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ABSTRACT

Peripheral Artery Disease (PAD) is a common and serious circulatory problem for which early and
definite diagnosis is necessary to prevent further health complications. The existing diagnostic techniques
of Ankle-Brachial Index (ABI) and Doppler ultrasound have several disadvantages: the examination is
operator-dependent, the processing times are long, and may be inapplicable or have adaptability in
complicated cases. The use of Machine Learning (ML) techniques, such as Support Vector Machines and
Random Forest, to overcome these issues, may face problems handling real-time application and non-
homogeneous data. The research at hand overcomes such challenges by proposing a Hybrid ML Algorithm
for Peripheral Artery Prediction (HMAPAP) based on GBM combined with LSTM networks. The
proposed method improved the diagnostic accuracy by 0.25%, processing efficiency by 0.20%, and real-
time adaptability by 0.30 %, of the traditional ML methods.

Keywords-peripheral artery disease; hybrid machine learning; prediction model; gradient boosting; LSTM;
real-time diagnosis; healthcare analytics; hybrid ML

L INTRODUCTION extreme cases, tissue damage. Early diagnosis and intervention
are of prime importance in the prevention of further
deterioration of the disease process and improvement of patient
outcomes. However, the traditional diagnostic methodologies

Peripheral Artery Disease (PAD) is a chronic condition
manifesting with symptoms such as pain, numbness, and in
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include the Ankle-Brachial Index (ABI) and Doppler
Ultrasound, which have some the disadvantages of operator
dependency, decreased in sensitivity when dealing with early-
stage PAD diagnosis, and inability to handle large-scale patient
data [1]. Recent developments in Machine Learning (ML) have
provided different predictive strategies to overcome these
problems. Common traditional ML modeling techniques, SVM
and RF, are widely used in this area of PAD prediction.
However, most of the proposed methods lack real-time
adaptability, non-homogeneous data handling, and high
accuracy on diversified clinical settings [2].

The emerging hybrid ML algorithms, combine strengths of
multiple models and could have potential application in
healthcare. This includes diagnosis accuracy enhancement,
automation of real-time analysis, and allowing for personalized
treatment plans. Indeed, incorporating GBM and LSTM-both
conceptually sound approaches-faces great expectation towards
tackling the weaknesses of traditional methods and improving
efficiency and scalability challenges in PAD diagnosis [3].

A. Research Gap

A major issue is the high dependency of conventional
techniques like ABI and DU on skilled operators, introducing
variability in results and limiting scalability, especially in
resource-constrained settings. The current methodologies for
the prediction of PAD, are limited and hence cannot be
gainfully employed in clinical settings. The lack of real-time
adaptability in models that exist today deprives doctors of
timely diagnosis and intervention critical for effective disease
management. The general performance of these methods,
especially those using SVM and RF algorithms in diagnosis,
has been characterized by poor sensitivity for the detection of
early-stage PAD, which eventually leads to a delay in treatment
and thus to poor outcomes [4]. They also face challenges with
heterogeneous  datasets across variations in  patient
demographics, comorbidities, and imaging modalities, which
again reduces their generalizability across diverse populations.
All these further lead to increased computational overhead,
along with reduced diagnostic precision due to poor
optimization of algorithm parameters [5]. While there is proven
potential through ML, the absence of hybrid model integration-
that combines the complementary strengths of different
algorithms-leaves room for improvement in prediction
accuracy and efficiency. Lastly, the inattention to predictive
insights for risk stratification and personalized treatment
planning creates a lacuna in holistic patient care. Such gaps
would have to be addressed to move forward with both the
prediction of PAD and an improvement in outcomes.

B. Related Work

Authors in [6] reviewed the association of PAD with kidney
outcomes, such as ESKD and CKD, within a 30-year follow-up
period in a sample of 14,051 participants. It was underlined that
symptomatic and asymptomatic PAD independently increased
the risk of adverse kidney outcomes, and therefore monitoring

of kidney function should be done in cases with PAD.
However, reliance on historical data in this study and possible
unmeasured confounding may limit the generalization to more
diverse and current populations. Authors in [7] sought the long-
term relation of PAD to the risk of cancer using this bi-racial
cohort by addressing, in the process, the deficiencies of
previous studies by incorporating possible confounding factors
such as smoking and race. The findings showed that PAD
increased the risk of cancer, especially among ever-smokers,
where lung cancer had the highest risk. The method's reliance
on long-term data hardly incorporates recent advancements in
the detection and treatment of cancer and limits its
generalizability to broader populations. Authors in [8]
developed an ML model for the prediction of MALE in PAD
patients by using some novel biomarkers. High performance
with an AUROC of as high as 0.88 from their XGBoost model
indicated a rather robust tool to risk stratification and early
intervention. A limitation of this study was the small
population of 569 patients. Authors in [9] reviewed the role of
integrating artificial intelligence to optimize the care of patients
with PAD, focusing on key applications such as diagnosis,
outcome prediction, and image analysis. Underlining the
technique of Al, natural language processing and ML, the
paper presented theoretical evidence that the management of
PAD could be enhanced with Al

Authors in [10] presented a novel prediction model for the
subtypes of lower-extremity PAD wusing UMLAs and
neutrophil-related biomarkers. It was demonstrated that
UMLAs can stratify patients with PAD for personalized
management and highlighted the role of neutrophil infiltration
in the pathogenesis of PAD. Authors in [11] proposed an Al-
driven predictive model for the progression of PAD in patients
when there is a requirement for lower extremity amputation.
Identification of subtypes of PAD through UMLAs provided a
dependable tool in precision medicine. While the results look
promising, further validation has to be done for the clinical
relevance of the model in general.

II.  EXISTING FRAMEWORK FOR PERIPHERAL
ARTERY DISEASE DIAGNOSIS AND RISK ANALYSIS

The current conceptual framework for the analysis and
PAD diagnosis can be seen in Figure 1. The first step is
determining the risk factors that could create a development
chance for the disease, namely diabetes, smoking,
hypertension, age over 50, high cholesterol, and chronic kidney
disease. All these risk factors influence oxygen delivery,
utilization, and inflammation processes, which further advance
atherosclerosis procedures [12]. This is further elaborated in
the flowchart, explaining that muscle-fiber atrophy, endothelial
dysfunction, and the elaboration of ischemic free radicals are
physiological consequences of the advancing condition,
thereby further promoting the disease. The connected node
among these processes on the flow diagram entitled
PAD/LEAD (Lower Extremity Artery Disease), represents the
advancement of the disease.
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Fig. 1. Framework for (PAD) diagnosis and risk analysis.
cormalization, the data are cleaned and normalized to remove
III. PROPOSED METHODOLOGY

Figure 2 illustrates the methodology of the proposed
HMAPAP: The approach starts with Image Pre-Processing,
which will clean and put the medical images and diagnostic
visuals into a structured format for analysis. Further, at the
stage of data acquisition, patients' data are acquired regarding
clinical, demographic, and diagnostic parameters without
losing any important information which is required for the
predictions. Then, in the stage of data cleaning and

Image Pre-Processing

inconsistencies, handle missing values, and the data are brought
into a standard form for further processing. The next process is
feature engineering, which involves the extraction and selection
of relevant features to reduce the dimensionality and enhance
the model's performance. HMAPAP hybridizes GBM to handle
the static data part and the LSTM network for analyzing the
data over time, which would integrate the strengths of both
techniques for better prediction outcomes.

Fig. 2.

Combining both GBM
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Methodology of the proposed HMAPAP.
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The next step consists of hybrid model training on the
preprocessed data. Model validation involves checking the
different parameters against respective metrics for accuracy
and precision. After model validation, real-time testing is done
to test its adaptability and efficiency in applications concerning
real-world scenarios. The final steps are performance
comparison and optimization, where the obtained results are
benchmarked with those of conventional methods. The
prediction classes were "Healthy" and "CAD."

A. Receiver Operating Characteristic (ROC) Curve for PAD

Diagnosis

The True Positive Rate (TPR) measures correctly identified
positive cases, while the False Positive Rate (FPR) represents
misclassified negatives as positives. TP, FN, FP, and TN are
the counts of True Positives, False Negatives, False Positives,
and True Negatives, respectively. Equation (1) assesses model
performance.

TPR = ——,
TP+FN
FPR = ——
FP+TN
AUC = [ TPR(FPR) d(FPR) (1)

B. Calibration Curve for PAD Diagnosis

Equation (2) represents the relation between the predicted
and the actual probabilities to plot the calibration curve. The
calibration curve is a performance graph representing how
much the model predictions can be trusted, considering its
output is treated as a probability estimate of the correct class.

_ oM 1Bl |ZjeB;Bj  Zjep;yj

ECE =200 5 [Ty IBil @
where B; is the predicted probability bins, N represents the
total samples, 13] is the predicted probability, and y;is the true
label. Lower ECE and improved calibration indicate better
predictive performance.

C. Adaptability Improvement Rates (Panel 1)

To compare the proposed model with the usual methods,
the Adaptability Improvement Rate (AIR) is calculated. AIR is
defined as the percentile improvement in processing efficiency
related to the baseline methods (RF and SVM):

AIR = (PEHMAPAP_PEBaseline) x 100 (3)

PERaseline

where PEyyapap represents the processing efficiency of the
proposed model and PEg q.1ine 1S the processing efficiency of
the baseline models.

D. Resource Utilization with Adaptability (Panel 2)

The RU metric quantifies the percentage of computational
resources that were effectively utilized during task processing:

RU = (“ocompteted) 19 )

TaskSTotal

where TaskScompietea tefers to the number of tasks
successfully executed in real-time, and TaskSy,;q; 1S the total
number of the allocated tasks.

E. Scalability Impact on Adaptability (Panel 3)

The Scalability Adaptability (SA) metric measures the
effect of task scalability on real-time adaptability. It is defined
as the ratio of the current adaptability improvement rate to the
baseline adaptability rate, adjusted for variability:

SA = AlRcyrrent i € (5)
AlRBgseline
where AIRy ren: 18 the adaptability improvement rate for a
specific task group, AlRpgserine 1S the initial adaptability rate,
and € represents the error margin due to computational
variability.

F. Overall Real-Time Adaptability Comparison (Panel 4)

The Overall Real-time Adaptability (ORA) metric
aggregates adaptability improvement across all task groups. It
is calculated as the mean of the adaptability improvement rates
for each group, with variability accounted for by the standard
deviation:

N
ORA =2a=tilin 4 & 6)

where AIR,, is the AIR for the n'" task group, N is the total
number of task groups, and ¢ is the standard deviation.

G. Processing Efficiency (PE)

The Processing Efficiency (PE) metric evaluates the
model's ability to complete computational tasks successfully. It
is calculated as the efficiency improvement over iterations,
starting from an initial baseline to a maximum achievable
value:

PE = PE;,
+(PEmax _ PEmin) . (1 _ e—a~Iterati0ns) (7)

where PE is measured as the percentage of completed tasks,
PE_;, is the initial PE, PE_,, is the maximum achievable PE, a
is the growth rate coefficient, and Iterations represent the
number of computational cycles.

IV. RESULTS AND DISCUSSION

Table I presents the experimental parameters and their
values used in the performance analysis of the proposed
HMAPAP. These parameters need to be considered in model
training, validation, and testing to ensure improved diagnostic
accuracy, efficiency, and real-time adaptability.

TABLE L EXPERIMENTAL PARAMETERS FOR
PERFORMANCE ANALYSIS OF HMAPAP

Value
10,000 records
3 standard deviation

Parameter
Dataset Size
Data Cleaning Threshold

Learning rate (GBM) 0.01
Batch size (LSTM) 32
Number of epochs 100

Validation methodology 5-fold

The dataset used in this study consists of 10,000
anonymized clinical records, collected from an institutional
source with proper ethical clearance. The dataset includes
features such as age, gender, smoking status, hypertension,
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cholesterol levels, chronic kidney disease status, ABI score,
Doppler ultrasound results, and PAD diagnosis status. All data
were preprocessed using a 3-standard-deviation threshold,
followed by normalization. The model was trained and
evaluated using a 5-fold cross-validation technique with an
80:20 training-to-validation split, ensuring statistical robustness
and generalizability of the results.

Figure 3 compares the ROC curves of SVM, RF, and
HMAPAP. The proposed Hybrid ML Algorithm for Peripheral
Artery Prediction (HMAPAP) achieves a higher AUC
compared to SVM and RF [14].

e
~

e
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e
w
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L
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False Positive Rate (FPR)

Fig. 3. ROC curves.

Figure 4 shows the calibration curves of the same models.
This plot compares the predicted probability against the actual
probability in order to determine the level at which the
predicted probability of the model reflects reality. HMAPAP
outperforms both SVM and RF in terms of ECE and better
captures the perfect ideal calibration line, since the outputs are
better estimates for HMAPAP compared with its competitors
[15].
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Fig. 4. Calibration curves.

Figure 5 shows the comparison of the proposed HMAPAP
model with SVM and RF, for PE. the proposed HMAPAP
achieves an improvement in accuracy of 0.20% in comparison
with SVM and RF models regarding PE and proves its
superiority and better ability to handle such computations
without lag, as being best suited for real-time use cases such as
PAD prediction.

Figure 6 presents the comparison of the AIRs of the
proposed HMAPAP model against RF and SVM [16, 17]. Bars
show the adaptability rates for task groups, with error margins
indicating variability. HMAPAP consistently outperforms the
other models, reflecting its superior real-time adaptability by
0.30% due to its hybrid architecture, which optimally manages
computational resources.
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Fig. 5. PE of the proposed and conventional methods.
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Fig. 6. AIR values of the considered models.

Figure 7 presents the trend of RU variation for HMAPAP,
RF, and SVM. The lines of different colors represent the
utilization percentage of computational resources with
increasing adaptability. HMAPAP demonstrates superior
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resource utilization compared to RF and SVM, maintaining
efficiency under increasing task complexities.

Figure 8 shows the scalability of real-time adaptability for
the considered models, along with error bands around each
model's performance. HMAPAP exhibits a consistent
adaptability lead over RF and SVM with a growing task load,
reflecting its robustness and scalability in real-time settings.
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Fig. 7. RU variation.
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Fig. 8. Scalability impact on adaptability across the considered models.

Figure 9 compares the average adaptability percentages of
all models represented as points with error bars. HMAPAP gets
the highest adaptability percentage in all task groups and
always outperforms RF and SVM. The error bars represent
variability. The conclusion is that HMAPAP is more reliable
under a variety of computational scenarios.

Figure 10 shows the overall performance based on
diagnostic accuracy, PE, and real-time adaptability of
HMAPAP with other competitive models like RF and SVM.
The biggest values across all categories are obviously
possessed by the HMAPAP model. The proposed HMAPAP
model leads to an excellent enhancement in not only the

processing efficiency and adaptability, it can also execute
computational real-time computational work with better
precision and stability than RF and SVM.

500l ¢ HMAPAP ¢
¥ R
4751 | suM ’

Adaptability (%)
~N w w w w
N o N w0
w o w o w
=
o

N
[
=)
=

1 ! ! ! L 1 ! L

10 20 30 40 50 60 70 80 90
Task Groups

Fig. 9.

Overall real-time adaptability comparison.
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Fig. 10.  Overall performance comparison.

V. CONCLUSION

In this paper, the proposed HMAPAP presented and its
performance was compared with existing top-performing
algorithms in PAD diagnosis, such as SVM and RF. From the
synergy of the strengths of LSTM and GBM, HMAPAP has
achieved improved diagnostic performance (0.25%),
processing efficacy (0.20%), and scalability in real time
(0.30%). The proposed model overcame key limitations of the
existing methods, i.e. operator dependency, nonhomogenity in
processing data, and poor scalability in real time processing.
Besides this, the proposed model has the potential to
incorporate advanced diagnostic tools and can be extended for
clinical practice validation. It is not only adaptable in PAD but
can be extended to vascular diseases in general to support
better healthcare analytics where speed in diagnosis is required
with enhanced accuracy.
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