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Abstract: - The novel coronavirus causing the COVID-19 pandemic and morbidity and mortality around the
world has left unprecedented repercussions on all aspects of life. Estimation of the incidence of coronavirus
patients will reimburse planning and preparation for new waves. The link between COVID-19 and air pollution
data can allow us to estimate COVID cases. In this study, count data models; Poisson regression and negative
binomial regressions models and machine learning methods; support vector regression and random forest are
used to investigate the link between new COVID-19 cases and the air pollution data in Bangkok, Thailand. The
root means square error and means absolute percentage error are used as the criterions to compare the efficiency
from each method. The results from the real data showed that the support vector regression outperforms random
forest and also Poisson regression and negative binomial regression models.
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1 Introduction pollution is also linked to COVID-19 mortality. The
The COVID-19 pandemic has profoundly afflicted most recent situation_is that the air pollution all over
global health, economies, and lives. Since the start Thailand is threatening health, so extreme policies
of the outbreak, efforts to predict the incidence and have been reinforced yet again, such as closing
spread of the coronavirus have been imperative for schools for the meantime and providing free sky
formulating public health interventions and train services to deter pollution from car exhausts.
mitigating repercussions on the population such as Many  studies have found significant positive

correlations between air pollution and COVID-19

morbidity and mortality. Global vaccination ah : X i ) )
incidence including a systematic review of studies

programs were enforced but some groups remain

susceptible including immunocompromised in North A-rnerica.and Europe using particulate
individuals, [1]. In many countries around the matter ~ with  diameter 52-5. or .10 pm
world, there has been a rise in pollution such as fine (PM2.5 or PMlQ)’ ~ozone (O3), nitrogen d10x¥de
particulate matter that significantly contribute to (NO2), sulfu'r dioxide (SO2) and carbon monoxide
increased risk and severity of respiratory and (CO) to predlct'cases, [2]. )

cardiovascular conditions that may be non- A study using a linear regression model found

communicable or infectious. Exposure to long term that nitrogen dioxide levels were linked to COVID-
related deaths [3]. Methods such as estimators [4]
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and [5] have been applied to predict COVID-19
cases focusing on real world circumstances of
missing data, but machine learning models for
forecasting COVID-19 incidence from pollution are
limited, although they can benefit greatly with its
accuracy and can save time and costs while utilizing
large sets of data. A study utilized machine learning
to predict COVID-19 cases from previous infection,
fine particulate matter (PM2.5), temperature, and
humidity data in Nigeria, but may not have found
the most suitable algorithm to apply to PM2.5 data
as it did not yield superior accuracy in comparison
to the other data, [6]. Air pollution caused by
exhausts also leads to oxidative stress,
inflammation, and EGFR gene mutation resulting in
lung cancer, this mechanism has herbal drugs
currently being researched along with its effects in
treating COVID, [7]. Count data models such as
Poisson regression and negative binomial regression
models are usually used to models count data just
like new COVID-19 cases. Some works have
developed estimators for the estimation of the
interested population mean to yield the highest
accuracy, [8], [9].

In this study, we aim to investigate the
association between COVID-19 incidence and the
air pollution data e.g., PM2.5, PM10, CO, NO2,
SO2 wusing two count data models; Poisson
regression and negative binomial regression models
and two machine learning methods; support vector
regression and random forest. The root means
square error (RMSE) and mean absolute percentage
error (MAPE) are considered as the criterions in
comparison for each method.

2 Research Methodology

2.1 Count Data Models

The count data models; Poisson regression and
negative binomial regression models and machine
learning methods are considered in this study. The
details are as follows.

Poisson regression model is a model for count
data which is a special case of the generalized linear
model where mean and variance of the Poisson
random variable must be equal. The density function
of Poisson distribution is shown in equation (1),
[10].

efﬂﬂy
f(y| |X|)= y' ] y:()alaza"-s (1)
where s is the rate parameter.
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Mean and variance of the response variable are
shown in equation (2).

EQYi %)=V (Y [%)=p (2
The negative binomial regression model is also used
when the response variable is a count variable that
has negative binomial regression distribution. It is
less strict than the Poisson regression model which
can be used when the mean and variance are not
equal which is called overdispersion when the
variance is larger than the mean, [11]. The density
function of negative binomial is shown in equation
3).
r(y+60) o’
F(H)y' (,U+H)y+0 b

where @ is the shape parameter, 4 is the mean and

f(y; 1,0) =

€)

F() is the gamma function.

Mean and variance of the response variable are
respectively.

EQY; [ %) =u,
VY, [ X)=u(1+1/0) .

“)
)

2.2 Machine Learning

One of the artificial intelligence (Al)is machine
learning or it is called (ML). Machine learning is
used as the brain of Al to create intelligence which
refer to the models that are created by computers
where humans are only responsible for
programming by learning from data and let machine
handle the rest by itself. It is designed by a data
scientist which requires a mechanism that is a
program or called an algorithm that has many
different types, and it needs to be compared with
others to find the most suitable algorithm for actual
use. Example tasks of machine learning are data
analysis, predicting data, images categorization (see
e.g. [12], [13], [14], [15], [16], [17], [18]). In this
study, we considered two machine learning
methods; support vector regression model and
random forest.

Support vector regression (SVR) is a special
case of support vector machines (SVM) that is
applied to regression issues. The algorithm of SV is
a nonlinear generalization of the Generalized
Portrait algorithm that is established in the sixties in
Russia [19], [20]. As a result, in the past three
decades, SV algorithm is grounded framework in
statistical learning theory or VC theory which can
be used for classification in machine learning very
well for unseen data and has been developed by
[21], [22], [23], [24], [25], [26], [27], [28]. The
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kernels, sparse solution and Vapnik-Chervonenkis
(VC) theory are used to categorize the SVR in
margin controller and the number of support
vectors, [29]. Support vector regression challenges
by minimizing the generalization error bound
instead of observed error to get the generalized
performance. SVR used the basic concept of the
computation of high dimensions of the feather space
which map the input data with a nonlinear function
in a linear regression function, [30].

Random forest is one of the machine learning
models that were suggested by [31] and were
inspired by the work of [32] that aggregates the
output from multiple decision trees in order to create
a single result for a predictor variable. Random
forest can handle both a categorical response
variable which is referred to as classification and a
continuous response which is referred to as
regression so therefore the predictor variables can
be either categorical or continuous data [33], [34],
[35], [36], [37], [38]. Both support vector
regression and random forest can be useful in the
prediction of the predictor variable.

3 Research Results

3.1 Count Data Model Results

The response variable in this study is daily new
COVID-19 cases from the top three ranks in
Bangkok, Thailand; Bankok Noi, Din Dang and
Huai Khwang from Ministry of Public Health,
Thailand between the third and fourth stages of the
outbreak between 1%t of April 2021 and 30" of April
2022 [39] and the independent variables are the air
pollution data from pollution control department
[40] consist of PM2.5, PM10, NO, CO, SO and O3.
Stepwise regression method is used to select the best
model from Poisson regression and negative
binomial regression models. Figure 1, Figure 2 and
Figure 3 represent the number of new COVID-19
cases from Bangkok Noi, Din Dang and Huai
Khwang respectively.

Fraguency

o 50 100 150

COUNT

Fig. 1: The number of new COVID-19 cases from
Bangkok Noi
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Fig. 2: The number of new COVID-19 cases from
Din Dang
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Fig. 3: The number of new COVID-19 cases from
Huai Khwang

The descriptive statistics for new COVID-19
cases and the air pollution variables are represented
in Table 1. The estimated values of parameters for
count data models are represented in Table 2.

From Table 1, we can see that the variance of
new COVID-19 cases is larger than the mean for all
three districts; Bangkok Noi, Din Dang and Huai
Khwang.

Table 1. Descriptive statistics for new COVID-19
cases and the air pollution variables

District Variable Mean Standard | Minimum Median | Maximum
deviation
Bmgkok New COVID-1% 28 33.664 1 17 169
Noi, cases
PM25 20969 10.033 9 17.375 67.708
PMI10 37.808 15.944 16.792 32333 104542
NO 9.772 8 0261 7957 43.409
co2 0.406 0.243 0.076 0.3350 1.071
SO 2332 1.436 0.043 2826 4.870
03 19281 7.994 14.435 17.478 40.565
Din Dang New COVID-19 32.854 42241 1 17 405
cases
PM25 29023 11422 13.087 25542 89.708
PMI10 5.949e+01 | 1.924e+01 | 2.775¢+01 | 5.387e+01 [ 1.326e+02
NO 29317 14.138 7.769 25.261 80.091
co2 1.239 0.329 0.557 1178 2.934
03 14.077 6.991 5556 12227 54913
Huai, New COVID-19 28.682 36.532 1 17 349
Khwang cases
PM2.5 17.248 9.072 5.958 14.125 61.417
PMI10 30384 12275 12.208 27125 74875
03 19333 8.67 3348 1813 4287

Volume 21, 2025



WSEAS TRANSACTIONS on ENVIRONMENT and DEVELOPMENT

DOI: 10.37394/232015.2025.21.66

Table 2. The estimated values of parameters for
count data models

District Variable Mean Standard | Minimum Median | Maximum
deviation
Ba.ttlgknk New COVID-19 28 33.664 1 17 169
Nai, cases
PM2.5 20969 10.033 9 17.375 67.708
PM10 37.808 15.944 16.792 32333 104.542
NO 9.772 8 0.261 7.957 43.409
co2 0.406 0243 0.076 03350 1.071
SO 2332 1436 0.043 2826 4.870
03 19.281 7.994 14.435 17.478 40.565
Din Dang New COVID-19 32.854 42.241 1 17 405
cases
PM2.5 29.023 11422 13.087 25542 89.708
PMI10 5.949e+01 | 1.924e+01 | 2.775e+01 | 5387e+01 | 1.326e+02
NO 29317 14.138 7769 25261 80.091
co2 1.239 0329 0.557 1178 2.934
03 14.077 6.991 5.556 12.227 54913
Hual New COVID-19 28682 36.532 1 17 349
Khwang, cases
PM2.5 17.248 9072 5958 14125 61417
PM10 30384 12275 12208 27.125 74875
03 19.333 8.67 3.348 18.13 42.87
Table 2 shows the results found from the

Poisson regression model and negative binomial
model.

Stepwise regression model is used to select the
best model for each model. We can see that the
negative binomial regression model is suitable to
use when compared to Poisson regression model
considering it has a smaller AIC and BIC.
Moreover, it is also supported by Table 1 that the
variance of new COVID-19 cases is larger than the
mean which is more suitable to use with negative
binomial regression.

3.2 Comparison of the Models

According to the results in section 3.1 we now
compare the negative binomial model with the
support vector regression model and random forest
using RMSE and MAPE. The results are shown in
Table 3.

Table 3. Root mean square errors and mean absolute
percentage errors for count data models and
machine learning methods.

District Model RMSE MAPE
Bangkok Noi Negative binomial regression 31.387 300.852
Support vector regression 30.774 123.999

Random Forest 41 25139

Din Dang Negative binomial regression 36.235 344.287
Support vector regression 34.607 176.719

Random Forest 39.255 350.240

Huai Khwang Negative binomial regression 33.992 | 276.221
Support vector regression 34.524 162.416
Random Forest 37.631 258.577
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From Table 3 we can see that the support vector
regression performed the best in this situation as it
produced the smallest MAPE and also if we
consider RMSE we can see that for Din Dang
district, support vector regression gave the smallest
RMSE and also similar RMSE for both support
vector regression and random forest for two
districts; Bangkok Noi and Huai Khwang. As a
result, for the new COVID-19 data that we
considered, the support vector regression is
recommended to use to estimate new COVID-19
cases for all three districts. As we can see from
Figure 4, Figure 5 and Figure 6 that the predicted
values for new COVID-19 cases from support
vector regression method are closer to the actual
new COVID-19 cases for all three districts.
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Fig. 4: The actual values of new COVID-19 cases
compared to predicted values from negative
binomial regression model, support vector
regression and random forest methods for Bangkok
Noi
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Fig. 5: The actual values of new COVID-19 cases
compared to predicted values from the negative
binomial regression model, support vector
regression and random forest methods for Din Dang
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Fig. 6: The actual values of new COVID-19 cases
compared to predicted values from the negative
binomial regression model, support vector
regression and random forest methods for Huai
Khwang

4 Conclusions

The count data models both the Poisson regression
and negative binomial regression models are used to
compare with the results based on machine learning;
support vector regression model and random forests.
We can see that the machine learning using the
support vector regression model performed the best
in this situation for estimating new COVID-19 cases
using air pollution data from three districts in
Thailand.

This work applies knowledge of the profound
association between air pollution and COVID-19
cases, causing more morbidity and mortality
through respiratory damage leading to vulnerability
to the virus. The prevailing measures for deterring
the progression of the pandemic have focused on
preventing transmission and ameliorating healthcare
services although this is seldom not enough as
research has shed light on association of the virus to
air pollution, a long-term dilemma. Predicting
COVID-19 incidence is critical for gaining insights
for future public health plans, while also
highlighting the importance of reducing pollution
which contributes to the increased prevalence and
disease severity. This study emphasizes the need for
health policies that eradicate both public health
issues and environmental risks that threaten health,
especially when they are associated together in
which the mitigation of one would lead to the
improvement of the other. For future works, other
count data models and machine learning can be
considered to predict COVID-19 incidence or
another real data set which can be useful in policy
planning for global issues.
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