'.\' frontiers

1IN Environmental Science

ORIGINAL RESEARCH
published: 11 October 2021
doi: 10.3389/fenvs.2021.760675

RETRACTED ON 07 AUGUST 2025

OPEN ACCESS

Edited by:

Gagan Deep Sharma,

Guru Gobind Singh Indraprastha
University, India

Reviewed by:

Hanen Ragoubi,

University of Sousse, Tunisia
Muhammad Kaleem Khan,

East China Jiaotong University,

ch.sulemansarwar@gmail

Specialty section:

This article was submitted to
Environmental Economics and
Management,

a section of the journal

Frontiers in Environmental Science

Received: 18 August 2021
Accepted: 16 September 2021
Published: 11 October 2021
Retracted: 07 August 2025

Citation:

Li Z, Mighri Z, Sarwar S and Wei C
(2021) Effects of Forestry on Carbon
Emissions in China: Evidence From a
Dynamic Spatial Durbin Model.
Front. Environ. Sci. 9:760675.

doi: 10.3389/fenvs.2021.760675

Check for
updates

RETRACTED: Effects of Forestry on
Carbon Emissions in China: Evidence
From a Dynamic Spatial Durbin Model

Zaijun Li’, Zouheir Mighri®®, Suleman Sarwar?* and Chen Wei*

"Research Institute of Central Jiangsu Development, Yangzhou University, Yangzhou, China, ?Finance and Economics

Department, College of Business, University of Jeddah, Jeddah, Saudi Arabia, *Research Laboratory for Economy, Management
and Quantitative Finance (LaREMFIQ), University of Sousse, Sousse, Tunisia, *School of Economics, Shandong University, Jinan,
China

provinces. Furthermore, the fin
is the most viable practi
total forest area. Reforms

t study confirmed that forest investment
emissions in China instead of just increasing

activities, dynamic spatial analysis, China, economic growth

portant to mention that from 1960 to 2019, the CO2 emission in China from fossil fuels
e highest in the world. It is believed that in 2019, the CO2 emissions of China is more than
the®emissions of the rest of the world combined (Hausfather, 2019). A few studies (including Yunfeng
and Laike, 2010; Adewuyi, 2016; Shahbaz et al., 2017; Sarwar et al., 2019) also presented some useful
measures which can be used to reduce carbon emission by either technological advance or through
generating improved income, increasing the purchasing power of individuals and industries so that
they can afford to choose expensive eco friendly products. Other recommendations include installing
industrial plants, shifting electricity generating plants from coal to hydro or wind power, and the
adoption of renewable energy sources.

However, our proposed measures in terms of forest investment and the management of existing
forests to encounter environmental problems are viable solutions that would reduce carbon emission
without halting the economic growth or industrial development in the country. Based on studies
done by (Sarwar, 2019; Sarwar and Alsaggaf, 2019; Qiu, 2020), our main hypothesis is the significance
of forests to solve environmental challenges and climate change.

While highlighting the contribution, firstly, this study disaggregates forestry into two sections; one
is related to increase the forest area, and the second is about the afforestation with continuous forest
management activities. We disaggregated the forestry to investigate whether an increase in forest area
alone is sufficient to reduce carbon emission. Forest is also considered a source of carbon emission, as
well as a carbon sink, owing to forest fires, the carbon unbalance of mature trees, and other non-
cleaning activities of forests (van der Werf et al., 2009; Joyce, 2017; Sarwar et al., 2019). For this
reason, we regress forest area on carbon emission by using two proxies: forest area (1,000 square
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kilometers) and forest land coverage (the percentage of total
land). Similarly, for the forest area, we use two proxies to
conclude the role of continuous forest investment on
management, cleaning, research, etc. on carbon reduction. To
account for the given opinions regarding the role of forests as
carbon sinks, it is more than important to investigate the
importance of forest area and forest investment to control the
environmental externalities. In contrast to previous literature
which uses only one variable to conclude the role of forest, we
use four variables to investigate the exact role of forest in carbon
mitigation. Secondly, the study contributes to the existing
literature of Waheed et al. (2018) by using a spatial
methodology approach to investigate the role of forest area
and forest investment on carbon emission; whereas previously
the author used simple regressions to conclude the phenomena.
By concluding the above arguments, it seems that the current
study has filled gaps in the literature.

REVIEW OF LITERATURE

Impact of Economic Growth on Carbon

Emission
Almost all types of economic activity involve the consumption of
energy, which is a major source of carbon emission. In this regard,
Esso and Keho (2016) used both cointegrations as well as Granger
causality tests to check the long-run association between
economic growth and carbon emission in 12 African countr
from the year 1971-2010. It found that the results regarding this
association are mixed however, in the majority of the i

Salahuddin et al. (2015) us
examine if there exist

Results suggest that there exists
along-run relationship bet these variables, however, a short-
run relationship does not exist. In the long run, both economic
growth, as well as electricity consumption, increase carbon
emissions. However, bidirectional causality exists between
economic growth and carbon emission. The nexus between
economic growth and carbon emission can be different in
different sectorial levels hence Aslan et al. (2018) used
sectorial data of the United States from the year 1973-2015
and applied estimation through a rolling window to check this
nexus. Results validated the inverted U-shaped EKC hypothesis
for not only total carbon emission but also in three sectors
including industrial, residential, and electrical. Whereas in
both the commercial and the transport sector this relationship
was not proved. Like this analysis, Du et al. (2019) used data from
the construction industry of 30 Chinese provinces and checked
this relationship through the method of standard deviational
ellipse. They found that in the majority of provinces economic

development results in increased carbon emission. Alongside,
spatial disparity is observed in decoupling states regarding the
construction industry due to geographical differences in the
environment along with the differences in policies.

Recent studies show some interesting insights regarding this
relationship as Song (2021) used non-dynamic Chinese panel
data from 2001 to 2016 and used a threshold model so that the
impact of transitions in different sectors could be checked. Their
analysis provides evidence that although the economy of the
country is growing, technological investments, as well as efforts
regarding environmental protection, reduces the carbon emission
in China. It is noted that the carbon emission is reduced in those
provinces which are economically significant, whereas provinces
regarded as energy abundant used clean mining along with
strengthening the energy delivery channels to enhance
sustainability and growth. Additionally, Nguyen et al. (2021)
tried to check whether economic growth can be used to
explain as well as forecast th jon in carbon emission.

a complete study on the impact of non-renewable
e sources on carbon emissions in China between 1952 and
2012. Co-integration and Granger causality, and static, as well as
dynamic regression analysis, revealed that there is a dominant
impact of coal consumption on carbon emission in China. Oil
consumption also proved to be a major determinant of carbon
emissions, hence, they recommended the use of hydro along with
nuclear energy power instead of these non-renewable sources.
Another study conducted by Ahmad et al. (2016) analyzed Indian
data from 1971 to 2014 to check if carbon emissions in India are
also influenced by the consumption of fossil fuels including coal
and oil. Co-integration analysis along with the vector error
correction model was used to check the causality between the
variables. They concluded that all types of energy sources
including coal, oil, and gas are positively related to carbon
emissions in India, hence, they suggested making policies that
promote the use of energy-efficient technology to reduce high
carbon emissions. The problem of energy-related carbon
emissions are not limited to a single country, because
according to Hanif (2018) in both East Asia as well as in the
Pacific countries increased use of fossil fuels is one of the major
reasons for high carbon in the atmosphere. They used the GMM
technique to check the reasons behind serious environmental
damage in these regions and found that policies regarding energy
management are inefficient, hence, both natural resources as well
as environmental quality is declining in these regions. It is
recommended that policies should be put in place for efficient
energy management along with the use of renewable energy
sources.
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The same type of results were also found by L. Zhang et al.
(2019) when they analyzed agricultural sector-related carbon
emissions in China. They used data from 1996 to 2015 and
applied many tests to confirm that unidirectional Granger
causality exists between the use of fossil fuels including oil and
coal, and carbon emissions. They recommended that Chinese
environmental policy should focus on agricultural-related carbon
emissions in China. Additionally, Nathaniel and Adeleye (2021)
used the most recent data from African countries and found a
direct relationship between oil and coal usage and carbon
emission, hence, they recommended that to reduce
environmental damage not only the use of renewable energy
should be promoted but effort should be made to increase
household income so that expensive but energy-efficient
appliances could be used. Alongside, in G-7 countries, the use
of those strategies which are eco-innovative are beneficial
because, Ding et al. (2021) found that although economic
growth is high in these countries, use of fossil fuels is still
deteriorating the environment, but with energy productivity
and use of renewable energy sources this environmental
problem is being solved in G-7 countries.

Impact of Urbanization on Carbon Emission
Another main factor behind increased carbon emission
throughout the world is the rising rate of urbanization. In this
regard, Y. Wang et al. (2016) conducted different tests to check if
carbon emission in BRICS countries is due to increasing
urbanization in these countries. The results of their stu
clearly indicated the existence of long-run co-integratiop
between these two, and it is also concluded
emission is Granger caused due to urbanizatio
urban planning along with efficient
recommended. Zhang et al. (2017) che

means that carbon emissi
urbanization but when
becomes decreased.

who also assert that urbanizafion is related to carbon emission
efficiency through a U-curve, which means that in the early-stages
urbanization reduces the efficiency of carbon emissions, whereas
after reaching the peak level urbanization increases this efficiency.
Although many studies show a direct relationship between
urbanization and carbon emissions however, a study by Fan
and Zhou (2019), confirms that a spatial spillover effect also
exists between these two variables because in their study the direct
impact on carbon emissions proved to be negative but the
pollutant transfer effect was positive. They suggested that
policies regarding urbanization, as well as real estate, should
be combined to get rid of the negative spillover effect. It cannot be
said that only developing countries face urban-based
environmental degradation, but developed countries are also
struggling to reduce urban-related emissions. W.-Z. Wang
et al. (2021) analyzed OECD countries that are high income,
and through the ARDL approach they confirmed a significant

positive relationship between urbanization and carbon emissions
in these high-income countries as well. The urbanization
agglomeration effect is suggested so that urbanization-based
carbon can be reduced. Another interesting insight regarding
this relationship is provided by Zhou et al. (2021) who found that
due to land use for urbanization in China, the impact on carbon
emissions is as follows: when urbanization is high, emissions are
low; when urbanization is midrange, the emissions are high; when
urbanization is low, emissions are low also. This study put
forward the policy to use urbanization levels for the reduction
of city-based carbon emissions.

Impact of Forest on Carbon Emission

When it comes to the ways to remove carbon from the
atmosphere or to reduce the emission of carbon, forests come
in first place. Taeroe et al. (2017) conducted a study to check
whether forests best reduce carbon by absorbing it or by
providing wood as an alternati ¢

“They observed that mean carbon emission from these
# about 1.26 CO2 Tg yr—1, however along with carbon other
glsses including CO and N2O are also emitted into the air.
Likewise, Ahmad et al. (2018) analyzed how forest degradation
and deforestation, along with the harvest of wood in the
Himalayan region of Pakistan are associated with carbon
emissions. They used Pakistani data from the year 1994-2016
and noticed that almost 90% of carbon released was due to
deforestation, whereas degradation of forests in this region
released almost 75% of their carbon into the air. The carbon
storage potential of trees depends on many factors, and a few of
them are investigated by Y. Li et al. (2019) who found that in
subtropical Chinese forests, the stand age of trees, as well as
environmental conditions and biodiversity, affects the carbon
sucking potential of forests. A recent study done on Chinese data
from the years 2007-2017 suggested that with a substantial
increase in forests, carbon emission efficiency, as well as
energy efficiency, are improved; hence, to deal with the
challenges of climate change, afforestation is the best strategy
Teng et al. (2021). Although the majority of studies try to check
the influence of forests on climate, Case et al. (2021) conducted a
study on American forests to check whether or not climate
change also affects the carbon storage potential of these
forests. It is noted by the authors that increased temperature
negatively affects the trees in terms of this potential as well as
productivity and growth and hence the carbon storage ability of
trees decreases significantly due to adverse changes in climate.
While focusing on the existing literature, we have noticed a
number of previous studies suggested important solutions
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which could help to minimize carbon emission. However,
fewer studies have focused on the role of forest activities to
counter environmental externalities. Even the studies that
investigated the role of forests have not differentiated the
forest land coverage and forest investment and management,
which provide more insight to deal with the forest
environment as a whole. To fill this gap, we segregated the
increase in forested land and forest investment, which is used
for research and management of the forest. For this purpose,
we use four proxies, two for forest area and two for forest
investment, which is helpful for the robustness of results
regarding the role of forest to counter carbon emission. We
use dynamic spatial analysis to confirm the role of variables in
our own provinces, as well as in neighboring provinces.
Whereas previous studies related to forests, have applied
simple regression techniques which have a number of
drawbacks compared to spatial analysis.

ESTIMATED MODELS AND DATA

The study uses carbon emission as a dependent variable that
needs to be measured by the calculation of the IPCC method,
which was recently used by Shahzad (2020); Sarwar (2019). The
data of dependent variables; forest land (FA), forest coverage
rate (FCR), forest investment (FI), and Total Area of
Afforestation (TAAFF) are taken from the National Bureau
of Statistics of China (http://data.stats.gov.cn). Similarly, we uge
National Bureau Statistics to gather the data of control variables. Tt
control variables of the study are economic growth, urbanizatio

-

variables are presented in Supplementary Tal
The reason to choose CO, emissi

variable is to measure the environ ternalities” CO,
emissions have a higher conce as ail adverse
impact on human health, as a proxy

which is also followed b

eir carbon emissions simply
by planting trees. In combrdst to the previous study, we
propose that carbon erhissions cannot be decreased by
simply planting forests, but the process requires proper
research before planting the trees: to match with soil,
establish proper spacing and distancing, cleaning the forest
land, replacing old trees with new ones, continuous
management, etc. However, we propose that it is forest
investment activities that mitigate carbon emission. To
investigate this, we use two variables (forest investment
and total area of afforestation) which is an extension of
the study by Sarwar et al, (2019). There is a deep
connection between forest and urbanization; to increase
the urban area, it is often essential to remove forests.
However, one can assume that urbanization causes a boost
to the carbon emissions through the cutting of forests, as well
as the higher consumption of energy for daily use (Lv et al,,
2018). The higher consumption of energy such as coal and oil

triggers the environmental degradation process (Waheed
et al., 2018), however, it is essential to incorporate the coal
and oil consumption for estimations.

We use the data of 30 provinces over the period of 2007-2016,
which excludes the Taiwan, Tibet, Hong Kong, and Macao
regions for their special status. After collecting the data of
selected variables, we have standardized the variables by using
a logarithm.

To calculate the data of carbon emission, the study employed
an energy consumption-based methodology, which is presented
by the Intergovernmental Panel on Climate Change (IPCC,
2006). The energy-based carbon emissions are calculated by
using the following calculation, as mentioned in Eq. 1:

CO2, = ) CO2; = Y Ei, x O; x EF; (1)
ij ij

Where, CO, is the carbon emission for year t; CO, ;; expresses the
carbon emission of fuel type j##6 gvince i at time . E, j
represents the energy cons type j in province i at
time ¢, whereas, O; e

advantage of this model is its ability to test the
gnce of endogenous, as well as exogenous interaction
effects in the short term along with the long term (LeSage
and Sheng, 2014). It was not only used to examine the effect of
the independent variables on the dependent variable in the
local and surrounding regions but also to test the spatial
dependence, temporal dependence, and spatiotemporal
dependence of the dependent variable (Debarsy et al., 2012;
LeSage and Sheng, 2014; Elhorst, 2014a, b). Formally, the
dynamic SDM under the space fixed effect is specified is Eq. 2:

Yi,t = ﬁXi,t + GWXU + pWYi,t + TYi,tfl + erYi,tfl + ‘l/li + &t (2)

where Y, is the dependent variable in province i at time #; Y;,_;
denotes the lagged dependent variable; 8 denotes the vector of the
coefficients of the independent variables; X;; stands for the set of
the independent variables in province i at time #; W is the spatial
weight matrix; WX, refers to the spatial lag effects associated
with independent variables; 6 and p are the spatial lag coefficients
of dependent and independent variables, respectively; 7 is the
temporal lag coefficient of the dependent variable; # denotes the
spatiotemporal lag coefficient of the dependent; y; ~ N (0, 0"24)
indicates the space fixed effect; and ¢;; is the random error vector.
Equations 3-8 show the direct, indirect, and total effects of the
dynamic SDM in the short-term and long-term scales (Elhorst,
2014a, b).
) -1 d
Short — term direct e f fects = [(IN -pW) " (B In + GkW)]

(©)
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Short — termindirect e f fects = [(IN — W) (B Iy + GkW)]mm 4)
Short — term total ef fects = [(IN —pW) " (BIy + ekw)]g"'[(lrv' —pW) ™ (BeIn + gkw)]vmm
5)

Long — term direct ef fects = [((1 — DIy = (p+ )W) (Bl + ka)]ﬁ

(6)
Long — term indirect ef fects = [((1 - DIy~ (p+ W) (BIn + GkW)]mm
™)

Long  term total ef fects = [ (1= )y = (p+ mW) " (B,Ix +9kw)]g+[((1 =Dy = (p+ )W) (B Iy + 6 W)]

®
where Iy is an identity matrix, and d and rsum denote
respectively two operators that allow calculating both the
mean diagonal element and the mean row sum of the non-
diagonal elements of a matrix (Elhorst 2014a, b).

Spatial Weight Matrix

The spatial weight matrix (W) represents the fundamental
element of spatial econometrics models. Unlike most previous
studies that focused on one single matrix, this paper utilizes
different types of W matrices. In addition, we use the Bayesian
approach to model comparisons (LeSage, 2014, 2015), the main
advantage of which is that it allows a simultaneous selection of the
best W matrix and the appropriate spatial model. Twelve W
matrices are considered in this paper:

1. A first-order binary (0/1) W; matrix based on common
land or maritime borders.

2. A second-order binary matrix: W, = W; x W;.

3. A third-order binary matrix: W3 = W, x W

where the spatial weight
the k-nearest neighb.
otherwise.

Finally, all these
Y wi=1i=1,..,
Estimated Models“of the Study

For empirical analysis, we propose the models as below:
In(CO,,) = B, + B,In(Forest;;) + B,In(EG;;) + B3ln(UR;;)
+ B,In(COAL;,) + B5ln(OIL;;) + ; + &
&)

where Forest;; denotes forestry indicators which are divided
into two subcategories; forest area and forest investment
activities. For forest area, we use two variables, forest area
in square kilometers and forest coverage rate in percentage.
To estimate the impact of forest investment activities, we use
two proxies; forest investment in million yuan and total area
of afforestation in square kilometers. Moreover, i represents
province at time £, y; is presumed to be fixed province-specific
effects. The observations in Eq. 9 are available in the 30

contiguous provinces from 2007 to 2016 so that T = 10 and
N = 30.

In the case of spatial analysis, we estimate the model in the
given form:

In(COy,) = B, + B,In(Forest;;) + B,In(EG;;) + B,in(UR;;)
+ﬂ4ln (COAL,-J) + ﬁsln (OIL,-J)

+0, iwijln(Forestj,t) + 6, i wijln(EGj,t)
= =i

N N

+93 z w,]ln(EGJ)t) + 04 Z w,]ln (COALM)
J;l J;l

+65 z w,Jln(OILJ,,) +p Z wijll’l(COijt)
= =1

+1In(CO,,, ) + Y

wi]—ln(COzﬂJ) + H; + &y

(10)

esaran, 2004). 3) bias-corrected scaled LM test of (Baltagi
et'al,, 2012). The findings of cross-sectional test are presented in
Table 1, which reject the null hypothesis for studied variables.

Comparison of Dynamic Models and Spatial

Weight Matrices

The empirical findings of Table 2 propose that SDM outperformed
compared with dynamic SAR and SEM models. Where we find that
inverse distance matrix underperformed while we account for
marginal likelihood value. Further, by decomposing the variables
into base components alongside considering the spatially lagged
variables, we can achieve a high degree of flexibility. For the case
of neighborhood matrix which compliance with inverse distance or
greater circle distance, dynamic SDM turned out to be an optimal
estimation. Table 2 shows the weight matrices and Bayesian posterior
model probabilities for SDM, SAR, and SEM. The resulting
probabilities help to identify the spatial weights and the best spatial
panel model. The probabilities are determined by integrating the
parameters of studied models by accounting the space of parameters.
Later, the sum of all probabilities are assumed to be one for
normalization.

According to Table 2, while considering the Bayesian model
probabilities and log-marginal values across spatial model
specifications for neighboring matrix, we conclude that SDM
outperforms compared to the SAR and SEM. However, it is not
compulsory to comprise the (WX).
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TABLE 1 | Panel Cross-sectional dependence (CSD).

Variables In(PCCO,) In(FA) In(FCR) In(FI) In(TAAFF)  In(GDPPC) In(URBAN)  In(COAL) In(OIL)
Breusch-Pagan LM 586.0221"*  5,200" 5200 4175152 14452317 784.5612* 3,362.977** 3,518.2880"  1,563.352"""
- (0.0000) (0.0000) (0.0000) (0.0000) (0.0000) (0.0000) (0.0000) (0.0000) (0.0000)
Pesaran scaled LM 512017 162.2267°* 162.2267"*  126.8030"* 342501  11.8512°* 092677  104.5333*  38.2547
- (0.0000) (0.0000) (0.0000) (0.0000) (0.0000) (0.0000) (0.0000) (0.0000) (0.0000)
Bias-corrected scaled LM 3.7565"*  160.8631** 160.8631**  125.4304**  32.8864**  10.4876™  97.9041**  103.1696"*  36.8911**
- (0.0002) (0.0000) (0.0000) (0.0000) (0.0000) (0.0000) (0.0000) (0.0000) (0.0000)
Pesaran CD 24447 62,6163 722496  64.2519"* 257567  16.6838™* 426216  51.5042* 9.7274*
- (0.0145) (0.0000) (0.0000) (0.0000) (0.0000) (0.0000) (0.0000) (0.0000) (0.0033)

Notes: The CSD tests perform the null hypothesis of cross-sectional independence. The test statistic of the different CSD tests follows the standard normal distribution N (0,1). *** denotes

statistical significance at the 1% level.

Besides, the dynamic SDM specification is estimated using the
bias-corrected maximum likelihood (ML) estimator suggested in
Yu et al. (2008) and developed by Elhorst (2010a, b) and Lee and
Yu (2010). As argued by LeSage (2014, 2015), the dynamic SDM
produces global spillover effects, i.e., provinces are not neighbors.
Accordingly, the spatial weight matrix is likely to be sparse. The
results show that the average number of neighbors is equal to
12.067 for the W, matrix, 20.167 for the W3 matrix, 11.267 for the
W4 matrix, and 4.4 for the W, matrix. Therefore, based on the
sparsity principle, the selected optimal spatial weight matrix
is W3.

Empirical Estimations
The estimation results of the dynamic SDM are reported
Tables 3-5. The Wald’s test results show that the dynamig
SDM is preferred over the dynamic SAR mogd

G

level.
The direct and indirect
carbon emission in shg longlterm is checked by

spillover effect due to

forest investment, and totalj@fea of afforestation as independent
variables. It can be seen that the value of p is not only negative but
also significant at the 1% level in all tables which means that in
China, the current year’s carbon emission is negatively affected by
carbon emission in the previous year and carbon emission in
neighboring provinces, resulting in decreases in the local carbon
emission. This also shows that spatial dependences result in the
decreasing trend of concentration of carbon emission in China.
Alongside, spatiotemporal dependences also result in a decrease
in carbon emissions because the value of (1)) is significant, as well
as negative in all tables. Hence, it can be concluded that local
carbon emission is decreased due to the previous year’s carbon
emission in adjacent provinces, and local emission is highly
dependent on neighboring carbon emission. On the basis of
this result, hindrances of carbon emission concentration by
spatiotemporal ~ dependence are confirmed. Temporal
dependencies are also present because T is also significantly

negative which shows that, in the same year, local carbon
emission is dependent on adjacent province’s emission.
Turning attention towards the explanatory variable’s
coefficient including forest arg t coverage rate, forest
can be seen that the
antly positive at a 1%
cases by 1%, it leads to a
. Alongside, forest area is

ntly positive. However, it is interesting to see that both
ect and indirect impact of forest investment is significant in
sfort term but local emission is increasing due to forest
investment whereas adjacent area emission is decreasing due
to investment in forests.

The elastic coefficient of the total area of afforestation is
significantly negative at a 1% level. This suggests that a 1%
increase in afforestation area results in decreasing the carbon
emission by 0.0732%. This result is according to the expectation
because, when more trees are planted, they will absorb more
carbon, and hence, environmental degradation decreases. This
result is consistent with the findings of Waheed et al. (2018) who
also concluded that afforestation resulted in decreased carbon
emission in Pakistan. The coefficient regarding the direct and
indirect impact is significant in short term only but local emission
is decreasing and adjacent emission is increasing due to an
increase in the afforestation area.

Concentrating on estimated coefficients of variables other
than forest, it can be seen that the coefficient of per capita
GDP is not only positive but also statistically significant at a
1% level. This shows that an increase in carbon emissions can
be attributed to the increased economic growth in China. The
value of the coefficient is almost 0.95 in all models which
suggests that a 1% increase in economic growth results in a
0.95% increase in carbon emission in China. A plausible
explanation for this relationship is the fact that when the
economy grows, the industrial and manufacturing etc. sectors
also grow, and these sectors are highly dependent on energy.
Hence, more carbon is emitted due to the use of non-
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TABLE 2 | Simultaneous Bayesian comparison of SAR, SEM, and SDM.

W Matrix

W1

W2

W3

W4

W5

W6

W7

w8

W9

W10

W11

W12

Statistics

Log marginals

Model probabilities
Posterior model probabilities
Log marginals

Model probabilities
Posterior model probabilities
Log marginals

Model probabilities
Posterior model probabilities
Log marginals

Model probabilities
Posterior model probabilities
Log marginals

Model probabilities
Posterior model probabilities
Log marginals

Model probabilities
Posterior model probabilities
Log marginals

Model probabilities
Posterior model probabilities
Log marginals

Model probabilities
Posterior model probabilities
Log marginals

Model probabilities
Posterior model probabilities
Log marginals

Model probabilities
Posterior model probabilities
Log marginals

Model probabilities
Posterior model probabilities
Log marginals

Model probabilities
Posterior model probabilities

Model 1.1 Model 1.2 Model 2.1 Model 2.2
SAR SEM SDM SAR SEM SDM SAR SEM SDM SAR SEM SDM
—61.5421 143.2560 147.0973 -55.1703 141.8505 146.1472 -0.3705 141.1170 155.6447 -38.1390 141.2678 148.1298
0.0000 0.0210 0.9789 0.0000 0.0134 0.9864 0.0000 0.0000 1.0000 0.0000 0.0010 0.9990
0.0000 0.0000 0.0000 0.0000 0.0000 0.0000 0.0000 0.0000 0.0000 0.0000 0.0000 0.0000
-45.0865 176.8499 183.7598 -40.7925 175.2790 180.3503 14.3672 177.1962 186.5970 —24.5427 174.4924 179.5939
0.0000 0.0010 0.9910 0.0000 0.0061 0.9742 0.0000 0.0001 0.9910 0.0000 0.0060 0.9900
0.0000 0.0000 0.0000 0.0000 0.0000 0.0000 0.0000 0.0000 0.0000 0.0000 0.0000
-13.3353 182.2925 208.1318 -11.2699 180.3708 204.4949 i181.0257 198.5481 -3.0872 181.0085 197.6172
0.0000 0.0000 0.2452 0.0000 0.0000 0.1475 0.0000 0.0025 0.0000 0.0000 0.0002
0.0000 0.0000 0.2445 0.0000 0.0000 0.0000 0.0000 0.0000 0.0000 0.0002
-50.1191 172.3677 188.3888 —45.7942 171.4891 170.1703 184.7622 -30.2937 171.6488 182.4363
0.0000 0.0000 1.0000 0.0000 0.0000 . 0.0000 1.0000 0.0000 0.0000 0.9999
0.0000 0.0000 0.0000 0.0000 . 0000 0.0000 0.0000 0.0000 0.0000 0.0000
-764.5967  -158.0792 -25.8856 -769.7168 -141.7 -575.3944  -139.4775 -36.5232 -686.0235 -150.0557 -21.3283
0.0000 0.0000 0.0653 0.0000 0.0000 0.0000 0.0000 0.0000 0.0000 0.0000
0.0000 0.0000 0.0000 0.0000 0.0000 0.0000 0.0000 0.0000 0.0000 0.0000
-58.3688 157.4151 169.0498 -52.9646 6.9574 3.3982 156.0406 171.7899 -34.4235 169.3723 167.9179
0.0000 0.0000 1.0000 0.9989 0.0000 0.0000 1.0000 0.0000 0.0002 0.9998
0.0000 0.0000 0.0000 0.0000 0.0000 0.0000 0.0000 0.0000 0.0000
-57.6251 174.4907 177.0847 4.8618 174.3575 184.0152 -33.9749 174.4316 178.3724
0.0000 0.0061 0.1552 0.0000 0.0001 0.9999 0.0000 0.0101 0.5216
0.0000 0.0000 0.0000 0.0000 0.0000 0.0000 0.0000 0.0000 0.0000
-56.3852 176.7883 176.2189 179.4042 5.5688 177.0912 187.7294 -33.6057 176.6715 180.5226
0.0000 0.0072 0.1730 0.0000 0.0000 1.0000 0.0000 0.0174 0.8196
0.0000 0.0000 0.0000 0.0000 0.0000 0.0000 0.0000 0.0000 0.0000
-58.1372 -52.5415 180.8816 180.4465 2.3470 181.2878 189.4667 -35.1830 181.7240 181.4795
0.0000 0.0000 0.0007 0.0005 0.0000 0.0003 0.9988 0.0000 0.1317 0.1031
0.0000 0.0000 0.0000 0.0000 0.0000 0.0000 0.0000 0.0000 0.0000 0.0000
-57.0026 . 187.6523 -51.8406 182.9274 184.8732 2.4149 183.5170 192.6171 -34.3731 183.5858 185.9111
0.0000 0.0241 0.9597 0.0000 0.1101 0.7704 0.0000 0.0001 0.9999 0.0000 0.0889 0.9095
0.0000 0.0000 0.0000 0.0000 0.0000 0.0000 0.0000 0.0000 0.0000 0.0000 0.0000 0.0000
-55.2160 185.7804 189.7660 -50.0902 184.7220 186.2598 3.6843 185.2323 192.5567 -33.1787 184.8604 186.2046
0.0000 0.0162 0.8713 0.0000 0.0581 0.2706 0.0000 0.0007 0.9983 0.0000 0.1891 0.7253
0.0000 0.0000 0.0000 0.0000 0.0000 0.0000 0.0000 0.0000 0.0000 0.0000 0.0000 0.0000
-23.3463 185.1425 202.1552 -22.1898 182.6395 198.5180 20.5712 183.7140 206.2774 -12.4313 183.1203 193.2065
0.0000 0.0000 0.2051 0.0000 0.0000 0.0512 0.0000 0.0000 0.0674 0.0000 0.0000 0.0000
0.0000 0.0000 0.0006 0.0000 0.0000 0.0004 0.0000 0.0000 0.0666 0.0000 0.0000 0.0000
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TABLE 3 | Estimation results of dynamic SDM with Forest Coverage Rate.

Variable Estimates

Direct effect
P -0.2362"* —
— (0.0000) —
T -0.0128* —
— (0.0617) —
n —-0.0208*** —
— (0.0000) —
InFCR 0.0834 -0.2636
— (0.3713) (-1.2188)
InGDPPC 0.9499*** 11179
— (0.0000) (30.9069)
InURBAN -3.1213"* 0.2264
— (0.0000) (0.2884)
InCOAL -0.1261* 0.1783
— (0.0723) (1.1741)
InOIL 0.0056 0.0144
— (0.6284) (0.4991)
WInFCR 0.1107** —
— (0.0000) —
WInGDPPC 0.1795*** —
— (0.0000) —
WxIinURBAN —-1.6258"* —
— (0.0000) —
WInCOAL -0.1134* —
— (0.0000) —
WInOIL -0.0009 —
— (0.7909) —
R? 0.9923 —
Corrected R? 0.9883
o2 0.0451
Nobs 330
log-likelihood 349.0638
T+p+1 -0.2698
Wald’s stability testr +p + 7 =1 5.8609"**

(0.000
Wald test for dynamic spatial lag model ,

Wald test for dynamic spatial error model

Notes: Numbers in the parenthe:

renewable energy sourc
Alam (2019), Lee, (2019%8nd Shahzad (2020) also found
some type of positive association between economic growth
and carbon emission. It was also shown that the direct and
indirect impact of economic growth is significant in the short
term, but local carbon emission is increased due to an
increase in GDP whereas emissions in adjacent areas are
decreased by increased economic growth.

Likewise, the coefficient of urbanization is significantly
negative at a 1% level in all models which shows that, in
China, urbanization is decreasing carbon emissions.
However, the highest coefficient regarding urbanization is
in the first model when forest area is included in the model. It
can be seen that a 1% increase in urbanization results in the
reduction of carbon emission by 3.3248%. In the case of
spatial spillover effect, it is significantly negative only in
short term and in the indirect effect. This suggests that
local urban expansion results in decreasing the carbon

Short-term Long-term
Indirect effect  Total effect Direct effect Indirect effect  Total effect
0.6361*** 0.3725"** —0.5353 0.8769 0.3415"**
(2.9900) (10.9910) (-0.0572) (0.0939) (9.6117)
-0.3109"** 0.8070"* 1.3487 -0.5892 0.7595"*
(-7.4466) (52.2385) (0.2151) (-0.0942) (33.4975)
-6.1573"* -5.9308"** 3.5088 -8.9945 —5.4857**
(=7.1420) (-21.3057) (0.0451) (-0.1158) (-16.8703)
-0.5702*** -0.3919"** 0.5337 —0.8940 —0.3603"**
(-3.6878) (-11.7077) (0.0732) (-0.1229) (-10.8181)
-0.0154 -0.0011 0.0181 -0.0189 —-0.0008
(-0.3999) (-0.0568) (0.0343) (-0.0358) (—0.0476)

emission in adjacent provinces. Fan and Zhou (2019) also
found some type of indirect effect of urbanization and
suggested that neighboring provinces experience increased
carbon emission due to an increase in the rate of urbanization
locally.

Now turning attention towards the coal, the coefficient of
coal is significant and negative in the first two models ata 10%
level, which shows that the impact of coal consumption on
carbon emission is negative. This result is in contrast with the
previous studies which suggest that consumption of coal is
adding to the carbon emission (Mensah et al., 2019; Kang
et al., 2016). This negative association could be due to the
strict policies and guidelines imposed by the Chinese
government regarding the use of coal. Alongside,
ambitious policies are implemented by the government for
the promotion of non-fossil fuel energy use is also the main
reason for this negative impact (Zheng et al, 2020).
Considering the spatial spillover effect of coal, the indirect
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TABLE 4 | Estimation results of dynamic SDM with Forest Investment.

Variable Estimates Short-term Long-term

Direct effect Indirect effect  Total effect Direct effect Indirect effect  Total effect
P -0.2360"** — — — — — —
— (0.0000) — — — — — —
T -0.0186™** — - — — — —
— (0.0316) — — — — — —
n -0.0149"* — — — — — —
— (0.0001) — — — — — —
InFl -0.0127 0.1427* -0.2896"** -0.1469"** 0.4898 -0.6272 -0.1373"*
— (0.5708) (2.4044) (-4.5015) (-11.2230) (0.0841) (--0.1079) (-8.3127)
InGDPPC 0.9511*** 1.0667** -0.2146"* 0.8521*** 1.6152 -0.8024 0.8127**
— (0.0000) (31.0444] (-5.3636) (56.2875) (0.1549) (-0.0771) (29.3705)
InURBAN —-1.8242*** -0.1049 -3.1578"** -3.2627*** 4.2936 -7.3718 -3.0782***
— (0.0000) (-0.1359) (-3.3611) (-8.5440) (0.0411) (-0.0706) (-7.3112)
InCOAL 0.0086 -0.1957 0.3727** 0.1770"* -0.9627 1.1273 0.1646**
— (0.8110) (-1.2429) (2.2746) (4.1799) (-0.0522) (0.0612) B8.0712)
InOIL 0.0059 0.0945*** -0.1854*** -0.0909*** 0.3768 -0.4616 -0.0848***
— (0.7257) (3.1477) (-4.6019) (—4.6705) (0.0690) (—0.0847) (-4.0716)
WInFi -0.0454*** — — — — —
— (0.0000) — — — — —
W#InGDPPC 0.1934** — — —
— (0.0000) — — —
WInURBAN -0.8840"** — — —
— (0.0000) — — —
WInCOAL 0.0553** — - —
— (0.0000) — — —
WInOIL -0.0284* — — —
— (0.0000) — — —
R? 0.9923 — — —
Corrected R? 0.9880 — -
a2 0.0461 — —
Nobs 330 - —
log-likelihood 348.6291 — — — —
T+p+1 -0.2695 — — - —
Wald’s stability testr +p + 7 =1 5.9535* - - - -

(0.000
Wald test for dynamic spatial lag model ,

Wald test for dynamic spatial error model

Notes: Numbers in the parenthe:

effect is only significanti@hd negative in the short-run in the
first two models which mé&@ns, that local consumption of coal
results in a decrease in carbon emission in neighboring
provinces. However, in the third model, where forest
investment is added to the model, the effect of local
carbon emission on neighboring province’s carbon
emission is positive hence, it can be said that a 1%
increase in local coal consumption increases the carbon
emission in neighboring provinces by 0.3727%.

In the case of oil consumption, it can be seen that oil usage
is not an environmental issue for China now because the
coefficient of oil is insignificant in all models. However, the
spatial spillover effect of oil consumption is significant in the
third model but the direct impact is positive and the indirect
impact is negative which suggests that a 1% increase in local
oil consumption increases the local carbon emission by
0.0945% whereas neighboring carbon emission is decreased
by 0.1854%. This result is consistent with the findings of

Zou & Zhang (2020) who also found a negative spatial
spillover effect of energy consumption in China.

Direct, Indirect, Short-Term, and

Long-Term Effects
The main purpose behind the reporting of short-term and long-term
direct along with the indirect effect of explanatory variables is the
inability of dynamic coefficients of SDM to directly reflect the
marginal effect of corresponding variables on dependent variables.
Tables 3-6 presents the short-term as well as long-term effects and to
check the significance of these effects the simulated parameter is used,
which is an amalgamation of 1,000 variations, and a matrix of
variance-covariance regarding the maximum likelihood estimates is
used to draw these variations.

It is evident from the results that few explanatory variables are
significantly and indirectly related to carbon emission only in the
short term. Short-term direct coefficients are estimated through
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TABLE 5 | Estimation results of dynamic SDM with Total Area of Afforestation.

Variable Estimates Short-term Long-term

Direct effect Indirect effect Total effect Direct effect Indirect effect Total effect
P -0.2358"* - - - — — —
— (0.0000) — — — — — —
T -0.0073* - - - — — —
— (0.0550) — — — — — —
n -0.0125" - - - — — —
— (0.0230) — — — — — —
InNTAAFF -0.0732"* -0.1302* 0.1047* -0.0255 -0.0897 0.0647 -0.0250
— (0.0083) (—2.1945) (1.7104) (-1.5013) (—0.0455) (0.0329) (-1.5007)
InGDPPC 0.9497*** 1.0559** -0.1977** 0.8582*** 0.7491 0.0760 0.8252***
— (0.0000) (25.5305) (-3.8794) (41.9152] (0.0736) (0.0075) (25.9447)
InURBAN —2.8512"** 1.1153 —7.3431"* -6.2278"* -1.9703 -3.9774 —5.9477**
— (0.0000) (1.2158) (-=7.1930) (-18.7127) (-0.0159) (-0.0322) (-13.8835)
InCOAL -0.0999 —0.0293 -0.1393 -0.1686™* -0.0376 -0.1236 -0.1612"
— (0.2921) (-0.1616) (-0.7729] (-5.1156) (-0.0136] (—0.0450] [-4.9673)
InOIL 0.0002 0.0348 -0.0633 -0.0285 0.0916 -0.1185 -0.0269
— (0.9525) [0.9938) [-1.3319) [-1.2334) [0.0610) [-0.0791) [-1.2093)
WInTAAFF -0.0024 - - - — —
— (0.7509) — — — — —
WInGDPPC 0.1954*** - - - — —
— (0.0000) — — — — —
WIinURBAN —1.7373"* - - — — —
— (0.0000) — — — —
WInCOAL —0.0451** - - — —
— (0.0000) - - — —
WInOIL -0.0092 - - — —
— (0.1243) - — - — — —
R? 0.9919 — — — — —
Corrected R? 0.9894 - - — — —
a2 0.0654 — — — _
Nobs 330 — - - -
log-likelihood 344.0528 - — — —
T+p+1 -0.2556 - — — —
Wald’s stability testr +p + 7 =1 4.1149" — - - -

Wald test for dynamic spatial lag model

Wald test for dynamic spatial error model

Notes: Numbers in the parenthe:

Eq. 6 and it can be seen ested area is significantly and
negatively related to local on emission, which shows that
increase in forest area reduces the local carbon emission in the
short term. The value of the coefficient is 0.1422 which suggests
that a 1% increase in forest land results in a 0.1422% reduction in
carbon emission. Additionally, economic growth, as well as oil
consumption, are significantly and positively related to carbon
emission in the short run. Hence, it can be said that when the
economy grows and the consumption of oil increases, carbon
emission increases.

It can be observed that the direct spillover effect of these
variables is insignificant which suggests that the effect is only
local. Values related to indirect effect are presented in Tables 3-6
which are obtained through Eq. 7. The coefficients of indirect
effect are significant for afforested land as well as total afforested
area and forest coverage rate. This suggests that all these variables
are responsible for the increased carbon concentration in the local
provinces of China. However, the coefficient of forest investment

is significant as well as negative regarding the spatial spillover
effect which suggests that investment in forests results in a
reduction of carbon emission in adjacent provinces as well.
However, it confirms the significance of the indirect effect for
the estimations, which urge environmental policymakers to
initiate joint plans to curb environmental externalities, rather
than individual plans.

Also, it can be seen that the indirect effect of economic growth,
urbanization, and coal and oil consumption is significant as well
as negative, but only in short term. This suggests that an increase
in these variables results in a reduction of carbon emission both
locally and in adjacent provinces however, the local effect is much
stronger as compared to the spillover effect.

Discussion

The findings of forest indicators are quite contrasting to previous
literature. The empirics of dynamic SDM confirms that forest
area and forest coverage area have significant and positive, direct
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TABLE 6 | Estimation results of dynamic SDM with Forest Area.

Variable Estimates

Direct effect
P -0.2362"* —
— (0.0000) —
T -0.0124* —
— (0.0668) —
n —-0.0203*** —
— (0.0000) —
InFA 0.2576*** —-0.2495
— (0.0084) (-1.1371)
InGDPPC 0.9493** 14111
— (0.0000) (32.0333)
InURBAN -3.3248"* -0.0262
— (0.0000) (-0.0346)
InCOAL -0.1032* 0.2242
— (0.0792) (1.4696]
InOIL 0.0058 0.0133
— (0.6133) (0.4759]
WInFA 0.1949* —
— (0.0000) —
WInGDPPC 0.1809*** —
— (0.0000) —
WxIinURBAN -1.6614** —
— (0.0000) —
WInCOAL -0.1139"* —
— (0.0000) —
WInOIL -0.0006 —
— (0.8414) —
R? 0.9924 —
Corrected R? 0.9885
o2 0.0426
Nobs 330
log-likelihood 350.6856
T+p+1 -0.2689
Wald’s stability testr +p + 7 =1 6.1505"*

(0.000
Wald test for dynamic spatial lag model ,

Wald test for dynamic spatial error model

Notes: Numbers in the parenthe:

and indirect, impacts arbon emissions of Chinese
provinces. The rationale d the positive effects of forests
might be due to the plantation of trees without proper research
and management. However, it is useless to increase forested land
to counter carbon emissions in Chinese provinces. The findings
contradict the study of Waheed et al. (2018) and (Amos, 2020),
which reported a significant and positive relationship between
forest area and carbon emissions.

For the case of forest investments, the spatial analysis confirms the
significant and positive relationship between forest investment and
carbon emission, for both direct and indirect effects. While matching
the results of forest area and forest investment, it is worth mentioning
that carbon cannot simply be controlled by increasing the forest area,
however, it needs extensive research while planting the forests, as well
as to manage the forests, properly clear the forest land, and replace the
old and dead trees with young ones to maintain the carbon balance.
Such activities in a province help to reduce the carbon concentration
in neighboring provinces which leads to reduce the environmental

Short-term Long-term
Indirect effect  Total effect Direct effect Indirect effect  Total effect
0.9331*** 0.6836*** 0.9661 -0.3322 0.6340"**
(4.0868) (12.5648) (0.0254) (-0.0088) (7.1236)
-0.2995"** 0.8116™* 0.6168 0.1466 0.7634**
(-7.4943) (54.3680) (0.0371) (0.0088) (20.2727)
—6.0690"** —6.0951*** —6.5603 0.8897 -5.6706™*
(-7.2855) (-22.6111) (-0.0308) (0.0042) (-11.3631)
-0.6119"* -0.3877** -0.6402 0.2811 —0.3591***
(-3.9429] (-12.2003) (-0.0242) (0.0106) (-6.0758)
-0.0132 0.0001 0.0199 -0.0197 0.0003
(-0.3521) (0.0076) [0.0188] (-0.0186) (0.0169)

externalities. However, it is recommended that China need to
introduce the reforms across the provinces, as activity in bordering
provinces also causes carbon emissions.

While focusing on the results of economic growth, it is clearly
outlined that higher economic growth leads to increase the carbon
emissions in China. The results are verified through different
channels;  higher  energy  consumption, industrialization,
urbanization, etc. Firstly, higher economic growth tends to increase
industrialization which requires higher consumption of energy. In
return, higher energy consumption leads to an increase the carbon
emission. Secondly, a boost in economic growth needs transportation
to transfer the raw materials and inventories. Such an increase in
transportation triggers fuel consumption which causes environmental
externalities.

In the case of urbanization, the findings are surprising, showing
that higher urbanization is a significant tool to diminish carbon
emission. The results contradict the previous findings of Lv et al.
(2018), Sarwar and Alsaggaf (2019) for the case of China which used
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traditional econometric techniques. The reason for the negative ~ most carbon absorbant species including white oak and black walnut.
association is the results of urban reforms, such as green cities, the  Itis also recommended to plant only native trees, so that more carbon
environment-friendly behavior of urban communities, etc., which  can be reduced from the atmosphere. Additionally, new forests should
helps to reduce the urban-based carbon emissions (Chinadaily, 2017;  contain biologically diverse trees instead of being single species
UBS, 2019; Bloomberg, 2020). plantations so that in coming years researchers could identify

which types of plants and trees are most beneficial and should

thus be replanted, as well as the fact that the structure of forests

CONCLUSION AND IMPLICATIONS are more important in terms of carbon emission than the area of
forests.

The main motivation behind the current study is to investigate the The relationship between forest area and carbon emission is

impact of forest area and investment on carbon emissions in China.  positive whereas forest investment is negatively related to carbon

Additionally, the role of urbanization and planned urbanization  emission. This means that it is time for policymakers to turn their
structure on carbon emissions is also checked. On the basis of the  attention from increasing forest areas to invest in existing forests so
results of the study, it can be said that although foresting areas actually ~  that the carbon absorption role of these forests could be enhanced.
increase carbon emission, investment in existing forests could help in ~ First of all, policymakers and government should make arrangements
the mitigation of carbon because forests play a role as carbon sinksand ~ to analyze the existing forests, and this can be done by engaging the
their proper management can increase their absorption potential  local community in provinces and then training them to remove
hence, with the help of forest investments, carbon from the  mature and dead trees from local fg as. Alongside, it is required
Chinese atmosphere can be reduced (Lin and Ge, 2019). that they must invest in R
Alongside, it will not be wrong to say that atmospheric carbon can  facilities on a regional an
be reduced significantly with the help of afforestation due to the i i pacity so that species with
carbon absorption potential of plants and trees. However, while i be replaced with new trees.
considering the impact of forests on environmental quality, it is i s could be identified which are
important to consider the environment-related policies of the 0, local people on a province and area
Chinese government including but not limited to environmental i and given training about cleaning the forests and
protection laws, emission trading systems, the enhancement of
investment regarding the forests, and the installing of treatment i e gbvernment is unauthorized logging. It must be
plants in relevant industries. Another main conclusion regardi
the carbon emission increase in China is the fact that increascd

be transformed for other purposes and strict measures

urbanization is also responsible for high carbon emissig be taken to prevent logging from these forests. The
when people migrate to urban areas, their energ gévernment must prohibit the destruction of forests not only for
pattern also increases which adds to carbon emiSsi i logging but also for any unauthorized activity. This can be done by

is found that planned urbanization struc i establishing monitoring bodies in each province and also in every
with urban carbon emission. region which ensures that all laws and guidelines are followed
The results of the current s regarding forests. Alongside, it is noted that natural disasters are
formation of policies which a also a threat to the forests and if proper forecasting, as well as
China, and also required ici such a way that the ~ management protocols, are established then the damage could be
rising economic gro not be affected. The  reduced and effects could be mitigated. Hence, it is recommended that
results regarding the e a on carbon emission are  proper mechanisms should be placed along with the policies so that
positive which means th: ease in forest area is actually  the negative effects of natural disasters on Chinese forests could be
increasing carbon emission: China. This is somewhat counter  reduced. Last but not least is the regulation of carbon trading so that
to expectations because forest areas are considered as carbon sinks  regions have to purchase carbon emission rights which will increase
instead of carbon emitters. One explanation for this positive  their costs, hence regional governments will try to reduce carbon
relationship is the fact that the majority of the forests in China are ~ emission activities and make arrangements to properly manage local
at a mature stage, where the trees are old and are not able to absorb  forests so that they would have to spend less capital in terms of carbon
carbon anymore. Additionally, it is a proven fact that when trees get ~ emissions.
old and mature they start emitting carbon because when leaves, as well Although urbanization is important for the economic growth of a
as trunks and roots, rot and break down, the stored carbon in these ~ country, there are some negative points regarding increased
parts is released into the air. Along with this, another main reason ~ urbanization in China, and environmental degradation is one of
could be the fact that planting of trees is seldom done after proper ~ these issues. However, if urbanization is done with proper
research so that the trees planted are in accord with the local climate. ~ planning and policies are placed for not only carbon emission but
Hence, it is recommended that proper policies should be formulated  also regarding the establishment of cities according to environmental
regarding the checking of these forests so that old and worn out trees  standards, then economic benefits of urbanization can be achieved
could be removed before they start emitting carbon. Alongside, efforts ~ without doing any harm to the atmosphere. It is a fact that more land
should be made to plant only those trees which are known to be the  is cleared for urban cities and the majority of forests disappear due to
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excessive land use for urbanization. However, planning regarding land DATA AVAILABILITY STATEMENT

use plays a vital role in the reduction of carbon emission, and the

impact of urbanization on climate can be reduced through this  The original contributions presented in the study are included in
planning. Hence, it is recommended that before the establishment  the article/Supplementary Materials, further inquiries can be
of new urban cities, proper planning should be done as to how much ~ directed to the corresponding author.

land could be cleared to build cities. In this regard, restrictions could be

placed so that establishment of new housing schemes in cities can be

done without harming the environment. Another important measure ~ AUTHOR CONTRIBUTIONS

that can be done to reduce urban carbon emission is the creation of

awareness in the urban population regarding the use of energy-  ZL design the main idea and writing. ZM review and modify the
efficient and technologically enhanced appliances and products. manuscript. SS did analysis and review manuscript. CW supervise.
For this purpose, seminars could be conducted locally. However, it

is also a fact that these upgraded and energy-efficient products are

expensive and it is difficult to encourage the low-income FUNDING

population to use these goods. Hence, it is recommended
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In light of the above findings, it is recommended that future
studies should focus on time series data from each province of the
country and separate provinces according to their carbon
emission and then analyze the factors which are contributing
to or decreasing the carbon emission in these provinces.
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