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Abstract

Choosing an undergraduate major is an important decision that impacts academic and career outcomes. In this
work, we investigate augmenting personalized human advising for major selection using a large language model
(LLM), GPT-4. Through a three-phase survey, we compare GPT suggestions and responses for undeclared first-
and second-year students (n = 33) to expert responses from university advisors (n = 25). Undeclared students were
first surveyed on their interests and goals. These responses were then given to both campus advisors and GPT
to produce a major recommendation for each student. In the case of GPT, information about the majors offered
on campus was added to the prompt. Overall, advisors rated the recommendations of GPT to be highly helpful
(4.0 out of 5 on its explanation for the recommendation and 3.8 on its answers to individual student questions)
and agreed with its recommendations 33% of the time. Additionally, we observe more agreement with Al’s major
recommendations when advisors see the Al recommendations before making their own. However, this result was
not statistically significant. We categorize qualitative feedback from advisors with an affinity diagram and outline five
design implications for future Al-assisted academic advising systems. The results provide a first signal as to the
viability of LLMs for personalized major recommendation and shed light on the promise and limitations of Al for
advising support.

Notes for Practice

* Large language model (LLM) performance on the major-advising task is likely good enough to aid in the work
of human advisors.

* Advisors rated LLM major recommendations and answers to individual student questions favourably.

» Advisors found this intervention to make good use of student-provided information but lacking in its ability to
solicit additional follow-up information.
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1. Introduction

The choice of an undergraduate major is one of the most consequential decisions a student will make in their academic career,
affecting earnings (Thomas & Zhang, 2005; Bleemer & Mehta, 2022), job satisfaction (Wolniak & Pascarella, 2005), and degree
persistence (Suhre et al., 2007). While some students choose their major independently, many seek advice and recommendations
from campus advisors. Academic advising resources vary across institutions, with larger institutions often having substantially
greater advisor load (Carlstrom & Miller, 2013).

Recent progress in large language models (LLMs) has drastically increased their ability to comprehend, reason, and generate
human language (Ouyang et al., 2022). However, their viability for impactful tasks like assisting with major selection is yet
to be explored. Our work aims to fill this gap by evaluating whether LLLMs can provide helpful recommendations tailored
to individual students’ backgrounds and interests regarding their choice of major. This differs from prior natural language
processing (NLP) work for student recommendations that focused on automated course planning and scheduling. In our work,
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we systematically assessed the strengths and limitations of LLMs to provide personalized guidance on the pivotal decision of
which major to pursue. The relationship between demographic factors and major selection is substantiated in higher education
research (Wang, 2013; Moakler & Kim, 2014; Wessel et al., 2008). In machine learning, however, demographic factors need to
be carefully handled to avoid unintentionally amplifying existing biases (Mehrabi et al., 2022; Bolukbasi et al., 2016).

An undergraduate degree program can be conceptualized as a learning arc that is constrained by degree requirements so
that the experience of the degree is more useful than the sum of the individual skills and information learned in each course.
Furthermore, major selection is a choice of which learning arc to take, determining the scope of courses, subject matter, and
kind of job students will be seen as most qualified for. Academic advising helps determine the optimal learning arc. Under this
formulation, a number of research questions arise concerning our study and major advising as a whole.

We investigate the viability of two modern LLMs, GPT-4 and GPT-3.5, to provide major recommendations and question
answers at UC Berkeley, a large public university with over 100 majors, by comparing LLM responses to a gold-standard
response from professional advisors. Rather than having GPT directly give recommendations to students, our research is
designed around the potential for Al to aid advisors in personalizing advice, thus increasing efficiency or student success. We
address the following research questions:

RQ1: How closely do the AI’s major recommendations, explanations, and question responses match gold-standard
advisor responses?

RQ2: Does incorporating the student’s demographic information affect the AI’s performance?
RQ3: Does showing Al major recommendations and question answers to advisors influence their own recommendation?

To address these questions, we evaluate Al recommendations against gold-standard advisor responses (RQ1) using both
quantitative and qualitative methodologies. We examine the impact of student demographics (RQ2) on LLM recommendations,
given the established role of demographics in major selection described in prior literature. Finally, we assess how Al
recommendations and answers affect advisor recommendations (RQ3), as this influence is important to the success of Al-
assisted academic advising.

The contributions of this work include (1) furthering research on supporting major selection, an important yet understudied
area; (2) comparing the relative effectiveness of different LLMs and prompting strategies on the major recommendation task;
and (3) determining if LLM-generated recommendations affect subsequent human recommendations.

2. Related Work

Analytics-driven student counselling. The learning analytics field has had a long-standing research thread utilizing analytics,
and designing the methodologies to produce them, to guide students in higher education. Course-level analytics have been a
focus of past work, with “course signals” at Purdue as an early effort, displaying red, yellow, or green “signals” to students
within the learning management system (LMS) based on their current performance (Arnold & Pistilli, 2012). Another early
effort from Marist used predictive analytics on course drop-out to notify students of support resources available to them
(Jayaprakash et al., 2014). Baucks and colleagues (2024) explored methodologies for producing comparative course analytics,
aiming to differentiate between courses by inferred difficulty, and Borchers and Pardos (2023) expanded upon the notion of
course credit load to include stress load, time load, and mental effort load, described as course load analytics.

Algorithmic prediction and recommendation for academics. Several authors explore the use of machine learning tech-
niques to predict majors, mostly using clustering techniques (Esteban et al., 2020; Stein et al., 2020; Lang et al., 2022;
Maphosa et al., 2024). Much of the work in this area has explored the potential of NLP techniques to provide personalized
recommendations and guidance to students navigating their academic trajectories. Jiang and colleagues (2019) presented a
method for recommending courses that would best serve as preparation for a specified “goal” course, and Pardos and Jiang
(2020) introduced recommendation approaches to broadening students’ awareness of lesser-known “serendipitous” courses that
may still be of interest to them. Shao and colleagues (2021) introduced PLAN-BERT, a modification of the BERT architecture,
to generate personalized multi-semester course plans by incorporating students’ past course histories and future courses of
interest. Lang and colleagues (2022) extended this approach to major prediction by applying vector embeddings to forecast
students’ terminal majors based on sequences of courses taken from the beginning of their academic careers. While these
studies demonstrate the technical feasibility of Al-powered course planning systems, further research is needed to evaluate their
impact on student outcomes and to integrate human advisor expertise with algorithmic recommendations.

The learning analytics field has focused mostly on student-facing analytics in higher education, with advisors not often
involved in the intervention. The most related work is that of Ocumpaugh and colleagues (2017), which produced analytics
from a web-based tutoring system, ASSISTments, to produce an analytics report for college counsellors. The human-computer
interaction (HCI) field has looked more closely at advisor-in-the-loop analytics in higher education, with work exploring the
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impact of showing student course grade predictions to advisors during student advising sessions (Méndez et al., 2023; Mendez
etal., 2021).

Our work continues to fill this gap of human-algorithmic integration of student and advisor by investigating human advisor
expertise combined with Al major recommendations based on student-provided preferences and goals.

Language models in education. Language models, both auto-regressive models like GPT and encoder models like BERT,
have been increasingly applied in education settings to personalize assistance to students (Kucirkova et al., 2021; Chang et al.,
2022; Pardos & Bhandari, 2023), automate administrative tasks (Bauer et al., 2023; Shaik et al., 2023), or even train teachers
(Markel et al., 2023). Many such applications provide positive results but only partially align with the desired outcomes that
result when humans perform the task. For instance, Botelho and colleagues (2023) find that encoding student responses for
comparison does not capture the breadth of differences that teachers identify when providing feedback to students, and Markel
and colleagues (2023) showed that teachers found a benefit from using a simulated student chat system for training but there
were limitations in the realism of the scenario. These studies reveal both the promise and limitations of current language models
in educational applications, suggesting a need for more sophisticated use of language models to better replicate the nuanced
understanding and decision-making processes of human educators.

Human-Al interaction. Research on human-AlI collaboration in practical tasks has shown varied outcomes. In their review
of multiple studies on Al-supported code translation, Weisz and colleagues (2022) found that out of 10 experiments, only
two demonstrated improvements in both efficiency and quality of outcomes when Al was introduced (Desmond et al., 2021;
Ashktorab et al., 2021). At the same time, two demonstrated degradation or no change in performance (Weber et al., 2020;
F. F. Xu et al., 2022).

The expert-Al collaboration in medicine similarly presents mixed outcomes. Some work shows improvements in accuracy
(Tschandl et al., 2020; Reverberi et al., 2022), while other research concludes that experts exhibit confirmation bias or
underweight Al predictions (Bashkirova & Krpan, 2024; Agarwal et al., 2023). In an academic advising setting, Méndez and
colleagues (2023) investigated the influence of showing predicted grades on the course recommendation strategies of academic
advisors. The authors found that advisors rely primarily on their own experience rather than the tool’s predictions but spend
more time with the tool for lower-performing students.

Effective orchestration of human-AlI collaboration remains an open area of research (Capel & Brereton, 2023). Several
prior works have examined human-Al interaction, highlighting factors that can impact the effectiveness of the collaboration
and user adoption of Al assistance, including transparency, attachment (Gillath et al., 2021), confidence (Chong et al., 2022),
and group dynamics (Chiang et al., 2023). The applicability of current findings in the general HCI field to education remains
uncertain. Within education, where there is a need for more efficient processes to integrate Al in a humanistic way and humans
remain the ultimate decision-makers in most instances, it is essential to gather empirical evidence and examine how Al-human
collaboration affects educational tasks.

Our research begins to address the gap in the literature with the experimental application of major recommendations in
higher education, drawing from research in human-Al interaction, NLP, and algorithmic prediction in education settings.

3. Methods

3.1 Model Selection

We hypothesized that optimal LLM performance on the task would be determined by the reasoning capabilities of the model
and the degree to which responses could be personalized to a student at a specific university rather than an arbitrary university.
Thus, we tested GPT-4-0613 (8K token context window) with in-context major names and related department codes and
GPT-3.5-Turbo-16K-0613 with in-context major descriptions and related department codes. We also tested fine-tuning a model
on university major descriptions and requirements; however, the results were poor since fine-tuning impacted the language
generation rather than the reasoning of the model, similar to the findings of Gudibande and colleagues (2023). At the time of
conducting this research, GPT-4-32K-0613 (32K token context window) was not available and API (application programming
interface) access to the Claude 1 model (approximately 100K token context window) from Anthropic was not widely accessible.
Various open-source LLMs, e.g., Llama 2 (Touvron et al., 2023), were candidates for this research. Ultimately, we decided to
evaluate GPT models on only the recommendation task and not open-source models to limit the number of research questions
we were pursuing with the survey respondents.

We evaluated these model options in terms of their coherence and personalization on five randomly selected student
responses. Since the student response dataset is not directly used for analysis in this research but rather is used to facilitate the
comparison between Al and advisors, we did not exclude these five randomly selected responses from the student set shown to
advisors.
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3.2 Major Dataset

The university major dataset was scraped from the university’s degree program website. This dataset included descriptions of
the majors (n = 111) as well as lists of required and elective courses for each major. The dataset was too large to fit in the 16K
and 8K context windows available to us. To restrict the size for the 16K context version, we included only the department codes
for related courses (e.g., AGRS, ANTHRO, BUDDSTD) and restricted the length of the major description to 600 characters. To
shorten the data length for the 8K context version, we included only the department codes for related courses. Despite the
limited information we could include in the context, we believed the department codes would enhance model performance
since student participants provided department codes for the courses listed as favourites or least favourites.

3.3 Prompt Engineering

Using insights from prompt-engineering research (Zhou et al., 2023; White et al., 2023; Reynolds & McDonell, 2021) and
prototyped survey responses written by the authors, we developed a standardized prompt format to ingest each student’s survey
answers and produce a tailored major recommendation. These prompts were later refined on the five randomly selected student
responses used to compare models under consideration.

We wrote four sections for our prompting: (1) system role statement, (2) framing for including major details in the context
window, (3) prompts for ingesting the student data, and (4) prompts for retrieving answers to student questions (Figure 1). When
writing prompts, we used key best practices from prompt-engineering research (Liu et al., 2023; White et al., 2023). In general,
we made the prompts as concise as possible without sacrificing semantic meaning, and we provided clear context for the model’s
task in the system role, including describing the system’s persona (as an “excellent major advisor at [insert_university_name]”),
along with the model inputs and outputs. We expressed student data and questions in the form of natural language sentences.

System role statement:

You are an excellent major advisor at [insert_university_name]. The following are
-~ the majors, along with their descriptions, that you can recommend to students:

<MajorDetails>
# Aerospace Engineering
Related Course Codes: AERO, CIV, COMPSCI,

# African American Studies
Related Course Codes: AFRICAM

</MajorDetails>
Prompt for major recommendation and reasoning:
[At least one/Neither] of the student's parents worked in STEM jobs. The student's
— favorite courses include: [insert courses] The student's least favorite courses
include: [insert courses] The student's personal and academic interests include:

o
N [insert interests] Potential career paths the student is considering include:
- [insert career paths]

Based on the student details above, recommend one major. Provide detailed reasoning
— for why the major is the best fit for the student.

Prompt for student questions:
Please answer the following questions from the same student: [insert questions]

Figure 1. Finalized prompt formulations. Square brackets represent text to be chosen or replaced using survey responses.

Using the five randomly selected student responses from the survey shown in Figure 3 below, we compared including the
major details in the query prompt (separated using XML tags) (“OpenAl Platform”, 2023) with including the major details in
the system role. We found that including the details in the system role created more personalized recommendations. Next, we
compared a third-person prompting strategy, in which the model is provided with details of a student in the third person, and
a first-person prompting strategy, in which the user statements are in the first person from a student’s perspective as if they
are speaking to their advisor. We found that the third-person perspective was more effective as it avoided some GPT safety
protocols, thereby improving answer personalization, especially for student questions.

Since we lacked a dataset with which to perform quantitative methods of prompt engineering (Shin et al., 2020), the chosen
prompts should be considered a baseline rather than the optimal choices for this task.
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Vi N
Phase 1 Phase 2 Phase 3
Survey Students AT Major Survey Advisors
Recommendations/
Answers

N /

Demographic-Blind

Demographic-Aware

RQ1 RQ2 RQ3 Description

Eval A v v v Recommendation agreement rate between
human advisors and Al

Eval B v Advisor evaluations of Al responses
Eval C v v Question answering similarity
Eval D v Recommendation reasoning similarity

Demographics Blind Blind/Aware  Blind “Aware” if the model was prompted with
student demographics, “blind” if not

Figure 2. Summary of the methodology (data gathering phases, research questions, and evaluations). For full details, see
Section 3, Methods.

3.4 Data Gathering Procedure

We implemented a three-phase data gathering process, summarized in Figure 2, with participants at UC Berkeley. In phase
1 we surveyed students, in phase 2 we generated Al recommendations and answers, and in phase 3 we surveyed advisors.
We subsequently describe each phase in further detail. The three-phase procedure was designed to benefit from authentic
student responses while minimizing the risks to the students and to test a tool to support advisors rather than supplant them.
By surveying students separately in phase 1, we avoid any risks from directly showing them responses. Phases 2 and 3 were
designed to help evaluate and compare the Al and advisor responses.

In phase 1, we surveyed a group of undeclared first- and second-year undergraduate students at the university (n = 33) using
a questionnaire designed to assess factors found to predict success in major programs (e.g., demographics, including gender,
ethnicity, and parental STEM occupations) and elicit student details helpful to academic advisors (e.g., coursework preferences,
personal interests and strengths, career aspirations). Student responses were solicited from the university classes’ Facebook and
Reddit pages. The student survey demographic questions (Figure 3) were selected based on insights from prior work on major
selection (Wang, 2013; Moakler & Kim, 2014; Wessel et al., 2008), while the background questions were synthesized from
questions written by advisors for students in an advising session.

In phase 2, student survey responses were used to generate personalized AI major recommendations and answers to student
questions using GPT-4 (13 June 2023 version 0613, 8K token context window), prompted (Figure 1) by including 111 major
names to choose from and their related department codes (e.g., ANTHRO, MATH, PSYCH) sourced from their respective
major course requirements pages. We also generated recommendations and answers using GPT-3.5 for offline analysis.

In phase 3, students’ responses and Al recommendations were provided to university advisors (n = 25) as partof a 2 x 1
between-subjects study design. Each survey form included a single student’s data. Advisors were randomly assigned students,
and no advisor completed more than two survey forms. Advisors in condition A saw the Al responses after providing their own
recommendation, while those in condition B saw the Al response beforehand (Figure 4). This experimental design provides an
objective measurement of GPT’s effect (Brooks & Hestnes, 2010), which allows us to compare how the Al recommendations
influenced advisors, providing insight into human-Al interaction in this context. In the survey, advisors were asked to provide a
major recommendation and reasoning as well as answers to the student’s questions. The related survey questions contained the
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Student survey questions:
1. What is your gender? (based on Wang (2013))
2. What is your ethnicity? Select all that apply. (based on Wang (2013))

w

. Did at least one of your parents or guardians have a job in a science, technology, engineering, or math (STEM) field while you were
growing up? (based on Moakler and Kim (2014))

. List 1-2 of your favorite classes that you have taken and why they were your favorite.
. List 1-2 of your least favorite classes that you have taken and why they were your least favorite.
. What are your personal interests and academic strengths?

. What potential career paths are you considering after graduation?

o N O W B

. What question(s) do you have for an advisor about major selection?

Figure 3. Student survey questions with citations (which were not presented to the students).

Advisor survey questions:
[Student background information]
. Based on the student details above, recommend one major which is the best fit for the student.
. Provide detailed reasoning for why the major [Selected major] is the best fit for the student.

. Please answer the following questions from the same student: [Student questions]

1

2

3

4

5. [Al recommendation and reasoning]

6. Rate the helpfulness of the AI’s response to the student. (5-point Likert scale)

7. Please explain your rating of the AI’s response.

8. [Al answers to student questions]

9. Rate the helpfulness of the AI’s answers to the student’s questions. (5-point Likert scale)
10. Please explain your rating of the Al’s response.

11. If you have any other feedback or comments about the Al, please include them here.

Figure 4. Advisor survey questions. Special formatting corresponds to questions only seen in that condition: condition A;
. Advisors in condition A saw the Al responses after providing their own recommendations, while those in
condition B saw the Al response beforehand.

same language used to prompt the LLM (questions 2—4 in condition A, 12—-14 in condition B). Additionally, advisors rated the
AT’s major recommendation, reasoning, and answers. Advisors could optionally provide overall feedback on the Al responses.

3.5 Evaluation

We used four evaluations (A, B, C, and D). The summarized description of these evaluations (Evals) and their relationship with
our research questions is shown in Figure 2.

* Eval A is an evaluation of the success of model outputs relative to the advisors’ as measured by the rate of agreement
between Al and advisor major recommendations. Agreement is the percentage of students for which the model’s
recommendation matched the advisor’s recommendation.

* Eval B is the expert evaluations from advisors on the helpfulness of GPT-4 recommendation and question responses
gathered during phase 3 of data gathering.

Eval C is the cosine similarity between the answers to student questions of the Al and the advisors.

» Eval D is the cosine similarity of the recommendation reasoning in cases where Al and advisor recommendations match.
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3.5.1 RQ1: How Closely Do the Al's Major Recommendations, Explanations, and Question Responses Match Gold-
Standard Advisor Responses?

RQ1 compares Al performance against expert human performance in the major advising task. Evals A, C, and D, which

compare Al responses to advisors’, were performed on five models: demographic-blind GPT-4 (the model used for the survey

responses), demographic-aware GPT-4, demographic-blind GPT-3.5, demographic-aware GPT-3.5, and a demographic-blind

GPT-3.5 restricted to the same 8K context as GPT-4. Demographic-blind models do not have access to the student’s gender,

ethnicity, or parental STEM occupation.

We compared the similarity of the model outputs to the advisor gold standard using semantic textual similarity measured
by cosine similarity between embeddings. The embeddings were generated using all-mpnet-base-v2, a fine-tuned model
based on Microsoft’s MPNet model (Song et al., 2020), which has performed well on semantic similarity benchmarks
(SentenceTransformers, 2024). We hypothesized that the Al recommendations and answers shown to the advisors in condition B
(before the advisors wrote their own responses) would be more similar than when advisors wrote their responses independently
beforehand. Thus, we used a one-sided T-test to calculate the statistical significance of the embedding differences for each case
we are testing.

3.5.2 RQ2: Does Incorporating the Student’s Demographic Information Affect the Al's Performance?

We tested whether incorporating the student’s ethnicity and gender into the LLM prompt affected the AI’s agreement with human
advisors in terms of major recommendation and question-answering as measured by Evals A (recommendation agreement) and
C (question-answering similarity). We compare these for demographic-blind Al responses, which were shown to the advisors
in their survey, and demographic-aware Al responses. Demographic-aware responses were generated by providing the model
with the student’s gender, ethnicity, or parental STEM occupation in the prompt.

3.5.3 RQ3: Does Showing Al Major Recommendations and Question Answers to Advisors Influence Their Own
Recommendation?

RQ3 compares expert human performance against performance by expert humans aided by Al in the major-advising task.

We tested the statistical difference in agreement between advisors and the LLMs between conditions A and B (Figure 4).

In condition A, the Al response is shown after the advisor provides a recommendation. In condition B, the Al response is

shown before the advisor provides a recommendation. The difference in agreement is measured by Eval A (recommendation

agreement).

3.5.4 Qualitative Analysis

We explore the advisors’ impression of the Al to develop a qualitative evaluation from the advisors of quality (RQ1) and
influence (RQ3). In order to quantitatively categorize the advisors’ qualitative feedback of the AI's recommendations, we
construct an affinity diagram, which categorizes qualitative data for analysis (Lucero, 2015). Responses to questions 7, “Please
explain your rating of the AI’s response,” and 11, “If you have any other feedback or comments about the Al, please include
them here,” were used (Figure 4) in the affinity diagram to characterize the advisors’ feedback about the effectiveness of the
Al Given the relatively small quantity of data and the novelty of the survey questions, a single researcher performed the
categorization using categories that emerged from the data. To increase reliability, this researcher first performed a cursory
read of the data to construct an initial list of categories. Next, the researcher performed a first pass through the data, adding
additional missed categories when needed. After several days, the researcher performed another pass to ensure that all aspects
of the responses were represented. Finally, similar categories were grouped together. Note that categories are not mutually
exclusive.

4. Results

Among the 33 student participants, 17 were in first year and 16 were in second year. Demographically, 11 were Caucasian,
10 were Asian, eight were Black/African-American, two were Hispanic/Latinx, and two were mixed race. Of the 33 stu-
dent participants, 21 participants were male, 11 were female, and one identified as “other.” All responses were submitted
anonymously.

In the phase 3 survey, the 25 advisors were shown responses generated with the GPT-4 demographic-blind model. Offline
analysis of that model along with several others demonstrates varying performance on the recommendation, reasoning, and
question-answering tasks (Table 1).

4.1 RQ1: How Closely Do the Al's Major Recommendations, Explanations, and Question Responses Match
Gold-Standard Advisor Responses?

Overall, advisors viewed the AI’s major recommendations, explanations, and question responses favourably. The mean rating

for major recommendation and reasoning was 4.0 out of 5, while the mean rating for question-answering and reasoning was 3.8
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Table 1. Model performance. Agreement is the percentage of students for which the model’s recommendation matched the
advisor’s recommendation. Major Rec. Reasoning Similarity and Question Response Similarity are the average cosine
similarity between the embeddings of the model’s and the advisor’s responses. The greatest values for each column are bolded.

Model Agreement Agreement Agreement Major Rec. Question
Cond. A Cond. B Overall Reasoning Response
(AI-2nd) (AI-1st) Similarity  Similarity

GPT-4 demographic-blind 0.29 0.38 0.33 0.61 0.51

GPT-4 demographic-aware 041 0.25 0.33 0.61 0.52

GPT-3.5 demographic-blind ) ;¢ 0.12 0.15 0.67 0.52

matching 8K context
GPT-3.5 demographic-blind  0.35 0.19 0.27 0.63 0.50
GPT-3.5 demographic-aware  0.35 0.19 0.27 0.65 0.49

out of 5 in terms of helpfulness to students. GPT-4 (demographic-blind) major recommendations to students had an agreement
of 33% with the recommendations given by advisors, averaged across both conditions. In many of the disagreement cases, the
recommendations from the Al and the advisors were similar, pointing to majors in either the same subject area or the same
academic division. Recommendations given by the Al and advisors for the same students are shown in Table 2.

Comparing the similarity of major recommendation reasoning when the Al and advisor agree, GPT-4 demographic-aware
had the lowest cosine similarity (0.61), while GPT-3.5 8K demographic-blind had the highest (0.67). Comparing the similarity of
answers to student questions, GPT-3.5 demographic-aware had the lowest cosine similarity (0.51), while GPT-3.5 demographic-
blind with 8K context had the highest (0.52). Despite having the highest cosine similarity, GPT-3.5 8K demographic-blind was
the worst-performing model in terms of recommendation agreement (with an agreement rate of 0.15). The incorporation of
major descriptions improved the model’s agreement rate by 12%.

4.2 RQ2: Does Incorporating the Student’s Demographic Information Affect the Al's Performance?

We observed no differences in overall agreement with the GPT-4 models when student demographics were included versus
omitted (Tables 2 and 3). On the question-answering task, the incorporation of background information did not significantly
affect the model’s semantic similarity with the advisor response (T-stat of 0.24). However, the composition of individual
recommendations changed considerably. The GPT-4 demographic-aware model correctly classified two additional students and
misclassified two additional students compared to the demographic-blind version, while six other recommendations changed
but remained unmatched with the advisor (Table 4). These findings suggest that the integration of demographic information
does influence the model, even without a net change in agreement.

4.3 RQ3: Does Showing Al Major Recommendations and Question Answers to Advisors Influence Their
Own Recommendation?

To assess whether advisors were influenced by seeing the AI’s recommendations, we compared the rate of agreement with

the AI’s major among advisors in condition A, who were asked to give their responses before being shown the AI’s, and in

condition B, where they were asked after being shown the AI’s answers. We find that there was more agreement in the Al-first

condition (0.38) than in the Al-second condition (0.29); however, this difference was not statistically significant (p = 0.31).

5. Qualitative Analysis

Given the lack of statistically significant influence of the Al recommendation on the advisors, we further explore the advisors’
impression of the Al to develop a qualitative evaluation from the advisors of quality (RQ1) and influence (RQ3). The affinity
diagram in Figure 5 summarizes advisor evaluations of the AI’s recommendations. Of the 33 total advisor responses, 28 were
categorized as “Sufficient/Good,” indicating a generally positive reception. Within this category, advisors particularly noted the
ATI’s “Good use of student details” (16 instances). Some advisors (four instances) observed “Similarities to Human Advisor”
recommendations, while others commented on the potential for Al to bridge the gap for “Generalist vs. Specialist Advisors”
(four instances). However, the diagram also reveals areas for improvement. Under “concerns” (18 instances), advisors most
frequently cited the AI’s responses as “Reductive/Lacks Nuance” (nine instances). Other concerns included the need for
“Asking vs. Telling” (nine instances under “Suggested Improvements”), where advisors emphasized the importance of engaging
students in dialogue rather than simply providing recommendations. Additionally, some advisors pointed out that the Al
recommended a “High-Frequency Major” (two instances), i.e., one that is more difficult to receive due to its popularity among
students, suggesting a need for the system to consider less obvious but potentially suitable options for students.
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Table 4. Major recommendations that changed when incorporating demographics into the GPT-4 prompt.

Ethnnicity Gender Advisor GPT-4 GPT-4
demographic- demographic-
blind aware

Caucasian Female English Astrophysics Ancient  Greek

Roman Studies

Caucasian Male Eng. Math Statis- Aerospace Eng. Mechanical Eng.

tics

Caucasian Male Data Science Cognitive Science Media Studies

Asian Male Economics Applied Mathe- Comp. Sci.
matics

Latinx Male Data Science Applied Mathe- Comp. Sci.
matics

African-American Female Political Science  History African American

Studies

Latinx Female Legal Studies Legal Studies Data Science

Asian Female Data Science Cognitive Science  Data Science

Asian Male Environ. Eco- Environ. Eco- Economics

nomics Policy nomics Policy

African-American Male Environ. Eng. Environ. Science  Environ. Eng.

Science Science

Advisor
Responses
(33)

Sulfficient/ Suggested Im-
Good (28) J GRS (%) ) provements (15) J
Good Use of : :
: Reductive/Lacks Asking vs.

+| Student Details | Nuance (9) Telling (9)
(16)

Similarities to . —

.| Human Advisor | '\H/I|g_h-Fr2equency N Linking Re-
(4) ajor (2) sources (3)
Generalist vs. Potential Better Considering

~ Specialist Advi- ~ Recommenda- ~ More Factors
sors (4) tion (2) (3)

| Other (4) | ~ Other (5) |

Figure 5. Affinity diagram of advisor responses to GPT-4 major recommendations including the categories and the number of
related responses. Categories are not mutually exclusive.

5.1 “Sufficient/Good” Feedback (28 Instances)

Good use of student details (16 instances). Sixteen advisors praised the AI’s responses for its thorough consideration
of student details and interests. As one commenter noted, “Al pulled a lot of details about the student and was able to apply
the details to an explanation for AI’s choice.” Another highlighted how the AI “provided detailed support for data science
as the student’s major.” The responses were seen as helpful and well reasoned, with one reviewer stating, “I think it took all
the student’s interests and comments in consideration and gave a good reasoning on the recommendations.” Additionally, the
AT’s ability to address potential concerns was appreciated, as one commenter mentioned: “The last point is helpful around
mentioning the concern with math and how that may impact their major.”
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Similarities to human advisor (four instances). Three advisors noted that the AI's content is similar to what they would say
to the student, e.g., “These are all the same things I thought about when reviewing the student’s case, as an academic advisor
myself.” Another went further, noting that the Al “offers more than a simple answer,” remarking that the Al answer did not
sound forced.

Generalist vs. specialist advisors (four instances). Three advisors discussed how their colleagues specialize in specific
schools or degree programs. One advisor observed, “Bioeng[ineering] is a good recommendation here—that one totally slipped
my mind! I work with [another school’s] students, so that one did not occur to me.” This comment illuminates the limitations
imposed by an advisor’s specialized focus, thereby highlighting the potential value of a well-calibrated Al system in providing a
broader range of advising perspectives, at least in an initial interaction with the student. Along these lines, one advisor indicated
that the AI would serve only as a generalist advisor: “Once a student has an idea of what major they might be interested in,
they would have to go on a dept. website or a human adviser to ask specific questions such as the timeline for declaration.
Oftentimes students will ask me about particular faculty, or ease/difficulty of taking certain courses together, which I’'m not
sure the Al has been taught yet. I recognize that this info is subjective, but students do appreciate the info.”

5.2 “Concerns” Feedback (18 instances)

Reductive/lacks nuance (nine instances). Nine advisors critiqued the Al-generated advice for lacking nuance and failing to
address the complexities of individual circumstances. As one respondent noted, “The response is great in its reasoning but does
not account for the value of an English degree post-graduation,” highlighting the AI’s inability to consider long-term career
implications. Another observed that the Al “doesn’t address the student’s decision-making process, it’s reductive,” suggesting a
failure to capture the intricate factors influencing educational choices. The limitations of Al in providing personalized guidance
were further emphasized: “I think it can be a good exploration tool, but it does not account for the various identities that students
have.” This sentiment was echoed in the statement that “Al is fine for general information, but lacks nuance and experiential
wisdom to provide personalized advice,” underscoring the importance of human insight.

High-frequency major (two instances). Two advisors articulated concerns of promoting popular majors at the expense
of interdisciplinary or less conventional majors. For instance, one advisor noted, “Computer Science is an impacted major
... Alternative majors, such as Applied Math, Data Science, Physics, or Cog Sciences might be better alternatives.” While this
study cannot provide a direct response to such concerns, it should be acknowledged that these dynamics could limit the range
of academic paths presented to students. Conversely, one advisor appreciated the system’s capacity to suggest less conventional
academic routes. The advisor stated, “The recommendation of a lesser-known field may help the student explore other fields
and other applications for the degree.”

Other (five instances). Other concerns articulated by individual advisors include the efficacy of triaging student emails
between an Al and advisors, overly optimistic AI messaging to students, and concerns about the reliability of responses to
the same prompt, i.e., “students often ask the same questions over and over, sometimes to the same advisor and sometimes to
a variety of trusted advisors, while they deliberate on something like this.” One advisor stated that such an advising system
should be deployed carefully given its potential for impacting students.

5.3 “Suggested Improvements” Feedback (15 instances)

Asking vs. telling (nine instances). Another recurrent theme that emerged in the feedback around effective advising practices
emphasized the necessity of bi-directional dialogue between students and advisors for facilitating informed decision-making.
Specifically, one participant underscored the primacy of outlining both advantages and disadvantages: “advising best practice is
generally to stick to pros and cons, opportunities and costs [for each potential major].” Additionally, the significance of probing
questions was underscored by three advisors. Such questioning can serve to elicit deeper insight into the student’s particular
decision, as evidenced by the remark, “If it can offer questions to dive [into] the student’s interest, that may help solve the
student’s dilemma on making a decision.”

Linking resources (three instances). Three advisors mentioned the potential benefits of incorporating hyperlinks to pertinent
resources when delivering recommendations or addressing student queries. As one advisor stated, “A big part of an advisor’s
job is referring to campus resources. Office hours, student organizations, Career Center, etc.” This recommendation aligns with
the broader sentiment advocating for an ongoing dialogue between advisors and students, thereby empowering students to
make more informed decisions tailored to their individual circumstances.

Considering more factors (three instances). Three advisors referenced various factors (e.g., affiliated school, academic
year, student grades, capacity of the major program) that would help constrain the space of possible recommendations. For
instance, “Recommending a change of major may not be feasible to a junior student or a transfer student as changing majors
that late might delay graduation and degree progress.”
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6. Discussion

6.1 Key Results and Limitations

Our study revealed both promising potential and important limitations in using LLMs as academic advising assistants. The
GPT-4 demographic-blind model achieved moderate agreement (33%) with human advisors’ major recommendations, with
advisors rating the AI’s recommendations and explanations favourably (4.0 of 5 for major recommendations, 3.8 of 5 for
question-answering). While incorporating student demographic information altered specific recommendations, it did not
significantly impact overall agreement rates with human advisors. However, several methodological limitations warrant
consideration: our sample size lacked statistical power for robust between-subjects comparisons, the study was confined to a
single institution, and our analysis of Al-advisor agreement may have been inflated by including data from advisors who were
exposed to the AI’s suggestions before making their own recommendations.

Our finding that advisors were not significantly influenced by Al recommendations is consistent with the findings of
Méndez and colleagues (2023) that incorporating predictive analytics into advising sessions did not significantly affect advisors’
practices, in part because advisors rely on other important factors besides expected grade. Similarly, we find design implications
that include soliciting additional information that may aid in the instructor’s decision and the recommendations given to advisors
via the Al as detailed in the section below.

6.2 Design Implications
Our findings suggest several key design implications for Al-assisted academic advising systems:

¢ Enhancing nuance and promoting dialogue: To address concerns about reductive advice, future systems should
provide multiple viable options for students to explore, rather than a single recommendation. The Al should ask probing
questions to encourage deeper reflection and provide factors for students to consider during their exploration, promoting
a more nuanced, dialogue-based interaction. Explainable Al may also play an important role in enhancing nuance. Future
research should consider prior work investigating explainable Al, especially in sociotechnical systems as described by
Khosravi and colleagues (2022) or on focusing learning analytics dashboards to support equity, potentially through the
use of demographic factors as suggested by Williamson and Kizilcec (2022). This design implication stems from advisor
feedback in Sections 5.2, Reductive/Lacks Nuance, and 5.3, Asking vs. Telling.

* Implementing constraints: To improve recommendation efficacy, the system should incorporate additional factors such
as the student’s academic year and grades and the capacity of major programs. This could be achieved by modifying
the AI’s prompt to only list eligible majors based on these constraints; however, a human advisor with direct student
experience may be best equipped to handle complex eligibility scenarios. This design implication stems from advisor
feedback in Section 5.3, Considering More Factors.

* Resource integration: Future iterations should incorporate hyperlinks to relevant resources, addressing the advisors’
suggestions for better resource linking. This could include connections to a career engagement office for networking
opportunities, professor office hours, student organizations, and department websites. Such integration would provide
students with a more comprehensive support system and encourage independent exploration. Future research should
consider the designs of previous learning dashboards involving students and advisors such as Millecamp and colleagues
(2018), where the authors found that the dashboard should provide most insights at the beginning of a dialogue and that
the students desired access to dashboard information even after the interaction ended. This design implication stems from
advisor feedback in Section 5.3, Linking Resources.

* Iterative engagement: The system should be designed to handle repeated interactions with students, acknowledging that
decision-making often involves multiple consultations. This feature would allow students to refine their questions and
explore different aspects of their academic choices over time. Future development may draw insight from research on
interactivity strategy in intelligent tutoring systems such as in Chi and colleagues (2009). This design implication stems
from advisor feedback in Section 5.2, Other.

* Triage mechanism: The system could use a triage protocol between Al and human advisors. As suggested by one
advisor, the Al could be used when students are more uncertain about their choices, with progression to a human advisor
for more specific or complex inquiries. This approach would optimize the use of both AI and human resources in the
advising process. Additionally, the triage system could promote student ideation and exploration, potentially in the same
spirit of serendipity as the course recommendation system in Pardos and Jiang (2020). This design implication stems
from advisor feedback in Section 5.1, Generalist vs. Specialist Advisors.

ISSN 1929-7750 (online). The Journal of Learning Analytics works under a Creative Commons License (CC BY 4.0) 122



JOURNAL OF LEARNING ANALYTICS. 5'— AR

By incorporating these design implications, we can create an Al-assisted academic advising system that complements
human advisors, provides more nuanced and personalized guidance, and better supports students in their major selection
process. To evaluate the efficacy of a future design, we propose several viable approaches:

1. maximizing student satisfaction in the medium or long term;
2. minimizing the number of students who fail to declare their major of choice, i.e., minimizing regret; and
3. maximizing advisor efficiency without reducing the two previous metrics.

While this list is not exhaustive, we believe it is a suitable approximation for system-advising efficacy. Future work could
investigate these metrics and the trade-offs therein or incorporate learning analytics dashboard evaluation techniques from prior
work such as Broos and colleagues (2018), which examined a dashboard for aspiring STEM students and advisors through a
questionnaire.

7. Future Work and Limitations

Our study demonstrates the potential for LLMs to serve as intelligent assistants for academic advisors in higher education.
However, there are important limitations and ethical considerations that warrant further discussion.

While our study benefited from authentic advisor and student participation, it lacked the statistical power required for a
between-subjects two-condition experiment. Future studies should target at least 30 participants per condition to confidently
conclude the presence of a significant effect. Additionally, our analysis of the AI’s recommendation agreement may have been
influenced by including data from condition B advisors, whose own recommendations could have been affected by the model’s
suggestions. Thus, the measured alignment between human and Al recommendations is potentially inflated.

In practice, some factors would restrict the set of possible major recommendations, e.g., only recommending majors in the
College of Letters and Science. We did not limit GPT-4 to recommend majors within a particular division of the university.
Taking such restrictions into account would be an interesting step for future work in LLM-based major recommendation.
Additionally, while this research focuses on undeclared students at a four-year university, it does not address the needs of
prospective transfer students at community colleges whose choices are influenced by their target school.

Our research is confined to the advisors of a single institution. One plausible explanation for the positive orientation of
these advisors toward algorithmic collaboration could be their heavy workload, similar to the course credit evaluation staff
who were notably receptive to such collaboration as highlighted by L. Xu and colleagues (2023). This is corroborated by one
advisor’s remark that Al “could be useful seeing as GSAO’s [graduate student affairs officers] are overloaded and super busy.”
Additionally, advisors at this institution may inherently be more open to technological innovations within their field. There
is also the possibility of selection bias, as those who chose to participate in this study might have a predisposition toward
embracing new technologies. Consequently, future research should investigate whether these findings are consistent across
different institutions and varying contexts.

To the extent that advisors consider how well students are cognitively prepared for certain majors (i.e., prerequisite
knowledge preparing students for early coursework), LA researchers could investigate the advising input data. Predicting
student success is a robust area of research in LA (Jayaprakash et al., 2014; Adnan et al., 2021; Alwarthan et al., 2022) that
could be applied to advising. In our research, this was the input data for our prompt and the advisors’ survey. Learning
assessments to aid both advisors and Al advising could be a ripe area for future research, potentially integrating knowledge
tracing or competency evaluation into the Al advising to assess what the student has learned thus far and how that compares to
what they are learning in the degree.

In evaluating the LLMs’ performance, we opted to use advisor recommendations as the gold standard rather than students’
actual major selections. This choice allowed us to test the efficacy of using LLMs to influence advising (RQ3) rather than
to influence the student’s end major declaration decision. Since major declarations occur at different times in a student’s
academic journey and interests evolve over time (including through major switches), advisor recommendations offered a more
controlled comparison point temporally aligned with the LLM’s inputs. This enabled a direct semantic assessment of the
LLM’s output quality relative to human experts. However, studying the relationship between LLM recommendations, advisor
recommendations, and student major selections remains an open direction for future work.

Semantic similarity was a key method used in evaluating the model’s responses, which has limitations. First, semantic
similarity scores lack interpretability, especially when they are not paired with a clear baseline. Additionally, semantic similarity
ultimately relies on the underlying model used to encode the text. Even state-of-the-art models like the one used in this research
are insufficient to accurately perform semantic comparison in some instances.

This work also raises the question of where and when Al should fit into the student-advisor relationship. In our study,
students provided input to the LLM, which then provided its recommendations and explanations to the advisor, who presumably
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might then communicate with the student. Other configurations could be explored, where the LLM conducts a type of triage
advising, asking the right questions and follow-up questions of the student before presenting the advisor with recommendations
to consider. Alternatively, an advisor could review Al responses and approve some to be sent to the student, while others would
need modification or an LLM response would be bypassed in favour of direct communication with the advisor.

In this research, we sought to investigate Al as a tool for helping advisors. Generative Al, even setting aside future advances
in the field, has the potential to significantly augment human capabilities in a host of “knowledge work”; however, there is
potential for increasing efficiency to cost many jobs (Brynjolfsson et al., 2023; Weidinger et al., 2021). Overall, developing
ethical and beneficial applications of LLMs in high-impact domains like education remains an open challenge requiring
continued research and awareness of the importance of maintaining human connection in students’ educational experiences.

8. Conclusions

This study demonstrates the potential of LLMs like GPT-4 to serve as valuable assistants in academic advising for major
selection. By comparing the recommendations generated by GPT-4 with those provided by experienced university advisors, we
found that the AI’s suggestions were often aligned with expert advice, though not universally so. Advisors and GPT-4 made
the exact same major recommendation 33% of the time, with advisors rating GPT-4’s justification for its recommendation
somewhat highly (4 out of 5 rating of the justification). GPT-4 also appeared up to the task of answering individual student
questions related to major selection, with advisors giving a 3.8 out of 5 average rating to those answers. When demographic
information was introduced, 10 of the 33 students’ major recommendations changed. However, performance as defined by
the recommendation agreement between the Al and the advisors was not affected. When analyzing advisors’ open-ended
feedback on GPT-4’s responses, we find that there was consensus (n = 16) that the Al made good use of individual student
preferences and goal details, which is to say it appears to have excelled in personalization. Advisors also remarked (n =9),
however, that, given the students’ responses, they would have asked follow-up questions soliciting more information before
offering a recommendation. Our findings suggest that while LLMs can significantly augment the advising process, particularly
by providing a baseline of recommendations, the integration of human oversight remains crucial. This ensures that the nuanced
and personal aspects of advising are maintained, safeguarding against potential biases and errors inherent in automated systems.
Due to the largely positive ratings from advisors, the difference in the rate of agreement with the Al in conditions A and
B, and qualitative feedback from advisors, LLM recommendations appear to have made a positive impression but did not
have a statistically significant influence on advisor recommendations. Overall, the results potentially bode well for human-Al
interaction in this area.

Future research should focus on refining the application of these models using the design implications of this work, exploring
LLM use across diverse student populations, and investigating further questions about where an Al system should fit into
the relationship between student and advisor. Continued collaboration between Al researchers, educational institutions, and
advisors will be essential to optimize these tools, ensuring that they enhance the human elements critical to effective academic
advising.
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