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VIS4GRAD: A Visual Analytic Approach for
Process Awareness in Graduate Admissions

Yanan Da, Emily Wall

Abstract—Graduate admissions is a complex decision making process where cognitive and implicit biases, such as racial and gender
bias, may impact the way reviewers individually and collectively make decisions. Education-based methods such as training courses
have been applied to address implicit biases. However, these methods often have minimal impact since these biases are not
conscious. Thus informing reviewers about the existence of biases in training courses has limited effect. In this paper, we introduce a
visualization system, VIS4GRAD, that promotes heightened awareness of implicit biases through real-time system interactions. The
system is designed to nudge reviewers to self-reflect and scrutinize their own process to ensure fair and consistent review procedures.
The visualization interface logs reviewers’ interactions in order to provide a granular analysis of review behaviors across attributes such
as race and gender of applicants which can relate to implicitly biased processes and inform review procedures in subsequent cycles.
We present the results of a case study where VIS4GRAD was used in the 2022-2023 Ph.D. admissions cycle in the Computer Science
department at a private university. We demonstrate that VIS4GRAD has the potential to iteratively transform graduate review
processes to ensure adherence to fair procedural goals e.g., to program goals for diversity, equity, and inclusion.

Index Terms—Process awareness, graduate admissions, decision making, visual analytic
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1 INTRODUCTION

University graduate admission involves complex decision
making processes, often characterized by individual review-
ers 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 in-
form final admissions decisions. Due to the complexity and
subjectivity of the decision-making process, unconscious
biases (biases beneath the level of an individual’s conscious
attention) might impact the way reviewers make admissions
decisions.

This work focuses specifically on implicit biases, such as
gender and racial bias, that are ingrained as a result of a
person’s cultural beliefs and past experiences [1], [2]. Differ-
ent from conscious biases such as overt racism or sexism,
implicit biases are not intentional. Nevertheless, they often
materialize in harmful ways such as snap judgments based
on an individual’s skin color or gender that, unchecked,
can result in the propagation of harmful stereotypes. Impor-
tantly, because these specific forms of bias are not conscious,
they often persist in spite of an individual’s best efforts to
counteract it. Such biases are, by nature, difficult to perceive
during the decision making process, and it is hard for
reviewers to determine if a decision is biased without being
aware of the factors that drive the decision making process.
Our goal in this work is therefore to investigate (1) how
we can promote real-time reflective review processes and
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(2) to what extent heightened awareness leads to reviewers’
adjustment of associated behaviors and decisions.

Reviewer biases can lead to decisions that are harmful
both to students and program missions. 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
(otherwise credentially identical) female candidates [3]. Sim-
ilarly, racial discrimination has been studied in the labor
market. Experimental results show significant discrimina-
tion against African American names in job applications:
equivalent resumes with White names receive 50% more
callbacks for interviews than resumes with African Amer-
ican names [4].

Building upon prior work on reflective design [5] and
recent efforts to mitigate biases in visual data analysis by
visualizing users’ interaction history with data to increase
awareness of potential biases [6], [7], we designed an inter-
active system, VIS4GRAD, to support process-aware grad-
uate admissions. We use the term process awareness to refer
to metacognitive knowledge of what and how decisions
have been made during the decision making process, which
we aim to achieve by encouraging real-time self-reflection
on the review process through visualizations of interaction
history.

VIS4GRAD supports a collaborative framework for
admissions review, i.e., it enables admissions committee
members to individually evaluate applications, rating them
along relevant factors defined by the admissions commit-
tee, followed by support for collaborative decision mak-
ing with collated individual evaluations. Importantly, the
system captures reviewers’ interactions to compute time
spent on each applicant and time spent on each component
of the application (i.e., personal statement, resume, letters of
recommendation, etc). VIS4GRAD provides visualizations
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of these interactions according to applicant attributes such
as race and gender to promote reviewers’ self-reflection of
potentially biased behavior.

Ambiguous review behaviors and decisions make it
infeasible to detect each particular type of bias that may
take place during the admissions review process. Instead,
we focus on increasing reviewers’ awareness of behavioral
indicators that might result from underlying biases. These
behaviors could include not spending enough time on a
certain application, systematically spending more/less time
on a certain group of applications across gender or racial
lines, and/or inconsistency in ratings among similarly qual-
ified applicants, etc. These visualizations are available for
each individual reviewer to reflect on their own processes,
as well as in an aggregated format for the whole group to
analyze collective trends in the committee’s review process
and decisions.

Our primary contributions include (1) the system,
VIS4GRAD, designed in collaboration with two gradu-
ate program admissions committee chairs to promote re-
viewers’ reflection on their review processes and increase
awareness of undesired review behaviors, and (2) results
of a case study with the admissions committee in the
Computer Science department at a private university that
demonstrates how VIS4GRAD can facilitate process-aware
decision making. These results importantly showcase the
real-world potential and possible ethical implications of
process-aware visualization.

2 RELATED WORK

We discuss how increasing process awareness during uni-
versity admissions can empower reviewers to address po-
tential biases in admissions (Section 2.1), informed by prior
approaches to analytic provenance (Section 2.2), collabora-
tive visualization (Section 2.3), and recent work on biases
in visualization (Section 2.4).

2.1 Biases in Admissions

A number of specific biases have been identified as partic-
ularly concerning in the context of university admissions.
Implicit biases [2] in particular, shaped by cultural and
societal norms, can perpetuate harmful societal stereotypes.
The term ‘implicit bias’ can include several more specific
forms including examples such as racial and gender biases.
The implicit Association Test (IAT) [8] characterizes such
biases by measuring the association that people hold be-
tween attributes and concepts. The test asks users to quickly
and accurately categorize words or images and measures
reaction time, such that faster responses indicate stronger
associations than slower responses, suggesting how implicit
attitudes can influence cognitive processes and behaviors.
Diversity training [9] has been used to address implicit
biases in organizational and educational settings (e.g., to
improve attitudes toward women in STEM [10]).

Capers et al. [11] measured implicit racial prefer-
ence in medical school admissions committees using the
black–white implicit association test [8] on 140 members
of the admissions committee composed of faculty and
students. The results show that all groups (men, women,

students, faculty) display significant levels of implicit bias
in the form of white preference. Education and training
on implicit biases are suggested by the authors to reduce
such biases. However, since these biases are unconscious,
informing individuals about the existence of implicit biases
has apparently limited impact during the decision making
process [12].

We hypothesize that a real-time intervention instead is a
promising solution, by creating heightened reviewer aware-
ness of their process and promoting reflection in the time
and space of the analysis and decision. To the best of
our knowledge, there has been no prior work that utilizes
reviewers’ real-time interactions with application packets to
promote process awareness.

2.2 Analytic Provenance
Analyzing user interactions with visual analytic systems
is a form of analytic provenance [13] which focuses on
understanding users’ reasoning process beyond analytic
outcomes. The analysis of user interactions and provenance
data has been used for various purposes [14], including
evaluation of visualization systems, creating adaptive sys-
tems, model steering, replication of analysis sessions, report
generation, and most relevant to our work, understanding
the user. For example, studies have shown that user interac-
tion is a powerful cue to learn about users, signaling their
analysis strategies [15], personality traits [16], and subjective
preferences on data [17].

Our work is similar to these prior works in that we
also aim to obtain high-level information about the user’s
analysis process from low-level interactions such as mouse
clicks. However, different from prior work in which the
provenance information is used by the underlying system
or researchers, our work displays the provenance information
to the user to help reviewers maintain self-awareness of their
decision making process.

2.3 Collaborative Visualization
The admissions review process is often a collaborative one,
where committee members review part of applications,
followed by a group discussion to aggregate individual
ratings. Visualization techniques have been utilized to sup-
port collaborative data analysis [18], [19], [20] and group
decision making [21], [22], [23]. Collaborative visualization
can take place in many scenarios delineated according to
space (co-located or distributed) and time (synchronous or
asynchronous) [19]. Numerous systems have been designed
to support collaborative visualizations in these different
contexts. A common setting is distributed collaborative
visualization where multiple users share visualizations re-
motely for solving problems as a team [24], [25], [26] or for
social data exploration [27], [28].

Recent efforts have resulted in the design and devel-
opment of visualization systems to support group decision
making (e.g., [21], [22], [23]). A notable example by Liu et
al. [22] introduces a visualization tool that facilitates con-
sensus building by displaying all group members’ opinions
across multiple criteria individually and in aggregate to help
users identify points of disagreement. The above-mentioned
techniques provide a useful starting point for designing a
collaborative visual analytic tool for admissions review.
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2.4 Bias in Visualization

Recent work to mitigate biases in the context of visual data
analysis are perhaps the closest recent efforts to the present
work. Our approach, however, is removed from eradication
of specific biases and instead focuses on boosting individu-
als’ awareness of the characteristics of their analytic process.
Nonetheless, efforts toward addressing bias in visualization
inform our work by providing contextual motivation and
alternative approaches.

Bias has been actively studied in the visualization com-
munity recently, formalizing the types of bias relevant to
visualization and visual analytics [29], [30]. Some efforts
have examined the presence of particular types of bias in
decision making processes with visualizations such as the
attraction effect [31], priming and anchoring bias [32], [33],
[34], [35], confirmation bias [36], and Dunning-Kruger Effect
[37]. Other recent work proposed computational metrics
that can be applied to user interactions with data to quantify
bias in real-time [38], [39], [40]. In the context of the appli-
cation review process, prior metrics (e.g., [39]) can be noisy
and wrongfully signal false positive biases [41]. Hence, we
choose a simplified approach based on surfacing measures
of focus: the cumulative duration of time spent interacting
with different applications and different application compo-
nents, without assigning a value judgment to the outcomes.

Apart from bias detection, researchers have also recently
investigated methods to mitigate bias [42], [43], [44] by
altering the framing of the task [45] or communicating bias
metrics visually in real-time to increase the awareness of
bias [6], [7]. The design of our system is inspired by recent
work [6], [7] 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 quanti-
tative results in laboratory experiments, they did positively
impact awareness, and we posit that there is high potential
for real-world impact in the context of graduate admissions.

Most relevant to the domain of this work, visualization
researchers have identified potential biases (confirmation
bias, the Halo Effect, and the avoidance of cognitive dis-
sonance to name a few) in the holistic review process in un-
dergraduate admissions [46]. Visualization strategies, e.g.,
presenting alternative visual representations of application
attributes and applying single-text visualization methods on
letters of recommendation and students’ essays to identify
salient and effective points are proposed to mitigate these
possible biases [46]. However, the proposed strategies are
broad without empirical evidence of the effectiveness of
specific strategies and have not been deployed in real ad-
missions processes.

3 FORMATIVE DESIGN

The design and development of VIS4GRAD followed a
user-centered approach [47] that involved close collabora-
tion with two admissions committee chairs in the Computer
Science Department of a private university. The department
was motivated to improve equity and consistency in the
admissions process. Our final system development resulted
from multiple iterations, during which we interviewed the
admissions committee chairs to learn the admissions pro-

cess and identify requirements, design a prototype, gather
feedback, refine the prototype, and implement the system.

3.1 Methodology
We first conducted semi-structured interviews with two
admissions committee chairs, C1 and C2, in the Computer
Science department to learn more about their graduate
admissions process. The interview covered topics including
the application format, data access, decision making criteria,
and collaborative mechanisms, with follow-up questions to
dig deeper based on participants’ answers. Each session
lasted approximately 30 minutes. The interviews illumi-
nated characteristics of the existing review process (Sec-
tion 3.2) and the department’s needs for conducting meta-
analysis on the admissions review process.

Based on our understanding of the program needs, we
next sketched one possible visualization solution and built
a preliminary prototype from the sketches to ground the
discussion on the program’s goals for a review system. The
first version of the interface included an interactive scatter-
plot, filters, a profile view showing application documents,
a commenting feature, radio buttons to enter applicant rat-
ings, and recommendation bins that show reviewers’ recom-
mendations of applicants. More details of the preliminary
interface are attached in Supplemental Materials.

In a subsequent interview, we provided a demonstration
of the interface design, followed by a semi-structured
discussion. The session lasted approximately 45 minutes. A
survey questionnaire followed afterwards, including ques-
tions about the usefulness of system components, comments
on the features in the interface, willingness to use such a sys-
tem 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
views in a singular screen in the prototype. Based on the
discussion and questionnaire responses, we summarized the
needs for analyzing the admissions review process as pro-
cess awareness needs (Section 3.3) and refined our design
goals (Section 3.4) for the final system design.

Additional interviews were conducted with one commit-
tee 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 the reviewers’ time spent on each component of
an application, as described in Section 4.

3.2 Existing Review Process
The existing review process can be summarised as follows.
Applicant portfolios are concatenated into a single PDF file
(one per applicant), which are distributed to the assigned re-
viewers (min. 2 in the initial review phase). One committee
chair assigns reviewers based on an applicant’s interested
faculty members stated in their application forms or to
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faculty members whose research area matches applicants’
area of interest.

Beforehand, the committee typically agrees on a set of
criteria along which reviewers will rate candidates such
as Academic Preparedness (readiness for success in graduate
courses, as indicated by performance in coursework), Re-
search Preparedness (well-articulated aspirations and demon-
strated ability or potential to conduct advanced, high qual-
ity research), Teaching Preparedness (relevant preparedness
sufficient to be a teaching assistant for fundamental Com-
puter Science courses), and Communication Proficiency (abil-
ity to communicate clearly in written and verbal English).
These criteria are evaluated on a 0-5 scale where 0 indi-
cates clearly fails the requirement and 5 indicates clearly
exceeds the requirement. Reviewers enter their comments
and ratings for each applicant in a shared spreadsheet. After
the initial review, applicants who were “above the bar” are
interviewed via Zoom by at least one faculty member. The
committee then meets to discuss and decide which appli-
cants will be admitted, waitlisted, or rejected, 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’ individual
and collective group needs for investigating (1) internal
consistency in time spent across (1a) applicants and (1b)
application components, and (2) internal consistency in (2a)
ratings and (2b) decisions across applicants, stratified by
sensitive attributes such as race and gender. Inconsistency
in time spent across applicants (1), for instance, could be not
spending enough time on a certain application, neglecting a
certain application component (e.g., not reading recommen-
dation letters), systematically spending more/less time on
a certain group of applications across gender or race, and
so on. While time spent alone is a noisy metric influenced
by many factors, it 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 (2). In this case, the review committee defines
consistency in ratings to mean that applications with similar
characteristics should be rated similarly (2a) and should
receive a similar admissions decision (2b). Inconsistency in
ratings could be that applications with the same ratings in
evaluation dimensions (research preparedness, communica-
tion, etc.) received different overall ratings (e.g., competitive
v. not competitive), or systematically rating a certain group
of applications as more/less competitive across gender or
race, etc. In more extreme cases, this may manifest as an
unbalanced racial and gender distribution of applicants rec-
ommended as competitive and not competitive (ultimately
leading to unfair distributions of admitted and rejected
applicants).

3.4 Design Goals
Based on our formative design activities, we derived the
following design goals to support the department’s desired
framework for admissions reviews and the department’s
needs for increasing process awareness.

DG1. Facilitate independent review of applications. The
system should enable reviewers to independently rate appli-
cations across a set of pre-defined dimensions.
DG2. Support assessment of independent review behavior.
The system should enable individual reviewers to analyze
their decision making processes and decision outcomes to
help increase awareness of undesired behaviors, such as
inconsistency in time spent across applications and ratings
among applications.
DG3. Facilitate group decision making. The system should
facilitate group discussion of applications during committee
meetings by providing collated independent evaluations
(ratings and comments) from individual reviews, and allow
the committee to make ultimate admissions decisions for the
applications, i.e., admit, waitlist, or reject.
DG4. Support group assessment of procedural consistency.
In addition to supporting individual assessment of review
behavior, the system should enable the department to as-
sess the admissions review process in aggregate to facilitate
assessment of admissions decisions in terms of adherence to
departmental goals for diversity and equity.
DG5. 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.

4 SYSTEM

Based on our design goals, we developed a system
VIS4GRAD (Figure 1) consisting of four separate tabbed
pages, including a Home Page which shows basic informa-
tion about the applicant pool and the reviewer’s progress
on assigned reviews; an Individual Rating Page where re-
viewers read and rate applications independently (DG1);
an Individual Summary Page where reviewers can see a
summary of their process as shown from their interac-
tions with applicants (DG2); and a Group Summary Page
which becomes available once all reviewers complete their
independent reviews to provide the group an overview
of their collective processes (DG3) and facilitate finalizing
admissions decisions (DG4).

4.1 Individual Rating Page
The Individual Rating Page (shown in the top of Figure 1) is
designed to support seamless completion of existing tasks
involved in independent review of applications (DG1). It
consists of the following components.

(A) Document Viewer shows PDF documents includ-
ing personal statement, resume, letters of recommendation,
transcript, and so on. Files are organized into separate
tabs such that only one file is visible at a time to support
subsequent meta-analysis of review process by document
(DG2). (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
personally like to make their decision process blind to
some sensitive attributes. This design is motivated by the
feedback we received from the formative design process,
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Fig. 1. VIS4GRAD supports admissions review with three pages. 1. Individual Rating: (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. Individual Summary 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. 3. Group Summary maintains
the scatterplot, profile, comments, and ratings, but replaces Time Spent Distribution with (H) Reviewer List and (I) Decision Lists. Note that all the
application material displayed here is fake data for demonstration purposes.
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where committee chairs expressed the need for flexibility
to mask attributes such as gender and race that might bias
their decisions and only reveal this information on demand.
(C) Comments View allows reviewers to leave comments
about the respective application, rather than externally tak-
ing notes as in existing practices. Comments are stored in
the database and are subsequently shown in the Group
Summary Page. (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 (in this case, Not Competitive
(1), Competitive (2), Highly competitive (3), Very Highly
Competitive (4)). Composing the application documents,
comments, and ratings in a single interface makes it simpler
to evaluate applications and adopt the system (DG5).

Interaction Logs record reviewers’ time-stamped inter-
actions on each applicant and each component of the appli-
cation (i.e., personal statement, resume, letters of recommen-
dation, etc). Specifically, users’ interactions with the inter-
face such as mouse move, click and scrolling are recorded to
derive a reviewer’s time spent (DG2). High level events such
as page visibility changes (e.g., if the reviewer navigates to
a different application such as a web browser) are recorded
in order to identify 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. If
two interactions are within a very short period (e.g., only
a few milliseconds), it can be regarded as random or unin-
tentional. On the other hand, if the user has not interacted
with the system for a long period, it is possible that the user
has been distracted from the task.

4.2 Individual Summary Page

While the Individual Rating Page is intended to serve as
an interface for completing existing reviewing tasks, the
Individual Summary Page is intended to provide increased
awareness of individuals’ review process (DG2). This page
can be accessed by reviewers any time during the admis-
sions review cycle. It maintains the Profile, Comments and
Ratings Views (Figure 1 B, C, and D, respectively) from
the Individual Rating Page, but replaces the Document (A)
panel with a data visualization panel (A.1), as shown in the
middle of Figure 1. The visualization panel consists of the
following components.

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

(F) Interactive Scatterplot visualizes applications that
have been reviewed where the x- and y-axes can be assigned
from a drop-down list to represent variables such as 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.

In addition to the x- and y-axis encodings, the points can
be encoded by (i) size to indicate total time spent on each
application and (ii) color to represent the reviewer’s overall
recommendation of an applicant, applicant gender, or ap-
plicant race (as shown in Figure 1F). Collectively, these en-
codings enable reviewers to scrutinize trends, distributions,
and outliers in their ratings and overall recommendations
by race, gender, etc. For example, the size encoding can
help reviewers identify if there are any applicants whom
they spent significantly less time reviewing so they can
subsequently revisit the application.

The scatterplot is designed based on the need for provid-
ing visualizations that allow reviewers to observe patterns
and outliers in their time spent and ratings along different
dimensions (DG2). While there are many visualization tech-
niques for representing multi-dimension data such as paral-
lel coordinates and scatterplot matrix, we chose a scatterplot
because of its effectiveness in identifying patterns/outliers,
visual simplicity, and familiarity to general audiences [48]
(DG5).

(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 com-
ponents (DG2), e.g., to identify instances where they spent
relatively more/less time on resumes relative to personal
statements (which may be intentional or unintentional) and
identify outliers at the individual applicant level such as
little or no review of a certain file for an applicant.

We explored alternatives for visualizing distributions
of time including raincloud plots and pie charts. We first
considered raincloud plots which can visualize the raw data,
the distribution of the data, and summary statics at once.
However, raincloud plots can be overwhelming for general
audiences. We then considered a simpler visualization, pie
charts, which are commonly used for representing numeri-
cal proportions, where the average time spent by a reviewer
and the time spent on a specific application on different doc-
uments would be represented in two pie charts separately.
However, it is difficult to compare different relative values
of a pie chart [49] (i.e., compare time spent on different
documents) and difficult to compare data across different
pie charts (i.e., compare the time spent on a particular
application with the average time spent across applications).
Finally, we chose a grouped bar chart which is both simple
(DG5) and effective for comparison.

4.3 Group Summary Page
The Group Summary Page is similar to the Individual
Summary Page in that it centers around an interactive scat-
terplot; however, it represents aggregated information for
applicants across reviewers to support group level analysis
of the admissions review process (DG4). The Time Spent
Distribution Chart (G) is replaced with a Reviewer Panel
(H) and three Decision Lists (I) (as shown in the bottom
of Figure 1) to facilitate group decision making (DG3). The
details are described below.

(F) Interactive Scatterplot remains similar to the Individ-
ual Summary Page except the size encoding of time spent
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is based on averaged time spent across reviewers, and the
color encoding for rating is based on the aggregated overall
recommendation among all the reviewers that rated the
given applicant. The circle stroke style is used to encode
rating agreement among reviewers where a dashed stroke
indicates reviewers have different overall recommendations
on an applicant. This is designed to help the committee
identify disagreements among reviewers easily to inform
the focus of discussions. A new attribute, Admission Deci-
sion, is added in the x- and y-axes options and the color
encoding options which can help the department to assess
the admissions decisions in terms of departmental goals for
diversity and equity in the final decisions made. Clicking on
a point (applicant) in the scatterplot populates the Profile,
Comment, and Ratings Views to facilitate group discussion
on the application.

(D1) Ratings View in the Group Summary Page is
updated to a strip plot representing each reviewer’s rating
scores on different factors, along with vertical lines indi-
cating the mean score among reviewers for each factor.
The ratings scores from the portfolio review phase and the
interview phase are presented in different colors (portfolio
review scores in orange and interview scores in light blue).
This view allows the group to easily identify the agreement
or discrepancy in the ratings for an application from dif-
ferent reviewers. Hovering on a point in the strip plot will
highlight the corresponding reviewer in the Reviewer List
(described next), and hovering on a reviewer will highlight
the reviewer’s score in the strip plot.

(H) Reviewer List displays information about reviewers
who reviewed or interviewed a given applicant when an
applicant is selected in the scatterplot. Each reviewer’s
information is presented in a data cell including the name of
the reviewer followed by the reviewer’s average overall rec-
ommendation (on a scale of 1-4) provided to their assigned
applications to facilitate calibration of scores. The reviewer’s
overall recommendation on the current applicant is encoded
as the color of the cell’s stroke which shares the same color
encoding as the scatterplot, and the reviewer’s average time
spent on different applications is encoded as the length
of the colored bar in the cell. An example is shown in
the bottom of Figure 1 where two reviewers’ and one
interviewer’s information is displayed. The average time
spent and score can help facilitate the group discussion and
decision making by understanding the relative toughness of
reviewers’ ratings.

(I) Decision Lists show four bins (Undecided, Admit,
Waitlist, Reject). Applicants are all placed in the Undecided
list initially and can be moved to and rank ordered in the
relevant bin to finalize admissions decisions. Applicants can
be moved into the appropriate bin by drag and drop from
the scatterplot or from another bin and can be similarly
reordered within the bin by drag and drop. In addition to
manually ordering the applicants, sort functions (including
sorting by average recommendation score, by last name, and
by number of reviewers) are also supported in the Unde-
cided list to facilitate prioritizing the order of discussion of
applicants among the committee. The decision lists share
the same color encoding as the scatterplot (Figure 1 shows
the case when the color encoding is set to Rating (Average
Overall Recommendation)). This page is disabled for indi-

vidual reviewers initially until all reviewers have finished
their own review process to guarantee that each reviewer
considers and rates the applications independently.

4.4 Preliminary Feedback
Before deploying VIS4GRAD, we obtained preliminary
feedback using a heuristic evaluation [50] from five visual-
ization experts who also have experience in graduate admis-
sions. The system received positive scores (µ = 5.89/7) on all
of the components (Insight, Confidence, Essence, and Time
(ICE-T) [50]) of the heuristic evaluation framework. The
heuristic rated the lowest (4) was the Confidence heuristic
“If there were data issues like unexpected, duplicate, missing, or
invalid data, the visualization would highlight those issues”. The
system was updated to make missing values more obvious
by making the document tab unclickable if a document is
missing for an applicant and adding N/A on the scatterplot
axes to represent missing values. More details about the
evaluation are attached in Supplemental Materials. Overall,
the results of the evaluation increased our confidence to
deploy the system for real-world usage (described next).

5 EVALUATION

We conducted a case study in the Computer Science de-
partment at a private university where the system was
used for the department’s Ph.D. admissions reviews over a
time period of roughly one month. This case study allowed
us to assess real-world efficacy of VIS4GRAD for process
awareness. The study methodology is described below and
the study results are presented in the next section (Section 6).

5.1 Participants
Participants were recruited through email. The admissions
committee chair sent out an email to all admissions com-
mittee members with an introduction of VIS4GRAD, a
description of how to use the system, and a tutorial video
that demonstrated the features of the system. The com-
mittee members were recommended (but not required) to
use VIS4GRAD; they could still elect to use prior existing
methods (described in Section 3.2) for their review tasks.
There were two committee chairs and 12 committee mem-
bers in total. 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
11 participants (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. We
refer to participants in the “Results” section (Section 6) as
P1-13. We note that one of the authors was a member of the
admissions committee (P12). We include their data in our
analysis in order to present a comprehensive view of the
admission review process.

5.2 Dataset
There were 161 Ph.D. applications in total, and each applica-
tion was reviewed by at least two committee members. Each
application consists of general information including re-
search interests, education background, test scores, etc.; per-
sonal statement; resume; up to four recommendation letters;



8

transcripts; and optional files including writing samples
and diversity statement. The applications were downloaded
from the application portal and loaded to the database
for VIS4GRAD by the first author before the system was
available for reviewers.

5.3 Procedure
Participants were provided usernames and temporary pass-
words to securely access VIS4GRAD. During the first two
weeks of the admissions review phase, participants in-
dependently reviewed and rated applications assigned to
them. After all committee members completed their review
duties, the committee held a group meeting to discuss
applications. Before the group meeting, the first author
loaded the scores and notes provided in a spreadsheet
from faculty members who did not use the system and
enabled the Group Summary Page. During the meeting, the
Group Summary Page 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 (remaining in
the Undecided list) were assigned to faculty members for
a virtual interview. The interviews took place in the subse-
quent two weeks. 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 in-
terview in order to gather user feedback. We interviewed
two committee chairs and nine committee members who
used the system. All the interviews were conducted via
zoom and each interview lasted 30 to 60 minutes. The
interviews started by showing a consent form to the partic-
ipant and upon agreement, the interview was screen- and
audio-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, consist-
ing of questions about the usability of the system, described
in Section 6.4.

5.4 Analysis and Coding
The first author transcribed the interview audio recordings,
consulting the video recordings to resolve any ambiguities
in the utterances. The research team used qualitative data
analysis methods [51] to analyze the interview transcripts.
Specifically, thematic analysis was conducted on the in-
terviews through inductive coding. Two authors indepen-
dently coded two transcripts and discussed to develop a
codebook. After refining coding definitions together, the
first author coded the remaining transcripts. The final code-
book contains 36 codes in nine categories including System
Usage, Review Strategy, Awareness, and so on, the details
of which are included in Supplementary Materials.

6 RESULTS

We present a quantitative analysis of participants’ inter-
action logs and surveys and a qualitative analysis of the

post-study interviews. We organize results according to
high-level themes of the case study, including increasing
participants’ awareness of their review process (Section 6.1),
associated behavioral changes (Section 6.2) and changes
in decisions (Section 6.3), consistent with [6]. In addition,
system usability scores and feedback are presented in Sec-
tion 6.4.

While 11 reviewers used the Individual Rating Page to
complete review tasks, only five of them used the Individual
Summary Page. Reviewers who did not actively use the
Individual Summary Page during application review still
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.

6.1 Awareness

We use the term awareness to refer to insights gained from
reflecting on one’s review process via interaction history on
the applications.

Process Awareness. Participants found that features in the
Individual Summary Page (specifically the distribution of
time spent across documents in the bar chart and the inter-
active scatterplot) helped them to systematically reflect on
internal consistency 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.” - P9, “I would also look at focus
time and I would look for outliers.” - P12) and adjusted their
review behaviors when they identified undesired behaviors.
For instance, the focus time distribution chart helped P9
be aware that (“I hadn’t really spent time on their writing
sample”, led them to behave differently (“So I went back
and I had the chance to read over it”, and made changes on
some decisions (“I think a student had uploaded something in
the writing sample but they hadn’t mentioned it on their CV, so
it was a good chance to revise what I had scored for their research
preparedness”). P5 noticed that “I didn’t spend much time on
this transcript” and found that it’s because “I couldn’t parse
it.” The scatterplot helped P12 identify outliers in the time
they spent on applications (“I just didn’t spend that much time
on someone”) and led to behavior change - “I would try to go
back and just look, 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 con-
sistency of time spent, participants also used the Individual
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.” -P9, “making
sure that I’m consistent.” -P12). P9 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 P12 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 (behavior change) – “I would go
back and look at their applications again”. P2 thought that the
scatterplot in the Group Summary Page is “useful for giving
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an aggregate view, allowing you to find anomalies easily” and is
useful “to see if the decisions are consistent”. The committee
planned to “take a look at the scatterplot to evaluate our process
overall”.

Fairness/Bias. 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”). P9 commented that the system made the review
process “fair on behalf of the applicants because we had the
opportunity to compare different people, look at the demography
and things like that.” P9 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 Individual
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.”
P12 thought it was useful “being able to sort of reflect on what
biases might have come into play.” Furthermore, as described
previously, these insights often led to changes in reviewer
behavior and decisions.

During the interview, participants who did not actively
use the Individual Summary Page during the admission
process tried to interact with the interface and found the
scatterplot “is showing how I have reviewed people, some ten-
dency of certain way to the other... if I have some gender bias
or race bias.” (P4), could be used “to make sure you’re not
admitting all men or something like that.” (P6), and the focus
time could answer the question “are you spending the right
amount of time or at least enough time on all the different
applicants?” (P11), indicating the system has the potential
to increase reviewers’ awareness of bias during the review
process, even if they did not ultimately use the system as
such.

6.2 Interaction Analysis

In this section, we present our findings from quantitative
analysis of user interactions with the system.

Interactions with Individual Summary. The system logged
users’ interactions with the Individual Summary Page, in-
cluding hovering on the points on the scatterplot (Figure 1F)
(to see the applicant’s information), clicking on the points
(to revisit the Individual Rating Page), and clicking on the
Overall Recommendation radio buttons (to modify overall
recommendation). We analyze this interaction data to un-
derstand if and how users used this part of the interface,
designed to promote reflection.

We found that reviewers visited the Individual Summary
Page at different phases of the admission process, i.e.,
during the individual review phase and during the group
meeting. Five reviewers visited the page, among which
three actively interacted with the page during both phases
and the other two reviewers interacted with the page only
during the group meeting. Table 1 shows the number of
distinct applicants reviewers hovered, revisited and made
changes on overall recommendation (including the changes
made after revisiting the Rating Page) in the two phases.
Although the numbers were too small to make generalized
statements, we further looked into what type of applicants

reviewers tended to hover and click on. During the individ-
ual review phase, P9 hovered on almost all the applicants
they reviewed, revisited applicants with low overall recom-
mendation, and rated the applicants higher after revisits.
P10 mostly hovered on applicants who they rated as Not
Competitive and rated one of them higher afterwards. P12
hovered on and revisited more competitive applicants and
both downgraded and upgraded some applicants.

TABLE 1
Participants’ interactions with the Individual Summary Page. Numbers

in parentheses represent interactions during the individual review
phase.

# Hover # Revisit # Changes in Recommendation
P1 11 1 0
P5 5 0 0
P9 10 (27) 8 (3) 0 (3)
P10 22 (5) 4 (1) 0 (1)
P12 4 (13) 1 (3) 0 (2)

Time Spent. Figure 2 shows how reviewers (at the group
level) spent time on applicants grouped by Overall Rec-
ommendation (left), gender (middle), and race (right). The
time is normalized by each reviewer and is shown as a
percentage (each reviewer’s time spent on all applications
they reviewed sums up to 100%). One-way ANOVA shows
that there were no significant differences in the time spent
across Overall Recommendation, gender, and race.
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Fig. 2. Box plots comparing the time spent for applicants by different
Overall Recommendation (left), Gender (middle), and Race groups
across all committee members.

The aggregations at the group level, however, can di-
lute trends that may be observed at the individual level.
Hence, upon further investigation, we found that two of
the reviewers spent less time on applicants they rated as
Not Competitive compared to applicants they rated as Very
Highly Competitive. Although there is no trend observed at
the group level on how reviewers spent time across gender,
at the individual level, we observed vastly different trends
among reviewers. As shown in Figure 3, some reviewers
spent more time on Female applicants on average, while
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Fig. 3. Box plots comparing time spent on applicants grouped by re-
viewer and Gender. Three participants’ data were excluded due to
limited usage of the system for application review.
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Fig. 4. The distribution of admissions decisions across gender and race.

others spent more time on Male applicants. Only four re-
viewers spent more time on Female applicants on average.
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 7.

6.3 Decisions
Figure 4 shows the distribution of the admissions decisions
by gender and race. 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.
The Chi-square test shows that the admission decisions are
independent from gender (p = 0.399) and race (p = 0.358).

6.4 System Usability
In the post-study questionnaire, participants rated their
overall experience with the system as well as impressions
on different features of the system (details are attached in
Supplemental Materials). The results of the questionnaire
and the qualitative feedback from the interviews indicate
that participants’ overall experience with VIS4GRAD was
positive.

Participants’ average system usability scale (SUS) score
is 78.3 indicating the system is “Good” (score above 68)
[52]. Participants found the system made the review process
faster and easier compared to the previous methods. P10
commented “it really made the process easier”. Participants
also expressed interest to continue using the system in the
future and suggested the system be used in other depart-
ments. For example, P2 said “Overall, I think this was a great
exercise and we would happily use it again in the future.” P7
commented “I wish other departments can use this system as
well.”

Visualization components of the system (the Scatterplot
and the Focus Time Distribution) each received divergent
usefulness scores ranging from 1 to 5 (potential range = 1-5)
from the participants. The mean score was 3.3 (SD = 1.2)
for the Scatterplot and 3.5 (SD = 1.1) for the Focus Time
Distribution. P13 commented “I like the visualization [scatter-
plot] a lot, it seems like it can dig out a lot of useful patterns”
and suggested providing guidance on how to perform the
analysis (“there could be some guidance. This guidance could
be sent to all the reviewers so then that will standardize their

analysis.”) Those 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
(P11). Participants who rated the Focus Time Distribution
relatively low commented that “I don’t think I would use focus
time to kind of assess my own confidence in what I was rating”
and suggested that “focus for supervisors of the process might be
more useful” (P6). We discuss future work on incorporating
these suggestions in Section 7.

7 DISCUSSION

Is Time Spent a Good Proxy for Bias? Time spent is a
noisy proxy for bias, as noted by several participants. 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 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 “the
exceptions are the applicants who have previously reached out to
us and we have already interviewed them and we already know
them” -P9 and “just like in a conference reviewing setting, there
are some manuscripts that are clear accepts and there’s some
manuscripts that are clear rejects.” -P11. 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, which time spent in and of itself does
not reflect.

There are a number of noisy factors influencing time
spent as a proxy for bias. However, similar to the stated
goals for Wall et al’s bias metrics [39] and consistent with
the goals of reflective design [5], our aim in VIS4GRAD
is to promote individual and group reflection on potential
biases. Thus while time spent is an imperfect proxy for
bias, its representation in VIS4GRAD can cause reviewers to
more carefully reflect on their review process nonetheless. In
the next section, we describe some possible ways to further
increase engagement and reflection on bias.

Increasing Engagement and Reflections. As described in
the case study (Section 6), only part of the committee used
the features intended for reflection. Given our observations
from the post-study interviews, we describe potential av-
enues for future efforts to increase engagement and re-
flection on review behavior. We observed that, although
the formative system design occurred in close collaboration
with committee chairs (Section 3), many committee mem-
bers nonetheless found the Individual 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). Integrated explanatory features
such as clickthrough tutorials, embedded videos, help pages
or tooltips could increase the learnability for these pages.
Additionally, future iterations of system design might utilize
concepts such as progressive disclosure, presenting a min-
imal interface initially (with less critical views collapsed),
and progressively add details and views on demand.
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Furthermore, exploring the balance of mixed-initiative
user interfaces [53] may be another promising direction.
The system could gently nudge [54] participants 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.

Finally, committee chairs can pre-define bias analyses
that are important (e.g., racial distribution of admitted ap-
plicants, time spent by applicant gender) and create default
view configurations that individual committee members can
use as a starting point to their exploration.

Ethics and Privacy. Although none of the review committee
in our case study expressed privacy concerns, we must
consider privacy with respect to appropriateness and indi-
viduals’ willingness to share interaction data (time spent)
which are shared with the committee in the Group Summary
View. A reviewer’s time spent on applicants is shared in
two forms. First, the time spent on a particular applicant
is shared in an aggregated form (i.e., averaged along with
other reviewers who reviewed the applicant, where the
average can be used to visually encode the size of circles
in the scatterplot in the Group Summary View). Second,
the average time spent across applicants they reviewed is
represented in its disaggregated form as the length of the
colored bar in the Reviewers Panel (Figure 1, H). Privacy
concerns surrounding this form of data sharing can be
informed through close collaboration and co-design with
target users. In future work, we hope to provide flexible
options for reviewers to opt in to the level of data sharing
they are comfortable with.

Future Directions for Behavior and Decision Analysis. Ac-
cording to the analysis of reviewers’ ratings on applications,
we observe that reviewers generally rely more on part of the
evaluation criteria (i.e., research preparedness and academic
preparedness) when giving overall recommendations and in
extreme cases, overly rely on a certain criterion like research
preparedness. The inconsistency in reviewers’ evaluation
criteria can be undesirable when individual goals do not
align with the department’s overall goal. Analysis of the
impact of each evaluation criteria for the overall recommen-
dation can be shown to reviewers to allow assessment of
whether the criteria they relied on are appropriate.

Metrics that can more accurately capture unconscious
biases could lead to deeper reflections on an individual’s
process and potential biases. For instance, time spent on
documents should be a function of factors like document
length, complexity of vocabulary, formatting, etc. Thus fu-
ture work can expand measures of bias beyond time spent
on documents based on discrete interactions (e.g., mouse
hovers and clicks) to can create a more accurate character-
ization by pairing discrete interaction metrics with passive
attention metrics (e.g., using eye-tracking).

8 CONCLUSION

In this paper, we presented VIS4GRAD, a system designed
to facilitate process aware admissions decision making. De-
signed alongside two graduate program admissions com-
mittee chairs, the system allows the admissions committee

members to individually 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 evaluated
VIS4GRAD 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.
While aggregate committee-level analyses suggested only
minute, potentially noisy differences in review behaviors
and decisions, individual review behaviors and decisions
displayed more clear trends. We conclude that VIS4GRAD
is a promising approach to increase awareness and affect
changes in behaviors and decisions for individual admis-
sions reviewers.
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