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I. Introduction 

Healthcare is the organized provision of medical services to 

maintain or improve people's health. It includes prevention, 

diagnosis, treatment, and rehabilitation of physical and mental 

illnesses. Delivered by professionals like doctors, nurses, and 

therapists, healthcare can occur in clinics, hospitals, or at home 

[1]. It encompasses public health initiatives, health education, 

and access to essential medicines. A strong healthcare system is 

vital for enhancing life expectancy, reducing disease burden, and 

promoting overall well-being in individuals and communities. 
 

Among the most vital organs monitored in healthcare, the Heart 

plays a central role in sustaining human life. It is the engine of 

the circulatory system, pumping oxygen-rich blood throughout 

the body and maintaining critical physiological functions. Any 

impairment in its operation can lead to systemic failures, making 

cardiac health a priority across all levels of medical care [2][3]. 

Cardiovascular system dysfunctions affect multiple organs and 

often present subtle early symptoms, making accurate and timely 

diagnosis a formidable challenge. 
 

Heart diseases or also known as cardiovascular diseases (CVDs), 

are now the highest cause of mortality across the world. The 

World Health Organization (WHO) states that deaths caused by 

heart-related conditions have exceeded 17.5 million a year, and 

over 75 percent of individuals dying due to the said causes are in 

low- and middle-income countries [4]. These illnesses include 

heart failure, arrhythmias, coronary artery disease, as well as 

other disorders that affect how the heart works. Early 

identification of at-risk individuals and timely medical 

intervention can significantly reduce mortality rates and improve 

quality of life, underscoring the importance of proactive 

diagnostic strategies. 
 

The area of ML has become a revolutionary force in early 

cardiac disease prediction in response to this demand. By 

leveraging algorithms capable of learning complex patterns from 

data, ML can assist clinicians in identifying high-risk patients 

before clinical symptoms fully manifest. While several studies 

have explored ML for heart disease detection, the integration of 

advanced ML algorithms with big healthcare data remains an 

area of ongoing research and development [5][6]. The 

challenges lie in handling high-dimensional datasets, addressing 

data imbalance, ensuring feature relevance, and achieving high 

generalization accuracy across diverse patient populations. 

However, when executed effectively, this fusion can offer 

scalable, real-time diagnostic support systems capable of 

transforming preventive cardiology. 
 

Heart Diseases Prediction Using Advanced ML [7]. The 

proposed approach incorporates robust data preprocessing, 

intelligent feature engineering, and optimized ML modeling to 

accurately classify and predict heart disease risk [8][9]. The goal 

is to contribute to the design of an intelligent, data-driven, & A 

decision assistance system with therapeutic relevance that 

improves early detection, reduces healthcare burdens, and 

ultimately saves lives. 
 

A. Motivation and Contribution of the Study 

Globally, heart disease is a leading cause of death, and lowering 

mortality and raising the standard of care depend heavily on 

early identification. Conventional diagnostic methods are 

frequently laborious, prone to human error, & constrained by  
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Abstract 

Heart disease is still one of the world's top causes of death, therefore improving clinical outcomes requires the development of precise 

and timely diagnostic techniques. This paper uses the UCI Cleveland dataset, which consists of 303 patient records with 13 clinical 

characteristics, to present an advanced machine learning (ML) framework for early heart disease prediction. The methodology involves 

robust data pre-processing, feature standardization, and feature selection, followed by model training using Dense Net a deep learning 

(DL) architecture known for its efficient feature reuse and gradient flow. Experimental evaluation demonstrates that the proposed 

Dense Net model achieves outstanding predictive performance, recording an accuracy, precision, recall, as well as F1-score of 99.9% 

each. These results significantly outperform traditional ML models like Decision Tree (85%) and Naive Bayes (83%), showcasing the 

superior ability of Dense Net in capturing complex patterns for reliable heart disease classification. This research highlights the 

potential of DL in developing scalable, data-driven decision support systems for preventive cardiology. 
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their reliance on manual analysis. This study aims to develop a 

highly accurate, automated, as well as scalable heart disease 

prediction model using state-of-the-art DL techniques.  Given 

Dense Net's shown effectiveness in classifying medical images 

and signals, its application to structured clinical data is especially 

appealing since it facilitates early diagnosis and rapid action. 

This research makes the following significant contributions: 

• Introduces Dense Net-based classification for heart disease 

detection, outperforming conventional models like Naive 

Bayes and Decision Tree with 99.9% accuracy. 

• Implements a comprehensive pre-processing pipeline, 

including outlier detection, standardization, as well as 

feature selection to guarantee top-notch input for model 

training. 

• Demonstrates the model’s robustness through extensive 

performance evaluation, including the confusion matrix, 

ROC curve, F1-score, recall, accuracy, and precision. 

• Offers a comparison with alternative ML models, 

demonstrating Dense Net's superiority and usefulness for 

real-time medical applications. 
 

B. Novelty and Significance of the Paper 

This work is unique since it incorporates the Dense Net DL 

framework for heart disease prediction, which is uncommon in 

traditional diagnostic systems primarily relying on classical ML 

models. Unlike conventional methods, Complex, non-linear 

interactions in clinical data may be captured by Dense Net 

thanks to its autonomous feature extraction as well as dense 

connectivity capabilities, significantly enhancing diagnostic 

accuracy. This approach is further justified by its ability to 

achieve a near-perfect classification performance on the UCI 

Cleveland dataset, in addition to removing the requirement for 

manual feature engineering, thus streamlining the entire 

prediction pipeline for real-world clinical deployment. 
 

C. Structure of the Paper 

The paper's outline is as follows: Section II reviews earlier 

research on the prediction of heart disease. Section III discusses 

the methodology, model, & assessment factors. Section IV 

provides comparative analysis and outcomes, and Section V 

concludes with insights and future research directions. 
 

II. Literature Review 

This section reviews and emphasizes heart disease prediction 

and detection methodologies in healthcare. Some of the 

reviewed works are: 

Nahiduzzaman et al. (2019) proposed two classifiers.  SVM and 

MLP are two examples. Working on the classification of two and 

five-class cardiac disease.  This case was based on 303 instances 

from the Cleveland Heart Disease online database, which is 

broken down into 13 characteristics and 5 classifications.  MLP 

is 90.57% accurate when it comes to two-class classification 

problems, whereas SVM's accuracy is 92.45%.  MLP achieves 

an accuracy of 68.86% for five-class classification problems, 

whereas SVM achieves 59.01% [10]. 
 

Krishnani et al. (2019offer a thorough preprocessing technique 

for predicting coronary heart disease (CHD).  Resampling, 

standardization, normalization, classification, prediction, and 

null value replacement are all part of the process.  KNN, RF, and 

the ML methods employed in this study all use DT to forecast 

the risk of CHD.  Additionally, a comparison of these algorithms 

is conducted based on prediction accuracy.  Moreover, the data 

is made random by the application of K-fold Cross Validation.  

The 4240-record "Framingham Heart Study" dataset is used to 

evaluate these techniques. The accuracy of RF, DT, as well as 

KNN in our experimental study was 96.8%, 92.7%, and 92.89%, 

respectively. Thus, compared to other ML algorithms, Random 

Forest classification produces more accurate results when our 

pre-processing procedures are included [11]. 
 

Ambekar and Phalnikar (2018) provide a structured data-based 

illness risk prediction.  Using a unimodal illness risk prediction 

system based on CNN.  The CNN-UDRP algorithm achieves 

around 65% prediction accuracy.  Additionally, this system 

offers answers to queries regarding illnesses that people may 

experience at any point in their lives. Data analysis is necessary 

for handling enormous volumes of data in the healthcare sector. 

Earlier medical research did not make predictions; instead, it 

processed and assimilated large volumes of hospital data. Large 

volumes of data are present in the biomedical & healthcare 

domains, making precise medical data analysis crucial for 

patient management as well as early sickness detection [12]. 
 

Mai et al. (2018) created an automated risk prediction model for 

cardiac disease diagnosis that does not require invasive 

procedures and takes into account variables such as gender, 

resting blood pressure, age, maximal heart rate, as well as 

electrocardiography. Examine four publicly available datasets, 

comprising data from 1071 individuals who underwent a 

specialized coronary artery X-ray (to check for constriction or 

blockage). Additionally, each participant completed three non-

invasive examinations in addition to a physical assessment. A 

generalized linear model with coordinate descent-based 

regularization routes can be used to evaluate the severity of heart 

illness. Their prediction accuracy was 72%, which is higher than 

76% of other complete models, even when laboratory-based data 

is not available (e.g., serum cholesterol or fasting blood sugar). 

From what they can tell, there aren't many non-invasive 

variables that can take the place of conventional methods of 

determining CVDs risk using the latest developments in data 

analytics [13]. 
 

Karayılan and Kılıç (2017) A technique for predicting cardiac 

illness based on artificial neural network backpropagation 

algorithms. A neural network developed using the back-

propagation technique achieved an accuracy of 95% in 

predicting the existence or absence of cardiac disease using 

thirteen clinical factors as input. Heart disease affects a large 

percentage of the world's population, a fatal condition. Taking 

into account the death rate and the population afflicted by heart 

disease, the need of early diagnosis becomes apparent. For such 

an ailment, the conventional method of diagnosis is insufficient 

[14]. 
 

Priyanga and Naveen, (2017) The prediction of cardiac illness is 

examined using a clever and efficient approach that makes use 

of the Naïve Bayes modelling technique. The user must input the 

required values for the characteristics in a web-based 

application.  Database data is taken out and contrasted with 

values entered by the user in training data. Although cardiac 

illness is difficult to detect using traditional methods, this work 

can help physicians make the right choices. The NB 

classification creates no, low, moderate, high, or extremely high 

categories for output data to identify heart disease. 

Consequently, two essential tasks prediction and 

classification—are finished. Achieving 86% accuracy is 

possible using the Naïve Bayes Weighted Approach (NBwa), 

which is determined by the algorithm as well as the database 

used [15]. 
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Table I compares the background studies according to their author(s), methodology, data, main conclusions, limitations, and future 

research. 
 

Table 1: Summary of Related Work based on Heart Diseases Prediction in Machine Learning. 
 

Author(s) Methodology Dataset Key Findings Limitations & Future Work 

Nahiduzzaman 

et al. (2019) 

SVM and MLP Cleveland Heart 

Disease (303 

instances, 13 

attributes, 5 classes) 

SVM: 92.45% (2-

class), 59.01% (5-

class) 

MLP: 90.57% (2-

class), 68.86% (5-

class) 

Limited data size and feature set. 

Future: Improve multi-class accuracy 

with DL. 

Krishnani et al. 

(2019) 

DT, RF, KNN + 

Extensive 

Preprocessing 

Framingham Heart 

Study (4240 records) 

DT: 92.7%, KNN: 

92.89%, RF: 96.8% 

Focused only on the Framingham 

dataset; lacks DL methods. 

Future: Test approach on diverse 

datasets; explore hybrid models. 

Ambekar & 

Phalnikar 

(2018) 

CNN-based 

Prediction of 

Unimodal 

Disease Risk 

Structured clinical 

data 

CNN-UDRP achieved 

>65% accuracy 

Relatively low accuracy; lacks detailed 

dataset info. 

Future: Improve model performance 

using multimodal data. 

Mai et al. 

(2018) 

GLM with 

Regularization 

4 public datasets 

(1071 participants) 

Accuracy: 72% (non-

invasive) vs. 76% 

(full model) 

Limited features; excludes biochemical 

markers. 

Future: Incorporate more non-invasive 

features to boost accuracy. 

Karayılan & 

Kılıç (2017) 

ANN with 

Backpropagation 

13 clinical features Accuracy: 95% (2-

class) 

Limited generalization; trained on a 

single dataset. 

Future: Test with real-time clinical data 

for robust performance. 

Priyanga & 

Naveen (2017) 

Naïve Bayes 

Weighted 

Approach  

Web-based heart 

disease dataset 

Accuracy: 86%; 

prediction levels: no 

to very high risk 

The simplicity of the model may miss 

complex patterns. 

Future: Apply ensemble methods to 

enhance classification. 

 

III. Methodology 
 

 
Fig. 1. Data Flowchart Diagram for Heart Diseases in 

Healthcare. 

The ML algorithms methodology for heart disease employs a 

methodical approach, as seen in Figure 1. The Heart Disease 

UCI Cleveland dataset is initially queried for 303 patient 

information. This dataset contains 13 clinical variables, 

including age, cholesterol levels, blood pressure, and more. First, 

data preparation is applied to the raw dataset, which involves 

addressing missing values by deleting records that are 

incomplete and detecting outliers to get rid of anomalous data 

points that can affect model performance. The raw dataset is first 

subjected to data preparation, which includes removing 

incomplete records to fill in missing values and identifying 

outliers to eliminate unusual data points that can impair model 

performance. Dense Net models may be trained and evaluated 

by dividing the cleaned-up dataset into a training set as well as a 

test set. A DL framework called a Dense Net model minimizes 

the number of parameters while guaranteeing the effective 

spread of features. Lastly, the technology may be applied 

therapeutically to detect cardiac problems in patients early and 

take timely action to improve patient outcomes and lower care 

costs. 
 

D. Data Collection 

The Heart Disease data from UCI Cleveland was utilized in the 

research, which was obtained from the UCI ML repository. 303 

patient records with 13 clinical characteristics, including blood 

pressure, cholesterol, age, and more.  Because of its extensive 

feature collection and well-labeled results, this dataset is 

frequently used for heart disease prediction research and may be 

utilized to train and assess ML models. Some visualization is 

here. 
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Fig. 2. Heart Disease Prevalence Across Age Intervals. 

 

The frequency of heart disease with time and at various age 

intervals is shown in Figure 2. The highest prevalence is 

observed in the 50–60 and 60–70 age groups, indicating 

increased risk with age. Prevalence is lower in younger (<40) 

and older (>70) groups, showing a bell-shaped distribution trend. 

 

 
Fig. 3. Temporal Analysis of Heart Disease Prevalence. 

 

Figure 3 presents a pair plot showing relationships between key 

heart disease features (age, chol, trestbps, thalach) with hue 

based on diagnosis. The plot reveals visible clustering patterns 

between patients with and without disease. Notably, lower 

maximum heart rate (thalach) and higher cholesterol (chol) are 

associated with heart disease. 
 

 
Fig. 4. Clustered Heatmap of Feature Correlations. 

 

Figure 4 displays a clustered heatmap of feature correlations 

among age, cholesterol (chol), as well as maximum heart rate 

(thalach). The weak negative correlation between age and 

thalach (-0.39) indicates that cardiac output declines with 

advancing years. Age and cholesterol have a weakly positive 

association (0.20), whereas thalach and cholesterol have a very 

poor link. 
 

E. Data Preprocessing 

Data preparation is crucial to the performance of ML techniques, 

particularly those used to predict cardiac illness.  Its relevance 

cannot be overstated, since it directly determines the quality and 

dependability of the outputs.  The details of the preprocessing 

processes are given below. 

• Handling Missing Values: Identifying and correcting any 

missing data points to produce a comprehensive dataset for 

analysis. 

• Outlier Detection and Removal: Detecting & deleting 

outliers that may skew the findings to improve data quality. 
 

F. Data Separation 

The data was first divided into features and labels. The input 

variables that are used to predict the outcome are the features, 

whereas the label (target values) indicates if cardiac disease is 

present in each sample. 
 

G. Feature Standardization 

The values of features were standardized with the help of 

Standard Scaler (Scikit-learn). Each feature is given an equal 

chance to train the model by rescaling the data utilizing the 

specified technique until the mean is zero and the standard 

deviation is one, as well as the features with bigger numerical 

ranges do not prevail. It is presented as in Equation 1.  

𝑧 =
𝑥−𝜇

𝜎
 (1) 

The transformation of a feature value x to a standardized value z 

is done using the equation 𝑧 =
𝑥−𝜇

𝜎
. A feature's standard 

deviation (σ) and mean (μ) are the standardization features. 

Standardization centers the data around zero and accelerates to a 

unit variance. Standardizing the value of each feature ensures 

that each contributes equally during training of the model. 
 

H. Feature Selection  

Feature selection aims to increase model accuracy by 

emphasising the most significant data features, reducing 

complexity and improving the speed of prediction of cardiac 

disease. To increase the accuracy of heart problem detection, the 

recommended technique employs a robust feature selection 

procedure. Using a range of approaches, the model determines 

the most significant information, resulting in more accurate 

categorisation. 
 

I. Data Splitting 

The Scikit-learn toolkit's train_test_split function has to be used 

to separate the training as well as testing datasets.  A 95:5 split 

ratio was discovered, with 5% going to testing data and 95% 

going to training data. 
 

J. Implementation with the Dense Net Model  

Dense Net or Densely Connected Convolutional Network is a 

DL architecture that aims to improve the flow of information and 

gradient between the layers. Every layer in the same block is 

directly linked to every subsequent layer, creating a unique 

connection pattern. This contrasts with conventional CNNs, in 

which just the layer directly before it provides input to each 

subsequent layer. 
 

Dense Net (Densely Connected Convolutional Networks) 

introduces dense connections to enhance gradient flow and 

information:  The feature maps of every layer before it is fed into  
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each layer. Instead of summing feature maps (as in Res Nets), 

Dense Net concatenates them. This leads to feature reuse, 

parameter efficiency, and mitigation of the vanishing gradient 

problem [16]. Let 𝑋𝑙𝑎𝑠𝑡  be the final feature map from the last 

dense block. It is calculated by Equation (2) and (3). 

𝑦̂ = 𝑤𝑇 ⋅ 𝐺(𝑋𝑙𝑎𝑠𝑡) + 𝑏 (2) 

If it's a classification problem, we apply SoftMax:  
𝑝 = 𝑠𝑜𝑓𝑡𝑚𝑎𝑥(𝑦̂) (3) 

To compute the final Dense Net prediction, we use the weight 

matrix 𝑤𝑇  with the globally averaged features 𝐺(𝑋𝑙𝑎𝑠𝑡), and we 

add the bias term b to obtain the output logits 𝑦̂. 
 

K. Performance Matrix 

Performance metrics are an important part of the ML process, 

particularly in assessing predictive models. These criteria help 

evaluate how well a model predicts cardiac disease. F1-score, 

recall, accuracy, as well as precision are more objective metrics. 

To assess a model accurately, both measures need to be included. 

The parameters to evaluate the effectiveness of the ML methods 

for classification are provided by the confusion matrix.  The 

terms used to evaluate model performance are provided: 

• True Positive (TP): TP is the number of samples that are 

positively identified by the classifier. 

• True Negative (TN): The number of negative samples that 

the classifier identified. 

• False Positive (FP): The number of samples that the 

classifier predicts would be positive but are negative. 

• False Negative (FN): Those samples which fall into the 

positive class, but are mapped as negative by the classifier 

are called samples. 
 

1) Accuracy 

Accuracy refers to the fraction of accurately predicted 

observations in a dataset. It is calculated by dividing the number 

of accurate estimations by the total number of projections. 

Equation (4) shows the provided formula. 

Accuracy =
TN + TP

TP + TN + FP + FN
 (4) 

2) Precision  

One of the most important characteristics of the recovered 

instances is precision. Equation (5) for accuracy is shown below: 

Precision =
TP

TP+FP
 (5) 

3) Recall  

Recall is a tiny proportion of appropriate examples that are 

recovered from the overall number of relevant instances.  

Equation (6) for recall is shown below: 

Recall =
TP

TP+FN
 (6) 

4) F1 Score  

The F1-score consists of two primary components: accuracy as 

well as recall. The F1-score compensates for categorized data 

with FP and FN. The F1 score is expressed by the following 

Equation (7): 

F1 =
2∗(precision∗recall)

precision+recall
 (7) 

5) ROC  

The receiver operating characteristic, or ROC, is the region 

under the curve that represents the relationship between the 

transfer product rate and the feed rate. 

The model's efficacy as well as comparative analysis are 

assessed using these performance metrics. 

 

 

 

 

IV. Results and Discussion 

This paper investigates the outcomes of the proposed model used 

to forecast heart disease. Python 3 with TensorFlow and Scikit-

Learn were used for the tests on a 64-bit Windows 10 PC 

powered by an Intel i7 processor (3.60 GHz, four cores) as well 

as 16 GB of random-access memory. The Dense Net model's 

performance, shown in Table II, achieved remarkable results in 

classifying heart disease cases. It recorded an accuracy of 99.9%, 

ensuring precise overall classification. While the recall of 99.9% 

demonstrates its efficacy in identifying real heart disease cases, 

the accuracy of 99.9% suggests that there are few false positives. 

Its robustness is indicated by the F1-score of 99.9 percent which 

balances precision and recall. In terms of medical practice, these 

findings show that the model is successful in accurately and 

consistently detecting heart disease. 
 

Table 2: Performance of Heart Diseases in Healthcare. 
 

Performance Metric DenseNet model 

Accuracy 99.9 

precision 99.9 

Recall 99.9 

F1-score 99.9 
 

 
Fig. 5. Training and validation Accuracy of Dense Net Model. 

 

Figure 5 shows the accuracy of training and validation of a 

Dense Net model during the 150 epochs. Both measures indicate 

an upward trend that is very sharp at the beginning and later 

levels off between 98 and 99 percent. This pattern indicates that 

the model is effectively learning and adapting to fresh data with 

minimal instances of over fitting or under fitting. 

 
Fig. 6. Training and validation Loss of DenseNet Model. 
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Training and validation loss of a Dense Net model across 150 

epochs is shown in Figure 6. Both loss curves generally 

decrease, indicating the model is learning. Although validation 

loss varies and spikes sometimes, the general lower trend 

indicates the model is successfully reducing mistakes and 

enhancing performance. 

 
Fig. 7. Confusion Matrix of Dense Net Model. 

 

The Dense Net model's normalized confusion matrix is 

displayed in Figure 7. It achieved perfect classification, with all 

true positives and true negatives correctly predicted (values of 

1.0 along the diagonal). No FP or FN were recorded. 

 
Fig. 8. ROC curve of Dense Net Model. 

 

Figure 8 shows the Dense Net model's ROC curve.  A very low 

FP rate across all thresholds and an unusually high genuine 

positive rate are indicated by the curve's hugging of the top-left 

corner.  This indicates exceptional discriminating strength, 

proving that the Dense Net model can differentiate between the 

classes almost flawlessly. 
 

L. Comparative Analysis 

The many ML models used to predict cardiac disease are 

compared in this section.  Table III uses the Heart Disease UCI 

Cleveland dataset to examine the accuracy of several models in 

identifying heart disease. At 85% accuracy, the Decision Tree 

model demonstrated a small increase over the 83% accuracy of 

the Naive Bayes model. Nevertheless, Dense Net considerably 

outcompeted these models with the amazing accuracy of 99.9%, 

This suggests that it is more adept at identifying intricate patterns 

to forecast cardiac conditions. 

 

 

 

Table 3: Comparative Accuracy of ML Models for Heart 

Diseases in Healthcare. 
 

Performance 

Metric 

Naive 

Bayes[17] 

Decision 

Tree[18] 

DenseNet 

Accuracy 83 85 99.9 
 

The suggested approach for early cardiac disease detection and 

prediction has a number of potential benefits. The use of a Dense 

Net model can result in a high accuracy (99.9% accuracy), which 

is significantly better than older methods of ML for purpose of 

classification of disease. The advantage of the automated feature 

extraction is that there is no longer a need to manually engineer 

the features, which will lessen the action required. By removing 

any outliers, we can also improve on data quality to ensure the 

model has the best chance to execute robustly. Furthermore, the 

generalisation of the model with a small amount of overfitting is 

beneficial for real-time monitoring of patient data and, in turn, 

would allow for early prediction and intervention to reduce 

medical expenses while enhancing overall patient outcomes as 

well as care quality. 
 

V. Conclusion and Future Scope 

In healthcare, heart disease is one of the conditions where early 

detection is crucial to the outcome of a patient and the reduction 

of healthcare expenditure. Predictive modelling has been helpful 

in these situations because to advanced ML algorithms, which 

correctly predict whether heart disease would occur or not 

depending on the presence or absence of particular dataset 

features. With a 99.9 percent accuracy rate in patient 

categorisation, the Dense Net model whose performance is 

evaluated by recall, precision, accuracy, and F1-score has shown 

great results in this article. The superiority of Dense Net in 

representing non-linear and complicated patterns in the clinical 

data was also proven through comparative analysis with the 

classical models, like Naive Bayes and Decision Trees. 

Nonetheless, this model demonstrated some misclassifications, 

especially on the instances with overlapping clinical 

presentation, and the fact that the model is dependent on a single 

dataset has its drawbacks in wider clinical practice. 
 

The restrictions will be addressed in future studies by 

investigating ensemble learning strategies as well as performing 

cross-validation and testing on the diverse, multi-source clinical 

data to improve the model's stability and generalizability. More 

useful clinical characteristics will be used in the future to explain 

predictive accuracy improvement and reduced misclassification 

of borderline cases. These enhancements are aimed at increasing 

the robustness of the model and its applicability in the reality of 

the diversity of healthcare contexts. 
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