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Abstract:

Introduction: Managing multiple academic tasks with overlapping deadlines remains challenging for university students,
while conventional task-management applications still require substantial manual organization and prioritization. This
study develops an LLM-based Al Task Agent that enables conversational academic task management through Telegram
and workflow automation. Method: The proposed system integrates Telegram as the interaction interface, n8n for
workflow orchestration, an LLM-based Al agent for natural-language interpretation and tool selection, Google Sheets for
task-data operations, PostgreSQL for conversational memory, and scheduled workflows for automated reminders. The
system supports Create, Read, Update, and Delete operations, contextual priority recommendations based on deadline,
urgency, and lecturer strictness, and proactive reminders. Functional performance and response time were evaluated across
the primary system functions. Results and Discussion: Create, Read, Update, and Delete operations achieved 100%
functional accuracy, while priority recommendation and automated reminder functions achieved 95%. Recorded processing
times ranged from 3.1 to 3.5 seconds, with an average of approximately 3.32 seconds. The results demonstrate that
separating LLM-based interpretation from predefined external tool execution enables reliable conversational task
management while maintaining controlled data operations. Conclusion: The proposed LLM-based Al Task Agent
demonstrates the feasibility of integrating conversational interaction, executable task-management functions, contextual
prioritization, memory, and proactive reminders within a unified Telegram-based academic workflow.
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1. Introduction

Managing multiple academic tasks is a common challenge for university students because assignments, projects,
examinations, and other academic activities often have overlapping schedules and different levels of urgency.
Conventional task-management applications generally provide features for recording tasks, setting deadlines,
managing calendars, and generating reminders. However, users are still required to manually organize task
information, monitor approaching deadlines, and determine which activities should be prioritized. This condition
creates an opportunity for conversational systems that can provide more flexible assistance through natural-language
interaction.

The development of large language models has significantly extended the capabilities of conversational systems
beyond conventional question answering. Recent LLM-based agents can combine natural-language understanding,
reasoning, memory, and external tool use to perform goal-oriented activities [1]-[4]. ReAct introduced an approach
that integrates reasoning with executable actions, enabling language models to interact with external environments
during task completion [1]. Toolformer further demonstrated that language models can interact with external tools
through API calls to extend their operational capabilities [2]. These developments provide an important foundation
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for Al agents that can interpret user requests and subsequently invoke application functions rather than merely generate
textual responses.

The integration of LLMs with external tools is particularly relevant for task-oriented and workflow-based
applications. Instead of requiring users to issue rigid commands, an Al agent can interpret natural-language
instructions and determine which predefined function or workflow should be executed [5]—[7]. Tool-oriented language
models have also demonstrated the ability to select and invoke external functions according to contextual requirements
[13]. This approach enables conversational interfaces to operate as an interaction layer between users and backend
services such as databases, scheduling mechanisms, workflow automation platforms, and other application
components.

Conversational technologies have also been widely adopted in educational environments. Chatbots have been
investigated for learning assistance, information retrieval, academic support, and communication between students
and educational services [8]-[10]. Messaging platforms provide a practical interface for these applications because
users can access system functionality without installing or navigating a dedicated information system. Maulana,
Purnawansyah, and Azis [11] demonstrated the implementation of a Telegram bot for retrieving information directly
from a database. Their study showed that Telegram could function as a lightweight interface for accessing structured
information. However, the system primarily focused on data retrieval and did not incorporate contemporary LLM-
based capabilities such as dynamic natural-language interpretation, conversational memory, or tool-oriented data
manipulation.

The integration of multiple information services is another important consideration in academic environments.
Salim et al. [12] proposed a one-gateway system based on microservices architecture for managing campus
information services. The study demonstrated the importance of providing a unified access mechanism to coordinate
different services within an academic information environment. Although the architectural context differs from the
present study, the underlying integration principle is relevant to Al-agent systems, where conversational interfaces,
language models, workflow automation, storage services, and notification mechanisms must operate within a
coordinated processing pipeline.

Despite these developments, a gap remains between conventional academic chatbots, task-oriented conversational
systems, and modern LLM-based agents. Existing educational chatbots commonly emphasize information retrieval,
question answering, or learning support [8]-[10], while research on LLM-based agents largely focuses on general
reasoning, external tool use, and autonomous task execution [1]-[7], [13]. Relatively limited attention has been given
to the integration of conversational task creation, retrieval, modification, deletion, contextual priority
recommendation, conversational memory, and proactive reminders within a single academic task-management
workflow.

To address this gap, this study develops an Al Task Agent for academic task management by integrating Telegram,
n8n workflow automation, an LLM-based Al agent, Google Sheets-based task-management tools, PostgreSQL
conversational memory, and an automated scheduling mechanism. Incoming Telegram messages are processed by the
Al Agent through the n8n workflow, after which the agent determines the appropriate task-management operation and
invokes the corresponding external tool. The system supports task creation, retrieval, modification, deletion, priority
recommendation, and automated reminders. Task attributes such as deadline, urgency, and lecturer strictness are used
as contextual information when generating priority recommendations.

The proposed system differs from conventional Telegram-based chatbots because the conversational layer is
connected directly to executable task-management functions rather than being limited to information retrieval. The
main contributions of this study are threefold. First, it presents an integrated architecture that combines Telegram,
n8n, an LLM-based agent, external task-management tools, and conversational memory. Second, it enables tool-
oriented task management through natural-language interaction, including Create, Read, Update, and Delete
operations. Third, it combines contextual task-priority recommendations with scheduled reminders to provide both
reactive task management and limited proactive assistance. Through this approach, the study demonstrates the
practical application of LLM-based agents and workflow automation for conversational academic task management.



365 Indonesian Journal of Data and Science

2. Method

This study employed a system-development approach to design and evaluate an Al-based conversational agent for
academic task management. The proposed system integrates Telegram as the user interaction interface, n8n as the
workflow orchestration platform, an LLM-based Al agent for interpreting natural-language requests and selecting
appropriate tools, Google Sheets for task-data management, PostgreSQL-based conversational memory, and a
scheduled workflow for automated reminders. This architecture follows the general concept of LLM-based agents in
which language models interact with memory, external tools, and application environments to perform goal-oriented
actions [3], [14], [15].

The development process consisted of five main stages: problem identification, requirement analysis, system
design, workflow implementation, and functional evaluation. The functional requirements were derived from
academic task-management activities, including creating tasks, retrieving stored information, updating task records,
deleting tasks, generating priority recommendations, and delivering automated reminders.

Research Workflow

The overall research procedure is summarized as follows:
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Figure 1. Research Flow

Problem identification focused on the difficulties associated with managing multiple acade mic tasks and deadlines.
Requirement analysis determined the functions required to support conversational task management. System design
defined the integration between Telegram, n8n, the Al Agent, task-management tools, conversational memory, and
reminder services. Workflow implementation translated the proposed architecture into executable n8n workflows,
while functional evaluation assessed the ability of the resulting system to execute its primary task-management
functions.

The research workflow can be presented as Figure 1, while the complete system architecture can be presented
separately as Figure 2. The original n8n workflow screenshot can subsequently be retained as an implementation-
level illustration to demonstrate the actual integration of the Al Agent, Telegram Trigger, Google Sheets tools,
PostgreSQL Chat Memory, and Schedule Trigger.

System Architecture

The proposed architecture consists of four main layers: the interaction layer, workflow orchestration layer, Al-
agent layer, and data and execution layer. Telegram serves as the interaction layer through which users submit task-
related requests and receive system responses. Incoming messages are captured by the Telegram Trigger and processed
through n8n, which acts as the workflow orchestration layer.

The Al-agent layer contains an LLM-based agent connected to an OpenAl Chat Model. The agent interprets user
messages, identifies the intended operation, and selects an appropriate external tool. The implementation provides
Google Sheets tools for retrieving, adding, editing, and deleting task records. PostgreSQL Chat Memory is connected
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to the agent to maintain conversational context across multiple interactions. In addition, a Schedule Trigger is used to
initiate reminder-related workflows independently of direct user requests.

This architectural design is consistent with contemporary agent-oriented systems that separate natural-language
reasoning from external tool execution [14]-[16]. Rather than allowing the language model to manipulate persistent
data directly, the LLM determines the required action while predefined workflow components perform the actual
operation.

The general processing architecture can be represented as
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Figure 2. System Architecture of the Al Task Agent
The scheduled reminder mechanism operates in parallel with the user-initiated interaction workflow.
Al Agent and Task Management Workflow

The Al Task Agent serves as the main decision component of the proposed system. When a user sends a message
through Telegram, the message is forwarded to the agent through n8n. The agent interprets the semantic meaning of
the request and determines whether the user intends to create, retrieve, update, or delete task information.

The available task-management operations can be represented as

T = {Tcreatev Tread: Tupdate: Tdelete} (1)

For example, a request such as “Add the Machine Learning assignment with a deadline tomorrow” requires the
agent to select the task-creation operation. In contrast, a request such as “What assignments do | have tomorrow?”
requires the retrieval operation.

The implemented n8n workflow provides four Google Sheets tools corresponding to these operations: data
retrieval, data insertion, data modification, and data deletion. After a selected tool has completed its operation, the
result is returned to the Al Agent, which generates a natural-language response and delivers it to the user through
Telegram.

The implementation of the proposed Al Task Agent workflow in n8n is illustrated in Figure 3, showing the
integration of the Telegram Trigger, Al Agent, OpenAl Chat Model, PostgreSQL Chat Memory, task-management
tools, and Telegram response mechanism.
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Figure 3. n8n Workflow Implementation of the Al Task Agent

This workflow demonstrates how the Al Agent acts as the central orchestration component between natural-
language interaction and executable task-management functions. The language model supports request interpretation,
while predefined tools perform the corresponding operations on the task repository.

This mechanism follows the principles of tool-augmented and task-oriented LLM systems, in which conversational
input is translated into structured actions that can be executed by external applications [5], [7], [15], [17]. Separating
language interpretation from application execution provides greater flexibility for natural-language interaction while
maintaining controlled access to task data.

Conversational context is maintained using PostgreSQL Chat Memory. This component allows the agent to use
information from previous exchanges when interpreting subsequent requests. Such memory is useful for multi-turn
interactions in which a user may refer to previously mentioned tasks without repeating all task attributes. Persistent or
contextual memory has become an important component of modern LLM-agent architectures because it supports
continuity across sequential interactions [14], [16].

Task Representation, Prioritization, and Reminder

Each academic task is represented using several contextual attributes. Based on the system requirements, these
attributes include task name, task type, description, execution time, deadline, urgency, and lecturer strictness.

Table 1. Task Information Used by the Al Task Agent

Attribute Description

Task name Name or title of the academic task

Task type Category of the task

Description Additional information related to the task

Execution time Planned time associated with the task
Deadline Final completion time
Urgency User-defined level of task urgency
Lecturer strictness Contextual information regarding deadline enforcement

In addition to managing task records, the system provides contextual priority recommendations. Three principal
attributes are considered in the prioritization process:

X, ={D,U,S}, )
where D represents deadline information, U represents task urgency, and S represents lecturer strictness.

The available system documentation does not contain a deterministic weighting equation or validated numerical
scoring model for these variables. Therefore, the implemented mechanism is described as LLM-assisted contextual
prioritization. The agent evaluates the available task attributes and uses them as contextual information when
recommending which task should receive greater attention.
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This approach allows multiple contextual factors to be considered simultaneously, but it also introduces potential
variability because the recommendation depends on the interpretation of the language model. Studies of LLM-based
autonomous and tool-learning agents similarly indicate that context interpretation and decision consistency remain
important challenges in agent-based applications [14], [15].

The system also incorporates an automated reminder mechanism using the Schedule Trigger in n8n. Unlike the
Telegram Trigger, which is activated by user interaction, the Schedule Trigger initiates the workflow automatically
according to the configured schedule. Relevant task information is retrieved and used to generate a reminder that is
subsequently delivered through Telegram.

The system therefore supports two complementary interaction modes: reactive task management, initiated by user
requests, and proactive task assistance, initiated through scheduled reminders.

Function Evaluation

The system was evaluated based on six functional categories: Create, Read, Update, Delete, priority
recommendation, and automated reminder. These categories represent the main capabilities of the implemented Al
Task Agent.

Functional performance was expressed using accuracy:

Accuracy = % X 100%, 1)

where N_,..c: represents the number of successfully executed responses and Nig:0q represents the total number of
evaluated operations.

The evaluation examined whether each user request produced the expected system operation. Create testing evaluated
whether new task information was stored correctly. Read testing examined whether relevant task records could be
retrieved. Update testing evaluated modification of existing task information, while Delete testing examined whether
the requested task could be removed correctly. Priority recommendation testing evaluated whether the system
generated recommendations based on available task context, whereas reminder testing examined the execution of
scheduled task notifications.

In addition to functional correctness, response time was recorded for each evaluated operation. Response-time
evaluation was used to examine whether the workflow could provide sufficiently responsive interaction through
Telegram. Agent-based systems should be evaluated not only on language-generation quality but also on their ability
to select and execute appropriate actions in the external environment [14], [15].

The original evaluation records provide functional accuracy and response-time results for the six operations. However,
the detailed raw test logs and exact number of individual test cases are no longer available. Therefore, the revised
study retains the documented evaluation results without reconstructing unsupported experimental quantities such as
confidence intervals, standard deviations, or statistical significance tests

3. Result and Discussion
System Implementation

The Al Task Agent was successfully implemented as an integrated conversational task-management system
combining Telegram, n8n, an LLM-based Al agent, external task-management tools, conversational memory, and a
scheduled reminder mechanism. The implemented workflow enables users to interact with the system using natural-
language messages rather than accessing a separate task-management interface.

Incoming messages are received through the Telegram Trigger and forwarded to the Al Agent within n8n. The
agent interprets the user's request and selects the appropriate operation. Task-management functions are executed
through external tools for retrieving, creating, updating, and deleting task records. PostgreSQL Chat Memory
maintains conversational context, while the Schedule Trigger supports automated reminder execution.
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This implementation reflects the development of conversational systems from simple information-retrieval
interfaces toward systems capable of interacting with backend applications. Generative Al-based conversational
systems increasingly combine natural-language interaction with personalization and task execution [18], while
workflow automation allows conversational interfaces to be connected with operational processes and external
services [19]. Such integration enables the Al component to function as an interaction and decision layer rather than
merely as a text-generation mechanism.

In the proposed system, this architecture allows users to perform task-management activities through Telegram,
including adding a new assignment, retrieving task information, modifying existing task data, deleting a task,
requesting a priority recommendation, and receiving scheduled reminders. This extends earlier Telegram-based
academic information systems, such as the database retrieval approach developed by Maulana, Purnawansyah, and
Azis [11], by enabling multiple executable operations instead of retrieval alone.

Functional Performance

Functional testing was conducted on six primary system functions: Create, Read, Update, Delete, priority
recommendation, and automated reminder. The results are presented in Table 2.

Table 2. Functional Performance of the Al Task Agent

No. Function Accuracy Proseescs?r:ge'lc'jime Re;e(:ﬁgsgaﬁ me Status
1 Create Task 100% 32s 28s Successful
2 Read Task 100% 35s 3.0s Successful
3 Update Task 100% 3.1ls 27s Successful
4 Delete Task 100% 34s 3.0s Successful
5 Priority 95% 33s 29s Successful

Recommendation

The results indicate that the four CRUD operations achieved 100% functional accuracy, while priority
recommendation and automated reminder achieved 95%. These results show that the system was able to perform its
core task-management operations successfully within the evaluated scenarios.

The difference between CRUD operations and priority recommendation can be explained by the characteristics of
each process. Create, Read, Update, and Delete functions are based on clearly defined external operations. Once the
agent correctly determines the intended action, execution is performed by a predefined workflow tool. In contrast,
priority recommendation requires interpretation of contextual information, including deadline, urgency, and lecturer
strictness. Consequently, this function involves a greater degree of semantic interpretation by the Al Agent.

This distinction is consistent with current LLM-agent research, which identifies tool selection and context
interpretation as more challenging than the deterministic execution of an already selected tool [14], [15]. The results
therefore support the architectural decision to separate conversational reasoning from actual data manipulation. The
LLM interprets the request, while predefined external tools perform persistent data operations.

Response-Time Analysis

The recorded processing times ranged from 3.1 to 3.5 seconds across the six evaluated functions. The second
response-time measurement associated with Telegram ranged from 2.7 to 3.0 seconds. Based on the recorded values,
the average processing time was approximately 3.32 seconds, while the average Telegram response time was
approximately 2.90 seconds.

The relatively narrow variation across operations indicates that adding different task-management functions did
not result in substantial differences in the recorded response duration. Create, Read, Update, and Delete operations
exhibited response times comparable to those of priority recommendation and automated reminders.
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Response speed is an important aspect of conversational interaction because excessive delays may reduce the
perceived continuity of a dialogue. Conversational Al systems are expected to combine functional capability with
accessible and responsive interaction [20]. The use of Telegram also reduces the need for users to navigate multiple
interfaces because requests and responses occur within the same conversational environment.

However, the response-time results should be interpreted cautiously. The original experimental records do not
provide detailed instrumentation separating LLM inference time, workflow processing time, data-access latency,
Telegram transmission time, and complete end-to-end latency. Therefore, the values reported in Table 2 represent
implementation-level measurements rather than a controlled latency benchmark. A future evaluation should
independently measure each processing component and report repeated measurements using statistics such as mean,
standard deviation, and percentile latency.

Natural-Language Task Management and CRUD Operations

One of the primary advantages of the proposed system is the ability to connect natural-language interaction with
executable task operations. The agent is not limited to providing information about stored tasks but can also invoke
functions that change the underlying task records.

This capability represents an important progression from conventional command-based bots. Previous research
has demonstrated that educational chatbots can provide accessible interaction for learning and academic services [21],
[22]. Meta-analytic evidence also suggests that chatbot-supported interaction can contribute positively to educational
activities when the chatbot is appropriately designed for its intended task [23].

The present system focuses specifically on task-oriented interaction. For example, semantically different messages
may refer to the same underlying operation. A student may request that the system “add an assignment for tomorrow”
or “record my machine learning task due tomorrow.” Both requests conceptually correspond to a Create operation,
even though their linguistic forms differ.

Task-oriented LLM approaches similarly seek to reduce dependence on fixed intent commands by allowing
language models to interpret user requests and connect them with executable application functions [17]. The 100%
functional results reported for CRUD operations indicate successful execution in the documented test conditions.
However, these results should not be interpreted as evidence that the system can correctly process every possible
linguistic variation because the original records do not document the number, complexity, or linguistic diversity of
test commands.

Future evaluations should therefore include paraphrased requests, incomplete instructions, ambiguous references,
spelling variations, multi-turn commands, and requests containing multiple task attributes. Such testing would provide
stronger evidence regarding the natural-language robustness of the Al Agent.

Contextual Priority Recommendation

The priority recommendation function is one of the principal features that distinguishes the proposed system from
a basic task-recording chatbot. The system considers three contextual attributes when assisting users in identifying
tasks that should receive greater attention: deadline, urgency, and lecturer strictness.

The priority recommendation achieved a reported functional accuracy of 95%. Although slightly lower than the
CRUD results, this performance indicates that the agent was generally capable of using task context to generate
priority recommendations within the documented evaluation scenarios.

Context-sensitive assistance is increasingly relevant in conversational systems because user requirements cannot
always be addressed using a single fixed variable. Personalized educational chatbots, for example, increasingly
incorporate contextual information to adapt interaction and support to individual conditions [18], [21]. Similarly,
research examining Al in project and task management highlights the potential use of Al for scheduling, decision
support, prioritization, and automation [25], [26].
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Nevertheless, the proposed priority mechanism should be considered an initial contextual recommendation
approach rather than a validated decision model. The available documentation does not provide a deterministic
weighting formula for deadline, urgency, and lecturer strictness. Therefore, it cannot be concluded that the current
mechanism generates an objectively optimal task ranking.

A stronger future implementation could define a transparent priority score, for example by combining normalized
deadline proximity, urgency, and additional contextual factors. The resulting ranking could then be compared with
expert-defined or user-defined priority labels. Such an evaluation would allow the prioritization component to be
assessed independently from the conversational capabilities of the LLM.

Automated Reminder

The automated reminder function achieved a reported accuracy of 95%. Unlike CRUD operations that are initiated
directly by user messages, the reminder mechanism can be activated through the Schedule Trigger. This enables the
system to initiate a task-related interaction without requiring a new request from the user.

The combination of reactive and proactive functions is important for academic task management. Reactive
interaction allows students to request information or execute operations when needed, while proactive interaction
enables the system to provide support when a relevant deadline approach. Similar integration between conversational
interfaces and scheduling functions has been investigated in other task-oriented domains, including appointment
scheduling and automated notification systems [24].

This functionality moves the Al Task Agent beyond a purely reactive chatbot. However, the available
implementation records do not provide sufficient information concerning reminder intervals, notification frequency,
deadline thresholds, or duplicate-reminder prevention. These parameters should be explicitly defined in future
implementations to improve reproducibility and provide users with greater control over notification behavior.

Comparison with Related Studies

The contribution of the proposed system does not depend on a single new technology. Telegram bots, educational
chatbots, LLM-based agents, external tool invocation, and scheduling mechanisms have all been investigated
independently. The contribution of this study lies primarily in combining these components within a single workflow
for academic task management.

Table 3. Comparison with Representative Related Studies

stud Main Apolication Conversational Backend/Tool Task Automated
y P Interaction Execution Management Reminder
Maulana et al. Dat_abase information Telegram Database retrieval Limited No
[11] retrieval
Sanchez . L " .
Cuadrado et al. Task-oriented LLM LLM-based Appll_catlon Application Not primary
[17] chatbot development functions dependent focus
Personalized . . - . Not primary
Chen etal. [18] educational chatbot Generative Al Educational services  Limited focus
Tabassum et al. Appointment Scheduling Scheduling
[24] scheduling Chatbot operations oriented Yes
Lee et al. [30] University learning Multiplatform !Educatl_onal No No
support chatbot interaction
. CRUD tools and
Proposed System Academic task Telegram + workflow Yes Yes
management LLM Agent .
automation

Compared with the Telegram database retrieval approach in [11], the proposed system extends conversational
access from Read operations to complete CRUD functionality. Compared with general task-oriented LLM approaches
[177, the present study applies agent-based tool execution specifically to academic task management and integrates a
scheduled reminder mechanism. Educational chatbot studies [18], [21]-[23], [27], [29], [30] demonstrate the growing
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role of conversational systems in educational environments, but many primarily emphasize information provision,
learning support, or interaction rather than executable task management.

The proposed architecture therefore combines three functional levels: conversation, execution, and proactive
assistance. Conversation enables users to express task requirements naturally; execution connects those requirements
to external task-management tools; and proactive assistance enables scheduled reminders without requiring an
immediate user request.

This direction is also consistent with the increasing adoption of Al in workflow and project-management
environments. Al-supported project management has been investigated for automation, scheduling, decision support,
and improved coordination [19], [25], [26]. The present study adapts these broader concepts to a lightweight academic
setting using a messaging interface and low-code workflow automation.

Limitations and Research Implications

The results demonstrate the feasibility of integrating an LLM-based conversational agent with workflow
automation for academic task management. The use of external tools provides a practical separation between flexible
natural-language interpretation and controlled data operations. In addition, Telegram provides a familiar
communication environment that can reduce dependence on a separate dedicated task-management application.

These findings are consistent with previous reviews showing that conversational agents can provide accessible and
immediate support in educational environments [21], [22], [27], [29]. However, previous studies also emphasize that
the effectiveness of educational conversational systems depends strongly on reliability, usability, interaction design,
and evaluation quality [21], [22].

Several limitations should therefore be considered when interpreting the present results. The original raw
experimental logs are unavailable, preventing reconstruction of the exact number and linguistic diversity of test cases.
The exact LLM model configuration, prompting strategy, and inference parameters are also unavailable. In addition,
the priority recommendation mechanism does not have a documented deterministic ranking algorithm. The original
manuscript mentioned an evaluation involving 30 respondents, but the questionnaire, sampling information, and raw
responses could not be recovered; consequently, those data were not used to support quantitative usability claims in
the revised study.

Future research should conduct controlled evaluations using a documented collection of natural-language task
commands, including paraphrased, ambiguous, and multi-turn instructions. The system should also be evaluated using
different LLM configurations to determine the effect of the underlying model on intent understanding and tool
selection. A transparent priority-ranking algorithm, systematic latency measurements, configurable reminder policies,
and a structured usability evaluation should also be incorporated. These improvements would enable a more rigorous
assessment of both the technical reliability and practical usefulness of Al-assisted academic task management.

4, Conclusion

This study developed an LLM-based Al Task Agent for academic task management by integrating Telegram, n8n
workflow automation, an Al agent, Google Sheets-based task operations, PostgreSQL conversational memory, and an
automated reminder mechanism. The proposed system enables users to manage academic tasks through natural-
language interaction, including creating, retrieving, updating, and deleting task records, requesting contextual priority
recommendations, and receiving scheduled reminders.

The functional evaluation showed that the Create, Read, Update, and Delete operations achieved 100% accuracy,
while the priority recommendation and automated reminder functions achieved 95% accuracy. The recorded response
times were approximately three seconds across the evaluated functions, indicating that the implemented workflow
was capable of providing responsive interaction within the tested environment. The integration of natural-language
interpretation with predefined external tools also allowed the system to separate conversational reasoning from actual
data manipulation, providing a practical architecture for task-oriented Al applications.
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The main contribution of this study lies in combining conversational interaction, executable task-management
operations, contextual prioritization, conversational memory, and proactive reminders within a single Telegram-based
workflow. Unlike conventional academic chatbots that primarily provide information retrieval or question-answering
functions, the proposed system extends conversational interaction toward direct task execution and limited proactive
assistance.

Several limitations remain. The available experimental records do not contain the complete raw test logs, detailed
LLM configuration, prompting strategy, or a deterministic priority-ranking model. Therefore, the reported results
should be interpreted within the scope of the documented implementation. Future work should evaluate the system
using a larger and explicitly documented set of natural-language commands, compare different LLM configurations,
introduce a transparent and validated task-priority ranking mechanism, perform controlled end-to-end latency
measurements, and conduct a structured usability study involving target users. These improvements could provide
stronger evidence regarding the reliability, scalability, and practical effectiveness of Al-assisted academic task
management.
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