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Abstract

The significant achievements in economic growth and urbanization in China have
recently led to substantial increases of and great inequality in household carbon
footprints (HCFs). To achieve efficiency and justice in emissions reduction,
policymakers need to fully understand the sources of HCFs and identify the major
causes of carbon inequality. By applying the Unconditiono! Quantile Regression
(UQR) model and decomposition method to the Chir :se household survey data, this
paper investigates the distributional features of H_r> and their determinants. We find
that HCFs are unevenly distributed due to 7. ferences in the volume and pattern of
consumption, which are further deterr.u.>d .y household characteristics and lifestyles.
The intertemporal lifestyle chang=s have played a major role in the rise of HCFs
inequality measured by variou: quantile emissions differentials. In addition,
considerable increases in HCEs come from the high carbon emission groups, and most
of the HCFs inequal’cy .*ems from the 90-50 emissions differential. To transform the
current carbon-intens.ve economy, policies are required to enhance environmental
equity and encourage low-carbon lifestyles.
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1. Introduction

With the global consensus on pursuing sustainable and inclusive economic
growth, climate justice has become a focus when striving to attain emission reduction
targets, and mitigating climate change and reducing inequality have become global
actions (Mi et al., 2020). Climate change and economic inequality are inextricably
linked because the poorest people are the least responsible 1o, ~ausing climate change
but tend to be the most vulnerable and least prefare. for its consequences. In
particular, the poor and vulnerable are being harac.* it by the pandemic. Recently,
countries are generally concerned more abo.t the equality of income distribution
during the pandemic period, but it %ucs 1.0t mean that the equality of household
carbon emissions can be ignorea. Given that emissions abatement responsibility has
strong welfare and economic (ffacts, ensuring fair responsibility in emissions
abatement is an instrumem ‘2 encourage more parties, such as countries, households
and individuals, to pai.cipate in climate initiatives (Peters and Hertwich, 2008).
Meanwhile, designinr, mitigation policies according to different situations and driving
factors of HCFS are essential (Vogt-Schilb et al., 2019; Wang et al., 2020).

In China, notable achievements in economic growth and urbanization over the
past two decades have been accompanied by substantial increases of and wide
disparities in household carbon footprints (HCFs). The mitigation policies in China
have tried to address the significant social inequality by mandating the wealthier

regions with more mitigation responsibilities and making mitigation policies pro-poor



(Mi et al., 2020). Significant attempts have been made to quantify the HCFs
inequality in China based on aggregated data classified by household income recently
( Wiedenhofer et al., 2017; Mi et al., 2020). A few studies have explored the major
influencing factors of the HCFs inequality in China with urban survey data (Golley
and Meng, 2012; Han et al., 2015; Xu et al., 2016; Yang and Liu, 2017). However, the
aggregated data or the urban survey data may not displa** the full picture of HCFs
distribution. Meanwhile, the Gini coefficient or Lorenz cur e, which is commonly
used in measuring inequality, cannot provide detaile:{ in/ormation on HCFs inequality.
In particular, few studies have investigated the rule of lifestyle changes in the
dynamic evolution of HCFs inequality reccn.:s

In this paper, the HCFs differenc~c over quantiles are used to describe the HCFs
inequality in China. Moreover, u ~ unconditional Quantile Regression (UQR) and
Oaxaca-Blinder (OB) decom, asition method further provide a novel way to assess the
role of the intertempoz~l ci unge of households’ demographics and lifestyles in the
dynamic evolutiun, m 1 iCFs inequality. The study on the feature, dynamic changes
and drivers of HCFs inequality is of vital importance for governments to formulate
policies to mitigate HCFs and the associated inequality and to enhance the fairness
and effectiveness of HCFs reduction actions.

This paper contributes to the existing literature over three aspects: (1) Presenting
a theoretical framework to analyze the driving factors of and dynamic changes in

HCFs inequality. Specifically, it stresses that besides household demographics,



household lifestyle changes may also be important in the evolution of HCFs
inequality, which is usually overlooked in the literature. (2) Revealing the features of
and dynamic changes in HCFs inequality by comparing HCFs per capita over
different quantiles. Compared with the OLS, the UQR and the OB decomposition
method provide a practical way to investigate the driving forces of HCFs as well as
the changes in HCFs inequality. (3) Providing empirical evidence that lifestyle
changes play an important role in the changes of HCF¢ ine juality in China, which
provides a useful reference for the design of mitic:tioi. policies in China and other
developing countries.

The main findings of this paper are: () ™ b2 Gini coefficient shows that there is a
weak expansion trend in the HCFs inc~uality in China from 2012 to 2018. The HCFs
over different quantiles further _hovs that HCFs inequality is mainly caused by
households with HCFs at the top 5% quantile, and they also have higher growth rate
of HCFs. (2) The effec*s o1 various driving factors on HCFs are heterogeneous over
different quantilcs onu Tor different years. (3) The contributions of the intertemporal
lifestyle changes are the main cause of the dynamic changes of HCFs inequality,
especially for households with HCFs at high quantiles.

The rest of the paper is organized as follows. Section 2 briefly summarizes the
literature on the description of HCFs inequality and its driving factors. Section 3
presents the methodology and data. Section 4 reports the distributional features of

HCFs and compares HCFs per capita from different dimensions. Section 5 analyzes



the driving factors of HCFs per capita, and identifies the underlying sources of HCFs
inequality from the perspectives of household’s demographics and lifestyle changes.
Section 6 concludes and provides some policy implications.
2. Literature review

Many literature have shown that HCFs account for a major part of the total
carbon dioxide emissions and are unevenly distributed nver households (Bin and
Dowlatabadi, 2005; Lee and Lee, 2014; Ivanova et al., 201t ; Allinson et al., 2016;
Zhang and Wang, 2017), and the related literature c1 hCs inequality are increasing.
They can be roughly grouped into two categories: "' Description of HCFs inequality.
(2) Analyses on the driving factors of HCF3 «.d (he related HCFs inequality.

Some researchers have explored *.1e HCFs inequality within one single country

or among multiple countries ('i.vtw.ch and Peters, 2009; lvanova et al., 2016).
Hubacek et al. (2017) and G.walu et al. (2020) evaluated the HCFs inequality across
many nations and aggre ~ate world regions. Sommer and Kratena (2017), Ivanova et al.
(2017), and Ivanc'a & Wood (2020) investigated the HCFs inequality in the
European Union. They all found that there exists serious HCFs inequality in different
countries. In addition, scholars compared the differences of HCFs among regions or
income groups. Gill and Moeller (2018) found that there is no significant difference in
HCFs among different cities in Germany, while Tomas et al. (2020) found that the
HCFs of the large and medium-sized cities in Spain are lower than that of the small

cities. Kennedy et al. (2014) studied the HCFs inequality of five income groups in



Canada and found that HCFs per capita of the highest income group is 2.2 times of
the lowest one. This ratio is 4.25 times for the eight income groups in Germany
(Miehe et al., 2016) and 2.6 times for the nine income groups in the United States
(Feng et al., 2021).

In China, many studies found that HCFs per capita in urban areas is much higher
than that in rural areas (Shi et al., 2020; Zhang et al., 2020}. Serious HCFs inequality
exists among different regions (Zheng et al., 2011; Maras *ni ¢! al., 2016). The highest
income group in urban areas accounting for 5% of ‘he (utal population holds almost
20% of the total HCFs (Wiedenhofer et al., «c"v; Mi et al.,, 2020). Using the
household survey data of urban areas, Gol‘ey ard Meng (2012), Han et al. (2015) and
Yang and Liu (2017) also found that (M.re is significant HCFs inequality in China. In
general, most studies have reveal..' that unequal distribution of HCFs does exist.

As for the driving factors of HCFs or HCFs inequality, there is a broad
consensus that househc'd in..ome is one of the main determinants of HCFs in the long
run (Duarte et a.., 20.Z, Lyons et al., 2012), and income gap is the decisive factor
leading to HCFs inequality (L6pez et al., 2020). However, the impacts of household
income on HCFs are highly heterogeneous among different regions and households
(Ivanova et al., 2017; Ravallion et al., 2000). The inverted "U" Carbon Kuznets Curve
(CKC) in both developed and developing countries is a representation of the nonlinear
relationship between HCFs and household income ( Grossman and Krueger, 1995;

Chancel, 2014; Serifio and Klasen, 2015; Irfany and Klasen, 2017; Zhang et al., 2020).



Therefore, the impact of income gap on HCFs inequality may be nonlinear and highly
heterogeneous among different regions.

Meanwhile, by using household survey data, empirical studies found that
household energy consumption, housing type, and demographics (family size, age,
education level, and marital status of the household head, etc.) have different impacts
on HCFs for different households (Baiocchi et al., 2010° Golley and Meng, 2012;
Bichs and Schnepf, 2013; Qu et al., 2013; Han et al., 2115; Choi and Zhang, 2017,
Lévay et al., 2021). Moreover, some literature have pru.<d that social-economic and
environmental factors may induce the changes ot .**cstyle and consumption behavior
(Carter, 2011; Brounen et al., 2013), whic" .2v~ become the key factors in designing
mitigation pathways (van den Bery <t al., 2019). Some studies indicated that
individual consumption tastes, p:<‘reaces, values and motivation may transform the
household lifestyles, which “ave a further impact on household expenditures and
HCFs inequality (Parag and Darby, 2009; Chitnis et al., 2012; Oxfam, 2015).

Our previous \ "sew: ch have compared the consumer spending in each category of
expenditure (Zhang et al., 2020), and found that richer households spend much more
on the carbon-intensive mix of goods and services, such as housing, articles for the
daily usages and services, transportation and communication services. This means that
the consumption structure of richer households is likely to be more carbon-intensive
than that of the low-income ones. Another recent study (Oswald et al., 2020) also

pointed out that the increasing expenditure inequality can cause larger inequality in



energy consumption, which resulted in the similar emission inequality in China’s case
(Guan, 2017). As a result, the heterogeneous effects of lifestyle changes may lead to
larger HCFs inequality.

While significant attempts have been made to investigate HCFs inequality
recently, there are some limitations in the existing research: (1) Many analyses have
assumed that income and other demographics variables ar~ the main cause of HCFs,
which is not sufficient to describe and analyze the influ2ncing factors of HCFs and
HCFs inequality. (2) Many literature use aggregat~d auia to carry out the empirical
analysis. There are limited studies on HCFs inequ~uty and its driving factors using
large-scale household survey data, especi-li, ir. the context of developing countries.
(3) The popular indicators for HCFs ir.equality, such as statistical variance and the
Gini coefficient, ignore the preuchinstic distribution of HCFs and cannot identify
clearly the sources of dynami. ~ changes in HCFs inequality.

To better understard th- causes of HCFs inequality in China, it is necessary to go
beyond the comracly Used statistical measures and the ordinary least squares (OLS)
regression. By applying the UQR and OB decomposition method to household survey
data, this paper aims to fill these gaps by studying the features, dynamic changes and
driving factors of the HCFs inequality in China. We focused on the heterogeneous
effects of the driving factors of HCFs as well as the specific contributions of these

factors and the lifestyle changes to the dynamic changes in HCFs inequality.



3. Methodology and Data

In this part, we first present a framework to analyze the driving factors of and
dynamic changes in HCFs inequality, then introduce the UQR model and OB
decomposition method, and finally provide the data sources and data processing
method.

3.1 The analytical framework of the dynamic changes in HCFs inequality

The literature review has shown that HCFs are dei2rmined by household
consumption patterns, which are shaped by two k<y 1uctors of the socio-economic
development: household demographics and lifestvic~.

As suggested by consumer behavioi !t zconomics, the decision-making of
individual consumption is affecte. .10t only by personal income and other
demographics, but also by socia’->~0i.omic and environmental factors. For example,
the infrastructure constructicn, sucial institutions and legal foundation, have been
continuously shaping anc reinforcing lifestyles through changes in values,
motivations, consu.Mouon preferences and patterns of individuals and families, then
further affect household consumption patterns as well as quantities and changes in the
associated HCFs (Schipper, 1989; Lutzenhiser and Gossard, 2000; Kahneman and
Tversky, 2018). The household demographics include households’ income, family
features, such as location, family size, fuel type and housing type, and individual’s
characteristics, such as age, the marital status and education level of the household

head. The features and dynamic changes of household demographics can be observed



and quantified. However, the values, awareness, motivations and preferences of the
individuals or household consumption generally fall into the category of lifestyles,
which are not easy to be observed or quantified but can lead to substantial changes in
consumption patterns and the associated HCFs. Consequently, lifestyle changes may
have a significant effect on HCFs (Druckman and Jackson, 2009).

Taking China as an example, China is entering a rapid transition period to a
middle-income country, and a considerable number of huse0lds have stepped into
the upper-income groups while a large part of th2 population is just shaking off
poverty. The households with different levels or 'iCFs are unlikely to be equally
sensitive to the changes in househslc ~emographics and social-economic
transformations. Many important exp.~r.ations for the observed changes have specific
implications for specific parts o7 re (41CFs distribution, and some factors may only
affect households at the bn.om or top of the HCFs distribution. To sum up, it is
crucial to better integra*e lih-style changes in the analysis on HCFs, and Fig. 1 shows
the analytical fra.n.'vu.« explaining the mechanism for the dynamic changes of HCFs

and HCFs inequality.
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Figure 1. The analytical framework of the dynamics of HCFs inequality

The heterogeneities of demographics and lifestyles among households are the
key factors in explaining the distribution and inequality of HCFs at a particular time.
When the demographics and lifestyles of households change along with the
development of socio-economics, the consumption |atteins and HCFs of the
households will change accordingly, which lead to *ae iculstribution of HCFs and the
dynamic changes of HCFs inequality. In this pap-r, with the Oaxaca-Blinder (OB)
decomposition method we can calculate thie -or.tribution of household demographics
to the dynamic changes in HCFs iney'1ulity (endowment effect) and the contribution
of household lifestyles to the dyra™ic changes in HCFs inequality (structure effect).
3.2 UQR for the determinan.~ of HCFs

In order to propos~ po .ces to mitigate HCFs inequality, we first need to know

L

the driving fac.o,~ ¢ HCFs. Moreover, policymakers should design targeted
mitigation policies according to the heterogeneous effects of household characteristics
on HCFs. We apply the UQR approach to analyze the driving factors of HCFs.
Compared with the OLS, the common Conditional Quantile Regression (CQR)
approach provides a practical way to discern the differential effects of the covariates

on the dependent variable at different points of the probability distribution of the

dependent variable. However, the estimation results from the CQR are often not easy



to interpret, especially for policymakers. In contrast, the UQR approach proposed by

Firpo et al. (2009) does not have the limitations of the CQR approach. Using the UQR

approach, we can explain the estimation results directly as the OLS approach. As in

Firpo et al. (2009), we define the influence function (IF) as following:
[V(A-¢)-F+e-6,)-V(F)]

IF(y;v(F)):IirTg ) 0<e<l
&> &

1)
where vy is the dependent variable and F is the cumulativ = di: tribution function of y.
IF(y; v(F)) is the influence function corresporiny 0 an observed y for the
distributional statistic of interest, v(F).

Then, we define re-centered influence tu *on (RIF) as:

RIF(y; v)=v(F) + IF(y; V)
)

In the case of quantiles, “e have:

IF(y;q,)=(r - {Y <.} (a.)
©)
where ( is the rth quantile of the unconditional distribution of Y , f,(q.)
represents the density function of the marginal distribution of Y, and I{Y <q.} isan

indicator function. Then we have:

RIF(y;q.)=q. +IF(y;q.)

(4)



As in Firpo et al. (2009), we can model the conditional expectation of RIF(y;q.)
as a function of explanatory variables, that is, E[RIF(Y;q )| X]=Xy, where the
parameter » can be obtained from the OLS, and a RIF regression can be viewed as a
UQR.

In this paper, we can get a series of coefficients of the driving factors at different
quantiles of the HCFs through UQR. The comparison of these coefficients on
different levels of HCFs and in different years can proside some preliminary
conclusions of the sources of HCFs inequality and th2 as.uciated dynamic changes.
3.3 Oaxaca-Blinder decomposition of the dynai."ic changes in HCFs inequality:
endowment effect and structure effect

Usually, there are multiple dec~raposition methods to decompose the target
variable into sum of various ri.>nges in the relevant variables and identify the
contribution of each variable to tiie changes of the target variable, and they can fall
under two distinct but rela.cd categories: index decomposition analysis (IDA) and
input-output struciear Secomposition analysis (SDA).Ang and Zhang (2000) and Ang
(2004) presented a comprehensive survey of IDA in energy and environmental studies;
Hoekstra and van den Bergh (2002) gave a literature review on SDA and examined
the theoretical aspects of SDA; Moreover, some literature compared and analyzed the
similarities and differences between IDA and SDA (Hoekstra and van der Bergh,
2003; Wang et al., 2017; de Boer and Rodrigues, 2020; Wei et al., 2020). All these

decomposition methods are commonly used when the relevant driving factors or



determinants are available and the drivers of observed changes of energy and
environmental impacts over time can be identified. However, as can be seen from the
aforementioned theoretical framework, the dynamic changes in HCFs not only depend
on household demographics, but also are the results of evolving aggregate preferences
or environmental policies that change the relative supply and demand for
carbon-intensive goods. Empirically, the latter is difficult to quantify and the
commonly used decomposition methods become more or 'ess napplicable.

The OB decomposition is a standard tool ‘wai..rying the contributions of
explained and unexplained effects to the difference~ wetween any two groups in labor
economics and is more and more widely tse . i, other fields (Oaxaca, 1973; Blinder,
1973). The most important deve.~~.ment of this method is to extend the
decomposition methods to distrit.uional parameters other than the mean. For example,
through the RIF regression i, ethod, the OB decomposition can be performed for any
distributional statistics, not .nly for the quantiles of the unconditional distribution of
the outcome variau!= Lot also the Gini coefficient (Firpo and Pinto, 2016; Firpo et al.,
2018; Fortin et al., 2011), which is an attempt to better understand the underlying
factors driving the inequality growth.

By applying the RIF regression and OB decomposition method, we distinguish
the endowment effect with the structure effect, and demonstrate the contributions of
driving factors to the dynamic changes of the HCFs inequality. Moreover, we estimate

the HCFs inequality by comparing HCFs per capita at different quantiles, and analyze



the dynamic changes of HCFs inequality between the year 2012 and 2018. For
comparison, we also give the decomposition results of the Gini coefficient.

Firstly, for the differences among the various quantiles of HCFs per capita in two
years, the coefficient of the UQR of each year is:

Ve = (TiccXi ' XF) Tiec RIF(Xg; dgo) X, g =2012,2018
(®)
where X is the vector of covariates.

We can write the equivalent of the OB d<coi.position, which is used to
decompose the dynamic changes over time, for any ":iconditional quantile as below:

A‘(t): (22018 - X2012)?2012,‘[ + X2019/‘?'4»;5,‘[ - ?2012,1)

= A} + AS
(6)
where A} in Eq. (6) is the ~wverall difference of HCFs per capita in the percentile
between the year 2018 ond 2312, q;(Y5018) — 7 (Yo012)-

The first ter.n Ay in the second line of Eq. (6) is named as “explained effect” or
“endowment effect” in OB decomposition. It can be rewritten in terms of the sum of
the contribution of the change of each covariate as:

A)T(= 25:1(X2018,k - )?2012,k))72012,k,r
(7)

As shown in Eq. (7), the “endowment effect” indicates that when fixing the

consumption preference in the year 2012, the changes of HCFs in the percentile over



years are expected to obtain as a result of changes in household income and other
demographics, which can be observed or quantified.

The second term A% in the second line in Eq. (6) is named as “unexplained
effect” or “structure effect”, which can be rewritten in terms of the sum of
contribution of the change of each coefficient as:

ﬁ§= ZIIS=1()72018,k - ?2012,k))?2018,k + 52
(8)

As shown in Eq. (8), the “structure effect” 1easures the contribution of the
differences in the coefficients of all the variables “icluding the intercept AL in the
rth percentile over the two years assumirg ‘2. household income or demographics
are unchanged. The changes of th. coefficients may be caused by changes in
household consumption pattern v.hici is not relevant to the household income or
demographics. The “structu-e eifect” is based on the following counter-factual
exercise: what would k- the distribution of HCFs for 2018 if the distribution of the
covariates for 2C1. s uie same as for 2018? In this paper, we attribute the underlying
factors driving the consumption pattern evolution to the effects of the intertemporal
lifestyle changes, such as the values, awareness, motivations and preferences of the
individuals or household consumption generally fall into the category (Zhang et al.,
2020). The “structure effect” is not easy to be observed or quantified but can lead to

substantial changes in consumption patterns and the associated HCFs.



The HCFs inequality in 2012 and 2018 can be expressed as qr, (Yz012) —
qr,(Y2012) and qq, (Yz018) — qr,(Y2018) respectively. Compared with 2012, the
increase or decrease in inequality in 2018 can be determined by Eqg. (9), which can be
rewritten as Ay + Aq.

[th(Yzms) - qn(yzms)] - [th(Yzmz) - qn(yzmz)]

9)

= [%h(yzms) - th(yzmz)] - [qn(Yzow) — qr,(Ya(2)]

= (B¢ + A5 — (&Y +AH

= (AY — &) + (A — AH

In addition, when the Gini coei.*~.ent is used to measure HCFs inequality, the
dynamic changes of HCFs inequ-.*v van still be decomposed to the endowment effect
and the structure effect using *he kIF regression and OB decomposition method.

3.4 Data and data proc-ssir.y

The datasets ueu 1 this paper are the same as the paper of Shi et al. (2020) and
Zhang et al. (2020). The datasets include: (i) a nationally representative survey data of
Chinese households from Chinese Family Panel Studies (CFPS); (ii) China’s
Input-Output Tables and total CO, emissions of China’s 35 production sectors from
the World Input-Output Database (WIOD); In this paper, we select income,
consumption expenditures and households’ demographics of each household from

CFPS for 2012 and 2018. The expenditures and income values for the two years are



adjusted based on the 2007 prices according to the CPI sub-indices for both urban and
rural regions published by the National Bureau of Statistics (NBS).

It is generally believed that the total HCFs per capita for an individual household
consist of two parts: the direct HCFs per capita and the indirect HCFs per capita. The
direct HCFs is the emissions per capita from a household’s direct consumption of
fossil fuels, such as coal, gas and oil and can be calcriated using the emissions
coefficient method (ECM). There are three expenditure .tem: in the CFPS related to
the energy that the households consume directly anu are converted into physical
quantities according to the average price of a .~ic@in energy source in different
provinces and in the corresponding year. Ti.* firect HCFs can be obtained with Eq.
(10).

Egirect k = Xi fi Energy
(10)
where f; is the CO, ~mission factor of energy source i, and Energy;, is the
consumption of ¢cncray source i by household k.

The indirect HCFs are the emissions embodied in the goods and services
consumed by households and can be calculated using the input-output model, which is
widely adopted in the literature (Munksgaard et al., 2000; Qu et al., 2013;
Wiedenhofer et al., 2017). With the dataset in WIOD, we can derive the Leontief
inverse matrix induced from the Input-Output Table and the emissions intensities

coefficients for each sector. After aggregating the consumption-side detailed



household expenditure items in CFPS into the production-side Leontief inverse matrix
and emissions intensities, we estimate the indirect carbon footprints of each surveyed
household in 2012 and 2018. We can calculate the indirect CO, emissions for a
specific household k with Eq. (11).

Eingirect k = DI — A) ™" Expy,
(11)
where D is the row vector of sectoral direct emissions nter sities; (I — A)™! is the
Leontief inverse matrix; Exp, is the column vec.or oi expenditure per capita of
household k. A detailed explanation of the calcu:~uon is presented in Zhang et al.
(2020).

We use national 10 table to cai.'’’ate the Leontief inverse matrix and estimate
the indirect HCFs for each <u/eyved household from household consumption
expenditure, which means ti.at we hold the assumption that all goods and services,
including intermediate ‘npu 5, use the same technologies and have the same carbon
emission intensitie w.tiout considering its country-of-origin or province-of-origin.
Despite the limitations, it still has been applied in other recent studies (Markaki et al.,
2017; Salo et al., 2021; Yu et al., 2022) as it is the best available approach to
understand the changes in households’ consumption patterns defined by national
production technology and emissions intensities, which can make the analysis focus
on investigating the effects of income, demographics and lifestyles on the change of

HCFs.



The household demographic characteristics include urban or rural, regions,
family sizes, household head’s ages, education levels and marital status. In order to
address the bias that might arise from the survey data and to calculate the Gini
coefficient of the HCFs, we keep the sample weight in the datasets. To reduce bias
due to outliers, the 1% of observations with the highest and lowest income groups and
the corresponding HCFs are neglected. The final sample sizas are 12,277 for 2012 and
13,424 for 2018, respectively. Thus, we get a consolidat>d atum providing a single
record to show the HCFs in China with the demog*apr.. characteristics in 2012 and
2018.

As shown in table 1, HCFs per capita 'n 2012 is 2.335 tons and increases to
4.145 tons in 2018 with an annual av.r.ge growth rate of 10.037%, while that of the
household income per capita is 12 741%, suggesting that HCFs may be decoupling
from household income, wi,.~h 15 desirable. The family size decreases to 3.385 in
2018 from 3.706 in 202°. 1 .e average age of the household heads decreases slightly,
and more housef.0,3s .cads have higher education degrees and are married. In 2018,
more households live in urban, east areas and in apartments, and the consumption of

Coal Gas/LNG/Natural gas and electricity increases in 2018.

Table 1.  Descriptive statistics

2012 2018

Variable Mean Std. Error Mean  Std. Error




HCFs per capita (tons) 2.335 1.823 4.145 3.490

Income per capita (10* Yuan
1.048 1.118 2.152 2.086

RMB)
Urban (pop.) 0514 0500 0621 0485
Family size 3706 1674 3385 1775

Head of Household

Higher Education (pop.) 0.243 0.429 0.322 0.467
Age 50.367 13561 49.270  15.009
Married (pop.) 0.870 0.336 0.896 0.306

Region (pop.)

East 0.354 0.478 0 382 0.486
Central 0.261 0.49 0.239 0.427
West 0.252 N.424 0.238 0.426
Northeast 0.132 n.539 0.140 0.347

House Type (pop.)

Apartment N.235 0.424 0.303 0.459
Low-rise Building 0.223 0.417 0.126 0.331
Bungalow/ Courtyard 0.421 0.494 0.375 0.484
Villa/Townhouse 0.005 0.068 0.003 0.054
Others 0.115 0.319 0.193 0.395

Fuel Type (pop.)
Solar energv or 1. arsh gas 0.014 0.117 0.003 0.052
Coal Ge s/ Li 'G/Natural gas 0.408 0.492 0.548 0.498

Coal 0.058 0.233 0.024 0.152
Firewood/Straw 0.281 0.450 0.170 0.376
Electricity 0.239 0.427 0.255 0.436
N 12277 13424

Notes: 1. Values are calculated using sample weight.
2. Lower education includes under primary education, primary education, junior secondary
education; Higher education includes senior secondary education, college and above.



4. Comparisons of HCFs per capita from different dimensions

To have a general understanding of the HCFs inequality in China, it is necessary
to know the HCFs per capita for different groups. In this part, we compare the average
HCFs per capita from different dimensions (income, urban and rural areas, regions,
etc.).
4.1 HCFs per capita by urban and rural areas, and regiors

As is known to all, there exists great disparity in ixcon e and HCFs per capita
among regions, and between urban and rural areas i* Ci..ia. Fig. 2 presents the HCFs
per capita between urban and rural areas as well «~ among the East, the Central, the

West and the Northeast.
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Figure 2. HCFs per capita of urban and rural areas, and regions
As can be seen from Fig. 2, households in urban areas tend to have higher HCFs
per capita than their counterparts in rural areas. In 2018, HCFs per capita in urban
areas is 4.77 tons, while it is 3.13 tons in rural areas. We can also see that HCFs per

capita has increased since 2012 for both urban and rural areas. Meanwhile, the overall



HCFs per capita ratio of urban/rural decreased from 1.72 in 2012 to 1.52 in 2018,
which means that the urban-rural HCFs inequality is slightly decreased over the
period. In addition, Fig. 2 shows that HCFs per capita in four regions have increased
over the period, however, the inequality has barely changed.

4.2 HCFs per capita by provinces

As China is a big country, to have a more detailed picture of the HCFs in China,

Fig. 3 shows the HCFs per capita by provinces.
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Figure 3. The HCFs per capita of the provinces in China
As shown in Fig. 3, in 2012 and 2018, the provinces with low HCFs per capita
are Guangxi, Jiangxi, Henan, Yunnan and Guizhou, and all of them are

underdeveloped provinces located in the western or central regions of China.> The

! Six provinces with small sample size are removed.



HCFs per capita of Guangxi province in 2012 and 2018 are 1.48 tons and 2.41 tons
respectively. In 2012, the provinces with high HCFs per capita are Beijing, Tianjin,
Shanghai, Heilongjiang and Zhejiang, while in 2018, the provinces with high HCFs
per capita are Beijing, Tianjin, Shanghai, Zhejiang and Jilin. Of the six high HCFs
provinces in 2012, Heilongjiang and Jilin are located in Northeast China, where the
heating costs in the long winter are one of the important causes for the high HCFs.
The other four provinces are the most developed provinces in China, suggesting that
economic development is likely to be one of the <ey urivers of HCFs per capita.
Meanwhile, the HCFs inequality among provinces ‘1 China is increasing. Compared
with 2012, the HCFs per capita in all prcvi, ~e7 increased significantly in 2018. For
example, the HCFs per capita in Bery.»r, are 4.17 tons in 2012 and 8.51 tons in 2018,
which are 2.82 times and 3.55 tin.es of the provinces with the lowest HCFs
respectively. Moreover, the « ‘eraye HCFs growth rate of provinces above the median
value is higher than thc-e beiow the median value. The growth rates of Jilin, Shaanxi,
Beijing, Zhejiany «™a Cianxi are the highest. Besides the climate reason for Jilin and
economic reasons for Beijing and Zhejiang, the fast growth of HCFs in Shaanxi and
Shanxi may be due to their rich endowments in coal resources.
4.3 HCFs per capita by different income groups

It is believed that HCFs per capita is highly correlated to income, we further

divide the urban and rural households in China into five groups according to income



levels and present their HCFs per capita. Fig. 4 shows the results of the average HCFs
per capita sorted by the income level.

As can be seen from Fig. 4, HCFs per capita increases with the growth of income
for all income groups. To be more specific, we can see that the average HCFs per
capita of the group with the highest 20% income in urban areas is 4.27 tons in 2012,
and increased to 7.87 tons in 2018, with a growth rate of 34.3%. The average HCFs
per capita of the group with the lowest 20% income in ru al a eas is 1.42 tons in 2012
and increased to 2.13 tons in 2018 with a growth rite oi 49.5%. The average HCFs
per capita of households with the highest income * 20% in rural areas is 2.2 tons in
2012 and increased to 5.43 tons in 2018 v/iu tke largest growth rate of 144.8%. The
ratio of HCFs per capita between .>¢ highest income group and the lowest one
increased to 3.7 in2018 from 3.5 *n ».J12, which indicates that HCFs inequality has
worsened in 2018.
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Figure 4. The HCFs per capita of different income groups

4.4 HCFs per capita over different quantiles

Before analyzing the determinants of HCFs per capita by using UQR, we give
the logarithmic HCFs per capita over different quantiles in 2012 and 2018 as in Fig. 5.

Fig. 5 demonstrated that the trends of the quantile logarithmic HCFs per capita in
the two years are almost the same. We can also see that the gap of the logarithmic
HCFs per capita between 2012 and 2018 is stable betwe>n ti e 20th quantile and the
75th quantile, while it is growing with the increas: o1 we quantile before the 20th
quantile and after the 75th quantile. In addition, t.> yap of the logarithmic HCFs per
capita reaches the peak at the 97th quantilz, vhich indicates that the HCFs per capita
in 2018 is more polarized than tha. "n 2012 and the overall HCFs inequality is
exacerbated to some extent. The 7.t u.at the gap of the HCFs per capita in the middle
of the distribution (between *he ~Oth quantile and the 75th quantile) remains stable

leads to only a slight increas. in the HCFs inequality in 2018.
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Figure 5. The Logarithmic HCFs per capita at different quantiles



It is shown that the changes of HCFs per capita in different groups (urban and
rural areas, regions, provinces and different income groups) are uneven, which means
that the distribution of HCFs per capita over the two years has changed. However, we
cannot determine whether this change has exacerbated or slowed down the HCFs
inequality in the whole society. Moreover, the dynamic changes of the HCFs per
capita across the different HCF quantiles not only show that the HCFs inequality in
2018 is more serious, but also show that the cause could L e th.: larger gap between the
top 25% households and the bottom 20% ones.

Based on the comparison of HCFs per capit. fiom different dimensions above,
we can see that there exists remarkable d'fi. -er.ce in HCFs per capita from different
perspectives, and we can compare the ~esults with other relevant studies. For example,
Maraseni et al. (2015) comparer: :1C,"s among China, Canada, and UK and showed
that though average HCFs nu - capita in China is still much lower than that of Canada
and UK, it is experier~ing :he highest growth in HCFs. Irfany and Klasen (2017)
found that there ure siy.ficant differences in HCFs between different affluence levels,
regions and education levels in Indonesia. Yu et al. (2022) compared HCFs per capita
between China and Japan and showed that HCFs in China is much less than that in
Japan. Maraseni et al. (2016) also argued that HCFs from urban areas are higher than
those from rural areas, and the rural areas of northern China have significantly higher
HCFs than those from southern China. Mi et al. (2020) showed that the top 5% of

income earners are responsible for 17% of the national HCFs in 2012. Wei et al.



(2021) found that the rising middle class assume more responsibility for carbon
emissions. All these suggest that though HCFs per capita in China is lower than that
in developed countries, it is growing rapidly and shows great differences in many
aspects, and therefore it is necessary to go deep into the driving forces of HCFs and
identify the underlying sources of HCFs inequality in China.
5. Determinants of HCFs and the Dynam’c Change of HCFs

Inequality

In this part, we analyze the dynamic chan<es ¢« HCFs inequality and its
underlying drivers through three steps. Firstly, the {'QR model is used to compare the
impacts of driving factors (observable house. 24 demographics) on HCFs at different
quantiles on HCFs per capita at the sare year as well as the same quantile difference
between the two years (the results ~f uiree quantiles of 10th, 50th and 90th are listed).
Secondly, the OB decomi~sitiun model is used to analyze the impacts and
contributions of houseold:* demographics and lifestyles on HCFs over the same
quantiles between “n.l.ent years (the endowment effect and the structure effect).
Finally, we analyze the impacts and contributions of the dynamic changes of the
HCFs inequality together from the endowment effect and the structure effect
perspective
5.1 Determinants of HCFs per capita through unconditional quantile regression

The UQR over 19 different quantiles (from the 5th to the 95th) are calculated,

and the selected UQR regression results (10th, 50th and 90th) are presented by



columns (1)-(3) for 2012 and columns (5)-(7) for 2018 in Table 2. Moreover, for
comparison, the OLS regression results for the two years are also listed in column (4)
and (8), respectively. The coefficients of income and other major households’

demographics with OLS and UQR estimates are also reported.

Table 2. Results of the UQR and OLS regression

2012

2018

Ugl0  Ugs0

@) 2

Ug90

©)

Mean

(4)

Ug10

®)

UgS0  Ug90  Mean

‘6) (7 (®)

Income

Urbanization

0.097™ 0.131™
(0.014) (0.011)
0.371™" 0.223™

(0.031) (0.027)

0.115™ 0.115™

(0.013) (0.005)

*

0.32¢™

0 02%)

0.139™ 0.270 " 10.295™ 0.105™

(0.029) (0.N1., 1 (0.041) (0.025)

,.376™ 0.360"" 0.346™

(0.013) (0.025) (0.007)
-0.013 0.098™"

(0.040) (0.013)

Family size -0.400™" -0.429™ -0.39C ™ -0.3907|-0.190™" -0.343™ -0.439™" -0.314™"
(0.035) (0.024) 0..*?) (0.013) | (0.030) (0.019) (0.037) (0.011)
Education 0.031 0.57 © r.128™ 0.113""| -0.020 0.165™" 0.124™ 0.106""
(0.028) (L."?7) (0.041) (0.014) | (0.027) (0.027) (0.051) (0.013)
Age -0.248™ 0.5, -0.216™" -0.200™"|-0.166™" -0.109™" -0.295™" -0.155""
(0.047) " 038) (0.053) (0.020) | (0.041) (0.034) (0.065) (0.018)
NMarital ctatiie n- o™ n1on™ .nn27 N1\ Nn1777" nnr2 .nn72 nNRR"
(L.N4Y, (0.034) (0.048) (0.018) | (0.058) (0.037) (0.069) (0.018)
East 0.u95™" 0.143"™" 01257 0.11777| 0.029 0.076™" 0.051 0.041""
(0.033) (0.027) (0.037) (0.015) | (0.034) (0.025) (0.042) (0.014)
West 0.025 0.032 0.002 0023 |-0.051 -0.007 0.027 -0.021
(0.041) (0.031) (0.035) (0.016) | (0.042) (0.029) (0.053) (0.015)
Northeast 0.073" 0.192™ 0.084 0.13477]0.189™" 0.193™ -0.015 0.147""
(0.038) (0.035) (0.053) (0.019) | (0.037) (0.040) (0.069) (0.018)
Low-rise Building 0.086™" -0.210™" -0.210"" -0.137""| -0.091" -0.155"" -0.023 -0.105""
(0.033) (0.036) (0.057) (0.019) | (0.054) (0.040) (0.059) (0.020)
Bungalow/ Courtyard -0.026 -0.4097"-0.395"" -0.289""| 0.003 -0.137"" -0.033 -0.073""
(0.032) (0.035) (0.050) (0.018) | (0.038) (0.034) (0.060) (0.016)
Villa/Townhouse 0.183° 0.384™" 0.303 0.2407"|0.448™" -0.318™ -0.268™" -0.131
(0.103) (0.107) (0.340) (0.082) | (0.140) (0.148) (0.082) (0.097)




Cnal nac/ | NI /Nlatiral aae 0207 208" n1nA™" n2n0™ [0 244" n10R™" n 120" nono™
(0.032) (0.030) (0.037) (0.015) | (0.037) (0.026) (0.042) (0.014)
Coal 0.3317" 0.585™" 0.438™" 0.47377|0.748™" 0.752™" 0.611™" 0.716™"
(0.056) (0.052) (0.069) (0.026) | (0.063) (0.061) (0.101) (0.036)
Firewood/Straw -0.178™ 0.003 0.084™ -0.033"|-0.204™" 0.207"" 0.270™" 0.137""
(0.048) (0.031) (0.030) (0.016) | (0.059) (0.031) (0.044) (0.017)
_cons 0.552"" 1.473™ 2.910™ 1.620™"| 0.397"" 1.489™" 3.545™" 1.659""
(0.191) (0.158) (0.230) (0.086) | (0.183) (0.154) (0.286) (0.080)
Adjust R? 0.116 0250 0.107 0.339 | 0.143 0.313 0.140 0.430
N 12277 13424

Notes: ***, **, * are statistically significant at the 1%, 5%, 10% level.
Standard error in parenthesis.

The 19 different quantiles are illustrated in *he s ibplots (a) - (i) of Fig. 6, which

illustrate the heterogeneous impacts of the ciriing factors on HCFs over different

quantiles and their changes in differe’t yr ars.
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Figure 6. The effects of the households’ demographics on + CFs Jer capita over different
quantiles

As is shown in Table 2 and Fig. 6, the coe.¥ici¢ nts of all the variables, such as
income, urbanization, family size and the fe. t.re; of households’ heads, etc., are quite
diverse over different quantiles in d’er:nt years. The impacts of the driving factors
from UQR are highly non-monotori,~ Compared with the OLS regression, the UQR
presents more comprehensive \~tormation about the heterogeneity of the driving
factors' impacts on HCFs . ~r capita over different quantiles of HCFs. As a result, the
heterogeneous imrhac:< may aggravate or alleviate the HCFs inequality.

(1) Income

The HCFs per capita is positively correlated with income, and the effect of
income on HCFs per capita in 2018 is much greater than that in 2012. In addition,
with the rise of the quantile of HCFs per capita, the effects of income are inverse
U-shaped for the years 2012 and 2018. The uneven effects at different quantiles may

lead to the dynamic changes of the HCFs inequality.



Firstly, as can be seen from Table 2 and Fig. 6(a), the OLS results show that one
percent increase in income leads to 0.115 percent increase in the average HCFs in
2012 and leads to 0.346 percent increase in 2018. This means that for households in
2018, an increase of one percent in income will increase the average HCFs by an
additional 0.212 percentage compared with 2012. In addition, the impacts of income
on HCFs are quite uneven for HCFs at different quantiies. In 2012, one percent
increase in income leads to 0.097 percent, 0.131 percent ant 0.115 percent increase
in HCFs per capita for the households with HCFs &+ the 10th, 50th and 90th quantile
respectively. While in 2018, there are 0.326 perce:.* 0.376 percent and 0.360 percent
increases in HCFs per capita for houschc'de with HCFs at the same quantiles
respectively. Moreover, Fig. 6(a) shov.< (hat the income coefficients of all quantiles in
2018 are higher than those in 2072 except for the 95th quantile, which means that the
same increase in income can .*as a greater impact on HCFs in 2018.

Secondly, the effe~ts ¢ income with the increase of the quantile of HCFs per
capita both are ir.ve se U-shaped for the years 2012 and 2018. It can be seen from Fig.
6(a) that the coefficients of income increase from the 5th quantile and reach the
highest point at the 55th quantile and then decline in the two years. However, the
declining trend of income coefficients in 2018 is more obvious from the 55th quantile
to the 75th quantile and t hen drop to the lowest point at the 95th quantile.

The result of the positive and inverse U-shaped effect of income on HCFs

provides the new evidence for the Carbon Kuznets Curve (CKC). But greater



coefficients in 2018 show that HCFs will increase at a faster rate even if the income
growth rate remains unchanged. Moreover, the change of income and the
heterogeneous effects of income on HCFs may lead to the dynamic changes of the
HCFs inequality.

(2) Urbanization

The urbanization process in China leads to the increas? of the HCFs per capita in
urban areas but the effect is much lower in 2018 than trat 11 2012. In addition, the
effects of urbanization on HCFs per capita at differ=nt yuantiles are both U-shaped in
2012 and 2018. As shown in Fig. 6(b), the OLS 1. ession results in 2012 and 2018
are 0.238 and 0.098, and the curve of coeffic.2n’s for UQR of 2018 always lies below
that of 2012. In addition, the coeffic’e.its for UQR in the two years both decrease
monotonically before the 80th yarn:ile and then increase. As a result, we may
conclude that urbanization 'n Cnina leads to higher HCFs per capita of urban
households, however, tha in gacts of urbanization on HCFs decline obviously in 2018.
In particular, amung t1.c nouseholds between the 75th and 90th quantiles of the HCFs,
the HCFs of the rural households are even higher than those of the urban ones in
2018.

(3) Family size

Family size has a negative impact on HCFs per capita and it decreases with the

rise of HCFs quantiles, and especially decreases rapidly in 2018. Table 2 and Fig. 6(c)

show that the coefficients from both the OLS regression and the UQR in 2012 and



2018 are negative, which means that the increase of family member tends to have
lower HCFs per capita. Fig. 6 (c) also shows that the coefficients curve in 2018 is
higher and steeper, indicating that compared to 2012, the impact of family size on
HCFs becomes weak and significantly decreases.

(4) Education level

On average, the effects of education level on HCFs rer capita are positive, and
with the rise of the quantile of HCFs per capita, the effe~ts a e inverse U-shaped for
the years 2012 and 2018. Table 2 and Fig. 6(d) <nhow. chat the coefficients of the
education level from the OLS regression and L are positive in the two years
except those below the 10th quantile in 2022 Moreover, the coefficient curves are
close in the two years and are inverse * I shaped, the inflection points are at about 60th
quantile. The features of the twe < 'rves imply that the households whose heads have
higher education levels tenu to generate more carbon emissions and the promoting

effect is more obvious f~r th- households with middle and high HCFs.

(5) Age

The age of the household head has a negative effect on HCFs per capita, and
with the rise of the quantile of HCFs per capita the effects are inverse U-shaped for
the two years. Table 2 and Fig. 6 (e) show that the coefficients of age from the OLS

regression and UQR in the two years are negative, which means that the household



with an older head is conducive to the reduction of HCFs per capita. Moreover, for
2012, the reducing effect of household heads’ ages on HCFs gets weak for the
households with higher HCFs, while it is the opposite for the year 2018. Therefore, at
present, we can conclude that the process of population aging in China does not exert
additional pressure on the increase of HCF.

(6) Marital status

That the households’ head are married has a positiy = et ect on HCFs per capita
and the effects tend to decrease with the rise of HCF : pe. capita for the two years, and
the coefficient curve of 2018 lies below that of 2u: 7. Table 2 shows that the average
impacts of the marital status on the HC™s n 2012 and 2018 are 0.136 and 0.055
respectively, however, Fig. 6 (f) shov.~ (hat the effect is weakening with the increase
of the HCFs quantile, and turns *o he .iegative at about the 85th quantile. In addition,
the coefficients of the marita: status for almost all the quantiles in 2018 are lower than
those in 2012, which rcflec.s that the impact of the marital status on the increase of
HCFs in 2018 ges e

For other variables, as shown in Fig. 6(g)-Fig. 6(i), we can see that regions,
housing types and fuel types all have significant impacts on the HCFs per capita, and
the impacts on HCFs at different HCFs quantiles and in different years are also highly
heterogeneous.

In summary, the OLS regression results show that in 2012 and 2018, the

household demographics of income, urbanization, education level, marital status, and



“using coal gas/LNG/natural gas/ coal/firewood/ straw as the main fuel" all lead to the
increase of HCFs per capita, while family size, age, living in the western region,
living in low rise building/bungalow/courtyard reduce the HCFs. Similar results can
be found in the existing studies. For instance, Zhang et al. (2015) investigated the
drivers of HCFs and found that income level, household size, education, time, housing
conditions and other factors have important influences on HCFs. Lévay et al. (2021)
found that income, household size, age and education sigific antly affect HCFs. Li et
al. (2022) found that income is the most sig*ificuit driving forces of food
consumption-related carbon footprints in Japan. .."ureover, the results of the UQR
demonstrate that these determinants of HC &< have different effects on HCFs at
different parts of the HCFs distributic and these effects are changing over time even
for households at the same points <€ t1.2 HCFs distribution?.

We have shown that w. e rapid growth of HCFs at higher quantiles in 2018
exacerbates the HCFs ineyuality, and the heterogeneity of UQR coefficients at
different quantiles an different years can be considered as an important cause.
However, the decomposition model needs to be used to further establish the
quantitative relationship between the changes of the driving factors, the changes of

the UQR coefficients and the changes of the HCFs inequality in the two years.

2 Some literature (Han et al., 2015; Rong et al., 2018) applied CQR to study on HCFS and its
determinants, however, the interpretation of the coefficients from CQR is still limited, leading to the
results not generalizable or interpretable in a policy or population context (Borah and Basu, 2013).



5.2 Households’ demographics and lifestyles and the quantile differentials in HCFs
overtime

According to Eq. (6) - (9), we decompose the differentials of HCFs per capita at
the same quantiles between the two years. Table 3 lists the decomposition results of
three important quantiles (10th, 50th and 90th).

It can be seen from Table 3 that the differences between the logarithmic HCFs
per capita in the three quantiles are 0.509, 0.527 and 0.524 respectively. Assuming
that the UQR regression coefficients remain unchanyeu, wne logarithmic HCFs in the
three quantiles from 2012 to 2018 increase by v.”05, 0.296 and 0.249 due to the
changes of driving factors, which mean: .'at the endowment effects account for
52.1%, 56.2% and 39.9% of the w.*2. changes of HCFs per capita at the three
quantiles respectively. In cor.uost, assuming that the driving factors remain
unchanged, the HCFs in the three quantiles from 2012 to 2018 increase by 0.245,
0.231 and 0.376 respectivel , due to the changes of the UQR regression coefficients.
In other words, tiie ~tiuZwre effects account for 48.1%, 43.8% and 60.3% of the total

changes of HCFs per capita at the three quantiles respectively.

Table 3. Decomposition results of the quantile differentials in the HCFs

uq10 uUqg50 uqg9o Mean

) ) ®) (4)

*

Percentile difference

Overall group (t,=2012) -0.439™" | 0.601™" | 1.538"™" | 0574
Overall group (t,=2018) 0.070™" | 1.128™" | 2.163™" | 1.118™
Total Percentile difference | 0.509™" | 0.527"" | 0.624™" | 0.543""

(tr-to) (0.020) | (0.016) | (0.023) | (0.012)

Total Endowment 0.265™ | 0.296™" | 0.249™" | 0.265™"




effect (0.011) | (0.009) | (0.012) | (0.008)
0.143™ | 0.174™ | 0.163"™" | 0.158™"
Income
(0.010) | (0.007) | (0.010) | (0.006)
0.032™" | 0.019™ | 0.007™" | 0.019™
Urbanization
(0.003) | (0.002) | (0.003) | (0.002)
0.039™ | 0.053™ | 0.058™ | 0.048""
Family size
(0.003) | (0.003) | (0.004) | (0.003)
0.002 | 0.015™ | 0.012™ | 0.010™"
Education
(0.002) | (0.002) | (0.003) | (0.001)
0.008™ | 0.005™" | 0.010 ™" | 0.007™"
Age
(0.001) | (0.001) | (002 (0.001)
0.006™ | 0.004™" | 000 | 0.003™
Marital Status ‘
(0.001) | (0.r"1) ' (0.001) | (0.001)
0.003™ | 0.0.=™ | 0.003™ | 0.004™"
Region
(0.001> | (0.001) | (0.001) | (0.001)
[
-0.c%9™ | 0.016™ | 0.011™ | 0.008™"
House type
(0J04) | (0.003) | (0.004) | (0.002)
0.040™ | 0.007" | -0.014™" | 0.009™"
Fuel type
| (0.005) | (0.004) | (0.004) | (0.003)
0.245™" | 0.231™ | 0.376"" | 0.278"
Total Structure . ffect
(0.022) | (0.016) | (0.022) | (0.011)
0.011™ | 0.013™ | 0.011™" | 0.012™"
Incoe
(0.003) | (0.002) | (0.003) | (0.002)
-0.101™" | -0.068™" | -0.087"" | -0.081""
Urk inization
(0.029) | (0.021) | (0.028) | (0.015)
0.238™" | 0.095"" | -0.061 | 0.083""
Family size
(0.053) | (0.035) | (0.056) | (0.026)
-0.016 0.001 -0.003 -0.004
Education
(0.011) | (0.011) | (0.018) | (0.007)
0.316 0.179 -0.308 0.173
Age
(0.242) | (0.197) | (0.323) | (0.137)
-0.065 | -0.122"" | -0.041 | -0.073"
Marital Status
(0.067) | (0.044) | (0.074) | (0.033)
Region -0.028 -0.034 -0.034 | -0.037"




(0.032) | (0.025) | (0.037) | (0.017)

0.018 | 0.154™ | 0.205™ | 0.127"™
House type
(0.029) | (0.033) | (0.055) | (0.021)

0.026 -0.002 0.060° | 0.039™
Fuel type
(0.037) | (0.026) | (0.035) | (0.018)

-0.154 0.016 0.636" 0.039
_cons

(0.264) | (0.221) | (0.367) | (0.153)

Notes: ***, **, * are statistically significant at the 1%, 5%, 10% level.

Standard error in parenthesis.

Fig. 7 further shows that the endowment efferc .'ses slightly from the 10th
quantile to the 55th quantile and then decreases -.gnicantly after the 55th quantile,
while the structure effect increases significently after the 55th quantile and exceeds
the endowment effect after the 75th ri~nu'a. This result means that the changes of
income and other household char~cteristics lead to higher promoting effects on HCFs
per capita at the lower quantiles, while the structure effect has a greater impact on
HCFs per capita at the higi.~r quantiles. Especially, for the households at the top 25th
quantiles of HCFs, th< i teitemporal changes of household lifestyles are the dominant

factors of the dynamic changes of HCFs per capita.
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Figure 7. The endowment effect and t'.e . v1cture effect to the HCFs per capita

Furthermore, for the contributio.> Jf dynamic changes in driving factors to the
dynamic changes of HCFs, it <™ L2 seen from Fig. 7 that income is the most
important factor leading to .*e aynamic changes of HCFs between 2012 and 2018,
accounting for over 5C% o, the total endowment effects, followed by family size,
urbanization, the e ication levels of the household head, fuel types and house types.
The effects of the change of the household head’s ages, regions and household head’s
marital status are very small.

As for the contributions of driving factors at each quantile between 2012 and
2018, Fig. 7 shows that the effects of the dynamic changes of income, the education
level of the household head and housing type are inverse U-shaped, which means that

the growth of income, the improvement of the education level of household head and



the change of housing type lead to a greater increase of HCFs at the middle quantiles
in 2018 than that at low and high quantiles. While the urbanization process and the
change of fuel type have an obvious promoting effect on the HCFs in the low
quantiles and the effects get weak with the increase of quantiles. In particular, the
changes in fuel types reduced HCFs per capita after the 65th quantile in 2018.

Combining the results from Table 3 and Fig. 7, we can see that the intertemporal
changes of household lifestyles have an important cntrijution to the dynamic
changes of HCFs, especially for the higher HCFs, viviich exacerbated the HCFs
inequality in 2018. The reduction of HCFs from .~= households with higher ones is
the key to reduce the total HCFs and the rela.»d .nequality. However, if the abatement
policies only focus on the effect of iro~.ne and other household characteristics on the
HCFs without considering the :<maiable effects of the intertemporal changes of
household lifestyles, it will ~ot unly weaken the emissions reduction effect of the
policies but also is not conducive to the reduction of the HCFs inequality.
5.3 Decomposition ~f u e dynamic changes in HCFs inequality

In this section, we first choose the differences of HCFs per capita between the
main quantiles (Uq90-Uql0, Uq90-Ug50, and U@50-Uql0) as well as the Gini
coefficient as the measures of HCFs inequality® and evaluate the changes in HCFs
inequality over time. Then we identify the main factors leading to the changes in the

HCFs inequality over time with the unconditional quantile decomposition method.

® Gini coefficients are calculated based on the original value of CO2, that is, there is no logarithmic
treatment.



Finally, we quantify the contributions of each covariate to the endowment effect and

the structure effect. The results are shown in Table 4.

Table 4. Results of the decomposition of the dynamics changes in the HCFs inequality

Uq90-Uqgl0 | Ug90-Ug50 | Ug50-Ugl0 | Gini index
Percentile difference
() @ @) (4)

Overall group (t,=2012) 1.979 0.937 1.042 0.395
Overall group (t,=2018) 2.089 1.032 1.056 0.415
Total Percentile difference (t;-t) 0.109 0.095 0.014 0.021
Total Endowment Effect -0.011 -0.055 _0.344 -0.008
Income 0.014 -0.011 0 24 0.001
Urbanization -0.025 -0.009 -0.016 -0.002
Family size -0.001 -0 "4 0.003 -0.002
Education 0.008 -0.072 0.010 0.001
Age -0.001 ’ 0.002 -0.003 0.000
Married Status -0.00% ‘ -0.005 -0.002 -0.002
Region 0.0r ¢ -0.001 0.002 0.000
House type | 0.047 0.005 0.041 0.004
Fuel type | -0.047 -0.031 -0.016 -0.008
Total structure effect l_ 0.120 0.150 -0.030 0.030
Income 0.004 0.000 0.004 -0.006
Urbanization 0.021 -0.019 0.040 -0.013
Family si: 2 -0.274 -0.142 -0.133 -0.03
Education 0.011 -0.007 0.018 -0.002
Age -0.633 -0.509 -0.124 -0.138
Marital Status 0.027 0.083 -0.056 0.023
Region -0.006 0.003 -0.010 0.004
House type 0.179 0.053 0.126 0.009
Fuel type 0.019 0.063 -0.044 0.000
_cons 0.772 0.625 0.148 0.181

We find that:



(1) The rise of the HCFs inequality from 2012 to 2018 mainly comes from the
gap between the top quantile (ug90) and the median quantile (ug50). As is shown in
Table 4, the HCFs gap between the 90th quantile and the 10th quantile in 2012 is
1.979, which rises to 2.089 in 2018, resulting in an increase of 0.109. In 2018, the gap
of the HCFs between the 90th quantile and the 50th quantile increases by 0.095, while
it only increases by 0.014 between the 50th quantile and th~ 10th quantile. Meanwhile,
the Gini coefficient of the HCFs is 0.395 in 2012 and rises to 0.415 in 2018. The
dynamic changes of the HCFs gap over different g' anu.cs and the dynamic changes
of the Gini coefficients show the widening of the r.”~s inequality from 2012 to 2018,
and mainly comes from the gap betwee: ' (op quantile (ug90) and the median
quantile (ug50).

(2) The total endowment e*i.~t 15 helpful in decreasing the HCFs gap between
the top quantile (ug90) and e 1uth quantile (ugl0) from 2012 to 2018. Though the
endowment effect redu-es 1 .2 HCFs inequality between the top quantile (uq90) and
the median quanin. (uyS0), it increase the HCFs inequality between the 50th quantile
and the 10th quantile, leading to a decrease of 0.011 in the HCFs gap between the
90th quantile (ug90) and the 10th quantiles (uql10). Specifically, the endowment effect
leads to a significant decrease (-0.055) in the HCFs gap between the top quantile
(ug90) and the median quantile (ug50), and with a significant increase (0.044) in the

HCFs gap between the median quantile (ug50) and the 10th quantile (ug10). That is to



say, changes of the household demographics reduce the HCFs inequality between the
household with high and low levels of HCFs.

As for the detailed endowment effects of the household demographics, the
contributions to the two types of HCFs inequality (Ug90-Ug50 and Ug50-Uq10) are
quite different. In general, from 2012 to 2018, changes in income, regions that
households living, housing type and education level of hcusehold heads enlarge the
HCFs inequality, while changes in urbanization, family size, 1 iel type and the age and
married status of household heads are helpful in red'.ciny (ne HCFs inequality.

(3) The structure effect plays a dominant role - the rise of the HCFs inequality.
While keeping the driving factors unchangeu, th.e structure effect leads to an increase
of the HCFs gap between the top ana :»: median quantile (Ugq90-Uq50) by 0.150, and
it decreases the HCFs gap betwec,” the median and the low quantile (Ug50-Uqg10) by
0.030. Ultimately, the total “truccwure effect becomes 0.120. In other words, HCFs
inequality at the top c* the distribution of HCFs (the 90-50 quantiles differential)
contributes muct. 1.-a1e w0 the overall HCFs inequality than at the bottom (the 50-10
quantiles differential). Moreover, the total structure effect is opposite to that of the
endowment effect, and becomes the main cause of the increase in HCFs inequality.
Therefore, we may conclude that the changes of lifestyles become the main source of
the rise in HCFs inequality between households with the high and the median HCFs
and eventually lead to the increase of the HCFs inequality between the households at

the top (ug90) and the bottom quantile (uql10).



In summary, this paper confirmed the existence of significant emissions
disparities among households over time (Xu et al., 2016; Yang and Liu, 2017; Li et al.,
2019), and demonstrated that HCFs inequality increases from 2012 to 2018. It also
showed that structure effect accounts for a large part of the increases of the HCFs
inequality, especially for HCFs inequality between households at the top and the
median quantile. As structure effect can be regarded a5 the impacts of lifestyle
changes, this validates the theoretical results that interteroor.l lifestyle changes play
an important role in the increase of the HCFs inequeitty ... China.

This conclusion makes us have a new u. zerstanding for the changes in
intertemporal lifestyle and carbon footprinu ‘n~quality. The reason why the carbon
footprints of households with higher \ 'C.rs grow faster is not from changes in income
and other demographics, but fror.: ~ha.iges in lifestyle. China's rapid development and
transformation of social ecoi.nmy over the past 40 years has increased the income of
residents, moved more neoy..e into cities, provided better education and cleaner fuel,
etc. At the same n. e, .( is constantly shaping the personal and households’ lifestyle.
It is obvious that the households with higher HCFs are stepping towards higher
carbonization lifestyle leading to the aggravation of HCFs inequality.

Apart from the commonly used driving factors of HCFs, some studies have
pointed out lifestyle changes could exert an import impact on household energy
consumption and carbon emissions (Chen et al., 2019; Zhang et al., 2020). A few

studies have investigated the relationship between awareness and HCFs (Wilson et al.,



2013; Andersson et al., 2014; Li et al., 2019). Wei et al. (2021) also found that the
rising middle class assume more responsibility for carbon emissions. However, few
studies investigated the relationship between HCFs inequality and lifestyle changes.
We found that the effects of lifestyle changes on HCFs are different across
households and provide evidence that intertemporal lifestyle changes also play an
important role in the increased HCFs inequality, which is not fully addressed in the
past research works.
5.4 Robustness test

As a robustness test, we also use provinces ‘istead of regions as the dummy
variables in all regressions, the results are sh.7 in Appendix A-E. As can been from
the Appendix A-E, for the quantile 1o~.ession and OLS regression models, some of
the coefficients on provinces are s, nivicant, reflecting the heterogeneity of provinces.
However, the coefficients 6. all other demographic variables have barely changed.
The signs and the sigrificc.ice of coefficients for all other demographic variables
remain unchangea. Tric «rend of change with the quantiles for all these coefficients is
also similar. When we decompose the effects affecting HCFs inequality with the OB
method, the results and the conclusions also remain unchanged, which indicates that
the results are robust.
6. Conclusions and policy implications

The UQR are useful in indicating which factors are important in explaining

changes in HCFs and the OB decomposition are good at quantifying the contributions



of various factors to a difference in an accounting sense, which provide a reliable
basis for policy implications and measures to mitigate HCFs and HCFs inequality
especially for different populations and unobservable influencing factors. With
application of the UQR and decomposition method in the survey data in China for
2012 and 2018, this paper focuses on studying the diverse effects of various driving
factors on HCFs over quantiles and identifying the major causes of HCFs inequality
over time. We find that there are great emission dispari-ies 1mong households over
time. Income and other covariates are found to affer. HCi-s heterogeneously. We also
show that the HCFs inequality at the top of the HLC = distribution (the 90-50 quantiles
differential) contributes much more to tke wvecall HCFs inequality than the HCFs
inequality at the bottom (the 50-2° quantiles differential). More importantly,
according to the results of OB dr.omposition, we discover that intertemporal lifestyle
changes have played a domii.nt rule in the increase of HCFs inequality.

It is of critical imnort.nce for the Chinese government to tackle the growing
HCFs and the uscciuted inequality without detrimentally impacting the steadily
improving living standards. However, it is also a great challenge for the developing
countries since the increase of carbon emissions usually go hand in hand with the
growth of economy and improvement of well-being. In addition, neglecting the
remarkable role of the intertemporal lifestyle changes may underestimate the
challenges in emissions growth in the future from the household sector and undermine

the effectiveness of policies to reduce HCFs inequality. Hence, the policymakers need



to pay much more attention to the effect of lifestyles on HCFs and inequality and
implement policies to avoid household consumption pattern continuous moving
towards carbon-intensive lifestyles when encouraging the households to pursue higher
living standards and boosting economic growth, especially the ones with higher
HCFs.

Firstly, encouraging the formation of green cons:merism and low carbon
lifestyles. Policies should be taken to strengthen the -esicents' awareness of the
relations of household consumption, carbon emissi~.ns w.«d climate change risks, and
cultivate residents' concept of low-carbon Inc-tyles. Meanwhile, to stimulate
low-carbon consumption behavior anc .ne:t the consumption demand, the
government should provide more low ~7.rbon infrastructure, such as convenient public
transport, and introduce carbc.. ta., energy saving and low-carbon subsidies,
efficiency standards, carbo. lavels, etc., to encourage firms to produce more
low-carbon and affordale p-oducts (Shi, 2013; 2015).

Secondly, cesinniny differentiated mitigation policies for different households.
For example, the government may design and implement the carbon tax recycling
mechanism, which has been proved useful both in the reduction of HCFs inequality
and in the improvement on the fairness and feasibility of climate policy. In addition, a
personal carbon permit trading scheme could also be used to push high HCFs groups

to reduce their HCFs.



Thirdly, promoting a low carbon city development model and enhancing the
HCFs equality during urbanization. Since the urbanization in China contributes a lot
in the increase of the HCFs at all quantiles, especially for the top ones, it is necessary
to promote low carbon city models which can reduce HCFs without compromising the
urban services. Rational urban layout, convenient public transport system, clean
heating system, net zero carbon emissions buildings, ze o carbon community and
more green spaces are essential for the reduction of [{CF:; and the formation of
low-carbon lifestyles.

The paper has some limitations and shortce+iings, some of which could be
addressed in future studies. Firstly, due td =t~ availability, we only have a survey
dataset with a span of 6 years to work ‘».1th. We believe that additional data can make
the results more trustable. Secc..'lv, to maintain the data consistency, we use the
national WIOD Input-Outpu. Tabie instead of the world multi-regional Input-Output
Table or China multi-reion..i 10 table to calculate the HCFs, which may lead to some
bias in the estimadJlan o the HCFs. Thirdly, we have concluded that intertemporal
lifestyle changes may play a dominant role in the evolution of the HCFs inequality in
China, but we have not analyzed the mechanism of how intertemporal lifestyle
changes impacts HCFs and the associated inequality. Future studies can extend the
analysis in this paper to provide more robust and more detailed analysis as well as

policy recommendations.
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Appendix A.

Table Al. Results of the UQR and OLS regression with province dummy

2012

Ugl0 Ug50 UQ@90  Mean
(1) (2) (3) (4)
0.093™ 0.125™" 0.108™" 0.109""

2018
Ugl0 Ug50 Ug90  Mean
(1) (2) (3) (4)
0.330™" 0.366™" 0.339™" 0.339""

Income

(0.014) (0.011) (0.013) (0.005)
03807 0.209™" 0.131™" 0.2317"
(0.031) (0.027) (0.029) (0.013)
-0.394™" -0.444™" -0.406™" -0.399"
(0.036) (0.024) (0.033) (0.013)

Urbanization

Family size

(0.021) (0.013) (0.025) (0.007)
0.187™" 0.105™" -0.021 0.094""
(0.041) (0.026) (0.039) (0.013)
-0.184™" -0.341"" -0.435™" -0.310™"
(0.030) (0.019) (0.036) (0.011)



Education 0.036 0.1617" 0.132" 0.116™"| -0.024 0.156™" 0.115™ 0.096""
(0.029) (0.027) (0.042) (0.014) | (0.027) (0.027) (0.050) (0.013)
Age -0.2327" -0.161™" -0.232"" -0.203""]-0.178"" -0.113"" -0.292™" -0.160""
(0.048) (0.038) (0.053) (0.020) | (0.041) (0.034) (0.064) (0.018)
Marital status 0.248™ 0.207™" -0.016 0.14877|0.164™" 0.045 -0.075 0.047""
(0.048) (0.034) (0.048) (0.018) | (0.057) (0.037) (0.067) (0.018)
Low-rise Building 0.070" -0.197™ -0.196"" -0.129™"| -0.022 -0.117"" -0.039 -0.069™
(0.034) (0.037) (0.058) (0.019) | (0.055) (0.041) (0.059) (0.020)
Bungalow/Courtyard -0.034 -0.364"" -0.354""-0.256"""| 0.012 -0.120"" -0.031 -0.061""
(0.032) (0.036) (0.051) (0.018) | (0.039) (0.034) (0.059) (0.017)
Villa/Townhouse 0.104 0.381™" 0.290 0.226™7|0.515™" -0.280" -0.324™" -0.096
(0.105) (0.105) (0.339) (0.082) | (0.148" (0.148) (0.104) (0.096)
Coal gas/LNG/Natural gas 0.2217" 0.302™" 0.111™" 0.21177|0.237"" "216 0.155"" 0.213™"
(0.035) (0.031) (0.039) (0.016) | (0.0'8) 2.028) (0.050) (0.015)

*

*

*

Coal 0.358™" 0.566™" 0.446"" 0.468™" |C.oc.” 0.672"" 0.623™" 0.641""

(0.058) (0.052) (0.069) (0.026) | (v."%+) (0.062) (0.102) (0.036)
Firewood/Straw -0.184™" 0.007 0.099"" -0.0"27"I-L 232" 0.2117" 0.291" 0.139"

(0.049) (0.032) (0.032) (o.h:m!(o.oel) (0.032) (0.048) (0.017)
_cons 0.622"" 1.499™" 2.966™" 1.046""|u.566"" 1.515 " 3.397"" 1.660""

(0.191) (0.159) (0.23.) (086) | (0.187) (0.156) (0.288) (0.080)
Province Dummy Yes Yes YL‘_ Yes Yes Yes Yes Yes
Adjust R? 0120 0.260 r.111 0352 | 0150 0.321 0.151 0.441
N 1227, 13424

Notes: ***, **, * are statistically significant at the .4, 5%, 10% level.
Standard error in parenthesis.
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Appendix C.

Table A2. Decomposition results of the quantile differentials in the HCFs

with province dummy

Percentile difference Uql0 Uas0 Uq90 Mean
(1) (2) (3 4

Overall group (t,=2012) -0.439™ | 0.601™" | 1.538™" | 0.574™"

Overall group (t;=2018) 0.070™" | 1.128™" | 2.163"" | 1.118™

Total Percentile difference | 0.509™" | 0.527"" | 0.624™" | 0.543™"

(ti-to) (0.020) | (0.016) | (0.023) | (0.012)

Total Endowment effect 0.259"" | 0.284™" | 0.2377" | 0.255™

(0.011) | (0.009) | (0.013) | (0.008)

Income 0.1417 | 0.165™" | 0.1517" | 0.150""

(0.010) | (0.007) | (0.010) | (0.006)

Urbanization 0.031™" | 0.018™ | 0.007™" | 0.018™

(0.003) | (0.002) | (0.03 | (0.002)

Family size 0.038™" | 0.053™ | 0.056 | 0.048™

(0.003) | (0.003) | (0J04, | (0.003)

Education 0.002 | 0.014™ | 0.0.2™ | 0.000™

(0.002) | (0.002) ' (0.73) | (0.001)

Age 0.008™ | 0.005™" ’ 27207 | 0.007™

(0.001) | (0.0 | (0.002) | (0.001)

Marital Status 0.006™ | 0.004™ ' 0.000 | 0.003""

(0.001) | (0.00., | (0.001) | (0.001)

Province 0.000 0.004™ | 0.008™ | 0.003"

(0.002) | (0702) | (0.002) | (0.001)

House type -0.00%7 | 5.013™ | 0.010™ | 0.006™

‘o) | (0.003) | (0.004) | (0.002)

Fuel type n.0/3™ | 0.008™ | -0.017"" | 0.010™"

(0..75) | (0.004) | (0.004) | (0.003)

Total Structure effect 0.250™" | 0.243"" | 0.387"" | 0.288""

| 0.022) | (0.016) | (0.022) | (0.011)

Income | 0.013™ | 0.015™ | 0.012™" | 0.014™

(0.003) | (0.003) | (0.003) | (0.002)

Urbanizat an -0.110™" | -0.060"" | -0.087" | -0.079™"

(0.029) | (0.021) | (0.028) | (0.015)

Family si.- 0.238™ | 0.115™ | -0.038 | 0.099™

(0.053) | (0.035) | (0.056) | (0.026)

E duca. on -0.018 -0.003 -0.006 -0.007

(0.011) | (0.011) | (0.018) | (0.007)

A 0.205 0.183 -0.234 0.166

(0.245) | (0.196) | (0.321) | (0.136)

Marital Status -0.074 | -0.144™ | -0.053 | -0.090""

(0.066) | (0.044) | (0.073) | (0.033)

Province 0.010 -0.028 | 0.116" 0.008

(0.055) | (0.045) | (0.057) | (0.030)

House type 0.040 | 0.145™ | 017777 | 0.120™
(0.029) | (0.033) | (0.055) | (0.021)

Fuel type 0.003 0.004 0.067° | 0.043™
(0.039) | (0.027) | (0.040) | (0.019)

_cons -0.057 0.016 0.432 0.014
(0.267) | (0.223) | (0.369) | (0.153)

Notes: ***, **, * are statistically significant at the 1%, 5%, 10% level.

Standard error in parenthesis.
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Figure A2. The endowment effec’. ant. the structure effect with province dummy



Appendix E.

Table A3. Results of the decomposition of the dynamics changes in the HCFs inequality with

province dummy

Uq90-Uqg10 | Ug90-Ug50 | Ug50-Ugl0 | Gini index
Percentile difference
1) ) 3) (4)
Overall group (t,=2012) 1.978 0.936 1.042 0.395
Overall group (t,=2018) 2.089 1.031 1.057 0.417
Total Percentile difference (t;-to) 0.111 0.096 0.015 0.021
Total Endowment Effect -0.014 -0.057 0.042 -0.008
Income 0.011 -0.011 0.022 0.001
Urbanization -0.027 -0.008 1018 -0.002
Family size -0.002 -0.004 L 106 -0.001
Education 0.008 -0.002 3.010 0.001
Age 0.000 0.00” -0.002 0.000
Married Status -0.007 -0 "Np -0.001 -0.002
Province 0.009 « 102 0.008 0.001
House type 0.040 J.004 0.036 0.003
Fuel type -0.048 ’ 0.033 -0.018 -0.008
Total structure effect 0175 _‘ 0.152 -0.027 0.029
Income 0.00 4 -0.003 0.001 -0.007
Urbanization 0.050 -0.029 0.058 -0.014
Family size n.257 -0.139 -0.117 -0.027
Education 0.013 -0.006 0.019 -0.002
Age -0.466 -0.439 -0.027 -0.122
Marital Status 0.019 0.093 -0.074 0.023
Province 0.091 0.137 -0.046 0.015
House type 0.133 0.036 0.097 0.003
Fuel *,ne 0.047 0.065 -0.018 -0.001
_cons 0.511 0.438 0.080 0.159
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Highlights

e Unconditional quantile regression is used to investigate the
distributional features of HCFs.

e HCFs are unequally distributed due to differences in the scale and
pattern of consumption.

e Intertemporal lifestyle changes account for a major part of the rise
of HCFs inequality.

e Policies are needed to enhance environmental equity and encourage
low—carbon lifestyles.



	Elsevier required licence
	1-s2.0-S0140988322004637-main.pdf

