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ABSTRACT
Academic advising brings numerous benefits to the mission of
Higher Education Institutions. One central and challenging duty
of advisors is course recommendation for term planning. This task
requires both knowledge of the study programs as well as a tho-
rough analysis of the students’ unique circumstances. Limited time
and a large student population make this task overwhelming. As a
result, an important body of research has sought to expedite term
planning via data-oriented decision-support tools. The impact of
such tools on students has been extensively studied. However, the
advisors’ perspective remains largely unexplored. We contribute
to redressing this gap by studying how a grade prediction tool
shapes academic advisors’ approach to course recommendation.
We found that while the advisors’ usual strategies tend to prevail,
their recommendations largely depend on the advisee’s historical
performance. That said, advisors also acknowledge the limitations
of grades as a measure of academic success.

CCS CONCEPTS
• Human-centered computing→ Empirical studies in visual-
ization.
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1 INTRODUCTION
Academic advising processes are implemented by Higher Educa-
tion Institutions (HEIs) to promote exchanges between students
and experts in aspects of the students’ academic life [27]. These
exchanges are conducted under the assumption that the experts’
advice contributes to the creation of supportive academic envi-
ronments that meet the students’ needs and, hence, foster their
development. A vast body of research on academic support sys-
tems has identified multiple benefits of academic advising both
for students and HEIs. For students, advising guarantees not only
more informed enrollment decisions, but also guidance on matters
that may affect their academic success and performance [6, 20].
For educational institutions, academic advising can provide first-
hand feedback on the impact of institutional policies, keep students
focused on relevant goals, channel the students’ academic inter-
ests, and establish policies to improve student achievement [14, 19].
For all these reasons, academic advising is often a requirement of
educational accreditation boards [5] such as ABET1.

At the center of academic advising lie the academic advisors,
whose role is fundamental for the success of any academic support
system. Advisors act as mediators that inform students about insti-
tutional policies, principles, and expectations. By meeting students
on a regular basis, advisors can identify institutional features that
adversely affect the students’ experience. Equally important, advi-
sors get to develop a sense of the students’ needs beyond academic
matters. All this can promote the development of institutional ac-
tions oriented to improve student well-being.

Although widely effective, some aspects of academic advising
often require significant logistical efforts and resources. In particu-
lar, guiding students in the selection of courses for a forthcoming
academic term can be prone to errors—due to the introduction of
subjective judgments. This task requires assessing each student’s
academic history in light of their enrollment options at a specific
point of their study program, and is particularly challenging in
programs with curricula that do not include many elective courses.
The challenges around course recommendation have motivated
several research efforts to relieve the advisors’ workload. Most of
these efforts have focused on empowering students with data and
tools to make faster and more informed enrollment decisions. The
effects of these tools on the students’ decision-making process and

1https://www.abet.org
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final decisions have been extensively investigated and are quite
well understood.

On the contrary, advisor-oriented support is less common, and
the effects of data-based tools on the advisors’ approach to course
recommendation are lesser-known. In this paper we take steps to
fill this gap by investigating how a tool that provides course grade
predictions (and explanations thereof) shapes the approach of aca-
demic advisors to course recommendation. We present the findings
of a study in which academic advisors of an Engineering-oriented
public university used a grade prediction tool to recommend a set of
courses to students with three different academic profiles, namely
low-, average-, and high-performing. We analyzed the effects of the
tool on the advisors’ decisions as well as on their recommendation
strategy. Moreover, we studied how these decisions differ based on
the advisee’s performance profile. Our observations suggest that
when using the tool, advisors barely change their self-reported
usual recommendation approach. That is, the grade predictions and
explanations provided by the tool did not have a major influence
on how advisors decided which courses students should take in
an upcoming term. That said, advisors did look at complementary
information such as the student’s academic and enrollment history,
in order to build a more precise profile of the advisee. This, in par-
ticular, resulted in longer interactions with the tool when making
recommendations for the low-performing student, for whom ad-
visors also tried to maximize the GPA gain. We also found that a
grade prediction tool may rise concerns not only about the trust-
worthiness of the predictions and their impact on the students’
motivations, but also about the limitations of the GPA to characte-
rize academic performance.

With our study results, we contribute: 1) a characterization of
the advisor’s decision-making process for course recommendation
in the presence of grade predictions and different student academic
profiles; 2) a discussion of the advisors’ concerns raised by a grade-
prediction tool in the context of course recommendation; and 3)
a reflection on the need for human intervention to prevent the
undesired effects of grade-based predictions in academic support
systems. Our findings provide guidance for the design of data-based
solutions to make the student-advisor dialogue more effective.

2 RELATEDWORK
Before describing our study, we first summarize the challenges
around academic advising that motivate the use of data-oriented
decision-support tools. We then survey studies on the effects of data
and predictive tools on students and advisors. We conclude this
section with a body of empirical evidence that highlights several
features of AI-based tools that impact people’s decision making,
particularly in the context of academic advising and course recom-
mendation. This body of work constitutes the conceptual base that
informs our study.

2.1 Academic Advising and the Challenges of
Course Recommendation

Appropriate academic advising is critical for the success of stu-
dents [6, 20, 61]. Advising helps HEIs in supporting at-risk students
and strengthening their motivations [29] which, in turn, can re-
duce student attrition and prevent graduation delays and potential

dropouts [57, 60]. The Global Community for Academic Advising
(NACADA2) recognizes four dimensions of academic advising at
HEIs: (i) who does the advising (e.g., faculty vs. other dedicated
professionals), (ii) where and how advising services are available
(e.g., on-campus vs. via online tools, face-to-face vs. remote ad-
vising), (iii) whether advising responsibilities are centralized by
the university or delegated to its academic departments, and (iv)
whether specific advisors specialize in topics or they all are able
to assist students with any program-specific and university-wide
matter. The academic advising model adopted by a HEI is defined
by each of these dimensions, which depend on the HEI’s values,
resources, and educational models.

An important aspect of any academic advising program is assist-
ing students with course enrollment. In this process, advisors help
students shape their academic path through choices oriented to the
realization of their career and life goals [20, 21, 48]. The interactions
between students and advisors are conducted under the assump-
tion that, due to their experience, advisors are able to foresee the
long-term consequences of the students’ decisions—something that
is less accessible to the latter due to their incomplete knowledge.

A long history of research suggests that course recommenda-
tion can indeed reduce the risks associated to bad enrollment de-
cisions [18–20, 42, 54, 59]. However, when providing guidance on
which courses a student should take next, academic advisors face
the challenge of reconciling multiple relevant factors, such as the
students’ profile (e.g., academic history, interests, and skills) and
the features of the courses available for enrollment (e.g., contents,
difficulty, imposed workload). This makes course recommendation
a time-consuming task that is also prone to errors and suscepti-
ble to personal, non-objective opinions. Logistic criteria, such as
schedule restrictions and the number of places that courses can
accommodate, make the task even harder. These aspects often force
advisors to provide a “plan B”, in case students are unable to en-
roll in the courses of a primary recommendation. Other challenges
arise from the HEI’s educational model: in universities with largely
elective curricula, students have more options and thus, course
recommendation tends to be easier. Less flexible curricula make
enrollment decisions more critical, because poor term planning
usually incurs delays that can have a long-lasting impact on the
students’ academic experience and success [4].

The process of course recommendation is particularly problem-
atic when it takes place as part of an academic advising session, as
these must often occur within a short time window. The problem
exacerbates when students also seek assistance with personal is-
sues that affect their academic lives. Given that advisors may serve
other roles within their institution, time-related restrictions can be
a barrier in achieving the goals of an academic advising system [14].

2.2 Data- and AI-based Support for Course
Selection and Recommendation

The challenges explained above have motivated a plethora of tools
oriented to support students and advisors in term planning and
course recommendation. Most of these tools share a common de-
nominator: they capitalize on historical data to provide users with
objective information to make better, more informed decisions. At
2https://nacada.ksu.edu
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their onset, most of these tools primarily provided data-rich envi-
ronments with descriptive statistics of the courses in a program,
and the progress and performance of the students (e.g., [10, 12, 13,
24, 32, 46, 49, 50, 63]). A more recent generation of tools enables
users to simulate scenarios and make decisions in the light of data-
and AI-based predictions (e.g., [15, 26, 52]). The benefits and draw-
backs of both kinds of tools have been extensively investigated,
particularly from the students’ perspective. The “Cornell Experi-
ment”, for example, showed that when course grades are published
online, low-performing students tend to choose leniently graded
courses [7, 8]. Along the same lines, Chaturapruek et al. found that
using a tool that exposes historical official transcripts and detailed
end-of-course evaluation surveys lowered students’ GPA—an effect
that was also observed when the tool provided information about
course time commitment [16].

A parallel line of research has explored how predictive tools
support students’ decision-making for enrollment. Backenköhler
et al. proposed a tool to compose a personalized curriculum for a
given student, by optimizing predicted performance and time-to-
degree [4]. Jiang and colleagues describe a course recommendation
tool that takes into account students’ interest, prior knowledge,
and development [31]. Recent efforts by Pardos et al. have focused
on promoting serendipity in the exploration of enrollment options
in largely elective academic programs [51]. In previous work, we
investigated how a tool that presented courses’ historical data and
grade predictions affects students’ enrollment choices [41]. We
found that in the presence of grade predictions, students may be
tempted to approach course selection as a grade maximization
problem: they tend to choose courses with high potential GPA gain,
often disregarding other important factors such as the imposed
load or time commitments.

Nevertheless, when used properly, course recommendation tools
provide students with a comprehensive view of their study pro-
gram, and support them in making enrollment decisions in light of
more relevant and personalized options [38].

While the support for students to select courses is extensive, the
needs of advisors around course recommendation have received
less attention. LISSA [15], eAdvisor [52], and LADA [26] are no-
table examples of tools that seek to support advisors in making
more objective course recommendations. LISSA and eAdvisor’s
main goal is to support the dialogue between students and advi-
sors through visual descriptive dashboards, following principles
from the Visual Learning Analytics community [58]. LISSA also
provides graduation time predictions that advisors can consider
when recommending courses. The support of eAdvisor includes
automatic identification of students who are unlikely to succeed
in their major, enabling advisors to provide additional academic
support on enrollment options. Beyond descriptive data, LADA
assists academic advisors through prediction models that enable
comparative analyses. When advisors build a semester plan for a
given student, LADA uses clustering techniques to find similar stu-
dents (according to advisee’s grades and the selected courses). The
tool then predicts the advisee’s “chances of success” and academic
risk from the data of similar students that made similar enrollment
decisions at comparable points of their degree.

The use of LISSA and LADA has been studied with several sam-
ples of advisors from HEIs with varied advising models. The results
of these studies show use differences between experienced and
inexperienced advisors [15]. Our work builds upon—and expands—
these observations by investigating how a grade prediction tool
shapes advisors’ strategies, and how these strategies vary according
to the advisee’s academic profile.

2.3 AI-supported Human Decision-making
The use of AI-based solutions for course selection has motivated
a prolific body of research on how these solutions affect people’s
decision making and shape their attitudes, perceptions, and behav-
ioral outcomes [35]. Aspects such as attachment, trust, fairness,
transparency, and interpretability of AI-based tools are growing in
importance and attention [17, 22]. These factors are also relevant
for data-based tools designed to support students and advisors in
course selection and recommendation. In particular, transparency
in the predictions provided by automatic advising is required in
order to increase confidence [26]. Some tools offer transparency
by explaining the reasons behind a given prediction. Yu et al., for
example, explored ways of explaining students why they had been
recommended a particular set of courses using different types of
explanations, each designed with a different level of personaliza-
tion [62]. Other efforts have taken amore visual approach in explain-
ing the factors that play a role in the outcome of grade prediction
models for course selection and recommendation [41].

The factors that shape people’s perceptions and attitudes toward
AI-based tools for academic advising are more critical when such
tools seek to replace the role of the advisors, mainly for repetitive
tasks—such as a course recommendation. This kind of tools are
described under the term “virtualized advising”, defined by Thomp-
son et al. as “a means by which advising is provided through an
impersonal means such as via an online advising program” [56, p. 13].
Along these lines, recent work has proposed data-based tools that
automatically determine the set of courses a student should take in
an upcoming semester (e.g., [2, 3, 28, 43]). Some of these tools take
specific designs such as chatbots (e.g., [34, 36]). Although promising,
most of these tools are still at a very early stage and their benefits
to real-world settings are yet to be seen. One of the main drawbacks
of these tools is that their AI models can hardly incorporate factors
outside a student’s academic life that are, nevertheless, relevant
to make appropriate enrollment decisions and recommendations.
Thus, they can hardly replicate the benefits of person-to-person
academic advising.

Our study surfaces some aspects of the design of AI-based tools
for academic advising that may be perceived by advisors as prob-
lematic. This comprises trust in the predictions and concerns about
how such tools could negatively influence the students’ enrollment
motivations.

3 RESEARCH CONTEXT AND RESEARCH
QUESTIONS

Our research takes place within an Engineering-oriented public
university with a well-established academic advising system for its
32 undergraduate programs. The study curricula of those programs
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are relatively rigid, that is, students have some elective credits, but
most of the courses are compulsory and cannot be avoided. Stu-
dents can, though, take a course anytime they wish, provided that
they have passed the course’s prerequisites. In the remaining of
this section, we provide details about the advising system of our
research site, as well as its current technological support for the
student-advisor meetings. We also describe a grade prediction tool
that is part of an ongoing effort to improve the student-advisor dia-
logue. The eventual deployment of this tool motivates the research
questions addressed in this paper.

3.1 The Academic Advising System
Our study site has a decentralized advising model in which the
advising responsibilities are delegated to the university’s academic
departments. The departmental advisors are faculty members, who
are assigned up to 40 advisees every term, depending on their
workload.

All students are assigned an academic advisor—that may change
throughout their student life—, but advising sessions are not manda-
tory for everyone. Meetings with advisors are compulsory twice
every term for specific groups of students: (i) first years, (ii) stu-
dents with a GPA below the average GPA of their academic program,
(iii) those who failed a course in the previous semester, and (iv)
those who must retake a previously failed course. The first advis-
ing meeting takes place two weeks before the term starts, and is
mainly devoted to address enrollment. Hence, the expected outcome
of this meeting is a course set recommendation for the students’
forthcoming term. More often than not, this meeting also provides
information about the contents of the recommended courses and
guidance on the students’ time commitments and strategies to deal
with the term’s load. The second advising session takes place right
after the midterms and is meant to monitor the students’ perfor-
mance and to discuss matters that may be affecting their well-being.
Students who are not required to attend the advising sessions can
still do so if they want to.

The academic advising system was originally designed for in-
person meetings that used to take place mostly at the advisors’
office. However, students could request remote and asynchronous
advising sessions. The COVID-19 pandemic forced advisors and
students to conduct the meetings over conference software. Before
the pandemic, the vast majority of advising meetings were con-
ducted in-person. However, nowadays, most advising sessions are
conducted remotely.

3.2 Current Support
During their meetings with students, the advisors of our research
site use an in-house web tool that provides access to the academic
history and the records of previous advising sessions of their as-
signed students. The tool also presents relevant statistics (e.g., cur-
rent GPA, number of failed courses, academic progress) and depicts—
via line charts—the student’s academic evolution, namely, passed
and failed courses per academic term. This tool also allows advi-
sors to post their time availability and students to book advising
meetings.

During the term planning meetings, advisors use the tool to rec-
ommend a set of courses to students. While discussing the students’

enrollment options, advisors compose a course set by dragging
textual elements that represent the advisee’s available courses. Ad-
visors can store their recommendation in the tool and retrieve it
in future meetings. Students, however, do not have access to the
recommendation after the meeting is over.

3.3 A Grade Prediction Tool
The university of our research site is currently taking steps to im-
prove the dialogue between students and advisors through technol-
ogy. One of these efforts is a tool named iCoRA [13], which enables
the composition of course sets from those available for enrollment.
By capitalizing on historical data about the different courses in the
study program, iCoRA provides performance predictions for each
of the recommended courses.

The development of iCoRA is motivated by a growing student
population that imposes an ever-increasing load on the advisors. It
also responds to the fact that when making course enrollment deci-
sions, students are exposed to a large ecosystem of non-official—and
sometimes contradicting—information about the courses they could
enroll in. For instance, according to an in-house inquiry conducted
at our research site, 83% of the students in the CS department ask
other fellow students about the difficulty of the courses, and the rep-
utation of the lecturers. Since the feedback obtained by the students
can vary greatly depending on whom they ask, the tool counterbal-
ances the influence of the vox populi by providing a more objective
view that allows for more informed decisions. On the advisors’ side,
the tool pursues several goals: 1) providing advisors with data-based
evidence to better justify their course recommendations; 2) reducing
the subjective bias that advisors may introduce in their enrollment
recommendations due to their learning/teaching experience (e.g.,
regarding the perceived difficulty of a given course); and 3) making
advise more consistent across students and advisors—as the same
student may receive different advise from different advisors, and
the same advisor may make different enrollment recommendations
to students with quite similar academic histories. Another impor-
tant goal of iCoRA is to optimize the advising process, which often
incurs time and financial resources from HEIs.

Figure 1 shows iCoRA’s interface. The composition of course
sets takes place via drag and drop operations. As an advisor drags
courses from the advisee’s academic program (Figure 1.a) onto
the grade prediction panel (Figure 1.b), the tool updates the pre-
dicted grades for the chosen courses. Predictions are computed
using machine learning models that take into account the student’s
performance on previous course enrollments (specially the courses’
prerequisites), their success and failure history, and the chosen total
workload in hours per week—based on the number of study hours
of each course specified by the curriculum. The predicted grade for
each course is shown as a range on a horizontal scale between 0
and 10, according to the university’s grading system. This range
is computed via quantile regression with gradient boosting trees.
This provides us with three predictions, namely a lower bound, an
average prediction, and an upper bound that we use to construct
the ranges depicted by the tool. The lower and upper bounds of
the individual course predictions are used to provide optimistic
and pessimistic estimates for the GPA the student would obtain if
the predictions became true. This GPA estimate is shown above
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Figure 1: GUI of the grade prediction tool used in our study. The tool shows the courses of the student’s academic program (a).
When recommending courses, advisors can drag elements from the student’s program onto the grade prediction panel (b). In
response to these interactions, the tool predicts the student’s performance in each of the selected courses and computes the
student’s GPA (c) that would result if the predictions became true. Clicking a course of the study program reveals its history
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the individual course predictions (Figure 1.c). The tool also enables
access to the courses’ historical information such as the distribution
of grades and the historical success and failure rates (Figure 1.d).
The tool also shows the academic load imposed by a given set of
courses (Figure 1.e).

To promote transparency in the prediction process, iCoRA also
provides explanations for the predicted grades. These explana-
tions convey how much the inputs to the tool’s predictive models
contribute to its outputs. Advisors can access these explanations
through the Why button associated to a grade prediction (Fig-
ure 2.a). Clicking on this button opens a modal window (Figure 2.b)
showing a pie chart that depicts the relative contribution of the
features used by the tools’ prediction models. These explanations
are provided to make advisors aware of the factors that could im-
pact a student’s performance in a given course. In light of these
explanations, advisors could, for example, reduce the academic load
imposed by a given set of courses when this feature exhibits an
important negative influence on a predicted grade.

The features of iCoRA respond to the perceived needs of the
university’s academic advisors. Its design is the result of an iterative
design process that comprised several sketching and brainstorming
meetings with academic advisors, students, as well as education,
visualization, and HCI researchers. The design process also included
several critique sessions in which stakeholders looked at earlier
versions of the tool and provided feedback for subsequent iterations.

The effects of iCoRA on students, when they use it for term
planning, have been previously investigated and reported in [41].
However, the tool’s potential benefits and drawbacks in supporting
course recommendations from the advisors’ perspective are still
unknown. This motivates the following research questions (RQs):

RQ1: What are the effects of grade predictions on the advisors’
approach to course recommendation?

RQ2: How does the advisee’s profile impact the advisors’ strat-
egy to recommend courses?

The study we report below aims to answer these questions in the
interest of deploying iCoRA in a real-world setting.

4 METHODOLOGY
We conducted a study to investigate the influence of iCoRA’s grade
predictions on academic advisors when assisting students with
different performance profiles in planning their upcoming term.

4.1 Participants
We sent email invitations to recruit academic advisors of a Com-
puter Science (CS) undergraduate program with over 600 students.
Approximately 35% of these students must attend advising sessions
every term for one or more of the reasons explained in Section 3.1.
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Figure 2: Clicking theWhy button (a) associated to a grade prediction opens a modal window explaining the reasons behind the
predicted grade (b). Interacting with the pie chart displays descriptions of the features and how it influences the grade.

Out of the 29 advisors of the CS program, 15 volunteered to
participate in the study (8 female; 7 male; 34–59 years old; median
age 41). These participants were lecturers with significant academic
advising experience (median 6 years) who assist between 5 and 40
students every academic term (average 17). Most advisors (n=11)
reported dedicating around 15 minutes per advising session. How-
ever, the advisors also remarked that the meetings’ duration vary
significantly, depending on how much guidance students need.

4.2 Three Student Profiles
We asked advisors to use iCoRA to recommend courses to three fic-
tional students who were about to enroll in their fifth semester. The
students exhibited distinguishable academic performance profiles,
namely low, average, and high GPA (6.50, 7.50, and 8.74, respec-
tively). The GPA of the average-performing student was equal to
that of the overall CS study program. We decided the GPA of the
other student profiles based on what an outstanding and a strug-
gling student usually mean within the program. Besides their GPA,
the students had different academic histories: the high-performing
student had never failed a course, while the opposite was true for
the other two. The average-performing student had failed 3 courses
(once each), while the low-performing student had failed a total of
17 courses (some in multiple occasions). Figure 3 shows the aca-
demic history of our three fictional students as shown in iCoRA.
The red rectangles that appear behind some of the depicted course
represent failed enrollment instances.

We built these three academic profiles to simulate three types of
students that advisors usually encounter in their advising sessions.
For each student profile, the advisors’ task was to make recommen-
dations among the same set of 10 available courses for enrollment.

4.3 Adapting iCoRA
To address our research questions, we adapted iCoRA to provide
our participants with the data they normally have at hand during
the advising sessions with students. This included: the advisee’s
enrollment history, their progress, and their performance evolution
depicted through line charts (see Figure 4).

These modifications made iCoRA and the university’s current
advising tool comparable in terms of functionality, except for three
additional features: iCoRA also provides course historical informa-
tion, academic performance predictions, and explanations thereof.

For all of this, iCoRA takes a visual approach. For instance, the
student’s academic history as well as the courses available for en-
rollment are organized into a grid of visual elements with connec-
tions representing course prerequisites. This visual approach is
in contrast to the current advising tool, which is mostly based on
HTML form elements.

We also created a set of hardwired performance prediction mod-
els for the courses available for enrollment. The models were de-
signed to comply with the courses’ historical difficulty, with their
actual workload, and with the observation that, overall, higher
workloads lead to worse academic performance among students. In
particular, the relationship between workload and predicted grade
is piece-wise linear with negative slopes, and is parameterized by
two thresholds that define the change in the function’s slope. These
thresholds correspond to the inflection points in the curve of the
example shown in Figure 5. In our study, each course had three
different prediction models, which accounted for the difference in
expected performance for the low-, average-, and high-performing
students. These models had different intercepts (the predicted grade
at zero workload), different slopes, and thresholds, and were de-
signed to never predict grades lower than 5.5 or higher than 10.
The explanations for the predicted grades, available through the
prediction’s Why button, are computed with SHAP [37], a feature-
attribution explanation method based on coalitional game theory.
We run the explanation module on all the inputs traditionally used
by iCoRA, namely the advisee’s academic history, the selected
courses’ prerequisites, and the chosen academic load.

4.4 Procedure
We conducted individual experimental sessions using video confer-
encing software to test and interview participants remotely. Each
study session took approximately 60 minutes and consisted of the
following activities:

Introduction to iCoRA. After providing consent and filling out
a questionnaire about demographics and academic advising expe-
rience, each participant watched a 6-minute video that explained
iCoRA’s GUI. The video described how to compose sets of courses,
as well as the tool’s performance predictions and its explanations.
After watching the video, participants were given the opportunity
to ask questions about the tool’s functionality.
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Figure 3: Academic history of the student profiles used in our study. Red rectangles behind the courses of the study program
represent past failed enrollment instances.

Course recommendation tasks. Advisors were then asked to use
our adapted version of iCoRA to recommend a course set for the
upcoming academic term to each of our three fictional students.
Advisors were told that these advisees would have online access
to the course recommendations made during the study session. No
restrictions were specified about the number of courses advisors
were allowed to recommend or about the time they could spend
in the task. We shuffled the students’ order across participants to
reduce order effects.

Closing Interview. The experiment concludedwith a semi-structured
interview in which we asked participants about their perspectives
on iCoRA. This included their general opinion on the tool, per-
ceived benefits and drawbacks, and their thoughts on an eventual
deployment of the tool at their institution.

4.5 Data Collection, Statistical Tests, and
Qualitative Analysis

We recorded the courses that each student was advised to take,
including any partial sets that the advisors built with iCoRA while
making their recommendations. We characterize these course sets
by their incurred workload and GPA gains. We also recorded how
frequently and how long advisors engaged with the Why button’s
explanations of the predicted grades.

To verify if the student’s profile had an impact on the nature of
the recommendations, we conducted a Kruskal-Wallis H test among
the three groups of observations drawn from each student profile
(i.e., course set’s workloads, GPA gains, and engagement with the
explanations). The null hypothesis of the Kruskal-Wallis H test is
that the median of the population is the same, regardless of the student
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Figure 4: General information GUI component of the modified version of iCoRA used in our study. This interface component
provides advisors with information on the student’s enrollment history and performance evolution.

profile—otherwise it is said that some profiles stochastically dom-
inate others. When the test revealed stochastic dominance (with
a significance level 𝑝 < 0.05) from at least one of the observation
groups, we conducted a post-hoc pairwise Dunn’s test with Bon-
ferroni correction to detect the pairwise dominance relationships
between the profiles.

We also captured 312 minutes of the participants’ advising pro-
cess in the form of video screen captures. We audio recorded the
closing interviews (181 minutes in total) and fully transcribed them.
Using an inductive, thematic analysis technique [11], we structured

the participants’ remarks from the interviews. Initially, two authors
coded at least seven interviews independently. This initial coding
sought to identify emerging patterns in the advisors’ strategies and
rationale for course recommendation, as well as their vision and the
perceived benefits of the tool. In a second stage, we redistributed
coding assignments so that each interview was analyzed by at least
two different researchers. Through regular meetings, the research
team iteratively revised the initial topics and refined higher-level
themes that emerged from the data.
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Figure 5: Predicted GPA as a function of the workload for the Software Engineering II course. In our study, for all the courses
available for enrollment, the predicted loss in GPA points due to an additional hour of workload depended on whether the
advisee had a low, average, or high overall workload.
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Student performance No. courses Total hours GPA gain Γ𝑠

Median Mean Std. dev Median Mean Std. dev Median Mean Std. dev
high 4 4.27 0.96 33 34.0 7.14 -0.03 -0.02 0.03

average 4 4.13 0.63 33 33.4 5.30 -0.003 -0.001 0.01
low 4 3.80 0.67 33 30.4 6.60 0.06 0.06 0.04

Table 1: Number of courses and total hours recommended per student profile.

5 FINDINGS
This section presents the findings of our study with the academic
advisors. We begin describing the quantitative results derived from
the advisors’ decisions and interactions with iCoRA. This is fol-
lowed by the results of our thematic analysis of the interviews.

5.1 Quantitative Analyses
We first describe and compare the advisors’ recommendations for
each of the student profiles of our experiment. This comprises
(a) an analysis of the academic load of the recommendations for
each profile operationalized by the total number of study hours per
week, the number of courses, and the predicted GPA gain; and (b)
a visualization of frequent combinations of courses recommended
by the advisors. In a second stage, we analyze (c) the time spent on
the recommendation task, (d) the total number of drag-and-drop
steps carried out before making a recommendation, and (e) the time
invested in reading the tool’s explanations for the predicted grades.

5.1.1 Advisors’ Recommended Load. A natural way to characterize
the recommendations made by the advisors is to compute the study
workload incurred by those recommendations. This can be oper-
ationalized by the number of recommended courses and the total
number of study hours (per week) of those courses. We did not
consider the grades and GPA predicted by iCoRA in this analysis
because, due to our experimental protocol, the prediction models
across courses and student profiles had different difficulty levels:
they had a different intercept (i.e., predicted grade at zero workload)
and a different slope (i.e., the models penalized the grade differently
for each additional hour of work). This makes absolute GPA com-
parisons meaningless. That said, we can indeed compare predicted
GPAs among student profiles if we control for the difficulty of the
prediction models used by a given advisor. To do so, we report the
corrected gain in GPA of a recommended set of courses, denoted by
Γ. Given a set of courses 𝐶𝑠 recommended by a given advisor to a
student 𝑠 , the corrected gain in GPA is computed as

Γ𝑠 = 𝛾
𝐶𝑠

𝛾𝐶avg
(gpa𝐶𝑠

opt − gpa𝑠),

where:
gpa𝑠 is the advisee’s initial GPA (6.50, 7.50 or 8.74 for the low-,

average-, and high-performing student respectively),
gpaCs

opt is the GPA’s optimistic prediction3 (see Section 3.3) if the
student took the courses in 𝐶𝑠 , and

𝛾
𝐶𝑠⇑𝛾𝐶avg is the correction factor.

3The gains for the GPA’s pessimistic prediction are always negative.

The term𝛾
𝐶𝑠 < 0 is a measure of the difficulty of𝐶𝑠 defined as the

average loss in GPA points for every hour of additional workload
for the courses in 𝐶𝑠 . This value is computed as the average slope
of the linear models used to predict each of the grades in 𝐶𝑠 given
the total number of study hours. To account for the fact that 𝛾𝐶𝑠 is
different across the different student profiles, we divide it by 𝛾𝐶avg ,
the average difficulty of the models used by the same advisor for
the average-performing student. That way, we make the GPA gains
comparable across student profiles for the same advisor.

The results of this study are reported in Table 1, where we can
observe that on average, advisors assigned lower workloads to the
low-performing student. That said, we could not reject the null
hypothesis of the Kruskal-Wallis H test for the total hours and
for the number of courses. We can also see that the GPA gain is
positive only for the low-performing student, i.e., the advisors man-
aged to increase the GPA of the low-performing student, whereas
for the other profiles the recommended set led to a (very) slight
performance drop. This is confirmed by the Kruskal-Wallis H test
that reveals statistical dominance (𝐻(32) = 32.70, 𝑝 < 10−7). The
Dunn’s posthoc test, reported in Table 2, shows a significant differ-
ence between the low-performing student and the other advisees.
This suggests that the advisors not only focused on protecting the
low-performing student from high workloads but also took more
care of improving their GPA. Similar trends can be observed when
looking at the non-corrected GPA gain gpa𝐶𝑠

opt − gpa𝑠 (although the
values are not the same). These results are in line with the com-
ments of some of the advisors who were rather optimistic about
the grades of the high-performing student despite the predicted
decrease in the advisee’s GPA (see Section 5.2).

5.1.2 Frequently Recommended Courses and Courses Combinations.
To identify “popular formulas” within the advisors’ recommenda-
tions, we conducted an analysis based on course frequency, itemset
mining, and agreement. Figure 6 shows a frequency ranking of
the different recommended courses per student profile. The figure
reveals that the course Entrepreneurship and Innovation was overall
the most frequently recommended—10 out 15 times for the average
performing student, 11 times for the other students. This may be
explained by the fact that this course is, albeit time-consuming,

low average high
low 1 0.000901 4.96 × 10−8

average - 1 0.13
high - - 1

Table 2: Post-hoc comparisons for the GPA gain. Corrected
p-values shown.
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Figure 6: Courses’ recommendation occurrence. The number within the circle representing each course indicates the number
of total times it was suggested by the advisors to the corresponding students.

usually perceived as easy for CS students. This makes it a good
bet for advisors. The Web and Mobile Apps Development course
was also a popular choice: it was recommended 12 times to the
average- and high-performing students, and 9 times to the low-
performing student. This makes it the most recommended course
for the average-performing student, and the second most popular
suggestion for the other students. This probably has its roots on
the course’s perceived practical value. One of the advisors defined
it as “a door to the job market” [P15] in reference to the observation
that students can capitalize on the skills acquired immediately after
passing this course.

Despite some general trends in the selection of the courses, we
also observed trends that depend on the student’s profile. For in-
stance, the Algorithm Analysis course ranked the most popular in
the recommendations for the high-performing student (13 out of
15 times), whereas it was recommended only 5 times to the low-
performing student—always in combination withWeb and Mobile
Apps Development. As stated by one of the advisors, this course is
theoretical and requires students to work hard. Conversely, the In-
formation Security course was recommended 6 times to all students
except for the high-performing one, who got it recommended only
once. Advisors may have not prioritized this course as it is not the
prerequisite of any other.

Finally, we conducted an agreement analysis based on the Jac-
card coefficient. If 𝐶1 and 𝐶2 are two sets of courses recommended
to the same student by two different advisors, then the Jaccard

coefficient 𝒥 (𝐶1,𝐶2) quantifies the consensus between those rec-
ommendations. We compute 𝒥 (𝐶1,𝐶2) as the number of courses
recommended by both advisors divided by the joint number of
recommended courses, put differently:

𝒥 (𝐶1,𝐶2) =
⋃︀𝐶1 ∩𝐶2⋃︀
⋃︀𝐶1 ∪𝐶2⋃︀

Identical recommendations yield a Jaccard score of 1.0, whereas
values closer to 0 denote high disagreement.We computed𝒥 (𝐶1,𝐶2)
for every pair of recommendation sets leading to 15×14⇑2 = 105 pairs
of recommendations (recall that the score is commutative) per stu-
dent profile. We report the average Jaccard score in Table 3. The re-
sults suggest a trend towards disagreement for the low-performing
student, i.e., 𝒥 (𝐶1,𝐶2) = 0.34, whereas, for the high-performing
student, each pair of advisors agreed, on average, almost on half of
the courses that would be suggested to the student. In all cases, the
standard deviation is significant and almost constant.

High Average Low

Mean Std. dev Mean Std. dev Mean Std. dev
0.48 0.20 0.37 0.21 0.34 0.22

Table 3: Recommendation agreement (via the Jaccard coeffi-
cient) for the different student performance profiles.
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Student performance Time (minutes) No. of actions

Median Mean Std. dev Median Mean Std. dev
high 6.36 6.55 3.91 35 30.27 18.07

average 6.04 6.53 4.56 35 36.06 23.58
low 8.20 9.64 5.17 35 41.27 28.05

Table 4: Time spent and number of actions (addition of removal of courses) before submitting a recommendation.

5.1.3 Interaction Effort of the Recommendation Task. We also an-
alyzed the effort invested by the advisors in the recommendation
for each student profile. We characterize the advisors’ effort in
terms of a) the time they interacted with iCoRA before submitting
a course set recommendation, and b) the number of drag and drop
operations this interaction incurred. Table 4 reports the average
values of these metrics across all advisors. The values suggest that,
on average, the advisors spent more time making a recommenda-
tion for the low-performing student—which may explain why they
tended to disagree more on the courses this student should take. A
similar trend can be observed for the number of actions—addition
and removal of courses via drag-and-drop operations—carried out
during the advising session, so to say, that the less performing the
student is, the more effortful the recommendation tends to be. De-
spite these results, we could not reject the null hypothesis of the
Kruskal-Wallis H test, very likely due to the high standard deviation
of these observations.

5.1.4 Interest in Explanations. We configured iCoRA to log the ad-
visors’ interactions with the explanations of the predicted grades for
the individual courses. While almost all advisors (14/15) opened the
grade explanations at some point during the recommendation tasks,
overall, they showed little interest in this functionality. We regis-
tered an average interaction time of 1.28 minutes per advisor (with
a standard deviation of 1.02 minutes) during the entire experiment—
if we exclude the advisor who did not invoke the explanations at
all. On average, advisors invoked the explanations 3.16 times dur-
ing the entire experiment. However, most interactions happened
only for one of the three advising tasks. If we consider each of the
45 recommendation tasks, only 19 tasks incurred an interaction
with the explanations, with those making an average time of 55.33
seconds (with a standard deviation of 52.78 seconds). Out of those
19 recommendation tasks, 11 saw more than one invocation of the
explanations. We remark, however, the high dispersion of the time
observations as they span from 10 to 179 seconds. Five interactions
lasted more than one minute, and two of them are explained by the
fact that the advisors kept the explanations open while interact-
ing with the experimenter. In the other three cases, the advisors
took the time to understand the explanations and thought out loud.
Finally, we also notice that the low-performing student sparked

more interest in the explanations, as shown in Table 5. This goes in
line with the longer recommendation time invested by the advisors
when dealing with this student. That said, these results must be
taken with a grain of salt given the high variance exhibited by our
observations.

5.2 Qualitative Analysis
We present in this section the findings of our qualitative analysis
of the interview data and the video recordings of the advisors’
interactions with iCoRA. These observations provide a broader
interpretation of the quantitative results presented earlier, as they
uncover subjective factors that advisors brought into their decision
process and their perspectives on iCoRA.

5.2.1 General Perspectives and Perceived Benefits. With no excep-
tion, all advisors were enthusiastic about the perspective of having
at hand a tool like iCoRA. Some explicitly stated appreciating its
functionality in comparison to the tool they currently use to conduct
the advising sessions: “[iCoRA] could be extremely useful because it
goes one step further than what currently exists [for the advising ses-
sions]” [P11]; “There was information that I did not know before and
now, because of the tool, I do. So, the tool helps me contrast the ideas
I had in mind about certain courses of our curriculum.” [P15]. The
most recognized advantages were centered around the data aspects
of the tool: “It gives us, advisors, statistics and historical data to make
better decisions” [P02]; “Because of the data it provides, this tool could
make students understand more clearly about whether or not they
could fail a course.” [P03]. In particular, the tool’s grade predictions
were seen as instruments to provide students with more objective
recommendations: “Making blind decisions never has advantages. I
think with a tool like this, students will get a more ‘educated’ recom-
mendation” [P09]; “Based on the data, I can explain to the student,
‘this is the probability that you will fail’. I can provide advise based
on real data [...] to convince the students [which courses are appro-
priate to take]” [P10]; “This tool would allow me to provide more
well-founded recommendations. In turn, students will receive more
accurate information based on data and not only on the experience of
the advisor” [P09]; “The data used by the tool makes the advise we
can provide slightly stronger” [P03].

No. of tasks Average Frequency Average Time (seconds)

total high avg. low total high avg. low total high avg low
19/45 5 6 8 2.28 2.00 2.4 2.38 55.33 (52.78) 42.25 (35.89) 42.26 (31.13) 71.38 (69.33)

Table 5: Advisors’ engagement with the explanations per recommendation task and student profile. Average values are provided
with the standard deviation in parentheses for the times.
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5.2.2 Advisors’ approach to recommending courses. Our video and
interview analyses revealed that advisors approached course rec-
ommendation mainly by considering their experience and personal
perspectives on the courses. All advisors looked at the grades pre-
dicted by iCoRA at some point during the study session, but the
predictions were not taken into account in all the course recom-
mendations tasks.

When looking at the predictions, advisors considered both the
grade of each selected course and the potential effect of the courses
on the student’s GPA. The latter was the main criterion in at least
one course recommendation for 13 advisors: “I was trying that their
GPA did not decrease; I did not really pay attention to the courses’
individual grades.” [P10]; “I left the ‘Algorithm Analysis’ course out
because it was going to decrease the students’ GPA more significantly.
So, I decided to replace it with the ‘Entrepreneurship and Innovation’
course.” [P05]; “I went for the course sets that gave the student the
highest GPA gain. The courses’ individual grades the tool predicted
didn’t help me much [to make a decision]. My goal was that the
student improved their GPA.” [P08]. In all these instances advisors
described this GPA-driven strategy as their usual approach to course
recommendation.

When prompted on which other factors they considered, most
advisors (12/15) mentioned the order the courses appear in the
study program. As stated earlier, the curriculum we worked with is
relatively inflexible (in contrast to many Global North universities,
that include a large number of elective credits). Hence, students do
not really have much room for optional courses. Also, as courses
have set prerequisites, there are few paths students can take at a
given point of their academic history. In such a context, advisors
considered course order an important criterion to decide which
courses recommend: “I consider the logical relationship between
courses and their order in the curriculum.” [P11]; “I tried to make
them take the courses in an ordered fashion. In my opinion, the courses
that are not prerequisites of others could wait.” [P10].

Regardless of whether they closely observed the predicted grades,
the impact on the students’ GPA, or the order of courses in the
curriculum, all advisors tried to balance the load of the sets they
suggested: “I would suggest them to take two hard courses and two
easy ones.” [P11]. Balancing the term’s academic load was particu-
larly important when making course recommendations to the low-
performing student: “Because of the GPA this student has, I would
go for not recommending them a course set with a high load.” [P13];
“When they have a GPA like this, one normally does not recommend
them to take more than four courses [per term].” [P08]. As our quan-
titative results show, advisors spent on average more time trying
to assemble a course set for this student. In most cases, this was
due to repeated attempts to find a set with minimal load and low
negative impact on the student’s GPA. One advisor even tried to
find “easy” courses to counterbalance the load imposed by science
courses: “None of these courses is easier than ‘Entrepreneurship and
Innovation’! [...] And there are no more humanities courses4 available
for this student to take!” [P10]. Advisors also based their recom-
mendation on the skills required to pass the courses: “Besides the
general academic history, I pay attention to how they [students] have

4As the study was conducted in an Engineering-oriented university, both students and
advisors often perceive courses from the humanities and social sciences as easier.

done in Computer Science courses. In particular, in courses that require
programming skills [...] If they have performed poorly in those courses,
I would exclude similar ones from my recommendation.” [P15].

The strategies all advisors took to recommend courses to the
low-performing student are in stark contrast to those applied for
the other student profiles of our experiment. In the case of the high-
performing student, for example, most advisors were willing to rec-
ommend high-load sets even in the presence of not-too-optimistic
predictions: “It’s going to be a complicated term but since this is a
good student, I’d also recommend them the ‘Information Security’
course—despite the fact that it may decrease their GPA because it
will be a busy term.” [P10]; “I paid attention to the GPA of all the
students. However, there was one student who had a very good GPA,
so I recommended them to take the entire row of courses [as they
appear in the visual depiction of the curriculum].” [P13]; “I always
tried to keep a healthy balance between performance and academic
load. However, because this was a good student, there is a guarantee
that they will be able to get through their [high-load] term.” [P09].

Our inquiries also show that advisors relied heavily on their
experience and knowledge of the curriculum’s courses. 9/15 advi-
sors overlooked or decided to ignore the courses’ historical and
official workload information. These advisors suggested that their
experience was enough to have a clear idea of the difficulty level
of each course: “From experience, one already knows which are the
courses in which students usually have problems.” [P13]; “This [the
course’s number of hours] is what the curriculum specifies, but not
what the students tell me [...] Personally, I would ignore this infor-
mation.” [P15]. Four advisors relied so much in their experience
that they completely ignored the predictions of the tool and used
it only to compose sets and send their recommendations to the
students: “I would make my recommendations based on my experi-
ence, because [as advisors] we know the stuff.” [P12]. In these cases,
advisors reviewed the student’s academic history thoroughly to get
a sense of the student’s academic weaknesses and strengths. This
information was also important to establish the students’ affinity to
specific types of courses and to identify course combinations that
proved problematic in the past: “When there are failures, I would
like to know which courses the student passed and which ones they
failed. For me, it is not enough to know how many they passed. I
need to know if the problematic courses came from one branch [of
the curriculum] or another, or if the student needs to take a course
for a second or third time.” [P12]. Two advisors used the student’s
academic history to know how many courses the student took in
previous semesters and adapt the load accordingly: “The fact that
the student took only 4 courses [in the previous term] suggests that
they reduced the number of courses either due to the pandemic, to
family issues, or to work duties [...] Based on that and assuming this
situation will not change, I would recommend them between four or
five courses.” [P07].

Our analysis also reveals that advisors had an already well-
established idea of the relative importance of the courses. Impor-
tance was often defined in terms of the contents covered in a course
and their applicability in practical matters of a student’s life. For
example, some courses were considered important for the students
who, after that academic term, will be applying for internships or
jobs. Such criteria prevailed, even if we consider that students are
not obliged to take the courses in a specific order, and even when
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the tool presented pessimistic predictions: “This student must take
the ‘Web and Mobile Apps Development’ course. It doesn’t matter that
it has a low grade predicted in both course sets.” [P10]; “Web Devel-
opment is one of the most useful courses for students” [P01]. Besides
the short-term professional perspectives the Web and Mobile Apps
Development course offers, this course is also a co-requisite5 of
Software Engineering II. This type of relationship between courses
also influenced their perceived importance: “Also, I find it important
that the student takes the ‘Software Engineering II’ course [this term]
because otherwise, they will be in trouble.” [P01]. The latter quote
makes reference to the fact that the courses Software Engineering
I and II have a common group final project, hence it is important
that members of the same group take the courses at the same time.

We saw some level of iteration during the composition of the
course sets. That is, in eight instances, advisors composed more
than one set of courses and assessed their advantages and disadvan-
tages for the students in light of the tool’s predictions. Having said
that, we observed little engagement with explanations and with the
courses’ historical information. Advisors trusted their guts when
it came to characterizing a course, regardless of how the tool pre-
sented it. They considered some courses easier than others but not
because of the information provided by the tool. Rather, it seems
like they had a preconceived opinion on which courses were easier
or harder than others. Also, the workload was mostly observed in
terms of the number of courses, not the number of hours a student
would have to invest.

5.2.3 Advisors’ Concerns. Albeit largely enthusiastic, our partici-
pants’ responses to the tool also raised concerns on the implications
of adopting iCoRA as part of the university’s advising system. The
main concerns revolved around how reliable the tool’s predictions
were and how much they could (and should) be trusted: “It is impos-
sible to know if the predictions will come true or not next term.” [P09];
“I do not know the certainty that the prediction will be fulfilled.” [P10].
In a few cases, advisors stated not to trust the predictions at all: “I
can’t really trust this [the tool’s predictions]. I just don’t think the
grades of a group of students can be used to predict the performance of
another.” [P11]. That said, our video analysis revealed that most ad-
visors assumed that the predictions could be trusted to some extent
and that at least for the sake of the experiment, the explanations
were consistent with the participants’ experience and expectations.
These comments, however, suggest that an eventual deployment
of iCoRA (or a similar tool) in a real-life setting, will require ad-
ditional actions and mechanisms to generate trust. One of those
mechanisms are iCoRA’s explanations, to which advisors paid little
attention as explained earlier.

One advisor proposed checking whether the students followed
the recommendations as a way to evaluate the impact of the tool.
The advisor’s rationale was that monitoring how closely students
followed the counselor’s advice could be seen as a proxy of how good
the tool is in fulfilling its goal: “We should get some sort of feedback
on whether or not the student followed the advisor’s recommendation.
Students should perhaps state [through the tool] why they decided (or
not) to choose the courses that were recommended and the tool could
report that to us.” [P12].

5If A is co-requisite of B, then A cannot be taken after B. They can still be taken at the
same time.

Some advisors, who advocated for making iCoRA available to
the students, also expressed concerns on the implications of doing
so. In particular, they reflected on the undesired effects of grade
predictions on the students’ behaviors and motivations at enroll-
ment time: “The tool could push the students to always focus on their
grades and not on what they are going to learn [in a course], as it
is purely based on the grades but provides no information about the
contents of a course.” [P10]. To avoid this, one advisor suggested
showing the probability of passing or failing the courses, rather
than predicting grades: “I would rather see the probability of the
student passing the courses. If there is a 15% chance that the student
will pass a course, the tool would show that in red. On the other hand,
if the probability is high, over 70% for example, everything would
appear in solid green.” [P01].

The presence of the advisor was seen as paramount to mitigate
the potential drawbacks of the tool: “Some students could misuse the
tool, especially those who would not know how to interpret what they
see. To avoid this, the presence of the advisor is crucial, especially for
very young students and for those with no affinity to statistics.” [P04].
Along these lines, others also highlighted that the presence of the
advisor is needed due to the aspects that any tool or predictive algo-
rithm cannot deal with: “[A tool like this] should not be a replacement
of the advisor, because we do more than just recommending courses.
There are human aspects that only the advisor can address during the
advising sessions.” [P04]; “Obviously, we want to understand trends
and the tool provides a lot of information for that [...] However, there
is no qualitative information [in iCoRA], only quantitative data. The
student’s personal and emotional problems are not captured by the
tool.” [P15].

Finally, advisors reflected on how the tool would change the
duration of their advising sessions. Rather than seeing iCoRA as a
tool to make the advising sessions shorter, the general opinion was
the tool could indeed make the advising sessions longer, because it
could motivate advisors to play around with the grade predictions
until finding a course set that satisfies them: “By having the ability
to compose several sets, one could spend a lot of time trying to find
suitable combinations for the student.” [P13]; “Advisors could use the
tool to design a plan before the student comes to the advising session.
But either way, this implies spending more time.” [P10]; “It may take
longer to carry out the advising session because there is not a unique
path of interaction in the tool.” [P04].

5.2.4 Supporting the Dialogue Between Advisors and Students. Ad-
visors’ statements during the interviews suggest that they deem
their role in supporting students’ enrollment important. Regardless
of the students’ academic history, advisors conducted the advising
process carefully, were always willing to provide relevant and ef-
fective course recommendations that benefit students, and often
reflected aloud about the potential impact of their recommendations
in the light of the student’s circumstances.

Despite all the effort put into producing recommendations, all
advisors, with no exceptions, acknowledged the importance of
letting students have the final saying when it comes to selecting
courses. For this to happen more effectively, advisors suggested that
students should be able to explore the courses’ historical data and
have access to the tool’s predictions before the advising meetings
take place: “It would be great if students could come to the advising
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sessions with an input after having used the tool.” [P12]. Rather than
delegating the full responsibility of choosing good courses to the
students, advisors proposed deploying the tool as a way to make
the student-advisor more effective and efficient: “If the tool was
available to both students and teachers [advisors], the students could
compose and bring [to the advising sessions] their own course sets. This
would speed up our dialogue.” [P08]; “It would be great if the student
could fill in [in the tool] everything before the advising meeting, so
that [through the tool] they inform advisors which course sets they
are interested in.” [P01]; “Students could benefit from a tool like this
to explore [their enrollment options] on their own. If they come [to
the advising meetings] with a scenario they have built in advance,
that could decrease the time needed for the advising sessions.” [P04].
Along these lines, some advisors also acknowledged the need for
mechanisms to motivate students to play with the tool: “We could
encourage the students to use the tool by making its use a prerequisite
for the advising sessions.” [P14].

Some advisors suggested a mixed approach in which the tool
provides an initial recommendation that can be later discussed by
both parties during the advising meetings: “The tool could say ‘this
is the most favorable scenario’ and it should be possible for us [stu-
dents and advisors] to customize that initial recommendation [during
the advising sessions].” [P04]. Along the same lines, two advisors
suggested that the tool should enable the comparison of different
course sets to assess the potential effects of these recommendations
in light of their differences: “It seems to me that we should be able to
quickly compare and see the differences between sets. You should be
able to visualize the differences between the sets one and two.” [P01];
“It would be nice if we could see them [the course sets] all at the same
time, like the comparisons of items one can do when shopping online,
in which it is possible to identify differences among them.” [P04].

All these comments highlight iCoRA’s potential to make the
advisor-advisee dialogue more effective, without replacing the advi-
sors and without overriding the students’ interests in, and affinities
to, specific courses.

6 DISCUSSION
Our discussion is guided by the research questions formulated in
Section 3, about the effects of grade predictions (RQ1) and the
advisee’s profile (RQ2) on the advisors’ recommendation approach.
We build upon the quantitative and qualitative analyses presented
in the previous section and structure our analysis in terms of the
advisors’ strategy to make recommendations and their attitude
towards iCoRA. Last but not least, we discuss the ethical considera-
tions and implications of using grade-based predictions for assisting
term planning.

6.1 Advisors’ Approach
In regards toRQ1, the qualitative analysis presented in Section 5.2.2
suggests that, in general, the advisors’ opinion and experience pre-
vailed over the predictions made by iCoRA. A recurrent behavior
during the experimental advising sessions consisted of focusing
attention on a course and pondering its effect on the student’s
performance based on the advisors’ knowledge of the study pro-
gram. Such knowledge comprises three aspects: (a) the advisors’
previous exchanges with the students, (b) the advisors’ perception

of the actual workload of the courses, and (c) the general institu-
tional enrollment guidelines. Thanks to their continuous contact
with the students, advisors count on an informed view of which
courses are generally challenging. Advisors reconcile that informa-
tion with what they know about the courses (e.g., contents, theory
vs. practical components, presence of group projects, professional
perspectives), as well as with their intuition about appropriate en-
rollment choices. In general, advisors observed on two enrollment
guidelines: follow the order of the courses in the study program
whenever possible6, and balance performance and workload. In
many cases, advisors’ prior views not only overrode iCoRA’s pre-
dictions, but also the course’s workload and time commitment in-
formation the tool provided. That is, even if a course incurred many
hours of work according to the study program, advisors overlooked
that information in favor of what they knew about the course’s
actual demands. This preponderance of the advisors’ own view
over the tool’s predictions stands in sharp contrast to what has
been observed for students, who based their decisions mostly on
the information provided by the tool, including both the workload
and predicted grades [41].

While advisors mostly trusted their intuition, we should not
conclude that they completely overlooked the information provided
by the tool. In eight cases, the advisors thoroughly examined the
students’ academic history to build a more precise profile of the
advisee. By looking at how many (and which) courses the students
had taken the previous semester or by inspecting their performance
in some key courses (e.g., courses that require programming skills),
advisors built a more specific picture of the student’s performance,
preferences, and potential circumstances. This aimed to provide
personalized advice. Two advisors (P01, P14) hypothesized that
one of the students might be working, or going through family
issues, from the fact that they had taken few courses in the previous
semester. The advisors thus used that information to reduce the
workload incurred by their recommendations. While this deductive
exercise is presumably a consequence of using fictional students
in our experiment, it does confirm that the advisors do consider
the students’ unique circumstances when recommending courses.
By circumstances we mean the students’ personal situation, their
potential preferences for certain courses, or their preference for
particular enrollment strategies such as taking the courses in order,
taking a specific number of courses per term, or minimizing the
number of semesters.

But the advisors did not only use iCoRA to overcome the lack of
explicit personal circumstances. Our evidence suggests that they
did look at the predictions made by the tool as a sort of validation or
fine-tuning of their intuition. This validation goes in line with their
internalized tendency to preserve the student’s GPA—in continuous
trade-off with the workload. Some advisors would look at the pre-
dicted GPA every time they added a course to the recommendation,
whereas others would first apply their personal strategy to compose
a recommendation and make small adjustments at the end based on
the predicted GPA. Regardless of the recommendation strategy, the
advisors based the fine-tuning mostly on the predicted GPA, and
looked rarely at the individual grade predictions for the courses.

6This excludes prerequisites since they are enforced by the structure of the curriculum.
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Three advisors (P01, P07, P15) who looked at the historical informa-
tion of the courses (difficulty, approval rate, and workload) mostly
ignored this information in favor of their own opinion about the
courses. The remaining advisors completely overlooked the course
information component of the tool.

ConcerningRQ2, there is a clear distinction between the strategy
applied to advise the low-performing advisee and the other students.
Advisors were more willing to take risks for the advisees with better
performance profiles because they believed these students could
overcome pessimistic grade predictions. This is supported not only
by the advisors’ comments but also by our quantitative analysis:
The GPA gains for the low-performing student were positive in
contrast to the other students. While we could not show statistical
significance for the differences in advising time among the different
profiles, we did observe higher averages and dispersion for the time
invested in the low-performing student. This profile also incurred
the highest disagreement among advisors, as shown in Table 3.

6.2 Advisors’ Attitude and Concerns
Our observations indicate that advisors had an overall positive atti-
tude towards iCoRA. Four of them (P01, P02, P13, and P15) praised
the fact that the course recommendation revolves around a visual
representation of the curriculum, contrary to the current advising
tool. This is particularly important (for both advisors and students)
because the study program of our research site is highly structured
and restricts the courses the students can take at a given time.
Advisors also appreciated the data-supported advising paradigm
implemented by iCoRA, which they deem to be a good asset for
improving the quality of their course recommendations.

Most advisors considered that having access to the historical
information of the courses and the students’ academic performance
allows for more informed decisions that would enrich the value of
the advising meeting. In that regard, they all agreed that a tool like
iCoRA is not meant to replace the advisors, but rather empower
stakeholders with pertinent, more objective information beyond
the vox populi. All participants insisted on the importance of the
advising sessions for students to discuss extra-curricular aspects
that nevertheless have an impact on their performance and welfare.

Despite the overall positive attitude towards iCoRA, the advisors
expressed some concerns about the deployment of such a tool to
support the advising sessions. The first source of concern was the
trustworthiness of the predictions. In most cases, the advisors did
not question the validity of iCoRA’s verdicts and assumed it was
worth looking at the grade predictions for validating their recom-
mendations. However, two advisors (P09 and P11) did not trust the
predictions and argued that such functionality would require exten-
sive validation before deployment. Besides, it is not clear whether
the bulk of the advisors did not challenge the predictions because
these were given in the context of an experiment—which may also
explain the little engagement with the explanations. All this implies
that any eventual deployment of the tool will require additional
work to guarantee users’ trust.

A few advisors pointed out that the panel containing the his-
torical information of the courses was overloaded and could be
simplified by removing some of its elements. This can explain why
most participants took no notice of this information and relied

on their own knowledge of the study program. Finally the gen-
eral consensus among advisors is that using iCoRA without prior
preparation, would not reduce the duration of the advising sessions
because, as we saw for the low-performing student, it encourages
the advisors to invest more time and effort to find a well balanced
set of courses. That said, such a phenomenon can be easily miti-
gated if at least one of the actors, either the advisor or the student,
prepared one or two possible scenarios to seed the discussion.

6.3 Advisors’ Vision on a Grade Prediction Tool
As explained in Section 3.3, the design of iCoRA is the result of
an iterative process that involved different stakeholders, including
academic advisors [13]. None of our participants, however, took
part in the tool’s design process. Thus, our experiment was also
a first-time introduction of the tool to some of its future users.
This allowed us to capture the advisors’ vision of how a tool that
provides grade predictions for course recommendation should look
like. We discuss here the implications of the functionalities our
participants mentioned during the interviews.

If the tool were to be used by students, including information
on the courses’ content may bring an important benefit: It would
provide students with a fuller picture of their enrollment options
and may channel part of the students’ focus from the predicted
grades toward the courses’ learning outcomes. A similar effect could
be achieved on the advisors’ side by replacing the grade predictions
with probabilities of success (or failure). This design could perhaps
shift the advisors’ attention away from the student’s GPA, in favor
of a less performance-driven course recommendation strategy.

The vision of other advisors included logistical aspects of the
enrollment process. More specifically, they suggested augmenting
iCoRA with the time schedules of the courses. That would make
sure that the outcome of the advising session is a feasible recom-
mendation. Otherwise, students face the risk of having to alter their
original plan during the enrollment period or have a backup plan
in case the recommended course schedule is not feasible. Logistical
aspects were also mentioned regarding the organization of the aca-
demic advising sessions. Some advisors suggested that to have a
starting point for the discussion, the students should have access
to the tool before meeting their advisors. Others indicated that the
tool could automatically propose sets of courses to the advisor—
sets of reasonable workloads that, at the same time, optimize for
GPA. This functionality, however, does not take into account the
student’s preferences and skills and would require integrating the
courses’ timetables.

Finally, a few advisors advocated for comparisons between course
sets in iCoRA to contrast the pros and cons of two (or more) rec-
ommendation strategies (e.g., one conservative versus one more
challenging), and to provide alternative recommendations to the
students—in case they change their minds or run into schedule con-
straints. In this respect, the comparison could also include course
sets prepared by the students before the advising meeting. This
would require making iCoRA accessible to the students, and could
potentially speed up the advisor-student dialogue.
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6.4 Ethical Considerations of Assisting Term
Planning with Grade Predictions

During advising meetings for term planning, academic advisors
can provide the scaffolding that students need to make better, more
informed, and more objective enrollment decisions. Our current
research direction is to support this process via grade-based pre-
dictions. Grades are meant to convey important information to
a wide range of stakeholders [44]. In the market context of our
research site, for example, the students’ GPA is carefully considered
by potential employers during applicant screening. Using grade-
based predictions also has a practical value: given that GPA data is
readily available in most HEIs, it can be easily used in the deploy-
ment of AI-based tools oriented to assist advisors in recommending
courses. However, assisting course recommendation solely through
GPA-based predictions could be detrimental to the mission of any
academic support system. As with any AI system, grade predic-
tion models may contain biases (e.g., demographic, socioeconomic,
ethnic) and may reflect discriminatory behavior toward certain
groups [30, 40]. Another problematic aspect of grade-based predic-
tions is that they are insufficient to holistically describe a student’s
performance [55]. The student’s grades cannot reflect their devel-
opment of learning outcomes, levels of engagement, or learning
style [1, 47, 53]. Finally, grade-based prediction models are insuffi-
cient to capture the students’ circumstances beyond their academic
performance. When considering the students’ enrollment options,
there are factors beyond their grades that play a role. Aspects such
as the students’ life goals, extracurricular activities, and family
or health circumstances must also be considered when advising
students on what courses to take next. Making course recommen-
dations while ignoring aspects beyond predicted grades would fall
into what Greller and Drachsler characterize as “potential dangers”
of educational data [23].

Previous empirical evidence suggests that students are heav-
ily influenced by grade-prediction tools when making enrollment
choices [41]. That is, students experience a sort of cognitive com-
mitment by which they trust, almost blindly, what the tool predicts
about their future performance. We did not observed a similar ef-
fect on the advisors who, conversely, tend to rely on their own
experience and personal views of the courses. Besides, advisors
have a innate tendency to account for the students’ extracurricu-
lar circumstances, which is vital for proper academic advising. It
follows that appropriate human judgment should not be replaced
by a grade prediction tool, because advising students implies in-
tegrating non-quantitative information that cannot be handled by
a tool like iCoRA. The academic advisors’ expertise is therefore
paramount to address the potential negative impacts of grade-based
AI tools while exploiting its virtues for the sake of a more effective
student-advisor dialogue.

7 LIMITATIONS AND FUTUREWORK
Our findings are limited by the size and characteristics of our sam-
ple. We deliberately set out to test participants from a specific CS
undergraduate program. While small (n = 15), our sample included
52% of the departmental advisors of our research site. We acknowl-
edge, however, that this group may not be representative of all
potential audiences. In particular, our participants were familiar

with prediction models, something that cannot be taken for granted
for advisors from other study programs. Further empirical work is
still needed to fully understand the influence of grade predictions
on academic advisors from other areas. These investigations could
take a comparative approach to uncover differences in the advising
processes with and without a tool like iCoRA.

Another limitation of our experimental design is that advisors
made course recommendations in the absence of students, some-
thing that does not happen in the actual advising sessions conducted
at our research site. This meant that our participants had access to
the students’ academic and enrollment history, without any knowl-
edge of the students’ personal circumstances. We decided in favor
of this design to study the effects of iCoRA in isolation, without the
confounding factor that the students’ unique circumstances may
have introduced. Along the same lines, in our experiment, we used
synthetic student profiles rather than data from real students. We
did so to have full control of the experimental performance profiles
and to make sure these were clearly distinguishable. This also al-
lowed us to confront advisors to students with the same enrollment
options. This study design choice, however, may have an impact on
the generalizability and validity of our results, because, in reality,
students may exhibit phases of low/high performance, or may have
more affinity to specific areas of their study program. It could also
be argued that the marked performance profiles we used may have
influenced how much advisors focused on the students’ GPA dur-
ing the recommendation tasks. Notwithstanding, we highlight that
during the interviews, our participants described the GPA-driven
advising strategy as their usual approach to course recommenda-
tion. This is not surprising because the institutional policies of our
research site rely heavily on the GPA as an academic performance
metric. This is illustrated, for example, by the academic advising
policies described in Section 3.1. Despite the prominence of the
GPA in the current institutional policies of our research site, our
participants seemed fully aware of the limitations of this metric as
a proxy for academic success, so much so that they deemed their
meetings with students as an opportunity to mitigate the GPA’s po-
tential negative effects. In this regard, our research work has helped
to raise voices for the use of alternative, more comprehensive—and
less troublesome—metrics of student performance (e.g., mastery
learning approaches [9, 25], portfolios [39, 55]), or simply assessing
performance via ungraded tasks [33, 45]. The long-term effects and
implications of these changes, however, deserve their own space
and are outside the scope of this paper.

Finally, while our observations suggest that a tool like iCoRA
may require the introduction ofmechanisms to build trust, our study
does not provide answers on how to design or implement those
mechanisms. Further research efforts are still needed to investigate
the requirements for AI-based tools to be successfully adopted in
the context of academic advising and course recommendation.

8 CONCLUSION
This paper investigated the effects that grade predictions have on
academic advisors during term planning. To this end, academic
advisors of a CS undergraduate program within an Engineering-
oriented HEI used a tool that supports the composition of course
sets and provides grade predictions and explanations thereof. The
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advisors used the tool to recommend courses for the forthcoming
academic term of three different students. The students had the
same set of courses available for enrollment, but they exhibited dis-
tinguishable academic performance profiles, namely low, average,
and high GPA.

Our observations show that the advisors’ self-reported usual ap-
proach to course recommendation is barely influenced by the pres-
ence of the predicted grades. Instead, advisors mostly rely on their
experience and personal views about the courses’ workload, time
commitments, and relative importance. So much so that some advi-
sors even disregarded the predictive support of the tool altogether.
We also found that advisors, tend to make more challenging recom-
mendations to high-performing students, even in the presence of
pessimistic predictions. Our results also suggest that advisors may
spend more time interacting with the grade prediction tool when
recommending courses to low-performing advisees, attempting to
maximize the potential GPA gain for this kind of student.

These observations highlight the importance of advisors in any
academic support system, particularly given previous empirical
evidence that shows that students are heavily influenced by grade
predictions during course selection. Although advisors valued the
predictive support to make more informed recommendations, they
also raised concerns about the trustworthiness and validation of the
predicted grades. These insights may guide the design and develop-
ment of new data-based supporting tools for academic advising.
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