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Abstract

The research aimed to study the effect of ambient PM, 5 and meteorological parameters on the incidence rates of COPD. The
study, using the panel model, lasted for 7 years and covered eight provinces in the upper northern region of Thailand (January
2014-December 2020). The feasible general least squares (FGLS) for the heteroscedasticity were used to estimate all the
parameters in the model. The study result showed that all PM, 5 and meteorological parameters contributed to an increase in
COPD cases. Chronic obstructive pulmonary disease, or COPD, refers to a group of diseases that cause airflow blockage and
breathing-related problems, including emphysema and chronic bronchitis (Mannino et al. 2002). We found that the average
increase of PM, 5 by 1%, would add an increased risk of COPD cases by 0.25% at a significance level of 0.10. Our study
results also revealed that the average increase of temperature, humidity and hot spots by 1% would lead to the increased risk
of new COPD cases by 0.42% at a significance level of 0.05. Moreover, a rise in the average of the lowest temperature in the
provinces under the study by 1%, would increase the number of new cases of COPD by 0.92% at a significance level at 0.01.
There were some challenges involved in investigating health impacts of PM, 5. This study demonstrated that evidence from
the econometric panel data model provided valuable information for future efforts to prevent incidence of PM, 5 disease. It
is recommended that a more comprehensive program is needed to reduce the exacerbation rate of COPD.
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1 Introduction

Chronic obstructive pulmonary disease (COPD), a signifi-
cant public health problem worldwide, is characterized by
irreversible and progressive airflow limitation associated
with chronic and aberrant pulmonary inflammation and
pulmonary remodeling induced by the abnormal pulmonary
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response to inhaled noxious particles and gases or air pol-
lution (Vestbo et al. 2013). In recent years, COPD has been
a significant cause of global morbidity and mortality. It
is predicted that it will become the third leading cause of
death and the fifth global burden worldwide by 2020 (Barnes
2007). For decades, the most important causal factor for
COPD has been cigarette smoking, yet only a few smok-
ers (15-20%) eventually develop COPD (Lamprecht et al.
2011). Moreover, approximately 25% of COPD patients are
non-smokers (Salvi and Barnes 2009). A multitude of epi-
demiological studies have shown that ambient fine particu-
late matter (diameter <2.5 um; PM, 5) was associated with
increased morbidity and mortality of COPD (Zhao et al.
2019). Thus, it suggests that there are several factors that
contribute to COPD development and progression. In recent
decades, substantial epidemiological evidence has indicated
that ambient particulate air pollution, including PM, s, is
becoming a crucial detrimental risk factor for COPD (Song
et al. 2017).
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On average, each year there are 6.5-7 million prema-
ture deaths due to air pollution, among which 1.7 are chil-
dren (Landrigan et al. 2017). USA is in the 7th rank of the
world's highest death toll from air pollution (Global Alli-
ance of Health and Pollution 2019). According to reports
of the Energy Policy Research Institute of the University
of Chicago, USA, in 2018, China and India had the highest
rate of death from air pollution, 1 million and more than
600,000, respectively, whereas the number of deaths in
Thailand was 50,000. Moreover, nearly 90% of people who
died from air pollution were in low-to-middle-income coun-
tries, especially in Southeast Asia and the Western Pacific,
including China, with higher concentrations of particulate
matter and being of the world's most polluted cities in Asia
(Chongsuvivatwong et al. 2011). Numerous studies have
been conducted over the past few decades in several cit-
ies of Thailand focusing on chemical characterization of air
pollutants (Choochuay et al. 2020a, b, c; Pongpiachan 2014,
2016; Pongpiachan and Iijima 2016; Pongpiachan and Paowa
2015; Pongpiachan et al. 2013, 2015a, b, 2017, 2018, 2021).
Thailand spent approximately 2000—3000 million Baht on
healthcare costs in medical treatment, masks, and air puri-
fiers (Chairattanawan and Patthirasinsiri 2020). However,
the expenses on air pollutant-related diseases were relatively
small compared to obesity, Type 2 diabetes, and neurode-
generative diseases (Health et al. 2018; Pholthaweechai and
Pengnoo 2021).

Compared to other countries, Thailand's effort to solve air
pollution problems, especially in Northern Thailand, is still
very low and at a critical level (Sutthichaimethee and Ari-
yasajjakorn 2018). There is a lot of forest burning and burn-
ing of biomass for agricultural land that causes air pollution
(Pongpiachan et al. 2015a, b). Exposure to ambient particles
is found to be a risk factor that causes an acute exacerba-
tion of chronic obstructive pulmonary disease (AECOPD)
(Pipatvech 2021). It was found that, in 2016, 75% of the
Thai population lived in areas surrounded by air pollution
exceeding an acceptable level (Department of Health 2020).
One of the reasons behind this is that the Thai government
has set air quality index (AQI) values higher than that set
by WHO and as such the official acceptable healthy AQI
level in Thailand is higher than that accepted. (Clean Air
Network Thailand 2019). However, when analyzed at the
local level, the data showed that the worst area in the country
was Chiang Rai, with a record of life expectancy reduced by
3.9 years on average, whereas in Bangkok by 2.4 years (Atta-
vanich 2019). Hence, the apparent problem of Thailand's air
pollution is that the Thai government emphasizes the impor-
tance of economic growth over environmental degradation
and its impact on public health. In summary, this study
aimed at investigating effects of a PM, 5 and meteorological
parameters on incidence rates of COPD in the upper north-
ern region of Thailand through the use of an econometric
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panel data model to design a practical guideline. In addition,
data were also obtained from Moderate Resolution Imag-
ing Spectroradiometer (MODIS), The National Aeronautics
and Space Administration (NASA), Institute of Emergency
Medicine, National Health Security Office, Cancer Institute,
National Statistical Office, and the Pollution Control Depart-
ment of Thailand. Overall, to answer the main research ques-
tion of this study, we needed to assess the impact of PM, 5
and meteorological parameters on COPD prevalence rates.
Based on our air quality impact assessment in Thailand, it
was found that the biomass burning contributed 72% to air
pollution in Thailand. Especially in the Northern Thailand,
the impact of biomass burning is very significant with a con-
tribution of 94% to air pollution (Vongruang and Pimonsree,
2020). Provinces in the northern region where many people
suffer from repeated smog problems are Chiang Mai, Chiang
Rai, Mae Hong Son, Lamphun, Lampang, Phrae, Nan and
Phayao. In spite of the fact that the upper northern region of
Thailand has been experiencing adverse health impacts from
air quality problems for decades, the haze episode began to
catch public attention in 2014 (Wichit and Udom 2016).

2 Research Methodology
2.1 Objectives

To study the effect of ambient PM, 5 and meteorological
parameters on incidence rates of COPD.

2.2 Research Hypothesis

Ambient PM, 5 and meteorological parameters increase inci-
dence rates of COPD.

2.3 Overview of the Data

This study employed a quantitative research method to
analyze the correlation between PM, 5 and meteorological
parameters and the incidence rates of COPD using statistical
panel data between 2014 and 2020 in the eight provinces:
Chiang Mai, Nan, Chiang Rai, Lampang, Phrae, Phayao,
Lamphun, and Mae Hong Son provinces.

The meteorological parameters data (weather informa-
tion, average rainfall, average temperature, average-highest
and lowest temperature, average relative humidity (%) and
average visibility (km)) were collected from the Thai Mete-
orological Department (2020) and the MODIS satellite heat
point factors (GISTDA 2020). The PM, 5 data source came
from the monthly average of pollution (Pollution Control
Department 2020). And the disease data source of COPD
were collected from the Control Department and the Health
Data Center (HDC) system. To support the advance service
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system policy and drive the country's public health reform
(Ministry of Health 2020).

2.4 Panel Data Analysis

Several empirical studies have used the information panel
data to examine the degree and association of non-commu-
nicable diseases (NCD,) correlation effects on illness (Mar-
thias et al. 2021). Different steps were taken to analyze the
data to find the relationship between meteorological param-
eters and incidence rates of COPD. There is also an econo-
metric approach that uses real data from the past to ana-
lyze statistical processes. This economic approach has been
widely used internationally, such as the studies by (McCarl
et al. 2008; Cabas et al. 2010). However, this model still
has limitations: the number of new cases of COPD that
occur may not be the result of climate change but may be
due to other environmental factors. Furthermore, this eco-
nomic approach cannot identify the impact of change. This
approach starts with checking the stability of the economic
approach. Its first step is to check the stability of the infor-
mation using the test of stability introduced by the Aug-
mented Dickey-Fuller Unit Root Test. In addition to this
step, once the data is stable, the next step is to proceed.
Nevertheless, if the data are unstable (non-stationary), the
adjustment will be made to stabilize the initial data either by
different methods or adding a logarithm. The next step is to
test the linear relationship using multicollinearity, of which
the variables relate to others in typical linearity. Panel data
are a group of data collected from the same collecting data at
different interval changes (Baltagi 1995). So the panel data
are cross-sectional. Together with time series data (cross
section and time series data), the panel data will enable the
study of change in the explanatory variable of each cross-
sectional unit over the changing times; and units were stud-
ied in the same period (Baum 2006).

Fixed and random effects of equation model were tested
by the method, ‘Hausman's Specification Test’ (Mandel
2010). Coefficient of each input variable analysis of this kind
of data therefore vary as follows.

In the last step, panel data have the variable time invari-
ant: a;, which is a variable that is always constant no matter
how much time has changed. It cannot be measured because
it is hidden outside the equation addition. There may be a
return from many risks from this. Therefore, a; becomes an
unobserved individual specific effect that is embedded in an
equation creating a serial problem: correlation and heter-
oskedasticity problems. Based on the above problem, panel
analysis presents a method for manipulating time invariant
variable: a; which can be done in two ways:

1. Random effect model is an analysis that allows q; to
come in effects on variables in equations using Meth-

ods Feasible generalizing the least squares, (FGLS). To
solve the serial correlation problem, the Random Effect
Model is used to combine g; with the correlation value.
Error U;, becomes New Tolerance V;,.; such analysis
will have important assumptions. That is a; must not be
related to any independent variables. In the equation, the
mean point is zero and there is a variance equal to Q°,,
changing the shape of the variable with FGLS method.

2. Fixed effect model is an analysis that controls g; by elim-
inating its influence. Once q; is taken out of the equa-
tion, it can no longer interfere with the demean analy-
sis method, where the key assumption is a;. a; must be
related to the independent variables in the equation and
must not be related to each other Cov(a;, aj) =0; i #j.
The demean extracts the variable g; from the V;, error
first, becoming a;+ U, afterwards. It then takes the sam-
ple variable value minus the mean of the sample variable
and adds the time and sample. All Fixed Effect methods
provide results that mean sample has constant behavior
over time. No matter how outside influences affect it, it
does not change behavior.

Fixed effects model and random-effects model is shown
as follows:
Fixed effects model:

K
yi,:a[+2ﬂkxkh+un i=1,...,N, t=1,....,T (1)
k=1

Random effects model

K
Vu= D Bxle ) i=1...N, t=1..T (2
k=1

According to Index i, the differentiation between the
subjects and ranges was one to N, in which N represents
the number of subjects. Furthermore, each subject was
observed T time, and the index ¢ differentiated the observa-
tion times from one to 7. In addition, K is the number of
the explanatory (independent) variables.

2.5 Statistical data

In this study, using a database consisting of the panel
data set, K represented the monthly data (N) obtained
from eight provinces in the 2014-2020 terms (7), in a
total of 7 years due to some constraints of data collec-
tion. The dataset is a balanced panel and has (N) X TxX K
=(8x12)x7x%x9=6,048 observations. Each variable has
(N)XxT=(8x%x12)x7=672 observations.
There are two parts of the analysis as follows:
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1. Descriptive statistical analysis, mean, maximum, maxi-
mum and standard deviation.

2. Econometric model, to analyze the impact factors affect-
ing on COPD in the Upper North Region of Thailand in
the panel data collected during 2014-2020 by the panel
data model. The dependent variable and the descriptive
variable in the model are defined as follows.

The dependence variable is COPD,, the (COPD: ppl);
where MINT,, is the average minimum temperature (degrees
Celsius), MAXT,, is the average maximum temperature
(degrees Celsius), TRAI, is Total rainfall (mm), RHM,, is
relative humidity average (%), VISIT,, is visibility (kilom-
eters), PM, s, is an ambient fine particulate matter (ug m=>),
HOTS;, it is the hotspot heat point dot, and TIME,, is a time
trend variable. If the province effects are uncorrelated with
the regression, they are known as random effects. This is
because in the random-effect model, there is no correlation
between the province-specific effects and the regressions.
Once the province effects correlate with the regressions, they
are known as fixed effects. In addition to this, a theoretical
model to analyze the factors affecting the climate factors
showed that, (Sinnarong et al. 2019). Applying the concept
of modeling in econometrics for panel data had advantages
in taking into account the impact of differences in space
and temporal differences. The model for data estimation is
shown as follows:

COPD;, = «; +f,MINT;, + f;,MAXT,, + p;;TRAIL;, + p,,RHM,, + p,5VISIT,,

+ b16PM, 5, + B1;HOTS,;, + BisTIME,, + p;,

the standard deviation of 2.10 points, while the minimum
and maximum were equal to 2 and 2703 points, respec-
tively. The minimum and maximum values are 0 and 464
cases, respectively. Regarding temperature, the average was
35.71 °C, while the minimum and maximum were 26.65 C
and 43.65 °C, respectively, with the standard deviation of
3.15 °C. The total rainfall was at an average of 48.24 mm
with a standard deviation of 187.52 mm, in which the mini-
mum and maximum total rainfall were 0.00 mm and 1061.8
mm, respectively. Regarding the humidity, the average was
73.63 % with a maximum value of 86%, and the minimum
was 45%, whereas the standard deviation was 9.49. The aver-
age visibility was 7.46 km with a standard deviation of 2.08
km, in which the minimum and maximum values were 1.50
km and 12.50 km, respectively (Table 1).

Data’s suitability (Pre-estimation Specification Test)
was tested for the monthly COPD in the Upper Northern
Region of Thailand, panel data (2014-2020). Regarding
the regression analysis with panel data analysis in case of
variance problem (Heteroscedasticity), it is necessary to
test the suitability of the data first. In addition, the use of a
stability test of balance panel data was employed to avoid
spurious correlation. The test consisted of two methods.
One method was Levin, Lin and Chu (LLC) (Baltagi 1995).
And the other, Im, Pesaran and Shin (PIS) (Baum 2006).
The test results showed that the monthly COPD, maximum
temperature, minimum temperature, total rainfall, relative

3

COPD;, to respiratory syndrome (ppl), MINT;, to the average
minimum temperature ('C), MAXT, to the average maxi-
mum temperature (‘C), TRAI, to Total rainfall (mm), RHM,
to the relative humidity average (%), VISIT;, to visibility
(km), PM, s, to ambient fine particulate matter (ug m™>),
HOTS;, to hotspot heat point dot, TIME, to a time-trend
variable, u;, to an error that cannot be observed, f to a casual
regression coefficient, « to a casual constant.

3 Results

This section discusses results of a study on the effects of
PM, 5 and meteorological parameters on COPD incidence
rates in the upper northern region of Thailand, 2014-2020.
The average number of new cases of COPD value was 32.72
cases per month. Here, in addition, the average of PM, ;
was 144.71 (ug m~?) with the standard deviation of 29.51
(ug m™>), while the minimum, maximum values appeared
to be 61 (ug m™>) 258 (ug m™), respectively. In terms of
the hot spot heat, the average result was 233.07 points with
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humidity average, visibility, PM, 5 (ug m™>), and hotspot
heat were at a stationary level. Hence, it is not necessary
to determine the difference of the data before performing
the regression analysis. In addition, we have also tested
the problem of the variance of inconstant error. To find the

Table 1 Descriptive statistics of PM, 5 and meteorological parameters
related to on COPD

Variables Aver SD Min  Max

COPD (ppl) 3272 3699 0.00 464.00
PM, 5 (ug m™) 14471  29.51 61.00 258.00
Hot spot heat (point dot) 233.07 2.10  2.00 2703.00
Maximum temperature (‘C) 35.71 3.15 26.65 43.65
Minimum temperature (‘C) 16.66 455 5.70 26.50
Total rainfall (mm) 4824 187.52 0.00 1061.80
Relative humidity average (%)  73.63 9.49 45.00 86.00
Visibility (km) 7.46 2.08 1.50 12.50

Source: From the calculation of the Individual Sample (monthly from
2014-2020)
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relationship, the variance describes the error in the form of
experiments of the long-term variability and the error in the
meteorological parameter model with the monthly COPD.
The Breusch—Pagan—Godfrey test was used to determine the
relationship between the square error and the explanatory
variable and the auto regressive method. Conditional hetero-
scedasticity (ARCH) from determining the relative square
of values error with the lag from the test results of both
methods revealed that there was a problem of the variance
of the error which was not constant. Hence, (FGLS) was
conducted, which was appropriate for the analysis of the
meteorological parameters with the monthly COPD (Tor-
res-Reyna 2007). The form of the equation in a double-log
format and consider the P value from the estimation of the
coefficients of the Fixed Effect Model and Random Effect
Model functions. The resulting value is 0.000 which is a
small value. Then the level of statistical significance at the
99% confidence level means that the fixed effect model is
more suitable than the random effect model. This study,
therefore used the fixed effect model coefficient estimation
of the mean function; it was more suitable by comparison.
The regression equation had an unstable variance problem.
Heteroscedasticity was used to investigate the problem of the
variance of the inconsistency with the Wald test method and
to solve the problem of the variance of the inconsistency of
the error with the instability the most common least squares
estimation possible (a feasible generalized the least squares,
FGLS). Problem test results heteroscedasticity test of the
Wald Test method of Fixed Effect Model COPD showed that
the calculated Chi-Square statistic was higher than the criti-
cal value (Prob.< «) at the significant level of 0.01 (Prob.
= 0.000) rejecting the main assumption, but indicating that
the regression equation had an invariant variance problem.
The fixed effect model estimation of heteroscedasticity to
solve the problem of the variance of the error was therefore
not constant, with the most common least squares estima-
tion possible (a feasible generalized least squares, FGLS),
as shown in Table 2 below.

4 Estimation of Meteorological Parameter
Model of COPD

In this study, the FGLS procedure was used to estimate coef-
ficient the parameters of the higher equation. The results of
the fixed effect from panel data, least squares (PLS) had a
linear relationship, according to the concept (Di 2006, 2009).
Because R-squared the FGLS had higher equation and SE of
regression, adjusted R-squared had lower equation the coef-
ficient was more efficient (Sinnarong et al. 2018). The panel
with the least squares (PLS) are illustrated in Table 3 for
the monthly information of the effects of time trend (T) on
COPD. Hence, with that PM, s meteorological parameters

Table 2 Unit root test of variables used for panel data analysis (2014—
2020)

Variables LLC test IPS test
COPD (ppl) 94.7405%** 210.021**
PM, 5 (ug m™) 196.165** 93.1704**
Hot spot heat (point dot) 213.082%* 189.1841%*%*
Maximum temperature (‘C) 151.368%* 85.1101%**
Minimum temperature (‘C) 163.888** 97.7393**
Total rainfall (mm) 124.026** 144.305**
Relative humidity average (%) 173.912** 86.9104**
Visibility (km) 193.170** 127.205%**
COPD test results Chi-square Probability
Hausman'’s Specification Test 49.48%** (0.000)
Heteroscedasticity in fixed effect ~ 34.10%* (0.000)

regression model

Source: researcher own estimated using panel data (2014-2020)

* and **indicate that the significant at the 0.10 and 0.01, respectively

Table 3 Estimation from climate change model to the monthly COPD

Variable Panel least square FGLS

In MAXT,, 0.604151%* (0.0854) 0.420052%#* (0.0428)
In MINT,, 0.953027*** (0.0005)  0.923923*** (0.0000)
In TRAI,, 0.071944* (0.0697) 0.006262 (0.7974)
InRHM,, —0.020536** (0.0100) 0.425054** (0.0208)
In VISIT,, 0.231764 (0.2434) —0.232925 (0.2031)
InPM, 5;, 0.241168*** (0.0073)  0.256456* (0.0898)
InHOTS,, 0.115116* (0.0854) 0.049328** (0.0119)
InTT, 0.296496 (0.2492) 0.022844 (0.8989)
Constant 30.31845 (0.5082) 3.811666 (0.0000)
R-squared 0.589322 0.608333

Adjusted R-squared 0.579814 0.559418

SE of regression 0.664969 0.662105

Prob (F-statistic) 19.70729 21.33047

Source: researcher own estimated using panel data (2014-2020).

* % and *** indicate that the significant at the 0.10, 0.05 and 0.01,
respectively

had a negative impact on COPD. We found that 1% increase
of PM, s led to increase of the number of new cases of COPD
by 0.25% at a significant level of 0.10. The result was con-
gruent with the study of (Zhao et al. 2019). With a rise of the
average high-temperature, humidity and hot spot by 1%, the
positive risk of the number of new cases of COPD increased
by 0.42% at a significant level of 0.05. This was consistent
with the results of the study by Li (2015). Zanobetti et al.
(2013) also found the largest effect of PM, 5 on respiratory
mortality during high temperatures. Their studies showed
that for a 1% increase in the concentration of PM, 5 at 10 (ug
m™?), there was an increase of 1.70% of RR of respiratory
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mortality. It has been pointed out that high relative humidity
often occurs at high temperatures, the air feels humid and
stuffy (Ehlig and LeMert 1973). Conversely, low relative
humidity occurs at low temperatures, the air feels dry lead-
ing to uncomfortable itchy and cracked skins (Sunwooet al.
20006). People affected with COPD are more susceptible to
temperature extremes (Hanselet al. 2016). Moreover, rises
in the average lowest-temperature by 1% would increase the
number of new cases of COPD by 0.92% at significant level
at 0.01. Some challenges were involved in investigating the
health impacts, particularly the negative impact on COPD,
of PM, 5 and meteorological parameters.

5 Conclusion

Several attempts have been made to obtain information
related to COPD, a preventable and treatable lung disease.
There has been a substantial increase of COPD cases world-
wide (Vestbo et al. 2013) and numerous epidemiological
studies have revealed the associations between particulate
pollution exposure, including PM, 5, with the increased
morbidity from COPD, in both developed as well as devel-
oping countries (Guan et al. 2016). However, it remains
poorly understood about the underlying effects and the asso-
ciated mechanisms by which PM, 5 exposure triggers and
causes COPD. In this study, we demonstrated that PM,
and meteorological parameters had a negative impact on
COPD. Most importantly, prolonged exposure to PM, s
can significantly have adverse effects on COPD. Previous
studies showed a significant relationship between PM, s
and COPD; an increase in ambient PM, 5 concentrations
of 10 ug m=3 correlated with a 2.5% increase in COPD-
related mortality, and an increase of COPD hospitalizations
by 3.1% (Li et al. 2016). However, such correlations vary
in different geographic locations (Samet et al. 2000). Our
study showed that there was a significant correlation between
PM, 5 and meteorological parameters and incidence rates
of COPD in the upper north of Thailand. Our study results
showed that average PM, 5, maximum temperature, humid-
ity, hot spots and lower temperatures significantly increased
the incidence rates of new COPD cases.

Our study findings reveal effects of ambient PM, 5 and
meteorological parameters on the incidence rates of COPD
in eight provinces using econometric panel data models
(FGLS). Evidence from econometric data models provides
useful information for future efforts to maintain sustain-
able health. In short, our data suggest that when PM, 5 and
meteorological parameters occur, Highest temperatures,
humidity, hot spots and lower temperatures All variables
will increase the positive risk of COPD, Increase the number
of new COPD cases. Further studies are required to extend
these findings.
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6 Recommendations

We recommend that a surveillance system monitoring the
health impacts from PM, 5 (during December—May) needs to
be set up, for example, a respiratory disease surveillance that
involves: (i) necessary medicines and medical supplies, such
as generic home remedies, personal medications, and Kkits,
and (ii) close observation of people susceptible to COPD.
People displaying unusual or suspicious symptoms, such as
shortness of breath, chest tightness, dizziness, or loss of con-
sciousness, should be given first aid and immediately taken
to the hospital. To solve the PM, 5 problem and to come up
with a sustainable solution, all parties must work together;
our changes in lifestyle and agricultural or industrial pro-
ductions that do not cause dust generation. Therefore, it is
necessary to have a management system to reduce dust and
smoke from all types of combustion. Such a management
system should be based on scientific data and close coopera-
tion with local communities and local government organiza-
tions in the Upper Northern Region of Thailand.
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