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Abstract- Nadi Pariksha, an ancient Ayurvedic pulse
diagnosis technique, is gaining renewed interest due to
advancements in machine learning (ML) and artificial
intelligence (Al). This paper surveys the integration of ML
techniques with Nadi Pariksha to modernize and validate this
traditional diagnostic method. We review methodologies for
pulse signal acquisition, preprocessing, feature extraction,
and classification, highlighting key ML models such as SVM,
CNNs, and hybrid algorithms. Challenges like data scarcity,
signal variability, and interpretability are discussed, along
with future directions for bridging Ayurvedic principles with
computational tools. This study underscores the potential of
ML in enhancing diagnostic accuracy, scalability, and
accessibility of Nadi Pariksha.
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I. INTRODUCTION
1.1 Background

Ayurveda, one of the world’s oldest holistic healing
systems, originated in India over 3,000 years ago. Rooted in
the principle of balancing the body, mind, and spirit,
Ayurveda emphasizes preventive and personalized healthcare
through the lens of the Tridosha theory—Vata (air/space),
Pitta (fire/water), and Kapha (earth/water). These doshas
govern physiological and psychological functions, and their
imbalance is believed to underlie disease. Among Ayurveda’s
diagnostic tools, Nadi Pariksha (pulse examination) holds a
revered position. By palpating the radial artery, practitioners
assess the quality, rhythm, and characteristics of the pulse to
infer doshic states and health conditions. This non-invasive
method is lauded for its ability to detect subtle imbalances
long before they manifest as symptoms, aligning with
Ayurveda’s preventive ethos.

However, traditional Nadi Pariksha faces significant
challenges. The practice requires decades of training to
master, as pulse interpretation is highly subjective and reliant
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on the practitioner’s tactile sensitivity and experiential
knowledge. Variability in diagnoses across practitioners,
coupled with the lack of standardized protocols, has raised
questions about reproducibility and scientific validity. In an
era dominated by evidence-based medicine, these limitations
hinder Ayurveda’s integration into mainstream healthcare
systems, despite its growing global popularity.

Ayurveda: Panchamahabhutas & Tridoshas

1. Panchamahabhutas:
Ayurveda states that everything in the universe, including
the human body, is composed of five elements:

o  Prithvi (Earth)
o Jala (Water)

o Agni (Fire)

o Vayu (Air)

o Akasha (Space)
2. Tridoshas:

These elements combine to form three biological energies
(Doshas):
o Vata (Air + Space): Governs movement and
communication.
o Pitta(Fire + Water): Controls digestion and
metabolism.
o Kapha (Earth + Water): Manages structure and
lubrication.

Nadi Pariksha (Pulse Diagnosis)
e Procedure: A practitioner palpates the radial artery

at the wrist using three fingers:
o Index finger:Detects Vata (closest to the

wrist).

o Middle finger:  Assesses Pitta (central
position).

o Ring finger: Evaluates Kapha (farthest from
the wrist).
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e Purpose: The pulse’s rhythm, strength, and quality
reveal doshic imbalances and health conditions.

Kapha

Pittha

Vatha

Radial Artery

Figure 1. Ayurvedic Pulse Diagnosis (Nadi Pariksha)
1.2 Motivation

The convergence of artificial intelligence (Al) and
healthcare presents a transformative opportunity to modernize
Ayurvedic diagnostics. Machine learning (ML), a subset of
Al, excels at identifying patterns in complex datasets—a
capability ideally suited to decoding the intricate variations in
pulse signals. Recent advancements in wearable sensors (e.g.,
photoplethysmography devices) and 10T technologies have
enabled the digitization of pulse data, creating a bridge
between ancient practices and computational analysis. By
automating pulse signal processing, ML can mitigate
subjectivity, enhance diagnostic consistency, and democratize
access to Ayurvedic care, particularly in underserved regions
with limited expert practitioners.

Moreover, the global shift toward personalized and
preventive medicine aligns with Ayurveda’s core philosophy.
Integrating ML with Nadi Pariksha could validate Ayurvedic
principles through data-driven insights, fostering cross-
disciplinary acceptance. For instance, ML models trained on
pulse datasets could correlate dosha imbalances with
biomarkers or lifestyle factors, creating a framework for
holistic yet quantifiable healthcare. Early studies, such as
Sharma et al.’s SVM-based dosha classification (2018) and
Patel et al.’s CNN models (2021), demonstrate promising
accuracy (85-92%), underscoring the feasibility of this
integration.

1.3 Objectives
This survey aims to systematically explore the
intersection of ML and Nadi Pariksha, addressing three

primary objectives:

1. Review Methodologies: Analyze existing approaches
for pulse signal acquisition, preprocessing, feature
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extraction, and ML model
strengths and limitations.

2. Evaluate Performance: Compare the efficacy of
classical ML (e.g., SVM, Random Forest) and deep
learning (e.g., CNNs, LSTMs) in dosha classification
and disease prediction.

3. ldentify Challenges and Opportunities: Discuss
barriers such as data scarcity, signal variability, and
model interpretability, while proposing solutions like
collaborative datasets and explainable Al (XAl).

design, highlighting

By synthesizing current research, this paper seeks to
chart a roadmap for advancing Nadi Pariksha through ML,
fostering collaboration between data scientists, Ayurvedic
practitioners, and clinicians.

Il. LITREATURE SURVEY

Sharma et al. (2018): "SVM-Based Classification of
Tridosha Imbalances Using Radial Pulse Signals" introduced
an SVM model to classify Vata, Pitta, and Kapha imbalances
using pulse signals from 200 participants. Time-domain
features (amplitude, rhythm) were extracted, achieving 85%
accuracy. The study highlighted limitations in dataset diversity
and clinical validation.

Menon et al. (2020): "Nadi Tarangini: A Benchmark
Dataset for Pulse-Based Diagnosis" created the first public
dataset of 1,200 pulse signals labeled by Ayurvedic experts.
Collected via piezoelectric sensors, it spurred ML research but
faced criticism for demographic homogeneity and sparse
practitioner consensus documentation.

Patel et al. (2021): "Deep Learning for Automated
Pulse Signal Analysis in Ayurvedic Diagnostics" designed a
1D-CNN for raw pulse signals from the Nadi Tarangini
dataset, achieving 92% accuracy in dosha classification.
Challenges included computational complexity and model
interpretability.

Kumar & Joshi (2019): "Hybrid Wavelet-CNN
Model for Robust Pulse Signal Classification" combined
wavelet transforms with CNNs to denoise signals, achieving
89% accuracy on a 500-subject dataset. Limitations included
hardware costs for real-time deployment.

Gupta et al. (2022): "loT-Enabled Wearable for Real-
Time Nadi Pariksha and Dosha Monitoring™ developed a PPG-
based wristband with a Random Forest classifier (82%
accuracy). The study emphasized preventive healthcare
potential but noted gaps in longitudinal validation.
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Reddy et al. (2017): "Comparative Analysis of k-NN
and Decision Trees in Pulse Diagnosis" compared k-NN (78%
accuracy) and Decision Trees, underscoring the need for
Ayurvedic-specific features like gati (rhythm) and vega (rate).

Singh & Verma (2023): "Explainable Al for Bridging
Ayurvedic Pulse Diagnosis and Modern Medicine" integrated
SHAP with CNNs to interpret pulse features, achieving 88%
accuracy and linking Pitta to inflammatory biomarkers.

Deshpande et al. (2016): "Impact of Preprocessing
Techniques on Pulse Signal Classification Accuracy" showed
Kalman filters improved SVM accuracy by 9% (72% to 81%)
but used a small dataset (100 samples).

Anand et al. (2021): "Multimodal Fusion of Pulse,
Tongue, and Voice Data for Holistic Diagnosis"” fused pulse,
tongue, and voice data via CNNs, achieving 94% accuracy.
Challenges included data synchronization and computational
overhead.

Krishnan et al. (2022): "Ethical and Cultural
Challenges in Digitizing Nadi Pariksha" interviewed 50
practitioners, identifying concerns like data privacy and
algorithmic bias, and urged participatory design frameworks.

1. METHODOLOGY

This study employs a systematic literature review
(SLR) framework aligned with the Preferred Reporting Items
for Systematic Reviews and Meta-Analyses
(PRISMA) guidelines to rigorously evaluate the integration of
machine learning (ML) with Nadi Pariksha. The methodology
is structured to ensure reproducibility, minimize bias, and
address interdisciplinary challenges at the intersection of
Ayurveda and computational science.

1. Research Design
1.1 Obijectives

e To synthesize advancements in ML techniques for
Nadi Pariksha.

e To evaluate the clinical validity and technical
robustness of ML-driven pulse diagnosis systems.

e To identify gaps in data, ethics, and translational
research.

1.2 Scope

e Population: Studies involving human subjects or
benchmark datasets (e.g., Nadi Tarangini).
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e Intervention: ML models applied to pulse signal
acquisition, processing, or classification.
e Comparison: Traditional Ayurvedic diagnoses vs.
ML predictions.
e Outcomes: Accuracy, sensitivity, specificity, and
clinical relevance of ML models.
2. Data Collection

2.1 Search Strategy

e Databases: PubMed, IEEE Xplore, Scopus,
ScienceDirect, ACM Digital Library, and Ayurvedic
repositories (e.g., Ayush Research Portal).

o Keywords:

o Nadi Pariksha, Ayurvedic
diagnosis, Tridosha classification.

o Machine learning, deep  learning, pulse
signal processing, wearable sensors.

e  Time Frame: 2010-2023 (to capture the rise of ML in
healthcare).

pulse

2.2 Inclusion & Exclusion Criteria

Inclusion Exclusion

Peer-reviewed
applying ML/AI to

studies|Non-English articles, opinion
Nadi|pieces, or non-peer-reviewed

Pariksha. works.

Technical details on signal . . ..
g Studies  lacking  empirical

acquisition  (e.g.,  sensors,

. validation or datasets.
sampling rates).

Theoretical Ayurvedic studies
without computational
integration.

Quantitative outcomes
(accuracy, AUC-ROC).

3. Screening Process
A four-stage PRISMA-compliant screening was conducted:

1. Initial  Search: Identified 412  articles across
databases.

2. Duplicates Removed: 327 articles retained.

3. Title/Abstract Screening: Excluded 249 studies
unrelated to ML or pulse diagnosis.

4. Full-Text Review: Assessed 78 articles; excluded 50
due to insufficient technical detail or clinical
relevance.

5. Final Selection: 28 studies included for synthesis
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.acm|
ified (n=412)};

cess, below of=start| {Duplicates removed (n=85)};

4. Data Extraction & Quality Assessment
4.1 Data Extraction Template

A structured template captured:

o Signal Acquisition: Sensor type (PPG, piezoelectric),
dataset size, sampling frequency.

e Preprocessing: Noise removal (wavelet transforms,
Kalman filters), normalization.

o Feature Engineering: Time-domain
rhythm), frequency-domain (FFT, PSD).

e Model Architecture: Algorithm type (SVM, CNN,
LSTM), hyperparameters, training protocols.

e Performance Metrics: Accuracy, Fl-score, AUC-
ROC, clinical validation outcomes.

(amplitude,

4.2 Quality Assessment

Studies were scored using a modified Newcastle-Ottawa Scale
(NOS) adapted for computational health research:

Max

Criteria
Score

Dataset representativeness (age, gender,

health diversity) 3

Reproducibility (open datasets/code) 2

Statistical rigor (cross-validation, p-values) [2

Clinical validation (vs. expert diagnosis) |3

Studies scoring <6/10 were flagged for bias but retained for
qualitative insights.

5. Data Analysis
5.1 Quantitative Synthesis
e Performance Trends: Aggregated accuracy metrics of
ML models (e.g., SVM: 70-85%, CNN: 88-94%).
e  Statistical Tools: Python libraries (Pandas, SciPy) for

ANOVA and t-tests to compare model efficacy.
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e Visualization: Heatmaps and bar charts (Matplotlib,
Seaborn) to highlight temporal trends (e.g., shift from
SVM to CNNs post-2020).

5.2 Qualitative Synthesis

e Thematic Analysis: Coded challenges (e.g., data
scarcity, interpretability) and innovations (e.g.,
hybrid models, Explainable Al).

e Gap Analysis: Identified unmet needs, such as
multimodal integration (pulse + tongue/voice) and
ethical frameworks for data ownership.

6. Ethical & Cultural Considerations

e Bias Mitigation: Included gray literature (15
conference papers, 8 theses) to counter publication
bias.

e Cultural Sensitivity: Collaborated with Ayurvedic
practitioners (n=5) to validate pulse feature
interpretations and contextualize findings
within Tridosha theory.

e Data Privacy: Anonymized datasets and adhered to
FAIR principles (Findable, Accessible, Interoperable,
Reusable).

7. Limitations

e Language Bias: Excluded non-English studies,
potentially omitting regional innovations.

e Rapid Obsolescence: Fast-paced ML advancements
may limit the longevity of  technical
recommendations.

e Dataset Homogeneity: Most studies used Indian
populations, reducing global generalizability.

IVV. CONCLUSION

The integration of machine learning (ML) with Nadi
Pariksha represents a transformative opportunity to revitalize
this ancient Ayurvedic diagnostic practice through modern
computational frameworks. By automating pulse signal
analysis, ML models such as SVMs, CNNs, and hybrid
algorithms have demonstrated promising accuracy (70-94%)
in  classifying Tridosha imbalances,  offering  objective
validation of Ayurvedic principles while addressing the
subjectivity inherent in traditional methods. However,
challenges such asdata  scarcity, signal  variability,
and interpretability gaps hinder clinical adoption. Standardized
datasets (e.g., Nadi Tarangini), explainable Al (XAl)
techniques, and multimodal approaches (e.g., combining pulse
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with tongue/voice analysis) emerge as critical pathways to
bridge Ayurvedic wisdom with algorithmic rigor.

Future efforts must prioritize interdisciplinary
collaboration among data scientists, clinicians, and Ayurvedic
practitioners to ensure ethical, culturally sensitive integration.
Large-scale clinical trials and wearable 10T devices could
further enhance scalability and accessibility, democratizing
personalized Ayurvedic healthcare. While ML cannot replace
the nuanced expertise of seasoned practitioners, it serves as a
powerful tool to augment diagnostic precision, fostering
global acceptance of Ayurveda in evidence-based medicine.
By harmonizing tradition with innovation, this synergy holds
the potential to redefine holistic healthcare for the digital age.
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