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PAPER

Intelligent Decision Support System Based on 
Heart Failure

ABSTRACT
In the ever-changing realm of healthcare, the integration of advanced technologies and the 
wealth of medical data presents exciting opportunities to enhance diagnostic processes. This 
study presents the intelligent diagnostic decision support system (IDDSS), employing data 
analysis and artificial intelligence (AI) to aid doctors in making informed diagnostic decisions. 
The IDDSS harnesses a wealth of patient data, encompassing medical records, test findings, 
and demographic details. By employing advanced data analysis techniques, it reveals valuable 
insights, identifies patterns, and establishes correlations within the data. Furthermore, to ele-
vate diagnostic precision, the IDDSS integrates state-of-the-art AI algorithms and machine 
learning models. These models, trained on extensive datasets, excel in recognizing intricate 
patterns, categorizing illnesses, and predicting outcomes. Continuously adapting to incor-
porate the latest medical advancements, the IDDSS remains at the forefront of enhancing 
healthcare efficacy and patient care. This system has significant potential to advance health-
care diagnostics, ultimately serving as a valuable decision support tool enabling physicians to 
provide exceptional care and improve patient outcomes.
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1	 INTRODUCTION

The rise of big data analytics and artificial intelligence (AI) has transformed many 
industries, and healthcare is no exception. With the progress of healthcare technol-
ogy and the abundance of medical data, opportunities to advance diagnostic decision- 
making have arisen [1], [2]. Our project presents an intelligent diagnostic decision support 
system (IDDSS) that uses big data analytics and AI to enhance healthcare diagnoses.

The IDDSS acts as a valuable support tool for healthcare professionals, assisting 
them in making accurate and timely diagnoses.

It utilizes big data analytics [3] and AI algorithms to analyze a vast dataset that includes 
medical records, clinical measurements, and patient demographics. By uncovering 
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insights, patterns, and connections within the data, the system provides healthcare pro-
fessionals with a comprehensive understanding of their patients’ health, enabling them 
to make informed diagnostic decisions that can significantly impact patient care [4].

In order to enhance diagnostic precision, the IDDSS uses AI algorithms and 
machine learning models [5]. These models are trained on large-scale datasets to 
recognize patterns, classify diseases, and predict patient outcomes. By continuously 
learning from new data, the system improves its diagnostic capabilities over time, 
ensuring that it stays current with the latest medical research and findings.

The IDDSS features a user-friendly interface that presents diagnostic recommen-
dations based on the patient’s data analysis. Healthcare professionals can easily 
access and interpret the system’s insights, enabling them to make informed decisions 
and provide personalized treatment plans. The system also promotes knowledge 
sharing and collaboration among healthcare providers, allowing for collective 
intelligence in the diagnostic process.

By integrating big data analytics and AI, the IDDSS can revolutionize healthcare 
diagnoses. It enables the extraction of actionable insights from vast amounts of 
medical data, leading to more accurate and timely diagnoses. The system serves as 
a valuable tool for healthcare professionals, empowering them to deliver enhanced 
healthcare outcomes and improve patient care [6].

In this project, we will develop a predictive model for heart failure [7] using a 
dataset containing various clinical features [8], [9]. We will perform data prepro-
cessing, exploratory data analysis, and feature engineering to prepare the data for 
model training. The trained model will be evaluated using various performance 
metrics [10], and the results will be integrated into the IDDSS interface. The final 
system will provide healthcare professionals with valuable diagnostic support, 
enabling them to make informed decisions and improve patient outcomes.

2	 RELATED WORK

Several recent studies published have explored the use of machine learning for 
cardiovascular and heart failure prediction:

•	 Logistic regression combined with grid search was applied to clinical data for 
heart disease prediction, showing how hyperparameter tuning can improve 
classification accuracy [11].

•	 Another research in Artificial Neural Networks with K-Fold Cross-Validation 
and Feature Selection [26] showed that the combination of cross-validation and 
variable selection significantly improved the robustness of predictions.

•	 A comparative study Integrated Deep Learning Model for Heart Disease Prediction 
[27] evaluated the performance of neural networks, support vector machine 
(SVM), and logistic regression, highlighting the trade-offs between accuracy and 
interpretability.

This work is aligned with our methodology and research objectives, which include:

1.	 Developing a predictive model for heart failure from a structured dataset of 
clinical characteristics.

2.	 Preprocessing and exploring the dataset to identify trends and optimize feature 
representation.

3.	 Applying feature engineering to transform raw data into meaningful variables.
4.	 Optimizing performance through cross-validation and hyperparameter tuning.
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5.	 Training and evaluating the model using performance metrics such as accuracy, 
AUC, and the confusion matrix.

6.	 Ensuring interpretability and clinical utility, essential for deployment in 
decision-support tools.

2.1	 Potential of big data analytics and AI in healthcare diagnoses

The potential of big data analytics and AI in healthcare diagnoses is significant, 
as evidenced by the literature.

Big data analytics enables the analysis of large volumes of healthcare data, 
supporting evidence-based decision-making and personalized medicine [3].

AI technologies, such as deep learning and machine learning [12], have shown prom-
ising results in the screening, diagnosis, and treatment of various diseases, indicating 
the potential for AI to significantly impact medical diagnosis and therapy [13].

Furthermore, the application of AI in the development of intelligent decision 
support systems has been highlighted, emphasizing the role of AI in generating 
decision alternatives to aid decision-makers [14].

The potential of big data analytics and AI in healthcare diagnoses is further 
supported by the transformative impact of AI and big data in healthcare decision 
support systems [15].

The synthesis of these references underscores the significant potential of big data 
analytics and AI in enhancing healthcare diagnoses through the development of 
intelligent diagnostic decision support systems.

3	 PROPOSED RESEARCH METHOD

In this section, we aim to develop a predictive model for heart failure using a data-
set containing various clinical features. The dataset used for this analysis is the “heart.
csv” file provided by Kaggle [9], which includes information about patients’ age, sex, 
blood pressure, cholesterol levels, and other relevant attributes. The project involves 
exploratory data analysis, feature engineering, model training, and evaluation.

3.1	 Data preprocessing and exploratory data analysis

The implementation begins with the importation of the required libraries, 
followed by loading and exploring the dataset using PySpark [16].

Figure 1 displays its schema as loaded in PySpark. It lists all features, their data 
types, and nullability, which are essential for guiding the preprocessing and feature 
engineering steps.

Fig. 1. Schema of the heart failure dataset
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During the exploratory data analysis phase, we gained valuable insights into the 
dataset. Some key observations include:

•	 The dataset contains various features such as age, sex, blood pressure, cholesterol 
levels, and other clinical attributes.

•	 The target variable, “HeartDisease,” indicates whether a patient has heart dis-
ease or not.

•	 The distribution of features such as age, blood pressure, cholesterol levels, and 
maximum heart rate (MaxHR) was visualized using histograms and box plots.

•	 Count plots were used to analyze the distribution of categorical variables such as 
sex, chest pain type, and fasting blood sugar.

The visualizations in Figure 2 provided us with a better understanding of the 
entire dataset and helped us identify potential patterns or relationships between the 
features and the target variable.

Fig. 2. (Continued)
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Fig. 2. Data visualization for exploratory data analysis

3.2	 Data cleaning and feature engineering

The dataset was thoroughly checked for missing values, and no null values were 
found. Therefore, no imputation or removal of records was necessary.
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Feature engineering techniques were applied to transform the data and create 
new features. Categorical variables such as sex, chest pain type, and fasting blood 
sugar were converted into binary indicators using custom transformations. This 
process ensured that the categorical variables could be effectively utilized in the 
predictive model.

Figure 3 is a pair plot matrix that visualizes the relationships between different 
continuous variables present in our dataset.

Columns and rows: Each box represents the relationship between two variables.
Colored scatterplots:

•	 Orange (1): Represents individuals with heart disease.
•	 Blue (0): Represents those without heart disease.

Main diagonal: Shows individual variable distributions via density graphs (KDE).
Relationship between MaxHR and heart disease: It appears that a drop in maxi-

mum heart rate (MaxHR) correlates with the presence of heart disease (orange dots 
concentrated on lower values).

Old peak: there is a slight separation between the two classes (orange and blue 
dots), indicating that higher values of “Oldpeak” (a measure of ST-segment depres-
sion) may be associated with heart disease.

Cholesterol and Resting BP: no clear distinction between the two classes for these 
variables. There was a wide dispersion, with high cholesterol values present in both 
groups (sick and not sick).

Fasting BS (fasting blood glucose): the variable is binary (0 or 1). The distribution 
shows that the number of patients with high blood sugar levels is slightly more fre-
quent in people with heart disease.

Fig. 3. (Continued)
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Fig. 3. Data distribution with and without heart disease

Figure 4 is a correlation matrix showing the linear relationships between the 
variables in the dataset.

This heatmap displays the pairwise Pearson correlation coefficients between 
numerical features in the dataset. Values close to +1 or -1 indicate strong linear 
relationships. The color gradient helps to visually identify correlations that may be 
relevant for feature selection or model interpretation.

Fig. 4. Correlation matrix between clinical variables and heart disease

As illustrated in Figure 4, the feature Oldpeak shows a moderate positive correla-
tion with heart disease, while MaxHR is negatively correlated. These insights guide 
the choice of relevant predictors for the model.

Figure 5 illustrates the transformation of categorical and numerical features 
into a format compatible with machine learning models. The dataset has been 
encoded and structured to optimize predictive performance in the classification of 
heart disease.

https://online-journals.org/index.php/i-joe
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Fig. 5. Visualization of feature transformation applied for heart failure prediction

To meet the requirements of the machine learning algorithms, the dataset shown 
in Figure 6 was prepared. This is a crucial step in guaranteeing optimal model perfor-
mance and minimizing the biases associated with non-uniform data distributions.

Fig. 6. Final feature-engineered dataset for model training

3.3	 Train-test split

The transformed dataset is split into training and testing sets using a 70:30 ratio. 
The count of records in each set is displayed. The analysis of the dataset reveals that 
there are 359 occurrences of the value ‘1’ in the data, representing approximately 
53.90% of the total instances. This reflects a relatively balanced dataset, which is 
suitable for binary classification tasks. In particular, the training set was used to 
perform a 5-fold cross-validation on the best-performing algorithm, enabling a more 
reliable estimation of its generalization capacity.

The final evaluation on the test set was conducted only once, after model selec-
tion, ensuring a fair and realistic assessment of the model’s predictive power.

As part of the training of our heart disease prediction model, the distribution of 
data after the train-test split is shown in Figure 7.

Fig. 7. Data split for model training and evaluation

3.4	 Model training and evaluation

Multi-algorithm comparison. To identify the most effective predictive model 
for heart failure detection, a series of machine learning algorithms were individ-
ually evaluated using the weighted F1-score—a balanced metric that accounts for 
both precision and recall, weighted by class frequency.
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The evaluated models include:

•	 Decision tree
•	 XGBoost
•	 Random forest
•	 SVM
•	 Logistic regression

Each model was trained and evaluated separately while maintaining strict con-
sistency in data handling. Specifically, all algorithms were applied to the same pre-
processed dataset, using identical exploratory analysis steps, categorical feature 
transformations, vector assembly, and pipeline configurations. This uniformity 
ensures that the observed performance differences are solely attributable to the char-
acteristics of the algorithms themselves, rather than any variation in data preparation.

The comparative graph shown in Figure 8 highlights the following results:

•	 Logistic regression achieved the highest weighted F1-score (0.87).
•	 SVM and random forest followed closely with a score of 0.86.
•	 XGBoost scored 0.85, while the decision tree model had the lowest score (0.81).

Fig. 8. Comparison of machine learning models

Based on these results, logistic regression was selected for the next phase of 
in-depth evaluation via cross-validation. This choice was guided not only by its 
strong performance but also by its robustness and interpretability—key qualities in 
clinical decision-making contexts.

Cross-validation of the selected model. To assess the robustness of the selected 
logistic regression model, a 5-fold cross-validation was conducted on the training set. 
A grid search over the regularization parameter (regParam) values ranging from 0.0 
to 1.0 was performed to identify the optimal level of regularization.

The cross-validation results, shown in Figure 9, reveal that the best mean F1-score 
(0.844) was achieved at regParam = 0.0, indicating that no regularization yielded the 
optimal performance for these data. The model trained with this setting reached an 
even higher F1-score of 0.87 when evaluated on the separate test set, demonstrating 
excellent generalization capability.

This analysis confirms that regularization was not necessary for improving the 
model performance and highlights the model’s stability and reliability in predicting 
heart failure outcomes.
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Fig. 9. Cross-validation vs test F1-scores for different regParam values

Final training of the best model. Based on the cross-validation results, the final 
logistic regression model was retrained on the entire training dataset using the opti-
mal configuration (regParam = 0.0). This full training maximizes the use of available 
data and prepares the model for final evaluation on the hold-out test set.

To further illustrate the model’s discriminative performance and generalization 
ability, the ROC curves obtained from both full training and 5-fold cross-validation 
are presented in Figure 10.

Fig. 10. Roc curve of the final logistic regression model

The consistently high AUC values (0.915) observed in both settings confirm the 
model’s strong discriminative power and stability, validating its ability to generalize 
effectively to unseen data.

4	 RESULTS AND DISCUSSION

4.1	 Evaluation of the intelligent diagnostic decision support system

To evaluate the performance of the intelligent diagnostic decision support 
system [17], a classification report was generated in Table 1 using PySpark.
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The performance achieved by the final model is not only quantitatively strong 
but also aligned with the clinical requirements of a decision support system. Logistic 
regression proved to be the most effective algorithm among those tested, while 
offering essential interpretability in a sensitive medical context.

Unlike more complex models such as XGBoost or random forest, logistic regression 
enables direct understanding of the weights assigned to each variable, which facili-
tates adoption by healthcare professionals. This transparency is crucial to foster user 
trust in the system’s predictions.

The results confirm the model’s excellent predictive capacity:

•	 Final F1-score: 0.87, indicating strong consistency between precision and recall.
•	 A detailed classification report further demonstrates robust performance 

across both classes in terms of precision and recall.

Table 1. Classification report

Target Class Precision Recall F1-Score Support

0.0 0.87 0.83 0.85 112

1.0 0.87 0.90 0.88 140

Weighted avg 0.87 0.87 0.87 252

A confusion matrix used to evaluate the performance of a binary classification 
model is illustrated in Figure 11.

•	 Vertical axis (True label): the true classes (real labels).
•	 Horizontal axis (Predicted label): classes predicted by the model.

Fig. 11. Confusion matrix for the logistic regression model
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The confusion matrix shows that the final logistic regression model correctly 
identified 93 out of 112 negative cases (specificity ≈ 83%) and 126 out of 140 positive 
cases (sensitivity ≈ 90%). The false negative rate (5.6%) and false positive rate (7.5%) 
remain low, indicating a well-balanced predictive performance.

This confirms the model’s ability to minimize both critical diagnostic errors: 
missing actual positive cases (false negatives) and misclassifying healthy individu-
als (false positives). Such performance is particularly relevant in clinical settings, 
where both types of errors carry significant consequences.

To better understand the key predictive factors in heart failure detection, the 
relative importance of each feature was derived from the coefficients of the final 
logistic regression model. The following Figure 12 displays the normalized contribu-
tion of each variable within the model.

Fig. 12. Feature importance for heart failure diagnosis

The figure highlights the predominant role of variables such as ST_Slope_index, 
FastingBS, and ExerciseAngina_index, which together account for a significant portion 
of the total importance. These results confirm the clinical relevance of these features 
in heart failure prediction and illustrate the model’s ability to effectively prioritize 
key variables.

4.2	 System architecture for clinical decision support

The conceptual architecture presented shows how the IDDSS can be deployed in 
a real clinical setting.

Figure 13 highlights the end-to-end data flow, from user input to the final 
prediction.

In the envisioned configuration, a healthcare professional enters a patient’s 
clinical data through a graphical interface. These data are then converted into a 
format compatible with a machine-learning model (logistic regression). The model 
produces a prediction, which is returned to the user in a clear, interpretable form.
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This architecture serves as a reference framework demonstrating the technical 
feasibility of embedding a machine-learning model within an interactive medical 
interface. Although the system has not yet been rolled out in a hospital environment, 
the design outlines the pathway for eventual implementation.

Fig. 13. Conceptual web architecture of the IDDSS

Technical workflow depicted in Figure 13:

1.	 The user enters values for various heart-health-related features.
2.	 The input values are sent to the Spark application.
3.	 Spark loads the pre-trained logistic regression classification model.
4.	 Feature columns are defined.
5.	 The user data are converted into a Spark DataFrame.
6.	 Categorical string columns in the DataFrame are indexed with StringIndexer.
7.	 Feature columns are assembled into a single feature vector with VectorAssembler.
8.	 The transformed data are passed to the model for prediction.
9.	 The prediction result is displayed to the user.

4.3	 Using the model to predict streaming data from IoT devices

In this segment, we’ll explore ways we can use the trained logistic regression 
model to predict streaming data from IoT devices, such as smartwatches or fitness 
bands. Streaming data refers to a continuous flow of data that is generated in real-
time by IoT devices.

To predict streaming data, we need to establish a connection between the IoT 
devices and the system where the logistic regression model is deployed. This can be 
achieved by implementing a data ingestion pipeline that receives the streaming data 
from the devices and processes it in real-time.

The pipeline should preprocess the incoming streaming data to match the format 
expected by the logistic regression model. This may involve data cleaning, feature 
extraction, or scaling, depending on the specific requirements of the model.

Once the streaming data is preprocessed, it can be passed through the logistic 
regression model to obtain predictions. The model should be able to handle the con-
tinuous flow of data and make predictions in real time.
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The data flow illustrated in Figure 14 shows how AI-based systems and distrib-
uted technologies can transform healthcare by enabling proactive monitoring and 
fast action. The integration of IoT, Kafka, and Spark ensures fluid, real-time data 
processing for critical decisions.

Fig. 14. Data flow in the heart failure prediction system

The predicted results can then be utilized for various purposes, such as monitor-
ing the health status of individuals wearing the IoT devices, detecting anomalies or 
abnormalities, or triggering alerts or notifications based on specific conditions. It is 
important to ensure that the system has the necessary infrastructure and resources 
to handle the incoming streaming data and make predictions in real-time. This may 
involve scaling up the computational resources or implementing distributed pro-
cessing techniques to handle the high volume and velocity of the streaming data.

By leveraging the trained logistic regression model in this manner, we can 
enable real-time prediction and monitoring using streaming data from IoT devices, 
opening up possibilities for applications in healthcare, fitness tracking, and other 
domains [18].

4.4	 Deployment and practical integration

Integrating the IDDSS into on-premises hospital environments, or directly in 
the cloud, relies on a modular architecture illustrated by our processing pipeline. 
The workflow begins with a data-entry (or automated ingestion) layer that collects 
patient data, structured according to standards such as HL7 or FHIR, from hospital 
information systems (HIS). These data then undergo a transformation phase (clean-
ing, normalization, and typing), followed by categorical-variable encoding with a 
StringIndexer, represented by the Input Transformation block (see Figure 15).

The transformed data are aggregated into a single feature vector by a Feature 
Assembler, ensuring compatibility with the Spark-based prediction model (the 
Spark Model block). The model produces a prediction, which is either displayed in a 
user interface or forwarded to a third-party system as an FHIR resource (Observation 
or DiagnosticReport). The pipeline concludes with the model output, which can feed 
a dashboard, a clinical API, or a decision-support data store.

For production deployment, this architecture can be containerized into 
microservices (via Docker) and orchestrated with Kubernetes on cloud platforms 
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such as AWS, Azure, or GCP. Integration with HIS is achieved through secure interop-
erability gateways (FHIR Gateway, Kafka Connect HL7), enabling data exchanges 
that comply with privacy regulations (GDPR, HIPAA) and ensuring seamless syn-
chronization with real-time clinical data flows.

Fig. 15. Integration architecture of the IDDSS pipeline within a hospital environment

4.5	 Challenges and opportunities associated with the integration of big data 
analytics and AI in healthcare diagnoses

A)	 Challenges
•	 Data privacy and security: The use of big data analytics and AI in health-

care raises concerns about patient data privacy and security. Healthcare orga-
nizations must ensure that patient data is protected and compliant with data 
privacy regulations.

•	 Data quality: Healthcare data is often complex and heterogeneous, leading 
to challenges in data quality and consistency. Ensuring the accuracy and reli-
ability of healthcare data is crucial for the success of big data analytics and AI 
applications.

•	 Interoperability: Healthcare data is often stored in disparate systems and 
formats, making interoperability a significant challenge [19]. Integrating and 
harmonizing data from different sources is essential for effective big data ana-
lytics and AI in healthcare [20].

•	 Ethical considerations: The use of AI in healthcare diagnoses raises ethical 
considerations, such as bias in algorithms, transparency of decision-making, 
and accountability for AI-driven diagnoses.

•	 Regulatory compliance: Healthcare organizations must comply with regu-
latory requirements when implementing big data analytics and AI in health-
care. This includes adherence to data protection laws, patient consent, and 
ethical guidelines.

•	 Resource constraints: Implementing big data analytics and AI in healthcare 
requires significant resources, including infrastructure, expertise, and invest-
ment. Healthcare organizations, particularly in resource-constrained settings, 
may face challenges in adopting these technologies.

•	 Clinical adoption: Healthcare professionals may face challenges in adopting 
and trusting AI-driven diagnoses [21]. Ensuring the acceptance and adoption 
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of AI technologies by clinicians is essential for successful integration in 
healthcare [22].

B)	 Opportunities
•	 Enhanced diagnoses: Big data analytics and AI have the potential to enhance 

healthcare diagnoses by leveraging large volumes of data to identify patterns, 
trends, and insights that may not be apparent through traditional methods.

•	 Personalized medicine: AI-driven diagnoses enable personalized and 
precision medicine [23], tailoring treatments and interventions to individual 
patient characteristics and needs.

•	 Early detection: AI technologies can facilitate early detection of diseases and 
conditions, leading to timely interventions and improved patient outcomes.

•	 Clinical decision support: AI-driven decision support systems provide 
valuable insights and recommendations to healthcare professionals [24], 
aiding in clinical decision-making and patient management.

•	 Public health surveillance: Big data analytics and AI enable real-time 
monitoring of public health trends, disease outbreaks, and epidemiological 
patterns, supporting public health surveillance and response.

•	 Research and innovation: The integration of big data analytics and AI in 
healthcare diagnoses fosters research and innovation, driving advancements 
in medical science, technology, and patient care.

•	 Healthcare access: AI technologies can improve access to healthcare services 
[25], particularly in underserved and remote areas, by enabling telemedicine, 
remote monitoring, and virtual consultations.

C)	 Ethical and legal considerations
	  The dataset used in this study is the publicly available “Heart Failure Prediction” 

dataset from Kaggle, which is anonymized and intended for academic use. 
Nevertheless, in a real-world clinical deployment of the IDDSS, strict compli-
ance with data protection regulations such as GDPR and HIPAA would be essen-
tial. This would involve mechanisms for obtaining informed consent, applying 
pseudonymization techniques, tracking data access, and securing the infrastruc-
ture using encryption protocols and robust authentication. These measures are 
critical to ensuring the ethical and secure handling of sensitive health data in 
practical applications.

5	 CONCLUSION

This study highlights the power of artificial intelligence and big data techniques 
in developing an intelligent decision support system for heart failure diagnosis. 
Among the evaluated algorithms, logistic regression emerged as the most effective 
model, offering an excellent balance between predictive performance and interpret-
ability, which is essential in clinical settings.

By combining cross-validation, hyperparameter tuning, and feature importance 
analysis, the final model demonstrates strong robustness and generalization capac-
ity, as confirmed by its performance on independent test data. The analysis of key 
features further validates the clinical relevance of the system, in line with current 
medical knowledge.

This work opens up concrete opportunities, including extending the system 
to other chronic diseases, integrating multi-source data, and deploying the model 
in connected hospital environments for real-time decision support. Continued 
research and development in this direction have the potential to reshape healthcare 
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practices and support the rise of a more proactive, personalized, and data-driven 
precision medicine.
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