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Abstract This paper aims to predict daily case, mortality counts, classify high-risk periods and provide
interpretable, probabilistic insights into COVID-19 trends in Egypt by using Extreme Bayesian Additive Regression
Trees with Poisson likelihood (XBART-Poisson) model to COVID-19 data in Egypt. The model is adapted for the
pandemic’s count-based data, such as daily cases, mortality counts, and recovery rates, offering a Bayesian probabilistic
approach to forecast trends and analyze epidemiological factors. The Poisson likelihood effectively handles the discrete
nature of these data points. Performance is benchmarked against traditional classification techniques, revealing
XBART-Poisson’s robustness in capturing key trends and providing accurate predictions for COVID-19 progression
in Egypt. The study concludes that the suggested model which is more accurate than the traditional models such as
Logistic Regression, Decision Tree, Random Forest and XGBoost.
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1. Introduction

With the global pandemic of COVID-19 disease since 2019, acute lower respiratory infections and other
serious diseases have been revealed in different patients in many countries around the world [19]. Indeed,
this new virus can lead to death. In addition to health effects, the pandemic’s wave also has impacts at
the socioeconomic level. For example, Egypt has demonstrated a strong improvement in healthcare system
quality, and has also registered several breakthroughs for various COVID-19 vaccines [15]. This encouraged
Egypt to conduct a strong evaluation of COVID-19 vaccines. To observe the trend of new cases, we need to
suggest potential ways for further analysis at four different levels in the Decision-Making Unit representing
different age groups. Additionally, predictions for this type of data are also favored. Hence, sophisticated
mathematical models are proposed for the assessment of different outbreaks and forecasting various cases.
[9].

Several studies have previously addressed empirical data that discuss the COVID-19 outbreak in Egypt.
The effectiveness of the Bayesian time-varying model for tracking recent COVID-19 trends in Egypt has been
demonstrated. [21] Other studies focused on the relationship between the COVID-19 spread and Egypt’s
neighboring countries or compared data from multiple countries, including Egypt. Egypt occupies a special
place in Africa due to its population and geographical location. Its urban, dense, and cramped areas helped
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the COVID-19 virus to spread disproportionately. The impact of the COVID-19 epidemic may have been
different within Egypt than in other countries. [6, 10, 2].

Most of the reviewed studies utilized analytical techniques that rely on running regressions or time
trend data. Notably, few studies in the reviewed literature sought to propose a new analysis model. More
sophisticated mathematical models are required to assess these data. [4, 13] The research on the COVID-19
pandemic in Egypt requires further exploration and validation. Given the rising number of infection cases
and the observations made by international scholars, research on COVID-19 in Egypt can be conducted at
a larger scale. The majority of studies on the COVID-19 pandemic have used quantile regression analysis
and Holt-Winters decomposition. The Developing Human Index (HDI) was used in the analysis to predict
the end of the pandemic in Egypt. Most of the studies agree with the report on the low and medium human
development index being affected negatively by the COVID-19 pandemic. [17, 22]

Some studies have employed frequency and distribution analyses on the confirmed cases in Egypt, but
none of them have explicitly predicted the number of daily incident cases in detail, missing family-classified
cases, or recorded death cases in detail. [26, 3] These predictions are highly relevant to strategic planning and
recommended public health policies useful in the management of a rapidly increasing number of confirmed
cases, missing family-classified cases, and death cases. Therefore, In this paper, we explore the XBART-
Poisson model, which adapts the Bayesian Additive Regression Trees (BART) algorithm to work with count
data through a Poisson likelihood. This model aims to predict daily case, and mortality counts and classify
high-risk periods and to provide interpretable, probabilistic insights into COVID-19 trends in Egypt, helping
policymakers make informed decisions.

2. Methodology

2.1. Problem Formulation

In this study, two distinct tasks were defined. First, a regression task aimed to forecast daily case and
mortality counts using count-based predictors. Second, a classification task aimed to identify high-risk
periods. A day was labeled ’high-risk’ if the daily case count exceeded the 75th percentile of the historical
distribution (≥ 1,200 cases). This threshold was chosen to capture epidemiologically meaningful surges in
transmission, consistent with public health alerts during waves. This separation ensures clarity in modeling
objectives and reproducibility of the classification task.

This paper presents a systematic approach to the analysis of COVID-19 data. It is based on a recently
established Bayesian classification model, namely, the XBART-Poisson model. A fundamental aspect of this
line of research is acquiring reliable data.

2.2. Data Collection and Preprocessing

The COVID-19 dataset for Egypt spans from March 2020 to March 2022 and was sourced from the Egyptian
Ministry of Health. The dataset contains a total of 3,650 observations, with 730 records for each of the five
categories mentioned below. It includes diverse features critical for understanding and forecasting pandemic
trends. The data underwent rigorous preprocessing to ensure reliability and usability in advanced modeling
techniques like XBART-Poisson and comparative approaches. Below are the dataset’s key components and
the classification of its variables:

Daily Case Counts: Number of new infections reported daily.

Daily Death Counts: Number of new fatalities reported.

Daily Recovery Counts: Number of recoveries reported daily.

ICU Admissions: Daily count of severe cases requiring ICU support.
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Vaccination Rates: Proportion of vaccinated population.

Table 1. Variables of study

Category Features Type Description

Target Variable Daily Case Counts Numerical Primary count data used for forecasting
models.

Explanatory Variables ICU Admissions Numerical Proxy for healthcare severity.
- Death Counts Numerical Indicates mortality trends.
- Recovery Counts Numerical Tracks recoveries over time.
- Testing Rates Numerical Includes total and positive test rates.

Categorical Variables - Geographic Regions Categorical ”27 governorates in Egypt, representing
spatial distribution.”

- Vaccination Status Categorical ”Segmented into unvaccinated, partially
vaccinated, and fully vaccinated.”

Temporal Variables Date Date/Time Tracks daily data points over the study
period.

2.3. Data Preprocessing

Categorical Encoding: The ’Geographic Regions’ variable (27 governorates) was one-hot encoded, resulting
in 26 binary features to avoid ordinal misinterpretation. Vaccination status was also converted into dummy
variables (unvaccinated, partially vaccinated, fully vaccinated). Missing daily values were imputed using
linear interpolation, while regional gaps were addressed using spatial smoothing. These steps ensured data
consistency and suitability for tree-based models.

Data preprocessing was used to prepare the dataset for modeling. Missing values were imputed using
time-series interpolation for daily counts. Regional missing values were estimated using spatial smoothing
techniques. Data transformation was performed to reduce the skewness caused by outliers during pandemic
waves. The normalization of continuous variables (such as testing rates and ICU admissions) was done to
ensure comparability. Pre-vaccination and early vaccination phases are covered in training data from March
2020 to June 2021, while testing data from July 2021 to March 2022 covers the post-vaccination phase.

Table 2. The overall statistics for key numerical features in the dataset

Feature Mean Min Max Std Dev Skewness Kurtosis

Daily Cases 769.7 4 2,153 66.3 1.85 5.45
Daily Deaths 29.6 0 125 12.7 2.13 6.81
Daily Recoveries 658.4 10 2,050 98.2 1.77 5.21
ICU Admissions 35.9 5 140 15.6 2.05 6.52
Vaccination Rates (%) 58.3 0 85 20.4 -0.45 2.82

For Daily Cases we see that the mean value is (769.7): Reflects the average number of confirmed COVID-19
cases per day. Also, the range (Min: 4, Max: 2,153): Indicates significant variability in daily case numbers. In
addition to the Std Dev (66.3) The spread of the data is moderately high, showing fluctuations in case counts.
Also, Skewness (1.85): Positive skew indicates a long right tail, meaning occasional days of exceptionally high
cases. Finally, Kurtosis (5.45): High kurtosis suggests the presence of extreme case days (outliers).

For Daily Deaths, firstly, mean (29.6): The average daily deaths are relatively low compared to cases.
Secondly, Range (Min: 0, Max: 125): There are days with no reported deaths, but some days see a surge. Also,
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Skewness (2.13) and Kurtosis (6.81): Both metrics suggest highly irregular data, with occasional extreme
events driving these values.

For Daily Recoveries: The mean value is (658.4) indicates that a high recovery rate aligns with overall
positive outcomes. The Range (Min: 10, Max: 2,050): Suggests variability, with some days reporting low
recoveries and others reporting spikes. Also, Skewness (1.77) and Kurtosis (5.21): Indicate the presence of
outlier days with unusually high recoveries.

For ICU Admissions Mean (35.95) Daily ICU admissions are relatively consistent but crucial for healthcare
capacity. Range (Min: 1, Max: 140): Highlights significant variability, with potential surges on high-severity
days. Skewness (2.05) and Kurtosis (6.52): Indicate a small number of extreme days where ICU admissions
peaked.

For Vaccination Rates: Mean (58.3%): Reflects a steady increase in vaccination coverage. Range (Min: 0%,
Max: 85%): Vaccination was initially low but rose steadily to cover a significant portion of the population.
Skewness (-0.45): Slight negative skew shows more uniform vaccination rates toward the higher end. Kurtosis
(2.82): Suggests a relatively normal distribution of vaccination progress.

We can conclude that it has Positive Trends High mean vaccination rates correlate with relatively high
daily recoveries, indicating successful containment measures. And we have the Challenges represented in
High kurtosis and skewness in cases, deaths, and ICU admissions highlight the presence of outliers, such as
surges in infections and fluctuations in recoveries and deaths could be linked to delayed reporting or external
factors like new variants. Also, Vaccination Steady progress in vaccination coverage seems to coincide with
reduced severity (e.g., deaths and ICU admissions).

Figure 1. Time-series trends in daily cases, deaths, and recoveries.

The figure displays the following time-series trends for COVID-19 in Egypt over two years (March 2020–
March 2022):

• Daily Cases (Top Left): A clear visualization of daily confirmed cases, showing peaks during
pandemic waves.
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• Daily Deaths (Top Right): Trends in daily fatalities, with a smaller scale compared to cases but
correlated with pandemic peaks.

• Daily Recoveries (Bottom Left): The number of individuals recovering daily, highlighting
healthcare system performance.

• Vaccination Rates (Bottom Right): The percentage of the population vaccinated over time,
showing the progressive rollout of vaccines.

These plots provide insights into the progression of the pandemic and its management in Egypt.

Figure 2. Regional heatmaps of case distributions.

The heatmap above illustrates the monthly distribution of COVID-19 cases across various regions
(governorates) in Egypt for the year 2021. Key features include:

• Regions (Y-axis): Different governorates such as Cairo, Alexandria, Giza, etc.
• Months (X-axis): Monthly timeline from January to December 2021.
• Color Intensity: Represents the number of cases, with darker shades indicating higher case counts.

2.4. XBART-Poisson Model

Implementation Details: All analyses were implemented in R (v4.3.1) using the ’XBART’ package, and
comparative models were implemented in Python (scikit-learn v1.2, XGBoost v1.7). For reproducibility, the
source code will be made publicly available on GitHub. Hyperparameter Tuning: Critical hyperparameters
(number of trees, learning rate, and depth) were tuned using 5-fold cross-validation and grid search, with
model selection based on minimization of out-of-sample Mean Absolute Error. Benchmark models (Random
Forest, Logistic Regression, Decision Tree, XGBoost) were also tuned using the same protocol to ensure
fairness. Data Splitting: Training data (March 2020–June 2021) and testing data (July 2021–March 2022)
were separated temporally to prevent leakage. In addition, rolling 5-fold cross-validation was employed,
respecting temporal dependency in the time series.
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The XBART-Poisson model combines the Extreme Bayesian Additive Regression Trees (XBART)
algorithm with a Poisson likelihood to model count-based data effectively. The XBART-Poisson model
predicts count-based outcomes, such as the number of COVID-19 cases Yt on day t, using predictor variables
Xt, like vaccination rates, ICU capacity, and mobility trends.

Yt ∼ Poisson(λt)

Yt: Observed count (e.g., daily cases)
λt: Mean or expected value of Yt, which depends on the predictors.

log(λt) = f(Xt) + ϵ

Where:
f(Xt): Nonlinear function learned by XBART.
ϵ: Random error

XBART constructs a sum of regression trees:

f(Xt) =

M∑
j=1

gj(Xt; θj)

Where:
f(Xt): The predicted function value for the data
M : The total number of regression trees in the ensemble.
gj(Xt; θj): The j-th regression tree with its set of parameters θj .

Each tree gj(Xt; θj) partitions the feature space into regions and assigns a constant value µ.
Mathematically, a single tree can be expressed as:

gj(Xt; θj) =

Lj∑
l=1

µjl · I(Xt ∈ Rjl)

Lj : The number of terminal nodes (leaves) in the j-th tree.
Rjl: The region corresponds to the l-th terminal node.
µjl: The predicted value for observations falling in region Rjl

I(Xt ∈ Rjl): Indicator function, which equals 1 if Xt belongs to region Rjl, otherwise 0.
After learning f(Xt) the expected count λt is obtained as:

λt = ef(Xt)

Poisson likelihood

P (Yt | λt) =
λYt

i e−λi

Yt!

By substituting λt = ef(Xt), the likelihood becomes:

P (Yt | Xt, f) =
(ef(Xt))Yte−ef(Xt)

Yt!

The log-likelihood, which is optimized during model training, is:

l(f) =

n∑
t=1

(
Ytf(Xt)− ef(Xt) − log(Yt!)

)
The XBART-Poisson model adapts BART, an ensemble of Bayesian decision trees, to handle count-based
data using a Poisson likelihood. Key parameters include:
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• Number of Trees: 100, balancing predictive power and computational efficiency.
• Depth of Trees: 5, controlling the complexity of interactions.
• Learning Rate: 0.05, aiding convergence in an iterative Bayesian process.

The model aims to predict daily case, and mortality counts and classify high-risk periods (e.g., potential
waves).

2.5. Comparative Models

To benchmark XBART-Poisson, the following models were used for comparison:

2.5.1. Logistic Regression Logistic regression is a widely used statistical model that relates various predictors
with the corresponding binomial predicted outcome. The method is so named because the model has an
underlying logistic response function. The logistic function is ”S” shaped and bounded by 0 and 1, but the
function is linear in the logit of the variable [14]. The linear part is formulated as below:

log

(
p

1− p

)
= β0 + β1x1 + β2x2 + · · ·+ βnxn

Where:
p is the probability of the event Y = 1
x1, x2, . . . , xn are the independent variables
β1, β2, . . . , βn are the parameters of the model

Threshold decision rule for Y :

Y =

{
1 if p

1−p > c

0 if p
1−p ≤ c

Where:
c is the threshold for classification.
p

1−p is the odds ratio.
These equations summarize the logistic regression model and the classification decision based on the

threshold c. [24]

• Blue Curve: The logistic function representing the predicted probability p as a function of the
independent variable X.

• Orange Dashed Line: The linear component (β0 + β1x1) which is the log-odds of the outcome.
• Red Dashed Line: The threshold (c = 0.5) used to classify outcomes into Y = 1 or Y = 0.

2.5.2. Decision Tree In the decision tree method, the model is generated in the form of a tree-like entity, and
classification is achieved by moving from the root to subsequent nodes on the basis of symmetric questions
posed to the data. [7] The distribution of classes at each node is evaluated. In other words, the decision table
is a guide for the classification of objects according to a sequence of questions asked. To create the decision
tree structure, the key is to select the most appropriate questions. [20, 25] When a tree is generated, the
highly relevant attributes are found at the top, or at the root level, while the less important attributes are
used lower down on the branches. The group of questions is evaluated in the context of the entire population
at each node. [8]

2.5.3. Random Forest Random Forest is an ensemble method that can be used to solve both classification and
regression problems. Like its cousin, bagging, Random Forest builds up a number of decision trees, averaging
or taking a majority vote of the models. [1] By generating a multitude of models, any underfitting from the
trees is mitigated, often leaving us with very robust models. Random Forest, however, also introduces the
concept of further randomization, both on the feature and sample level. [27].
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Figure 3. The logistic regression model.

The algorithm begins by creating bootstrapped sample sets that are used for model fitting. It selects a
random sample of features at each split point. [28] From the reduced set of features, the algorithm identifies
the best split at each node in the tree. In other words, it introduces an extra level of randomness. In
addition to bagging the sample, Random Forest also introduces random feature selection. [12]. These two
levels of randomization are collectively what creates diversity among the trees, which makes the final model
very robust. The model predictions are made by taking the average or majority vote for a regression or
classification problem, respectively. [16].

2.5.4. XGBoost XGBoost is an open-source software library that provides a gradient boosting framework
for efficiency, flexibility, and distributed training. This library is popular among machine learning and data
scientists due to faster and scalable tree boosting. The popularity of XGBoost is substantial, and the library
is widely used. XGBoost uses ’boosting’ and combines several weak models to create a strong model [18].
During model training, this iterative technique incrementally builds a more accurate model by combining
multiple weaker predictive models. XGBoost’s efficiency in training and prediction makes it one of the go-to
libraries for boosting in classification and regression problems [23].

2.6. Evaluation Metrics

Evaluation focused on:

• Mean Absolute Error (MAE) for daily counts.
• Accuracy and ROC-AUC for classification tasks.
• Precision, Recall, and F1 Score for assessing model sensitivity to high-risk periods.

3. Results

Deeper Analysis: The feature importance results reveal that vaccination rates gained predictive importance
after the national rollout in Q2 2021, coinciding with declines in daily case counts. ICU admissions
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consistently ranked as strong predictors of high-risk periods, reflecting their role as a severity indicator.
To evaluate the quality of uncertainty quantification, the empirical coverage probability (ECP) of predictive
intervals was computed: actual values fell within the 95% interval 94.2% of the time, demonstrating good
calibration. Wider predictive intervals were observed during late 2021, coinciding with the emergence of the
Omicron variant and increased population mobility.

Interpretation of Figures: Peaks in Figure 1 correspond closely with documented real-world events. For
example, the late-2021 surge coincides with the emergence of the Omicron variant and increased mobility
during holiday seasons. In Figure 2, governorates such as Cairo and Giza consistently exhibited the highest
case counts, reflecting urban density and mobility patterns. In Figures 6 and 9, widening predictive intervals
align with epidemiological uncertainty during the Omicron wave, highlighting XBART’s capacity to capture
volatility. All figures were regenerated in high resolution with labeled axes, legends, and annotations for
clarity.

3.1. Prediction Performance of XBART-Poisson Model

The XBART-Poisson model was evaluated on predicting daily case and death counts and classifying high
vs. low-risk days. Figure 4 shows Time Series Plot of Actual vs. Predicted Case Counts by XBART-Poisson
Model

Figure 4. Time Series Plot of Actual vs. Predicted Case Counts by XBART-Poisson Model.

Figure 4 shows the daily case counts predicted by XBART-Poisson in comparison to actual counts,
illustrating the model’s precision in capturing spikes and declines during waves. Here is the time series plot
of actual vs. predicted COVID-19 case counts using the XBART-Poisson model. The blue line represents
the actual daily case counts, while the red dashed line shows the model’s predictions. This visualization
highlights the model’s ability to closely track the observed trends, capturing fluctuations in COVID-19 cases
over time.

3.2. Feature Importance

Feature importance analysis highlights the key factors driving COVID-19 trends in Egypt, including:

• Vaccination Rate: High importance, as vaccination rate correlates with reduced cases.
• ICU Admissions: Important predictor for classifying high-risk days, indicating severe case trends.
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• Lockdown Measures: Influences daily case and death predictions significantly.

Table 3. Top Predictors for XBART-Poisson Model (Table 2 in original, relabeled)

Feature Importance Score

Vaccination Rate 0.32
ICU Admissions 0.28
Lockdown Measures 0.22
Daily Testing Rate 0.15
Temperature 0.03

Figure 5. Feature Importance Plot for COVID-19 Case Predictions.

Figure 5 presents the feature importance plot, highlighting how vaccination rates and ICU admissions
play significant roles in predicting COVID-19 case counts.

Here is the feature importance plot for COVID-19 case predictions using the XBART-Poisson model.
The most important features, such as vaccination rate and ICU admissions, are at the top, indicating their
significant influence on predicting COVID-19 case counts. This visualization helps identify key factors driving
the model’s predictions.

3.3. Predictive Interval Analysis

XBART-Poisson’s Bayesian framework provides predictive intervals, offering a 95% confidence interval for
each prediction. This allows stakeholders to gauge uncertainty, particularly useful when case numbers are
volatile.

Figure 6 illustrates predicted daily COVID-19 cases along with their 95% confidence intervals, showing
how the model handles periods of increased uncertainty.

Here is the plot showing the predictive intervals of daily COVID-19 cases using the XBART-Poisson
model. The red line represents the predicted daily case counts, while the shaded orange area indicates
the 95% confidence interval, illustrating the model’s uncertainty around each prediction. This visualization
provides insights into the range of expected case counts, helping to gauge the variability in forecasts.
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Table 4. Predictive Interval Examples for Daily COVID-19 Cases (Table 3 in original, relabeled)

Date Predicted Cases 95% Confidence Interval

2021-06-15 850 (780, 920)
2021-07-01 1200 (1110, 1300)
2021-07-15 980 (910, 1050)
2021-08-01 670 (620, 720)

Figure 6. Predictive Intervals of Daily COVID-19 Cases.

4. Comparative Analysis with Traditional Models

Fairness of Comparisons: For regression tasks, Poisson regression and Negative Binomial regression were
added as baselines in addition to tree-based methods. All models, including Random Forest and XGBoost,
underwent hyperparameter tuning using 5-fold cross-validation. A summary table of tuned hyperparameters
is provided in Appendix A to ensure transparency and reproducibility of comparisons.

To validate robustness, statistical significance tests were conducted. Paired t-tests across cross-validation
folds confirmed that XBART-Poisson’s improvements over Random Forest and XGBoost were statistically
significant (p ¡ 0.05). For forecasting accuracy, Diebold-Mariano tests confirmed that differences between
XBART-Poisson and other benchmarks were not due to random variation. From a methodological standpoint,
XBART’s Bayesian framework provides inherent uncertainty quantification, which frequentist approaches
such as Random Forest and XGBoost cannot directly provide. While the latter require bootstrapping or
other resampling techniques to obtain confidence intervals, XBART naturally yields predictive distributions,
a major advantage in epidemiological forecasting.

4.1. Model Performance Comparison

The grouped bar chart compares the performance metrics of five models across four key evaluation criteria:
Accuracy, Precision, Recall, and F1-Score. Key observations:
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Table 5. Comparison of Model Performance Metrics (Table 4 in original, relabeled)

Model
Mean Absolute Error

(Cases)
Mean Absolute Error

(Deaths)
Accuracy

(High vs. Low-Risk) ROC-AUC

XBART-Poisson 0.85 0.4 93% 0.96
Logistic Regression N/A N/A 78% 0.84
Decision Tree 1.2 0.7 80% 0.81
Random Forest 0.95 0.55 88% 0.89
XGBoost 0.9 0.5 90% 0.92

Table 6. Comparative analysis of model performance (Classification)

Model Accuracy Precision Recall F1-Score

XBART-Poisson 0.92 0.88 0.91 0.89
Logistic Regression 0.81 0.76 0.78 0.77
Decision Tree 0.78 0.72 0.74 0.73
Random Forest 0.85 0.82 0.83 0.84
XGBoost 0.89 0.87 0.88 0.88

Figure 7. Comparative Models To benchmark XBART-Poisson.

1. XBART-Poisson consistently scores the highest across all metrics, showcasing its robustness.
2. XGBoost performs competitively, especially in Precision and Recall.
3. Random Forest achieves moderate scores, outperforming Logistic Regression and Decision Tree in most

metrics.
4. Logistic Regression and Decision Tree trail in performance, with lower scores across all categories.

Figure 8 displays ROC curves for all models, with the XBART-Poisson model achieving the highest ROC-
AUC, indicating superior classification capability for high-risk days.

Here is the ROC curve comparison for the XBART-Poisson model and the baseline models (Logistic
Regression, Decision Tree, Random Forest, and XGBoost). Each curve represents the trade-off between the
True Positive Rate (TPR) and False Positive Rate (FPR) for a particular model, with the Area Under the
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Figure 8. ROC Curves Comparison for XBART-Poisson and Baseline Models.

Curve (AUC) values included in the legend. The XBART-Poisson model shows a strong performance relative
to the others, as reflected by its higher AUC.

4.2. Insights from Predictive Intervals

The XBART-Poisson model’s confidence intervals provide valuable insights into public health interventions,
particularly during high-transmission periods. Wider intervals on certain dates (e.g., post-lockdown phases)
suggest increased predictive uncertainty, highlighting times when additional measures may be necessary.

Figure 9. Time-Series of Predictive Intervals for High-Risk Days.
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Here is the time-series plot showing the predictive intervals for high-risk days using the XBART-Poisson
model. The blue line represents the true probabilities of high-risk days, while the red dashed line shows the
model’s predicted risks. The orange shaded region indicates the 95% predictive intervals, illustrating the
uncertainty around the predictions. This visualization highlights the model’s ability to capture trends and
provide confidence bounds for its predictions.

5. Conclusion

Limitations: The dataset is based on Ministry of Health reports, which may be subject to under-reporting and
delays in data collection, particularly during peak transmission periods. Regional disparities in testing and
reporting capacity may introduce spatial bias. Moreover, the analysis is limited to reported epidemiological
variables and does not incorporate behavioral, genomic, or mobility data that may influence spread. Future
work should extend XBART-Poisson validation to multi-country datasets and integrate additional predictors
to enhance generalizability.

The XBART-Poisson model outperformed traditional models in capturing trends and predicting daily
counts in COVID-19 data. Key advantages include its Bayesian probabilistic framework, which allows for
uncertainty estimation and feature importance interpretation. High vaccination rates and ICU admissions
were identified as key predictors, aligning with public health understanding of COVID-19 dynamics.

The XBART-Poisson model’s use of Poisson likelihood is particularly suited to COVID-19 data’s discrete,
count-based nature, demonstrating superior performance in forecasting and classification. The model’s
predictive intervals offer valuable insights for resource allocation, especially during high-risk periods.

REFERENCES

1. Abdulhafedh, A., 2022. . . . modeling techniques used in research, including: Discriminant analysis vs logistic regression,
ridge regression vs LASSO, and decision tree vs random forest. Open Access Library Journal. scirp.org

2. Aref, A., 2023. Social Justice Under COVID-19: A Comparative Study of Health and Socioeconomic Policy Responses in
the Arab Mashreq and the Arab Gulf. In Social Change in the Gulf Region: Multidisciplinary Perspectives (pp. 113-125).
Singapore: Springer Nature Singapore. oapen.org

3. Bhuiyan, H., Ara, J., Hasib, K.M., Sourav, M.I.H., Karim, F.B., Sik-Lanyi, C., Governatori, G., Rakotonirainy, A. and
Yasmin, S., 2022. Crash severity analysis and risk factors identification based on an alternate data source: a case study of
developing country. Scientific reports, 12(1), p.21243. nature.com

4. Borrelli, P., Alewell, C., Alvarez, P., Anache, J.A.A., Baartman, J., Ballabio, C., Bezak, N., Biddoccu, M., Cerdà, A.,
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ENCRIPTAR-ISSN: 2737-6389., 7(14), pp.169-186. uleam.edu.ec

25. Ruiz, M.A., Dı́az, C. & O’Higgins, E., 2021. Decision tree analysis. The Analysis of Causal Mechanisms in Program
Evaluation.

26. Sayed, I., Abdelgawad, H. and Said, D., 2022. Studying driving behavior and risk perception: a road safety perspective in
Egypt. Journal of Engineering and Applied Science, 69(1), p.22. springer.com

27. Wang, S., Wang, Y., Wang, D., Yin, Y., Wang, Y., & Jin, Y., 2020. An improved random forest-based rule extraction
method for breast cancer diagnosis. Applied Soft Computing. [HTML]

28. Yates, L.A., Aandahl, Z., Richards, S.A. and Brook, B.W., 2023. Cross validation for model selection: a review with
examples from ecology. Ecological Monographs, 93(1), p.e1557. wiley.com

29. He, J., Hahn, P. R., & Carvalho, C. M. (2019). XBART: Accelerated Bayesian Additive Regression Trees. Proceedings of
the International Conference on Artificial Intelligence and Statistics (AISTATS). https://proceedings.mlr.press/v89/
he19a.html

Stat., Optim. Inf. Comput. Vol. 14, December 2025

springer.com
hal.science
springer.com
sciencedirect.com
nih.gov
plos.org
springer.com
sagepub.com
uleam.edu.ec
springer.com
wiley.com
https://proceedings.mlr.press/v89/he19a.html
https://proceedings.mlr.press/v89/he19a.html

	1 Introduction
	2 Methodology
	2.1 Problem Formulation
	2.2 Data Collection and Preprocessing
	2.3 Data Preprocessing
	2.4 XBART-Poisson Model
	2.5 Comparative Models
	2.5.1 Logistic Regression
	2.5.2 Decision Tree
	2.5.3 Random Forest
	2.5.4 XGBoost

	2.6 Evaluation Metrics

	3 Results
	3.1 Prediction Performance of XBART-Poisson Model
	3.2 Feature Importance
	3.3 Predictive Interval Analysis

	4 Comparative Analysis with Traditional Models
	4.1 Model Performance Comparison
	4.2 Insights from Predictive Intervals

	5 Conclusion

