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ABSTRACT

This present study proposes a machine-learning approach for predicting COVID-19 infection and death rates to
support government resource planning in Oman. It compares three algorithms, namely Decision Tree, Random Forest,
and Gradient Boost, for the best model that provides an accurate prediction of COVID-19. The Decision Tree model
overfitted and gave accuracy of 99.41% in training and 53.39% in testing. On the other hand, the Random Forest
model generalized better with 94.66% training accuracy versus 61.32% testing accuracy. The Gradient Boost model
achieved 92.96% training accuracy and 59.44% testing accuracy but needs further tuning. A correlation analysis
between the COVID-19 metrics has been presented. From the given heat map, daily new cases versus active cases
represent a strong positive relation: increased active cases due to increased daily new cases. Overall case and death
show a negative relation-an indication of reduced mortality rate. Detailed validation shall establish the fact that
improved health services and vaccination campaigns were working in proper direction. Random Forest model was
more accurate and generalized for the COVID-19 trend than the other models compared. The results from the Gradient
Boost model were similar, but its performance needs further optimization. The overall findings from the study are
vital in informing better public health policy improvements and effective resource management of the pandemic. This
research thus contributes to the development of an efficient predictive tool to manage COVID-19 in Oman, using
state-of-the-art machine learning techniques.
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1. Introduction

According to the WHO, since the emergence of COVID-19 in 2023, millions around the world have been infected
by the novel coronavirus, which has caused immense loss of life (WHO, 2024). In Oman, the pandemic of COVID-
19 caused by SARS-CoV-2 started on February 24, 2020, when two arriving persons from Iran tested positive for the
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virus (Khamis et al., 2020). As of May 19, 2022, Oman had reported 389,473 confirmed cases, 4,260 deaths, and
384,669 recoveries (OmanvsCOVID19, 2023). The COVID pandemic's across-the-board impact on the individuals
and the global economy highlighted the key concerns for governments and societies:
a. the potential recurrence of a similar pandemic,
b. transmission patterns derived from COVID-19 data,
c. therisk of implementing widespread closures, and
d. government readiness to handle future pandemics.
To address these challenges, (Boccaletti et al., 2020) identified three interdisciplinary scientific communities:
a. applied mathematicians, virologists, and epidemiologists who develop advanced diffusion models for
pathogens,
b. complex systems scientists employing compartmental models, statistical mechanics, and nonlinear dynamics
to study infection spread, and
c. researchers using artificial intelligence (Al) and deep learning to create precise predictive models.

Complementary studies further analyze COVID-19 societal impact by forecasting case trajectories and identifying
transmission factors. Techniques include time series analysis (Becerra et al., 2020), modeling COVID-19 spread
(Fanelli & Piazza, 2020), Monte Carlo decision-making (Fong et al., 2020), real-time forecasting (Roosa et al., 2020)
and tracking public interest through Google Trends (Effenberger et al., 2020).

Accurate disease forecasting is important in the management of public health and, thus, enables strategic planning
for addressing any future epidemic. Al models have become essential in advanced improvement regarding the
accuracy of the forecast for epidemiological time series (Yousif & Saini, 2020). Vaishya (Vaishya et al., 2020)
summarized Al applications in analyzing COVID-19 data and underlined its key role in public health.

The following manuscript proposes a new outbreak analytics approach for COVID-19, aiming to move beyond
the traditional metrics of confirmed cases and fatalities in estimating the total number of potential infections. Using
an ensemble machine-learning algorithm, this paper examines the infection and death rates in forecasting the actions
that can be taken by policymakers to anticipate and dampen the impact of the pandemic across states in the Sultanate
of Oman.

Section 2 of the manuscript follows with a critical review of the literature, offering a deep overview of related
works and basic concepts. Further on, Section 3 goes into a detailed description of Materials and Methods, presenting
data collection and preprocessing along with the description of the experimental setup. The architecture and
application of Machine Learning Models used in this work are described in full detail in Section 3. Section 4.2.
compares the performances of these models in terms of accuracy, robustness, and limitations. Section 4.3. discusses
the Predictive Model of the study, with results and their implications. Finally, the manuscript concludes in Section 5,
summarizing the results and offering recommendations for future research directions.

2. LITERATURE REVIEW

The COVID-19 pandemic has posed enormous public health challenges and disrupted the global economy to the
extent that it caused a recession with high unemployment and unprecedented debt. Diagnosis and proper management
of the disease continue to be very challenging due to limitations in diagnostic tools such as RT-PCR, and the absence
of specific clinical or radiological findings.

Recent studies highlight various strategies examined how to mitigate the spread of COVID-19 and enhance diagnostic
precision by applying advanced technologies in:

2.1. Deep Transfer Learning (DTL)

A study by Sufian (Sufian et al., 2020) discussed the potency of DTL in detecting infection during the COVID
pandemic and its control. DTL is a technique of knowledge acquisition across tasks that requires less data and
computational power with high accuracy. Integration of drones, 10T, and Al further enhances disease management.
COVID-19 Patient Detection Systems: Shaban et al. (2020) presented the COVID-19 Patients Detection Strategy
(CPDS), a combination of Hybrid Feature Selection Methodology (HFSM) and Enhanced K-Nearest Neighbor
(EKNN). The EKNN proved faster and more accurate than HFSM.

X-ray and CT Analysis: Tuncer et al. (2020) proposed a system that preprocessed the images, extracted features, and
then classified them using techniques such as SVM and kNN to identify COVID-19, with accuracies reaching 100%.
Diagnostic Techniques: Yice et al. (2021) reviewed diagnostic methods like RT-PCR, antibody detection, and antigen
detection, emphasizing the importance of early and accurate identification.
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2.2. Predictive Models

Deep Learning Models: Elsheikh et al. (2021) estimated a deep learning model that predicted cases, recoveries, and
deaths, outperforming the ARIMA and NARANN models.

Ensemble models: The combination of ensemble learning with support vector regression has also achieved a very
minimal error rate in some recent articles about the prediction of COVID-19 cases, in Ribeiro et al. (2020), which
reported 0.87%.

CT Imaging Analysis: Li et al. (2020) conducted a deep learning analysis on CT scans for distinguishing COVID-19
from pneumonia, demonstrating sensitivity and specificity of over 90%.

2.3. Mathematical and Simulation Models

Sun & Wang (Sun & Wang, 2020) and Abdo (Abdo et al., 2020) used differential equation models and simulation
systems to study transmission dynamics and predict unreported cases (Yousif et al., 2021). Such models are useful in
decision-making processes for outbreak containment.

2.4. Advanced Al Techniques

WOCLSA Model: Su (Su et al., 2023) proposed a convolutional deep-learning model with Whale Optimization for
parameter tuning, which achieved high predictive accuracy.

SCWOA Ensemble Paradigm: Qu (Qu et al., 2023) developed an ensemble neural network model optimized by a
novel heuristic algorithm that outperformed comparable methods in terms of accuracy and robustness.

These studies really pinpoint the important contribution of Al, deep learning, and mathematical modeling in furthering
the understanding, diagnosis, and management of COVID-19. Advanced techniques can enhance the accuracy of
forecasting with better-informed public health decisions that will reduce the impact of the pandemic.

3. METHODOLOGY

It will be a two-stage process that includes preprocessing and processing. The preprocessing stage shall focus on the
collection, filtration, and cleaning of data for good quality input, while processing involves the use of machine learning
techniques, including but not limited to RNNSs for time-series analysis, VGG-19 for classification tasks, and GRNs to
model gene interaction. This research will be furthered using cleaned dataset-driven training of neural networks,
evaluation via accuracy metrics, and cross-validation to ensure reliability and robustness. The methodology therefore
aims at producing accurate classification and detection results from the objectives outlined in this study.

Machine learning algorithms build mathematical models of sample data to make predictions about or decisions for
that data without being explicitly programmed to perform that particular job. In enterprise applications, machine
learning methods are generally part of predictive analytics. The workflow followed by the procedure of machine
learning, as depicted in Algorithm 1, which is composed of the following major steps:

e Data Acquisition: Gathering relevant data is a critical first step to ensure accurate forecasting and effective
model training.

e Data Formatting: The collected data is formatted or transformed into a structure understandable by machine
learning models.

e Exploratory Data Analysis (EDA): EDA is conducted to uncover patterns, relationships, and insights in the
data.

e Data Splitting: The dataset is divided into training data (used to train the model) and testing data (used to
evaluate its performance).

e Model Training: The training data is fed into the machine learning algorithm, enabling it to learn patterns and
trends in the data.

e Prediction: Once trained, the model predicts the future trends or outcomes based on new or unseen data.

e Model Evaluation: The model's performance is assessed using the testing dataset, ensuring its accuracy and
reliability.



Algonthm: Machine Learning Workflow for Data Processing, Model Training, and Evaluation

Input: Set of data
Output: Optimized model

Step 1: Data Acquisition
- Collect data from various sources (e.g., databases, APIs, sensors).
- Store the acquired data in a structured format for processing.
Step 2- Data Formatting
- Check for missing values and inconsistent data types.
- Convert raw data into a consistent format suitable for analysis.
- Label the dataset if it's supervised learning.
Step 3 Data Pre-processing
- Normalize or standardize sumerical features.
- Encode categorical variables.
- Handle missing values by using methods like imputation or removal.
- Remove duplicates and irrelevant data points.
- Perform feature selection or extraction if necessary.
Step 4: Splitting of Data
- Divide the dataset into:
- Training Set: Used for model traiming.
- Testing Set: Used for model evaluation.
Step 5- Machine Learning Model - Training Phase
- Imitialize the Machine Learning model (Estimator).
- Use the tratning set to fit the model:
Model fit(tramning_data_ training_labels)
Step 6: Machine Learning Model - Transformation Phase
- Apply transformations if necessary to enhance feature representation.
- Use Transformer to improve feature space before evaluation.
Step 7: Evaluation
- Use the testing set to evaluate the model:
Model evaluate(testing_data, testing_labels)
- Calculate performance metrics such as:
- Accuracy
- Precision
- Recall
-F1-Score
Step 8 Final Qutput
- Display evaluation results.
- Optimize the model, if necessary, based on evaluation performance.
- Save the trained model for future predictions.

End of Algorithm

Figure 1 represents a structured approach where machine learning models are bound to be well-trained,
better evaluated, and capable of providing actionable insights for both forecasting and decision-making.
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Figure 1. An Example of a Chart Represented in a Shaded Pattern.

4. RESULTS AND DISCUSSION
4.1. Analysis of the data

It elaborates on a detailed analysis of data and forecasting models used in this work, followed by insightful
suggestions and recommendations based on findings; it also discusses potential future directions for further
exploration and development. Exploratory Data Analysis is a crucial step in data analysis, and it acts like the very
basis for further statistical or machine learning steps on a given dataset. It's about the iteration of examining and
visualizing the data to uncover patterns, find anomalies, and obtain insights that are actionable in nature. This stage
then essentially becomes the primer on which further analysis must rest to guarantee integrity in the models.

Figure 2 shows a schematic of this process, emphasizing its place as a preparatory step in the analytical continuum.
This research work lays a very strong foundation for accurate forecasting and meaningful recommendations, since it
systematically analyzed and interpreted data trends during EDA. Further directions and areas of development will
expand the scope and applicability of this research.

The correlation heatmap of Figure 3 shows a correlation matrix of different metrics of COVID-19 in Oman. In this
study, there was a high positive correlation between the Daily New Cases (Xnew) and Active Cases (Xactive),
represented by p > 0, signifying that for any increase in the number of new daily cases, the number of active cases
would be growing upwards. The values of p < 0 indicate that there is a negative correlation between the Total
Coronavirus Cases, Xtotal, and the Total Coronavirus Deaths, Xdeaths. It might indicate the tendency of a decrease
in mortality rate with increasing total cases, probably reflecting the efficient healthcare service and wider vaccination
campaigns. However, further statistical tests must be done in order to confirm this hypothesis stringently and interpret
the observed correlations validly.
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4.2. Models Comparison

Figure 4 shows the comparisons among the three machine learning algorithms: The Decision Tree model is overly
fit since its training accuracy reaches a very high of 99.41%, whereas its test accuracy went down to as low as 53.39%.
While the Random Forest model yields a slightly lower training accuracy of 94.66%, its testing accuracy increases to
61.32%, which would indicate better generalization and less overfitting. The Gradient Boost model reaches an
accuracy of 92.96% on training and 59.44% on testing, making it sit in between the Decision Tree and Random Forest
models for both training and testing performance. Although performing quite well on training data, this model has to
be further optimized or regularized for better generalization because of the drop in testing accuracy.
Overall, the Random Forest model outperforms the Decision Tree and Gradient Boost models on testing data, showing
better generalization capability. The Gradient Boost model is close to Random Forest in performance but with a little
lower testing accuracy, making it a competitive alternative with further potential for tuning.

100 Comparison of Model Performance

Training Score
B Testing Score

80

60

Accuracy (%)

40

20

Decision Tree Random Forest Gradient Boost

Figure 4. Comparing the Results of the Three Algorithms

4.3. Predictive Models

Comparing the models, it can be observed that among all the models, the Decision Tree Regressor is much better in
terms of accuracy. Predictive analytics were performed on estimating whether an event will occur or not based on
historical data by both Random Forest Regressor and Decision Tree Regressor.

In this work, the models were applied on a certain input dataset to predict an outcome: [813, 86, 679, 4]. The Random
Forest Regressor predicted the value 0.2, indicating low likelihood of the predicted outcome. In contrast, the Decision
Tree Regressor predicted a value of approximately 1.32, which is a higher likelihood for the outcome to happen, as
depicted in Figure 5.

Model selection is one of the most important aspects of predictive analysis, as the accuracy and reliability of the
predictions depend a lot on the model selected. Based on the results for this dataset, the Decision Tree Regressor
outperforms the Random Forest Regressor. Again, this emphasizes that model selection needs to be specific to data
and the objective of the prediction.

These insights can then be applied in strategic domains like finance, medicine, or engineering, therefore supporting
better-informed decision-making processes due to more accurate predicted outcomes.
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Comparison of Predicted Values by Models
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Figure 5: Comparing of predicted values by models

5. CONCLUSION

The COVID-19 pandemic has badly hurt the economy globally; recession, high unemployment, and high debt levels
were recorded as results of the pandemic. Some of these challenges are being handled by innovative methods to
enhance pandemic management: Deep Transfer Learning, Hybrid Feature Selection, and other models using deep
learning. Machine learning will, therefore, be used in outbreak analytics for predicting the number of future cases and
improving disease detection. It can be used with equal efficiency in both offline and online systems. This study
presents an improved machine-learning framework for predicting COVID-19 cases and mortality rates in Oman,
focusing on practical applications of advanced models to support government planning and healthcare resource
allocation. It compares three machine learning models: Decision Tree, Random Forest, and Gradient Boost; the results
show that the Random Forest model has the best generalization performance on testing data, making it more reliable
in real-world applications.

This correlation analysis points out the main patterns in the COVID-19 metrics, ranging from high positive daily
new cases and active cases to negative total cases and deaths. This could therefore mean that Omani people are
experiencing improvement in health status. The important thing here is a combined approach using the machine
learning predictions and detailed statistical analyses in developing actionable insights on the COVID-19 pandemic.

The optimization of the Gradient Boost model should be continued in further works, and additional feature sets could
include vaccination rates or regional healthcare capacities to enhance the predictive power of such models. Integration
of deeper complex architectures with real-time updates may further enhance the reliability of the predictions for more
effective and timely responses against the dynamically changing public health challenges. The findings of this study,
therefore, shall be important for the government agencies and healthcare institutions in developing a basis to make
better informed decision-making processes in combating the spread and effects of COVID-19 within Oman.
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