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Abstract: 
Objective: This research endeavors to reduce the gap between the technical accuracy of AI models and their practical 
significance in healthcare by conducting collaborative assessments and employing Decision Curve Analysis.  While AI 
models are increasingly employed for disease prediction, there remains a need for a thorough method to assess their clinical 
utility, as conventional accuracy metrics may not fully reflect real-world implications. Material and Methods: Decision 
curve analysis (DCA) offers a promising avenue by considering benefits and harms across different thresholds, but a 
systematic approach is necessary to evaluate AI models' efficacy in clinical practice, with the goal of informing healthcare 
decisions more effectively. Integrating AI models into clinical workflows requires seamless integration with electronic health 
records and other healthcare systems, along with ensuring user acceptance and adherence to clinical protocols. Decision curve 
analysis has the potential to evaluate the clinical utility of AI models, but its effectiveness is hindered by limited real-world 
validation, impeding the determination of the models' true success across diverse clinical settings and patient populations. In 
response to these challenges, logistic regression is utilized to examine the dataset of heart failure clinical records, sourced 
from Kaggle with the goal of improving the integration of AI models into clinical workflows and enhancing the validation of 
decision curve analysis to assess their clinical effectiveness. Results: The suggested AI approach provides improved 
predictive precision and supports prompt decision-making within clinical environments. The logistic regression model 
proposed demonstrates superior performance compared to the existing Support Vector Machine (SVM) model, showing a 
higher ROC AUC score (0.98 versus 0.83), greater accuracy (94.44% versus 78.33%), and a more balanced confusion matrix 
with fewer false positives and false negatives. This highlights its enhanced predictive accuracy and precision in heart failure 
prediction. Conclusion: The Logistic Regression model proposed in this study demonstrates superior performance relative to 
the Random Forest and SVM models, indicated by its higher ROC AUC score (0.98 versus 0.85 and 0.83, respectively), 
greater accuracy (94.44% versus 76.67% and 78.33%), and a more balanced Confusion Matrix with fewer occurrences of 
false positives and false negatives. Moreover, Logistic Regression exhibits competitive time complexity that is well-suited 
for real-time clinical decision-making applications. 
Keywords: AI models, Decision Curve Analysis (DCA), Clinical utility assessment, Electronic Health Records (EHRs), 
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1. INTRODUCTION 

In recent years, the integration of Artificial Intelligence (AI) 
models into healthcare has experienced a notable upsurge, 
particularly in the realm of disease prediction. Despite their 
increasing adoption, there remains a considerable disparity 
between the technical accuracy of these models and their 
practical applicability in clinical settings [1]. While 
conventional metrics like accuracy are frequently used to 
evaluate AI models, they often fail to capture the full 
spectrum of real-world implications. Thus, there is an urgent 
need for a comprehensive method to assess the clinical utility 
of AI models, ensuring they effectively address the practical 
requirements of healthcare professionals and patients. 

The research objective revolves around assessing the 
accuracy of AI models using decision curve analysis to 
determine their clinical utility in the context of heart failure 
clinical record datasets [2]. DCA presents a valuable 
technique for evaluating the practical implications of 
predictive models by considering the balance between 
benefits and drawbacks across various decision thresholds. 
Through dataset comparisons and estimation of the AI 
models' real-world performance probabilities, this method 
yields essential insights into the practicality and efficacy of 
AI predictions in clinical settings [3]. The primary goal of 
this study is to harness DCA to narrow the divide between 
technical accuracy and practical applicability, thereby 
fostering the integration of AI models into healthcare 
practices and facilitating informed decision-making 
processes. Decision curve analysis emerges as a promising 
framework to address this disparity by providing a nuanced 
approach to evaluating the clinical utility of AI models [4]. 
By weighing the trade-offs between benefits and harms 
across various decision thresholds, DCA offers valuable 
insights into the practical implications of AI predictions in 
clinical practice. However, the effectiveness of DCA hinges 
on robust validation in real-world scenarios. The limited 
validation of DCA poses challenges in accurately assessing 
the success of AI models across diverse clinical contexts and 
patient demographics, underscoring the need for systematic 
validation methodologies [5]. 

To tackle these challenges, this research endeavors to narrow 
the gap between technical precision and clinical relevance in 
healthcare through collaborative assessments and the 
adoption of DCA [6]. By employing logistic regression to 
analyze datasets of heart failure clinical records, the study 
aims to enhance the integration of AI models into clinical 
workflows and improve the validation of DCA for assessing 
their clinical effectiveness. Through collaborative evaluation 
and rigorous validation processes, the proposed approach 
seeks to enhance predictive precision and facilitate informed 
decision-making within clinical environments, ultimately 
elevating the practical significance of AI models in 
healthcare [7].  

 
2. Research Methodology 

2.1 Research Area 
This study delves into the incorporation of artificial 
intelligence models into healthcare, with a specific focus on 
disease prediction. Despite the growing utilization of AI 
models in this field, a significant disparity persists between 
their technical precision and practical applicability within 
clinical settings [8]. Traditional assessment metrics like 
accuracy often prove insufficient in capturing the full scope 
of AI models' implications in real-world contexts. Hence, 
there is an urgent need for a comprehensive methodology 
to evaluate the clinical effectiveness of AI models, ensuring 
they adequately address the practical needs of healthcare 
professionals and patients [9]. The primary research 
objective revolves around employing decision curve 
analysis to assess the accuracy and clinical significance of 
AI models, particularly concerning heart failure clinical 
record datasets. DCA provides a nuanced method for 
evaluating the real-world implications of predictive models 
by weighing the trade-offs between benefits and drawbacks 
across various decision thresholds [10]. Through 
collaborative assessments and the utilization of DCA, the 
study seeks to bridge the gap between technical precision 
and clinical relevance in healthcare, ultimately facilitating 
the seamless integration of AI models into clinical 
workflows and supporting well-informed decision-making 
processes [11]. 
 

2.2 RELATED WORK 

Previous studies have predominantly concentrated on 
assessing the technical precision of AI models in 
healthcare, overlooking their practical relevance in clinical 
scenarios. Despite the rising adoption of AI for disease 
prognosis, there exists a significant gap in 
comprehensively evaluating their clinical efficacy, 
particularly concerning their real-world implications [12]. 
Decision curve analysis emerges as a promising tool to 
bridge this disparity by appraising the effectiveness of AI 
models across various decision thresholds, although 
systematic validation methodologies in clinical practice are 
lacking [13]. The seamless integration of AI models into 
clinical workflows presents a challenge, requiring 
compatibility with existing healthcare systems and 
ensuring acceptance and adherence to established clinical 
standards. Additionally, while DCA shows promise in 
evaluating the clinical utility of AI models, its efficacy is 
hindered by the limited validation of outcomes across 
diverse clinical contexts and patient populations [14]. 

Sulaiman et al. investigated the use of explainable AI in 
predicting hospitalization outcomes in Emergency 
Department triage models. By leveraging the MIMIC-IV-
ED dataset and employing Gradient Boosting (GB) for 
prediction modeling, they attained commendable accuracy, 
sensitivity, and specificity levels of 83%, 82%, and 84% 
respectively. The interpretable rules extracted 
demonstrated precise replication of the model's behavior, 
underscoring XAI's capacity to enhance clinical decision-
making in ED contexts [15]. Qian et al. examined the 
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incorporation of augmented reality (AR) into robotic-
assisted surgery (RAS) with the goal of improving surgical 
accuracy and dexterity through an advanced user interface. 
Various methods, including activation-on-demand, were 
investigated to manage visual complexity in the AR interface 
and maintain system dependability. Initial findings 
demonstrated encouraging outcomes, such as minimized 
visual distractions and enhanced awareness of the surgical 
environment, suggesting the prospective clinical 
significance of AR-integrated RAS [16]. Abhishek et al. 
focused on creating a machine learning model to forecast 
cardiovascular disease onset early, utilizing extensive 
medical data analysis. Various imputation methods were 
evaluated, and the CatBoost classification algorithm was 
utilized, resulting in a 91% accuracy rate for the Hungarian 
dataset. Their findings underscore the effectiveness of 
machine learning and data analysis in predicting 
cardiovascular disease, providing significant insights to 
enhance healthcare outcomes [17].  

Mohan et al. focused on utilizing supervised machine 
learning algorithms to forecast and identify cardiac disease. 
Multiple artificial intelligence and machine learning 
methods were employed to examine a dataset comprising a 
variety of human health metrics for both training and testing 
purposes. The study's results centered on assessing the 
effectiveness of these machine learning algorithms in 
predicting cardiac disorders [18]. Narsimhulu et al. 
introduced Filter Based Feature Selection (FBFS) as a 
method to tackle the issue of declining training quality 
caused by the curse of dimensionality in predicting heart 
disease. Various machine learning prediction models such as 
K-Nearest Neighbors, SVM, Decision Tree, Bayesian 
Network, XGBoost, and Random Forest were utilized in the 
practical investigation. Findings demonstrated that the 
implementation of FBFS notably enhanced the quality of 
predictions, with the Random Forest model achieving a 
superior accuracy of 95.08% [19]. Kuhar et al. aimed to 
improve the prediction and prevention of cardiovascular 
disease by creating an AI-based system. Utilizing machine 
learning methods such as SVM, KNN, and Random Forest, 
the research analyzed healthcare datasets. The framework 
provided dependable risk evaluations and proactive 
management recommendations for individual patients, 
offering the potential for better outcomes in CVD 
management through precise predictions and actionable 
recommendations [20]. Dinesh et al. developed a Light 
Gradient Boosting Machine, a LightGBMbased 
classification model to predict Lumpy Skin Disease and 
evaluated its performance against the XGBoost algorithm. 
The comparative analysis demonstrated that the proposed 
LightGBM model delivered better prediction accuracy with 
improved computational efficiency, making it a reliable 
approach for disease classification [21]. 

Umapathy et al. delved into the utilization of artificial 
intelligence for disease diagnosis, particularly in interpreting 
medical images like X-rays and MRI scans to expedite and 
refine diagnostic procedures. These studies have illustrated 
AI's capability to scrutinize patient data and medical 

histories to anticipate potential diagnoses. The findings 
underscore AI's promising potential in forecasting and 
averting diseases by identifying patterns within extensive 
medical datasets, encompassing genetic, lifestyle, and 
environmental factors. Nonetheless, it's crucial to 
recognize that while AI can enhance diagnostic accuracy, 
it should serve as a complement rather than a substitute for 
the expertise of healthcare professionals, underscoring the 
importance of ongoing validation and ethical 
considerations in forthcoming research [22]. Ghaffar et al. 
evaluated the application of artificial intelligence 
techniques, particularly machine learning and deep 
learning, in disease diagnosis and prediction using medical 
image processing. The outcomes demonstrated that AI-
based approaches significantly reduced physicians' 
workload, minimized diagnostic errors and time, and 
improved disease prediction and detection accuracy. 
Machine learning techniques, including support vector 
machine, and deep learning methods, such as convolutional 
neural networks, showcased promising results in 
automating forecasting and diagnosis processes, 
particularly in medical image analysis [23]. 

The study by A.P Zhao et al. explores the application of AI 
for Science in predicting infectious diseases, offering a 
transformative approach to disease dynamics. By 
integrating artificial intelligence into infectious disease 
prediction, AI4S facilitates real-time monitoring, 
sophisticated data integration, and predictive modeling 
with enhanced precision. Their comparative analysis 
underscores the significant advancements enabled by 
AI4S, representing a paradigm shift in infectious disease 
research towards a more proactive and informed response 
to future outbreaks [24]. Malibari et al. introduced an EO-
optimized Lightweight Automatic Modulation 
Classification Network (EO-LWAMCNet) model aimed at 
forecasting chronic health issues such as heart or kidney 
diseases utilizing IoT technology. Through training and 
testing phases on CKD and HD datasets, the model attains 
accuracies of 93.5% and 94%, correspondingly. Evaluation 
metrics like accuracy, MCC, F1-score, and miss rate 
underscore the model's precision and efficacy in disease 
classification, showcasing its high accuracy and minimal 
misclassification rate [25]. Jenna Flogeras explored AI's 
role in disease diagnosis for personalized medicine, 
employing machine learning methods to analyze medical 
data and forecast disease outcomes. Their findings indicate 
AI's transformative potential in disease diagnosis, 
facilitating tailored and accurate medical interventions 
[26]. Ramudu et al. delved into the application of machine 
learning and artificial intelligence methods for disease 
prediction, emphasizing the capability of ML algorithms to 
analyze extensive medical datasets and uncover complex 
patterns. Various methodologies in disease prediction are 
explored, including supervised and unsupervised learning, 
deep learning, and ensemble methods. Nevertheless, 
obstacles remain, such as the necessity for superior medical 
data quality and apprehensions surrounding privacy and 
bias, underscoring the imperative for additional research to 
address these constraints [27]. 
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2.2.1 Challenges in Bridging the Gap Between Technical 
Precision and Clinical Relevance in Healthcare 

Addressing the disparity between technical precision and 
clinical relevance in healthcare presents numerous hurdles, 
mainly due to the absence of comprehensive methodologies 
for assessing the clinical utility of AI models in disease 
prediction. While accuracy metrics are commonly 
employed, they frequently fall short in capturing the 
practical implications of AI models. Decision curve analysis 
emerges as a promising framework to tackle this challenge 
by taking into account the trade-offs between benefits and 
harms across different decision thresholds [28]. Nonetheless, 
the systematic utilization of DCA in evaluating AI models 
for disease prediction remains insufficient, highlighting the 
need for further research endeavors. This study aims to 
bridge this gap by leveraging DCA to compare AI models 
across diverse datasets, with the objective of delivering a 
robust evaluation of their clinical effectiveness and 
facilitating informed decision-making in healthcare 
contexts. 

2.2.2 Addressing the Gap in Evaluation Methods: One 
obstacle in bridging the divide between technical precision 
and clinical applicability in healthcare pertains to the 
inadequacy of evaluation methods for gauging the clinical 
efficacy of AI models comprehensively. Although accuracy 
metrics are prevalent, they may fall short in capturing the full 
spectrum of real-world implications, resulting in an 
incomplete assessment of AI model effectiveness [29]. 
Hence, there is a pressing need to develop and implement 
more expansive evaluation frameworks that encompass not 
only technical accuracy but also the practical impact of AI 
models on clinical outcomes. 

2.2.3 Ensuring Consistent Utilization of Decision Curve 
Analysis: Another challenge lies in ensuring the consistent 
application of decision curve analysis to evaluate AI models 
for disease prediction and ascertain their potential success in 
clinical settings. While DCA presents a promising approach 
for evaluating the clinical utility of prediction models by 
considering the trade-offs between benefits and harms across 
various thresholds, its widespread adoption and consistent 
use in evaluating AI models remain limited [30]. 
Overcoming this challenge necessitates the establishment of 
standardized protocols and methodologies for conducting 
DCA analyses, alongside heightened awareness and 
comprehension of its significance among healthcare 
professionals and researchers. 

2.2.4 Contribution and Future Trajectories 

This research contributes to bridging the disparity between 
the technical precision and clinical significance of AI models 
in healthcare by engaging in collaborative evaluation and 
employing Decision Curve Analysis. Through collaborative 
assessments and the utilization of DCA, the study endeavors 
to offer a comprehensive approach for evaluating the clinical 
efficacy of AI models, going beyond traditional accuracy 

metrics, which may lack a complete reflection of real-
world implications [31]. Moreover, the research 
underscores the importance of adopting a systematic 
approach to assess the effectiveness of AI models in 
clinical settings, particularly in their integration into 
established workflows and in enhancing the validation of 
DCA. Future directions involve the development and 
execution of more inclusive evaluation frameworks that 
encompass both technical precision and the practical 
impact of AI models on clinical outcomes. Additionally, 
initiatives to standardize the application of DCA and raise 
awareness among healthcare professionals and researchers 
will play a pivotal role in addressing the challenges 
associated with effectively evaluating the clinical utility of 
AI models. 

 
2.3 Existing System Overview 
 
The current framework aimed at bridging the gap between 
technical precision and clinical relevance in healthcare 
through collaborative evaluation and decision curve 
analysis faces various challenges in deploying AI-driven 
solutions in clinical settings. These obstacles encompass 
the scarcity of high-quality medical data, complicated by 
data fragmentation across diverse electronic health record 
systems and interoperability issues, necessitating endeavors 
to standardize data collection methodologies [32]. Also, the 
existing metrics for AI model performance may not directly 
correlate with clinical significance, resulting in the 
phenomenon termed the AI chasm. To mitigate this, 
collaborative evaluation techniques such as decision curve 
analysis are advocated to gauge the clinical utility of AI 
models by juxtaposing datasets and estimating their real-
world effectiveness. Additionally, methodological 
deficiencies in AI research, including a paucity of 
prospective studies and well-established methodologies, 
highlight the necessity for conducting comprehensive, 
prospective investigations to validate AI diagnostics and 
enhance patient care outcomes [33]. 
 
2.3.1 Insufficiency of High-Quality Medical Data: One 
limitation of the current system arises from the difficulty in 
accessing high-quality medical data. This challenge is 
compounded by the fragmentation of data across diverse 
electronic health record (EHR) systems and interoperability 
issues [34]. The absence of standardized data collection 
approaches impedes the acquisition of adequate and 
dependable data for training and validating AI models, 
thereby constraining their efficacy in clinical settings. 

 
2.3.2. Discrepancy Between Performance Metrics and 
Clinical Relevance of AI Models: Another drawback 
concerns the disparity between the metrics utilized to assess 
AI model performance and their clinical significance. 
While prevailing metrics may offer insights into the 
technical accuracy of AI models, they might not directly 
reflect their clinical utility [35]. This incongruity, referred 
to as the AI chasm, underscores the necessity for more 
inclusive evaluation techniques that consider the real-world 
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effectiveness of AI models in clinical contexts [36]. 
Collaborative assessment methods like decision curve 
analysis are advocated to bridge this gap by appraising the 
clinical usefulness of AI models across diverse datasets and 
estimating their practical implications for patient outcome. 

2.4 Proposed System  

2.4.1. Enhanced Clinical Decision-Making: Advanced AI 
techniques enable healthcare professionals to make more 
precise and well-informed decisions regarding patient care. 
These techniques can process complex datasets and 
uncover subtle patterns or trends that may not be easily 
detectable by human clinicians. Consequently, healthcare 
providers can develop more personalized treatment plans, 
leading to better patient outcomes and increased 
satisfaction. 

2.4.2 Improved Efficiency and Resource Utilization: 
Advanced AI techniques can streamline healthcare 
processes and optimize the use of resources. By automating 
routine tasks like data analysis and interpretation, AI 
systems allow healthcare professionals to concentrate on 
more complex and critical aspects of patient care. 
Additionally, by providing insights into the clinical utility 
of AI models through decision curve analysis, resources 
can be allocated to the development and implementation of 
models with the most significant impact on patient 
outcomes, thereby enhancing the overall efficiency and 
effectiveness of healthcare delivery.  

2.5 Proposed Architecure  
The proposed architecture has six key components. 

Firstly, data acquisition and preprocessing involve 
gathering clinical datasets for heart failure prediction, 
including variables like age, gender, blood pressure, 
cholesterol levels, and blood sugar levels, from Kaggle, and 
merging them into a unified dataset. Secondly, feature 
engineering and selection focus on identifying and 
extracting crucial features such as age, ejection fraction, and 
serum creatinine levels from a subset of 300 instances with 
13 attributes. Thirdly, model development employs logistic 
regression to create machine learning algorithms capable of 
predicting heart disease occurrences based on these 
features. Fourthly, collaborative evaluation methodologies, 
such as decision curve analysis, are integrated to assess the 
clinical utility of the AI models by evaluating benefits and 
harms across various decision thresholds. Fifthly, 
validation procedures are implemented to ensure the 
models' reliability and effectiveness by testing them against 
real-world clinical data. Lastly, seamless integration with 
electronic health records and other healthcare systems is 
achieved to ensure the practical applicability and usability 
of the AI models within clinical workflows, thereby 
supporting informed decision-making and timely 
interventions for heart failure management. 

Figure 2.1 depicts the proposed architecture 
components, emphasizing the incorporation of advanced AI 
techniques, collaborative evaluation methods, and decision 
curve analysis. 

 
2.5.1 Module for Logistic Regression / RF and SVM 

Technique 
 
In the proposed architecture, each machine learning 
method—Logistic Regression, Random Forest, and 
SVM—is implemented as distinct modules customized for 
specific tasks related to predicting heart failure. The 
Logistic Regression module focuses on selecting features 
and training models using clinical variables such as age, 
ejection fraction, and serum creatinine levels [37]. It 
incorporates decision curve analysis to evaluate clinical 
usefulness and validation procedures to ensure reliability 
across diverse clinical datasets. Similarly, the Random 
Forest module emphasizes ensemble learning techniques to 
improve predictive accuracy by combining multiple 
decision trees trained on the same dataset attributes [38]. 
Meanwhile, the SVM module utilizes kernel methods to 
transform input data into higher-dimensional spaces, 
effectively separating heart disease outcomes and 
validating results against real-world clinical scenarios. 
Each module is designed for seamless integration with 
electronic health records and healthcare systems, 
facilitating practical deployment and supporting informed 
decision-making in heart failure management.  
 

Fig. 2.1 Proposed Architecture for Collaborative 
Evaluation and Decision Curve Analysis 
 
2.5.2 Data acquisition and preprocessing 
 
Data acquisition and preprocessing for predicting heart 
failure involves obtaining clinical datasets from Kaggle that 
include critical variables like age, gender, blood pressure, 
cholesterol levels, and blood sugar levels. These datasets 
are combined into a single unified dataset to enable 
thorough analysis and development of machine learning 
models. This initial stage ensures the data is standardized 
and prepared for further steps such as feature engineering 
and model training, aimed at enhancing predictive accuracy 
in identifying instances of heart disease. 
 
2.5.3 Featured Engineering 
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Feature engineering within the proposed architecture 
involves a meticulous process of identifying and selecting 
critical attributes from a subset of 300 instances that initially 
contain 13 attributes. This phase is centered on extracting 
essential features such as age, ejection fraction, and serum 
creatinine levels, which are recognized as significant 
predictors of heart failure. The objective is to enhance the 
predictive performance of machine learning models, 
particularly logistic regression, by ensuring they capture and 
effectively utilize the most pertinent information available in 
the dataset. This approach not only enhances the accuracy of 
predicting heart disease but also optimizes computational 
efficiency and model interpretability, thereby facilitating 
their seamless integration into clinical decision-making 
workflows. 
 
2.5.4 Model Development and prediction 
 
Model development employs logistic regression to construct 
accurate algorithms for forecasting heart disease incidents 
using crucial clinical features extracted from extensive 
datasets. This strategy leverages logistic regression's 
expertise in modeling binary outcomes, ensuring precise 
predictions by emphasizing essential patient demographics 
and health metrics. Through rigorous evaluation techniques 
like decision curve analysis, these algorithms undergo 
refinement tailored to meet clinical requirements, thereby 
bolstering their efficacy in predicting and managing diseases. 
 
2.5.5 Evaluation Methodology 
 
In the proposed framework, evaluation methods are essential 
for assessing the clinical effectiveness of AI models in 
predicting heart failure. Collaborative strategies, specifically 
decision curve analysis, are incorporated to assess these 
models across a range of decision thresholds. DCA evaluates 
the overall benefits of predictive models by balancing the 
trade-offs between correctly identifying true positives and 
the risk of false positives, thereby offering insights into their 
real-world usefulness in clinical practice. This approach 
enhances the comprehension of how AI models can 
contribute to healthcare decision-making by weighing the 
advantages and disadvantages associated with different 
decision thresholds, thereby ensuring their alignment with 
clinical requirements and enhancing patient outcomes. 
 
2.5.6 Validation Procedure 
 
Validation procedures in the proposed architecture are 
designed to rigorously evaluate the AI models' reliability and 
effectiveness by exposing them to real-world clinical data. 
This ensures that the models can generalize beyond their 
initial training data, accurately predicting heart failure 
outcomes across various patient demographics and clinical 
environments. Through validation against real patient data, 
the models' performance metrics such as accuracy, 
sensitivity, and specificity undergo thorough assessment, 
reinforcing their practical applicability and trustworthiness. 
 
2.5.7 Integration with Electronic Health Records 

 
Seamlessly integrating with electronic health records 
(EHRs) and other healthcare systems is crucial for 
deploying AI models effectively in clinical workflows. By 
interfacing with existing healthcare infrastructure, 
including data management systems and patient records, 
the AI models can effectively utilize comprehensive patient 
information to support real-time decision-making. This 
integration empowers healthcare professionals with timely 
insights and enables informed decisions in heart failure 
management, ultimately enhancing patient outcomes 
through proactive and personalized care approaches. 
 
2.5.8 Steps to implement DCA  
 
Python can be utilized to generate Decision Curve Analysis, 
facilitated by various libraries like scikit-learn and 
matplotlib. Below is a basic guide on implementing DCA 
using Python. Figure 2.2 presents the flow of 
implementation of DCA using python 
 
1. Model Training: Employ Python libraries such as scikit-
learn to train your prediction model using your dataset. 
2. Prediction Calculation: Once trained, utilize the model 
to predict outcomes either on a validation dataset or through 
cross-validation. 
3. Net Benefit Calculation: Compute the net benefit for 
each model across different decision thresholds. This 
involves weighing true positives, false positives, and the 
potential harm of false positives against false negatives. 
4. Plotting the Decision Curve: Use matplotlib or similar 
libraries to visualize the decision curve, where the x-axis 
denotes the threshold probability and the y-axis illustrates 
the net benefit. 
5. Interpretation and Analysis: Analyze the decision 
curve to ascertain which model offer the highest net benefit 
at varying decision thresholds. This analysis aids in 
identifying the most clinically advantageous model for 
practical application. 

 
Fig. 2.2 Process Flow of Decision Curve Analysis 
Implementation 
 
2.6 Proposed Agorithm Steps 

 
1. Import the heart failure dataset using pandas.  
2. Preprocessing to handle any missing values, encode 

categorical variables, and scale numerical features. 
3. Use StandardScaler to scale numerical features. 
4. Divide the dataset into features (X) and target (y). 
Split the data into training and testing sets. 
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5. Train Random Forest and Logistic Regression Model on the 
traning data 

6. Predict probabilities on the test data. 
7. Evaluate the Model Using DCA 
8. Compute ROC curve and AUC 
9. Plot the necessary Graphs 
10. Calculate net benefit for each threshhold and plot DCA 

curve. 
 

2.7 Input Dataset 
 
The heart failure prediction dataset from Kaggle includes 11 
clinical variables crucial for predicting heart disease events. 
Cardiovascular diseases are a major cause of global 
mortality, making early detection and management essential, 
as heart failure often results from such conditions. This 
dataset contains critical data such as age, gender, resting 
blood pressure, serum cholesterol levels, and fasting blood 
sugar levels, aiding the creation of machine learning 
algorithms for predictive analytics. Compiled by merging 
five different datasets from Cleveland, Hungarian, 
Switzerland, Long Beach VA, and Stalog, it includes over 
1,190 instances that provide a comprehensive view of 
cardiovascular health metrics. This study focuses on a subset 
of 300 instances and 13 attributes, including age, ejection 
fraction, and serum creatinine levels, to analyze heart failure 
prediction, highlighting the dataset's value in advancing 
cardiovascular health research. Figure 2.3 depicts the heart 
failure prediction dataset, highlighting the distribution and 
attributes of the 11 clinical variables employed to forecast 
heart disease incidents. 
 

 
 
Fig.  2.3 Sample input dataset – Heart failure prediction [2] 
 

3. EXPERIMENTAL RESULT 
 
The experimental results of three machine learning models—
Logistic Regression, Support Vector Machine, and Random 
Forest Classifier—on the heart failure prediction dataset 
reveal differing levels of performance. The Logistic 
Regression model outperformed the others with a ROC AUC 
score of 0.98 and an accuracy of 94.44%, supported by a 
confusion matrix showing 25 true negatives, 9 true positives, 
1 false negative, and 1 false positive. The SVM model 
achieved a ROC AUC score of 0.83 and an accuracy of 
78.33%, with its confusion matrix indicating 33 true 
negatives, 14 true positives, 11 false negatives, and 2 false 
positives. The Random Forest Classifier obtained a ROC 
AUC score of 0.85 and an accuracy of 76.67%, as shown by 

its confusion matrix with 33 true negatives, 13 true 
positives, 12 false negatives, and 2 false positives. These 
findings underscore the logistic regression model's superior 
predictive accuracy and discriminative capability for 
predicting heart failure events in this dataset. 
 
Table 3.1 shows the model’s performance and figure 3.1 is 
the corresponding graph. Figure 3.2 presents the ROC 
curve for the Logistic Regression model, demonstrating its 
excellent discriminative capability with an AUC of 0.98. 
Figure 3.3 depicts the Decision Curve Analysis of Logistic 
Regression, showing consistent net benefit values of 1 
within threshold values ranging from 4.6 to 8.6, and 
fluctuating between -0.4 and 1.0 across the entire threshold 
range from 0 to 1. Figure 3.4 depicts the ROC Curve for the 
Random Forest model, showcasing its performance with a 
ROC AUC score of 0.85, indicating its capability to 
distinguish between positive and negative heart failure 
events effectively. Figure 3.5 presents the Decision Curve 
Analysis of the Random Forest model, showing the net 
benefit at different threshold probabilities to assess its 
clinical utility in predicting heart failure. Figure 3.6 depicts 
the SVM model's ROC curve, achieving an ROC AUC 
Score of 0.83. Figure 3.7 depicts the Decision Curve 
Analysis of SVM, demonstrating a consistent net benefit of 
0.50 across a range of threshold values from 0 to 1. 
 
Table 3.1 Performance Comparison of the Model 
 

Model Accuracy 
ROC AUC 
Score 

Logistic Regression 0.94 0.98 

Random forest 0.76 0.85 
Support Vector 
Machine 

0.78 0.83 

  

 
 
Fig. 3.1 Model’s Performance Comparisons  
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Fig. 3.2 ROC Curve FPR Vs TPR for Logistic Regression 
 

 
 
Fig 3.3 DCA of Logistic Regression 
 

 
 
Fig. 3.4 ROC Curve FPR Vs TPR for Random Forest 
 

 
 
Fig. 3.5 DCA of  Random Forest 
 

 
 
Fig. 3.6 RoC FPR Vs TPR for Support Vector Machine 
 

 
Fig. 3.7 DCA of Support Vector Machine 
 

4. DISCUSSION OF RESULTS 
 
4.1 Discusiom on Findings 
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In analyzing the results and providing recommendations 
based on the study titled "Closing the AI Chasm by Bridging 
the Gap Between Technical Precision and Clinical 
Relevance in Healthcare through Collaborative Evaluation 
and Decision Curve Analysis," several key insights emerge 
from the experimental findings. The study underscores the 
critical role of advanced AI techniques, notably logistic 
regression, in achieving high accuracy and discriminative 
capability for predicting heart failure. With an impressive 
ROC AUC score of 0.98 and an accuracy of 94.44%, the 
logistic regression model outperformed both Support Vector 
Machine and Random Forest Classifier models. This 
highlights its ability to effectively utilize the heart failure 
prediction dataset's 11 clinical variables for precise 
forecasting of heart disease incidents. The ROC curve in 
Figure 3.1 visually confirms its robust discriminative power, 
reaffirming its suitability for clinical contexts where accurate 
identification of heart failure risks is paramount. 

 
Additionally, Decision Curve Analysis, as depicted in 
Figures 3.2 and 3.4 for logistic regression and Random 
Forest, respectively, offers a detailed evaluation of clinical 
utility by balancing benefits and harms across various 
threshold probabilities. These visualizations demonstrate 
how these models translate their strong performance metrics 
into practical applications within clinical settings, providing 
healthcare providers with valuable insights to support 
informed decision-making. While logistic regression clearly 
demonstrates superior performance, the study also 
acknowledges the potential of SVM and Random Forest 
models, which achieved respectable ROC AUC scores of 
0.83 and 0.85, respectively. Despite not reaching the same 
overall performance level as logistic regression, these 
models still make significant contributions to heart failure 
prediction, as evidenced by their respective ROC curves and 
DCA analyses. Therefore, integrating collaborative 
evaluation methods and leveraging DCA across diverse 
datasets can enhance the acceptance and validation of AI 
models in clinical workflows, ensuring they effectively meet 
the rigorous demands of real-world healthcare environments. 
 
4.2 Interpretation and Analysis 
 
The Decision Curve Analysis of the Logistic Regression 
model shows varying net benefits across thresholds from 0 
to 1, ranging between -0.4 and 1.0, with a steady net benefit 
of 1 observed between threshold values of 4.6 and 8.6. This 
indicates that the Logistic Regression model consistently 
provides high net benefit within specific decision thresholds, 
highlighting its potential clinical utility for predicting heart 
failure. In contrast, both the Random Forest and SVM 
models maintain a constant net benefit of 0.50 across the 
entire threshold range, suggesting consistent but lower 
clinical usefulness compared to Logistic Regression. These 
results imply that while all three models contribute 
positively to heart failure prediction, Logistic Regression 
may offer superior practical application in clinical settings 
due to its higher and more consistent net benefit within 
critical decision thresholds.  
 

4.3 Recommendations and Future Work 
 
Based on the findings of this study, several 
recommendations can be proposed to enhance the 
integration and effectiveness of AI models in healthcare 
settings. Firstly, due to logistic regression's superior 
performance in predicting heart failure with high accuracy 
and consistent net benefit across critical decision 
thresholds, its implementation in clinical practice should be 
prioritized. Healthcare institutions are encouraged to 
integrate logistic regression models into their existing 
electronic health record systems to facilitate real-time 
decision-making by clinicians. Additionally, while logistic 
regression has demonstrated the highest predictive 
capability, there is potential for further exploration and 
optimization of SVM and Random Forest models, which 
have also shown promising results. Future research efforts 
could focus on refining these models through various 
feature engineering techniques or optimization of 
hyperparameters to potentially improve their performance 
in predicting heart failure. 

 
Furthermore, to promote broader adoption of AI models in 
clinical workflows, future studies should emphasize the 
validation of these models across diverse patient 
populations and clinical settings. Prospective studies are 
recommended to evaluate the real-world effectiveness of 
AI-driven predictions on patient outcomes and the 
utilization of healthcare resources. Finally, ongoing 
collaboration among data scientists, healthcare 
professionals, and regulatory bodies is crucial to establish 
robust guidelines for the ethical deployment and 
continuous enhancement of AI models in healthcare. This 
collaborative approach will ensure the reliability, safety, 
and ethical use of AI-driven solutions, thereby fostering 
trust among healthcare providers and patients in adopting 
these technologies to enhance patient care and outcomes. 
 

4.4 Performance Evaluation 
 
The study employs Decision Curve Analysis alongside 
traditional metrics such as ROC AUC score and accuracy 
to evaluate the predictive capabilities of logistic regression, 
SVM, and Random Forest models for heart failure 
prediction. Logistic regression emerges as the leading 
model, achieving a high ROC AUC score of 0.98 and an 
accuracy of 94.44%. This underscores its strong 
discriminative power in utilizing 11 clinical variables 
effectively to accurately forecast heart disease incidents. 
Figures like 3.1 and 3.2 visually demonstrate its superior 
performance and consistent net benefit across specific 
decision thresholds, suggesting its suitability for practical 
implementation in clinical settings. In contrast, SVM and 
Random Forest models, though achieving respectable ROC 
AUC scores of 0.83 and 0.85 respectively, maintain a 
steady net benefit of 0.50 across all thresholds, indicating 
comparatively lower clinical utility compared to logistic 
regression. These findings emphasize the importance of 
integrating logistic regression into clinical workflows due 
to its superior predictive accuracy and consistent 
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performance across critical decision thresholds, thereby 
enhancing healthcare decision-making processes and patient 
outcomes. 
 

4.4.1 Accuracy 
The accuracy of a machine learning model is determined by 
the ratio of correct predictions to the total number of 
predictions, expressed as a percentage.  
 
Accuracy= (No. of Correct Prediction/Total no. of 
Prediction) *100%                                                      -- (1) 
 
In the study evaluating heart failure prediction models, 
logistic regression demonstrated an accuracy of 94.44%, 
indicating that nearly 94.44% of its predictions aligned 
correctly with the actual outcomes within the dataset. This 
metric, coupled with evaluations such as ROC AUC score 
and Decision Curve Analysis (DCA), underscores logistic 
regression's efficacy in clinical scenarios for precise 
prediction of heart disease occurrences. 
 

4.4.2 ROC Curve 
The ROC curve (Receiver Operating Characteristic curve) 
visually illustrates how well a classifier distinguishes 
between classes by plotting the sensitivity (true positive rate) 
against the complement of specificity (false positive rate) 
across various threshold values. Sensitivity is calculated as 
 
TPR= TP/(TP+FN)                                                      -- (2) 
 
where TP (true positives) and FN (false negatives) represent 
correct and missed positive predictions, respectively. 
Conversely, specificity is derived as  
 
FPR=FP/(FP+TN)                                                     -- (3) 
 
with FP (false positives) and TN (true negatives) denoting 
incorrect and correct negative predictions, respectively. 
 

4.4.3 AUC 
The AUC (Area Under the Curve) of the ROC curve 
quantifies the classifier's ability to distinguish between 
positive and negative instances, representing the probability 
that a randomly chosen positive instance will have a higher 
predicted probability than a randomly chosen negative 
instance.  
 

                       -- (4)       
The AUC is computed as the integral of the true positive rate 
(TPR) with respect to the false positive rate (FPR) over the 
interval [0, 1]. 
 

4.5 Evaluation Methods  
The evaluation methods utilized encompass Decision Curve 
Analysis (DCA), ROC AUC score, Confusion Matrix, and 
accuracy metrics to gauge the predictive performance of 
logistic regression, SVM, and Random Forest models in 
predicting heart failure. 
4.6 Mathematical Modelling 

Based on the study the logistic regression model's 
performance can be mathematically modeled to assess its 
predictive accuracy and discriminative capability for heart 
failure prediction. This model achieves a high ROC AUC 
score of 0.98 and an accuracy of 94.44%, utilizing the heart 
failure prediction dataset's 11 clinical variables effectively. 
The Decision Curve Analysis (DCA) further reveals that 
the logistic regression model maintains a net benefit 
ranging from -0.4 to 1.0 across threshold values from 0 to 
1, with a stable net benefit of 1 observed between thresholds 
of 4.6 and 8.6. This consistency highlights its clinical utility 
in accurately forecasting heart disease incidents within 
specific decision thresholds, reinforcing its suitability for 
integration into clinical workflows to enhance patient care 
and healthcare decision-making processes. 
 
4.6.1 Logistic Regression Model  
The logistic regression model predicts the probability of a 
binary outcome, such as the presence or absence of heart 
failure, using predictor variables like age, gender, and 
clinical measurements. It employs a logistic function, also 
known as a sigmoid function, to transform these variables 
into the predicted probability of the outcome: 

 
                                                                                      -- (5) 
Here, p(x) represents the predicted probability of the 
outcome, where β0  is the intercept term indicating the 
predicted log-odds of the outcome when all predictors are 
zero, and β1, β2, …, βn  are coefficients representing the 
effect of each predictor variable x1, x2, …, xn. The model 
estimates these coefficients based on training data to 
maximize the likelihood of observed outcomes. The 
resulting p(x) ranges between 0 and 1, with values closer to 
1 indicating a higher probability of the event such as heart 
failure occurring, and values closer to 0 indicating a lower 
probability [39]. 
 
4.6.2 Random Forest Classifier 
 
The Random Forest Classifier is an ensemble learning 
technique that builds multiple decision trees during training 
and outputs the mode of classes (for classification) or the 
mean prediction (for regression) from the individual trees. 
In classification tasks, the classifier predicts the class with 
the highest frequency among its constituent decision trees: 
 

       -- 
(6) 

 
where T is the number of trees, ht(x) denotes the prediction 
of the t-th decision tree, and I (.) is the indicator function.  
For regression tasks, the prediction y (x) is the average 
prediction across all trees: 
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                                -- (7) 
Random Forests aggregate predictions from diverse decision 
trees, each trained on a random subset of the training data and 
features. This ensemble method enhances prediction 
accuracy and generalization while mitigating overfitting, 
making Random Forests widely utilized in various machine 
learning applications [40]. 
 
4.6.3 Support Vector Machine 
Support Vector Machines (SVMs) are supervised learning 
models widely used for classification and regression tasks. In 
binary classification, SVM aims to identify a hyperplane that 
effectively separates data points into two classes. The SVM 
decision function can be formulated as: 
 

  (8) 
 
Here, x represents the input data point to be classified, xi  are 
the support vectors (training data points defining the 
hyperplane), yi  are the class labels  yi € {-1, 1},  K(xi, x)  is 
the kernel function calculating the similarity between  xi and  
x, αi are coefficients obtained during training that indicate the 
importance of each support vector, and b is the bias term. 
 
The sign function assigns +1 if the sum is positive or zero, 
and -1 otherwise, thereby classifying x based on its position 
relative to the decision boundary established by the 
hyperplane. The choice of kernel function K (xi, x) (e.g., 
linear, polynomial, Gaussian/RBF) governs how SVM 
transforms input data into a higher-dimensional space where 
a linear separation of classes is feasible. Through training, the 
parameters αi and b are optimized to maximize the margin 
between classes, ensuring robust and accurate classification 
performance [41]. 
 
5. CONCLUSION  
 
The study aimed at improving the integration of AI models 
in healthcare, several key conclusions emerge from the 
gathered data and experimental results. The study highlights 
logistic regression's pivotal role in accurately predicting heart 
failure events, supported by its impressive ROC AUC score 
of 0.98 and high accuracy of 94.44%. These metrics 
underscore its superior ability to discriminate between 
classes and its suitability for real-world clinical applications, 
outperforming both Support Vector Machine and Random 
Forest models. Decision Curve Analysis further validates the 
clinical utility of logistic regression by demonstrating its 
consistent net benefit across critical decision thresholds, 
essential for guiding healthcare decisions effectively. 
Although SVM and Random Forest models also show 
respectable performance with ROC AUC scores of 0.83 and 
0.85 respectively, their consistent net benefit of 0.50 
indicates relatively lower clinical relevance compared to 
logistic regression across various decision scenarios. 
Incorporating these insights into clinical practices has the 
potential to significantly enhance predictive accuracy and 

facilitate informed decision-making, ultimately advancing 
patient care and healthcare outcomes through the effective 
deployment of AI technologies. 
 
Future directions for this data involve investigating 
advanced feature engineering methods to refine SVM and 
Random Forest models, validating these AI algorithms 
across diverse patient populations and clinical 
environments, and establishing rigorous protocols for their 
ethical implementation in healthcare to uphold patient 
safety and regulatory standards. 
 
Data Availabilty 
 
The heart failure prediction dataset on Kaggle provides 
accessible and extensive resources for researchers and 
practitioners aiming to study and forecast heart failure 
occurrences.  
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