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Abstract: This study investigates the impact of income inequality on household carbon emissions
in China using nationwide micro panel data. The effect is positive—households in counties with
greater income inequality emit more—and remarkably robust to a battery of robustness checks.
We also explore the roles that consumption patterns, time preference, and mental health play in
the relationship between income inequality and household carbon emissions. The findings suggest
that the change in consumption patterns caused by income inequality may be an important reason
for the positive effect of inequality on household carbon emissions and that a lower time preference
for consumption and improved mental health can mitigate the positive effect of income inequality
on household carbon emissions. Furthermore, substantial differences are found among households
at different income levels and households with heads of different ages. The findings of this study
provide important insights for policy makers to reduce both inequality and emissions.

Keywords: income inequality; household carbon emissions; consumption patterns; time preference;
mental health

1. Introduction

Global warming caused by greenhouse gases (GHGs), a catastrophic threat to human survival
and development, has incited worldwide concern [1]. In the last decade from 2009 to 2018, total GHG
emissions grew by 1.5 percent per year without land-use change (LUC), and the top four emitters
(China, EU28, India and the United States of America) contribute over 55 percent of the total GHG
emissions excluding LUC [2]. Carbon dioxide (CO2) is a leading source of GHGs [3]. The global average
annual concentration of carbon dioxide in the atmosphere averaged 407.4 ppm in 2018; however,
the pre-industrial levels only ranged between 180 and 280 ppm (International Energy Agency, IEA).

In the past 40 years, the world has witnessed the rapid development of China’s economy as well
as the increase of carbon emissions. According to statistics from the Oak Ridge National Laboratory
Carbon Dioxide Information Analysis Center (CDIAC), China became the world’s largest carbon
emitter in 2008, with carbon emissions increased from 2.089 billion metric tons in 1990 to 9.258 billion
metric tons in 2017, accounting for approximately 28.2% of the world’s total emissions [4]. This fact
has brought China tremendous international pressures for emission reduction. Therefore, to cope
with the challenges of climate change and achieve sustainable development, the Chinese government
announced its intention to reduce emissions per unit of gross domestic product to 60%–65% from
the 2005 levels and to reach peak GHG emissions by 2030 in the Paris Agreement [5,6]. To accomplish
this ambitious goal, China has to make a combination of various efforts, and household emission
reduction will contribute significantly. In fact, the household sector should be responsible for a major
part of the carbon emissions of an economy [7]. The household sector accounts for more than 80% of
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carbon emissions in the United States [8] and exceeds 70% in the United Kingdom and India [9,10]. Liu
et al. (2011) found that in China, the share of emissions from household sector was approximately 40%
of the total [11], and Fan et al. (2013) found that the annual growth rate of household carbon emissions
in China was 8.7% [12]. Although the industrial sector remains the key source of carbon emissions, as
a demander of industrial products, the household sector indirectly promotes CO2 emissions [13,14],
and in China, the residential sector has become the second largest CO2 emissions source [15]. This fact
emphasizes the importance of placing greater attention on household carbon emissions.

In addition to environmental degradation, the increasing income inequality, as a by-product
of economic growth, is also an important socio-economic issue [16,17]. Income inequality may
cause substantial social and economic problems, such as poorer mental health [18,19], higher status
anxiety [20], and a higher level of general violence [21]. Furthermore, income inequality will create
highly indebted, low-income households, which eventually results in a fragile economy [22]. China’s
economy has made remarkable achievements since its reform and opening up, but the fruits of economic
growth are not shared equally among the population [23]. The Gini coefficient of income distribution
in China increased by 55% between 1974 and 2010 [24], and in 2017, it reached 0.467 (China Yearbook
of Household Survey), exceeding the warning level of 0.40 set by the United Nations. A series of fiscal
and tax policies have been adopted to regulate income distribution. One question deserving attention
is whether under the dual pressures of environment and inequality, the policy goal of narrowing
the income gap consistent with the carbon reduction target. In particular, does income inequality itself
lead to the increase of carbon emissions [25]?

Different from previous studies, this paper focuses on the effect of income inequality on carbon
emissions of households at similar income levels; that is to say, we explore whether households at similar
income levels emit differently when facing different levels of income inequality. More specifically, we use
three waves of data at the household level, from the China Family Panel Survey (CFPS, downloadable at
http://www.isss.pku.edu.cn/cfps/), to estimate the influence of income inequality on household carbon
emissions and to examine consumption patterns, mental health and time preference for consumption
as important channels through which income inequality influences household emissions.

The present paper may contribute to the literature in three ways. First, we test the relationship
between income inequality and household carbon emissions in China; here, we diverge from a large
body of the existing literature on the differences of emissions among households at different income
levels to focus on the emissions of households at similar income levels when facing different levels of
income inequality. Although there is a general perception that households at different income levels
emit differently, it is unclear how households with similar income act when facing different income
inequality levels. Second, we explore the mechanisms by which income inequality affects household
CO2 emissions. Subjective factors such as mental health and time preference for consumption, in
addition to consumption patterns, allow us to offer some new insights into this topic. Third, our
findings suggest that with the increase of the age of household heads and the increase of households’
per capita income, the positive effect of income inequality on household carbon emissions gradually
decreases. This result suggests a new approach for the government to formulate more precise income
distribution and emission reduction policies.

The rest of the paper is structured as follows. Section 2 briefly reviews the related literature.
Section 3 describes the data and methodology. Section 4 presents the empirical estimation results and
the corresponding analysis. Section 5 concludes the paper.

2. Literature Review

Boyce (1994) performed the pioneering work of incorporating inequality into environmental
degradation and argued that greater inequalities in power and wealth led to worse environmental
quality [26]. Boyce presented a political-economic explanation that, on the one hand, the wealthy
preferred weaker environmental protection policies because they reaped disproportionate gains from
pollution, while on the other hand, inequality increased the preference for current resource consumption
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of both the poor and the rich. However, this argument holds only in the assumption that the rich prefer
more pollution than the poor [27,28]. Ravallion et al. (2000), Heil and Selden (2001), and Borghesi (2006)
explained the relationship between income inequality and carbon emissions from the perspective of
“marginal propensity to emit” (MPE) [29–31]; however, they did not obtain accordant conclusions. In
line with Boyce’s point of view, studies relying on individual economic behavior suggest that increasing
inequality in income will increase CO2 emissions. Not only the wealthy but also the poor will engage
in expensive and conspicuous consumption to maintain or obtain a higher social status, which Schor
(1998) and Veblen (2009) described as the “Veblen effect” [32,33].

There are also many empirical studies, but unfortunately, no consensus on the relationship
between income inequality and carbon emissions has been reached. Golley and Meng (2012), Baek
and Gweisah (2013), Jorgenson (2015), Kasuga and Takaya (2017), Liu et al. (2019), and Uzar and
Eyuboglu (2019) came to the conclusion that higher CO2 emissions were positively associated with
increasing income inequality [34–39]. In contrast, Heerink et al. (2001), Coondoo and Dinda (2008),
Baloch et al. (2017), Hübler (2017), and Sager (2019) held that inequality affected carbon emissions in
the opposite direction [28,40–43]. Using an unbalanced panel data set from 158 countries, Grunewald
et al. (2017) found that the impact of income inequality on carbon emissions varied with economic
development levels [44]. For low- and middle-income economies, higher levels of income inequality
helped reduce emissions, while in upper middle-income and high-income economies, higher levels
of income inequality increased emissions. Jorgenson et al. (2017) studied the influence of income
inequality, measured with the income share of the top 10% and the Gini coefficient, on state-level
CO2 emissions of the United States [25]. They found a positive relationship between inequality and
carbon emissions, but the relationship was only significant when income inequality was measured
with the income share of the top 10%. Liu et al. (2019), for the first time, took the short- and long-term
impacts of income inequality on CO2 into consideration [38]. They suggested that higher income
inequality increased carbon emissions in the short term, but in the long term, it promoted carbon
reduction. There are even studies finding no linkage between income inequality and environmental
quality [45,46].

Some studies found that income anticipations could affect mental health and that income inequality
generally damaged subjective well-being and led to psychological problems [18,47–51]. Further,
Velek and Steg (2007) proposed that psychological factors were important in promoting sustainable
consumption of natural resources [52]. Kaida and Kaida (2016) found that pro-environmental
behavior was positively associated with present subjective well-being [53]. Koenig-Lewis et al.
(2014) tested 312 Norwegian consumers on their evaluation of a beverage container incorporating
organic material [54]. They suggested that emotions and rationality drove pro-environmental
purchasing behavior, and positive emotion was a significant predictor of green product purchases.
Bissing-Olson et al. (2016) examined the dynamic interplay between everyday emotions and
pro-environmental behavior over time, and their findings showed that whether individuals felt
pride or guilt had an impact on the related pro-environmental behaviors during the course of their
day [55]. Ibanez et al. (2017) reported that awe fostered solemnity and heightened analytical ability,
which in turn affected individuals’ pro-environmental behavior [56]. A recent study by Li et al. (2019)
using the China Household Finance Survey (CHFS) also found that feeling happy caused a decrease in
energy consumption and thus reduced household carbon emissions [57].

Based on these discussions, it is clear that most of the existing literature investigates the effect of
income inequality on carbon emissions focused on the national level, state level, or city level; however,
few studies concern about the micro behavior body: the households. Based on the United States
Consumer Expenditure Survey (CEX) from 1996 to 2009, Sager (2019) estimated the Environmental
Engel curves (EECs) and examined the effects of different factors on the evolution of carbon emissions
over time [43]. He found that income, age structure, education, family size, race, and region were
relevant, and among these factors, income played a major role. Using the data from China’s Urban
Household Income and Expenditure Survey (UHIES) in 2005, Golley and Meng (2012) investigated
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variations in household CO2 emissions among households at different income levels [34]. They
demonstrated that rich households emitted more than poor households and that marginal propensity to
emit (MPE) slightly increased with income over the relevant income range. Therefore, they concluded
that the redistribution of income from the rich to the poor could reduce aggregate household emissions.
More importantly, studies rarely consider the differences in carbon emissions among households
at similar income levels, and few studies focus on the relationship between income inequality and
household carbon emissions from the perspective of psychology.

3. Data Source and Empirical Methodology

Using the consumption lifestyle approach (CLA), we first calculate household carbon emissions
by consumption category, which is the dependent variable of this paper but cannot be obtained directly
from the CFPS. Then we estimate the Gini coefficient of each county as the proxy variable of income
inequality. In the empirical section, we employ fixed-effects estimation to reveal the causal relationship
between income inequality and household carbon emissions.

3.1. Data Source

This study adopts panel data from China Family Panel Survey (CFPS) administered by Institute
of Social Science Survey, Peking University. The CFPS is a nationally representative survey of Chinese
communities, families, and individuals. This dataset provides a high-quality comprehensive survey of
household income, expenditure, subjective attitudes, and other demographic characteristics. The CFPS
was launched in 2010, commenced with a total of 14,960 households from 635 communities, including
33,600 adults and 8990 youths, located in 25 provinces (excluding Tibet, Xinjiang, Inner Mongolia,
Hainan, Ningxia, Qing Hai, Hong Kong, Macao, and Taiwan). Because there are lots of defaults in
subjective attitude, which is important for mechanism analysis, in the fourth round of the CFPS in
2016, we use the first three rounds of the survey, conducted in 2010, 2012, and 2014, respectively.

3.1.1. Household Carbon Emissions

According to Wei et al. (2007), household carbon emissions include indirect emissions and
direct emissions [58]. The indirect carbon emissions are from the following seven consumption
categories: (1) food, (2) clothing, (3) household facilities, articles, and services, (4) medicine and medical
services, (5) transportation and communication services, (6) education, cultural and recreation services,
and (7) miscellaneous commodities and services. The direct carbon emissions are from residential
use of electricity, fuel, and other utilities. Following the approach of Li et al. (2019), we calculate
household carbon emissions by multiplying the monetary expenditure in each expenditure category
by the respective emissions conversion coefficient [57]:

emissioni,j = fi(I−A)−1
× expensei,j (1)

emissionj =
∑

i
emissioni,j (2)

where emissioni, j is carbon emissions of the jth household caused by ith category, fi is the vector of
direct emissions intensity in each production sector, and (I −A)−1 is the domestic Leontief inverse
matrix, expensei, j is the spending in the ith category by the jth household, emission j is total carbon
emissions of the jth household. Because China reports the input-output table every five years
and the most recent report that is available to us is from 2012, we calculate the carbon intensity
coefficients for each consumption category based on the China Input-Output Table in 2012 and
sectoral carbon emissions data from the China Emission Accounts and Datasets (downloadable
at: http://www.stats.gov.cn/ztjc/tjzdgg/trccxh/zlxz/trccb/201701/t201701131453448.html) in 2012 over
the three years. The expenditures and income values for 2012 and 2014 are adjusted to constant 2010
prices according to the CPI indices published by the National Bureau of Statistics (NBS). Following Su
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and Ang (2015) and Li et al. (2019), we use the non-competitive imports assumption to account for
the embodied emissions from domestic production [57,59].

Because expenditure on miscellaneous commodities and services is generally very small in number
and there is no detailed expenditure information on miscellaneous commodities and services in the CFPS,
this paper does not consider the emissions of this category. Figure 1 plots a histogram of the average
household carbon emissions by consumption category in 2010, 2012, and 2014, respectively. We find
that the residential use, food, education, culture and recreation services are the first three categories
in inducing carbon emissions, and the residential use produces most of the total emissions with
a proportion of 53.88% in 2010, 53.93% in 2012, and 77.68% in 2014. A great deal of literature documents
that different consumption patterns of households in different income levels cause a positive/negative
impact of income equality on household carbon emissions [60]. Therefore, we further aggregate
the households in the CFPS into five groups according to the principle of classification of the NBS and
calculate the carbon emissions of different income groups by category. As shown in Figure 2, carbon
emissions generated by household facilities, articles and services, transportation and communication
services, and residential use are more in richer households, especially in 2010 and 2012, and these three
categories are considered to be high carbon-intensive mix [61]. In 2014, the carbon emissions generated
by residential use increased a lot in all income groups, compared with the previous two years. We can
also clearly see that poorer households spend more on medicine and medical services. Taking year
2010 as an example, the proportion of carbon emissions caused by medicine and medical services of
the income groups from the 1st to the 5th are about 16.20%, 12.79%, 8.07%, 8.07%, 5.29%, respectively.

Figure 1. Household carbon emissions by consumption category in China: Y-axis is the average
household carbon emissions of each consumption category. X-axis is consumption categories, where
“food” refers to expenditure on food, “dress” refers to expenditure on clothing, “daily” refers to
expenditure on household facilities, articles, and services, “eec” refers to expenditure on education,
cultural and recreation services, “trco” refers to expenditure on transportation and communication
services, “med” refers to expenditure on medicine and medical services, “house” refers to expenditure
on residential use.
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Figure 2. Carbon emissions of different income groups by consumption category: Y-axis is the proportion
of average household carbon emissions of each consumption category. X-axis is households in different
income groups.

3.1.2. Income Inequality

Following Liu et al. (2019), we apply the Gini coefficient to proxy the income inequality within
a given county [62]. The specific formula is as follows:

Gini =
1

2n2µ

n∑
h1=1

n∑
h1=1

∣∣∣Ch1 −Ch2

∣∣∣ (3)

where Gini denotes the county-level Gini coefficient; n is the number of households; µ refers to
the average per capita income of all households. Ch1 and Ch2 represent the per capita income of
household h1 and household h2, respectively. The values of estimated Gini coefficients can range from
zero (perfect equality) to 1 (perfect inequality).

Figure 3 shows the income inequality distribution of China based on the estimated sample of
CFPS in 2010, 2012, and 2014. There are many counties with the Gini coefficient exceeding the warning
value of 0.4 (73.5% in 2010, 76.1% in 2012, 71.6% in 2014), which indicates that the income inequality is
at a high level in China. This is consistent with the results published by the NBS: the national Gini
coefficients in 2010, 2012, and 2014 are 0.481, 0.474, and 0.469, respectively.

Figure 3. Cont.
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Figure 3. County-level income inequality based on households’ per capita income: Y-axis is the Gini
coefficients. X-axis is county numbers. (a) is the Gini coefficients at county-level of 2010, (b) is the Gini
coefficients at county-level of 2012, and (c) is the Gini coefficients at county-level of 2014.

3.1.3. Descriptive Statistics

In all empirical tests, we control the household characteristics, demographic characteristics of
the head of the household, and social and economic factors. Table 1 reports the definitions and
descriptive statistics of the variables. The average carbon emissions of Chinese households are 6.905,
10.096, 24.142 tons in 2010, 2012, and 2014, respectively, which reveals that household carbon emissions
are increasing during the investigating period. Meanwhile, we find that household carbon emissions
are also unequal because there is a great value of Standard Deviation especially in 2014. The average
Gini coefficients are 0.437, 0.495, and 0.453 in 2010, 2012, and 2014, respectively.

We control the demographic characteristics of the head of each household, including age [63],
gender [64,65], marital status, hukou (hukou is a unique household registration system in China, and
under this system, all people are divided into residents with urban hukou and residents with rural
hukou; generally, people with different hukou enjoy different welfare benefits), policy [57], years of
education [66,67], and self-reported health.

We use the proportion of members of a household who are working, child dependency ratio,
elderly dependency ratio, family size, car ownership, dwelling size, household per capita income,
and household net wealth to control the household characteristics, and the distance to county center,
residence location (urban or rural), economic status, and building density to control the community
characteristics. The age composition of a household has an impact on energy use and carbon
emissions [34,68]. Family size is an important factor in household carbon footprints [69]. Meier
and Rehdanz (2010) found that heating expenditure increased with household size [70]. Similarly,
households with at least one car and a larger dwelling size will produce more emissions because they
need more energy [57]. Many studies show that income is the predominant determinant explaining in
the increase of household carbon emissions, such as Dong and Zhao (2017), Ottelin et al. (2018), and Qu
et al. (2019) [15,71,72]. Compared with rural households, urban households consume more processed
products, and more complicated processing program may cause more carbon emissions. Household
carbon emissions relate to spatial development, and building density is a non-negligible factor [73,74].
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Table 1. Variable descriptions and descriptive statistics.

Variable Variable Descriptions Mean Std.Dev. Min Max

Main Variables

CO2

All

Household total carbon emissions (ton)

13.714 39.541 0.004 2205.997
2010 6.905 17.391 0.004 691.291
2012 10.096 8.634 0.101 97.891
2014 24.142 64.391 0.016 2205.997

Gini

All

County-level income inequality

0.462 0.079 0.206 0.852
2010 0.437 0.067 0.248 0.749
2012 0.495 0.077 0.278 0.725
2014 0.453 0.082 0.206 0.852

Control variables
Age Age of the head of household 50.812 11.975 16 90

Gender Gender of the head of household (male
= 1, female = 0) 0.721 0.448 0 1

Married Marital status of the head of household
(married = 1, unmarried = 0) 0.897 0.304 0 1

Hukou Hukou of the head of household (urban
hukou = 1, rural hukou = 0) 0.213 0.409 0 1

Policy CPC member (yes = 1, no = 0) 0.119 0.324 0 1

Education Years of education of the head of
household 7.030 4.261 0 19

Health = fair Self-reported health (fair = 1, otherwise
0) 0.238 0.426 0 1

Health = good Self-reported health (good = 1,
otherwise 0) 0.572 0.495 0 1

Health = bad Self-reported health (bad = 1, otherwise
0) 0.190 0.392 0 1

Remployee Proportion of members of a household
who are working 0.532 0.389 0 1

Rchild Child dependency ratio of a household 0.120 0.157 0 0.75

Rold Elderly dependency ratio of
a household 0.137 0.273 0 1

Familysize Family size 3.855 1.732 1 26
Car Owing at least one car (yes = 1, no = 0) 0.154 0.361 0 1

Lndwelling Log of dwelling size 4.666 0.648 0 8.564

Lndistance Log of distance to the county center
(min) 2.712 1.448 0 5.635

Lnperincome Log of per capita income (yuan) 8.829 1.178 1.653 13.816
Lnasset Log of households’ net wealth (yuan) 14.239 4.793 −17.533 21.302

Urban Habitual residence (urban=1, otherwise
0) 0.348 0.476 0 1

Economic Economic situation of the community
surveyed (1 = very poor, 7 = very rich) 4.168 1.444 1 7

Crowded Building density (1=crowded, 7 = not
crowded at all) 4.548 1.479 1 7

Other variables
Lnconsumption Log of household expenditure 10.001 0.864 3.178 13.710

Conspicuous

Proportion of conspicuous consumption
in household total expenditure

(including expenditure on clothing,
traffic and correspondence, residence)

0.207 0.133 0 1.188

Edurate Education and training expenditure as
a share of total expenditure 0.077 0.142 0 0.949

Mental health Mental health of the household head (1
= very bad, 5 = very good) 4.069 0.820 1 5



Sustainability 2020, 12, 2715 9 of 22

3.2. The Econometric Model

This study relies on a panel regression model, which we used to analyze the relationship between
income inequality and household CO2 emissions. We construct a model of household CO2 emissions
as follows:

ln emission j = β0 + β1ginimt + β2Xt + ε (4)

where j, m and t denote the household, county, and year, respectively; emission j represents CO2

emissions of the jth household; gini is the income inequality measured by Gini coefficient at the county
level; X is a vector of control variables that includes the demographic characteristics of the heads of
households, household characteristics, and community characteristics.

4. Empirical Results

This section presents the regression results. We first report the baseline results to show how income
inequality on the county-level affects household carbon emissions. We use a fixed-effects method
to test Model (4), and use Lewbel (2012) two-stage least squares method to solve the endogenous
problem [75]. We make a series of robustness tests. Then, the interaction terms are introduced into
the basic model to reveal the underlying mechanisms. Finally, we examine the heterogeneity of income
inequality affecting household carbon emissions.

4.1. Baseline Results

Columns (1), (2), (3) and (4) of Table 2 reports the estimation results with respect to different control
variables according to Model (4). There is only the core explanatory variable, the Gini coefficient,
in Column (1). Column (2) includes the controlling variables of the demographic characteristics of
the household head, and in Column (3), we further add the household characteristics. In Column (4),
the Gini coefficient is included along with all of the controlling variables.

As seen, the results paint a consistent picture. The coefficients on income inequality are significant
and positive in all of the columns, (1), (2), (3) and (4), implying that household carbon emissions
increase with income inequality at the county level, which is in accordance with Liu et al. (2019) and
Uzar and Eyuboglu (2019) [39,62]. Specifically, a one-standard-deviation increase in the Gini coefficient
will increase household carbon emissions by 6%. This result demonstrates that income inequality in
a region have a strong negative impact on pro-environmental behavior. Indeed, improving income
inequality improves the social stability, and this additional value is crucial for general sustainable
development in China.

The results of other control variables are generally consistent with our expectations. For example,
women are more environmentally friendly than men [76,77]. A larger household emits more because
it consumes more energy [70], and households with at least one car produce more emissions than
households without a car, as the former consume more fuel for driving [57]. Households at a higher
income level have a stronger purchasing power, which leads to an increase in demand for home
comforts and, in turn, induces more CO2 emissions [78,79]. Households located in urban areas produce
more carbon emissions [57].

A common view is that older people tend to generate more CO2 emissions [34,68]; however, we
find otherwise. The older generations have experienced difficult times, and this experience forms in
them a frugal consumption habit. Few studies have investigated the role of health in carbon emissions.
Given that health care contributes abundant total emissions, this paper takes the health status of
the heads of households into consideration. We find that a household with a healthy head emits less
than one with an unhealthy head.

Although we use a fixed-effects model to control for missing variables that do not change with
time at the household level, there are still some unobservable factors affecting both households’
consumption style and income inequality. There also may be reverse causality between household
carbon emissions and income inequality. For instance, Topcu and Tugcu (2020) found that an increase
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in renewable energy consumption led to a decrease in income inequality [80]. Therefore, to avoid
the regression bias caused by the endogenous problems, this paper develops an instrumental variable
strategy. Given that there is no appropriate external instrument we can find from CFPS, following
Zhang et al. (2020), we adopt the Lewbel (2012) two-stage least square approach, which exploits
heteroscedasticity for identification [60,75]. In the first stage, we run regressions of Gini on a vector
of exogenous variables Zi, which can be a subset of the vector of control variables in Model (4), and
then retrieve the vector of residuals ε̂. We construct the instruments

(
Zi −Z

)
ε̂, where Z is the mean of

Zi. In the second stage, we estimate Model (4) by IV with
(
Zi −Z

)
ε̂ as the instruments. The results

are listed in Column (5) of Table 2. The p-value of the test for heteroscedasticity is 0.000, satisfying
the heteroscedasticity requirement. The coefficient on gini is 1.381 and is statistically significant at
the 5% level, which, compared to that from the fixed-effects model in Column (4), increases by 81%.
This result indicates that endogeneity generates a downward bias in the fixed-effect estimate.

Table 2. Baseline Regression results of the effect of income inequality on household CO2 emissions
in China.

(1)
FE

(2)
FE

(3)
FE

(4)
FE

(5)
IV

LnCO2 LnCO2 LnCO2 LnCO2 LnCO2

Gini 0.745 ***

(0.131)
0.729 ***

(0.131)
0.761 ***

(0.131)
0.762 ***

(0.131)
1.381 **

(0.703)

Age −0.009 ***

(0.002)
−0.007 ***

(0.002)
−0.007 ***

(0.002)
−0.007 ***

(0.002)

Gender 0.056 **

(0.026)
0.056 **

(0.025)
0.054 **

(0.025)
0.054 **

(0.025)

Married 0.101 *

(0.058)
0.036

(0.057)
0.037

(0.057)
0.035

(0.057)

Hukou 0.054
(0.057)

0.035
(0.056)

0.033
(0.056)

0.036
(0.056)

Policy 0.049
(0.050)

0.053
(0.048)

0.057
(0.048)

0.050
(0.048)

Education 0.000
(0.005)

−0.001
(0.005)

−0.001
(0.005)

−0.001
(0.004)

Health = bad

Health = fair 0.008
(0.030)

−0.003
(0.030)

−0.003
(0.030)

−0.003
(0.030)

Health = good −0.061 **

(0.029)
−0.068 **

(0.028)
−0.066 **

(0.028)
−0.063 **

(0.028)

Remployee −0.026
(0.026)

−0.024
(0.026)

−0.021
(0.027)

Rchild −0.133
(0.122)

−0.130
(0.122)

−0.130
(0.118)

Rold −0.115
(0.085)

−0.109
(0.085)

−0.108
(0.081)

Familysize 0.136 ***

(0.019)
0.135 ***

(0.019)
0.135 ***

(0.018)

Car 0.210 ***

(0.058)
0.215 ***

(0.058)
0.218 ***

(0.057)

Lndwelling 0.038
(0.028)

0.040
(0.028)

0.039
(0.028)

Lnperincome 0.053 ***

(0.011)
0.052 ***

(0.011)
0.056 ***

(0.011)

Lnasset 0.001
(0.002)

0.001
(0.002)

0.000
(0.002)
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Table 2. Cont.

(1)
FE

(2)
FE

(3)
FE

(4)
FE

(5)
IV

LnCO2 LnCO2 LnCO2 LnCO2 LnCO2

Lndistance −0.029
(0.028)

−0.034
(0.028)

Urban 0.176 **

(0.072)
0.169 **

(0.071)

Economic 0.011
(0.010)

0.012
(0.010)

Crowded −0.009
(0.009)

−0.009
(0.008)

Constant 7.938 ***

(0.059)
8.877 ***

(0.134)
8.188 ***

(0.226)
8.198 ***

(0.247)
Year dummies Yes Yes Yes Yes Yes

Family FEs Yes Yes Yes Yes Yes
Modified Wald test
(heteroskedasticity) 0.000

Under-id. test 0.000
F-stat 69.37

Over-id. test 0.000
Obs 11388 11388 11388 11388 11388

R-squared 0.353 0.357 0.374 0.375

Note: Robust standard errors are in parentheses; *** p < 0.01, ** p < 0.05, * p < 0.1; “Health = bad” is a control
group of “Health = fair” and “Health = good”; “IV” refers to the Lewbel (2012) approach. Under-id. Test reports
the p-value of the Kleibergen and Paap (2006) rk statistic [81]; F-stat. reports the Kleibergen–Paap Wald rk F statistic;
Over-id. Test reports the p-value of Hansen J statistic.

However, we caution that the Gini coefficient is argued to have certain weaknesses [82]. Cobham
et al. (2013) point out that the Gini coefficient is not very sensitive to the change in high or low income,
thus, it cannot clearly explain the reason for inequality [83]. We use the income share of the top 10%
(P10) and Palma ratio (Palma) as the proxy of income inequality to test its impact on household carbon
emissions again. Liu et al. (2019) used the income share of the top 10% to study whether inequality
facilitates carbon reduction in the United States [38]. Palma (2011) found that the income ratio of
the richest 10% and the poorest 40% highly determined the inequality degree, thus, in this paper Palma
ratio refers to the ratio of income of the top 10% to income of the bottom 40% [84]. Columns (1) and (2)
of Table 3 present the results with the income share of the top 10% and Palma ratio, respectively. We
find that there is still significantly positive effect of income inequality on household carbon emissions.

Another potential concern is that the outlier of per capita income may affect our calculation of
the Gini coefficient, in which case our Gini coefficient cannot accurately reflect the degree of regional
inequality. To control for this possibility, we recalculate the Gini coefficient based on per capita income
treated by Winsor method. The results are listed in Column (3) of Table 3. We confirm the baseline
regression results by finding a very significantly positive effect of income inequality on household
carbon emissions.

We also examine the impact of income inequality on household per capita carbon emissions.
As Column (4) in Table 3 shows, there is still positive and significant effect of income inequality on
household carbon emissions. What is different from the basic regression results is that the coefficient
on family size is significantly negative, which implies that per capita carbon emissions decrease with
the expansion of household size [85].
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Table 3. Robustness Checks.

(1)
FE

(2)
FE

(3)
FE

(4)
FE

LnCO2 LnCO2 LnCO2 LnperCO2

Gini 0.818 ***

(0.185)
0.800 ***

(0.131)

P10 0.651 ***

(0.122)

Palma 0.026 ***

(0.005)

Age −0.007 ***

(0.002)
−0.007 ***

(0.002)
−0.007 ***

(0.002)
−0.007 ***

(0.002)

Gender 0.055 **

(0.025)
0.054 **

(0.025)
0.053 **

(0.025)
0.053 **

(0.025)

Married 0.039
(0.057)

0.040
(0.057)

0.037
(0.057)

−0.062
(0.056)

Hukou 0.034
(0.056)

0.032
(0.057)

0.034
(0.056)

0.034
(0.056)

Policy 0.057
(0.048)

0.061
(0.048)

0.059
(0.048)

0.059
(0.048)

Education −0.002
(0.005)

−0.002
(0.005)

−0.001
(0.005)

−0.001
(0.005)

Health=bad

Health=fair −0.002
(0.030)

−0.002
(0.030)

−0.005
(0.030)

−0.003
(0.029)

Health=good −0.066 **

(0.028)
−0.064 **

(0.028)
−0.068 **

(0.028)
−0.066 **

(0.028)

Remployee −0.025
(0.026)

−0.027
(0.026)

−0.023
(0.026)

−0.009
(0.026)

Rchild −0.131
(0.122)

−0.122
(0.122)

−0.131
(0.123)

−0.183
(0.118)

Rold −0.109
(0.085)

−0.109
(0.085)

−0.106
(0.085)

−0.074
(0.084)

Familysize 0.135 ***

(0.018)
0.136 ***

(0.018)
0.136 ***

(0.019)
−0.101 ***

(0.013)

Car 0.215 ***

(0.058)
0.211 ***

(0.058)
0.216 ***

(0.058)
0.211 ***

(0.058)

Lndwelling 0.041
(0.028)

0.042
(0.028)

0.038
(0.028)

0.037
(0.028)

Lnperincome 0.049 ***

(0.011)
0.051 ***

(0.011)
0.053 ***

(0.011)
0.054 ***

(0.011)

Lnasset 0.001
(0.002)

0.001
(0.002)

0.001
(0.002)

0.001
(0.002)

Lndistance −0.025
(0.028)

−0.024
(0.028)

−0.033
(0.028)

−0.024
(0.028)

Urban 0.181 **

(0.072)
0.181 **

(0.072)
0.173 **

(0.072)
0.172 **

(0.072)

Economic 0.012
(0.010)

0.011
(0.010)

0.011
(0.010)

0.012
(0.010)

Crowded −0.009
(0.009)

−0.007
(0.009)

−0.008
(0.009)

−0.009
(0.009)

Constant 8.348 ***

(0.242)
7.964 ***

(0.233)
8.187 ***

(0.255)
7.903 ***

(0.244)
Year dummies Yes Yes Yes Yes

Family FEs Yes Yes Yes Yes
Obs. 11388 11388 11388 11388

R-squared 0.374 0.375 0.374 0.387

Note: Robust standard errors are in parentheses; *** p < 0.01, ** p < 0.05, * p < 0.1; “Health = bad” is a control group
of “Health = fair” and “Health = good”.
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4.2. Roles of Consumption Patterns, Time Preference for Consumption, and Mental Health

The differences in the scale and patterns of consumption lead to an unequal distribution of
households’ carbon footprints among the rich and the poor in China [86]. Will income inequality
increase household carbon emissions by stimulating household consumption? Column (1) of Table 4
shows that there is no significant effect of income inequality on household consumption scale. Then,
we test the role of consumption patterns. According to Charles et al. (2009), Kaus (2013) and Zhou et
al. (2018), we define consumption on clothing, transportation and communication, and residence as
conspicuous consumption [87–89]. We use the proportion of conspicuous consumption expenditure
of total expenditure to measure a household’s consumption patterns, and a larger proportion means
an extravagant consumption pattern. From Column (2) of Table 4, we find that the coefficient on
conspicuous is positive, while that on the interaction term Gini ∗Conspicuous is negative, and both
are significant at the 1% level. This result indicates that household CO2 emissions increase with
conspicuous consumption, but higher levels of conspicuous consumption may reduce households’
perception of income inequality, and thus reduce carbon emissions caused by inequality. This effect
may occur because there is little room for households at a high level of conspicuous consumption
to change to a more extravagant consumption pattern, whereas those at a low level of conspicuous
consumption will engage more in conspicuous consumption to maintain or obtain a higher social
status when facing higher levels of income inequality. This result confirms the “Veblen effect” [32,33].

We also investigate whether time preference for consumption and mental health can affect
the relationship between income inequality and household carbon emissions. We use the share of
education and training expenditure in household total expenditure (Edurate) as the proxy variable of
time preference, and a larger share indicates a lower degree of time preference. For mental health,
there were six questions on the state of an individual’s mental health in the CFPS of 2010 and 2014.
In 2012, there were twenty questions; thus, we extract six questions to match the data to those from
2010 and 2014. These questions comprise the K6 scale developed by Kessler et al. (2002) [90]. The six
questions in the K6 instrument ask the following: During the past month, about how often did you feel
(1) so depressed that nothing could cheer you up? (2) nervous? (3) restless or fidgety, or you could not
keep calm? (4) hopeless? (5) that everything was difficult? (6) life is worthless? There are five options
for respondents to choose from: Never (five points), once a month (four points), two or three times
a month (three points), two or three times a week (two points), and almost every day (one point). We
use the mean score of the six questions as a proxy for mental health of the head of the household.

Column (3) of Table 4 shows that the coefficient on edurate is positive and that on the interaction
term Gini ∗ Edurate is negative, and both are significant at the 1% level. This result implies that
more household emissions are associated with a greater proportion of expenditure on education and
training. Investing more in education and training (future) may increase the households’ tolerance
degree to current income inequality because they pay more attention to future gains, thus alleviating
the effect of income inequality on household carbon emissions. Column (4) of Table 4 shows that
the coefficients on both mentalhealth and the interaction term Gini ∗Mentalhealth are negative, but
only the interaction term is significant. This result indicates that income inequality may damage mental
health, and thus cause more carbon emissions. A mentally healthier household head is not susceptible
to income inequality.
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Table 4. Regression results with interaction terms.

(1)
FE

(2)
FE

(3)
FE

(4)
FE

Lnconsumption LnCO2 LnCO2 LnCO2

Gini 0.104
(0.107)

0.566 ***

(0.123)
0.717 ***

(0.129)
0.750 ***

(0.134)

Gini*Conspicuous −2.784 ***

(1.055)

Gini*Edurate −2.211 ***

(0.688)

Gini*Mental health −0.308 **

(0.126)

Conspicuous 1.716 ***

(0.093)

Edurate 0.991 ***

(0.078)

Mental health −0.008
(0.018)

Age −0.007 ***

(0.001)
−0.007 ***

(0.002)
−0.007 ***

(0.002)
−0.007 ***

(0.002)

Gender 0.052 ***

(0.020)
0.055 **

(0.024)
0.051 **

(0.025)
0.051 **

(0.026)

Married 0.060
(0.047)

0.031
(0.055)

0.047
(0.057)

0.022
(0.057)

Hukou 0.026
(0.042)

0.047
(0.052)

0.034
(0.057)

0.026
(0.055)

Policy 0.061
(0.037)

0.062
(0.045)

0.061
(0.047)

0.058
(0.049)

Education 0.001
(0.004)

0.000
(0.004)

−0.001
(0.004)

−0.001
(0.005)

Health=bad

Health=fair −0.023
(0.024)

−0.020
(0.029)

−0.005
(0.029)

−0.009
(0.030)

Health=good −0.058 ***

(0.022)
−0.085 ***

(0.027)
−0.071 **

(0.028)
−0.066 **

(0.029)

Remployee −0.041 *

(0.022)
−0.042 *

(0.025)
−0.005
(0.026)

−0.020
(0.026)

Rchild −0.227 **

(0.092)
−0.203 *

(0.116)
−0.014
(0.122)

−0.153
(0.122)

Rold −0.163 **

(0.063)
−0.088
(0.081)

−0.111
(0.084)

−0.100
(0.084)

Familysize 0.124 ***

(0.013)
0.129 ***

(0.017)
0.124 ***

(0.018)
0.153 ***

(0.014)

Car 0.507 ***

(0.044)
0.267 ***

(0.055)
0.240 ***

(0.058)
0.204 ***

(0.058)

Lndwelling 0.038 *

(0.020)
0.035

(0.026)
0.044

(0.028)
0.034

(0.029)

Lnperincome 0.070 ***

(0.009)
0.051 ***

(0.010)
0.058 ***

(0.011)
0.053 ***

(0.011)

Lnasset −0.000
(0.002)

−0.000
(0.002)

0.001
(0.002)

0.001
(0.002)

Lndistance −0.062 ***

(0.020)
−0.040
(0.025)

−0.036
(0.028)

−0.032
(0.028)

Urban 0.035
(0.050)

0.141 **

(0.068)
0.174 **

(0.071)
0.175 **

(0.073)

Economic −0.003
(0.007)

0.005
(0.009)

0.010
(0.010)

0.013
(0.010)
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Table 4. Cont.

(1)
FE

(2)
FE

(3)
FE

(4)
FE

Lnconsumption LnCO2 LnCO2 LnCO2

Crowded 0.009
(0.006)

−0.001
(0.008)

−0.007
(0.009)

−0.011
(0.009)

Constant 9.305 ***

(0.184)
7.957 ***

(0.230)
8.083 ***

(0.245)
7.109 ***

(0.248)
Year dummies Yes Yes Yes Yes

Family FEs Yes Yes Yes Yes
Obs. 11364 11388 11388 11010

R-squared 0.238 0.426 0.388 0.376

Note: Robust standard errors are in parentheses; *** p < 0.01, ** p < 0.05, * p < 0.1; “Health = bad” is a control group
of “Health = fair” and “Health = good”.

4.3. The Heterogeneity

Given that households may perceive and respond differently to income inequality, we investigate
the impact of income inequality on household carbon emissions among households in rural/urban
areas, households at different income levels, and households with heads of different ages. Table 5
presents the results, and Column (1) shows that the coefficient on the interaction term Gini ∗Urban is
negative but not significant. This implies that household carbon emissions in both urban households
and rural households may increase by the same margin when facing the same inequality level.

Table 5. Regression results of the heterogeneity.

(1)
FE

(2)
FE

(3)
FE

LnCO2 LnCO2 LnCO2

Gini 0.766 ***

(0.132)
0.762 ***

(0.131)
0.766 ***

(0.131)

Gini*Urban –0.100
(0.244)

Gini*Lnperincome −0.198 *

(0.104)

Gini*Age −0.015 *

(0.009)

Urban 0.180 **

(0.073)
0.177 **

(0.072)
0.177 **

(0.072)

Lnperincome 0.052 ***

(0.011)
0.059 ***

(0.011)
0.052 ***

(0.011)

Age −0.007 ***

(0.002)
−0.007 ***

(0.002)
−0.007 ***

(0.002)

Gender 0.054 **

(0.025)
0.055 **

(0.025)
0.053 **

(0.025)

Married 0.037
(0.057)

0.037
(0.057)

0.034
(0.057)

Hukou 0.033
(0.056)

0.035
(0.056)

0.036
(0.056)

Policy 0.057
(0.048)

0.056
(0.048)

0.057
(0.048)

Education −0.002
(0.005)

−0.002
(0.005)

−0.001
(0.005)

Health = bad
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Table 5. Cont.

(1)
FE

(2)
FE

(3)
FE

LnCO2 LnCO2 LnCO2

Health = fair −0.003
(0.030)

−0.003
(0.030)

−0.003
(0.030)

Health = good −0.066 **

(0.028)
−0.065 **

(0.028)
−0.066 **

(0.028)

Remployee −0.024
(0.026)

−0.023
(0.026)

−0.027
(0.026)

Rchild −0.130
(0.122)

−0.125
(0.122)

−0.128
(0.122)

Rold −0.108
(0.085)

−0.105
(0.085)

−0.107
(0.085)

Familysize 0.135 ***

(0.019)
0.136 ***

(0.019)
0.136 ***

(0.018)

Car 0.215 ***

(0.058)
0.214 ***

(0.058)
0.215 ***

(0.058)

Lndwelling 0.040
(0.028)

0.039
(0.028)

0.039
(0.028)

Lnasset 0.001
(0.002)

0.001
(0.011)

0.001
(0.002)

Lndistance −0.029
(0.028)

−0.028
(0.028)

−0.028
(0.028)

Economic 0.011
(0.010)

0.011
(0.07)

0.011
(0.010)

Crowded −0.008
(0.009)

−0.008
(0.009)

−0.008
(0.009)

Constant 8.191 ***

(0.248)
8.129 ***

(0.252)
8.192 ***

(0.247)
Year dummies Yes Yes Yes

Family FEs Yes Yes Yes
Obs. 11388 11388 11388

R-squard 0.375 0.375 0.375

Note: Robust standard errors are in parentheses; *** p < 0.01, ** p < 0.05, * p < 0.1; “Health = bad” is a control group
of “Health = fair” and “Health = good”.

As illustrated in Column (2) of Table 5, the coefficient on the interaction term Gini ∗ Lnperincome
is negative and significant at the 10% level. Figure 4 shows the visual results. We find that as income
increases, the positive impact of inequality on household carbon emissions decreases, while this only
works if the log of per capita income is less than 11. This result means that households at a relatively
lower income level are more affected by inequality, while the highest income class may be not even
affected by inequality at all.
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Figure 4. Difference of the effect of income inequality on hosuehold carbon emissions among households
at different per capita income levels: Y-axis is marginal effect coefficient on income inequality, and X-axis
is the different levels of household per capita income. The marginal effect coefficients are significant
at the 1% level when ln perincome less than 11, otherwise not significant. The solid line connects
the estimation coefficients of income inequality, and the dotted line connects the 95% confidence interval
of the estimation coefficients of the key explanatory variable.

As Column (3) of Table 5 shows, the coefficient on the interaction term Gini ∗Age is negative
and significant at the 10% level. We can see clear evidence from the visual results of Figure 5 that
a household with an elderly head is less affected by income inequality. This is consistent with our
intuition. Elderly people may earn more and have a more peaceful mind; however, the younger ones
are easily affected by income inequality, thus spending more on conspicuous consumption to keep up
with the Joneses.

Figure 5. Difference of the effect of income inequality on hosuehold carbon emissions acmong
households with heads of different ages: Y-axis is marginal effect coefficient on income inequality,
and X-axis is different ages of the heads of households. The marginal effect coefficients are significant
at the 5% level when the heads of households are belows 80, otherwise not significant. The solid
line connects the estimation coefficients of income inequality, and the dotted line connects the 95%
confidence interval of the estimation coefficients of the key explanatory variable.
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5. Conclusions and Policy Implications

In recent years, an increasing number of scholars are paying attention to the relationship between
income inequality and climate change. However, there is limited research focusing on the carbon
consumption of micro body: households. The current article estimates the effect of income inequality on
household carbon emissions in China based on a nationwide CFPS dataset from the period 2010–2014.
Lewbel’s (2012) approach is used to deal with the endogenous problem. This paper studies the role
of consumption patterns, time preference for consumption and mental health in the relationship.
Furthermore, this paper explores the heterogeneity effect of inequality on household carbon emissions
among households at different income levels and households with heads of different ages.

The results show that household carbon emissions increase with income inequality. The positive
effect of income inequality is greater in households with a younger head. As income increases,
the contribution of inequality to household carbon emissions decreases, but the highest class is not
even affected. We find that the change in consumption patterns caused by income inequality may
be an important reason for this result, and a lower time preference and improved mental health can
mitigate the positive effect of income inequality on household carbon emissions.

These results have important implications. Firstly, this paper verifies that income inequality has
a positive impact on household carbon emissions in China. Currently, there is a great income gap
among citizens, so the government must deepen reforms of the income distribution system and improve
the living conditions of low-income households. Secondly, we demonstrate that consumption patterns,
time preference for consumption, and mental health can affect the positive impacts of income inequality
on household carbon emissions. Reducing income inequality may help improve environmental quality
and create a win–win situation, but it cannot be achieved overnight. Therefore, the government can
guide consumers to resist consumption competition through the Internet and other media and help
consumers to establish an appropriate and green concept of consumption. Furthermore, corresponding
policies should be issued to encourage the consumer to invest in the future rather than in current
consumption, especially in areas with a high degree of income inequality. A mechanism for social
psychological counseling should be established to improve consumers’ mental health, for example,
by establishing and subsidizing community counseling centers. Thirdly, concerning the differences
in the effect of income inequality on carbon emissions among households at different income levels
and households with heads of different ages, it is necessary to adopt different approaches to reduce
the carbon emissions of heterogeneous households. For instance, the government should pay more
attention to improving the income situation of low-income people, especially the younger low-income
people, and to promoting green consumption behaviors in a more acceptable way for young people.

Owing to the limitation of data, we assume that there is the same carbon intensity in 2010,
2012, and 2014 in the empirical analysis. However, in fact, in the global energy conservation
environment, the production sector has made a great contribution to emission reduction through
decreasing carbon intensity. In the future research, we should take the change of carbon intensity into
consideration. Moreover, using energy-saving products is an important way to reduce household
carbon emissions, thus, it is worth exploring the effect of income inequality on households’ choice of
green home appliances.
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