
Journal of Hunan University 

(Natural Sciences） 

Vol. 52 No. 6 

June 2025

Available online at 

https://jonuns.com 

 Copyright: © 2025 by the authors. Licensee JHU 

This article is an open-access article distributed under the terms and conditions of the Creative Commons Attribution License 

(http://creativecommons.org/licenses/by/4.0)

Open Access Article  https://doi.org/10.55463/issn.1674-2974.52.6.3 

Virtual Intelligent Agent for Hand Therapy Support 

Robinson Jiménez-Moreno1 , Anny Astrid Espitia-Cubillos1* , Mateo Pulido-Aponte2 

1Associated Professors of Engineering Faculty, Universidad Militar Nueva Granada, Bogotá, Colombia 

2Research assistant, Engineering Faculty, Universidad Militar Nueva Granada, Bogotá, Colombia  

* Corresponding author: anny.еspitia@unimilitar.еdu.co

Article History: 

Received:  May 29, 2025 

Revised: June 23, 2025 

Accepted: July 2, 2025 

Published: July 30, 2025 

Abstract: This paper presents the design and implementation of an artificial-intelligence-driven virtual 

therapist that guides repetitive hand-opening and-closing exercises for rehabilitation—accessible to people of any 

age, from any location, on any webcam-equipped computer. The agent integrated varies techniques for its quasi-

natural interaction with the user, to determinate the correct advance during the therapy is supported on recurrent 

networks of long-short term memory (LSTM) is used. The network allows the processing of features obtained from 

hand movement samples, which contain information on positions, distances and angles, as well as time-controlled 

image captures for specific periods of time. These features are obtained using MediaPipe, an open-source framework 

developed by Google that allows discrimination of characteristic points of the hand. The proposed development 

focuses on performing a classification in time series samples of the opening and closing movement of the hand in real 

time, to define whether the user is performing correctly or not a basic exercise for strengthening hand joints. As 

contribution to agent’s finds, a large language model (LLM) is integrated for the analysis of the training results (hand 

exercise session) and the generation of a detailed report. The system is integrated into a web application developed 

using two frameworks that demarcate the creation of the agent. The design and user experience were developed using 

React, the management and data processing was performed using FastAPI. It is possible to evidence the easy use of 

the agent as a therapeutic assistant and an accurate progress report of the rehabilitation therapy, where according to 
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an accuracy of 88% in learning of the LSTM, it accurately discriminates the movement in hand physical therapy. 

Keywords: artificial intelligence, assistive robotics, physical therapy, long and short term memory (LSTM) 

networks, React agent, recurrent neural network.   

支持手部治疗的虚拟智能代理 

摘要： 本文介绍了一种基于人工智能的代理的开发，目的是实现一种技术工具，以支持

物理手部治疗，该治疗包括重复的开合动作，可以在任何地方由任何年龄段的人士使用，只

要他们有带摄像头的计算机即可。该代理集成了多种技术，以实现其与用户的类自然互动，

治疗过程中的正确进展是基于长短期记忆（LSTM）递归网络的支持。。该网络可以处理手

部运动样本中获得的特征，这些样本包含位置、距离和角度信息，以及一定时间段内的时间

控制图像捕获。这些特征是通过 MediaPipe 获得的，MediaPipe 是谷歌开发的一个开源框

架，可以识别手部的特征点。拟议的开发重点是对手部开合运动的实时时间序列样本进行分

类，以确定用户是否正确地进行了加强手部关节的基本练习。该系统集成了一个大型语言模

型（LLM），用于分析训练结果（手工练习）和生成详细报告。该系统集成在一个网络应用

程序中，使用两个框架开发，这两个框架划分了代理的创建。设计和用户体验使用 React 开

发，管理和数据处理使用 FastAPI。可以证明的是，该代理可作为治疗助手轻松使用，并可

提供准确的康复治疗进度报告，其中 LSTM 在学习中准确判别手部物理治疗中的运动的准确

率为 88%。 

关键词：人工智能、辅助机器人、物理治疗、长短期记忆（LSTM）网络、React 代理、

递归神经网络。 

1. Introduction
Physical hand therapy is required when there are

injuries resulting from accidents, illness and/or the 

passage of time, where traditional rehabilitation 

methods often take a long time and rely on hospital 

resources [1]. Conventional therapy is done in a hospital 

or at home with the accompaniment of professional 

therapists, which is not always affordable for developing 

countries [2], due to limitations such as transporting the 

patient to the physical therapist's office or vice versa, 

economic difficulties, problems for travel by distance or 

vehicular mobility, lack of companion in the case of 

infants or elderly people, lack of availability of agenda, 

among others. Whereas virtual therapists based on 

intelligent agents offer a technological tool safe and 

easy-to-use, designed to be used anywhere and at any 

time, this development would provide a solution to the 

need for a particular therapy from remote ways.  

Healthcare systems have evolved through the 

acquisition of bio-signals by advanced sensors [3] and  

through the development of so-called smart homes [4]. 

Where intelligent systems with the ability to act 

autonomously and proactively in their environment to  

achieve specific goals are leading to a technological 

revolution with future impact [5]. A fundamental part of 

this are agent-based systems, used in applications such 

as anomaly detection in smart grids [6], voice assistants 

in smart homes [7], intelligent management of water 

resources [8], monitoring of intelligent vehicles [9] and 

various applications in smart industry based on the 

Internet of Things (IoT) [10], thus developing the 

integral concept of smart cities, which are centered on 

multi-agent systems [11].  
The integration of IoT devices based on artificial 

intelligence is generating solutions in what are called 

intelligent healthcare systems [12] [13]. This gives rise 

to a new concept, the virtual therapist that today 

contributes to scenarios such as psychiatry [14], speech 

disorders [15], therapies in cancer patients [16] and 

assistive and rehabilitative technologies in patients with 
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autism [17]. The adoption of virtual therapeutic 

techniques [18], for example, art-based [19] or 

prosthetic [20] can be developed from home. Where the 

use of technological tools such as virtual environments 

or even the use of robotic exoskeletons [21] are part of 

what is now called intelligent therapy [22]. 

With respect to hand therapy, the analysis of their 

movements using artificial intelligence is feasible [23]. 

In [24] they point out artificial intelligence as an area of 

interest in hand therapy for children with cerebral palsy 

for personalization, adaptation and use of data. There are 

developments such as a controller with AI technology 

for the adaptation of a library of therapeutic games 

personalized according to arm and hand impairments 

that offers outcome tracking [25]. Also, in [26] authors 

present a web platform, based on computer vision, 

containing digital serious games designed as hand 

therapy exercises. In [27] a virtual hand rehabilitation 

system that integrates a web application with a deep 

learning model is presented, which in turn complements 

feature extraction from a ResNeXt50 network with 

sequential analysis of LSTM data to recognize gestures, 

compares the patient's video with a reference one, and 

features an exercise performance tracker, a chatbot, a 

scheduler for appointments with physical therapists, and 

a SQLite database that records each exercise. 

In line with this technological evolution in the field 

of therapy-oriented health care, this paper presents the 

design and implementation of a virtual intelligent agent 

for hand therapies. So that by training an LSTM network 

[28], whose learning is based on the movement of a hand 

opening and closing therapy exercise, it is possible to 

estimate the current position and pose of the user in front 

of the virtual agent by means of a recognition algorithm 

called MediaPipe [29], already used in movement 

rehabilitation applications [30] together with LSTM 

networks [31].  

The proposed agent guides the user in the 

development of the exercise by means of voice prompts, 

and by making a record of the task execution and 

generating a concept by means of an LLM about the 

performance in the hand therapy exercise. This type of 

tool facilitates access to physical hand therapy from 

anywhere, giving greater independence to the patient, 

who can determine at what time of the day he/she carries 

out the activity with timely feedback favoring hand 

rehabilitation through a therapy directed in real time. 

The main contribution within the development 

intelligent agent that monitors the rehabilitation process 

through the integration of artificial intelligence 

techniques that also acts as an expert in the area by the 

LLM implemented. 

2. Methodology
Designing a virtual intelligent agent oriented to 

physical therapy of the hand involving a focus on 

applied investigation with experimental validation. 

Given that the quasi-natural interaction between the user 

and the agent is searched and must be established the 

criteria of interaction through adecuate prompts for the 

LLM y for the recognition of the therapy action based 

on the hand movement.  

To develop an intelligent agent to guide physical 

therapy focused on hand opening and closing, and to 

validate and evaluate the progress in the exercise by the 

user in front of a webcam, an artificial intelligence 

algorithm is used, based on a short-long term memory 

network (LSTM). This network has a RNN (recurrent 

neural network) architecture that uses sequential 

information such as that provided by the hand movement 

in the opening and closing sequence, which works well 

with images and videos, as is the interaction that is 

exposed with the proposed agent and the user through 

the image captured by webcam.  

The development of the project includes five stages.  

The first stage corresponds to the initial design of the 

agent with its components. In the second stage, the 

selection of tools to be integrated into the agent is carried 

out. Thirdly, the necessary requirements for each 

component of the agent are defined. In the fourth stage, 

which is the most important, the detailed design of each 

component is carried out.  Finally, in the fifth stage, the 

agent is tested for validation. 

3. Results

3.1. Initial agent design 

In the initial design of the agent, three fundamental 

parts are established as components: the frontend for 

visualization and interaction with the user; the backend 

for processing and report generation; and the LSTM-

based model for exercise classification, capturing 

movement by camera, as shown in Figure 1.  

Figure 1. Initial agent design (Source: developed by 

the authors) 

3.2. Tool definition 

For the definition of the tools to be integrated in the 

system, we considered the animation and voice 

reproduction of the agent, describing the performance of 

the physical therapy by text, detecting and following the 

user's hands live and generating coherent text in the final 

report of each therapy. Table 1 lists each tool used, with 

the task it will perform in the agent, its description and 
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the component to which it corresponds. 

Table 1. Tools used for agent design (Source: 
developed by the authors) 

Tool Task Description Component 

React 
Native 

Animation 
and voice 
playback 

Open-source 
JavaScript library 

that allows to build 
interactive and 
efficient user 

interfaces 

FrontEnd 

Fast 
API 

Text 
description 

of 
performance 

High-performance 
web framework for 
building APIs with 

Python 

BackEnd 

Media
Pipe 

Hand 
detection 

and tracking 

Google's cross-
platform open-

source framework 
for building custom 
machine learning 

modeling solutions 
for live and 
streaming 

multimedia content 
[23] 

Model for 
exercise 

classification 

Open
AI 

API 

Consistent 
text 

generation 

Interface that allows 
developers to access 
advanced artificial 
intelligence models 
and integrate them 

into their 
applications 

FrontEnd 

3.3. Delimitation of requirements 

The basic requirements necessary for the integration 

of the agent to perform the classification of a specific 

exercise for the strengthening of joints in hand therapies 

were delimited, which are presented in Figure 2 

according to the three basic components of the design: 

backend, Frontend and AI model by LSTM. 

Figure 2. Requirements by component (Source: 

developed by the authors) 

3.4. Detailed design of each component 

3.4.1. Frontend 

A simple but functional design was defined to allow 

the user to understand both the indications for use and 

performance of the therapeutic exercise, as well as the 

processed signals and feedback from the system, the 

sketch is presented in Figure 3. This template determines 

what the user will see on the screen. 

Figure 3. FrontEnd block diagram (Source: 

developed by the authors) 

Figure 4 and according to the template illustrates the 

final user interaction interface (frontend). The upper left 

side shows the virtual therapist (named Terry) presenting 

basic animations of mouth and eye movements, Terry 

gives feedback to the patient verbally using the 

predictions generated by each hand movement sample.  

At the lower left is a text box that replicates the verbal 

instructions given to the user. In the upper central part is 

“Entrenar” button that starts the therapy session and 

captures the user's camera. If the system is correctly 

capturing the hand movement samples, indicators of the 

position of the joints should appear. In the lower central 

part of the screen is the Log Console, which shows the 

level of prediction, inference time and CPU and memory 

usage in the computer where the agent is running. In the 

upper right part is the time counter, an indicator that 

allows the user to know the duration of the training in 

minutes and seconds; below it is the repetition counter 

that shows the number of repetitions correctly 

performed by the user; and finally in the lower right part 

is pie chart that illustrates the precision in exercise 

execution and is updated in real time during the session. 

Figure 4. FrontEnd (Source: developed by the 

authors) 

3.4.2. Backend 

The server-side application contains several 

functionalities: 

1. Real-time, two-way communication via websocket

from frontend to backend and vice versa, allowing 

management of the data displayed and processed. 

2. Transmission of images captured with webcam and
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training states (exercise session) by the frontend. These 

states allow management of when to store samples for 

exercise inference, as represented in Figure 5. 

3. Reading images and validating states for image

processing, extracting features using MediaPipe and 

calculating additional features, such as distances and 

angles of hand movement. 

4. Depending on the value of the training states, the

samples are stored in CSV files according to the 

flowchart in Figure 6. 

Figure 5. Frontend - Backend Communication 

(Source: developed by the authors) 

Figure 6. Training states flowchart (Source: 

developed by the authors) 

3.4.3. LSTM-based model 

From CSV files containing information on captured 

samples, when the user performs an exercise from start 

(closing the hand) to finish (opening the hand), 

inferences are generated using an LSTM-based model 

that works with the sequence represented in Figure 7. 

Figure 7. LSTM network processing sequence 

(Source: developed by the authors) 

The recognition of the opening and closing action is 

based on the training of the Bi-LSTM network, for 

which a basic architecture is defined for its compilation, 

considering the use case of binary classification and time 

series prediction in sequential data, such as those 

obtained from hand movements. For this purpose, the 

Bi-LSTM network architecture illustrated in Figure 8 

was defined. 

Figure 8. LSTM Architecture (Source: developed by 

the authors) 

Below, each layer of the network architecture used 

by the blocks (B) outlined in Figure 8 is explained:  

B1. LSTM 64: This is a long-short-term memory 

layer with 64 neural units that allows for capturing long-

term dependencies of the temporal sequence. 

B2. Dropout 30%: This randomly deactivates 30% of 

the neurons during training to avoid overfitting, 

improving generalization. The 30% was selected 

because results with higher values were tested, but this 

decreased the model's accuracy. 

B3. LSTM 32: This is a long-short-term memory 

layer with 32 neural units that allows for capturing short-

term dependencies learned from the temporal sequence. 

B4. Dropout 20%: This randomly deactivates 20% of 

the neurons during training, reducing overfitting. Since 

there are fewer neurons in the previous layer, this value 

is decreased to maintain the previously adjusted weights. 

B5. 16-neuron dense layer: Uses the hyperbolic 

tangent activation function, useful for modeling 

nonlinear relationships in the data, since the data are not 

uniform across samples. 

B6. 1-neuron dense layer: This is the output layer and 

contains a single neuron because problem has been 

modeled binary, generating a value between 0 and 1 that 

represents probability of belonging to following classes: 

• Correct exercise (> 0.75).

• Incorrect exercise (< 0.75).

This value of 0.75 is because during training, there

was a larger data set for samples labeled with correct 

exercises than for incorrect samples. Therefore, when 

calculating the proportion of weights in the set for each 

type of label, a value of 1.5 was obtained for the label 

"0" (incorrect) and 0.75 for the label "1" (correct). This 

balances the model's predictions. 

To optimize the training phase, the type of 

normalization to be used was defined. For distances 

referenced by the characteristic points of the hand using 

MediaPipe, the minimum-maximum method was used 

(equation 1) since the measurements are relative and are 

given in pixels. 

𝑋𝑁 =
𝑋−𝑋𝑚𝑖𝑛

𝑋𝑚𝑎𝑥−𝑋𝑚𝑖𝑛
(1)
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As indicated, feature extraction is performed from 

the landmarks found with MediaPipe, as can be seen in 

Figure 9. 

Figure 9. Landmarks hand (Source: [23]) 

These landmarks are automatically positioned upon 

detecting a hand, allowing positions to be discriminated 

and measurements to be calculated so that the model can 

optimally find patterns in its training and prediction 

phase. To achieve this, distances are calculated for each 

of the hand's fingers, as well as the angles between each 

landmark, generating more data for model training. 

While increasing the amount of elements in the 

training set, the variability of the compartment tends to 

reduce that the trends of training and validation data sets 

tend to perform a very similar behavior, so it can be 

deduced that by increasing the size of the data set 

probably the model can generate better predictions, 

however for the case of use of binary classification the 

behavior obtained is sufficient. 

Finally, a PDF file is generated summarizing the 

execution time, total expected repetitions, total correctly 

performed repetitions, training accuracy, details for each 

repetition, and a general analysis. For the report 

analysis, the Gemini-1.5-flash large language model 

(LLM) analyzes the results of the completed training. A 

physiotherapy expert role analyzes the patient's positive 

and areas of improvement, and generates a detailed 

analysis with recommendations using the prompt: 

input = You are an expert hand therapist. Analyze the 

following information from a hand therapy training 

session: 

- Number of exercises:{counter_attempt}

- Number of exercises performed correctly:

{attempt_success}

- Table of predictions by attempts:

- Predictions made: {list_predictions}

- Attempts made: {list_attempts}

Generate a very concise analysis of the training

session, highlighting the positive and areas of

improvement, and their impact on the patient.

Express yourself as a healthcare professional.

3.5. Proofs 

Based on the above, the network was trained by 

varying the number of samples (N) in the data set, taking 

a constant of 20% of the data in each case for validation 

and maintaining a maximum limit of 50 epochs with 8 

subgroups (batch size). Table 2 illustrates the 

comparison of the training sessions varying from 88 to 

678 data, where accuracy is obtained from 82% to 88%. 

In the case of the best network, it corresponds to 424 

data with an accuracy of 88.24%, precision of 91.67%.  

Table 2. LSTM training comparison (Source: 
developed by the authors) 

N Accuracy Precision AUC Recall 

88 0.8235 0.8000 0.7667 1.0000 

170 0.8824 0.9048 0.9267 0.9048 
255 0.8627 0.9189 0.9089 0.8947 
424 0.8824 0.9167 0.9400 0.9167 
678 0.8235 0.8588 0.9082 0.8588 

The training of the model, despite using a CPU, that 

is, without parallel processing on the GPU, took less 

than 1 minute even using the largest number of samples 

(678). This is because the calculations were performed 

with the measurements extracted from positions, 

distances and angles, that is, images were not processed 

but their descriptors.  
It was observed that by increasing the number of 

samples in the training set for the LSTM network, 

accuracy, precision, recall and area under the curve - 

ROC (AUC) presented positive indicators with trends to 

1, however, this can mean that the model is on 

adjustment, so it is convenient to add stages to the 

DRPOUT model which allows in most cases to avoid 

said overhap. posterior metrics. When analyzing the 

behavioral graphs of the loss and accuracy function of 

each training (see table 2), it can be seen that for the first 

training the model is on adjusting because the training 

and validation trends are opposite and in the case of the 

loss function tends to increase the set of validation and 

otherwise, in the accuracy phase the trend of the 

validation set has to decrease, in addition to showing a 

high variability.  

A validation environment was established for the use 

of the agent with four progressions in hand therapy, 

simulating gradual progress, where very low, low, 

medium and high therapy progress was defined. Figure 

10 illustrates the intelligent agent use environment for 

the test scenarios. 
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Figure 10. Progression test environment in therapy 

(Source: developed by the authors) 

Table 3 relates the upper part of the reports generated 

by the intelligent agent for each case of progression 

where the precision levels in the year range from 14.28% 

to 100%, indicating in which repetition the exercise 

failed. 

Table 3. PDF reports (Source: developed by the 
authors) 

Therapy progress Report 

Very low 

Low 

Half 

High 

Finally, through the large language model (LLM) 

based on Gemini with an expert role in physiotherapy, 

the following types of analysis are generated, as 

examples of established validation cases. 

The patient has performed a total of seven hand 

therapy exercises, of which he has carried out four 

correctly. This implies a 57% success percentage, 

which is a good sign, since it indicates that the 

patient is managed to progress in their rehabilitation. 

More extensive analysis of the model even generates 

additional recommendations against possible moods of 

the patient according to the following case: 

Hand therapy training showed discouraging results. 

Of five exercises, only one was done correctly. 

Although there is success in the second attempt, the 

incorrect execution in the remaining four exercises 

indicates an urgent need for adjustment in the 

therapeutic strategy. The patient presents poor 

understanding or execution of the exercises. This can 

negatively impact the functional recovery of the hand. 

An exhaustive revaluation of the program is required, 

including a detailed review of the instruction, the 

modification of the difficulty of the exercises, and the 

consideration of possible limiting factors of the 

patient's ability, such as pain or lack of strength. 

More basic and progressive exercises must be 

prioritized to ensure a solid base before advancing to 

more complex exercises. The motivation and 

understanding of the patient should also be evaluated 

and reinforced. 

4. Discussion
The designed agent stands out from previous

developments that virtually support the development of 

hand therapy [6], [29], [32] where intelligent therapy 

lacks a local autonomous guide in the patient's location, 

for this case the agent (Terry), in turn incorporates the 

use of a LLM that provides with the generation of 

automatic reports and real -time feedback both by voice 

and by text to the user. 

The benefits inherent in the development of 

intelligent agents operating locally for therapy and 

supported by LLM's, either under executable code or 

web access, facilitate and reduce the costs of access to 

therapy for patients, clearly allow for reduced analysis 

times of therapy progressions and optimize the use of 

hospital rehabilitation infrastructures. 

5. Conclusion
During the agent's development, aspects were

evidenced that feedback decision making in the design 

of this type of intelligent agent allows it to achieve 

conclusions based on the management of concurrences 

for proper real-time data management generated delays 

in development because the signals were not being 

processed with latency times less than 1 second, so it 

was decided angular measures.  

It is evidenced that the orientation and progress 

within the simulation of rehabilitation and respective 

verbal feedback from the intelligent agent, aiding the 

user in the development of a guided and quantified 

exercise, which allows them to act upon so that they can 

adjust their progress and validate it in real time through 

the agent answers’, obtaining historical reports useful 

for the medical evaluation by experts. Denoting the 

application potential in therapy of these types of 

development and how it is implemented on different 

schemes of therapy that do not require physical 

interaction between user and therapist. 
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