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1. INTRODUCTION

Choosing a university major is one of the most critical decisions students face in their academic
journey, significantly impacting their future career paths and personal fulfillment. However, the decision-
making process is often complex and fraught with uncertainties, as students must navigate a multitude of
factors including their interests, strengths, job market trends, and academic requirements [1]. While
traditional guidance methods, such as counseling sessions and informational resources, have been widely
used, they often lack personalization and real-time support, leaving students to make decisions that may not
fully align with their long-term goals. Recent advancements in artificial intelligence (Al) offer promising
solutions to enhance the decision-making process for students. In this study, we introduce a novel generative
Al chatbot specifically designed for Indonesian students, leveraging state-of-the-art transformer embeddings
(bidirectional encoder representations from transformers (BERT) and Gemini) to provide personalized,
interactive, and contextually relevant guidance [2]. Unlike existing systems, our approach combines
advanced natural language processing (NLP) techniques with a user-friendly interface tailored to the unique
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needs of Indonesian students, enabling more accurate and meaningful recommendations. By integrating
transformer-based models, such as BERT and Gemini, our chatbot can simulate human-like interactions and
adapt its responses to the individual preferences and academic backgrounds of each student, offering a
significant improvement over traditional method [3].

Transformers, a class of deep learning models known for their effectiveness in NLP tasks, play a
crucial role in improving the accuracy and relevance of Al-driven guidance systems. Guidelines for
leveraging generative Al models emphasize their capabilities in addressing academic integrity while
augmenting pre-existing chatbots. Developing and refining prompts to guide ChatGPT in providing precise
statistical test suggestions [4]. The study underscores the potential of Al chatbots as valuable resources for
students, especially those with limited experience in statistics, by simplifying the process of selecting
appropriate analytical methods [5]. Generative Al ChatGPT able to help academic contexts while stressing
the need for ethical considerations and quality control [6]. The transformative potential of Al chatbots in
education is further explored through the development of a blended learning framework. This framework
integrates intelligent chatbots to enhance student and instructor interactions, aiming to provide a
comprehensive understanding of the potential benefits and effective implementation of Al tools in
educational settings. The proposed framework seeks to address the challenges of personalized learning and
increased instructor workload by leveraging the capabilities of generative Al [7]. The embedding techniques
used in transformers enable the representation of complex relationships between words and concepts,
allowing chatbots to understand and process context more effectively [8], [9]. Integrating these advanced
techniques into decision-support tools for university major selection can potentially lead to more informed
and satisfying choices for students. Choosing a university major is one of the most pivotal decisions in a
student’s academic career, shaping their educational trajectory, and influencing future professional
opportunities. Students often face this decision with limited experience and information that can be
overwhelming [10]. Traditional methods of career counseling, including face-to-face meetings with advisors
and standardized assessment tools, while useful, may lack the dynamic and personalized approach needed to
address the individual complexities of each student’s situation. This can result in students making decisions
that do not fully align with their interests, strengths, or long-term career goals [11].

The integration of generative Al chatbots into the decision-making process represents a novel
approach to addressing these challenges. Generative Al, particularly models built on advanced transformer
architectures, offers the ability to simulate human-like interactions and provide tailored advice based on a
deep understanding of natural language. These chatbots can engage students in interactive dialogues, helping
them explore various majors by analyzing their responses, preferences, and aspirations [12]. This
personalized interaction can potentially fill the gaps left by traditional guidance methods and offer a more
nuanced understanding of the options available. Transformer-based architecture has significantly advanced
natural language processing by enabling more nuanced comprehension of context and semantics [13]. These
models leverage embeddings to capture semantic relationships between concepts, which enhances the
chatbot’s ability to provide relevant and contextually appropriate advice. By embedding knowledge from
various domains, including academic disciplines and career pathways, Al chatbots can offer insights that are
both comprehensive and specifically tailored to each student's unique profile [14].

There are challenges and considerations to address the chatbot. The effectiveness of Al-driven
guidance systems depends on the quality of the data used to train the models and the ability of the chatbots to
adapt to diverse student needs [15]. The complexity of human decision-making means that Al systems should
be viewed as complementary tools that augment, rather than replace, and traditional guidance methods. The
deployment of generative Al chatbots in educational settings requires rigorous testing and validation to ensure
their reliability and effectiveness [16]. Research must focus on developing models that are not only accurate but
also fair and unbiased [17]. Ensuring that the chatbots provide equitable guidance to students from diverse
backgrounds is essential to avoid perpetuating existing inequalities in access to education and career
opportunities. Furthermore, involving educational professionals in the development and implementation of these
systems can help align the technology with pedagogical best practices and institutional goals [18], [19].

The primary objective of this study is to evaluate the effectiveness of Indonesian generative Al
chatbots and transformer embeddings in enhancing the decision-making process for university major
selection. Specifically, the research aims to assess how these advanced Al technologies can provide
personalized, interactive, and contextually relevant guidance to students, helping them make more informed
and tailored decisions regarding their academic paths. Advancements in chatbot architecture, specifically
using transformer models, have demonstrated superior performance in generating accurate and contextually
relevant responses [20]. These technical improvements facilitate more natural and effective human-machine
interactions, which can be particularly beneficial in educational settings by providing personalized support
and guidance [21]. The enhanced engagement and satisfaction resulting from these interactions highlight the
transformative potential of transformer-based chatbots [22]. Al conversational agents have been evaluated for
their ability to support the learning and well-being of university students [23], [24].
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By investigating the capabilities and limitations of these Al-driven tools, the study seeks to offer
actionable insights into their potential impact on educational support systems and to contribute to the
development of more effective decision-support mechanisms in higher education. In relation to enhancing
student decision-making in university major selection, these findings highlight the critical role of advanced
Al systems in facilitating informed decision-making processes. By leveraging the personalized and
contextually relevant support offered by these chatbots, students can make more informed choices about their
academic paths, improving educational outcomes, and personal satisfaction. This integration of Al
technologies not only enhances decision-making but also addresses cognitive, ethical, and practical
challenges identified in the literature.

2. METHOD
2.1. System overview

The proposed method for enhancing student decision-making in university major selection through
generative Al chatbots and transformer embeddings involves a multi-step process that integrates advanced Al
techniques to provide personalized and detailed recommendations. Figure 1 shows this proposed method
architecture. The flowchart outlines this process, starting from user input and ending with the delivery of a
refined and contextually relevant response. Initially, the system receives input from users, which typically
consists of text-based inquiries about potential majors.
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Figure 1. The architecture of the proposed method

2.2. Embedding techniques

The input is embedded using models like BERT or Gemini embedding. These models transform the
text into a format suitable for further analysis. The embedding process captures the semantic meaning of the
user's input, making it easier for the subsequent classification model to understand and process the
information.

2.3. Classification and response generation

The next step is combined the embedding techniques with classification model using recurrent
neural network (RNN) and long short-term memory (LSTM). The classification model then predicts two or
three majors that best match the user's profile and preferences based on the dataset. This model is trained to
analyze various factors and provide accurate recommendations. Once the potential majors are identified, the
system generates prompts designed to make the chatbot's responses more natural and human-like.
These prompts are sent through the Gemini API, which facilitates communication between the Al model and
the user. If users seek more detailed information about the recommended majors, they can continue the
conversation or initiate a new query for further recommendations. The system retrieves prediction values
from the classification model and filters a dataset containing detailed descriptions of each major.

Int J Artif Intell, Vol. 14, No. 4, August 2025: 3474-3482



Int J Artif Intell ISSN: 2252-8938 O 3477

2.4. Relevance filtering

To ensure the relevance of the dataset content, the system employs term frequency-inverse
document frequency (TF-IDF) for encoding the text data. It then uses cosine similarity to measure the
relevance of the content to the user's query. This combination helps the system identify the most relevant
information efficiently [25].

2.5. Deployment architecture

Finally, the system generates detailed prompts and sends them through the Gemini API, providing
users with refined and contextually appropriate responses. This iterative process enhances the chatbot's
ability to guide students in their major selection, offering personalized and detailed recommendations based
on advanced Al techniques. This method leverages the power of transformer embeddings, classification
models, and NLP to create a sophisticated recommendation system.

3. RESULTS AND DISCUSSION
3.1. Dataset
Data is collected using a questionnaire result from Career Development Center of Vocational
School, Universitas Sebelas Maret which aims to generate user statements or stories related to interests,
talents, and desired career prospects in Indonesian language. Therefore, 15,132 data statements were
generated. The data appears in Figure 2. After that, the data undergoes preprocessing, including case folding
to convert all letters to lowercase, cleansing (removing characters), and removing punctuation. The dataset
containing information about career prospects based on interests and talents. The dataset consists of three
main columns:
— Interests and talents or minat bakat: describe the individual's interest in specific aspects related with
interet of student.
—  Career prospects or prospek kerja: outlines potential career paths based on the stated interests.
— Major/field of study or jurusan: specifies that all these interests and career paths fall under the major
discipline.

Minat Bakat Prospek Kerja Jurusan
Saya tertarik dengan proses transformasi bahan... Ahli Proses Kimia Teknik Kimia
Saya suka mempelajari tentang reaksi kimia dan... Inspektur Kualitas Produk Kimia Teknik Kimia

Saya ingin bekerja di perusahaan yang berfokus... Konsultan Teknologi Kimia Teknik Kimia

Saya senang membantu dalam penemuan dan pengem... Manajer Pabrik Kimia Teknik Kimia

Saya tertarik dengan proses desain dan operasi... Petugas Keselamatan dan Lingkungan Kerja Teknik Kimia

Figure 2. Indonesian dataset on career prospects

3.2. Modeling

Modeling is conducted with three experiments. The first involves classification using TensorFlow's
built-in embedding layer. The second uses embeddings from the Gemini API. The third employs BERT
sentence for Indonesian language to embed text data. Table 1 shows the accuracy of the model.

Table 1. Performance comparison of models with different embeddings

Algorithms Model embedding Training Testing Training  Testing  Epoch Name of model
accuracy (%)  accuracy (%) loss loss embedding

RNN Layer embedding 96 65 0.1341 1.8607 35 -

LSTM Layer embedding 78 69 0.7961 1.0645 35 -

RNN Gemini embedding 89 89 0.3450 0.3333 50 embedding-001
LSTM Gemini embedding 89 87 0.3289 0.3781 50 embedding-001
RNN BERT embedding 91 92 0.3093 0.2445 25 firqaaa/indo-

sentence-bert-base

LSTM BERT embedding 93 91 0.3157 0.2831 25 firqaaa/indo-

sentence-bert-base

Generative Indonesian chatbot for university major selection using transformers ... (Mutiara Auliya Khadija)



3478 O ISSN: 2252-8938

3.3. Normal layer embedding

The RNN model with a 768 embedding dimension layer exhibited overfitting, as evidenced by the
significant gap between training and testing accuracy. This highlights the limitations of traditional
embeddings and underscores the need for more advanced techniques, such as BERT and Gemini embeddings,
which demonstrated superior generalization and accuracy. The training history revealed that while the model
achieved high performance on the training set, it struggled with generalization to the test set, as indicated by
a considerable gap between the two. In contrast, the LSTM model with a standard embedding layer
demonstrated better performance than the RNN. Although there were some indications of overfitting,
the LSTM model exhibited more stable progress during training and testing, with improvements in both
metrics compared to the RNN. The model architecture with 0.2 dropout, SoftMax activation function, Adam
optimizer with 0.0001 learning rate.

3.4. Gemini embedding

Using Gemini-1.5-flash embedding model, the RNN showed significant improvement, with
accuracy nearing 90% in both training and testing phases. This model demonstrated strong performance and
will be considered as a viable option for selection. Similarly, the LSTM model with the Gemini embedding
model achieved near 90% accuracy, paralleling the RNN's performance. Figure 3 shows the model
architecture with Adam optimizer, 0.0001 learning rate with SoftMax activation function.

Istm_input | input: | [(None, 1, 768)]
InputLayer | output: | [(None, 1, 768)]

Istm input: | (None, 1, 768)
LSTM | tanh | output: | (None, 512)

dense input: | (None, 512)

Dense | relu | output: | (None, 512)

dropout | input: | (None, 512)

Dropout | output: | (None, 512)

y
dense_1 input: | (None, 512)

Dense | relu | output: | (None, 128)

dropout_1 | input: | (None, 128)
Dropout | output: | (None, 128)

dense_2 input: | (None, 128)

Dense | softmax | output: | (None, 24)

Figure 3. Model architecture of LSTM and Gemini embedding

3.5. BERT embedding

When utilizing the BERT embedding model (firqgaaa/indo-sentence-bert-base) with tokenizer
vocabulary size 30,522 tokens and 768 embedding dimensions, the RNN achieved even better results with
accuracy reaching 90%. It can be depicted in Figure 4. The model's performance was superior to that of the
Gemini embeddings, and it will be considered for selection due to its high accuracy. The LSTM model with
the BERT embedding also demonstrated excellent performance, matching the RNN's accuracy at 90%.
The results indicate that the LSTM-BERT model is equally effective and will be saved as a strong candidate
for model selection. It can be depicted in Figure 5.
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Figure 5. History training of LSTM and BERT embedding

3.6. Deployment

The following is an example program for a major recommendation chatbot for new students.
The demo application uses Streamlit to facilitate application testing. Figure 6 shows the data Maya Bot,
which is the name of this major recommendation chatbot for new students. In this Maya Bot, the students
could write their interests and asking which major that suitable for them. If we provide an input outside the
recommendation context, the Bot will automatically respond that it does not know the answer. Table 2 shows
the translation in English version.

Maya Bot

Hallo, kamu ingin tau Jurusa cocok untuk kamu? Saya akan bantu! Pertama tolong beritau

saya Minat dan Bakat mu. Silahkan ceritakan semuanya kepada saya! @

Q Sayaingin sekali bekerja di pertamina, kira-kira kamu ada rekomendasi gak? jurusan yang

cocok untuk karier saya masuk dan bekerja di pertamina??777
Baiklah saya akan merekomendasikan jurusan untukmu! @

Wah, keren sekali cita-citamu untuk bekerja di Pertamina! @ Berdasarkan keinginanmu, aku

merekomendasikan kamu untuk memilih jurusan Teknik Kimia atau Teknik Mesin.

Teknik Kimia akan memberimu pengetahuan tentang proses pengolahan minyak bumi, mulai
innya. Kamu

desain reaktor, dan teknologi pemisahan yang penting

Pilihtah jurusan yang sesuai dengan prioritasmut Jika kamu lebih tertarik pada proses kimia dan
pengolahan minyak bumi, Teknik Kimia adalah pilihan yang tepat. Namun, jika kamu lebih
tertarik pada desain dan konstruksi peralatan di industri perminyakan, Teknik Mesin bisa

menjadi pilihan yang ideal

Figure 6. Maya bot
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Table 2. The translation of Maya Bot (major recommendation chatbot for new students)

Maya Bot/user Responds
Maya Bot Hello! Do you want to know which major suits you best? I’'m here to help! First, please tell me about your
interests and talents. Feel free to share everything with me!
User Input | want to work at Pertamina (Indonesia's national oil company). Do you have any recommendations for suitable
majors to help me pursue a career at Pertamina?
Maya Bot Sure! I will recommend some majors for you!

Wow, that’s an amazing dream — working at Pertamina! &) Based on your goal, | would recommend you to
consider Chemical Engineering or Mechanical Engineering.

Chemical Engineering will provide you with knowledge about the processing of petroleum, from extraction to
refining, transforming it into fuels and other chemical products. You will study chemical reactions, reactor
design, and separation technologies used in the oil and gas industry.

Mechanical Engineering will equip you with knowledge about the design, construction, and maintenance of
machinery and equipment used in the oil and gas industry. You will also learn about energy systems, power
generation, and the technologies used in oil exploration and production.

Choose the major that aligns with your priorities! If you are more interested in chemical processes and the
transformation of petroleum into products, Chemical Engineering would be a great choice. However, if you are
more interested in the design and construction of equipment for the oil industry, Mechanical Engineering could
be the ideal option for you.

4.  CONCLUSION

The experiments conducted in this study demonstrate that embedding models, particularly BERT,
significantly enhance the performance of decision-support systems for university major selection. This finding
has practical implications for educational institutions in Indonesia, as it suggests that Al-driven chatbots can
provide more accurate and personalized recommendations, helping students make better-informed decisions
about their academic futures. Among the different approaches, the BERT embedding model achieved
the highest accuracy, with the RNN and LSTM models both reaching around 92% accuracy in training and
testing phases. The Gemini embedding model also showed strong performance, though slightly lower
compared to BERT. The standard layer embeddings for RNN and LSTM models indicated challenges with
overfitting, underscoring the importance of using more advanced embeddings for improved generalization and
accuracy. Based on these findings, it is recommended to utilize the BERT embedding model for developing
decision-support systems, given its superior performance. Future work should focus on further optimizing
these models and exploring additional enhancements such as fine-tuning and hybrid approaches. Incorporating
user feedback and continuously updating the models with new data will be essential for maintaining their
relevance and effectiveness in guiding students through their major selection process.
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