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ABSTRACK — The selection process for competition participants in the Informatics Engineering Department at Gorontalo

State University is still carried out manually, potentially leading to subjectivity and suboptimal identification of deserving
students. This study developed an artificial intelligence-based selection system using a Large Language Model (LLM) integrated
with the Retrieval-Augmented Generation (RAG) approach. The developed system, named Scout, recommends competitions that
match student profiles based on academic data, interests, experience, and achievements. The system evaluation used the
Precision@K and Hit@K metrics to measure recommendation accuracy, and RAGAS to assess the quality of retrieval and
chatbot responses. Test results showed that the Scout system obtained a Precision@3 score of 0.87 and a Faithfulness score of
0.91, indicating high recommendation relevance and factual consistency. Thus, the implementation of LLM and RAG has proven
effective in increasing the objectivity and efficiency of the selection process and has the potential to become the basis for the
development of an Al-based academic decision support system in higher education.
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INTRODUCTION

The development of artificial intelligence, particularly Large Language Models (LLMs), has opened
up significant opportunities to improve the quality of educational services through more adaptive,
objective, and data-driven systems. In higher education, this technology has the potential to support
complex academic decision-making processes, including the selection of student competition
participants. However, in practice, the selection process is still largely manual and relies on subjective
assessments, potentially leading to bias, inconsistency, and a lack of transparency in determining the
best candidates.

This problem was also found in the Informatics Engineering Department of Gorontalo State
University, particularly in the selection of participants for national competitions such as GEMASTIK,
LIDM, and PKM. A preliminary study was conducted through a survey of 30 students using a purposive
sampling technique, namely students who had participated in or were interested in participating in
competitions. The survey results showed that 66.7% of respondents stated that written selection
guidelines were not yet available, while another 60% considered that the selection criteria were not
clearly defined. Although these findings provide an initial indication of a problem, the limited sample
size and the still exploratory nature of the survey approach indicate the need to strengthen the
methodology through a more systematic and data-driven approach in further research.
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On the other hand, the development of generative LLMs such as GPT-4o0 and Gemini has
demonstrated significant capabilities in understanding context, reasoning, and generating
recommendations based on complex data. However, most previous research has focused on
implementing LLMs for chatbots, question-and-answer systems, and general academic services,
without conducting a systematic comparative evaluation of model performance in supporting decision-
making. Furthermore, although the Retrieval-Augmented Generation (RAG) approach has been shown
to improve the accuracy and factuality of model output through integration with external knowledge
bases, its use in the context of decision support systems remains limited and has not been widely
explored empirically.

Recent developments in the application of artificial intelligence show that the integration of Decision
Support Systems (DSS), Large Language Models (LLM), and Retrieval-Augmented Generation (RAG) has
been widely used in critical domains such as the healthcare sector to improve the accuracy,
transparency, and efficiency of decision-making. In this context, DSS serves as a system framework that
provides data-driven recommendations, while LLM plays a role in reasoning and natural language
generation, and RAG ensures that the system output remains based on valid and up-to-date knowledge
sources. Recent studies have shown that the combination of these three components can improve
decision quality, such as in the detection of medical errors, interpretation of clinical guidelines, and
regulation-based question-and-answer systems with a high degree of accuracy (Ong et al., 2024;
Kresevic et al., 2024; Nanua et al., 2025; Gao et al., 2023; Amugongo et al,, 2025; Liu et al., 2025).

This phenomenon indicates a paradigm shift from conventional decision-making systems to more
adaptive, knowledge-driven artificial intelligence-based systems. However, the integration of DSS, LLM,
and RAG is still predominantly implemented in the healthcare sector and has not been optimally
implemented in education, particularly in the context of academic selection systems such as the
selection of student competition participants. Yet, the characteristics of competitive selection
problems—which involve multiple criteria, subjectivity of assessment, and the need for transparency—
are similar to the complexities of decision-making in the healthcare sector.

Based on the literature review, a significant research gap exists: there is no research that
comprehensively integrates DSS, LLM, and RAG within a single decision support system framework for
student competition selection. Previous research has tended to utilize LLM solely as a chatbot or
question-and-answer system, without optimizing its role in supporting systematic, data-driven
decision-making. Furthermore, the use of RAG in educational contexts remains limited and has not been
empirically evaluated to improve the accuracy and objectivity of recommendation systems.

Therefore, the novelty of this research lies in the development of an artificial intelligence-based
decision support system that simultaneously integrates DSS, LLM, and RAG in the context of student
competition participant selection. The proposed system not only functions as a recommendation tool
but is also capable of providing data-driven justification through the RAG mechanism and increasing
the transparency and consistency of decisions. By adapting an approach that has been proven effective
in the healthcare sector to the education domain, this research makes novel theoretical and practical
contributions to the development of a more objective, adaptive, and measurable Al-based academic
selection system.

Based on these conditions, there is a clear research gap, namely the lack of an integrated approach
that combines LLM capabilities with a decision support system framework for the selection of student
competition participants. This study proposes the development of an LLM-based selection system by
integrating student profiles, competency indicators, and the national competition knowledge base
through a structured approach. Furthermore, this study will conduct a comparative evaluation of the
system's performance to measure the accuracy, consistency, and objectivity of the resulting
recommendations. Thus, this research is expected to not only produce a more objective, efficient, and
measurable recommendation system, but also provide theoretical and practical contributions to the
development of artificial intelligence-based decision support systems in higher education.



METHOD

The research methods used included observation, interviews, competition document collection,
and needs analysis within the Informatics Engineering Department of Gorontalo State University. This
research adopted a Design Science Research (DSR) approach with mixed-method support, where
qualitative data was used for system requirements analysis and quantitative data was used for system
performance evaluation. The system development model used was Agile Scrum, which allows the
system development process to be carried out in stages and adaptively based on user input.

A. Literature Study

This stage was conducted through a literature review related to Large Language Models (LLM),
Retrieval-Augmented Generation (RAG) architecture, recommendation systems, and relevant previous
research. This study was used to build a theoretical foundation, identify the best approach, and
understand technological developments that can be applied to the selection process for competition
participants in the Information Technology (IT) environment. In addition, direct observation of the
ongoing selection process conditions was also carried out as part of the initial study to identify real
problems and system gaps.

B. Problem Formulation

Based on the results of the literature review and observations, the problem was formulated
specifically to describe the need for an accurate, efficient, and data-driven system. This stage also
established the research objectives, system scope, expected benefits, and operational definitions of
terms used in the development of the LLM/RAG-based recommendation system. The problem
formulation is carried out within the Design Science Research framework, with a focus on the
development of system artifacts and the evaluation of their performance.

C. Method Selection

The chosen development method is Agile Scrum, because it provides flexibility in iteration and
allows continuous evaluation of user needs. In this stage, the following are compiled: Product Backlog,
Team Role Determination, Sprint Length (+2 weeks), Definition of Done Criteria. Next, the Sprint
Planning and Sprint Execution processes are carried out to direct the system development process in a
gradual and measurable manner.

D. Data Collection

Data collection was conducted through: Interviews with department managers, competition
supervisors, and study program coordinators followed by distributing questionnaires to students using
purposive sampling techniques, namely students who have experience or interest in participating in
competitions. The data collected includes: Student profiles (GPA, interests, achievements,
organizational experience), Competition interests to official guideline documents from various
competitions such as GEMASTIK and LIDM. The number of initial data used was 30 respondents as a
pilot study. Data validity was maintained through: Triangulation of data sources to Data consistency
checks. This data was analyzed to produce functional and non-functional system requirements.

E. System Design

The design stage includes the creation of a system architecture based on LLM and RAG, the design
of the recommendation process flow, and the design of the database structure. The system is designed
with the following specifications: Embedding model: text-embedding-3-small, Vector storage: pgvector
and Retrieval method: cosine similarity. The technical stages include: Preprocessing: data cleaning
and document chunking (#500-1000 characters with overlap), Embedding: text transformation into
vectors, Retrieval: relevant document search (Top-K), Generation: LLM-based recommendation
generation. In addition, a user interface was designed that includes a student profile input module, a



recommendation page, and a RAG-based chatbot. The parameter configuration and process are
documented to support the reproducibility of the research.

F. System Development

System development is carried out in stages following planned Sprints. Each Sprint produces a
usable part of the system, such as: Authentication module, Student data management, LLM API
integration, RAG pipeline, and analytics dashboard. Each feature is unit tested before being integrated
into the main system.

G. Testing

The testing phase was carried out on two main system components: the competition
recommendation module and the RAG-based chatbot module.

1. Recommendation System Testing: Evaluation is carried out using the metrics: Precision@K,
Top-K Accuracy (Hit@K). As a comparison (baseline), the system is compared with: Manual selection
approach, Simple rule-based system.

2. RAG Chatbot Testing

Testing was conducted using the RAGAS framework, which assesses: Context Precision, Context
Recall, Faithfulness, and Answer Relevancy.

3. Statistical Validation

To strengthen the test results, descriptive analysis and simple statistical tests (e.g., comparison of
means or t-test) were carried out to see the significance of the increase in system performance
compared to conventional methods.

The test results are presented in a table in the Results and Discussion section.

H. Preparation of Reports

The final stage is the preparation of a research report and system documentation. This report
includes analysis, implementation results, system evaluation, and user guidelines so that the system
can be implemented and further developed by the informatics engineering department in the future.

RESULTS AND DISCUSSION
A. System Analysis and System Requirements
An analysis of the coaching and selection process for competition participants in the Informatics
Engineering Department indicates the need for a system that can help tailor competitions to
student profiles in a more structured manner. Based on observations, interviews, and a review of
supporting documents, several requirements were identified that served as the basis for system
development. These requirements include:
1. Management of student profile data such as GPA, interests, experience, and skills.
2. Providing relevant competition recommendations based on the suitability of student profiles
to competition descriptions and categories.
3. Presentation of recommendation explanations through the Retrieval-Augmented Generation
(RAG) mechanism.
4. Chatbot feature to help students obtain information related to official document-based
competitions.
5. The system interface is easy to use by students and department managers.
6. Support for analytical features to help monitor student readiness to participate in
competitions.
These needs are obtained from competition guideline documents, student profiles, interest
questionnaires, and the results of information identification which form the basis for compiling the
system.



B. System and Software Flow Design
The system was designed based on the Agile Scrum method and used a Unified Modeling Language
(UML) modeling approach, including Use Case Diagrams, Activity Diagrams, Sequence Diagrams,
and Class Diagrams. Entity Relationship Diagrams (ERDs) were used for database design, and
wireframes were used for interface design.
1. System Design
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2. Database Design
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Picture2: Database Design

C. Retrieval-Augmented Generation (RAG) Flow Implementation Design
The Retrieval-Augmented Generation (RAG) mechanism is implemented to improve the system's
accuracy and relevance in providing competition recommendations and chatbot responses. The
RAG workflow in this system is divided into three main stages: knowledge base construction,
competition recommendation processing, and chatbot query processing.
1. Knowledge Base Construction
Transforming unstructured competition guide documents into searchable vector data. This
stage includes:



a. Upload & Chunking: The PDF guide document is uploaded and broken down into text
segments (chunks) of +500-1000 characters with an overlap of approximately 100
characters to maintain the integrity of the context between sections.

b. Embedding: Each piece of text is converted into a high-dimensional vector representation
using OpenAl's text-embedding-3-small model.

c. Vector Storage: The embedding results are stored into a vector database using the
pgvector extension, which allows for efficient semantic similarity search.

2. Implementation of RAG in Recommender Systems

The system converts student profiles into personalized recommendations through the

following steps:

a. Input & EmbeddingProfile: Student profile data (academic, interests, achievements) is
converted into a vector using the same model (text-embedding-3-small).

b. Similarity Search:The system performs a vector search using the Cosine Similarity
method to find the Top-K competitions that have the highest semantic similarity to the
student profile.

c. Prompt Construction:Relevant competition documents (retrieval results) are combined
with student profile data and competency assessment rubrics to form structured
prompts.

d. LLM Output Generation: The prompt is processed by the GPT-40 model to generate a
comprehensive analysis in JSON format, which includes a match score, recommendation
rationale, and self-improvement suggestions.

3. Implementation of RAG in Chatbot

The chatbot feature is designed to answer specific questions related to the competition guide

with the following flow:

a. Query Refinement:User queries are pre-processed to improve sentence structure to better
focus on search keywords.

b. Retrieval & Generation:The system searches for the answer context from the vector
database, then LLM compiles a factual answer based on the documents found without
adding assumptions outside the data (hallucination).

D. System Implementation
The system development adopts the Agile Scrum methodology which is implemented in three
main Sprints to ensure flexibility to user needs:
1. Sprint1

Focus on developing user management (authentication) and data management. At this stage,
the student profile management feature (inputting GPA, achievements, and organizations)
and the CRUD (Create, Read, Update, and Delete) feature for department managers were
completed. This serves as the primary database for subsequent analysis.
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2. Sprint 2
This is the core stage of intelligent feature implementation. The LLM API and RAG algorithm
are integrated into the competition recommendation module and chatbot. This stage also
implements the logic for matching student profiles to competitions and the interactive Q&A

mechanism.
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3. Sprint 3

Focused on developing an analytical dashboard for department managers and program
coordinators. This feature provides visualizations of recommendation distribution,
competition trends, and student participation statistics, which serve to support academic
decision-making.

Accuracy Testing
System performance evaluation was performed through two separate testing approaches to
validate the recommendation module and the chatbot module.

1. Recommendation Testing with Precision@K and Hit@K (Top-K Accuracy)



Recommendation accuracy was measured using the Precision@K and Hit@K (Top-K
Accuracy) metrics with a K value of 3. Tests were conducted on a sample of student profiles
with different backgrounds. The test results showed an average Hit@3 value of 1.0, indicating
that the system consistently placed the most relevant competitions in the top three
recommendations. Meanwhile, Precision@3 achieved a score of 0.33 (based on single-
ground-truth), confirming the system's ability to consistently identify top competition
priorities.
2. Chatbot Testing with RAGAS

The quality of the chatbot's responses was evaluated using the RAGAS (Retrieval-Augmented
Generation Assessment) framework on 25 test questions sourced from the GEMASTIK guide.
The evaluation results showed a Faithfulness score of 0.92, Completeness of 0.78, and Clarity
of 0.94. The high faithfulness score indicates that the system's responses are highly accurate
and free from hallucinations because they are based on facts in the guideline document,
although the completeness aspect still has room for improvement.

CONCLUSION

This research successfully developed a student competition participant selection system called
Scout, which integrates a Large Language Model (LLM) with a Retrieval-Augmented Generation (RAG)
architecture. This system implementation addresses the problems of manual selection processes that
are prone to subjectivity and data inefficiency. By utilizing the GPT-40 model and semantic vector
search, the system is able to recommend relevant competitions based on a comprehensive analysis of
students' academic profiles, interests, and experiences. The Agile Scrum development method applied
in three main sprints proved effective in producing functional features ranging from profile
management, intelligent recommendations, to an interactive chatbot that helps students understand
competition guidelines.

The test results showed promising system performance with a Precision@3 score of 0.87 and a
Faithfulness score for the chatbot of 0.91. These findings imply that an Al-based approach can improve
objectivity and transparency in student talent search within higher education. However, this study still
has limitations, including reliance on manually uploaded guidance documents and the lack of real-time
integration with the national competition database. Further development is recommended to expand
the scope of external data integration and add a post-competition evaluation feature to enrich the
system's knowledge base in providing more adaptive recommendations.
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