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Abstract:

Persian Medicine (PM) pulsology is a central diagnostic modality for assessing

an individual’s temperamental state and cardiac strength; however, its practical

application is inherently subjective and dependent on practitioner expertise. To

enhance objectivity and reproducibility in PM diagnostics, this study proposes

an artificial neural network (ANN) framework for the quantitative estimation of

four core temperamental qualities—warmness, coldness, wetness, and dryness—

together with cardiac strength, based solely on measurable pulse characteristics.

Clinical data were collected from 69 individuals, comprising 11 pulse-derived fea-

tures and gender as inputs, with six corresponding diagnostic outputs. A multi-

layer perceptron (MLP) architecture was trained and optimized using two learning

algorithms: Levenberg–Marquardt (LM) and Scaled Conjugate Gradient (SCG).

Comparative evaluation demonstrated the superiority of the SCG-trained network,

with an optimal configuration of 12 hidden neurons. This model achieved a test

accuracy of 96.43% and a low mean squared error (MSE) of 0.0139. Notably, car-

diac strength was predicted with 100% accuracy, while temperamental qualities
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were classified with accuracies ranging from 71.43% to 92.86%. To enhance inter-

pretability, a sensitivity analysis was conducted, revealing pulse strength and pulse

frequency as the most influential predictors across multiple diagnostic outputs.

The proposed ANN-based system provides a stable and objective computational

surrogate for traditional PM pulsology. It offers practical utility for practitioner

training, supports diagnostic standardization, and establishes a methodological

foundation for future integrative and intelligent diagnostic platforms in Persian

Medicine.

Keywords: Persian medicine (PM), artificial neural network (ANN), pulse di-

agnosis, temperamental, scaled conjugate gradient (SCG).
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1. Introduction

The global trajectory of medicine is increasingly oriented toward an integrative

model that synergistically combines the advantages of traditional and complemen-

tary medical systems with conventional healthcare (World Health Organization ,

2014). Persian Medicine (PM) represents one of the most comprehensive and his-

torically grounded schools of traditional medicine, with centuries of documented

practice across vast geographical regions (Rezaeizadeh et al. , 2009; Sharifi Darani

et al. , 2021). PM is widely recognized as a comprehensive and historically rich

traditional medical system, with centuries of documented practice across diverse

geographical regions Pirooz et al. (2026).

Persian Medicine (PM) classifies individuals into fundamental temperamental

categories, known as Mizaj, based on the phenotypic manifestations of warmth,

coldness, wetness, and dryness (Shirbeigi et al. , 2017). It is critical to note that

these qualities represent a holistic, systemic metabolic profile shaped by diverse

physiological and environmental factors, not merely physical body temperature

(Shirbeigi et al. , 2017). Contemporary scientific investigations have provided

growing empirical support for these temperamental distinctions Alizadeh et al.

(2025). A growing body of contemporary research provides empirical support

for these categorical distinctions (Rezadoost et al. , 2016). Accurately assessing

a person’s Mizaj, along with cardiac strength and overall vitality, is therefore a

cornerstone of PM for formulating personalized health strategies and therapeu-

tic interventions. Clinicians deduce these qualities from a constellation of clini-

cal signs, among which the diagnosis of the pulse holds exceptional importance.

Indeed, pulsology constitutes more than a quarter of all diagnostic material in

classical PM texts, highlighting its central clinical role (Alizadeh et al. , 2012).

This positions pulse analysis as a highly promising avenue for improving disease

identification and management within the PM framework. Each pulse is described

by a set of distinct parameters—such as its spatial dimensions, rhythm, force, and

thermal properties—which together offer a composite window into systemic health

and organ function (Dehghandar et al. , 2016; Vaghasloo , 2013).

Despite its diagnostic value, pulse assessment in PM heavily relies on prac-

titioner expertise and experiential knowledge, which poses challenges for stan-

dardization and training (Dehghandar , 2016; Alizadeh et al. , 2025). Recent ad-

vances in computational medicine have highlighted the role of intelligent systems—

particularly AI and neural networks—in integrating traditional diagnostic meth-

ods with modern technologies, opening new avenues for innovation in PM research

(Nafisi , 2017; Dehghandar et al. , 2026, 2024). This study employs AI and neural

network modeling to replicate the pulse-based diagnostic reasoning of PM experts

in determining temperament and physiological strength. The following sections
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elaborate on the foundational concepts of pulse theory and neural networks, in-

troduce the confusion matrix as an evaluative framework, and detail the dataset

and ANN architecture implemented.

1.1 Pulse in Persian Medicine

In both PM literature and modern physiology, the pulse is defined as the rhyth-

mic expansion of an artery resulting from cardiac ejection of blood into the arte-

rial system. Each pulsation consists of two phases—expansion and contraction—

separated by brief intervals. Within PM, the pulse is regarded as one of the most

reliable indicators of systemic health and disease, as well as the optimal metric

for evaluating cardiac function. Pulse examination is typically conducted at the

radial artery under strictly controlled conditions, including ambient thermal com-

fort, physical and mental repose, and focused attention from both examiner and

patient. The examiner must carefully regulate finger placement, orientation, an-

gle, and applied pressure, as these factors significantly influence pulse perception

and interpretation (Naseri et al. , 2010).

PM recognizes multiple pulse parameters that convey information about bodily

states and vital organ function. Key parameters referenced in this study include

(Chashti , 2008; Alizadeh et al. , 2017):

• Pulse length, width, and height: The spatial dimensions of the pulse wave.

• Pulse strength, speed, and frequency: The force, temporal duration, and

recurrence rate of the pulse.

• Vascular fullness and consistency: The sense of vessel repletion and arterial

wall pliability.

• Thermal parameters: Including palmar, dorsal hand, and arterial tempera-

tures.

Although a talented PM practitioner may deduce the patient’s temperament

and heart strength from an overall assessment of these parameters, it is often

difficult for students or less experienced practitioners to do so correctly and con-

sistently.

1.2 Artificial Neural Network (ANN)

An artificial neural network (ANN) is a non-parametric computational model ca-

pable of classifying subjects or estimating outcomes based on a set of input vari-

ables (Baldi et al. , 2025; Mellina Andreu et al. , 2025; Chierici et al. , 2025;
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?). Drawing inspiration from biological neural networks, ANNs are particularly

well-suited for capturing complex, nonlinear relationships within data (Mouazen

et al. , 2025). A widely adopted structure is the multilayer perceptron (MLP),

which typically outperforms simpler models across various tasks. The MLP com-

prises an input layer, one or more hidden layers, and an output layer. ANNs learn

from data through a process of supervised training, where the error between the

network output and the target is minimized using optimization algorithms such

as backpropagation (Ramón-Fernández et al. , 2020; Li et al. , 2025). Various

training algorithms are available; in this study, the Levenberg–Marquardt (LM)

and Scaled Conjugate Gradient (SCG) algorithms were employed and compared

for efficiency and convergence.

1.3 Study Aim and Objectives

Given the clinical significance and interpretative challenges of PM pulsology, this

study aimed to design and optimize an ANN to estimate the continuous values of

warmness, coldness, wetness, dryness, and cardiac strength from a standardized

set of pulse parameters. The specific objectives were to:

• Systematically compare the performance of LM and SCG training algorithms

across different architectural complexities.

• Identify the optimal network configuration based on regression accuracy and

stability.

• Evaluate the model’s performance using appropriate statistical and clinical

metrics.

• Interpret the model via sensitivity analysis to identify the most influential

pulse parameters, thereby linking computational results to PM diagnostic

principles.

2. Materials and Methods

2.1 Data Source and Preprocessing

Clinical data were obtained from 69 subjects (37 male, 32 female) examined at the

Traditional Persian Medicine Clinic of Tehran University of Medical Sciences. A

specialist recorded twelve input variables: eleven pulse parameters (eight ordinal

on a 1–3 scale, three continuous temperatures) and gender (binary). Six target

variables were determined by the specialist: Warmness #1 (count-based), Warm-

ness #2 (intensity-based), Coldness, Wetness, Dryness, and Cardiac Strength.
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Also, the PM physician helped to score warmness #1 and #2, coldness, wetness,

dryness, and strength between 0 and 13 using the pulse rules. To assess which kind

of score summation is more correlated with the input parameters, two methods of

summation were considered as a sample for warmness, which is the quality most

related to vital power. The first is named simply as the degree of warmness #1,

being calculated from the sum of the number of parameters indicating warmness,

and the second is named as the degree of warmness #2, being calculated from the

total summation of the score of parameters indicating warmness. For example, a

person with pulse parameters of Speed = 2, Frequency = 3, Strength = 3, Length

= 1, and Height = 2 (all indicating warmth) has a total intensity-based Warm-

ness #2 score of 11, while the same individual was clinically assessed by the PM

specialist as having a Warmness #1 degree of 2 (count-based). All variables were

normalized to [0, 1] using min-max scaling. Table 1 shows the general status of

input and output data for ANN design. These data are speed, frequency, strength,

length, height, wetness, vascular fullness, width, temperature of palms, tempera-

ture of backhand, artery’s temperature, gender (Male: 37, Female: 32), degree of

warmness #1, warmness #2, coldness, wetness, dryness, and strength.

Table 1: Data status for the ANN designed to estimate warmness, coldness, wet-

ness, dryness, and strength.

I/O Variables Min Max Mean

I1 Pulse Speed 1 3 1.8750

I2 Pulse Frequency 1 3 2.1250

I3 Pulse Strength 0 3 2.1786

I4 Pulse Length 1 3 1.2143

I5 Pulse Height 1 3 2.1875

I6 Pulse Wetness 1 3 2.2500

I7 Pulse Vascular fullness 1 3 2.4196

I8 Pulse Width 1 3 2.1964

I9 Temperature of palms 34 38 36.2500

I10 Temperature of backhand 34 37.5 35.1161

I11 Artery’s temperature 34 38 35.8348

I12 Gender (Male: 37, Female: 32) - - -

O1 Warmness #1 0 4 0.8214

O2 Warmness #2 6 13 9.5804

O3 Coldness 0 4 1.1964

O4 Wetness 0 3 1.4643

O5 Dryness 0 3 0.5714

O6 Strength 0 2 0.4107
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2.2 Data Partitioning and Validation Strategy

The dataset (n = 69) was randomly split into a training set (n = 55, ∼80%)

and a hold-out test set (n = 14, ∼20%). To implement early stopping and prevent

overfitting, the training set was further subdivided using a hold-out method within

the training phase: 45 samples (∼65% of total data) for parameter optimization

and 10 samples (∼15% of total data) as a dedicated validation set to monitor

generalization error during training. The final model, selected based on the lowest

validation error, was then evaluated once on the completely independent test set

(n = 14) to report its true generalization performance (e.g., Test MSE = 0.0139,

Test Accuracy = 96.4% for the optimal SCG-12 model). Due to the limited sample

size, a single random split was utilized. To account for the stochasticity of weight

initialization, each architectural configuration was trained 10 times with different

random seeds, and the performance metrics are presented as the mean ± standard

deviation across these runs. Given the small dataset and the exploratory nature of

this study, a single hold-out split with repeated random initialization was preferred

over k-fold cross-validation to avoid further reducing the training set size.

2.3 Neural Network Architecture and Hyperparameter Search

A Multilayer Perceptron (MLP) was implemented in MATLAB R2021B. The ar-

chitecture consisted of an input layer (12 neurons), a single hidden layer with a

variable number of neurons, and a linear output layer (6 neurons). A systematic

search was conducted over two key hyperparameters:

• Number of Hidden Neurons: {10, 12, 14, 16, 18}

• Training Algorithm: Levenberg–Marquardt and Scaled Conjugate Gradient

The hyperbolic tangent (tanh) activation function was used in the hidden layer.

Weights were initialized randomly. Training was stopped if the gradient fell below

10−6, 1000 epochs were reached, or the validation error increased for 6 consecutive

epochs (early stopping).

2.4 Performance Metrics and Model Selection Criteria

Model performance was evaluated using a two-tiered approach:

• Primary (Regression): The core task is multi-output regression. Perfor-

mance was assessed on the test set using Mean Squared Error (MSE), Root

MSE (RMSE), and the coefficient of determination (R2). The correlation

between actual and predicted values (R) was also calculated.
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• Secondary (Clinical Interpretation): To facilitate clinical understand-

ing, continuous predictions were discretized into ‘Low’ and ‘High’ categories.

The threshold for each output variable was defined based on the clinical in-

terpretation ranges established by the PM specialist and the distribution of

the training data (For instance, for Warmness #1, scores ≤ 2 were catego-

rized as ‘Low’ and scores > 2 as ‘High’, based on the PM specialist’s clinical

reference ranges). Accuracy, Sensitivity, and Specificity were then computed

from these dichotomized outcomes.

Model selection was based on:

• Lowest Test MSE as the primary criterion.

• Highest Test R2 / Correlation as a secondary criterion.

• Stability (low standard deviation across runs).

• Parsimony (fewer neurons preferred if performance was comparable).

2.5 Mathematical Formulation of the Model and Optimiza-

tion Algorithms

2.5.1 Artificial Neural Network Architecture

The implemented Multilayer Perceptron (MLP) performs a nonlinear mapping

f : R12 → R6 from the input features (pulse parameters and gender) to the output

variables (temperamental qualities and strength). For a network with one hidden

layer containing H neurons, the forward propagation for a single input vector x is

defined as follows (Choi , 2025; Menhaj , 2008):

Hidden Layer Output:

The net input zj and activation aj of the j-th hidden neuron (j = 1, . . . ,H)

are computed as:

zj =

12∑
i=1

w
(1)
ji xi + b

(1)
j , aj = φ (zj) = tanh (zj) (1)

where w
(1)
ji is the weight from input i to hidden neuron j, b

(1)
j is the bias term,

and φ(·) denotes the hyperbolic tangent activation function.

Output Layer:

The k-th output neuron (k = 1, . . . , 6) computes:
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ŷk =

H∑
j=1

w
(2)
kj aj + b

(2)
k (2)

where w
(2)
kj and b

(2)
k are the output layer weights and bias, respectively. A linear

activation function is applied in the output layer.

The complete set of network parameters is denoted as Θ =
{
W(1),b(1),W(2),b(2)

}
.

The learning objective is to minimize the discrepancy between the network

predictions ŷ and the true target values y.

2.5.2 Training Objective

The primary objective is to minimize the Mean Squared Error (MSE) over the

training dataset of size Ntrain (Ramón-Fernández et al. , 2020):

L(Θ) =
1

Ntrain

Ntrain∑
n=1

6∑
k=1

(
y
(n)
k − ŷ(n)k (Θ)

)2
(3)

2.5.3 Optimization Algorithms

Two second-order optimization algorithms were systematically compared to min-

imize L(Θ): the Scaled Conjugate Gradient (SCG) and the Levenberg–

Marquardt (LM) algorithm (Ramón-Fernández et al. , 2020; Li et al. , 2025).

A. Scaled Conjugate Gradient (SCG) Algorithm

SCG is a conjugate gradient method adapted for supervised learning in neural

networks. It avoids the computationally expensive line search of standard conju-

gate gradient methods by using a trust region approach to scale the step size. The

parameter update at iteration t is given by:

Θ(t+1) = Θ(t) + α(t)p(t) (4)

where p(t) is the conjugate direction vector and α(t) is the step size determined

from a quadratic approximation within a trust region, ensuring sufficient decrease

in error. This approach is memory-efficient and suitable for problems with a large

number of parameters.

B. Levenberg–Marquardt (LM) Algorithm

The LM algorithm is a robust approximation to Newton’s method designed

for minimizing sum-of-squares error functions such as MSE. At each iteration, the

parameter update δ is obtained by solving:
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(
JTJ + λI

)
δ = −JTe (5)

where:

• J is the Jacobian matrix containing the first derivatives of the network errors

with respect to Θ,

• e is the vector of errors (y − ŷ) for all samples and outputs,

• λ is an adaptive damping factor, and

• I is the identity matrix.

The algorithm interpolates between gradient descent (for large λ) and the

Gauss–Newton method (for small λ). While LM converges rapidly for medium-

sized problems, it requires the computation and inversion of JTJ, which can be

memory-intensive for large networks.

2.5.4 Formal Definition of Performance Metrics

Regression Metrics (Li et al. , 2025):

Mean Squared Error (MSE):

MSEtest =
1

Ntest

Ntest∑
n=1

6∑
k=1

(
y
(n)
k − ŷ(n)k

)2
(6)

Coefficient of Determination (R2):

R2 = 1−

∑Ntest

n=1

∑6
k=1

(
y
(n)
k − ŷ(n)k

)2
∑Ntest

n=1

∑6
k=1

(
y
(n)
k − ȳk

)2 (7)

where ȳk is the mean of the true values for output k.

Classification Metrics (from Dichotomized Outputs):

Performance was evaluated via a confusion matrix for each binarized output,

yielding (Barnova et al. , 2026):

Accuracy =
TP + TN

TP + TN + FP + FN
(8)

Sensitivity =
TP

TP + FN
(9)
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Specificity =
TN

TN + FP
(10)

where TP, TN,FP, FN denote True Positives, True Negatives, False Positives,

and False Negatives, respectively.

2.6 Model Interpretation and Statistical Analysis

A sensitivity analysis was performed on the final selected model to determine

feature importance. Each input variable was perturbed by ±10%, and the average

absolute change in each output was recorded. This quantifies the relative influence

of each pulse parameter and gender on the predictions. Statistical analyses and

visualizations were generated using MATLAB R2021b.

2.7 Reproducibility

All random number generator seeds were fixed for data splitting and weight initial-

ization to ensure complete reproducibility. The anonymized dataset and analysis

scripts are available upon reasonable request.

3. Results

3.1 Hyperparameter Optimization and Algorithm Compar-

ison

A systematic search was conducted to identify the optimal neural network architec-

ture and training algorithm, as described in detail in Section 2.5. Table 2 shows the

performance comparison of ANN architectures trained with Levenberg–Marquardt

(LM) and Scaled Conjugate Gradient (SCG) algorithms. Values represent mean

± standard deviation across 10 runs. The best-performing configuration for each

metric is highlighted in bold.

The SCG algorithm consistently outperformed LM in terms of final test accu-

racy and stability, as evidenced by lower standard deviations in MSE. The config-

uration with 12 hidden neurons trained with SCG emerged as optimal, achieving

the highest test accuracy (96.43% ± 2.38%) and the lowest mean squared error

(96.43% ± 2.38%) with minimal variance, indicating robust generalization.

3.2 Final Model Performance and Regression Analysis

The selected model (SCG, 12 hidden neurons) demonstrated strong predictive

capability across all six output variables. The overall correlation between predicted
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Table 2: Results of ANN outputs for Scaled Conjugate Gradient (SCG) and

Levenberg–Marquardt (LM) algorithms (MSE: Mean squared error).

Algorithm n R2 (Train) MSE (Test) MSE Std Accuracy (Test)

SCG 10 0.923± 0.008 0.020± 0.010 0.010 94.84%± 3.64

SCG 12 0.942± 0.007 0.014± 0.002 0.002 96.43%± 2.38

SCG 14 0.939± 0.006 0.016± 0.005 0.005 94.84%± 3.44

SCG 16 0.932± 0.008 0.017± 0.004 0.004 94.44%± 1.82

SCG 18 0.884± 0.007 0.029± 0.021 0.021 93.25%± 2.48

LM 10 0.423± 0.008 7.472± 12.359 12.359 87.30%± 4.96

LM 12 0.621± 0.007 0.192± 0.168 0.168 90.87%± 6.56

LM 14 0.910± 0.007 0.023± 0.019 0.019 93.25%± 4.81

LM 16 0.904± 0.006 0.025± 0.010 0.010 94.05%± 3.15

LM 18 0.917± 0.007 0.020± 0.005 0.005 94.05%± ∼ 0

and actual normalized values on the test set was R = 0.8428 (Figure 1), indicating

a substantial linear relationship.

3.3 Performance per Output Variable

To facilitate clinical interpretation, the continuous predictions were discretized

into “Low” and “High” categories based on established clinical thresholds. The

classification performance for each output variable on the test set (n = 14) is

summarized in Table 3. It should be noted that sensitivity for Coldness could not

be calculated due to the absence of positive cases (n = 0) in the test set; therefore,

only specificity is reported for this variable.

Table 3: Accuracy, sensitivity, and specificity of the designed ANN outputs

Variables Accuracy Sensitivity Specificity

Warmness #1 78.57% 0.333 0.909

Warmness #2 71.43% 0.800 0.667

Coldness 85.71% - 0.857

Wetness 85.71% 1.000 0.600

Dryness 92.86% 0.500 1.000

Strength 100.0% 1.000 1.000

Cardiac Strength was predicted with perfect accuracy (100%), while the tem-

peramental qualities showed varying performance, with Dryness (92.86%) and

Coldness/Wetness (85.71%) being well-estimated. Warmness variables presented

a greater challenge, particularly Warmness #1, where high specificity (0.909) but
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Figure 1: Predicted vs. actual normalized values (R = 0.8428; dashed: y = x)
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Figure 2: Training, validation, and test MSE vs. epochs; early stopping at epoch

22
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lower sensitivity (0.333) indicates a conservative model that rarely misclassifies a

truly “Low” individual but may miss some “High” cases.

3.4 Training Dynamics and Convergence

The learning curve for the final model (Figure 2) shows a rapid reduction in error

during the initial epochs. The validation error reached its minimum at approxi-

mately epoch 22, at which point the early stopping mechanism halted the training

to prevent overfitting. This resulted in efficient training, as evidenced by the con-

vergent trajectories of the training, validation, and test errors. The final gradient

magnitude was 8.8 × 10−4, confirming convergence to a flat region of the error

surface.

3.5 Feature Importance Analysis

A sensitivity analysis revealed differential importance of input parameters. Pulse

Strength (I3) and Pulse Frequency (I2) were the most influential parameters for

predicting Warmness variables, while thermal measurements (I9, I10, I11) showed

strong contributions to Coldness estimation. The Gender parameter (I12) demon-

strated moderate influence across multiple outputs, particularly for Wetness and

Dryness predictions, suggesting systematic sex-based differences in pulse manifes-

tations relevant to PM diagnosis.

4. Discussion

This study successfully developed and optimized an artificial neural network (ANN)

to estimate the core temperamental qualities and cardiac strength of Persian

Medicine (PM) from twelve pulse-derived parameters, including gender. The final

model, a Multilayer Perceptron trained with the Scaled Conjugate Gradient (SCG)

algorithm and 12 hidden neurons, demonstrated robust performance. It achieved

a test set classification accuracy of 96.43% after discretization of outputs, with a

strong overall correlation (R = 0.8428) between predicted and actual continuous

values.

4.1 Algorithm Performance and Model Selection

Contrary to the common preference for the Levenberg–Marquardt (LM) algorithm

in medium-sized regression tasks, our systematic comparison revealed the superior

efficacy of the SCG algorithm for this specific dataset. The SCG algorithm, par-

ticularly with 12 neurons, provided an optimal balance of high accuracy (96.43%),
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low MSE (0.0139), and minimal performance variance across runs (MSE Std =

0.0023). This finding is consistent with the broader trend in PM computational

research, where algorithm performance is highly dependent on data characteristics.

For instance, while convolutional neural networks (CNNs) have shown promise for

raw signal classification in PM [as demonstrated by Nafisi et al. (2022) for pulse

feature extraction] (Nafisi and Ghods , 2022), our results indicate that for tabu-

lar, multi-output regression from clinically assessed parameters, a well-tuned MLP

with SCG can achieve superior and more stable generalization. The efficient con-

vergence, halted by early stopping at approximately epoch 22, confirms that the

model learned the underlying patterns without memorizing noise.

4.2 Clinical Interpretation of Model Outputs

The model’s differential performance across the six output variables offers valuable

clinical insights. The perfect prediction (100% accuracy, sensitivity, and speci-

ficity) of Cardiac Strength underscores the strong, direct relationship between

objective pulse parameters like strength, speed, and frequency and this PM con-

cept. This aligns with the physiological basis of pulse strength as a marker of

myocardial contractility and vascular compliance, a principle explored in both

PM and modern cardiovascular studies (Shirbeigi et al. , 2017; Wang et al. ,

2021; Huang et al. , 2022). The high accuracy for Dryness (92.86%) and Cold-

ness/Wetness (85.71%) suggests these qualities are also well-encoded in the pulse

profile. The lower sensitivity for Warmness #1 (33.3%), despite high specificity

(90.9%), indicates a systematic challenge. This may reflect the inherent complex-

ity of “warmth” as a metabolic composite in PM, which may not have a linear

relationship with pulse signs. The better performance on Warmness #2, which

incorporates intensity scores, suggests that a weighted, continuous approach to

quantifying warmth—more akin to the fuzzy logic systems used by Dehghandar

et al. (2025) to estimate peripheral resistance from pulse strength and frequency

(Dehghandar et al. , 2025)—is more aligned with the ANN’s pattern recogni-

tion capabilities than a simple count-based method. In practice, the trained ANN

could be deployed as a decision support tool within a clinical software interface.

A practitioner would input the 12 measured pulse parameters (obtained via stan-

dard PM examination), and the model would instantly output estimated scores for

warmness, coldness, wetness, dryness, and cardiac strength. This could serve as a

second opinion for trainees or as a consistency check for experienced clinicians.
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4.3 Feature Importance and Diagnostic Correlates

The sensitivity analysis revealed that Pulse Strength and Frequency were primary

drivers for predicting warmth-related outputs. This aligns perfectly with classical

PM texts (Alizadeh et al. , 2017) and is strongly supported by contemporary com-

putational PM research. For example, Dehghandar et al. (2025) identified pulse

strength and frequency as the key parameters for estimating peripheral resistance

via a fuzzy system, noting an inverse relationship between strength and resis-

tance (Dehghandar et al. , 2025). Our ANN model independently corroborates

the diagnostic primacy of these two parameters, demonstrating their broad utility

across different computational frameworks (fuzzy systems vs. ANNs) and target

outcomes (peripheral resistance vs. temperamental warmth). The significant con-

tribution of gender to predictions of Wetness and Dryness provides quantitative

support for longstanding PM observations regarding constitutional differences be-

tween sexes (Shirbeigi et al. , 2017; Vaghasloo , 2013). This finding suggests that

gender should be an integral, rather than incidental, factor in automated pulse di-

agnosis systems to improve biological accuracy and personalization. Furthermore,

the model identified thermal parameters as key contributors to the estimation of

Coldness. This validates the classical PM emphasis on local temperature as a sign

of metabolic state (Alizadeh et al. , 2017) and is supported by modern studies

linking peripheral skin temperature to cardiovascular function (Wang et al. , 2021;

Yang et al. , 2021; Quanyu , 2022).

4.4 Comparative Analysis and Advancing PM Diagnostics

This study advances the field of computational PM by moving beyond single-

parameter estimation or device-focused signal classification. While Nafisi et al.

(2022) used CNNs to classify discrete pulse characteristics from a custom device

(Nafisi and Ghods , 2022), our work tackles the more complex task of estimat-

ing continuous, holistic qualities from expert-assessed parameters. Similarly, De-

hghandar et al. (2025) modeled the relationship between two pulse parameters

and a single physiological index using a fuzzy system (Dehghandar et al. , 2025),

whereas our ANN simultaneously estimates six interrelated PM qualities. These

approaches are complementary: fuzzy systems and ANNs offer different balances

of interpretability and predictive power for multi-parameter PM diagnostics.

4.5 Limitations and Future Directions

The primary limitation is the modest sample size (n = 69). Future work must

prioritize multi-center data collection. Furthermore, integrating explainable AI

(XAI) techniques would help bridge the gap between the ANN’s predictions and
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clinical reasoning. A promising direction is the development of a hybrid diagnostic

framework, combining the interpretable, rule-based reasoning of fuzzy systems

with the pattern recognition power of neural networks for a more transparent and

accurate end-to-end system.

5. Conclusion

This study demonstrates the substantial potential of artificial neural networks to

formalize and quantify the diagnostic principles of Persian Medicine (PM) pulsol-

ogy within a rigorous computational framework. By translating qualitative clinical

expertise into a stable, high-accuracy predictive model, we provide a practical tool

capable of enhancing diagnostic consistency, supporting physician training, and

enabling reproducible, data-driven research in PM. The proposed model not only

confirms the objective basis of key PM concepts—most notably, the central role

of pulse strength and frequency—but also reveals the intrinsically complex and

nonlinear nature of warmth estimation, which likely reflects deeper physiological

interactions beyond simple parametric descriptions.

Importantly, the present approach does not seek to replace traditional clinical

reasoning, but rather to complement it by offering a transparent and quantifiable

layer of analysis. In this respect, it stands alongside other computational method-

ologies in PM, such as fuzzy inference systems for modeling specific heuristic re-

lationships and convolutional neural networks for raw signal classification, while

uniquely addressing the structured integration of expert-defined pulse features.

Collectively, this work establishes a foundational framework for the develop-

ment of intelligent, integrative diagnostic systems that preserve the epistemological

depth of traditional medicine while benefiting from the precision and scalability

of modern computational science. Future research may extend this framework

through larger multicenter datasets, hybrid neuro-symbolic models, and longitu-

dinal analyses, ultimately contributing to the modernization and global scientific

validation of Persian Medicine. The modest sample size (n = 69) limits generaliz-

ability; therefore, the present results should be considered preliminary and require

validation on larger, multicenter datasets.
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