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Abstract: In the literature, very few studies have focused on how urbanisation will influence the
policy effects of a climate policy even though urbanisation does have profound socioeconomic
impacts. This paper has explored the interrelations among the urbanisation, carbon emissions, GDP,
and energy consumption in China using the autoregressive distributed lag (ARDL) model. Then,
the unit urbanisation impacts are inputted into the policy evaluation framework of the Computable
General Equilibrium (CGE) model in 2015-2030. The results show that the urbanisation had a positive
impact on the GDP but a negative impact on the carbon emissions in 1980-2014. These impacts were
statistically significant, but its impact on the energy consumption was not statistically significant. In
2015-2030, the urbanisation will have negative impacts on the carbon emissions and intensity. It will
decrease the GDP and the household welfare under the carbon tax. The urbanisation will increase
the average social cost of carbon (ASCC). Hence, the urbanisation will reinforce the policy effects of
the carbon tax on the emissions and welfare.
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1. Introduction

China has been experiencing rapid urbanisation for decades. The percentage of the
urban population increased from 18% in 1978 to 56% in 2015 [1]. The urban population
was projected to reach one billion by 2030 [2]. Rapid urbanisation may increase energy
consumption because cities are the main contributors to fossil-fuel energy consumption [3].
For example, a one-way positive causal relationship exists from the urbanisation to the
energy consumption in China [4]. Conversely, urbanisation could also reduce energy
consumption because it saves energy use in transport. For example, the urbanisation was
empirically found to reduce the residential energy use in the 12 transition economies [5].

Although a long-term correlation between urbanisation and carbon emissions was
already confirmed in the literature [6], urbanisation impacts on carbon emissions are com-
plicated: on the one hand, urbanisation-induced industrialisation results in intensive use of
energy, which increases carbon emissions; on the other hand, geographical concentration
may enhance energy use efficiency, which decreases carbon emissions. Although previous
researchers studied how the Chinese urbanisation affected the historical emissions [7-9],
the projected urbanisation impacts during the period 2015-2030 remain to be researched
in China.

In addition to the environmental impacts, rapid expansion of urban areas could
generate profound economic impacts. Urbanisation can generate both positive economic
externalities, such as the creation of new jobs and promotion of new technologies, and
negative externalities, such as public insecurity and social inequality [10,11].

Hence, urbanisation affects energy consumption, carbon emissions, and economic
growth altogether. Studies that partially omit the urbanisation impacts tend to be biased,
owing to the omission of an explanatory variable. For example, Zhao and Zhang [3] only
focused on the bidirectional impacts of the urbanisation on the energy consumption in
China during the years 1980-2010. As Zhao and Zhang [3] excluded the direct urbanisation
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impacts on the emissions, their results might be biased, owing to the fact that the urbani-
sation could affect the emissions directly [12]. In contrast, Al-mulali, Sab [13] and Wang,
Fang [4] neglected the urbanisation impacts on the economic growth. With the omission of
an influential explanatory variable, these studies may not give full understanding of the
urbanisation impacts. In comparison to the results in Zhang, Yi et al. [14] could be much
more trustworthy, as they fully studied the relation between the urbanisation and its three
influential factors.

The complicated socioeconomic impacts of the urbanisation are likely to change the
policy effects of the Chinese climate policies. Nevertheless, very few previous studies have
modelled urbanisation impacts on the policy effects. Neglecting the urbanisation impacts
is likely to cause a misunderstanding regarding climate policies because the structural
transition in urban population has a significant influence on efforts to mitigate carbon
emissions [15]. Therefore, it is important that the urbanisation impacts should be modelled
in the evaluation of climate policies. In the policy evaluation framework, the social cost
of carbon (SCC) is usually used to denote whether a climate policy can cost-effectively
abate carbon emissions. In other words, the SCC stands for the costs of the emissions of an
additional tonne of carbon dioxide [16], and thus it is used to denote the marginal welfare
impact of the emissions [17].

This paper contributes to the literature by incorporating the urbanisation impacts in
the evaluation framework of the climate policy. Specifically, I have used an ARDL model to
study the historical urbanisation impacts during the period 1980-2014 in China. I assume
that the historical ARDL interrelations will remain unchanged in 2015-2030. Based on
the projected urbanisation data given by UN [18], the projected urbanisation impacts are
inputted into the Computable General Equilibrium (CGE) model for the policy evaluation.

2. Data

The coefficients of the ARDL model are calculated using the historical data. The
Chinese carbon emission and GDP data are from the World Development Indicators
(WDI) by World Bank [19]. The Chinese energy consumption data are from China Energy
Statistical Yearbook by NBS [20]. The historical and projected Chinese urbanisation data
are from the 2018 World Urbanisation Prospects (WUP) by the United Nations [18].

3. Method

An ARDL model provides reliable results when the variables are in the mixed orders of
the stationarity [21]; it has become very popular in the literature to analyse the cointegration
relations among economic time series. The cointegration relations are identified based on
unit root tests. The most commonly used unit root test is an Augmented Dickey-Fuller
(ADF) test, also known as the standardized panel unit root test, based on the deviations
from the estimated factors [22]. The results of an ADF test were proved to be robust to the
different lag specifications and test misspecifications [23], but it was proved to be biased
when the selection of lag length is too small or large [24,25]. According to Elliott and
Rothenberg [26], a DE-GLS test is preferred when an unknown mean or trend is present. By
comparison, proposed by Phillips and Perron [25], a PP test is nonparametric with respect
to nuisance parameters, and it is more powerful than an ADF test in finite samples [27]. As
the sample size in this paper is small, the results of a PP test could be more reliable than
that of an ADF test.

Based on unit root tests, panel cointegration tests provide more reliable results in
testing the cointegration presence relative to those obtained by individual tests [28]. The
most frequently used panel cointegration test is the Engle—Granger (EG) cointegration test,
put forward by Engle and Granger [29]. The EG test was derived from the basic idea that
two nonstationary time series are cointegrated if there is a stationary linear combination of
them, from which the residuals are also stationary [28].

After the existence of the cointegration relationships is confirmed, an autoregressive
distributed lag (ARDL) model is defined according to Pesaran, Shin [30]. Equation (1)



Sustainability 2021, 13, 6749

30f11

shows the long-term ARDL model where the carbon emissions are the dependent variable.
Similar equations can be written when the energy consumption or GDP is the dependent
variable. As this paper is targeted at the urbanisation impacts, the urbanisation rate is only
introduced as an independent variable.

L1 L2 L3 L4
CEr =7+ Y, YikCE—k+ Y vkECr— + Y vakUR;_x + Y yakGDP_ ¢ (1)
k=1 k=0 k=0 k=0

In Equation (1), the subscript t refers to the time, namely, a year; CE; is the carbon
emissions. EC;_y, UR;_i, and GDP;_j stand for the energy consumption, urbanisation rate,
and GDP in Year t — k, respectively. L1 , Ly , L3, L4 are the optimal lagged orders selected by
the Schwarz Information Criterion (SIC). The study period of this paper is 2015-2030, which
complies with the predictive study in Sun, Zhou [31]. ¢; is the residual term; presumably, it
is a white noise showing the independence and equal variance. g, y1x, Y2k, Y3k, Y4k are
the regression coefficients, and < is the intercept. As the variables are taken into their
logarithm forms, the coefficients denote the elasticities.

To check the robustness of the ARDL model, I have performed the diagnostic tests
to test the existence of the heteroskedasticity, autocorrelation, and multicollinearity. I
have also used a histogram to check whether the normality assumption is violated and a
recursive residual plot to check whether the model is stable.

Once the historical unit impacts are captured by the ARDL model, I input the urbani-
sation impacts into the policy evaluation framework, assuming that the historical ARDL
relationship in 1980-2014 will remain unchanged in 2015-2030. The urbanisation impacts
on the carbon emissions and GDP are also assumed to be equal across the sectors and
households. This is because in the CGE model, a presentative household and enterprise
are introduced to denote the economic behaviours of the entire sectors and households,
respectively.

CEY = CEj » (1 + urtE)
SGDP!" = SGDPy * (1 + urtPP) ()
ECH = ECjy* (1 + urfC)

In Equation (2), E}{’, SGDP}’", and EC}{" refer to the revised carbon emissions, sectoral
GDP, and energy consumption when the net urbanisation impacts are considered. ur{t,
urfD P and urfc stand for the unit urbanisation impact on the carbon emissions, GDP, and
energy consumption, respectively.

Then, the unit urbanisation impacts are inputted into the Computable General Equi-
librium (CGE) model for the policy evaluation. Stemming from the general equilibrium
theory of Walras, CGE models have been widely used in policy simulations or evalua-
tions [32-34]. In this paper, the CGE model has two regions (China and the rest of the
world) and four economic entities (the representative household, enterprise, foreigner,
and government). The social accounting matrix (SAM) of the CGE model is based on the
2015 China Input-Output (IO) Table. There are 42 sectors in the 2015 IO Table, but only
29 sectors are left through the sector aggregation and disaggregation, according to Guo,
Zhang [35]. The CGE model consists of five blocks:

3.1. Production Block

In the production block, the top production function is formed by a Leontief function.
The other levels of the production functions are formed by constant elasticity of substitution
(CES) functions. In the CES functions, the elasticity parameters are from Guo, Zhang [35].
A sensitivity analysis is conducted to analyse how sensitive the model results are to the
elasticity parameters.

3.2. Income—Expenditure Block

In this block, the representative household consumes either the domestic or foreign
goods, whilst its income source is the labour, capital, and money transfers. In contrast, the
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income of the representative enterprise only comes from the capital, but its expenditure
includes the tax and money transfers. The income of the representative government
comes from the taxes, and its expenditure includes the consumption, money transfers,
and savings.

3.3. Trade Block

In this block, the trade function is based on the Armington [36] assumption that goods
produced in different regions are imperfect substitutes. Profit maximisation drives the rep-
resentative enterprise or foreigner to sell its goods either in the domestic or foreign market.

3.4. Dynamic Block

In this paper, the exogenously determined dynamic variables are the population,
price, energy consumption growth rate, and output growth rate. The projected Chinese
population will follow the medium variant scenario in 2017 World Population Prospects
(WPP) by UN [37]. The projected price change is based on OECD [38]. The projected
energy consumption growth rate is from the reference scenario in 2017 International Energy
Outlook by EIA [39]. The output growth of the energy sectors will follow the projected
growth of the energy consumption, whilst the output growth of the nonenergy sectors will
follow the regional GDP long-term forecast by OECD [40].

3.5. Model Closure

In this block, the market clearance is applied, which means no free disposability. The
zero profit is also applied, which implies constancy of returns to scale in production and
perfectly competitive markets for produced commodities [41]. Thirdly, the income balance
denotes that all the entities exhaust their incomes, but deficits are not allowed.

Finally, a sensitivity test is performed to analyse how robust the model results are
to the given elasticity parameters. In this paper, all the elasticity parameters will change
by £10%, £20%, and £50%, because in the range of £50%, the inputs in some sectors
may turn from poor (good) substitutes to good (poor) substitutes [42]. Generally, the low
elasticity parameters imply that the economy is flexible, while the high elasticities imply
that the economy is stringent.

4. Results

Tables S1 and S2 in Supplementary Materials show the results of the unit root tests.
The first-order difference of CE; does not have a unit root according to the PP test, but
the ADF and DF-GLS tests show an opposite result. I conservatively believe that CE; is
integrated for order two as both tests show that the second-order difference is stationary.
Similarly, Tables S1 and S2 imply that GDP; is integrated for order one, whilst EC; and
UR; are integrated for order two.

Table 1 presents the EG test results. When A’CE; is the dependent variable, the
Tau-Statistic and Z-Statistic are both statistically significant, implying that the EG test
confirms the existence of a cointegration relationship. Similarly, the EG test also confirms
the existence of a cointegration relationship when A2EC; and AGDP; are the dependent
variable. As three cointegration relationships are confirmed by the EG test, three ARDL
models are constructed correspondingly, and the results are shown in Table 2. In the ARDL
models, the inclusion of the constant or trend is based on the information criteria to select
the model that fits the data best.
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Table 1. The results of the EG cointegration tests.
Dependent Variable Tau-Statistic p-Value Z-Statistic p-Value
A2CE; —6.67 0.0004 ** —90.63 <0.0001 **
A2EC, —7.54 <0.0001 ** —41.45 <0.0001 **
AGDP; —5.02 0.0035 ** —46.74 <0.0001 **

Note: A and A? denote the first-order and second-order differences, respectively; ** denotes statistical significance
at the 5% level.

Table 2. The results of the ARDL models.

Dependent Variable Independent Variable Coefficient p-Value
A?CE;_4 —0.43 <0.0001 **
A%EC; 1.01 0.0002 **
2
2 A%EC;_4 0.47 0.0052 **
ACE; AGDP; 0.18 0.0772
A*UR; 3.51 0.0083 **
C —0.017 0.1152
A%’EC;_4 —0.28 0.0170 **
A?CE; 0.58 <0.0001 **
A?EC; A2CE;_4 0.35 0.0110 **
AGDP; 0.0031 0.8946
A?UR; —0.59 0.6690
AGDP,_4 0.68 0.0001 **
AGDP;_, —0.37 0.0342 **
AGDP; AE; 0.25 0.2804
AEC; —0.19 0.5291
AUR; 2.10 0.0005 **

Note: “C” denotes the constant; ** denotes statistical significance at the 5% level.

Table 2 displays the coefficients and their significance levels in the ARDL models.
If A2CE; is the dependent variable, the urbanisation has a positive impact on it. The
coefficient of A>UR; is statistically significant at the 1% level, and it means that when
A?UR; increases (decreases) by 1%, A?E; will increase (decrease) by 3.51%. When A?EC; is
the dependent variable, the coefficient of A2UR; is not statistically significant, implying that
the urbanisation does not have a statistically significant impact on the energy consumption.
When AGDP; is the dependent variable, the coefficient of UR; is statistically significant.

In Supplementary Materials, Tables S3 and S4 display the results of the robust tests.
Table S3 implies that the null hypotheses of the residual equal variances are accepted; the
LM test’s null hypotheses that the residuals do not have serial correlations are accepted.
Table 54 implies that there are no severe multicollinearity problems in the A2C E;and A’E C
model. However, in the AGDP; model, the multicollinearity can be a serious problem.
Although the multicollinearity may inflate the variations of the coefficients, the estimated
coefficients are still unbiased. As the coefficient of AUR; is statistically significant, I
conclude that the multicollinearity has not generated severe adverse consequences on the
study of the urbanisation impacts on the GDP.

Table S5 in Supplementary Materials shows the results of the normality test for the
regression residuals. According to Table S5, the p-values of the Jarque—Bera tests are
statistically insignificant, implying that the null hypotheses that the residuals are normally
distributed are accepted.

Using the projected urbanisation data in 2018 WUP by UN [18], the projected urbanisa-
tion impacts on the carbon emissions and GDP are shown in Table 3. The urbanisation will
have a consistently negative impact on the carbon emissions. In contrast, the urbanisation
will positively affect the GDP, but the impact will attenuate over time.
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Table 3. The projected impacts of urbanisation on the CO, emissions and GDP.

Year CO, GDP Year CO, GDP Year CO, GDP
2015 —022%  4.75% 2021 —0.32%  3.67% 2027 —025%  2.68%
2016 —021%  4.62% 2022 —0.30%  3.49% 2028 —0.24%  2.53%
2017 —024%  4.48% 2023 —0.30%  3.31% 2029 —023%  2.40%
2018 —0.35%  4.27% 2024 —0.28%  3.14% 2030 —021%  2.27%
2019 —0.35%  4.06% 2025 —027%  2.98%

2020 —0.33%  3.86% 2026 —0.26%  2.83%

Figure 1 shows how the projected urbanisation will affect the carbon emissions. Ac-
cording to Figure S1 in Supplementary Materials, the carbon tax will decrease the carbon
emissions significantly, compared to the baseline scenario. Hence, the urbanisation impact

will strengthen the negative effect of the tax on the emissions.

2015 2020 Year 2025 2030
-0.2%
-0.3%
o
=
=
2-0.4%
g
[ma]
=]
2-0.5%
=
@]
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|
-0.7% 30,

Figure 1. The urbanisation impact on the carbon emissions under the carbon tax. Note: 1%, 2%, and 3% denote the tax rates.

According to Figure 2, the urbanisation will decrease the carbon intensity, and this
impact will decline over time. Figure S2 in Supplementary Materials shows the carbon tax
will decrease the carbon intensity. Hence, the urbanisation will reinforce the tax effect on
the carbon intensity.

2015 2020 Year 2025 2030
2.0%
-2.5%
£ 200
2.3.0%
o=
8
=.3.5%
o
=}
=t
F-4.0%
-4.5%
— 1%
ey 2%,
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Figure 2. The urbanisation impact on the carbon intensity under the carbon tax.

Figure S3 in Supplementary Materials shows that the carbon tax will induce the GDP
loss. According to Figure 3, the urbanisation will increase the GDP loss, implying that the
urbanisation will strengthen the negative effect of the carbon tax on the GDP. Interestingly,
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the ARDL model shows that the urbanisation will increase the GDP in the baseline scenario,
but the CGE model implies that the urbanisation will decrease the GDP in the tax scenarios.

e 1%
2%
3%

S

2020 Year 2025 2030

Figure 3. The urbanisation impact on the GDP loss under the carbon tax.

Figure 4 shows how the urbanisation will affect the household welfare loss, induced
by the carbon tax shown in Figure S4. According to Figure 4, the urbanisation will increase
the welfare loss, implying that the urbanisation will reinforce the negative policy effect of
the carbon tax on the household welfare. As the time goes by, this urbanisation impact will
gradually decrease.

1%
- 2%,
- 30,

2015

2020 Year 2025 2030

Figure 4. The urbanisation impact on the household welfare loss under the carbon tax.

Figure S5 in Supplementary Materials shows the carbon tax will have a complicated
effect on the average social cost of carbon (ASCC). This effect became positive in 2019 at
the 1% tax, whilst the effect will decline to zero until 2025 at the 2% and 3% tax. Figure 5
shows that the urbanisation will increase the ASCC under the carbon tax. A rise in the tax
rate will increase this urbanisation impact, but the influence of the tax rate will diminish
over time.

Tables S6 and S7 in Supplementary Materials show the results of the sensitivity
analysis. The percentage changes of the model indexes are smaller than the corresponding
percentage changes of the elasticity parameters, implying that the model results are robust
to the given exogenous values of the elasticity parameters.
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Figure 5. The urbanisation impact on the ASCC under the carbon tax.

5. Discussion

The negative impact of the urbanisation on the carbon emissions analysed in this paper
complies with Liu and Liu [43] who argued that, with the development of the urbanisation,
its impact on the emissions would become negative. However, Wang and Wu [44] argued
that the urbanisation increased the carbon emissions in China. The resulting difference
is caused by the adoption of the different methodology: Wang and Wu [44] used the
provincial data to study the urbanisation impacts on the energy consumption and carbon
emissions, but they omitted the correlation between the urbanisation and economic growth.
In contrast, the urbanisation impact is analysed at the country level including the economic
factor in this paper. This is because the social accounting matrix (SAM) of the CGE model
is based on the China Input-Output, which does not explore the regional details. As China
has recently developed the green, circular, and low-carbon economy [45], the omission of
the economic factor is likely to result in a biased evaluation of the urbanisation impact.

This paper empirically shows that the urbanisation will decrease the carbon intensity
over time. This finding complies with the previous research showing that the urbanisation
contributed to the declines in the carbon intensity [46]. The importance of the urbanisation
on the carbon intensity reduction in China was also confirmed by Lin and Zhu [47]. Hence,
the urbanisation and emission abatement could be harmonious [46].

The urbanisation will promote the GDP growth in the baseline scenario. This finding
agrees with Yang and Liu [48] who showed the urbanisation impact on the economic
growth was positive for the 266 Chinese cities in 2000-2010. However, in the tax scenarios,
the urbanisation will negatively affect the economic growth. Liddle [49] also found that
the urbanisation had a “ladder” impact on the income: it had a strong negative impact on
the poorest countries, a less negative to neutral impact on the countries with the moderate
incomes, and a reinforcing impact on the wealthy countries. As the carbon tax decreases
the national income in China [50], the urbanisation impact on the economic growth could
become negative if the tax is imposed.

In this paper, the urbanisation will increase the household welfare loss induced by
the carbon tax. Analogously, Miao and Wu [2] empirically found that the urbanisation
negatively affected the welfare through the lifestyle changes. For example, the populations
experiencing the urbanisation would consume more fat and smoke more frequently [51].
By comparison, Chen, Liu [52] showed the health impact of the Chinese urbanisation was
complicated, and, particularly, there existed an inverted U-shaped relationship between
the health and urbanisation.

The urbanisation will increase the average social cost of carbon (ASCC), which implies
that the emission abatement will become costlier under the urbanisation impacts. This
finding agrees with the previous research showing that the urbanisation increased the
carbon footprint and thus the social cost of carbon in China [53].
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In summary, the urbanisation will decrease the emissions and intensity but induce
more GDP loss and welfare loss under the carbon tax. Noticeably, all these mentioned
urbanisation impacts are quite minimal, which verifies the exogenous introduction of
the urbanisation impacts. However, the exogenous introduction may not fully explore
the mechanism that the urbanisation influences the policy effects of the carbon tax. This
is because the optimal policy is based on the given inputted parameters describing the
urbanisation impacts, but these parameters should vary freely to form the optimal policy.
Hence, future research may lie in the use of detailed urban-rural population dispersion
data to endogenously model the urbanisation as an influential factor of the carbon tax.

6. Conclusions

In 1980-2014, the urbanisation had a positive and statistically significant impact on
the GDP. In contrast, it had a negative and statistically significant impact on the carbon
emissions in China. This negative impact disagrees with Wang and Wu [44], but it complies
with Yao and Kou [46] who argued that the Chinese urbanisation and emission abatement
could be harmonious. Noticeably, the urbanisation impact on the energy consumption
was not statistically significant. In 20152030, the urbanisation will reinforce the negative
effects of the carbon tax on the carbon emissions and intensity. The urbanisation will
increase the GDP loss and household welfare loss under the carbon tax, implying that the
urbanisation will strengthen the negative effects of the tax on the GDP and household
welfare. Despite this, the carbon tax will have a complicated effect on the average social
cost of carbon (ASCC), and the urbanisation will increase the ASCC. Therefore, I conclude
that the urbanisation will strengthen the policy effects of the carbon tax on the emissions
and welfare.
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