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ABSTRACT

Several recommender systems have been proposed to sug-
gest courses to students based on their transcripts. In this
paper, we evaluate whether these systems can be general-
ized to other academic activities, such as research projects
and extracurricular activities. We follow previous grade-
aware and content-based approaches, where course descrip-
tions are represented by embedding vectors to predict stu-
dents’ grades. We extend this method by representing other
academic activities as embedding vectors in the same space
as the course descriptions using Jina, a recent BERT-based
embedding model. This shared embedding space allows us
to predict students’ potential "grades” for other academic
activities, different from courses, which we interpret as their
level of interest. We first evaluate the Jina embeddings as
features for predicting course grades compared to TF-IDF
and Word2Vec. The results show that Jina embeddings out-
perform both for predicting course grades. Using the Jina
embeddings as shared space for academic activities repre-
sentation, we conducted a user study to evaluate our as-
sumption that predicted grades are good proxies for student
interests. We asked students to rate recommendations for
courses, undergraduate research projects, and community
activities with respect to novelty, diversity, personalization,
accuracy, and satisfaction. The results indicate that stu-
dents prefer our recommender system over a collaborative
filtering baseline in all metrics.

Keywords
recommendation, content-based, embeddings, courses, ex-
tracurricular activities

1. INTRODUCTION

Course recommendation systems have been increasingly ex-
plored in educational contexts for different purposes, includ-
ing improving proficiency [3], optimizing time to graduation
[23], preparing students for specific target courses [13], and
others. While formal courses typically fulfill the majority
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of the credits in undergraduate courses, other important ac-
tivities complement students’ academic lives, such as under-
graduate research and extracurricular community activities.

Participating in undergraduate research projects improves
students’ critical thinking and problem-solving skills, while
also enhancing their advanced writing abilities and motiva-
tion to learn [1]. Nevertheless, many first-year students are
unaware of available research opportunities and often only
discover them later in their undergraduate careers [19]. Ad-
ditionally, participation in extracurricular activities provides
a sense of community, belonging, and well-being, while also
being linked to improved academic performance and social
connections. These benefits enhance students’ overall uni-
versity experience and positively impact student retention
rates [5, 16].

This paper presents a holistic recommendation system that
leverages previous grade-aware recommender systems [6, 9,
20] and neural word embeddings [29, 21, 26, 14] to recom-
mend not only courses but also research projects and ex-
tracurricular activities. Different than previous works [20,
23], our goal is not to directly optimize GPA or reduce time
to graduation, but to support students in discovering rele-
vant and engaging academic opportunities throughout their
studies, providing a more personalized academic experience.
While we don’t optimize GPA directly, we believe that stu-
dents tend to perform better when engaging with activities
aligned with their interests, which indirectly leads to aca-
demic success.

Our system is based on the assumption that students’ inter-
ests can be inferred from their grades and that they are likely
to perform better in courses whose topics align with their
interests. Thus, the system starts by extracting embeddings
from the textual content of courses with jina-embeddings-
v38, a state-of-the-art BERT-based model. Since this model
captures complex semantic and contextual information, we
can also use it to generate embeddings from research projects
and extracurricular activity descriptions, mapping them into
the same space. Thus, we train a linear regression model
to predict students’ grades on courses not taken. We then
apply this model to estimate the student’s expected perfor-
mance in other academic activities through linear regression.
This estimated performance is then used as a signal for rec-
ommending courses, undergraduate research projects, and
extracurricular activities.
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We evaluate our holistic system with objective metrics and
a user study. The objective metrics evaluated the error
of our linear regression model when trained with different
word embedding techniques: jina-embeddings-v3, TF-IDF,
and Word2Vec. The user study measured the students’
perceived quality of our recommendations compared to two
baselines: a collaborative filtering approach and a random
control method. Quality was assessed with 5 metrics: nov-
elty, diversity, personalization, accuracy, and satisfaction.

Results showed that jina-embeddings-v3 considerably out-
performed TF-IDF and was slightly better than Word2Vec
in the task of course grade prediction. While Word2Vec
had a great trade-off between performance and model ca-
pacity, we use jina-embeddings-v3 because it is language-
independent and has better prediction performance. The
user study showed that our holistic recommender is pre-
ferred by the students when compared to collaborative fil-
tering and random baselines in almost all factors. Statistical
tests showed a significant difference in the scores across the
approaches in most metrics.

Our main contributions include (1) a grade-aware recom-
mendation framework that integrates course content em-
beddings to improve grade prediction and (2) an expanded
recommendation scope beyond courses to include research
projects and extracurricular activities.

2. RELATED WORK

This work is directly related to systems that recommend
higher education courses, particularly grade-aware recom-
mendation systems which use predicted grades as a ranking
metric. It is also related to previous works that use word
embeddings to represent the course content. This section
briefly discusses common approaches to these problems.

2.1 Grade-aware Course Recommendation
Collaborative filtering is a widely used approach to grade-
aware course recommendation. For example, Ceyhan et al.
[6] recommend courses to a given student s by predicting
their grades on courses not taken. To predict the grade of
a course ¢ not taken by s, the system computes the average
grade in ¢ among the top-k most similar students to s. Simi-
larly, Elbadrawy et al. [9] also applied collaborative filtering
but combined predicted grades with course popularity rank-
ings to recommend those with the highest chances of success.
Morsy et al. [20] proposed two different methods, with one
incorporating predicted grades to enhance course ranking
so that a student’s overall GPA is maintained or improved.
Our work is similar to these previous works because we also
recommend courses based on predicted grades. However, we
employ a content-based approach instead of collaborative fil-
tering. Moreover, besides courses, we also recommend other
academic activities such as research projects and community
service.

Other important related works include methods that do not
recommend courses but focus on grade prediction. For ex-
ample, Hu et al, [12] applied a linear regression model to
predict student grades based on their demographic and aca-
demic background, instructor information (e.g., rank and
tenure status), and course features (e.g., difficulty and credit
hours). Polyzou et al, [22] showed that a single linear model
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Figure 1: Overview of the holistic recommender system.

may fail to capture the various prior course combinations
for programs with greater flexibility and numerous elective
options. To address this limitation, they proposed student-
specific regression to estimate course-specific linear models
for each student. More recently, Li et al. [18] extracted
semantic, syntactic, and frequency-based features to build
a course-similarity graph that is fed to a graph neural net-
work to predict the student grade. Our work differs from
these previous approaches because our goal is not to pre-
dict grades, but to provide academic recommendations using
grade prediction as proxies for students’ interests.

2.2 Course Embeddings

Representing courses using word embeddings has recently
been applied to different course recommendation systems.
For example, Adilaksa et al. [2] represents course content
using TF-IDF to recommend elective courses based on co-
sine similarity to core courses. Premalatha et al. [24] tackles
the same problem, but employs a Word2Vec embedding in-
stead. Elective courses are then recommended by predicting
their knowledge domains and comparing them with the do-
main expertise of the student according to performance in
previous core courses.

Word embeddings have also been used to represent and rec-
ommend Massive Open Online Courses (MOOC). For exam-
ple, Zhou et al. [31] combined course and user embeddings
to predict the most likely course for a target student with
an Attention Neural Factorization Machine [29]. Mrhar et
al. [21] also recommends MOOCSs, but uses an LSTM net-



Title: Deep Learning

Syllabus:

Introduction; Supervised Learning; Shallew Neural Networks; Deep Neural Networks;
Recurrent Neural Networks; Improving Performance of Neural Networks;
Convolutional Neural Metworks; Attention Mechanisms; Generative Models

Units:

(1) Introduction: History of Artificial Intelligence; Machine Learning vs. Deep Learning;
Success of Deep Learning; Deep Learning Problems; Neural Network Architectures;
Technologies; (2) Supervised Learning: Mathematical Formulation; Classification and
Regression Problems; Datasets; Hypothesis Space; Loss Functions; Training,
alidation e Testing; Model Evaluation; Generalization; Overfitting and Underfitting.
{3)Shollow Neural Networks: Linearly Separable Problems; Perceptron; Logistic
Regression; Gradient Descent; Implementing Meural Networks with Numpy. (4} Deep
Neural Networks: Linearly Non-Separable Problems; Multilayer Perceptron;
Activation Functions; Backpropagation; Implementing Meural Networks with
Pytorch; Recurrent Neural Metworks; Natural Language Processing (NLP); Recurrent
Neural Networks (RMNs); Exploding/Vanishing Gradients;: Gated Recurrent Unit
{GRU); Long Short Term Memory (LSTM); Bidirectional RNNs; Word Embeddings;
Implementing RNNs with Pytorch. (5) Convolutional Neural Networks: Computer
vision; Filters and Convolutions; Padding and Stride; Convolution Over Volumes;
Pooling Layers; Successful Architectures; Implementing Conveolutional Neural
Networks with Pytorch. (8) Attention Mechanisms: Encoder-decoder models;: Self
attention; Multi-head attention Transtormers. (7) Generative Models Generative:
Adversarial Metworks; Autoregressive Models; Variational Autoencoders; Diffusion
Models. (8)improving Performance of Neural Networks: Hyperparameter Tuning; Input
and Batch Mormalization; Regularization; Advenced Optimization Algorithms; Data
Augmentation.

(a) A deep learning course from the Exact Sciences academic
center.

Title: Satellite Image Analysis with Applications in Precision Agriculture
Research Line: Digital Image Processing

Objective:

Remote sensing can be defined as the acquisition of infarmation about a given object
without physical contact. In precision agriculture, remote sensing images have
several uses: crop species classification, disease and weed monitaring, water stress
detection, and soil property mapping. The objective of this project is to develop and
test image processing algorithms and machine learning technigues to process multi-
and/or hyperspectral satellite images.

The problems addressed in this project are:

- Pre-processing of images to detect clouds, shadows, or other irrelevant
information;

- Segmentation of agricultural fields in images using Machine Learning and Deep
Learning technigues:

- ldentification and classification of crop types and other important information for
farmers within the images.

(b) A research project on deep learning for agricultural appli-
cations.

Title: Il Workshop on Computational Intelligence and Statistical Learning Applied to
Agriculture

Objective:

The workshop aims to bring together professionals and students (undergraduate and
graduate} from Statistics, Computer Science, Agronomy, Animal Science, Genetics
and Breeding, Crop Science, and related fields to promete the presentation and
discussion of new methodological developments in Computational Intelligence and
Statistical Learning and their applications in Agriculture.

(¢) An extracurricular activity on machine learning in agri-
culture.

Figure 2: Examples of course, research project, and extracurricular activity from our dataset. The research and activity texts
were translated into English to facilitate reading, since they are only available in Portuguese.

work to predict semantic similarity between formal courses
taken by the student and available online MOOCs. Jing
et al. [14] and Yin et al. [30] used the Latent Dirichlet
Allocation algorithm [4] to extract topics from the course
description, combining it with historical access behavior to
create a user interest profile. Users and courses were then
mapped into the same latent space for similarity-based rec-
ommendations. Similar representations have been applied
to help course search [26] and recommend learning materi-
als for courses, such as readings [15] and videos [25].

Most prior works leveraging embedding representations rec-
ommend courses based on similarity metrics over the em-
beddings themselves. Our work is different because we em-
ploy the embeddings as input to a linear regression model to
predict students’ grades. Moreover, most works have been
applied specifically for elective courses or MOOCs. Our
work is different because we focus on formal higher edu-
cation courses, supporting both elective and core courses, as
well as extracurricular activities.

3. A HOLISTIC RECOMMENDER SYSTEM

Our main goal with our holistic recommender system is to
help personalize students’ academic trajectories during their
undergraduate degrees. We envision our system as an ad-
visor that helps students find interesting courses but also
other extracurricular activities such as research projects and
community activities. We address this problem by bridging
previous works that predict grades to recommend courses
[6, 9, 20, 12, 22, 18] and that represent courses with word
embeddings from textual descriptions [31, 26, 15, 25].

We propose a content-based recommender system that rep-
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resents courses, research projects, and other extracurricular
activities using the same BERT model, as shown in Figure
1. Our system uses an independent regression model for
each student, trained to predict their grades on courses not
taken. At recommendation time, since all activities are in
the same space, our system employs the learned regression
model 65 to predict the student s performance on all avail-
able activities. Thus, we can recommend the activities that
have a higher predicted performance to the student s.

3.1 Dataset

We trained our grade prediction model with a collection of
undergraduate courses from our university, the Universidade
Federal de Vigosa (UFV), a public research university in
Minas Gerais state, Brazil. UFV offers 45 majors orga-
nized into four broad academic centers: Agricultural Sci-
ences (CCA), Biological and Health Sciences (CCB), Exact
Sciences (CCE), and Humanities (CCH). Our dataset con-
tains 14 years (2010-2024) of academic records, including
1.6 million student transcripts from 4,164 courses of 45 pro-
grams. The grades are measured on a scale from 0 to 100.
Although student grades are treated as confidential infor-
mation, details regarding course content, research projects,
and extracurricular activities are publicly available on the
university website.

Course documents have an average of 195 words, including
the course name (4 words), a brief syllabus summarizing the
main topics (40 words), and the detailed content of each unit
(151 words including all units). All course descriptions are
available in both Brazilian Portuguese and English. Figure
2a shows an example of a deep learning course in our dataset.
The formatting of the text has been removed to illustrate



how the embedding model will process the course inputs.

Besides courses, our dataset also comprises 1.859 research
projects and 11.206 extracurricular activities, which are not
used for training the grade prediction model but to evaluate
our recommender system in our user study. Research project
documents have an average of 110 words, comprising the
project title (14 words), its research line (5 words), and a
summary of objectives (91 words). Extracurricular activity
documents have a similar structure, with an average of 39
words, including an activity title (9 words) and a summary
of its objectives (averaging 30 words). Research projects
and extracurricular activities descriptions are available only
in Brazilian Portuguese.

3.2 Academic Activities Representations
Considering that most formal academic activities are typi-
cally registered in universities as textual documents, we rep-
resent them in a shared embedding space using a pre-trained
BERT model [7]. Particularly, we use jina-embeddings-v3
[27] to extract embeddings, because it is a state-of-the-art
model that supports 100 languages and a context size of
8192 tokens. This context size is large enough to represent
academic activity textual descriptions in general, including
courses. Additionally, this model supports Matryoshka Rep-
resentation Learning [17] that allows reducing the embed-
ding dimensionality without compromising performance. It
is important to highlight that by representing academic ac-
tivities with jina-embeddings-v3, our recommender system is
practically language-agnostic, supporting the same 100 lan-
guages. From now on, for simplicity, we will refer to this
model as Jina.

While Jina embeddings can be produced for any textual doc-
ument, to make meaningful recommendations, our method
needs to represent academic activities closely to their re-
lated courses in the embedding space. Thus, we assume
that academic activities are described by a coherent and in-
formative text that shares contextual or terminological over-
lap with course topics. For example, a research project on
neural networks (Figure 2b) or an activity focused on artifi-
cial intelligence (Figure 2c) will have related terms such as
“Learning”, “Image”, and “Classification”, and hence will be
represented closely to deep learning courses in the embed-
ding space (Figure 2a).

To evaluate whether the documents in our dataset have a
meaningful embedding space, we sampled 3,000 academic
activities in total (1,000 courses, 1,000 research projects,
and 1,000 extracurricular activities) uniformly distributed
among the 4 academic centers in our university. Figure 3
shows a plot of the embeddings in a two-dimensional space
reduced using the t-SNE algorithm [28]. One can see that
the produced shared embedding space places courses, re-
search projects, and extracurricular activities from similar
areas close together. For example, all Exact Science aca-
demic activities (in red) form a cluster at the center-top of
the reduced embedding space.

3.3 Grade Prediction and Recommendations

We train a linear regression model y = hg(x) for each stu-
dent to predict their grades y on courses represented as word
embeddings x. We use linear regression instead of a more
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Figure 3: Embeddings from courses (C), research projects
(R) and extracurricular activities (A).

complex model (e.g., a neural network) because we train
a single model per student, and thus we don’t have much
data for each model. Having a single model per student has
the benefit that we can interpret the weights of the linear
regression 6 as a vector that represents the student’s inter-
ests/academic strengths.

Since Jina embeddings group research projects and extracur-
ricular activities close to courses in space based on knowl-
edge areas, as shown in Figure 3, we can use the model
y = hg(x) trained on courses to predict grades on other ac-
tivities . Thus, we can generalize the predicted “grade” y
as the student expected performance on that activity.

Our holistic recommender system uses the trained linear re-
gression to suggest interesting courses, research projects,
and extracurricular activities to a given student s. These
three different items are recommended independently of each
other, but using the same procedure, as shown in the area
shaded in yellow in Figure 1. The first step is to remove the
activities already taken by s, to make sure we only recom-
mend new ones. Then, we apply the trained linear regression
to predict the grade y for each course y. = 05 - E., research
project y = 05 - E,., and extracurricular activity y, = 0s- E,
in our dataset. Finally, we show to student s three lists of
items, one for courses, one for research projects, and one
for extracurricular activities, where each list has the top-k
items in our dataset with respect to predicted grade.

While the system relies on historical grade data, the poten-
tial cold-start problem is naturally mitigated by the struc-
ture of undergraduate curricula, which typically include a
fixed set of courses in the first term (quarter, semester, etc.).
As a result, our recommender system begins suggesting ac-
tivities only from the second term onward. By then, stu-
dents have usually completed enough courses to allow for
meaningful recommendations, and the quality of these rec-
ommendations is expected to improve as more data becomes
available throughout their academic journey.

4. EMPIRICAL EVALUATION

We evaluate our holistic recommendation systems with two
experiments. First, we compare the error of the logistic
regression when predicting course grades with Jina embed-
dings against two simpler approaches: TF-IDF and Word2Vec.



Second, we conducted a user study to evaluate the quality of
the recommended academic activities with respect to nov-
elty, diversity, personalization, accuracy, and satisfaction.

4.1 Experimental Setup

All variations of linear regression were trained using gradient
descent with the same hyperparameter configuration: 100
epochs, learning rate n = 0.01, and L2 regularization A =
0.1. Since we want our model to predict grades of courses
not taken by a student, we split the students’ transcripts
over time, using 80% of their first course grades for training
and the remaining 20% for testing. If a student took a course
more than once, we considered only the most recent grade,
as it best represents the student’s current proficiency in that
course. We also removed records of courses that do not use
numerical grades for evaluation.

We normalized grades using the z-score within each class
since we observed differences in average grades across aca-
demic centers. For example, humanities courses have higher
average grades than those in the exact sciences. Since our
methodology infers a student’s representation based on their
grades and course content, these variations could introduce
inconsistencies, especially because many programs from dif-
ferent academic centers share courses.

All course embeddings were represented with 768-dimensional
vectors. Jina includes five LoRA (Low-Rank Adaptation)
adapters [11] for specific tasks: retrieval-query, retrieval-
passage, separation, classification, and text-matching. Con-
sidering our recommendation application, we evaluated Jina

with the separation, classification, and text-matching adapters.

We also reported the Jina performance without any adapters
to measure the impact of each adapter.

Since TF-IDF embeddings have a dimensionality equal to
the number of words across all documents (i.e., our vocab-
ulary), they result in high-dimensional vectors. Therefore,
we reduced its dimensionality by selecting only the most fre-
quent terms to match the same 768 dimensionality as Jina.
To measure the impact of this reduction, we also evaluated
TF-IDF at full dimensionality.

Before passing these texts through TF-IDF and Word2Vec,
we pre-processed them removing stop words and digits, and
applying lemmatization. For Word2Vec, we evaluated both
the Continuous Bag of Words (CBOW) and Skip-Gram mod-
els. Since the research projects and extracurricular activities
in our dataset are all in Brazilian Portuguese, we used em-
beddings pre-trained in a large Brazilian Portuguese corpus,
including Wikipedia, Google News, and scientific texts [10].

4.2 Objective Evaluation

We evaluated the logistic regression models on the testing
set with Mean Absolute Error (MAE), Root Mean-Square
Error (RMSE), and R? Score between the predicted and
ground truth grades. Since grades are measured on a scale
from 0 to 100, MAE and RMSE are on the same interval,
where lower values indicate more accurate predictions. Ta-
ble 1 shows the MAE, RMSE, and R? score for each logistic

LA class is the set of grades for a course offered in a specific
year and semester by a professor.
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Table 1: Error for each course embedding. A value in bold
is the best score for a particular quality metric (column).

Embedding MAE RMSE R?
TF-IDF (full) 55.03 57.41 -7.09
TF-IDF (reduced) 48.34  51.68 -7.54
Word2Vec (CBOW) 14.90 1948 -0.21
Word2Vec (Skip-Gram) 13.78 18.56  -0.10
Jina (no task) 17.14  21.08 -0.42
Jina (text-matching) 19.21 2339 -0.75
Jina (classification) 13.62 17.83 -0.01
Jina (separation) 13.57 17.81 -0.01

regression model we evaluated. Jina (separation) and Jina
(classification) embeddings outperformed all the other meth-
ods, which is evidenced by their lowest and practically equal
MAE, RMSE, and R? scores. These results suggest that em-
beddings that better capture academic context lead to more
accurate grade predictions.

Word2Vec (Skip-Gram) and Word2Vec (CBOW) were the
second and third-best approaches, respectively, with an MAE
very close to Jina (separation) and Jina (classification), but
RMSE slightly worse. This is a surprising result consider-
ing that Word2Vec is relatively simpler than Jina. We hy-
pothesize that Word2Vec’s good performance comes from its
specific training with a Brazillian Portuguese corpus. While
this helps improve performance, it limits its embeddings to
a single language.

Jina (text-matching) and Jina (no task) performed worse
than Jina (separation) and Jina (classification) and than the
two Word2Vec models, showing that LoRA adapters consid-
erably impact the model grade prediction performance. The
TF-IDF approaches had the worst performance among all
embedding approaches. This is an expected result since this
is a very simple method based on word frequencies. The re-
duction of TF-IDF dimensionality resulted in a lower error
but still considerably higher than Word2Vec and Jina.

4.3 User Study

We conducted our user study as a within-subject study where
a participant is asked to evaluate our holistic recommenda-
tion system (with Jina) and two other baselines: a simple
collaborative-filtering approach and a random recommender,
which we use as a control method. We chose collaborative fil-
tering as our baseline because it is one of the most common
approaches for grade-aware course recommendation. The
user study was approved by the research ethics committee
of our university.

Our collaborative filtering baseline followed the work of Cey-
han et al. [6], where students are represented as a vector of
their grades in a student x course grade matrix. Differently
from their work, we used the cosine similarity. Since only
courses have grades associated, for research projects and ex-
tracurricular activities, we used a binary value, associating
1 if the student has participated and 0 otherwise.

We adapted the methodology of Ekstrand et al. [8] to evalu-



ate the quality of our recommendations. Thus, each partic-
ipant was asked to evaluate each method according to five
metrics using a five-point Likert Scale (1-5), with higher val-
ues indicating a better perception of quality:

1. Novelty (Nov.): the ability to recommend interesting
items with which the student is unfamiliar.

2. Diversity (Div.): the ability to recommend items cov-
ering a broad range of topics.

3. Personalization (Per.): the student’s perception that
the recommender understands their interests and pref-
erences.

4. Accuracy (Acc.): the suitability of the recommended
items for the student’s current academic progress.

5. Satisfaction (Sat.): the student’s overall satisfaction
with the recommender and their perception of its use-
fulness.

Each participant evaluated three recommendation lists per
method, one at a time: first a list of courses, then a list of
research projects, and finally a list of extracurricular activ-
ities. Thus, each participant evaluated 9 recommendations
in total. The methods were presented in a random order to
avoid ordering bias, and the recommended lists were shown
in Brazilian Portuguese. The entire study was designed to
be completed in 10 to 15 minutes.

‘We invited undergraduate students currently enrolled at our
university to participate via email. We received responses
from 71 students, but 9 did not complete the questionnaire
rating the three systems. Thus, we had answers from 62
students enrolled in 12 undergraduate courses within the
four academic center: CCH (37%), CCE (27%), CCB (19%),
and CCA (16%). On average, they are 25 4 7 years old and
are in the 6 £ 3 semester of their undergraduate course. All
participants are Brazilians and all recommended activities
have descriptions in Portuguese.

Table 2 shows the average scores for our holistic recom-
mender system and the two baselines on the course recom-
mendation task. For each condition, we ran a Friedman test
across methods and if significant, a pairwise Nemenyi. All
methods showed significant differences across recommenders
(p-value < 0.05) based on the Friedman test. Our system is
significantly better at recommending courses than the two
baselines in almost all factors according to the Nemenyi
post-hoc test, except for diversity, in which the control ran-
dom method performed better. It is expected that the ran-
dom control baseline had a higher perceived diversity since
it has a high chance of recommending courses very different
from the student’s major. However, high diversity alone is
not typically helpful in educational contexts, since a good
recommendation involves diverse but accurate and person-
alized courses.

The results for the research projects and extracurricular ac-
tivities recommendation tasks followed a similar pattern.
The Friedman test indicated significant differences across
recommenders for all factors except diversity. However, in
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Table 2: Average scores for courses (in 1-5). For each metric,
the higher the score, the better. Values with shared letter
superscripts °°° in a given row were not significantly (p-value
> 0.05) different in pairwise post-hoc comparisons. A value
in bold is the best score for a particular quality metric (row).

Random Collab. Filtering Holistic
Nov.  2.73* £1.29 2.75% £1.23 3.30° +£1.17
Div. 4.02% +1.18 3.40% +1.44 3.48% +1.30
Per. 1.52% +0.76 1.98* + 1.09 3.60° + 1.40
Ace. 2.00% +1.02 2.48% +£1.28 3.66° +1.38
Sat.  1.77"£0.91 2.02°£1.09  3.05° +1.38

Table 3: Average scores for research projects (in 1-5). Val-

ues with shared letter superscripts

abc

in a given row were

not significantly (p-value > 0.05) different in pairwise post-

hoc comparisons.

particular quality metric (row).

A value in bold is the best score for a

Random Collab. Filtering Holistic
Nov. 3.23% +1.46 3.87° £1.22 4.13° +1.19
Div.  3.77°+£1.21 4.02% +1.02 4.05% + 1.08
Per. 1.74% +1.02 3.16° £ 1.36 3.50° +1.34
Ace.  2.16% £ 1.30 3.44° +1.26 3.81° +1.16
Sat.  1.87% £1.09 3.19° +1.37 3.65% +1.38

these two domains, our holistic system also outperformed
the others in diversity, as shown in Tables 3 and 4. We be-
lieve this is related to the nature of these activities: although
research projects and extracurricular activities have specific
objectives, they often span multiple knowledge areas, which
may lead to a greater perception of diversity compared to
courses, which typically focus on specific topics.

For research projects, the pairwise Nemenyi post-hoc test
showed no significant differences between the holistic and
collaborative filtering recommenders. For extracurricular
activities, there is also no significant difference between the
holistic and the collaborative filtering recommender, except
for novelty.

Overall, these findings suggest that our content-based holis-
tic recommender system can be better than traditional col-
laborative filtering at recommending formal undergraduate
courses. Considering its higher performance on research
projects and extracurricular activity recommendations, we
also confirm our hypothesis that predicted grades are good
proxies for student interests.

S. CONCLUSIONS AND FUTURE WORK

This paper presented a content-based holistic recommenda-
tion system to suggest courses, research projects, and ex-
tracurricular activities to undergraduate students. Building
upon previous work, our approach combined grade-aware
recommendations and course content embeddings, represent-
ing research projects and academic activities in the same
space as courses. A user study showed that our system out-
performed a collaborative filtering approach in recommend-
ing the three types of academic activities.



Table 4: Average scores for extracurricular activities (in 1-
5). Values with shared letter superscripts abe in a given row
were not significantly (p-value > 0.05) different in pairwise
post-hoc comparisons. A value in bold is the best score for
a particular quality metric (row).

Random Collab. Filtering Holistic
Nov. 3.18% +1.41 3.37° +£1.44 4.19° £+ 1.07
Div.  3.77* +1.29 3.63* +1.28 4.15% +£1.01
Per. 1.81*+1.07  3.50°+1.36  3.87° +1.23
Swi.  2.31° +£1.28 3.66° +1.28 3.98° + 1.03
Sat.  1.94° £1.25 3.35° +£1.43 4.13° £ 1.06

In theory, our system can recommend any type of textual
document. Thus, future work can expand the scope of rec-
ommendations to other academic activities such as events
and mini-courses, as long as they have meaningful textual
content. Other avenues for future exploration are to expand
our user study to students/activities in different languages,
investigate our methodology in a graduate school context,
and evaluate how our holistic recommender system affects
students’ academic experiences over time.
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