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Abstract: Studying the influencing factors of carbon dioxide emissions is not only practically but
also theoretically crucial for establishing regional carbon-reduction policies, developing low-carbon
economy and solving the climate problems. Therefore, we used a geographical detector model which
is consists of four parts, i.e., risk detector, factor detector, ecological detector and interaction detector
to analyze the effect of these social economic factors, i.e., GDP, industrial structure, urbanization
rate, economic growth rate, population and road density on the increase of energy consumption
carbon dioxide emissions in industrial sector in Inner Mongolia northeast of China. Thus, combining
with the result of four detectors, we found that GDP and population more influence than economic
growth rate, industrial structure, urbanization rate and road density. The interactive effect of any
two influencing factors enhances the increase of the carbon dioxide emissions. The findings of this
research have significant policy implications for regions like Inner Mongolia.
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1. Introduction

Since the 1990s, capital and energy consumption industry has started to spring up and the carbon
dioxide emissions from energy consumption have increased significantly. However, carbon dioxide
emissions resulting from energy consumption caused a series of problem such as declining environmental
quality, global warming and climate change and so on. Hence, understanding the relationship between
carbon dioxide emissions and its influencing factors has become the most important issues in recent
years [1,2]. To cope with the emission issues, in 2009, the Chinese government announced it would
reduce its CO2 emissions per unit of GDP by 40%–45% in 2020 from 2005 [3]. How to reduce carbon
dioxide emissions yet, all the while, maintain stable economic growth has not just given rise to heated
rhetoric but has also been one of the major concerns of energy and environmental protection policy in
every corner of the world [4].

Thus, it is not only an issue that state government pays attention to, also what the academic
groups needs to care about. In 1970s, American ecologist Ehrlich P.R. et al. [5] using IPAT model
to evaluate environment pressure, which indicates that population, average wealth and technology
would have the most impact on environment. In 1994, York et al. [6] create a special and unique
form and take the population, wealth and technology variation into consideration based on IPAT
and STIRPAT model to analysis the factors impacting on carbon dioxide emissions. In China, a great
many scholars used STIRPAT model to evaluate the influence of social economic factor on carbon
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dioxide emissions. For example, in 2009, Lin S.F. et al. [7] analyzed the influencing factors on Chinese
environment based on STIRPAT model. The results show that the influencing factor impact on Chinese
environment was population > urbanization level > GDP per capita > industrial level > energy intensity.
To our limited degree, there is little research on the energy consumption carbon dioxide emissions
from social economic factors and different industrial sector in Inner Mongolia northeast of China.
Furthermore, the previous research and models were limited to “single factor”, which means the total
amount of carbon dioxide emissions is only concern to one factor. Therefore, there is a lack of studies
on the interactive effect of two or more social economic factors influence on carbon dioxide emissions.
Whether counties with different industrial sectors display different influencing patterns on the increase
of carbon dioxide emissions is also unknown.

In recent research, the influence analysis can be conducted using various methods, such as
the EKC concept [8], decomposition analysis (IDA/SDA) [9,10], LMDI model analysis [11] and so
on. In this paper, we study the influence of social economic factors on carbon dioxide emissions in
industrial sector at a macro level. For doing so, we use a relatively new mathematical programming
methodology, called the geographical detector model which is proposed by Wang et al. [12] of assessing
relationship between the carbon dioxide emissions and social economic factors by approach of spatial
variance analysis (SVA). The basic idea of SVA is to measure the degree to which the spatial distribution
of carbon dioxide emissions is consistent with that of influencing factors (e.g., GDP, road density,
industrial structure, etc.). As a novel spatial analysis method, the geographical detector method does
not require any assumptions or restrictions with respect to explanatory and response variables [13].
An excellent feature of the geographical detector method is that it can deal with qualitative data, while
the classic regression model has some limitations on analyzing qualitative data when there are too
many categories [13,14]. The geographical detector model consists of four detector i.e., factor detector,
interaction detector, risk detector, and ecological detector etc. Four detectors were proposed to assess
the main and interactive effect of influence factors on carbon dioxide emissions by using concept of
Power of Determinant (PD). The risk detector was used to calculate the geographical area under
carbon dioxide emissions. The factor detector was used to assess which determinants are responsible
for the carbon dioxide emissions. The ecological detector determined if there is a significant difference
between the effects of different influencing factors on carbon dioxide emissions. The interactive
detector was used to analyze whether multi determinants independently or dependently affect the
carbon dioxide emissions [12]. All four detectors can be easily implemented using the software
Geo-Detector [15]. Therefore, we first identify and map the spatial distribution of the carbon dioxide
emissions and influencing factors at the county level. Then, we employ the four detectors to assess the
association between carbon dioxide emissions and those social economic factors and make discussion
in terms of the results. We believe that the model is further implication within the carbon system field.

The remainder of this paper is organized as follows: In Section 2, we give a brief discussion
of the definitions of the variables, data description and describes the geographical detector model.
In Section 3 presents the theoretical structures and the empirical results. Finally, Section 4 concludes
and discusses the future work and policy implication.

2. Materials and Methodology

2.1. Data Resources and the Definitions of the Variables

The seven variables used in this paper includes carbon dioxide emissions, GDP, population,
economic growth rate, urbanization rate, industrial structure and road density from 101 counties in
the Inner Mongolia, China. The statistics data choose from the Inner Mongolia Statistic Yearbook year
(2012) [16]. The summary statistics (mean value and standard deviation) of carbon dioxide emissions,
GDP, population, economic growth rate, urbanization rate, industrial structure and road density are
presented in Figure 1. The carbon dioxide emissions data for each county are calculated from the energy
consumption multiplied by each fuel coefficient. Eight types of fuels were considered in this research,
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including coal, coke, crude oil, gasoline, kerosene, diesel oil, fuel oil and natural gas, respectively. In order
to avoid repetitive computation, consumption of electricity is not considered in this computation because
this fuel is generated in one industrial process and combusted in other industrial processes. The GDP is
defined as the ratio of total finished products of economy and labor value produces in a certain period of
time (a season or a year) of a country or a region. It is often regards as the best indicator to measure the
economic development of a country. The industrial structure defined as the ratio of secondary industry
GDP and total industries GDP, which is the constitution of all industrial sectors of national economy and
the proportion among all industries. The economic development level generally refers to the degree of
a country or a region’s economic growth. The economic development requires energy consumption and
it has strong impact on carbon dioxide emissions. Population refers as the total population (10,000) in
each county. Population growth may bring about increasing carbon dioxide emissions. The economic
growth rate is the ratio of former year of GDP and latter year of GDP. It is a great indicator that can
determine the economic development period of a region, and may refer to different features of energy
demand and energy use efficiency in different times. The road density is defined as the ratio of the
total length of all road types and the overall area of the region. The more complex of a regional traffic,
the more developed the region economy it is. The greenhouse gas which produces from energy
consumption with economic development is also the main factor of causing climate change. In the
global greenhouse gas emissions, the urban traffic accounted for 13.1%, and the transportation sector
is the third largest emissions department only behind the energy supply and industrial production
department [17]. Finally, urbanization is in essence a process of population aggregation [18]. In this
paper measure the urbanization rate by calculating the proportion of non-farm population in total
population in each county. The urbanization rate is a modernized indicator which affects the carbon
dioxide emissions level indirectly and standards the social development level of a region [19]. Studies show
that the urbanization rate leads to an overall energy consumption level increase and affects the level of
carbon dioxide emissions indirectly. Therefore, there is a positive correlation between carbon dioxide
emissions and the rate of urbanization [20].
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Figure 1. The spatial distribution of carbon dioxide emissions at the county level in Inner Mongolia, China.
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2.2. The Methodology

The geographical detectors model proposed by Wang et al. [12] is based on spatial variance analysis
(SVA). Geographical detector is software based on spatial variation analysis of the geographical strata
of variables to assess the social economic factors impact on the carbon dioxide emissions. We assume
that the carbon dioxide emissions would exhibit a spatial distribution similar to that of influencing
factors if the influencing factor leads to the carbon dioxide emissions [13]. The mechanism is quantified
by the power value as follows.

We denote geographic space as Ω and geographic distribution of the carbon dioxide emissions as
H. The whole geographic space is divided into NT units by regular grids and carbon dioxide emissions
in each unit are Hi p1 ď i ď Nrq. The space distribution of the carbon dioxide emission affecting factor,
which can be divided into nD sub-region in the geographic space, is D. The carbon dioxide emission
(H) and influencing factor (D) determine nD sub-regions in the whole geographical space under

the overlaying effects of GIS, and each sub-region had nD,Z p1 ď Z ď nDq grids and NT “
nD
ř

Z“1
nD,Z.

The carbon dioxide emissions of each gird unit in the sub-region are Hz,i
`

1 ď Z ď nD, 1 ď i ď Nd,z
˘

.
Hence, the average carbon dioxide emissions of entire geographic space Ω are:

HT “
1

NT

NT
ÿ

i“1

Hi (1)

The sample variance of carbon dioxide emissions of entire geographic space Ω is:

σ2
T “

1
NT

NT
ÿ

i“1

pHi ´ HTq
2 (2)

The conceptual framework of the four geographical detectors (risk, factor, ecological and
interaction) to be used in this paper is given in Table 1. Moreover, the detailed formula explanations
are as follows.

Table 1. Conceptual framework of the Geographical detectors [21].

Detector Main Ideas

Risk detector

Compares the differences in average carbon dioxide emissions rates between sub-regions
generated by a social economic factor. It uses t-tests to identify whether the average carbon
dioxide emissions rates among different sub-regions are significantly different.
Greater differences mean greater impact to carbon dioxide emissions within the sub-region.

Factor detector

Uses the PD to assess the impact of social economic factors on the spatial pattern of carbon
dioxide emissions. Higher PD means the social economic factor has a stronger contribution to
the occurrence of the carbon dioxide emissions.
It uses F-tests to compare whether the accumulated variance of each sub-region is significantly
different from the variance of the entire study region.

Ecological detector

Assesses whether the impacts of two social economic factors on the spatial distribution of
a carbon dioxide emissions are significantly different.
It also uses F-tests to compare the variance calculated in a sub-region attributed to one
influencing factor with the variance attributed to another influencing factor.

Interaction detector

Consists of seven parts: Enhance, Enhance-bi, Enhancenonlinear, Weaken, Weaken-uni,
Weaken-nonlinear, and Independent.
It compares the combined contribution of two individual influencing factors to carbon dioxide
emissions, as well as their independent contributions. By doing so, it assesses whether the two
influencing factors weaken or enhance each another, or whether they independently influence
the development of the carbon dioxide emissions.
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(1) Risk Detector

We assume that the influencing factor D divides geographic space into several sub-regions, among
which two are denoted as Z1 and Z2, respectively. The average carbon dioxide emissions of these
two sub-regions are:

Hz1 “
1

nD,z1

nD,z1
ÿ

i“1

Hz1,i (3)

Hz2 “
1

nD,z2

nD,z2
ÿ

i“1

Hz2,i (4)

The sample variance of carbon dioxide emissions in these two sub-regions are:

σ2
z1 “

1
nD,z1

nD,z1
ÿ

i“1

pHz1,i ´ Hz1q

2

(5)

σ2
z2 “

1
nD,z2

nD,z2
ÿ

i“1

pHz2,i ´ Hz2q

2

(6)

The average carbon dioxide emissions of each sub-region can be calculated by Formula (3).
Similarly, we can also calculate the carbon dioxide emissions of each sub-region by HZ1 and HZ2.
The carbon dioxide emissions of each sub-region may be different if differences existed between HZ1

and HZ2. Then, we will run some tests to find out whether they have significance. We will use T test to
analyze their differences as follow [12]:

tHz1´Hz2
“

Hz1 ´ Hz2

rσ2
z1{nD,z1 ` σ2

z2{nD,z2s
1{2

(7)

The degree of freedom is:

d f “
σ2

z1{nD,z1 ` σ2
z2{nD,z2

1
nD,z1 ´ 1

pσ2
z1{nD,z1q

2 `
1

nD,z2 ´ 1
pσ2

z2{nD,z2q
2

(8)

We need to provide confidence level α (which is normally 5%) to test null hypothesis H0 : Hz1 “ Hz2.
If
ˇ

ˇ

ˇ
tHz1´Hz2

ˇ

ˇ

ˇ
ą ta{2, we can refuse H0. It means that there are significant differences between these

two sub-regions which are influence on carbon dioxide emissions. In contrast, the significant difference
cannot be confirmed. Otherwise, the difference may be caused by system error.

(2) Factor detector

As influencing factor D divides the entire geographic space into several sub-region, we can
calculate layered total variance that caused by the division of influencing factor D.

σ2
TD “

1
NT,D

nD
ÿ

z“1

nD,z
ÿ

i“1

pHz,i ´ Hzq
2 (9)
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where NT,D “
nD
ř

Z“1
nD,Z. If the influencing factor can completely affect carbon dioxide emissions, the

sample variance of each sub-region is close to 0 [12], namely σ2
TD is close to 0. Therefore, PD value of

factor D can be specifically expressed as follows:

PD “ 1´
σ2

TD
σ2

T
(10)

We can tell from Formula (10) that PD value is between 0 and 1. When the PD value equal to 1,
the value of σ2

TD is close to 0, which means that this influencing factor has the same spatial distribution
as the carbon dioxide emissions.

(3) Ecological detector

The ecological detector based on F-value test compares D1 and D2 and explores whether D1 is
more significant than D2 in controlling the spatial pattern of the carbon dioxide emissions. If D1 is
more likely than D2 to cause carbon dioxide emissions over space, we would expect the dispersion
variance of D1

`

σ2
TD1

˘

to be larger than that of D2
`

σ2
TD2

˘

. The test formula is:

F “
nT,D1pnT,D1 ´ 1qσ2

TD1
nT,D2pnT,D2 ´ 1qσ2

TD2
(11)

This statistic is asymptotically distributed as F pnT,D1 ´ 1, nT,D2 ´ 1q with d f “ pnT,D1, nT,D2q.
We need to provide confidence level α (which is normally 5%) to test null hypothesis H0 : σ2

TD1 “ σ2
TD2.

If H0 is rejected conditioned on a significant level α (usually 5%) and, it means that there are
significant differences between the two factors which have influence on carbon dioxide emissions.

(4) Interaction detector

We can apply interaction detector to analyze the effect of the interaction of two or more influencing
factors on carbon dioxide emissions. The influence of two influencing factors D1 and D2 on carbon
dioxide emissions may be independent or dependent. The influence on carbon dioxide emissions
may be stronger or weaker after interaction. It compares the sum of the factors contribution of
two individual attributes to the contribution of the two attributes when combined [12]:

Enhance: if PD pD1 XD2qy PD or PD pD2q

Enhance, bivariate: if PD pD1 XD2qy PD and PD pD2q

Enhance, nonlinear: if PD pD1 XD2qy PD pD1q ` PD pD2q

Weaken: if PD pD1 XD2q xPD pD1q ` PD pD2q

Weaken,univariate: if PD pD1 XD2q xPD pD1q orPD pD2q

Weaken, nonlinear: if PD pD1 XD2q xPD and PD pD2q

Independent: if PD pD1 XD2q “ PD pD1q ` PD pD2q

where the symbol “X” denotes the intersection between D1 and D2. “ PD pD1 XD2qy PD or PD pD2q”
is not equivalent to “ PD pD1 XD2qy PD and PD pD2q” e.g., assume that PD pD1q = 0.2, PD pD2q = 0.5
and PD pD1 XD2q = 0.3; then “0.3 (D1 XD2) 0.2y(D1) or 0.5 (D2)” is true, but the “0.3(D1 XD2)y0.2 (D1)
and 0.5 (D2)” is not valid. It could be “0.3(D1 X D2)x0.2 (D1) + 0.5 (D2) (Weaken)” and also
“0.3 (D1 XD2)y0.2 (D1) (Enhance)”, in which case the conclusion is that the D1 and D2 joint risk
(0.3) enhances the D1 single risk (0.2) but is smaller than the two individual risks added together (0.2 + 0.5).

3. Results

3.1. Spatial Distribution of Carbon Dioxide Emissions and Influencing Factors

There is a significant difference between the spatial pattern of carbon dioxide emissions and
the social economic factors of 101 counties in the Inner Mongolia, China. Table 2, Figures 1 and 2
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present the quantitative statistics, spatial pattern of carbon dioxide emissions and six social economic
factors, respectively. The distribution of carbon dioxide emissions and influencing factors significantly
varied across Inner Mongolia (Figures 1 and 2). The maximum and minimum values of carbon dioxide
emissions were greatly different. In some counties, the carbon dioxide emissions were less than
0.02 million tons, while in other counties, it reached 6999.58 million tons. The average carbon dioxide
emissions are 505.43 million tons. The carbon dioxide emissions of the southwestern of Inner Mongolia,
where are the traditional heavy industry concentrated cities such as Huhhot and Baoto, are higher
than other regions. In particular, the carbon dioxide emissions of the east and north regions are lower;
this is consistent with the location of prairies and forests (Figure 1).

Table 2. The distribution of carbon dioxide emissions and influencing factors.

Variables Mean STD Min 25% 50% 75% Max

Carbon dioxide emissions (million t) 505.43 971.84 0.02 25.95 80.71 608.75 6999.58
GDP (108 CNY) 175.15 193.62 12.73 58.17 103.59 212.47 1000.4
Economic growth rate (%) 13 3.44 4.2 11.1 13.3 15.1 24.9
Industrial structure (%) 2.42 1.77 0.2 1.3 1.9 3.1 9.4
Population (million people) 24.86 16.74 1.79 10.9 23.26 33.95 88.96
Urbanization rate (%) 49.7 28.52 8.34 22.27 49.97 74.89 100
Road density (km/km2) 0.03 0.08 0 0 0.01 0.01 0.64
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in Inner Mongolia, China.

The average GDP of each county in Inner Mongolia is 175.15 billion yuan. The wealth gap in Inner
Mongolia is significant as the highest GDP is 1000.4 billion yuan and lowest is 12.73 billion yuan. We can
find that high GDP areas are mostly distributed at Huhhot and Baotou, where the main developed cities
in Inner Mongolia are (Figure 2A). As to population distribution, it gradually decreases from northeast
to southwest (Figure 2B). The industrial structure is higher in the middle and lower at two poles
(Figure 2C). Urbanization rate and economic growth rate have the same spatial distribution tendency,
namely in the northeast it is relatively high and in the southeast it is extremely low (Figure 2D,E).
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The spatial pattern of road density is similar to that of GDP. This means that the road density in Baotou
and Huhhot is more concentrated than in other areas (Figure 2F). The reason is that Baotou and Huhhot
is the key economic bond of Inner Mongolia, China. The areas with higher GDP have economically
developed and more agglomerated traffic.

3.2. Spatial Correlation Analysis of Carbon Dioxide Emissions and Influencing Factors

The spatial autocorrelation pattern of carbon dioxide emissions and social economic factors in
Inner Mongolia, China is significantly different. The global Morans’I indicators of social economic
factors are: GDP (0.42) > population (0.42) > urbanization rate (0.41) > economic growth rate (0.29) >
industrial structure (0.22) > road density (0.27) > carbon dioxide emissions (0.07) > (p ď 0.05). GDP has
extremely high positive spatial autocorrelation. The positive spatial autocorrelation of population is
also extremely high. The positive spatial autocorrelation of other factors is not distinct, which means
they have higher randomness in terms of spatial distribution.

In this study, we use the Pearson correlation index to examine the correlation of social economic
factors in Inner Mongolia, China. As a result of the correlation test between the independent variables
(Table 3) we found that the correlation index of GDP and carbon dioxide emissions is 0.52 and the
correlation index of GDP and population is 0.44. The correlation index among other variables is not
very high. Most of the social economic factors are positive correlated, but GDP, industrial structure and
population industrial structure, economic growth rate and urbanization rate and industrial structure
and urbanization rate are negatively correlated. Generally, these six factors have low correlation. Thus,
they can be incorporated into the multi-variant geographical detector model.

Table 3. The result of the correlation test between the independent variables.

Carbon
Dioxide

Emissions
GDP Population

Economic
Growth

Rate

Industrial
Structure

Urbanization
Rate

Road
Density

Carbon dioxide emissions 1
GDP 0.52 1

Population 0.13 0.44 1
Economic growth rate 0.02 0 ´0.06 1

Industrial Structure 0.07 ´0.17 ´0.42 0.18 1
Urbanization rate 0.2 0.36 ´0.23 0.06 ´0.04 1

Road Density 0.16 0.40 0.12 0.12 ´0.08 0.26 1

3.3. Analysis of Influencing Factors of Carbon Dioxide Emissions Based on Geographical Detector Model

3.3.1. Risk Detector

In order to analyze the influence of social economic factors on carbon dioxide emissions with risk
detector, we need to discrete these factors, and then turn original continuous data into layered [17].
In this study, we have applied multiple sorting techniques, such as natural breakpoint classification,
evenly spaced classification, evenly divided classification, and natural breakpoint classification. Finally,
natural breakpoint classification is selected for a better result.

Table 4 shows the effect of GDP on the increase of carbon dioxide emissions. What we can know
from Table 4 is that when GDP < 53 billion yuan, carbon dioxide emissions is 86.06 million tons. With the
increase of GDP, carbon dioxide emissions are also increasing gradually. When GDP > 237 billion yuan,
carbon dioxide emissions are 2006.99 million tons. It indicates that counties with higher GDP have higher
risk of carbon dioxide emissions. This suggests that there is strong correlation between the increase of
the carbon dioxide emissions and GDP. Table 5 shows the influence of industrial structure on carbon
dioxide emissions. When the industrial structure is high, the carbon dioxide emission is also high.
When the industrial structure is higher than 4.0%, the carbon dioxide emissions are 669.93 million tons.
This finding indicates that there is a strong correlation between industrial structure and the carbon
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dioxide emissions. We undertake the risk detector to analyze the correlation between other influencing
factors and the carbon dioxide emissions with similar analysis.

Table 4. Average carbon dioxide emissions according to the GDP.

GDP (Million Yuan) <53 53–78 78–136 136–237 >237

Carbon dioxide emissions (million t) 86.06 77.96 178.67 528.37 2006.99

Table 5. Average carbon dioxide emissions according to the industrial structure.

Industrial Structure (%) <1.2 1.2–1.8 1.8–2.3 2.3–4.0 >4.0

Carbon dioxide emissions (million t) 111.20 113.32 336.27 501.67 669.93

3.3.2. Factor Detector

We applied factor detector to determine the influence of six factors on carbon dioxide emissions.
The PD values are ranked as follows: GDP (0.37) > population (0.20) > economic growth rate (0.09) >
road density (0.07) > industrial structure (0.05) > urbanization rate (0.05). It indicates that GDP has
the highest influence on carbon dioxide emissions, which is consistent with the result of risk detector.
The population is the second, which means population contributes to the increase of carbon dioxide
emissions. Economic growth rate also has a great influence on carbon dioxide emissions. The influence
of economic growth rate on carbon dioxide emissions shows that industrial production is the main
reason for causing amount of carbon dioxide emissions in Inner Mongolia, China at the current stage.

3.3.3. Ecological Detector

In this study, an ecological detector is used to find out that the significant difference of the
influence of six social economic factors on carbon dioxide emissions (Table 6). The result shows
that the differences in PD values between each two of the population and economic growth rate,
population and road density rate does not have significant difference on carbon dioxide emissions.
However, the influence between variables in the first group and the variables in the second group has
significant difference on carbon dioxide emission. Thus, combining with the result of factor detector
and ecological detector, we find out that GDP and population have a significant effect on carbon
dioxide emissions.

Table 6. Statistical significance of all variables using the ecological detector.

GDP Population Economic
Growth Rate

Industrial
Structure

Urbanization
Rate

GDP
Population Y

Economic growth rate Y N
Industrial structure Y Y N
Urbanization rate Y Y N N

Road density Y N N N N

3.3.4. Interaction Detector

At last, interaction detector is used to detect the influence of interaction of each two social
economic factors on carbon dioxide emissions. We can find from Table 7 that the effects of influence
of interaction of GDP and population, GDP and industrial structure on carbon dioxide emission
are independent. The effects of other interactive factors on carbon dioxide emissions are combined,
which means the effect of these factors on carbon dioxide emissions will be greater after interaction.
For instance, the PD value of GDP is 0.37, and the PD value of economic growth rate is 0.09. After their
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interaction, the PD value reached 0.51. It shows that the interaction among these two factors has great
intensity. Although the PD value (0.05) of industrial structure is higher than road density (0.07) and
the PD value of the interaction of industrial structure and urbanization rate is only 0.13, which is
far less than the PD value (0.44) of interaction of road density and urbanization rate. The PD value
reaches 0.71 after interaction of GDP and road density, which is far higher than their separate influence
on carbon dioxide emissions. This indicates that the economic growth in Inner Mongolia is mainly
driven by industrial production, which is an extensive growth pattern.

Table 7. Power of Determinant (PD) values for interactions between pairs of factors on the carbon
dioxide emissions.

GDP Population Economic
Growth Rate

Industrial
Structure

Urbanization
Rate

Road
Density

GDP Population 0.43-
Economic growth rate 0.51Ò 0.37Ò

Industrial structure 0.40- 0.34Ò 0.37Ò
Urbanization rate 0.48Ò 0.44Ò 0.44Ò 0.13Ò

Road density 0.71Ò 0.30Ò 0.29Ò 0.32Ò 0.38Ò

Ò: After interaction of two factors, the interaction effects on carbon dioxide emissions is more than their
individual effect, namely combined; -: After interaction, the effect on carbon dioxide emissions is greater than
the effect of individual effect. However, it is less than the sum of their effect on carbon dioxide emissions, which
is independent.

4. Conclusions and Discussion

In this study, we used four geographical detectors to assess effects of influencing factors on the
carbon dioxide emissions. We believe this method to be novel in that it extracts the interrelationships
between environmental problem and influencing factors by the correspondence of their spatial
distribution. Moreover, it is easy to implement. To our knowledge, this is the first study on the effect of
different industries and different counties on the carbon dioxide emissions in Inner Mongolia, China.

We found that (1) Inner Mongolia is suffering from a great gap between the rich and the poor,
carbon dioxide emission is very uneven and regional difference is highly significant. With the
development of GDP and industrial structure, carbon dioxide emissions are gradually increasing,
but there is no significant difference in carbon dioxide emissions when population, economic growth
rate and urbanization rate reach a certain number or a certain level. Road density has no distinct
influence on carbon dioxide emission; (2) The influence of social economic factors on carbon dioxide
emissions is as follows: GDP (0.37) > population (0.20) > economic growth rate (0.09) > road density
(0.07) > industrial structure (0.05) > urbanization rate (0.05). Therefore, we know that GDP and
population have played an important role in the emissions of carbon dioxide in Inner Mongolia,
China. In spite of the strong positive autocorrelation of GDP and carbon dioxide emissions, GDP and
population, other factors are relatively randomly distributed in space; (3) In addition, the combination
of two environmental factors strengthened the emissions of carbon dioxide. Most previous studies
simultaneously considered the influence of a single social economic factor on carbon dioxide emissions.
However, the emissions of carbon dioxide are complex. Our study showed that the interactive detector
could simultaneously estimate the effect of two or even more factors on the carbon dioxide emissions.
Finally, to our best knowledge, this is the first study that applies the geographical detector model to
analyze the influence of the social economic factors on carbon dioxide emissions in the Inner Mongolia,
China quantitatively.

In this paper, we discuss short, medium and long term goals for low carbon development in
China in the introduction sector. It is vital for Inner Mongolia not only ensure economic growth,
but also to reduce carbon emissions. According to the obtained above results, we propose carbon
emission reduction strategies as follows: we should break away from the traditional mode of economic
growth such as “high input, high consumption”, strengthen industry structure gradual by adjusting
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industry structure from “two, three or one” to “three, two or one” and appropriate together with
controlling energy resources development, increase the technology content from a resource-intensive to
technology-intensive industries; and encourage the introduction of low-carbon technologies, especially
for high energy-consuming industries, which not only achieves technical and economic feasibility, but
also achieves economic and environmental sustainability in Inner Mongolia.

One limitation of this research is the discretization of quantitative data. The geographical detector
model is very effective for the analysis of qualitative data, but ineffective for the quantitative data.
The quantitative data needs to be discredited at first. Then it should be classified into different grades [21].
After this, a geographical detector can be used for the final analysis. In this study, the geographical detector
model chooses the natural breakpoint classification through comparing the natural breakpoint classification
(natural break), spaced classification (quantize) and divided classification (equal interval). How to
effectively discredit quantitative data is the problem that needs to be solved in future research [12,22].
The other limitation of this study is that it only estimated energy consumption of the industrial
sector, therefore future research should consider other sectors connected to carbon dioxide emissions.
Additionally, future studies should divide the fossil fuels into different types of fuel such as washed
coal i.e., in order to study the impact of different types of energy on carbon dioxide emissions. Finally,
future studies could consider various factors such as carbon dioxide emissions intensity, energy
consumption intensity impact on carbon dioxide emissions. We believe that this issue will deserve
further attention in future study.
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