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Abstract: The etiology of cardiovascular disease is still an unsolved world problem, and high
morbidity, disability, and mortality are the main characteristics of cardiovascular diseases. There
is, therefore, a need for effective and rapid early prediction of likely outcomes in patients with
cardiovascular disease using artificial intelligence (AI) techniques. The Internet of Things (IoT) is
becoming a catalyst for enhancing the capabilities of AI applications. Data are collected through IoT
sensors and analyzed and predicted using machine learning (ML). Existing traditional ML models do
not handle data inequities well and have relatively low model prediction accuracy. To address this
problem, considering the data observation mechanism and training methods of different algorithms,
this paper proposes an ensemble framework based on stacking model fusion, from Support Vector
Machines (SVM), K-Nearest Neighbor (KNN), Logistic Regression (LR), Random Forest (RF), Extra
Tree (ET), Gradient Boosting Decision Tree (GBDT), XGBoost, LightGBM, CatBoost, and Multilayer
Perceptron (MLP) (10 classifiers to select the optimal base learners). In order to avoid the overfitting
phenomenon generated by the base learners, we use the Logistic Regression (LR) simple linear
classifier as the meta learner. We validated the proposed algorithm using a fused Heart Dataset
from several UCI machine learning repositories and another publicly available Heart Attack Dataset,
and compared it with 10 single classifier models. The experimental results show that the proposed
stacking classifier outperforms other classifiers in terms of accuracy and applicability.

Keywords: cardiovascular disease; SHAP values; stacking model fusion

1. Introduction

Machine learning (ML) is a branch of artificial intelligence (AI) that is essentially
how computers make sense of data and decide or classify tasks with or without human
supervision [1]. The use of machine learning is growing dramatically in the medical
diagnostic industry, where computer analysis can reduce human error and improve
accuracy [2–9].

Cardiovascular diseases (CVDs), including coronary artery disease (CAD), atrial fibril-
lation (AF), and other cardiac and vascular diseases, remain leading contributors to death
worldwide [10]. The number of people suffering from CVDs is increasing year by year
due to the improvement in people’s living standards and the increase in life stress. CVDs
include two main categories, namely, acute cardiovascular diseases and chronic cardio-
vascular diseases [11]. The World Health Organization (WHO) counted about 17.9 million
deaths from CVD in 2019, accounting for 32% of global deaths [12,13]. Of the 17 million
premature deaths (under 70 years of age) due to non-communicable diseases in 2019, 38%
were caused by CVD [14,15]. It is estimated that by 2030, nearly 23.6 million people will
die from CVD [16,17]. CVDs include myocardial infarction, atrial fibrillation, and heart
failure [18,19]. The occurrence of CVD is influenced by various risk factors, such as race,
ethnicity, age, sex, weight, height and blood test results, including renal function, liver
function and cholesterol levels [20,21]. These factors are often intertwined and influence the
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development of various diseases in a complex manner. Therefore, predictive models based
on traditional statistical methods usually do not reflect all the complex causal relationships
between various risk factors [22,23]. The Internet of Things (IoT) has shown a crucial
role in the era of big data bodies, where patients can wear smart pills and smart bracelets
with the ability to monitor and collect specific data, and they can feed information into
a database during a pandemic [24]. Data sources for healthcare systems are increasingly
coming from the analysis of IoT data, and researchers use AI technology to mine new
medical information to help physicians understand symptoms and analyze them, and
make early predictions of diseases and thus make decisions for different patient conditions,
effectively contributing to the development of safe diagnostic methods [25]. The recent
standardization of medical data and the systematization of national health screening data
have made it possible to analyze previously unknown risk factors [26–28]. These factors
may be statistically significantly associated with the occurrence of disease, which may
in turn allow us to trace various disease mechanisms. In addition, big data analysis is
crucial for accurate predictive models of disease occurrence [29,30]. AI and big data have
recently attracted much attention and are increasingly being used to predict CVD models.
Weng, S.F. et al. [31] used four models: Random Forest (RF), Logistic Regression (LR), Gra-
dient Boosting Decision Tree (GBDT) and Neural Network (NN) on clinical data from more
than 300,000 UK households and showed that NN had a very significant advantage in CVD
prediction with the best prediction results for the larger amount of data processed. For
the small dataset of CVDs, Dimopoulos, A.C. et al [32] studied three traditional machine
learning models: K-Nearest Neighbor (KNN), RF, and Decision Tree (DT), based on the
ATTICA data with 2020 samples. Under comparison with the HellenicSCORE tool (a
calibration of ESC SCORE), RF was found to achieve the best goals. With the popularity of
ML techniques in IoT applications, Mohan, S. et al. [33] tried to combine a hybrid approach
of two or more techniques by merging RF and Linear Method (LM) and proposed a hybrid
HRFLM approach to further improve the prediction accuracy of the model. With the
gradual development of the IoT, Akash, I. et al. [34] investigated an approach combining
IoT and ML to predict the heart status of the human body. It first collects important data
from the human body, such as heart rate, ECG signal, and cholesterol, through IoT devices
(sensors), and then uses an ML algorithm model in order to calculate and predict the overall
condition of the patient’s heart. The prediction of local areas with unique prediction models
has gradually become a hot research topic in recent years, and Yang, L. et al. [35] used LR
to analyze 30 CVD-related indicators using more than 200,000 high-risk subjects in east-
ern China. While using Multiple Regression Models, Classification and Regression Trees
(CART), Naive Bayes, Bagging Trees, AdaBoost, and RF were predicted by several methods,
and the experimental results obtained an RF model more applicable to the eastern region
of China. Yang, L. et al. [36] first introduced a stacking model in the field of CVDs, and, in
predicting the daily hospitalization of CVDs, air pollution data and meteorological data
characteristics were considered, and a grassroots level consisting of five base learners was
constructed for the stacking model, which obtained a stacking model with a better effect
than the base learners, but the selection of the base learners is random, which will affect the
final prediction result of the meta learner. Zheng, H. et al. [37] used multiple sampling tech-
niques to imbalance the data in predicting and diagnosing the occurrence of major adverse
cardiovascular events (MACEs) in patients with early acute coronary syndrome (ACS) and
constructed a stacking model consisting of seven base learners. Although the increased
variety of base learners can improve the final prediction results of a meta learner to some
extent, the selection of base learners is still random and the selection of base learners is more
traditional. The world is undergoing the fourth industrial revolution (Industry 4.0), the
rapid development and application of digital, fully automated habitats and cyber-physical
systems. The fourth industrial revolution is bringing innovative ideas and technological
compositions in almost all fields, such as smart healthcare, which recommends technologies
and mechanisms for the early prediction of life-threatening diseases [38]. CVDs are still the
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leading cause of death worldwide, and research in the field of CVDs is urgently needed in
order to meet this shift in the fourth industrial revolution.

This thesis aims to solve the problem of randomness in the selection of base learners
for the stacking fusion model [39] by adding new base classifiers for the base learners, while
we select the SHAP method [40] in feature selection and provide a reasonable explanation
for the features within the model. This paper proposes an ensemble framework based on
stacking model fusion, from Support Vector Machines (SVM), KNN, LR, RF, Extra Tree (ET),
GBDT, XGBoost, LightGBM, CatBoost, and Multilayer Perceptron (MLP) (10 classifiers to
select the optimal base learners). In order to avoid the overfitting of the base learners, we
use the LR linear classifier as the meta learner. Inspired by many ML models, the stacking
model was applied to CVD prediction. The proposed algorithm was validated using a
fused Heart Dataset from several UCI machine learning repositories and another publicly
available Heart Attack Dataset, and the models were evaluated against 10 single classifiers
for accuracy, precision, recall, F1 Score, and AUC values.

2. Materials and Methods

In Figure 1, we show the detailed flow of the whole prediction process. First, integrate
the Heart Dataset (including Cleveland data, Hungarian data, Swizerlang data, Long Beach
VA data, and Stalog (Heart) data). A total of 11 features were extracted from the five datasets.
Immediately afterwards, we divided the Heart Dataset into training set and testing set
in a ratio of 8:2 and normalized the data. Feature selection is performed based on the
SHAP method using the embedded GBDT. In order to explore the interpretable meaning
of the model, we perform SHAP individual feature contributions and individual joint
feature contributions on the data after dimensionality reduction here. Next, we construct
the stacking model with one layer of base learners and one layer of meta learners. Based
on the principle of “good but different,” we selected the LR, RF, ET, MLP, and CatBoost
classifiers as base learners from the 10 initial classifiers. In order to avoid overfitting of
the base learners, we use the LR linear classifier as the meta learner. Finally, we evaluate
the proposed stacking model in terms of accuracy, precision, recall, F1 score, and AUC
value. To verify the generalization ability of the model, we chose another public dataset
(Heart Attack Dataset) to make predictions on. Detailed information will be discussed in
the following subsections.
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2.1. Dataset

The Heart Dataset is a fusion of five representative datasets from the UCI machine
learning repository, namely, Cleveland data, Hungarian data, Swizerlang data, Long Beach
VA data, and Stalog (Heart) data. A total of 1190 samples were selected, and 272 duplicates
were removed, leaving 918 sample datasets. Eleven features with significant relevant
features from five datasets were selected as the final Heart Dataset, as shown in Table 1.
Another public dataset (Heart Attack Dataset) is shown in Table 2.

Table 1. Heart Dataset.

ID Feature Detailed Information

1 Age Age
2 Sex Sex (Male: 0 or female: 1)

3 ChestPainType Four types of chest pain (TA: typical angina, ATA: atypical
angina, NAP: non-angina, ASY: asymptomatic)

4 RestingBP Resting blood pressure value (Unit mm hg)
5 Cholesterol Serum cholesterol concentration (Unit mm/dL)

6 FastingBS Fasting blood glucose value (1: blood glucose > 120 mg/dL,
0: other)

7 RestingECG

Resting electrocardiogram (Normal: normal, ST: with ST-T wave
abnormalities (T-wave inversion or ST elevation or

depression > 0.05 mv), LVH: possible or definite left ventricular
hypertrophy according to criteria)

8 MaxHR The maximum heart rate achieved. (Values between 60 and 202)
9 ExerciseAngina Whether you have exercise angina (No: 0, Yes: 1)
10 Oldpeak Exercise-induced ST-segment drop (ST value judgment)

11 ST_Slope Slope of the ST section at the peak of the movement (up,
flat, down)

Table 2. Heart Attack Dataset.

ID Feature Detailed Information

1 Age Age
2 Sex Sex of the patient (Male: 0, female: 1)
3 Exang Exercise induced angina (1 = yes, 0 = no)
4 Ca Number of major vessels (0–3)

5 Cp Chest Pain type chest pain typeb (1: typical angina, 2: atypical
angina, 3: non-anginal pain, 4: asymptomatic)

6 Trtbps Resting blood pressure (Unit mm hg)
7 Chol Cholestoral in mg/dL fetched via BMI sensor
8 Fbs (Fasting blood sugar > 120 mg/dL) (1 = true, 0 = false)

9 Rest_ecg

Resting electrocardiographic results (0: normal, 1: having ST-T
wave abnormality (T wave inversions and/or ST elevation or
depression of >0.05 mV), 2: showing probable or definite left

ventricular hypertrophy by Estes’ criteria)
10 Thalach Maximum heart rate achieved

2.2. Feature Select and Analysis

Feature selection is the process of selecting the best subset of features that have a
significant impact on the prediction results [41], which can be effective in improving model
performance and saving significant runtime. There are three common feature selection
methods: filters, wrappers, and embedded [42]. Since embedded methods have better
prediction performance than filter methods and run much faster than wrapper methods [43],
our study used the embedded method GBDT to select feature variables [44]. GBDT is an
optimization process that uses an additive model and a forward stepwise algorithm to
achieve learning [45]. By calculating the reduction in weighted impurity at splitting for all
non-leaf nodes, the greater reduction indicates the more important features.
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Although the feature importance ranking can be obtained by the embedded GBDT, it
is not possible to explain exactly how individual features affect the final prediction results.
To address this issue, we use a feature imputation approach where the explanatory model
l is a linear function of the feature imputation values.

l (z′ = ∅0 + ∑N
i=1 ∅iZ′i ) (1)

where N is the number of features, ∅i is the feature attribute value of feature i, and
Z′i = 0 or 1 represents whether the feature is observed or not, where the feature attribute
can be considered “feature contribution”.

To compute the ∅i value of Equation (1), Lundberg, S. et al. [40] introduced a tree-
valued estimation algorithm (SHAP method) based on game theoretical ideas as the feature
attribute values. A model f and a set S containing non-zero indexes in Z′ with the classical
shapley valued attribute ∅i for each feature can be formulated as follows.

∅i = ∑S∈M{i}
|S|!(N − |S| − 1)!

N!
[ f (S ∪ {i} − f (S))] (2)

where M is the set of all input features.
The SHAP method is a locally accurate, personalized feature attribution method. Un-

like the tree model gain, this method is able to display the consistent results of global feature
attributes. In our study, the SHAP method is used for feature filtering and interpretation of
individual feature attributes.

Because certain features can be combined with other features for prediction, we also
study the interaction between individual features. To distinguish the contributions of
individual features, we refer to the contributions of feature interactions as the joint feature
contribution. The Shapeley interaction index follows a similar formula to the SHAP value,
and the joint feature contribution value ∅i,j for features i and j is calculated as follows.

∅i,j = ∑S∈M{i}
|S|!(N − |S| − Z)!

Z(N − 1)!
∇i,j(S) (3)

When i 6= j:

∇i,j(S) = f (S ∪ {i, j})− f (S ∪ {i})− f (S ∪ {j}) + f (S) (4)

Considering the relative ease of obtaining the twinning relationships between
joint features in the GBDT model, the feature interactions are further quantified by
Equations (3) and (4), and thus the joint contribution of interacting features is esti-
mated and predicted when interpreting the model.

2.3. Model Building

The better the learning ability of each base learner in stacking and the lower the degree
of correlation, the better the model prediction. If the diversity of individual learners is
greater, the better the fusion of models will be when the individual learners are already
more accurate. This is the famous “error-ambiguity decomposition” theory. Therefore, the
selection of base learners should follow the principle of “good but different,” which means
that while considering the performance of individual learners, we should also consider the
dissimilarity between individual learners. In principle, as long as the base classifier of the
stacking model works well, the layers of stacking model can be stacked indefinitely, which
obviously increases the complexity of the model. We ensure accuracy while reducing the
complexity of the model as much as possible, so we only choose the stacking model with a
two-layer structure of base learners and meta learner. Therefore, SVM, KNN, LR, RF, ET,
GBDT, XGBoost, LightGBM, CatBoost, and MLP were selected as the candidate models
for base learners to predict CVDs. The models with better prediction performance were
initially selected as base learners based on accuracy, and we finally selected five widely
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representative models as candidates, including LR, RF, DT, MLP, and CatBoost. The model
parameters were optimized by the optuna [46] framework.

The first layer of the stacking framework usually uses five-fold CV to get the input
features of the second layer, and the same model can output multiple features after five-fold
CV. The second layer of the stacking framework usually chooses simple classifiers to make
predictions, usually generalized linear regression (GLR), so this paper chooses LR as the
classifier of the fusion model. The reason is that the base model chosen in the first layer
of the stacking framework is usually a complex nonlinear transformation, so there is no
need to use complex transformations in the second layer of classifier selection. This is like
the output layer of a neural network, which uses very simple functions because they do
not require complex functions to control the complexity. The framework of the stacking
ensemble learning model is shown in Figure 2.
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It can be seen that the base learners include LR, RF, DT, MLP, and CatBoost. In the first
stage, we divide the training set and the testing set according to the ratio of 8:2. In the train-
ing set, we use five-fold CV for each of the five base learners. One base learner can get five
predictions, and we stack these five predictions vertically into a one-dimensional matrix. A
total of five base learners can be combined into a five-dimensional matrix as the training
data for the second stage. In the testing set, we likewise use the five-fold CV model to pre-
dict our original testing set, again obtaining five predictions. In order to ensure the slitting
ratio between the training set and testing set, so here the predictions are averaged horizon-
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tally to obtain a one-dimensional matrix. The same five base learners can be made to com-
bine into a five-dimensional matrix as the testing data for the second stage. In the second
stage, these predictions have high feature importance, and to avoid the resulting overfitting
phenomenon, we apply LR to the meta learner and derive the final results based on these
predictions. The detailed algorithm of the superposition model is shown in Algorithm 1.

Algorithm 1: Stacking Model

DEFINE: A training set T and a testing set S. Tft is the training set in five-fold CV process. Sfv is
the testing set in five-fold CV process.
l = {LR, RF, ET, MLP, CatBoost}. εl are base learners, LRmeta is meta learner. The training set Tl

of εl, the testing set Sl of εl.

1. For l = {LR, RF, ET, MLP, CatBoost} do
2. For k = 1, 2, . . . , 5 do
3. Tl

ft → εl (Use Tl
ft to train εl)

4. Sl
fv → εl→ trainf, Sl → εl→ testf (Predict Sl

fv, Sl by εl to get trainf, testf)
5. End for
6. trainl = (train1 + train2 + . . . + train5) (Vertical stacking)
7. testl = (test1 + test2 + . . . + test5)/5 (Horizontal averaging)
8. End for
9. trainnew = [trainLR, trainRF, . . . , trainCatBoost]
10. testnew = [testLR, testRF, . . . , testCatBoost]
11. trainnew → LRmeta (Use trainnew to train LRmeta)
12. testnew → LRmeta → resultpre (Use LRmeta to predict testnew to get final result)
13. Return resultpre

2.4. Evaluation Metrics

ML typically uses true positives (TP), true negatives (TN), false positives (FP), and
false negatives (FN) to assess the performance of a model. Our commonly used Accuracy,
Precision, Recall, and F1 Score are obtained from all four of them. The calculation is shown
in Equations (5)–(8).

Accuracy =
TP + TN

TP + TN + FP + FN
(5)

Precision =
TP

TP + FP
(6)

Recall =
TP

TP + FN
(7)

F1 = 2× Precision× Recall
Precision + Recall

(8)

3. Results and Discussion

To illustrate the advantages of the proposed stacking model, we will analyze the experi-
mental results in this section. All experiments were performed in a Python 3.9.7 environment.
The sklearn 1.0.2 toolbox was used for model prediction, SHAP 0.40.0 for feature selection and
interpretation of features after feature selection, and the Optuna 2.10.0 framework was used
to find the optimal parameters. Considering the small sample size and the randomness of
the experimental results in this study, we performed 10 splits of the dataset using different
random seeds, and the average of the 10 experimental results was used as the final result.

3.1. Results of Feature Selection and Analysis

Prior to feature selection, we had 11 features in our dataset. The Tree SHAP method
is able to calculate the contribution value of each feature to the individuals in the sample
dataset. The feature contributions are ranked by calculating the average of the SHAP values
for all samples. Figure 3 shows the global feature contributions in the GBDT model. It can
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be seen that the “ST_Slope” and “ChestPainType” have a large impact on patients with
CVD. To further reduce the running time of the model, we need to remove some redundant
features. We set a threshold of 0.02, which resulted in removing the “Resting ECG” feature
and retaining the 10 final features. We further used AUC as an evaluation metric to compare
the performance before and after feature selection. Although the results of the AUC values
of GBDT decreased, the decrease was negligible, and there was no statistically significant
difference.
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Figure 3. Global feature contributions.

The Tree SHAP values are related to how the features are interpreted, so from the
model we can get the feature interpretation for each sample. Some information about the
contribution of individual features to the output of the model is shown in Figure 4 and
shows in detail how it is affected by their values. The x-axis indicates the magnitude of the
contribution of the feature, and the magnitude of the feature value is indicated by the color
of the different points.

From Figure 4, we can see that most of the feature values have a non-linear relationship
with the contribution values. For example, the top-ranked feature “ST_Slope” has the
highest contribution to the prediction result when it is in the “flat” state, while it has the
lowest contribution to the prediction result when it is in the “up” state. On the contrary,
only “Sex”, “ExerciseAngina” and “FastingBS” are linearly correlated. For example, as the
values of “ExerciseAngina” and “FastingBS” increase, the contribution value also increases,
making it more important to the predicted results.

To observe the interaction between the most dominant features and the remaining
features, we map the values of the most dominant features to the SHAP values and color-
code the remaining features.
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Figure 4. Comparison of individual feature contributions.

As can be seen in Figure 5, “ST_Slope” has the highest contribution value when it
is at the “flat” value, when different features also have different effects when “ST_Slope”
is at different values. As shown in Figure 5a, when “ST_Slope” is in the “up” state, the
number of people with typical angina is relatively small and has a low contribution value,
while in the rest of the states, the number of people with apparently asymptomatic angina
is predominant and has the highest contribution value. As shown in Figure 5b, the male
population was predominant in most cases and had a higher contribution. As shown in
Figure 5c, the “ST_Slope” value “up” state, “Oldpeak” has a positive linear correlation
to the contribution value, while in the “flat” state there is a negative linear correlation.
Finally, in the “down” state, the significantly higher “Oldpeak” value dominates. As shown
in Figure 5d, serum cholesterol concentration was negatively linearly correlated to the
contribution value when “ST_Slope” was in the “up” state, while in the “flat” and “down”
states, it showed a positive linear correlation. As shown in Figure 5e, the “ST_Slope” in
the “up” state, the absence of exercise angina accounted for the majority, while in the
remaining two states, the presence or absence of exercise angina was significantly different.
As shown in Figure 5f, the “ST_Slope” in the “up” state, the contribution value will be
higher with increasing age. The remaining two states are dominated by the older age group,
but the contribution shows a negative linear correlation, which means that the younger
age group has a higher contribution value. As shown in Figure 5g, the “ST_Slope” state
of “up“, the fasting blood glucose value showed a positive correlation to the contribution
value, while in the “down” state and the “flat” state, the high fasting blood glucose value
dominated and the contribution values also had significant differences. As shown in
Figure 5h, regardless of the state of “ST_Slope”, the contribution of resting blood pressure
value fluctuates significantly, the high resting blood pressure value is dominant in the
“flat” state where the highest contribution was achieved. As shown in Figure 5i, in the last
maximum heart rate achieved feature, in the “up” state, the higher maximum heart rate
achieved dominance, and in the remaining two states, maximum heart rate achieved values
show complex variability.
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ture contribution. (c) “ST_Slope”and“Oldpeak” joint feature contribution. (d) “ST_Slope”and“Cholesterol”
joint feature contribution. (e) “ST_Slope”and“ExerciseAngina” joint feature contribution.
(f) “ST_Slope”and“Age” joint feature contribution. (g) “ST_Slope”and“FastingECG” joint feature
contribution. (h) “ST_Slope”and“RestingBP” joint feature contribution. (i) “ST_Slope”and“MaxHR” joint
feature contribution.

3.2. Results of the Proposed Stacking Model and Other Models

The stronger the learning ability of each base learner in stacking and the lower the
correlation level, the better the model prediction will be. The selection of base learners
should follow the principle of “good but different,” which means that while considering
the performance of individual learners, we should also consider the dissimilarity between
individual learners. We initially select a model with good prediction performance based
on accuracy as the base learner. The accuracy of the 10 single candidate models in the
first layer of the stacking model for the base learner selection on the Heart Dataset is
shown in Figure 6a. It can be seen that the top seven are CatBoost, RF, LR, MLP, ET, GBDT,
and LightGBM, with accuracy rates almost close to 90%. Next, we study the degree of
correlation between the models. CatBoost is a boosting ensemble learning algorithm that
can randomize the dataset to reduce overfitting and ensure that all datasets are available
for learning. The LR model has low complexity, small memory resource consumption, and
a fast training speed. MLP has a strong learning ability and is good at mining the nonlinear
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relationship between control factors and results. ET will randomly select a feature value to
divide the decision tree after the division feature is selected, and has better generalization
ability. GBDT and LightGBM, which are ranked next, still have good accuracy, but they
are both ensemble learning algorithms based on bagging, which is less relevant. We follow
the principle of “good but different” and eliminate these two algorithms. The accuracy of
the remaining three algorithms was too low, which would seriously reduce the prediction
effect of the meta learner, so we also eliminated them. Finally, we selected five widely
representative models as candidates, including LR, RF, DT, MLP, and CatBoost. By the same
method, on Heart Attack Dataset, we choose different classifiers for the stacking model
based on the experimental results in Figure 6b. The difference here is that there is a big gap
between the second and third accuracy rankings, and if the third-ranked but relatively less
accurate RF is chosen as the base learner, this will seriously affect the predictive ability of
the meta learner. So, we only choose LightGBM and ET as the base learners here, while
using LR as the meta learner.
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The results of the single classifier model and our proposed stacking model are shown
in Table 3(the results that work best are shown in bold). On the Heart Dataset, the tree-
based model has relatively better performance, with significant improvements in all four
metrics, which is significantly superior to the traditional machine learning models KNN
and SVM. Similarly, the MLP also has good prediction results. Our proposed stacking
model outperforms all the base models in predicting CVD in aggregate. Compared to
10 single models, the stacking model improves 0.4 percentage points in accuracy metrics,
and although there is a slight decrease in accuracy in precision and recall, it still improves in
the F1 Score of the combined precision and recall metrics. On the Heart Attack dataset, the
accuracy of the stacking model is slightly reduced, but there is a significant improvement
in the accuracy, recall, and F1 value metrics. This demonstrates a clear advantage of the
proposed stacking model in predicting CVD.

Finally, we plotted the ROC curve, as shown in Figure 7. The full name of the ROC
curve is the Receiver Operating Characteristic (ROC) curve, and each point in the ROC
curve has the corresponding FPR (False Positive Rate) value as the horizontal coordinate
and the TPR (True Positive Rate) value as the vertical coordinate. The AUC (Area Under
Curve) denotes the area under the ROC curve, which is mainly used to measure the
generalization performance of the model and how well the classification works. On the
Heart Dataset, the improved classifier achieved an AUC value of 0.95, which is higher than
the AUC values of all the underlying classifiers, indicating that a more accurate classifier
was produced. Moreover, in the Heart Attack dataset, the AUC value reached the highest
value of 0.92, and the experimental results further demonstrate that the stacking model has
higher accuracy in predicting death in patients with CVD.



Processes 2022, 10, 749 12 of 15

Table 3. Classification results of eleven classifiers.

Dataset Model Accuracy (%) Precision (%) Recall (%) F1 Score (%)

Heart
Dataset

KNN 71.74 77.22 74.39 75.78
SVM 72.46 78.85 73.17 75.94
LR 88.41 92.31 87.81 90
RF 87.68 90.62 88.41 89.51
ET 88.04 92.81 86.58 89.59

GBDT 87.68 92.76 85.98 89.24
XGBoost 82.97 89.8 80.49 84.89

LightGBM 87.32 90.56 87.81 89.16
CatBoost 89.49 91.41 90.85 91.13

MLP 87.32 90.06 88.41 89.23
Stacking 89.86 92.5 90.24 91.36

Heart Attack
Dataset

KNN 61.54 74.19 46 56.79
SVM 70.33 67.16 72 76.92
LR 81.32 82.35 84 83.17
RF 80.22 82 82 83.17
ET 80.22 82 82 82

GBDT 78.02 82.61 76 79.17
XGBoost 80.22 83.33 80 81.63

LightGBM 83.52 87.23 82 84.54
CatBoost 79.12 81.63 80 80.81

MLP 71.43 87.13 56 68.2
Stacking 84.62 86 86 86
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4. Conclusions and Future Work

In this study, we propose a classifier based on stacking fusion models, and the com-
parison results show that our proposed classifier outperforms individual models in all
evaluation metrics, which indicates that stacking models can integrate the advantages of
different individual models to achieve better prediction performance. Clearly, the proposed
stacking model has better predictive performance, robustness, and utility for predicting
patients with CVD and can provide valuable insights into hospital management to identify
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high-risk patients and target them for early clinical intervention to reduce the likelihood
of developing CVD. In future research, more data from multiple medical centers can
be collected and used in the field of deep learning to further validate the strengths and
weaknesses of our models by building artificial neural network structures or using deep
learning frameworks.
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