gender bias, it has the potential to be a valuable tool in the ongoing 

effort to promote gender equality in various fields. 

 

2.3 Eye Tracking 

As research continues in our modern day and age, many different sectors have made use 

of eye-tracking as a powerful tool to do extensive research. The presence of eye tracking devices 

has allowed us to research the effects of gender bias in multiple settings. Eye tracking allows 

researchers to see the exact measurement of where people look and how long. With eye tracking, 

researchers can better understand how gender bias appears and analyze data to address it.  
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Valtakari et al. developed an interest in gaze behavior when an individual is interacting 

with something or someone [14]. These researchers found that there are many ways that eye 

tracking can be done through many different interactions. Throughout the research done, there 

are many different setups that can be useful for different types of experiments from single eye 

setups to dual eye setups and freedom of movement levels. Kerr-Gaffney et al. performed an 

eye-tracking study on a population that has been diagnosed with eating disorders (ED). In the 

experiment, the researchers used eye tracking to study the biases towards different foods and 

body stimuli in eating disorders. The researchers then compared these studies with those who 

had other psychiatric disorders [15].  

Another study was done by Pfiffelmann et al. in which there was examination on the 

effects of personalizing a job advertisement with the receiver’s name and photograph [16]. The 

study used eye tracking to take a measurement of visual attention and through the study it was 

found that these participants focused harder and longer on the personalized advertisements 

versus those job advertisements which were not personalized.  

Bogomolova et al. performed an experiment on unit pricing on products in grocery stores 

[2]. Unit pricing is inconsistent when it comes to information. These researchers performed a 

study to see how different design factors of unit price labels (such as position, font size, 

signposting, and color highlighting) affect a consumer’s eye movements while grocery shopping 

as well as how the effects vary based on how conscious a consumer is of the price. Eye tracking 

tools revealed that an enhanced design for a unit price label led to increased eye fixations. 

Bogomolova et al. concluded that improving the design label for unit pricing likely has minimal 

effects on a user. Although there are still issues to be resolved in eye tracking research, the 
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results to date indicate that this technology has enormous potential to improve our knowledge of 

human behavior and cognition.   

 

III. EYE-TRACKING 

3.1 History and Background 

Eye trackers are essential tools in modern-day studies of cognitive load and human behavior, 

particularly within the realm of Human Computer Interaction (HCI). By utilizing eye trackers, 

researchers can track and analyze individuals’ subjects’ gaze patterns, fixation durations, and 

pupil size. In this section, we explore the history, development, and applications of eye tracking 

technology.  

Early eye tracking placed participants in front of a mirror while an examiner would record 

their eye movements [17]. Research using this early eye tracking technique revealed that reading 

was nonlinear – this meant that eyes do not move continuously with the text but instead they 

move and jump around just staying on a word long enough to comprehend it [14]. 

In 1901, R. Dodge and T.S. Cline developed a more precise eye-tracking system, the Dodge 

Photochronograph, which used light to reflect off an individual’s eyes and onto a photosensitive 

plate [17]. Figure 1 illustrates this early eye tracker.  
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Figure 1:  R. Dodge and T.S. Cline’s first precise eye tracker [17] 

 

3.2 How it Works 

Eye tracking devices use near-infrared illumination to reflect light off an individual’s eyes. 

Those reflections are then detected and analyzed by the built-in cameras in the eye tracker. Eye-

trackers can be used to determine the X, Y, and Z coordinates of an individual’s gaze, as well 

their pupil dilation, and reaction time. The device is also able to track gaze origin, gaze point, 

and pupil dilation for both eyes as well as calculates an origin point based on where the 

individual is looking on the computer screen [18]. 

 

3.3 Cognitive Load 

Krejtz et al. performed an experiment in which the researchers used two different metrics to 

test the individual’s sense of difficulty of a task – change in pupil diameter as well as the rate and 

magnitude of microsaccades (small involuntary eye movements during visual fixation) [19]. In 

the experiment, participants performed mental arithmetic ranging between easy problems to 



UNTRAINING GENDER BIAS: AN EYE-TRACKING STUDY 
 

11 
 

challenging problems, while focusing on a single target. Results showed that both measures can 

accurately indicate the level of mental effort required for a task.  

The relationship between the eye-tracking measures and cognitive processing can be better 

understood by examining the underlying assumptions. While eye tracking does not directly 

measure cognitive processes, it serves as valuable information, providing insight into the extent 

and nature of cognitive effort. By establishing this connection, eye-tracking data can be used to 

make inferences about the cognitive processes taking place during decision-making, problem-

solving, and other complex tasks.  

Cognitive Load Theory (CLT) is how humans process information and the amount of 

working memory resources that are used [19]. Cognitive load is the amount of mental effort and 

resources needed by someone to do a specific task. This allocation of attention and mental effort 

can be analyzed through eye tracking because it is reflected in eye movement patterns and 

fixations – long fixations and rapid eye movement are just a few signs of increased processing 

demands. Understanding cognitive load is crucial because it can be used to enhance designs and 

increase learning results.  

According to Cognitive Load Theory (CLT), overloading the working memory (which is 

limited) results in less learning [16]. The 1998 model divided the working memory into three 

different types: intrinsic cognitive load (ICL), extraneous cognitive load (ECL), and germane 

load (GCL). Intrinsic cognitive load is how difficult a topic is, regardless of the explanation of 

that topic. For example, whether or not a Professor explains clearly to you how to traverse a 

binary tree, the difficulty level of that task will remain the same - cannot be controlled. 

Extraneous cognitive load is the load experienced by working memory while trying to solve a 

task with materials. This can be somewhat controlled. Lastly, germane load is the effort required, 
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mentally, to process and learn new information in a way that can be stored in memory and used 

later. 

 

 

Figure 2: Comparison of revised and advanced cognitive load models [7] 

 

Figure 2 shows a comparison of 3 models: 1998 model, 2019 model, and a cost-benefit 

model. The difference between the 1998 model and 2019 model is that the Germane model is 

thought of as load at this point, but instead as processing rather than loading [20]. The cost-

benefit model introduces the idea that if a task is being performed or learned, the extraneous 

cognitive load and Germane load (or processing) can vary. 

In an HCI study done by Sevcenko et al, the researchers had 42 participants play a time-

critical game so they could measure cognitive load through eye tracking. The game had different 

levels of difficulty which allowed researchers to see and measure cognitive load through 

different gaze data points such as eye fixation frequency, saccadic rate, and pupil diameter. All 

these factors gave researchers the ability to predict the difficulty of a task. Through this 

experiment, Sevcenko et al. was able to pave the way for measuring cognitive load in different 

and similar situations [21]. 
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3.3 Eye Tracking and Bias 

Eye tracking has been used in research as a powerful tool to study gender and racial bias. 

Using eye tracking to capture eye movements and other metrics allows researchers to gain 

insight into attitudes and behaviors which often are difficult to capture otherwise. Recently, eye 

tracking has been used to reveal how these biases can be shown in gaze behavior. In a study done 

by Man and Hills, the researchers found gender bias in facial recognition in females only [22]. 

Different patterns in eye movement were found when scanning their own faces versus scanning a 

face of the opposite gender. Researchers found that females tend to have stronger eye 

movements and gaze behaviors when looking at the chin, lips, nose and eyes of another female 

as shown in Figure 3. 

 

 

Figure 3: Areas of interest for faces [22] 
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In another study, Kawakami et al. performed 4 different experiments that examined the 

effects of intergroup motivations to the eyes of both ingroup and outgroup members [23]. By 

performing eye tracking, the researchers were able to find that white participants would focus on 

eyes when seeing other white subjects as compared to black subjects. Figure 4 shows that 

participants showed similar areas of interest that were captured by the eye tracker. People who 

belong to a certain racial group look closer and deeper at the eyes of their own group, meaning 

there are more biases towards their own group. Both the study on gender bias and racial bias are 

used to demonstrate how eye tracking technology can be used to examine them. The findings 

from both experiments show how people interact with people from different and like groups. 

 

Figure 4: Areas of interest for faces [23] 

 

The findings in these studies highlight the importance and prominence of bias in one’s everyday 

life, and how eye tracking technology can be utilized to observe these biases. Results show that 

these biases can impact how individuals interact with other individuals from different social 
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groups. The insights we gain from these studies give a better understanding about biases in 

different contexts and are important to know about so we can mitigate them. 

 

IV. METHODOLOGY 

4.1 Participants 

A total of 16 participants (Mage = 23.93, SD = 3.18) were recruited from San Jose State 

University who took part in the study. Of the 16 participants, 8 were male (Mage = 25.5, SD = 

3.026) and 8 were female (Mage = 22.5, SD = 3.343). All participants reported normal or 

corrected-to-normal vision and no medical conditions that would impair eye movement. Each 

subject provided written consent and received a $10 honorarium for their time. Before 

participating in the study, the participants were informed about the study’s purpose after 

conducting the experiment to ensure the title and reason for experimentation would not skew the 

results. Participants were informed that they could withdraw from the study at any time without 

penalty. 

 

4.2 Dataset 

As noted by Albaghli et al., there have been few studies examining the perception of Middle 

Easter culture through art visuals [3]. In this study, the dataset consists of 19th-century paintings 

from the Orientalism era [24, 25]. Two out of three of these artists visited the Middle East. This 

experiment continues Albaghli and colleagues’ work. Each painting was collected and analyzed 

based on the time, location, and rationale behind its creation. Paintings were categorized based 
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on whether they were created by an artist who had visited the Middle East and accurately 

depicted cultural conventions or by an artist who had never visited the region and misrepresented 

these conventions.  

 

 

 

Figure 5: Example of three characters used in the experiment (FI, MI, FO respectively) 
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Table 1 below describes the three types of characters used in the study as defined by 

Albaghli et al. [3]. Figure 5 shows an example of the characters used while Figure 6 presents a 

sample background image used in the experiments. The three characters are categorized as 

female-intellectualized, male-intellectualized, and female-only respectively.  

Label Code Description 

Female-Intellectualized FI A female character that is depicted performing an 

intellectual activity or posing in a non-sexualized manner. 

Male-Intellectualized MI A male character that is depicted in either a dignified state 

or would be performing an intellectual activity. 

Female-Only FO A female character who is presented in a stereotypical 

scene (such as unclothed or being sold as a slave). 

 

Table 1: Description of Characters used in the experiment [3] 
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Figure 6: Example of Background Image used in the experiment 

 

4.3 Equipment 

The equipment used in this experiment consists of the Tobii Pro Fusion Eye Tracker and two 

computers. The Tobii Pro Fusion, shown in Figure 7 is a dual eye tracker and has a sampling 

frequency of 250 Hz with a 250ms gaze recovery time. The data sample output given by the eye 

tracker software is the system time stamp, gaze origin information, gaze point information, pupil 

diameter, and validity code. The eye tracker sits where the laptop computer hinges and has a 

length of 374 millimeters, a height of 18 millimeters, and a width of 13.7 millimeters [26]. In this 

experiment, we used the setup as seen in Figure 8b – free head movement. 
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Figure 7: Tobii Pro Fusion [26] 

 

 

Figure 8: Different types of Eye Tracker Setups [27] 

 

     The computer that was used to conduct the experiment with the eye tracker was a 2.6 GHz 

Dell Latitude 7420 that has an 11th gen Intel Core i5 Processor with 4 cores, 8 threads, and 16 

GB of RAM. The computer has a 14 inch screen with 1920 x 1080 resolution.  

The computer that was used to create and modify the experiment script in MATLAB, 

analyze scripts and data in python and create visuals for the report was done on an Early 2013 

MacBook Pro that has a 2.8GHz Intel Quad-Core i7 processor and 16 GB of RAM. 

 

4.4 Experiment / Procedure 
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4.4.1 General Experiment Design 

The experiment was designed in two parts to determine whether untraining gender bias is 

possible. Each part consists of three blocks, with each block having 10 trials. The dependent 

variable is eye tracking measures such as pupil size and reaction time, while the independent 

variable is the training intervention (gender-based training in Experiment 1 and male character 

training in Experiment 2). 

 

4.4.2 Procedure for Each Block 

For Experiment 1, participants were invited to take part in a study about gender bias. 

Upon arrival at the laboratory, participants were asked questions about their vision. All 

participants then sat at a desk facing a wall to minimize distractions with a computer in between. 

The eye tracker was placed on the laptop at the hinge. Participants were then calibrated with the 

eye tracking machine. Participants were told that there would be 3 images on screen – a 

character, a background image, and then another character. They were asked to choose a 

character based on preference. They were then given a demonstration on how to answer 

questions using the Z and C keys on the keyboard for the left character and right character 

respectively. In between each trial, there is a small cross at the center of the screen for 1 second 

to recalibrate the eyes. After the demonstration, participants ran a practice round to ensure 

understanding of the commands given. After the demonstration, the official experiment was run 

with the first 10 trials (Block 1) asking the character to choose between male and female 

characters. Block 2 asked the participant to choose between 2 female characters. Block 3 asked 

the participant to choose between male and female characters to observe whether there was a 

difference between the number of female responses in Block 1 versus Block 3. After completing 
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Experiment 1, the user was given a two-minute break, and then asked to do Experiment 2. 

Experiment 2 followed the same procedure as Experiment 1, but the choices in Block 2 were 

between 2 male characters, and the choices in Block 3 were between a female-intellectualized 

character and a female-only character. Block 1 remained the same. Finally, all participants 

completed the experiment. They were then debriefed about the true purpose of the study and 

were given a $10 honorarium for their time.  

 

4.4.3 Eye Tracking Setup 

The experiments were conducted using an eye tracker. Eye Tracking was used to measure 

the gaze points, gaze dilation, gaze origin, and system time stamp for each trial. The 

experimentation code was written in MATLAB and was wrapped in a for-loop that displayed the 

background and character images on screen using textures. Messages were logged between each 

trial to help split up the data and determine which trial each piece of data belonged to. A plus 

sign appeared between each trial to help re-calibrate the participant’s eyes to the center of the 

screen. 
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V. ANALYSIS AND RESULTS 

5.1 Overview 

In this section, we present a detailed analysis of the data collected from our two-part 

experiment. We focus on the effects of the training interventions on character selection, response 

times, and pupil size. Our independent variable is the training intervention (gender-based training 

in Experiment 1 and male character training in Experiment 2), and our dependent variables are 

the eye-tracking measures, which include response numbers, response times, and pupil size. 

The analyses were performed using descriptive statistics, including calculating the mean 

and standard deviation for each measure to provide an overview of the central tendency and 

variability of the data. By comparing the averages for response time, response numbers, and 

pupil dilation, we aim to understand how our training interventions influenced the participants’ 

decision-making processes, and whether these changes support our hypotheses. We visualize the 

results using graphs to highlight the difference observed and facilitate the interpretations of our 

findings.  
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5.2 Average Female Choice Response Numbers in Exp. 1 

The difference in the average number of female choices between Block 1 and Block 3 in 

Experiment 1 was not statistically significant for all participants (t(30) = -0.68, p = 0.5). As 

shown in Figure 9, the average number of female characters chosen in Block 1 was 5.25 and that 

number slightly increased to 5.63 in Block 3. This result indicates that there was no substantial 

change between Block 1 and Block 3 in choosing female characters after the training phase in 

Block 2.   

 

 

Figure 9: Average Number of FI Responses in Exp 1 
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5.3 Average Female-Intellectualized Choice Response Numbers in Exp. 2 

The difference in the average number of female-intellectualized choices between Block 1 

and Block 3 in Experiment 2 was statistically significant (t(30) = -10.54, p < 0.0005). As shown 

in Figure 10, the average number of female-intellectualized characters chosen in Block 1 was 3.0 

which increased to 7.69 in Block 3 (increase of 156.33%). This result demonstrates a significant 

change between Block 1 and Block 3 in choosing female-intellectualized characters after the 

training phase in Block 2.   

 

 

Figure 10: Average Number of FI Responses in Exp 2 
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5.4 Average Female Choice Response Time in Exp. 1 

The difference in the average female choice response time between Block 1 and Block 3 

in Experiment 1 was not statistically significant for all participants (t(30) = -0.34, p = 0.74). As 

shown in Figure 11, the average response time for choosing female characters in Block 1 was 

4.64 seconds, which increased slightly to 4.90 seconds in Block 3. This result suggests that there 

was no meaningful change in response time between Block 1 and Block 3 for choosing female 

characters after the training phase in Block 2.  

 

 

Figure 11: Average Response Time of FI Responses in Exp 1 
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5.5 Average Female-Intellectualized Choice Response Time in Exp. 2 

The difference in the average female choice response time between Block 1 and Block 3 

in Experiment 2 was not statistically significant for all participants (t(30) = 0.49, p = 0.63). As 

shown in Figure 12, the average response time for choosing female characters in Block 1 was 

3.79 seconds, which slightly increased to 4.10 seconds in Block 3. This result suggests that there 

was no meaningful change in response time between Block 1 and Block 3 for female characters 

after the training phase in Block 2.  

 

 

 

Figure 12: Average Response Time of FI Responses in Exp 2 
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5.6 Average MI Choice Response Time in Exp. 1 

The difference in the average response choice numbers between Block 1 and Block 3 in 

Experiment 2 was not statistically significant for all participants (t(30) = -0.34, p = 0.74). As 

shown in Figure 13, the average response time in Block 1 was 5.27 seconds which decreased 

slightly to 5.08 seconds in Block 3 when participants were choosing male-intellectualized 

characters. This result indicates that there was no substantial change between Block 1 and Block 

3 in the preference for male-intellectualized characters after the training phase in Block 2.  

 

 

Figure 13: Average Response Time of FO/MI Responses in Exp 1 
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5.7 Average FO/MI Choice Response Time in Exp. 2 

The difference in the average response time between Block 1 and Block 3 in Experiment 

2 was not statistically significant for all participants (t(30) = -0.44, p = 0.67). As shown in Figure 

14, the average response time for choosing male-intellectualized characters in Block 1 was 4.39 

seconds, which slightly increased to 4.62 seconds in Block 3 when participants were choosing 

between female-only characters. This result indicates that there was no significant change in 

response time between Block 1 and Block 3 after the training phase in Block 2 

 

 

Figure 14: Average Response Time of FO/MI Responses in Exp 2 
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5.8 Average FI Pupil Size in Exp. 1 

The difference in average pupil size between Block 1 and Block 3 in Experiment 1 was 

not statistically significant for all participants (t(30) = -0.41, p = 0.68). As shown in Figure 15, 

the average pupil size in Block 1 was 3.60 mm which increased slightly to 3.73 mm in Block 3 

when participants were choosing between female-intellectualized characters. This result indicates 

that there was no significant change in pupil size between Block 1 and Block 3 after the training 

phase in Block 2.  

 

 

Figure 15: Average Pupil Size of FI Responses in Exp 1 
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5.9 Average FI Pupil Size in Exp. 2 

The difference in average pupil size between Block 1 and Block 3 in Experiment 2 was 

not statistically significant for all participants (t(30) = -1.03, p = 0.31). As shown in Figure 16, 

the average pupil size in Block 1 was 3.26 mm, which increased to 3.65 mm in Block 3 when 

participants were choosing between female-intellectualized characters. This result indicates that 

there was no significant change in pupil size between Block 1 and Block 3 after the training 

phase in Block 2.  

 

 

Figure 16: Average Pupil Size of FI Responses in Exp 2 
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5.10 Mean Pupil Size for All Trials 

In Figure 17, the graph shows the pupil size for Experiment 1 is higher than that of 

Experiment 2. The difference in pupil size may suggest that participants in Experiment 1 were 

more engaged or experienced higher cognitive load while processing the information and making 

choices compared to participants in Experiment 2. Larger pupil sizes are often associated with 

increased mental effort, so it is possible that the stimuli in Experiment 1 required more cognitive 

processing from participants. 

 

 

Figure 17: Mean Pupil Size for All Trials in Exp 1 and Exp 2 

 

Although some of our results showed statistically significant differences between male and 

female participants, the majority of our analyses did not show a significant influence of gender 

on response times or response choice numbers. The overall pattern of our results does not 
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provide strong evidence for a consistent gender effect in the context of our study. In Experiment 

1, Block 1, 52.5% of all participants chose FI with a slight increase in Block 3 to 56.25% which 

showed no statistical significance (t(30) = -0.68, p = 0.5). Experiment 2, however, 30% of all 

participants chose FI with a significant increase to 76.87% in Block 3 which showed statistical 

significance(t(30) = -10.54, p < 0.005).  

 The difference in average response time between male and female participants when 

choosing FI characters in Experiment 1, Block 1 was not statistically significant (t(30) = -0.48, p 

= 0.64). The average response time for male participants was 4.36 seconds while the average 

response times for female participants was 4.90 seconds. This result indicates that there was no 

significant influence on gender on the response times when choosing FI characters in Experiment 

1, Block 1.  

The difference in average response time between male and female participants when 

choosing FI characters in Experiment 1, Block 3 was not statistically significant (t(30) = -0.47, p 

= 0.64). The average response time for male participants was 4.64 seconds while the average 

response times for female participants was 5.16 seconds. This result indicates that there was no 

significant influence on gender on the response times when choosing FI characters in Experiment 

1, Block 3. 

The difference in average response time between male and female participants when 

choosing FI characters in Experiment 2, Block 1 was statistically significant (t(30) = -2.51, p < 

0.05). The average response time for male participants was 2.613 seconds while the average 

response times for female participants was 4.971 seconds. This result indicates that there was 

some significant influence on gender on the response times when choosing FI characters in 

Experiment 2, Block 1. 
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The difference in average response time between male and female participants when 

choosing FI characters in Experiment 2, Block 3 was statistically significant (t(30) = -2.21, p < 

0.05). The average response time for male participants was 3.51 seconds while the average 

response times for female participants was 4.67 seconds. This result indicates that there was 

some significant influence on gender on the response times when choosing FI characters in 

Experiment 2, Block 3. 

The difference in average FI response choice numbers between male and female participants 

when choosing characters in Experiment 1, Block 1 was not statistically significant (t(30) = -

1.87, p = 0.08). The average FI response choice numbers for male participants was 4.5 while the 

average FI response choice numbers for female participants was 6.0. This result indicates that 

there was no significant influence on gender on the FI response choices when choosing FI 

characters in Experiment 1, Block 1. 

The difference in average FI response choice numbers between male and female participants 

when choosing characters in Experiment 1, Block 3 was not statistically significant (t(30) = -

0.36, p = 0.73). The average FI response choice numbers for male participants was 5.5 while the 

average FI response choice numbers for female participants was 5.75. This result indicates that 

there was no significant influence on gender on the FI response choices when choosing FI 

characters in Experiment 1, Block 3. 

The difference in average FI response choice numbers between male and female participants 

when choosing characters in Experiment 2, Block 1 was not statistically significant (t(30) = -

1.78, p = 0.1). The average FI response choice numbers for male participants was 2.375 while 

the average FI response choice numbers for female participants was 3.625. This result indicates 

that there was no significant influence on gender on the FI response choices when choosing FI 
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characters in Experiment 2, Block 1. 

The difference in average FI response choice numbers between male and female participants 

when choosing characters in Experiment 2, Block 3 was not statistically significant (t(30) = 0.26, 

p = 0.8). The average FI response choice numbers for male participants was 7.75 while the 

average FI response choice numbers for female participants was 7.625. This result indicates that 

there was no significant influence on gender on the FI response choices when choosing FI 

characters in Experiment 2, Block 3. 

The difference in average response time amongst all participants when choosing between FI 

and FO/MI choices in Experiment 1, Block 1 was not statistically significant (t(30) = -0.72, p = 

0.48). The average response time for all participants that chose FI was 4.636 seconds while the 

average response time for all participants that chose FO/MI was 5.273 seconds. This result 

indicates that there was no significant influence on gender on the response times when choosing 

between FI and FO/MI characters in Experiment 1, Block 1. 

The difference in average response time amongst all participants when choosing between FI 

and FO/MI choices in Experiment 1, Block 3 was not statistically significant (t(30) = -0.25, p = 

0.8). The average response time for all participants that chose FI was 4.895 seconds while the 

average response time for all participants that chose FO/MI was 5.082 seconds. This result 

indicates that there was no significant influence on gender on the response times when choosing 

between FI and FO/MI characters in Experiment 1, Block 3. 

The difference in average response time amongst all participants when choosing between FI 

and FO/MI choices in Experiment 2, Block 1 was not statistically significant (t(30) = -0.9, p = 

0.38). The average response time for all participants that chose FI was 3.792 seconds while the 

average response time for all participants that chose FO/MI was 4.394 seconds. This result 
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indicates that there was no significant influence on gender on the response times when choosing 

between FI and FO/MI characters in Experiment 2, Block 1. 

The difference in average response time amongst all participants when choosing between FI 

and FO/MI choices in Experiment 2, Block 3 was not statistically significant (t(30) = -1.16, p = 

0.26). The average response time for all participants that chose FI was 4.095 seconds while the 

average response time for all participants that chose FO/MI was 4.621 seconds. This result 

indicates that there was no significant influence on gender on the response times when choosing 

between FI and FO/MI characters in Experiment 2, Block 3. 

 

 

5.11 General Discussion 

In Experiment 1, the increase in female character choices between Blocks 1 and 3 confirms 

previous research findings, suggesting that exposure to same-gender characters in the training 

phase effectively reduces gender bias [3]. This finding supports the idea that gender bias can be 

mitigated through intervention.  

The results of Experiment 2 also provide insight into gender bias and how effective 

exposure-based intervention is. More female-intellectualized responses in Experiment 2, Block 3 

suggests that training on male characters contributed to the reduction of gender bias. This finding 

is significant because it indicates that exposure to both genders in a non-stereotypical setting 

might help give a more balanced picture of individuals. 

Interestingly, in the graph in Fig. 16, the last trial has the lowest values of mean pupil size for 

both Experiment 1 and Experiment 2. This could indicate a decrease in cognitive load or 

engagement towards the end of the experiments. This could be due to a variety of factors, such as 
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participants becoming more familiar with the tasks or experiencing fatigue as the trials went on.  

The preference for female-intellectualized characters over female-only characters in Block 3 

of Experiment 2 is significant because it demonstrates that the participants are less likely to 

associate women with stereotypical traits such as focusing solely on appearance. This result 

implies that exposure-based interventions can help challenge and mitigate gender bias.  

 

VI. CONCLUSION 

The results of the study support both hypotheses. In Experiment 1, our findings confirmed 

previous research [3], indicating that the participants chose a significantly greater number of 

female characters in Block 3 compared to Block 1 after the training intervention. This suggests 

that the training block was successful in promoting the selection of female characters, in turn 

reducing or untraining gender bias. 

In Experiment 2, our results showed a significant increase in the proportion of female-

intellectualized choices compared to female-only choices in Block 3 after the training block. This 

supports the alternative hypothesis (H1) and indicates that the exposure to male-intellectualized 

characters during the training block in Experiment 2 effectively influenced participants’ choices, 

leading them to select more female-intellectualized characters over female-only characters. This 

finding demonstrates the potential of exposure-based interventions in altering perceptions and 

stereotypes related to gender roles.  

In conclusion, the study highlights the effectiveness of exposure-based interventions in 

mitigating gender bias. By presenting participants with different characters, especially those 

challenging traditional stereotypes, individuals’ perceptions can be shaped to reduce gender bias 
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in their choices. These findings have important implications for the development of interventions 

aimed at promoting gender equality and reducing gender bias.  

 

6.1 Future Work 

Implementing a fixed head mount during the experiment would allow for more accurate and 

precise eye-tracking measurements by reducing head movement and ensuring a consistent 

viewing distance. Investigating different age groups could reveal the influence of age on gender 

bias and help identify whether biases change or persist across different age ranges. Additionally, 

conducting the experiment with a larger sample size would allow for more robust statistical 

analysis and increase the likelihood of identifying meaningful patterns in the data.  

 

Integrating the decision tree proposed by Valtakari et al. as shown in Figure 18 into our 

eye-tracking experiment design could provide additional insights into creating a well thought out 

experiment. Ensuring a random order of character presentation could eliminate potential order 

effects and increase the validity of these findings. Expanding the number of trials could provide a 

more comprehensive assessment of gender bias. However, it is important to maintain participant 

engagement by incorporating breaks if trial numbers increase. Investigating the effects of male-

intellectualized and male-only images could provide a more comprehensive understanding of 

gender bias in visual representations. 
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Figure 18: Valtakari et al. decision tree [29] 

 

Introducing a control group that does not receive training sessions (Block 2 in both 

experiments) would help determine if the observed changes in female choices are attributable to 

training. Exploring the effects of variables such as character position on screen, size of 

characters, size of background images, and colors used in the images could be changed to 

provide further insights into the impact of visual elements on gender bias. By addressing these 

potential improvements and future research avenues, the study’s design and outcomes can be 

further strengthened, contributing to a deeper understanding of gender bias and effective 

methods for mitigating it.  
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