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ABSTRACT

Incorporating machine learning (ML) and smart health monitoring with Ayurvedic
diagnostics is a novel approach to improving our traditional medical practices. To level
up the recognition and categorization of the three Ayurvedic doshas—Pitta, Kapha,
and Vata—the study uses an unsupervised learning approach to train health-related
data from wearable devices like smartwatches and smartphones. With the help of
useful data gathered from smart health devices—such as heart rate, physical activity,
and sleep patterns—this study aims to improve the quality of Ayurvedic assessment
and personalize treatment plans. This study took sleep data from the collected one to
analyze the Prakriti.

Using K-means clustering on sensored collected data, we are able to find patterns
associated with it. This method makes use of unsupervised learning's capabilities to
recognize undetectable patterns in datasets without predetermined labeling. The main
dataset that we have utilized is the information gathered from smart devices that people
usually wear and use to continuously monitor different physiological characteristics. After
doing thorough preprocessing to guarantee the consistency and validity of our approach,
EDA is performed to identify major attributes of Ayurvedic diagnosis.

Based on collected information, the study's findings suggest that machine learning can
distinguish between the three human constitutions with good accuracy; certain patterns
are also categorized by clusters that are interrelated to the Ayurveda understanding of
doshas. We have identified that by using machine learning methods, it is possible to
identify the distinct patterns exhibited by each dosha. For example, those with a higher
Vata characteristic do not sleep for longer periods and have more peaceful sleep
patterns, and then some people with a higher Kapha characteristic.

We offer a novel framework that combines Ayurveda and technology to produce a
more comprehensive, data-driven approach to diagnosing health issues and providing
quick resolution with the touch of tradition. This research has advanced the field. It
draws attention to how ML may improve the precision and customization of Ayurvedic
treatments, making them more usable and relevant in the current digital time. Also, in
order to globalize subsequent research could also take an effort that points more on
increasing the datasets with more demographic scope, with more number of
parameters, with more health metrics, and also standardized dataset for enhancing the
generalizability in this expanding field. Also, we can use other machine learning
approaches that could further enhance this diagnostic process.

In the conclusion it has been seen by extensive literature review and experiments that
there is potential to reform the traditional healthcare field with the combination of
conventional procedures, artificial intelligence, and smart health monitoring devices.
As per Ayurvedic principles, this combination could result in improved health
outcomes and a deeper understanding of individual health characteristics by offering
a more precise, personalized, and preventive approach to health management.
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1.1

CHAPTER 1
INTRODUCTION

Overview of Ayurveda

Ayurveda [1] is an ancient medical system which is originated from India and
has been a root of our holistic health culture by thousands of years. This
traditional system emphasizes mainly upon the balance of body, mind, and
spirit which helps to prevent and treat illness. It is not like the western medicine
which is always focused on treating symptoms not the cause. But on the other
hand ayurveda always helped to eliminate the root cause of disease through
personalized care and with the help of panchtatva principles. The practices
followed in ayurveda includes pulse diagnosis, where practitioners measure the
pulse rate to captures the body malfunctions. Another method employed is
tongue diagnosis which involves examining the tongue for signs of various
health issues according to their color. This holistic approach allows our doctors
to provide a deeply personalized medical practice which aim is not just to cure
illness but by also maintaining overall health and well-being. But fundamental
concept of the ayurveda lies within the three doshas [2]: Vata, Pitta, and Kapha.
These doshas are basic energies which are found throughout the human body
and mind an helps in governing all physical and mental processes and also in
providing every living being with an individual care for healthy living lifestyle.

VATADOSHA  PITTADOSHA  KAPHADOSHA
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FIGURE 1.1: Human Body Constituents
The fig. 1.1 shows the three human body constituents and is defined below:
e Vatais a combination of its corresponding qualities which are basically
reflecting the elements of space and air. It helps to control the
movement and is considered as a main force behind the nervous

system’s working, breathing, and circulation. Individuals which are
dominant in Vata Doshas are quick-thinkers, thin, and fast-moving.

1|Page



e Pitta represents the elements of fire and water. It governs digestion and
metabolism in the organ and tissue systems. Those with a Pitta
constitution are usually seen as competitive, fiery, and capable of strong
intellectual digestion.

e Kapha combines the elements of earth and water. It is responsible for
strength, stability, and moisture. Kapha balances the body’s structure
and fluidity and is characterized by attributes of calmness, solidity, and
endurance.

An Ayurvedic doctor uses these different constituents to assess imbalance by
checking the disbalance and then prescribe treatments accordingly which
ranges from changes in diet to herbal therapies. With the understanding of an
individual’s dominant dosha and imbalances present ayurvedic medicine
aimed to restore balance and harmony inside our body and lead us to spend
more healthier and cheerful life. By this good understanding of one’s
constitution used the personalized approach that defines Ayurvedic medicine.
In Ayurvedic practice, individuals are categorized based on the predominance
and balance of their dominant doshas that helps in understanding their natural
constitution and thereby providing specific health recommendations. Table 1.1
briefly describes the Doshic constitutions based on the dominance of the
Doshas and is explained below:

e Single Dosha Dominance: Some individuals primarily contain
characteristics of one dosha only which are either Vata (V), Pitta (P),
or Kapha (K). This single dominance develops their overall health
tendencies and personality traits.

e Dual Dosha Dominance: Some persons may have two relatively
balanced doshas but one of them still predominates the other. These
combinations can be Vata-Pitta (VP), Pitta-Vata (PV), or Vata-Kapha
(VK) and each one of them are picturing a unique mixture of
characteristics from the available doshas.

e Tri-Dosha Balance: It is a rarer constitution in which all the three
doshas i.e. Vata, Pitta, and Kapha are in almost equal proportion and it
is denoted by VPK. This balance is considered to be ideal and it also
leads to a balanced and healthy lifestyle with a very rare health
problem.

TABLE 1.1: Doshic Constitutions based on Dominant Doshas

Type Description
V,P, K Predominant in Single Body Constitution (Vata, Pitta, or
Kapha)

2|Page



VP, VK, Two Body Constitution in relatively equal proportions, in
PV which one is predominating
VPK Body Constitution in almost half and half proportion

With the help of Table 1.2, we have provided a detailed overview of different
characteristics associated with each dosha and also by covering the key aspects
like physical attributes like body size and weight to psychological behaviors
such as emotional and mental characteristics. This classification not only helps
in the diagnosing the health imbalances but also in tailoring personalized
lifestyle and treatment plans that align with an individual’s body constitution.
With the understanding of these doshic characteristics, is important for
practitioners and patients both because it forms the foundation to achieve

balance and well-being through Ayurvedic principles.

TABLE 1.2: Characteristics associated with each Doshas

Observation Vata Pitta Kapha
Body size Thin Average Broad
Body weight | Light Normal Heavy
Cheeks Creased/sunken | Even and smooth Full, soft
Face Narrow, sharp | Wedge-shaped Broad with a
shape/chin double chin
Eyes Small, restless, | Penetrating, light- Large, gentle,
dark sensitive blue
Nose Asymmetrical, | Sharp, reddish tip Rounded,
irregular stubby
Lips Chapped, dark | Bright red, sensitive Soft, pale
Teeth Protruding, Average, sensitive gums | Strong, white
sparse
Skin Rough, cool, Soft, warm, pink Smooth, cool,
pale pale
Hair Sparse, Fine, prone to balding Lush, wavy
tangled, brittle
Appetite Variable, low Intense, immediate Consistent,
moderate
Digestion Erratic, gassy | Fast, overheating Slow,
mucous-heavy
Thirst Variable Excessive Limited
Emotions Anxious, Irritable, passionate Peaceful,
uncertain possessive
Mind Agitated Decisive Steady
Intellect Quick, Precise Methodical,
impractical thorough
Speech Fast, indistinct | Articulate, intense Measured,
dull
Voice Faint, raspy Vibrant Rich, resonant
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1.2

Machine Learning in Healthcare

In the rising era the machine learning (ML) [3] has transformed the healthcare
system, particularly in the field of disease diagnosis. ML uses various
techniques from Supervised to reinforcement learning that are helpful in
utilizing large datasets for analysis purposes which is not handled by standard
statistical approaches. It helps to analyze new complex patterns and
correlations that human practitioners may miss during observation. ML allows
us to see a big view of applications using various datasets available and
constructed. This feature is critical for early disease detection, diagnosis, and
potentially forecasting patient outcomes.

Machine learning models process and also interpret a big range of data types
like text, images, videos, etc in their training periods also including radiology
and genetic information as well as electronic health records. For example, ML
algorithms can evaluate thousands of radiographic pictures and discover
anomalies such as tumors, fractures, or infections like pneumonia with high
accuracy and precision. The strength of ML lies in its ability to continuously
learn and improve from more data over time.

Specific machine learning techniques that hold relevance in healthcare include:

e C(lassification Algorithms: These [4] are used to categorize data into
predefined classes. For ex: In the context of healthcare it is helpful in
determining whether a particular image of x-ray has fractured or not.

o Regression Models: It is useful for predicting continuous number and
also regression models [5] can forecast things like the days of hospital
stays or patients’ response levels to different treatments based on
historical data present.

e Neural Networks: It is a early deep learning model which is influenced
by how to brain neuron works. In the healthcare field a subset of neural
networks [6], has been influential in advancing areas such as medical
image analysis. These models can learn to perform tasks such as
segmenting tissues, identifying disease markers and even suggest
possible diagnoses.

¢ Clustering Algorithms: These algorithms are used to group datapoints
in such a way that data’s with the similar nature are in the same group
(or cluster) [7]. In healthcare, clustering can identify subgroups within
patient populations based on similarities in their medical records, which
can be useful in personalized medicine strategies and understanding
patient subtypes.
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1.3

14

Integration of Machine Learning with Ayurvedic Diagnostics

The application of machine learning (ML) in Ayurvedic diagnostics is a
promising area in advancing the traditional medicinal field. It is seen that with
different experiments and research that took place by combining machine
learning with smart health monitoring data can give Ayurvedic practitioners a
great way to improve diagnosis process. Smart health devices that monitor
activity levels, and other features like sleep, calorie and heart is a great sources
of useful data and when it is evaluated using machine learning algorithms and
also it provides a more accurate and precise picture of an individual’s health.

¢ Enhanced Diagnostic Accuracy: Machine learning can help to train
complex and varied data sets collected from smart health devices to
identify patterns and trends that may not be possible or difficult with
traditional practices alone. For example, ML algorithms can detect a
small changes in heart rate variability or activity patterns that correlate
with imbalances in the doshas (Vata, Pitta, Kapha) very accurately and
fast. This capability could lead to earlier and more accurate
identification of doshic imbalances, enhancing the precision of
Ayurvedic diagnostics.

e Personalized Treatment Adjustments: The integration of ML allows
the continuous analysis of health metrics of patients that helps
Ayurvedic practitioners with insights that can prompt timely
adjustments to treatment plans. As ML models learn from new data
therefore it can also predict how a patient might respond to certain
treatments which enables practitioners to personalize healthcare
methods based on real-time data. This adaptability help to improve the
treatment outcomes and patient satisfaction by ensuring that
interventions are finely tuned to changing health status of persons.

e Scalability of Ayurvedic Practices: It is seen that Machine learning
faces one of the major challenges in traditional medicine which is
scalability issue. By taking care of this part of the diagnostic process,
ML enables practitioners to handle larger volumes of patients without
compromising the quality of care. Moreover, ML algorithms can help
in the standardization of diagnostic criteria and treatment protocols in
Ayurveda which in return makes it easier to train new practitioners and
expand the reach of Ayurvedic medicine to reach globally.

Rise of Smart Health Monitoring

The increase in the smart health monitoring systems [8] is making a significant
evolution in the way of collection and usage of health data. These smart
systems provides a range of devices which are mostly wearables and are also
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1.5

very classy and user-friendly. The common wearable devices which includes
fitness trackers, smartwatches. Also they consist of unique and well equipped
garments that are modified with sensors and can continuously gather health-
related data. These devices mostly track heart rate, sleep patterns, physical
activity. Also, sometimes they are able to track more advanced parameters like
blood oxygen levels and also skin activity like amount of stress, heat or even
sweating.

The data that are collected with the help of these devices offers a variety of
information that can be used to analyzed and assess human health and goodness
in real-time. For example, heart rate monitors can help track cardiovascular
health and also it can detect defects that may also indicate stress or cardiac
issues. Moreover, Sleep trackers present inside the device provides the insights
into sleep quality, duration, and patterns which are essential for understanding
the impact of sleep on overall health. Similarly, activity trackers monitor the
amount and intensity of physical activity which is very much crucial for
managing weight and enhancing physical fitness.

The potential of smart wearables lies in its vast amount of health metrics that
they are collecting from individual human beings . These data can add a cherry
on top of the traditional diagnostic methods by providing steady and accurate
measurements that are not only limited to the questionaries dataset but also to
the other factors as well. For example while doing continuous monitoring it can
reveal trends and patterns that a normal clinical tests might miss which includes
the important information such as heart rate variability or the sleep stage
distributions in real time.

Additionally, the integration of the artificial intelligence technology with
traditional healthcare methods provide us a more well versed approaches for
the diagnosis and treatment. In clinics the physicians can use data analyzed
from wearables with the help of ML models make them to take more informed
decisions and also monitor the effectiveness of treatments over time to time.
Moreover, they can also adjust prescriptions that is based on objective data
inputs which are provided to them. For traditional practices like Ayurveda
these integration with smart health data enhance the accuracy of dosha
assessments and refine personalized treatment plans.

In summary we conclude that smart health monitoring technologies are helping
out in reshaping the healthcare system by bridging the gap between traditional
diagnostic practices with advance and data-driven approaches. This integration
can not only enhance patient care but also empower individuals to take an
active participation in managing their health by promising a future where
personalized and preventive healthcare becomes a part of day to day lifestyle.

Primary Hypothesis

1. Existing solutions are mostly revolving around supervised learning
methods: In the current situation of healthcare diagnostics enhanced by
machine learning, supervised learning methods [9] predominate so much.
These methods require labeled datasets, where the input data (such as
images, patient symptoms, or lab results) are paired with predefined
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outputs (like diagnostic categories or disease markers). This reliance on
supervised learning is particularly evident in areas requiring high accuracy,
such as disease detection from medical images or prediction of specific
health outcomes based on clinical data.

However, this approach has limitations, particularly in fields like
Ayurveda, where the diagnostic categories are not always clearly defined
or universally agreed upon, and where symptoms and their interpretations
can be highly subjective. Supervised learning models are only as good as
the data they are trained on, which means they might not capture the holistic
essence of Ayurvedic diagnostics that consider physical, emotional, and
spiritual health collectively.

2. Existing solutions are mostly dependent on questionnaires’ datasets:
Many existing diagnostic tools in both conventional and English medicine
rely heavily on data collected through questionnaires. These tools use
responses from structured questionnaires to identify symptoms, lifestyle
factors, and patient histories. We know that this method provides structured
data that is easy to analyze but it can be inherently biased and caries
limitations of these reported data. For example, the accuracy of the
responses can be influenced by a patient’s memory, their understanding of
the questions, or even their willingness to share personal health details. In
Ayurveda, reliance on questionnaire data might not fully capture the overall
observations that an practitioner can make during a physical examination
or through direct interaction. Furthermore, questionnaires typically do not
capture real-time physiological data, which can be crucial for
understanding a patient's current state of health.

1.6 Objectives

1. To conduct a literature review on improvising the Ayurveda Doshas
identification and classification using various machine learning
techniques: This objective involves a comprehensive analysis of existing
research and methodologies that apply machine learning to the diagnosis
and classification of Ayurvedic Doshas. The focus should be on evaluating
how different machine learning approaches, particularly supervised and
semi-supervised techniques, have been utilized and their effectiveness in
capturing the complexities of Dosha imbalances. This review will also
identify gaps in current methodologies, such as over-reliance on
supervised learning and limited use of real-time physiological data, setting
the stage for the introduction of innovative approaches, like unsupervised
learning, in this traditional healthcare system.

2. To develop a novel solution towards the identification of these Doshas
using an unsupervised learning method, which is not much explored
in this area: Given the limitations identified in traditional and current
machine learning applications to Ayurvedic diagnostics, this objective
seeks to pioneer the use of unsupervised learning [10] techniques.
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Unsupervised learning does not require labeled datasets; instead, it
identifies patterns and relationships in the data on its own. This approach
is particularly suitable for Ayurvedic diagnostics, where explicit labels
(like specific disease identifiers in Western medicine) might not always be
available or clearly defined. Developing a model that can cluster and
interpret complex health data without predefined categories could
revolutionize how practitioners understand and treat Dosha imbalances.

3. To make use of the right datasets and to perform accurate data
analysis methods to ensure proper outcomes: This objective emphasizes
the critical importance of data quality and analysis techniques in achieving
reliable diagnostic results. It involves selecting the most relevant and
comprehensive datasets, potentially integrating traditional questionnaire
data with real-time data collected from smart health monitoring devices.
The analysis methods chosen must be capable of handling the
heterogeneity and volume of the data, ensuring that the insights generated
are both accurate and applicable in a real-world clinical setting.
Additionally, this objective includes validating the machine learning
models developed to ensure they are robust, scalable, and capable of
providing actionable diagnostic information.

1.7 Research Questions

Q1. How can Ayurvedic interpretations be integrated with data collected
from wearable devices?

Q2. How effectively can unsupervised machine learning techniques
identify different Prakriti types from health data?

Q3. How can this method be utilized in individualized health
management within the Ayurvedic practice?

8|Page



CHAPTER 2
RELATED WORK

2.1 Literature Overview

This section will cover into novel studies that are undertaken in recent years by also
providing essential insights into the present scenarios of tradition and technological
advancements. In the past few years, Artificial Intelligence [11] has become
instrumental in many real-life problems like healthcare, social networks,
recommendation systems, fake news and negative stances detection, community
detection [12, 13,14,15,16,17], and many more. Its incorporation with Ayurvedic
practice has the potential to transform healthcare provision and personalized
wellness offerings. The merger of machine learning and Ayurvedic practice will
lead our culture to be more expandable all over the world through its truly good
values and measures. In addition with the advances in machine learning we are
seeing that hardware industry has made major jump by creating the digital devices
such as smartwatches, smartphones, and fitness bands. These devices are very well
equipped with sensors that can track a variety of health parameters such as step
count, burned calories, sleep patterns, heart rate, and oxygen levels. This richness of
their collected data is so much essential for accurate diagnosis and treatment
planning. Recent research efforts had also concentrated on integrating this data with
machine learning algorithms by opening the path for the creation of new frameworks
that seamlessly combine these sensored data with Ayurvedic principles. Through
this survey, we are aiming to lay the groundwork for our novel framework which
also improve the limitations of smart data and Ayurveda to revolutionize healthcare
systems and promote well-being all over the globe.

The organisation of this section is given below:

o First, the review dives deep into exploring research that predicts Ayurvedic
doshas using a variety of machine learning and basic deep learning methods.

e Next, we will look at some studies that use smart data and machine learning
to shed light on current trends and practices.

e And finally, because our main interest lies in understanding sleep quality,
we will also review some research specifically focused on this aspect of
health.

2.1.1 A Review on Human Constitution Classifications using ML and
Basic DL Techniques

Majhi and colleagues [18] told us a machine-learning model merge with Ayurvedic
principles for Parkinson's Disease (PD) prediction. Debnarayan Khatua and team
[19] implemented a Dense Neural Network (DNN) to categorize different human
constitutions. Researchers like T. Thanushree, K.G. Manjunath [20], Vani Rajasekar
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[21], and H M Manjula along with AnandaRaj S P [22] employed a variety of
machine learning techniques and ensemble methods to differentiate Ayurvedic
constitution types (Prakriti) and tackle complex issues, reminiscent of seeking
opinions from multiple doctors before deciding on a medical procedure. Vishu
Madaan and Anjali Goyal [23] applied machine learning models and highlighted
that further enhancements in boosting algorithms could advance Ayurvedic
diagnostics. Tiwari P, Kutum R, Sethi T, and others [24] utilized machine learning
to determine Ayurvedic constitution types (Prakriti) based on phenotypic
characteristics. The discussed research demonstrates the effectiveness of supervised
learning and some efforts to integrate basic deep learning models like ANN and
DNN for diagnostic purposes. Murtaza M. Junaid Farooque [25] along with his
collaborators adopted data mining techniques to classify human subjects by
Ayurvedic Prakriti. Kaur Ranjit and Madaan Vishu, among others [26], introduced
a fuzzy logic-based expert system crafted using MATLAB's Fuzzy Logic Toolbox,
aimed at aiding physicians in delivering personalized and accurate treatments.
Ayshree Ghorpade-Aher [27] proposed using a Feed Forward Neural Network to
predict pulse variations due to Surya Namaskar across different Ayurvedic Prakriti
and times of day (Prahar), using pulse data collected before and after the yoga
sequence. Table 2.1 summarizes the primary outcomes of our literature review and
provides a comparative evaluation of various models employed in Ayurvedic
diagnostics.

TABLE 2.1: Comparative Evaluation of Various Models Employed in
Ayurvedic Diagnostics

Year | Ref. | Model | Performance | Dataset Pros Cons
Used
2023 [18] | LR, The top Fox Integrates Lack of
KNN, accuracy of Insight | Ayurvedic applicat
SVM, 92.66% was dataset | concepts with | ion of
KSVM, | achieved by compris | modern more
NB, Logistic ing machine accurate
DT, RF, | Regression 80,916 | learning for deep
XGBoo | (LR). entries | Parkinson's learning
st Disease techniq
prediction. ues and
Achieves high | omissio
accuracy n of
(>92.5%) patients'
without medical
reducing history.
dimensionalit
y.
2023 [19] | Dense Precision: Data Automates Constra
Neural | 0.94, Recall: from Prakriti ints due
Networ | 0.93, F-score: | 233 prediction and | to
k 0.93 for the extreme | introduces dataset
western Prakriti | transfer quality
group; individu | learning, and
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Precision: 1.0, | als from | surpassing size;
Recall: 1.0, F- | western | many steep
score: 1.0 for | and advanced technol
the northern norther | methods. ogical
group n learning
regions curve
for
Ayurve
dic
practitio
ners.
2022 [20] | SVM, High Data Useful for Variabil
XGB accuracy, from both well and | ity in
Classifi | recall, 807 unwell predicti
er, precision, and | individu | individuals; on
Gaussia | F-score with | als does not precisio
n NB SVM and require n
XGB Ayurvedic among
Classifier experts individu
als;
authenti
city
issues.
2022 | [21] | SVM, AdaBoost Questio | Employs Focused
NB, scores 0.97 nnaire ensemble on
DT, accuracy, 0.96 | data learning to Ayurve
KNN, precision, with 22 | enhance dic
ANN, 0.96 F-score, | attribute | model Dosha
AdaBoo | RMSE 0.64 s from performance studies;
st 484 significantly. | quantita
healthy tive
individu reliabili
als ty is
still
under
develop
ment.
2021 [22] | XGBoo | The highest Questio | Enhances The
st, accuracy of nnaire disease dataset
AdaBoo | 97% was dataset | prediction scale
st, achieved with relevant to and the
KNN, Random modern need for
MLP, Forest and lifestyles and | further
Rando | SGD allows validati
m treatment on are
Forest, customization | limitati
SGD . ons.
2020 | [23] | ANN, Precision: Questio | Superior Mainly
KNN, 0.96, Recall: | nnaire precision, focused
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SVM, 0.95, F-score: | data recall, and on
NB, 0.95, from accuracy; constitu
DT, Cat | Accuracy: 807 exceed tion
Boost 0.95 individu | traditional predicti
als aged | methods. on; may
20-60 lack
broader
Ayurve
dic
applicat
ions.

2017 [24] | LASSO | Sensitivity: Data Precise Limited
, Elastic | 88%-93%, from predictions sample
Net, Specificity: 147 with fewer size
Rando | 90%-100% healthy | variables for | causes
m individu | Prakriti multicol
Forest als identification. | linearity

issues.

2017 | [25] | Feed Not specified; | Pulse Merges Lacks
Forwar | uses pulse data traditional detailed
d waveform from 30 | yoga with perform
Neural | analysis for individu | modern health | ance
Networ | prediction als monitoring; metrics
k recorde | promotes a and
(FFNN) d over 4 | comprehensiv | model

days e health validati

during | system. on,

Surya raising

Namask efficacy

ar and
applica
bility
concern
s.

2016 | [26] | Decisio | Best Data Validates Small
nTree | performance | from 67 | scalable sample
(J48), by ANN: healthy | machine size;
Naive Kappa: subjects | learning focuses
Bayes, | 0.1232, MAE: | based applicationin | ona
Logistic | 0.3837, on a 37- | Prakriti single
Regress | RMSE: 0.569 | paramet | assessment. aspect
ion, er of
ANN questio Ayurve
(Multi- nnaire dic
layer diagnos
perceptr is;
on) needs

extensiv
e
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validati
on for
diverse
populati
ons.
2016 | [27] | Fuzzy Accuracy and | Survey | Successful Comple
based veracity data use of fuzzy xity in
System | checked from logic in design
against human | traditional and
Ayurvedic subject | medicine, need for
expert studies | potentially expert
opinions. improving interpre
personalized | tation;
Ayurvedic effectiv
treatment. eness
depende
nt on
accurac
y.

2.1.2 Review of the Integration of Smart Data with Machine Learning
Techniques for Healthcare

In recent years, the integration of machine learning (ML) and artificial intelligence
(AI) in healthcare has significantly advanced, leading to the development of various
innovative applications. In 2024, Damre et al. [28] introduced a Smart Healthcare
Wearable Device for early disease detection, utilizing advanced machine learning
algorithms to improve early diagnosis and patient monitoring. Moving slightly earlier,
in 2023 [29,30], a development highlighted by an unnamed author involved a sleep
quality prediction model that leverages deep learning to offer personalized health
insights, reflecting an ongoing trend towards customized healthcare solutions. In the
same year Seng ct al. had also discussed the broadening scope of Al and ML in
enhancing smart wearable devices by indicating that a rise in wearable technology
capabilities across various sectors which also includes health and fitness of body.

In 2022, Sujith et al. [31] provided a comprehensive review of smart health
monitoring systems that integrate Al and deep learning approaches by also
emphasizing the good improvements in data analysis and personal care. This review
underscores the major role of Al in transforming healthcare system through enhanced
diagnostic accuracy and operational efficiency. The trend towards wearable health
technology was also explored in 2021 [32] by authors who developed a smartwatch-
based depression detection model using machine learning, as reported by an unnamed
source. This model highlights the potential of wearables to contribute to mental health
management by enabling continuous monitoring and early detection of depressive
symptoms.

Earlier, in 2019 [33], Chandre et al. developed the HealthGuard which is a security
framework for Smart Healthcare Systems (SHS) and which utilizes Al to secure data
and ensure privacy in healthcare applications. This framework addresses critical
concerns regarding the security and confidentiality of patient data in an increasingly
digital healthcare environment. Collectively all these developments illustrate a major
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shift towards integrating ML techniques in healthcare majorly aiming to enhance
patient outcomes, also to personalize treatment plans, and to secure sensitive health
information. Table 2.2 provides the evaluation details of the integration of smart data

with machine learning techniques in healthcare

TABLE 2.2: Merger of the Smart Data with Machine Learning Techniques

in Healthcare

Year | Ref. Model Performance | Dataset Pros Cons
Used
2024 | [28] | Machine Promised Data Early Requires
Learning High from detection of | continuou
Algorithms | Accuracy in | integrate | diseases; s data
(unspecifie | early disease | d sensors | personalized | transmissi
d types) detection on a | health on;
wearable | recommenda | privacy
device tions; real- | concerns
time data
2023 [29] | Deep Accuracy: The Sleep | Improved Complexit
Belief 97.50% Study sleep quality | y of model
Network Precision: dataset prediction; and
(DBN) 95.36% from uses optimizati
Recall: Kaggle enhanced on process
94.87% consists | seagull
F-Score: of 400 | optimization
95.02% samples | for tuning
G-Measure:
95.07%
2023 | [30] | Machine Enhanced Various | Expands the | Challenge
Learning, | device wearable | functionaliti | s in data
Deep functionalities | device es of | processing
Learning, datasets | wearable and need
Al devices in | for
various extensive
sectors. training
data.
2022 | [31] | Deep High accuracy | Various | Improved Complexit
Learning, | in data | smart accuracy and | y in
Al IoT analysis health predictive integration
monitorin | capabilities |and data
g datasets | in healthcare | privacy
monitoring. | concerns.
2021 [32] | Logistic 89.603% for | Kaggle Utilizes This may
Regression | Ensemble dataset readily raise
, SVM, | Model 1 (K- | with 334 | available privacy
Decision NN, Logistic | samples | wearable concerns;
Tree, K- | Regression, and 31 | data; limited by
NN, Naive | SVM) and | attributes | provides the quality
Bayes 87.539% for of  self-
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Ensemble real-time reported
Model 2 monitoring | data
(Decision

Tree, Naive

Bayes, SVM).

2019 | [33] | ANN, Accuracy: Data Effective Complex
Decision 91%, F1-| from 8 | detection of | model
Tree, score: 90% different | malicious setup,
Random smart activities in | extensive
Forest, k- medical SHS data
Nearest devices requireme
Neighbour nt

2.1.3 Review of Health Monitoring with the Help of Sleep Quality

By considering how important sleep is to preserving human health, a great deal of
study has been done to carefully examine each person's unique sleep patterns in order
to identify any irregularities as soon as possible. Furthermore, Ayurvedic Prakriti
identification is a documented technique for identifying physiological abnormalities
in humans. In addition to reviewing earlier studies that took place in the field of sleep
analysis [34] of humans and also in Dosha prediction using a variety of machine
learning (ML) techniques this will also look at approaches put forward by researchers
to use data from smart devices for ML applications in healthcare industry.

In one study [35], researchers concentrated on EEG-based methods for assessing the
quality of sleep, especially employing waking EEG signals to analyze sleep patterns
from the night before. These studies often employ ML algorithms such as KNN,
SVM, and GELM to classify sleep quality based on features extracted from EEG
signals. Another study [36] introduced a two-step approach for determining sleep
postures and stages. Initially, a stage detection algorithm utilizes variations in the FSR
sensor to monitor user movement during sleep. Subsequently, a sleep position
detection algorithm applies supervised learning to classify FSR signals into four
positions: supine, prone, left lateral, and right lateral. In another piece of research
[37], authors utilized a dataset from 54 patients undergoing polysomnography to label
their findings, developing personalized ML models trained on individual-level
actigraphy data to predict sleep-wake states and assess sleep characteristics. Further
research [38] proposed using ML models to assess stress levels based on sleep data
collected by SayoPillow, a multimodal dataset that monitors various physiological
signals during sleep. An article [39] suggested a method to compute objective daily
sleep habit scores from wearable device data, employing a stacking ensemble model
for intermediate sleep states and logistic regression for distinguishing good from bad
sleep. Research [40] highlighted how Vata, Pitta, and Kapha Doshas impact sleep
patterns and quality, noting Vata’s association with increased sleep onset latency,
Pitta’s correlation with sleep disturbances, and Kapha’s tendency for deeper, longer
sleep. These findings affirm the significance of Ayurveda in modern sleep research,
suggesting that the integration of traditional knowledge with contemporary sleep
analysis can deepen our understanding and enhance the customization of sleep health
interventions. Figure 2.1 shows the researches took place in sleep analysis with
machine learning.
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FIGURE 2.1: Advances in Sleep Analysis with Machine Learning

2.2 Algorithmic Frameworks in Ayurvedic Predictions and Smart
Health Monitoring

The integration of recent smart health technologies with traditional Ayurvedic
medicine creates new opportunities for enhancing treatment efficacy and diagnostic
precision in the ever-evolving field of healthcare. This section examines several
computational frameworks that have revolutionized smart health monitoring and
Ayurvedic prediction. Every method, ranging from Fuzzy Based Systems to
Logistic Regression, has advantages of its own when it comes to interpreting
intricate health data collected from smart devices. These algorithms are combining
the traditional knowledge with state-of-the-art technology which enable the accurate
prediction of Ayurvedic Prakriti as well as it also provide complete health
monitoring results. With the help of these frameworks Practitioners can more
effectively give more information and also can obtain deeper insights into individual
health trends by employing these machine-learning capabilities. In the other
followed subsequent subsections a detailed analysis of each algorithm’s and its
workings has been done by also including their application and specific advantages
in the context of integrating health metrics and Ayurvedic principles. Fig 2.2 shows
a generalized framework for ML models for Ayurvedic predictions using smart
device data.
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FIGURE 2.2: A Generalized Framework for Machine Learning models
for predictions using smart device data

o Logistic Regression: Logistic Regression [41] is a statistical model which
is used for the binary classification problems. It is very effective algorithm
in predicting binary outcomes like the presence or absence of a individual
Prakriti type based on health metrics dataset collected from smart devices.
It also calculates probabilities using a logistic function which makes it more
fast for situations where outputs are dichotomous.

e Support Vactor Machines: SVM [42] is a very powerful classification
technique that works well on both linear and non-linear data structures. It is
well used in Ayurvedic Prakriti prediction by finding the hyperplane that
help in best separation of various classes of Prakriti types. It has been seen
that it is utilized well with health metrics from smart devices. Also, SVM
can classify complex health states with high accuracy.

e Decision Tree (DT): Decision Trees [43] are a non-linear predictive
modeling tool that can be used very effectively in classifying human Prakriti
based on physiological and psychological traits. They are very intuitive and
easy to interpret, hence making them useful for decision-making in health
applications on smart devices.

o KNN: KNN [44] is a simple and instance-based learning algorithm where
the output is in the form of a class membership. It is used to predict an
individual's Prakriti by finding the most similar cases within a small and also
in a specified number of training samples (k) which is based on health
metrics like pulse rate, blood pressure, etc., which are collected from smart
devices.

e Naive Bayes: This is a probabilistic classifier based on a theorem known as

Bayes' theorem [45] which takes strong independence assumptions between
the features. It is more suitable for large datasets and also it can be used to
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predict Prakriti types from health data collected by smart devices.

Random Forest: Random Forest [46] is an ensemble learning method for
classification and regression task that usually helps to build the multiple
decision trees and then merge them to get a more accurate and stable output
predictions. It is more sensible in the case of overfitting and is very effective
in handling various health metrics collected from smart devices for accurate
health monitoring and Prakriti classification.

Artificial Neural Networks (ANN): ANNs [47] are inspired by the human
brain, particularly neurons, and they consist of layers of interconnected
neurons. They are highly flexible and powerful for modeling complex
relationships in data which makes them ideal for interpreting complex
patterns in the health metrics from smart devices to predict health and
Prakriti types of humans.

Deep Belief Network (DBN): DBN [48] is a part of deep neural networks
that consists of multiple layers of graphical models that are having both
directed and undirected edges in between. It is particularly good in feature
extraction for the large amount of unstructured data.

XGBoost: XGBoost [49] classifier stands for extreme Gradient Boosting
and it is an implementation of gradient-boosted decision trees which is
designed for its fast speed and performance. It is highly efficient at the
classification tasks and also it can be used for fast Prakriti prediction by
analyzing complex health metrics from smart devices.

AdaBoost: AdaBoost [50], or Adaptive Boosting is an another ensemble
learning technique based on decision trees that combines multiple weak
classifiers to make a strong classifier. It is particularly very useful in
improving the accuracy of prediction of various health metrics analysis from
smart devices which in return ensures the enhanced diagnostic reliability.

Feed Forward Neural Network (FFNN): FFNNs [51] are the simplest
type of artificial neural network where the connections between the nodes
do not form a cycle. This straightforward architecture is effective in various
applications that include the categorization of Prakriti from structured health
data collected via smart devices.

Fuzzy Based System: Fuzzy systems [52] uses a fuzzy logic instead of
traditional Boolean logic and is more suitable for handling t ambiguity in
human health stages. This approach is effective in Ayurvedic applications
where the diagnosis and treatment often involve interpreting complex and
subjective health descriptions, which can be mirrored in data from smart
health devices.
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2.3 Evaluation Metrics in Ayurvedic Predictions and Smart Health
Monitoring

It is important to provide an accurate evaluation in the application of machine
learning algorithms particularly when we are integrating artificial intelligence with
medical practices and here basically our traditional practice. This section namely
“Evaluation Metrics in Ayurvedic Predictions and Smart Health Monitoring,"
helps us to understand and outlines the key metrics used to measure the
effectiveness and reliability of ML models applied to health data from smart
devices. Metrics such as accuracy, precision, recall, F1 score, sensitivity, and
specificity [53,54,55,56,57,58] are used to provide useful insights into the model’s
performance in various dimensions which includes the evaluation from general
correctness and its ability to distinguish between different health attributes and
Prakriti types. The proper understanding of these metrics is so much essential for
engineers and practitioners to refine these algorithms, and to enhance diagnostic
accuracy, and also to ensure that the models are both clinically relevant and
technically perfect. The subsequent discussion in Table 5 will explain each metric
in detail by providing definitions and also by explaining their importance which
are relevant for health analytics and personalized medicine based on Ayurvedic
principles. Table 2.3 gives a brief introduction to different performance metrics
used throughout by different authors.

TABLE 2.3: Different Evaluation metrics used throughout

Metric Description
Accuracy Measures the overall correctness of the model.
Precision Measures the accuracy of positive predictions.
Recall Measures the ability of a model to find all the relevant cases (True
Positive).
F1 Score Harmonic means of precision and recall.

Sensitivity Same as recall, measures the proportion of actual positives
correctly identified.

Specificity Measures the proportion of actual negatives that are correctly
identified.

2.4 Current Research Limitations

e Standardization of Data Collection Methods: The research consistently
points to a need for uniform data collection methodologies within
Ayurvedic practices. This standardization is critical to developing machine
learning models that provide reliable and unbiased predictions. Improving
the completeness and accuracy of the data collected will significantly
bolster the effectiveness of these models.

e Enhancement of Dataset Quality: A notable limitation highlighted is the
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lack of extensive and qualitative datasets in the domain of Ayurveda. There
is a crucial need to cultivate large-scale datasets that encapsulate a broader
spectrum of patient demographics and health conditions to enhance model
training and accuracy.

Expanding Machine Learning Methodologies: The current research
primarily utilizes supervised learning approaches. There is an evident gap
in the adoption of a wider array of machine learning strategies, particularly
unsupervised learning, which could unearth new patterns and insights
beneficial for Ayurvedic diagnostics. One expansion we have tried to cover
with the help of applying a clustering algorithm to identify the human
constitution.

Robust Clinical Validation: For Establishing the clinical standards of
machine learning applications in Ayurveda is very challenging procedure.
Due to the subjective nature of Ayurvedic assessments throughout it is very
complex task to standardize validation criteria. It is very essential to develop
robust validation frameworks in order to clinically validate the procedure
and to in crease the trust.

Model Transparency and Understandability: There is need requirement for
the development of machine learning models that are not only effective but
also interpretable. The lack of transparency in current models, especially
those based on deep learning lacks their trust of acceptance by healthcare
practitioners. There is a need to develop more transparent models that would
help in likely enhance trust and facilitate wider adoption in clinical settings.
Technological Integration of Traditional Medicine with Smart Devices: As
the risig of healthcare continues with the advancement of technology, there
is a great opportunity to integrate traditional medicine systems such as
Ayurveda with smart devices. These devices, which often include wearables
like smartwatches and smartphones that are able to collect a wide range of
health-related data in real time and also includes sleep patterns, heart rate,
physical activity, and more. By using these types of data and with the help
of machine learning models provide us with more personalized and accurate
healthcare recommendations which are based on an individual's unique
constitution as written in our traditional books and practiced by our doctors.
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CHAPTER 3
METHODOLOGY

3.1 Experimental Setup

This study's motive is to categorize human Ayurvedic Prakriti (Vata, Pitta, and
Kapha) using data captured and collected using smart devices that are used by
individuals in their day-to-day life to make a way for personalized Ayurvedic
healthcare and to standardize Ayurveda procedure which is at this is very
subjective in nature. It analyzes sleep patterns collected from smartwatches and
smartphones using an unsupervised learning algorithm to find similarities
between individuals' Doshas.

Raw Data

Smart Device Collected Data Like Sleep pattern,
Calorie Burnt, steps count, Heart Rate etc

Data Preprocessing

Data Cleaning: Removing Data Scaling includes Fesitiive Selsation
issi i Normalizing Sensor Data ; e :
m'“ﬂglfl#;z‘ezeen:;vmg Like stangard scaling and Extraction Dimentionality Reduction

Model Building

Apply Clustering Algerithm: K
means Clustering

Model Tuning

Validate, Analyse and Tune for perfect value of K

Performance Evaluation

Calculate Silhouette score, Calinski
Harabaz index, Davies-Bouldin Index

Generation of Clusters

Placing them into the perfect Category by
Analyzing the Mean Value of clusters

FIGURE 3.1: Generalized Framework for ASGF Model

21| Page



Fig. 3.1 shows the generalized diagram of our proposed methodology which is
all about firstly collecting data from smart devices. The diagram depicts that the
first raw data from these devices is acquired or downloaded which contains
attributes like sleep stages, heart rate, step counts, calories burnt, and so on.
Secondly, there comes preprocessing where the data is cleaned, missing values
are filed with the help of various techniques like up-filling, down-filling, mean
fillings, and so on according to the characteristics of the data, and then the data
is standardized using mean imputation method. After that, dimensionality
reduction is taken into play to simplify the dataset and make it easier to deal with
it. This step is important for improving computational efficiency and reducing
noise in the data which ultimately enhances the accuracy of future analyses going
to take place. As we employ unsupervised learning so clustering technique is
used, where similar data points are grouped using an algorithm known as K-
means Clustering [60]. Once that has been done, there is a fine-tuning step that
takes place to make sure that the clustering of data is as accurate as possible.
This step involves adjusting the parameters and evaluating different
configurations to optimize the algorithms. Then comes the evaluation step which
helps to measure the model performance and to analyze how well everything is
working using different metrics in order to validate that everything is working
fine or not. Finally, clusters are formed according to the similarity of datapoints.
This proposed framework can make a way for personalized healthcare utilizing
our cultural medical heritage.

3.2 Dataset Description and Preprocessing Overview

In this research, we utilized data from the SleepQual and B. Health datasets were
collected from 24 university students over seven days and nights through their
smartwatches and smartphones [61]. While the original datasets provided
additional details on daily phone usage and physical activity, we chose to
prioritize the examination of sleep data to gain a deeper insight into the specific
correlation between sleep patterns and Ayurvedic Prakriti. Additionally, by
directing all our efforts toward one aspect of health, we can effectively utilize
our resources and ensure a thorough exploration of the link between sleep and
Ayurvedic body types. Table 3.1 describes the attribute description of the

dataset.
TABLE 3.1: Attribute Description
No. Attribute Description
1 Light Sleep The proportion of total sleep duration is categorized
Percentage as light sleep. Important for transitioning into deeper
sleep stages and plays a role in brain detoxification
and relaxation.
2 Deep Sleep Percentage of the sleep cycle spent in deep sleep,
Percentage crucial for physical recovery, immune system
strengthening, and growth hormone release.
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3 REM Sleep Indicates the percentage of overall sleep time spent
Percentage in REM sleep. Vital for emotional regulation,

memory processing, and learning capabilities.

4 Label Qualitative assessment of sleep quality, categorizing
(Classification | sleep into classes like 'good', 'poor’, or 'excellent'.
label)

5 Subject A unique code or number is assigned to each
Identifier participant to ensure anonymity and facilitate

organized data analysis.

6 Day of Study | Marks the specific day on which the data was
recorded, crucial for tracking patterns over the study
duration.

7 Duration in Total time spent in bed during the recording session,

Bed including sleep time and periods of wakefulness, is
usually measured in minutes.

8 In Bedtime The recorded time when the subject initially goes to
(Time into bed is useful for analyzing sleep habits and latency.
bed)

9 Out of It is the time when the subject gets out of bed. It
Bedtime helps in the calculation of marking the end of the
(Time out of | every sleep session and also it is useful for
bed) calculating total sleep time and efficiency of human.

10 Actual Sleep | Actual amount of time spent asleep, excluding
Duration periods of wakefulness after initially falling asleep,

measured in minutes.

11 Sleep Onset Measures the time it takes for the subject to fall
Latency asleep after getting into bed, an important metric for

diagnosing sleep disorders like insomnia.

12 In Bed Awake | Total time spent awake after initially falling asleep
Duration and before finally waking up, providing insights into

sleep disturbances and overall sleep quality.

13 Sleep Calculated as the percentage of time in bed that was
Efficiency spent sleeping, a key metric for assessing the

effectiveness of the sleep period.

14 Light Sleep Time spent in the light sleep phase, measured in
Duration minutes. Important for understanding the sleep

architecture and its potential disruptions.

15 Deep Sleep Total duration spent in deep sleep during the sleep
Duration cycle quantified in minutes. Critical for physical

health and recovery.

16 REM Sleep Duration of REM sleep throughout the night,
Duration measured in minutes, is essential for mental health

and cognitive functions.

17 Awake The percentage of the total time in bed that the
Percentage subject remains awake. Helps to evaluate sleep

efficiency and identify potential sleep issues.
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For analyzing the data patterns effectively during the study we have utilized a
rigorous preprocessing steps. In the Initial steps we have completed the cleaning
of the dataset which is very helpful in removing any inconsistencies or errors
present inside the dataset. Then after this we have performed exploratory data
analysis to well understand the distribution and characteristics of the sleep-
related attributes for selecting the useful features for the final model evaluation.
This step involved like visualizing the data and identifying any outliers or
unusual patterns.

Furthermore, we also employed statistical techniques like correlation analysis
and regression modeling which helped us to derive the relationship between
sleep patterns and Ayurvedic Prakriti. These analyses also helped us to quantify
the strength and direction of the merger and also to identify potential attributes
helpful in the identification of procedures of Prakriti types based on their sleep
behaviors.

In the whole the analysis process we are very careful about the potential
limitations like sample size limitations and data collection biases. We are able to
addressed these challenges by employing sound statistical methods and also by
conducting sensitivity analyses to assess the strength of our research findings.
The SleepQual dataset that we employed consist of a variety of sleep-related
characteristics which includes duration, efficiency, onset delay, and various
sleep stages as these are much more important for understanding the shading of
sleep cycles and their relationship with Ayurvedic body types.

After cleaning and preparing the data, we proceeded with our study with the
analysis. We used statistical techniques to find patterns and relationships within
the data, focusing specifically on identifying how different sleep habits were
aligning with different Ayurvedic Prakriti types. Fig 3.2. Represents the
correlation matrix of various sleep attributes present inside the dataset. By
systematically analyzing the data, we aimed to provide valuable insights by
giving the relationship between sleep patterns and individual constitutions
according to Ayurveda.
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FIGURE 3.2: Correlation Matrix of Sleep Parameters

3.3 Data Analysis

The analysis of sleep patterns which we have performed, is to identify about
how various sleep metrics are interconnected. The correlation matrix in the
displayed figure provided insights into these relationships. Here is what we
discovered: individuals who slept for longer tended to experience more light
sleep, indicating a positive association between actual sleep duration and light
sleep duration. Additionally, higher sleep efficiency correlated with quicker
sleep onset and reduced time spent awake in bed. Moreover, there was a notable
positive correlation between deep sleep duration and the percentage of time
spent in deep sleep, which aligns with expectations. Interestingly, nights
featuring more deep sleep tended to have less REM sleep, and vice versa. Fig.
3.3 shows the scatter pot between Actual Sleep Duration v/s Duration in Bed
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FIGURE 3.3: Scatter Plot between Actual Sleep Duration v/s Duration in
Bed (min)

The dataset encompasses a diverse range of sleep durations, with an average
nightly sleep duration of approximately 6.9 hours. On average, it takes
individuals about 16 minutes to fall asleep, and most maintain a sleep
efficiency of around 88-89%. Another graph illustrates a consistent pattern:
individuals tend to sleep longer when they spend more time in bed.
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FIGURE 3.4: Bar Chart for Individual Sleep Time

Furthermore, we examined individual sleep times using a bar chart to discern
any disparities between individuals who slept longer or shorter durations
shown in Fig. 3.4. Lastly, a pie chart shown in Fig. 3.5 depicted the relative
distribution of light sleep, deep sleep, and REM sleep stages. Light sleep was
the most prevalent stage, followed by REM sleep, with deep sleep being the
least experienced stage.

Average Sleep Stage Durations

Light Sleep

REM

Deep Sleep

FIGURE 3.5: Pie Chart for Average Sleep Stage duration

3.4 Choice and Justification of Unsupervised Learning Techniques

The methodology of this thesis predominantly employs unsupervised learning
techniques to analyze health data for Ayurvedic diagnostics. The decision to
utilize unsupervised learning stems from its inherent capability to discover
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3.5

hidden patterns and structures from unlabeled data, which is crucial when
dealing with Ayurvedic diagnostics, where explicit labels or categories are not
always predefined or consistent. Among the various unsupervised techniques,
K-means clustering was chosen due to its efficiency and effectiveness in
identifying distinct, non-overlapping groups within data. This is very much
relevant in the context of Ayurvedic diagnostics, where patient data must be
segmented into specific categories representing different doshic imbalances
(Vata, Pitta, Kapha) without prior labeling to help further in personalization.
The algorithm which can handle large datasets and its soundness to produce
stable clusters makes it suitable for this research which aims to map complex
health metrics to traditional Ayurvedic concepts. Additionally, Principal
Component Analysis (PCA) [61] was employed for dimensionality reduction
before clustering. PCA helps in reducing the data into the components that are
more informative and needed and that helps not only to get better visualization
but also in enhancing the clustering process by reducing noise and redundancy
in the data. This step is very critical in ensuring that the K-means algorithm on
can focus on the most impactful features that are related to Ayurvedic
principles and hence improving the interpretability and relevance for our
findings and results.

Algorithmic Detail

3.4.1 Implementation of K-means Clustering

The main crux of our approach for identifying Ayurvedic Prakriti types from
sleep data mainly involves the use of the K-means clustering algorithm. We
used K-means in order to utilize its efficiency in handling large datasets and
also due to its effectiveness in forming distinct, non-overlapping clusters based
on various similarity measures.

3.4.2 Implementation Steps:

o Initialization: We started first by specifying the number of clusters, k,
which, based on preliminary analysis and the number of primary
Ayurvedic Prakriti types that is 3, three that is corresponding to Vata,
Pitta, and Kapha prakriti. We choose the initial cluster of centroids
randomly from the dataset.

e Assignment: Then each data point is assigned to the nearest cluster
centroid with the help of the Euclidean distance metrics. This step also
ensures that each data point is grouped according to the closest
similarity in terms of sleep pattern features.

e Update: The centroids of the clusters are recalculated as the mean of all
data points assigned to that cluster, which refines their position for
better accuracy.

e [teration: The assignment and update steps are repeated until the
positions of the centroids stabilize, indicating convergence.
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3.4.3 Custom Modifications for Ayurvedic Context:

Feature Selection: Given the Ayurvedic focus, features related
to sleep such as duration, quality, and efficiency are
emphasized. This selective attention helps tailor the clustering
process to aspects most relevant to Prakriti determination.
Normalization: Data normalization is crucial for handling
features that vary significantly in scale and distribution. By
standardizing the data (subtracting the mean and dividing by the
standard deviation), we ensure that each feature contributes
equally to the distance calculations, preventing any one feature
from dominating the algorithm due to scale differences.

3.4.4 Performance Metrics Employed

To evaluate the effectiveness of the clustering, we employed several

metrics:

Silhouette Score: This metric [62] measures the degree of
separation between clusters. A higher silhouette score indicates
that clusters are well-separated and cohesive, which is essential
for ensuring that each Prakriti type is distinctly categorized.
Davies-Bouldin Index: Used to assess the compactness and
separation of the clusters. A lower Davies-Bouldin index [63]
suggests that the clusters are well-separated and tightly
grouped, which is desirable in a clustering scenario.
Calinski-Harabasz Index: Another measure [64] used to
evaluate the clusters based on their variance. A higher value
indicates better-defined clusters.

3.5.5 Adaptations for Specific Research Needs:

To determine the optimal number of clusters, we implemented the elbow
method, which involves plotting the sum of squared distances from each
point to its assigned center as a function of the number of clusters. The
point where the rate of decrease sharply shifts (the "elbow") [66] suggests
the optimal number of clusters. This method is particularly useful in our
study to confirm the preliminary assumption of three Prakriti types. Fig
3.6. Demonstrates the elbow method graph for finding optimal K value.
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FIGURE 3.6: Elbow method for Optimal K

Pseudocode

Input: Smart device sleep data (e.g., duration, light sleep percentage, deep
sleep percentage, REM percentage)

Output: Cluster assignments indicative of Ayurvedic Prakriti (Vata, Pitta,
Kapha)

Initialization:
1. Specify the CLUSTERING ALGO = K-means
2. N = Number of subjects in the dataset
3. k = Initial number of clusters (typically 3 for Vata, Pitta, Kapha)
4. I = Identity matrix for dimensionality reduction via PCA
5. Convergence criteria:
- No significant change in intra-cluster distances, or
- Optimal k value identified using the Elbow Method, or
- Stability in cluster assignments across multiple iterations
6. Standardize features to have zero mean and unit variance for effective
distance computation
7. min_points = Threshold for the minimal number of data points required per
cluster; typically set based on data distribution and domain knowledge

Steps:

1. Load Data:
- Import sleep pattern data from smart devices
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- Parse data into usable format (e.g., matrices or data frames)

2. Data Preprocessing:

- Clean data by handling missing values and anomalies

- Scale data using standard normalization (Z-score normalization)

- Select relevant features impacting sleep patterns

- Apply PCA for dimensionality reduction to reduce computational
complexity and enhance data interpretability

3. Model Building:

- Initialize K-means clustering with specified k

- Randomly assign initial cluster centers or use a smarter initialization
method (e.g., k-means++)

4. Model Optimization:
- Apply the Elbow Method to determine the optimal number of clusters:
Calculate the total within-cluster sum of squares for each k
Identify the k at which the rate of decrease sharply shifts (the elbow
point)

5. Clustering Execution:

- Run K-means clustering with the optimal k-determined

- Iteratively update cluster centroids and reassign data points until
convergence criteria are met

6. Evaluate Clustering:

- Compute silhouette score for assessing how well-separated the clusters
are

- Calculate Davies-Bouldin and Calinski-Harabasz indices to evaluate
cluster compactness and separation

7. Output Results:

- Assign each subject to a cluster

- Interpret and label clusters according to dominant Ayurvedic Prakriti
characteristics observed in cluster members

End Algorithm
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4.1

CHAPTER 4
RESULT AND ANALYSIS

Presentation of Clustering Results/ Cluster Analysis

The clustering process involved segmenting the sleep data into three distinct
groups using the K-means algorithm. The initial step in the clustering
involved the selection of the number of clusters (k=3) based on the Elbow
Method, which suggested a significant reduction in within-cluster variance at
this point. Scatter plots and heatmaps were utilized to visualize the
distribution of data points within each cluster, illustrating the cohesive and
distinct nature of each group. Cluster Interpretation: Each cluster was
analyzed and interpreted in the context of Ayurvedic Prakriti as shown in
Table 4.1. The clusters corresponded effectively to the expected
characteristics of Vata, Pitta, and Kapha:

TABLE 4.1: Cluster Assignments Characteristics

Cluster | Mean Properties Ayurvedic | cpgapacteristics
Prakriti Alignment
Duration in Bed (min):
295.89
Actual Sleep  Duration
(min): 268.25
Efficiency (%): 90.32 Cluster 1 (Vata)
Light Sleep Duration (min): was characterized
168.69 by irregular and
0 Deep Sleep Duration (min): shorter sleep
42.05 durations with
REM Sleep Duration Vata quick  transitions
g%n% between sleep
) stages.
Duration in Bed (min):
513.45
Actual Sleep  Duration
(min): 493.51
Efﬁciency (%): 95.90 Cluster 2 (Pitta)
Light Sleep Duration (min): showed moderate
313.68 . . sleep durations with
1 ]6)963% Sleep Duration (min): instances of sleep
: - .. disturbances possibly
?%%48166}) Duration (min): | Kapha due to an overactive
mind.
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Duration in Bed (min):
463.11

Actual  Sleep  Duration
(min): 391.69

Efficiency (%): 84.38 Cluster 3 (Kapha)
Light Sleep Duration (min): displayed patterns
241.48

of long, deep sleep,

b Deep Sleep Duration (min): indicating a stable
S7.46 . and heavy sleep
REM  Slee Pitta profile
Duration (min): 94.65 :
Cluster 0 Sleep Stage Composition Cluster 1 Sleep Stage Composition Cluster 2 Sleep Stage Composition

Deep Sleep % Deepleeps
Light Sleep % lightskep Light Seep Deep Sleep %

FIGURE 4.1: Pie chart for clusters Sleep State Composition

The provided pie charts in Fig. 4.1 visually represent the composition of sleep
stages for three distinct clusters identified through K-means clustering of
sleep pattern data, a key analytical method outlined in the thesis. Each chart
corresponds to a cluster—O0, 1, and 2—and illustrates the percentages of light
sleep, deep sleep, and REM sleep, aligning with the typical sleep
characteristics associated with the Ayurvedic Prakriti types. For example,
Cluster 0, which is predominantly Vata, shows a high percentage of light
sleep at 62.8% and lesser amounts of deep sleep and REM sleep, reflecting
the irregular and lighter sleep patterns typical of the Vata constitution.
Similarly, Cluster 1 and Cluster 2, representing Kapha and Pitta respectively,
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demonstrate their unique distributions of sleep stages that corroborate with
their Ayurvedic descriptions. Kapha is known for its deep and reviving sleep
characteristics. Also, Pitta-overloaded humans are generally associated with
moderate sleep durations which are disturbed due to their overactive mind,
and their patterns are captured with their corresponding sleep stages with the
help of smart devices. The pie charts are so important for visualizing the
dataset insights which are taken from the implementation by providing an
insightful understanding of how different Prakriti types respond during sleep
stages with the help of unsupervised machine-learning techniques. Fig. 4.2
represents a scatter plot that shows the results of a two-dimensional Principal
Component Analysis (PCA) for clustering sleep data attributes into three
distinct clusters and each is marked by different colors which are red, blue,
and green. The x-axis is labeled "Principal Component 1" and the y-axis is
labeled "Principal Component 2," which shows the distribution of the data
points along these two principal components as it is difficult to analyze
without the use of PCA.
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FIGURE 4.2: Clustering of Data

4.2 Performance Analysis

The effectiveness of the clustering was quantitatively evaluated using several
performance metrics:

e Silhouette Score: The silhouette score of 0.2296 indicated a reasonable
separation between clusters, albeit suggesting room for further
optimization.

e Davies-Bouldin Index: A score of 1.5345 pointed to a decent level of
cluster compactness and separation, affirming the distinctiveness of
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each cluster.

e Calinski-Harabasz Index: A score of 43.3666 in the clusters
demonstrated a good level of tightness and separation that also
validated the effectiveness of the clustering data points.

4.3 Model Limitations

1. Data Representation Bias:

The datasets used in this study were primarily sourced from specific
demographic groups which in return may not comprehensively
represent the broader population. These biases could majorly affected
the model's ability to accurately generalize its predictions across
different ethnicities, age groups, and geographical locations.
Additionally, the data might not fully capture the diversity of symptoms
or presentations of Ayurvedic doshas that can vary significantly across
individuals.

2. Historical Bias:

The training data reflects historical patient records and also may
incorporate inherent biases in diagnostic practices or in the treatment
approaches that were not dealt with at the time of data collection. This
can lead the machine learning models to increase these biases unless
specifically addressed through techniques like bias correction or re-
sampling. This can be handled with the help of mapping correctly the
history of patients with there other data.

3. Risks of Overfitting:

Machine learning models particularly those that involve complex
structures like neural networks are so much prone to overfitting
especially when trained on limited or highly specific data sets.
Overfitting can generally occur when a model learns the detail and
noise in the training data to the extent that it negatively impacts the
performance of the model on new data. This is often seen by showing
excellent performance on the training dataset but poor generalization to
new or unseen data. So to solve this problem techniques such as cross-
validation, regularization, and pruning are utilized. However, the risk
of overfitting cannot be eliminated completely.

4. Model Transferability:

The generalizability of the machine learning models developed in this
study is limited by the specific conditions under which the models were
trained. These conditions include the nature of the data, the specific
features used, and the configuration of the machine learning algorithms.
So therefore in such a case, the models might not perform with the same
accuracy when deployed in different Ayurvedic diagnostic settings or
with data collected under different conditions.
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5. Scalability to Other Health Conditions:

The models which we have been using are successful in giving tailored
responses in diagnosing Ayurvedic doshas but the main issue is that
their scalability to other health conditions or their utility in predicting
other types of medical outcomes remains untested. Therefore,
expanding these models to cover a broader range of conditions would
require not only more diverse data but also adjustments to the
algorithms to accommodate different types of diagnostic criteria is very
much needed.
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CHAPTER 5
CONCLUSION AND FUTURE WORK

This study has successfully done the integration of machine learning and
Ayurvedic practices through the analysis of health data collected from smart
monitoring devices like smartwatches. It utilizes unsupervised learning
algorithms in which we specifically used the K-means clustering algorithm
with the help of which we have identified patterns that are more directly
related to the practice and it also helped in showcasing the potential of modern
technology to enhance the accuracy and applicability of ancient medical
wisdom. The final findings of our study reveal that machine learning can take
a characteristically advantage from the features of Vata, Pitta, and Kapha
doshas through physiological and behavioral raw data derived from smart
technology which as a result is well aligned with Ayurvedic principles.
However, our research highlights the need for further validation and
expansion due to a small dataset which can somehow give us biased results.
Future work will aim to include a more diverse demographic to enhance the
generalizability of our findings. There is also an opportunity to explore
additional machine learning models, such as deep learning and reinforcement
learning, to refine the predictions and adapt the diagnostic processes
dynamically based on continuous health data. Collaborative efforts between
Al engineers and Ayurvedic practitioners will be crucial in advancing this
collaboration that ensures that the models that are developed are not only
technically proficient but also practically applicable in real-world medical
practice. Moreover, ethical considerations, particularly regarding data
privacy and the security of health information have to be dealt with as we
move forward towards the more complex model structure. It could be done
by implementing robust privacy measures and by ensuring transparent data
handling practices that will be essential to maintaining trust and integrity in
the use of Al in healthcare. In conclusion, this research clears the way for an
application approach to healthcare where majorly traditional Ayurvedic
practices are enhanced by the precision and analytical power of machine
learning and deep learning. As we move forward to continue expanding and
refining these technologies then at the moment the potential for personalized
and preventive healthcare becomes increasingly important by promising
significant improvements in patient outcomes and the overall effectiveness of
Ayurvedic diagnostics.
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