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ABSTRACT
Students are encouraged to explore their interests during college
to stimulate intellectual growth and prepare for a dynamic labor
market. However, interest exploration is entangled with the fateful
process of choosing courses for enrollment, and most institutions
offer limited tools to help students choose.We propose Pathways, an
interactive course information retrieval tool that facilitates interest
exploration and course discovery with a diverse pool of historical
course enrollment records. The tool visualizes sequences of course
enrollments as “academic pathways” to grant students unprece-
dented insights into the academic choices of prior students. We
share our design process, including a formative study on need anal-
ysis, the UX and algorithm design, and an evaluation study. We
find that Pathways supports students in finding courses that both
match their interests and expose them to new ideas. We discuss
directions for future work on how interest exploration can be pro-
moted at scale and on how to utilize historical course enrollment
data through visualization.

CCS CONCEPTS
• Human-centered computing → Empirical studies in HCI; •
Applied computing→ Education.
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1 INTRODUCTION
Each year thousands of jobs disappear and new industries and oc-
cupations emerge [15]. College students are starting careers with
rapidly evolving demands due to the transformation of entire indus-
tries by digitization and automation [39, 47]. Three out of four US
college graduates work in a job that is not even related to what they
studied in college [1]. These trends make it more important than
ever for college students to actively explore their interests to gain
awareness of potential industries to work in and acquire a range
of knowledge and skills to adapt in an increasingly complex and
rapidly-changing world [30]. To complement a structured curricu-
lum with required courses, the elective choice system in US higher
education grants students freedom to explore a variety of courses
during their degree program. The resulting sequence of course
enrollments across terms, their academic pathway, is a relatively
unique reflection of their formal academic experience [4, 5, 19].

Exploring and developing an academic pathway is a constructivist
learning process and distinct from acquiring skills and knowledge
in a specific domain [26, 73]. Transcending the learning that goes
on in classrooms, students continuously explore, construct, and
reflect on their learning path, as they will continue to do after
they graduate. Moreover, pathway exploration and development
emphasizes that knowledge is constructed from one’s own experi-
ence. Students iteratively develop pathways by trying new things
themselves, as opposed to being instructed by an expert about the
right path. Although many colleges and universities encourage con-
structivist approaches to learning, most instructor-led curriculums
tend to provide instructionist classroom learning experiences. The
elective curriculum itself provides students with a constructivist
learning experience. But to succeed in exploring and developing
their pathways, students need appropriate aids and resources to
facilitate this type of learning process.

Most students rely on a few sources of information to forge
their pathways. Academic advising and counseling has long offered
students help with making academic and career decisions through
conversations with trained experts. It is a valuable but scarce re-
source on most campuses. Not all students can have timely access
to advisors. Students who might benefit the most are less likely
to seek out advising staff, which raises equity concerns [31]. A
more widely used source of information on campus is informal
conversations with more senior students, but information gathered
through this approach is often homogeneous and biased based on
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a student’s social network [72]. Nevertheless, there may still be
opportunities to leverage social learning from the academic choices
of peers. Historical course enrollment data are usually only ac-
cessed by specialized staff and institutional leaders for high-level
reports on academic progress, but recently, academic pathway data
have been used to generate insights for instructors, students, and
members of the research community [3, 55]. We are not aware of
any application that provides students with personalized visual
representations of archival course pathways, which could convey
authentic, temporal information about course and major choices to
inform and inspire current students.

We developed Pathways, a system to support academic decision-
making at scale by visualizing campus-wide student pathway data
to promote equal access to unbiased information about academic
choices. The design of Pathways is grounded in psychological theo-
ries of interest: interest exploration is a fundamental component
in constructivist learning [25]. It is also an important activity for
students in the development of their individual and shared val-
ues [13, 33] and identities [60] during university education, which
are influential throughout students’ lives beyond finding a job and
other utility-driven choices [24]. Pathways uses data storytelling
techniques to provide information on course pathways through a
series of interactions and visualizations that encourage students
to explore. Data storytelling is commonly used in journalism to
communicate insights from data with a specific goal [67, 68]. It can
help convey complex information and guide exploration in a cog-
nitively well-paced and compelling manner. While we investigate
interest exploration among undergraduates, this approach extends
to other contexts, including helping working learners navigate their
learning journey outside of formal education.

This research makes three primary contributions: first, we de-
velop an interactive and scalable tool that promotes interest explo-
ration and supports academic decision making; second, we present
empirical insights into challenges that impede interest exploration
during academic decision making; and third, an empirical validation
of the tool offers insights into how it supports students in exploring
their interests and academic pathways.

2 BACKGROUND
2.1 Interest Exploration
Students who start their university education and realize howmany
options are available to them tend to ponder an important ques-
tion: what am I interested in? Past research shows that a student’s
interest significantly contributes to their academic decisions [35]
and career choices [46, 75]. Models of interest provide a theoretical
foundation to study pathway exploration. The process of construct-
ing pathways can serve as an affordance for students to reflect on
their interests.

Past research on the psychological construct of interest distin-
guishes between situational and individual interest [36, 37]. Situa-
tional interest is a psychological state triggered by external cues.
Individual interest is a trait-like preference that persists. The model
of interest development posits that an individual’s situational in-
terest in a topic is first triggered by a particular situation [38, 62].
As they engage with the topic over time, their situational interest
transitions into an individual interest that becomes a part of their

personal characteristics. The model aligns with a constructivist
understanding of interest, because it emphasizes the developmental
process of interest instead of considering it to be fixed [25]. Ac-
cordingly, we define interest exploration in our research as the
intentional effort that a learner puts forth during the initial stage
of interest development when situational interest is triggered. In-
terest can also be triggered when one already has an individual
interest [63]. The triggering process can facilitate specific aspects
of an established interest to be deepened and evolved. Interest ex-
ploration is therefore not constrained to new college students with
limited knowledge of what they want to study; it applies to students
at all stages of their academic journey.

The design of Pathways accounts for the transition state between
situational and individual interest for college students. Its goal is to
help students not only find pathways based on individual interest,
but also, explore situational interest by getting exposed to courses
and pathways they would not have known about otherwise.

2.2 Digital Tools for Academic Decision Making
Every college and university provides an online course catalog
system where students can look up course information. Students
can browse courses offered by different departments and search for
courses by course code, keywords in the course title, and instruc-
tor. The latest generation of course catalog systems, such as Atlas
at the University of Michigan [53] and Carta at Stanford Univer-
sity [76], provide significantly more comprehensive information
about courses that draw on data from official registrar records and
student evaluations of teaching. These systems display information
including grade distributions, official student reviews, estimated
time spent on the course, and common courses taken before, with,
or after a given course.

In recent years, historical course enrollment data has gained
traction as a novel source of information to understand and sup-
port academic decision making [43, 74]. They can be used to re-
veal complex decision patterns that students take for sequential
course navigation [3]. Moreover, applying computational methods
to these data can suggest relations of courses through co-enrollment
records [52, 57], which makes them powerful at course recommen-
dation [55]. The availability of enrollment records at most institu-
tions opens up new opportunities to support students’ academic
decision making at scale, especially for constructing pathways. For
example, Shao and colleagues [70] developed a system that recom-
mends courses across multiple semesters to students for degree
planning. We build on prior work in this domain by developing a
tool that makes historical course enrollment data accessible and in-
terpretable to students so that they can explore potential pathways.

Most stand-alone, student-facing tools that support academic
decision making follow a prescriptive advising model [41]. Crook-
ston [22] describes it as an approach similar to how a doctor would
treat a patient. Students receive “prescribed” answers based on
practical needs, which tend to concern registration, record keep-
ing, and generating recommendations. For example, one of the
most extensive digital advising system can support students in
choosing courses and majors, scheduling, and monitoring degree
progress [58]. These systems, while important, only in part assist a
student’s personal pursuit. We opted for a developmental advising



model in Pathways, which emphasizes helping students become
aware of their changing self and realizing their potential [22]. Most
academic decision support systems implicitly follow an assumption
that interest is stable by treating it as an input for future choice
prediction. In contrast, we recognize the changing state of a stu-
dent’s interest. We frame finding pathways as a chance for students
to reflect on their changing interests. Moreover, we intentionally
do not “prescribe” choices, but create interactive visualizations to
encourage students to take on an active role in exploring options.

2.3 Data Storytelling
A common concern with data-driven tools that are exploratory in
nature is that they are not actionable or interpretable enough to
benefit students [21, 78]. Students may get lost during exploration
and not be able to extract key insights from the visualizations.

Data storytelling is a powerful technique to communicate compli-
cated information in data and convey ideas to its audience [8, 23, 44].
Specifically, it embeds narrative and structure in a series of data vi-
sualizations to highlight insights with an overarching goal [28, 68].
We adopt an “interactive slideshow” framework for data story-
telling in Pathways, which walks students through steps like a
slideshow [77]. The overall story-line is author-driven but with the
overarching goal of promoting interest exploration. In each step, it
takes a reader-driven approach for students to explore at the level
of courses and entire pathways to ensure a high degree of flexibility
while following the overarching narrative.

The concept of data storytelling is in popular use today to report
news through mass media [17, 32] and it has been adapted to other
areas (e.g., business [45, 49]), but few studies have applied it in edu-
cational contexts [29]. Chen and colleagues [20] designed narrative
slideshows to help educators explore learning patterns in mas-
sive open online courses. Martinez-Maldonado and colleagues [50]
organized data in layers of storytelling in a multi-modal learn-
ing analytics system to explain insights to teachers and students.
These studies suggest that data storytelling can be successfully
applied in educational settings to improve learning experiences,
but more work is needed to develop theoretically grounded and
learner-centered systems that demonstrate the effectiveness of data
storytelling as a communication technique. We adopt data story-
telling as an approach in Pathways to promote interest exploration
through pathway-finding in a guided manner.

3 FORMATIVE STUDY
The process by which students consider courses for enrollment is
complex and remains largely unobserved [19]. We therefore con-
ducted a formative study to investigate the following two research
questions: What challenges do students face exploring their inter-
ests during course consideration? (RQ1) How do students identify
and develop their interests through courses? (RQ2) We will use our
findings to draw design ideas that can support students to explore
their interest and make academic decisions.

We conducted semi-structured interviews with twelve partici-
pants from a US research university (nine women and three men,
nine Asian and three White students, average age 19.8, SD = 0.7).
The interview protocol is available on OSF https://osf.io/g3fdr/.
Participants were undergraduate students in various years (one

first-year, two second-years, eight third-years, and one fourth-year
student) and programs (two in Human Ecology, five in Agriculture
and Life Sciences, four in Arts and Sciences, and one in Engineer-
ing). To analyze the interview recordings, we used deductive coding
based on our two research questions. This led us to two main find-
ings that informed our design decisions.

Finding for RQ1: Students face an overwhelming number
of competing factors during course consideration. Participants
consider many factors when deciding what courses to take, includ-
ing interest (12 out of 12 participants), degree requirements (12/12),
time schedules (10/12), class capacity (6/12), practical skills to be
learned (6/12), instructional style (5/12), workload (5/12), difficulty
(4/12), and grades (4/12). Participants felt “overwhelmed” by the
many factors they need to consider during course selection. In order
to cope, participants postponed consideration of certain factors to
subsequent stages of their decision-making process, allowing them
to focus on one or two factors at a time. However, the order in
which participants considered factors varied. For example, P2 val-
ued timing the most, so she excluded all early morning classes from
the start. P8 only considered class difficulty when she made her
final decision, whereas P3 considered difficulty from the beginning
and only looked into easy classes. It shows that participants have
different priorities that, if they dominate over their interest, can
limit the scope for exploration. It is therefore important to preserve
interest as a priority in students’ course consideration process to
encourage wider exploration.

Studies of multistage decision-making processes find that people
expand their consideration set at an early stage, and then narrow
it down in later stages [2, 6, 14]. If a student considers too many
competing factors early on, they risk having a small consideration
set to start with. One study found that students at one university
considered a surprisingly narrow set of courses in their initial
course consideration process [19]. Our interview findings suggest
that factors such as difficulty can discourage students from pursuing
their interests early on, which leads them to consider a narrower
set of courses. We therefore intentionally designed Pathways as a
tool that focuses on students’ early decision stages with the goal of
expanding students’ awareness and consideration of course options
to explore more before excluding them from consideration. The
primary feature of Pathways thus begins with a topic-centered
search to give students a space to freely articulate their interests.
To prioritize student interest, we intentionally kept the tool simple,
omitting features for course planning or course review to avoid cues
that highlight other factors, including requirements, scheduling,
difficulty, and instructional quality.

Finding for RQ2: Students identify their interests through
serendipitous discoveries. Many participants developed a broad
sense of their interests from daily interactions with family mem-
bers (9/12), close friends (4/12), and public media (4/12). In college,
taking courses enabled participants to systematically investigate
their interests. As a result of taking more and more courses, most
participants modified their initial interests or identified new ones
(11/12). In retrospect, their interests often changed or developed
unexpectedly—for many, a serendipitous experience. For example,
P7 was initially interested in food science because “it sounds cool”.
But after taking several relevant courses, she found out that she
was not as excited about biology experiments as her peers. It was
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then a course in food and consumers that helped her realize that
she was actually interested in the marketing side of the food indus-
try, an area she initially had limited knowledge of. In retrospect,
P7 identified her new interest through a pivotal course that was
broadly related to food. P2 shared a similar experience: she has
always been interested in social work for families and children and
initially focused on the psychological aspects of this area. But a
course about children and the law introduced her to the relevant
legal aspects, and she fell in love with it. Although her general in-
terest did not change, her interest developed by exploring different
courses about it. These cases highlight how an unexpected shift in
a student’s interest is often a result of pursuing an existing interest.
This finding inspires us to design for serendipitous discoveries in
Pathways by layering unexpected information on top of expected
information.

Prior work on recommender systems developed algorithms that
can increase the chance of serendipitous discoveries by adding
novelty and diversity in recommendations [18]. This way the rec-
ommender system does not generate only relevant information
and avoids users being trapped in “filter bubbles”. In the context of
course recommendation systems, Pardos and Jiang [56] developed
an algorithm that returns courses within a student’s indicated area
of interest but possibly offered by another department that uses
different disciplinary vernacular for the same topic in the course
description. However, their recommendations do not go beyond
a student’s stated interest. To recognize potential transitions and
developments in a student’s interest, Pathways aims to generate
search results that trigger new situational interest. We developed a
serendipity-promoting algorithm that shows both relevant informa-
tion and diverse-but-irrelevant information to students. However,
this approach entails a trade-off: users may be dissatisfied because
irrelevant information lowers the perceived accuracy of the search
result. Thus, we divided the search results into separate steps, em-
bedding them in the data storytelling framework so that students
are gradually guided to more diversified content. We also created
explanatory narratives in each step to convey the tool’s design
intentions to students.

Recommendation algorithms are one way to facilitate serendipi-
tous discovery. Another approach is to use design strategies that can
enhance user perceptions of serendipity [59]. In particular, recent
studies have argued that serendipity should be conceptualized as an
affordance in the design of tools and users should be granted agency
to adopt “serendipity strategies” as opposed to serving serendip-
ity “on the plate” [9, 48, 64]. They recommend adding interactions
that give users autonomy to actively explore serendipity. We there-
fore added an intermediate calibration step in the data storytelling
framework to let students calibrate the algorithm and inform the
direction of diversity in the final result. Pathways positions students
as actively seeking out diverse results, rather than being coerced to
view content that may not match their interest.

4 PATHWAYS
The Pathways application is an interactive course exploration tool
designed to promote interest exploration among college students.
Building on our formative study, we designed the system as an
exploratory search tool that presents courses and pathways to in-

Figure 1: Pathways User Interface.

spire serendipitous discoveries beyond students’ initial interest.
We adopted a data storytelling framework to organize the explo-
ration process into three interactive steps, each with a specific
sub-goal [65]. The goal of step one (Search) is to have students
reflect on what their interests are and be open to all kinds of ideas.
The goal of step two (Course Matches) is to support exploration
in the student’s domain of interest by showing a pool of courses
that are independently relevant to their stated interest. The goal
of step three (Pathway Matches) is to create serendipitous discov-
eries in interest exploration by showing pathway visualizations



that contain a combination of topics relevant to the student’s stated
interest and unexpected topics inherent in a given academic path-
way. Each step is narrated in an informal style to communicate
what is being presented to resemble an informal chat with a mentor.
Transitions between steps follow a read-and-proceed interaction
paradigm (i.e. students click a button and new content appears
below). An overview of the user interface is shown in Figure 1 and
the Pathways workflow can be found on OSF: https://osf.io/g3fdr/.

Step 1: Search. First, the student describes their general inter-
ests in an open-ended response field (Figure 1.a). To underscore the
exploratory nature of the tool, we opted for an open-ended prompt
(“Describe in a few sentences what you are interested in studying”)
instead of a series of closed-ended questions about students’ de-
partments or majors. While closed-ended responses can provide
useful information for inferring interests, they may also limit the
expression of ideas to subjects that students are already familiar
with or have seen offered at their institution. Below the prompt, a
worked example of a lengthy search response is shown to nudge
students to write more. A new example response replaces the old
one when a student clicks on “Load another example”. Below the
example response, a large input text box encourages students to
reflect.

Step 2: Course Matches. Based on the student’s stated interest,
the most relevant courses are shown in hexagons and color-coded
by the degree of relevance (Figure 1.b). The student can filter the
courses by credit hours and subject. Course descriptions are shown
when the student hovers over a course. If they click on the course,
the tool will take them to the institution’s official course catalog
page with details such as the course description, units, and instruc-
tors. The student can save a course to their dashboard if it spurred
their interest. All courses shown in this step are directly relevant to
the student’s stated interest, but the results are not constrained to
one department. Thus, the results are more diverse than what the
university provides in the course information system, which shows
courses by filtering through department categories. This step is
intended to be a stepping stone to serendipitous discoveries before
showing the student results that extend from their stated interest.

Step 3: Pathway Matches. The student is presented a pool of
courses that do not directly match their stated interest but may still
be of interest to them (Figure 1.c). They are asked to select one or
more courses that they find interesting. This is a calibration step
for the algorithm to learn about the student’s potential interests
before pathways are shown. It is also intended to grant students
agency to seek out potential interests. Finally, a full pathway visu-
alization of a previous student is shown to the student (Figure 1.d).
Courses are lined up in hexagons from top to bottom by semester
in a chronological order, with “Year 1” to “Year 4” indicated on the
left side. This type of temporal visualization depicts how course-
taking patterns evolve over time and evokes a personal story for the
anonymous student pathway beyond the mere list of courses they
took [77]. The hexagonal shapes create a compact layout for the
student to view all courses at first sight without the need to scroll
much, which conforms with Mayer’s temporal contiguity princi-
ple [51]. Courses are color-coded by their subjects to emphasize the
diversity of subjects in a pathway. Underneath the visualization,
the left/right arrow buttons let the student flip through five path-
ways. While these pathways contain courses that are relevant to

the student’s stated interest in the first step and the calibration step,
they also contain courses with minimal overlap across pathways
to achieve high diversity. The student can save entire pathways or
courses of interest into their dashboard.

The Dashboard Page. The exploratory search feature is com-
plemented by a dashboard page where students can browse and
manage the list of courses and pathways they saved. Students can
also initiate a new search from the dashboard page.

5 ALGORITHM DESIGN PROCESS
This section presents the development of the search algorithm that
supports the functions described above. The algorithm operates on
an archival, de-identified dataset of historical course enrollments
and a dataset of course information that is periodically updated.
A known design challenge of smart systems is that the technical
feasibility of the algorithm depends on the UX design and dataset
characteristics [27, 79]. Following best practices in HCI [10, 11], we
conducted design-driven data exploration to guide the algorithm de-
sign and match it to our UX design. We also intentionally designed
the algorithm to be simple enough to ensure high algorithm inter-
pretability in each step of the results, as well as establish a baseline
for future iterations with more complex, intelligent algorithms. We
now describe the data we used, how results are generated in steps
2-3, and the design-driven data exploration process that led to the
final algorithm design.

In the Course Matches step, the model performs single-item rec-
ommendation for course items, similar to models for web page
searches. The search is performed based on a course information
dataset, obtained via an API from the institution’s public course
catalogue with the latest information about all courses on cam-
pus. The dataset contains attributes such as course title, course
description, instructors, and number of units. We use the course
title and description as the course corpus for information retrieval,
following these steps: First, the search query from step 1 is prepro-
cessed by spellchecking, lowercasing, lemmatizing, and removing
common English stop words as well as specific course-description
related stop words such as“course”, “teacher”, and “instructor”. Sec-
ond, query expansion is performed to improve match quality: if
the search query is under 25 words, it is expanded by adding re-
lated words from NLTK synsets. Third, the search is performed by
computing TF-IDF vectors for unigrams and bigrams found in the
query and in the course corpus. We show the top relevant courses
to users based on cosine similarity.

In the Pathway Matches step, the model recommends a set of
pathways composed of courses. The search is performed based on an
archival dataset of historical course enrollments for 4,398 students
between 2008 to 2019. The data includes all courses that students
took each semester until they graduated. It includes nearly all course
subjects that a student can take on campus (179 out of 186 subjects
offered). Diversity in academic choice patterns can offer valuable
insights to current students: instead of only learning about course
choices from peers in their social network, students gain equitable
access to information about academic decisions of diverse peers. A
common challenge with data-driven applications like Pathways is
that it can be unclear what outputs it will produce in the absence
of user input during the initial design phase. We designed our
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Figure 2: Left: Number of relevant courses (±𝑆𝐷) in the top 10
relevant pathways averaged across all search queries. Right:
Number of pathways (±𝑆𝐷) in the top 100 common courses
averaged across all search queries.

algorithm without knowing what students might write as search
inputs. To address this challenge, we created twenty search queries
to gain an initial sense of how the algorithmmaywork.We curated a
diverse set of search queries in terms of their subject matter, length,
colloquial style, and student motivations. Two example queries we
used for testing are AI for social good and I’m interested in classes
that apply fine arts to something computational, like computational
architecture or digital arts.

To develop a serendipity-promoting algorithm, we created two
metrics to measure both relevance and diversity in the results. We
define pathway relevance by the number of relevant courses in a
given pathway, where the top 50 courses with the highest cosine
similarity are counted as relevant. We then define diversity across
pathways by the number of common courses that a set of pathways
contain, excluding all relevant courses. The fewer common courses
there are, the more diverse the set of pathways is. We aim for an
algorithm that achieves high pathway relevance and high diversity
across pathways, and we conducted data exploration to understand
our dataset in terms of these two metrics.

First, we investigated how many relevant courses a pathway
contains for a given search query. We computed pathway relevance
for our twenty example search queries and obtained the top ten
relevant pathways in order. Figure 2.a shows that even the most
relevant pathways contain only seven relevant courses on aver-
age. Students in our dataset take an average of 43 courses (SD =
8) throughout their undergraduate studies. Thus, at most 16% of
courses in a student’s pathway are directly relevant to a search
query. This implies that even the most relevant set of pathways
contains a high proportion of other courses for students to explore.
Therefore, for a given search query, we design the algorithm to
select the top ten pathways in terms of pathway relevance. This
practically guarantees unexpected encounters with courses and
topics while maintaining the highest degree of pathway relevance.

Every pathway with high relevance contains irrelevant courses,
but it is unclear whether these courses will trigger student interest.
We identified and adopted two approaches in our algorithm design
to increase the chance that the presented pathway triggers student
interest: One approach is to maximize diversity across pathways
to broaden the student’s exposure to various courses. The other
approach is to prioritize the pathway that contains courses related
to the student’s potential interest. This raised the question: how
many diverse courses are in pathway results for a given query?

We computed the number of common courses excluding relevant
courses in the top ten relevant pathways for all twenty example
queries (Figure 2.b). The long tail in the distribution suggests that
a large variety of courses are represented in even a small number
(10) of pathways. Figure 2.b also shows that more than half of the
top relevant pathways have approximately 15 courses in common,
even after excluding relevant courses that many of these pathways
contain. This indicates that common courses are an issue in path-
ways and may negatively affect the diversity of pathways. However,
courses may also be common across pathways because they are
good matches for a student’s interest, suggesting to students that
peers who share their interest mostly took the following set of
courses. Therefore, in the calibration step, we ask students to pick
courses of interest from a pool of top common courses among their
relevant pathways. Based on the student’s selection, the algorithm
then selects a set of five pathways to achieve the highest diversity
across pathways among those with the highest pathway relevance.
Pathways are shown to the student in the order that prioritizes
those with the most courses of interest selected by the student.

6 EVALUATION STUDY
We conducted an evaluation study to test the usability of Pathways
and to understand academic exploration behaviors. Given that the
goal of Pathways is to promote interest exploration during aca-
demic decision making, we pose the research question (RQ1): does
Pathways support students to explore their interests? We also seek
new insights into how interest exploration and academic decision
making can be supported using Pathways as a research probe [40].
We observe how students react to Pathways, and especially to the
design strategies we embedded in it, to answer our second research
question (RQ2): how do students use Pathways to explore their
interests and academic pathways? Answers to these questions will
further our understanding of the needs and desires of students,
and generate design ideas for future refinements of Pathways and
related tools to support academic decision making.

6.1 Methods
6.1.1 Participants. We recruited fifteen participants from the uni-
versity where the tool was developed: eight self-identified women
and seven men; eight Asian, five White, one Hispanic, and one
Asian-White mixed-race student; three first-year, seven second-
year, three third-year, and two fourth-year or above students; three
transfer students. Nine participants had already declared a major:
four in information science, three in communications, one in ap-
plied economics and management, and one in computer science.
We use a standard sample size for an initial, exploratory system
evaluation in the HCI literature [16].

6.1.2 Procedure. We set up the evaluation study during the course
pre-enrollment period, a time when students are highly engaged
in academic decisions. The study was conducted one-on-one and
online. First, participants were asked to explore Pathways for 10-20
minutes while using a think-aloud protocol [42]. Then, the experi-
menter sent over a short anonymous survey to solicit background
information and a quantitative evaluation of Pathways to mitigate
attitudinal biases that may be induced by the presence of a re-
searcher. Due to connectivity issues, one participant was unable



to fill out the survey. In the end, a semi-structured interview was
conducted that lasted 20-30 minutes. Participants were asked about
their general experience of Pathways and their personal interests
and academic plans. The study sessions were video recorded, in-
cluding the think-aloud exploration and semi-structured interview,
but excluding the period when participants filled out the survey.

6.1.3 Survey Measures. Participants rated their agreement with
seven statements about Pathways on a 7-point Likert scale (1 =
Strongly Disagree, 2 = Disagree, 3 = Somewhat Disagree, 4 = Neither
Agree nor Disagree, 5 = Somewhat Agree, 6 = Agree, 7 = Strongly
Agree). The statements (shown in Figure 3) are about how well
the serendipity-promoting algorithm shows relevant and diverse
results (3 items), how the results translated into course discoveries
(2), and about future use and recommendation intentions (2).

6.1.4 Interview Protocol and Analysis. In the interview (protocol in
OSF: https://osf.io/g3fdr/), participants were asked to compare be-
tween Pathways and the institution’s official course catalog system,
Roster, that has standard features that most institutions provide
today. Participants were also asked to describe what they would use
Pathways for. The questions were designed to examine if Pathways
is an improvement over the most commonly used system in colleges
and if participants can discern how Pathways is different from a
course catalog system. Participants’ feedback was contextualized
within their stated interests and situation so we can understand
how they reached their evaluation of Pathways depending on their
specific context. This allows us to investigate where Pathways was
successful and where its limitations lie. We conducted a thematic
analysis [12] using the collected recordings. The research team
used line-by-line coding and generated memos individually. We
analyzed the codes and memos together, looked for patterns across
all interviews, and grouped them into themes. During this collabo-
rative analysis, we discussed all key points in the memos for which
there was disagreement or which were identified by one but not
other researchers. We then reviewed the interview recording and
discussed inconsistencies with the themes. Themes that did not
contain enough codes for support were removed or combined into
other themes. This was an iterative process that lasted until final
agreement was reached.

6.2 Finding: Performance of Pathways (RQ1)
We present findings for RQ1 about how well Pathways supports
students in exploring their interests.We organize findings into three
parts: First, we evaluate if participants perceived the serendipitous-
promoting algorithm as generating both relevant and diverse results.
Second, we evaluate if the generated results led participants to
discover courses that are both interesting and unexpected. Third, we
evaluate if students would use the tool in the future and recommend
it to their peers. We use evidence from the survey (Figure 3) and
interviews in presenting our findings.

6.2.1 Relevance and Diversity in the Results. We examined partici-
pants’ subjective evaluation of the results separately in the Course
Matches step and the Pathway Matches step. For the first one, 13
out of 14 participants agreed (Median = 6, SD = 1.2) that the course
matches were relevant. When using the tool, all participants saved
at least one out of the ten courses to revisit later in their Dashboard.

Figure 3: Survey responses in the evaluation study (n=14).

Most participants (10/14) reported that they saw courses related to
their interests, including ones they took before, ones they planned
to take, and notably, ones that they had not heard of before. This
suggests that even a basic relevance match between a participant’s
search query and course descriptions can increase student aware-
ness of course offerings and create unexpected encounters that may
help develop their current interest.

For the Pathway Matches step, most participants still agreed that
courses were relevant (11/14, Median = 5, SD = 1.7), though the level
of agreement was slightly lower than in the Course Matches stage.
This drop is expected as academic pathways include courses that
are not closely related to a participant’s indicated interest, which
can affect the overall relevance of the result. In fact, 13 out of 14
participants agreed that pathways exposed them to a diverse set of
courses (Median = 6, SD = 1.1). These findings highlight the compet-
ing goals of closely matching user needs with relevant information
and extending beyond user needs with less relevant information.
Thus, the inclusion of unexpected results needs to be well-balanced.
Overall, the results suggest that Pathways presented students with
results that balanced relevance and diversity as intended.

6.2.2 Success in Course Discovery. The goal of Pathways is to help
students find academic interests through viewing relevant and
diverse courses. We therefore examined if our approach enabled
successful course discovery. Most participants agreed (13/14) that
they found courses to take in future semesters (Median = 6, SD =
1.0). Moreover, they also agreed (13/14) that they found courses
that are unexpected yet interesting to them (Median = 5, SD =
1.2). This finding is supported by evidence from the interviews.
For instance, P12 remarked on how his situational interest was
triggered in an unexpected way: “I didn’t even think about (this
class) when I was initially saying what I was interested in in the first
step but it popped up and I was like okay this is something I can
see myself doing.” Overall, the results suggest that Pathways was
effective in stimulating student interest and creating serendipitous
encounters during academic exploration.

Participants also provided feedback on the interaction design
and visualizations to discover courses of interest easier. In the
calibration step of Pathway Matches, five participants commented

https://osf.io/g3fdr/


that they were not interested in any courses presented to them
and thus cannot calibrate the algorithm. They therefore suggested
adding a “loadmore” feature to browse throughmore courses for the
calibration step. In the pathway visualizations, three participants
raised the concern that color-coding courses by subject makes
the pathway too “noisy” (P1) or “distracting” (P3) because there
are too many subjects (Mean = 15 in a pathway, SD = 3.1). They
therefore suggested highlighting information in pathways based
on broader categories, such as highlighting STEM courses (P13)
or courses often taken in the final college years (P6). Additionally,
participants appreciated the compactness and sense of liveliness
that displaying courses in hexagons evokes, but the constrained
width of the hexagon makes course names hard to read and courses
of interest less noticeable. P10 suggested that seeing courses as a list
may be better. This may be particularly true for the visualization
in Course Matches, because arranging search results by relevance
in a list format is a common design pattern for search engines.
Overall, the interviews provided clear feedback for refinements to
the visualization for future iterations of Pathways to improve its
usability.

6.2.3 Future Use and Referral. Most participants (12/14) agreed
that they would like to use Pathways in the future (Median = 6,
SD = 1.3) and would recommend it to friends (Median = 6, SD =
1.3). The interview data offers further insight into their reasons
and potential uses. First, participants found it to be a useful, com-
plementary tool to the institution’s official course catalog system,
Roster. Participants described Pathways as a way to help them find
potential courses of interest, while Roster would be used subse-
quently once they already know what courses to take. P5 explains
the difference: “(With) Roster you had to do the research. This does
the research for you.” Second, participants saw Pathways as a tool to
improve information equity and mitigate biases, because it allows
them to get course-taking advice outside of their social circle: “I’m
actually interested in data science, but like I didn’t find any people in
the data science field to ask them like which courses are best to learn
data analysis.” (P6). Participants appreciated the ability to gather
information that is impartial compared to their friends’ point of
view: “If I ask someone else maybe they’re more into designs they
may recommend design classes but I’m gonna do like front-end and
back-end engineering stuff so it’s not really that relevant.“ (P13).

Participants came to appreciate connections between courses in
academic pathways and engage in longer-term thinking about their
academic plans with Pathways: “You can see what courses are used
to like built based on higher-level courses. That’s definitely something
I haven’t seen anywhere else.” (P13). The forward-thinking design
of Pathways is especially useful to first-year students who may
know little about what a four-year degree program entails: “I think
something... you don’t realize is you kind of have to have a four-year
plan when trying to pick classes, but when you come as a freshman
like ‘What I think of my four years’ is definitely a lot.” (P8). Multi-
semester planning is also important to transfer students like P11.
She commented that thinking strategically about more than one
semester at a time is more common for transfer students, because
they have more courses to cover in fewer semesters once they arrive
at a new institution.

6.3 Finding: Reactions to Pathways (RQ2)
This section presents findings related to RQ2 about how students
explore their interest and find courses using Pathways. We focus
on the qualitative evidence from the evaluation study and organize
findings around three claims: (1) Students struggle to articulate
their interest; (2) Students can be resistant to interest exploration;
and (3) Students gain new insights from pathway visualizations.

6.3.1 Students struggle to articulate their interest. Students are
asked to indicate their interests in the search prompt on Pathways,
but when participants faced the large open-ended text box, they
expressed a range of attitudes toward it. Half of the participants
(7/15) thought the open-endedness of the text box raises uncertainty
over how to describe their interest. They also felt reluctant to artic-
ulate in full sentences. They would have preferred the search to ask
more specific questions that can be answered in short phrases, such
as “what major are you interested in” or “what was your favorite
class”. However, other participants appreciated the large space to be
“wordy” (P11) about their interests. Participants who overlooked the
example queries tended to spend less time thinking about what to
write in the search box and typed in keywords such as their majors.
Yet participants who closely read through the full-sentence example
queries found them extremely helpful as a guide for what to write
about and wrote in full sentences. They generally spent more time
thinking and wrote more about their interests. This aligns with the
design intention of Pathways to promote deeper reflection through
articulating interests, even if it makes students feel uneasy. What
came as a surprise is how much participants relied on example
queries not only to determine how much to write in their query
but also what to search for. Several participants (5/15) found topics
in the example query interesting and decided to search for those
or add those to their own interest. This may indicate how students
find it taxing to reflect on their interests and rely closely on what
is presented as long as it generally aligns with their interest. This
also suggests that examples in the user interface can potentially be
used as light-touch interventions to influence students’ situational
interest.

Many participants (9/15) revised their search query after viewing
the search results. Among them, four participants realized that the
interest that they indicated was too general based on the course
results, so they wrote longer sentences to explain their interest. For
example, P13 initially only wrote “security” in the search prompt,
but then added details: “I’m interested in system security, something
in the computational field, and mechanical physics”. This shows how
Pathways uses course search results to nudge students to reflect
on and concretely articulate their interests. Five participants were
inspired by search results that were not directly relevant to what
they indicated. P10 initially wrote “I’m interested in classes related to
computer science, especially machine learning and human computer
interaction. I’m also interested in data science.”, but after seeing a
particular pathway, she went back and changed her search query
into “I’m looking for advanced computer science classes relating to
computer architecture and robotics.” This shows how Pathways can
trigger new situational interest by including seemingly irrelevant
information to students. Both cases show how courses and path-
ways can serve as “tangible objects” that allow students to “play
with” their interests and develop a new understanding of it.



6.3.2 Students can be resistant to interest exploration. All partici-
pants liked the Course Matches feature because it directly connected
to their search query, but their attitudes were mixed about the Path-
way Matches feature. Many participants (10/15) appreciated having
Course Matches to set the stage for the more complicated Pathway
Matches to make them “easy to understand” (P3). Some (3/15) ex-
plored the calibration feature to show different Pathway Matches,
commenting that it makes pathway visualizations “versatile” (P4).
However, we also saw that some participants (6/15) were not as
enthusiastic and showed confusion or resistance when they were
prompted by the calibration feature to explore or when they saw
the diverse pathways. We found two reasons for this resistance.

First, some participants (3/15) are open to interest exploration,
but only within the bounds of their requirements. They expressed
difficulty reconciling the need to satisfy requirements with explor-
ing their interest outside of what is required, describing it as a
“waste of credits” (P5). For example, P6 tried to recognize which
academic major a student pursued based on their pathways, such
as “this person is heavy business” or “this is an information science
and economics person”; once identified, P6 would move on to the
next pathway until she found one that matched her requirements.
While other participants did not consider fulfilling requirements
their main priority, many of them (9/15) indicated a desire to see
the major of the student whose pathway they were viewing, so
that they could determine if the courses they found interesting
would also satisfy their own degree requirements. They also ex-
pressed a desire for Pathways to let them specify their major in
the search prompt so that the results could filter out pathways
with different requirements. While this suggestion may serve some
students’ needs, it conflicts with Pathways’ goal to facilitate broad
exploration. P12 commented on the question of whether student
major should be reported and incorporated in generating pathway
results: “There are pros and cons. They will filter in more classes in
your major but the same time it can be very limiting. There can also
be so many pathways that you may not even know you’re interested
in before and maybe over time you may grow interest in.”

The other reason that some participants (3/15) chose not to ex-
plore is because they believe they had already committed to an
interest. P10 expressed that, “seeing all classes together (in a path-
way) takes the focus away from what I’m interested in.” Because
most students formalize their interest in terms of majors and mi-
nors, participants behaved differently depending on whether they
had already determined a major or minor. For example, P14 is a
second-year student who is searching for a minor. He is interested
in applying computer science in other disciplines, possibly in lin-
guistics, philosophy, business and education. P14 reported being
fascinated by the tool and he spent a long time exploring various
outcomes. Participants like P14 mainly used Pathways to better
understand the academic pathway of prospective majors or minors
that they are interested in. However, P12 was less excited about the
tool. Even though he is a freshman, he was already determined to
declare information science as his major: “It’s a little different for me
(than other freshmen) because I kind of already have an idea of what
I want to do. [...] I feel like for students who are more undeclared... it
may be more useful”. However, what these participants are often
not aware of is that exploration is an ongoing process, even with
an established interest. For example, P9 is a fourth-year student

majoring in communication and is very open-minded about explo-
ration. She described her motivation for exploration as follows: “I
think this application would be a really cool way to connect to what
I’m pursuing for next semester. [...] Like maybe I don’t want to just do
marketing communications. Maybe I want a photography class. [...]
Maybe there is a class that incorporates photography (with commu-
nication) but I don’t even know and so I think this app being able to
connect would be super cool for exploration.” This case highlights that
those who generally enjoy exploration tend to be open to topics
that can provide new perspectives on their existing interest even if
their interest is well-established.

6.3.3 Students gain new insights from pathway visualizations. When
participants browsed through visualizations of different pathways,
we were surprised to find that they would extend our working defi-
nition of diversity. While we defined diversity only in terms of the
variety in course topics across pathways, participants pointed out
diversity in terms of when courses were taken, not just what kinds
of courses were taken. They noticed many course-taking patterns
in the pathways that surprised them because the patterns devi-
ated from their understanding of what a pathway should look like.
Specifically, they noted the following unexpected patterns: some
students spent the first year primarily taking courses in one field but
then transferred to a completely different field in their second year
(noticed by P9, P15); some students took an introductory course in
an a secondary field in their final year (noticed by P8); some stu-
dents took courses in topics that look completely irrelevant to their
field (noticed by P6, P11, P12, P15); and some students only took
three courses in a semester when the usual number is around five
(noticed by P11). Many participants expressed surprise and even
asked if these pathways were from actual students. Seeing these
course-taking patterns broadened participants’ understanding to
the greater possibilities and options for a pathway.

In addition to noticing different patterns, participants also no-
ticed similarities across pathways. In most pathways, students took
courses from a diverse pool of subjects in their early academic
years, and later narrowed them down to one or two primary fields.
This sends an important message to students: they can take diverse
courses early on to explore what works for them, or as P9 put it:
“What this really shows is that all freshmen kind of have a very all-
over-the-place schedule cause they’re trying to figure things out. No
one knows right off the bat that Oh this kid is gonna do CS, this kid is
gonna do business. [...] I think a lot of students don’t understand is
that [...] you should take time to figure things out. Seeing this really
motivates you. [...] You can really discover anything.” The patterns
that participants identified in pathway visualizations are not inten-
tionally highlighted in our original design, but they reveal insights
that are at the core of what Pathways tries to achieve.

7 DISCUSSION AND CONCLUSION
We developed Pathways to support academic decision making at
scale. We adopted a developmental advising approach to encourage
students to explore their interests by visualizing past students’
course enrollment records, using a data storytelling framework,
and a serendipity-promoting algorithm. Our evaluation study shows
that Pathways can help students discover new courses and potential
pathways of interest. We found that many students struggle to



articulate their interest, and that presenting courses in the form of
pathways can help students formulate and express their interests.
We also found that students tend to explore their interests within
the bounds of degree requirements, or they view exploration as
unnecessary once they declare an academic major. When students
explore pathway visualizations, they realize that they can endeavor
diverse pathways themselves. The study’s findings raise broader
theoretical and applied implications concerning academic interest
exploration and data communication.

We conceptualize academic decision making as a constructivist
learning process that is enabled by the elective system in U.S. higher
education. Students need to create academic pathways that not only
satisfy degree requirements, but also align with their developing
interests and goals. To support this constructivist learning process,
we did not design Pathways to be an AI “expert” system for aca-
demic decision making. Instead, it facilitates learning from peers
using minimal AI to select peers who address students’ needs. We
found students actively reflecting on and evolving their interest
in the process of using the tool. Students “observed” the academic
decisions of others, represented as pathways, and compared them
with their own academic decisions. This demonstrates how Path-
ways supports constructivist learning for academic decisions, and
motivates further research into advising tools that support this kind
of learning process with a high degree of student agency. Learning
to make these decisions is a useful skill for life-long learning and
career choices beyond college [66].

We now consider limitations of this research and opportunities
for addressing them in future work. First, the historical course
enrollment data we used was a sample of undergraduate students at
the university that did not include all academic majors. This could
have introduced biases, limited the diversity of results, and impeded
serendipitous discoveries. While we did not notice problems along
these lines, we plan on expanding the data set in future studies.
Second, the evaluation study we conducted was in a controlled
context rather than a field deployment, which limits the external
validity of our findings. Participants used Pathways during the
pre-enrollment period, but they did not use it “in the wild”, which
may influence their attitudes and behaviors. Third, the sample of
participants was recruited from a channel that reaches a relatively
homogeneous sample of students with interests in information
science and communication. Their evaluation of the tool and its
algorithm may be shaped by their interests. While our sample size
is standard for an exploratory study with an initial design [16], the
complexity of pathway results might require a larger, more diverse
sample to gain generalizable insights about the performance of
Pathways, and what it tells us about student interest exploration.

Our study reveals unexpected tensions in interest exploration
during academic decision making. We were surprised to see how
challenging it is for students to articulate their interest in ways
other than stating their major. Majors are a useful heuristic for
students to think about their interest and it helps students stay
focused and graduate on time. The need to pick a major motivates
students to explore if their interest fits [71]. Yet majors also con-
strain interests.We found that students articulate interests in amore
nuanced, flexible, and creative way than majors after browsing di-
verse courses and pathways. Courses and pathways offer students

a new channel to envision and develop their interest beyond ma-
jors. For today’s students, it is especially important to consider
interests beyond institutional definitions of academic disciplines
(majors/minors), which are broadly defined and less fluid compared
to rapidly changing industry demands [7]. How to design prompts
and scaffolds to help students learn to articulate their interest war-
rants further study. Moreover, considering interests beyond one’s
major can promote exploration after major declaration. Based on
prior work on interest development, it is equally important to trig-
ger new situational interest in later interest development stages
as it is in early stages [34, 61]. The time of major declaration may
separate different stages of interest development: once declared,
students have an established interest. We found that only a few
students with a declared major continued exploration using Path-
ways, but new situational interest was triggered when they found
cross-disciplinary courses that connect back to their established
interest. We recommend future research to investigate different
types of triggers for different stages of interest development to
support sustained exploration.

Finally, our study shows the value of making historical course
enrollment data transparent to students. While most advising tools
focus on developing prediction models to inform academic deci-
sions [43], Pathways demonstrates that descriptive information
about other students’ choices can be equally, if not more, construc-
tive to support decisionmaking. This approach is extremely scalable
because it requires only simple technology and course enrollment
data that is available at virtually every university. These data hold
valuable information about academic choices and what they en-
tail. But how to strategically surface this kind of information to
students in a meaningful way requires further research. In Path-
ways, we used data storytelling and visualization techniques to let
students view and compare choice options across peers. We found
that students identify patterns that are instructive to them. They
notice that many students do not have a clear academic path in the
first terms, and are surprised to discover that academic pathways
are much more diverse than they presumed. While we cannot tell
why students took certain courses at certain times, the normative
message conveyed by these observations is compelling: there is
no standard way of creating a pathway and it is normal to take
time to figure it out. Prior work suggests that social norms emerge
when individuals interact with others [69] and they get reinforced
when interacting in a relatively homogeneous group [54]. Our work
shows that when students interact with a wider group of students,
even by viewing their pathways asynchronously online, they are
encouraged to update their normative beliefs and explore options
that could better suit their needs. Tools like Pathways provide chan-
nels to convey academic norms with authentic data. We call for
more research on students’ exploration and decision making to
build a science of academic pathways.
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