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Abstract:

This study presents the implementation of an Al agent chatbot to support journal information services on the Open Journal
Systems (0QJS) platform and the Telegram messaging application using a dynamic knowledge base sourced from Google
Drive. The chatbot provides automated responses to user inquiries related to journal scope, publication fees, submission
procedures, and review timelines, while allowing journal administrators to update information content without modifying
the system. Functional testing results indicate that the chatbot delivers accurate and consistent information with acceptable
response times across both platforms. The implementation demonstrates that integrating an Al agent chatbot with a dynamic
knowledge base can enhance information accessibility, reduce administrative workload, and improve service efficiency in
academic journal management.
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1. Introduction

The rapid development of digital technology has significantly transformed the management and dissemination of
scientific publications. One of the widely adopted platforms for managing scholarly journals is the Open Journal
Systems (0OJS), which provides comprehensive features to support the editorial workflow, including manuscript
submission, peer review, and publication processes [1]. Despite its robust functionality, OJS primarily focuses on
editorial management and does not fully address the growing demand for efficient and responsive journal information
services for authors, reviewers, and the general public.

In practice, journal administrators are often required to handle repetitive inquiries related to general journal
information, such as publication scope, article processing charges (APC), submission procedures, manuscript
templates, and review timelines. These inquiries are commonly delivered through email or messaging platforms and
must be answered manually. This manual approach not only increases the administrative workload but also leads to
delayed responses, inconsistent information delivery, and limited services availability outside of working hours [2],
[3]. As the number of submissions and journal users continues to grow, these challenges become more pronounced
and may negatively affect user satisfaction and the overall credibility of the journal.

Various studies have explored the use of chatbot technology to improve information services in different domains,
including education [4], customer service, and healthcare [5], [6], [7]. Chatbots offer the ability to provide automated,
real-time responses to user inquiries and operate continuously without time constraints. However, many existing
chatbot implementations rely on static knowledge bases, where information updates require manual modification of
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the system or source code [8], which often leads to Al hallucination if not properly grounded in a factual knowledge
base [9]. This limitation reduces flexibility and poses challenges in environments such as journal management
systems, where information frequently changes due to policy updates, fee adjustments, or procedural revisions.

To address these limitations, this research proposes the implementation of an Al agent chatbot equipped with a
dynamic knowledge base sourced from Google Drive [10]. By utilizing Google Drive as the primary knowledge
repository, journal administrators can update information documents directly without modifying the chatbot system.
This approach enables the chatbot to retrieve and process the most recent information dynamically, ensuring accuracy
and consistency in responses. Furthermore, the chatbot is integrated directly into the OJS platform to provide
contextual assistance to journal users and is also deployed via the Telegram messaging platform to extend accessibility
[11] across multiple communication channels [12].

The primary objective of this study is to implement an Al agent chatbot capable of delivering automated journal
information services through a dynamic and easily maintainable knowledge base. This research focuses on the system
architecture, integration mechanisms, and functional implementation of the chatbot within OJS and Telegram
environments. The expected contribution of this study lies in providing a practical solution for enhancing journal
information services, reducing administrative workload, and improving user experience through intelligent and
adaptive automation. Additionally, this research contributes to the growing body of knowledge on the application of
Al agents and dynamic knowledge management in academic information systems

2. Method
Knowledge Base Design and Structure

The knowledge base in this study is designed to support semantic retrieval for journal information services. Instead
of embedding static text directly into the chatbot system, all knowledge sources are centralized within Google Drive
to enable dynamic updates without system modification. The documents stored in Google Drive are automatically
processed into vector embeddings and indexed in the Supabase Vector Store.

The knowledge base is organized into two primary categories to optimize retrieval accuracy and contextual
relevance. The first category contains comprehensive publication-related information of IJODAS, including journal
scope, author guidelines, article processing charges (APC), editorial policies, peer-review procedures, and formatting
templates. The second category consists of metadata and abstracts of all articles that have been officially published in
IJODAS. This structural separation enables the Al agent to distinguish between policy-related queries and article-
specific queries. The structure of the knowledge base used in this study is presented in Table 1.

Table 1. Knowledge Base Structure for IJODAS Journal Information Services

No Knowledge Document Type Content Description Purpose in Chatbot
Base Category Response
1 Entire JODAS Policy Documents, Contains comprehensive information To answer general inquiries
Publication Author Guidelines, about journal scope, submission related to journal policies,
Information APC Information, procedures, article processing charges submission process, fees,
Editorial Board, (APC), review timeline, formatting and publication
Journal Scope template, and editorial policies requirements
2 Entire Published Published Article Contains metadata and abstracts of all To provide article search
Acrticles List of Metadata (Title, articles that have been officially functionality, publication
IJODAS Authors, Abstract, published in JODAS verification, and
Volume, Issue, Year) reference information

Automated Knowledge Base Ingestion Workflow

The first workflow handles automatic ingestion of newly created documents into the vector database. Whenever a
new document is added to the designated Google Drive folder, the system automatically initiates the ingestion process.
This mechanism ensures that any newly uploaded journal information becomes immediately available to the chatbot.

As illustrated in Figure 1, the ingestion process begins with the Google Drive Trigger configured to detect
fileCreated events. When a new file is detected, the system downloads the document and processes its content using
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a data loader module to extract textual information. The extracted content is then transformed into vector embeddings
using the OpenAl Embeddings model [13], [14]. These embeddings are subsequently stored in the Supabase Vector
Store, creating indexed semantic representations that can be retrieved during user queries.

This automated ingestion mechanism eliminates the need for manual database updates and ensures scalability as
the journal repository expands
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Figure 1: Automated Knowledge Base Ingestion Workflow for Newly Created Documents
Automated Knowledge Base Synchronization Workflow

In addition to new document ingestion, the system implements an automatic synchronization mechanism to handle
document updates. Journal information may change due to policy revisions, fee adjustments, or procedural updates.
Therefore, maintaining knowledge base consistency is essential.

As shown in Figure 2, the synchronization workflow is triggered when a fileUpdated event occurs in Google
Drive. Upon detecting an updated document, the system first performs a Delete Row operation in the Supabase Vector
Store to remove outdated embeddings associated with the previous version of the file. This step prevents duplication
and ensures that obsolete information is not retained in the database.

After deletion, the updated file is downloaded again, processed through the data loader, converted into embeddings
using the OpenAl Embeddings model, and stored back into the Supabase Vector Store. This mechanism guarantees
that the chatbot always retrieves the most recent version of journal information during semantic search operations.
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Figure 2. Automated Knowledge Base Synchronization Workflow for Updated Documents
Al Agent Interaction Workflow with Retrieval-Augmented Generation

The third workflow implements the Al agent responsible for handling user interactions via Telegram and OJS
integration building upon established methods for data retrieval via messaging bots [15]. The chatbot applies a
Retrieval-Augmented Generation (RAG) approach [16], [17], combining semantic retrieval from the vector database
[18] the with large language model-based response generation [19].
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As illustrated in Figure 3, the interaction begins when a user sends a message through Telegram, activating the
Telegram Trigger module. The message is then processed by the Al Agent component, which integrates the OpenAl
Chat Model, a Simple Memory module, and a vector retrieval tool connected to the Supabase Vector Store.

When a query is received, the Al agent converts the user input into embeddings and performs semantic similarity
search within the Supabase Vector Store. Relevant document embeddings are retrieved as contextual references. These
retrieved contexts are then passed to the OpenAl Chat Model, which generates a grounded and context-aware response.

The Simple Memory module maintains short-term conversational history, enabling coherent multi-turn dialogue.
Finally, the generated response is delivered back to the user through the Telegram messaging module. Through this
workflow, the system provides automated, real-time, and contextually accurate journal information services.
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Figure 3. Al Agent Interaction Workflow Using Vector Retrieval and Conversational Memory
3. Result and Discussion

The implementation of the Al agent chatbot was successfully carried out and deployed on both the Open Journal
Systems (0OJS) platform and the Telegram messaging application. The chatbot was fully integrated with a dynamic
knowledge base sourced from Google Drive, enabling it to retrieve and process journal-related information in real
time. Through this implementation, users were able to interact with the chatbot using natural language queries to
obtain information regarding journal scope, article processing charges, submission procedures, manuscript templates,
and review timelines. The deployed chatbot interfaces on the OJS website and Telegram platform demonstrate
consistent interaction design and functionality, as illustrated in Figure 4, which shows the chatbot operating across
both platforms with identical response behavior.
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Figure 4. Implemented chatbot interfaces on OJS and Telegram platforms
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To further analyze the adaptability of the dynamic knowledge base mechanism, document update activity during
the testing period was observed. Several journal-related documents were modified and reprocessed automatically
through the synchronization workflow described in Figure 2. The types of stored documents and their update frequency
during system testing are summarized in Table 2.

Table 2. Knowledge Base Document Types and Update Frequency During Testing

No Document Document Type Knowledge Number of Purpose
Category Base Group Updates
During Testing
1 Journal Policy Editorial policy, Entire JODAS 2 updates Reflect policy
Document publication ethics Publication revisions and
statement Information compliance updates
2 Author Submission Entire JODAS 3 updates Improve clarity of
Guidelines procedure, Publication submission
formatting template Information instructions
3 Atticle Publication fee Entire JODAS 1 update Adjust publication
Processing information Publication fee structure
Charges (APC) Information
4 Review Timeline Estimated review Entire JODAS 1 update Update processing
Document and publication Publication duration information
duration Information
5 Published Title, authors, Entire Published 4 new entries Add newly published
Atrticles abstract, volume, Atrticles List of articles
Metadata issue IJODAS

To evaluate the functional performance of the implemented chatbot, multiple query scenarios were tested through
both the OJS and Telegram platforms. The evaluation focused on response accuracy, contextual relevance, and average
response time. Each test case was designed to represent common information requests submitted by authors and
readers. The summary of the functional testing results is presented in Table 3.

Table 3. Summary of Chatbot Functional Testing Results

No Test Scenario Knowledge Base Response Average Average Status
Used Accuracy Response Response Time
Time (OJS) (Telegram)
1 Inquiry about Entire IJODAS 100% 3.2 seconds 2.8 seconds Successful
journal scope Publication accurate
Information
2 Inquiry about Entire IJODAS 100% 3.5 seconds 3.0 seconds Successful
submission Publication accurate
procedure Information
3 Inquiry about Entire JODAS 100% 3.1 seconds 2.7 seconds Successful
article processing Publication accurate
charges (APC) Information
4 Inquiry about Entire JODAS 95% 3.4 seconds 3.0 seconds Successful
review timeline Publication accurate
Information
5 Search for published Entire Published 98% 3.6 seconds 3.1 seconds Successful
article by Articles List of accurate
title IJODAS
6 Verification of Entire Published 100% 3.3 seconds 2.9 seconds Successful
article publication Acrticles List of accurate

status

IJODAS

Response time analysis was also performed to assess the system’s performance in delivering information promptly.

Measurements were taken for multiple queries submitted via both deployment platforms. The results show that the
chatbot responded within a short time interval [20], providing near real-time interaction for users [21]. Although slight
differences in response time were observed between the OJS-integrated chatbot and the Telegram chatbot, these
variations did not significantly impact the user experience. The Telegram-based chatbot exhibited marginally faster
response times, which can be attributed to the lightweight nature of the messaging platform. A comparison of average
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response times across both platforms, indicating that the chatbot maintains acceptable performance levels in different
deployment environments.

The results of this study demonstrate that the proposed Al agent chatbot effectively addresses the limitations of
manual journal information services. By automating responses to frequently asked questions, the system reduces the
workload of journal administrators and minimizes delays in information delivery. The integration of a dynamic
knowledge base allows administrators to manage journal information independently without technical intervention,
distinguishing this approach from traditional chatbot systems that rely on static data sources. This flexibility is
particularly valuable in journal management contexts, where information is subject to frequent updates due to policy
changes and procedural revisions.

Furthermore, the successful integration of the chatbot into both the OJS platform and the Telegram messaging
application enhances the accessibility and availability of journal information services. Users are able to obtain relevant
information either directly through the journal website or via a widely used messaging platform, thereby improving
overall usability and user satisfaction. From an academic perspective, these findings support previous studies on the
effectiveness of chatbot-based information services [22], [23] while extending existing work through the
implementation of a dynamic knowledge base and direct integration with journal management systems. The results
indicate that Al agent chatbots can serve as a reliable and scalable solution for improving information services in
academic publishing environments

4, Conclusion

This study successfully implemented an Al agent chatbot to enhance journal information services by integrating a
dynamic knowledge base sourced from Google Drive with the Open Journal Systems (OJS) platform and the Telegram
messaging application. The system architecture, which consists of automated document ingestion, synchronization
workflows, and retrieval-augmented generation-based interaction, demonstrated reliable performance in managing
and delivering journal-related information.

The results indicate that the dynamic knowledge base mechanism effectively supports flexible information
updates. As shown in Table 2, multiple document revisions and new entries were automatically processed without
requiring system reconfiguration, confirming the adaptability and maintainability of the proposed architecture.
Furthermore, the functional evaluation summarized in Table 4 shows high response accuracy and acceptable response
times across both deployment platforms. The chatbot consistently retrieved relevant contextual information from the
vector database and generated grounded responses using the OpenAl chat model. The response time comparison also
confirms that the system provides near real-time interaction, ensuring a satisfactory user experience.

The integration of the chatbot into both OJS and Telegram platforms, as illustrated in Figure 4, enhances
accessibility by enabling users to obtain journal information through multiple communication channels. This multi-
platform deployment contributes to improved service availability beyond conventional working hours while reducing
the administrative workload associated with repetitive inquiries.

Overall, the implementation demonstrates that combining a dynamic document repository with vector-based
semantic retrieval and Al-driven response generation provides a scalable and sustainable solution for academic journal
information services. The proposed system addresses the limitations of static chatbot implementations and introduces
a practical framework for intelligent knowledge management in academic publishing environments.

Future research may extend this work by incorporating advanced intent classification mechanisms [24],
multilingual support [25], and large-scale user satisfaction evaluation. Additional enhancements may also include
analytics-based monitoring of user interaction patterns and integration with other communication platforms to further
expand service coverage. The findings of this study contribute to the growing body of research on Al agent
applications in academic information systems and provide a foundation for further development of intelligent journal
management support tools.
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