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rutaBAGA: A Visualization Approach for Bias Awareness in University
Admissions

YANAN DA, YUTONG BU, YILING LI, and EMILY WALL, Emory University, USA

Introduction: University admissions is a complex decision making process where implicit biases may impact the way reviewers
individually and collectively make decisions. Education-based methods like training courses often have limited impact due to the
subconscious nature of these biases. This paper introduces a visualization system, rutaBAGA, that promotes heightened awareness of
implicit biases through real-time system interactions.
Data collection: Using our system, we conducted (i) a pre-registered crowdsourced user study where 75 participants performed a
simulated review of undergraduate university applications and (ii) a case study with the Ph.D. admissions committee in the Computer
Science department at a private university. We collected participants’ interaction logs with the system (to derive review time and
behavior/decision changes), ratings on the applications, and post-study survey responses in both studies. In addition, we collected
Implicit Association Test (IAT) scores from the crowdsourced study and interview recordings from the case study.
Data Analysis: For the crowdsourced study, we conducted (i) t-tests to compare participants’ time spent and competitiveness ratings
on applicants across different gender/racial groups and (ii) linear regressions to analyze the relationship between implicit gender/racial
bias (as measured by IAT scores) and differences in review behaviors (time spent) and decisions (competitiveness ratings). For both
of the studies, we analyzed the interaction logs and survey responses/interview transcripts to understand the system’s impact on
participants review process.
Results: The results of the crowdsourced study showed that implicit racial bias correlates to differences in review behaviors and
decisions. The results from both the crowdsourced study and the case study showed that our system can increase awareness of
undesired behaviors and lead to behavioral/decision changes for some participants.
Materials: The source code for the system and the user study materials can be found at https://osf.io/t6hjd/.
Conclusion:We presented a visualization system that enables reviewers to scrutinize their own processes to ensure fair and consistent
review procedures. Results from a crowdsourced study showed (i) implicit racial bias correlates to observable differences in university
application review behaviors and decisions and (ii) our system can affect individuals’ review processes. Results of a case study with
the Computer Science department at a private university demonstrated rutaBAGA can facilitate bias-aware decision making in a
real-world system deployment.

CCS Concepts: • Human-centered computing→ Visual analytics.

Additional Key Words and Phrases: bias awareness, implicit biases, university admissions, decision making

1 INTRODUCTION

University admissions involves complex decision making processes, often characterized by individual reviewers reading
application packets and rating them based on factors such as the applicant’s academic performance, non-academic
accomplishments, and personal qualities such as communication skills. Reviewers’ individual evaluations are often then
collated and discussed among a committee to inform final admissions decisions. Given the complexity and subjectivity
of this process, unconscious biases (biases beneath the level of an individual’s conscious attention) might influence
reviewers’ decisions.

This work focuses on a specific type of unconscious bias – implicit biases, which can include gender and racial bias,
that are ingrained as a result of cultural norms or past experiences [22, 23]. Unlike conscious biases such as overt sexism
or racism which involve deliberate prejudice against people of a certain group, implicit biases are not intentional and

Authors’ address: Yanan Da, yanan.da@emory.edu; Yutong Bu, audrey.bu@emory.edu; Yiling Li, yiling.li@emory.edu; Emily Wall, emily.wall@emory.edu,
Emory University, 201 Dowman Dr., Atlanta, Georgia, USA, 30322.

1

HTTPS://ORCID.ORG/0000-0003-4808-9166
HTTPS://ORCID.ORG/0009-0008-5511-7341
HTTPS://ORCID.ORG/0009-0000-6951-3187
HTTPS://ORCID.ORG/0000-0003-4568-0698
https://osf.io/t6hjd/
https://orcid.org/0000-0003-4808-9166
https://orcid.org/0009-0008-5511-7341
https://orcid.org/0009-0000-6951-3187
https://orcid.org/0000-0003-4568-0698


2 Yanan Da, Yutong Bu, Yiling Li, and Emily Wall

may not always align with one’s explicit beliefs [46]. Nevertheless, they often materialize in harmful ways such as snap
judgments based on an individual’s skin color or gender. Importantly, implicit biases are not conscious, they often
persist despite an individual’s best efforts to counteract it. Our goal in this work is therefore to investigate (i) to what
extent implicit biases correspond to observable behaviors in the review process, (ii) how we can promote real-time
reflective review processes, and (iii) to what extent heightened awareness leads to reviewers’ adjustment of associated
behaviors and decisions.

We designed an interactive system, rutaBAGA, to support a bias aware graduate admissions process. We introduced
the intervention in the context of graduate admissions and later generalized the concept to undergraduate admissions
as well but retained the system name. In this paper, we define bias to encompass inequities in (i) the review process (via
disparities in time spent reviewing applicants of different racial and gender groups) and (ii) decisions (via disparities
in perceived competitiveness of applicants of different racial and gender groups). We aim to achieve awareness by
surfacing these disparities to reviewers through visualizations to encourage real-time self-reflection on the review
process.

Our primary contributions include:

(1) the system, rutaBAGA, designed in collaboration with two Ph.D. program admissions committee chairs to
promote reflection on review processes and increase reviewer awareness of undesired behaviors,

(2) empirical results demonstrating (i) the relationship between implicit biases and observable review behaviors
and (ii) the impact of rutaBAGA on bias awareness,

(3) results of a case study with the Computer Science department at a private university that demonstrate how
rutaBAGA can facilitate bias-aware decision making in a real-world system deployment.

We discuss the implications of our findings, and in particular, how they relate to the recent Supreme Court decision
on affirmative action that ruled universities may no longer make admissions decisions on the basis of race [39]. We
conclude with a call-to-action – that research to address biases in admissions processes has never been more urgent.

2 RELATEDWORK

We discuss how increasing bias awareness during university admissions can empower reviewers to address potential
biases in admissions (Section 2.1), informed by recent work on biases in visualization (Section 2.2).

2.1 Biases in Admissions

Research in higher education has examined the forms of bias that can impact decision making processes including
university admissions [41]. These biases influence decisions in ways that can systematically disadvantage specific groups.
Woo et al. [59] evaluated the validity, bias, and fairness of the main source of information used in graduate admission
decision making, such as GPA, GRE, personal statement, and identified that each of the assessments is associated with
potential biases. For example, qualitative assessments like personal statement are subject to sociocognitive and rater
biases [59].

Implicit biases [23] which are unconscious preferences reflecting implicit attitudes or stereotypes have received
considerable attention due to their prevalence and invisibility [41]. For example, one laboratory experiment showed
that science faculty exhibit a bias against female students such that male candidates are rated as significantly more
competent and hireable than female candidates with otherwise identical credentials [35]. Experimental results show
similar racial discrimination in the labor market: equivalent resumes with White names received 50% more callbacks for
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interviews than resumes with African-American names [4]. Pieper and Krsmanovic [40] interviewed graduate faculty
members who serve on admissions committees to examine the presence of implicit bias in the admissions process. The
interview revealed that faculty members have varying levels of awareness regarding the presence of implicit bias in the
admissions process and recognize the importance of the admission committee to reduce implicit bias.

The implicit Association Test (IAT) [24] characterizes implicit biases by measuring the association that people hold
between attributes and concepts. The test asks users to quickly and accurately categorize words or images and in
turn measures reaction time, such that faster (correct) responses indicate stronger associations than slower responses,
suggesting how implicit attitudes can influence cognitive processes and behaviors. Using the IAT, Capers et al. [9]
showed the presence of significant white preference in medical school admissions. Diversity training [5] has been used
to address implicit biases in organizational and educational settings (e.g., to improve attitudes toward women in STEM
[29]). However, since these biases are unconscious, informing individuals about the existence of implicit biases has
apparently limited impact during the decision making process [17].

Our work contributes to this ongoing body of literature by introducing a real-time intervention designed to mitigate
reviewers’ potential bias during the admissions process. Unlike traditional methods such as training or post-review
evaluations, our system encourages immediate self-reflection through interactive visualizations.

2.2 Bias in Visualization

Bias has been actively studied in the visualization community recently, formalizing the types of bias relevant to
visualization and visual analytics [16, 53]. Some efforts have examined the presence of particular types of bias in decision
making processes with visualizations such as the attraction effect [15], priming and anchoring bias [12, 50, 51, 58],
confirmation bias [36], and Dunning-Kruger Effect [10, 11]. Other recent work proposed computational metrics that can
be applied to user interactions with data to quantify bias in real-time [18, 21, 52]. Prior metrics (e.g., [52]) can be noisy
and wrongfully signal false positive biases [25], however. Hence, for the context of the application review process, we
choose a simplified approach based on surfacing measures of focus: the cumulative duration of time spent interacting
with different applications and different application components, without assigning a value judgment to the outcomes.

Apart from bias detection, researchers have also recently investigated methods to mitigate bias [6, 30, 55] by altering
the framing of the task [14] or communicating bias metrics visually in real-time to increase the awareness of bias [37, 54].
The design of our system is inspired by recent work [37, 54] that captures and visualizes users’ interaction history with
data in real-time to promote reflection of one’s data analysis process. While these efforts had mixed quantitative results
on biased decisions in laboratory experiments, they did positively impact awareness.

Within the education space, visualization researchers have studied the holistic application review process and
suggested possible designs for supporting complex decision making [32, 47, 48], such as presenting alternative visual
representations of application attributes, integrating sensemaking and storytelling tools [33], and providing rating
recommendations using machine learning methods [32]. Unique from these efforts, we explore a real-world deployment
of these techniques and focus on implicit biases rather than cognitive biases.

Visualizations have also been employed for mitigating implicit bias in teaching and supporting equitable teaching
practices [42–44]. The EQUIP tool [43] tracks students’ verbal participation in the classroom to provide visualizations
about the participation patterns across different demographic groups, allowing instructors to identify potential bias
and make changes in their practices accordingly [44]. Our system is similar to the EQUIP tool in terms of presenting
patterns across different gender and racial groups.
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Prior studies suggest that directly informing individuals of their biases often has limited effectiveness [17]. Instead,
we hypothesize that a real-time intervention is a promising solution by enhancing reviewers’ awareness of their
decision-making processes and encouraging reflection. Visualization, in particular, leverages visual perception to help
users identify patterns, making it a powerful tool for promoting awareness and mitigating bias in decision-making. Our
proposed system thus emphasizes self-reflection through interactive visual analytics, aligned with prior work [37, 54],
to drive more meaningful behavioral changes.

3 FORMATIVE DESIGN

The design and development of rutaBAGA followed a user-centered approach [2] that involved close collaboration
with two Ph.D.admissions committee chairs in the Computer Science Department of a private university.

3.1 Methodology

We first conducted semi-structured interviews with two admissions committee chairs, C1 and C2, in the Computer
Science department to understand their Ph.D. admissions process in detail. The 30-minute interview covered topics
including the application format, data access, decision making criteria, and collaborative mechanisms. The interviews
illuminated characteristics of the existing review process (Section 3.2) and the program’s need to conduct meta-
analysis on the admissions review process.

Based on our understanding of the program needs, we next sketched several solutions and built a preliminary
prototype to ground the discussion in a second interview. More details of the preliminary interface are attached in
Supplemental Materials. In the second interview, we provided a demonstration of the interface design to the chairs,
followed by a semi-structured interview to gauge initial reactions to the design. The session lasted approximately 45
minutes. An additional survey followed afterward, including questions about the usefulness of system components,
willingness to use such a system in the future, and an opportunity to suggest alternatives in free-form text. The main
feedback we received included the chairs’ desires to (1) visually incorporate interaction time on an application to allow
assessment of time spent across applicants (the preliminary system included visual encoding of discrete interaction
count) and (2) make the interface simpler to use by separating the review phase and self-reflection phase into separate
tabs which were initially adjacent views in a singular screen in the prototype.

Additional interviews were conducted with one committee chair (C1) after two additional iterations of design
to collect ongoing feedback on subsequent iterations of the system. Each session lasted about 30 minutes. The
system was updated according to feedback including (i) adding visual encodings for applicants’ gender and race and (ii)
visualizing reviewers’ time spent on each component of an application, as described in Section 4. From the interviews and
questionnaire responses, we summarized the needs for analyzing the admissions review process as process awareness
needs (Section 3.3) and refined our design goals (Section 3.4) for the final system design.

Following the initial deployment of rutaBAGA, the system was further refined based on observations of its real-world
usage. These ongoing refinements are discussed in Section 9.

3.2 Prior Review Process

The interviews illuminated the prior review process which can be summarized as follows. Applicant portfolios, in the
form of single PDF file (one per applicant) were distributed to a minimum of two reviewers assigned by the committee
chairs based on applicant research interests. Each reviewer rated the assigned applicants according to pre-defined
criteria such as Research Preparedness and Communication Proficiency on a 0-5 scale and shared optional free-form
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feedback in a shared spreadsheet. After the initial review, applicants who were “above the bar” were interviewed via
Zoom by at least one faculty member. The committee then met to discuss and make admissions decisions, referencing a
sorted version of the spreadsheet of reviewer scores to anchor discussions.

3.3 Process Awareness Needs

Based on the interviews, we identified reviewers’ needs for investigating (i) internal consistency in time spent across
applicants and application components, and (ii) internal consistency in ratings and decisions across applicants, stratified
by attributes such as race and gender. Inconsistency in time spent (i), for instance, could be not spending enough time
on a certain application, neglecting a certain application component (e.g., not reading recommendation letters), or
systematically spending more/less time on a certain group of applications across gender or race. While time spent alone
is a noisy metric influenced by many factors, as suggested by the admission chairs, it would be a useful metric that can
nonetheless provide reviewers with some point of reference to spark reflection.

The system should also encourage reviewers to reflect on the decision outcomes and check internal consistency in
their ratings (ii). Inconsistency in ratings could be that applications with the same ratings in evaluation criteria received
different overall ratings (e.g., competitive v. not competitive), or that a certain group of applications was systematically
rated as more/less competitive across gender or race, etc.

3.4 Design Goals

Based on our formative design activities, we derived the following design goals (DG) to support the program’s desired
framework for admissions review needs for increasing process awareness.

DG1. Facilitate independent review of applications. The system should enable reviewers to independently rate
applications across pre-defined dimensions.

DG2. Support assessment of independent review behavior. The system should enable individual reviewers
to analyze their decision making processes and outcomes to increase awareness of undesired behaviors, such as
inconsistency in time spent across applications.

DG3. Minimize the barrier to entry. The system should be visually simple and intuitive to increase adoption of the
system over the status quo method for reviewing, and to ensure the system is usable by faculty members beyond the
visualization domain.

The system was also designed with goals in mind to support collective group awareness and decision making;
however, we defer discussion of these features to supplemental materials as they were not the focal point of our
subsequent experiments.

4 SYSTEM

Based on our design goals, we developed a system rutaBAGA (Figure 1) mainly consisting of two separate tabbed
pages, including a Rating Page where reviewers read and rate applications independently (DG1); and Summary Page
where reviewers can see a summary of their process as shown from their interactions with applicants (DG2).

4.1 Rating Page

The Rating Page (Figure 1, top) is designed to support seamless completion of existing tasks involved in independent
review of applications (DG1). It consists of the following components.
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H Interactive Strip Plot

I Interactive Strip Plot
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Fig. 1. rutaBAGA supports admissions review with two pages. 1. Rating Page: (A) Documents Viewer shows different application
documents, (B) Profile View shows a set of attributes and a drop-down list for selecting/deselecting visible attributes, (C) Comments
View and (D) Ratings View. 2. Summary Page (case study, middle) maintains the right-hand-side of the interface for profile, comments,
and ratings of individual applicants, and replaces Document Viewer with (E) Filters, (F) Interactive Scatterplot, and (G) Time Spent
Distribution Chart. The Summary Page was modified for the controlled study (bottom) which shows strip plots representing users’
Time Spent by Gender (H, top) and Race (H, bottom), and Competitiveness Rating by Gender (I, top) and Race (I, bottom) as well as
the full applicant list (J). Note that all the application material displayed here is fake data for demonstration purposes.
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(A) Document Viewer shows PDF documents including personal statement, resume, letters of recommendation,
transcript, and so on, organized into tabs. (B) Profile View shows tabular attributes of the applicant such as GPA, degree,
major, etc. A set of default attributes are shown initially, and users can select/deselect attributes to be shown from a
drop-down list if they would like to make their decision process blind to some sensitive attributes. (C) Comments
View allows reviewers to leave comments about the respective application. (D) Ratings View allows reviewers to (i)
rate the applicant on a set of factors (which can be pre-defined by the committee based on their review criteria) on a 0-5
scale and (ii) rate the overall competitiveness of the applicant on a 1-4 scale (1 = Not Competitive, 4 = Very Highly
Competitive). Composing the application documents, comments, and ratings in a single interface makes it simpler to
evaluate applications and adopt the system (DG3).

Interaction Logs record reviewers’ time-stamped interactions including clicking and scrolling on each applicant
and each component of the application (DG2). Page visibility changes (i.e., navigating to a different application or
browser tab) are recorded in order to facilitate filtering out time periods that users are not focused on the interface.
Furthermore, the system applies thresholds to filter out outlier time periods (that are too short or too long) in order to
reduce noise in derived time spent. Inspired by prior work in analytic provenance [38], which demonstrates that user
interaction is a powerful cue to learn about users, we used the interaction logs to derive visualizations of reviewers’
review process to help them maintain self-awareness of their decision making process.

4.2 Summary Page

While the Rating Page serves as an interface for completing existing reviewing tasks, the Summary Page (Figure 1,
middle) aims to enhance awareness of individual reviewers’ processes (DG2). Reviewers can access this page at any
time during the admissions review cycle. It maintains the Profile, Comments and Ratings Views (Figure 1 B, C, and
D, respectively) from the Rating Page, but replaces the Document (A) panel with a data visualization panel (A.1), as
shown in the middle of Figure 1.

(E) Filters provide controls for filtering data by numerical or categorical attributes. Beyond the Profile attributes
(gender, test scores, etc.), users can also filter by their assigned ratings (for teaching preparedness, communication, etc.)
and overall recommendation of applicants (e.g., to view only candidates they rated as Competitive).

(F) Interactive Scatterplot visualizes reviewed applications, with the ability to assign x- and y-axes from a drop-
down list to represent variables like GRE score, GPA, reviewer’s ratings, and overall recommendation. Hovering on a
point (applicant) in the scatterplot populates the Profile, Comment, and Ratings Views, and the Time Spent Distribution
(described below) with the applicant’s data, and clicking a point returns to the applicant’s portfolio in the Rating Page.
Additionally, the scatterplot allows for additional encodings of size (time spent) and color (overall recommendation of
an applicant, applicant gender, or applicant race).

The scatterplot is designed based on the need for providing visualizations that allow reviewers to observe patterns
and outliers in their time spent and ratings (DG2). While there are many visualization techniques for representing multi-
dimension data such as parallel coordinates and scatterplot matrix, we chose a scatterplot because of its effectiveness in
identifying patterns/outliers, visual simplicity, and familiarity to general audiences [31] (DG3).

(G) Time Spent Distribution shows a grouped bar chart depicting (i) the reviewer’s average time spent on different
documents and (ii) the reviewer’s distribution of time spent on application components for the hovered applicant in
the scatterplot. This view is designed to help users gain insights about the time they spent across different application
components (DG2) and identify outliers at the individual applicant level such as little or no review of a certain file for
an applicant.
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5 CONTROLLED STUDY METHODOLOGY

We conducted a pre-registered1 crowdsourced study to assess (i) the underlying assumption of rutaBAGA that implicit
biases (as measured by implicit association test scores [24]) correlate to observable differences in application review
behaviors and decisions and (ii) the effectiveness of the rutaBAGA in enhancing awareness of undesired behaviors.
Participants conducted a simulated review of 12 undergraduate university applications using a variation of rutaBAGA
described below (Section 5.3).

5.1 Participants

We initially recruited 75 participants through the Prolific crowdsourcing platform based on power analysis (with
𝛽 = 0.05, 𝛼 = 0.8) from a pilot study. Seven participants who had invalid gender or race IAT scores (due to rapid
responses) were excluded, and we recruited additional participants to maintain our target sample size of 75 (31 identified
as female, 40 as male, and 4 as non-binary). Eligibility criteria included 18+ years old, hold a Bachelor’s degree or higher,
and fluent in English. Twelve participants indicated prior experience in university admissions. Participants spent 77
minutes on average (𝑚𝑖𝑛 = 25,𝑚𝑎𝑥 = 162) and were compensated $15.

5.2 Dataset

The dataset used in this experiment was comprised of 12 artificially generated university application packets. While we
would ideally explore a diverse range of racial and gender identities, we simultaneously were constrained to limit the
average study duration to 1 hour to minimize participant fatigue. Therefore, we opted to study three levels for gender
(non-binary, female, male), two levels for race (Black, White)[4], and two levels for competitiveness (high, moderate),
resulting in 12 unique application portfolios (3x2x2) as summarized in Table 1.Each application packet consisted of a
personal statement, resume, transcript, two recommendation letters, and basic form-field information including GPA,
SAT score, class rank, gender, and race. We used ChatGPT to generate the application packets using a sequence of
prompts shared in Supplemental Materials.

# Name Gender Race Competitiveness SAT Score GPA Class Rank

1 Aaliyah Washington Female Black High 1500 3.9 5 / 100
2 Keisha Brooks Female Black Moderate 1290 3.4 90 / 150
3 Emily Johnson Female White High 1550 3.8 14 / 200
4 Sarah O’Donnell Female White Moderate 1280 3.4 163 / 250

5 Jamal Richardson Male Black High 1540 3.9 12 / 200
6 Terrence Brown Male Black Moderate 1260 3.2 68 / 100
7 Lucas Miller Male White High 1490 3.7 14 / 150
8 Daniel Smith Male White Moderate 1300 3.5 180 / 250

9 Taylor Patterson Non-binary Black High 1520 3.8 16 / 200
10 Jordan Thomas Non-binary Black Moderate 1300 3.5 183 / 250
11 Alex White Non-binary White High 1530 4.0 1 / 100
12 Casey Sullivan Non-binary White Moderate 1270 3.3 105 / 150

Table 1. A summary of the 12 artificially generated applications.

1https://aspredicted.org/blind.php?x=N51_KWZ

https://aspredicted.org/blind.php?x=N51_KWZ
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5.3 Interface

We created a variation of rutaBAGA for the controlled study which included the Rating page (as described in Section 4.1)
and a modified version of the Summary page (as described in Section 4.2). The Summary page (Figure 1, bottom) was
updated primarily to adjust features that do not scale down well for the study where only 12 applicants were rated.
Namely, we removed the filters (E) and replaced the scatterplot (F) and bar chart (G) with strip plots (H, I) that showed
the distribution of users’ time spent and overall ratings across different gender/race groups. Each circle on the strip
plot represents an applicant and the vertical line indicates the mean value. We added an applicant list (J) to allow easy
navigation between applicants with brushing and linking between views. The Ratings panel (D) was also updated to a
slider ranging from 1-100 that allowed participants to give an overall competitiveness score for an applicant for a more
granular analysis.

5.4 Procedure

This study utilized a within-subjects design where participants first reviewed the applications without the intervention
(Control) and were then directed to the Summary Page (Intervention) after rating all the applications. This design
allowed us to account for individual differences in review behaviors and decisions.

Participants first completed a step-through tutorial that introduced the system’s layout for displaying application
portfolios and operations for entering ratings. After completing the walk-through training, participants reviewed
12 applications (order randomized) and rated them on a scale of 1 (not competitive) - 100 (very competitive). After
participants rated all the applications, they completed a second step-through tutorial that introduced the features in
the modified Summary Page (Figure 1, bottom). Participants were able to interact with the page and revisit profiles to
finalize their ratings. The post-study survey included background information such as gender, education level, prior
experience in university admissions, and Likert-scale questions about the summary page. Finally, participants completed
the Gender-Science and Race implicit association tests (IAT) adapted from Project Implicit [28] (order randomized).

5.5 Hypotheses

We organize our hypotheses into three groups:
H1: Participants’ review behavior (time spent) and decisions (competitiveness ratings) will differ based on applicants’
race and gender.

• H1.1. Female and non-binary applicants will receive less review time than male applicants.
• H1.2. Female and non-binary applicants will be rated as less competitive than their equally-qualified male

counterparts.
• H1.3. Black applicants will receive less review time than White applicants.
• H1.4. Black applicants will be rated as less competitive than their equally-qualified White counterparts.

H2: Participants’ review behavior (time spent) and decisions (competitiveness ratings) will correlate with their implicit
biases.

• H2.1. Participants with higher gender IAT scores will spend less time on female and non-binary applicants than
male applicants.

• H2.2 Participants with higher gender IAT scores will give lower ratings to female and non-binary applicants
than male applicants.

• H2.3 Participants with higher race IAT scores will spend less time on Black applicants than White applicants.
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• H2.4 Participants with higher race IAT scores will give lower ratings to Black applicants than White applicants.

H3: Visualizations of the review process will affect reviewers’ behavior and decisions.

6 CONTROLLED STUDY RESULTS

In the forthcoming analyses, we normalized participants’ time spent and competitiveness ratings to fall between 0 and 1
to control for individual variations. For the analyses of H1 and H2, we used participants’ time spent and competitiveness
rating data before they interacted with the summary page (Control), while the analysis of H3 considered interactions
both before and after the summary page (Intervention).

6.1 H1: Effects of Applicant Gender and Race

We stratified our analysis of time spent and competitiveness ratings by applicant race and gender. Figure 2 summarizes
the normalized time spent reviewing applicants (left) and normalized competitiveness ratings (right) for applicants by
gender (top) and race (bottom). Each depicts a boxplot representing the 75 participants’ time spent or ratings for each
applicant that falls into the respective gender or race group. We used a non-parametric test (Mann-Whitney U test)
instead of the pre-registered t-test for the analysis since the data do not follow a normal distribution as assessed by the
Shapiro-Wilk’s test (𝑝 < 0.05).
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Fig. 2. Boxplots with individual points of normalized review time (left) and normalized competitiveness ratings (right) by applicant
gender (top) and race (bottom). The values are normalized per participant, where 0 represents the minimum review time/rating, and 1
represents the maximum review time/rating to facilitate a comparison that accounts for individual differences.

We found partial support for H1.1. Female applicants (𝑀𝑑𝑛 = 0.209) received less review time than male applicants
(𝑀𝑑𝑛 = 0.253) (𝑝 = 0.004 ). On the other hand, non-binary applicants (𝑀𝑑𝑛 = 0.299) received more review time than
male applicants (𝑀𝑑𝑛 = 0.253); however, the difference is not statistically significant (𝑝 = 0.156). Additionally, we found
no support for H1.2: female (𝑀𝑑𝑛 = 0.566) and non-binary applicants (𝑀𝑑𝑛 = 0.555) were rated less competitive than
male applicants (𝑀𝑑𝑛 = 0.633) ; however, the differences lack statistical significance (𝑝 = 0.656 and 0.920 respectively).
We also found that participants spent more time reviewing Black applicants (𝑀𝑑𝑛 = 0.261) than White applicants
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(𝑀𝑑𝑛 = 0.245) and gave them higher average ratings (𝑀𝑑𝑛 = 0.586) than White applicants (𝑀𝑑𝑛 = 0.580) . These
results contradict the directionality of our hypothesis H1.3 and H1.4, but also lack statistical significance (𝑝 = 0.140 and
0.286 respectively).

We further validated that findings for H1 were not influenced by order effects. Details of the analysis are included in
Supplemental Materials.

6.2 H2: Implicit Biases

To investigate the extent to which implicit biases correspond to deviations in time spent and competitiveness ratings
for applicants of different races and genders, we conducted linear regression analyses on the race and gender Implicit
Association Test (IAT) scores compared to the disparities in participants’ review behaviors and decisions.

The IAT Scores range from -2 to 2, where a higher score indicates a stronger inclination to associate females with
liberal arts (Gender IAT) or Black with bad (Race IAT). For each participant, we computed the differences in (i) average
time spent on applicants of different gender and race groups and (ii) average competitiveness ratings for applicants of
different gender and race groups. We conducted linear regression analyses to predict the gender and race IAT scores
using these differences. The core assumptions of the linear regression analysis were checked for each model using
residual vs. fitted value plots and normal Q-Q residual plots, and no significant deviations were observed.

We found no support for H2.1 and H2.1: a higher gender IAT score (stronger implicit association of females→
liberal arts and males → science) did not result in participants spending more time on male applicants than female
applicants or giving higher ratings to male applicants compared to female/non-binary applicants (𝐶𝑜𝑒 𝑓 . < 0). However,
we found support for H2.3 and H2.4: participants with higher gender IAT scores spent more time on male applicants
than non-binary applicants (𝐶𝑜𝑒 𝑓 . = 0.044, 𝑝 = 0.019, corresponding to 0.76 minutes difference between the reviewers
with the lowest possible gender IAT score and the highest). Similarly, we observed that participants with higher race
IAT scores (stronger implicit association of White→ good and Black→ bad) indeed spent more time (𝐶𝑜𝑒 𝑓 . = 0.096,
𝑝 < 0.001; corresponding to 1.67 minutes difference between the reviewers with lowest possible race IAT score and
the highest) and assigned higher ratings (𝐶𝑜𝑒 𝑓 . = 0.08, 𝑝 < 0.001; corresponding to 16.92 out of 100 difference in
competitiveness ratings between reviewers with lowest and highest race IAT score) to White applicants than Black
applicants.

6.3 H3: Effect of the Intervention

We analyzed participants’ interactions on the summary page and compared competitiveness ratings and time spent
before and after seeing the summary page. Additionally, we summarize qualitative feedback from participants.

6.3.1 Interaction Analysis. We analyzed logs of click and hover interactions to understand how participants used the
interface. Hover interactions suggest instances where participants explored their ratings and time spent on applicants.
71 participants (95%) initiated 2192 hover events (1500 from the applicant list and 667 from the strip plots). Clicking on
points in the strip plots or applicant names indicates revisiting the rating page for the corresponding application. There
were 80 revisits from 44 (59%) participants and each of these participants revisited on average 2 applicants (𝑚𝑎𝑥 = 7,𝑚𝑖𝑛

= 1). Most revisits occurred through the applicant list (53), while about 1/3 of the revisits were initiated from the strip
plots (26). Notably, there were more interactions on the strip plots representing Time Spent (456 hovers + 14 clicks) than
the strip plots representing Competitiveness Ratings (211 hovers + 12 clicks). This could be attributable to participants’
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expressed surprise on the Time Spent plots as discussed in the following Section 6.3.3. We found 26 changes to applicant
ratings from these revisits (19 upgrades, 7 downgrades) in total for 11 applicants from 9 participants.

We observed certain trends in the types of applicants that participants interacted with: in the Time Spent by Gender
and Competitiveness Rating by Gender strip plots, participants interacted with more female applicants compared to
non-binary and male applicants; and in the Time Spent by Race and Competitiveness Rating by Race plots, participants
interacted with more Black applicants compared with White applicants. The detailed interaction counts are summarized
in Supplemental Materials. Furthermore, we found that most of the interactions (10/12 clicks, 144/211 hovers) on the
Competitiveness Rating plots corresponded to applicants who were rated lower (below the average). Similarly, most of
the click interactions (9/12) on the Time Spent by Gender plot corresponded to applicants who received less review
time (less than the average).

6.3.2 Change of Time Spent and Competitiveness Ratings. We compared participants’ time spent and competitiveness
ratings across different gender/race groups before and after interacting with the summary page and found that the
changes are marginal at the aggregate level. However, we found that the summary page had a substantial impact on
some individual participants’ review behavior and decisions. For example, before interacting with the summary
page, 𝑃𝐶𝑇𝑅𝐿69 spent on average more time on White applicants than Black applicants (Δmean_time(W-B) = 2.245−1.843 =
0.402 minutes) and rated White applicants higher than Black applicants (Δmean_rating(W-B) = 78.000 − 72.333 = 5.667). The
participant indicated surprise and disappointment about the behavior – “I was also surprised, and perhaps disappointed

with myself, for giving white people higher scores and more time than black people. I was not conscious that I was doing this

and it is good to know.” and made adjustments to their evaluation process. As a result, the disparities in time spent and
competitiveness ratings among Black and White applicants decreased (Δmean_time(W-B) = 2.408 − 2.292 = 0.115 minutes,
Δmean_rating(W-B) = 77.667 − 74.167 = 3.50) after the participant revisited applicants and adjusted competitiveness ratings.

Similarly, participant 𝑃𝐶𝑇𝑅𝐿40 initially rated male applicants higher than female applicants on average with a
substantial disparity (Δmean_rating(M-F) = 83.750 − 64.750 = 19). In response, the participant indicated “I think I ultimately

revised some answers to ensure no disparities apart from objective criteria, in some cases I simply hadn’t remembered

correctly where I had ranked other students of similar GPA and class rank so I rectified that.”. Consequently, the magnitude
of the disparity decreased significantly, and the direction changed to favor female applicants(Δmean_rating(M-F) = 64.00 −
67.25 = -3.25).

6.3.3 Qualitative Feedback. Usefulness. Participants rated the usefulness of the Time Spent (Figure 1 H) and the
Competitiveness Rating (Figure 1 I) strip plots on a 5-point scale (1: Not at all useful, 5: Extremely useful). The mean
score was 2.9 (SD = 1.1) for the Time Spent plots and 3.2 (SD = 1.2) for the Competitiveness Rating plots.

Many participants (7 for the Time Spent plots, 15 for the Competitiveness Rating plots) commented the plots helped
them assess fairness and potential bias (e.g., 𝑃𝐶𝑇𝑅𝐿79 expressed “It gave me an idea of how much effort I put into each

individual and assured me on how fair I treated each individual’s information in arriving at my decision”. Some participants
(5) also mentioned that the time spent plots could lead to adjustment of behavior (e.g., 𝑃𝐶𝑇𝑅𝐿25 commented “I think it
could help you reconsider an application if you spent significantly less time on it, and maybe taking another look at an

applicant you may have initially dismissed” ). Some participants (3) commented that the Competitiveness Rating plots
would be “more useful if there was a larger data pool” (𝑃𝐶𝑇𝑅𝐿68) suggesting that the visualizations could have more
impact in real-world admissions scenarios where the application pool is much larger.
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Participants who found the visualizations not useful emphasized that they were fair – their evaluations were based
on applicants’ merit without considering gender or race. Some participants thought the time spent plots were not
useful because the time spent on applications was influenced by different factors (“I didn’t find it particularly useful just

because there were other factors at play.” - 𝑃𝐶𝑇𝑅𝐿8) including the order in which they were reviewed and the content of
the application package.

Surprise. Participants rated whether they were surprised by their data shown on the Time Spent plots (Figure 1 H)
and the Competitiveness Rating plots (Figure 1 I) on a 5-point scale (1: Not at all surprised, 5: Extremely surprised).
In general, participants expressed no/low surprise in their data with a mean score of 1.9 (SD = 1.0) for Time Spent
plots and 1.7 (SD = 1.0) for Competitiveness Rating plots. Many participants who were not surprised mentioned that
gender and race were not factors that impacted their reviews. In some cases, participants expressed surprise that they
rated applicants in a certain group higher (e.g., “I was surprised that I tended to rate male applicants higher than female

applicants.” - 𝑃𝐶𝑇𝑅𝐿44) or spent more time on a certain group of applicants unconsciously (e.g., “I wasn’t aware that I
spent more time reviewing non-binary applicants.” -𝑃𝐶𝑇𝑅𝐿12).

7 CASE STUDY METHODOLOGY

We conducted a case study in the Computer Science department at a private university where the system was used for
the department’s Ph.D. admissions reviews over a time period of roughly two months. This case study allowed us to
assess real-world efficacy of rutaBAGA for bias awareness.

7.1 Participants

We recruited participants among the faculty in the Computer Science Department at a large private university. The
admissions committee chair sent out an email to all admissions committee members with an introduction and training
materials (documentation and video tutorial) of rutaBAGA. The committee members were recommended (but not
required) to use rutaBAGA; they could still elect to use prior application review methods (Section 3.2). The two
committee chairs and 11/12 committee members used the system in some capacity during the admissions process. We
were able to subsequently interview the two committee chairs and nine committee members after the admissions process
concluded. They had 0 to 14 (𝜇 = 4) years of prior involvement in admissions, offering a diverse range of perspectives.
We refer to participants in the “Results” section (Section 8) as P1-13. Among these, P1 - P11 used the system and were
interviewed, P12 - P13 were not interviewed, and P9 - P11 only used the system partially. We note that one of the
authors was a member of the admissions committee (P3). We include their data in our analysis in order to present a
comprehensive and transparent view of the admissions review process. Except for P3 and the two committee chairs,
none of the participants had prior experience using the system before the case study.

Given the complexity of deploying new tools in real-world scenarios, our study focused on a single department to
ensure a thorough evaluation. Although the sample size is limited, it includes experienced decision-makers directly
involved in the admissions process, capturing key decision-making dynamics – with committee chairs overseeing
the process and faculty members evaluating applications. The study allowed us to gather detailed feedback on the
system’s usability, effectiveness, and potential to promote bias awareness. The insights gathered, while specific to a
single department, are valuable for understanding the system’s potential in similar contexts. We discuss the limitations
of relying on a convenience sample and its potential impact on the generalizability of the system design in Section 9.
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Future work will aim to address these limitations by expanding the participant pool to include a wider range of programs
and institutions, ensuring that the system is robust and adaptable to various admissions contexts.

7.2 Dataset

There were 161 Ph.D. applications in total, and each application was reviewed by at least two committee members.
Each application consists of general form field information including research interests, education background, and
optional test scores; required document uploads, including personal statement, resume, up to four recommendation
letters, and transcripts; and optional files including writing samples and diversity statement. The applications were
downloaded from the application portal and loaded to the database for rutaBAGA by the first author before the system
was available for reviewers.

7.3 Procedure

During the first two weeks of the admissions review phase, participants independently reviewed and rated assigned
applications. Next, the first author loaded the scores and notes provided in a spreadsheet from faculty members who
did not use the system, then enabled the Group Summary Page before the first committee meeting. During the meeting,
the Group Summary Page (described in Supplemental Materials) was used to facilitate the discussion via screensharing
on Zoom. The committee decided which candidates were not a good fit for the program (assigned to the Reject list) and
the rest of the candidates advanced to the Interview round which occurred over the subsequent two-week period. A
second committee meeting took place after the interviews where the final admissions decisions were made.

After the admissions cycle concluded, emails were sent to all the committee members to invite them for an interview
in order to gather user feedback. All the interviews were conducted via zoom and lasted 30 to 60 minutes. Upon providing
informed consent, the interviews were screen-recorded. After gathering background information, the interviewer
asked the participant to login to the system and share their screen to facilitate a walk-through of the system, discuss
their experience, and provide suggestions for improvements. Following the interview, the participants were asked to
complete a post-study questionnaire, consisting of questions about the usability of the system (Section 8.4).

7.4 Analysis and Coding

The first author first used an audio-to-text tool to transcribe the interview recordings, and then manually refined
the transcripts. The research team used qualitative data analysis methods[34] to analyze the interview transcripts.
Specifically, thematic analysis was conducted on the interviews through inductive coding. Two authors independently
coded two interview transcripts and discussed to develop a codebook. After refining coding definitions together, the
first author coded the remaining transcripts. The final codebook contains 36 codes in nine categories including System
Usage, Review Strategy, Awareness, and others, the details of which are included in Supplementary Materials.

8 CASE STUDY RESULTS

We organize results according to high-level themes of the case study, including increasing participants’ awareness of
their review process (Section 8.1), associated behavioral changes (Section 8.2) and changes in decisions (Section 8.3),
consistent with [54]. System usability scores and qualitative feedback are presented in Section 8.4.

While 11 reviewers used the Rating Page, only five of them used the Summary Page, although all provided feedback
after interacting with the view during the interview. All of the reviewers interacted with the Group Summary Page
directly or indirectly (through screen-share from the committee chair) during the committee meetings.
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8.1 Awareness

We use the term awareness to refer to insights gained from reflecting on one’s review process via interaction history
on the applications. The findings in this section were derived from the interviews we conducted with the participants.

Process Awareness. Three participants found that features in the Summary Page helped them to systematically reflect
on fairness in their time spent across applications and application components (“I was able to look at the amount of

time that I spent over their different documents just to make sure I didn’t miss anything." - P8) and adjust their review
behaviors when they identified undesired behaviors. For instance, the time spent distribution chart helped P8 be aware
that (“I hadn’t really spent time on their writing sample” ), led them to different behaviors (“So I went back and I had the
chance to read over it” ), and make changes to some decisions (“it was a good chance to revise what I had scored for their
research preparedness” ). The scatterplot helped P3 identify outliers in the time they spent on applications (“I just didn’t
spend that much time on someone") and led to different behaviors (“I would try to go back and (...) just spend a little bit

more time looking at them and see if I missed something"). P5 commented, “the folks that I may have not spent as much

time on, I’d want to know why."

Outcome Awareness. In addition to assessing internal consistency of time spent, three participants also used the
Summary Page to check internal consistency in their ratings (“I check the different distributions just to make sure that I

was sort of consistent in giving my overall ranking.” -P8. P8 tried to self-calibrate on the ratings (“we had the chance to go
back to our reviews, compare the ones that we had scored previously, and change our rating” ). The scatterplot helped P3
identify outliers in the ratings (“I identified outliers like someone that I rated as having high research preparedness but

I did not rate them overall very highly.” ) and revisited the applications (change in behaviors) – “I would go back and

look at their applications again”. The committee chairs planned to “take a look at the scatterplot to evaluate our process

overall" in the Group Summary Page.

Fairness/Bias. Four participants found the system useful in terms of increasing awareness about procedural fairness.
P5 liked that the profile view allows hiding attributes (“I really like that... I basically turned off anything that I felt might

bias my decision” ). P8 was interested in seeing “was there really some sort of unintentional way of aspects that influence

my decision.” By looking at the scatterplot in the Summary Page with different combinations of X- and Y-axis attributes,
the participant found that “there’s no bias towards any gender or race in my decision. That was good for me to know."

During the interview, participants who did not actively use the Summary Page during the admission process tried to
interact with the interface and found the scatterplot “is showing how I have reviewed people (...) if I have some gender

bias or race bias.” (P4), and the time spent chart could answer the question “are you spending the right amount of time or

at least enough time on all the different applicants?” (P2), indicating the system has the potential to increase reviewers’
awareness of bias during the review process, even if they did not initially use the system as such.

8.2 Interaction Analysis

Interactions with Individual Summary. The system logged users’ interactions with the Summary Page, including
hovering on the points on the scatterplot (Figure 1F) (to see the applicant’s information), clicking on the points (to
revisit the Rating Page), and clicking on the Overall Recommendation radio buttons (to modify overall recommendation).
We analyzed this interaction data to understand if and how participants used this part of the interface. We found that
reviewers visited the Summary Page at different phases of the admission process, i.e., during the individual review phase
and during the group meeting. Of the 11 reviewers who used the Rating page, five visited the Summary Page. Among
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Table 2. Participants’ interactions with the Summary Page. Numbers in parentheses represent interactions during the independent
review phase.

# Hover # Revisit # Changes in Recommendation

P1 22 (5) 4 (1) 0 (1)
P3 4 (13) 1 (3) 0 (2)
P5 5 0 0
P8 10 (27) 8 (3) 0 (3)
P12 11 1 0

these, three actively interacted with the page during both phases and the other two reviewers interacted with the page
only during the group meeting. Table 2 shows the number of distinct applicants these five reviewers interacted with in
the two phases. Although the numbers are too small to draw generalizable conclusions, we further looked into what type
of applicants reviewers tended to hover and click on. During the independent review phase, P8 hovered on almost all the
applicants they reviewed, revisited applicants with low overall recommendation, and rated the applicants higher after
revisits. P1 mostly hovered on applicants who they rated as Not Competitive and rated one of them higher afterward.
P3 hovered on and revisited more competitive applicants and both downgraded and upgraded some applicants.

Time Spent. One-way ANOVA shows that at the aggregate level, there were no significant differences in the time
spent across gender and race. To account for differences in application characteristics, we normalized the time spent by
incorporating a complexity score for each application. This complexity score was calculated as the sum of the normalized
portfolio length and normalized word count. By normalizing time spent, we ensure that comparisons reflect differences
in reviewer behavior rather than variability in the complexity of the applications themselves. However, similar to our
findings from the controlled study, we observed individual differences on how reviewers spent time across gender. As
shown in Figure 3, some reviewers (e.g., P3 and P4) spent more time on Female applicants on average, while others (e.g.,
P2 and P12) spent more time on Male applicants. Among the 10 participants in Figure 3, two identified as female (P3
and P5), while eight identified as male. Of the female participants, one spent more time reviewing female applicants,
while the other spent more time reviewing male applicants. The review behavior among the male participants was
also variable. Some (e.g., P4 and P6) spent more time reviewing female applicants, some (e.g., P2 and P7) spent more
time reviewing male applicants. Given the small sample size, it is not feasible to identify a consistent trend in review
behavior linked to reviewer gender.

Those who interacted with the awareness features (P1, P3, P8) tended to have relatively small disparities in time
spent between male and female applicants (P1, P8) or, in some cases, reversed the trend to spend more time on female
applicants (P3). We note that although many comparisons did not result in statistically significant differences at the
group level, the analyses of individual reviewer behavior can be cause for further scrutiny. We discuss this, along with
potential explanations of these trends in Section 9.

8.3 Decisions

The distribution of admitted, waitlisted and rejected applicants by gender and race aligns to the underlying distribution
of the candidate pool, i.e., there was no clear favor of a certain group when making decisions (Figure 4), confirmed by a
Chi-square test (𝑝 > 0.1). As described in Section 8.2, reviewers’ individual recommendations for some applicants were
altered after interacting with the Summary page. There were four upgrades and two downgrades from 3 reviewers on 6
applicants. Two of the applicants whose ratings were upgraded were admitted while the two downgraded applicants
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were rejected, suggesting that the intervention could have had a critical impact on the outcomes for these applicants,
although we cannot say with certainty what the outcome would have been for these applicants otherwise.

8.4 System Usability

In the post-study questionnaire, participants rated their overall experience with the system as well as impressions on
different features (details are attached in Supplemental Materials). Results of the questionnaire and qualitative feedback
from the interviews indicate that participants’ overall experience with rutaBAGA was positive.

Participants’ average system usability scale (SUS) score is “Good" (score above 68) at 78.3 [7]. Visualization components
of the system (the Scatterplot and the Time Spent Distribution) each received divergent usefulness scores ranging from 1
(low) to 5 (high). The mean score was 3.4 (𝑆𝐷 = 1.1) for the Scatterplot and 3.5 (𝑆𝐷 = 1.1) for the Time Spent Distribution.
P11 commented that the scatterplot can be useful for identifying patterns and suggested providing guidance on how to
perform analyses with it. Participants who rated the Scatterplot relatively low commented that “faculty are (...) very

busy... So we don’t necessarily spend maybe enough time being self critical" and suggested that the analysis can be done
by administrators (P2). We discuss future work on incorporating these suggestions in Section 9.

9 DISCUSSION

Implications of Affirmative Action. Affirmative action was a policy that arose in the United States in the 1960s to
reinforce the Civil Rights Act of 1964 aimed at eliminating discrimination [3]. It intended to create opportunities for
traditionally disadvantaged and underrepresented groups in workplace and educational settings and thus, alongside
standard evaluation criteria, involved explicit consideration of additional factors such as race and gender in application
review processes [19].

The 2023 Supreme Court decisions (SFFA v. Harvard and SFFA v. UNC) ruled against considering race as an explicit
factor of admissions decisions [39]. Many admissions committees are operationalizing the ruling by removing direct
access to racial identity data during the admissions process. Thus programs may choose to restrict real-time access
to visualizations shown in the Summary page (1, middle) to instead only allow for retrospective analysis to ensure
compliance. Nevertheless, the Supreme Court maintains that race may be considered insofar as it affects an individual’s
experiences. To maintain diverse student bodies within these legal constraints, universities have adopted alternative
recruiting strategies. Many have expanded outreach efforts to first-generation students, low-income students, and
students from rural settings, enhanced financial aid programs, and introduced new essay prompts to allow applicants
to discuss their life experiences and challenges [8, 26]. Despite these efforts, the ruling has led to notable changes in
the demographic composition of new classes at many top institutions, with black student enrollment declining [8, 26].
Navigating the legality of ensuring diversity, equity, and inclusion in university admissions remains an ongoing
challenge in the wake of SFFA v. Harvard and SFFA v. UNC rulings. As a result, we maintain that the importance of
continued research on ensuring fair review processes has never been more critical.

In the future, we can explore methods to assist admissions committees in meaningfully accounting for the differences
in opportunities and privileges among diverse applicants. For instance, new system features could be developed to help
reviewers identify various forms of adversity faced by applicants and design targeted interventions to ensure that these
students are not overlooked in the admissions process.

Is Time Spent a Good Proxy for Bias? More time spent on an applicant does not necessarily reflect a negative
bias. If a reviewer spends less time on a specific applicant, it could be due to unconscious bias, but it could also be due



rutaBAGA: A Visualization Approach for Bias Awareness in University Admissions 19

to other benign reasons. For instance, P11 noted “I just know this candidate and I wrote her letter, and so I’m looking

very little at her.” Other reviewers observed that “just like in a conference reviewing setting, there are some manuscripts

that are clear accepts and there’s some manuscripts that are clear rejects.” -P2. Other factors also influenced time spent
such as a reviewer’s familiarity with transcripts from foreign institutions (P6), general readability of other application
components (P6), or varying lengths of documents like recommendation letters (P5). Reviewers tended to agree that
“most of the time is being spent on the murky middle” -P11. Participants from the controlled study also indicated that they
tended to naturally spend more time on the first few applicants when getting familiar with the task.

Thus time spent on applications is an inherently noisy metric sensitive to several factors, rather than a definitive
measure of bias. However, results of our controlled study in Section 6.2 indicate that in spite of these sources of
noise, time spent can nonetheless provide a meaningful signal that illustrates an observable effect of implicit
bias on review behaviors. In addition, similar to the stated goals for Wall et al’s bias metrics [52] and consistent with
the goals of reflective design [45], our aim in rutaBAGA is to promote reflection on potential biases. Thus while time
spent is an imperfect proxy for bias, its representation in rutaBAGA can cause reviewers to more carefully reflect on
their review process nonetheless. Future work can explore variability in application characteristics, such as readability,
to better understand the factors influencing time spent on applications. Incorporating these measures could enhance
the interpretation of time spent as a signal for bias and provide deeper insights into review behaviors.

Design Implications. While most of the participants from the controlled study interacted with the features intended
for reflection to some extent (Section 6.3), only part of the committee used the features in the case study (Section 8).
Despite close collaboration with committee chairs during the system’s formative design (Section 3), many committee
members nonetheless found the Summary and Group Summary pages to be visually overwhelming and chose not to
engage (“It looks scary to me ... I felt a little bit overwhelmed by what was going on" -P11). Given our observations from
the post-study interviews in the case study, we iterated on the system design to enhance user engagement by making
the system more intuitive and accessible. The changes include: 1) adding an embedded Help Page in the system for a
more convenient on-boarding, 2) providing an explanation of the Summary page when the user first interacts with
the page, 3) adding a text summary for each of the visualizations to reduce cognitive load, and 4) adding pre-defined
box-plots to show the user’s time spent across different gender/race groups. We observed increased usage of the system
in the subsequent admission cycles (27 admissions committee members engaged with the Summary page).

Based on reflection of lessons learned from our studies, we summarize some design considerations for future work
creating visual tools for admissions review.

• Augmenting visualizations with text could ease cognitive load. As noted by participants from the controlled
study, text summaries of the visualizations (which were absent in the case study) “helped to ease the processing
of the data” - 𝑃𝐶𝑇𝑅𝐿43.

• Providing pre-defined analyses could complement self-exploration. In the case study, participants suggested pre-
defined analyses, e.g., committee chairs configuring views of essential bias analyses such as gender distribution
of admitted applicants or time spent by applicant gender individual committee members can start with.

• Providing sufficient onboarding is critical for system adoption. We provided a tutorial video demonstrating the
features of the system in the case study. However, some participants didn’t know how to use it and “needed a

better training" (P7). Integrated explanatory features such as clickthrough tutorials, embedded videos, and help
pages could increase learnability.
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• Exploring the balance of mixed-initiative user interfaces [27, 55] could be a promising direction. The system
could gently nudge [49] users to interact with reflective views or, more aggressively in cases of strict procedural
goals, require it, e.g., using pop-up notifications that cannot be dismissed prior to engagement with the analysis.

Impact of the Intervention on Individuals.We observed from the studies that (i) individual behaviors can be highly
variable, and (ii) the impact of the awareness features of rutaBAGA is likewise variable. The efficacy of techniques
used in rutaBAGA is likely sensitive to reviewers’ conscientiousness, time constraints, and other individual factors;
some individuals may be resistant to any form of intervention in this setting. However, we are optimistic that our
analysis of individual reviewers revealed that rutaBAGA’s techniques have the potential to be transformational for
some reviewers’ processes. The system has demonstrated the potential to cause reflection and subsequent changes in
behaviors and decisions for some individuals who are motivated to assess and rectify behavioral disparities.

Generalizability and Scalability. The current system is designed based on one program’s Ph.D. admissions process.
However, the admissions process can vary widely across different institutions and programs at the graduate and
undergraduate levels. For example, Master’s admissions processes often prioritize academic performance, such as GPA
and standardized test scores, while non-academic factors such as personal statements and letters of recommendation play
a less significant role in the review [57]. Undergraduate admissions, on the other hand, typically involve larger applicant
pools and often rely on a broader range of holistic evaluation criteria that include factors such as extracurricular
activities, socioeconomic status, and academic records [13]. Nevertheless, our design could be adapted to support
holistic review processes similar to ours. The specific features like the rating criteria and scales, plot configurations, etc.
in the system can be customized for different program needs. However, further work is needed to assess its applicability
to programs deviating substantially from ours, e.g., in size of application pool, distribution of reviewer responsibilities,
etc. We could envision additional features that may be helpful in the case of large applicant pools. For instance, boxplots
or density plots can be used instead of strip plots to present high-level summaries with outliers displayed. Users
can observe aggregated trends first and dive into individual-level data as desired. For institutions already employing
customized tools (e.g., Slate [1]) for admissions review, capturing user interactions and providing visualizations could
be integrated into existing tools by closely working with the tool designers. Seamless integration, however, can be
challenging and needs to be explored in future work.

Ethical Considerations in Real-World Deployment. Deploying the system in a real-world admissions context
introduces ethical considerations, particularly given its potential to influence applicant outcomes. The deployment
of rutaBAGA was guided by the department’s goal of improving fairness in the admission process. The system
was designed to address the inherent limitations in human decision-making by identifying potential biases and
inconsistencies. Its role was not to replace human reviewers, but rather to act as an assistive tool that could identify
issues that might otherwise have gone unnoticed. To mitigate potential concerns, admissions committee members were
fully informed about the purpose and capabilities of the system, and the use of the system was entirely optional for
reviewers.

Limitations. One limitation of our work is that participants in the controlled study were not screened for admissions
training. As we discussed in Section 5.1, it is challenging to recruit a substantial sample size of admissions officers,
and instead we recruited participants based on a minimum education level of a bachelor’s degree as inclusion criteria.
Admissions reviewers typically receive diversity, equity, and inclusion (DEI) training, which may influence their
decision-making differently from untrained participants. Nevertheless, our findings may be comparable to what could
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be expected in general workplace application reviews, where the background and training of reviewers tend to be
less standardized and more diverse than in Ph.D. admissions [56]. Nevertheless, even in our real-world deployment
involving trained Ph.D. admissions reviewers, we observed high variability in review behaviors, underscoring the
complexity of decision-making in these contexts. This variability suggests that individual differences play a significant
role in reviewer behaviors, regardless of training or experience. However, we cannot speculate on how the findings of
this controlled study would generalize to larger sample sizes or other domains without further empirical investigation.

Another limitation of the control study is the limited set of gender and racial categories used. Although our goal was
to obtain comparable results with previous work [4] and to create as diverse a range of applicant profiles as possible,
we were constrained by the need to limit the study duration to prevent participant fatigue. The exclusion of other racial
groups, such as Hispanic or Asian applicants, constrains our ability to explore the broader dynamics of bias and fairness.
Different racial categories may reveal unique patterns of reviewer behavior or bias that were not captured here. Future
research should incorporate a more comprehensive range of racial categories to better understand how biases operate
across diverse populations.

Furthermore, the interviews conducted in the case study may be subject to response bias [20], where participants
may provide feedback they perceive as desirable and favorable by the researchers.

10 CONCLUSION

In this paper, we presented rutaBAGA, a system designed to facilitate bias-aware admissions decision making. Designed
alongside two graduate program admissions committee chairs, the system allows the admissions committee members
to independently review applications, reflect on their review process, and collaboratively discuss, calibrate, and make
admissions decisions. Reviewers’ interactions with applications are recorded to capture time spent across applicants
and application components and visualized to promote self-reflection of the review processes and increase awareness
of potentially biased processes. We examined and confirmed the underlying assumption of the rutaBAGA system in a
controlled study that demonstrates implicit racial bias correlates to observable differences in review behaviors and
decisions. We also evaluated rutaBAGA via a case study in the Computer Science department at a private university
where the system was used for the department’s 2022 graduate admissions cycle. We conclude that rutaBAGA is a
promising approach to increase awareness and affect changes in behaviors and decisions for individual admissions
reviewers.
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