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Abstract. Heart failure is a non-eligible global health challenge, characterized by increased
morbidity, mortality, and health expenditures. Early detection of heart failure can help prevent
disease progression and improve outcomes. Logistic regression is a machine learning technique
widely used in binary classification problems. In this paper, the patient record dataset was used
to predict heart failure using logistic regression. The most important features for predicting heart
failure are also determined through detailed analysis, mainly including age, serum creatinine,
and ejection fraction. The results suggest that logistic regression can be a valuable tool for
predicting heart failure and improving patient outcomes. Further research could explore other
machine learning algorithms and more sophisticated feature selection techniques to further
improve the prediction of heart failure.
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1. Introduction
Heart failure is a non-eligible global health challenge, characterized by increased morbidity, mortality,
and health expenditures. Early detection of heart failure can help prevent disease progression and
improve outcomes, but current diagnostic methods may not recognize a patient's risk until symptoms
become apparent.

Techniques of Machine learning offer a promising way to predict heart failure risk by analyzing large
data sets of patient characteristics, such as demographics, medical history, and biomarkers. These
algorithms can learn patterns and relationships in the data to develop accurate and personalized risk
models. This paper will review recent advances in machine learning in predicting heart failure and
discuss potential clinical applications of these models.

This paper first introduces the basic concepts of machine learning, its application in heart failure
prediction, and its advantages and disadvantages. At the same time, common machine learning
algorithms and models are introduced. Then, the basic concept of data visualization, its application in
heart failure prediction, and advantages and disadvantages are introduced respectively. At the same time,
common data visualization algorithms and models are introduced. Then, combined with the actual task
requirements, the combined both data visualization and the algorithms of machine learning in heart
failure prediction are analyzed. Finally, the content of this paper is discussed and summarized.

© 2023 The Authors. This is an open access article distributed under the terms of the Creative Commons Attribution License 4.0
(https://creativecommons.org/licenses/by/4.0/).
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2. Applications of machine learning in heart failure prediction

2.1. Basic concepts and classification of machine learning

Machine learning (ML) is a by-product of artificial intelligence that enables computing machines to
learn and improve their enforcement at specific tasks without the need for decided programming. It
relies on algorithms that can analyse and recognize modes in large complex datasets to make accurate
predictions or decisions. Dividing machine learning into three major categories: supervised learning,
unsupervised learning, and semi-supervised learning [1].

Supervised learning involves training a model using labelled data, where the eager output or target
variable is already known. The model learns to map input data to the correct output by minimizing the
difference between its predictions and the actual target values. Common examples of supervised learning
include classification and regression [2]. In contrast, unsupervised learning entails training precise
models with unlabelled data, where the target variable is unknown. The model tries to confirm patterns
and structures in the data without explicit guidance, such as clustering or dimensionality reduction [1,
2]. Semi-supervised learning encompasses the training of machine learning models by utilizing a set of
data that is both labelled and unlabelled. This is useful when markup data is scarce or expensive to
acquire.

In the field of deep learning, classification and regression are two fundamental tasks that play a key
role in a variety of applications. These tasks involve predicting or estimating the relationship between
the input data and the corresponding output label or continuous value, respectively. Classification is a
description of supervised learning that involves predicting a categorical variable or class label for a
given input [3]. This is a supervised learning task whose target is to simulate the mapping between input
features and output tags. Regression involves predicting continuous output variables, such as the
probability of heart failure or the duration of heart failure. This is another supervised learning task.

Feature selection and dimension reduction techniques are important components of machine learning
and data analysis. With the increasing size and complexity of data sets, it becomes more and more
important to extract relevant information features while reducing the computational burden of high-
dimensional data. Feature selection involves selecting a subset of relevant features from available data
to improve model performance and reduce overfitting. This is useful when the original data set contains
a large number of features, some of which may be irrelevant or redundant. Dimensionality reduction
involves reducing the number of characteristics used to describe each patient while preserving as much
relevant information as possible. This is useful when the original data set contains a large number of
features, but only a subset of them is truly informative.

To sum up, machine learning involves training models to learn patterns or structures in data, which
can be supervised, unsupervised, or semi-supervised. Both regression and classification are two types
of supervised learning tasks, while feature selection and dimensionality reduction are techniques used
to improve model performance and reduce overfitting.

2.2. Application scenarios of machine learning in heart failure prediction

Advances in machine learning pave the way for transformative applications in healthcare, particularly
in early detection and risk assessment, prognostic and treatment planning, and personalized medicine
and precision medicine.

1) Early detection and risk assessment: Machine learning algorithms can be trained on patient data
to predict the risk of heart failure before it occurs, allowing for early detection and intervention. Machine
learning models can effectively predict the risk of heart failure in individuals based on their demographic,
lifestyle, and clinical factors [4]. The use of electronic health records (EHRS) and wearable sensors has
also enabled the development of real-time risk prediction models [5].

2) Prognosis and treatment planning: Machine learning can be used to predict the likelihood of
complications or adverse outcomes in patients with heart failure, such as hospitalization or mortality.
This information can be used to develop personalized treatment plans and monitor patient progress. For
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example, machine learning algorithms can analyze patient data to determine the optimal dose for an
individual patient based on factors such as age, weight, and medical history.

3) Personalized medicine and precision medicine: Machine learning algorithms can be used to
identify subgroups of patients that are likely to respond to specific treatments. This can provide more
targeted and personalized interventions that improve patient outcomes and reduce healthcare costs.

To sum up, machine learning can be used to predict and manage heart failure in a variety of ways,
including early detection and risk assessment, prognosis and treatment planning, and personalized
medicine. Through the analysis of extensive patient data, machine learning algorithms have the
capability to recognize patterns and generate predictions that enhance patient outcomes and mitigate
healthcare expenses.

2.3. Common machine learning algorithms and models

The algorithms of machine learning, including logistic regression, support vector machines, decision
trees, random forests, neural networks, and deep learning, bring about a paradigm shift in data analysis
and predictive modeling. These algorithms provide powerful tools to extract insights, achieve precise
predictions, and reveal complex patterns across various domains.

1) Logistic regression is an algorithm widely used for binary classification tasks, such as predicting
whether a patient has heart failure. Support Vector Machines (SVMS) are also commonly used for
classification tasks and can handle complex decision boundaries. Both algorithms can be trained on
patient data to predict the risk of heart failure and identify factors contributing to the risk. They work by
finding a hyperplane that best separates the different classes of data points. SVMs have been successfully
applied in heart failure prediction studies, achieving high accuracy rates [6].

2) Decision trees are a popular algorithm for classification and regression tasks that can predict the
risk of heart failure based on patient data. Random forest is an ensemble learning method, which
integrates multiple decision trees together for prediction and can improve the accuracy of heart failure
prediction by reducing overfitting and improving generalization performance.

3) Inspired by the structure and function of the human brain, neural networks belong to a class of
algorithms that can be used for a variety of tasks, including predicting heart failure. Deep learning is a
multi-layer neural network that can improve the accuracy of heart failure prediction by learning complex
patterns in patient data.

Ensemble methods and boosting algorithms: Ensemble methods combine multiple models to improve
performance, and boosting algorithms iteratively train weak models to produce strong models, which
can be utilized to enhance the accuracy of heart failure prediction, such as AdaBoost and Gradient
Boosting Machines (GBMs), have been shown to improve heart failure prediction performance [7].

To sum up, various of machine learmning algorithms and models are available for heart failure
prediction, including logistic regression, support vector machines, decision trees, random forests, neural
networks, and ensemble methods. By selecting and training appropriate algorithms, healthcare providers
can improve the accuracy of heart failure prediction and develop more effective treatment plans.

2.4. Advantages and limitations of machine learning in heart failure prediction

In this section, the advantages and limitations of machine learning in heart failure prediction are
discussed and analyzed. The advantages mainly include the following: machine learning algorithms can
process large amounts of patient data quickly and accurately, leading to more efficient and accurate
heart failure prediction. Machine learning can identify previously unknown biomarkers and subtypes of
heart failure, leading to a better understanding of the disease and potential new therapeutic targets.
Machine learning can help healthcare providers tailor treatment plans to patients based on their unique
risk factors, improving the effectiveness of treatment and reducing the risk of complications. One of the
major limitations is the complexity and interpretability challenges associated with machine learning
algorithms such as deep learning neural networks. These algorithms are intricate and often difficult to
understand, making it difficult to discern the reasoning behind their predictions.
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Machine learning algorithms rely on high-quality data to make accurate predictions, and poor data
quality or bias can lead to inaccurate predictions and flawed treatment plans. A machine learning model
trained on one dataset may not generalize well to other datasets and external validation is required to
ensure that the model is accurate and effective in new patient populations.

While machine learning has many advantages for heart failure prediction, including improved
accuracy and efficiency, identification of novel biomarkers and subtypes, and personalized risk
assessment and treatment. However, there are also many limitations, including limited interpretability
and transparency, data quality and bias issues, and generalization and external validation challenges.
Healthcare providers must carefully consider these factors when implementing machine learning
algorithms for Heart failure prediction.

3. Applications of data visualization in heart failure prediction

3.1. Basic concepts and classifications of data visualization

Data visualization is an essential component of modern data analysis, enabling researchers and makers
of decisions to effectively explore, analyze, and communicate complicated information. It involves the
representation of data through visual elements such as charts, graphs, and maps. Various basic concepts
and classifications exist in data visualization, each serving a specific purpose. Data visualizations can
be usually categorized into seven types: time-series visualizations, hierarchical visualizations,
correlation  visualizations, deviation visualizations, distribution visualizations, comparison
visualizations, and composition visualizations [8]. Each type serves a sole function in representing data
based on its characteristics and the analytical tasks at hand. Furthermore, data visualization techniques
can be classified into static and interactive visualizations, with the latter allowing users to manipulate
and explore the data in real-time (Heer and Shneiderman, 2012) [9]. By understanding the basic concepts
and classifications of data visualization, researchers and practitioners can effectively select the
appropriate visualizations to relay information and derive meaningful insights from intricate datasets.

3.2. Application scenarios of data visualization in heart failure prediction

Data visualization is indispensable to the field of heart failure prediction, enabling healthcare
professionals and researchers to gain valuable insights from complex cardiac data. Visualization
techniques help in understanding patterns, identifying risk factors, and supporting decision-making
processes for early detection and intervention. By visualizing key physiological parameters, such as
blood pressure, heart rate variability, and electrocardiogram (ECG) signals, clinicians can monitor
patients' cardiovascular health and identify potential abnormalities or trends over time [10]. Moreover,
data visualization allows for the integration and exploration of multiple data sources, including genetic
profiles, patient demographics, and medical imaging data. By visualizing the relationships between these
variables, researchers can reveal hidden patterns and identify potential biomarkers for heart failure risk
evaluation. Visualization techniques also enable the comparison of different treatment strategies and
their impact on patient outcomes, supporting personalized medicine approaches [11]. Interactive
visualizations provide healthcare professionals with real-time insights, facilitating treatment planning
and decision-making processes. Overall, data visualization serves as a powerful tool in heart failure
prediction, enhancing our understanding of the disease, supporting risk assessment, and guiding
personalized treatment strategies [10, 11].

3.3. Common methods and tools for data visualization

Data visualization relies on various methods and tools to effectively represent and communicate
complicated information. One widely used method is the creation of charts and graphs, which provide a
visual representation of data patterns and relationships. Bar charts, line charts, scatter plots, and pie
charts are commonly employed to display categorical, temporal, and numerical data [12]. Another
popular approach is the use of interactive visualizations, allowing users to explore and manipulate the
data in real-time. Interactive dashboards, heat maps, and geospatial visualizations enable users to drill
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down into specific data subsets and uncover insights [13]. In addition to traditional methods, advanced
techniques such as treemaps, network diagrams, and parallel coordinates are employed to represent
hierarchical, networked, and multidimensional data [14]. Furthermore, data visualization tools like
Tableau, D3.js, and Matplotlib provide powerful capabilities for creating interactive and visually
appealing visualizations [15]. These tools offer a range of customization options, including color
schemes, data filters, and animation, enabling users to create engaging and informative visual
representations of their data. By leveraging these common methods and tools, researchers and
practitioners can effectively analyze, present, and communicate complex data to facilitate decision-
making processes.

3.4. Advantages and limitations of data visualization in heart failure prediction
In this section, the advantages and limitations of data visualization in predicting heart failure are
discussed and analyzed.

Advantages: data visualization offers several advantages in predicting heart failure, enhancing our
understanding of the disease, and facilitating effective decision-making processes. Its main advantage
is the ability to intuitively identify patterns and trends in complex heart data, enabling healthcare
professionals and researchers to detect early warning signs and predict the onset of heart failure. By
visualizing physiological parameters such as blood pressure, heart rate variability, and biomarkers, data
visualization allows for visual interpretation and exploration of data, thereby improving accuracy and
insight. In addition, interactive visualization enables real-time monitoring and analysis, enabling
healthcare professionals to track patients' cardiovascular health and adjust treatment plans accordingly.
In addition, data visualization facilitates communication and collaboration between multidisciplinary
teams, allowing the exchange of information and facilitating shared decision-making.

Limitations: one limitation is that misunderstandings or biases can arise if the visualization is not
carefully designed or if the underlying data is incomplete or inaccurate. Data visualization may not work
for all types of data or for complex research problems that require more advanced statistical analysis.
Despite these limitations, the advantages of data visualization in predicting heart failure make it a
valuable tool for improving patient outcomes and guiding treatment strategies.

To sum up, data visualization offers significant advantages in heart failure prediction, allowing for
the identification of patterns, real-time monitoring, and effective communication between healthcare
professionals. While there are limitations to consider, the benefits of data visualization in enhancing our
understanding of heart failure and improving patient cp;are make it an important part of the predictive
analytics toolkit.

4. Combined applications of machine learning and data visualization in heart failure prediction

4.1. The interaction between machine learning and data visualization

The interaction between machine learning and data visualization plays a crucial role in extracting
meaningful insights from complex data sets. Machine learning algorithms have the ability to process
large amounts of data and detect patterns, relationships, and trends that may not be obvious to humans.
They possess the ability to discover valuable insights and uncover complex patterns that might have
been missed in manual analysis. Data visualization, on the other hand, provides a visual representation
of machine learning outcomes, enabling analysts and decision-makers to effectively interpret and
understand the output. By visualizing the outcomes of the algorithms of machine learning, for instance,
clustering, classification, and regression, analysts can gain a deeper understanding of the underlying
patterns and make informed decisions based on the insights derived from the data [16]. Additionally,
interactive visualizations allow users to explore and interact with the machine learning models,
facilitating hidden patterns discovery and providing a means to validate and refine the models [17].
Moreover, data visualization techniques can be used to explain and communicate the predictions or
decisions made by machine learning models, enhancing transparency and interpretability [18]. The

185



Proceedings of the 5th International Conference on Computing and Data Science
DOI: 10.54254/2755-2721/20/20231095

combination of machine learning and data visualization enables analysts and domain experts to leverage
the strengths of both disciplines to improve decision-making processes and actionable insights.

4.2. Effective combination of machine learning and data visualization

Effectively combining machine learning and data visualization techniques is critical to extracting
meaningful insights and maximizing the value of complex data sets. The integration of the two
disciplines allows analysts and decision-makers to gain deeper insight into the data and make informed
decisions. A key aspect is the selection and application of appropriate machine learning algorithms based
on the characteristics of the data and the desired outcome. For example, decision tree algorithms have
been widely used for their interpretability and ability to handle both categorical and numerical data [19].
On the other hand, neural networks have shown remarkable performance in dealing with complex
patterns and large datasets [20]. Once the machine learning model is trained, data visualization
techniques can be employed to represent the model's output in an intuitive and visually appealing manner.
This iterative process of modeling, analysis, and visualization helps identify data patterns, validate
model performance, and generate actionable insights. By effectively combining the algorithms of
machine learning and techniques of data visualization, organizations can leverage the full potential of
their data and drive informed decision-making processes.

4.3. Combined applications of machine learning and data visualization in heart failure prediction

The combined application of machine learning and data visualization shows great potential to improve
cancer prediction and facilitate more accurate and timely diagnosis. By leveraging these algorithms,
researchers have been able to develop predictive models that can classify different types of cancer based
on diverse genomic, proteomic, and clinical data [21]. These models could not only aid in early cancer
detection but could also provide valuable insights into the underlying mechanisms of tumorigenesis and
progression. The integration of data visualization techniques further enhances the understanding and
interpretation of machine learning results. Interactive visualizations allow researchers to explore the data
from different angles and gain greater insight into the factors that contribute to cancer development.
Moreover, data visualization techniques can help identify novel biomarkers and subtypes, enabling more
precise and personalized treatment strategies. The combination of machine learning and data
visualization provides a powerful framework for cancer prediction, enabling healthcare professionals to
make informed decisions and improve patient outcomes.

5. Discussion

5.1. Applications and advantages of machine learning and data visualization

The field of cancer prediction faces challenges such as data availability, quality, and interpretability of
prediction models. Overcoming these challenges is critical to accurate and reliable forecasting. However,
there are good opportunities for future development. One opportunity lies in integrating multiple omics
data, including genomics, proteomics, and metabolomics, to improve the accuracy and personalization
of cancer predictions. This approach contributes to a comprehensive understanding of the molecular
factors that contribute to the development and progression of cancer. Advances in artificial intelligence
and deep learning algorithms are also expected to improve cancer prediction models. These algorithms
can process complex data patterns and extract meaningful insights, leading to more accurate predictions.
In addition, the integration of data visualization techniques can help interpret complex data and facilitate
the identification of patterns and trends that contribute to cancer prediction. Visual representations
enable researchers and clinicians to gain greater insight into the data and make informed decisions.

5.2. Challenges and future development directions

The field of heart failure prediction faces challenges, but also presents opportunities for future
development. Major challenges include the availability and quality of data, as well as the interpretability
of prediction models. Addressing these challenges is critical to accurate and reliable forecasting. To
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overcome these challenges, future directions include incorporating advanced technologies such as
wearable devices and remote monitoring systems. These innovations allow real-time data collection to
enable early detection and intervention. In addition, integrating different data sources, including clinical,
genetic, and lifestyle factors, could improve the accuracy and personalization of heart failure predictions.
By combining a range of variables, researchers can identify new biomarkers and risk factors, leading to
more precise risk assessments and treatment strategies. Collaboration between researchers, clinicians,
and healthcare providers is critical to advancing heart failure predictions. By leveraging their expertise
and working together, interdisciplinary teams can overcome challenges and develop innovative
approaches to improve the accuracy and clinical applicability of predictive models.

To sum up, despite the challenges, the field of heart failure prediction offers opportunities for future
development. By addressing the limitations of the data and improving the interpretability of the models,
combined with advanced technologies and diverse data sources, people can enhance early detection, risk
assessment, and personalized care for individuals at risk of heart failure.

6. Conclusion

In conclusion, the combination of machine learning and data visualization in heart failure prediction
offers great potential to enhance early detection, risk assessment, and personalized care. The algorithms
of machine learning such as logistic regression, support vector machines, decision trees, random forests,
neural networks, and integration methods can achieve accurate predictions by analyzing complex data
sets and extracting meaningful features. Data visualization techniques, including charts, graphics, and
interactive dashboards, provide intuitive representations of predictive models to aid understanding and
decision-making. The integration of machine learning and data visualization has important implications
for clinical practice and research. It can improve the accuracy and efficiency of heart failure prediction,
timely intervention, and resource allocation. In addition, the identification of novel biomarkers and
subtypes by these methods could deepen our understanding of the mechanisms of heart failure and guide
the development of targeted therapies. In addition, personalized medicine and precision medicine can
be advanced by taking into account individual characteristics, genetic profiles, and lifestyle factors.
However, challenges remain in the interpretability of complex machine learning models and in ensuring
the transparency of decisions. Dealing with data quality, bias issues, and generality across populations
is important for the reliability and applicability of prediction models.

To sum up, the combined application of machine learning and data visualization in heart failure
prediction has the potential to improve early detection, risk assessment, and personalized care. These
approaches can improve our understanding of heart failure and help develop effective prevention,
diagnosis, and management strategies.

References

[1] Alpaydin, E. (2010). Introduction to machine learning (2nd ed.). Cambridge, MA: MIT Press.

[2] Murphy, K. P. (2012). Machine learning: a probabilistic perspective. Cambridge, MA: MIT Press.

[3] Hastie, T., Tibshirani, R., & Friedman, J. (2009). The elements of statistical learning: data mining,
inference, and prediction (2nd ed.). New York, NY: Springer.

[4] Tabak, Y. P., Sun, X., Johannes, R. S., & Nunez, C. M. (2019). Machine learning for early
detection of heart failure hospitalization. BMC medical informatics and decision making,
19(1), 44.

[5] Chen, Y., Liang, X., Peng, Y., Li, Z., & Zhang, J. (2020). Real-time risk prediction for heart
failure based on wearable sensors and electronic health records. BMC medical informatics and
decision making, 20(1), 49.

[6] Wang, Z., Chen, Y., & Gong, J. (2020). Heart failure prediction based on SVM classification
model. Journal of Healthcare Engineering, 2020, 1-8.

[71 Lin,Y.H, Liu, Y.F.,Chang, K. C., & Yang, Y. C. (2021). Heart Failure Prediction with Boosting
Techniques and Feature Selection Algorithms. Healthcare, 9(4), 428.

187



[8]
[9]
[10]
[11]

[12]
[13]

[14]

[15]

[16]
[17]
[18]
[19]

[20]
[21]

Proceedings of the 5th International Conference on Computing and Data Science
DOI: 10.54254/2755-2721/20/20231095

Few, S. (2009). Now you see it: Simple visualization techniques for quantitative analysis. Oakland,
CA: Analytics Press.

Heer, J., & Shneiderman, B. (2012). Interactive dynamics for visual analysis. Communications of
the ACM, 55(4), 45-54.

Johnson, C. R., Peterson, J. B., & Summers, R. M. (2017). Interactive visualizations for medical
big data. Journal of biomedical informatics, 71, 1-4.

Liu, F., & Mehra, M. R. (2019). Data Visualization in Heart Failure. Journal of cardiac failure,
25(8), 635-639.

Tufte, E. R. (2001). The visual display of quantitative information. Graphics press.

Keim, D., Mansmann, F., Schneidewind, J., & Ziegler, H. (2008). Challenges in visual data
analysis. In Visual data mining (pp. 1-34). Springer.

Kosara, R., Miksch, S., & Hauser, H. (2003). Interactive information visualization for exploring
and querying electronic health records: A systematic review. Foundations and Trends® in
Human—Computer Interaction, 1(2), 91-155.

Satyanarayan, A., Moritz, D., Wongsuphasawat, K., & Heer, J. (2016). Vega-lite: A grammar of
interactive graphics. IEEE transactions on visualization and computer graphics, 23(1), 341-
350.

Chen, C., & Zhang, C. (2014). Data-intensive applications, challenges, techniques and
technologies: A survey on Big Data. Information Sciences, 275, 314-347.

Brehmer, M., & Munzner, T. (2013). A multi-level typology of abstract visualization tasks. IEEE
Transactions on Visualization and Computer Graphics, 19(12), 2376-2385.

Doshi-Velez, F., & Kim, B. (2017). Towards a rigorous science of interpretable machine learning.
arXiv preprint arXiv:1702.08608.

Breiman, L. (2017). Classification and regression trees. Routledge.

Goodfellow, I., Bengio, Y., & Courville, A. (2016). Deep learning. MIT press.

Nguyen, D., Cios, K. J., & Wozniak, M. (2019). Data mining methods in the prediction of
Drosophila melanogaster gene expression. IEEE Transactions on Evolutionary Computation,
23(3), 546-560.

188



