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Abstract

The objective of this study is to develop and evaluate an artificial intelligence-based decision
support system for the non-invasive detection of peripheral arterial disease using
ankle-brachial index measurements obtained from a custom-designed multi-limb blood
pressure monitoring device. This study was designed as a methodological and data-driven
investigation. A custom-designed hardware system capable of simultaneously measuring
systolic and diastolic blood pressure from two arms and two ankles was developed. The
dataset consisted of blood pressure measurements from 948 individuals obtained from a
previously published clinical dataset, from which ankle-brachial index values and additional
physiological features were derived. An artificial intelligence-based classification model was
trained using the extracted parameters to support the diagnostic process. The multilayer
artificial neural network model classified individuals with ABI values below 1.0 as  “at risk.”
The model achieved a classification accuracy of 97.3% on the validation dataset and 98.7%
on the test dataset. An artificial intelligence-based decision support system was developed
for the non-invasive detection of peripheral arterial disease. The proposed system,
combining custom hardware and machine learning, demonstrated high classification
performance and shows potential as a supportive tool for preliminary peripheral arterial
disease assessment.

Keywords: Peripheral arterial disease, Ankle-brachial index, Decision support system, Smart
blood pressure monitoring, Artificial intelligence

Ozet

Bu calismanin amaci, 6zel olarak tasarlanmis cok kollu kan basinci izleme cihazindan elde
edilen ayak bilegi-kol indeksi &lcimlerini kullanarak periferik arter hastaliginin invaziv
olmayan tespiti icin yapay zeka tabanli bir karar destek sistemi gelistirmek ve
degerlendirmektir. Bu calisma, metodolojik ve veri odakli bir aragtirma olarak tasarlanmistir.
iki koldan ve iki ayak bileginden ayni anda sistolik ve diyastolik kan basincini lcebilen 6zel
olarak tasarlanmis bir donanim sistemi gelistirilmistir. Veri seti, daha 6nce yayinlanmis bir
klinik veri setinden elde edilen 948 bireyden alinan kan basinci dlgiimlerinden olusmustur;
bu verilerden ayak bilegi-kol indeksi degerleri ve ek fizyolojik ozellikler turetilmistir. Tani
stirecini desteklemek igin cikarilan parametreler kullanilarak yapay zeka tabanh bir
siniflandirma modeli egitilmistir. Cok katmanl yapay sinir agi modeli, ABI degerleri 1,0'in
altinda olan bireyleri "risk altinda" olarak siniflandirmistir. Model, dogrulama veri setinde
%97,3 ve test veri setinde %98,7 siniflandirma dogruluguna ulasmistir. Periferik arter
hastaliginin invaziv olmayan tespiti icin yapay zeka tabanli bir karar destek sistemi
gelistirilmistir. Ozel donanim ve makine &grenimini birlestiren 6nerilen sistem, yiiksek
siniflandirma performansi gostermis ve periferik arter hastaliginin 6n degerlendirmesi icin
destekleyici bir arag olarak potansiyel sergilemistir.

Anahtar Kelimeler: Periferik arter hastaligi, Ayak bilegi-kol indeksi, Karar destek sistemi,
Akilli kan basinci izleme, Yapay zeka
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INTRODUCTION

Arteries play a fundamental role in the circulatory system by delivering oxygen-enriched blood from
the heart to various organs and tissues throughout the body. The nourishment of these organs
depends on the effective transport of oxygenated blood via these vessels. Peripheral arteries
specifically serve parts of the body outside the heart, including the brain, limbs, lungs, muscles, skin,
and abdominal organs such as the liver, kidneys, stomach, and intestines (Karabay et al., 2012).
Peripheral arterial disease arises when lipid accumulations build up within the arterial walls, leading
to narrowing or obstruction. This reduction in arterial lumen diameter impairs the blood supply to
downstream tissues. PAD most frequently develops due to the advancement of atherosclerosis and
primarily affects arterial branches stemming from below the abdominal section of the aorta (Karabay
et al., 2012; Vlachopoulos et al., 2018).

Doppler ultrasound is one of the most utilized techniques for diagnosing PAD, but several other
imaging modalities are also employed, including the Ankle-Brachial Index (ABI), Computed
Tomography Angiography, Magnetic Resonance Angiography (MRA), and Digital Subtraction
Angiography (Vlachopoulos et al., 2018). However, limitations in resources or time in some primary
care settings may prevent in-depth patient assessments. Therefore, this study aims to create a system
capable of conducting a preliminary evaluation for PAD by calculating the ABI from systolic blood
pressure measurements taken at rest from both upper and lower limbs. The obtained data are then
processed within a decision support model enhanced by artificial intelligence algorithms that rely on
ABI as a foundational diagnostic input.

The Ankle-Brachial Index (ABI) serves as an accessible, non-invasive, and cost-effective approach for
identifying PAD, especially in individuals at risk or showing symptoms in the lower extremities (Marius
et al, 2014). Among multiple diagnostic strategies, ABI is particularly favored due to its ease of use and
reproducibility in routine examinations. The measurement involves determining the ratio between the
highest systolic blood pressure from either the dorsalis pedis or posterior tibial artery at the ankle and
the highest systolic reading from the upper limbs. This ratio is considered a reliable indicator of
peripheral circulatory function (Hirsch et al., 2006). The principle is that any notable narrowing in the
arterial system, whether caused by plaque accumulation within the vessel or compression from
surrounding tissues, can alter the measured pressure ratio.

Despite the widespread clinical use of the ankle-brachial index as a reliable and non-invasive screening
tool, its practical implementation remains limited in routine and primary healthcare settings due to
time constraints, operator dependency, and the need for additional clinical interpretation. Moreover,
conventional diagnostic methods such as Doppler ultrasound and advanced imaging techniques
require specialized equipment and trained personnel, which may not always be readily accessible.
Although recent studies have explored artificial intelligence-based approaches for peripheral arterial
disease detection, most rely on complex imaging data or invasive measurements. Therefore, there is a
clear need for a simple, non-invasive, and intelligent decision support system that integrates
automated blood pressure measurements with artificial intelligence algorithms to support preliminary
peripheral arterial disease assessment. This study addresses this gap by proposing an artificial
intelligence-based decision support system built upon ankle-brachial index measurements obtained
from a custom-designed multi-limb blood pressure monitoring device.

METHOD

This study is designed as a methodological and experimental investigation focusing on the
development and evaluation of an artificial intelligence-based decision support system for peripheral
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arterial disease detection. The Technical Background section provides a contextual overview of related
blood pressure measurement systems and artificial intelligence-based approaches reported in the
literature to position the proposed system within existing research. The Method section, in contrast,
describes the specific measurement protocols and hardware architecture employed in this study.

ABI measurement is among the fast and practical techniques commonly used for the detection of PAH.
This study aims to develop a decision support model for diagnosis by utilizing the non-invasive ABI
method in individuals with conditions such as lower limb arterial occlusion. The proposed model is
intended to facilitate the diagnostic process for patients by providing data outputs that support
healthcare professionals and physicians in clinical decision-making. Index calculations based on ankle
and brachial pressure values are presented in Table 1.

Table 1. Ankle-Brachial Index (ABI) values

ABI Values Situation
>14 Arterial Calcification
1-14 Normal
0.9-1 Acceptable
0.8-0.9 Some Arterial Diseases
0.4-0.8 Moderate Arterial Disease
<0.4 Severe Arterial Disease

Technological Background

This section provides a focused technical overview of blood pressure measurement systems and
artificial intelligence-based approaches relevant to peripheral arterial disease assessment. The
purpose is to outline key technological principles that inform the design of the proposed system rather
than to present a comprehensive literature review. Many previous investigations have addressed the
design and implementation of systems for monitoring blood pressure. For instance, Altunkaya &
Bayrak (2008) introduced an automated device capable of recording blood pressure at scheduled
intervals using the oscillometric method (Altunkaya & Bayrak, 2008). The system incorporated a
compatible pressure sensor to capture cuff pressure data, which was subsequently amplified to
facilitate signal processing. Additionally, a miniature piezoelectric microphone was utilized to identify
Korotkoff sounds. In general, pressure sensors discussed in similar works produce analog outputs that
correspond proportionally to the detected pressure. This is achieved through a piezoresistive
diaphragm structure, which reacts to pressure-induced deformation by altering its electrical
resistance, thus modifying the output voltage. Specifically, the MPX5700DP model from Freescale was
selected in their study, which supports pressure measurements ranging from 0 to 700 kPa.

In another relevant work, Lopez (2012) detailed a blood pressure measurement system constructed
using a microcontroller. Their approach integrated both analog and digital components, aiming to
provide a reliable and reproducible mechanism for automatic blood pressure tracking (Lopez, 2012).
The system was particularly designed to meet the needs of both clinical use and mobile healthcare
scenarios through cost-effective solutions.
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Similarly, Fuentes & Bafnuelos (2004) proposed a semi-automated monitoring device that calculates
systolic and diastolic pressure values (Fuentes & Bafiuelos, 2004). The inflation of the occlusion cuff in
this setup is carried out manually. The sensing component is a piezoresistive silicon pressure
transducer embedded in the system, delivering a voltage output aligned with the applied pressure. It
functions effectively within a 0-50 kPa (0-7.3 PSI) pressure range. During the gradual deflation of the
cuff, the oscillometric method is employed, capturing pressure fluctuations in the brachial artery which
are then analyzed step by step. The study conducted by Gao, et al. (2022) focused on building an Al-
assisted diagnostic system tailored for detecting peripheral arterial disease in elderly populations aged
80 and above (Gao et al., 2022). A total of 539 participants were evaluated, with ABI values determined
through Doppler ultrasound, and additional clinical data obtained via blood sampling. Out of 28
variables examined, 13 showed significant distinction between PAD-affected and unaffected
individuals. The logistic regression-based model achieved sensitivity and specificity scores of 81.5%
and 83.8%, respectively, while the Random Forest model performed even better with values of 89.3%
and 91.6%. The ABI method itself demonstrated diagnostic sensitivity and specificity of 85.1% and
84.5%, respectively.

Lastly, Forghani et al. (2021) proposed an intelligent classification system designed to differentiate
between healthy and PAD-affected vascular structures (Forghani et al, 2021). Their model leveraged
feature selection using a genetic algorithm and addressed the issue of data imbalance through the
RUSBoost technique, which applies random undersampling. A Multilayer Perceptron neural network
served as the base learner due to its strong ability to capture nonlinear and complex characteristics
within vascular data.

Hardware Architecture

Non-invasive blood pressure measurements from 2 ankles and 2 arms were synchronized using the
UNG600F OEM Module. The circuit design of each component of the board was realized using Altium
Designer circuit drawing program. After creating the library and circuit design, the device was
integrated into the PCB design. In this study, STM32WBO0O9KEV6TR wireless microcontroller and
PI3CH281 Mux/Demux integration were added to the Altium Designer library and electronic circuit
design was realized. STM32WBO0O9KEV6TR is an advanced microcontroller that stands out with its low
power consumption and supports wireless communication protocols such as Bluetooth Low Energy
and Zigbee. PI3CH281 is a Mux/Demux integration that provides multi-channel signal routing. The
circuit in Figure 1 is designed in a 4-layer PCB structure using Altium Designer.

Figure 1. Composite system design with UN600OF module
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Decision Support System

In the process of developing the decision support system, a dataset consisting of 948 individuals, based
on the study conducted by Gong et al. (2015), was used to extract key parameters including mean
arterial pressure, pulse pressure, body mass index, and age (Gong et al, 2015). After calculating the
Ankle-Brachial Index (ABI) for each individual, participants were categorized according to their level of
risk. To correct the class imbalance within the dataset, the number of samples in the minority group
was increased by 50 percent using Gaussian noise. Individuals whose ABI values were found to be
below 1.0 were identified as being at risk, and a multilayer neural network was trained based on this
classification scheme.

The artificial intelligence model used for the classification process in the study was created with a
multilayer artificial neural network architecture. The input layer of the model includes 6 attributes.
These inputs are processed in a single hidden layer containing 10 neurons. A sigmoid activation
function is used in the hidden layer. In the output layer, there are 2 neurons and these neurons
represent individuals divided into two classes (risky/non-risk) with the softmax activation function. The
network was trained with a cross-entropy error function and the scaled conjugate gradient algorithm
was used throughout the training process. The training-validation-test split was 70%-15%-15% and the
success of the model was measured as 97.3% in the validation set and 98.7% in the test set. The general
structure of the model is presented in Figure 2.

The training of the developed model was performed with data consisting of 6 attributes of 993
individuals after data augmentation. 70% of the dataset was allocated for training, 15% for validation
and 15% for testing. The Multilayer Neural Network model was created with an architecture containing
10 hidden neurons and the “Scaled Conjugate Gradient” algorithm was used in training.

Input

]
1
®

D N

T o

» Output

Figure 2. General structure of the developed model
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The training process was completed in 41 epochs and the validation performance was checked 6 times
according to the early stopping criterion. The performance of the model was evaluated based on the
cross-entropy loss. In addition, the error rate was 0.0259 in the training set, 0.0268 in the validation
set and 0.0134 in the test set.

RESULTS and DISCUSSION

The confusion matrices obtained in Figure 3 show the classification rate of the developed Multilayer
Neural Network model. On the training data, the model classified “risk-free” individuals with 98.6%
accuracy and “risky” individuals with 90.7% accuracy, reaching 97.4% overall accuracy. In the validation
data, 98.5% accuracy was obtained for “risk-free” individuals and 85.7% for “risky” individuals, and the
overall accuracy was 97.3%. In the test data, the model recognized “risk-free” individuals with 100%
accuracy and “risky” individuals with 88.9% accuracy, and the overall accuracy rate reached 98.7%.
Considering the whole dataset, the overall accuracy of the model was 97.6%.
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Figure 3. The classification rate of the developed multilayer neural network model

The graph in Figure 4 shows the change in the cross-entropy loss of the MLP model during the training
process. The blue, green and red curves represent the error values for the training, validation and test
sets respectively.

Best validation Performance is 0.018866 at epoch 35

entropy)

Cross Entropy (crosss

41 Epochs

Figure 4. Cross-entropy loss of the MLP model during the training process
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The error values, which were initially high, decreased as the training progressed. The green dot and
the dashed line on the graph show that the best performance on the validation data was achieved at
epoch 35 with an error value of 0.01866. The fact that the training and validation curves are close to
each other shows that the model does not overlearn and has a high generalization ability. The test
curve is at similar levels, indicating that the model can achieve high accuracy with unknown data.

The performance of the proposed decision support system is consistent with and, in some aspects,
exceeds the results reported in similar studies in the literature. For example, Gao et al. (2022) reported
sensitivity and specificity values of 89.3% and 91.6% using a random forest—based model for peripheral
arterial disease detection, while Forghani et al. (2021) achieved high classification performance using
a multilayer perceptron combined with feature selection and data balancing techniques. Compared to
these approaches, the proposed system demonstrates comparable or higher classification accuracy
while relying on a simpler, fully non-invasive measurement protocol based on automated ankle—
brachial index acquisition. This indicates that high diagnostic performance can be achieved without
the need for complex imaging modalities or invasive procedures, highlighting the practical applicability
of the proposed approach.

CONCLUSION

In this study, an artificial intelligence-based decision support system is developed for the non-invasive
detection of peripheral arterial disease. A special hardware was designed to measure systolic and
diastolic blood pressure from two arms and two legs. From the measurements of 948 individuals,
attributes such as body mass index, age, pulse pressure, mean arterial pressure, and ABI (Ankle-
Brachial Index) were extracted. Individuals with ABI values below 1.0 were labeled as “risky” and data
imbalance was eliminated by 50% with Gaussian noise-based data augmentation method.

The Multilayer Neural Network model created with the obtained data was trained with 70% training,
15% validation and 15% testing rates. The overall accuracy of the model was 97.6%, the validation
performance was 97.3% and 98.7% on the test data. In particular, the model was able to distinguish
the peripheral arterial disease class with 88.9% accuracy and the normal class with 100% accuracy in
the test data. When these results are analyzed, the artificial intelligence supported decision support
system created was promising for the diagnosis of peripheral arterial disease.

Future studies may focus on validating the proposed system using larger and more diverse datasets,
including different demographic and clinical populations, to further assess its generalizability. In
addition, comparative evaluations with alternative artificial intelligence models may be conducted to
explore potential performance improvements and to further optimize the decision support
framework.
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