
International Journal of Human  
 Computing Studies     e-ISSN: 2615-8159 

   p-ISSN: 2615-1898 

 

   

Volume: 8 Issue: 1 | April 2026 

https://journals.researchparks.org/index.php/IJHCS 

 

  
International Journal of Human Computing Studies, 2026, 8(1), 26-36.                https://journals.researchparks.org/index.php/IJHCS 

Article 

Implementation of an Academic Information Chatbot Based on 

Retrieval-Augmented Generation (RAG) Using LLaMA 3.1 

Mochamad Alfan Rosid*1, Muhammad Saddam Heykal Bustomy2, Suprianto3, Hamzah Setiawan4 

1,2,3,4   Informatics Study Program, University of Muhammadiyah Sidoarjo, Indonesia  

*  Correspondence: alfanrosid@umsida.ac.id  

Abstract: Providing fast and accurate academic information is a fundamental requirement for 

universities. However, users often experience difficulties in efficiently searching for specific 

information on study program websites. This study aims to develop a Retrieval-Augmented 

Generation (RAG)-based academic information chatbot that is directly integrated with the 

Informatics Study Program website at Muhammadiyah University of Sidoarjo. The system was built 

using the LangGraph architecture, ChromaDB vector database, and LLaMA 3.1 model through the 

Groq API. Testing was conducted using the RAGAS framework to assess the quality of answers and 

load testing for system performance. The results showed that the system achieved a Context 

Precision score of 0.86 and a Faithfulness score of 0.77, indicating high relevance and accuracy of 

answers. In addition, the implementation of the Groq API resulted in an average response latency 

of 2.11 seconds with a 94% success rate in load testing. These findings indicate that the RAG-based 

chatbot is effective in overcoming website limitations in delivering academic information at the 

Informatics Study Program at Muhammadiyah University of Sidoarjo. 

Keywords: Academic Chatbot; Retrieval-Augmented Generation (RAG); LLaMA 3.1; Groq API; 

LangGraph. 

1. Introduction 

Providing fast and accurate academic information is a fundamental requirement in 

education, including within the Informatics Study Program at Universitas 

Muhammadiyah Sidoarjo (UMSIDA) [1]. Along with the development of Artificial 

Intelligence (AI), users now enjoy various conveniences in searching for digital 

information sources and learning materials on the internet [2]. The UMSIDA Informatics 

Study Program has utilized digital platforms such as its official website, social media, and 

online documents to convey academic information to students [3]. However, in reality, 

users still frequently encounter difficulties in efficiently finding the required information, 

particularly regarding practicum schedules, which are most frequently searched. 

Information that is actually fully available on the official study program website is often 

asked directly to the administration or relevant lecturers. This condition occurs because 

students are reluctant to browse through numerous web pages or do not know where the 

relevant information is located. 

This problem indicates that the main challenge of academic information services in 

the UMSIDA Informatics Study Program lies not only in data availability but also in the 

delivery mechanism and ease of access [4]. Static websites have limitations in supporting 

two-way interactions or contextual information retrieval [5]. Users must read and navigate 
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through many pages to obtain specific answers. Therefore, a system capable of presenting 

academic information interactively, responsively, and in accordance with user needs is 

required [6]. One relevant solution to this problem is the utilization of Artificial 

Intelligence (AI)-based chatbots [7]. 

A chatbot is an interactive system that allows users to communicate with the system 

via text messages [8]. In the context of academic services in the UMSIDA Informatics Study 

Program, chatbots can act as virtual assistants that help users obtain information efficiently 

[9]. Along with the development of Large Language Models (LLMs), chatbots' ability to 

understand questions and generate natural answers has increased significantly [10]. 

However, LLMs tend to face limitations in tasks requiring factual knowledge, as the 

models only rely on internal parameters from previous training [11]. 

Several previous studies have proposed the Retrieval-Augmented Generation (RAG) 

approach, a method that combines document retrieval capabilities with the generative 

capabilities of Large Language Models (LLMs) [12]. A study by Denina Milasanti [13] 

developed a RAG-based chatbot for scientific article retrieval on the GARUDA portal, 

while a study by Harifa Nur’aeni [14] implemented a RAG chatbot for information services 

in a digital library. Both studies used the ROUGE metric as a chatbot performance 

evaluation tool, which was rated as "good enough," although the numerical ROUGE scores 

obtained were relatively low. Additionally, a study by Hidayat et al. [15] developed a 

RAG-based academic chatbot integrated with the Telegram platform, showing an increase 

in answer accuracy, but still facing obstacles regarding response latency. Generally, these 

studies demonstrate the potential of RAG chatbots in supporting academic information 

services, but also indicate challenges in the evaluation, efficiency, and integration aspects 

of the service. 

Based on these prior studies, several research gaps can be identified. First, the use of 

the ROUGE metric indicates a potential mismatch between the evaluation metric used and 

the characteristics of question-answering tasks, considering that ROUGE was originally 

designed for text summarization tasks [16]. Second, some studies still rely on third-party 

platforms or separate applications, meaning that user access to the chatbot is not yet 

directly integrated into the official UMSIDA Informatics Study Program website. Third, 

the aspects of response latency and system efficiency remain constraints, especially when 

using proprietary LLMs with relatively high costs and response times. Therefore, this 

study focuses on developing a RAG-based academic information chatbot that is directly 

integrated into the UMSIDA Informatics Study Program website, utilizing official data 

sources structured in JSON format, and using the LLaMA 3.1 model via the Groq API to 

achieve faster response times. This approach is expected to produce a chatbot system that 

is more responsive, relevant, and in line with academic information service needs. 

 

2. Materials and Methods 

The methodology of this research is designed to build an academic information 

chatbot system for the Informatics study program based on Retrieval-Augmented 

Generation (RAG). The research stages include literature study, data collection, data 

preprocessing, vector construction, chatbot workflow design, and evaluation of answer 

quality. The entire research workflow is systematically arranged and visualized in the 

flowchart in Figure 2.1. 
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Figure 2.1. Research Stages. 

 

Conceptual Framework of Retrieval-Augmented Generation (RAG) 

Prior to data collection, this study began with a foundational review of Retrieval-

Augmented Generation (RAG) theory as the conceptual basis for developing the academic 

information chatbot. This review focused on understanding the working principles of 

RAG, which combines the document retrieval process and answer generation using a 

Large Language Model. This basic understanding is necessary to determine the system 

workflow, select core components, and formulate the RAG integration strategy within the 

chatbot to ensure it can generate relevant, accurate answers sourced from official data [12]. 

The results of this theoretical study serve as a reference for the subsequent data collection 

and system development phases. 

Data Collection 

Data was obtained from two main sources: the official website of the Informatics 

Study Program and PDF documents containing general information about the study 

program. Data extraction from the website was carried out using web scraping techniques 

via LangChain's built-in libraries, such as WebBaseLoader, to extract text from pages 

containing academic information [17]. Meanwhile, data from PDF documents was sourced 

from official files, such as academic handbooks. 

Data Preprocessing 

All obtained data, from both the website and PDF documents, was converted into a 

structured JSON data format. Each data entry was structured into page_content containing 

the main text, and metadata which includes source information, category, title, and URL. 

This process was conducted to standardize the data format from various sources by 

separating essential elements such as source type, document title, and content body. This 

approach facilitates data handling and enhances consistency in subsequent processing 

stages. An example of the preprocessing and conversion results within the JSON structure 

is shown in Table 2.1. Next, the JSON-formatted data was processed into text segments 

(chunks) with a maximum size of 4000 characters and an overlap of 200 characters. This 

chunking was performed to maintain contextual continuity between text segments and 

reduce the risk of losing critical information during vector embedding generation [18]. 
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Table 2.1 Example of JSON Data Structure. 

JSON Element Content 

page_content 

Informatics Online Letter Administration Service. Students can apply for 

Active Student Letters, Internship Letters, Research, and Final Projects through 

this form. 

metadata.source 
[https://informatika.umsida.ac.id/layanan-

kemahasiswaan/](https://informatika.umsida.ac.id/layanan-kemahasiswaan/) 

metadata.category Service 

metadata.title Online Letter Form 

metadata.direct_li

nk 

[https://docs.google.com/forms/d/1ijKTVs1T546WU__zqqEc9JeSfj2HoGVWF

qhcGaJr-

bs/viewform?edit_requested=true](https://docs.google.com/forms/d/1ijKTVs1

T546WU__zqqEc9JeSfj2HoGVWFqhcGaJr-bs/viewform?edit_requested=true) 

 

Vector Construction 

After the preprocessing phase was completed, the text chunks were transformed into 

numerical representations (vector embeddings) that can be used for semantic searching 

[19]. This embedding process utilized the nomic-embed-text model [20] due to its ability 

to generate vectors that capture meaning and context precisely, and its compatibility with 

the developed system architecture. The process of converting text into vector 

representations can be seen in Table 2.2. 

 

Table 2.2 Example of JSON Data Conversion to Vector Representation. 

Component Example 

page_content (JSON) 

Informatics Online Letter Administration Service. Students can apply for 

Active Student Letters, Internship Letters, Research, and Final Projects 

through this form. 

Metadata Service, Online Letter Form 

Vector Embedding [0.021, −0.134,0.587, … ,0.042] 

 

The resulting embeddings were then stored and managed using ChromaDB as the 

vector database. ChromaDB was chosen due to its advantages in high-speed semantic 

searching, structured storage, and excellent integration with Retrieval-Augmented 

Generation (RAG) [21]. Through this vector-based storage, the system can efficiently 

perform semantic searches to find the text chunks most relevant to the user's query. 

Chatbot System Development 

The development process began with designing the chatbot workflow using 

LangGraph. LangGraph was selected because of its capability to manage process flows in 

the form of a Directed Acyclic Graph (DAG) [22], allowing each stage—from receiving a 

query, retrieving data, to generating an answer—to be managed modularly and 

structurally. 
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Figure 2.2. LangGraph Node Workflow. 

 

Figure 2.2 illustrates the chatbot workflow using LangGraph. The user's question is 

classified (classify question) to determine whether it can be answered directly by the model 

(generate answer general) or requires document retrieval. If retrieval is required, the query 

is summarized (condense chat), then relevant documents are retrieved from the vector 

store (retrieve documents). Finally, during the final answer generation phase (generate 

answer), the system utilizes the LLaMA 3.1 model accessed through the Groq API 

infrastructure. The Groq API integration was specifically chosen to enable the system to 

deliver contextual and accurate answers with relatively low latency to users. 

The entire query and answer processing flow in this pipeline is executed through an 

API that acts as a bridge between the chatbot backend module and the web interface. This 

API is designed to receive text inputs from users, process them through the RAG pipeline, 

and return responses as text answers. Furthermore, the API is integrated with the website 

frontend so that users can interact directly with the chatbot through a responsive web 

interface. 

System Evaluation 

System evaluation was conducted to assess both answer quality and chatbot 

performance. For answer quality, RAGAS [23] was used, an open-source library designed 

specifically to evaluate Retrieval-Augmented Generation (RAG) systems. This study 

focused its evaluation on three primary metrics: Faithfulness (factual accuracy of the 

answer), Context Precision (relevance of the retrieved documents), and Context Recall 

(information retrieval capability). The choice of these three metrics was based on the 

characteristics of academic information services that prioritize factual accuracy. The 

Answer Relevance metric was excluded from this evaluation due to rate limits 

encountered on the judge model when using the Groq API. 

Meanwhile, system performance evaluation was conducted by measuring the 

average response latency and system stability. Latency was calculated from the time a 

question was sent until the answer was received by the user. Stability was tested by 

running a load simulation using simple code to determine if the chatbot remains stable 

when accessed by multiple users simultaneously. 

 

3. Results and Discussion 

This section explains the research findings and discusses the developed Retrieval-

Augmented Generation (RAG)-based academic information chatbot. The discussion is 

focused on the results of system implementation, chatbot answer quality testing, and 

performance evaluation using relevant metrics. Additionally, this chapter analyzes the 

interpretation of the evaluation results to assess the system's effectiveness in providing 

accurate and contextual academic information for students of the Informatics Study 

Program at Universitas Muhammadiyah Sidoarjo. 
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System Implementation Results 

The implementation result of this research is a developed academic information 

chatbot based on Retrieval-Augmented Generation (RAG). This chatbot is designed to 

assist users in obtaining academic information quickly and contextually. The chatbot 

interface is presented as an interactive component on a responsive web page, where users 

can type questions into a chat column and receive real-time replies. The implementation 

of the chatbot interface can be seen in Figure 3.1. 

 

 

Figure 3.1. Chatbot Interface Implementation on the Website. 

 

Based on the testing scenarios, the system successfully executed the LangGraph 

workflow. When a query is classified as rag_chat, the system searches the ChromaDB 

vector database. The system retrieves not only text but also supports accompanying 

metadata such as direct links (direct_link) stored in the JSON format. This ensures that the 

answers provided are not only descriptive but also practical. Examples of chatbot 

responses to academic queries are presented in Table 3.1. 
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Table 3.1. Examples of Chatbot Response Results. 

Question Answer 

What is the procedure 

for requesting a 

certificate of active 

enrollment? 

Hello! 

For the procedure of applying for a certificate of active enrollment, you can 

submit a request through the Informatics Online Letter Administration 

Service. Here are the steps: 

1. Open the Online Letter Form. 

2. Select the type of letter you need, which is the Active Student Letter. 

3. Fill out the form with the required data, such as name, NIM, and reason for 

application. 

4. Upload necessary documents, if any. 

5. Click the "Submit" button to send your request. 

After you apply, the administration team will process and send your active 

enrollment letter via email or through the online system. 

If you need further assistance or have other questions, feel free to ask! 

When is the even 

semester practicum 

schedule for 

Informatics students? 

Hello! I'm happy to help answer your question about the even semester 

practicum schedule for Informatics students. 

To find out the even semester practicum schedule, you can download the 

relevant practicum schedule via the following links: 

- Jarkom Practicum Schedule: [Download Computer Networks Practicum 

Schedule] 

- Algorithm Practicum Schedule: [Download Algorithm and Data Structures 

Practicum Schedule] 

- Database Practicum Schedule: [Download Database Practicum Schedule] 

Please download the relevant schedule to find out more information about the 

even semester practicum schedule. 

What is the vision and 

mission of the 

Informatics Study 

Program? 

Hello! I'm happy to help answer your question about the vision and mission 

of the Informatics Study Program. 

Vision: The Informatics Study Program of UMSIDA aims to produce graduates 

who are professional, excellent, innovative, and competitive in software 

engineering and intelligent systems that are adaptive to science and 

technology developments based on Islamic values for the welfare of the 

ASEAN community by the year 2038. 

Mission: The mission of the UMSIDA Informatics Study Program consists of 5 

points, namely: 

1. Excellent & innovative education based on Islamic values. 

2. Science and technology research for community welfare. 

3. Internationally reputable community service. 

4. Sustainable cooperation. 

5. Professional governance & student development. 

Hope this information helps you understand the vision and mission of the 

UMSIDA Informatics Study Program! 
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Answer Quality Evaluation 

Answer quality evaluation was conducted using the RAGAS framework to measure 

how accurate and relevant the answers generated by the LLaMA 3.1 model were. Testing 

was performed on a test dataset consisting of questions surrounding academic, 

administrative, and student affairs. The evaluation focused on Faithfulness, Context 

Precision, and Context Recall scores. 

 

Table 3.2. RAGAS Evaluation Results. 

Evaluation Metric Value 

Context Precision 0.86 

Faithfulness 0.77 

Context Recall 0.75 

 

Based on Table 3.2, the system achieved its highest performance in the Context 

Precision aspect with a score of 0.86. This value indicates that the system's retriever is 

highly effective in filtering documents, where most of the retrieved text chunks have high 

relevance to the user's query. Meanwhile, the Faithfulness score of 0.77 shows a fairly good 

level of consistency between the model's answers and the source documents, although 

some variations in the LLaMA 3.1 model's answers still occur. The Context Recall score of 

0.75 signifies that the system is capable of filtering the necessary information, a figure 

considered adequate for the initial implementation stage of an information service system. 

System Performance Evaluation 

Performance evaluation was conducted to measure the resilience and response speed 

of the system. Testing was carried out by simulating a load of 20 concurrent users 

simultaneously with a total of 100 requests. The system performance statistics can be seen 

in Table 3.3. 

 

Table 3.3. System Performance Statistics. 

Parameter Test Results 

Total Requests 100 

Success Rate 94% (94 Success, 6 Failed) 

Throughput 4.14 requests/second 

Average Latency 2.11 seconds 

P95 (95% of Users) 2.27 seconds 

Max Latency 15.99 seconds 
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The test results showed a success rate of 94%. The average response latency was 

recorded at 2.11 seconds. Meanwhile, the P95 value (95th Percentile) stood at 2.27 seconds, 

indicating that 95% of user requests were served in less than 2.3 seconds. To analyze 

latency stability, a mapping of response times against the request sequence was conducted, 

as presented in Figure 3.2. 

 

 

Figure 3.2. System Performance Stability Graph. 

 

Based on the stability graph in Figure 3.2, the majority of requests (green dots) sit on 

a flat line around the 2-second mark. Meanwhile, request failures (red X marks) occurred 

during the initial phase of testing (requests 1-19), indicating constraints when the system 

required initialization time to load the model upon receiving a sudden traffic spike. 

Additionally, a latency spike was detected at the 80th request, where latency jumped to 

15.99 seconds, likely caused by queue mechanisms on the Groq API service provider's side. 

Despite these constraints, the system was able to recover performance quickly, returning 

to its normal average latency of 2 seconds. 

 

Discussion 

Based on the evaluations conducted, the development of the chatbot using the 

Retrieval-Augmented Generation (RAG) method with the LLaMA 3.1 model via the Groq 

API shows optimal performance for academic information services. 

Chatbot System Implementation 

The use of the LangGraph architecture allows the query processing flow to run 

structurally, starting from query classification, document retrieval, to final answer 

generation using the LLaMA 3.1 model. The success of this implementation is evident from 

the system's ability to classify queries that require document retrieval (rag_chat) from 

general questions that can be answered directly by the model. Furthermore, the integration 

of the ChromaDB vector database enables the system to retrieve relevant text chunks along 

with supporting metadata, such as direct links to information sources. This makes the 

chatbot not only informative but also practical, as users can directly access the official 

sources cited. 

Answer Quality 

The Context Precision score of 0.86 indicates that the retrieval system is capable of 

choosing relevant documents with a high level of accuracy. This shows that preprocessing 

data into a structured JSON format and using the nomic-embed-text embedding model 

contributed significantly to the contextual accuracy provided to the LLM. The Faithfulness 

score of 0.77 shows that the answers generated by the LLaMA 3.1 model are largely 

consistent with the source documents used in the retrieval process. Although text 

variations still occur due to the generative nature of LLMs, the generated responses remain 
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within the correct boundaries of academic information. Meanwhile, the Context Recall 

score of 0.75 indicates that the system has been able to capture most of the information 

required by users, though there is still room to expand the scope of retrieved documents. 

System Stability and Performance 

The load testing results demonstrate that the system has a success rate of 94% with 

an average response latency of 2.11 seconds. The P95 value of 2.27 seconds indicates that 

the vast majority of user requests can be served within a relatively short and consistent 

timeframe. This result proves that using the Groq API as the LLM inference infrastructure 

successfully minimizes the latency that frequently limits RAG-based chatbot systems. The 

maximum latency spike of 15.99 seconds and the request failures during the initial testing 

phase highlight limitations in the system initialization process and potential queuing 

within the Groq API service. Nonetheless, the system is capable of returning to a stable 

condition rapidly, meaning that overall, the chatbot is deemed reliable enough to be used 

as a web-based academic information service. 

In general, direct integration into the study program's website using the LangGraph 

architecture proves to be superior in terms of accessibility compared to solutions based on 

Telegram or separate third-party applications discussed in prior studies. 

4. Conclusion 

This study concludes that the implementation of a Retrieval-Augmented Generation 

(RAG)-based academic chatbot using the LLaMA 3.1 model via the Groq API successfully 

increases the efficiency of student information access compared to static websites. Based 

on the evaluation, the system is proven capable of presenting contextually accurate 

answers, achieving a Context Precision score of 0.86 and a Faithfulness score of 0.77. 

Additionally, the average response latency of 2.11 seconds is considered highly adequate 

for general information retrieval needs, ensuring users obtain answers without long wait 

times. The integration of the LangGraph architecture and ChromaDB vector database in 

this system yields actionable responses by including relevant data source links. Based on 

this implementation, future research is recommended to expand the system's scope to the 

faculty or university level at Universitas Muhammadiyah Sidoarjo to provide a more 

comprehensive information service. This expansion can be achieved by integrating 

academic databases from various study programs through broader automated web 

scraping techniques. 
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