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Abstract

In this paper, a hybrid machine learning approach is proposed for accurate prediction of
heart disease. The features are categorized into numerical and categorical types, which
are extracted independently by a deep neural network (DNN) and CatBoost, respectively,
before being fused via logistic regression to produce the output; simultaneously, an im-
proved chaotic evolutionary algorithm (CEO) is employed to optimise hyperparameters,
and adaptive chaotic perturbations and a restart mechanism are introduced to enhance
global optimisation capabilities. The integration of these components facilitates the success-
ful development of a hybrid model, referred to as the CEO-Enhanced Hybrid CatBoost and
Deep Learning Model (CEO-HCDLM), for effective heart disease classification. To assess
model stability and generalizability, multi-seed validation, Gaussian noise injection, and
cross-dataset validation using the Kaggle heart disease dataset were conducted. The results
demonstrate the efficacy and practicality of this approach in supporting decision-making
for cardiovascular risk assessment.

Keywords: heart disease prediction; machine learning; CatBoost; deep neural network;
chaotic evolution optimization; clinical decision support

1. Introduction
Cardiovascular diseases continue to represent one of the leading causes of mortality

worldwide, constituting a major public health challenge in the 21st century [1]. The growing
burden of these conditions has elevated their significance on the global health agenda. Ac-
cording to estimates by the World Health Organization (WHO), approximately 17.7 million
deaths in 2015 were attributed to cardiovascular diseases, accounting for 31% of all global
deaths. Of these, an estimated 7.4 million deaths were due to coronary heart disease, with the
majority of the disease burden concentrated in low- and middle-income countries [2]. Fur-
thermore, the global economic cost associated with cardiovascular diseases has surpassed
USD 100 billion annually, imposing substantial strain on healthcare systems worldwide [3].

Specific cardiac conditions, such as valvular heart disease, have a prevalence of 5–10%
among individuals aged 65 to 74 years, increasing to 10–20% in those aged 75 years and
older. The prevalence of these conditions is rising rapidly in high-income countries [4].
In China, a major barrier to the effective management and treatment of congenital heart
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disease (CHD) in most medical centers is the lack of specialized cardiology teams. Further-
more, significant regional disparities exist in both the coverage and diagnostic accuracy
of prenatal CHD screening [5,6]. China has the highest number of CHD patients world-
wide, resulting in a considerable One Health burden, particularly in regions with lower
sociodemographic indices [7,8].

In recent years, machine learning techniques have shown considerable promise in
transforming cardiac risk prediction and diagnostic support. These approaches can auto-
matically identify meaningful patterns from high-dimensional, nonlinear, and heteroge-
neous clinical datasets, frequently demonstrating higher predictive accuracy and better
generalization performance compared to conventional statistical models [9,10]. Peng et al.
developed an XGBoost-based model for cardiovascular disease risk assessment, achieving
an AUC of 81%, thereby highlighting the practical utility of machine learning in clini-
cal decision-making [11]. Moreover, Chandrasekhar et al. systematically evaluated the
performance of six classical machine learning algorithms, including Random Forest, Logis-
tic Regression, and Naive Bayes, on the Cleveland and IEEE Dataport datasets, offering
valuable insights for model selection across diverse data environments [12].

However, the performance of machine learning models is highly dependent on the
quality and structure of input features [13–15]. Insufficient training data represents a
common bottleneck in supervised learning applications. Furthermore, real-world clinical
datasets often encompass hundreds to thousands of variables across multiple dimensions,
including laboratory indices, imaging features, medication history, and sociodemographic
information, many of which may exhibit only weak associations with the prediction target
or be redundant [16]. Such high-dimensional and sparse data structures are susceptible to
the “curse of dimensionality”, which can lead to model overfitting, increased computational
complexity, and diminished interpretability, ultimately constraining their practical utility
in clinical settings [17–19].

Das et al. introduced five explainability techniques to interpret the predictions of four
machine learning models for heart disease classification. Among them, the XGBoost model
performed best, with a classification accuracy of 97.86% [20]. Arunachalam et al. utilized
the X-boost, Adaboost and Random Subspace Classifier model to predict heart disease,
and the Linear Support Vector Feature Measure (l-SVFM) was used to predict the features
of cardiovascular disease. The final results were 96% accuracy and 97% precision [21].

Dileep et al. proposed a clustering-based bidirectional long short-term memory net-
work (C-BiLSTM) for heart disease prediction. The method first applies the K-Means
algorithm to cluster the UCI and a real-time heart disease dataset, with the clustering
results subsequently serving as input to the C-BiLSTM model [22].

In a comprehensive comparative study, Ay et al. applied the cuckoo search, flower
pollination algorithm, whale optimization algorithm, and Harris hawks optimization al-
gorithm for feature selection on the Cleveland heart disease dataset and the Faisalabad
Institute of Cardiology heart failure dataset sourced from the UCI Machine Learning Repos-
itory [23]. To enhance computational efficiency with high-dimensional data, Babu et al.
introduced a quantum-enhanced machine learning approach that replaces traditional input
layer neurons with qubits for efficient handling of complex tasks [24]. Ali et al. preprocessed
a Kaggle dataset containing 1025 samples and 14 attributes using a ReplaceMissingValues
filter and interquartile range for outlier detection [25].

By utilising a convolutional network with dense connections and an attention-based
bidirectional long short-term memory (AMiLSTM) network, a hybrid deep learning (HDL)
model known as DenseNet-ABiLSTM has been introduced by Saranya et al., achieving
good results in the detection of arrhythmias [26].
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With the continuous innovation and iterative development of various intelligent
optimisation algorithms, Kumar et al. innovatively introduced two advanced optimisation
strategies, the Hawks Optimizer (HO) and the Binary Krill Herd meta-heuristic optimiser
(B-KHA), in their research [27,28]. Through the synergistic interaction of these algorithms
and iterative optimisation, the accuracy of model solutions and search efficiency have
been effectively enhanced, thereby enabling the precise identification of both global and
local optimal solutions to the target problem, and providing a more efficient and reliable
technical approach for solving complex optimisation problems.

Al-Alshaikh et al. integrated optimization algorithms into hybrid machine learning
models and established a machine learning-based heart disease prediction method (ML-
HDPM), which obtained a predictive accuracy of 95.5% and a precision rate of 94.8% in
experiments [17]. Kumar et al. utilized Classical Genetic Algorithms (CGA) and Classical
Particle Swarm Optimization (CPSO) to conduct hyperparameter tuning for traditional
models. Meanwhile, quantum-inspired prediction models adopted Quantum Genetic
Algorithms (QGAs) and Quantum Particle Swarm Optimization (QPSO) for parameter
optimization, and the optimized parameters were finally imported into the Support Vector
Machine (SVM) for prediction tasks [29]. Although these hybrid optimization methods
can achieve competitive prediction accuracy, they cannot achieve satisfactory performance
on complex heterogeneous datasets. Moreover, such models have limited generalization
ability and are prone to unstable prediction results when facing unseen data, which affects
their practical application effectiveness.

It is noteworthy that a novel metaheuristic algorithm, recently proposed by Dong et al.
and termed CEO, has been introduced based on the chaotic dynamics observed in two-
dimensional discrete memristive maps. By incorporating crossover and mutation opera-
tions from the differential evolution framework into a chaotic evolutionary mechanism,
the algorithm effectively addresses the “zero-bias problem” commonly encountered in
many emerging optimization algorithms [30].

In summary, existing studies have extensively investigated various machine learning
and feature engineering techniques for heart disease prediction, achieving significant
outcomes. However, these simple methods suffer distinct drawbacks: standalone tree
models lack nonlinear fitting capacity for continuous clinical indicators, vanilla deep
networks cannot natively process categorical medical features, and unoptimized structures
easily fall into local optima, leading to poor cross-dataset robustness against noisy samples.
To address these limitations, this paper aims to develop a cardiac risk identification model
that achieves high predictive accuracy while maintaining strong robustness, even under
constraints of limited data volume and feature availability.

The contributions of this paper are described as follows:

• The proposed CEO-HCDLM framework enables CatBoost to extract categorical fea-
tures, utilizes DNN for processing numerical features, and integrates both through
Logistic Regression for final prediction. Subsequently, the performance of the CEO-
HCDLM model was systematically evaluated against established models, including
XGBoost, LightGBM, and Logistic Regression, to demonstrate its superior predic-
tive capability.

• A customized improved Chaotic Evolution Optimization (CEO) algorithm is devel-
oped for joint hyperparameter tuning of the CatBoost-DNN stacking hybrid model,
which optimizes search efficiency, speeds up training convergence and improves
overall prediction stability.

• A new adaptive chaotic perturbation and training stagnation restart module is inte-
grated into the CEO framework, which dynamically modifies key hyperparameters
and reactivates training to effectively avoid trapping into local optimal solutions.
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2. Materials and Methods
Existing single machine learning and deep learning architectures cannot simultane-

ously adapt to mixed categorical-numerical clinical data and guarantee stable generalization
on noisy, small-scale medical datasets. To overcome these limitations, we constructed the
CEO-HCDLM, which effectively integrates CatBoost and DNN through Logistic Regres-
sion and employs an improved CEO algorithm for parameter tuning and model training.
The overall workflow of the model is illustrated in Figure 1.

Figure 1. The overall workflow diagram.

2.1. Pre-Processing

Two publicly available datasets are employed in this paper: the Cleveland Heart
Disease dataset and the Clinical Heart Disease dataset from the UCI Machine Learning
Repository. To ensure experimental rigor and reproducibility, a standardized preprocess-
ing protocol was applied. Samples were randomly partitioned into training, validation,
and test sets in an 8:1:1 ratio. Missing values were imputed using the first valid category,
and unknown categories were replaced with the first known category. To enhance the
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performance and clinical interpretability of the cardiac risk prediction model, this study
implemented systematic feature engineering on the raw dataset, expanding the feature
dimension from basic indicators to 29 dimensions. Firstly, unordered categorical variables
such as chest pain type, resting ECG type and ST-segment slope were subjected to one-
hot encoding to eliminate spurious ordinal relationships in categorical variables whilst
retaining discrete clinical attributes; secondly, the multivariate interaction features was
introduced to quantify the synergistic effects of age and exertional angina, blood pressure
and ST-segment changes, and cholesterol and ST-segment slope, thereby capturing the
pathogenic mechanisms underlying the overlap of multiple risk factors in clinical practice.

Furthermore, leveraging CatBoost’s native support for categorical features, an inno-
vative semantic feature grouping approach was adopted to assign categorical features to
CatBoost, while numerical features were directed to the enhanced DNN model. Addition-
ally, each numerical feature was Z-score normalized to mitigate the influence of varying
magnitudes on model training and to facilitate smoother gradient updates, as follows:

σj =

√√√√ 1
n

n

∑
i=1

(
x(j)

i −
1
n

n

∑
i=1

x(j)
i

)2

(1)

Z(j)
i =

x(j)
i − uj

σj
(2)

where x(j)
i is the value of the ith sample in the jth numerical feature column, uj is the mean

value of the jth numerical feature column, σj is the standard deviation of the jth numerical

feature column, and Z(j)
i is the normalized value of the ith sample in the jth numerical

feature column.

2.2. Hybrid CatBoost and Deep Learning Model

CatBoost is incorporated into the modeling pipeline to directly handle categorical
variables, owing to its superior performance in managing categorical data. The specific
implementation procedure is described as follows.

For the objective function, the log loss for the binary classification task at the tth tree
round was used as follows:

Lcat = −
1
N

N

∑
i=1

[yi log(pi) + (1− yi) log(1− pi)] (3)

pi =
1

1 + e−F(t)(x(c)i )
(4)

where N is the total number of samples, yi is the true label of the ith sample, Lcat is the
logarithmic loss, pi is the predicted probability that the ith sample belongs to the positive
class, F(t)(x(c)i ) is the weighted sum of all trees at round t, and x(c)i is the categorical discrete
feature vector.

At round t,the negative gradient can then be computed as:

g(t)i =
∂Lcat

∂F(t−1)
= p(t−1)

i − yi (5)

where g(t)i is the negative gradient of the ith sample at round t, and p(t−1)
i is the predicted

probability obtained from the previous round.
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A symmetric tree is subsequently fitted in gradient space, denoted as ∆F(t)(x(c)), so
the model can be updated as follows:

F(t)(xc) = F(t−1)(xc) + η∆F(t)(x(c)) (6)

where η is the learning rate.
Finally, the category probabilities for the validation and test sets can be obtained.

p̂CB
i = σ

(
FI(x(c)i )

)
(7)

where I is the total number of iterations, and p̂CB
i is the CatBoost predicted probability for

the ith sample.

2.3. DNN

The DNN module incorporated two hidden layers in this paper. To improve gradient
flow and strengthen nonlinear representation capacity, the SiLU activation function was
utilized. The specific network architecture is described as follows:

h(l) = Dropout
(

SiLU
(

BN
(

W lh(l−1) + b(l)
)))

(8)

SiLU(x) = x · σ(x) (9)

p̂DNN
i = σ

(
WTh(L)

i + b(l)
)

(10)

where l is the number of layers, BN denotes 1D Batch Normalization, h(l) is the output
of the lth layer, W l is the weight matrix of the lth layer, and b(l) is the bias vector of the
lth layer.

Binary cross-entropy was employed to penalize deviations between model predictions
and the actual outcomes by quantifying uncertainty, thereby guiding the model to optimize
its parameters and minimize prediction error.

LDNN = − 1
N

N

∑
i=1

[
yi log p̂DNN

i + (1− yi) log
(

1− p̂DNN
i

)]
(11)

2.4. Stacking

To achieve probabilistic splicing of two models, a two-dimensional feature vector was
sampled for each sample as follows:

si =

[
p̂DNN

i
p̂CB

i

]
∈ R2 (12)

Logistic regression was employed to perform linear mapping, followed by the applica-
tion of the sigmoid function.

ηi = wTsi + b (13)

p̂final
i = σ(ηi) =

1
1 + e−(wTsi+b)

(14)

Then, the categorical labels can be obtained as follows:

ŷ = 1
(

p̂final
i ≥ τ

)
(15)

where τ = 0.5 is the threshold value, and 1(·) denotes the indicator function.

https://doi.org/10.3390/app16157535

https://doi.org/10.3390/app16157535


Appl. Sci. 2026, 16, 7535 7 of 16

2.5. CEO

The CEO algorithm was employed to automate the tuning of seven key hyperparam-
eters in the model. The optimization objective was defined as minimizing the negative
AUC metric on the validation set, which equals maximizing the model’s classification
performance, as detailed below:

fitness(θ) = −AUCval(θ) (16)

where θ is the hyperparameter vector to be optimized.
A similar optimization process was employed for both CatBoost and DNN. The first

step involves population initialization, which ensures that each parameter is randomly
distributed within a reasonable range by generating an initial hyperparameter population
using the following formula:

X0 = lb + (ub− lb) ·U(0, 1)a×b (17)

where X0 is the initial population matrix, lb and ub are the lower-bound and upper-bound
vectors, respectively, and U(0, 1)a×b is a uniform random matrix with a rows and b columns.

For each population individual, the chaotic perturbation was updated. To compute
the chaotic control parameter, the iteration starts by updating it via the Logistic map to
ensure perturbation randomness.

c(t) = logisticmap(U(0, 1)) = 4 ·U(0, 1) · (1−U(0, 1)) (18)

where t ∈ [1, max(iter)] is the current iteration number, c(t) ∈ (0, 1) is the chaotic control
parameter at iteration t, and U(0, 1) denotes the uniform distribution on the interval [0, 1].

The adaptive coefficient α(t) is calculated to control the step size of “approaching the
optimal individual”, which decreases with the number of iterations:

α(t) = 2 · e−
(

4t
max(iter)

)2

(19)

where α(t) is the adaptive coefficient at iteration t, which decreases from 2 to 0 as t increases;
max(iter) is the maximum allowable number of iterations.

For each individual population, new individuals were generated by combining the
strategies of “learning from the best” and “chaotic perturbation” as follows:

X(t),new
i = X(t)

i + α(t) ·
[
r1 ·
(

X(t)
best − X(t)

i

)]
+ [c(t) · (ub− lb) + lb] · r2 (20)

X(t),new
i = clip

(
X(t),new

i , lb, ub
)

(21)

where X(t)
i is the ith individual in round t, X(t)

best is the optimal individual in round t of the

population, X(t,new)
i is the generated new individual in the t-th round of the population,

lb and ub are the lower bound and upper bound, respectively, and r1, r2 ∈ (0, 1) are
independent uniform random numbers, clip(·) is a clipping function that ensures that the
parameters of the new individual are not outside the range [lb, ub].

Next, the fitness of X(t),new
i , denoted as fitnessnew, is calculated.

X(t)
i =

X(t),new
i , fitnessnew < fitness

(
X(t)

i

)
,

X(t)
i , fitnessnew ≥ fitness

(
X(t)

i

)
.

(22)
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fitness
(

X(t)
i

)
=

fitnessnew, fitnessnew < fitness
(

X(t)
i

)
,

fitness
(

X(t)
i

)
, fitnessnew ≥ fitness

(
X(t)

i

)
.

(23)

if fitness
(

X(t)
i

)
< fitnessbest, then

Xbest ← X(t),new
i ,

fitnessbest ← fitness
(

X(t)
i

)
.

(24)

If the new individual is superior to the current population in terms of fitness, it replaces
the least fit individual; if it is optimal within the current population, it is integrated into the
population accordingly.

Finally, the values of Xbest and fitnessbest can be obtained when the number of itera-
tions reaches the maximum allowable value.

(Xbest, fitnessbest), fitnessbest = −AUCval(θ) (25)

2.6. Adaptive Chaos Perturbation and Restart Mechanisms

During the training of deep neural networks, models may experience convergence
stagnation as a result of suboptimal hyperparameter configurations. To address this
issue, this study proposes an innovative adaptive chaotic perturbation restart mechanism.
Upon detection of training stagnation, this mechanism generates perturbation terms based
on chaotic mapping, adaptively adjusts key hyperparameters, and subsequently restarts
the training process. This approach enables the model to escape local optima, reduces the
risk of overfitting, and significantly improves convergence efficiency.

In practical implementation, the Logistic map was utilized to generate chaotic se-
quences, which were subsequently employed to construct perturbation coefficients for
dynamically adjusting network hyperparameters.

δ = logisticmap(U(0, 1)) = 4 ·U(0, 1) · (1−U(0, 1)) (26)

where δ ∈ (0, 1) is the perturbation factor for hyperparameter adjustment, and U(0, 1)
denotes the continuous uniform distribution on the interval [0, 1].

The model can dynamically adjust its learning rate according to the training progress
as follows:

ηnew
dnn = clip

(
ηold

dnn · (1 + δ · 0.2), 10−5, 0.005
)

(27)

where ηold
dnn is the learning rate before chaotic perturbation, and ηnew

dnn is the adjusted learning
rate after clipping.

The final adjustment of the dropout rate can be conducted as follows:

pnew
dropout = clip

(
pold

dropout · (1 + δ · 0.2), 0.3, 0.7
)

(28)

where pold
dropout is the dropout rate before chaotic perturbation, and pnew

dropout is the adjusted
dropout rate after clipping.

After hyperparameter adjustment, if the validation loss exceeds the current optimal
loss, the training process is deemed to have reached convergence stagnation, which triggers
the restart mechanism; when the predefined maximum number of restarts is reached,
training is terminated and the best model parameters obtained so far are retained.

As shown in Figure 2, when the loss on the training set is significantly lower than that
on the validation set, the chaotic mechanism effectively resets and prevents the training
from getting stuck in local optima.
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Figure 2. Training loss with chaotic restarts.

3. Results
The performance of the proposed strategy was assessed through a series of compre-

hensive simulation experiments. Evaluation metrics included precision, F1-score, and AUC,
among others, to assess the predictive efficacy of the model.

3.1. Databases

The dataset on cardiac disease used in this study was obtained from the Kaggle
platform and consists of patient records associated with cardiac diagnoses. The dataset
comprises 918 samples, each defined by 11 features encompassing demographic infor-
mation, vital signs, symptom presentation, and potential risk factors related to cardiac
conditions. In the predictive modeling process, a total of 21 variables were included,
with the presence of heart disease designated as the outcome variable to represent the
patient’s disease status.

The Cleveland Heart Disease dataset from the UCI Machine Learning Repository
was also utilized. The original data were obtained from the Cleveland Clinic Foundation
and comprised a total of 303 valid samples. Although the original dataset comprises
76 attributes, the publicly available subset includes only 14 key features. In this study,
13 attributes were selected as input features, and a binary classification variable was defined
as the prediction target to indicate the presence or absence of heart disease in patients.

3.2. Experimental Setup for Evaluation

To ensure the reproducibility and stability of the results on both UCI Cleveland and
Kaggle heart disease datasets, 11 repeated experimental runs with random seeds rang-
ing from 40 to 50 were implemented for cross-dataset validation, and each dataset was
stratified and split into training, validation and test sets in an identical 8:1:1 ratio. Bidi-
rectional cross-dataset tests were conducted where the model trained and optimized on
one dataset was directly evaluated on the other dataset. The CatBoost branch used unified
base optimisation parameters across all experiments, whilst the DNN branch employed
the AdamW optimisation algorithm, with the initial learning rate determined by chaotic
evolutionary search and a fixed weight decay rate of 0.01. The batch size was set to 64,
and the maximum number of training iterations was set to 100. The CosineAnnealingLR
scheduler was employed, with the iteration period matching the number of training itera-
tions. During backpropagation, gradient clipping with a maximum norm of 1.0 was applied,
and an early stopping strategy with a patience level of 10 was implemented based on the
validation set loss, whilst supporting up to two chaotic perturbation restarts for alleviating
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local optimum trapping. All performance metrics were averaged over the 11 multi-seed
trials to reduce stochastic fluctuations.

The experiments were conducted as follows.

• The entire dataset was used without employing any data dimensionality reduction or
sampling methods.

• Categorical features were processed using numerical encoding techniques to efficiently
handle variables with multiple discrete levels.

• The results for both datasets were obtained across a total of 11 datasets using random
seeds ranging from 40 to 50.

• A specially designed chaotic evolution algorithm was applied to the processed data,
which automated hyperparameter tuning and ensemble weight optimization, signifi-
cantly enhancing model performance for the specific task.

Furthermore, Gaussian noise was introduced into 30% of the numerical features using
a specifically designed stochastic function to assess the models’ stability and generaliza-
tion performance.

3.3. Simulation Results

In this section, we have included a CatBoost-DNN model without the CEO algorithm,
a CatBoost-DNN model with the Successive Halving optimisation algorithm (SH-Hybrid),
and a CatBoost-DNN model with the Tree-structured Parzen Estimator optimisation algo-
rithm (TPE-Hybrid) as part of our ablation experiments. As shown in Figure 3, the CEO-
HCDLM model exhibits satisfactory performance in predicting heart disease. This perfor-
mance enhancement is attributable to the integration of several advanced methodologies,
including categorical feature selection and transformation, data balancing, the synergistic
application of CatBoost and DNN, and hyperparameter optimization through a chaotic
evolutionary algorithm. Moreover, the performance of the CEO evolutionary algorithm sur-
passes that of the mainstream TPE optimization algorithm. We further conducted Wilcoxon
rank-sum tests to statistically verify the significant performance gap between CEO and
TPE optimizers, where * denotes statistical significance and ns indicates no significant
difference. The test results demonstrate the evident advantage of CEO among evolutionary
optimization algorithms.

Figure 3. Average AUC analysis of predicting heart disease.
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Figures 4 and 5 present a comparative analysis of precision and recall performance
across various heart disease prediction methods, respectively, with CEO-HCDLM demon-
strating superior performance. Simultaneously, it demonstrates that our model exhibits
the most robust precision performance across various dataset partitions. This performance
can be primarily attributed to an integrated chaotic evolution optimization framework,
which combines early stopping, restart mechanisms, and a stochastic evolutionary selection
approach to effectively avoid suboptimal hyperparameter configurations and mitigate the
risk of converging to local optima.

Figure 4. Average precision analysis of predicting heart disease.

Figure 5. Average recall analysis of predicting heart disease.

As illustrated in Figures 6 and 7, the CEO-HCDLM model demonstrates better perfor-
mance compared to other benchmark algorithms in terms of both F1-score and PR-AUC.
A more balanced trade-off between precision and recall is achieved, enabling effective
identification of discriminative patterns in cardiac disease data and demonstrating strong
robustness even on imbalanced datasets with uneven sample distributions.
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Figure 6. Average PR-AUC analysis of predicting heart disease.

Figure 7. Average F1-score analysis of predicting heart disease.

Additionally, this study randomly selected 30% of the positive features from both
numerical datasets, added Gaussian noise with a standard deviation σ, and truncated
any negative values after noise injection to preserve medical interpretability. Specifically,
the following procedures were applied to each of the selected feature columns:

x = (x1, x2, · · · , xn)
T (29)

ϵi ∼ N (0, σ2) (30)

x̃i = xi + ϵi (31)

x̂i = max(x̃i, 0) (32)

where xi is the original value of the ith sample in the current feature column, ϵi is the
noise value added to the ith sample and follows a Gaussian distribution with mean 0 and
variance σ2, x̃i is the perturbed feature value, and x̂i is the final obtained privacy-preserving
feature value.

Following the introduction of Gaussian noise, the discrepancy between the model
and the UCI dataset remains consistently within 1%, demonstrating the model’s strong
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robustness. The robustness of the model stems from its chaotic random restart mechanism,
which enables continuous retraining and effectively prevents the model from converging
to local optima. This enhances the model’s generalization capability and improves its
adaptability to real-world predictions on high-noise datasets that have not undergone
rigorous preprocessing. The results are presented in Table 1.

Table 1. Dataset change analysis of predicting heart disease.

Assessment Criteria Kaggle Dataset with
Gaussian Noise

UCI Dataset with
Gaussian Noise

Kaggle Dataset Without
Gaussian Noise

UCI Dataset Without
Gaussian Noise

AUC 0.9637 0.9767 0.9640 0.9798
F1 0.9431 0.9423 0.9424 0.9457
Recall 0.9590 0.9572 0.9608 0.9679
Precision 0.9279 0.9318 0.9252 0.9273
PR-AUC 0.9670 0.9811 0.9667 0.9838

The performance of the proposed CEO-HCDLM in heart disease prediction was
systematically evaluated through comprehensive simulation experiments. Satisfactory
predictive performance was consistently demonstrated across multiple evaluation metrics,
particularly on the Kaggle heart disease dataset, where the model achieved high scores
with an average AUC of 96.40%, precision of 92.52%, F1-score of 94.24%, and PR-AUC
of 96.67%.

Collectively, these results validate the strong and consistent performance across differ-
ent benchmark datasets, demonstrating its generalizability to diverse data distributions
and the robust performance under noisy conditions, highlighting its ability to withstand
real-world data perturbation. The minor performance variations observed between datasets
and noise conditions further underscore the model’s stability and reliability, distinguishing
it from less robust approaches that often suffer from substantial performance degradation
when exposed to noisy or heterogeneous data. These findings collectively support the
effectiveness and practical utility of the proposed model for heart disease prediction.

4. Discussion
Experimental results show the proposed method performs well across multiple met-

rics, maintaining high precision in both training and testing. The method demonstrates
concurrent improvements in false positive rate and recall, suggesting its ability to effectively
reduce false alarms while preserving high predictive precision. Additionally, the balanced
F1-score provides further evidence of an optimal trade-off between precision and recall.

The proposed CEO-HCDLM addresses inherent limitations of standalone CatBoost,
DNN and simple logistic regression, each of which fails to jointly handle heterogeneous
heart disease data. The tree models lack strong nonlinear modeling capacity for continuous
physiological indicators, basic deep networks cannot natively process unordered categorical
variables, and unoptimized stacking architectures frequently converge to local optima with
volatile performance across datasets. The split-branch design separates categorical and nu-
merical features for targeted extraction via CatBoost and DNN respectively, and integrates
their predictive probabilities through logistic regression, with enhanced chaotic evolution
optimization automatically searching optimal hyperparameters to stabilize training conver-
gence. Furthermore, logistic regression provides clear linear weights for the two model
branches, making the predictive model easier to interpret in clinical analysis and reducing
the risk of overfitting caused by non-linearity in small-scale healthcare datasets. Though the
multi-module structure introduces mild computational complexity, the two-branch scheme
retains interpretable categorical risk signals while capturing complex nonlinear relation-
ships of numerical biomarkers, and the embedded adaptive chaotic restart mechanism
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maintains consistent AUC, F1 and PR-AUC under Gaussian noise and cross-dataset tests
even on small datasets.

Most mainstream hybrid learning models currently employ simple serial feature con-
catenation and ensemble methods with fixed weights, resulting in significant fluctuations
in generalisation performance across different medical datasets. The dynamic dual-branch
fusion architecture developed in this study effectively addresses the issue of feature redun-
dancy commonly found in traditional hybrid models. However, this study still has certain
shortcomings in the data processing stage. The publicly available clinical datasets used in
this study contain inherent noise and missing samples; existing pre-processing methods
struggle to fully eliminate issues such as data distribution bias and sample imbalance.
Furthermore, certain inefficient features relating to heterogeneous indicators were not
sufficiently filtered out, which to some extent limited further improvements in the model’s
predictive stability and generalisation ability.

5. Conclusions
This study investigated the effectiveness of the CEO-HCDLM algorithm in predicting

heart disease. In the preprocessing stage, missing value imputation and normalization
were applied to enhance the performance of the classification model. To effectively ex-
tract diverse feature types, categorical features were fed into CatBoost, numerical features
were processed by a deep neural network (DNN), and finally, a Logistic Regression layer
combined with a Sigmoid activation function was employed as a stacking mechanism to
integrate the outputs efficiently. The improved CEO algorithm is employed to adapt hyper-
parameters to diverse datasets by leveraging a specific adaptive approach that identifies
and exploits the underlying parameter evolution patterns, thereby accelerating the model’s
overall convergence rate without compromising its global optimality.

Although the proposed hybrid method achieves stable predictive performance on
public heart disease datasets, all evaluations are restricted to open-source benchmark
data, lacking independent external clinical cohort verification from real medical institutions.
Future research should prioritize extending the applicability of this method to a wider range
of cardiovascular conditions and assessing its practical feasibility in real-world clinical
settings. In addition, the method proposed in this paper does not explore more complex
nonlinear fusion strategies, so future research can focus on the deep interaction between
heterogeneous features. Overall, this study underscores the significant transformative
potential of advanced machine learning methods in the field of cardiovascular disease
prediction and management.
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