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ABSTRACT

Peripheral artery disease (PAD) constitutes a major and often under-recognized manifestation of systemic atherosclerosis, with
substantial morbidity and mortality implications. Early detection remains challenging, owing to heterogeneous symptomatology,
limited screening practices and subtle imaging changes in the asymptomatic or early stages. This research explores an integrative
framework of artificial intelligence (Al)-driven predictive analytics that combines longitudinal clinical data, demographic and
laboratory risk markers, and advanced vascular imaging features to enable early identification of PAD and stratification of
progression risk. Leveraging machine-learning and deep-learning architectures, the proposed system ingests structured electronic
health-record data, non-invasive vascular imaging (such as computed tomography angiography, magnetic resonance angiography
and pulse-volume waveform recordings), and selected functional biomarkers to build multivariate risk models and imaging-
derived phenotypes. A hybrid modelling pipeline is described, consisting of (i) feature extraction and engineering from
clinical/instrumentation data, (ii) convolutional and transformer-based neural networks for vascular image segmentation and
perfusion prediction, (iii) ensemble learning for risk-score computation, and (iv) temporal outcome modelling for early prediction
of disease progression. Results from simulated and retrospective cohorts suggest that integration of imaging insights with standard
clinical predictors significantly improves detection sensitivity in early or preclinical PAD compared with ankle—brachial index
alone, and enables more accurate risk stratification of patients for limb- and cardiovascular-event outcomes. Key challenges
including data harmonisation across imaging modalities, model interpretability, deployment in heterogeneous healthcare settings,
and ethical considerations around algorithmic bias are discussed. The research concludes by proposing a roadmap for clinical
translation of Al-enabled PAD detection: validation in large multicentre datasets, incorporation of explainability layers, periodic
retraining with real-world data, and prospective trials to assess impact on clinical decision-making and patient outcomes.
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INTRODUCTION

Peripheral artery disease (PAD) is a progressive vascular disorder characterised by the narrowing or occlusion of peripheral
arteries, most commonly affecting lower-extremity circulation. It represents a major clinical expression of systemic
atherosclerosis and is strongly associated with heightened risks of limb loss, cardiovascular events and premature mortality.
Despite its global prevalence—estimated to exceed 230 million adults worldwide—PAD remains substantially underdiagnosed,
often due to its initially asymptomatic nature, overlapping clinical presentations and limited routine screening in primary care
settings. Traditional diagnostic measures such as the ankle—brachial index (ABI), duplex ultrasonography, computed tomography
angiography (CTA) and magnetic resonance angiography (MRA) provide valuable structural and perfusion insights; however,
their sensitivity in early or preclinical disease stages is limited, particularly among populations with diabetes mellitus, renal
impairment, and microvascular dysfunction. Consequently, a large proportion of individuals with PAD remain undetected until
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the disease progresses to symptomatic stagnation or chronic limb-threatening ischemia, where treatment options are fewer, more
invasive and less successful. This diagnostic gap highlights an urgent need for earlier and more precise risk stratification pathways
that integrate clinical data, functional biomarkers and multimodal imaging features.

The rapid advances in artificial intelligence (AI), machine learning (ML), and deep learning (DL) offer unprecedented
opportunities to transform PAD detection and management. By leveraging the computational capacity to process high-
dimensional and heterogeneous datasets, Al-driven predictive analytics enables the extraction of subtle and complex patterns that
may otherwise remain undetected using conventional statistical techniques. Integrating longitudinal clinical indicators—such as
demographic variables, comorbidity profiles, laboratory biomarkers, ABI trends, gait-based features and hemodynamic
waveforms—with advanced imaging phenotypes derived from CTA, MRA, ultrasound and perfusion mapping allows for the
creation of automated predictive systems that generate individualized risk scores and prognostic trajectories. Early studies within
cardiovascular and neurovascular imaging domains demonstrate that deep neural networks can outperform traditional diagnostic
approaches by learning spatial-temporal signatures of tissue perfusion, plaque characteristics and vascular morphology. In the
context of PAD, such an integrative Al-based framework possesses strong potential to improve early identification, enable
proactive intervention planning, reduce dependence on invasive diagnostics and support clinicians in making evidence-based
therapeutic decisions.

OVERVIEW, SCOPE AND OBJECTIVES

This research investigates the development of an Al-enabled predictive analytics framework designed for the early detection and
risk classification of peripheral artery disease through multimodal integration of structured clinical data and vascular imaging
insights. The scope of this work encompasses five major technical and clinical components: (1) systematic collection and
harmonisation of clinical history, biometric indices and laboratory biomarkers relevant to PAD risk; (2) acquisition and processing
of non-invasive vascular imaging modalities including CTA, MRA, duplex ultrasound and pulse-volume recordings; (3) design
and implementation of machine-learning-based feature engineering and selection methods for structured data; (4) application of
deep-learning architectures—specifically convolutional neural networks (CNNs) and transformer-based models—for vessel
segmentation, plaque characterisation and perfusion prediction; and (5) development of a hybrid ensemble system integrating
both clinical and imaging features to generate early-detection outputs and longitudinal risk-progression forecasts. The study aims
to evaluate whether Al-derived indicators provide significant incremental value over standard diagnostic indices and whether
predictive performance is improved by combining multi-source inputs rather than using single-domain datasets independently.
Additionally, this research explores strategies to ensure model interpretability and fairness, addressing concerns related to clinical
adoption, demographic bias and data-distribution imbalance.

Author Motivation

The motivation for conducting this research arises from the persistent global burden of peripheral artery disease and the clinical
challenges surrounding its detection at an early, reversible stage. Observational data suggest that delays in diagnosis exceed
several years for many patients, and up to 50% of those with PAD are only identified when the disease has already advanced to
moderate or severe ischemia. Existing tools provide limited capability to predict progression or differentiate between stable and
rapidly deteriorating disease phenotypes. As a result, clinicians lack precise decision-support mechanisms that could guide timely
intervention, optimise treatment pathways, or target preventive strategies effectively. Moreover, the rapid growth of real-world
medical datasets from electronic health records (EHRs), wearable sensors and imaging systems provides an unprecedented
opportunity to shift PAD management from reactive treatment to intelligent early prediction. Therefore, the authors are motivated
to bridge the translational gap between Al innovation and clinical vascular practice, aiming to develop models that are not only
accurate but also practical and interpretable enough for integration into real healthcare environments.

Paper Structure

The remainder of this research paper is structured as follows. Section II reviews existing literature concerning artificial
intelligence and predictive modelling in vascular disease diagnostics and presents current gaps in early detection of PAD. Section
IIT details the proposed methodology, including data acquisition, preprocessing pipelines, feature-extraction techniques, deep-
learning architectures for imaging analysis and ensemble predictive modelling strategies. Section IV presents experimental
evaluation, performance metrics, comparative analysis against baseline indicators such as ABI and conventional imaging
assessments and validation on retrospective and simulated cohorts. Section V discusses clinical implications, deployment
feasibility, limitations, ethical considerations related to fairness and transparency, and requirements for prospective evaluation.
Section VI concludes by summarizing key findings, highlighting contributions and outlining future research directions for
multicentre validation, real-world integration, and Al interpretability frameworks. The paper ultimately advocates for a paradigm
shift toward proactive PAD management through Al-driven early detection, which has the potential to significantly improve
patient outcomes and reduce global health burdens associated with vascular disease.

LITERATURE REVIEW AND RESEARCH GAP

Peripheral artery disease (PAD) has been the focus of expanding research, particularly with regard to early diagnosis and risk
stratification through artificial intelligence and multimodal data analytics. Traditional screening approaches, such as ankle—
brachial index (ABI), have been widely used in primary care settings; however, they demonstrate reduced sensitivity in specific
patient groups, including individuals with diabetes mellitus, arterial calcification, and chronic kidney disease, leading to frequent
false-negative results and missed preclinical disease [10], [11]. Conventional imaging modalities including computed tomography
angiography (CTA), magnetic resonance angiography (MRA), and duplex ultrasonography are essential tools in vascular
evaluation, yet they tend to be applied predominantly after symptom onset and structural arterial damage [4], [S]. This diagnostic
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delay contributes significantly to poor outcomes, with many patients first presenting with advanced ischemia, leading to elevated
risks of lower-extremity amputation and systemic cardiovascular complications [1], [3]. Recognising the limitations of current
practices, recent research emphasises the need for predictive solutions that identify PAD prior to clinical deterioration and that
incorporate diverse data modalities beyond single-parameter assessments such as ABI alone [7], [10].

Recent advancements in artificial intelligence (AI) and deep learning have generated intense interest in transforming PAD
detection by integrating clinical and imaging features to reveal complex physiological patterns undetectable through traditional
analytics. A comprehensive systematic analysis by Wilson et al. highlighted the accelerating application of Al in PAD diagnostics
and characterised the potential of machine-learning models to improve diagnostic precision [3]. Similarly, Lareyre et al. evaluated
imaging-centric deep-learning strategies and emphasised the role of Al-supported plaque characterisation and vascular
morphology analysis for enhanced diagnostic resolution [4]. Studies such as Shahrbabak et al. demonstrated the feasibility of
using deep-learning-based pulse-waveform interpretation to detect PAD through non-invasive physiological signals, achieving
predictive capacity beyond clinician interpretation alone [8]. Meanwhile, Li et al. developed biomarker- and laboratory-driven
ML models capable of predicting PAD progression using large prospective datasets, showing significantly higher prognostic
performance compared with standard statistical modelling [7].

Moreover, several recent contributions highlight the clinical promise of Al-enhanced vascular imaging. Pomozi et al. illustrated
the integration of MRI imaging with neural-network techniques to classify vascular perfusion deficits and plaque instability,
suggesting benefits for early detection and risk assessment [5]. Mueller et al. applied multiple-instance learning to retinal fundus
images for identifying PAD biomarkers, demonstrating that vascular abnormalities in retinal microcirculation can serve as
predictive indicators for systemic arterial disease [13]. Al-Ramini et al. further explored gait-based laboratory acquisition coupled
with ML classifiers, identifying distinct biomechanical gait signatures associated with PAD progression [12]. Collectively, such
works suggest that predictive analytics combining high-dimensional clinical, physiological and imaging information may
significantly improve early PAD detection capability relative to current modalities.

Although promising, the literature also reveals several persisting research limitations and gaps. First, most existing Al-based PAD
models rely on single-domain datasets rather than multimodal integration of clinical and imaging sources, reducing their
adaptability and generalizability to real-world populations [3], [10]. Second, few studies address the need for temporal modelling
of disease progression trajectories, limiting clinical utility for proactive intervention rather than reactive diagnosis [7], [14]. Third,
cross-institutional validation is largely absent: many models are trained on small, geographically constrained datasets, restricting
deployment feasibility and rendering them vulnerable to demographic, racial, or equipment-related biases [1], [4], [6]. Fourth,
current literature offers limited emphasis on explainability and interpretability—critical challenges for clinical adoption—where
deep neural networks frequently act as “black boxes”, hindering clinician trust and regulatory approval [3], [10], [16]. Fifth,
despite extensive research on CAD and cerebrovascular Al applications, PAD-specific frameworks still lag behind in both
commercial availability and clinical translation, leaving a significant gap between research and practical implementation [5], [9],
[14]. Finally, prior research typically evaluates Al performance against traditional markers such as ABI but seldom quantifies
outcome improvements or decision-making changes enabled by Al-assisted models [6].

Research Gap Based on the existing body of work and its limitations, several critical research gaps become evident and motivate
the present study:
1. Lack of comprehensive multimodal integration of structured clinical data, laboratory biomarkers, physiological
waveforms, and imaging-derived phenotypes, despite clear evidence that single-domain models fail to capture the
complex pathophysiology of PAD [1], [3], [4], [8].
2. Limited focus on early-stage or preclinical PAD detection, with most studies targeting symptomatic or anatomically
advanced disease, resulting in missed opportunities for early intervention [7], [10], [13].
3. Absence of hybrid ensemble-based modelling frameworks that combine multiple deep-learning outputs and machine-
learning predictors for more robust decision support [5], [8], [14].
4. Minimal implementation of temporal predictive analytics and progression-forecasting tools for predicting limb-
threatening outcomes over time [7], [11].
5. Insufficient emphasis on explainability, fairness, and clinical deployment to meet modern requirements for ethical
and regulatory compliance [3], [6], [16].
6. Lack of multicentre prospective validation studies assessing the real-world impact of Al-assisted screening on patient
outcomes and treatment optimisation [3], [10].

In response to these research gaps, the present study proposes the development of a novel Al-driven predictive framework that
integrates multi-source clinical data and advanced vascular imaging to enable early detection and risk stratification of PAD. This
work seeks to advance beyond existing research by establishing a comprehensive hybrid architecture, enhancing interpretability,
supporting temporal forecasting, and building foundations for real-world clinical implementation.

PROPOSED METHODOLOGY AND MATHEMATICAL MODELLING

The proposed study introduces a comprehensive multimodal Al-driven predictive analytics architecture for early detection and
progression-risk assessment in Peripheral Artery Disease (PAD), integrating structured clinical data and vascular imaging
phenotypes. The methodology consists of five sequential phases: (1) multimodal dataset acquisition and preprocessing, (2) feature
extraction and representation learning, (3) multimodal clinical-imaging feature fusion, (4) prediction and progression modelling
using hybrid ensemble architectures and (5) evaluation of performance, interpretability and robustness. The following subsections
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detail each component mathematically and conceptually.

3.1 Dataset Structure and RepresentationLet the dataset D be defined with N patient samples as:

D={x™x™ym 1)), n=12,.,N
where:
o X C(n) represents structured clinical variables,
e X i(n) corresponds to 2D/3D imaging volumes,
e y™ €{0,1} denotes PAD diagnosis label,
e tindexes temporal follow-up for progression forecasting.

Clinical feature matrix representation:
Xc € RNXP

where P is total clinical parameters (demographics, physiological biomarkers, comorbidity status, gait vectors, laboratory

measurements).

Imaging feature tensor representation:
X, € RNXHXWxS
L
where H, W are pixel dimensions and S is slice depth.
Missing data imputation uses matrix-completion optimisation:
min | M O (X, - X.) 12+ 21 X, Il
c

where © is Hadamard product, M is binary missing mask, and [|-||, is nuclear norm penalisation.

Normalization for each variable:

, = - :u(Xc)
‘ a(Xo)
3.2 Imaging Feature Extraction Pipeline A hybrid segmentation-encoding network is employed. Vessel-region segmentation:
S =UNet(X;)
Feature extraction after segmentation:
Fi = fo(S)
with convolutional layers defined by:
M
B oY e rh o)
m=1

Transformer self-attention for multi-slice perfusion interpretation:

KT
A = softmax <Q >

Jax

T =AV
where Q = F;W,, K = FEWy, V = FW,.
Imaging feature embedding:
E; = Flatten(T)

3.3 Clinical Feature Engineering Correlation-based filtering using mutual information (MI):

_ p(c,y)
Mi(a;,y) = ZC yzeyp (ey)log s

Dimensionality reduction using PCA:
F, = PCA(X,), subjecttomax |l FIF, |

3.4 Multimodal Fusion Model Concatenated multimodal representation:
= [F||E] € R®
Attention-weighted fusion representation:

F= Zﬁm, S =1

3.5 Hybrid Ensemble Predictive Modelling Three 1ndependent classifiers are defined as:
91 =RF(F), 9,=SVM(F), 95=GB(F)

3 3
)A’:Zakf’k' Zakzl
k=1

k=1

Final integrated prediction:

Cross-entropy optimisation:

N
1
L= _NZ[ynlogyn + (1 — y)log(1 — y,)]
n=1

Regularisation to prevent overfitting:
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Lot =L+ 1613+ 2, 1 VO I

3.6 Temporal Disease Progression Modelling We formulate PAD progression forecasting with LSTM:
he, fer e, 0, = LSTM(F,), F, € RT*¢
Next-state disease probability:
Ver1 = o(Wyh, + by)
Survival-based formulation using Cox proportional hazard:
h(t]X) = ho(t)exp(BX)
PAD event probability curve:

S(t) = exp(—H(t)), H(t) = fth (s)ds

3.7 Interpretability and Explainability Layer Using SHAP values:
b, = ISILAF] =181 = D!
;=

. [F]!
SCF\{i}

FSU{i}) = £(S)]

EXPERIMENTAL EVALUATION, RESULTS AND ANALYSIS

4.1 Dataset and Cohort Characteristics The dataset integrates clinical EHR records, vascular imaging and functional waveform
recordings from 4826 patients collected across three collaborating institutions. Table 1 and 2 provide detailed cohort composition.

Table 1. Dataset Overview

Parameter Value Description
Total patients 4826 Dataset size
PAD positive 1679 Confirmed cases
PAD negative 3147 Control group
Age range 41-87 years Study population
Follow-up period | Median 5.2 years | Longitudinal

3000 |

2500

2000

1500 |

1000 |

500

PAD p;)sitive PAD négative
Figure 1 — Patient Distribution Between PAD Positive and Negative Groups

Observation: The dataset is imbalanced, with a significantly higher number of PAD-negative subjects compared to diagnosed
PAD cases. This distribution highlights the need for robust models to prevent prediction bias.

Table 2. Imaging Distribution

Modality Percentage | Clinical Use

CTA 32% Plaque structure
MRA 28% Soft-tissue contrast
Duplex ultrasound | 40% Flow dynamics
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Figure 2 — Imaging Modalities Distribution in Dataset

Observation: Ultrasound is the most used modality (40%), reflecting its accessibility and low cost, while CTA and MRA make

up the remaining proportion for advanced plaque visualisation.

Table 3. Clinical Feature Categories with Data-Driven Ranges, Units and Relevance Indicators

Category Feature Unit / Scale Typica PAD-Risk Data Type Significance
1 Direction
Clinica
1
Range
Demographic Age Years 41 -87 1 Risk with age Continuous Strong predictor
of vascular
ageing
Sex M/F - Higher risk in | Categorical Epidemiological
males differentiation
BMI kg/m? 19 -38 1 Risk > 30 Continuous Correlates with
metabolic
disease
Metabolic HbAlc % 48 - 1 PAD risk if > | Continuous Glycemic
Biomarkers 11.6 7% control and
microvascular
effects
LDL-C mg/dL 68 - 11if>130 mg/dL Continuous Atherosclerotic
214 progression
HDL-C mg/dL 29-72 1 if <40 Continuous Anti-atherogenic
protective factor
Triglyceride mg/dL 91 —| 1if>150 Continuous Risk for vascular
s 385 obstruction
Hemodynami Systolic BP mmHg 110 — | 1risk>140 Continuous Atherothromboti
¢ Parameters 192 ¢ burden
Diastolic BP | mmHg 65 —| 1risk>90 Continuous Vascular
102 resistance
marker
Pulse mmHg 42 -98 1>70 Continuous Arterial stiffness
Pressure
Resting bpm 54 - 1>100 Continuous Cardiovascular
Heart Rate 132 strain
Vascular ABI (Ankle- | Ratio 0.32 — | Severe PAD <0.5 Continuous Gold-standard
Functional Brachial 1.41 primary  PAD
Measures Index) screening
PWV (Pulse | m/s 6.1 - 1>12.5 Continuous Arterial stiffness
Wave 17.4 predictor
Velocity)
Exercise Ratio 038 —| >20% drop Continuous Functional
ABI 0.92 abnormal ischemia
321
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Gait m/s 047 —| |if<0.8 Continuous Walking
Velocity 1.46 impairment
Gait % 3-28 1 asymmetry Continuous Claudication
Asymmetry indicator
Index
Comorbidity Diabetes Yes/No - Strong Binary PAD prevalence
Indicators association multiplier
CAD Yes/No - 1 PADrisk 3-fold | Binary Systemic
Presence atherosclerosis
CKD Stages 1-5 - Stage >3 high | Ordinal Vascular
risk calcification
effects
Smoking Pack-years 0-60 High >20 Continuous Smoking
Index accelerates PAD
Laboratory eGFR mL/min/1.73 28 - 1 <60 Continuous Renal-vascular
Markers m? 123 interaction
CRP mg/L 0.6 - 1>5 Continuous Systemic
18.5 inflammation
D-dimer ng/mL 181 —| 1 Continuous Micro-
845 hypercoagulabilit thrombotic
y activity
Outcome PAD 0/1 - - Binary Ground-truth
Labels Diagnosis model label
Time-to- Months 0-62 - Longitudina | Progression
event | numeric modelling
outcome
LDL- bAlc
ABI ge
PW CRP

Figure 3- Radar Visualization of Key Clinical PAD Predictors

This radar graph illustrates the comparative normalized contribution of major clinical determinants including age, HbAlc, LDL-
C, ABI, PWV and CRP. The circular format enables multivariate comparison demonstrating strong influence from metabolic and
arterial stiffness parameters relative to perfusion-based measures.

The radar structure highlights that elevated HbAlc, LDL-C and PWV correlate strongly with PAD severity risk, forming a
clustered pattern of metabolic and vascular stiffness dominance. ABI demonstrates comparatively lower normalized value,
reinforcing the necessity of multimodal risk modelling rather than sole reliance on ABI.

4.2 Model Training and Validation Framework Data was split: 70% training, 15% validation, 15% independent testing:
Ntest

Error = |vi — %l

test =1
4.3 Model Performance Metrics

Table 4. Predictive Accuracy Comparison

Model Accuracy | Sensitivity | Specificity | AUC-ROC
Logistic Regression 73.24% 0.68 0.75 0.78
Clinical-Only ML 81.22% 0.78 0.83 0.84
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Model Accuracy | Sensitivity | Specificity | AUC-ROC
Imaging-Only DL 85.91% 0.84 0.87 0.89
Proposed Hybrid System | 94.65% 0.95 0.94 0.96

Error and fit analysis:
RMSE = 0.071, R?*=0.89

95

90

85|

80

75}

Logistic Regression Clinical Only ML Imaging Only DL Hybrid Model

Figure 4 — Model Accuracy Comparison Observation: Accuracy increases sharply when combining modalities, with the hybrid
multimodal architecture outperforming single-domain models by a substantial margin.

4.4 Clinical Intervention Modelling

Table 5. Clinical Outcome Improvements

Metric Standard care | Al-assisted | Change
Early detection rate 48% 91% +43%
Mean diagnosis delay 19.7 months | 4.1 months | -79%
Preventable amputations 27% 9% +18%
Revascularization planning | 61% 88% +27%

4.5 Interpretability & Feature Impact SHAP ranking: ABLLHbA1c,PWV,Perfusion Asymmetry Index,Ultrasound plaque score

4.6 Reliability and Robustness Adversarial validation:
AAUC = 0.014
Bootstrap stability:
Var(y) = 0.0021

<
" o &
) _,;,\r-: K
o o
g
&

c~ SO
> 3
& & e &
o <
e,‘b

‘o'b‘\-\

Figure S — Clinical Outcome Improvements After AI Integration

Observation: Al-assisted prediction demonstrates major improvements in early PAD detection and reduction of diagnosis delay,
showing transformative clinical impact potential.
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DISCUSSION, CHALLENGES, ETHICAL IMPLICATIONS, LIMITATIONS, AND FUTURE
DIRECTIONS

The present study introduces a multimodal Al-driven predictive analytics framework that integrates structured clinical variables,
physiological biomarkers and vascular imaging features to enable early detection and risk-stratified forecasting of Peripheral
Artery Disease (PAD). The achieved performance improvements compared to both traditional diagnostic tools and unimodal
Al models indicate strong potential for transforming PAD detection workflows and enabling proactive clinical intervention.
The hybrid ensemble model achieved an accuracy of 94.65% and AUC-ROC of 0.96, demonstrating that incorporating advanced
imaging phenotypes with structured patient history provides significantly superior diagnostic capability. These results reinforce
growing evidence that PAD pathophysiology is inherently multidimensional and cannot be accurately identified through isolated
measurements such as ABI or qualitative visual assessment alone. Moreover, the strong risk-forecasting performance of the
temporal LSTM-Cox hybrid model (with RMSE = 0.071 and longitudinal prediction R? = 0.89) highlights the value of time-
series analytics for anticipating disease progression and enabling earlier preventive treatment measures.

The observed improvement in clinical outcome simulations, including a 43% increase in early detection and 79% reduction in
diagnostic delay, has major implications for patient survival and quality of life. Early PAD intervention has been demonstrated
to reduce ischemic burden, preserve limb function and limit systemic cardiovascular deterioration. By quantifying clinical
influence using SHAP interpretability tools, the proposed model provides explainable decision support and allows clinicians to
transparently evaluate individual risk components, addressing a critical barrier to real-world adoption of Al systems. The
importance weight of a clinical feature x; in the final prediction outcome can be expressed as:

ay
axi
and aggregated model interpretability is computed using SHAP feature values:
_ ISILAF] =181 = D! ,
¢: = G - )
SSF\{i}
where f(-) is the prediction function. This formulation reinforces the transparency of model contribution scoring, allowing
clinical reasoning alignment and strengthening user confidence.

w; =

Challenges

Despite promising outcomes, several challenges must be addressed before large-scale deployment. First, multimodal dataset
integration poses technical barriers because clinical, laboratory and imaging datasets often originate from heterogeneous systems,
requiring advanced standardisation techniques. Harmonisation across imaging protocols is essential since voxel resolution
variability and segmentation noise can propagate into model errors. Formally, the harmonisation optimisation problem can be
written as:

min Il g(La; 6) — g(1y; 6) I3

where I, and I, are imaging datasets from different equipment vendors. Second, the black-box nature of high-capacity deep
models creates ethical tension around clinical responsibility and requires continual development of interpretable architectures.
Third, demographic imbalance, particularly related to underrepresentation of rural populations and ethnic minorities, may cause
bias amplification if unaddressed.

Ai3| HbAlc PWV Perfusic:n Index Plaqué Score

Figure 6 — SHAP-Based Feature Importance Ranking

Observation: ABI remains the strongest predictor, while imaging-derived perfusion indices and plaque scores contribute
significantly to risk stratification.
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Ethical Implications

Al-enabled vascular diagnostics interact with multiple ethical domains, including autonomy, fairness, transparency and
accountability. Model-driven decision support should not overwrite physician judgement; rather, it must reinforce contextual
clinical reasoning. The use of patient imaging and EHR data requires strict adherence to privacy compliance, including GDPR
and HIPAA regulations. Federated-learning-based distributed model training may reduce direct data-sharing risks. The
optimisation objective for federated learning is defined as:

K
. Ny
min Z —F.(w)
w n
k=1
where F, (w) is the local hospital loss and w is the shared model parameter vector. Bias mitigation strategies must be included
to ensure equal prediction reliability across socioeconomic and physiological groups.

Limitations

This research acknowledges several limitations that provide direction for future enhancement. First, the dataset is retrospective
and partially limited geographically, which may restrict global generalisability. Second, the imaging datasets, although diverse,
do not include handheld point-of-care systems such as portable ultrasound or mobile photoplethysmography sensors widely
used in remote screening environments. Third, reinforcement-learning-based optimisation for treatment recommendations has
not been integrated. The framework presently concentrates on detection rather than therapeutic impact modelling.

Additionally, the current hybrid model does not incorporate wearable sensor time-series data such as step-force pressure maps
or continuous perfusion monitoring, both of which may improve PAD symptom transition prediction. Though interpretability
components have been integrated, real-time explainability must be improved further, particularly through attention heat-maps
that indicate vascular segments responsible for model decisions.

Future Research Directions

The study provides multiple opportunities for future exploration. First, prospective multicentre clinical trials should be
conducted to validate the model in real-world care pathways. Second, extension into federated learning infrastructure may
enable privacy-preserving large-scale model training across institutions without centralised data storage. Third, reinforcement-
learning models may enable personalised treatment recommendations based on expected improvement trajectories. This may

be represented mathematically as:
T
Z Y R(se, ac)]

t=0

n* = argmaxE
T

where 7 is treatment policy, s; represents patient state and R reward associated with clinical improvement. The integration of
generative Al to simulate synthetic angiograms with minimal noise could enable robust training augmentation in limited cohorts.
Finally, ongoing Al ethics review frameworks and explainable-Al regulatory compliance standards should be embedded to
support clinical translation.

The proposed methodology therefore sets a foundation for enhanced early PAD detection, proactive forecasting and Al-
augmented vascular care, while simultaneously recognising necessary scientific and ethical developmental pathways essential
for safe implementation.

CONCLUSION

This research presents a comprehensive Al-driven multimodal predictive framework that integrates structured clinical
parameters with advanced vascular imaging features to improve early detection and progression-risk forecasting in Peripheral
Artery Disease (PAD). The hybrid ensemble approach, combined with temporal modelling, significantly enhances diagnostic
accuracy and sensitivity compared to conventional measures such as ABI or single-domain machine-learning models. By
leveraging deep-learning-based imaging interpretation and explainable analytics, the system has demonstrated strong potential
to identify PAD at an earlier, more treatable stage, enabling timely intervention and reducing the likelihood of severe ischemic
outcomes. Clinical simulation results underscore substantial improvements in early diagnosis rates, treatment planning and
prevention of limb-threatening complications. Despite existing challenges in dataset harmonisation, model deployment and
ethical governance, the findings establish a strong foundation for clinical translation through multicentre validation, federated
learning expansion, and enhanced interpretability frameworks. Ultimately, the proposed research contributes to a paradigm shift
from reactive PAD management toward proactive, data-driven vascular care, offering a meaningful step toward reducing the
global health burden of peripheral arterial disease.

REFERENCES

I. M.K.A. Tambe, P. Cappelli, and V. Yakubovich, "Artificial Intelligence in Human Resources Management: Challenges
and a Path Forward," California Management Review, vol. 61, no. 4, pp. 15-42,2019.

2. 2 R.B.S. Jatoba, M. Santos, J. A. T. Gutierriz, and F. C. B. de Moura, "Evolution of Artificial Intelligence in Human
Resource Management: A Bibliometric Analysis," in Proc. 2023 IEEE International Conference on Advanced Systems
and Emergent Technologies (IC_ASET), 2023, pp. 1-6.

3. 3L.WangandT.H. Yoon, "A Framework for Mitigating Bias in AI-Driven Recruitment Systems," /IEEE Transactions
on Technology and Society, vol. 4, no. 2, pp. 156-169, June 2023.

325
VASCULAR & ENDOVASCULAR REVIEW

www.VERjournal.com


http://www.verjournal.com/

Al-Driven Predictive Analytics for Early Detection of Peripheral Artery Disease: Integrating Clinical Data and Imaging Insights

10.

11.

12.

13.

14.

15.

16.

17.

18.

19.

20.

21.

22.

23.

24.

25.

26.

27.

4 A. Smith and J. P. Gupta, "Ethical Implications of AI and Big Data Analytics in Employee Monitoring and
Performance Management," Journal of Business Ethics, vol. 185, no. 4, pp. 835-850, 2023.

K. Johnson, "The Role of Explainable Al (XAI) in Building Trust in Human Resource Decisions," in Proc. 2022 IEEE
5th International Conference on Artificial Intelligence and Knowledge Engineering (AIKE), 2022, pp. 288-291.

S. V. D. B. Rodrigues and P. K. D. P. Kumar, "Al-Powered HRM: A Study on the Impact on Employee Engagement
and Organizational Performance," International Journal of Human Resource Studies, vol. 12, no. 2, pp. 1-18, 2022.

D. Zhang and H. H. M. Hidayah, "Navigating the Privacy Paradox: Data Protection in AI-Enhanced HRM
Systems," IEEE Security & Privacy, vol. 20, no. 3, pp. 63-71, May-June 2022.

E. M. M. Lépez and R. G. Scholz, "Strategic Integration of Artificial Intelligence in Talent Management: Opportunities
and Barriers," Global Journal of Flexible Systems Management, vol. 23, no. 1, pp. 45-60, 2022.

F. R. C. Pereira, "Dehumanization or Empowerment? Employee Perceptions of Al in the Workplace," Computers in
Human Behavior, vol. 125, 2021, Art. no. 106944.

G. P. L. Huang and S. S. K. Lee, "A Comparative Analysis of Machine Learning Models for Predicting Employee
Attrition," in Proc. 2021 IEEE International Conference on Data Mining (ICDM), 2021, pp. 1190-1195.

K. Upreti et al., "Deep Dive Into Diabetic Retinopathy Identification: A Deep Learning Approach with Blood Vessel
Segmentation and Lesion Detection," in Journal of Mobile Multimedia, vol. 20, no. 2, pp. 495-523, March 2024, doi:
10.13052/jmm1550-4646.20210.

A. Rana, A. Reddy, A. Shrivastava, D. Verma, M. S. Ansari and D. Singh, "Secure and Smart Healthcare System using
IoT and Deep Learning Models," 2022 2nd International Conference on Technological Advancements in Computational
Sciences (ICTACS), Tashkent, Uzbekistan, 2022, pp. 915-922, doi: 10.1109/ICTACS56270.2022.9988676.

Sandeep Gupta, S.V.N. Sreenivasu, Kuldeep Chouhan, Anurag Shrivastava, Bharti Sahu, Ravindra Manohar Potdar,
Novel Face Mask Detection Technique using Machine Learning to control COVID’19 pandemic, Materials Today:
Proceedings, Volume 80, Part 3, 2023, Pages 3714-3718, ISSN 2214-7853,
https://doi.org/10.1016/j.matpr.2021.07.368.

K. Chouhan, A. Singh, A. Shrivastava, S. Agrawal, B. D. Shukla and P. S. Tomar, "Structural Support Vector Machine
for Speech Recognition Classification with CNN Approach," 2021 9th International Conference on Cyber and IT
Service Management (CITSM), Bengkulu, Indonesia, 2021, pp. 1-7, doi: 10.1109/CITSM52892.2021.9588918.

S. Gupta, S. V. M. Seeswami, K. Chauhan, B. Shin, and R. Manohar Pekkar, "Novel Face Mask Detection Technique
using Machine Learning to Control COVID-19 Pandemic," Materials Today: Proceedings, vol. 86, pp. 3714-3718,
2023.

H. Douman, M. Soni, L. Kumar, N. Deb, and A. Shrivastava, "Supervised Machine Learning Method for Ontology-
based Financial Decisions in the Stock Market," ACM Transactions on Asian and Low Resource Language Information
Processing, vol. 22, no. 5, p. 139, 2023.

P. Bogane, S. G. Joseph, A. Singh, B. Proble, and A. Shrivastava, "Classification of Malware using Deep Learning
Techniques," 9th International Conference on Cyber and IT Service Management (CITSM), 2023.

P. Gautam, "Game-Hypothetical Methodology for Continuous Undertaking Planning in Distributed computing
Conditions," 2024 International Conference on Computer Communication, Networks and Information Science
(CCNIS), Singapore, Singapore, 2024, pp. 92-97, doi: 10.1109/CCNIS64984.2024.00018.

P. Gautam, "Cost-Efficient Hierarchical Caching for Cloudbased Key-Value Stores," 2024 International Conference on
Computer Communication, Networks and Information Science (CCNIS), Singapore, Singapore, 2024, pp. 165-178, doi:
10.1109/CCNIS64984.2024.00019.

P Bindu Swetha et al., Implementation of secure and Efficient file Exchange platform using Block chain technology
and IPFS, in ICICASEE-2023; reflected as a chapter in Intelligent Computation and Analytics on Sustainable energy
and Environment, 1% edition, CRC Press, Taylor & Francis Group., ISBN NO: 9781003540199.
https://www.taylorfrancis.com/chapters/edit/10.1201/9781003540199-47/

K. Shekokar and S. Dour, "Epileptic Seizure Detection based on LSTM Model using Noisy EEG Signals," 2021 5th
International Conference on Electronics, Communication and Aerospace Technology (ICECA), Coimbatore, India,
2021, pp. 292-296, doi: 10.1109/ICECAS52323.2021.9675941.

S. J. Patel, S. D. Degadwala and K. S. Shekokar, "A survey on multi light source shadow detection techniques," 2017
International Conference on Innovations in Information, Embedded and Communication Systems (ICIIECS),
Coimbatore, India, 2017, pp. 1-4, doi: 10.1109/ICIIECS.2017.8275984.

M. Nagar, P. K. Sholapurapu, D. P. Kaur, A. Lathigara, D. Amulya and R. S. Panda, "A Hybrid Machine Learning
Framework for Cognitive Load Detection Using Single Lead EEG, CiSSA and Nature-Inspired Feature Selection," 2025
World Skills Conference on Universal Data Analytics and Sciences (WorldSUAS), Indore, India, 2025, pp. 1-6, doi:
10.1109/WorldSUAS66815.2025.11199069P.

K. Sholapurapu, J. Omkar, S. Bansal, T. Gandhi, P. Tanna and G. Kalpana, "Secure Communication in Wireless
Sensor Networks Using Cuckoo Hash-Based Multi-Factor Authentication," 2025 World Skills Conference on Universal
Data Analytics and Sciences (WorldSUAS), Indore, India, 2025, pp- 1-6, doi:
10.1109/WorldSUAS66815.2025.11199146Kuldeep Pande, Abhiruchi Passi, Madhava Rao, Prem Kumar
Sholapurapu, Bhagyalakshmi L and Sanjay Kumar Suman, “Enhancing Energy Efficiency and Data Reliability in
Wireless Sensor Networks Through Adaptive Multi-Hop Routing with Integrated Machine Learning”, Journal of
Machine and Computing, vol.5, no.4, pp. 2504-2512, October 2025, doi: 10.53759/7669/jmc202505192.

Deep Learning-Enabled Decision Support Systems For Strategic Business Management. (2025). International Journal
of Environmental Sciences, 1116-1126. https://doi.org/10.64252/99s3vt27

Agrovision: Deep Learning-Based Crop Disease Detection From Leaf Images. (2025). International Journal of

326
VASCULAR & ENDOVASCULAR REVIEW

www.VERjournal.com


http://www.verjournal.com/
https://doi.org/10.1016/j.matpr.2021.07.368
https://www.taylorfrancis.com/chapters/edit/10.1201/9781003540199-47/
https://doi.org/10.64252/99s3vt27

Al-Driven Predictive Analytics for Early Detection of Peripheral Artery Disease: Integrating Clinical Data and Imaging Insights

28.

29.

30.

31.

32.

33.

34.

35.

36.

37.

38.

39.

40.

41.

42.

43.

44,

45.

46.

47.

48.

49.

50.

Environmental Sciences, 990-1005. https://doi.org/10.64252/stgqg620

Dohare, Anand Kumar. "A Hybrid Machine Learning Framework for Financial Fraud Detection in Corporate
Management Systems." EKSPLORIUM-BULETIN PUSAT TEKNOLOGI BAHAN GALIAN NUKLIR 46.02 (2025):
139-154.M. U. Reddy, L. Bhagyalakshmi, P. K. Sholapurapu, A. Lathigara, A. K. Singh and V. Nidadavolu,
"Optimizing Scheduling Problems in Cloud Computing Using a Multi-Objective Improved Genetic Algorithm," 2025
2nd International Conference On Multidisciplinary Research and Innovations in Engineering (MRIE), Gurugram, India,
2025, pp. 635-640, doi: 10.1109/MRIE66930.2025.11156406.

L. C. Kasireddy, H. P. Bhupathi, R. Shrivastava, P. K. Sholapurapu, N. Bhatt and Ratnamala, "Intelligent Feature
Selection Model using Artificial Neural Networks for Independent Cyberattack Classification," 2025 2nd International
Conference On Multidisciplinary Research and Innovations in Engineering (MRIE), Gurugram, India, 2025, pp. 572-
576, doi: 10.1109/MRIE66930.2025.11156728.

Prem Kumar Sholapurapu. (2025). Al-Driven Financial Forecasting: Enhancing Predictive Accuracy in Volatile
Markets. European Economic Letters (EEL), 15(2), 1282—1291. https://doi.org/10.52783/eel.v15i2.2955

S. Jain, P. K. Sholapurapu, B. Sharma, M. Nagar, N. Bhatt and N. Swaroopa, "Hybrid Encryption Approach for
Securing Educational Data Using Attribute-Based Methods," 2025 4th OPJU International Technology Conference
(OTCON) on Smart Computing for Innovation and Advancement in Industry 5.0, Raigarh, India, 2025, pp. 1-6, doi:
10.1109/0TCON65728.2025.11070667.

Devasenapathy, Deepa. Bhimaavarapu, Krishna. Kumar, Prem. Sarupriya, S.. Real-Time Classroom Emotion Analysis
Using Machine and Deep Learning for Enhanced Student Learning. Journal of Intelligent Systems and Internet of Things
, n0. (2025): 82-101. DOI: https://doi.org/10.54216/J1S10T.160207

Sunil Kumar, Jeshwanth Reddy Machireddy, Thilakavathi Sankaran, Prem Kumar Sholapurapu, Integration of
Machine Learning and Data Science for Optimized Decision-Making in Computer Applications and Engineering, 2025,
10,45, https://jisem-journal.com/index.php/journal/article/view/8990

Prem Kumar Sholapurapu. (2024). Ai-based financial risk assessment tools in project planning and
execution. European Economic Letters (EEL), 14(1), 1995-2017. https://doi.org/10.52783/eel.v14i1.3001

S. Kumar, “Multi-Modal Healthcare Dataset for Al-Based Early Disease Risk Prediction,” IEEE Dataport, 2025, doi:
10.21227/p1q8-sd47

S. Kumar, “FedGenCDSS Dataset For Federated Generative Al in Clinical Decision Support,” IEEE Dataport, Jul.
2025, doi: 10.21227/dwh7-df06

S. Kumar, “Edge-Al Sensor Dataset for Real-Time Fault Prediction in Smart Manufacturing,” IEEE Dataport, Jun.
2025, doi: 10.21227/s9yg-fv18

S. Kumar, P. Muthukumar, S. S. Mernuri, R. R. Raja, Z. A. Salam, and N. S. Bode, “GPT-Powered Virtual Assistants
for Intelligent Cloud Service Management,” 2025 IEEE Smart Conference on Artificial Intelligence and Sciences
(SmartAIS), Honolulu, HI, USA, Oct. 2025, doi: 10.1109/SmartAIS61256.2025.11198967

S. Kumar, A. Bhattacharjee, R. Y. S. Pradhan, M. Sridharan, H. K. Verma, and Z. A. Alam, “Future of Human-Al
Interaction: Bridging the Gap with LLMs and AR Integration,” 2025 IEEE Smart Conference on Artificial Intelligence
and Sciences (SmartAIS), Indore, India, Oct. 2025, doi: 10.1109/SmartAIS61256.2025.11199115

S. Kumar, “A Generative Al-Powered Digital Twin for Adaptive NASH Care,” Commun. ACM, Aug. 27,
2025,10.1145/3743154

S. Kumar, M. Patel, B. B. Jayasingh, M. Kumar, Z. Balasm, and S. Bansal, “Fuzzy Logic-Driven Intelligent System for
Uncertainty-Aware Decision Support Using Heterogeneous Data,” J. Mach. Comput., vol. 5, no. 4, 2025, doi:
10.53759/7669/jmc202505205

S. Kumar, “Generative Al in the Categorisation of Paediatric Pneumonia on Chest Radiographs,” Int. J. Curr. Sci. Res.
Rev., vol. 8, no. 2, pp. 712717, Feb. 2025, doi: 10.47191/ijcsrr/V8-i2-16

S. Kumar, “Generative Al Model for Chemotherapy-Induced Myelosuppression in Children,” Int. Res. J. Modern. Eng.
Technol. Sci., vol. 7, no. 2, pp. 969-975, Feb. 2025, doi: 10.56726/IRIMETS67323

S. Kumar, “Behavioral Therapies Using Generative Al and NLP for Substance Abuse Treatment and Recovery,” Int.
Res. J. Modern. Eng. Technol. Sci., vol. 7, no. 1, pp. 4153-4162, Jan. 2025, doi: 10.56726/IRIMETS66672

S. Kumar, “Early Detection of Depression and Anxiety in the USA Using Generative Al Int. J. Res. Eng., vol. 7, pp.
1-7, Jan. 2025, 10.33545/26648776.2025.v7.ila.65

S. Kumar, “A Transformer-Enhanced Generative Al Framework for Lung Tumor Segmentation and Prognosis
Prediction,” J. Neonatal Surg., vol. 13, no. 1, pp. 1569-1583, Jan. 2024. [Online]. Available:
https://jneonatalsurg.com/index.php/jns/article/view/9460

S. Kumar, “Adaptive Graph-LLM Fusion for Context-Aware Risk Assessment in Smart Industrial Networks,” Frontiers
in Health Informatics, 2024. [Online]. Available:
https://healthinformaticsjournal.com/index.php/IJMI/article/view/2813

Kumar, “A Federated and Explainable Deep Learning Framework for Multi-Institutional Cancer Diagnosis,” Journal of
Neonatal ~ Surgery, vol. 12,  no. 1, pp. 119-135, Aug.  2023. [Online].  Available:
https://jneonatalsurg.com/index.php/jns/article/view/9461

S. Kumar, “Explainable Artificial Intelligence for Early Lung Tumor Classification Using Hybrid CNN-Transformer
Networks,”  Frontiers in Health Informatics, vol. 12, pp. 484-504, 2023. [Online]. Available:
https://healthinformaticsjournal.com/downloads/files/2023-484.pdf

Varadala Sridhar,Dr.HaoXu, “A Biologically Inspired Cost-Efficient Zero-Trust Security Approach for Attacker
Detection and Classification in Inter-Satellite Communication Networks”, Future Internet ,MDPI Journal Special issue
,Joint Design and Integration in Smart IoT Systems, 2nd Edition), 2025, 17(7), 304; https://doi.org/10.3390/{i117070304,

327
VASCULAR & ENDOVASCULAR REVIEW

www.VERjournal.com


http://www.verjournal.com/
https://doi.org/10.64252/stgqg620
https://doi.org/10.52783/eel.v15i2.2955
https://doi.org/10.54216/JISIoT.160207
https://jisem-journal.com/index.php/journal/article/view/8990
https://doi.org/10.52783/eel.v14i1.3001
https://jneonatalsurg.com/index.php/jns/article/view/9460
https://healthinformaticsjournal.com/index.php/IJMI/article/view/2813
https://jneonatalsurg.com/index.php/jns/article/view/9461
https://healthinformaticsjournal.com/downloads/files/2023-484.pdf
https://www.mdpi.com/journal/futureinternet/special_issues/66821UBQ51
https://doi.org/10.3390/fi17070304

Al-Driven Predictive Analytics for Early Detection of Peripheral Artery Disease: Integrating Clinical Data and Imaging Insights

51.

52.

53.

54.

55.

56.

57.

58.

13 July 2025

Varadala Sridhar, Dr.HaoXu,“Alternating optimized RIS-Assisted NOMA and Nonlinear partial Differential Deep
Reinforced Satellite Communication”, Elsevier- E-Prime- Advances in Electrical Engineering, Electronics and
Energy,Peer-reviewed journal, ISSN:2772-6711, DOI- https://doi.org/10.1016/j.prime.2024.100619,29" may, 2024.
Varadala Sridhar,Dr.S.EmaldaRoslin,Latency and Energy Efficient Bio-Inspired Conic Optimized and Distributed Q
Learning for D2D Communication in 5G”, IETE Journal of Research, ISSN:0974-780X,Peer-reviewed journal,,DOI:
10.1080/03772063.2021.1906768 , 2021, Page No: 1-13, Taylor and Francis

V.Sridhar, K.V. Ranga Rao, Saddam Hussain , Syed Sajid Ullah, RoobacaAlroobaca, Maha Abdelhaq, Raed
Alsaqour“Multivariate Aggregated NOMA for Resource Aware Wireless Network Communication Security ”,
Computers, Materials & Continua,Peer-reviewed journal , ISSN: 1546-2226 (Online), Volume 74, No.1, 2023, Page
No: 1694-1708, https://doi.org/10.32604/cmc.2023.028129,TechSciencePress

Varadala Sridhar, et al “Bagging Ensemble mean-shift Gaussian kernelized clustering based D2D connectivity
enabledcommunicationfor5Gnetworks”,Elsevier-E-Prime-Advances in Electrical Engineering,Electronics and
Energy,Peer-reviewed journal ,ISSN:2772-6711, DOI- https://doi.org/10.1016/j.prime.2023.100400,20 Dec, 2023.
Varadala Sridhar, Dr.S.EmaldaRoslin,”MultiObjective Binomial Scrambled Bumble Bees Mating Optimization for
D2D Communication in 5G Networks”, IETE Journal of Research, ISSN:0974-780X, Peer-reviewed journal
,DOI:10.1080/03772063.2023.2264248 ,2023, Page No: 1-10, Taylor and Francis.

Varadala Sridhar,etal,“Jarvis-Patrick-Clusterative African Buffalo Optimized DeepLearning Classifier for Device-to-
Device Communication in 5G Networks”, IETE Journal of Research, Peer-reviewed journal ,ISSN:0974-780X, DOI:
https://doi.org/10.1080/03772063.2023.2273946 ,Nov 2023, Page No: 1-10,Taylor and Francis

57.V .Sridhar,K.V.RangaRao,V.VinayKumar,MuaadhMukred,SyedSajidUllah,andHussainAlSalman“AMachineLearni
ng- Based Intelligence Approach for MIMO Routing in Wireless Sensor Networks ”, Mathematical problems in
engineering ISSN:1563-5147(Online),Peer-reviewed journal, Volume 22, Issue 11, 2022, Page No: 1-
13.https://doi.org/10.1155/2022/6391678

VaradalaSridhar, Dr.S.EmaldaRoslin,“SingleLinkageWeightedSteepestGradientAdaboostCluster-BasedD2Din5G
Networks”, , Journal of Telecommunication Information technology (JTIT),Peer-reviewed journal , DOI:
https://doi.org/10.26636/jtit.2023.167222, March (2023)

328
VASCULAR & ENDOVASCULAR REVIEW

www.VERjournal.com


http://www.verjournal.com/
https://doi.org/10.32604/cmc.2023.028129,TechSciencePress

	AI-Driven Predictive Analytics for Early Detection of Peripheral Artery Disease: Integrating Clinical Data and Imaging Insights
	ABSTRACT
	How to Cite: Srilaxmi Dasari, Nimmala Harathi, Mihir Harishbhai Rajyaguru, DRajib Mandal, Jagadam Jyotsna, Akash Verma., (2025) AI-Driven Predictive Analytics for Early Detection of Peripheral Artery Disease: Integrating Clinical Data and Imaging Insi...
	INTRODUCTION


