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Abstract. Choosing the right university major is an important decision for students, as delays
or incorrect choices can harm their future careers and cause problems for academic
departments. High dropout rates, which are frequently the result of poorly informed decisions,
can be a considerable burden on faculty. This project aims to address these challenges by
creating a recommendation system that provides individualized counsel to students based on
their psychological profiles. A quantitative method was used, with questionnaires distributed to
a large number of students. To verify the data's authenticity, replies were sought from students
who were pleased with their selected majors rather than those who regretted their choices. The
collected data formed the basis for a hybrid recommendation system that integrated Content-
based Filtering and Collaborative Filtering methods. The system was then compared against
standalone implementations of each filtering method to determine its usefulness in increasing
suggestion accuracy. The results showed that the Hybrid Filtering strategy obtained a
recommendation accuracy of 84.29%, outperforming Content-based Filtering at 81.43% and
Collaborative Filtering at 78.57%. The proposed model is easy to implement in a school or a
university, as long as the required data is available. Thus, the model can help a school or
university to reduce dropout rates and boost academic outcomes.
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l. Introduction

Selecting a university major is a critical decision that significantly impacts students' academic and
professional futures[1], [2], [3]. For example in this matter, if someone wants to be a data analyst then
he must graduate from an information system major. Choosing the incorrect university major will
hinder his goals. Hence, he must consider this carefully. Traditional guidance methods often rely on
subjective advice or generalized aptitude tests, which may not fully align with the individual’s unique
psychological profile and vocational interests[4]. Because of that, some university students face
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problems during the learning process[5]. This problem sometimes leads to increasing drop-out
numbers[6], [7]. There are studies about student's satisfaction and regrets about their major choices[8],
[9], [10]. Many students regret their major choice after entering university. Because of that, they suffer
low learning performance and bad grades[11], [12]. These also affect their professional aim in the
future. Thus, increasing the number of jobless unskilled graduates[13], [14].

To solve the problem in the traditional approach, many studies proposed recommendation models
to recommend university majors based on individual qualities, like education or psychology. Based on
the study in 2020, the article designed a recommendation system using a Collaborative Filtering
algorithm which is implemented in a high-speed web framework for easier access[15]. However, this
article only focuses on courses that indirectly affect the major course. In the same year, another
researcher published a different model with a different algorithm. This model utilized an Expert
System to determine university majors based on personal data[16]. The next year 2021, the researcher
improved the model with different algorithms to recommend university majors. The model utilizes k-
Nearest Neighbor to determine a suitable major for the students[17]. In 2023, the research still
improves the existing model with different algorithms. The model uses Hybrid Feedback to determine
student's major choice for Informatics and Non-Informatics majors[18], [19]. The latest
recommendation in 2024 is to use the Fuzzy Inference System Mamdani. The model uses many
different data like school exam grades, talents, and computer-based exams[20].

The previous paragraph discusses the current state-of-the-art in university major recommendation
systems. Typically, these systems rely on a single algorithm to suggest suitable majors for students,
based on various types of data. However, a common limitation in existing models is their reliance on
only one algorithm, which may yield reasonably good results but might not achieve optimal accuracy.
Another limitation concerns the data used in these studies; most rely on exam scores or academic
performance in specific subjects, which may not fully capture a student's personality or interests. Thus,
this problem potentially leads students to pursue majors that are not the best fit for their abilities,
interests, or long-term goals. Additionally, the narrow scope of data, often limited to exam scores or
academic performance, overlooks critical factors like personality traits and personal interests, essential
for aligning students with majors that resonate with their aspirations and motivations. This can result
in decreased satisfaction, higher dropout rates, and less effective career alignment, undermining the
purpose of these systems.

To address these problems, this study proposes a Student Major Recommendation System that
integrates content-based and collaborative filtering approaches. The content-based filtering is used as a
recommendation based on existing data. This algorithm is implemented for music or movie
recommendation systems[21], [22]. Meanwhile, collaborative filtering uses participants' favourites to
recommend the choices. This algorithm is often used as a recommendation system in learning content
or common products[23], [24]. While content-based filtering offers personalized recommendations, it
may struggle with diversity, whereas collaborative filtering can introduce more variety but may face
challenges with new users or items[25]. The next consideration is about the data. The system leverages
data from psychological assessments, specifically the OCEAN model of personality traits and
Holland’s vocational theory, to provide personalized recommendations[26], [27].

Existing research on university major recommendation systems highlights significant gaps.
Current models rely on single algorithms, limiting accuracy and personalization, and use narrow
datasets focused on academic performance, neglecting factors like personality and interests. While
content-based and collaborative filtering algorithms show promise in other domains, their combined
potential for major recommendations is underexplored. This study addresses these gaps by proposing a
hybrid approach that integrates both techniques, balancing personalization and diversity to improve
recommendation quality. By combining these theoretical frameworks with advanced filtering
techniques, the system aims to enhance the accuracy and relevance of major recommendations,
thereby supporting students in making more informed decisions.
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2. Methods

In this section, this study explains the research process. The first step is to find the problem with the
university major selection. This is a prevalent situation where a student has to choose his university
major without an outsider telling him what to do. In some cases, there is a student who follows his
friend around and does not consider his professional future. These problems cause most students to
regret about their choices.

The impact of this problem is the increase in dropouts. This event will be a problem for the
faculty and university. The next step is to gather the data for the proposed system. The system will not
work without data to feed hybrid algorithms. In this case, this study gathers the required data by giving
questionnaires to Information System (IS) and Information Technology students that satisfied with
their choices equally. Thus, this technique will ensure that the data from both side is balanced. With
this method, the students will give their consent about their psychological information. However, this
study only takes initials as the identity to comply with data privacy concerns[28].

The questions consist of the OCEAN (Openness, Conscientiousness, Extroversion,
Agreeableness, and Neuroticism) personality test[29], [30] and Holland’s Theory of Vocational
Choice[31]. For the OCEAN category, this study creates three questions with the Likert scale as the
answer for each element. The total number of questions for this category is 15 questions. Meanwhile,
the other category has six questions where three questions are intended for Information Systems and
the rest for Information Technology. These questions will help to determine whether the participant is
an Information System or Information Technology. This study has gathered more than 50 data rows
where half of them are Information System students and the rest are Information Technology.

After obtaining the data from the questionnaire, the next process is to pre-process the data. Since
the form requires the student to fill all the required columns, data cleaning process was not required.
However, data pre-processing is still required after obtaining the data. All data in OCEAN columns
are formatted on a Likert scale from 1 to 5. Thus, data pre-processing is required to simplify the Likert
scale into a simple form that is easy to use with the proposed model. This study utilized MinMax
preprocessing to simplify the result from OCEAN columns. After data preprocessing is done, then the
data is ready to be used inside the hybrid model. The proposed hybrid model is configured with 50:50
weight for both Content-based and Collaborative Filterings. Assigning a 50:50 weight to content-
based and collaborative filtering ensures a balanced approach, combining the personalization of
content-based methods with the diversity of collaborative filtering. This balance mitigates the
limitations of each method while providing accurate, robust, and holistic recommendations for
university majors. This study used a web-based platform as the recommendation system. This
technology utilizes the Python Web Framework, HTML and CSS. Then, the system will be uploaded
to a cloud server for easier access.

The recommendation system in this study uses a form-shaped interface replicating the data-
gathering process in the previous explanation. However, this system has additional functions to
calculate Content-based Filtering and Collaborative Filtering. The results from both algorithms were
then merged based on each weight. For the evaluation process, this study will invite some different
students to try the system by entering their personalities. This system then calculates the recommended
major based on their input. The result between the recommendation and the real result will be
calculated with a confusion matrix to obtain accuracy[32], [33]. With the result, this study can
compare between Content-based only, Collaborative only, and Hybrid Filterings’ accuracies.

3. Results and Discussion

In this section, this study explains the recommendation system's result based on the testing process.
After the testing process, this study has gathered data from as many as 70 rows that consist of 35 IS
and 35 IT students. The result of the system is shown in Table 4:

0250117-03



Table 4. Recommendation System Result based on Student Input

Id Content-based Collaborative Recommendation Result

IS IT IS IT IS IT Recommend Real
1 0.69 0.58 0.94 0.00 0.81 0.29 IS IS
2 0.68 0.52 0.92 0.00 0.80 0.26 IS IS
3 0.67 0.55 0.00 0.92 0.33 0.73 IT IS
36 0.58 0.69 0.00 0.93 0.29 0.81 IT IT
37 0.46 0.70 0.00 0.91 0.23 0.80 IT IT
38 0.54 0.73 0.00 0.95 0.27 0.84 IT IT

Table 4 presents the results of testing for Content-Based Filtering, Collaborative Filtering, and
Hybrid Filtering. A higher value between IS and IT indicates a stronger recommendation for that
major. After calculating individual results for Content-Based and Collaborative Filtering, Hybrid
Filtering was computed with a balanced 50:50 weight ratio, yielding results similar to Content-Based
Filtering. The highest percentage corresponds to the preferred major recommendation. The "Major"
column lists the student’s current major, while the "Recommendation" column shows the
recommended major. Overall, the system successfully identifies the recommended major, though some
recommendations were inaccurate.This study evaluated the recommendation system's accuracy by
compiling the results into a confusion matrix. Inside the matrix, there are two predictions and two data
classes. With this matrix, this study can calculate the accuracy with the following equation:

Ace(@) = —SF T 1009, (1)

' (Se+5:+T.+To)

Equation 1 calculates the accuracy of the confusion matrix, represented as Acc (%) in percentage
form. In this equation, S and T represent Information Systems and Information Technology,
respectively, with ii denoting incorrect predictions and cc correct predictions. To calculate accuracy,
the correct predictions (5. + T;) are summed and then divided by the total data count. This value is
then multiplied by 100% to express accuracy as a percentage. Before calculating accuracy, confusion
matrices were created for each filtering method—Content-Based, Collaborative, and Hybrid. Each
confusion matrix includes two classes: Information Systems (IS) and Information Technology (IT).
The table below presents the confusion matrix and accuracy for Content-Based Filtering only.

Table 5. Confusion Matrix Result

Filtering Type True Positive True Negative False Positive False Negative ~ Total

Content-based 33 24 11 2 70
Collaborative 35 20 15 0 70
Hybrid 33 26 2 9 70

According to Table 5, the recommendation system for content-based only correctly recommends
information systems for as many as 33. Meanwhile, information technology has as many as 24.
However, this algorithm suffered incorrect recommendations as many as 2 for Information Systems
and 11 for Information Technology. The recommendation accuracy for this system was 81.43%.
Different from the previous result, Collaborative Filtering method correctly recommended 35
information systems and 20 information technology. However, this algorithm also suffered incorrect
recommendations as many as 15 recommendations. The accuracy of this algorithm was 78.57%.
Meanwhile, the result of Hybrid Filtering correctly recommended 33 students for Information Systems
and 26 for Information Technology. Although some recommendations were incorrect, the combined
system had fewer errors than using a single algorithm, achieving an accuracy of 84.29%.

The following subsection discusses the results in detail. The first point addresses the significance
and implications of this study. This study proposed a hybrid model that utilized content-based and
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collaborative filtering to recommend students' majors based on their psychology. Thus, this model will
help the students to determine their future major. The second discussion is about the comparison with
the previous models. This model utilized two filtering methods to create a recommendation for the
students. This approach is different from previous models that only utilize a single algorithm. Thus,
the proposed model has better recommendations compared to previous models. Based on the
evaluation, the proposed model reached an accuracy of up to 84.29%, whereas the other models only
reached 78.57% (for Collaborative Filtering only) and 81.43% (for Content-based Filtering only). The
third discussion is about the impact of the proposed model. This proposed model is easy to implement
in other schools or universities with minor adjustments. As long as the used data is credible and valid,
the proposed model will automatically adapt to the situation. Thus, the proposed model can help a
school or university to decrease dropout rates. The fourth discussion is about the strengths and
weaknesses of the proposed model. This model has been evaluated with high accuracy, but it does not
mean that the model is powerful. There is a limitation where this model is data-dependent. This
limitation means that incorrect or unreliable data, such as feedback from students with regrets, could
reduce accuracy and increase errors. Therefore, ensuring data accuracy is essential. Less data also
reduces the accuracy of the model. Besides that, there is another limitation of this model where
students' academic achievements were not considered and only focused on psychological aspects. The
last discussion is about the future direction of this study. Several aspects can be improved like adding
academic achievements as consideration, using a different algorithm to improve accuracy, and
implementing a more user-friendly interface.

4. Conclusion

University majors are crucial things for the students to decide earlier. The late decision will affect not
only their professional future but also the faculty, especially the departments. The increase in drop-
outs will become a burden for the faculty. The solution to this matter is to create a recommendation
system. Many have tried to design a recommendation system with many different algorithms.
However, the results were not satisfying. This study designed a recommendation by combining
Content-based and Collaborative Filtering to help recommend students based on their psychological
conditions. After testing and evaluation processes, this study found that Hybrid Filtering has the
highest recommendation accuracy of 84.29% followed by Content-based Filtering at 81.43% and
Collaborative Filtering at 78.57%. This result proved that combining Content-based Filtering and
Collaborative Filtering increased the accuracy compared to a single algorithm system. Although the
proposed model successfully creates a recommendation for the students, it does not mean that the
model is perfect. Several aspects of the model can be improved. For example, adding academic
achievements to the model since this model does not include that kind of data. Either way is to use
different algorithms like Random Forest to improve the recommendation's accuracy.
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