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 Improving user experience in accessing information on organizational 

websites remains a challenge. Users often face complex navigation and multi-

step searches that slow information retrieval. This study introduces the real-

time intelligent virtual assistant (RIVA), which integrates large language 

models (LLMs) with the retrieval-augmented generation (RAG) framework 

to support real-time interaction with website content. The system was 

implemented on the Universitas Pendidikan Ganesha (Undiksha) website 

using a WordPress content management system (CMS) and developed 

following the design science research (DSR) approach, which includes six 

stages: problem identification, solution objectives, design and development, 

demonstration, evaluation, and communication. The retrieval-augmented 

generation assessment (RAGAS) evaluation indicated that combined model 

of text-embedding-ada-002 and semantic chunking yielded the best results, 

with context precision=0.83, context recall=0.90, response relevancy=0.91, 

faithfulness=0.83, and answer correctness=0.85. User experience 

questionnaire (UEQ) testing performed well, particularly in the novelty and 

stimulation dimensions. These results demonstrate that RIVA can provide 

users with access to relevant and engaging information. As a result, future 

research will focus on improving retrieval and developing adaptive semantic 

chunking for structured and complex data. 
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1. INTRODUCTION 

Organizational websites are a primary channel for information access; however, users often face 

difficulties due to manual searches, complex navigation, and unintuitive interfaces, which reduce user 

satisfaction and service effectiveness. To address the growing demand for fast and accurate information access, 

artificial intelligence (AI), particularly AI based virtual assistants, has emerged as a promising solution to 

simplify information retrieval and enhance user experience. In this context, large language models (LLM) as 

generative AI has changed the way people interact with information systems. LLMs research and practical 

application continuously advance, generating various technological innovations [1], [2]. As one of the popular 

LLM-based applications, ChatGPT has attracted global attention due to its ability to manage language-related 

tasks in conversation [3] and enhance productivity in research and academia [4], [5]. Large text datasets are 

used to train LLMs, enabling them to generate coherent and contextually relevant responses [6]. LLMs have 

https://creativecommons.org/licenses/by-sa/4.0/
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been widely applied in various fields and domains, which include education [7], healthcare [8]–[10], software 

development [11], [12], and industry [13]. LLMs existence also creates opportunities for organizations to 

implement them as virtual assistants, improving information services by receiving and following up on 

customer feedback to improve service quality and user experience [14], [15]. 

LLMs still face limitations when integrated into organizational websites although they have made 

rapid progress. Although trained using large datasets, their knowledge stays static and often fails to capture the 

specific context of an organization, necessitating extensive retraining [16]. Additionally, LLMs face challenges 

like hallucinations [17], falsification [18], and irrational responses in certain contexts [19]. The retrieval-

augmented generation (RAG) approach has emerged as a promising solution to addressing these issues. RAG 

allows LLMs to access and integrate real-time information from external sources, resulting in contextually 

relevant and up-to-date responses [6]. Combining LLMs with RAG assists in overcoming the limitations of 

static knowledge and expands their role as intelligent assistants in organizational environments. RAG research 

is constantly evolving, highlighting its evolution through three paradigms: naive RAG, advanced RAG, and 

modular RAG [20]. Naive RAG implements a simple retrieve-and-read process, while advanced RAG 

introduces query rewriting and context optimization. Lastly, modular RAG connects retrieval, memory, and 

generation for domain-specific reasoning. This evolution indicates a shift in RAG from a static data retrieval 

model to an adaptive framework that supports complex decision-making. Its effectiveness has been validated 

in various fields, including autonomous vehicle systems that integrate RAG and LLMs for accurate real-time 

information delivery [21]. Retrieval-augmented generation assessment (RAGAS) framework generally used to 

evaluate performance [22], measuring the quality of information retrieval and generation through metrics such 

as context precision, context recall, faithfulness, and answer relevance. 

Table 1 displays a comparison between existing RAG-based systems and frameworks, by highlighting 

the real-time intelligent virtual assistant (RIVA) unique contributions in real-time synchronization and 

empirical evaluation. Most of the previous studies focused on domain-specific or general frameworks, like 

LangChain and ChatGPT Plugins, which have not yet addressed real-time integration with organizational 

websites, particularly in educational environments. This study introduces RIVA, which is built based on LLM 

and RAG integration to address these gaps. RIVA integrates WordPress content management system (CMS) 

synchronization, user experience questionnaire (UEQ)-based user experience evaluation, and local language 

adaptation for Indonesian users. As an example, a case study conducted at Universitas Pendidikan Ganesha 

(Undiksha) shows that the combination of LLM and RAG can facilitate accurate, up-to-date, and user-friendly 

access to organizational information. 
 
 

Table 1. Benchmarking RAG-based systems and frameworks 
System/paper Focus/domain Contribution 

RAG and LLM 
integration [23] 

General RAG-LLM 
concepts 

Provides an overview of integrating RAG with LLMs across domains, 
highlighting core architectural principles 

Efficient biomedical 

question-answering 
(QA) via RAG [24] 

Biomedical  Proposes a reproducible and efficient RAG framework for biomedical question 

answering 

Open-source 

LLM+RAG [25] 

Open-source 

integration 

Demonstrates how open-source LLMs can be integrated with RAG pipelines for 

flexible applications 
LangChain [26] General-purpose 

pipelines 

A widely used open-source framework providing modular tools for RAG, 

memory, and agent-based applications with integration to various databases 

ChatGPT plugins [27] General-purpose 
assistants 

A plugin system connecting ChatGPT with external APIs, allowing real-time data 
retrieval within the OpenAI ecosystem 

RIVA (this work) Educational website 

CMS 

Introduces a domain-specific RAG assistant with real-time integration, evaluation 

using UEQ, and local language adaptation for Indonesian higher education 

 

 

2. METHOD 

This study utilized the design science research (DSR) approach, focusing on creating innovative 

artifacts such as systems, models, or methods that can be empirically verified. The DSR framework comprised 

six main stages: problem identification, solution objectives, design and development, demonstration, 

evaluation, and communication. 
 

2.1.  Problem identification 

The primary issue with organizational websites is their traditional search systems and complex 

navigation, which often makes it difficult for users to find relevant information. As a result, LLM provides a 

solution through natural language-based interaction without the need to manually navigate the interface. 

However, integrating LLM with organizational websites poses challenges, especially in maintaining 

synchronization to keep information up-to-date and relevant to the organizational context. Therefore, this study 
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utilized RAG to integrate the LLM with the organizational database. However, RAG search results were not 

always relevant to the context, necessitating a comparison of various chunking and embedding techniques to 

determine the optimal configuration for generating accurate and contextual responses. 

 

2.2.  Objective of a solution 

This study aimed to enhance the ability of LLM-based systems to provide relevant and contextually 

relevant answers on organizational websites. The RAG approach was applied to connect the LLM with 

organizational databases, ensuring that the generated information remained up to date. The study's primary 

focus was to determine the most effective combination of chunking and embedding for producing an accurate 

information retrieval process, serving as a basis for developing a responsive and contextually intelligent 

search system. 

 

2.3.  Design and development 

The study employed a system design comprising two interrelated architectures. First, the 

implementation architecture (Figure 1) represented the RIVA system deployment on the organizational website 

as an LLM-based information retrieval solution, with the overall process integration between the organizational 

website and RIVA (Figure 2). Second, the experimental architecture (Figure 3) was developed to evaluate 

various combinations of chunking and embedding techniques, identifying the most effective configuration prior 

to implementation in the main system. These two architectures were iterative and complementary, where the 

experimental architecture’s results were used to refine the implementation architecture, ensuring that the final 

system provided more accurate, relevant, and contextually appropriate responses. 

 

 

 
 

Figure 1. Architecture of RIVA 

 

 

 
 

Figure 2. Process integration organization web to RIVA 

 

 

2.3.1. Design architecture implementation (RIVA) 

As shown in Figure 1, the RIVA architecture integrated a real-time web synchronization module and 

a RAG pipeline that processes user queries through the retrieval and generation stages. This figure presents a 

high-level system architecture that shows how user queries are processed through a combination of web 

integration modules and RAG components, allowing for real-time information retrieval from updated website 

sources via LLM virtual assistants. 
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i) Module web integration: various website and RAG integration mechanisms were examined to determine 

an efficient and secure solution. Web scraping offers implementation simplicity and data flexibility but 

involves legal concerns and vulnerability to changes in website structure, while built in APIs provide 

greater stability with limited access to content. Accordingly, this study employed a custom API to 

maintain full control over data flow and ensure security through token-based authentication. As shown in 

Figure 2, content updates activate webhooks that synchronize data to RIVA for storage, segmentation, 

and vector indexing, supporting accurate and reliable real time information retrieval. 

ii) Module retrieval augmented generation: the RAG module served as the core component of RIVA, designed 

to enrich user queries and generate accurate, contextual, and reliable responses by integrating factual and 

real time knowledge from external sources, thereby enhancing LLM capabilities while mitigating the 

limitations of statically trained models and reducing hallucinations. In this study, the RAG pipeline began 

with document chunking and embedding, where long or unstructured texts were segmented into coherent 

units based on natural language boundaries and transformed into numerical representations using language 

models, enabling semantic similarity recognition beyond surface level word matching. These embeddings 

were stored in a vector database to support fast and accurate similarity search, with Facebook AI similarity 

search (FAISS) selected for its scalability, high performance, and suitability for real time retrieval in a 

university website context. Information retrieval employed a hybrid strategy that combined vector based 

semantic search and BM25 lexical retrieval to balance contextual relevance and keyword precision, 

followed by refinement using the BAAI BGE Reranker large model to select the most relevant passages. 

Finally, the refined context was processed by the GPT 4o model during the generation stage to synthesize 

fluent, factually consistent, and user aligned responses, ensuring reliable information delivery. 
 

 

2.3.2. Design architecture experiment 

This stage mainly focused on testing combinations of various chunking strategies and embedding 

models to discover the most effective settings for generating relevant context and accurate responses. The 

development process comprised preparing data from the organizational website, implementing RAG pipelines 

for retrieval and generation, and evaluating results using RAGAS metrics. As a result, this stage will form the 

basis for final design decisions to be applied to the RIVA system implementation architecture. 

The experimental architecture flow used to determine the optimal chunking and embedding 

configurations in the RIVA system is shown in Figure 3. Based on the flow, the process began with data 

collection from the research's main source, namely the organization’s official website. Based on this data, a 

dataset containing 200 question-answer pairs in Indonesian was developed using GPT-4o. Furthermore, each 

pair was verified by two experts to ensure its relevance, accuracy, and consistency with the website corpus. An 

example dataset is presented in Table 2. 
 
 

 
 

Figure 3. Design architecture experiment 
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Table 2. Example datasets 
Input Expected output 

When to fill in tuition fee data for SNBP at Undiksha? Tuition data submission for SNBP at Undiksha is open from 
March 28 to April 5, 2024. 

Can students who pass SNBP follow the SNBT program? Students who pass the SNBP are not permitted to participate in 

the SNBT or the independent program selection (SMBJM). 

 

 

The next stage involves the chunking and embedding process. The text is divided using three 

strategies: fixed chunks of 1,000 characters with 200-character overlap, fixed chunks of 500 characters with 

100-character overlap, and semantic chunking based on natural language boundaries. Each strategy is tested 

with three embedding models’ text-embedding-ada-002 (OpenAI), intfloat/multilingual-e5-base, and 

indobenchmark/indobert-base-p2 to generate semantic vector representations. These embeddings are then used 

in a hybrid retrieval process combining vector-based semantic search and BM25 lexical search to obtain the 

most relevant context. Furthermore, this study utilized GPT-4o to process the retrieved context and generate 

responses, which were evaluated using the RAGAS framework with five metrics: context accuracy, context 

recall, response relevance, fidelity, and answer accuracy. The process enabled the comparison of different 

chunking and embedding configurations to identify the most effective settings for RIVA implementation. 

 

2.4.  Demonstration 

The next step in this study was a demonstration stage. This stage was performed to prove that the 

RIVA system design was sufficient to operate as intended for the research objectives. The optimal 

configuration of the chunking and embedding experiments at this stage was implemented into the RIVA 

system. Furthermore, real-world usage would test the system, where users search for information through 

natural language conversations. As a result, each request was processed through RAG, which involved  

vector-based retrieval and answer generation using GPT-4o. 

 

2.5.  Evaluation 

The evaluation stage comprised two components: system performance evaluation using the RAGAS 

framework and user experience evaluation using the user UEQ. RAGAS was used to assess retrieval and 

generation quality by measuring the relevance and factual consistency of retrieved contexts and generated 

responses. UEQ evaluated users’ perceptions of usability, efficiency, and overall satisfaction, providing 

insights into the system’s practical applicability. 

 

2.5.1. Performance evaluation using RAGAS 

The RAGAS evaluation stage comprised dataset preparation, context retrieval, answer generation, and 

metric computation to assess retrieval and generation quality. Five metrics were employed: context precision, 

context recall, answer relevancy, faithfulness, and answer correctness. Context precision measured the 

proportion of relevant chunks within the retrieved context using precision@k, indicating the accuracy of the 

retrieval process. Context recall evaluated the system’s ability to retrieve all relevant reference contexts, 

ensuring completeness of the retrieved information. Answer relevancy assessed the semantic relevance of 

generated responses to user queries by computing the average cosine similarity between embeddings of the 

original question and generated questions derived from the response. Faithfulness measured factual consistency 

by calculating the proportion of answer claims that could be inferred from the retrieved context. Answer 

correctness evaluated overall response quality using a weighted combination of factual correctness and 

semantic similarity between generated answers and ground truth, with default weights of 0.75 for factual 

consistency and 0.25 for semantic similarity. 

 

2.5.2. User experience evaluation 

User experience was evaluated using the standard UEQ, which consists of 26 items designed to assess 

both pragmatic and hedonic qualities of system interaction. The evaluation covered six dimensions: 

attractiveness, perspicuity, efficiency, dependability, stimulation, and novelty, representing overall impression, 

ease of use, task effectiveness, system reliability, user engagement, and perceived innovation. This instrument 

provided a structured and quantitative assessment of users’ perceptions of RIVA during system use. 

 

2.6.  Communication 

 This stage documented and disseminated the study results through this publication, highlighting the 

RIVA's conceptual and practical contributions. The study presented an innovative integration between RAG 

and university websites. It also provided an empirical evaluation framework that could be replicated by other 

educational institutions. 
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3. RESULTS AND DISCUSSION 

 In this section, the study describes the results from implementing and evaluating the RIVA system. 

The discussion focuses on analyzing the experimental results, interpreting the system’s performance in various 

configurations, and highlighting important patterns observed during testing. Thus, these results are organized 

to provide quantitative evidence and interpretive insights that support the study’s objectives. 

 

3.1.  Results 

3.1.1. Performance results 

Table 3 presents the final experimental results. The performance of various chunking and embedding 

configurations implemented in the RIVA system was evaluated in this experiment. The evaluation utilized the 

RAGAS metric, consisting of context precision, context recall, response relevancy, faithfulness, and answer 

correctness. These metrics were used to measure the system’s accuracy and consistency in retrieving relevant 

context and generating factually correct responses across various configurations. 

 

 

Table 3. Evaluation results 
Model embedding Chunking Context 

precision 

Context 

recall 

Response 

relevancy 

Faithfulness Answer 

correctness 

Text-embedding-ada-002 (OpenAI) Fixed (1,000; 200) 0.82 0.91 0.88 0.85 0.82 

Text-embedding-ada-002 (OpenAI) Fixed (500, 100) 0.80 0.83 0.82 0.85 0.77 
Text-embedding-ada-002 (OpenAI) Semantic 0.83 0.90 0.91 0.83 0.85 

Intfloat/multilingual-e5-base Fixed (1,000, 200) 0.83 0.89 0.89 0.85 0.79 
Intfloat/multilingual-e5-base Fixed (500, 100) 0.80 0.84 0.84 0.85 0.77 

Intfloat/multilingual-e5-base Semantic 0.81 0.88 0.88 0.88 0.81 

Indobenchmark/indobert-base-p2 Fixed (1,000, 200) 0.76 0.74 0.79 0.84 0.75 
Indobenchmark/indobert-base-p2 Fixed (500, 100) 0.80 0.72 0.74 0.80 0.73 

Indobenchmark/indobert-base-p2 Semantic 0.75 0.75 0.78 0.84 0.74 

 

 

As shown in Table 3, there are distinct differences in performance between embedding models and 

chunking strategies. As a whole, the highest and most consistent scores across all RAGAS metrics were 

achieved by the text-embedding-ada-002 (OpenAI) model. Either fixed chunking or semantic chunking 

produced stable results, with all values exceeding 0.80. Additionally, the best performance was observed in 

the semantic chunking configuration, with context precision=0.83, context recall=0.90, response 

relevancy=0.91, faithfulness=0.83, and answer correctness=0.85. These findings indicated that the model 

was extremely effective at capturing semantic relationships and maintaining accuracy in generating 

contextually relevant answers. 

Subsequently, the Intfloat/multilingual-e5-base model also exhibited competitive performance, 

particularly in semantic cut-off settings (context precision=0.81, context recall=0.88, response 

relevancy=0.88, faithfulness=0.88, answer correctness=0.81). Despite being designed for multilingual use, 

this model performed favorably on Indonesian data due to its robust semantic representation. Conversely, 

the lowest results were recorded by the Indobenchmark/indobert-base-p2 model, particularly in context 

recall and answer correctness. It indicates that its embedding representation was less proficient at capturing 

deep contextual similarities compared to larger and general-purpose models, despite indobert being 

specifically trained on Indonesian. Summarizing, the Text-embedding-ada-002 (OpenAI) model with 

semantic chunking achieved the best overall performance, showcasing that meaning-driven semantic 

chunking, combined with a robust embedding model, can significantly improve retrieval precision and 

factual consistency in RAG pipelines. 

 

3.1.2.  UEQ results 

The UEQ evaluated RIVA user experiences, measuring six dimensions: attractiveness, clarity, 

efficiency, dependability, stimulation, and novelty. Furthermore, the assessment aimed to explore users’ 

perceptions of the system’s usability, reliability, and innovation. The evaluation engaged users in direct 

interaction with RIVA to measure its ease of use and user satisfaction. 

Table 4 demonstrates that RIVA scored highly across all dimensions, indicating a strong positive 

response from users. Novelty (2.548) and stimulation (2.452) recorded the highest average scores, indicating 

that users find the system innovative, engaging, and pleasant to use. Additionally, both attractiveness and 

dependability scored highly, indicating that the interface was visually appealing and consistently delivered 

reliable results. A slightly lower but remaining positive rating in the perspicuity and efficiency categories 

indicated that RIVA was easy to understand, intuitive, and effective in assisting users in completing tasks. 

Comparing with the UEQ benchmark dataset [28], across all dimensions, RIVA achieved scores in the 
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‘excellent’ range, indicating high user acceptance and recognition of its innovation. Accordingly, the results 

demonstrated that RIVA delivered a pleasant, efficient, and modern user experience, and it is suitable for  

real-time information access. 

 

 

Table 4. UEQ results 
UEQ scales (mean and variance) 

Attractiveness 2.317 0.06 
Perspicuity 2.226 0.07 

Efficiency 2.167 0.11 

Dependability 2.286 0.17 
Stimulation 2.452 0.06 

Novelty 2.548 0.07 

 

 

3.2.  Discussion 

The experiments demonstrated that combining hybrid retrieval and reranking significantly enhanced 

system performance by improving the relevance and accuracy of facts. It was achieved by retrieving candidate 

contexts using both semantic and lexical similarity and refining them through reranking. The system improved 

accuracy but incurred higher computational costs and longer response times. Those considerations can lead to 

scalability challenges in real-time environments, such as RIVA. The details of failed cases (RAGAS score 

<0.7) are presented in five categories: misretrieval, partial or redundant answers, context loss, semantic 

mismatch, and table parsing errors, as shown in Table 5. Misretrieval (30 cases) and partial or redundant 

answers (28 cases) occurred most frequently, followed by context loss (21 cases), semantic mismatch  

(12 cases), and table parsing errors (10 cases). These frequencies indicated that retrieval failures were the 

primary source of error in our implementation. 

 

 

Table 5. Error analysis 
Error type Frequency Example case Error cause 

Misretrieval 30 Which study programs requiring a 

TOEFL test result? 

The retriever failed to find semantically 

relevant context, often due to weak embedding 
mismatches or lack of domain-specific 

keywords. 

Partial/redundant 
answer 

28 What documents must be scanned and 
uploaded for re-registration? 

The model generated partially correct or 
repetitive responses due to incomplete context 

aggregation during augmentation. 

Context loss 21 When should SNBT prospective 
students at Undiksha fill out the tuition 

payment form? 

Relevant information was scattered across 
various chunks, leading to fragmented context 

retrieval. 

Semantic mismatch 12 What documents must be prepared and 
uploaded during re-registration? 

The system misunderstood the user’s intent, 
resulting in retrieval from unrelated contexts. 

Table parsing error 10 How much does it cost to study 

computer science? 

The model cannot not interpret relationships 

between table headers and cell values extracted 
from structured data. 

 

 

Misretrieval errors arose when the retrieval system failed to choose semantically relevant  

paragraphs. This was most probably caused by mismatches between embeddings and queries, or by a lack of 

domain-specific cues. Partial or repetitive answer errors tended to occur when the retrieved context was 

incomplete or insufficiently overlapping, leading the generation model to repeat content or omit crucial 

information. Context loss occurred when relevant information was scattered across multiple chunks, resulting 

in fragmented retrieval during segmentation. While semantic mismatches occurred when the system 

misunderstood user intent, causing retrieval from unrelated content. Additionally, table parsing  

errors occurred when the model was unable to correctly infer the associations between table headers and  

cell values in structured data, particularly in cases where chunking separated rows from their  

corresponding headers. 

These observations were consistent with the results reported in evaluating retrieval quality in RAG 

[29], which highlighted that document retrieval quality was often a major factor limiting the general 

performance of RAG. Likewise, the survey evaluation of RAG: a survey [30] highlighted that retrieval 

relevance, accuracy, and faithfulness remain persistent challenges in hybrid systems. Upon successful context 

retrieval in our experiment, the generation module consistently generated coherent and factually accurate 

responses, affirming that context retrieval robustness is a critical factor affecting system accuracy and 

reliability. Moving forward, future improvements should focus on refining adaptive semantic chunking to 
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preserve contextual relationships, enhancing embedding alignment to better capture domain-specific 

semantics, and developing retrieval models that are aware of structural relationships in tabular and 

hierarchical documents, while maintaining a balance between accuracy and computational efficiency in the 

reordering process. 

 

 

4. CONCLUSION 

Based on the LLM–RAG framework, the development of RIVA demonstrated its capability to 

enhance real-time access to organizational information while improving user experience. By integrating LLMs 

with RAG, the system generated accurate, relevant, and contextually coherent responses directly grounded in 

active website data, and its deployment on the Undiksha website confirmed the feasibility of RAG-based 

intelligent assistants in educational environments. Evaluation using the RAGAS framework showed 

consistently high scores across all metrics, indicating reliable retrieval and generation performance, with the 

combination of semantic chunking and the text-embedding-ada-002 model achieving the best results. Error 

analysis revealed that data retrieval remains the most challenging component, particularly for tabular and 

structurally complex data, while the generation stage produced coherent and factually consistent outputs once 

relevant context was retrieved. User experience evaluation further indicated strong performance, especially in 

novelty and stimulation, suggesting positive user acceptance, and future work should focus on improving 

structured data retrieval, adaptive semantic processing, and scalability to support sustained real-time 

information access in higher education contexts. 
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