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Thailand is currently grappling with a severe dengue fever outbreak, with a rising threat
to public health as the rainy season and El Niño draw near. This year has witnessed
a troubling surge in dengue cases, prompting the Ministry of Public Health (MoPH)
to issue warnings that the numbers may hit a three-year peak. Dengue outbreaks in
Thailand have historically followed a cyclical pattern, excluding COVID-19 years. This
research employs data analysis and predictive modeling to forecast the forthcoming
dengue case numbers in Thailand, facilitating better public health preparedness. It
also incorporates data visualization for enhanced data exploration. Various forecast-
ing models, including Exponential Smoothing, Polynomial Fitting and Random Forest,
are deployed to predict dengue cases within the constraints of our data. This study
offers valuable insights into the potential trajectory of dengue cases in Thailand, aiding
proactive measures to combat the outbreak.
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1. Introduction

Mathematical models serve as invaluable tools in portraying and elucidating
real-world scenarios, particularly in the domains of ecology, epidemiology and
population systems [3, 15–19, 29]. These models play a pivotal role by translating
complex situations into a set of variables and equations, with the intention of
encapsulating the essential elements of an event while making simplifications or
assumptions about specific details. This abstraction allows for a more manageable
and comprehensible representation of intricate real-world phenomena. However, the
efficacy of these models relies on their ability to accurately mirror reality. Hence, the
validation of a mathematical framework becomes imperative. This validation pro-
cess serves to authenticate the model’s representation of real-life scenarios, ensuring
that the predictions and insights derived from the mathematical model align closely
with the observed phenomena, thereby enhancing the model’s reliability and appli-
cability in practical situations [4, 6]. The global impact of the dengue virus, trans-
mitted by mosquitoes, has raised significant concerns in international public health.
According to a World Health Organization (WHO) report, an estimated 2.5 billion
people live with the virus, with 50–100 million dengue fever cases occurring annu-
ally [8]. The first documented dengue outbreak was in Africa in 1779–1780, followed
by Asia and North America, underscoring a history of over two centuries in which
mosquitoes have been the culprits behind dengue fever [14]. Mosquitoes predomi-
nantly inhabit tropical and subtropical regions worldwide, with female mosquitoes,
specifically Aedes albopictus and Aedes aegypti, known as the primary carriers of
the dengue epidemic within the Flavivirus family. Numerous mathematical models
have emerged to comprehend the transmission patterns of Dengue fever. Esteva and
Vargas introduced an SIR model to investigate dengue fever transmission dynamics
in scenarios with both constant [12] and varying human populations [27]. The dura-
tion of incubation periods in both hosts and vectors plays a crucial role in shaping
the transmission patterns of dengue disease. Consequently, various mathematical
investigation [9] have been undertaken to examine the transmission dynamics of
dengue, with a specific focus on the impact of these incubation periods. Dengue
fever, shaped by various climatic and biological factors, necessitates diverse model-
ing approaches for effective control. Zheng et al. [32] highlight the significant roles
of temperature and precipitation in dengue transmission in China, emphasizing
the need for integrated climate considerations. Olayiwola and Alaje [21] studied
host immune responses, showing the importance of CTLs and B-cells in enhanc-
ing immunity. Pandey et al. [23] analyze dengue transmission dynamics in Nepal,
identifying mosquito biting and death rates as critical factors. Naaly et al. [20]
advocate for a combined strategy of vector control, treatment and mass aware-
ness. Din et al. [10] use stochastic modeling to understand dengue’s persistence and
extinction thresholds.

Thailand, a humid tropical region, is characterized by the presence of Aedes
mosquitoes, facilitating the transmission of dengue fever. Occasional outbreaks
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occur throughout the year, particularly during the rainy season from May to
September when there are numerous flood basins and heavy precipitation, creating
ideal conditions for mosquito reproduction. The Department of Disease Control of
Thailand’s Ministry of Public Health (MoPH) has reported a significant dengue
fever pandemic in the past two years: 34,467 cases with 41 fatalities in 2022 and
56,547 cases with 101 deaths in January to August 2023. Bangkok, the most pop-
ulous city in the densely populated metropolitan area, centralizes the disease’s
propagation. Consequently, dengue fever is widespread in Thailand, falling under
the category of surveillance diseases characterized by high morbidity and mortal-
ity rates, extensive transmission, and a statistical tendency for further expansion.
Cases have been documented in every province and territory, indicating nationwide
spread. Prompt identification and effective management can reduce dengue fever-
related fatalities among both children and adults, as suggested by the Centers for
Disease Control and Prevention [7, 24]. In this context, Aguiar et al. emphasized
the importance of accurately modeling dengue fever datasets to minimize false pre-
dictions and enhance the reliability of forecasting models [2]. Additionally, Stein-
dorf et al. explored the effects of general cross-immunity protection and antibody-
dependent enhancement on dengue dynamics, offering valuable insights into the
complex factors influencing disease transmission and prediction [28]. Wongkoon
et al. developed temporal modeling techniques for predicting dengue infections in
Northeastern Thailand, underscoring the importance of temporal dynamics in fore-
casting dengue outbreaks [30]. Rahman et al. employed machine learning approaches
to map the spatial distribution and predict the abundance of the dengue vector A.
aegypti in Northeastern Thailand, highlighting the role of advanced computational
techniques in vector control [25]. Gangula et al. utilized ensemble machine learning
methods to enhance the accuracy of dengue disease predictions, demonstrating the
potential of integrating multiple models to improve forecasting performance [13].
Finally, Aguiar et al. provided a comprehensive review of mathematical models for
dengue fever epidemiology, reflecting on the evolution and advancements in model-
ing approaches over the past decade [5].

In this analysis, we have utilized a dataset containing records of dengue cases
in Thailand over multiple years, documenting the number of reported cases. Our
objective is to conduct a comprehensive data exploration by employing various
data visualization techniques. The ensuing visual representations provide diverse
perspectives on the dataset, offering insightful and informative ways to interpret
the information. As the field of quantitative research continues to evolve, the inte-
gration of statistical software (SS) has become indispensable for proficient data
analysis. Researchers are transitioning from traditional manual paper-based analy-
ses to more efficient digital/electronic methods utilizing SS. This shift is imperative
to meet the requirements for conducting high-quality studies using contemporary
SS solutions [1]. In this study, we employ various SS tools, including Excel, MAT-
LAB and Python packages, for exploration, visualization and predictive purposes.
Despite its limited capabilities and occasional confusing outputs, Microsoft Excel
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is utilized for statistical analysis and visualization, proving suitable for preliminary
analysis due to data constraints [11]. It holds the distinction of being the most
commonly used software for quantitative data analysis, with 92% awareness among
respondents [22]. In the realm of mathematical modeling, MATLAB assumes a
crucial role, particularly when handling large datasets for analysis, processing and
tasks that are challenging to complete manually. Its robust numerical calculation
capabilities and diverse graphics toolkit functionalities efficiently address mathe-
matical modeling challenges across various domains [31]. Python, recognized as an
advanced programming language, has experienced substantial growth, particularly
in the fields of data science and analytics. Its accessibility, extensive library support
and overall user-friendliness have established it as the preferred language for data
analysts, scientists and academics. Python’s adaptability, simplicity and stability
position it as a prime language for developing cutting-edge applications and imple-
menting machine learning techniques [26]. In this study, Python packages such
as NumPy, Pandas, Matplotlib, Seaborn and scikit-learn are employed for data
analysis, visualization and forecasting purposes. This paper is divided into three
sections. The first introduces the origin and impact of dengue fever, data sources,
analysis methods and objectives. Section 2 analyzes the data, uncovering insights
using visualization tools. Section 3 explores the application of Exponential Smooth-
ing, Polynomial Fitting and Random Forest models as predictive tools within the
context of limited data, which lacks seasonality and clear patterns. Finally, the
last section concludes the paper by summarizing the key insights and contributions
along with suggestions for future enhancements.

Main contributions of this paper are as follows:

• This paper scrutinizes real-life data, specifically concentrating on dengue cases in
Thailand, with a focus on visualizing the data using Python language libraries,
including Seaborn.

• Extensive data comparisons within the dataset are presented through the utiliza-
tion of violin plots, offering a detailed examination of dengue cases in Thailand.

• Three distinct forecasting techniques were explored for predicting dengue cases,
including the introduction of the Exponential Smoothing model. The upper and
lower ranges of predicted dengue cases were determined to enhance forecasting
accuracy.

• The paper advocates for the adoption of Polynomial Fitting and Random Forest
models as additional forecasting techniques for dengue cases, contributing to a
diversified and comprehensive approach to predictive modeling in this context.

2. Analyzing Dengue Case Data: Uncovering Insights and Patterns

In this section, we embark on a comprehensive Analysis of Dengue Case Data,
unveiling crucial patterns and insightful revelations. This endeavor involves the
succinct summarization of fundamental dataset characteristics, employing a blend
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Fig. 1. Dengue cases in Thailand.

of visual and statistical approaches. Figure 1 showcases a bar graph, a remark-
ably effective and user-friendly way to depict our data. This particular bar chart
is employed to illustrate the incidence of dengue cases in Thailand from 1990 to
2022. Notably, the graph reveals that the highest number of dengue cases occurred
in 2013, while the number of cases dropped significantly in 2021. In this visual
presentation, each individual bar corresponds to the total count of dengue fever
cases recorded for a specific year. What sets the bar graph apart is its straight-
forwardness and precision in conveying this information. This format allows for an
immediate and uncomplicated evaluation of which years saw higher or lower case
counts, facilitating the identification of significant spikes or declines. The graph
unequivocally highlights that 2013 stands out with a significantly higher number
of cases compared to all other years in the dataset. In stark contrast, 2021 reports
the lowest number of cases of all. This observation underscores a marked disparity
in the incidence of dengue fever over the years.

Figure 2 displays below serves to highlight the maximum points, or peaks, within
a dataset. The conspicuous red crosses in the illustration pinpoint these noteworthy
peaks. Peaks in the data are of particular significance as they typically signify
extreme values or points of exceptional interest within the dataset, often holding
substantial implications or warranting further analysis.

Our primary objective is to enrich our understanding of the data and the intri-
cate patterns it holds, while also identifying outliers and anomalies that can provide
invaluable insights for subsequent analyses and modeling efforts. To achieve this,
we harness a diverse range of visualization techniques, including the robust Box
Plots, illuminating Empirical Cumulative Distribution Function (ECDF) Plots and
versatile Violin Plots. These visual aids serve as powerful tools in our exploration,
empowering us to dissect the data and extract meaningful knowledge to inform
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Fig. 2. Visualization of dengue cases’ peak values.

Fig. 3. Visualizing dengue case distribution with box plots.

decision-making and further research. Figure 3 showcases dengue cases using a box
plot visualization. A box plot, also referred to as a box and whisker chart, is a valu-
able tool for understanding key characteristics of a statistical dataset, including its
shape, variability and center, typically represented by the median. This visualiza-
tion technique is especially beneficial when dealing with skewed data distributions.
In the context of Fig. 3, the dengue cases data exhibits a right-skewed distribution,
where a few extreme values are pulling the overall data to the right. This is evi-
dent because the median number of cases, which is 62,949, is lower than the mean
number of cases, which stands at 71,417.
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The box plot provides additional insights into the distribution of cases. The left
side of the box, representing the lower number of cases, is notably shorter than
the right side, which corresponds to the higher number of cases. This discrepancy
indicates that the lower number of cases are clustered more closely together, while
the higher number of cases are more spread out. This is a characteristic feature of
right-skewed data. Furthermore, the position of the median relative to the center of
the box is another important aspect of interpretation. In symmetric datasets, the
median would be approximately in the center of the box. In this case, the off-center
positioning of the median within the box further confirms that the data distribution
is asymmetric, aligning with our earlier observation of a right-skewed distribution.
This asymmetry in the data is essential information for researchers and analysts
as it helps guide more nuanced statistical and epidemiological assessments, which
may be critical for addressing and managing dengue cases effectively.

A violin plot combines the characteristics of a box plot and a kernel density plot,
allowing for a comprehensive representation of data distribution, especially high-
lighting peaks in the dataset. Its primary purpose is to provide a visual depiction
of the numerical data’s distribution. In contrast to a traditional box plot, which
primarily offers summary statistics, violin plots not only convey these statistics but
also present the data’s density, revealing more detailed insights into variable distri-
butions. Violin plots encompass several key summary statistics akin to those found
in box plots. Within the violin plot, the white dot serves as a visual indicator for the
median, while the prominent, central gray bar graphically signifies the interquartile
range. Adjacent to this bar, a delicate gray line extends to showcase the broader
data distribution. On either side of this central gray line, we observe kernel den-
sity estimations illustrating the shape of the data’s distribution. Notably, the violin
plot’s width dynamically conveys the probability associated with specific data val-
ues. Wider segments correspond to a higher likelihood that data points within the
population will assume the given value, whereas narrower sections suggest a lower
probability.

Figure 4 presents data categorized by the annual count of dengue cases. It’s
essential to observe that only one axis, specifically the x-axis, is populated, dis-
playing the total number of dengue cases for each year. The distribution’s shape,
with pronounced narrowness at both extremes and considerable width in the cen-
tral region, signifies a high concentration of dengue cases around the median value.
To deepen our understanding, we will organize the data into three distinct sets:
Set A, Set B and Set C. The first 10 rows will be assigned to Set A, the next 10
rows to Set B and the remaining rows will comprise Set C. This deliberate seg-
mentation creates the foundation for a comprehensive analysis that harmoniously
blends the data with meaningful visual representations. Through this synergy of
data and figures, we equip ourselves with the tools to delve into the complex net-
work of relationships and connections embedded within this multifaceted dataset.
This approach nurtures a holistic exploration, allowing us to unravel the intricate
interplay and influence among the various elements.
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Fig. 4. Dengue cases distribution illustrated with violin plot.

Fig. 5. Visualizing dengue cases across different Sets A, B, C using violin plots.

The depicted Fig. 5 provides a unified visual presentation of violin plots for Sets
A, B and C, where each plot overlays the others. What immediately catches the
eye is the marked divergence of Set C, represented in red, from the characteris-
tic patterns observed in Sets A and B. Set C’s representation exhibits a notably
elongated distribution, noticeably distinct from the other two sets. This elongation
results in a more pronounced and defined peak in the data distribution for Set C.
Furthermore, it’s essential to note that Set C stands out not only due to its unique
peak but also because it features long tails in the distribution. These extended tails
imply that Set C contains a greater range of data values, both higher and lower,
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Fig. 6. Separate visualization of dengue cases across distinct sets with violin plots.

compared to Sets A and B. Given these distinctive characteristics of Set C, isolating
it in separate visualizations would enable a more comprehensive examination of its
individual properties, providing deeper insights into the dataset’s complexities.

The provided visual representation showcases violin plots for three distinct sets:
Set A, Set B and Set C, each uniquely color-coded. In Fig. 6 representation, the
purple violin signifies Set A, the yellow represents Set B and the red corresponds to
Set C. These visualizations also include blue data points within the violins, which
denote the annual dengue case counts for each set. One notable observation pertains
to the medians. Set C stands out as it subtly deviates from Sets A and B. Sets A and
B appear to share a similar range of data values, as evidenced by their violin plots.
This similarity suggests that the data in Sets A and B falls within a comparable
range. On the other hand, Set C exhibits a broader range of data values, spanning
both higher and lower values when compared to Sets A and B. This implies that
Set C encompasses a more extensive spectrum of data, making it more diverse in
terms of the data values it contains. As a result, Set C is notably distinct from
Sets A and B in both the range and quantity of data values it represents, with Set
A containing the fewest data values among the three sets. This additional context
provides a deeper understanding of the dataset’s composition and variations.
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Fig. 7. Comparing two sets with violin plots: A visual analysis.

The distribution shapes within Sets A and B exhibit a pronounced similarity,
revealing nearly identical patterns in their data distributions. An evident indicator
of this similarity can be gleaned from Fig. 7, where the two white dots representing
the medians in Sets A and B are aligned in close proximity to each other. This
alignment indicates that the median values for these sets fall within the same range.
Conversely, when comparing Sets A and C, as well as Sets B and C, a striking
difference in median values is readily discernible. The visual presentation clearly
illustrates that Set C stands apart from both Sets A and B in terms of median
values, emphasizing the considerable variation in central tendencies between these
three sets.

Figure 8 is a visual representation aimed at comparing the total cases within
each set. A discernible pattern emerges from this comparison: Sets A and B closely
resemble the total case distribution, indicating a similar structural composition. In
contrast, Set C stands out as distinct from the others, suggesting that it possesses
a unique data structure not mirrored in Sets A and B. In this context, it is note-
worthy that Sets A and B play a pivotal role in shaping and contributing to the
comprehensive distribution of the total dataset. The data within Sets A and B,
when combined, serves as the cornerstone upon which the overall distribution of
the dataset is built. Their collective contributions significantly influence and define
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Fig. 8. Comparative violin plots for total dengue cases across different sets.

the fundamental characteristics of the entire dataset’s distribution, showcasing the
central role played by Sets A and B in representing the dataset’s overall structure
and patterns.

The ECDF is a data visualization tool that estimates the Cumulative Distribu-
tion Function (CDF). It arranges data in ascending order, providing a clear depic-
tion of how the data feature is distributed within the dataset. The ECDF illustrates
the proportion or count of observations below each unique value without requiring
adjustments like binning or smoothing. Its direct visualization of individual obser-
vations makes it a powerful tool for understanding data distributions and patterns.
Visualizing the data through an ECDF plot can be a more accessible way to com-
prehend the variations in the case counts. The ECDF’s slope offers valuable insights
into the range of values within the dataset: a steeper curve indicates a narrower
range, while a gentler slope signifies a broader span. The presented Fig. 9 serves as
an invaluable tool for directly discerning fundamental features of the distribution
of dengue cases. A prominent feature of this plot is its gentle slope, which suggests
a broader span of cases, indicative of a wide range in the counts of reported dengue
cases. In simpler terms, the data displays a substantial variation in the number of
cases. For example, as we examine the plot, we notice that approximately 60% of
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Fig. 9. ECDF plot for dengue cases.

the cases in the dataset register at numbers below 80,000. This implies that the
majority of observations fall within this range, and it gives us a sense of the central
tendency in the data. The median, which corresponds to the point where 50% of
the data falls below and 50% above, is noted at 62. This serves as a key reference
point in understanding the dataset’s center. Furthermore, it’s interesting to note
that only about 20% of the cases have values under 40,000. This provides a glimpse
into the portion of cases that have relatively lower counts. In summary, this plot
allows for the immediate extraction of critical insights, providing an overview of
the distribution’s span, central tendency and the proportion of cases within specific
count ranges.

3. Forecasting Dengue Cases: Employing Three Distinct
Approaches

The process of forecasting is a vital technique that revolves around the prediction of
future trends, occurrences or outcomes by drawing insights from historical data and
conducting in-depth pattern and information analysis. This methodology serves as
a fundamental tool employed across diverse industries, including finance, weather
forecasting, economics, business management and epidemiology, among others. In
this particular context, our focus lies in Forecasting Dengue Cases through the appli-
cation of three distinct and innovative methods. Our chosen approaches encompass
the utilization of the Exponential Smoothing model, Polynomial Fitting and Ran-
dom Forest models. By combining these methods, we aim to address the diverse
characteristics of dengue case data, enhancing both the precision and robustness
of our predictions. These techniques collectively empower us to navigate the com-
plexities of dengue case predictions, leveraging the strengths of each method to
enhance the accuracy and reliability of our forecasts. The fusion of these methods
represents a significant step forward in our pursuit of understanding and antici-
pating dengue trends, which can have far-reaching implications for public health
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and policy decisions. Furthermore, by integrating these diverse forecasting meth-
ods, we aim to capture different aspects of the data’s behavior, thereby offering
a more comprehensive and nuanced prediction model. This multifaceted approach
not only enhances our ability to forecast dengue cases but also provides valuable
insights that can guide targeted interventions and resource allocation in affected
regions.

3.1. Exponential Smoothing model

In Fig. 10, forecasting is done using Excel software. Excel software uses Exponen-
tial Smoothing model to deal with prediction of time-related data. Exponential
Smoothing is a forecasting method for univariate time series data. Input data is
number of dengue cases over the years from 1990 to 2022. The objective is to pre-
dict the number of dengue cases in future years. Here, we used data up to 2021
and included prediction of 2022, to compare it with actual data in 2022. Figure 10
illustrates the forecasted number of dengue cases over the years from 2022 to 2029.
The 95% confidence interval of forecasted values is also shown it.

Table 1 compares the actual and predicted number of dengue cases in 2022.
Here, the actual number of dengue cases is 46,755 and predicted number is 45,248.
The residual is 1507.

The forecast Table 2 lists out the forecasted number of dengue cases over the
years from 2023 to 2029 along with their 95% confidence intervals.

Fig. 10. Exponential Smoothing model.

Table 1. Comparison.

Year No. of cases Forecast Lower confidence bound Upper confidence bound

2021 10,617 10,617 10, 617 10, 617
2022 46,755 45,248 690.91 89, 804.26
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Table 2. Forecasted number of dengue cases.

Year Forecast Lower confidence bound Upper confidence bound

2023 121, 269 76,354 166,184
2024 110, 430 65,155 155,705
2025 62, 787 17,148 108,425
2026 97, 009 51,004 143,014
2027 101, 957 55,583 148,330
2028 131, 477 84,732 178,222
2029 79, 182 32,063 126,301

3.2. Polynomial fitting

Polynomial Fitting is a statistical method used to model the relationship between a
dependent variable and one or more independent variables using polynomial func-
tions. Polynomial equation is used to approximate the relationship between vari-
ables.

The general form of polynomial equation is

y = f(x) = qnxn + · · · + q2x
2 + q1x + q0,

where

• y is dependent variable or response variable.
• x is independent variable or predictor.
• q0, q1, q2, . . . , qn are the coefficients. Value of coefficients is estimated through

Polynomial Fitting process.
• n is the degree of the polynomial.

The objective of Polynomial Fitting is to find the values of coefficients that mini-
mize the residual of dependent variable. Residual is the difference between observed
values of the dependent variable and the predicted values from the polynomial equa-
tion. Polynomial Fitting is useful when the relationship between variables exhibits
a nonlinear pattern. In this section, Polynomial Fitting is done using MATLAB
software. Input data is number of dengue cases over the years from 1990 to 2022.
Here, the dependent variable is number of dengue cases and independent variable
is corresponding year. In Polynomial Fitting, it is essential to choose appropriate
degree of the polynomial to obtain more accurate predictions. Here, Polynomial
Fitting is done up to degree 4 and compare the most accurate fitting.

The measures of goodness of fit evaluated in this section are Sum of Squared
Errors (SSEs), coefficient of determination (R-square), Degrees of Freedom for Error
(DFE) and Root Mean Squared Error (RMSE).

• SSE: SSE is a metric to evaluate the goodness of fit in Polynomial Fitting. It mea-
sures the difference between observed and predicted values of dependent variable
based on the model.

SSE =
n∑

i=1

(yi − ŷi)2,
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where

• n is the number of data points.
• yi represents the actual value of the dependent variable for the ith data point.
• ŷi represents the predicted value of the dependent variable for the ith data point.

SSE is used to quantify how well the polynomial model fits the observed data. A
lower SSE means predictions by model are closer to actual data points. Conversely,
a higher SSE indicates model does not fit the data well and there is huge difference
between predicted and actual values.

• Coefficient of Determination: Coefficient of determination, denoted as R2 is a tool
for assessing goodness of fit of model. It represents the proportion of variance in the
dependent variable explained by the independent variable. R2 value ranges from 0
to 1. R2 value close to 0 indicates poor fit whereas R2 close to 1 indicates good fit.

• DFE: It represents the difference between the number of data points and number
of parameters estimated in the model.

DFE = No. of data points–No. of parameters estimated in model.
DFE is used in the calculation of evaluation metrics like Mean Squared Error

(MSE) with lower MSE indicating best fit. The equation of MSE is as follows:

MSE =
RSS
DFE

,

where RSS stands for Residual Sum of Squares

RSS =
n∑

i=1

((Residual)i)2.

DFE stands for Degrees of Freedom for Error. Lower MSE indicates better fit of
model to data.

• RMSE: RMSE is an evaluation metric used to asses the goodness of fit of model
to the data. It is the square root of MSE. RMSE provides an idea of how well the
polynomial model predicts future data. A good prediction model has lower RMSE
along with considering cautions to avoid overfitting.

RMSE =
√

MSE,

where MSE is Mean Squared Error.
Figure 11 illustrates Polynomial Fitting of degree 1 and corresponding residuals.

The Polynomial Fitting is performed to analyze the relationship between the vari-
ables, showcasing the models of varying complexity. The residuals provide insight
into the differences between the fitted curves and the actual data points, aiding in
the assessment of the model’s accuracy and appropriateness for the given dataset.
Original data points are way more scattered from fitted curve.
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Fig. 11. Polynomial Fitting of degree 1 and residuals.

Table 3. Coefficients and 95% confidence bounds of lin-
ear polynomial.

Coefficients Value Lower Upper

q1 449.7911 −1.0097e+03 1.9093e+03
q2 −8.3086e+05 −3.7586e+06 2.0968e+06

Corresponding polynomial equation is

f(x) = q1x + q2. (1)

Coefficients q1 and q2 are estimated through Polynomial Fitting. Table 3 shows
the estimated values of coefficients and their confidence intervals. Figure 12 depicts
the polynomial fit of degree 1 along with 95% confidence interval. The polynomial
equation (1) with estimated values of coefficients is then used to predict the number
of dengue cases in future years.

The goodness of fit for the polynomial model (1) is assessed using several metrics.
SSE is 4.7496×1010 which indicates predictions made by polynomial model (1) has
large deviations with actual data. R-square value = 0.0126 shows that only 1.26%
of variations in the number of dengue cases is explained by year. DFE is 31 since
two parameters are estimated in this model (1). RMSE value is 3.9142 × 104. It
clearly indicates the model (1) provided by Polynomial Fitting of degree 1 is not a
good prediction model.

Figure 13 illustrates Polynomial Fitting of degree 2.
Corresponding polynomial equation is

f(x) = q1x
2 + q2x + q3. (2)

Table 4 shows the estimated values of coefficients and their confidence intervals.
Figure 14 visualizes the polynomial degree 2 fit with 95% confidence bounds.
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Fig. 12. Polynomial degree 1 fit with 95% confidence bounds.
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Fig. 13. Polynomial Fitting of degree 2 and residuals.

The polynomial equation (2) with estimated values of coefficients is then used to
predict the number of dengue cases in future years.

The goodness of fit for the polynomial model (2) is assessed using several metrics.
SSE is 4.6704×1010 which indicates predictions made by polynomial model (2) has
large deviations with actual data. R-square value = 0.0290 shows that only 2.9%
of variations in the number of dengue cases is explained by year. DFE is 30 since
three parameters are estimated in the model (2). RMSE value is 3.9457 × 104. It
clearly indicates the model (2) provided by Polynomial Fitting of degree 2 is not a
good prediction model.

Figure 15 illustrates Polynomial Fitting of degree 3.
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Table 4. Coefficients and 95% confidence bounds of
quadratic polynomial.

Coefficients Value Lower Upper

q1 −60.4673 −233.6810 112.7464
q2 2.4304e+05 −4.5189e+05 9.3798e+05
q3 −2.4415e+08 −9.4116e+08 4.5286e+08

Fig. 14. Polynomial degree 2 fit with 95% confidence bounds.

Corresponding polynomial equation is

f(x) = q1x
3 + q2x

2 + q3x + q4. (3)

Table 5 shows the Estimated values of coefficients and their confidence intervals.
Figure 16 portrays the polynomial Fitting of degree 3 with 95% confidence interval.
The polynomial equation (3) with estimated values of coefficients is then used to
predict the number of dengue cases in future years.

The goodness of fit for the polynomial model (3) is assessed using several metrics.
SSE is 4.4750×1010 which indicates predictions made by polynomial model (3) has
slightly less error compared to predictions made by models (1) and (2). However,
since SSE is still a large value so that the model does not fits the data well. R-square
value = 0.0697 shows that only 6.97% of variations in the number of dengue cases
is explained by year.

After fitting polynomials of degrees 1, 2 and 3, we discuss the forecasting using
these models. Figure 17 illustrates the polynomial forecasts, with the correspond-
ing results summarized in Table 6. The performance of each polynomial model
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Fig. 15. Polynomial Fitting of degree 3 and residuals.

Table 5. Coefficients and 95% confidence bounds of cubic
polynomial.

Coefficients Value Lower Upper

q1 −11.4047 −32.1309 9.3216
q2 6.8573e+04 −5.6158e+04 1.9330e+05
q3 −1.3743e+08 −3.8764e+08 1.1277e+08
q4 9.1813e+10 −7.5488e+10 2.5911e+11

Fig. 16. Polynomial degree 3 fit with 95% confidence bounds.

is assessed based on its accuracy and ability to capture trends in the data. By
comparing the residual errors and the goodness-of-fit metrics, we determine which
polynomial degree provides the most reliable forecasts. Additionally, the limitations
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Fig. 17. Polynomial forecast.

Table 6. Polynomial forecast.

Year Degree 1 Degree 2 Degree 3

2023 79,063 67,071 42,642
2024 79,513 65,404 32,353
2025 79,963 63,616 20,712
2026 80,413 61,708 7650

of higher-degree polynomials, such as overfitting, are considered in the context of
forecasting. This analysis provides insights into the trade-offs between model com-
plexity and predictive performance, guiding the selection of the most appropriate
model for future predictions.

3.3. Random Forest

In this section, Random Forest model is used to make predictions on the number
of dengue cases in upcoming years. Random Forest is an ensemble learning method
that builds multiple decision trees during training. Each tree is constructed from
a subset of the data and features, and the final prediction is derived by averaging
the predictions of all individual trees. This technique enhances predictive accuracy
and mitigates overfitting by aggregating the results of multiple trees. The Random
Forest model’s ability to handle nonlinear relationships and interactions between
variables makes it particularly useful for forecasting tasks in complex datasets such
as those involving disease incidence. By leveraging historical data on dengue cases
and associated features, the model generates forecasts that account for historical
trends and potential variability.

Figure 18 illustrates the forecast generated by the Random Forest model.
The graph displays the predicted number of dengue cases from 2023 to 2026.
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Fig. 18. Random Forest forecast.

Table 7. Random Forest
forecast.

Year Forecasted Value

2023 71,514
2024 33,028
2025 88,995
2026 52,804

The forecasted values show a range of potential outcomes, reflecting the model’s
consideration of historical trends and inherent variability in the data. This range
provides a nuanced view of future dengue case numbers, indicating periods of both
high and low incidence.

Table 7 provides the forecasted values for the number of dengue cases from 2023
to 2026. The predictions suggest significant fluctuations in dengue incidence over
these years. Specifically, the forecast indicates a potential increase in cases in 2025,
with a decrease in 2024 and a resurgence in 2026. These variations highlight the
model’s capacity to predict both peaks and troughs in dengue cases, which can be
crucial for public health planning and intervention strategies.

4. Conclusion and Future Direction

In this study, a comprehensive exploration of predictive models was conducted
to anticipate the future dengue case numbers in Thailand. The models evaluated
include Exponential Smoothing model, Polynomial Fitting and Random Forest
model, each offering a unique approach to prediction under the constraints of lim-
ited and patternless data. The effectiveness of these models was rigorously evaluated
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through the use of various evaluation metrics. Our research leveraged multiple soft-
ware tools, including MATLAB, Python and Excel, to both explore the dataset and
to develop the forecasting models. Recognizing the constraints posed by our limited
data, we made earnest efforts to construct a dependable predictive model. While
our models represent a significant step toward understanding and predicting dengue
outbreaks, it is crucial to acknowledge the inherent uncertainties and complexities
associated with infectious disease dynamics. Further research and data collection
will be essential to refine and enhance the accuracy and reliability of these predic-
tive models, ultimately contributing to more effective public health preparedness
and response strategies in Thailand and beyond.

In our future work, we envision enhancing the depth and scope of our dengue
case analysis by incorporating additional parameters into the dataset. This expan-
sion aims to facilitate a more comprehensive analysis, ultimately leading to
improved predictions. One prospective avenue involves obtaining region-specific
data, enabling a nuanced examination of the geographical distribution of dengue
cases in Thailand. By stratifying the data regionally, we anticipate gaining insights
into the areas most severely impacted by dengue. This regional breakdown can
serve as a valuable tool in identifying key factors influencing the prevalence of
dengue cases. Understanding the localized dynamics of the disease will aid in pin-
pointing specific risk factors and potentially contribute to the development of tar-
geted interventions and preventive measures. This future work holds promise for not
only refining our predictive models but also for contributing valuable information
to public health efforts. The identification of specific factors driving dengue out-
breaks in particular regions can inform targeted interventions and preventive mea-
sures, thus fostering a more effective approach to dengue control and mitigation in
Thailand.
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