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Abstract: The Coronavirus Disease 2019 (COVID-19) pandemic highlighted the urgent
need for effective vaccination strategies to control the virus’s spread and reduce mortality.
Machine learning (ML) algorithms offer promising tools for predicting vaccine effectiveness
and aiding public health decisions. This study explores the application of various ML
techniques, including artificial neural network (ANN), decision tree (DT), K-nearest neigh-
bor (KNN), random forest (RF), and support vector machine (SVM) to model and forecast
the impact of vaccination on COVID-19 mortality. The algorithms were evaluated using
accuracy, precision, recall, specificity, F-measure, and area under the curve (AUC) metrics.
The findings revealed that DT outperformed other ML algorithms, achieving the highest
metrics across multiple evaluation criteria. It recorded an accuracy of 92.27%, precision of
92.54%, recall of 91.95%, specificity of 87.92%, F-measure of 92.24%, and an AUC of 94.50%,
highlighting its exceptional predictive performance. Moreover, DT demonstrated this high
level of accuracy while maintaining minimal computational time. These findings suggest
that ML models, particularly DTs, can be valuable in assessing vaccine effectiveness and
informing health strategies against COVID-19.

Keywords: COVID-19; decision tree; K-nearest neighbor; random forest; artificial neural
network; support vector machine; vaccine
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1. Introduction
In December 2019, the outbreak of a novel coronavirus was first identified in humans

in Wuhan, China, and within a short period, this virus evolved into a global pandemic [1].
While public health interventions, such as social distancing and quarantine, remain vital in
controlling transmission, vaccination constitutes a critical and highly effective strategy for
mitigating the spread of COVID-19 [2].

Approximately one year after the emergence of COVID-19, extensive global research
efforts led to the development of vaccines aimed at mitigating the spread and severity
of the virus. By mid-2020, several vaccines were introduced, eliciting varied responses
from different populations. The large-scale production and distribution of multiple vaccine
formulations across various countries significantly accelerated immunization efforts, con-
tributing to a substantial increase in vaccination coverage worldwide [3]. The vaccination
trends observed across select nations from December 2020 to October 2023 are illustrated
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in Figure 1. We randomly selected and analyzed data from 15 countries that represent a
range of population sizes and geographic regions. The data were obtained from official
government reports and were sourced from the Our World in Data project at the University
of Oxford. Globally, over 5 billion people have received at least one dose of a COVID-19
vaccine, accounting for approximately 72% of the world’s population.
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Figure 1. The populations of different countries and the amount of people who are fully vaccinated.

Using these data, we calculated a vaccination coverage ratio for each country, defined
as the number of fully vaccinated individuals divided by the total population. This ratio
provides a standardized measure to compare vaccination progress across nations. The
data revealed that Sudan had the lowest vaccination ratio, while Spain had the highest,
indicating a more successful vaccination effort in the latter. Table 1 displays the specific
coverage ratios for each of the selected countries.

Table 1. The proportion of fully vaccinated individuals relative to the total population of a given country.

Country Population People Fully Vaccinated Ratio

Brazil 216,422,446 179,630,630 0.83
Argentina 45,773,884 38,450,063 0.84
Mexico 128,455,567 83,496,119 0.65
Canada 38,781,291 32,576,284 0.84
Ukraine 36,744,634 12,493,176 0.34
Spain 47,519,628 40,866,880 0.86
Sudan 48,109,006 8,659,621 0.18
South Africa 60,414,495 19,936,783 0.33
Saudi Arabia 36,947,025 27,340,799 0.74
Australia 26,439,111 22,473,244 0.85
USA 340,779,371 231,729,972 0.68
Indonesia 279,134,505 178,646,083 0.64
Bangladesh 167,885,689 141,023,978 0.84
Russia 145,805,947 80,193,270 0.55
Nigeria 216,746,934 71,526,488 0.33

Despite the availability of vaccines, understanding their real-world effectiveness and
predicting their impact on public health remain essential challenges. Given the vast amount
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of data generated during the pandemic, there is an urgent demand for advanced analytical
tools to assist in evaluating vaccine efficacy and informing health policy decisions. ML
algorithms offer promising solutions due to their ability to analyze complex data and
generate accurate predictions rapidly [4].

Traditionally, predicting how infectious diseases spread was done using mathematical
models, called compartmental models, with the susceptible–infected–removed (SIR) model
being the simplest example [5,6]. These models divide the population into groups based on
their health status and help simulate epidemic outbreaks [7].

In recent years, ML techniques have been used to improve predictions. Many ML
models have been developed to forecast COVID-19 cases and deaths, and they also help
evaluate how well vaccines work [8–11]. According to Rayguru et al. [12], epidemic
forecasting models can be grouped into three main types: (i) mechanistic models like SIR,
which are based on biological and disease processes, (ii) time series models that analyze
data trends over time [13], and (iii) ML models, which are capable of capturing complex
patterns in data. Rayguru et al. compared the performance of LSTM and ARIMA models
for predicting COVID-19 confirmed and death cases across the U.S. They observed that
LSTM, a deep learning model, outperformed ARIMA in forecasting accuracy. Their analysis
also indicated that vaccination, particularly dual-dose strategies, contributed significantly
to reducing mortality rates [12].

Zaidi et al. developed a predictive model using a voting classifier to forecast fu-
ture COVID-19 vaccine adoption trends. The study combined multiple ML algorithms
to enhance prediction accuracy and robustness [13]. Chhabra et al. proposed an intelli-
gent time-series models to forecast the trends of epidemics like COVID-19, Monkeypox,
Influenza and HIV [14].

Omar et al. carried out a study in Egypt to assess the evolving behavior of COVID-19
in the context of ongoing vaccination efforts. This research focused on developing two
population-based models to forecast trends. The findings indicated that a high vaccination
rate significantly reduced the peak of daily infections compared to previous waves. Addi-
tionally, the study’s statistics revealed a decrease in daily infected cases from 160,845 to
125,690 and a reduction in daily deaths at the predicted peak from 64 to 58, highlighting
the effectiveness of vaccination efforts [15].

Another similar study has been conducted to develop a model of the COVID-19
epidemic aimed at predicting the impact of vaccination in the United States. This model
considers key factors, such as transmission from both asymptomatic and symptomatic
infected individuals, reported versus unreported cases, and the reduction in transmission
resulting from social distancing measures. Furthermore, this model can be adapted for
other aspects of the pandemic, such as analyzing viral variants, vaccine effectiveness across
different age groups, and demographic factors [16].

Garcia-Carretero et al. developed models using machine learning algorithms like Elas-
ticNet and RF to estimate the decline in hospitalizations and deaths in Spain attributable to
vaccination. Their findings demonstrated a strong inverse relationship between vaccination
rollout and COVID-19 severity across age groups, confirming vaccination’s protective
effect [17].

Ongoing studies and models suggest that integrating vaccination data, demographic
factors, and clinical variables into ML models enhances predictive accuracy [11,18]. For
example, models utilizing RF and gradient boosting have been used to identify key predic-
tors of mortality, including vaccination status, age, comorbidities, and social determinants.
Moreover, in recent years, numerous studies have focused on conducting surveys of lit-
erature reviews and systematic reviews related to applications of ML methods for the
COVID-19 pandemic [19–21].
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This study aims to explore the application of various ML techniques to model and
forecast the impact of vaccination on COVID-19 mortality. Key distinctions in forecasting
COVID-19 data primarily stem from its dynamic and evolving nature, heterogeneous
data sources, and the rapidly changing patterns of infection and vaccination outcomes,
which pose unique challenges compared to more static datasets. Handling such temporal
variability and data heterogeneity requires careful data preprocessing and model tuning.

Our study primarily focuses on comparative analysis of established ML algorithms
applied to COVID-19 mortality prediction. The contribution lies in systematically evaluat-
ing their performance within this particular context, which can guide future applications in
pandemic modeling and health policy.

The specific objectives are to evaluate the performance of these algorithms using stan-
dard metrics and determine their potential in supporting evidence-based health strategies.
ML techniques can enhance policy decision-making by providing data-driven insights to
effectively address emerging COVID-19 variants and similar infectious disease outbreaks
in the future. ML algorithms have proven effective in modeling the impact of vaccination
on COVID-19 mortality, offering tools for policymakers to evaluate vaccination strategies
and allocate resources efficiently. As data quality improves and models become more
sophisticated, these approaches will continue to play a vital role in managing current and
future public health crises.

This paper is organized into five sections: Section 1 provides the introduction, literature
review discussing previous research and studies conducted in the area of vaccination,
and outlines the problem. Section 2 describes the dataset and the models used. The
proposed work is demonstrated in Section 3. The numerical results and an assessment of
the algorithms are detailed in Section 4. Finally, Section 5 offers the concluding remarks.

2. Methodology
2.1. Dataset

This study utilizes a dataset obtained from Kaggle, which compiles COVID-19 vac-
cination and mortality data across multiple countries, spanning from December 2020 to
29 March 2022. The dataset primarily includes daily records showcasing vaccination ef-
forts and COVID-19 death tolls for each country, derived from official health authorities,
government reports, and international health organizations [22].

The dataset features several key variables essential for understanding the dynamics of
the pandemic, as follows:

• Country: The name of the country.
• ISO code: Standardized country identifiers.
• Date: The specific day of record.
• Total vaccinations: Cumulative count of all vaccine doses administered up to that date.
• People vaccinated: The number of individuals who have received at least one dose

(partial vaccination).
• People fully vaccinated: The number of individuals who completed the full vaccination

course.
• New death: The cumulative number of COVID-19-related deaths reported on that day.
• Population: The total population of the country, used for normalization.
• Vaccination ratio: A derived feature calculated the proportion of the population

vaccinated.

Before analysis, comprehensive data quality checks were performed to ensure reliabil-
ity, as follows:
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• Consistency checks: All date entries were converted into a uniform date–time format.
Data were validated against other trusted sources where possible to verify accuracy.

• Anomaly detection: Exploratory data analysis identified anomalies, such as days with
zero reported deaths and sudden spikes in vaccination counts. These anomalies were
reviewed to determine their plausibility; where appropriate, smoothing techniques or
data flagging were employed to prevent distortion in modeling.

• Handling missing data: Missing values in key variables were addressed through
forward filling or interpolation.

• Normalization and scaling: Numeric features, such as total vaccinations, total deaths,
and vaccination ratios were scaled to standardize the feature ranges. This step aids in
model convergence and comparability across features.

• Feature engineering: New features, such as the vaccination coverage ratio and daily
increments in vaccinations and deaths, were created to capture dynamic trends and
facilitate deeper insights. Furthermore, a binary classification was adapted based on
differential assessment in vaccination and mortality rates. This approach compares
the full vaccination rate with the rate of new deaths per population. This approach
integrates mean-based threshold and median-based threshold for a more comprehen-
sive evaluation. It is particularly well suited for realistic, context-aware assessments
of vaccine effectiveness.

• Correlation analysis: A correlation analysis was conducted to assess feature impor-
tance, revealing several notable insights. The strongest association was observed
between higher levels of full vaccination and a reduction in the mortality rate. If the
ratio of people vaccinated/people fully vaccinated is high, mortality may not drop
significantly. Indeed, a high ratio suggests many are only partially vaccinated, which
may be less protective. Overall, mortality tends to decrease as vaccination efforts
progress over time. Clearly, small countries achieve high vaccination rates quickly,
while large populations face slower declines in mortality.

2.2. Modeling

The steps for designing the research model are shown in Figure 2. First, data were
collected from trusted sources to ensure it was accurate and relevant. Next, the data were
cleaned and organized in a process called preprocessing, which included fixing missing
information, correcting errors, and preparing the data for analysis. This helped create a
main database that could be used for applying ML algorithms.

After preparing the data, ML models were applied to find patterns and gain insights.
Models’ performance was validated using k-fold cross-validation. This approach partitions
the dataset into k subsets, iteratively training on k − 1 folds and testing on the remaining
fold, where k = 5. It effectively reduces overfitting by ensuring the model is evaluated on
diverse unseen data segments, providing a robust estimate of generalization performance
without relying solely on a separate test set.

The results from these models were then tested and validated to check their accuracy
and reliability. Based on this validation, the best and most accurate model was selected and
finalized. Finally, the completed model was presented, providing useful knowledge and
answers related to the research problem.

In this study, we explore the application of various ML techniques, including ANN,
DT, KNN, RF, and SVM to model and forecast the impact of vaccination on COVID-19
mortality. The performance of the algorithms was evaluated using several important
evaluation criteria, including accuracy, precision, recall, specificity, F-measure, and AUC.
Details of the algorithms and evaluation criteria are described in the next section.
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Figure 2. The diagram of the research model.

3. Proposed Work
ML algorithms play a crucial role in predicting COVID-19 disease progression. This

section outlines ML algorithms employed and discusses the methodologies used to assess
their performance.

3.1. Machine Learning Algorithms
3.1.1. Artificial Neural Network

ANN mimics the human brain by processing information through connected layers of
neurons. It has an input layer, one or more hidden layers for complex processing, and an
output layer. Data flow from input to hidden layers, where they are transformed, then to
the output for the final result [23].

In the ANN algorithm, we began by setting the number of training cycles to 200. We
then used the grid search method to optimize two essential parameters: learning rate and
momentum. The learning rate controls the magnitude of weight updates during training.
This parameter varies between 0 and 1. Momentum, which affects the acceleration of
weight changes, ranges from 0 to 2. By applying an optimization process, we fine-tuned
these parameters to maximize performance. As shown in Table 2, the optimal learning rate
was 0.01, and the ideal momentum value was 0.9.
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Table 2. Tuning parameters of ANN.

Parameters Testing Bound Optimal Value

Learning rate [0, 1] 0.01

Momentum [0, 2] 0.9

3.1.2. Decision Tree

DTs are among the most effective methods in ML. They predict outcomes using internal
decision nodes and leaf nodes. The process begins at the root node and progresses through
branches based on decision rules. The depth of the tree is a key factor, with the typical
approach employing divide-and-conquer techniques to make predictions.

DTs operate by following “if–then” rules along branches, where each path from the
root to a leaf represents a classification. While DTs are easy to interpret, they tend to
grow exponentially with problem size, which is a notable limitation. The main criteria
for splitting nodes include information gain, gain ratio, and Gini index. In a top-down
approach, the tree is built by partitioning data into subsets with similar values, aiming for
maximum homogeneity. The algorithm selects attributes that yield the highest information
gain, leading to the most homogeneous branches and optimal splits within the tree [24].

The hyperparameters of the DT are tuned using the grid search method. The max-
imum depth parameter defines how deep the tree can grow. We varied this parameter
incrementally from 12 to 23, identifying 20 as the most optimal value. The confidence
level is another key parameter, which influences the calculation of pessimistic pruning
error. We tested values ranging from 0.01 to 0.2, with 0.1 emerging as the best choice. The
minimal leaf size parameter determines the smallest permissible number of samples in
each leaf node; in our case, we set this value to 2. Lastly, we examined the minimal gain
parameter, which controls the minimum increase in information gain needed to split a
node. Larger values result in fewer branches and, as shown in Table 3, the optimal value
for this parameter was 0.01.

Table 3. Tuning parameters of DT.

Parameters Testing Bound Optimal Value

Maximum depth [12, 23] 20

Confidence [0.01, 0.2] 0.1

Minimum leaf size [1, 4] 2

Minimum gain [0.001, 1] 0.01

3.1.3. k -Nearest Neighbor

The KNN technique is a straightforward and widely used method in ML. Its effective-
ness depends heavily on key parameters, such as the value of k, the distance calculation
method, and the selection of relevant predictors. KNN classifies a test sample by measur-
ing its similarity to training samples through distance metrics, determining its class label
based on the closest neighbors [25]. This approach is applicable to both classification and
regression tasks. Due to its simplicity and strong classification performance, KNN remains
a popular choice in data mining [26].

Different distance metrics, such as Euclidean, Manhattan, and Minkowski distances,
can be employed to identify the k-nearest neighbors. Among these, Euclidean distance is
one of the most common, calculating the straight-line distance between two points in two-
or three-dimensional space [27].
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KNN is categorized as a lazy learning algorithm because it does not involve an
explicit training phase; instead, it uses the entire dataset during classification. It is also
considered a non-parametric method since it makes no assumptions about the underlying
data distribution, relying solely on the proximity of data points for its predictions [28].

The key parameter in the KNN algorithm is the value of k, which is an integer indicat-
ing the number of closest neighbors used to make classifications. In our implementation,
we employed the Euclidean distance to identify these neighbors. Figure 3 illustrates how
different values of k influence the accuracy of the KNN algorithm. Based on this analysis, a
value of 12 was selected as optimal.

 

Figure 3. Effect of varying parameter k on the accuracy of KNN algorithm.

3.1.4. Random Forest

Similar to the KNN algorithm, the RF model is widely recognized as an effective
method for both classification and regression tasks. RF operates by aggregating the predic-
tions of multiple DTs to enhance accuracy.

Essentially, an RF consists of a collection of randomly selected DTs, where the number
of trees plays a crucial role in determining the overall predictive performance of the model.
Each tree independently generates a prediction and, ultimately, the class with the highest
number of votes is chosen as the final output.

To construct a robust forest, the bagging technique was employed. This approach
ensures diversity among the trees by selecting a random subset of features at each node
split, improving the model’s stability and reducing overfitting [29].

To optimize the maximum depth parameter, we incrementally increased its value by
one unit within the range of 10 to 18, repeating this process until identifying the most
optimal setting. As a result, we determined that a value of 15 was the most suitable.

3.1.5. Support Vector Machine

SVMs are widely applied in various classification tasks, including image recognition,
market analysis, product optimization, text categorization, and facial recognition. In
classification problems, SVM employs a hyperplane to distinguish between two classes,
ensuring maximum separation between them. Each data point is mapped into an n-
dimensional space, and a straight line is drawn to categorize distinct datasets. The data
points closest to this boundary are known as support vectors, which play a crucial role in
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defining the hyperplane. The primary objective of this hyperplane is to establish a clear
boundary between classes and determine the closest points in each class.

Kernels are a fundamental component of the SVM algorithm, as they enable the
transformation of non-linearly separable data into higher-dimensional feature spaces where
classification becomes feasible. Various types of kernels exist, each designed for specific
data structures and applications. Among the most commonly used kernels are the linear
kernel, polynomial kernel, radial basis function (RBF) kernel, and sigmoid kernel [30].

One of the critical challenges in implementing SVM is selecting the most suitable
kernel. If the chosen kernel does not align with the underlying data distribution, the model
may fail to capture complex patterns, leading to diminished predictive accuracy.

SVM is known for its high classification accuracy and robustness in high-dimensional
spaces, making it particularly advantageous for complex datasets. Additionally, since it
relies on a subset of training points, SVM is memory-efficient compared to other algorithms,
reducing computational overhead while maintaining strong performance [31].

3.2. Evaluation Metrics

The confusion matrix is a structured table that evaluates the effectiveness of a classifica-
tion algorithm. It provides a visual representation and concise summary of the algorithm’s
performance in distinguishing between different classes. The confusion matrix comprises
four fundamental values that serve as key metrics for evaluating a classifier’s performance:

• TP (True Positives): The model correctly predicts positive cases (the actual class is
positive, and the prediction is positive).

• TN (True Negatives): The model correctly predicts negative cases (the actual class is
negative, and the prediction is negative).

• FP (False Positives): The model incorrectly predicts positive when the actual class is
negative.

• FN (False Negatives): The model incorrectly predicts negative when the actual class is
positive.

The performance of the algorithms was evaluated using several important metrics [32,33].
Accuracy measured how often the model predicted correctly overall and is defined as follows:

Accuracy =
TP + TN

TP + TN + FP + FN
(1)

Precision looked at how many of the predicted positive cases were actually true
positives, helping to see if the model was good at avoiding false positives (Equation (2)):

Precision =
TP

TP + FP
(2)

Recall, or sensitivity, checked how well the model identified all actual positive cases,
showing its ability to catch true positives, as described in Equation (3):

Recall =
TP

TP + FN
(3)

Specificity, on the other hand, measured the model’s ability to correctly identify actual
negatives, helping to assess how well it avoided false positives on truly negative cases, see
Equation (4):

Specificity =
TN

TN + FP
(4)
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The F-measure combined precision and recall into one score, as illustrated in
Equation (5), giving a balanced view of the model’s accuracy in detecting positives and
minimizing false alarms:

F-measure = 2 × Precision × Recall
Precision + Recall

(5)

Finally, AUC, based on ROC curves, showed how effectively the model could distin-
guish between classes across different thresholds. Using all these metrics together provided
a comprehensive understanding of each algorithm’s strengths and weaknesses, ensuring
a thorough evaluation of their accuracy, reliability, and ability to correctly classify both
positive and negative cases.

4. Results Analysis
The primary objective of this study was to develop predictive models to assess the

impact of vaccination on mortality rate associated with COVID-19. To evaluate the effective-
ness and reliability of these models, a comprehensive performance analysis was conducted
using several key metrics, including accuracy, precision, specificity, recall, F-measure, and
AUC. The calculation of these evaluation parameters was based on the confusion matrices
generated for each algorithm, which are detailed in Figure 4. This rigorous assessment en-
sured a thorough comparison of model performance and helped identify the most effective
approaches for forecasting COVID-19 mortality trends related to vaccination efforts.

 
ANN 

 
DT 

 
KNN 

Figure 4. Cont.
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SVM 

Figure 4. Confusion matrices for different algorithms.

First, we examined the accuracy, which is the simplest and most fundamental measure
of a model’s performance in classification tasks. Accuracy indicates the proportion of
correctly predicted instances out of the total number of predictions made, providing an
overall assessment of how well the model distinguishes between different categories.
Figure 5 illustrates the comparative accuracy of five ML algorithms applied to predict
the impact of vaccination on COVID-19 mortality. The results demonstrated that the DT
achieved the highest accuracy, reaching 92.27%, marginally surpassing RF at 92.22%. These
figures underscore the effectiveness of tree-based models in capturing complex patterns
associated with COVID-19 mortality influenced by vaccination.

 

Figure 5. Evaluating the relative performance of various algorithms in terms of accuracy.

In conclusion, the evaluation based on accuracy provided a valuable initial insight into
model performance. While it offers a quick snapshot of effectiveness, accuracy alone may
not fully capture the model’s performance, especially in cases of imbalanced datasets; hence,
it is complemented by additional metrics, such as precision, recall, specificity, F-measure,
and AUC, for a more comprehensive evaluation.

In the following analysis, the algorithms’ performance was evaluated based on their
precision, which indicates the proportion of true positive predictions among all positive
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predictions made by each model. Based on the results of Figure 6, DT demonstrated
the highest precision at 92.54%, reflecting its superior ability to accurately identify pos-
itive cases, which is vaccine efficacy or reduced COVID-19 mortality, while minimizing
false positives. This high level of precision underscores the model’s reliability in making
correct positive predictions within this context. RF closely followed, with a precision of
91.69%, indicating comparable accuracy in positive predictions and a similarly low false
positive rate.

 
Figure 6. Evaluating the relative performance of various algorithms in terms of precision.

Overall, based on precision metrics, DT emerged as the most robust model for accu-
rately predicting vaccine effectiveness and mitigating mortality risk, suggesting its strong
potential as a tool for informing public health strategies against COVID-19.

Next, the performance of the algorithms was compared based on their recall, which
indicates each model’s ability to correctly identify true positive cases related to the impact
of vaccination on COVID-19 mortality. The results are demonstrated in Figure 7.

 
Figure 7. Evaluating the relative performance of various algorithms in terms of recall.

ANN achieved a recall of 77.36%, reflecting moderate sensitivity in detecting positive
instances. DT outperformed this significantly, with a high recall of 91.95%, demonstrating
its strong capacity to capture the majority of true positive cases. KNN showed a lower
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recall of 70.55%, indicating that a considerable number of positive cases may go undetected.
RF exhibited the highest recall among all models at 92.86%, highlighting its exceptional
ability to identify positive cases and making it highly suitable for comprehensive detection.
Lastly, SVM reported a recall of 73.28%, which suggests moderate sensitivity.

Overall, RF and DT stood out with the highest recall values, signifying their robustness
in identifying true positive instances and their potential usefulness in informing public
health strategies through accurate modeling of vaccine effectiveness.

Figure 8 illustrates the specificity percentages of various ML algorithms, which quan-
tify the ability of each model to correctly identify actual negatives. Once again, DT achieved
the highest specificity, demonstrating exceptional accuracy in distinguishing negative cases
and effectively reducing false positive rates. In contrast, KNN exhibited relatively low
specificity, indicating potential limitations in correctly identifying negatives, which may
affect its suitability for applications where false positives must be minimized.

 
Figure 8. Evaluating the relative performance of various algorithms in terms of specificity.

The F-measure combines precision and recall into a single metric, providing a balanced
measure of a model’s accuracy, especially useful when dealing with imbalanced datasets.

Figure 9 shows that DT attained the highest F-measure at 92.24%, highlighting its excel-
lent balance between precision and recall in predicting positive cases. RF closely followed,
with an F-measure of 92.27%, slightly outperforming DT, which underscores its strong
overall predictive performance and ability to balance sensitivity and precision effectively.

ANN had a lower F-measure of 77.96%, indicating moderate performance with less
optimal balancing of false positives and false negatives. SVM scored 75.49%, reflecting
moderate effectiveness, similar to ANN. KNN registered the lowest F-measure at 72.07%,
suggesting it had limited accuracy in balancing precision and recall for this task.

Finally, AUC measures the overall ability of the models to distinguish between posi-
tive and negative cases, with higher values indicating better discrimination. RF and DT
demonstrated superior discriminatory ability, making them highly effective for correctly
classifying vaccine efficacy impacts. ANN and SVM showed good discrimination, while
KNN was comparatively less capable (Figure 10).
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Figure 9. Analyzing the comparative performance of different algorithms based on F-measure.

 
Figure 10. Examining the relative effectiveness of various algorithms using AUC.

In addition, the ROC-AUC curves obtained from the dataset for different models are
shown in Figure 11.

Furthermore, Figure 12 presents a comparative analysis of the CPU time required
by various ML algorithms. The results indicated that DT was the most computa-
tionally efficient, demonstrating exceptionally fast processing. Its minimal CPU time
makes it an attractive option for real-time applications and environments with limited
computational resources.

In contrast, ANN models exhibited significantly higher computational demands. This
substantial resource requirement may limit their practicality in scenarios where processing
speed is a critical factor. Meanwhile, RF and SVM provided a balance between com-
putational efficiency and predictive performance, though they incurred slightly higher
computational costs compared to DT.

In summary, the DT model exhibited exceptional predictive performance across key
metrics, achieving high accuracy, precision, recall, and AUC while maintaining computa-
tional efficiency. Additionally, several critical insights were derived from the DT analysis:

• Variables such as population size, total vaccinations, fully vaccinated individuals, and
vaccination ratio played a significant role in determining outcomes.
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• The presence of a date-related node indicated that the model incorporated temporal
information, potentially linking vaccination timelines to other predictive features.

• Pathways where high numbers of fully vaccinated individuals aligned with specific
population sizes appeared strongly correlated with certain predictions.

  
ANN KNN 

  
SVM DT 

 
RF 

Figure 11. ROC-AUC curves for different models.
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Figure 12. Comparing the CPU time of different ML algorithms.

To strengthen confidence in the models’ robustness and real-world applicability, an
external validation was conducted using another independent dataset, which is download-
able from [34]. This dataset comprises global cancer patient records collected from 2015
to 2024, designed to model the key factors influencing cancer diagnosis, treatment, and
survival outcomes. It includes a diverse range of clinically relevant features, such as age,
gender, cancer type, environmental influences, and lifestyle behaviors, making it highly
valuable for various analytical applications. ML models were applied to this dataset. The
evaluation results provided insights into the predictive performance of various algorithms,
assessing metrics including accuracy, precision, recall, specificity, F-measure, and AUC.

Figure 13 presents a comparative evaluation of several ML algorithms applied to
global cancer patient data. The results showed that DT emerged as the best-performing
algorithm, demonstrating superior accuracy, precision, recall, and computational efficiency.
RF closely followed, particularly excelling in AUC. The results highlighted the effectiveness
of DT in cancer diagnosis and survival prediction, reinforcing its suitability for real-world
medical applications.

 
Figure 13. Performance comparison of machine learning models for cancer prediction.



Mathematics 2025, 13, 1816 17 of 19

5. Conclusions
The results of this study underscore the potential of ML algorithms, particularly DT,

in evaluating COVID-19 vaccine effectiveness and informing public health strategies. The
DT model demonstrated superior predictive performance across multiple key metrics,
achieving high accuracy, precision, recall, and AUC while maintaining computational
efficiency. These findings reinforce the role of ML techniques in advancing data-driven
decision-making in epidemiology and vaccine assessment.

Despite promising results, this study faced limitations related to dataset size and
diversity, which may restrict the model’s generalizability across different populations or
geographic areas. Data quality issues, such as missing or inaccurate entries, could also
influence model performance. While cross-validation mitigates overfitting, it does not
fully address biases inherent in the data collection process or unmeasured confounders.
Future research could expand upon this work by incorporating diverse and larger datasets,
including variables such as vaccine type, dose numbers, and demographic factors. Ad-
ditionally, exploring other advanced ML techniques, feature engineering, and external
validation across different regions will enhance the generalizability and applicability of
these models in real-world settings, ultimately supporting more targeted and effective
vaccination strategies. Furthermore, incorporating time series or longitudinal modeling ap-
proaches could significantly enhance the predictive capabilities of the analysis by explicitly
capturing temporal dependencies and trends inherent in vaccination data and COVID-19
mortality outcomes. It is considered as a promising avenue for future research to improve
the temporal robustness and practical applicability.
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