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Abstract:

Heart failure is a life-threatening cardiovascular disease that has a high mortality rate, where the heart is
unable to pump blood effectively. Early andpreciseprediction is essential for timely intervention and better
patient outcomes. Machine learning has demonstrated potential in discriminating high-risk patients using
clinical data, yet most of the literature applies a single algorithm, which restricts predictive accuracy. The
proposed study uses the state-of-the-art gradient boosting algorithms XGBoost and CatBoost to predict
heart failure. The suggested methodology involves preprocessing that involves dealing with missing values,
eliminating outliers, andnormalization of features to guarantee the model with reliableinput. Experimental
evidence has shown that XGBoost is better than CatBoost with an accuracy of 77.78% and a lower false
negative rate, showing better capability of identifying at-risk patients. Incorporating these models into the
clinical decision support systems can lead to better early detection, timely treatment, and probably mortality
associated with heart failure.

Keywords: CatBoost, Classification, Gradient Boosting, Heart Disease, Machine Learning, Risk
Prediction, XGBoost.

1. Introduction:

Heart failure is a significant health problem in the world, which has been affecting millions of
individuals across the globe and has been a leading cause of morbidity and mortality [1]. The
number of people living with heart failure in 2021 was estimated to be more than 64 million and
this number claims about 300,000 lives each year in the United States alone [2]. Heart failure is a
condition that results when the heart cannot pump enough blood to supply the body with metabolic
needs, which causes the body to build up fluid, dysfunction of organs, and a gradual deterioration
of the heart. The problem with early diagnosis is that the first symptoms, e.g. fatigue or mild
shortness of breath, are too common and may be easily missed and many patients are only
diagnosed at a later stage with a worse prognosis [3].

The conventional techniques of diagnosing heart failure are based on the clinical examination,
imaging tools such as echocardiography, and biomarkers such as the B-type natriuretic peptide
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(BNP) and N-terminal proBNP (NT-proBNP) [4]. Although these methods have proven useful in
the clinical setting, they are time-consuming, resource-intensive, and rely on the expertise of the
physician that can slow down early diagnosis. The recent developments in artificial intelligence
(AI) and machine learning (ML) have shown the possibility to improve the early diagnosis process
and analyze complex clinical data to detect patterns that are not easily visible to human specialists
[5]. In contrast to traditional rule-based systems, Al systems have the ability to learn latent
associations between patient characteristics and outcomes, which can be used to predictive model
timely intervention. Machine learning has already demonstrated positive outcomes in
cardiovascular diagnostics, such as arrhythmia detection, risk prediction of myocardial infarction,
and automated echocardiogram interpretation [6].
The prevalence and mortality of heart failure is high, and it is critically important to develop
accurate, robust, and interpretable predictive models. XGBoost and CatBoost are examples of
gradient boosting algorithms that have become strong classification algorithms because they are
capable of nonlinear relationships, missing values, and feature interactions. The models have the
potential to enhance the early detection, patient management and minimize adverse outcomes in
clinical practice.
Major contribution of this paper are listed below:
* This paper will compare the XGBoost and CatBoost performance on heart failure
prediction.
» The models facilitate early identification of high-risk patients, which helps in the timely
interventions.
* The study brings out the clinical applicability of gradient boosting models in decision
support.
» The research forms a basis of extension in the future, such as bigger datasets or mixed
methods.
Section 2 of the article is based on a literature survey. Section 3 contains research methodology.
Section 4 presents and discusses the results. Section 5 concludes the article and provide future
directions.
2. Literature Review:
Following table 1, contains literature survey related to heart failure prediction.

Reference Main Model Metrics Purpose

Decision Tree, _

Support Vector | Accuracy, Recall, F-1 Pr'edlctlon of Hgart
Zeng [7] . Disease from Clinical

Machine, K nearest | Score. Data

neighbors, XGBoost

Lasso-Logistic,

XGBoost, Random | AUC, Accuracy, | Prediction of
Wang [8] Forest, K-Nearest | Precision, F1 score, | in-hospital HFpEF

Neighbor, and Support | and Brier score risk

Vector Machine

Systemnatic  Reviews Assess ML models for
Hajishah[9] J Not specified Heart Failure

and Meta-Analyses

outcomes

Random Survival Comparison of

Kok [10] Forest (RSF) and C-Index Machine  Learning
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eXtreme Gradient Models for incident
Survival Boosting Heart Failure risk
(XGBoost)
Explainable
Mushtaq [11] XGBoost + SHAP F1-score, accuracy prediction framework
XGBoost . Predict worsening
Tanaka [12] interpretability Not specified Heart Failure
Graph Neural Perf h 1];: stlr?ate P Eje}(}no?t
Mokhtari[13] Network . | Performance on echo | Fraction for ea
o data Failure risk
explainability
assessment

Table 1: Literature Survey

3. Research Methodology:

The rapid development of artificial intelligence has facilitated the medical diagnosis process by
making it more accurate, efficient, and available. Machine learning algorithms are some of the
most useful Al methods for identifying diseases early in the case ofa patient by examining medical
records [14]. Timely detection of heart failure risk is essential in the area of cardiovascular health
to enhance patient outcomes. Gradient boosting algorithms and other machine learning models can
be used to help physicians identify heart failure in its early stages with high accuracy. This paper
presents a machine learning-based heart failure prediction system (Figure 1.) that uses a
sophisticated gradient boosting algorithm, such as XGBoost and CatBoost, to produce reliable
predictions.

The proposed model accepts the medical data of the patient as input and processes it initially by
the preprocessing phase. In preprocessing, the missing values are addressed with the help of the
corresponding algorithmic methods, and the outliers are identified and eliminated. This data is then
normalized so that there is consistency across features. The second stage involves training the
predictive models using the already processed data. The model was trained in terms of advanced
gradient boosting algorithms, such as XGBoost and CatBoost, in order to learn more complex
patterns in the data. During the last stage, the trained models are used to forecast the predictions
using the pre-processed data of the patients. In case a patient is predicted to be in jeopardy of
developing heart failure, a patient can be referred to a cardiologist to undergo additional tests and
take early actions.

s B —

N
Dataset Preprocessing of
data Classification Techniques

XGBoost J k & CatBoost
L w"::;ﬁ:::"

Figure 1: Proposed Methodology
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3.1 DATSET:

The offered model was based on a heart failure prediction dataset obtained in Kaggle [15] that is
free to access. In this data, there are 299 patients which include 13 independent variables, and these
variables are age, ejection fraction, serum creatinine, and platelets and 1 dependent variable that
shows the occurrence of death. The data is separated into two categories: 96 patients that had a
death event (class 1) and 203 patients that did not (class 0). To train and predict the data, the
suggested model had used different approaches to deal with missing values, identify and eliminate
outliers, and to normalize the features. Histogram of numerical features are shown in Figure 2.
3.2 XGBoost

XGBoost short form for eXtreme Gradient Boosting is an innovative machine learning algorithm
intended for efficacy, rapidity and high performance [16]. XGBoost constructs its models with
decision trees as base learners and its construction (combination) by adding one after another in
an attempt to improve overall performance. The tree is trained on the errors of the last tree and it
is a process referred to as boosting. Parallel processing is also supported by the algorithm, which
allows it to train on a large dataset. XGBoost, also, has a large amount of customization, and the
model parameters can be fine-tuned by a user to a model that is optimally suited to a particular
problem.
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Figure 2: Histogram of Numerical Features

3.3 CatBoost

CatBoost (Categorical Boosting) is a gradient boosting algorithm, which is an ensemble of
decision trees and is tailored to effectively work with the categorical features [17]. Compared to
the traditional gradient boosting algorithms, which use a lot of preprocessing, CatBoost uses an
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ordered target encoding strategy, which minimizes target leakage and overfitting. The trees are
built in sequence and each tree is trying to minimize the errors of the previous ensemble and this
results in a better predictive performance.

3.4 Objective function:

The objective function of CatBoost and XGBoost contains two functions: a loss and regularization.
The loss term measures the quality of the model on the training data and the regularization term
ensures that the model is not over-fitted by balancing the complexity of the trees [18]. The overall

loss function has the form:
1

n
0bj(®) = D LAY+ ) W(f) === == —— - eq.(1)
j i=1
where
»  [(u;u1;)is the loss function describing the difference between actual value u; and predicted
value ;.
= Y(f;) is the regularization term which dejects overly intricate trees.

3.5 Performance Metrics

The data is split into 70:30 for training and testing. Random seed is set to 42. To check the
authenticity and performance of the suggested model, different statistical parameters, including
Classification accuracy, True Negative Rate (Specificity), True Positive Rate (Sensitivity), F-1
score, False Positive Rate (1-Speficity) and False Negative Rate (1- Sensitivity), are used. In the
projected model attained, results, p represents true negative results, g represents false-positive
results, 7 represents true positive results, and s represents false-negative results. They are described
in equations (2) — (7).

p+r

A = — —————— = eq.(2
ccuracy FqFres q-(2)
. p
Specificity = ——— — — — — — — — — eq.(3)
p‘r"q
Sensitivity =———— —— — — — — — eq.(4
ensitivity s q-(4)
F1 2r 5)
- = - — — — — — — — — — eq.
SCOTe 2r+q+s e (
. q
False Positive Rate = ——— — — — — — — — eq.(6)
p-I;q
False Negative Rate = ——— — — — — — — — eq.(7
alse Negative Rate —— q-(7)

4. Simulation Results:

In this section, the obtained outputs and the values of the accuracy are discussed and shown. As a
rule, the algorithm with the best accuracy is regarded as giving the best results. Figure 3 shows
confusion matrices for both the algorithms.
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Figure 3: Confusion Matrix

The results of the accuracy of each of the evaluated algorithms are provided in Table 2.

Algorithm XGBoost CatBoost
Metric % %
Accuracy 717.78 75.56
Sensitivity 59.46 54.05
Specificity 90.57 90.57
F1-score 68.75 64.52
False Positive Rate 9.43 9.43
False Negative Rate 40.54 45.95

Table 2: Simulation Results

The obtained experimental outcomes prove the predictive value of gradient boosting models in
heart failure classification. Table I indicates that the XGBoost model was the best in terms of
overall accuracy of 77.78 compared to the CatBoost model which had an accuracy of 75.56. This
shows that XGBoost offers a little more dependable forecast on the assessed data. Regarding
sensitivity, the capabilities of a model to identify correctly patients with heart failure, XGBoost
demonstrated a higher true positive rate (59.46) than CatBoost (54.05%). It is a clinically valid
improvement because an increase in sensitivity will decrease the chance of false negatives. The
specificity of both models was the same, 90.57% which indicated that both models have good
performance in terms of the ability to correctly identify non-heart-failure cases. The F1-score,
which is a weighted mean of precision and recall, also supports the fact that XGBoost (68.75%) is
better than CatBoost (64.52%). Also, the false positive rate in both models was low (9.43%), which
means that the models were consistently reliable when it comes to negative prediction.
Nevertheless, CatBoost had a higher false negative rate, which means that it was more likely to
classify the positive cases as negative. In general, both gradient boosting methods proved to be
effective in terms of classification, but XGBoost proved to be a more balanced and robust at the
same time, which is why it is more applicable to heart failure predictions in this paper. Table 3
shows comparative analysis of proposed technique with some of those already in literature.
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Model Model Accuracy (%)

Proposed Method gggggsstt ;;zg

Qaari 19 K Newres Neighbors 58

Table 3: Comparative Analysis

5. Conclusion and Future Directions:

We compared the results of two gradient boosting algorithms, XGBoost and CatBoost, in
predicting heart failure given patient clinical data in this study. The findings have shown that both
models can be successfully used to classify patients, although XGBoost has more overall accuracy,
sensitivity, and F1-score than CatBoost. The two models were also highly specific and low in false
positive rates meaning that they are reliable in true detection of non-heart-failure cases. These
results demonstrate that gradient boosting algorithms can be useful in heart failure early detection
and help clinicians intervene in time and achieve better patient outcomes. There are a number of
directions that can be pursued in future research. The generalizability of the models might be
enhanced by incorporating bigger and more diverse datasets. The combination of gradient boosting
with other machine learning or deep learning techniques can also be used as a hybrid approach that
can improve predictive performance. Moreover, it may be better to incorporate explainable Al
methods in order to enhance the interpretability of model predictions that are useful in clinical
decision-making. Lastly, practical use of these models and constant monitoring of their results in
a clinical environment would be necessary to prove their usefulness and influence on patient care.
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