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Abstract: The increasing prevalence of Metabolic Syndrome (MetS), a serious condition associated with
elevated risks of cardiovascular diseases, stroke, and type 2 diabetes, underscores the urgent need for effective
diagnostic tools. This research carefully examines the effectiveness of 16 diverse machine learning (ML) models
in predicting MetS, a multifaceted health condition linked to increased risks of heart disease and other serious
health complications. Utilizing a comprehensive, unpublished dataset of imbalanced blood test results,
spanning from 2017 to 2022, from the Laboratory Information System of the General Hospital of Amfissa,
Greece, our study embarks on a novel approach to enhance MetS diagnosis. By harnessing the power of
advanced ML techniques, we aim to predict MetS with greater accuracy using non-invasive blood test data,
thereby reducing the reliance on more invasive diagnostic methods. Central to our methodology is the
application of the Borda count method, an innovative technique employed to refine the dataset. This process
prioritizes the most relevant variables, as determined by the performance of the leading ML models, ensuring
a more focused and effective analysis. Our selection of models, encompassing a wide array of ML techniques,
allows for a comprehensive comparison of their individual predictive capabilities in identifying MetS. This
study not only illuminates the unique strengths of each ML model in predicting MetS but also reveals the
expansive potential of these methods in the broader landscape of health diagnostics. The insights gleaned from
our analysis are pivotal in shaping more efficient strategies for the management and prevention of Metabolic
Syndrome, thereby addressing a significant concern in public health.

Keywords: Metabolic Syndrome (MetS); Machine Learning (ML); Feature Importance; Borda Count
Method; Predictive Modeling; Ensemble Models; Cross-Validation; Non-Invasive Diagnostics

1. Introduction

Non-communicable diseases (NCDs), also known as lifestyle-related diseases, are a group of
diseases that are not contagious and result from a combination of genetic, behavioral, physiological
and environmental factors. The predominant NCDs are cardiovascular diseases (CVD), neoplasms,
diabetes mellitus and chronic respiratory diseases [1]. NCSs have emerged as serious threats to health
systems globally, as they are held responsible for higher rates of morbidity and mortality than all
other causes combined [2], in both the developed and the underdeveloped world [3]. The early
detection of NCDs is of paramount importance, since it allows the timely treatment which,
consequently, secures higher probability of successful outcome [4].

Metabolic syndrome (MetS) represents a significant health challenge, characterized by a cluster
of metabolic dysregulations including insulin resistance, central obesity, dyslipidemia, and
hypertension. Multiple acquired and genetic entities are involved in the pathogenesis of MetS most
of which contribute to insulin resistance and chronic micro-inflammation [5]. Most notably,
accelerating economic development, an aging population, changes in lifestyle, and obesity are all
contributing to the rising prevalence of MetS. The global prevalence of MetS is estimated to be
between 20 and 25%. If not treated, MetS leads to an increased risk of developing diabetes mellitus,
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cardiovascular diseases (CVDs), cancer [6] and chronic kidney disease [7]. Moreover, MetS has been
associated with Alzheimer’s disease [8,9], neuroinflammation and neurodegeneration [10] female
and male infertility [11,12], chronic obstructive pulmonary disease (COPD) [13,14], autoimmune
disorders [15-17] and even ocular [18,19] and dental diseases [20-22].

This predisposition to cardiovascular diseases and type 2 diabetes has further broadened to
include complications such as non-alcoholic fatty liver disease, chronic prothrombotic and
proinflammatory states, and sleep apnoea. Despite efforts by various global health organizations,
achieving a universal consensus on the precise definition of MetS remains a significant challenge for
healthcare practitioners and researchers [5,23,24]. The widespread prevalence of MetS leads to
substantial socio-economic costs due to its associated significant morbidity and mortality.
Recognized as a global pandemic, MetS places immense pressure on healthcare systems worldwide.
Thus, accurately predicting populations at high risk for MetS and proactively implementing
prevention measures have become essential in contemporary healthcare management [25,26].

In response to these challenges, recent years have witnessed a paradigm shift towards leveraging
advanced technological methods like machine learning (ML) for understanding and predicting MetS.
While traditional analytical methods like linear and logistic regression have their merits, they often
come with limitations, including stringent assumptions and challenges in managing
multicollinearity. In contrast, ML offers a more nuanced and adaptable approach, potentially
overcoming these limitations and providing deeper insights into MetS. This shift towards innovative
computational techniques marks a significant advancement in metabolic health research [27].

Delving into the specifics of ML, various models such as decision trees, random forests, support
vector machines, and k-NN classifiers have demonstrated notable success in diagnosing MetS. Their
ability to employ non-invasive features for prediction sets these models apart, eliminating the need
for invasive testing procedures. Furthermore, the capability of ML to intricately analyze metabolic
patterns significantly enhances the specificity and sensitivity of MetS diagnosis [28-30].

Acknowledging the critical role of early and accurate diagnosis in managing MetS, our research
is geared towards a comprehensive comparative analysis of 16 machine learning methods. This study
aims to not only highlight the unique capabilities of each method in predicting MetS but also to
showecase the diverse applications of ML in this vital health field. By implementing a Borda count
method, we plan to refine our data according to the relevance of variables identified by the top-
performing models. This methodological approach is anticipated to significantly improve the
accuracy of our analysis and contribute to the development of more effective management and
prevention strategies for MetS, thus addressing a major public health concern.

Recent progress in predicting metabolic syndrome (MetS) has notably utilized machine learning
techniques. A pivotal study"Metabolic Syndrome Prediction Models Using Machine Learning" [27]
was a crucial work that investigated the efficacy of these methods in MetS prediction, with a novel
focus on incorporating Sasang constitution types from traditional Korean medicine into the models.
This integration significantly increased the sensitivity of multiple machine learning methodologies,
highlighting a unique synergy between traditional medical insights and modern predictive
algorithms.

Further, "Metabolic Syndrome Prediction Models" [26] presented a breakthrough in predicting
MetS for nonobese Koreans, incorporating both clinical and genetic polymorphism data. This study
highlighted the importance of genetic factors in MetS models, particularly for nonobese persons who
are often underrepresented in such studies. Notably, models using Naive Bayes classification
performed better, especially when genetic information was included.

2. Materials and Methods

2.1. Data

In this study, were analyzed data from the Laboratory Information System (LIS) database of the
Medical Laboratory Department at the General Hospital of Amfissa, Greece, covering the period from
2017 to 2022. The focus of our study was a group of 77 individuals, comprising 38 men and 39 women,
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who met the three laboratory criteria for the diagnosis of Metabolic Syndrome (MetS) as defined by
the revised US National Cholesterol Education Program’s Adult Treatment Panel III (NCEP ATP III).
These criteria include fasting glucose levels exceeding 100 mg/dL, triglycerides over 150 mg/dL, and
HDL cholesterol levels below 40 mg/dL for men and below 50 mg/dL for women. We compared the
MetS group with a control group of 63 individuals (31 men and 32 women) who did not meet any of
the diagnostic criteria for MetS. The study evaluated a range of variables, including Gender, Age,
Glucose, Triglycerides, HDL (High-Density Lipoprotein), SGOT (Serum Glutamic-Oxaloacetic
Transaminase), SGPT (Serum Glutamic-Pyruvic Transaminase), GGT (Gamma-Glutamyl
Transferase), ALP (Alkaline Phosphatase), HBAlc (Hemoglobin Alc), Urea, Uric Acid, WBC (White
Blood Cells), ANC (Absolute Neutrophil Count), ANL (Absolute Neutrophil to Lymphocyte ratio),
PLT (Platelet Count), MPV (Mean Platelet Volume), HT (Hematocrit), and Hg (Hemoglobin). The
analysis of these variables aimed to enhance the understanding and prediction of MetS, thus
contributing to the improvement of diagnosis and treatment strategies.

2.2. Data Preprocessing

In our study, data preprocessing was a critical step, essential for the effective application of
sophisticated analytical techniques in machine learning. Understanding the importance of this phase,
certain pivotal variables associated with Metabolic Syndrome (MetS), specifically glucose (GLU),
triglycerides (TRIG), and high-density lipoprotein cholesterol (HDL) (US National Cholesterol
Education Program’s Adult Treatment Panel III (NCEP ATP III)), were removed to mitigate the risk
of model overfitting.

By excluding these direct diagnostic markers, the models were enabled to explore and leverage
other informative yet less direct indicators in the dataset. This approach was intended to unearth
subtle patterns that might be eclipsed by the more direct MetS indicators, thus providing a broader
perspective on the disease's markers.

Following the exclusion of these variables, a comprehensive series of data adjustments was
undertaken to optimize the dataset for machine learning analysis. Our adjustments included type
inference for correct data categorization, imputation of missing values, and encoding of categorical
variables. Additionally, we applied Z-score normalization to ensure uniformity in feature scale,
which is crucial for comparative evaluation of machine learning models and enhancing algorithmic
computations. Subsequently, the dataset was divided into training and testing subsets to establish a
structured methodology for evaluation.

Finally, to underscore the consistency and reproducibility of our analysis, a session seed was
meticulously established. This practice lays a solid foundation for future implementations of machine
learning models, ensuring that results are reliable and can be replicated in further studies. Through
these detailed preprocessing steps, our dataset was transformed into a robust foundation, setting the
stage for an in-depth evaluation of the predictive capabilities of 16 machine learning models in
diagnosing MetS.

2.3. Machine Learning Models and Evaluation

A thorough examination of machine learning techniques was carried out, including algorithms
such as Quadratic Discriminant Analysis, Naive Bayes, Linear Discriminant Analysis, CatBoost
Classifier, Extra Trees Classifier, Random Forest Classifier, Gradient Boosting Classifier, Light
Gradient Boosting Machine, Ada Boost Classifier, Extreme Gradient Boosting, Logistic Regression,
Ridge Classifier, Decision Tree Classifier, Dummy Classifier, and SVM. An ensemble methodology
based on Borda Count was used to improve forecast precision even further.

To ensure robust model evaluation, the study is employing nested 10-fold cross-validation
technique, which has been shown to outperform typical k-fold cross-validation in terms of predicted
accuracy. An outer k-fold cross-validation loop is used in nested cross-validation to offer a
comprehensive assessment of the best model's performance. Each outer fold uses an inner cross-
validation loop to fine-tune the model's parameters at the same time [23].
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The performance of each method was painstakingly tested across a range of measures, including
AUC, Recall, Precision, Fl-score, Kappa, MCC, Time (in Sec), and total accuracy. The models'
comparative efficacy was principally assessed using their AUC values, with the detailed metrics
summarized in Table 1 [24]. In the world of diagnostic instruments, the importance of sensitivity over
specificity is heightened by the urgency of diagnosis and subsequent intervention, unless specificity
is significantly degraded [25].

Borda count approach was used for feature importance aggregation among several models. For
each model, features were ranked in order of relevance, with the most important feature receiving
the highest rating and the least important receiving the lowest. These ranks were then aggregated
using the Borda count method. The Borda score was calculated by adding the ranks of each feature
from best three models. Instead of relying on a single model's feature importance, which could be
skewed or overfit to a specific dataset, the aggregated Borda scores provided a more holistic and
robust perspective of feature significance. This technique ensured that the most relevant traits were
consistently recognized as such across various models, improving the dependability of the isolated
features and setting the framework for creating more robust ensemble models in later rounds of the
study.

3. Results

3.1. Cumulative Insights: Unveiling Model Outcomes

A heatmap was used to compare performance metrics across 16 machine learning algorithms for
the initial dataset of 24 features. Each algorithm was evaluated based on key metrics: Accuracy, AUC
(Area Under the Curve), Recall, Precision, Kappa, MCC (Matthews Correlation Coefficient), F1, and
T-Sec (Time in Seconds). The heatmap (Figure 1) provides an intuitive and visually appealing
depiction of these results.

Heatmap of Model Metrics
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Figure 1. The heatmap displays performance metrics for various machine learning algorithms.
Metrics on the X-axis provide insight into each model's capabilities. The color gradient, from dark
blue to dark red, represents the range of metric values.

3.2. Visual Representations

A 10-fold cross-validation technique was implemented to achieve a detailed understanding of
the model's performance. To highlight the variability and reliability of model outcomes, a shaded
region plot was designed (Figure 2). This plot emphasizes the mean values of both accuracy and F1
score for each model.
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Comparative Performance Analysis: Accuracy and F1 Score Across Machine Learning Models
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Figure 2. This plot delineates the mean scores of both accuracy (depicted in blue) and F1 (shown in
red) for 16 distinct machine learning models. The x-axis signifies each of the models, land the y-axis
captures the range of scores. To further understand the variability in model performance, shaded
regions are incorporated around each mean line. The regions embody a span of one standard
deviation above and below the respective mean scores, providing insight into the distribution and
consistency of results for each model.

3.3. Feature Importance Analysis

Understanding the significance of individual features is crucial for interpreting the predictive
power and functionality of our models. Based on performance metrics, the top three models
identified were CatBoost, Random Forest, and XGBoost. A detailed feature importance analysis was
conducted to understand the decision-making process of these models.

3.3.1. Individual Models

Various machine learning models demonstrated distinct feature prioritization. The top three
models were evaluated to ascertain the most influential predictors based on their contributions to the
models. The CatBoost model identifies Hemoglobin A1C (HbA1C) as the most significant predictor,
followed by White Blood Cells (WBC), Uric Acid (UA), and Gamma-Glutamyl Transferase (GGT).
Conversely, Eosinophils (EOS) and Alkaline Phosphatase (ALP) are found to be less predictive.
Similarly, the Random Forest model also ranks HbA1C as the primary predictive feature, with UA
closely following in significance. It acknowledges the importance of WBC and GGT but assigns lower
predictive value to Mean Platelet Volume (MPV) and Granulocytes (GRAN). Meanwhile, the
XGBoost model echoes these trends, reaffirming the central role of HbA1C and also underscoring the
relevance of WBC and GGT. However, it places more emphasis on the GRAN feature, marking a
slight departure from the CatBoost model's findings.

3.3.2. Borda Count Ensemble Feature Importance

The ensemble method integrates the predictions from the previously discussed three models,
combining their distinct strengths for enhanced predictive power. The feature importance analysis of
this ensemble approach (Figure 3) offers a comprehensive perspective on which features are most
influential in the collective decision-making process of the ensemble model.
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Figure 3. Borda Consensus Feature Importance Plot. This visualization represents the aggregated
feature importance derived from an ensemble method using the Borda Count. Each dot corresponds
to a specific feature, with its horizontal position indicating its consensus importance.

3.3.3. Sequential Feature Addition Based on Borda Importance

To further illustrate the cumulative impact of features as they are added sequentially based on
their Borda importance, a detailed graph was constructed using the KNN algorithm (Figure 4). KNN
was used to determine both accuracy and F1 score for each incremental addition in each feature. The
x-axis in this plot lists the features in order of Borda significance, adding one feature each time, and
the y-axis shows the associated model accuracy. When the model just includes the first feature (as
rated by Borda significance), the F1 score is 56%. Interestingly, a higher accuracy of 85% is attained
in the three first features; when the first three features—HbA1C, WBC, and UA —are included, the
F1 score is reported to be 55%. This minor decrease in the F1 score, despite the addition of new
variables, implies that there isn't a significant difference in importance between these features in
terms of predictive potential. Based on these findings, the first three features, HbA1C, WBC, and UA,
were chosen to create a new comparison for the 16 algorithms that only used these three data. The
goal was to investigate if an ensemble approach, which integrates ideas from various algorithms,
may improve the model's performance even further when compared to the KNN-based evaluation.
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Sequential Feature Addition Based on Borda Importance: Model Performance
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Figure 4. Sequential Feature Addition based on Borda Importance: This plot visualizes how the
model's accuracy evolves as features are added in order of their Borda importance using the KNN
algorithm. The peaks emphasize the most impactful features, while troughs suggest features that may
not substantially contribute to or even slightly hinder the model's accuracy.

3.4. Ensemble Model Results

To determine the efficacy of the selected three features—HbA1C, WBC, and UA —in predicting
metabolic conditions, various ensemble models were constructed and evaluated. The heatmap
presented (Figure 5) elucidates the performance of these models across a myriad of metrics, including
accuracy, AUC, recall, precision, F1 score, Kappa, and MCC.

Heatmap Analysis: Model Performance across Top Borda-Ranked Features
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Figure 5. The heatmap showcases the performance metrics of various machine learning models using
selected features derived from ensemble methods (HbA1C, WBC, and UA). Metrics on the X-axis
indicate the effectiveness of each algorithm. A color gradient transitioning from dark blue to dark red
represents the spectrum of metric values.

3.5. Clustering Analysis Post-Ensemble Method: Insights Before and After Feature Selection

Our clustering analysis was enhanced through the application of a Uniform Manifold
Approximation and Projection (UMAP) algorithm, which revealed distinctive patterns in our dataset
comprising patients with and without metabolic syndrome (Mets and Non-Mets). Initially, the
UMAP algorithm was applied to the entire feature set, resulting in clusters that, while indicative of
an underlying structure, showed considerable overlap between the two patient groups (Figure 6).
This overlap suggested an absence of clear delineation, potentially due to the confounding influence
of less discriminative features. Subsequently, our approach was refined by focusing on the three most
important features, as determined by a Borda count ensemble feature importance method.
Remarkably, the resultant clusters exhibited a more pronounced separation, with less overlap and
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more defined grouping (Figure 7). This improvement visually suggests that the selected features
capture the essence of the data more effectively, offering a more lucid distinction between Mets and
Non-Mets patients. To substantiate these visual observations, we conducted a quantitative analysis,
wherein metrics such as silhouette scores and Dunn index were computed pre- and post-feature
selection. The post-selection results showed a marginally lower silhouette score but improved Dunn
index and Calinski-Harabasz score, indicating better-defined clusters despite an increase in within-
cluster variance. These mixed results underscore the complexity of the dataset and the trade-off
between cluster separation and cohesion. Overall, there is an improvement in clustering performance
with the top 3 features (Table 1). Our findings elucidate the potential of ensemble-based feature
selection in enhancing the interpretability of clustering outcomes, which is pivotal for advancing
precision medicine in the context of metabolic syndrome.

Table 1. Comparison of clustering evaluation metrics between a full feature set and a reduced feature
set comprising the top 3 features, highlighting performance changes in terms of separation, spread,

and correlation.

Metric Full Feature Set Top 3 Features Improvement Indication
Silhouette Score 0.1151535 0.1051986 Decreased (slight)
Dunn Index 0.0009324 0.0014525 Improved (better separation)
Calinski-Harabasz Index (CH) 169.7546 187.8952 Improved (more defined)
Separation 0.0064366 0.0149632 Improved (increased distance)
Diameter 6.903106 10.30144 Increased (larger spread)
Average Within-Cluster Distance 2.834242 4.094495 Increased (more variance)
Pearson Gamma 0.0948925 0.124181 Improved (stronger correlation)
Within-Cluster Sum of Squares (SS) = 7869.409 15378.26 Increased (more spread)
Condition
Mets
MNon-Mets

Dim3

Figure 6. Represents the clustering results obtained when the Uniform Manifold Approximation and
Projection (UMAP) algorithm was applied to the entire feature set of our dataset. In this figure,
patients diagnosed with Metabolic Syndrome are indicated by green points, while those without the
syndrome are marked in red.
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Condition
MetS
Non-Mets

4

Dim2

Figure 7. Showcases the clustering outcome following the application of UMAP on a reduced set of
features, specifically the three most significant features as identified by the machine learning model.
Similar to Figure 1, green points denote Mets patients and red points represent Non-Mets patients.
The axes in this figure also reflect the UMAP components, albeit within a feature space constrained
to the three key attributes. The spatial arrangement of points in this reduced dimensionality space
demonstrates a more pronounced demarcation between the two patient groups, suggesting that the
chosen features offer a sharper distinction in the clustering pattern.

3.6. Model Comparisons

A thorough analysis of the various models using metrics such as AUC, accuracy, recall,
precision, Kappa, MCC, and F1 Score offers a nuanced understanding of their performance. The
CatBoost Classifier, stands out with an impressive AUC of 0.941, underlining its capability in class
differentiation. While models like the Random Forest Classifier and CatBoost Classifier exhibit strong
results in the Kappa and MCC metrics, others like Ridge Classifier and Naive Bayes indicate areas of
improvement, especially in terms of recall. The varied performance serves as a reminder of the
criticality of selecting models in alignment with specific project objectives, be it a focus on precision
or recall.

The ensemble methods bring in a fresh perspective. Despite relying on only three of the original
24 features, many ensemble models demonstrated remarkable performance. This achievement
reaffirms the importance of the selected features: HbA1C, WBC, and UA in diagnosing metabolic
conditions. For instance, the Random Forest model, even with a reduced feature set, exhibits
commendable accuracy and F1 score. Such outcomes from ensemble methods underline the potential
of feature reduction, especially when it's backed by a solid selection rationale like Borda importance.

Furthermore, the T-Sec metric emphasizes the balance between model performance and
computational efficiency. While some models are time-efficient, others demand more computational
resources, a factor to be considered especially in real-time applications. To summarize, the
combination of individual model outcomes with ensemble method results, alongside the feature
importance plots, equips readers with a comprehensive understanding of the results. It provides
clarity on both the performance of each model and the influence of each feature within those models
and their ensemble counterparts.

4. Discussion

Our findings indicate that ensemble models, particularly those utilizing the Borda count
method, significantly enhance predictive accuracy for MetS. This suggests that combining multiple
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ML models can better capture the complex nature of MetS. Future research should explore the
integration of additional variables and larger datasets to further validate these results.

In conclusion the ensemble methods, particularly, demonstrate impressive performance despite
a significantly reduced feature set. The three chosen features—HbA1C, WBC, and UA —emerge as
critical predictors of metabolic conditions, with their importance magnified against the backdrop of
more comprehensive models. Notably, while models like CatBoost and Random Forest, known for
their reliance on a diverse feature set, show high accuracy and F1 scores, they are outperformed by
simpler algorithms such as Quadratic Discriminant Analysis, Naive Bayes, and Linear Discriminant
Analysis in the ensemble context. This shift underlines the importance of feature selection in both
understanding metabolic states and in the strategic choice of algorithms for predictive accuracy.

A compelling insight from the heatmap analysis, both pre- and post-ensemble method
application, is the notable change in model rankings. Models based on linear analysis gain
prominence, overshadowing traditionally dominant models like CatBoost and Random Forest. This
shift highlights the significant impact of feature reduction on model efficacy. Furthermore, certain
anomalies, especially in the KNN algorithm, suggest the potential for overfitting or challenges
associated with a limited feature set, emphasizing the need for rigorous model validation for broader
applicability.

In contrast, the performance metrics of models using the full feature set offer a benchmark for
comparison. These metrics reveal varied performance across models, with the CatBoost Classifier
excelling in class differentiation due to its high AUC value. Conversely, models with lower Recall
scores, like the Ridge Classifier and Naive Bayes, indicate challenges in accurately identifying true
positives. The T-Sec metric underscores the importance of balancing predictive accuracy with
computational efficiency, especially in real-time diagnostic applications.

The ensemble methods in our study exemplify the power of combining predictions from various
machine learning algorithms to create a model that often surpasses the accuracy of individual
components. These methods not only enhanced performance but also emphasized the effectiveness
of a smaller feature set. By concentrating on just three critical features out of the initial 24, the
ensemble approach achieved remarkable results, underscoring its ability to extract valuable insights
from minimal data.

These performance measures highlight the ensemble's ability to harness the strengths of
individual models while mitigating their weaknesses. The Random Forest model, for example,
typically benefits from a diverse feature set but achieved notable accuracy and F1 scores even with
the reduced feature set. This finding illustrates the ensemble's capability to enhance both feature
selection and model performance. Moreover, the ensemble method offers a holistic view of feature
relevance, providing a consensus on the most crucial variables for predicting metabolic states. This
collective intelligence is invaluable in real-world applications, where understanding the interplay of
various factors is crucial.

6. Conclusions

In conclusion, our study highlights the superior performance of the CatBoost Classifier in
predicting MetS, as evidenced by its high AUC score. The effectiveness of ensemble models,
especially with feature reduction to HbA1C, WBC, and UA, underscores the importance of strategic
feature selection in improving diagnostic accuracy.

The varied performances across models like the Random Forest and Ridge Classifier underline
the importance of matching model selection with specific project objectives, such as precision or
recall. Further emphasizing the efficacy of strategic feature selection, our exploration of ensemble
methods demonstrates remarkable predictive power by focusing on just three critical features—
HbA1C, WBC, and UA. This not only showcases the potential of feature reduction but also
accentuates the importance of each feature in MetS diagnosis. The study also brings to light the crucial
balance between model performance and computational efficiency, an important consideration for
real-time applications. Altogether, the integration of individual and ensemble model outcomes,
coupled with feature importance analysis, provides a holistic understanding of machine learning's
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applicability in MetS prediction, contributing significantly to the advancement of non-invasive
diagnostic tools and opening new avenues for future research in optimizing machine learning models
for healthcare applications.
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