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Abstract

This work addresses the development of a prototype system for the automatic di-
agnosis and rehabilitation of fine motor skills, utilizing emerging technologies such
as Virtual Reality (VR) and Artificial Intelligence (AI). The upper limb, particularly
the hand, plays a crucial role in performing complex movements and fine motor
tasks essential for daily activities. Loss or impairment of these skills can signifi-
cantly impact an individual’s quality of life. Traditional methods for diagnosing and
rehabilitating upper limb and hand injuries often involve subjective assessments by
therapists, which can lead to suboptimal and inadequately personalized treatments.

The main objectives of this work include studying the state-of-the-art in rehabil-
itation using VR and Al, collecting and preprocessing data from patients with fine
motor problems, evaluating Machine Learning (ML) algorithms and selecting the
one with better results for being used in rehabilitation plan recommendations, and
proposing a system prototype for automatic diagnosis and rehabilitation planning.
This interdisciplinary approach aims to improve the effectiveness and efficiency of
rehabilitation for fine motor disorders, ultimately enhancing patient outcomes.

Keywords: Upper limb, hand rehabilitation, fine motor skills, artificial intelli-
gence, virtual reality, machine learning, personalized medicine, digital healthcare,
rehabilitation technology.
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Chapter 1

Introduction

Advancements in medical technology have revolutionized the diagnosis and treat-
ment of various health conditions, including those affecting the upper limb, a crucial
part of the human body comprising the shoulder, arm, forearm, and hand. These
technologies have enabled the development of more precise and less invasive meth-
ods for detecting and treating medical problems, thereby improving outcomes for
patients. Among these, the hand stands out for its ability to execute intricate move-
ments and fine motor tasks essential for daily living, such as writing, typing, and ma-
nipulating objects. The complexity of the human hand due to its multiple muschles,
bones, nerves and tendons makes it one of the most challenging body part to treat in
medicine and specifically rehabilitation. So that, the loss or impairment of these fine
motor skills can profoundly impact an individual’s quality of life by limiting their
independence and even more the ability to perform daily activities (Singh, 2014; Du-
man and Subasi, 2020; Cartagena et al., 2019).

Traditionally, the diagnosis and rehabilitation of upper limb and hand injuries
have relied on therapist and specialist evaluations based on acquired professional
knowledge. However, these assessments often involve subjective interpretations,
leading to variable treatment outcomes. Medical imaging techniques such as X-rays,
Magnetic Resonance Imaging (MRI), Computed Tomography (CT), Ultrasound, and
manual function tests play a pivotal role in determining the type and severity of
injuries. Despite their utility, these methods are limited by their inability to access
certain internal components of the hand directly, contributing to the subjectivity in
diagnosis and subsequent treatment planning (Zhao et al., 2024). Traditional medi-
cal interpretation is presented in figure 1.1a.
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Medical interpretation
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(A) Traditional medical interpretation (B) Healtcare transforming technologies

FIGURE 1.1: Medical interpretation and healthcare transformation
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In recent years, emerging technologies such as Artificial Intelligence (Al), Virtual
Reality (VR), Augmented Reality (AR), 3D printing, Big Data Analytics and Robotics
have begun transforming the healthcare landscape, offering new tools to enhance
medical diagnostics and therapies. These emerging technologies can be seen in fig-
ure 1.1b. Al, for instance, excels in pattern recognition and data analysis, providing
healthcare professionals with valuable insights to improve diagnosis accuracy and
personalize treatment strategies. VR, by creating immersive environments, allows
for detailed simulations of patient interactions and behaviors, further enriching Al-
driven decision-making processes (Garcia, Gongalves, and Carbone, 2024; Naranjo
etal., 2019).

Virtual Reality

Machine Learning Clasification

SVM
Grade 0

Thumb Grade 1

Index

i ~Middle
Ring

Pinkie

ANN RF Grade 4

Upper Limb

Grade 2

Grade 3

Y
’ﬂ\r a

Head-Mounted Display and

Haptic gloves Artificial Intelligence

FIGURE 1.2: Virtual Reality and Artificial Intelligence integration

This work aims to explore the integration of Al and VR technologies in the de-
velopment of a novel system for diagnosing and recommending rehabilitation plans
for fine motor disorders. By leveraging these innovations, the proposed system will
enable patients to engage with immersive virtual environments using devices like
head-mounted displays (HMDs), sensors and haptic gloves. Through a series of
interactive exercises, the system will assess fine motor functionality and, powered
by machine learning algorithms (ML), automate injury severity diagnosis. Subse-
quently, the system will recommend personalized rehabilitation plans, aiming to
optimize treatment outcomes and improve patient recovery rates. The proposed
system diagram is presented in figure 1.2.

1.1 Objectives

The main goal of this thesis is to develop a prototype of a system for automatic
diagnosis and rehabilitation plan for fine motor skills based on a Virtual Reality and
Artificial Intelligence. For achieving this main goal, the following specific goals are
stated:

¢ To study the state-of-the-art on rehabilitation with virtual reality and artificial
intelligence.

* To collect and preprocess data from patients with fine motor problems.
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* To evaluate and select a machine learning algorithm for the rehabilitation plan
recommendation.

¢ To propose a system prototype for automatic diagnosis and rehabilitation plan
for fine motor skills .

1.2 Thesis organization

This thesis is structured as follows:

In Chapter 2, the background knowledge is stated by reviewing related works and
the technological background.

In Chapter 3, the metholodogy for the implementation of the system prototype is car-
ried out by presenting the problem formulation, reviewing the rehabilitation back-
ground and descripting the proposed system.

In Chapter 4, the experiment is setup by stating the series of movements required
for the data collection as well as descripting the proposed VR system scenes to fi-

nally present the results.

In Chapter 5, conclusions of the work are presented as well as possible future work.






Chapter 2

Background knowledge

2.1 Related works

In recent years, there has been significant progress in the use of Virtual Reality (VR),
Artificial Intelligence (AI), and Machine Learning (ML) to enhance rehabilitation
processes, especially for motor skill recovery. Dhanasree, Nisha, and Jayakrishnan,
2018 proposed a medical training system to help students to improve their skills in
medical Intensive Care Unit (ICU). For this system, the authors used Head Mounted
Display, a Leap Motion Controller with Unity 3D to develop the ICU immersive en-
vironment. The Leap Motion Controller was used to track the hand movement to
replicate real moments into the virtual enviroment. Students are able to use the pro-
posed system to explore the ICU and learn how to use equipment.

Oliveira et al., 2020 propose REHAB FUN that is a virtual reality enviroment de-
veloped for rehabilitation of patients from 3 to 8 years with an specific kind of motor
disability caused by the lack of oxigen during or just after birth. As it was designed
for kids, the tool consisted in a series of activities game oriented that let specialists
to evaluate patients. REHAB FUN was used as a complement tool that let specialists
follow patients evolution. This was the first approach so as future work the authors
propose to prove the efectiveness of REHAB FUN as well as measuring some other
variables.

Lai et al., 2021 proposed a Personalized Rehabilitation Recognition (PRR) sys-
tem as a tool for tracking rehabilitation exercises for clinical diagnosis as an alter-
native for reducing pain and restoring physical functions of lower-limb in home-
isolated rehabilitation. Six rehabilitation exercises for lower limb were selected. The
MetaWearC sensor was used to detect the movement, aceleration and velocity in x,
y and z axes. Collected data was preprocessed, rehab-exercise feature was extracted
and used as input for the multiclass recognition model they propose based on Sup-
port Vector Machine (SVM) and Adaptive Neural Fuzzy Inference System (ANFIS)
methods of Machine Learning (ML) for recognizing patterns. The proposed model
was validated with k-fold cross-validation method with samples.

Modi et al., 2022 proposed a Augmented Reality (AR) telerehabilitation sys-
tem for upper limb that allows the therapists and specialists to monitor sessions
remotely. The system is based on a xARm-5 robotic arm with 5 degrees of freedom
and the Industrial Internet of Things (IloT) that enables the bidirectional commu-
nication for real time. The graphic engine Vuforia Studio was used for developing
users’ interfaces that let patients to see visual instructions to the system and to re-
ceive real time feedback by their movements being corrected throung the robotic
arm. Results showed that the system had low latency and high accuracy so that the
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system was probed to be a innovative and accurated tool for upper limb rehabilita-
tion as it improved the access to quality and customized sessions for pattiens with
reduced movement.

Yang et al., 2022 addresses research on the efficacy of an Augmented Reality Re-
habilitation System named AR Rehab. For this, the authors designed an experiment
in which chronic stroke survivors participed and were dividen into two groups.
Each group was first trained by a human trainer and then used the AR Rehab that
could be either the AR-Centre or the AR-Home version. As the name stands for, the
the first one was performed in the rehabilitation center with AR tools support and
the second one was performed at home. Results showed that hibrid rehabilitation
programs had a significant functional improvement and an important reduction of
the human effort by focusing on teaching how to use the system instead of guide the
rehabilitation session.

Herrera et al., 2023 developed a cloud-based Virtual Reality (VR) platform for
spinal cord injury rehabilitation oriented improve the quality of live of patients with
limited movement or located in remote or distant areas. By the use of simulation
environments patients can perform rehabilitation excercises in a controlled way. On
the other hand, the use of haptic glove let patients to have feedback so that they can
use their own hands to interact with the immersive virtual environment instead of
external devices. The platform has hand-tracking functions let therapists and spe-
cialists to monitor exercises and analyze data to evaluate progress and adjust treat-
ment plans in order to optimize the rehabilitation process.

Ponto et al., 2023 developed an Augmented Reality (AR) application for IOS and
Android mobile devices using Unity 3D framework and ARKit and ARCore frame-
work respectively for assessing home assessments, For this, the authors designed an
experiment to compare the proposed set of tools angains tradicional assesment tools.
The results of the experiment demostrated the Assesment tools enhanced with AR
provide better support for home tools that tradicional ones, it means that activities
are performed in a more accurate way and quicker. Furthermore, the authors con-
clude that AR approaches could be used in many other fields and applications that
require assessment like construction, inspection and quality assurance.

Shilaskar et al., 2024 proposed a Virtual Reality (VR) and Mixed Reality (MR)
hibrid system to improve learning in medical training and education as well as the
practice of medical procedures. For this purpose the authors created a virtual en-
vironment using Unity 3D and Blender that interacts with the headsets and a build
haptic gloves with Arduino board and 3D printed components, which purpose is
to provide feedback to translate virtual interactions into physical sensations for en-
hancing the realism and immersion. That way patients can interact and manipu-
late virtual objects as they were real, thereby developing essential skills like muscle
memory, hand-eye coordination, and spatial understanding.

These related works demonstrate that cutting-edge technologies, such as haptic
gloves, sensors, headsets, and virtual reality (VR), have been increasingly utilized
in research across various fields in recent years. Particularly in the medical and
rehabilitation domains, these technologies have shown significant promise, under-
scoring their relevance to this study. Moreover, their integration offers substantial
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potential to enhance diagnostic accuracy, treatment effectiveness, and rehabilitation
outcomes.

Building upon these foundations, this thesis aims to integrate Al and VR in a
more comprehensive manner, specifically targeting fine motor skills rehabilitation.
Unlike previous work that has focused primarily on lower-limb rehabilitation or
used VR as a supplementary tool, this research will explore the potential of Al-
powered VR environments as the central platform for both diagnosis and rehabil-
itation. By incorporating advanced machine learning algorithms and immersive VR
simulations, the proposed system seeks to offer a more precise, engaging, and per-
sonalized approach to fine motor rehabilitation, ultimately aiming to improve pa-
tient outcomes and recovery rates.

2.2 Technological background

2.2.1 Artificial Intelligence

Artificial intelligence is the field of computer science that creates systems capable of
simulating human intelligence through learning, reasoning and self-correction pro-
cesses for the execution of activities ranging from pattern recognition and decision
making to language learning and understanding (Lima-Santos and Ceron, 2022).
Artificial intelligence has several subfields which are detailed below:

Deep Learning (DL)

Deep learning focuses on artificial neural algorithms that replicate the structure and
function of the human brain. These networks are composed of multiple layers of
neurons that allow the model to learn data representations in a hierarchical fashion,
capturing complex features from raw data. It has the ability to handle large volumes
of data and extract relevant features automatically which requires great computa-
tional power.

Deep learning models can be trained to perform a wide variety of tasks, without
having to manually design specific features, making it an indispensable tool in the
era of big data and advanced artificial intelligence.

Natural Language Processing (NLP)

Natural Language Processing focuses on the interaction between computers and hu-
man language with the aim of enabling machines to understand, interpret and gen-
erate human language not only explicitly but also to understand the meaning and
context of words and phrases in a text. To achieve this it combines techniques from
linguistics, computer science and machine learning, enabling computers to process
and analyze large amounts of natural language data.

NLP has many applications, including natural language generation, where ma-
chines produce text that simulates human-generated text. text analysis, where ma-
chines are trained to perform tasks such as information extraction, text classification,
sentiment analysis and machine translation.
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Computer Vision (CV)

Computer vision seeks to teach machines to interpret and understand visual content
by using algorithms and mathematical models that allow computers to process, ana-
lyze and make decisions based on images and videos (Lima-Santos and Ceron, 2022).

The goal of computer vision is to replicate human visual perception capabilities
in computer systems, allowing them to identify, classify and react to visual stimuli.
Computer vision has significant applications in the healthcare field, especially in
computer-aided medical diagnosis. Computer vision algorithms are used to analyze
medical images.

Expert Systems (ES)

Expert systems are computer programs designed to simulate human reasoning in
solving domain-specific problems. For this, they rely on human knowledge through
an expert knowledge base, which consists of rules and facts gathered from human
experts in the relevant field (Lima-Santos and Ceron, 2022).

Artificial intelligence is applied through the use of algorithms and inference tech-
niques that enable the system to analyze information, make logical deductions and
reach conclusions. Their ability to replicate human reasoning makes them a valuable
tool for decision making and analysis in situations where specialized knowledge is
crucial in a wide range of fields, such as medicine, engineering, business manage-
ment and legal advice, among others.

Machine Learning (ML)

Machine Learning focuses on the development of algorithms and techniques that
allow computers to learn, make predictions or decisions based on data. To do this,
machine learning algorithms identify patterns and relationships in data on their own
without the need of specific coding rules. This is achieved by training models with
large datasets, allowing machines to improve their performance over time as they
receive more information (Lai et al., 2021).

Machine learning can be divided into several categories, the main ones being
supervised learning, unsupervised learning, which are detailed below.

Supervised Learning

Supervised learning algorithms train models in which the input data are labeled, i.e.,
for each input data the output is identified. Learning is done by mapping the outputs
based on the inputs so that the model can make predictions about new unseen data
based on the mappings made during training (Chen et al., 2024).

* Linear regresion (LR)

Linear regression is a supervised parsing algorithm used to predict a value
based on the linear relationship between dependent and independent vari-
ables. In this case it models the relationship between two variables by fitting a
straight line to the data that can be used to make predictions on new data. The
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objective of this algorithm is to find the coefficients that minimize the predic-
tion error.

This model evolves to Multiple Linear Regression (MLR) when multiple in-
dependent variables are considered, so that the result to be predicted is influ-
enced by several factors at the same time. It is used to model complex relation-
ship between variables.

¢ Support Vector Machine (SVM)

Support Vector Machine is a supervised machine learning algorithm used for
classification and regression by searching for the optimal hyperplane that split
data in different classes. In a two dimensions data is divided by a line, but
when more dimensions are considered data is divided by a plane or hyper-
plane. For this SVM solves an optimization problem in which identify the best
hyperplane by maximizing the distance between the hyperplane and the near-
est data points from each class that are support vectors (Lai et al., 2021).

¢ k-Nearest Neighbors - (KNN)

The k-Nearest Neighbors algorithm (k-NN) is a supervised learning method
used for classification and regression.

In the case of classification, the k-NN algorithm classifies a new data point
based on most of the class labels of its nearest neighbors. To do this, the al-
gorithm compares the distance between the new point and all data points in
the training set. The k closest points where "k" is a user-defined number are
selected and the most common class among those k neighbors is assigned to
the new point.

For regression, the k-NN algorithm predicts the value of a new data point
based on the average or median of the values of the k nearest neighbors.

¢ Decision trees

Decision trees can be used for classification problems to predict the class to
which an element belongs or to predict a numerical value. The model is rep-
resented as a tree that is built by dividing the dataset into smaller and homo-
geneous subsets based on certain features. This is done by selecting the most
relevant features and creating decision rules that separate the data into differ-
ent classes or categories.

One of the advantages of decision trees is that they are easy to understand
and interpret, as they can be easily visualized. In addition, they can handle
numerical and categorical data, and are robust to noisy or missing data.

¢ Random Forest - (RF)

Random Forest is a supervised Machine Learning algorithm that can be used
both in classification and regression problems so that it can handle both cate-
gorical and numerical features.

This model builds multiple decision trees during training which conform a
forest that makes it a strong model and improves the accuracy and stability of
it. The forest is trained with a random sample of the dataset and a random
selection of features which helps to create robust and accurate models that are
less prone to overfitting compared to a single decision tree.
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Each tree in a Random Forest provides a prediction, and the final decision
is made by a majority vote in the case of classification, or an average of the
predictions in the case of regression.

¢ Artificial Neural Networks - (ANN)

Artificial Neural Networks are models inspired human brain. They are com-
posed of artificial neurons that are interconnected in layers. An artificial neu-
ral network consists of three types of layers: th input layer receives input data
and transmits the information to hidden layers, the hidden layer processes the
information from the input layer by means of mathematical operations and ac-
tivation functions and finally the output layer generates the final output of the
neural network.

To train a neural network, it must be trained with a set of data and the weights
of the connections between neurons must be adjusted to minimize a loss or er-
ror function. Neural networks are known for their ability to learn and adapt to
complex patterns in data. They are widely used in a variety of applications, in-
cluding image recognition, natural language processing, weather forecasting,
medical diagnosis, among others.

Unsupervised Learning

Unsupervised learning algorithms allow learning patterns from the data without
having been labeled, so that the expected results are not known. For this purpose,
the algorithms identify relationships, patterns or groups of data. This type of algo-
rithms are used in scenarios in which additional information about trends or seg-
mentations in the data is desired (Bertolini et al., 2021).

* k-means clustering

K-means is an unsupervised learning clustering algorithm in machine learning
which goal is to partition a dataset into k groups of data named clusters that
doesn’t overlap. The k in this algorithm represents the number of clusters that
will be formed. For this, each data of the dataset is assigned to the cluster with
the closest center and then centers are adjusted iteratively until data assigment
is stabilized. This algorithm is used for segmentation, pattern identificacion
and data grouping.

¢ Agglomerative Hierarchical Clustering (AHC)

The Agglomerative Hierarchical Clustering (AHC) is a clustering technique
that organizes data by building a tree-like hierarchy where each node repre-
sents a cluster to have a better undestanding of the hierarchical relation in
data. It starts with individual points as separate clusters and merges them it-
eratively until a single cluster is reached and it is commonly used in biological
taxonomy and text analysis.

¢ Self-Organizing Map (SOM)

The Self-Organizing Map (SOM) is an unsupervised machine learning algo-
rithm used for clustering and visualization of data with several dimensions.
SOM is trained through a single-layer feed-forward neural network and learn-
ing models. SOM map input data into a grid of lower dimensions, preserving
the relationships of the input data
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* Principal Component Analysis (PCA)

Principal Component Analysis (PCA) reduces the dimensionality of a dataset
to simplify complex datasets facilitating their visualization and analysis. For
this purpose, the algorithm transforms original variables into a new set of un-
correlated variables, called principal components. This process retains most of
the variability present in the original data in a reduced number of components.

2.2.2 Virtual Reality

In technology, there are several types of realities such as virtual reality (VR), aug-
mented reality (AR) and mixed reality (MR). The first one is the virtual representa-
tion of the real world, the second one overlays digital content onto the real world
environment and the third one combines elements of both VR and AR.

VR is the virtual recreation of the real world in which users can interact and
get immersed through a computer-generated simulation. This technology was first
created for being used in video games but over the years it evolved and gained more
relevance and usage in other fields such as education, training, healthcare, industry,
among others, by means of the use of specialized devices such as VR headsets and
hand controllers. This way users can can navigate and manipulate virtual objects
letting them to experience a sense of presence within the virtual environment (Zafar,
Langds, and Sanfilippo, 2024).

Virtual reality types

According to the immerssion level, that is the level in which someone can get into
an environment, virtual reality is divided into the following types (He et al., 2024):

¢ Non immersive virtual reality

In this type of virtual reality there is a computer-generated environment but
the user is always in control of the real environment. It is presented on a nor-
mal screen, that is to say that it is used in daily activities such as a cell phone
or a computer, so it can be used without the need for additional devices.

* Semi immersive virtual reality

In this type of virtual reality there is a computer-generated environment that
provides users with a partially realistic but not completely immersive experi-
ence. It is characterized by the use of screens with 3D graphics and sometimes
virtual reality glasses. Users can still perceive stimuli from the real world
which allows the user to differentiate between the real and virtual environ-
ment.

* Immersive virtual reality

In this type of virtual reality there is a computer-generated environment that
provides a completely realistic and immersive experience. For this level of
realism to exist, the user is isolated in a certain way from reality through expe-
riences that include image and audio. This requires additional devices such as
goggles or virtual reality cases.
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Main elements of virtual reality

Virtual reality elements are those devices that allow the creation of an immersive,
interactive and immersive experience.:

¢ Head-Mounted Display (HMD)

Head-mounted display (HMD) provide visual and audio interface that im-
merses users in virtual environments. They have key features that determine
the clarity of the image, the width of the visible area, the fluidity of motion and
how quickly the device responds to changes in head position.

The most recognized brands in the HMD market include Oculus, HTC, Valve
and Pimax. Oculus has the Oculus Rift and Oculus Quest 2, which are easy
to use and accessible. HTC offers the Vive and Vive Pro, which stand out for
their large room tracking capabilities. Valve Index offers a high quality VR
experience with advanced controllers. Pimax provides ultra-high resolutions
and wide fields of view. (Sudiarno et al., 2024).

* VR Sensors

In order to accurately detect a user’s motions in virtual space, sensors such as
magnetometers, gyroscopes, accelerometers among others are essential com-
ponents of virtual reality (YiFei and Othman, 2024). VR sensors have latency,
range, and accuracy in tracking. For this, high precision sensors are required
for providing submillimeter motion tracking that is essential for applications
that demand great accuracy.

There are several brands that provides this type of sensors such as Valve, Ocu-
lus and Microsoft. Valve produces devices that use Lighthouse base stations
to track the position and orientation of the HMD and controllers. Oculus uses
sensors for its Rift and integrated cameras for inside-out tracking. Microsoft
uses cameras integrated into the tracking device for its Windows Mixed Real-

ity.
* VR gloves

VR gloves have evolved significantly to provide more immersive and natural
interaction in virtual environments. VR gloves replicate touch and object ma-
nipulation with great accuracy using a combination of motion sensors and hap-
tic actuators. Accurate tracking, minimal latency, and force and tactile feed-
back are important aspects. There are several brands such as HaptX Gloves,
Manus VR and SensoryX VR.

With the use of these gadgets, users are able to operate virtual things just like
they would in the real world by capturing hand and finger movements (Wong
and Lee, 2024).

¢ Graphic engine

A graphics engine is a software that offers a set of tools to create video games
and interactive applications in an easy and friendly way without the need
for programming knowledge. These tools allows the creation of graphics for
2D and 3D environments, simulate movements, manage audio and imple-
ment real-time interactions (Kamran-Pishhesari, Moniri-Morad, and Sattar-
vand, 2024; Sariman et al., 2024).
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The most commonly used graphics engines for virtual reality (VR) stand out
for their ability to offer immersive experiences and high visual fidelity. The
most widely used are Unity, Unreal Engine and CryEngine.






15

Chapter 3

Methodology

3.1 Problem Formulation

The absence of virtual reality systems that integrate machine learning algorithms
for diagnosing fine motor injuries and recommending personalized rehabilitation
protocols represents a significant gap in the field of health and rehabilitation. As
virtual reality technology has advanced and become more accessible, its potential to
revolutionize the assessment and treatment of injuries has increased substantially.
However, the application of this technology to the specific domain of fine motor
skills remains notably limited Bogar et al., 2024; Spiegel et al., 2024; Pillai et al., 2020.

This gap in technology presents several critical challenges. First, the continued
reliance on traditional, subjective assessment methods can lead to inaccurate or in-
complete diagnoses, which in turn may result in inappropriate rehabilitation proto-
cols Naqvi et al., 2024; Ekambaram and Ponnusamy, 2023; Jurado, Rodriguez Vargas,
and Penaloza, 2020. Second, it restricts healthcare providers’ ability to deliver indi-
vidualized care and optimize rehabilitation outcomes. Generic rehabilitation proto-
cols, which do not account for the specific needs of each patient, often lead to sub-
optimal recovery and functionality. Third, the lack of automated tools hinders the
prompt detection and timely intervention of fine motor impairments, potentially de-
laying treatment and adversely affecting patient prognosis and recovery. Lastly, the
absence of standardized, automated systems contributes to variability in diagnoses
and treatment plans across different practitioners, thereby impacting the consistency
and quality of medical care Naranjo et al., 2019.

In summary, the lack of virtual reality systems equipped with automated learn-
ing algorithms for fine motor assessment and rehabilitation poses a significant bar-
rier to enhancing the accuracy, efficiency, cost-effectiveness, and personalization of
medical care in this area.

3.2 Rehabilitation Context

Physical rehabilitation is a therapeutic process aimed at restoring function, mobility,
and quality of life for individuals who have experienced injuries, illnesses, or dis-
abilities impacting their musculoskeletal system. The primary goal of rehabilitation
is to help patients achieve the highest possible level of functionality, which may in-
volve improving muscle strength, flexibility, coordination, balance, and endurance,
depending on the specific condition. To accomplish this, therapists develop rehabil-
itation plans that may include a combination of active and passive exercises, along
with various therapeutic techniques.
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3.2.1 Active movement

Active movement is a therapeutic technique of physical rehabilitation in which the
patient performs movements on the affected part of his or her body, in the upper ex-
tremities as far as this work is concerned, voluntarily, independently and controlled
within his or her own body limits. For this purpose, therapists design specific reha-
bilitation treatments in which the patient can work unaided to prevent or alleviate
various conditions such as muscle atrophy and joint stiffness. (Saunders et al., 2015)

This type of exercise is essential for improving muscle strength, flexibility, co-
ordination and overall body function. Exercises can range from simple movements
to more complex routines that mimic daily activities or sports. The progression in
intensity and difficulty of the exercises is adjusted according to the patient’s ability
and progress. For these reasons, active movemente can be a very useful tool to main-
tain and improve the range of motion of the joints or by contracting and relaxing the
muscles, thereby stimulating blood circulation to the affected areas and improving
the recovery process.

In addition to the physical benefits that can be obtained from the application of
this type of movement, which have been detailed in previous paragraphs, active
movement has been shown to have a positive psychological effect on the patient.
Therefore, the fact that the patient is actively involved in the performance of the
exercises increases their motivation and therefore leads to better results.

3.2.2 Range of motion - ROM

Range of motion is the measure of a joint’s ability to move through its arc including
the extension and flexion of the joint that starts from rest position to where the mo-
tion stops without being harmfull. An adequate range of movement is essential to
perform daily activities without restrictions and without pain or with as little pain
as possible.

This measure is required for assessing the functionality and mobility of patients
who have suffered limb affections as well as the patient’s progress during rehabili-
tation. To obtain this measurement, therapists use tools that allow them to measure
joint angles such as goniometers, inclinometers, electrogoniometers, mobile appli-
cations and software, etc... Based on these measurements, therapists can design re-
habilitation programmes that include specific exercises that help improve flexibility
and mobility to address specific restrictions (Skirven et al., 2011).

There are active and passive ranges of motion, the former is the measurement
of joint angles in movements that can be performed by the patient without any as-
sistance and the latter is the measurement of those angles in movements performed
with external force such as that of a therapist or machine without patient interven-
tion.

3.2.3 Arthritis

Arthritis is inflammation of the joints, commonly affecting the hands, knees, hips
and spine. This inflammation is characterized by symptoms such as pain, swelling,
stiffness, redness and can lead to a decreased range of motion in the affected joints.
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In severe cases, arthritis can cause joint deformities and significantly affect function-
ality and movement. This can affect the patient’s quality of life by affecting their
ability to perform daily activities and work and can even affect patients psychologi-
cally by causing depression and anxiety (Acton, 2012).

The treatment of arthritis depends on the type and severity of the disease. The
treatments that can be applied are medications, physical therapies and in some cases
surgery. In the physiotherapy part of the work, regular exercise is essential to main-
tain joint mobility and strength.

There are several types of arthritis, the most common are the rheumatoid arthritis
and the osteoarthritis. Rheumatoid arthritis is a disease in which the body’s immune
system mistakenly attacks the lining of the joints causing inflammation and pain. On
the other hand, Osteoarthritis is a degenerative disease that occurs when the carti-
lage that cushions the ends of bones wears away over time.

In arthritis it is more difficult to set up focus groups for research because of the
diversity of its types and the variability of symptoms due to the immune-dependent
nature of the patient’s. This variability introduces greater complexity in the selection
and grouping of participants, follow-up and data analysis. In contrast, osteoarthritis
allows clearer selection of focus groups, facilitating research design and execution
due to its more predictable progression and more specific symptoms related to age-
ing. This makes osteoarthritis more suitable for focal studies in measurement and
analysis activities. This is the reason why in this work patients with osteoarthritis
are considered for this work.

Figure 3.1 shows a comparition of the two common types of arthritis. The Os-
teoarthritis example is on the left and the Rheumatoid Arthritis on the right.

Osteoarthritis Rheumatoid Arthritis

vy ™ A ‘f)

. )

FIGURE 3.1: Osteoarthritis and Rheumatoid Arthritis comparation
Rheumatoid Arthritis Vs Osteoarthritis - Prof Dr. Robert Hierner 2024

To determine the range of motion of the finger joints it is important to review the
relevant finger and hand bones, the main joints, which are the Proximal Interpha-
langeal Joint (PIP) and the Metacarpophalangeal Joint (MCP), as well as the main
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movements, which are Flexion and Extension (Skirven et al., 2011).

The Proximal Interphalangeal Joint (PIP): Is the intermediate joint between the
proximal and middle phalanges of the fingers. It is located in the middle of the fin-
gers except for the thumb, which does not have a PIP joint. This joint allows flexion
and extension of the finger.

The Metacarpophalangeal Joint (MCP): Is located at the base of the fingers,
where the metacarpal bones of the hand connect with the proximal phalanges of
the fingers. These joints allow a wide range of movements, including flexion, exten-
sion, abduction and adduction. The MCP joints are crucial to the functionality of the
hand and the ability to perform complex and coordinated movements.

Figure 3.2b shows PIP and MCP hand joints.

Distal
phlsalanx\

Middle
phalanx
Proximal

B i . . GPIP

' Metacarpal \

(A) Finger bones (B) PIP joint and MCP joint

FIGURE 3.2: Proximal Interphalangeal Joint and Metacarpopha-
langeal Joint

Flexion: Is the movement that decreases the angle between two fingers by bend-
ing the finger towards the palm of the hand. This movement is used to grasp and
hold objects.

Extension: Is the movement that increases the angle between two fingers by
straightening the finger away from the palm. This movement is used to release ob-
jects and restore the normal position of the hand.

Figure 3.3 shows hand flexion and extension movements.

Osteoarthritis can be classified according to the severity of the condition and the
functional limitation of the joints into 5 grades. This can be done by measuring the
angles of the joints during finger movements and stablishing ranges of motion for
each grade (Skirven et al., 2011). The five grades are described below:
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(B) Hand fingers extension.

FIGURE 3.3: Hand fingers flexion and extension

* Grade 0 - Normal Range of Motion: Joint angles during movement are within
the normal range expected for healthy individuals.

¢ Grade 1 - Mild Limitation of Motion: There is a slight reduction in angles of
movement compared to normal values.

¢ Grade 2 - Moderate Limitation of Motion: Moderate reduction in angles of

motion. The fingers may not reach full extension or full flexion.

* Grade 3 - Severe Limitation of Motion: Significant reduction in angles of
movement. Extension and flexion movements are severely restricted.

* Grade 4 - Inability to Move the Joint: Almost total absence of movement in
one or more finger joints. Angles of movement are extremely limited or non-

existent

A classification scheme according to ROM is presented in table 3.1:

PIP Extension | PIP Flexion | MCP Extension | MCP Flexion
Class

degrees degrees degrees degrees
Grade O | 0-5 90-110 0-20 85-100
Grade1 | 5-15 75-90 20-30 70-85
Grade2 | 15-30 50-75 30-45 50-70
Grade 3 | 30-45 30-50 45-60 30-50
Grade 4 | >45 <30 >60 <30

TABLE 3.1: Classification of Osteoarthritis based on finger joint ROM

3.2.4 Osteoarthritis rehabilitation plan

According to the classification of osteoarthritis based on fingers joint ROM, hand
osteoarthritis can be classified into 5 different grades, from grade 0, where mobility
is normal, to grade 4, characterised by the inability to move the finger joints. Each
grade of osteoarthritis requires a specific focus on physical rehabilitation exercises to
maintain and improve mobility, reduce pain and stiffness, and improve the patient’s
quality of life (Saunders et al., 2015). Table, build with an rehabilitation expert, pro-
vides detailed guidance on the objectives, types of exercises, number of repetitions
or duration and recommended frequency for each degree of hand osteoarthritis, thus
ensuring appropriate and personalised rehabilitation.
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Osteoarthritis grade 0

Table 3.2 shows the rehabilitation plan for patients diagnosed with osteoarthritis

grade 0.
Osteoarthritis grade Grade 0
Objective Prevention and maintenance of joint health
Mobility and - Fist opening fa\nd closing -10-15 t%mes ‘
flexibility exercises | - Hamstring slide - 10-15 times per finger
- Thumb stretch - 10-15 times
Strengthening - ngeezmg a f(?am ball -10-15 t%mes ‘
exercises - Gripper exercise - 10-15 times per finger
- Finger push-ups - 10-15 times per finger
. - Finger Stretch - 15-30 sec, 3 times per finger
es)t;it;l;;g - Wrist Stretch - 15-30 sec, 3 times
- Thumb Stretch - 15-30 sec, 3 times

Coordination and
precision exercises

- Thumb opposition exercise
- Join and separate fingers
- Marble exercise

- 10-15 times per finger
- 10-15 times
- 10-15 marbles

TABLE 3.2: Osteoarthritis grade 0 rehabilitation plan

Osteoarthritis grade 1

Table 3.3 shows the rehabilitation plan for patients diagnosed with osteoarthritis

grade 1.
Osteoarthritis grade Grade 1
Objective Maintain flexibility, strength and function
Mobility and - FISF opening and ClOSlng -10-15 t?mes '
flexibility exercises | - Wrist flexion and extension | - 10-15 times per finger
ty - Thumb stretching ~10-15 times
Strengthening - Sql.leezmg a f(?am ball -10-15 t?mes '
exercises - Gripper exercise - 10-15 times per finger
- Finger push-ups - 10-15 times per finger
. - Finger Stretch - 15-30 sec, 3 times per finger
Stretchis - Wrist Stretch - 15-30 sec, 3 times
- Thumb Stretch - 15-30 sec, 3 times

Coordination and
precision exercises

- Thumb opposition exercise
- Join and separate fingers
- Marble exercise

- 10-15 times per finger
- 10-15 times
- 10-15 marbles

Pain
management

- Thermotherapy
- Cryotherapy

- 10-15 minutes
- 10-15 minutes

TABLE 3.3: Osteoarthritis grade 1 rehabilitation plan

Osteoarthritis grade 2

Table 3.4 shows the rehabilitation plan for patients diagnosed with osteoarthritis

grade 2.
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Osteoarthritis grade Grade 2
Objective Improving flexibility, strength and function
Mobility and - Fist opening and closing -10-15 t}mes '
flexibilitv exercises | - Tendon slippage - 10-15 times per finger
y - Thumb slippage - 10-15 times

Strengthening - ngeezmg a f(?am ball -10-15 t%mes '
exercises - Gripper exercise - 10-15 times per finger

- Finger push-ups - 10-15 times per finger

. - Finger Stretch - 15-30 sec, 3 times per finger

Stretchis - Wist Stretch - 15-30 sec, 3 times
exercises - Thumb Stretch - 15-30 sec, 3 times

Coordination and
precision exercises

- Thumb opposition exercise
- Join and separate fingers
- Marble exercise

- 10-15 times per finger
- 10-15 times
- 10-15 marbles

Pain
management

- Thermotherapy
- Cryotherapy

- 10-15 minutes
- 10-15 minutes

TABLE 3.4: Osteoarthritis grade 2 rehabilitation plan

Osteoarthritis grade 3

Table 3.5 shows the rehabilitation plan for patients diagnosed with osteoarthritis

grade 3.
Osteoarthritis grade Grade 3
Objective Reduce pain and stiffness
Mobility and - Passive finger mobilisations - 5-10 times per finger

flexibility exercises

- Passive wrist rotations

- 10 rotations each direction

Strengthening

- Squeezing a foam ball

- 10-15 times

- Deep breathing exercises

exercices - Towel clip - 5-10 times per finger
- Isometric handstand push-ups | - 5-10 seg 5 times
Stretchig - Whole hand stretching - 15-30 sec, 3 times
exercises - Thumb Stretch - 15-30 sec, 3 times
. - Thermotherapy - 10-15 minutes
Pain .
- Cryotherapy - 10-15 minutes
management

- 5-10 minutes

TABLE 3.5: Osteoarthritis grade 3 rehabilitation plan

Osteoarthritis grade 4

Table 3.6 shows the rehabilitation plan for patients diagnosed with osteoarthritis

grade 4.

3.3 Proposed system description

3.3.1 System technologies

The technologies used in the proposed system are detailed below:




22 Chapter 3. Methodology

Osteoarthritis grade Grade 4
Objective Reducing pain and improving quality of life
Mobility and - Passive finger mobilisations - 5-10 times per finger
flexibility exercises | - Passive wrist rotations - 10 rotations each direction
Strengthening - Squeezir}g a foam ball -10-15 .times .
exercices - Towel clip - 5-10 times per finger
- Isometric handstand push-ups | - 5-10 seg 5 times
Stretchig - Whole hand stretching - 15-30 sec, 3 times
exercises - Thumb Stretch - 15-30 sec, 3 times
. - Thermotherapy - 10-15 minutes
Pain .
management - Cryotherapy ' -10-15 rrpnutes
- Deep breathing exercises - 5-10 minutes
Adaptation and - Assistive devices - Daily activities
Compensation - Compensation techniques - Daily activities

TABLE 3.6: Osteoarthritis grade 4 rehabilitation plan

Unity 3D

Unity 3D is a software development platform that came out to create video games
but evolved to create real-time immersive and interactive applications, virtual re-
ality (VR) and augmented reality (AR) experiences. Unity 3D allows to render 2D
and 3D graphics, to create physics for simulating realistic behaviour of objects and
characters, it supports audio resources and has a wide range of resources and assets
available. It is used in several applications that include games, industry and research
for a variety of platforms, including PCs, game consoles, mobile devices, and virtual
and augmented reality devices (Unity, 2024a).

For this, Unity has a wide compatibility with VR devices that includes devices
such as headsets, hand controllers, haptic gloves, tracking devices among others.
Furthermore it provides an integrated development environment (IDE) that includes
versatile and robust tools for design, programming, animation, physics, audio and
more. Developers can create games and applications using the C# or JavaScript
programming language, as well as an intuitive graphical user interface for creating
scenes and setting properties.

HTC vive

The HTC Vive is a virtual reality headset that delivers an immersive experience to
users. It is equipped with two high resolution OLED displays that lets it to deliver
detailed images and a 110-degree field of view that provides a wide and peripheral
view that contributes to the feeling of total immersion in a virtual world. Figure 3.4
shows HTC Vive headset, controllers and base stations.

The HTC Vive includes features like the advanced motion tracking system, the
intuitive motion controllers, a variety of sensors, the integrated audio and the com-
fortable and ergonomic design that lets it to deliver an outstanding virtual reality ex-
perience. The advanced motion tracking system consists in two base stations located
in the corners of a room that can accurately track the user’s position and movement
in a space of up to 4.5 by 4.5 metres. The intuitive motion controllers and the variety
of sensors provides a wide range of interaction options. These features combined
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FIGURE 3.4: HTC Vive

with the integrated audio and the comfortable and the ergonomic design make it
possible to allows users to move freely within the virtual world, creating a fully im-
mersive and unrestricted virtual reality experience (Vive, 2024).

Due to the features previously described, the HTC Vive headset has become one
of the most popular VR headsets in the industry. Furthermore, it provides robust
and easy to use tools for the integration with Unity 3D that allows developers to cre-
ate immersive VR experiences. With Unity, developers can easily create interactive
experiences in several fields and allows users to immerse themselves in immersive
virtual worlds and engage in interactive experiences.

Leap motion

Leap motion is a motion tracking device that detects the position of the arms, wrist,
hand and fingers. This device emits infrared light and uses cameras and sensors to
capture the reflection of this light on the arms, hands, wrist and fingers (Ultraleap,
2024). Figure 3.5 shows Leap Motion Controller device.

FIGURE 3.5: Leap Motion

The Leap Motion hardware connects to a computer via a USB port and through
the drivers the captured information can be processed in real time using advanced
algorithms that translate physical movements into accurate digital data. The device
also has an API and SDK that allow access to the captured information, the skele-
ton model and the positions of the individual bones. It also offers functionalities
to execute complex queries and operations with the information, such as obtaining
rotations, angles and force, among others (Bachmann, Weichert, and Rinkenauer,
2018).

This real-time tracking capability makes Leap Motion ideal for virtual reality
(VR) applications. By integrating the device with VR headsets, users can see and
use their own hands within virtual environments, eliminating the need for physi-
cal controllers. This enhances user immersion and opens up new possibilities for
interaction and manipulation of virtual objects.
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Haptic glove

A haptic glove is a human-computer interface device that has sensors and actuators
to simulate tactile sensation and provide haptic feedback in virtual or digital envi-
ronments. This allow users to feel textures, resistances and forces just as if they were
interacting with real physical objects (Perret and Vander Poorten, 2018).

The most simple haptic glove or the traditional one is the one who at least re-
ceives one signal from the vr interface and provides feedback in any way.

In this case, the haptic glove has five actuators (one vibration motor per each
tfinger) which are activated once the patients hand position is set in order to get
fingers data.

3.3.2 Proposed VR system

Once technologies to be used in the system have been selected, the proposed system,
denominated AI HandRehab, was defined as shown in figure 3.6.
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FIGURE 3.6: Al HandRehab system diagram

Al HandRehab combines hardware and software to create an automatic tool for
diagnosis and rehabilitation plan for fine motor skills based on Virtual Reality (VR)
through an immersive virtual environment and Artificial Intelligence through the
use of Machine Learning (ML) algorithms.

For this, Leap Motion Controller is connected to the computer to capture data
from the user’s fingers. These device sensors record the position and movement
of the fingers, allowing the system to accurately track the movements of the user’s
hands and fingers. Data captured by Leap Motion Controller is transmitted to the
computer to the Unity programm. To complete the hand interaction with the sys-
tem, the hapic gloves were connected to the computer to provide feedback from the
system to the users to provide a more immersive experience.

HTC Vive headsets are used to provide the virtual reality experience to the user.
These headsets are equipped with motion tracking sensors and provide an immer-
sive user experience by allowing the user to explore and interact with 3D virtual
environments. The virtual environment created with unity is transferred to the HTC
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Vive headset to be displayed to the user.

Unity runs on a Windows-based computer and is used to design and develop
the virtual rehabilitation environment. There data is processed by a Unity 3D script
written in the C# programming language. This script acts as a bridge between the
haptic gloves and the virtual environment created in Unity.

The integration of the Leap Motion Controller, haptic gloves, HTC Vive headsets
and Unity enables the creation of a highly interactive and personalised virtual reha-
bilitation environment. Data captured by the haptic gloves is used to replicate the
user’s hand and finger movements within the virtual environment, enabling specific
diagnosis and rehabilitation activities tailored to the patient’s needs.

In summary, the design of this system leverages the combination of haptic hard-
ware, sensors, virtual reality technology, machine learning algorithms and software
development to create an immersive and effective rehabilitation environment for
fine motor diagnosis an rehabilitation plan recomendation.

3.3.3 Joint angles calculation

To calculate PIP and MCP join angles the dot product formula is used between two
vectors, that in this case are representing the directions of individual finger segments
(Pujol, 2018). The dot product formula is presented in formula 3.1
u-v = |ul|v|cos(0) (3.1)
The angle 6 between the two vectors can be calculated using formula 3.2:
u-v
6 = cos™ ! <> (3.2)
|uf|v]
Where u - v is the product of vectors u and v and it is calculated with formula
3.3:
UV = UyOy + Uy0y + U0, (3.3)

and |u||v| is the product of the vectors magnitudes’ that are calculated with for-

mulae 3.4 and 3.5:
lu| = \/uf + uf + u? (34)
v] = /0% + )+ 02 (3.5)

For calculating the PIP angle the directions of the proximal bone and the middle
bone were used. So that, in this case u is the proximal bone and v is the middle bone.

U = Uy, Uy, Uy

vV = Ux, vy, vz

For calculating the MCP angle the directions of the metacarpal bone and the
proximal bone were used. So that, in this case u is the metacarpal bone and v is the
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proximal bone.

Unity engine has functions to work with 3D vectors and points such as Vec-
tor3.Angle. This function calculates the angle in degrees between two provided
vectors, being the first one the from vector and the second one the to vector (Unity,
2024b). The function uses the calculations presented above.
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Chapter 4

Experiment and Results

This section describes the procedures executed to gather data and to evaluate Ma-
chine Learning models to select the one with better performance metrics to be used
in the experiment.

4.1 Hand series of hand movements

The flexion and extension movements of the fingers of the hand allow, by analysing
the positions of the joints, the calculation of the proximal interphalangeal (PIP) and
metacarpophalangeal (MCP) angles.

In order to capture this data, a series of specific hand movements were designed
with the support of experts to obtain the PIP and MCP joint angles. These move-
ments include both flexion and extension of the fingers, as well as considering the
orientation of the palm of the hand to differentiate the movements so that data cap-
ture performed by sensors is more automated and accurate. The series of movements
is as follows:

¢ 1. Hand palm up and fingers extended.
* 1. Hand palm down and fingers flexed.

4.1a and 4.1b shows the movements that were included in the designed series of
movements.

(A) Hand with extended fingers (B) Hand with flexed fingers

FIGURE 4.1: Series of hand movements
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4.2 System Description

The virtual reality system developed includes four interfaces or scenarios, all de-
signed in an environment equipped for physical exercise. An information panel has
been incorporated into this environment for user interaction and feedback.

4.2.1 Initial scene

The first interface corresponds to the initial scene of the system. The central panel
displays an image of hands and the name of the system. It also presents two but-
tons: the "Empezar” button to enter the system and the "Salir" button to close the
application. Figure 4.2 shows the initial scene.

FIGURE 4.2: Initial scene

4.2.2 Menu scene

The menu scene is the second interface. This screen contains all available options of
the system. The central panel shows the name of the system and three buttons:

¢ "Captura de datos': leads to the data capture scene to form the dataset.

¢ "Diagnéstico": leads to the data capture scene for new patients and outputs
the corresponding diagnosis.

¢ "Regresar": returns to the initial scene.

Figure 4.3 shows the menu scene.

4.2.3 Data capture scene

The data capture scene presents in its central panel a description of the series of
movements required for data capture, including numbered steps and a descriptive
image. Figure 4.4 shows the data capture scene.

This interface is connected to the Leap Motion sensors, allowing 3D visualisation
of the patient’s hands and capture of joint positions.
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FIGURE 4.4: Data capture scene

Once the patient completes the series of movements correctly, he or she receives
feedback via the haptic gloves and an on-screen message, and the data is stored in
the dataset file. There is also a "Back" button that returns to the menu scene.

4.2.4 Diagnosis scene

The diagnostic scene, similar to the data capture scene, includes a detailed descrip-
tion of the movements to be performed, with numbered steps and a descriptive im-
age in the central panel. This screen is also connected to the Leap Motion sensors for
3D visualisation and capture of the hand joint positions.

Once the movements are correctly completed, the patient receives feedback via
the haptic gloves and the selected Machine Learning model is applied to the cap-
tured data. The grade of osteoarthritis determined by the ML model is presented to
the patient on the dashboard along with the percentage accuracy of the diagnosis.
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This scene also includes a "Back" button to return to the menu. Figure 4.5 shows the
diagnosis scene.

FIGURE 4.5: Diagnosis scene

The virtual reality system developed includes four interfaces or scenarios, all de-
signed in an environment equipped for physical exercise. An information panel has
been incorporated into this environment for user interaction and feedback.

Rehab assistants or authorized people has access to all scenes in the system but
pacients can only access to the initial and the diagnosis scenes. The reason for these
limitations in the system is due to the sensitivity of the information in the data cap-
ture, which must be carried out in a controlled manner by an expert.

4.3 Data collection

Data collection interface guides the patient in the execution of specific movements,
ensuring consistency and accuracy in the performance of each task. The series of
movements was carefully designed by rehabilitation experts, who considered the
capabilities and limitations of the motion sensors and capture devices used in the
system. These movements were selected to maximise the collection of relevant data
and minimise the risk of error.

The study involved the voluntary participation of 402 people, including patients
and those attending the activities of the municipal public centre for older adults in
the city of Ambato in Ecuador. Each potential participant was given a detailed ex-
planation of the purpose of the study and the procedure to be followed. They were
informed that they would be asked to perform a series of controlled movements of
flexion and extension of the fingers, which would be guided through a virtual real-
ity system. It was ensured that all participants understood that their participation
was voluntary and it was explained to them that the data collected would be used to
develop artificial intelligence models aimed at identifying the grade of osteoarthritis
in patients, thus contributing to the advancement of diagnosis and treatment of this
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condition.

The collection was carried out with the participation of volunteers, who under-
went the designed series of movements. Each participant positioned their hand with
fingers extended and palm up, and then changed the position to one with fingers
flexed and palm down. Throughout the process, clear and precise instructions were
provided through informative messages on the VR system’s screens. It was empha-
sised to the participants that they should perform the flexion and extension move-
ments to the limit of their ability, i.e. flex or extend their fingers as far as possible.

Once the patient completes the series of movements, a rehabilitation expert as-
sesses the performance and determines the grade of osteoarthritis present. This as-
sessment is based on established clinical criteria and direct observation of the pa-
tient’s movement. Subsequently, a detailed record is stored in the dataset file, which
contains data on the movements performed and the grade of osteoarthritis diag-
nosed. This process ensures the integrity and usefulness of the collected dataset.

4.3.1 Dataset
The head of the dataset is presented in figure 4.6:

HandType ThumbPIPFlexion ThumbMCPFlexion IndexPIPFlexion ... RingMCPExtension PinkiePIPExtension PinkieMCPExtension ExpertDiagnosis
Right 19,4546 29,47664 79,08056 13,48658 25,72078 18,96495 2
Right 22,82422 52,21658 74,03168 9,550675 29,50572 21,56422

Right 21,716683 48,54413 66,07719 ... 3,024074 16,09164 20,59326
Right 18,64435 36,64872 80,15741 ... 3,820852 22,19725 11,15367

2
Right 17,88132 33,73827 88,09374 . 12,73729 23,62979 29,06553 1
3|
1]

FIGURE 4.6: General overview of the dataset.

Dataset has 22 columns, 20 of them are numerical and the other 2 are text. All of
the numerical values are continuous. Table 4.1, shows a detailed description of the
dataset.

There are 2 text columns so the dataset has to be preprocessed. The values of the
text columns were transformed into categorical values and there were not missing
or additional values that had to be converted. Once data was transformed general
descriptive statistics of the dataset was obtained to identify if normalization is re-
quired.

Data was normalized with Z-Score normalization since values range is not wide.
It means, it was standarized so data was scaled to have a mean of 0 and a standard
deviation of 1. This scales data without distorting differences in the ranges of values,
which is adequate for some classification such as Supporting Vector Machine (SVM)
for distances operations.

Dataset head after the preprocessing and normalization is presented in figure 4.7

HandType ThumbPIPFlexion ThumbMCPFlexion ... PinkiePIPExtension PinkieMCPExtension ExpertDiagnosis
4] ©.483854 -0.857350 ... e 5 0.154078 2
1.568510 2.058450 ... ©.698841 0.556931

9.152163 -0.310908 ... -0.144187 1.719538
1.244761 1.587555 ... -1.224670 0.406445
9.369568 0.062281 ... -0.349521 -1.856571

FIGURE 4.7: Dataset after preprocessing.
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# | Column Data type | Description
1 | HandType Text Hand type.
2 | ThumbPIPFlexion Continuous| Thumb PIP joint flexion angle.
3 | ThumbMCPFlexion | Continuous| Thumb MCP joint flexion angle.
4 | IndexPIPFlexion Continuous| Index PIP joint flexion angle.
5 | IndexMCPFlexion Continuous| Index MCP joint flexion angle.
6 | MiddlePIPFlexion Continuous| Middle PIP joint flexion angle.
7 | MiddleMCPFlexion | Continuous| Middle MCP joint flexion angle.
8 | RingPIPFlexion Continuous| Ring PIP joint flexion angle.
9 | RingMCPFlexion Continuous| Ring MCP joint flexion angle.
10| PinkyPIPFlex Continuous| Pinky PIP joint flexion angle.
11| PinkyMCPFlexion Continuous| Pinky MCP joint flexion angle.
12| ThumbPIPExtension | Continuous| Thumb PIP joint extension angle.
13| ThumbMCPExtension| Continuous| Thumb MCP joint extension angle.
14| IndexPIPExtension Continuous| Index PIP joint extension angle.
15| IndexMCPExtension | Continuous Index MCP joint extension angle.
16| MiddlePIPExtension | Continuous| Middle PIP joint extension angle.
17| MiddleMCPExtension| Continuous Middle MCP joint extension angle.
18| RingPIPExtension Continuous| Ring PIP joint extension angle.
19| RingMCPExtension | Continuous| Ring MCP joint extension angle.
20| PinkyPIPExtension Continuous| Pinky PIP joint extension angle.
21| PinkyMCPExtension | Continuous| Pinky MCP joint extension angle.
22| ExpertDiagnosis Toxt I?‘:;[foaﬁhritis grade determined by an ex-

TABLE 4.1: Osteoarthritis dataset

For visualization purposes Principal Component Analisys (PCA) was applied to
the dataset to reduce the dataset dimensions while ranking them by importance.
Figure 4.8 shows on the left side the two principal components of PCA highlighting
each class, in this work each class represents each one of the 5 grades of Osteoarthri-
tis. The right side shows the cumulative explained variance which indicates the
amount of information each principal component captures cumulatively from the
dataset. In this case, the accumulated variance shows that the three first compo-
nents there cover more that the 60% of the information and that there is not a big
difference between the rest of components.

PCA - Two Principal Components

Cumulative Explained Variance

nt 2

Principal Compone

® Class- Level 0
Class - Level 1
Class - Level 2
Class - Level 3

® Class-Level 4

Explained Variance
o o =
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o
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o
N
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-4 -2 [

Principal Component 1

12 3 456 7 8 91011121314 151617 18 19 20 21
Principal Component

FIGURE 4.8: Visualization and variances of the dataset PCA.
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The contribution of each feature detailed in table 4.1 to the principal compo-
nents in PCA is obtained through the PCA loadings that are coefficients that leds
to understand relationships between features and the components in a positive or
negative way. Figure 4.9 shows the PCA loadings which indicates that PC1 is dom-
inated by negative contributions from almost all features but significant positive
contributed by ThumbMCPFlexion while for PC2 has negative contributions from
ThumbPIPExtension, IndexPIPExtension, MiddlePIPExtension, RingPIPExtension,
and PinkiePIPExtension and notable positive contributions come from ThumbM-
CPExtension, MiddleMCPExtension, and RingMCPExtension.

So that PC1 is mainly influenced by finger flexion characteristics with only one
notable positive contribution from ThumbMCPFlexion and PC2 is influenced by
both finger extension characteristics with negative contributions and some exten-
sion characteristics with positive contributions.

Feature contribution to principal components

HandType - 0 0 0
ThumbPIPFlexion - -0.12 -0.063 -0.22
ThumbMCPFlexion -0.027 0.0068
IndexPIPFlexion - -0.34 -0.024 -0.02
IndexMCPFlexion - -0.33 -0.0019 -0.028 [ 02
MiddlePIPFlexion - 0.34 -0.01 0.016
MiddleMCPFlexion - -0.34 -0.0003 0.073
RingPIPFlexion - 0.33 0.00022 0.027
RingMCPFlexion -0.34 0.0019 0.078 -0.0
" PinkiePIPFlexion - -0.34 -0.0055 0.03
% PinkieMCPFlexion - -0.34 -0.0075 -0.0079
@ ThumbPIPEXtension - 0.035 -0.25
ThumbMCPExtension - 0.014 | o
IndexPIPExtension - 0.016 0.2
IndexMCPExtension - -0.032 0.039
MiddlePIPExtension - -0.0058 -0.45 0.074
MiddleMCPExtension - 0.0048 0.35 0.1
RingPIPExtension - -0.0027 0.44 0.11 04
RingMCPExtension - -0.036 0.15 -0.24
PinkiePIPExtension - 0.012
PinkieMCPExtension - -0.037 0.14 “
PC‘l P(‘:Z PC3

Principal components

FIGURE 4.9: Dataset after preprocessing.

The original dataset consists of 402 symbols from which the classification into 5
classes is derived based on the data of the finger joint angles which are disaggregated
into 21 columns. However, for the process of constructing and evaluating the models
it is important to work with several generalised or fixed data sets. For this purpose,
a proper separation of the original dataset into training, validation and test datasets
has to be performed.

Initially, a stratified division of the dataset into two parts was made: a training
set consisting of 80% of the data, and a test set consisting of the remaining 20%. This
division was done in a stratified way in order to make the distribution of classes
in both sets representative of the distribution of the original dataset and to avoid
biases. Subsequently, the training set was subdivided into a dataset intended exclu-
sively for model validation consisting of 20% of the training data. This separation
was also done in a stratified manner.

These datasets were stored and subsequently used in the evaluation of each of
the models considered in this work.
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Table 4.2 presents a breakdown by class of the records found in each of the 3
subsets.

Class Training Validation Test
0 11 3 3
1 92 23 29
2 65 16 21
3 87 22 27
4 1 1 1

Total 256 65 81

TABLE 4.2: Training, validation and testing datasets detail

4.4 Machine learning algorithms evaluation

Now that dataset was preprocessed it is ready to be used in Machine Learning algo-
rithms. As it can be seen in table 4.1, the last column of the dataset is the Osteoarthri-
tis grade determined by an expert, so that supervised algorithms will be applied to
the dataset.

In order select the optimal model for this scenario, based on performance metrics,
Multiple Linear Regresion (MLR), Supported Vector Machine (SVM), Random Forest
(RF), K-Nearest Neighbors (KNN) and Artificial Neural Networks (ANN) Machine
Learning algorithms were implemented in python and then trained and evaluated.

Multiple Linear Regresion (MLR)

The model was executed with the training dataset. An additional step was applied
for discretising to integers because the model predict continuos values instead of
discrete values for classification. The performance metrics presented in table 4.3
were obtained with the test dataset:

Metric Value

Accuracy 70.37%

Mean Cross-Validation Score 71.60%
Mean Squared Separable Error 0.37

TABLE 4.3: Multiple Linear Regresion metrics

The accuracy of the validation dataset was obtained to corroborate the accuracy
of the test dataset in order to assess the model’s ability to generalise to data not seen
during training. When comparing the validation accuracy of 73.85% with the test
accuracy of 70.37%, a difference of 3.48% was observed with is relatively small indi-
cating that the model can generalise adequately to new data.

The confusion matrix in figure 4.10a shows in the diagonal squares the amount of
True Positives while the values in the rest of squares shows the Fake Negatives (FN)
and Fake Positives (FP). As can be seen there are 24 FN an FP and 57 TP which shows
that most values where correctly predicted by Multiple Linear Regresion Model.
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The plot of predictions in figure 4.10b shows a comparition between Real and
predicted values. and the MLR decision boundary of the main principal component.

R Multiple Linear Regression (MLR)
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(A) MLR confusion matrix. (B) MLR predictions

FIGURE 4.10: Multiple Linear Regression

Support Vector Machine (SVM)

The model was excuted for the parameters detailed in table 4.4.

Parameter Values

Kernel linear, poly, rbf, sigmoid, precomputed
Constant 1-15

Degree 1-5

TABLE 4.4: SVM parameters

From them, the parameters with the best performace were linear kernel and 2 for
the constant. The performance metrics detailed in table 4.5 were obtained with the
test dataset.

Metric Value

Accuracy 85.19%

Mean Cross-Validation Score 88.30%
Mean Squared Separable Error 0.33

TABLE 4.5: Supporting Vector Machine

The accuracy of the validation dataset was obtained to corroborate the accuracy
of the test dataset in order to assess the model’s ability to generalise to data not seen
during training. When comparing the validation accuracy of 87.69% with the test
accuracy of 85.19%, a difference of 2.5% was observed with is relatively small indi-
cating that the model can generalise adequately to new data.

The confusion matrix in figure 4.11a shows in the diagonal squares the amount
of True Positives while the values in the rest of squares shows the Fake Negatives
(FN) and Fake Positives (FP). As can be seen there are 12 FN an FP and 69 TP which
shows that most values where correctly predicted by Supporting Vector Machine.

The plot of predictions in figure 4.11b shows a comparition between Real and
predicted values.
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(A) SVM confusion matrix. (B) SVM predictions

FIGURE 4.11: Supporting Vector Machine

K-Nearest Neighbors (KNN)

The model was excuted for 1 to 20 as the number of neighbors. From them, the best
performace results were obtained with 5 neighbors with the test dataset as detailed
in table 4.6.

Metric Value

Accuracy 79.01%

Mean Cross-Validation Score 72.69%
Mean Squared Separable Error 0.31

TABLE 4.6: K-Nearest Neighbors

The accuracy of the validation dataset was obtained to corroborate the accuracy
of the test dataset in order to assess the model’s ability to generalise to data not seen
during training. When comparing the validation accuracy of 80.00% with the test
accuracy of 79.01%, a difference of 0.99% was observed with is relatively small indi-
cating that the model can generalise adequately to new data.

The confusion matrix in figure 4.12a shows in the diagonal squares the amount
of True Positives while the values in the rest of squares shows the Fake Negatives
(FN) and Fake Positives (FP). As can be seen there are 17 FN an FP’ and 64 TP which
shows that most values where correctly predicted by Random Forest Model.

Figure 4.12b shows the KNN decision boundary for k=5 of the two principal
components with a comparison betwen real and predicted values.

Random Forest (RF)

The model was excuted for 1 to 50 as the number of trees in the forest. From them,
the best performace results were obtained with 34 trees with the test dataset as de-
tailed in table 4.7.

The accuracy of the validation dataset was obtained to corroborate the accuracy
of the test dataset in order to assess the model’s ability to generalise to data not seen
during training. When comparing the validation accuracy of 96.92% with the test ac-
curacy of 92.59%, a difference of 4.33% was observed which is moderated indicating
that the model can generalise adequately to new data and not significant enough to
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KNN decision boundary (k=5)
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(A) KNN confusion matrix. (B) KNN predictions

FIGURE 4.12: K-Nearest Neighbors

Metric Value

Accuracy 92.59%

Mean Cross-Validation Score 95.31%
Mean Squared Separable Error 0.26

TABLE 4.7: Random forest

indicate an overadjustment.

The confusion matrix in figure 4.13a shows in the diagonal squares the amount
of True Positives while the values in the rest of squares shows the Fake Negatives
(FN) and Fake Positives (FP). As can be seen there are 6 FN an FP and 75 TP which
shows that most values where correctly predicted by Random Forest Model.

The plot of predictions in figure 4.13b shows a comparition between Real and
predicted values.
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(A) RF confusion matrix. (B) RF predictions

FIGURE 4.13: Random forest
Figure 4.14 shows the Random Forest for the the dataset.

Artificial Neural Networks (ANN)

5 different ANN with different complexity were defined whose layer diagrams are
presented in 4.15, 4.16, 4.17, 4.18 and 4.19.
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MiddlePIPFlexion <-0.127
gini = 0.69
samples = 164
value = [14, 85, 62, 95, 0]
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FIGURE 4.14: Random forest tree.

For the creation of these ANN models, several numbers of hidden layers with dif-
ferent numbers of neurons were considered, as well as the use of different techniques
between the layers, such as Dropout to avoid overfitting, dimensionality reduction
maintaining features and avoiding redundancy by Pooling, Flattening after dimen-
sionality reduction to prepare the data as input for the following layers and Batch
Normalisation for stabilisation and acceleration of the training. In the same way,
Dense layers where all neurons are connected were used to capture global relation-
ships and Conv1D layers were used to extract linear features and identify patterns.

Each model was excuted with automatic learning rate (LR) and momentum (m)
for the parameters detailed in table 4.8 in each ANN.
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Parameter Values
Epochs 1-200
Optimizer Adam
Learning rate Automatic
Momentum Automatic
Metric Accuracy
Loss function sparse_categorical_crossentropy
Activation function ReLU
Output activation function Softmax

TABLE 4.8: ANN parameters

Input Hidden Hidden  Output
Layer Layer 1 Layer 2 Layer

Input #1 — 1
Input#2 — 2

Input #21 — 21

FIGURE 4.15: ANN Model 1

Adaptive Moment Estimation (Adam) optimizer was used as compiler due to its
effectiveness and computational efficiency and because it adjusts learning rates and
momentum for each parameter which results in fast adjustment and convergence.
The accuracy is a metric that indicates how well the model is performing. The loss
funtion sparse_categorical_crossentropy is used because the dataset has a multiclass
objective feature with integer labels. There were used ReLu and Softmax activation
function, the first one for hidden layers and the last one for the output layer due to
the type of data. ReLU is used in hidden layers with continuous values and Softmax
for the multiclass output layer.

In table 4.9 labels used in hidden layers of the ANN layer diagramas are ex-
plained.

Parameter Values
D Dropout
P Pooling
F Flatten
BN Batch Normalization

TABLE 4.9: ANN layer diagram label description

The best performace results were obtained with Model 3 with 110 epochs and are
detailed in table 4.10 with the test dataset.
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FIGURE 4.16: ANN Model 2

Input ConvlD DenseConv1D Dense Output
Layer Layer 1 Layer TLayer 2 Layer 2 Layer

ZE& e

D
\‘ ®

FIGURE 4.17: ANN Model 3
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FIGURE 4.18: ANN Model 4
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Input Hidden Hidden Hidden Hidden Hidden  Output
Layer Layer 1 Layer 2 Layer 3 Layer 4 Layer 5 Layer
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FIGURE 4.19: ANN Model 5

Metric Value
Accuracy 88.89%
Mean Cross-Validation Score 96.90%
Mean Squared Separable Error 0.28
Leanrning rate 0.001
Momentum 0.9

TABLE 4.10: ANN Metrics

The accuracy of the validation dataset was obtained to corroborate the accuracy
of the test dataset in order to assess the model’s ability to generalise to data not seen
during training. When comparing the validation accuracy of 87.35% with the test
accuracy of 88.89%, a difference of 1.54% was observed which is relatively small in-
dicating that the model can generalise adequately to new data.

The confusion matrix in figure 4.20a shows in the diagonal squares the amount
of True Positives while the values in the rest of squares shows the Fake Negatives
(FN) and Fake Positives (FP). As can be seen there are 9 FN an FP and 72 TP which
shows that most values where correctly predicted by Random Forest Model. The
plot of predictions in figure 4.20b shows a comparition between real and predicted
values.

Confusion Matrix
Class0 Class1 Class2 Class3 Class4

25

20

n ’

Predicted Label

(A) ANN confusion matrix. (B) ANN predictions

FIGURE 4.20: Artificial Neural Network

Figure 4.21 displays the accuracy and loss of the model with the best perfor-
mance for this algorithm.
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FIGURE 4.21: ANN accuracy and loss.

4.5 Results and Discussion

4.5.1 Machine learning algorithm selection

To compare the models three metrics were selected for evaluating different aspects
of the performance of machine learning models. These three metrics are accuracy,
mean cross-validation score and mean squared error.

The accuracy measures the amount of correct predictions over the total of pre-
dictions. The mean cross-validation score is used to assess the robustness of a model
by dividing the dataset into 5 subsets for this work, where 4 of them are used for
training and the other one for validation. Lastly, the mean squared error measures
the mean squared errors between the values predicted and the real values. So that,
lower values indicates that predictions are closer to real values.

Multiple Linear Regression (MLR) obtained an accuracy of 70.37%, which is
lower compared to the rest of values of the table, indicating that this model has a
good performance but does not fit the dataset well. It's mean cross-validation score
of 71.60% indicates that although being robust in linear relationships is limited. It’s
MSE of 0.37 shows that there is a significant amount of errors in classification.

Supporting Vector Machine (SVM) obtained an accuracy of 85.16%, which is
the third highest value of the table, indicating that this model classification for the
dataset is excellent. It's mean cross-validation score of 88.30%, indicates that it is
strong an that has a consistent performance. It's MSE of 0.33 shows an excellent
classification performance that minimises errors in predictions.

K-Nearest Neighbors (KNN) obtained an accuracy of 79.01%, which is the low-
est of the table, indicating that this model has a good performance but does not fit
the dataset well. It's mean cross-validation score of 72.69%, indicates that there is
variability between the data partitions so that this model is less stable. It's MSE of
0.31 shows that the model classification is acceptable but indicates its sensitivity.

Random Forest (RF) obtained an accuracy of 92.59%, which is the highest of the
table, indicating that this model has a really good performance with the dataset due
to its ability to handle feature variability and avoid overfitting. It's mean cross-
validation score of 95.31%, indicates that it is robust and can maintain high perfor-
mance across multiple partitions of the dataset. It's MSE of 0.26, that is the lowest
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value of the table, shows that the model classification is good and indicates high
class prediction accuracy and robustness to noise.

Artificial Neural Network (ANN) obtained an accuracy of 88.89%, which is one
of the highest values of the table, indicating that this model has a quite good perfor-
mance with the dataset. It’s mean cross-validation score of 96.90%, indicates that it is
robust and can maintain high performance across multiple partitions of the dataset.
It’'s MSE of 0.28, that is the one of the lowest values of the table, shows that the model
classification is good and that has high class prediction accuracy.

Random Forest obtained the best results in accuracy and cross-validation score
ant the least MSE, suggesting that it is the most suitable model for the dataset. SVM
and ANN also showed high performance, while MLR was the least effective.

Therefore, based on this analysis Random Forest model was selected for the pro-
posed AIHandRehab VR system.

Table 4.11 shows a comparision between the metrics obtained for the dataset with
each model. Random Forest had the best accuracy and least mean square error so
this model makes more accurate predictions, and is therefore selected for the pro-
posed VR system.

Mean Cross- slvtl:;i: d
Model Accuracy Validation 9
separable
Score
error
Multiple Linear Regresion 70.37% 71.60% 0.37
Supporting Vector Machine 85.16% 88.30% 0.33
K-Nearest Neighbors 79.01% 72.69% 0.31
Random Forest 92.59% 95.31% 0.26
Artificial Neural Network 88.89% 96.90% 0.28

TABLE 4.11: Model performance metrics comparison

4.5.2 VR system automatic diagnosis

Once the model with the best metrics was selected, that is Random Forest, it was
integrated to the Al HandRehab VR system in the Diagnosis scene.

Now the VR system was used for the automatic diagnosis and rehabilitation plan
for fine motor s kills with new patients. For this, 20 patients different from those who
participated in the data collection were asked to voluntarily participate. In this new
stage of the study only 20 patients participated, as they had to be different from those
who had participated in the data collection, so it was need to wait for new patients
or attendees at the care centre.

For the automated diagnosis, a person from the care centre was trained in the
use of the VR system, which includes entering the diagnostic scene, instructing the
patient on the series of movements to be performed and visualising the results for
the performance of the exercises. Each of the 20 participants used the system with
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FIGURE 4.22: Models comparison.

the guidance of the trained person and obtained the result of the prediction of the
degree of osteoarthritis and the corresponding series of rehabilitation exercises.

From the 20 patients evaluated with the VR system automatic diagnosis 2 of them
where diagnosed with Grade 0, 2 of them were diagnosed with Grade 1, 6 were diag-
nosed with Grade 2 and 10 were diagnosed with Grade 3. The prediction results for
the 20 patients shows high prediction accuracy with prediction probabilities above
70% but for patient 3. This indicates that the Random Forest model is reliable and
with different patient profiles. For patient 3, the low diagnosis percentage indicates
that should be checked with an specialist.

Table 4.12 shows a summary of the automatic diagnosis with the 20 new patients.

Figure 4.23 and 4.24 shows the Diagnosis scene with the automatic diagnosis and
rehabilitation plan for patient 1 and patient 2 respectively.

FIGURE 4.23: Automatic diagnosis and rehabilitation plan for patient
1.
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Patient Prediction Probability
1 Grade 2 84.46%
2 Grade 3 99.69%
3 Grade 3 84.21%
4 Grade 1 84.46%
5 Grade 1 42.02%
6 Grade 3 89.47%
7 Grade 3 99.69%
8 Grade 3 78.24%
9 Grade 2 88.01%
10 Grade 2 78.76%
11 Grade 0 70.72%
12 Grade 2 94.29%
13 Grade 2 73.47%
14 Grade 0 82.31%
15 Grade 3 100.00%
16 Grade 3 94.74%
17 Grade 2 90.27%
18 Grade 3 99.69%
19 Grade 3 99.54%

20 Grade 3 99.54%

TABLE 4.12: Al HandRehab automatic diganosis

FIGURE 4.24: Automatic diagnosis and rehabilitation plan for patient

2.

In addition to the prediction of the degree of osteoarthritis, the VR system pro-
vides rehabilitation exercise recommendations for the specific needs of each patient.
These recommendations are designed to address the specific degree of osteoarthritis
predicted, ensuring that each patient receives optimised treatment to improve their
quality of life and joint function. Analysis of the results also highlights the system’s
ability to correctly identify cases with severe and very severe degrees of osteoarthri-
tis, enabling early and appropriate interventions. This level of accuracy is crucial
for osteoarthritis management, where timely treatment can make the difference in

disease progression.
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Chapter 5

Conclusion and Future Work

5.1 Conclusions

The analysis of the state-of-the-art revealed that the integration of artificial intelli-
gence (Al) with virtual reality (VR) has significantly advanced the field of upper
limb rehabilitation. These technologies have enhanced the accuracy and effective-
ness of assessments conducted in controlled environments, leading to improved pa-
tient engagement and better rehabilitation outcomes.

Osteoarthritis, a common degenerative disease that severely impacts fine motor
skills in the upper limbs, was selected as the focus of this work due to its widespread
prevalence and substantial effect on patients” quality of life.

Data was collected on the flexion and extension movements of the hand fingers
from 402 volunteer participants at a senior care center in the city. An expert was
involved in the data collection phase to classify osteoarthritis by its severity grade.
The dataset underwent a rigorous cleaning and normalization process to ensure high
data quality and proper formatting for subsequent use.

This osteoarthritis dataset was then used to train and evaluate various machine
learning algorithms, including Multiple Linear Regression (MLR), Support Vector
Machine (SVM), K-Nearest Neighbors (KNN), Random Forest (RF), and Artificial
Neural Networks (ANN). Among these, the Random Forest algorithm demonstrated
superior performance, achieving an accuracy of 92.59%.

A prototype system, named Al HandRehab, was developed for the automated
diagnosis and rehabilitation planning of osteoarthritis. This system, powered by the
Random Forest algorithm, is capable of diagnosing the condition and suggesting
expert-designed rehabilitation plans for new patients, eliminating the necessity for
the expert’s physical presence.

5.2 Future Work

Future work will explore the application of unsupervised machine learning meth-
ods, enabling the development of datasets without the need for continuous expert
input, while still allowing expert criteria to guide the process. Additionally, there
is potential to expand the scope of the system by integrating various sensors and
advanced technologies to capture and evaluate a broader range of variables. This
could lead to more comprehensive assessments and enhanced rehabilitation proto-
cols, further improving patient outcomes.
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