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Abstract8

The fundamental assumption of analysing the association between urban air pollution and economic9

development is the negligible spread of air pollution between cities. The most existing studies10

mainly analysed the effect of economic development on a city’s air pollution base on the assumption11

of negligible spread of air pollution. Hence, this paper aims to provide the statistical tools to verify12

the very assumption by performing the phase difference analysis on time series of air pollutants13

of cities in a region, particularly corresponding estimation and testing methods for the phase14

difference. Furthermore, the empirical analysis in the three regions of China shows that the main15

causes of air pollution are economic activities and weather conditions, and also the spread of16

pollutants between cities when the air pollution in a region is severe. This finding supports the17

existing conception of air pollution, specifically Environmental Kuznets Curve, and the need for a18

more extensive analysis allowing more detailed causes of the air pollution in a regression model.19

Keywords: air pollution, phase difference, semi-parametric regression, spatial transmission, three20

sectors of economy21

22
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1. Introduction23

During the past two decades, air pollution has been the imperative issue because24

of its tremendous impact on the environment, human health, economy, and society25

(see the reports of OECD (2016) and WHO (2019) for examples). For instance,26

the World Health Organization (WHO) (Canh et al. (2021) for details) reported 4.227

million human deaths from exposure of air pollution each year. The Environmental28

Kuznets Curve (EKC) hypothesis of Grossman and Krueger (1995), and Selden and29

Song (1994) shows the importance of the relationship between economic growth and30

air pollution in which the degree of environmental pollution in a country exhibits31

an inverted “U-shaped” curve with the level of economic development. There are a32

number of studies such as Lin and Li (2011), Sebri and Ben-Salha (2014), Li et al.33

(2017), and Canh et al. (2021), Wang et al. (2019), and Hao et al. (2018) analysed34

the relationship between economic growth and air pollution from the different per-35

spectives, particularly economic growth, fiscal taxes, new energy consumption, and36

urban activities. Most of these existing studies considered the impact of economic37

development on the air pollution within a city based on the assumption that the38

spread of air pollution among neighbouring cities is negligible. However, there is39

a high possibility of the spread of air pollutants among neighbouring cities due to40

transportation and other exchanges (see Zhao et al. (2020) for details). Therefore, it41

is important to perform the hypothesis testing of the spread of air pollution between42

cities in a region.43

This paper aims to provide a statistical tool for analysing the importance of the44

air pollution spread between cities in a region by performing the phase difference45

analysis of air pollutants. Our analysis mainly focuses on PM2.5 because it is the46

main pollutant of air pollution (see Yang et al. (2017) for detail). The paper firstly47

introduces an estimation method for analysis of the phase difference of PM2.5 and48

proposes a method for testing its statistical significance. The performance of the test49

is also investigated via a simulation exercise. In addition, the empirical analysis of50

the impact of economic activity on air pollution and its transmission between cities51

in the three regions of China, namely Sichuan Basin, North China, and Yangtze52

River Delta comprising 18, 32 and 41 cities respectively (see Liu et al. (2018), Yang53

et al. (2017), and Lou et al. (2016) for details), is conducted by using the proposed54

methods.55

The rest of the paper is structured as follows. Section 2 proposes the statistical56

inference of a phase difference analysis, particularly a phase difference estimation,57

a hypothesis testing for the phase difference and its performance via a simulation58

exercise, and presents the phase difference analysis of PM2.5 in the three regions of59

China. The comprehensive empirical analysis of air pollution in those three regions60

is presented in Section 3. The paper then concludes with the summary.61
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2. The statistical inference of phase difference62

The section presents the phase difference analysis of air pollution in the three63

regions of China. In particular, the phase difference estimation of PM2.5 is firstly64

introduced then the testing for the statistical significance of the phase difference,65

and finally the phase difference analysis of PM2.5 in the three regions is presented.66

2.1. Phase difference estimation67

The phase difference estimation of the air pollutants is proposed due to the68

spread of and the time varying concentration of air pollutants. In particular, the air69

pollution is either produced by the economic activities of a city or imported from70

neighbouring cities. For the spread of pollution, there is a sequential order of the71

change in pollutant concentration between two cities. The dynamic of pollutants in72

city B leads the one in city A when the pollutants spread from B to A. For the73

concentration of PM2.5 and its dynamic, it shows a strong seasonal variation and74

yearly cycle, respectively (see Figure 1 for examples). In particular, air temperature75

increases with the height because of the temperature inversion preventing the dif-76

fusion of pollutants to higher altitudes and making the PM2.5 concentration dense77

during winter. On the other hand, the inversions are less likely to form because78

sufficient rain and wind make PM2.5 disperse during summer.79

The phase difference is the difference between the phases of two sinusoidal curves80

with a same frequency. It reflects the relative positions of two sinusoidal quantities81

for the same frequency. For instance, Figure 1 show a similar yearly cycle for the82

three cities. The estimation methods of the phase difference can be broadly classified83

into two. The first approach is the estimation of phase difference in the time domain84

(see Zhu et al. (2004), and Schuster et al. (2008) for details), and the other is85

in the frequency domain. Because the simple trigonometric functions seem to fit86

the time series well, the later approach is employed in this paper, particularly the87

trigonometric function is used in our calculation, as follows.88

Let x = A1 sin(wt+ ϕ1) and y = A2 sin(wt+ ϕ2) be sinusoidal time series with

a same frequency. Then, the phase difference is

∆ϕ = (wt+ ϕ1)− (wt+ ϕ2) = ϕ1 − ϕ2,

where w= 2π/T with T being the period of sinusoidal quantity. In our analysis,89

T = 365 representing the number of days in a year. The positive and negative phase90

difference reflects the ahead and behind of the two sinusoidal sequences, respectively91

(see David and Graham (2014)). In particular, ∆ϕ > 0 indicates that the first92

sequences is ahead of the second and ∆ϕ < 0 is the other case.93

For a sinusoidal sequence y = A sin(wt+ ϕ), it is

y = A cos(ϕ) sin(wt) + A sin(ϕ) cos(wt).
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Figure 1: PM2.5 in three cities of China from 2014 to 2019

By fitting the time series of PM2.5 into sinusoidal time series, the regression parame-94

ters of A sin(ϕ) and A cos(ϕ) can be estimated, and the phase ϕ of the sinusoidal time95

series can be calculated. The linear models for the time series xi, yi(i = 1, 2, ..., n)96

are given below97

xi = α0 + A cosϕ1 sin(wti) + A sinϕ1 cos(wti) + εi, (1)
98

yi = β0 +B cosϕ2 sin(wti) + B sinϕ2 cos(wti) + ξi, (2)

where A cosϕ1, A sinϕ1, B cosϕ2 and B sinϕ2 are the regression parameters, εi and

ξi are the regression residuals. We estimate parameters in (1) and (2) by the least

square method as follows. Let α and β be the vectors of parameters such that

α = (α1 = A cosϕ1, α2 = A sinϕ1)
′ and β = (β1 = B cosϕ2, β2 = B sinϕ2)

′, then it

is

α̂ = argmin
α

{
n∑

i=1

(xi − α0 − α1 sin(wti)− α2 cos(wti))
2

}

and

β̂ = argmin
β

{
n∑

i=1

(yi − β0 − β1 sin(wti)− β2 cos(wti))
2

}
,

where α̂ = (α̂1, α̂2)
′ and β̂ =

(
β̂1, β̂2

)
′

. Finally, the estimate of the phase difference

of the two time series is

∆̂ϕ= arctan
α̂2

α̂1

− arctan
β̂2

β̂1

.
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99

100

Figure 2 displays the daily PM2.5 and their respective fitted sinusoidal time101

series from 2014-2019 in Chengdu and Deyang. After normalization, the fitted sine102

functions are plotted in Figure 3 showing that Chengdu is ahead of Deyang. In103

addition, conversions of the phase differences into the number of days are marked104

on the map (see Figure 4). For instance, the time difference of PM2.5 dynamic105

between Deyang and Chengdu is 7.44 days which means that the change of PM2.5106

in Chengdu is 7.44 days ahead of that in Deyang.107

Figure 2: Time series of PM2.5 and fitted curves in Chengdu and Deyang

Figure 3: Fitted curves of PM2.5 in Chengdu and Deyang
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Figure 4: Phase difference of PM2.5 of cities in Sichuan Basin during 2014-2019

2.2. Test of phase difference108

The hypothesis testing of the statistical significance of the estimated phase dif-109

ference above is discussed as follows. Firstly, the null hypothesis is110

H0 : ∆ϕ = 0. (3)

Then the time series, yt, is written as follows

yt = f(t) + εt for t = 1, . . . , T,

where T is the sequence length, f(t) is a function of time t, and εt is the white noise.

The function f(t) can be fitted by sinusoidal time series f̂(t), hence its residual is

ε̂t = yt − f̂(t). By using bootstrap method, samples of ε̂∗1, ε̂
∗

2, · · · , ε̂
∗

T are randomly

drawn with probability 1/T from the residuals with replacement. In this way, a new

time series yt
∗ can be obtained by below

yt
∗ = f̂(t) + ε̂∗t .

After M repetitions we can obtain M time series of y∗1t , y∗2t , · · · , y∗Mt . Next, we

produce bootstrap samples of xt
∗i, yt

∗j where i, j = 1 · · ·M as follows

xt
∗i = ĝ(t− ∆̂ϕ) + η̂∗it

and

yt
∗j = f̂(t) + ε̂∗jt .
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Then the M pairs of time series for the phase difference is estimated by using the

above estimation method, denoted by ∆̂ϕ
∗

1, ∆̂ϕ
∗

2, · · · , ∆̂ϕ
∗

M . The p-value is calcu-

lated as follows

p-value =

{
∆̂ϕ

∗

i ≥ ∆̂ϕ, i = 1 · · ·M
}

M
.

The null hypothesis in (3) is rejected when the p-value is smaller than a pre-specified111

significance level.112

Now let us present the performance of the proposed hypothesis testing above113

via a simulation exercise as follows. We consider the two time series below114

xt = 40 sin(0.06t+∆φ) + εt and yt = 40 sin(0.06t) + ηt, (4)

where εt
i.i.d.
∼ N(0, σ2) and ηt

i.i.d.
∼ N(0, σ2). The simulation exercise shows that115

the probability of rejecting the null hypothesis of 1000 tests of the two sequences116

is consistent with the theoretical one (significance level of 0.05). The rejection117

probabilities of the test for a number of different settings are presented in Table 1.118

Table 1: Rejection rates of 1000 replications under the null hypothesis of (3)

T σ2 = 1 σ2 = 10 σ2 = 20 σ2 = 40

1000 0.047 0.049 0.059 0.053

1500 0.051 0.040 0.055 0.050

2000 0.046 0.052 0.049 0.042

2500 0.047 0.050 0.049 0.050

3000 0.046 0.049 0.044 0.051

4000 0.046 0.052 0.052 0.058

5000 0.051 0.054 0.038 0.051

When the null hypothesis is not true, i.e., ∆ϕ 6= 0, Figure 5 shows the rejection119

rates and the phase difference value after 1000 replications of the above test for the120

two time series in (4). It can be seen that as the value of phase difference increases,121

the rate of rejecting the null hypothesis in 1000 tests increases and finally tends to122

1. This indicates that the higher rate of rejection for larger phase difference between123

the sequences. These results suggest that our proposed test of phase difference is124

valid and powerful.125

2.3. Phase difference of cities in three regions of China126

This subsection finally presents the estimates of the phase differences of PM2.5127

between cities and their statistical significances in the three regions. This analysis128

considers Chengdu, Beijing and Shanghai to be the centres of Sichuan Basin, North129

China and Yangtze River Delta, respectively. The phase difference of a city in the130

region is then defined as the phase difference between the city and the regional cen-131

tre due to the transmissibility of the phase difference. In particular, let PD(A,B),132
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Figure 5: Efficacy of the test under the null hypothesis with the different settings

PD(B,C) and PD(A,C) denote the phase differences between cities A and B, cities133

B and C, and cities A and C, respectively, then PD(A,C) = PD(A,B) + PD(B,C).134

Figure 6 shows the phase differences between 17 cities in Sichuan Basin, 40 cities in135

Yangtze River Delta, and 31 cities in North China and their central cities, respec-136

tively. The p-values for the tests of phase differences are outside of the dashed line137

which are less than 0.05. The p-value is smaller when it is further away from the138

dashed line. The significance of the phase difference is evidenced for the most of the139

cities in the three regions.140

Figure 6: The phase differences between each cites (in an order according to their distance from

the centres) and their centres in the three regions.
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Table 2: Variables in the models
Variables Definition

PM2.5 average annual PM2.5 index

GDP regional GDP

Pop population density

Sencond1 growth rate of secondary industry

Third1 growth rate of tertiary industry

Sencond2 share of secondary industry structure

Third2 share of tertiary industry structure

Wind wind speed

Temp temperature

PD phase differences of PM2.5

AGRP average GDP growth rate

P average population density growth rate

S2 average growth rate of secondary industry

S3 average growth rate of tertiary industry

R2 average share of secondary industry

R3 average share of tertiary industry

PDwind phase differences of temperature

PDtemp phase differences of wind speed

dist the closest distance to neighboring cities

3. Empirical analysis of air pollution in the three regions of China141

In this empirical analysis, the PM2.5 concentration and the phase difference142

of PM2.5 between cites are comprehensively studied because PM2.5 is the main143

contribution to the air pollution. For instance, China Ecological Environment Bul-144

letin (Ministry of Ecology and Environment, PRC (2019)) reported that PM2.5 is145

accounted for much higher than other pollutants for 77.7% of the heavily polluted146

days. All the variables used in this analysis are listed in Table 2 with the full descrip-147

tions. Those are easily obtained from https://aqicn.org/data-platform/register/ for148

the PM2.5 concentration, China Statistical Yearbook for the economic indicator,149

National Climatic Data Center for the historical weather data. Note that the data150

from a nearby city is used for the replacement of the missing weather condition data151

for some cities. The distance between two cities are calculated by their latitude and152

longitude. 1
153

Firstly, let us revisit the hypothesis of EKC in Grossman and Krueger (1995)154

which states that the pollutants depend on GDP with an inverted “U” shape. Hence,155

the EKC hypothesis is analysed by a nonparametric regression model for the PM2.5156

concentration as follows157

PM2.5 = s(ln(GDP )) + ζ, (5)

1All these data are available at https://github.com/qibushixi/air-pollution-data.
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Table 3: Fitting results for model (5) in the three regions

s(Ln(GDP )) Sichuan Basin
Yangtze

River Delta
North China

edf 7.132 4.338 5.409

F 3.616 3.796 4.423

p-value 0.001 0.0052 0.001

Deviance explained 0.232 0.076 0.128

Sample size 106 233 188

where s(·) is an unknown smooth function. Using package GAM in R, Table 3158

shows the efficient degrees of freedom (edf) for the estimate of s(ln(GDP )) and its159

significance. The estimated curves of s(ln(GDP )) are shown in Figure 7. All curves160

show an inverted “U” shape suggesting that the EKC hypothesis holds for the all161

three regions.162

Although our nonparametric analysis supports for the EKC hypothesis, it is163

evident that there are number of other factors which effect the air pollution such as164

population density, types of socio-economic activities, and weather condition (see165

Canh et al. (2021), Chen et al. (2020), and Li et al. (2017) for details). Hence, other166

factors than GDP are also considered by using the semiparametric partially linear167

model (see Härdle et al. (2000) for details) as follows168

PM2.5 = s(ln(GDP )) + γ1ln(Pop) + γ2Second1 + γ3Third1 (6)

+γ4Second2 + γ5Third2 + γ6Wind+ γ7Temp+ ζ.

Table 4 presents the estimation results of (6), particularly the estimates of co-169

efficients and their standard errors. Figure 8 shows the relationship between the170

PM2.5 concentration and GDP. It can be seen that the curves in Sichuan Basin171

and Yangtze River Delta do not have a decreasing trend when the GDP is high.172

In addition, there is a negative relationship between the PM2.5concentration and173

the proportion of tertiary industry. In particular, when there is higher share of the174

tertiary sector mainly in the service industry the concentration of PM2.5 is less in-175

tensive. Hence, removing the effects of the tertiary sector causes to increase PM2.5176

with GDP leading to the change in inverted “U” shape. It is clear that there is a177

significant effect of economic activities on air pollution from this analysis.178

Finally, we further analyse whether spatial spreading is also an significant effect179

on the air pollution of a city by analysing the phase difference of PM2.5. Because180

there is no significant nonlinearity between the phase differences, the linear regres-181

sion model is considered as follows182

PD =φ0 + α0AGRP + α1P + α2S2 + α3S3 + α4R2 + α5R3

+ φ1PD(wind) + φ2PD(temp) + φ3dist+ ε.
(7)
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Figure 7: The relationship between GDP and PM2.5: the solid curve in the middle is the estimated

function of s(ln(GDP )) in (5) and the two dash-curves are the 95% confidence band.

Table 5 presents the estimation result of (7) in the three regions, for both full and183

refined models.184

Our empirical analysis suggests that the causes of the phase differences differ185

in the three regions. The correlation between phase difference and air pollution186

in North China is -0.589 and its p-value is 0.000, and those in Sichuan Basin and187

Yangtze River Delta are respectively -0.092 and 0.360, and -0.061 and 0.362. In188

Sichuan Basin and Yangtze River Delta, the economic activities and climate condi-189

tions of the cities play significant roles in phase differences of PM2.5. The cities in190

North China differ from the ones in the other two regions in that phase differences of191

PM2.5 are significantly related to their economic activities and their distances from192

the neighbouring cities. Note that the phase difference may be caused by either193

the time taken for the spreading of pollution from a city to another or its earlier194

increasing of pollution due to its own economic activities. In the region of North195

China, the time taken for pollutants to spread between cities causes the phase dif-196

ferences of PM2.5. In addition, the PM2.5 pollution in North China is the highest197

among the three regions, especially during 2014-2019. In particular, the days with198

severe pollution in North China and the other two regions are 19.21%, 9.61% and199

6.25% respectively. Because of this heavy pollution, the spreading of pollution sig-200

nificantly increases the pollution level in the other neighbouring cities and causes201

phase differences.202
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Table 4: Regression results of parameters in (6)

Variables Sichuan Basin Yangtze River Delta North China

(Intercept) 113.700 127.252 108.500

(0.015) (0.000) (0.001)

Ln(Pop) 6.144 4.200 22.640

(0.059) (0.064) (0.000)

Second1 -9.276 -105.703 -94.710

(0.923) (0.011) (0.037)

Third1 66.8000 328.383 -112.2000

(0.524) (0.000) (0.155)

Second2 1.340 0.656 0.059

(0.009) (0.029) (0.859)

Third2 -0.835 -1.250 -1.469

(0.092) (0.000) (0.000)

Wind -1.485 -0.464 -0.668

(0.010) (0.000) (0.037)

Temp -0.214 -0.083 -0.006

(0.007) (0.230) (0.945)

Table 5: Regression results from model (7)

Variables Sichuan Basin Yangtze River Delta North China

Full Refined Full Refined Full Refined

Intercept 0.484 0.540 -0.324 -0.171 0.017 -0.140

(0.063) (0.003) (0.261) (0.001) (0.955) (0.043)

AGRP -2.158 · 1.403 1.536 11.300 9.409

(0.736) · (0.414) (0.016) (0.085) (0.050)

P 2.636 2.703 0.119 · 2.882 ·

(0.127) (0.022) (0.639) · (0.226) ·

S2 3.571 2.413 0.094 · -5.838 -4.682

(0.313) (0.016) (0.927) · (0.127) (0.102)

S3 -1.606 -1.837 0.358 · -5.329 -4.478

(0.305) (0.023) (0.768) · (0.078) (0.037)

R2 -0.485 -0.613 0.098 · 0.125 ·

(0.238) (0.009) (0.726) · (0.645) ·

R3 -0.623 -0.759 0.163 · -0.232 ·

(0.173) (0.002) (0.568) · (0.470) ·

PD(wind) 0.019 · 0.016 · 0.070 ·

(0.870) · (0.601) · (0.560) ·

PD(temp) -0.603 -0.842 1.194 1.316 3.637 4.203

(0.751) (0.121) (0.008) (0.000) (0.149) (0.077)

dist -0.002 · -0.036 -0.046 0.223 0.245

(0.958) · (0.310) (0.074) (0.011) (0.000)

R2 0.805 0.799 0.442 0.424 0.618 0.584

p-value 0.069 0.005 0.022 0.000 0.006 0.000

Sample size 17 17 40 40 31 31
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Figure 8: The relationship between GDP and PM2.5 when multiple factors are considered: the

solid curve is the estimated function of s(ln(GDP )) in (6) and the two dash-curves are the 95%

confidence band.

4. Summary203

This paper offers both theoretical and empirical analysis of the number of fac-204

tors affecting air quality. We have introduced a new dimension for methodology,205

particularly the phase difference analysis, to study the association between air pol-206

lution and other factors. Details of its estimation method and test procedure are207

provided. In the empirical analysis, we find that when we focus only on the effect208

of GDP on PM2.5, the curves of PM2.5 and GDP in the three regions do have209

the inverted “U” phase lending support to the EKC hypothesis. However, our study210

also suggests that when the tertiary industry is excluded, air pollution still increases211

with the increase of GDP, and the inverted “U” shape disappears. Therefore, we212

believe that the increase of the tertiary industry shares inverted “U” curve. For the213

phase difference of PM2.5, the results show that only North China has a significant214

relationship with distance among the three regions. In particular, the inter-city pol-215

lution spreading in North China has a significant effect on the phase difference. By216

comparing the pollution level in the three regions during 2014-2019, North China217

is the most polluted region. This suggests that the spreading is also an important218

factor for air pollution when the region is severely polluted.219
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