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Abstract 

Exploring factors influencing air quality performance 

- Focusing on socio-economic factors and spatial effects - 

 

 
Ahyoung Cho 

Public Policy Major 

Graduate School of Public Administration 

Seoul National University 

 

Given its profound impacts in the modern era, air pollution is no longer merely an 

environmental issue; it has become a serious problem in diverse aspects of society 

such as politics and economy and has particularly become a risk to human survival 

and health. In this regard, this study aims to examine factors influencing air quality 

performance, which is drawn from the Environmental Performance Index, by 

focusing on socio-economic factors and spatial effects. The extended STIRPAT 

model is employed as an analytical framework and a panel data set of 100 countries 

from 2007 to 2014 is used.  

The empirical analysis of the study is broadly composed of two sections. The first 

section examines the panel data without spatial effects for all 100 observed countries, 

34 OECD countries and 66 non-OECD countries. Results suggest that socio-

economic factors of air quality performance are different according to the country’s 

level of development. The second section, in contrast, constructs a spatial weight 

matrix and further investigates the relationship between socio-economic factors and 
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air quality performance with spatial effects by conducting a spatial autoregressive 

model (SAR) and a spatial error model (SEM).  

The global Moran’s I and the LISA tests confirm the presence of spatial 

autocorrelation in air quality performance. Results of the spatial panel analyses 

indicate that urbanization, manufacturing and service industry, fossil fuel 

consumption, population density and the number of cars are statistically significant 

variables of air quality performance. Among these, however, only urbanization, 

manufacturing and fossil fuel are found to be constant in both spatial models. To 

better understand a complex relationship between human activities and 

environmental impacts, a separate analysis for exposure to PM2.5, which is an 

indicator under the air quality performance, is conducted as well. Findings show that 

manufacturing and fossil fuel are the most decisive factors of exposure to PM2.5.   

These findings imply that cooperation among neighboring countries and 

strengthening the legal rights of international environmental agreements are essential 

in order to improve the air quality performance and to reduce the level of exposure 

to PM2.5. In addition, investments in R&D for technologies to enhance energy 

efficiency and to reduce pollutant emissions should be expanded and a transition to 

renewable energy is also necessary.  

 

Keywords: Environmental Performance Index, Air Quality Performance, Particulate 

Matter, PM2.5, STIRPAT, Spatial Autocorrelation,  

Student Number: 2016-27880 
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Chapter 1. Introduction* 

 

 

1.1. Research Background and Purpose 

 

Given its profound impacts, air pollution is no longer merely an environmental 

issue; it has become a serious problem in diverse aspects of society such as politics 

and economy and has particularly become a risk to human survival and health. 

According to the World Health Organization (WHO), air pollution is considered as 

one of the most pressing global environmental and health issues. In 2014, 92% of 

the world population experienced the unsatisfactory levels of WHO air quality 

guidelines. Many epidemiological studies have also found associations between air 

pollution and adverse health effects (Brunekreef and Holgate, 2002; Chen and Kan, 

2008; Lelieveld et al, 2015; Cohen et al., 2017). The impacts of ambient air pollutants 

such as fine particulate matter and nitrogen dioxide are especially found to be 

detrimental.  

In response to this, there have been enormous efforts on establishing indicators 

not only to measure the current environmental status but also to minimize the impacts 

and damages caused by both indoor and outdoor air pollutants at national and 

                                            
* This study was supported by the Public Performance Management Center at Seoul National 

University. After the final evaluation on Friday, June 8, 2018, parts of the following study 

were presented by Soonae Park and Ahyoung Cho at the Summer Conference of the Korean 

Association for Policy Studies (KAPS) held on Friday, June 15, 2018, under the same title 

of “Exploring factors influencing air quality performance”. Therefore, with the consent of 

the academic advisor, parts of the following dissertation may contain the same research 

contents, methodology, and results as Park and Cho (2018) that are original contributions 

of the candidate. 
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international levels. Such indicators include Environmental Sustainability Indicators 

(ESI), United Nations’ Indicators of Sustainable Development (UNCSD), OECD’s 

Core Environmental Indicators (CEI) and Key Environmental Indicators (KEI), 

Environmental Performance Index (EPI) and Environmental Pressure Indicators for 

the EU (Joung et al., 2013).  

Among these, the EPI, co-developed by Yale and Columbia University, compares 

and evaluates the environmental policy outcomes of 180 countries around the world 

(Hsu and Zomer, 2016). The EPI is broadly under two policy objectives of 

Environmental Health and Ecosystem Vitality and consists of different issue 

categories and indicators for every other year. This study, however, is mainly 

interested in investigating the issue category of Air Quality and aims to use the 

backcasted data from the 2016 EPI. Since the Air Quality category of the 2016 EPI 

includes indicators such as household air quality, average PM2.5 exposure, average 

PM2.5 exceedance, and average NO2 exposure, it will provide important implications 

for literature on air pollution and air quality performance.  

Meanwhile, it is significant to note that air pollution is heavily influenced by both 

natural phenomenon and man-made contamination created by human activities 

(Cheng et al., 2017). Identifying the anthropogenic factors on air pollution is, thus, 

imperative and many scholars have employed the STIRPAT (stochastic impacts by 

regression on pollution, affluence and technology) model to empirically test the 

impacts of human activities on environmental impacts (York et al., 2003; Cole and 

Neumayer, 2004; Fan et al., 2006; Squalli, 2009; Liddle and Lung, 2010; Germani 

et al., 2014; Zhang et al., 2016). Yet, these studies do not provide consistent and 

conclusive results on driving factors of environmental impacts and air pollution.  



3 

 

Another noteworthy characteristic of air pollution is that it travels beyond regional 

and national boundaries; thus, the issue of air quality entails the “free-rider problems” 

(Shafik and Bandyopadhyay, 1994; Perman, 2003). In addition, as Tobler’s First Law 

of Geography suggests, “everything is related to everything else, but near things are 

more related than distant things (Tobler, 1970: 236)”. In this regard, though scant in 

numbers, some recent studies attempted to include spatial effects to investigate the 

influential factors of air pollution (Madisson, 2006; Hosseini and Kaneko, 2013; Hao 

and Liu, 2016; Cheng et al., 2017).   

From this perspective, it is of great importance to analyze whether spatial 

autocorrelation exists in the air pollution and to what extent it adjusts the relationship 

between anthropogenic factors and air quality. The basic assumption of the following 

study is that a country that is close to another country with a great level of air 

pollution is more likely to show poor air quality due to spatial autocorrelation. 

Therefore, the purpose of this study is to explore the spatial effects and socio-

economic factors of air quality performance. A separate analysis for exposure to 

PM2.5, which is a sub-indicator under the overall air quality performance defined by 

the 2016 EPI, is also conducted for providing more accurate policy suggestions. 

The extended STIRPAT model is employed as an analytical framework and a panel 

data for 100 countries from 2007 to 2014 is investigated. The explanatory variables 

for the empirical analysis include: population density, working population, 

urbanization, GDP per capita and its squared term, primary, secondary, and tertiary 

industry, fossil fuel consumption and the number of cars. Overall, the empirical 

analysis of this study is composed of two sections.  

The first section examines the panel data without spatial effects by using the 



4 

 

pooled OLS, the fixed effects and the random effects models. In order to compare 

how differences in national development level affect the relationship between socio-

economic factors and air quality performance, separate analyses for OECD and non-

OECD countries are conducted with the same methodology.  

The second section of the empirical analysis, in contrast, deals with the spatial 

panel econometric models. The global Moran’s I and the LISA test are carried out in 

order to find the existence of spatial autocorrelation in air quality performance. 

Furthermore, for providing more rigorous analysis, this study performs a spatial 

autoregressive model (SAR) and a spatial error model (SEM) to control for spatial 

effects.  

 

 

1.2. Significance of the Study 

 

The significance of this study is threefold. First, this study empirically analyzes 

how anthropogenic activities and socio-economic factors change environmental 

impacts by focusing on the air quality performance drawn from the Environmental 

Performance Index. While several studies have investigated the overall EPI, 

extensive research on individual environmental issue category and its performance 

has been lacking. In addition, despite a number of previous studies on emissions and 

concentrations of industrial air pollutants, there may exist a discrepancy between 

natural and socio-economic variables. Therefore, the use of air quality performance 

as a unit of analysis would provide insights for policy-makers to implement more 

relevant and useful policies.   
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Second, this study contributes to the existing literature on the interaction between 

human activities and environmental impacts by employing the extended STIRPAT 

approach. In particular, this study examines how significant socio-economic factors 

of the air quality performance vary according to OECD and non-OECD countries. 

Findings from diverse estimations provide novel yet important perspectives on the 

impact of urbanization and income at different stages of development.  

Third, this study is significant as it analyzes whether the spatial autocorrelation 

exists among countries—that is, whether a country’s air quality performance is 

affected by its neighboring countries’ air quality performance—and identifies which 

countries are forming hot spots and cold spots. Unlike many previous studies using 

the STIRPAT model which have ignored the possible impacts of geographical 

proximity, this study further contributes to the literature and presents more precise 

estimation by controlling the spatial effects when investigating the relationship 

between socio-economic factors and air quality at cross-national levels.  

 

 

1.3. Organization of the Study 

 

The remainder of the paper is organized as follows. Chapter 2 reviews the 

theoretical backgrounds of the IPAT equation, the STIRPAT model, the 

environmental Kuznets curve (EKC), the Environmental Performance Index (EPI) 

and spatial autocorrelation. It also discusses previous literature which have identified 

socio-economic factors of environmental performance and more specific pollutants 

such as particulate matter and nitrogen dioxide. Chapter 3 presents research 
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questions and hypotheses and outlines the data, methodology and model 

specification of the following study.  

Chapter 4 summarizes the results of the panel data analysis for air quality 

performance and exposure to PM2.5 without and with spatial effects. For analysis 

without spatial effects, the results of the pooled OLS, the fixed effects and the 

random effects models are compared. Results for OECD and non-OECD countries 

are also presented. In contrast, for analysis with spatial effects, results for the global 

Moran’s I, the LISA cluster map, a spatial autoregressive model and a spatial error 

model are demonstrated. Finally, the last chapter discusses potential policy 

implications to improve the air quality performance and to reduce the level of PM2.5 

exposure based on the empirical results and concludes.  
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Chapter 2. Theoretical Backgrounds and Literature Review 

 

 

2.1. Characteristics of Air Pollution  

 

2.1.1. Environmental-Health Impacts of Air Pollution   

 

Securing clean air is a vital component of human health and well-being (Chen and 

Kan, 2008). Although there have been enormous efforts to improve the quality of air 

in the past half-century, the mounting problem of ambient air pollution, especially 

its significant association with adverse health effects, is still one of the most pressing 

global challenges (Brunekreef and Holgate, 2002; Lelieveld et al, 2015; WHO, 2016). 

The World Health Organization (2016) confirmed that 92% of the world population 

were exposed to the exceeding levels of WHO air quality guidelines. In addition, in 

2012, one out of every nine deaths were linked to air pollution-related conditions; of 

these death, 3 million people have died due to short and long-term exposure to 

outdoor air pollution (WHO, 2016). A recent Global Burden of Disease study (2015) 

also identified air pollution as a primary cause of premature death, particularly in 

low-income and middle-income countries (Cohen et al., 2017).  

Although there are natural sources of air pollution, anthropogenic factors—e.g. 

industrialization, economic development, population growth, urbanization, and 

energy consumption—have critically contributed to the increasing level of air 

pollution (Chen and Kan, 2008; Cheng et al., 2017). The most common ambient air 

pollutants from such activities include: particulate matter (PM), nitrogen dioxide 
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(NO2), ozone (O3), sulfur dioxide (SO2), carbon monoxide (CO), and carbon dioxide 

(CO2). There is a growing consensus that exposure to these pollutants is leading to 

detrimental health effects such as increase in mortality and hospital admissions 

mainly due to respiratory and cardiovascular diseases (Brunekreef and Holgate, 2002; 

Chen and Kan, 2008).  

It is widely acknowledged that particulate matter is one of the most significant and 

harmful air pollutant since there is no evidence of “threshold below” indicating that 

there exists no safe level of exposure for which no damage to health is observed 

(WHO, 2013). Particulate matter consists of a mixture of solid and liquid particles 

suspended in the air and is generally distinguished by PM10 for particles with a 

diameter of less than 10μm and PM2.5 for particles with a diameter of less than 2.5μm. 

WHO Air Quality Guidelines provides interim targets for PM concentrations: 

10μm/m3 annual mean for PM2.5 and 20μm/m3 for PM10. According to the 

Environmental Protection Agency (EPA), particles are often formed as a 

consequence of complex chemical reactions such as sulfur dioxide and nitrogen 

dioxide. Nevertheless, man-made factors such as “combustion engines (both diesel 

and petrol), solid-fuel (coal, lignite, heavy oil and biomass) combustion for energy 

production in households and industry, other industrial activities (building, mining, 

manufacture of cement, ceramic and bricks, and smelting), and erosion of pavement 

by road traffic and abrasion of brakes and tires (WHO, 2013: 3)” should not be 

overlooked. A large number of epidemiological studies have examined the acute 

health effects in relation to exposure to particulate matter. Studies have found that 

particulate matter is responsible for respiratory diseases, asthma, chronic bronchitis, 

lung disease, and heart problems. Elderly people and children are found to be more 
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vulnerable to such exposure (WHO, 2013). 

Another important ambient air pollutant that is widely discussed to be having a 

high health risk is nitrogen dioxide (NO2). As a part of highly reactive gaseous group 

known as nitrogen oxides (NOx), NO2 is mainly produced as a consequence of road 

traffic and other fossil fuel combustion processes (Hsu and Zomer, 2016). Many 

studies have found that daily concentrations of NO2 are significantly related with 

increased all-cause, cardiovascular and respiratory mortality (Chen and Kan, 2008). 

The EPA also specifies that longer exposure to the increased concentrations of NO2 

may lead to the development of asthma and may increase the susceptibility to 

respiratory infections. WHO Air Quality Guidelines sets the annual concentration of 

NO2 as 40 μg/m3.  

 

2.1.2. Sources of PM2.5  

 

Given that particulate matter is one of the most significant air pollutants with   

severe environmental and health effects, it is important to identify where this 

pollutant comes from. Since particulate matter can enter the atmosphere both by 

anthropogenic and natural sources (Rodríguez et al., 2004; Querol et al., 2004), the 

speciation of particulate matter needs to be investigated from diverse perspectives. 

Many studies have found that PM10 and PM2.5 demonstrate high correlation, 

indicating that PM2.5 is a substantial part of PM10. Nevertheless, considering smaller 

particles are more detrimental to human health and can travel and last longer in the 

atmosphere (Marcazzan et al., 2001), it is imperative to review previous literature 

which compares the principal components of PM10 and PM2.5 from natural science 

perspectives in order to provide more accurate and precise policy suggestions to 
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reduce the level of PM2.5 and to improve the environmental performance from social 

science perspectives. Weijers et al. (2011) suggests that the quantification of the 

anthropogenic and natural fractions in particulate matter would be beneficial for 

policymaking.  

Marcazzan et al. (2001) has examined the relationship between PM10 and PM2.5 

concentration of urban areas in Milan, Italy and compared their elemental 

composition to investigate sources of particulate matter. Results showed that for 

PM10, elements including sulfur (S), calcium (C), manganese (Mn) and zinc (Zn) 

were found to be constant over seasons whereas potassium (K), iron (Fe), bromine 

(Br) and lead (Pb) had lower levels during summer and aluminum (Al) and silicon(Si) 

concentrations tended to rise in summertime. For PM2.5, on the other hand, sulfur (S), 

manganese (Mn) and copper (Cu) were constant; potassium (K), zinc (Zn), bromine 

(Br) and lead (Pb) were decreasing while aluminum (Al), silicon (Si), titanium (Ti), 

calcium (Ca) and iron (Fe) were increasing during summertime. For both PM10 and 

PM2.5, sulfur, in the form of sulphates, was found to be highly significant. They also 

suggested that the main sources contributing to PM10 and PM2.5 composition can fall 

into four categories: “vehicles exhaust emissions, resuspended crustal dust, 

secondary sulphates and industrial emissions (Marcazzan, et al, 2001: 4039)”.   

A similar study of identifying sources of particulate matter was conducted in urban 

and rural areas in Eastern Spain. Rodríguez et al. (2004) found that PM10 and PM2.5 

occur from varying origins. At a regional level, mineral dust, emissions derived from 

power generation and vehicle exhausts were identified both in PM10 and PM2.5. 

Marine aerosol such as sodium (Na), chlorine (Cl), and magnesium (Mg), however, 

was only observed in PM10 but not in PM2.5. Furthermore, results suggested that 



11 

 

source contribution to particulate matter varied seasonally that emissions from power 

generation were most significant during summer whereas vehicle emissions was the 

most influential factors during autumn and winter. Such differences were also found 

depending on rural and urban areas. Natural mineral dust and emissions from power 

generation were the main contributors to particulate matter in rural areas while 

vehicle exhaust and road dust were dominant factors in urban areas.  

In addition, Weijers et al. (2011) investigated the chemical composition of PM10 

and PM2.5 in the Netherlands. Secondary inorganic aerosol, which is the sum of 

sulphate, nitrate and ammonium, were found to be the most dominant constituent of 

particulate matter, followed by carbon containing components. Moreover, sea salt 

was the most important natural constituent while the influence of mineral dust and 

metals were relatively meager. However, their results confirmed that the contribution 

of natural sources were fairly low, constituting 19 to 24% for PM10 and only 13 to 

17% for PM2.5. This implies that the majority of particulate matter in the Netherlands 

is from anthropogenic sources and PM2.5 is affected by man-made factors more than 

PM10.  

Wang et al. (2013) also examined different characteristics of PM10 and PM2.5 

collected from two functional areas in Shanghai, China—Baoshan district, an 

industrial area, and Putuo district, a less industrial area. Their findings showed that 

properties of PM10 and PM2.5 have obvious differences depending on regions. For 

instance, in Baoshan district, aluminum (Al), calcium (Ca), cadmium (Cd), 

chromium (Cr) and copper (Cu) consisted over 85% of PM10 composition and this 

implies that PM10 is related to “non-ferrous metal melting, construction dust, and 

wind-blown sand from soil and road dust (Wang et al., 2013: 226)”.  
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However, Weng et al. (2013) emphasized that the principal components of PM2.5 

in Baoshan district were mainly heavy metals such as zinc (Zn), strontium (Sr), lead 

(Pb), nickel (Ni) and manganese (Mn). More specifically, a high rate of Zn was 

associated with gasoline use and vehicle wear; Sr was created by the “melting of 

non-ferrous metals and chemical production”; Pb and Ni were produced due to coal 

combustion and vehicle exhaust. This suggests that anthropogenic activities, 

particularly transportation, are main contributing factors to PM2.5 concentration in 

Baoshan district. Based on the results, Wang et al. (2013) organized the sources of 

particulate matter into four categories of industrial activities, traffic sources, ground 

level fugitive dust, and coal consumption and such specification is similar to that of 

Marcazzan et al. (2001). In particular, the major contributors of PM2.5 included 

industrial activities, coal consumption and traffic sources.   

While many studies dealing with source apportionment of particulate matter have 

focused on regional analysis, Cheng et al. (2016) compared the status and 

characteristics of PM2.5 in 45 megacities across the world and found that the organic 

matter and secondary inorganic ions which are often denoted as SNA (sum of sulfate, 

nitrate and ammonium) were main components to PM2.5, accounting for 30% and 

36%, respectively, for all megacities analyzed in the study. Likewise, evidence from 

previous studies provides similar conclusion on properties and sources of particulate 

matter. It can be summarized that PM2.5 pollution is more severe during winter but 

the level of contributing factors is not identical seasonally and regionally. Besides, 

even though PM10 and PM2.5 are correlated, the sources of PM2.5 are more vulnerable 

to man-made factors such as vehicle emissions and it can be, therefore, more 

manageable via relevant policy implementations than PM10.  
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2.2. IPAT, STIRPAT and EKC Model  

 

2.2.1. IPAT Equation 

 

First introduced by Ehrlich and Holdren (1971), the IPAT equation (I=PAT) has 

been one of the earliest attempts to explain the impact of human-induced activities 

on the environment. The equation posits that environmental impacts (I) are the 

multiplicative function of population size (P), affluence (A, per capita consumption 

or production) and technology (T, impact per unit of consumption or production).  

 𝐼 = 𝑃 ×  𝐴 ×  𝑇 (1) 

As demonstrated in Eq. (1), the IPAT equation implies that three key driving forces 

(P, A, and T) are dependent to one another that a single factor cannot be solely 

responsible for environmental impacts. However, due to its multiplicative and 

proportional relationship, the IPAT equation has limitations in terms of hypothesis 

testing. For instance, York et al. (2003) suggests that the model only assumes 

proportionality in the functional relationship that a doubling of population will cause 

a doubling of environmental impact, while holding other factors constant.  

 

2.2.2. STIRPAT Model 
 

Addressing such limitations, Dietz and Rosa (1994) reformulated the IPAT 

equation into a stochastic model, designating it as STIRPAT for Stochastic Impacts 

by Regression on Population, Affluence and Technology, in order to investigate the 

non-proportionate impact of anthropogenic factors on the environment (York et al., 
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2003; Fan et al., 2006). The specification of the STIRPAT model is: 

 𝐼𝑖 = 𝑎𝑃𝑖
𝑏𝐴𝑖

𝑐𝑇𝑖
𝑑𝑒𝑖 (2) 

where a is the constant; b, c, and d are the exponents of P, A, and T, respectively; e 

is the error term. The subscript i indicates that these quantities (I, P, A, T, and e) vary 

across observational units. Furthermore, an additive regression model with all 

variables in logarithmic form also facilitates hypothesis testing (York et al., 2003). 

After taking logarithms, the model provides a linear specification as follows: 

 ln𝐼𝑖 = 𝑎 + 𝑏(ln𝑃𝑖𝑡) + 𝑐(ln𝐴𝑖𝑡) + 𝑑(ln𝑇𝑖𝑡) + 𝑒𝑖 (3) 

where a is the constant; b, c, and d are the coefficients of P, A, and T, respectively; e 

is the error term. The subscript i denotes that the quantities I, P, A, and T vary across 

observational units and t denotes the year.   

In addition, York et al. (2003) developed the notion of ecological elasticity for 

more rigorous examination of STIRPAT coefficients. Similar to the concept in 

economics, ecological elasticity (EE) refers to “the responsiveness or sensitivity of 

environmental impacts to a change in any of the driving forces (York et al., 2003: 

354)”. In terms of Eq. (2), since both the dependent and independent variables are in 

logarithmic form, the coefficients could be interpreted as changes in percentage 

terms. For example, as York et al. (2003) suggests, the term population elasticity of 

impact (EEIP) indicates the responsiveness of an environmental impact to a change 

in population size (e.g., a 1% increase in population causes an approximately 1% 

increase in environmental impacts). Moreover, the basic STIRPAT model can be 

expanded to include additional factors as long as they are conceptually relevant 

(York et al., 2003).  

By using the STIRPAT model, many studies have examined the relationship 
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between anthropogenic factors and environmental impacts at diverse levels ranging 

from subnational units such as cities, counties, states or provinces to cross-national. 

Most of the studies employing the STIRPAT model have analyzed the impacts of 

anthropogenic factors on CO2 emissions (York et al., 2003; Fan et al., 2006; Liddle 

and Lung, 2010; Zhang and Lin, 2012) while some studies have selected other 

environmental impacts such as emissions of CO, PM, SO2 and NO2 as dependent 

variables, as well. Several studies, on the other hand, have also chosen the 

concentrations of pollutants as their dependent variables (Germani et al., 2014; 

Zhang et al., 2016; Cheng et al., 2017). Even though each study has provided 

meaningful contributions to the literature, results are often heterogeneous and 

inconclusive (Dietz, 2017). Cheng et al. (2017) describes that one of the main 

reasons for relatively little integration is due to differences in analyzed countries and 

regions, analytical periods, variable selections and empirical methods.  

In order to demonstrate the application of the STIRPAT model and the notion of 

ecological elasticity, York et al. (2003) analyzed CO2 emissions and the energy 

footprint for 146 developed and developing countries in the year 1996. Results show 

that while population is having a proportional effect, affluence is having a positive 

monotonic relationship with both CO2 emissions and the energy footprint. Additional 

indicators of modernization including urbanization and industrialization are also 

found to be statistically significant factors of environmental impacts. In addition, 

their results implied that non-tropical countries bring greater environmental impacts 

than tropical countries.  

By examining the panel data of 86 countries through 1975 to 1998 for CO2 

emissions and 54 countries through 1971 to 1990 for SO2 emissions, Cole and 
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Neumayer (2004) found that there are obvious differences in significant 

anthropogenic factors of emissions of two pollutants. For CO2 emissions, population 

elasticity is almost unity over the entire range of population sizes while higher 

urbanization rate and lower average household size are associated with higher 

emissions. In contrast, for SO2 emissions, the existence of a U-shaped relationship 

between population and emissions are found that an elasticity for population-

emissions is negative for small size of population but tends to rise with the increase 

in population. Urbanization rate, average household size and other demographic 

variables, however, are found to be insignificant determinants of SO2 emissions.  

For the period from 1975 to 2000 at a global level, Fan et al. (2006) found that 

economic growth has the most significant impact on CO2 emission while the 

proportion of population aged between 15 and 64 has the least impact. More 

specifically, this group of population brings negative impacts on total CO2 emissions 

in high-income countries; at other income levels, however, the effects are rather 

positive. Based on such results, Fan et al. (2006) suggested that human behavior is a 

vital element of environmental change. Overall, they emphasized that the impact of 

anthropogenic factors on total CO2 emissions differ according to the countries’ level 

of development.  

With the inclusion of additional variables such as U.S.-born and foreign-born 

population, Squalli (2009) attempted to investigate the association between 

population composition and pollutant levels of CO2, NO2, PM10 and SO2, at the U.S. 

county levels. Despite the non-existence of statistically significant association 

between population composition and environmental impacts, results suggested that 

counties with a relatively larger U.S.-born population tend to have higher NO2 and 
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SO2 emissions whereas counties with relatively high number of foreign-born 

population have lower SO2 emissions. Similarly, focusing on the U.S. state level, 

Squalli (2010) also found that U.S. states with a greater share of foreign-born 

population are having negative associations with NO2 and SO2 emissions.  

Liddle and Lung (2010) classified population variables (e.g. age groups of 20-34, 

35-49 and 50-64) and employed the share of residential energy consumption from 

electricity and railroad ratio as additional variables to estimate CO2 emissions of 17 

developed countries from 1960 to 2005 at 5-year intervals. They found that 

environmental impacts differ considerably across age groups that the older age 

groups bring more negative impacts. In addition, their findings confirmed that while 

both affluence and total population are important factors, the impact of population is 

more significant than that of affluence in developed countries.  

Recent research trends on anthropogenic factors of environmental impacts using 

the STIRPAT model focus primarily on regional analysis and local differences. 

Germani et al. (2014) analyzed the association between anthropogenic factors and 

concentrations of industrial air pollutants—including SO2, NO2, CO and CO2—

within the Italian provinces. In Italy, an inversed U-shaped environmental Kuznets 

curve (EKC) was captured and population compositions were also significant 

(Germani et al., 2014). Their findings presented that there are greater levels of air 

pollutants in provinces with high concentration of females as a head of households 

and with high concentration of children. In addition, results showed that judicial 

inefficiency is associated with higher levels of pollution; activities related to R&D 

has a negative impact while an increase in R&D expenditure rather produces an 

increase in the level of emissions.  
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Moreover, as China’s rapid economic development along with industrialization 

and urbanization has caused extremely severe environmental pressures, several 

studies have focused on regional differences within Chinese cities and provinces. 

Zhang and Lin (2012) investigated the role of urbanization on energy use and CO2 

emissions in China from 1995 to 2010 and found that urbanization is positively 

associated with energy consumption and CO2 emissions in China. Nevertheless, the 

impacts of urbanization are different according to regions. For the case of CO2 

emissions, urbanization has greater effects in the central region than in eastern region.  

Similarly, Liu et al. (2015) found that the impact of anthropogenic factors on 

energy use and industrial pollutant emissions in China vary across regions. In 

particular, although the strong evidence of EKC hypothesis was not supported, the 

impact of economic growth on environment depended upon the types of pollutants 

and differed by regions. On the other hand, for the entire country, a greater population 

density was related to a decrease in energy use and pollutant emissions whereas a 

greater industrial energy intensity was positively associated with environmental 

impacts in China.  

On top of human-induced factors suggested in the basic STIRPAT model, Zhang 

et al. (2016) especially emphasized the role of environmental public service, 

assuming that a higher level of environmental public service would positively lead 

to a better environmental quality. Their findings demonstrated that while 

environmental public service output is a statistically significant factor to improve 

environmental quality in China, environmental pollution control investment is not 

significant with only meager effects. Nevertheless, the level of economic 

development, population size, and environmental protection technology are found to 
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be statistically significant factors of environmental degradation in China.  

Table 1 summarizes the previous studies using the STIRPAT model and specifies 

the additional variables included in the model.  

 

Table 1. Summary of previous studies using the STIRPAT model 

Study 
Impacts 

Variables 
PAT Variables 

Additional 

Variables 
Data 

York et al. 

(2003) 

- CO2 

emissions 

- energy 

footprint 

- Population 

- GDP per capita 

- GDP from 

industry 

- Non-dependent 

population 

- Urban 

population, 

- Climate 

146 developed 

and developing 

countries 

(1996) 

Cole and 

Neumayer 

(2004) 

- CO2 

emissions 

- SO2 

emissions 

- Population 

- GDP per capita, 

- Energy 

intensity, 

- Manufacturing 

share of GDP 

- Urbanization 

- Population 

under 14 

- Working 

population 

- Average 

household size 

- For CO2, 86 

countries 

(1975-1998) 

- For SO2, 54 

countries 

(1971-1990) 

Fan et al. 

(2006) 

- CO2 

emissions 

- Population 

- GDP per capita 

- Energy intensity 

- Urbanization 

- Working 

Population 

208 developed 

and developing 

countries 

(1975-2000) 

Squalli 

(2009) 

Emissions of 

- CO 

- NOx 

- PM 

- SOx 

- US-born 

Population 

- Per capita 

personal 

income 

- Employment in 

the utilities and 

manufacturing 

sectors 

- Foreign-born 

population 

- Coal 

consumption 

200 U.S. 

counties  

(2000) 

Squalli 

(2010) 

Emissions of 

- CO 

- NO2 

- SO2 

- PM10 

- Population 

- GDP per capita 

- Utilities and 

manufacturing 

- Foreign-born 

population 

- Urbanization 

- Average 

household size 

- Population 

under 18 

- Population 

between 18 and 

64 

- Coal 

consumption 

51 U.S. states 

(2000) 
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Liddle and 

Lung 

(2010) 

- CO2 

emissions 

- CO2 

emissions 

(transport) 

- Total 

residential 

electricity  

- Total 

residential 

energy  

- Population, 

- GDP per capita 

- Industrial 

energy intensity 

- Primary energy 

consumption 

from non-fossil 

fuels 

- Urbanization, 

- Population 

composition 

- Residential 

energy 

consumption 

from electricity 

- Railroad ratio 

17 Developed 

countries at 5-

year intervals 

(1960-2005) 

Zhang and 

Lin  

(2012) 

- CO2 

emissions 

- Population 

- GDP per capita 

- Total energy 

use 

- Energy intensity 

 

- Urbanization 

- Industry sector 

- Service sector 

29 Chinese 

provinces 

(1995-2010) 

Germani  

et al.  

(2014) 

- SO2 

- NO2 

- CO  

- CO2 

- Income 

- R&D 

expenditure 

- R&D activities 

 

- Age (< 6) 

- Age (15 to 34) 

- Age (35 to 49) 

- Age (> 65) 

- Female 

population 

- Female as 

household 

- African 

population 

- Asian 

population 

- Infrastructure 

- Education 

- Regulatory 

factors 

- Environmental 

expenditure 

Italian 

provinces 

(2001) 

Liu et al. 

(2015) 

- Exhaust 

gas 

emissions 

- Waste 

water 

discharge 

- Solid 

waste 

production 

- Population 

density 

- GDP per capita 

- Energy use per 

capita 

- Industry energy 

intensity 

- Industrial 

output 

- Tertiary 

industry output 

30 Chinese 

provinces 

(1990-2012) 

Zhang  

et al.  

(2016) 

- SO2 

- NO2 

- PM10 

- CO 

- O3 

- Population 

- GDP per capita 

- Environmental 

protection 

technology 

- Industrialization 

- Green coverage 

- Environmental 

pollution control 

investment 

26 Chinese 

provincial 

capital cities 

and 4 

municipalities 

(2003-2010) 
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2.2.3. Environmental Kuznets Curve  

 

Since its introduction by Grossman and Krueger (1991), the environmental 

Kuznets curve (EKC) has been one of the most widely used methods among 

economists and social scientists for measuring the impacts of economic development 

on environmental degradation (Stern, 2004). The basic assumption of the EKC is 

that while economic development initially causes a deterioration in the environment, 

after a certain level of development, economic growth rather leads to an 

improvement in environment, suggesting that “the environmental impact indicators 

is an inverted U-shaped function of income per capita (Stern, 2004: 1419)”.  

As a part of a study to assess the potential environmental impacts of NAFTA, 

Grossman and Krueger (1991) first tested the EKC models for SO2, dark matter 

(smoke) and suspended particles (SPM) using the Global Environmental Monitoring 

System (GEMS) data for 52 cities in 32 countries during the period 1977-1988. For 

SO2 and dark matter, they found the turning points at around $4000-$5000 (in 1985 

US dollars) per capita whereas the concentration of SPM continued to decline even 

at low-income levels. At income levels over $10,000-$15,000, however, all three 

pollutants began to rise again.  

Stern (2004) claims that a subsequent study by Shafik and Bandyopadhyay (1994) 

is considered particularly influential since its results were used in the 1992 World 

Development Report. Shafik and Bandyopadhyay (1994) estimated the EKC models 

for 10 different indicators of environmental degradation—e.g. lack of clean water 

and urban sanitation, ambient levels of SPM and SO2, deforestation, municipal waste, 

carbon emissions—using three different functional forms of log-linear, quadratic and 
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cubic. For the samples of 149 countries for the period between 1960-1990, they 

found that local air pollutants support the EKC hypothesis with turning points at 

around $3,280 for SPM and $3,670 for SO2.  

Selden and Song (1994) estimated the EKC model for emissions of SO2, NOx, 

SPM and CO using longitudinal data of developed countries. They found the turning 

points of $8,709 for SO2, $11,217 for NOx, $10,289 for SPM and $5,963 for CO (in 

1985 US Dollars), which are relatively higher than those suggested by Grossman and 

Krueger (1991) and Shafik and Bandyopadhyay (1994). It can be interpreted that 

such difference is due to “the reduction of emissions lagging behind the reduction in 

ambient concentrations (Panayotou, 2016: 142)”, implying that economic growth 

can reduce the concentrations of local pollutants than emissions (Stern and Dijk, 

2017).   

Further studies of the EKC hypothesis demonstrated mixed results with 

heterogenous turning points depending upon the pollutants and datasets used (Park 

and Lee, 2011). In addition, recent studies often include additional independent 

variables such as population, urbanization, energy consumption, temperature, 

number of cars, technological impacts and industrial factors (Bechle et al., 2011; 

Park and Lee, 2011; Stern and Dijk, 2017; Wu et al., 2018).  
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2.3. Environmental Performance Index1  

 

The Environmental Performance Index (EPI)2 quantifies and ranks 180 countries’ 

environmental performance based on two main objectives: protection of human 

health (Environmental Health) and protection of ecosystems (Ecosystem Vitality) 

(Hsu and Zomer, 2016). Within these two objectives, the EPI assigns scores for 

countries’ environmental performance in 9 issue categories consisted of 20 indicators. 

As for the 2016 EPI, under the objective of Environmental Health, there are three 

environmental issues including Health Impacts, Air Quality and Water and Sanitation; 

under the objective of Ecosystem Vitality, on the other hand, there are six issues 

including Water Resources, Agriculture, Forests, Fisheries, Biodiversity and Habitat, 

and Climate and Energy. The overall framework for the 2016 EPI is attached in the 

Appendix 1. 

One of the main advantages of measuring the EPI is that by using the common 

framework, countries can compare their environmental performance with their 

neighbors and identify how their environmental performance has changed over the 

years (Hsu and Zomer, 2016). In addition, the EPI’s system of rankings can also 

allow each country to be motivated to take immediate policy actions to improve their 

own environmental performance. Accordingly, recent studies have employed the 

results of the EPI and attempted to examine which socio-economic factors have 

                                            
1 Parts of the following literature review may discuss the same contents as Park and Cho 

(2018: 32-35) which is presented at the Summer Conference of the Korean Association for 

Policy Studies (KAPS) held on Friday, June 15, 2018.  
2 The Environmental Performance Index (EPI) is developed by Yale University (Yale Center 

for Environmental Law and Policy) and Columbia University (Center for International 

Earth Science Information Network) in collaboration with the World Economic Forum (Hsu 

and Zomer, 2016). 
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impacts on the countries’ overall environmental performance.  

Alvarez et al. (2014) conducted a multivariate and regression analysis to examine 

the socioeconomic factors influencing the countries’ environmental performance. 

Various factors ranging from economic wealth to political ideology were considered 

in the model. While GDP per capita, adult literacy and control of corruption 

demonstrated positive effects on environmental performance, government 

effectiveness and political ideology were not statistically significant. Unlike a 

traditional EKC model which posits that environmental pressure increases with 

economic growth but decreases after a certain level of development, their findings 

suggested that the increasing level of income rather improves the environmental 

performance of countries only up to a certain point as rich countries have greater 

economic capacity to invest more in managing environmental concerns.  

Jain and Jain (2016) also utilized the EnTAP model to study the impacts of 

technological development, affluence and population on environmental performance 

index. Their results showed that only affluence variable, which was measured by 

GDP per capita, is positively related to EPI at a statistically significant level. For 

instance, a 1% increase in GDP per capita is found to be associated with 0.242% 

increase in EPI scores, which goes against the traditional approach that higher level 

of GDP per capita causes environmental degradation. This suggests that rich 

countries are more likely to pay for environmentally friendly technologies which 

poor countries cannot afford. In contrast, they found that technological development 

and population size have negative impacts on environmental performance.      

An empirical study of Wen at al. (2016) further confirmed the driving socio-

economic factors of environmental performance. They analyzed how government 
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ideology influences environmental performance along with other explanatory 

variables such as GDP per capita, trade, industry, CO2 emissions, energy efficiency, 

urbanization, working population, education, etc. Results suggested that a higher 

share of manufacturing industries negatively affects the environmental performance 

for both OECD and non-OECD countries. However, the impacts of other explanatory 

variables on environmental performance differed depending on OECD and non-

OECD countries. Specifically, Wen et al. (2016) provides that environmental 

performance of OECD countries is positively affected by higher trade openness, 

Kyoto Protocol, democracy and political stability whereas rising CO2 emissions is 

found to be a significant factor which deteriorates non-OECD countries’ 

environmental performance.  

However, the ultimate aim of this study is to analyze factors influencing air quality 

performance—not overall environmental performance. Under the 2016 EPI, the 

issue category of Air Quality consists of four indicators such as average exposure to 

PM2.5, PM2.5 exceedance, household air quality and average exposure to NO2 (Hsu 

and Zomer, 2016). Therefore, the next section briefly discusses about the previous 

studies that have investigated the determinants of PM2.5 and NO2, which are 

indicators under the air quality performance, from socio-economic perspectives.  
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2.3.1. Socio-Economic Determinants of PM2.5  

 

Although there were many studies attempting to identify anthropogenic and socio-

economic factors of air pollution, previous studies have been mainly focused on 

emissions of carbon dioxide and sulfur dioxide. Compared to pollutants such as CO2 

and SO2, there were only a paucity of studies examining the driving factors of the 

particulate matter from economic and social perspectives, due to a lack of availability 

of statistical data (Cheng et al., 2017). In recent years, however, several scholars 

have attempted to analyze the anthropogenic causes of particulate matter (PM2.5) 

with the use of econometric analysis. In response to serious environmental and health 

problems arising from particulate matter, most previous studies were, in fact, focused 

on Chinese regions (Li et al., 2016; Xu and Lin, 2016; Xu et al., 2016; Cheng et al., 

2017; Wu et al., 2018; Luo et al., 2018) while some studies have also investigated 

the global panel data (Han et al., 2017; Stern and Dijk, 2017; Ji et al., 2018).  

Li et al. (2016) used the econometric methods of the Fully Modified Least Squares 

(FMOLS) test and the panel Granger causality test in order to examine the influence 

of human activities on increasing PM2.5 concentrations of 337 prefecture-level cities 

in China for the period between 1999 and 2011. The FMOLS test suggested that GDP 

per capita, industrialization and urbanization have a positive relationship with PM2.5 

concentration in China in the long-run. Based on the panel Granger causality test, it 

was also found that industrialization is the most decisive factor of PM2.5 

concentration for the total panel, the industry-oriented panel and the service-oriented 

panel in the short-term. For the agriculture-oriented panel, however, the effects of 

economic growth were greater than those of other variables.  

By expanding the basic STIRPAT model with the inclusion of additional socio-
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economic variables such as urbanization level, private vehicle inventory, and coal 

consumption, Xu and Lin (2016) examined the differences in the emissions of PM2.5 

in 29 Chinese provinces from 2001 to 2012. Their results demonstrated that 

economic growth is the most important driver of PM2.5 emissions and the impacts of 

urbanization differ by regions with the decreasing pattern from the central region to 

the western and eastern regions in China. It was also found that private cars and coal 

consumption bring greater effects on PM2.5 emissions in the eastern region possibly 

due to large scale R&D investment, private car population and the total consumption 

of coal. In addition, they found that higher energy efficiency is related to a reduction 

in PM2.5 emissions; despite having a greater potential, findings suggested that the 

western region experiences the lowest level of energy-saving technologies.  

Similarly, using the same panel data set, Xu et al. (2016) further expanded the 

model with nonparametric additive regression model and explored the driving 

factors of PM2.5 emissions in China. In particular, the nonlinear effect of economic 

growth on PM2.5 emissions confirmed an inverted U-shaped pattern in consistent 

with the traditional EKC hypothesis. The effects of urbanization, coal consumption, 

and private vehicles also showed the inverted U-shaped patterns. Energy intensity, 

however, was found to be having a positive U-shaped pattern in relation to PM2.5 

emissions. These results of Xu et al. (2016) implied that while technical progress at 

an early stage “can offset the negative environmental impact resulting from 

economic growth (Xu et al., 2016: 354)”, in the long-term, because of the limited 

technological progress and rapid increase in total energy, such effects gradually 

disappear. Likewise, the results demonstrated that population size, economic growth, 

urbanization, energy intensity, coal consumption and private vehicles all have 
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different impacts on PM2.5 emissions in China.  

Furthermore, Luo et al. (2018) employed the extended STIRPAT model to assess 

the socioeconomic determinants of PM2.5 concentrations for 12 Chinese regions from 

1999 to 2011. Empirical results verified that the proportion of secondary sector of 

the economy is the most influencing factor, followed by GDP per capita, urbanization, 

population, energy intensity, and proportion of tertiary sector. A recent study of Wu 

et al. (2018) found that the relationship between economic urbanization and PM2.5 

concentrations in 259 Chinese prefecture-level cities from 2000 to 2011 is either an 

inverted N or inverted U shape. That is, while most cities in the eastern region have 

already achieved the second inflection point, many cities in the middle region are 

still in the process to be in “a win-win situation of economic development and the 

environmental protection (Wu et al., 2018: 878)”. Although overall population 

urbanization was positively associated with PM2.5 concentration, its effect was 

negative in the western region. Along with economic urbanization, coal consumption 

was also found to be one of the most decisive factors of PM2.5 concentration in China.  

However, since the problem of the ambient air pollution and PM2.5 is a global 

concern, the notion of intensified international efforts for pollution reduction has 

been dominant in recent years. In response to this, some recent studies have 

investigated the relationship between socio-economic factors and PM2.5 using cross-

national panel data. Stern and Dijk (2017) estimated the effect of economic growth 

on changes in PM2.5 pollution by using a global panel data of 151 countries between 

1990 and 2010. Unlike many other previous studies, their results suggested that 

economic growth has positive, though relatively small effects, on pollution 

concentrations when other relevant variables such as the movement of pollution 
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across international borders were controlled. They also suggested that the negative 

time effect is stronger in higher income countries and its effect is also stronger in 

French and German legal origin countries than English and Scandinavian legal origin 

countries. In addition, Han et al. (2017) found that population increase contributes a 

meaningful amount to the global population exposure to PM2.5 pollution. Their 

results implied that 25% percent of the increase in global vulnerability originated 

from local population increase, where 75% was from pollution expansion.  

A recent study of Ji et al. (2018) also examined the socio-economic factors of 

PM2.5 concentrations in 79 developing countries over the period between 2001 and 

2010 by using the STIRPAT model and pointed out that income, urbanization and 

service sector are the key driving factors of PM2.5 pollution. More specifically, they 

found a positive association between income and PM2.5 concentrations but the effect 

of income gradually decreased with the increasing level of urbanization. In terms of 

urbanization, the existence of the inverted U-shape implied the reduction in the level 

of PM2.5 concentrations after the turning point (Ji et al., 2018). An interesting result 

found in this particular study is that instead of a positive relationship between service 

sector and PM2.5 concentrations, a negative relationship was found, which means that 

service sector rather causes PM2.5 pollutant emission. For such result, Ji et al. (2018) 

suggested that compared to other pollutants, the major sources of PM2.5 in service 

sectors are from “the burning of fossil energy in transportation and lampblack in food 

service sector (Ji et al., 2018: 466)”. They also explained that because of the scattered 

energy consumption and pollution control, obtaining economies of scale in service 

sectors are difficult. Table 2 summarizes the statistically significant socio-economic 

variables of PM2.5 found in the previous studies. 
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Table 2 Summary of socio-economic determinants of PM2.5  

Study Significant Variables Data 

Li et al. 

(2016) 

- GDP per capita 

- Industrialization 

- Urbanization 

337 Chinese cities 

(1999 – 2011) 

Xu and Lin 

(2016) 

- GDP per capita 

- Urbanization 

- Private vehicles inventory 

- Coal consumption 

- Energy intensity 

29 Chinese provinces 

(2001–2012) 

Xu et al. 

(2016) 

- GDP per capita 

- Urbanization 

- Energy intensity 

- Private vehicles inventory 

- Coal consumption 

- Population size 

29 Chinese provinces 

(2001 – 2012) 

Stern and Dijk 

(2017) 

- GDP per capita 

- Mean summer temperature 

- Mean winter temperature 

- Annual precipitation 

- Mean national elevation 

151 countries 

(1990 – 2010) 

Han et al. 

(2017) 
- Local population increase 

All countries 

(2000 – 2010) 

Luo et al. 

(2018) 

- GDP per capita 

- Urbanization 

- Population 

- Energy intensity 

- Secondary sector 

- Tertiary sector  

12 Chinese regions 

(1999 – 2011) 

Wu et al. 

(2018) 

- GDP per capita 

- Urbanization 

- Secondary industry 

- Energy consumption 

259 Chinese cities 

(2000 – 2011) 

Ji et al. 

(2018) 

- GDP per capita (PPP) 

- Urbanization 

- Service 

79 developing countries 

(2001 – 2010) 

 

2.3.2. Socio-Economic Determinants of NO2  

 

While several studies have explored the relationship between socio-economic 

factors and NO2 or NOx, results are often heterogenous and the degree of effects of 

significant factors varied depending upon data selection. Table 3 summarizes the 

statistically significant socio-economic variables of NO2 found in the previous 
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studies3.  

Park and Lee (2011) tested the EKC hypothesis by using the annual panel data of 

16 metropolitan regions in South Korea from 1990 to 2005. Their results 

demonstrated the existence of a U-shaped relationship between income and NO2 

emissions in Korea, with a turning point at $27,600, implying that Korea may have 

unique characteristics regarding air pollution caused by NO2. They also found that 

industry and total energy consumption are positively related to NO2 emissions while 

population and the number of registered motor vehicles are not significantly 

associated with air pollution caused by NO2.  

For 83 cities across the world, Bechle et al. (2011) examined the relationships 

between NO2 concentration and urban form. Results showed that population has the 

most powerful effect on the level of NO2 concentration, followed by urban contiguity. 

That is, cities with more population tends to have poor air quality while cities with 

highly contiguous built-up areas, in general, is found to be having lower urban NO2 

concentration. The EKC hypothesis with the existence of the inverted U-shape was 

also supported in this study.  

Moreover, for 8,038 cities at the year 2005, Sarzynski (2012) investigated the 

relationship between socio-economic and geographical factors and urban pollution 

of NOx, NMVOCs (non-methane volatile organic compounds), CO and SO2. 

Independent variables considered in the OLS model included: population, GDP per 

capita, share of emissions from energy production, industry and transport, growth 

                                            
3  Since the objective of this study is to explore factors affecting air quality performance 

defined by the Environmental Performance Index (EPI), results about other pollutants such 

as sulfur dioxide and carbon monoxide, which are not indicators of Air Quality suggested 

by the 2016 EPI, are not discussed in this section.  
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rate, climate and development status. For NOx, all variables were found to be 

statistically significant and population was the most influential factor of NOx 

pollution. In particular, the significant quadratic and cubic term of GDP per capita 

suggested that air pollution is likely to decrease with income growth along with 

technological advancement (Sarzynski, 2012). 

With regard to the 179 municipalities of the Community of Madrid during the 

period between 2000 and 2009, Laureti et al. (2014) analyzed the impact of socio-

economic factors on NOx emission, with a particular emphasis on private transport-

related variables. Empirical analysis illustrated that population and private transport-

related variables have positive and statistically significant relationship with NOx 

pollution. In addition, a negative elastic relationship between income and NOx was 

found, suggesting that wealthier regions tend to have lower levels of air pollution in 

Spain.  

 

Table 3 Summary of socio-economic determinants of NO2 

Study Significant Variables Data 

Park and Lee 

(2011) 

- GDP per capita 

- Industry 

- Total energy consumption 

16 Korean  

metropolitan regions  

(1990 – 2005) 

Bechle et al. 

(2011) 

- Population 

- Urban contiguity 

- GDP per capita 

83 cities globally  

(2005 – 2007) 

Sarzynski. 

(2012) 

- Population 

- GDP per capita 

- Share of emissions from energy 

production, industry and 

transport 

- Growth rate 

- Climate 

- Development 

8,038 cities globally 

(2005) 

Laureti et al. 

(2014) 

- Population 

- GDP per capita  

- Private transport-related 

151 countries 

(1990 – 2010) 
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2.4. Spatial Autocorrelation4  

 

The concept of spatial autocorrelation is formulated upon Tobler’s First Law of 

Geography, which states that “everything is related to everything else, but near things 

are more related than distant things” (Tobler, 1970: 236). Anselin and Bera (1998: 

241) defined spatial autocorrelation as “the coincidence of value similarity with 

locational similarity”, implying that observations across different locations may not 

be independent, but rather have spatial dependency.  

In order to assess the existence of spatial autocorrelation, a construction of a 

spatial weight matrix is necessary (Anselin and Bera, 1998; Anselin et al., 2008). A 

spatial weight matrix (Wij) is a N by N positive matrix where N refers to the total 

number of observations and Wij measures the relative location of all points i (row) 

and j (column). One of the most widely used spatial weight matrix5  is based on 

contiguity with binary weights of 1 and 0. Following queen’s case adjacency which 

defines neighbors as spatial units sharing a common border or a vertex, the spatial 

weight matrix can be expressed as wij = 1 when i and j are neighbors and wij = 0 when 

they are not.  

There are two methods to measure spatial autocorrelation: a global and a local. A 

global spatial autocorrelation can be measured by the global Moran’s I statistic, 

which explains the overall degree of spatial relationship across all observations. The 

global Moran’s I can be calculated as following equation below:  

                                            
4 The following section may discuss the same contents as Park and Cho (2018: 35-36) which 

is presented after the candidate’s final evaluation at the Summer Conference of the Korean 

Association for Policy Studies (KAPS) held on Friday, June 15, 2018. 
5 According to Anselin (2002: 19), “there is very little formal guidance in the choice of the 

‘correct’ spatial weights in any given application”. 
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𝐺𝑙𝑜𝑏𝑎𝑙 𝑀𝑜𝑟𝑎𝑛′𝑠 𝐼 =

𝑁 ∑ ∑ 𝑤𝑖𝑗(𝑥𝑖 − �̅�)(𝑥𝑗 − �̅�)𝑁
𝑗=1

𝑁
𝑖=1

∑ ∑ 𝑤𝑖𝑗 ∑ (𝑥𝑖 − �̅�)2𝑛
𝑖=1

𝑁
𝑗=1

𝑁
𝑖=1

 
(4) 

where wij indicates the the spatial weight matrix, N indicates the number of 

observations, x indicates the variable of interest and �̅� is the mean of x.  

The values of global Moran’s I statistic range from -1 to 1. A positive value of 

global Moran’s I denotes a positive spatial autocorrelation while a negative value 

denotes a negative spatial autocorrelation. The zero value implies no spatial 

correlation, that is spatial randomness. In other words, a positive spatial 

autocorrelation indicates that high or low values of an attribute tend to cluster 

together while a negative spatial autocorrelation indicates that dissimilar values are 

next to each other (Hao and Liu, 2016). Likewise, the global Moran’s I provides 

information on the spatial autocorrelation of an entire observed areas as a single 

value.   

In some cases, however, particularly when observations are large, spatial 

autocorrelation may differ depending on each location and thus the local indicators 

of spatial association (LISA), which allows for the decomposition of global 

indicators into the contribution of each observation (Anseline, 1995), is used. 

Compared to the global Moran’s I, LISA allows to identify the location of significant 

spatial clusters (e.g., hot spots and cold spots) and spatial outliers (Anselin, 1995). 

Local Moran’s I can be calculated with a following formula: 

 𝐿𝑜𝑐𝑎𝑙 𝑀𝑜𝑟𝑎𝑛′𝑠 𝐼 = 𝑧𝑖 ∑ 𝑤𝑖𝑗𝑗 𝑧𝑗 ,  𝑧𝑖 =
(𝑥𝑖−�̅�)

𝜎𝑥
 (5) 

where zi is the original variable xi in standardized form, wij is the spatial weight matrix 

and the summation ∑ 𝑗 is restricted to the surrounding areas of i.  

Similar to the global Moran’s I, a positive value of local Moran’s I implies the 
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association of similar values whereas a negative value implies the association of 

dissimilar values. According to Anselin (1995: 94), the LISA is any statistic that 

satisfies the following two requirements: “a) the LISA for each observation gives an 

indication of the extent of significant spatial clustering of similar values around that 

observation; b) the sum of LISAs for all observation is proportional to a global 

indicator of spatial association”. 

Most previous studies concerning socioeconomic factors of air pollution and 

environmental performance, however, did not consider spatial autocorrelation and 

spatial effects in their models, which may have led to biased research results. 

Maddison (2006) found that while economic growth does not necessarily improve 

the environmental problems, there is a strong evidence that national emissions per 

capita of SO2 and NOx are highly impacted by emissions per capita of neighboring 

countries as changes in emissions are transmitted to neighboring countries. Some 

recent studies have also investigated spatial effects of air pollution on a regional basis. 

Hao and Liu (2016) and Cheng et al. (2017) confirmed the existence of spatial 

autocorrelation for urban PM2.5 concentration in Chinese regions.  

In a similar vein, Hosseini and Kaneko (2013) attempted to identify how the air 

quality of a country is affected by surrounding countries and analyzed spatial effects 

by focusing on institutional quality of countries rather than air quality itself. Using 

the panel data set of 129 countries from 1980 to 2007, they found that institutional 

characteristics such as civil liberties and the democracy level of neighboring 

countries influence the emission intensity of countries at a global level through 

spillover effects. These results may suggest that various socio-economic and natural 

causes can be considered when spatial effects are found in the spatial error model. 
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Chapter 3. Research Design 

 

 

3.1. Research Questions 

 

Building on previous theories and studies, this study asks following research 

questions regarding the complex relationships between socio-economic factors, 

spatial effects and air quality performance.  

 

1. What are the major anthropogenic factors of air pollution? How do changes 

in human activities such as demographic changes, economic growth and 

technological development affect the air quality performance of a country?  

2. Does air pollution induced by human activities differ according to national 

development level? What is the difference between air quality performance 

of OECD and non-OECD countries?  

3. Does spatial autocorrelation exist for air quality performance? What is the 

pattern of spatial autocorrelation each year? How do countries formulate 

local spatial clusters?  

4. What are some driving factors of air quality performance when spatial 

effects are controlled? Are there differences in significant socio-economic 

factors in each spatial econometric model? 

5. What would be national and international responses to mitigate air pollution 

and ultimately to improve air quality and environmental performance?  
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3.2. Data Description and Sources6 

 

As broadly discussed in the previous chapters, the primary objective of this study 

is to explore factors influencing air quality performance, with a particular emphasis 

on socio-economic factors and spatial effects. The extended STIRPAT approach is 

employed as an analytical framework and two spatial econometric models—a spatial 

autoregressive model (SAR) and a spatial error model (SEM)—are utilized for a 

panel data of 100 countries from 2007 to 2014 (see Appendix 2). Table 4 lists all the 

variable definitions and sources used in the study.  

The dependent variable7 of this study is air quality performance, which is drawn 

from the 2016 Environmental Performance Index (EPI). Since indicators comprising 

Air Quality are not identical every year, the “backcasted” data is used for the analysis, 

which means that the methodology from the 2016 EPI is applied to the historical 

data. The issue category of air quality performance from the 2016 EPI includes 

following indicators: household air quality (30%), average exposure to PM2.5 (30%), 

PM2.5 exceedance (30%), and average exposure to NO2 (10%).  

Raw datasets of each indicators are normalized with a method of proximity to 

target as 100 being at target and 0 being furthest from the target (Hsu and Zomer, 

2016). More specifically, targets for air quality performance in the 2016 EPI is 10 

µg/m3 for average exposure to PM2.5 and 0% for household air quality and PM2.5 

exceedance and 0 for parts per billion for average concentration of NO2. 

                                            
6  The following sections of Data Description and Source and Model Specification may 

present the same data and methodology used as Park and Cho (2018: 36-38) which is 

presented after the candidate’s final evaluation at the Summer Conference of the Korean 

Association for Policy Studies (KAPS) held on Friday, June 15, 2018. 
7 For further investigation, a separate analysis with the dependent variable of exposure to 

PM2.5, which is one of the indicators of the air quality performance, is conducted as well.   



38 

 

Explanatory variables adopted in this study are based on previous literature that 

are mainly discussed in Chapter 2 and are expanded from the basic STIRPAT model 

which includes population, affluence and technology-related variables. All data for 

explanatory variables, except for the number of cars8, are collected from the World 

Bank Open Data (www.data.worldbank.org). 

 

Table 4 Definition of variables 

Variables Definition Unit 

Air Quality 

Performance 
EPI 

- Household air quality (30%) 

- Average exposure to PM2.5 (30%) 

- PM2.5 exceedance (30%) 

- Average exposure to NO2 (10%) 

- 

Exposure to 

PM2.5 
pm Population weighted exposure to PM2.5 μg/m3 

Population 

Density 
popdensity People per sq.km of land area People/km2 

Working 

population 
working 

Proportion of population between the ages 

of 15 to 64 
% 

Urbanization urb Proportion of people living in urban areas % 

GDP per 

capita 
gdp Gross domestic product per capita 

Constant 

2010 US$ 

Agriculture agri Agriculture, value added (% of GDP) % 

Manufacturing man Manufacturing, value added (% of GDP) % 

Service service Service, value added (% of GDP) % 

Fossil fuel foss Fossil fuel energy consumption (% of total) % 

Passenger cars car Number of passenger cars in use 1,000 cars 

 

Population is decomposed into three variables: population density, working age 

population, and urbanization. Population density is measured by the midyear 

                                            
8 Data for the number of passenger cars in use is drawn from the International Organization 

of Motor Vehicle Manufacturers (www.oica.net).  

 

http://www.data.worldbank.org/
http://www.oica.net/
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population divided by land area in square kilometers. Working age population refers 

to population between the ages of 15 to 64 as a percentage of the total population. 

Urbanization indicates the proportion of people living in urban areas.    

Affluence is estimated by a gross domestic product (GDP) per capita (constant 

2010 US$) and its squared term is also included in the model for testing the EKC 

hypothesis. In addition, following the previous literature that the secondary industry 

is a decisive factor of the ambient air pollution, this study distinguished the industrial 

sectors by primary, secondary and tertiary. The primary sector is measured by the 

value added of agriculture industry to GDP; the secondary sector is measured by the 

value added of manufacturing industry to GDP; the tertiary sector is measured by the 

value added of service industry to GDP. 

Lastly, technology is disaggregated into fossil fuel energy consumption and the 

number of passenger cars. According to the World Bank, fossil fuels are non-

renewable resources and comprise coal, oil, petroleum, and natural gas products. 

Previous studies have confirmed that coal consumption is a significant factor of 

particulate matter and nitrogen dioxide. In addition, transportation is found to be one 

of the most important sources of particulate matter. Thus, this study assumes that the 

number of cars is a significant socio-economic factor of air quality performance.  
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3.3. Hypotheses 

 

Based on the theoretical discussions in Chapter 2, following hypotheses9  are 

tested in this study:  

 

H1. Population variables will show negative relationship with air quality 

performance. In other words, air quality performance will be lower as 

population density, working-age population and urbanization increase. 

H2.   The industrial structure of a country will bring heterogeneous impacts on 

air quality performance. That is, an increase in primary and secondary 

sectors will lead to a lower air quality performance while an increase in 

tertiary sector will lead to a higher air quality performance.  

H3. As the proportion of fossil fuel consumption and the number of passenger 

cars increase, air quality performance will decrease.  

H4. Economic growth will have a statistically significant association with air 

quality performance that a higher GDP per capita will lower air quality 

performance but at a certain level, the air quality performance will 

increase.  

H5. The socio-economic impacts on air quality performance will vary 

according to the degree of each country’s development (i.e., OECD and 

non-OECD countries) 

H6. The air quality performance will be affected by spatial autocorrelation.  

                                            
9 This study also conducts a separate analysis for the exposure to PM2.5, a sub-indicator under 

the air quality performance. Since greater the value of exposure to PM2.5 indicates a higher 

level of air pollution, each hypothesis will expect results to be in the opposite direction.  
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3.4. Model Specification  

 

By applying the extended STIRPAT approach, this study aims to analyze the panel 

data of 100 countries spanning over 8 years (2007-2014) for air quality performance 

drawn from the 2016 Environmental Performance Index, using three different panel 

estimation methods: a pooled Ordinary Least Squares (OLS), a fixed effects model 

and a random effects model. Panel models have been widely used in the field of 

environmental issues as well since they include both cross-sectional and time-series 

data sets (Xu and Lin, 2016; Cheng et al., 2017). Hsiao (2014) explains one of the 

major advantages of using the panel data is that it allows the researcher to explore a 

large number of samples, which increases the degrees of freedom, reduces the 

collinearity between variables and improves the efficiency of estimates.  

In the following study, the fixed effects model (FE) assumes that the intercept 

varies in every country as the intercept of each country remains fixed over time 

whereas the random effects model (RE) assumes the individual effects are randomly 

distributed. That is, while the FE assumes the correlation between the explanatory 

variable and the error term, the RE assumes that there is no correlation between the 

two (Torres-Reyna, 2007; Park and Lee, 2011). In order to choose between FE and 

RE, the Hausman test has been a useful device (Greene, 2003). Under the null 

hypothesis that the constant term and explanatory variables are not correlated, the 

FE is selected when the null hypothesis is rejected; otherwise, the RE is selected.  

The first section of the empirical analysis is primarily focused on how socio-

economic factors influence the air quality performance. Thus, the overall model 

specification based on the extended STIRPAT model is as follows: 
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𝐸𝑃𝐼𝑖𝑡 =  𝛽0 + 𝛽1(ln 𝑝𝑜𝑝𝑑𝑒𝑛𝑠𝑖𝑡𝑦)𝑖𝑡 + 𝛽2(𝑤𝑜𝑟𝑘𝑖𝑛𝑔)𝑖𝑡 + 𝛽3(𝑢𝑟𝑏)𝑖𝑡 +

 𝛽4(ln 𝑔𝑑𝑝)𝑖𝑡 + 𝛽5(ln 𝑔𝑑𝑝_𝑠𝑞)𝑖𝑡 + 𝛽6(𝑎𝑔𝑟𝑖)𝑖𝑡 + 𝛽7(𝑚𝑎𝑛)𝑖𝑡 +

𝛽8(𝑠𝑒𝑟𝑣𝑖𝑐𝑒)𝑖𝑡 + 𝛽9(𝑓𝑜𝑠𝑠)𝑖𝑡 + 𝛽10(ln 𝑐𝑎𝑟)𝑖𝑡 +𝑒𝑖𝑡  

(6) 

where subscripts it denotes the ith cross-section and tth time period.  

In addition, as a second section of the empirical analysis, in order to test 

Hypothesis 6 and to control for spatial effects, this study also seeks to analyze two 

of the most frequently used spatial econometric models: a spatial autoregressive 

model (SAR) and a spatial error model (SEM) (Anselin, 2005; Hao and Liu, 2016; 

Belotti et al., 2017). The spatial autoregressive model (SAR), also commonly known 

as a spatial lag model (SLM), includes a spatially lagged dependent variable on the 

panel model and can be written as: 

𝑌 = 𝛼 + 𝜌WY + 𝑋𝛽 + 𝜀 (7) 

where 𝑌 is a vector of dependent variable, X is a matrix of explanatory variables, 

W denotes the spatial weight matrix. 𝜌 (rho) indicates a spatial coefficient which 

shows the degree of spatial effects on the dependent variable.  

The spatial error model (SEM), in contrast, could be expressed as: 

𝑌 = 𝛼 + 𝑋𝛽 + 𝜀      𝜀 = 𝜆Wε + 𝜇 (8) 

where λ  (lambda) is the spatial coefficient which indicates the influence of the 

residuals of adjacent country on the residuals of the country.  

When selecting an appropriate model between the spatial autoregressive model 

and the spatial error model, instead of relying on R2, the Akaike Information 

Criterion (AIC) and the log-likelihood are often used. Anselin (1992: 170, 190) 

suggests that the model with the highest log-likelihood or with lowest AIC is 

considered as the best model.  
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Chapter 4. Results and Discussion 

 

 

4.1. Descriptive Statistics 

 

Table 5 summarizes the descriptive statistics for main variables, classified by all 

100 observed countries, 34 OECD countries and 66 non-OECD countries. As can be 

seen, the total number of observations is 800, comprising 100 countries for 8 years. 

On average, air quality performance (EPI) is 73.44, showing considerable 

differences between the minimum (23.90) and maximum (97.98) values. The 

average PM2.5 exposure (pm), on the other hand, is 10.07μg/m3 with a minimum 

value of 0.60μg/m3 and a maximum value of 50.30μg/m3. The average population 

density (popdensity), GDP per capita (gdp) and the number of cars (cars) are also 

greatly dispersed.   

The average air quality performance is 73.52 for OECD countries and 73.40 for 

non-OECD countries, which are highly analogous. However, the average GDP per 

capita in OECD countries ($37891.40) is much higher than that of non-OECD 

countries ($6542.24). OECD countries also have a broad range of GDP per capita 

($103310.50) compared to non-OECD countries ($51593.33). For OECD countries, 

Luxembourg has the highest GDP per capita while Mexico has the lowest GDP per 

capita; on the other hand, for non-OECD countries, Singapore and Ethiopia have the 

highest and lowest GDP per capita, respectively.  

Another variable with considerable differences is the number of cars. OECD 

countries have 14361.60 cars (unit: thousand) while non-OECD countries 3766.21 

cars (unit: thousand) on average.  
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Table 5 Descriptive statistics 

Variables Obs. Mean Std. Dev. Min. Max. 

All analyzed countries 

EPI 800 73.44 17.30 23.90 97.98 

pm 800 10.07 6.67 0.60 50.30 

popdensity 800 199.92 729.23 2.71 7714.702 

working 800 64.96 5.40 50.592 74.33 

urb 800 64.10 18.86 16.12 100.00 

gdp 800 17200.95 20745.36 272.39 111968.30 

agri 800 9.54 11.08 0.035 95.152 

man 800 15.15 5.79 1.63 32.37 

service 800 61.29 11.34 23.81 87.65 

foss 800 69.92 24.69 2.74 100.00 

car 800 7368.64 17347.45 30.00 135882.00 

OECD countries 

EPI 272 73.52 17.04 38.07 97.98 

pm 272 10.17 4.51 1.20 23.70 

popdensity 272 223.40 878.70 2.82 7524.70 

working 272 66.95 2.31 61.18 73.35 

urb 272 77.17 11.51 49.70 97.82 

gdp 272 37891.40 22078.27 8657.84 111968.30 

agri 272 8.71 8.77 0.04 45.46 

man 272 15.96 5.33 5.33 31.37 

service 272 69.99 6.88 52.62 87.65 

foss 272 72.14 20.63 10.25 97.07 

car 272 14361.60 24245.78 205.00 135882.00 

Non-OECD countries 

EPI 528 73.40 17.45 23.90 95.85 

pm 528 10.02 7.55 0.60 50.30 

popdensity 528 187.82 639.35 2.71 7714.70 

working 528 63.93 6.20 50.59 74.34 

urb 528 57.37 18.37 16.12 100.00 

gdp 528 6542.24 8188.94 272.39 51865.72 

agri 528 9.97 12.09 0.04 95.15 

man 528 14.73 5.98 1.63 32.37 

service 528 56.82 10.56 23.81 87.23 

foss 528 68.77 26.48 2.74 100.00 

car 528 3766.21 10757.28 30.00 117482.00 
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The correlation analysis for all variables is performed in order to test the existence 

of a multicollinearity problem. Table 6 shows that air quality performance (EPI) 

correlates positively with urbanization, GDP per capita, and service and correlate 

negatively with manufacturing, fossil fuel and cars. The correlations between air 

quality performance and population density, working age population and agriculture 

are not statistically significant. The correlation matrix also presents the non-

existence of high correlations (exceeding 0.7) between two explanatory variables, 

implying that the explanatory variables do not suffer from multicollinearity problem.  

 

Table 6 Correlation matrix 

 1 2 3 4 5 6 7 8 9 10 11 

EPI 1 1.000           

pm 2 -.837** 1.000          

popdensity 3 .047 -.030 1.000         

working 4 -.033 .235** .069 1.000        

urb 5 .286** -.169** .089* .396** 1.000       

gdp 6 .134** -.076* .127** .277** .593** 1.000      

agri 7 -.013 .018 -.095** -.047 -.048 -.062 1.000     

man 8 -.223** .338** -.070* .314** .032 -.063 .020 1.000    

service 9 .216** -.149** .090* .373** .491** .551** -.019 .000 1.000   

foss 10 -.101** .252** .015 .615** .400** .139** .018 .117** .207** 1.000  

car 11 -.120** .272** -.021 .180** .211** .238** .021 .157** .196** .192** 1.000 

 

In addition, Table 7 and 8 present the list of countries with the highest and the 

lowest air quality performance, respectively. As shown in tables below, over 8-year 

periods from 2007 to 2014, countries that have achieved high air quality performance 

have not changed much. In contrast, some Asian countries with low air quality 

performance continue to experience decreasing level of air quality performance.      
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Table 7 Countries with high air quality performance 

Rank 2007 2008 2009 2010 

1 Iceland 97.56 Iceland 97.73 Iceland 97.84 Iceland 97.87 

2 New Zealand 95.78 New Zealand 95.95 New Zealand 96.01 New Zealand 95.81 

3 Mauritius 95.31 Uruguay 95.40 Uruguay 95.85 Uruguay 95.76 

4 Uruguay 95.25 Mauritius 95.33 Australia 95.48 Australia 95.69 

5 Australia 95.15 Australia 95.17 Mauritius 95.38 Mauritius 95.43 

Rank 2011 2012 2013 2014 

1 Iceland 97.74 Iceland 97.98 Iceland 97.89 Iceland 97.43 

2 New Zealand 95.83 Australia 96.17 Australia 96.47 Australia 96.15 

3 Australia 95.78 New Zealand 96.13 New Zealand 96.21 New Zealand 96.09 

4 Uruguay 95.61 Uruguay 95.67 Uruguay 95.63 Mauritius 95.57 

5 Mauritius 95.41 Mauritius 95.50 Mauritius 95.57 Uruguay 95.32 

 

Table 8 Countries with low air quality performance  

Rank 2007 2008 2009 2010 

100 China 25.25 China 25.07 China 24.71 China 23.90 

99 Bulgaria 26.45 Bulgaria 25.58 Bulgaria 25.8 Bangladesh 26.93 

98 Bangladesh 28.79 Bangladesh 28.00 Bangladesh 27.75 India 31.21 

97 Pakistan 30.10 Pakistan 30.06 Pakistan 30.04 Pakistan 32.65 

96 India 34.13 India 34.14 India 34.26 South Korea 40.26 

95 Albania 39.20 Turkey 38.07 Albania 38.30 Belgium 46.12 

94 South Korea 40.33 Albania 38.54 Turkey 40.09 Egypt 47.09 

93 Turkey 40.70 South Korea 40.79 South Korea 40.57 Hungary 49.74 

92 Belgium 46.19 Belgium 46.80 Belgium 47.43 Iraq 49.94 

91 Poland 47.88 Hungary 47.95 Hungary 47.71 Poland 51.72 

Rank. 2011 2012 2013 2014 

100 China 24.13 China 24.48 China 24.26 China 24.42 

99 Bangladesh 26.98 Bangladesh 26.98 Bangladesh 26.22 Bangladesh 26.27 

98 India 31.19 India 31.22 India 30.10 India 30.38 

97 Pakistan 33.63 Pakistan 33.61 Pakistan 33.92 Pakistan 34.47 

96 South Korea 40.92 South Korea 41.53 South Korea 40.77 South Korea 41.43 

95 Belgium 46.21 Iraq 48.00 Belgium 46.57 Belgium 46.05 

94 Iraq 47.73 Belgium 48.09 Iraq 47.82 Egypt 47.26 

93 Hungary 51.11 Hungary 53.94 Poland 48.43 Iraq 48.71 

92 Egypt 53.55 Poland 54.76 Hungary 49.80 Poland 50.91 

91 Poland 53.58 Netherlands 55.18 Egypt 52.14 Hungary 52.13 
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4.2. Results of Panel Data Analysis without Spatial Effects 

 

4.2.1. Results of Air Quality Performance 
 

Table 9 demonstrates the results of panel data analysis for all observations of 100 

countries, using the pooled OLS, the fixed effects (FE), and the random effects (RE) 

models, without considering spatial effects. The pooled OLS estimation shows that 

all variables—except for population density and agriculture—are statistically 

significant factors of air quality performance. Breusch-Pagan Lagrange Multiplier 

(LM) test and the Hausman test are then conducted to determine the most appropriate 

model to explain the relationship between socio-economic factors and air quality 

performance. The LM test suggests that the random effects model should be used 

over the OLS model. The Hausman test, however, specifies that the fixed effects 

model is more appropriate than the random effects model (F=97.01, p-value < 0.01),  

Results of the fixed effects model illustrate that urbanization, manufacturing and 

the number of cars are statistically significant factors of air quality performance, 

when all countries are analyzed. In particular, urbanization is found to be statistically 

significant not just in the fixed effects model but in all three models with a consistent 

positive direction. A coefficient in the FE model implies that an unit increase in 

urbanization is associated with an increase in air quality performance by 1.26, which 

contradicts with Hypothesis 1. 

As expected, on the other hand, a negative association between the number of cars 

and air quality performance is found, indicating that as the number of cars increase 

by 1%, the scores for air quality performance decrease approximately by 0.06. Such 

result suggests that an increase in passenger cars which causes environmental 
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degradation may ultimately hinder a country’s potential in improving air quality 

performance.  

 

Table 9 Results of air quality performance for all observations 

 Pooled OLS FE RE 

Coef. t Coef. t Coef. z 

Constant -92.936*** -4.29 117.213*** 2.67 -11.156 -0.25 

ln(Population Density) 0.298 0.73 0.114 1.33 0.143 1.56 

Working population -0.477*** -2.98 -0.238 -0.43 -0.463* -1.76 

Urbanization 0.263*** 5.70 1.263** 2.38 0.384*** 3.56 

ln(GDP) 45.528*** 8.08 -25.617 -0.84 23.063** 2.00 

ln(GDP)2 -2.392*** -7.90 1.853 1.10 -1.213* -1.94 

Agriculture 0.029 0.61 -0.009 -0.74 -0.006 -0.50 

Manufacturing -0.430*** -4.36 0.280* 1.72 -0.204* -1.66 

Service 0.154*** 2.61 0.110 1.33 0.157** 2.35 

Fossil Fuel -0.172*** -5.94 0.020 0.53 -0.075** -2.15 

ln(Cars) -3.140*** -8.42 -5.904** -2.27 -2.569*** -3.17 

R2 0.3075 0.0354 0.2774 

F-test/X2 36.47*** 2.17** 62.17*** 

Hausman test   97.01*** 
* p < 0.1, ** p < 0.05, *** p < 0.01 

 

As shown in Table 9, it is important to note that inconsistent with Hypothesis 2 

and previous studies, a coefficient for manufacturing in the FE model is positive. 

This can be interpreted that the higher the proportion of the value added of 

manufacturing industry to the country’s GDP, the higher the air quality performance 

is. However, this relationship could not be fully explained especially because 

coefficients for manufacturing in the pooled OLS and the RE model are found in the 

opposite signs. Therefore, it seems necessary to check how these values change in 

the further analysis.   

The panel data is re-analyzed according to the countries’ membership status to the 
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Organization for Economic Co-operation and Development (OECD)10 and results 

are presented in Table 10 and 11. For OECD countries, the pooled OLS model 

suggests that all variables excluding population density, agriculture, and the number 

of cars are statistically significant. The LM test and the Hausman test (F=55.16, p-

value < 0.01), nevertheless, proves that the fixed effects model should be chosen 

over the random effects and the pooled OLS model.  

 

Table 10 Results of air quality performance for OECD countries 

 Pooled OLS FE RE 

Coef. t Coef. t Coef. z 

Constant -430.519 -2.02 -1396.887 -6.02 -755.823 -2.01 

ln(Population Density) 0.237 0.42 0.108 0.78 0.173 1.12 

Working population -2.195*** -5.64 -0.060 -0.07 -1.314** -2.49 

Urbanization -0.216*** -2.82 2.579** 2.54 0.214 1.23 

ln(GDP) 147.875*** 3.52 262.715** 2.25 184.877** 2.48 

ln(GDP)2 -6.917*** -3.40 -12.539** -2.15 -8.785** -2.42 

Agriculture -0.046 -0.56 -0.009 -0.50 -0.012 -0.53 

Manufacturing -1.931*** -10.38 0.438 1.15 -0.734*** -2.69 

Service -0.934*** -6.11 -0.269 -0.94 -0.441** -2.11 

Fossil Fuel -0.246*** -5.68 0.038 0.27 -0.247*** -3.11 

ln(Cars) -0.699 -1.13 -9.985 -1.32 -1.045 -0.77 

R2 0.515 0.1163 0.3968 

F-test/X2 29.82*** 2.55*** 52.50*** 

Hausman test   55.16*** 
* p < 0.1, ** p < 0.05, *** p < 0.01 

 

Based on the fixed effects model (see Table 10), urbanization is, again, found to 

be having a positive association with air quality performance in OECD countries and 

this result further contracts with Hypothesis 1. In OECD countries, as more people 

                                            
10 Although there are 35 OECD countries, only 34 countries—excluding Canada—are 

analyzed in the following study due to data availability.  
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live in urban areas, a country’s air quality performance tends to rise. More 

importantly, unlike the general assumption about the relationship between income 

and environment, contradictory results are found. As can be seen in Table 10, GDP 

per capita (+) and its quadratic term (-) are both statistically significant in all three 

models, indicating that economic growth rather improves the air quality performance 

but declines after a certain point of development.  

Although these results lead to the rejection of Hypothesis 4 and a traditional EKC 

hypothesis, they may provide important implications to the literature. Some previous 

studies focusing on environmental performance index (Alvarez et al., 2014; Jain and 

Jain, 2016) have also observed the positive association between economic growth 

and environmental performance. Similarly, results of Park and Lee (2011) 

demonstrated that there is a U-shaped relationship between income and emissions of 

nitrogen dioxide.   

One assumption would be that OECD countries have already reached a level of 

development where economic growth and technological development occur 

simultaneously. This is why GDP per capita shows the highest positive coefficient. 

However, the negative coefficient of quadratic term of GDP per capita demonstrates 

the complex relationship between human activities and the natural environment. 

Such phenomenon can be understood as diminishing returns on technological 

innovation or relatively decreasing interest in improving environmental performance. 

In other words, there may be limited technological development after a certain point 

or these countries may put less efforts on environmental issues simply because they 

have already met the satisfactory levels of performance.  

The same methodology is applied to test the relationship between socio-economic 
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factors and air quality performance of 66 non-OECD countries (see Table 11). Given 

the F-statistic in the fixed effects model is not statistically significant at the 0.1 level 

and the LM test suggests the random effects model over the pooled OLS, for non-

OECD countries, discussions about the driving factors of air quality performance are 

primarily based on the results of the random effects model.  

As shown in Table 11, urbanization is found to be the most significant factor 

determining the air quality performance of non-OECD countries, as well, but its 

effect is relatively small than that of OECD countries. Having a positive association, 

results can be interpreted as an unit increase in urbanization may lead to the 

improvement in air quality performance by 0.37. Even when the panel data is 

categorized and analyzed according to the countries’ level of development, the 

impact of urbanization on air quality performance is found to be positive. Therefore, 

despite rejecting Hypothesis 1, such result provides an important insight to the 

literature and future research focusing on urbanization and its related components 

would be necessary to derive more meaningful implications.  

The next influential socio-economic factor is found to be service, which implies 

that an unit increase in the added value of service industry to GDP is positively 

associated with 0.22 increase in air quality performance, which partially supports 

Hypothesis 2. Consistent with Hypothesis 3, increasing number of cars is negatively 

associated with the air quality performance of non-OECD countries. Considering 

how the number of cars is not a significant variable in OECD countries, this 

difference may stem from more economically developed countries’ policy efforts to 

continuously develop and supply environmentally-friendly cars such as electric and 

hybrid cars.  
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Table 11 Results of air quality performance for non-OECD countries  

 Pooled OLS FE RE 

Coef. t Coef. t Coef. z 

Constant -93.221*** -3.37 134.315** 2.55 8.635 0.15 

ln(Population Density) 0.081 0.17 0.097 0.88 0.109 0.93 

Working population -0.316* -1.73 -0.339 -0.44 -0.319 -1.05 

Urbanization 0.325*** 6.02 1.099* 1.74 0.373*** 3.06 

ln(GDP) 42.230*** 5.95 -23.054 -0.62 14.817 1.00 

ln(GDP)2 -2.193*** -5.29 1.610 0.74 -0.673 -0.78 

Agriculture 0.059 1.17 -0.007 -0.46 -0.003 -0.19 

Manufacturing -0.031 -0.27 0.133 0.69 -0.225 -1.55 

Service 0.192*** 2.85 0.156* 1.73 0.225*** 3.05 

Fossil Fuel -0.193*** -5.10 0.016 0.38 -0.060 -1.53 

ln(Cars) -3.896*** -8.07 -5.119* -1.81 -2.622*** -2.72 

R2 0.3716 0.0287 0.3366 

F-test/X2 32.17*** 1.14 53.37*** 
* p < 0.1, ** p < 0.05, *** p < 0.01 

 

Table 12 Comparison for air quality performance without spatial effects 

 All Countries (FE) OECD (FE) Non-OECD (RE) 

Coef. t Coef. t Coef. z 

Constant 117.213*** 2.67 -1396.887 -6.02 8.635 0.15 

ln(Population Density) 0.114 1.33 0.108 0.78 0.109 0.93 

Working population -0.238 -0.43 -0.06 -0.07 -0.319 -1.05 

Urbanization 1.263** 2.38 2.579** 2.54 0.373*** 3.06 

ln(GDP) -25.617 -0.84 262.715** 2.25 14.817 1.00 

ln(GDP)2 1.853 1.10 -12.539** -2.15 -0.673 -0.78 

Agriculture -0.009 -0.74 -0.009 -0.50 -0.003 -0.19 

Manufacturing 0.280* 1.72 0.438 1.15 -0.225 -1.55 

Service 0.11 1.33 -0.269 -0.94 0.225*** 3.05 

Fossil Fuel 0.02 0.53 0.038 0.27 -0.06 -1.53 

ln(Cars) -5.904** -2.27 -9.985 -1.32 -2.622*** -2.72 

R2 0.0354 0.1163 0.3366 

F-test/X2 2.17** 2.55*** 53.37*** 
* p < 0.1, ** p < 0.05, *** p < 0.01 
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Likewise, in order to test for Hypothesis 5, the panel data analyses for OECD and 

non-OECD countries are conducted separately and results are shown in Table 12. It 

is evident that the driving socio-economic factors of air quality performance are 

different between OECD and non-OECD countries, supporting Hypothesis 5. For 

instance, in OECD countries with higher level of economic development, GDP per 

capita has the greatest impact on the improvement of air quality performance. On the 

other hand, the increase in GDP per capita has a negative impact on air quality 

performance after a certain point of development and it can, thus, be concluded that 

continuous and sustainable technological innovation is essential.  

In non-OECD countries, however, the industrial structure and the number of 

passenger cars are found to be more important variables than economic growth. The 

impact of urbanization on air quality performance is, nevertheless, statistically 

significant in both OECD countries and non-OECD countries. Therefore, the 

differences in factors affecting air quality performance between developed and 

developing countries may lead to a potential conclusion that a specific country at a 

particular level of development is not solely responsible for severe environmental 

problems in the modern society.   

 

 

4.2.2. Results of Exposure to PM2.5 
 

 

In order to better understand how each indicators of air quality performance are 

affected by socio-economic factors, a separate analysis for exposure to PM2.5 is 

conducted. The same methodology is employed for exposure to PM2.5 and results are 

demonstrated in Table 13, 14 and 15.  
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Table 13 Results of exposure to PM2.5 for all observations  

 Pooled OLS FE RE 

Coef. t Coef. t Coef. z 

Constant 4.913 6.45 -0.008 -0.01 3.369* 2.47 

ln(Population Density) -0.005 -0.32 -0.003 -1.60 -0.004*** -1.65 

Working population 0.016*** 2.91 0.030*** 2.58 0.018** 2.62 

Urbanization -0.007*** -4.54 -0.003 -0.32 -0.007 -2.06 

ln(GDP) -1.029*** -5.20 0.369 0.54 -0.505 -1.49 

ln(GDP)2 0.053*** 4.94 -0.031 -0.83 0.024 1.29 

Agriculture -0.002 -0.93 0.000 0.22 0.000 -0.18 

Manufacturing 0.013*** 3.86 0.010*** 2.61 0.017*** 5.26 

Service -0.004** -2.10 -0.001 -0.35 -0.004** -2.26 

Fossil Fuel 0.008*** 7.45 0.001 1.29 0.004*** 4.11 

ln(Cars) 0.147*** 11.21 -0.076 -1.25 0.044* 1.75 

R2 0.3317 0.0457 0.2389 

F-test/X2 40.65*** 2.82*** 88.24*** 

Hausman test   582.31*** 
* p < 0.1, ** p < 0.05, *** p < 0.01 

 

For all observed countries (see Table 13), working population is having a positive 

association with exposure to PM2.5. That is, an increase in the proportion of 

population between the ages of 15 to 64 is leading to a higher exposure to PM2.5. 

Although a statistically significant relationship was not found in their research, Cole 

and Neumayer (2004) initially assumed that economically active group of population 

would have greater environmental impacts because of consumption habits and 

attitudes towards environmental problems. Inconsistent with the results of air quality 

performance but as generally expected, manufacturing is found to be deteriorating 

air quality as an unit increase in manufacturing is related to 0.01 increase in the level 

of exposure to PM2.5.  

Socio-economic factors influencing exposure to PM2.5 are different between 

OECD and non-OECD countries. For instance, OECD countries are affected more 



55 

 

by demographic factors such as working population, urbanization, and income level 

whereas non-OECD countries are affected more by industrial structure of a country 

and technological variables.  

 

Table 14 Results of exposure to PM2.5 for OECD countries 

 Pooled OLS FE RE 

Coef. t Coef. t Coef. z 

Constant 42.651*** 5.95 -25.551*** -3.60 12.384 1.24 

ln(Population Density) -0.008 -0.42 -0.003 -0.93 -0.003 -0.69 

Working population 0.034** 2.57 0.043*** 2.89 0.047*** 3.80 

Urbanization -0.004 -1.51 -0.036** -2.17 -0.013** -2.51 

ln(GDP) -9.140*** -6.47 6.533** 2.49 -2.596 -1.30 

ln(GDP)2 0.433*** 6.35 -0.345*** -2.62 0.122 1.24 

Agriculture 0.002 0.61 0.000 -0.10 0.000 -0.11 

Manufacturing 0.074*** 11.76 0.006 0.71 0.024*** 3.47 

Service 0.049*** 9.46 -0.010 -1.47 0.002 0.42 

Fossil Fuel 0.006*** 4.02 0.002 0.81 0.010*** 4.67 

ln(Cars) 0.070*** 3.36 -0.295** -1.99 0.025 0.63 

R2 0.5523 0.2551 0.3663 

F-test/X2 34.43*** 6.64*** 117.74*** 

Hausman test   27.22*** 
* p < 0.1, ** p < 0.05, *** p < 0.01 

 

As shown in Table 14, contradictory to the results found in the air quality 

performance of OECD countries, a traditional EKC hypothesis is supported for 

exposure to PM2.5 in OECD countries. In other words, a rise in GDP per capita is 

leading to a higher level of PM2.5 exposure and environmental degradation but after 

a certain point of development, environment rather improves and the degree of PM2.5 

exposure decreases. These results imply that as many previous studies have 

suggested, the environmental Kuznets curve varies depending on pollutants and 

regions analyzed.   

In terms of working population, a previous study of Fan et al. (2006) found that 
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the percentage of population aged 15 to 64 is particularly significant but its effect 

differs by countries’ income levels. Elaborating on their results that countries with 

higher level of income per capita experience a reduction in CO2 emissions with the 

increase in working population, the following study also verifies a positive 

relationship between working population and environmental impacts in the 

developed countries. This result raises an importance of considering consumption 

behavior and habits when implementing relevant policies to reduce the degree of 

exposure to PM2.5.      

In non-OECD countries (see Table 15), manufacturing, fossil fuel and the number 

of cars are positively associated with exposure to PM2.5, and service is negatively 

associated with PM2.5 pollution. In terms of the impact of service industry, results 

are consistent with the hypothesis proposed in the following study but are not in align 

with the recent findings of Ji et al. (2018) which stated that the service industry 

causes PM2.5 pollutant emissions in developing countries. This difference may be due 

to the inclusion of relatively wealthier countries like Singapore under the 

classification of non-OECD countries and can be a limitation of the following study.  

Among statistically significant socio-economic variables, the impact of the 

number of cars on exposure to PM2.5 is the greatest in non-OECD countries. Likewise, 

compared to the air quality performance, somewhat different results are obtained for 

exposure to PM2.5. The effects of socio-economic factors are different according to 

countries’ degree of development. These results indicate that when implementing 

policies to improve air quality, it is highly necessary to consider country-specific and 

regional-specific characteristics. 
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Table 15 Results of exposure to PM2.5 for non-OECD countries 

 Pooled OLS FE RE 

Coef. t Coef. t Coef. z 

Constant 4.954*** 5.02 4.757 3.52 2.768*** 1.66 

ln(Population Density) 0.000 0.02 -0.004 -1.37 -0.004 -1.38 

Working population 0.015** 2.31 0.004 0.23 0.003 0.31 

Urbanization -0.005*** -2.78 0.013 0.96 -0.003 -0.78 

ln(GDP) -0.966*** -3.82 -0.710 -0.86 -0.156 -0.36 

ln(GDP)2 0.044*** 2.98 0.034 0.70 0.000 -0.02 

Agriculture -0.003*** -1.52 0.000 0.15 0.000 0.05 

Manufacturing -0.001 -0.22 0.010** 2.13 0.014*** 3.85 

Service -0.007*** -3.09 0.000 -0.15 -0.004* -1.92 

Fossil Fuel 0.009*** 6.88 0.001 1.04 0.003*** 2.99 

ln(Cars) 0.181*** 10.52 -0.050 -0.75 0.067** 2.33 

R2 0.3869 0.0268 0.2479 

F-test/X2 34.26*** 1.06 45.11*** 

Hausman test   11.25 
* p < 0.1, ** p < 0.05, *** p < 0.01 

 

 

Table 16 Comparison for exposure to PM2.5 without spatial effects 

 All Countries OECD Non-OECD 

Coef. t Coef. t Coef. z 

Constant -0.008 -0.01 -25.551*** -3.6 2.768*** 1.66 

ln(Population Density) -0.003 -1.60 -0.003 -0.93 -0.004 -1.38 

Working population 0.030*** 2.58 0.043*** 2.89 0.003 0.31 

Urbanization -0.003 -0.32 -0.036** -2.17 -0.003 -0.78 

ln(GDP) 0.369 0.54 6.533** 2.49 -0.156 -0.36 

ln(GDP)2 -0.031 -0.83 -0.345*** -2.62 0.000 -0.02 

Agriculture 0.000 0.22 0.000 -0.1 0.000 0.05 

Manufacturing 0.010*** 2.61 0.006 0.71 0.014*** 3.85 

Service -0.001 -0.35 -0.010 -1.47 -0.004* -1.92 

Fossil Fuel 0.001 1.29 0.002 0.81 0.003*** 2.99 

ln(Cars) -0.076 -1.25 -0.295** -1.99 0.067** 2.33 

R2 0.0457 0.2551 0.2479 

F-test/X2 2.82*** 6.64*** 45.11*** 
* p < 0.1, ** p < 0.05, *** p < 0.01 
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4.3. Results of Panel Data Analysis with Spatial Effects11  

 

4.3.1. Results of Spatial Autocorrelation Analysis 

 

Table 17 presents the results of the Moran’s I test on air quality performance and 

exposure to PM2.5. The spatial weight matrix and the Moran’s I statistics are 

calculated using GeoDa (Anselin et al., 2006) and a summary of spatial weight 

matrix is described in the Appendix 3. All statistical tests are performed with a 

permutation of 99,999 and all Moran’s I statistics are positive at 0.01 significance 

level.  

 

Table 17 Global Moran’s I statistics 

 2007 2008 2009 2010 2011 2012 2013 2014 

EPI 
0.566*** 0.572*** 0.567*** 0.613*** 0.622*** 0.609*** 0.628*** 0.619*** 

[6.618] [6.687] [6.638] [7.213] [7.321] [7.178] [7.378] [7.278] 

pm 
0.543*** 0.543*** 0.555*** 0.556*** 0.560*** 0.555*** 0.485*** 0.468*** 

[6.386] [6.403] [6.541] [6.554] [6.580] [6.524] [5.761] [5.575] 
* p < 0.1, ** p < 0.05, *** p < 0.01 and figures in parentheses denote z values 

 

Since 2007, the Moran’s I statistics for air quality performance are having rising 

patterns and are all greater than 0.5. In particular, the Moran’s I statistic (0.628) 

reaches the highest point in year 2013, indicating the existence of very strong 

positive spatial autocorrelations in the air quality performance. Compared to the air 

quality performance, exposure to PM2.5 has relatively smaller values of global 

                                            
11 The following sections demonstrate the same results that are presented at the Summer 

Conference of the Korean Association for Policy Studies (KAPS) held on Friday, June 15, 

2018 (Park and Cho, 2018: 40-47). 
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Moran’s I. Although the degree of spatial autocorrelation weakens from year 2013, 

however, the spatial autocorrelation is still greatly significant in every year. 

The spatial associations can also be observed by the Moran scatter plot (see Figure 

112), which plots the spatial lag of the variable on y-axis and the original variable on 

x-axis to demonstrate the relationship between the value of a chosen attribute at a 

specific location and the average value of the same attribute at its neighboring 

locations (Anselin, 1996; Hao and Liu, 2016). Here, the spatial lag refers to the 

average value of air quality performance at neighboring countries.  

The four quadrants in the Moran scatter plot provide a classification of four types 

of spatial autocorrelation: High-High (upper right), Low-Low (lower left) for 

positive spatial autocorrelation; High-Low (lower right) and Low-High (upper left) 

for negative spatial autocorrelation. The slope of the Moran scatter plot shows each 

value of the global Moran’s I statistics. 

 

Figure 1 Moran scatter plots for air quality performance (2007-2014) 

  
(i) 2007 (ii) 2008 

                                            
12 The Moran scatter plots for exposure to PM2.5 are shown in the Appendix 4. 
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(iii) 2009 (iv) 2010 

  

(v) 2011 (vi) 2012 

  

(vii) 2013 (ix) 2014 

 

As shown in Figure 1, results of the Moran scatter plots visually suggest that 
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countries tend to cluster together with countries of similar air quality performance. 

This can be interpreted that countries in the Low-Low quadrant have a greater 

potential of brining negative impacts on air quality performance to their neighboring 

countries. Table 17 also presents the lists of countries in each quadrant for air quality 

performance in 2014.  

 

Table 18 Spatial clusters of countries on air quality performance in 2014 

Quadrants Countries 

High-High 

Argentina, Australia, Azerbaijan, Bolivia, Brazil, Botswana, Chile, 

Colombia, Costa Rica, Dominican Republic, Ecuador, El Salvador, Estonia, 

Finland, United Kingdom, Georgia, Guatemala, Honduras, Ireland, Iceland, 

Jamaica, Latvia, Morocco, Mexico, Mauritius, Nicaragua, Norway, New 

Zealand, Panama, Peru, Philippines, Portugal, Paraguay, Russia, Senegal, 

Singapore, South Africa, Spain, Suriname, Sweden, Uruguay, United States 

of America 

High-Low Belarus, Ethiopia, Mozambique, United Republic of Tanzania  

Low-Low 

Albania, , Austria, Belgium, Benin, Bangladesh, Bulgaria, Bosnia, China, 

Croatia, Czechia, Democratic Republic of Congo, Egypt, Germany, Ghana, 

Hungary, India, Iran, Iraq, Israel, Italy, Jordan, Japan, Lebanon, Sri Lanka, 

Luxembourg, Moldova, Macedonia, Nigeria, Netherlands, Pakistan, 

Poland, Republic of Serbia, Romania, Saudi Arabia, Switzerland, Slovakia, 

Slovenia, South Korea, Togo, Thailand, Turkey, United Arab Emirates 

Low-High 
Cameroon, Cyprus, Denmark, France, Greece, Kazakhstan, Kenya, 

Kyrgyzstan, Lithuania, Malaysia, Tunisia, Ukraine  

 

As discussed in Chapter 2, since the global Moran’s I only provides a single value 

for the entire observations, it does not necessarily consider different patterns 

occurring at different locations. Thus, in order to examine the spatial heterogeneity 

and to detect the local variation, tests for the local spatial correlation index (LISA) 

are also conducted by using GeoDa (Anselin et al., 2006).  
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Figure 2 LISA cluster map for air quality performance (2007 and 2014) 

 
(i) 2007 

 
(ii) 2014 

 

Figure 2 represents the LISA cluster maps of air quality performance in 2007 and 

2014. The spatial autocorrelation of air quality performance among observed 

countries is very strong and countries have formed a local spatial cluster at 

statistically significant levels. There are 19 countries forming Low-Low clusters in 

2007 while there are 15 countries under Low-Low clusters in 2014. Countries with 

High-High clusters are found in the Northern Europe and South America.  
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Countries in Asia, particularly around China and India, are forming Low-Low 

cluster, which means that the air quality performance of a country is impacted by 

poor air quality of its neighboring countries. However, it is important to note that 

Iran and Sri Lanka are under High-Low cluster in 2007. As of 2014, however, the 

LISA cluster map shows that both countries have shifted to Low-Low cluster, 

possibly due to low air quality performance of their surrounding countries.  

Another area forming Low-Low cluster is found in Eastern Europe. In 2007, 13 

countries13 have formulated Low-Low clusters of air quality performance. In 2014, 

however, those countries forming Low-Low clusters in Eastern Europe have fallen 

to only 4 countries 14 and other countries appear to be unaffected by spatial 

autocorrelation. Such reduction may have resulted from the European Union’s 

continued efforts to achieve high standards of air quality through participating in 

international environmental agreements (i.e., Convention on Long Range 

Transboundary Air Pollution) and its own programs (i.e., Air Quality Framework 

Directive).  

A similar phenomenon is also found in the LISA cluster maps of exposure to PM2.5 

in 2007 and 2014. 13 countries around Eastern Europe15 have initially created High-

High clusters and this result seems to be associated with high level of PM2.5 exposure 

in Hungary (20.0μg/m3), Poland (18.8μg/m3) and Slovenia (17.7μg/m3). In 2014, on 

the other hand, despite relatively low level of air quality performance and having the 

second highest PM2.5 exposure level in the entire Europe, Belgium (13.5μg/m3) is 

                                            
13 These countries include Austria, Bulgaria, Czech Republic, Germany, Greece, Croatia, 

Hungary, Macedonia, Poland, Romania, Serbia, Slovakia and Ukraine.  
14 These countries include Austria, Czech Republic, Germany and Slovakia.  
15 These countries include Austria, Bulgaria, Croatia, Czech Republic, Germany, Hungary, 

Macedonia, Poland, Romania, Serbia, Slovakia, Slovenia and Ukraine.  
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found to be insignificant in the LISA cluster map and does not affect PM2.5 exposure 

level of its neighboring countries such as France, Netherlands, and Luxembourg. 

Consistent with results found in the air quality performance, those countries forming 

High-High clusters in Eastern Europe have been reduced to only 8 countries16.  

 

Figure 3 LISA cluster map for exposure to PM2.5 (2007 and 2014) 

 
(i) 2007 

 
(ii) 2014 

                                            
16  These countries include Austria, Czech Republic, Germany, Hungary, Poland, Serbia, 

Slovakia and Ukraine.  
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With regard to exposure to PM2.5 in 2007 in Asia, countries such as Kyrgyzstan, 

Kazakhstan and Sri Lanka are under Low-High cluster, which means that these 

countries’ levels of exposure to PM2.5 are low despite of high levels of exposure to 

PM2.5 in their surrounding countries. But in 2014, Sri Lanka, again, moves to High-

High cluster as exposure to PM2.5 increases from 8.2μg/m3 in 2007 to 10.9μg/m3 in 

2014. It is significant to note that although Kyrgyzstan and Kazakhstan are 

geographically closer to China, these countries’ level of PM2.5 exposure have, in fact, 

fallen from 7.3μg/m3 to 6.6μg/m3 and 7.8μg/m3 to 6.8μg/m3, respectively. This 

suggests that while there exists obvious spatial autocorrelations globally, other 

explanatory factors such as individual countries’ socio-economic characteristics or 

natural factors like the direction of the wind may also affect the level of exposure to 

PM2.5 and thus, should not be overlooked.  

As such, tests of both the global Moran’s I statistics and the LISA confirm that air 

quality performance and its sub-indicator, exposure to PM2.5, present spatial 

autocorrelations. When exploring the relationship between socio-economic factors 

and air quality performance, it is, thus, necessary to consider spatial effects so that 

more appropriate and relevant policies can be proposed based on more accurate and 

precise relationships.  
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4.3.2. Results of Spatial Panel Analysis 

 

In order to test Hypothesis 6, a spatial autoregressive model (SAR) and a spatial 

error model (SEM) are performed and for each spatial model, the Hausman test is 

conducted to choose between the fixed effects and the random effects model (see 

Table 19 and 20). For both spatial panel models, the Hausman test specifies that the 

random effects model provides better estimation to describe the relationship between 

socio-economic factors and air quality performance when spatial effects are 

controlled.  

Table 19 presents the results of the pooled OLS model without spatial effects, a 

spatial autoregressive model and a spatial error model. It is noteworthy that spatial 

autocorrelation parameters are statistically significant at 0.01 level in both spatial 

models. It can be interpreted that an increase in air quality performance of 

neighboring countries by 1 would lead to an increase in air quality performance in 

the country by approximately 0.38, other things being equal. Such results are 

consistent with the findings drawn from the Moran’s I statistics and scatter plots 

which found the existence of strong positive spatial autocorrelations in air quality 

performance.    

As can be seen in Table 19 while all explanatory variables except for population 

density and agriculture are statistically significant factors explaining the air quality 

performance in the pooled OLS model without spatial effects, the random effects 

model with the inclusion of spatial weight matrix shows that air quality performance 

is affected less by socio-economic variables.  
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Table 19 Results of air quality performance using SAR  

 Pooled OLS FE RE 

Coef. t Coef. z Coef. z 

Rho (ρ)   0.433*** 8.13 0.381*** 7.63 

Constant -92.936*** -4.29   43.872 1.11 

ln(Population Density) 0.298 0.73 0.203 1.61 0.180 1.36 

Working population -0.477*** -2.98 -0.340 -0.77 -0.123 -0.33 

Urbanization 0.263*** 5.70 1.152** 2.28 0.423** 2.27 

ln(GDP) 45.528*** 8.08 -45.542** -2.04 -0.939 -0.08 

ln(GDP)2 -2.392*** -7.90 2.747** 2.06 0.077 0.12 

Agriculture 0.029 0.61 -0.007 -0.44 -0.003 -0.20 

Manufacturing -0.430*** -4.36 -0.381* -1.72 -0.461*** -2.64 

Service 0.154*** 2.61 0.136 1.32 0.192** 2.11 

Fossil Fuel -0.172*** -5.94 -0.064 -1.39 -0.106** -2.11 

ln(Cars) -3.140*** -8.42 -1.804 -0.78 -1.481 -1.46 

R2 0.307 0.158 0.100 

Log likelihood -3264.20 -2194. -2504.27 

AIC 6548.40 4412.46 5036.53 

SC 6599.83 4468.68 5102.12 

Hausman test   12.97 
* p < 0.1, ** p < 0.05, *** p < 0.01 

 

The random effects model explains approximately 10% of the dependent 

variable’s variation. In particular, manufacturing, which is statistically significant in 

all three models, is found to be the most decisive factor of air quality performance 

when spatial effects are controlled. A coefficient for manufacturing indicates that a 

unit increase in manufacturing is leading to a decrease in air quality performance by 

0.46. This suggests that a higher share of secondary industry added to GDP would 

contribute to poorer air quality performance. Such result is consistent with findings 

of earlier studies that the quality of air is severely affected by the increasing pressure 

on secondary industry (Park and Lee, 2011; Li et al., 2016; Wu et al., 2018).   

In addition, the added value of service to GDP is also found to be associated with 
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air quality performance. Consistent with the prediction, as the industrial structure 

shifts to the service-oriented economy, the occurrence of environmental degradation 

seems less likely and countries are better able to improve their air quality 

performance. However, the influence of agriculture is very small and is never 

statistically significant. This suggests that the industrial structures of countries bring 

heterogeneous impacts on air quality performance; but the effect of secondary sector 

is greater than that of tertiary sector. Therefore, Hypothesis 2 is partially supported.  

While the positive coefficient of urbanization (0.423) leads to the rejection of 

Hypothesis 1, the degree of urbanization is a meaningful factor determining a 

country’s air quality performance. It is generally conceived that environmental 

pollution is exacerbated by dense populations, transportation facilities, housing and 

buildings, and industrial facilities in urban areas. Liddle and Lung (2010), however, 

explains that when more people live as multiple families, especially in high-rise 

buildings than as a single family in a separate housing, less energy is consumed on 

a household basis. Moreover, as people are densely concentrated in urban areas, there 

is a possibility of greater demand for public transport, which may ultimately lead to 

less energy consumption.  

Fan et al. (2006) also suggests that an increase in either working population or 

urbanization may lead to a higher awareness in environmental protection, energy 

efficiency and energy-saving technology. Thus, another interpretation on the 

positive relationship between urbanization and air quality performance could be that 

as urbanization accelerates, the level of education will rise, causing people to be 

more cautious of environmental protection and also to be engaged more in 

environmentally friendly behaviors, which may lead to the overall improvement in 
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air quality performance.  

With regard to technological variables, as expected, both fossil fuel and the 

number of cars are showing negative association with air quality performance. 

However, only fossil fuel is found to be statistically significant, thus partially 

supporting Hypothesis 3. Fossil fuel includes coal, oil, petroleum and natural gas and 

previous studies proved that coal consumption is one of the major factors of pollution 

caused by PM2.5 (Wang et al., 2013; Xu and Lin, 2016; Xu et al., 2016). In addition, 

the U.S. Environment Protection Agency also specifies that the burning of fossil 

fuels contribute to the release of nitrogen oxides into the atmosphere. Thus, when 

implementing policies to improve the air quality performance, considerations for 

reducing fossil fuel consumption by substituting to renewable energy and by 

enhancing energy efficiency are imperative.  

Table 20 below presents the results for a spatial error model. Manufacturing, again, 

affects the air quality performance the most, implying that a unit increase in the 

added value of manufacturing to GDP causes a decrease in air quality performance 

score by 0.55. Generally, similar results are found in the spatial error model but the 

effects of population density and the number of cars are detected, as well. Results 

suggest that population density is positively associated with the air quality 

performance that as population density increases by 1%, the air quality performance 

score increases by 0.002. Although its effect is not dramatic, it still goes against the 

prediction, rejecting Hypothesis 1. Such phenomenon can be understood in a similar 

context to the impact of urbanization described in the earlier model. As the 

population density increases, it can be interpreted that the demand for public 

transportation increases, reducing the total emissions of pollutants. Although this 



70 

 

relationship may seem to improve the overall air quality performance itself, future 

studies need to further examine how population density along with other 

demographic factors influence each of the pollutants at different levels.  

 

Table 20 Results of air quality performance using SEM 

 Pooled OLS FE RE 

Coef. t Coef. t Coef. z 

Lambda (λ)   0.470*** 8.47 0.466*** 7.41 

Constant -92.936*** -4.29   69.073 1.49 

ln(Population Density) 0.298 0.73 0.223** 2.15 0.205* 1.89 

Working population -0.477*** -2.98 0.038 0.07 0.061 0.14 

Urbanization 0.263*** 5.70 1.229** 2.35 0.504*** 2.77 

ln(GDP) 45.528*** 8.08 -52.096** -2.15 -2.238 -0.16 

ln(GDP)2 -2.392*** -7.90 3.156** 2.20 0.105 0.14 

Agriculture 0.029 0.61 -0.010 -0.72 -0.008 -0.56 

Manufacturing -0.430*** -4.36 -0.499*** -2.57 -0.552*** -3.45 

Service 0.154*** 2.61 0.146 1.38 0.140 1.32 

Fossil Fuel -0.172*** -5.94 -0.057 -1.28 -0.077* -1.87 

ln(Cars) -3.140*** -8.42 -0.758 -0.29 -2.175** -2.31 

R2 0.307 0.132 0.226 

Log likelihood -3264.2 -2192.127 -2495.317 

AIC 6548.4 4408.254 5018.633 

SC 6599.831 4464.469 5084.218 

Hausman test   11.59 
* p < 0.1, ** p < 0.05, *** p < 0.01 

 

Furthermore, the number of cars shows a negative association with air quality 

performance; as the number of cars increases by 1%, the air quality performance 

increases by 0.02. Therefore, Hypothesis 3 is also partially supported in the spatial 

error model. For spatial effects, a coefficient for lambda is approximately 0.47 and 

it is statistically significant at 0.01 level. This suggests that spatial spillover effects 

also occur in the error term and there may exist unspecified variables which critically 
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influence the air quality performance of a country.  

In order to deepen the understanding of the driving factors of air quality 

performance, a separate analysis for exposure to PM2.5 is conducted and results are 

presented in Table 21 and 22. The same methodology is carried out and for both 

spatial models analyzed, the random effects model proves to be more suitable 

according to the Hausman test. The spatial effects of exposure to PM2.5, however, are 

greater than spatial effects of air quality performance. 

 

Table 21 Results of exposure to PM2.5 using SAR 

 Pooled OLS FE RE 

Coef. t Coef. t Coef. z 

Rho (ρ)   0.470*** 8.57 0.510*** 16.22 

Constant 4.913 6.45   2.046** 2.13 

ln(Population Density) -0.005 -0.32 -0.002 -0.60 -0.001 -0.33 

Working population 0.016*** 2.91 0.012 1.43 0.007 1.00 

Urbanization -0.007*** -4.54 0.000 0.05 0.000 0.02 

ln(GDP) -1.029*** -5.20 0.277 0.63 -0.323 -1.45 

ln(GDP)2 0.053*** 4.94 -0.025 -0.93 0.012 1.02 

Agriculture -0.002 -0.93 0.000 1.09 0.000 0.99 

Manufacturing 0.013*** 3.86 0.008* 1.66 0.010** 2.30 

Service -0.004** -2.10 -0.003 -1.51 -0.004* -1.94 

Fossil Fuel 0.008*** 7.45 0.003** 2.10 0.003*** 2.74 

ln(Cars) 0.147*** 11.21 -0.050 -0.86 0.038 1.44 

R2 0.3317 0.1673 0.4253 

Log likelihood -584.7678 853.9044 545.9397 

AIC 1191.536 -1683.809 -1063.879 

SC 1243.066 -1627.594 -998.2948 

Hausman test   12.00 
* p < 0.1, ** p < 0.05, *** p < 0.01 

 

As can be seen in Table 21, in the spatial autoregressive model, increasing 

manufacturing and fossil fuel are causing higher levels of PM2.5 exposure whereas a 

rise in service, though small effects, is causing decreasing level of PM2.5 exposure. 
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In the spatial error model (see Table 22), however, the effects of manufacturing and 

fossil fuel are constant with the same direction; service is not found to be significant 

while the positive effect of working population is identified.  

 

Table 22 Results of exposure to PM2.5 using SEM 

 Pooled OLS FE RE 

Coef. t Coef. t Coef. z 

Lambda (λ)   0.488*** 7.62 0.500*** 7.25 

Constant 4.913 6.45   2.555** 2.01 

ln(Population Density) -0.005 -0.32 -0.002 -0.63 -0.002 -0.65 

Working population 0.016*** 2.91 0.014 1.50 0.013* 1.65 

Urbanization -0.007*** -4.54 0.005 0.67 0.001 0.24 

ln(GDP) -1.029*** -5.20 -0.026 -0.06 -0.260 -0.86 

ln(GDP)2 0.053*** 4.94 -0.011 -0.42 0.005 0.33 

Agriculture -0.002 -0.93 0.000 0.94 0.000 0.97 

Manufacturing 0.013*** 3.86 0.008 1.48 0.009* 1.74 

Service -0.004** -2.10 -0.002 -0.61 -0.002 -0.59 

Fossil Fuel 0.008*** 7.45 0.002 1.62 0.003** 2.10 

ln(Cars) 0.147*** 11.21 -0.082 -1.08 0.035 0.75 

R2 0.3317 0.1163 0.1689 

Log likelihood -584.7678 845.4485 496.4824 

AIC 1191.536 -166.897 -964.9648 

SC 1243.066 -1610.682 -888.3802 

Hausman test   18.33 
* p < 0.1, ** p < 0.05, *** p < 0.01 

 

As discussed in Chapter 2, when choosing between a spatial autoregressive model 

and a spatial error model, values of log-likelihood, AIC and SC (Schwarz Criterion) 

are often compared. According to Anselin (1998), the higher the log-likelihood and 

the lower the AIC, the better the model fit is. Table 23 compares the spatial 

autoregressive model and spatial error model for air quality performance and 

exposure to PM2.5.  

Table 23 shows that the spatial error model is more appropriate for air quality 
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performance, that is, the spatial effects appear in factors that are not considered in 

the present study. However, it is also evident that spatial effects of the spatial 

autoregressive model are also statistically significant and differences between log-

likelihood and AIC are not very large. Therefore, while future studies need to identify 

unexplained factors of the air quality performance, those factors that are found to be 

significant such as urbanization, manufacturing, service and fossil fuel should also 

be critically considered when implementing policies to improve the air quality 

performance. In contrast, the spatial autoregressive model is found to be more 

relevant for exposure to PM2.5.  

 

Table 23 Comparison between SAR and SEM 

 

EPI Exposure to PM2.5 

SAR SEM SAR SEM 

Coef. t Coef. z Coef. t Coef. z 

Lambda (λ)   0.466*** 7.41   0.500*** 7.25 

Rho (ρ) 0.381*** 7.63   0.510*** 16.22   

ln(Population Density) 0.18 1.36 0.205* 1.89 -0.001 -0.33 -0.002 -0.65 

Working population -0.123 -0.33 0.061 0.14 0.007 1.00 0.013* 1.65 

Urbanization 0.423** 2.27 0.504*** 2.77 0.000 0.02 0.001 0.24 

ln(GDP) -0.939 -0.08 -2.238 -0.16 -0.323 -1.45 -0.26 -0.86 

ln(GDP)2 0.077 0.12 0.105 0.14 0.012 1.02 0.005 0.33 

Agriculture -0.003 -0.20 -0.008 -0.56 0.000 0.99 0.000 0.97 

Manufacturing -0.461*** -2.64 -0.552*** -3.45 0.010** 2.30 0.009* 1.74 

Service 0.192** 2.11 0.14 1.32 -0.004* -1.94 -0.002 -0.59 

Fossil Fuel -0.106** -2.11 -0.077* -1.87 0.003*** 2.74 0.003** 2.1 

ln(Cars) -1.481 -1.46 -2.175** -2.31 0.038 1.44 0.035 0.75 

R2 0.0996 0.226 0.4253 0.1689 

Log likelihood -2504.267 -2495.317 545.9397 496.4824 

AIC 5036.533 5018.633 -1063.879 -964.9648 

SC 5102.118 5084.218 -998.2948 -888.3802 
* p < 0.1, ** p < 0.05, *** p < 0.01 
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Chapter 5. Policy Implications and Conclusion 

 

 

5.1. Policy Implications  

 

The following policy implications can be drawn based on the results obtained from 

the empirical analysis of 100 countries during the period between 2007 and 2014. 

First, this study finds that urbanization is positively associated with air quality 

performance in both OECD and non-OECD countries; a positive relationship 

between the two is also found even when the spatial effects are controlled. Although 

these findings do not support the proposed hypothesis, they present interesting 

perspectives on the impact of urbanization. Unlike a generally accepted notion that 

urbanization is one of the major causes of environmental degradation assuming that 

it increases the total energy consumption and emissions of the country, it can be 

rather understood that the problem of air pollution is simply centralized in the urban 

areas.  

Ji et al. (2018) explains that since people living in the urban areas are the main 

victims of the air pollution caused by PM2.5, they are more likely to demand for the 

effectiveness of environmental protection and control. Earlier studies of Fan et al. 

(2006) and Liddle and Lung (2010) also suggested the possibility of higher levels 

awareness for environmental protection when it comes to a greater degree of 

urbanization. From this point of view, it seems necessary to implement policies based 

on public participation and active involvement that can raise the awareness about air 

pollution and enhance pro-environmental behaviors.   
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Second, this study demonstrates that the driving socio-economic factors of air 

quality performance and exposure to PM2.5 vary according to the countries’ level of 

development. While OECD countries are mainly affected by income level, non-

OECD countries are affected by the service industry and the number of cars. When 

implementing policies, economically advanced countries need to consider ways to 

maintain a positive relationship between income and air quality performance through 

continuous technological innovation. In addition, the negative effects of the number 

of cars on the air quality performance are only statistically significant in non-OECD 

countries. This suggests that along with stricter emissions standards for cars, 

developing countries may need to expand the government subsidies to purchase 

environmentally friendly vehicles.  

Third, the second section of the empirical analysis in this study verifies that the 

air quality performance is significantly affected by spatial effects. In other words, a 

country that is adjacent to countries with low air quality performance is more likely 

to be experiencing low air quality performance due to geographical proximity. This 

is also confirmed indirectly through the results of the Moran’s I and the LISA test. 

Evidence from countries like Iran and Sri Lanka indicate that air quality performance 

of each country is influenced not only by its independent efforts and domestic 

policies but also by air quality performance of surrounding countries. In this context, 

it is essential to cooperate with neighboring countries through diverse forms of 

international agreements and laws in order to solve the continuing problems of 

deteriorating air quality. 

Results of the LISA test also allow us to observe that the degree of local spatial 

autocorrelation in Eastern European countries have been reduced dramatically from 
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2007 to 2014. That is, the overall air quality performance of European countries has 

improved, in general, and the number of countries influencing their neighboring 

countries and forming Low-Low clusters have decreased. Such improvements may 

have resulted from the European Union’s series of Directives which set the standards 

for ambient air quality in order to protect from excessive pollution concentrations 

(EEA, 2017).  

The 2008 Ambient Air Quality Directive (2008/50/EC) is the EU’s one of the 

major legislative instruments on air pollution which sets the thresholds, limit values 

and target values for pollutants such as sulfur dioxide, nitrogen dioxide, particulate 

matter, lead, benzene and carbon monoxide. The Directive requires the member 

states to assess the pollution levels of zones and agglomeration and to take any 

actions for unsatisfactory standards. Since 2013, the EU also adopted the Clean Air 

Policy Package which includes: Clean Air Programme for Europe, National 

Emission Ceiling (NEC) Directive and a new Directive to reduce pollution from 

medium-sized combustion installations (the MCP Directive). This policy established 

stricter standards for emissions and air pollution. Although the EU’s air quality 

policies are not necessarily the best options available as the EU also suffers from 

weak implementation and compliance (Yamineva and Romppanen, 2017), such 

cases can be benchmarked as methods to enhance international collaboration at 

continental levels.   

Yamineva and Romppanen (2017), however, argue that the current legal and 

regulatory approaches to air pollution17 is insufficient since the principle of “State 

                                            
17 These include—but not limited to—the Convention on Long-Range Transboundary Air 

Pollution (CLRTAP), the ASEAN Agreement on Transboundary Haze Pollution (AATHP) 

and the Paris Agreement (Yamineva and Romppanen, 2017). Other major international 
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liability” and “common but differentiated responsibilities” are often excluded in the 

international legal instruments on air pollution. They also pinpoint that there is no 

agreement on how the principle of “no-harm” can be applied to the long-distance air 

pollution where causal relationships are vague. In a similar manner, Alam and 

Nurhidayah (2017) claim that the State has a liability to avert transboundary 

environmental damages and to pay reparation or compensation for such harms. 

However, they suggest that implementing the principle of State responsibility or 

liability is intricate due to political and financial reasons and the State’s lack of 

willingness. For instance, the non-interference principle of the ASEAN Charter leads 

to the ineffectiveness of the ASEAN Agreement on Transboundary Haze Pollution 

(AATHP).  

Based on these limitations, strengthening the legal competence and binding force 

of the current multilateral environmental agreements is necessary. The introduction 

of a single global framework on air pollution which covers a large number of 

countries could also be an option. Such framework needs to clarify the limits of 

transboundary air pollution between neighboring countries. Furthermore, in order to 

achieve the greater effectiveness of the international cooperation, each country first 

needs to fully review and enact regulatory legislation so that the multilateral 

environmental agreements can be applied independently.  

Fourth, another important finding from the spatial panel data analysis is that 

manufacturing and fossil fuel are the most decisive socio-economic factors of air 

pollution when spatial effects are controlled. Increase in the added value of 

manufacturing to GDP and fossil fuel consumption are associated with low air 

                                            
environmental agreements related to air pollution is summarized in the Appendix 5.    
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quality performance and high exposure to PM2.5. These results imply that the 

governments need to implement policies to increase R&D expenditure in energy 

efficiency enhancement and emission reduction technologies. Thus, more 

investment in technological innovation is mandatory for environmental protection 

and sustainable development.  

In fact, according to the OECD (2018), as of 2014, renewable energy accounts for 

about 89.07% of total primary energy supply in Iceland, a country with the highest 

air quality performance. On the contrary, in 2014, the share of renewable energy in 

China is only about 8.10% and the share of renewable energy in Belgium, which 

experienced one of the lowest air quality performance among European countries, is 

also profoundly small (6.42%). Therefore, a transition from fossil fuel-centered 

industry to renewable energy would be a vital element of improving air quality 

performance and active investment in renewable energy of each country must take 

precedence.  

Lastly, considering the results of the spatial error model, it is important to find 

unspecified explanatory factors influencing the air quality performance. However, 

there may exist some factors which are considered to be theoretically meaningful but 

cannot be analyzed due to the lack of data accessibility. In addition, there are many 

countries that are not included in this study because of limitations in available data. 

In this regard, efforts to strengthen the national statistical systems in diverse fields 

are highly required in each country and along with this, it seems compulsory to 

improve the monitoring system for air quality.  
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5.2 Limitations of the Study and Final Remarks 

 

Despite significant findings and policy implications above, this study has 

following limitations. First, there is a possibility that countries that are not included 

in the analysis due to the limitations of data accessibility may have actually brought 

important impacts on their neighboring countries. But there was no way to control 

for potential effects of missing countries in this study. Second, since the spatial 

weight matrix used in the following study is contiguity-based, the spatial effects may 

be different according to the actual distance measured. 

However, as there is no definite agreement on how far the pollutants can travel 

through the atmosphere, it is a bit ambiguous to set the threshold value of distance. 

The inclusion of regional borders such as provinces and states would allow more 

detailed analysis of the impacts of neighboring countries’ air quality. Furthermore, 

future studies also need to examine the distance-based spatial effects by setting 

thresholds at diverse levels. By doing so, the investigation of the socio-economic 

factors on air quality performance and the comparison for the degree of spillover 

effects could be performed more precisely.  

Nevertheless, this study is significant as it attempted to provide more accurate 

estimation on factors influencing air quality performance by focusing on socio-

economic factors and including spatial effects. This study finds that spatial 

autocorrelation exists in both air quality performance and exposure to PM2.5 and each 

country is affected by its own socio-economic changes as well as air quality 

performance of its neighboring countries.  
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Appendix 1. 2016 Environmental Performance Index Framework 

Objective Issue Category Indicator 

Environmental 

Health (50%) 

- EH 

Health Impacts (33%) - 

EH.EH 
Environmental Risk Exposure (100%) 

Air Quality (33%) - 

EH.Air 

Household Air Quality (30%) 

Air Pollution - Average Exposure to 

PM2.5 (30%) 

Air Pollution - PM2.5 Exceedance (30%) 

Air Pollution - Average Exposure to NO2 

(10%) 

Water and Sanitation 

(33%) - EH.Water 

Unsafe Sanitation (50%) 

Drinking Water Quality (50%) 

Ecosystem 

Vitality (50%) 

- EV 

Water Resources (25%) - 

EV. Water 
Wastewater Treatment (100%) 

Agriculture (10%) - EV.Ag 
Nitrogen Use Efficiency (75%) 

Nitrogen Balance (25%) 

Forests (10%) - EV.Forest Tree Cover Loss (100%) 

Fisheries (5%) -EV.Fish Fish Stocks (100%) 

Biodiversity and Habitat 

(25%) - EV.BioHab 

Terrestrial Protected Areas (National 

Biome Weights) (20%) 

Terrestrial Protected Areas (Global 

Biome Weights) (20%) 

Marine Protected Areas (20%) 

Species Protection (National) (20%) 

Species Protection (Global) (20%) 

Climate and Energy (25%) 

- EV.Climate 

Trend in Carbon Intensity (75%) 

Trend in CO2 Emissions per KWH 

(25%)*** 

Access to Electricity (not used for 

calculation of EPI score) 

Source: 2016 Environmental Performance Index (http://epi2016.yale.edu/) 

 

 

 

 

 

 

 

 

 

http://epi2016.yale.edu/
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Appendix 2. List of Countries Used for Analysis 

ID Countries ID Countries 

1 Albania 36 Georgia 

2 United Arab Emirates 37 Ghana 

3 Argentina 38 Greece 

4 Australia 39 Guatemala 

5 Austria 40 Honduras 

6 Azerbaijan 41 Croatia 

7 Belgium 42 Hungary 

8 Benin 43 India 

9 Bangladesh 44 Ireland 

10 Bulgaria 45 Iran 

11 Bosnia and Herzegovina 46 Iraq 

12 Belarus 47 Israel 

13 Bolivia 48 Iceland 

14 Brazil 49 Italy 

15 Botswana 50 Jamaica 

16 China 51 Jordan 

17 Switzerland 52 Japan 

18 Chile 53 Kazakhstan 

19 Cameroon 54 Kenya 

20 
Democratic Republic of the 

Congo 
55 Kyrgyzstan 

21 Colombia 56 South Korea 

22 Costa Rica 57 Lebanon 

23 Cyprus 58 Sri Lanka 

24 Czechia 59 Lithuania 

25 Germany 60 Luxembourg 

26 Denmark 61 Latvia 

27 Dominican Republic 62 Morocco 

28 Ecuador 63 Moldova 

29 Egypt 64 Mexico 

30 Spain 65 Macedonia 

31 Estonia 66 Mozambique 

32 Ethiopia 67 Mauritius 

33 Finland 68 Malaysia 

34 France 69 Nigeria 

35 United Kingdom 70 Nicaragua 
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ID Countries ID Countries 

71 Netherlands 86 El Salvador 

72 Norway 87 Republic of Serbia 

73 New Zealand 88 Suriname 

74 Pakistan 89 Slovakia 

75 Panama 90 Slovenia 

76 Peru 91 Sweden 

77 Philippines 92 Togo 

78 Poland 93 Thailand 

79 Portugal 94 Tunisia 

80 Paraguay 95 Turkey 

81 Romania 96 United Republic of Tanzania 

82 Russia 97 Ukraine 

83 Saudi Arabia 98 Uruguay 

84 Senegal 99 United States of America 

85 Singapore 100 South Africa 
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Appendix 3. Summary of Spatial Weight Matrix18 

Links 

total 293 

min 0 

mean 2.93 

max 10 

Number of links Observations 

0 6 

1 21 

2 24 

3 16 

4 14 

5 6 

6 6 

7 5 

9 1 

10 1 

Sum 100 

IDs of observations with 0 links 4, 48, 67, 73, 77, 84 

 

 

 

                                            
18  When creating a spatial weight matrix, the world map taken from the Natural Earth 

(https://www.naturalearthdata.com/) is used.  

 

https://www.naturalearthdata.com/
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Appendix 4. Moran Scatter Plots for Exposure to PM2.5 (2007-2014) 

 

  

(i) 2007 (ii) 2008 

  

(iii) 2009 (iv) 2010 
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(v) 2011 (vi) 2012 

  

(vii) 2013 (ix) 2014 

 

 

Appendix 5. Major International Agreements  

Signature Year Name 

1979 Convention on Long-Range Transboundary Air Pollution 

1985 Vienna Convention for the Protection of the Ozone Layer 

1987 Montreal Protocol 

1992 United Nations Framework on Climate Change 

1997 Kyoto Protocol 

2015 Paris Agreement 

 
Source: Reconstructed from Alma and Nurhidayah (2017) and International Environmental 

Agreements (IEA) Database Project (https://iea.uoregon.edu/) 

https://iea.uoregon.edu/
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국문 초록 

 

 

 

현대 사회에서 대기오염은 단순히 환경문제로 국한되는 것이 아니라 정치경제 

등 사회의 다양한 측면에서 심각한 문제로 대두되며 특히 인간의 생존과 건강에 

큰 위협을 주고 있다. 이와 관련하여 본 연구의 목적은 환경성과지표(EPI) 중 대

기 질 성과에 영향을 미치는 요인을 사회경제적요인과 공간효과를 중심으로 분석

하는 것이다. 본 연구는 확장된 STIRPAT(Stochastic Impacts by Regression on 

Population, Affluence, and Technology) 모형을 분석의 틀로 설정하여 100개 국

가에 대한 2007년부터 2014년까지의 패널 데이터를 활용한다.  

본 연구의 실증 분석은 크게 두 부분으로 구성된다. 첫 번째 절에서는 분석에 

포함된 100개국, 34개 OECD 국가 및 66개 비-OECD 국가에 대한 공간효과를 고

려하지 않은 패널 분석을 실시한다. 분석 결과, 국가의 개발 정도에 따라 대기 질 

성과에 미치는 사회경제적요인이 상이하다고 나타난다. 한편 두 번째 절에서는 공

간가중행렬을 구축한 후 공간자기회귀모형(spatial autoregressive model: SAR)과 

공간오차모형(spatial error model: SEM)을 사용하여 공간 효과가 고려되었을 때 

사회경제적요인과 대기 질 성과 간의 관계를 파악한다.  

전역적 모란지수와 국지적 모란지수 값이 통계적으로 유의하게 나타나 본 연구

는 대기 질 성과에 공간자기상관이 존재함을 확인한다. 공간패널분석 결과, 도시

화, 제조업 및 서비스 산업, 화석 연료 사용률, 인구밀도 및 자동차 수가 통계적으

로 유의한 변수로 나타났으나 이 중 두 공간 모형에서 공통적으로 유의한 변수는 

도시화, 제조업 및 화석 연료 사용률로 밝혀진다.  

한편 보다 상세한 분석을 위해 대기 질 성과의 하위 지표인 초미세먼지 노출도
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에 대한 별도의 분석을 수행한다. 분석 결과 초미세먼지 노출도에도 공간자기상관

이 통계적으로 유의한 수준에서 존재하고 있으며 제조업과 화석 연료 사용률이 

초미세먼지 노출도에 가장 중요한 영향을 미치는 사회경제적요인으로 나타난다.   

따라서 본 연구는 대기 질 성과를 개선하고 초미세먼지 노출도를 감소하기 위

해 국가 간 협력을 도모하고 국제 환경 협약의 법적 권한을 보다 강화할 필요가 

있다는 시사점을 제시한다. 또한 에너지 효율성 및 대기 오염 배출 감축 기술에 

대한 R&D 투자가 보다 확장되어야 하며 재생에너지로의 전환이 필요하다는 결론

을 내린다.  

 

 

주요어: 환경성과지수, 대기질성과, 초미세먼지, PM2.5, STIRPAT, 공간자기상관 

학  번: 2016-27880 
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