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Abstract

The identification of factors that i.i"uence household carbon emissions
(HCEs)—a key driver of national emis: Yns, is an important step in achieving more
accurate predictions, as well as becter interpretation and effective policy
intervention. In this paper, based on survey data, we first calculated the direct,
indirect, and total HCEs pe- cap.ta for 37,620 households in China in the year of 2012,
2014 and 2016. Ther we ntroduced a LASSO regression model to determine the
main driving factors ~f HCEs and ranked the factors according to their importance.
The use of the LASSO regression model addresses the issues of multicollinearity and
over-fitting. It also provides two practical benefits: minimizing the number of
influencing factors for forecasting and giving more flexibility in policy design. The
results showed that fuel type and dwelling type can explain more than 70% of the
direct HCEs, while income, urban or rural residency, and fuel type are the three most

important influencing factors of the indirect HCEs. To mitigate HCEs while China will



continue its rapid urbanization and fast consumption growth, the government needs
to provide affordable clean energy, improve the efficiency of household energy
consumption, promote green and low-carbon economic recovery, and guide
low-carbon lifestyles.

JEL Classification: Q56; D15
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1 Introduction

The mitigation of climate change is o1,z of the most critical global concerns.

A

Under the framework of the Paris .'.reement, most countries have made great
efforts to reduce carbon emis,sans in recent years, however, the global CO,
emissions have increased fo- the three consecutive years of 2017 to 2019, which
means that the mismatch L ~tween the social demands for action on climate change
and the actual r.*e >f rogress is increasingly serious (BP, 2020). The longer the
carbon emissions continue to grow, the more difficult and costlier it will be to
achieve the goal of zero-carbon. We have to rethink the reasons behind the increase
(Druckman and Jackson, 2015). In recent years, more studies show that household
carbon emissions (HCEs), either from direct household energy consumption or

embodied in the goods and services, increase rapidly. Since HCEs are not regulated

properly in many countries, they have been one of the main sources of the rebound



of global carbon emissions, which have undermined the global emissions mitigation
efforts.

Taking measures to control the rising trend of HCEs due to consumption growth
is increasingly recognized as critical in the Chinese government’s efforts for
mitigating climate change (Liu et al.,, 2011). As the largest carbon emitter in the
world, China’s efforts to achieve its reduction target is also significant for global
climate mitigation. A clearer understanding of the most ‘.1, o1 .ant driving factors of
HCES is critical for policymakers to identify what kind ~f al atement policies are more
effective than others and thus to be prioritized.

In addition, China is launching a new r.,und of stimulating consumption and
infrastructure construction, which w'ii 1 ave a profound impact on the households’
consumption patterns, lifestyle, .~dustrial structure, and further affect households’
energy consumption and carbon e'nissions. Prioritizing the driving factors of HCEs
and forecasting the HCEs in 1he future are key steps for achieving low-carbon
development while ir.c. ~asing well-being.

At present, the decomposition analysis and regression analysis are the two
widely used paradigms for investigating the driving factors of HCEs. There is a broad
consensus that income is a key determinant of HCEs in the long run (Duarte et al.,
2010; Lyons et al., 2012). Large-scale household surveys in several countries have
generally found that household characteristics such as family size, dwelling type, the

location of households, and the age, education level, marital status and occupation



of the household’s head, could be statistically significant predictors of HCEs (Baiocchi
et al., 2010; Choi and Zhang, 2017; Golley and Meng, 2012; Long et al., 2018).

However, the decomposition methods face some difficulties in decomposing
per capita HCEs based on survey data and including more influencing factors. While
the increases in the total number of relevant variables in the regression model can
greatly minimize the deviation of forecasting, but they will also lead to the problems
of overfitting and multicollinearity. Moreover, a lar,c number of statistically
significant determinants may cause challenges in fo ‘eca: ting. Studies based on ad
hoc hypotheses about the driving factors of HC :s c¢.)nnot shed light on the relative
importance of these factors and have limitavons in terms of forecasting and policy
development. Therefore, it is necesse.y .2 p.ioritize the key driving factors of HCEs in
terms of the perspectives of 'HCEs prediction, decision-making and statistical
methodology.

In this paper, by emp.wing the emissions coefficient method and input-output
model with survey d~... we calculated direct HCEs, indirect HCEs and total HCEs per
capita for 37,620 households in China in the year of 2012, 2014 and 2016. Then we
used the least absolute shrinkage and selection operator (LASSO) regression model
to determine the most important factors influencing the HCEs.

The results showed that the proportion of indirect HCEs was 84.8%, which
means that researchers and policy-makers should pay more attention to the
emissions embodied in the production of goods and services consumed by

households. For both the direct HCEs and indirect HCEs, only three factors (out of a



total of 25 factors) could explain more than 70% of the total decline in mean squared
error (MSE). The family demographics of “coal as the main fuel”, “firewood/straw as
the main fuel” and “living in bungalows” were the most important driving factors for
the direct HCEs. For the indirect HCEs, the most important driving factors were
“household income”, “urban or rural residency”, and “LNG/natural gas as the main
fuel”. The characteristics of the household’s head were found to be not so important
for both direct and indirect HCEs. This paper provides a ui.~ussion of these findings
and accordingly proposes several important policy im,\lica ions for mitigating HCEs.
Our major contribution to the literature is to ntroduce the LASSO regression
model to investigate the driving factors 1i.fluencing HCEs. LASSO provides an
objective data-driven method for ~ewctn.z the most important driving factors
influencing HCEs. It is appropriatc because economic theories currently support not
all factors. Powerful predictor. -ire often highly correlated in the prevailing
econometrics models useu in tnhe literature. This means that the analysis cannot be
performed properly u.e .0 multicollinearity. By contrast, the LASSO model can
pinpoint the most iiportant determinants, thereby enabling the researchers to
address the issues of multicollinearity and over-fitting. Moreover, ordinary least
squares (OLS) estimates are unbiased but have a large variance, whereas the LASSO
estimates, by employing a continuous shrinkage method, sacrifice some bias to
reduce the variance, thereby improving the overall accuracy of estimation (Tibshirani,

1996).



Using the LASSO can have two practical benefits. Firstly, in the formulation of
carbon reduction policies, accuracy, simplicity, effectiveness and cost optimization
must be taken into consideration. This requires that the aim of the research should
not be restricted to the verification of whether each variable exerts an impact on
HCEs. It should also identify the most influential factors (L. Wang et al., 2019). The
LASSO model can set the regression coefficients of relatively unimportant factors to
zero by imposing the L1 penalty, thereby minimizing the i>. 'e of too many variables
in the policy-making process (Zhao and Yu, 2006). Sc:con ily, the importance of the
variables in terms of the change of parameters of 1.,.e LASSO model can be ranked.
This gives policy-makers more flexibility in determining policy interventions. In
addition, the priority of identifying t.ie dri.ing factors minimizes the challenges of
forecasting. For policy development, this is a key step in projecting future HCEs.

The paper is structured as fcllrws. Section 2 briefly explains the driving factors
of HCEs which have alreau ' been discussed in the literature. Section 3 explains the
LASSO regression me.i.nauiogy and estimation of HCEs. Section 4 presents the data
sources, descriptive : tatistics of the HCEs and household demographics. Section 5
provides the empirical results and discusses the key drivers of the HCEs. Section 6

concludes with a discussion of the policy implications.

2 Literature review

This paper is closely related to two research strands in the existing literature.

The first strand is concerned with the driving factors of HCEs. The second strand is



methodologies for investigating the driving factors of HCEs and the application of
LASSO and some machine-learning methods in energy and climate science research.

With HCEs becoming an increasingly important issue in the field of
environmental studies, more and more factors have been found to have an impact
on HCEs. They can be divided into four categories. The first category is the
geographical factors. The second one is household characteristics, such as income,
family size, type of dwelling, type of fuel, and. The third ~:.c is the household head’s
demographics, including age, birth generation, edu-atic nal level, gender, marital
status, etc. The last one is the environmental aw:irer, 3ss of family members.

Firstly, whether from the macro or m.cro level, urban or rural areas and
geographical location are important “ac. ors affecting HCEs. The disparities between
urban and rural areas, or aiong the regions, in terms of socio-economic
development, government polic'es, habits have a definite effect on household
consumption patterns ana he related HCEs (Maraseni et al., 2016; Mi et al., 2020; Z.
Wang et al., 2019). i u.e case of China, due to the existing urban-rural dual
structure, the remirkable difference in income, dwelling, traffic, energy
consumption and related CO2 emissions between urban and rural households has
always been one of the research focuses (Feng et al., 2011).

Secondly, discussion about the role of household income exists in almost all the
literature and it is widely accepted that income significantly promotes the growth of
HCEs. In low-income countries especially, there is a disproportionate increase in both

direct and indirect HCEs accompanying the expansion of income and consumption



(Meangbua et al., 2019). In addition, some studies have found that the direct HCEs
of households with higher incomes are lower because they are more likely to use
clean energy (Lyons et al., 2012). Moreover, empirical studies have found that there
is an upwards and concave curve between income and HCEs. This indicates that the
Environmental Kuznets Curve (EKC) hypothesis can be supported in the HCE level
(Chancel, 2014; Grossman and Krueger, 2006; Zhang et al.,, 2017), including in
developing countries, such as China, Philippines and Inuc.esia (Irfany and Klasen,
2017; Serifio and Klasen, 2015; Zhu et al., 2018).

Several studies have found that family sze .as a positive effect on HCEs,
especially for direct HCEs, due to more roo n: occupied, more children to raise, and
higher residential heating expenditures sones and Kammen, 2014; Meier and
Rehdanz, 2010). HCEs per capita, however, decrease with family size in the function
of scale economy, and the tenieacy of small-sized families to place significant
pressure on carbon reduct,>n (Longhi, 2015; Qu et al., 2013; Underwood and Zahran,
2015). The type of dv. !'ing is related to space heating, energy efficiency, and the use
of household appliand es, all of which influence direct and indirect HCEs (Motawa and
Oladokun, 2015; Niamir et al., 2020). Household behavior in terms of cooking and
heating is important. Undoubtedly, changes in the fossil fuel mix cause direct
changes in HCEs (Papathanasopoulou, 2010).

Thirdly, as for the household heads’ demographics, age is mentioned in many
studies. Survey data has indicated that older people in the US, UK and China tend to

generate more carbon emissions in some domains (Golley and Meng, 2012; Meier



and Rehdanz, 2010; Murray and Mills, 2011). However, some studies find that the
lifestyles of young people are more carbon-intensive than those of older people (Han
et al.,, 2015). Be independent of age, the birth generation of a household’s head has
an effect on CO2 emissions (Chancel, 2014). Education is another factor considered
to have an important impact on HCEs. However, the findings are not consistent. On
the one hand, highly educated people are likely to be more eco-conscious (Dai et al.,
2012). On the other hand, people with higher educatior i.'eis tend to have higher
incomes and to consume more, causing them to emit mor > HCEs (Blchs and Schnepf,
2013; Lee and Lee, 2014). Other demographics such as gender and marital status,
have also been found to influence HCEs /st chs and Schnepf, 2013; Zhang et al.,
2019).

Lastly, subjective variables .''ch as awareness, motivation and social learning,
have also been found to have signi‘icant impacts on HCEs (Li et al., 2019; Niamir et
al., 2018). Decomposition =naiysis has found that the measurable driving factors
account for less tha~ ~an of the HCEs, while lifestyle change is the key driver of
intertemporal HCEs a.\d household energy consumption (Schipper, 1989; Zhang et al.,
2020).

From the literature, it can be found that the developing countries and the
developed countries in the early stages mainly focused on the effect of economic
development and social structural changes on the HCEs, such as the increase of
household income, the upgrading of consumption structure, urbanization and

regional differences. With the growth of income and social development, especially



the increasing of household surveys, the exploration of driving factors of HCEs is
becoming more micro and in-depth and family characteristics and consumer
behaviors attracted more attention.

As for the methodologies for investigating the driving factors of HCEs, two
different paradigms, including decomposition analysis and regression analysis, have
extensively explored this topic. Structural decomposition analysis (SDA) and index
decomposition analysis (IDA) are two popular decui.nosition techniques to
decompose emission aggregates and recently are a,'oliel in the driving factors of
HCEs with household survey data (Shigetomi et al., 2018; Wei et al., 2020; Xu and
Ang, 2014).

On the other hand, based on thr. 11 201 ctical analysis, many regression analyses
made full use of the informatioi, in the household survey to reveal the influencing
factors of HCEs, of which the mu tiv ariate ordinary least square (OLS) regression are
widely used (Chancel, 201-.: Chitnis et al., 2012; Wilson et al., 2013; Ye et al., 2013).
Moreover, ridge regrc siua is introduced to solve the multicollinearity problem in
multivariate OLS estn1ation(Ma et al., 2019). In recent years, some studies applied
guantile regression to analyze the differential effects of covariates along with the
distribution of carbon emissions (Rong et al., 2018; Serifo, 2017; H. Zhang et al.,
2019).

Recently, machine-learning models have provided new opportunities for
innovative research in energy and climate science due to their superior performance

in processing, classifying, predicting and policy analysis with complex large-scale
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data (Ghoddusi et al., 2019; Lakshmanan et al., 2015). Multiple machine learning
methods have been applied to energy consumption at the household level. Using
machine-learning methods, some studies have estimated residential gas and
electricity based on household characteristics such as dwelling types and household
tenure (Viegas et al., 2015; Wei et al., 2015; Zhang et al., 2018). Other studies have
conducted economic assessments of photovoltaic battery systems based on
household load profiles (Schopfer et al., 2018). Sor..c research has revealed
household characteristics from smart meter data znd ) rovided personalized and
scalable energy efficiency programs for househ< Ids ‘Beckel et al., 2014; Humeau et
al., 2013). Knittel and Stolper (2019) evalua’er. the heterogeneous treatment effects
of repeated behavioral nudges towz.as household energy conservation and found
that pre-treatment consumptioi, and home value are the strongest predictors of
treatment effect.

As for the decomposi..nn analysis, the total number of households in the survey
data is inconsistent v.i." u.e national or sub-national statistics database. Therefore,
there may be bias in  he estimated number of households based on survey data and
population census data. Moreover, the driving factors based on decomposition
analysis are usually summarized as the changes of scale, intensity, etc. while the
influence of household demographic characteristics, especially the features of
household heads, is seldom discussed. However, the regression analysis can

introduce as many variables as possible into the model to empirically analyze their
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impact on the HCEs, which expands the depth in this topic and provides more
perspectives for policymakers.

The LASSO methods combining the advantages of machine learning and
regression have shown great potential in the prediction and selection of variables,
and in policy analysis in the field of energy economy research. The empirical results
have indicated that the LASSO provides significant improvements in the forecasting
accuracy of oil prices. The selection efficiency of variable, «~acr LASSO is also found
to be higher than the stepwise method (Miao et al., 2917 Zhang et al., 2019). When
the hierarchical group-LASSO regularization was app'ied to a comprehensive dataset
of energy consumption for commercial offi_e and multifamily buildings in New York
City, it was found that the method hia. high prediction accuracy and tends to be
useful in modelling the energy co.>sumption of other sectors (Hsu, 2015).

In summary, more and more factors have been included in the empirical models
recently developed in the literature. These factors have been verified as having
statistically significar”. i mpacts on HCEs, and this is conducive to a more in-depth and
comprehensive unde standing of the causes of the increases in HCEs. However,
having too many driving factors hinders the process of policy development and
reduces the efficiency of policy implementation. It can also lead to problems of
overfitting and multicollinearity. With the LASSO model, we overcome the
shortcomings of OLS regression. More importantly, we can identify the most
influential factors influencing HCEs and rank their importance, thereby giving

policy-makers more flexibility.
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3 Methodology

A detailed discussion of the LASSO regression method and the estimation of
HCEs is given below in order to make an explanation of the findings easier in the
later sections.

3.1 LASSO regression model

One problem with the traditional regression mthod is that too many
independent variables can be selected for running the reg'ession. The number of
independent variables is always greater than v:aat s actually required in the
regression model. Therefore, most researchers sc'-ct the independent variables ad
hoc by conducting a literature review and n. «ki"ig their selection based on economic
theories or through the modificatic~ rr existing specifications employed by other
studies. However, this selection nroc-ss is based mainly on qualitative research that
is largely dependent on pre/iou- research history, and which is arbitrary to some
extent, especially when e.~nuomic theories do not fully support the variables. Such
an ad hoc selertich o variables, however, often leads to ambiguous results
(Sala-i-Martin, 1997,.

Another critical but often neglected issue in constructing a model is sparsity. A
sparse model is one in which only a small number of independent variables are
involved but all of them play an important role in prediction. The best model is one
with only a few variables, but which can provide a forecast with minimal error.
Therefore, a procedure is needed through which the most important variables for a

regression model can be selected.
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The Least Absolute Shrinkage and Selection Operator (LASSO) model is specially
designed to prioritize the importance of independent variables. Like other model
selection technics, LASSO lets the data identify an optimal model. See for a
discussion on the advantage of model selection technics (Tong Zhang et al., 2019).
Additionally, LASSO can be used to derive a sparse model that can provide a good
forecast with a minimal number of independent variables (Tibshirani, 2011).

For the LASSO model, the objective function fc. fnuing the minimum is

different from the traditional regression approach and' is s yown below:

N

minimizeg,p (G ) (=B =B+ A L1, 1) 1)
where N is the total number of observation<, » is a nonnegative regularization
parameter corresponding to one valu : ¢ La.1bda, y; is the dependent variable, p is
the number of independent varia:-les x; = (x4, ...,xl-p)T, Bo is the intercept, and
p; are the other parameters.

It can be observed 1.1t tne lower the value of A, the higher the number of
non-zero B, and vice < sa. 8y adjusting the value of A, one can derive a model with a
specified level of spat sity with its corresponding value of A.

If the value of A is exceptionally large, then all the parameters of the
independent variables would have a value of zero. By reducing the value of A
gradually, one can observe that some parameters would turn from a value of zero to
non-zero. Therefore, by a continual adjustment of the value of A, the parameters will

turn from zero to non-zero one by one. Therefore, based on the sequence of

appearance of the parameters, one can know which independent variable is the
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most important for making the prediction. The accuracy of the model can be
measured by MSE which can be computed as:

MSE = 37 (7= §)? (2)
where y; is actual the value of the dependent variable and ¥; is the predicted
value generated by the model.

It is notable that for the traditional regression models, the calculation of the
parameter is conducted for one time only, however, mul.i.!= .erations were run for
the LASSO method which is used in this study. By ru.nin.; multiple iterations based
on different values of A, one can observe the chaniges in the significance of the
independent variables, thereby offering cruc.al information on the importance of
these variables. Moreover, by studyirg v he her the independent variables remained
to be significant across differeri: models of different iterations, one can gain an
understanding of the robustnes: cf the models as well. These advantages of the
LASSO model can compi.ment existing studies based on traditional regression
models and provide i'.,,01 .ant information on HCEs.

Knowledge abou* the importance of each of the independent variables is crucial
for policy-makers as this information can help them establish a priority list when
resources are scarce. This can help them determine the order in which each issue
should be handled and make resources the most important contributing factor.

In this study, a procedure was developed so that different values of A were

employed in the analysis. One hundred sets of regressions were run with different
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values of A. Each of one provided a different specification of independent variables
and their corresponding degree of freedom (df) and MSE.

In the process of computation, different values of A were calculated. Then these
values were fed into the equation to derive the different specifications with their
own non-zero components of B. The largest A was computed in a way such that it
gave a non-null model with at least one non-zero component of B, while the smallest
A was determined by dividing the largest value of A by 10 3C. 'he 100 specifications,
denoted as sp, were constructed within the range of ‘he | ighest and smallest values
of A. Specification 1 denoted the specification witi. the smallest value of A, while
specification 100 denoted the specification w'.h the largest value of A. The values of
A of the other specifications withi'r (e -ange were computed according to a
geometric sequence.

Therefore, when the coeffic ert of an independent variable changes from zero
to non-zero, the larger the corresponding A or SP value means that the variable is
more important for p.Yicaon.

3.2 Calculation ot 1CEs

The total carbon emissions for an individual household k in our sample
consisted of two parts: indirect emissions Ejpgirect k, and direct emissions Egjrect k-
The direct carbon emissions for household k were the emissions from the
household’s final consumption of fossil fuels, i.e., coal, oil and gas (Zhang et al.,
2015). We calculated the direct carbon emissions for household k with the emissions

coefficient method (ECM) from the IPCC (2006), as has been widely done in the
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literature (Munksgaard et al., 2000; Qu et al., 2013; Wiedenhofer et al., 2017). The
direct CO, emissions for household k are:

Egirect i = 2i fiEnergyi (3)
where f; is the CO, emissions factor of energy source i, and Energy;, is the
guantities of energy source i consumed by household k.

The indirect HCEs were estimated with Input-Output modeling (IOM). This has
been a widely employed approach (Bichs and Schnepf, Zc*3; Dai et al., 2012; Ding
et al.,, 2017; Fan et al., 2012; Golley and Meng, 2012; Mi e: al., 2020; Wiedenhofer et
al.,, 2017). The calculation of the indirect CO, mis.ions for a specific household k
was as follows:

Eingirece x = DI — A) " Expy, (4)
where D is the row vector of di.=ct emission intensities for each sector, (I — A)™!
was the Leontief inverse matrix, wtich is the key to the application of input-output
analysis; and Exp; was 1. = coiumn vector of household k’s expenditure per capita

on goods and servicex.

4 Data

Our datasets were comprised of three main components: (i) Samples of China
households for the latest available years (2012, 2014 and 2016) from the China
Family Panel Studies (CFPS); (ii) Input-Output table of China from the World
Input-Output Database (WIOD); and (iii) Carbon emissions for China’s 35 sectors in

2007 from the WIOD.
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41 Household expenditure and demographics

The CFPS is a national representative longitudinal survey that was launched in
2010 and implemented every two years thereafter. The sample in the CFPS covers
almost 15 thousand households for one year across all 31 provinces of China, and
has been widely used in studies examining economic activities and household
behavior (Xie and Hu, 2014), including energy and emissions issues (Shi et al., 2020;
Hongwu Zhang et al., 2019; Zhang et al., 2020). We obteu.od 1aformation about the
consumption expenditures of each household fron the CFPS dataset. This is of
critical importance when estimating direct and indire =t carbon emissions.

In addition, we were able to convert the Jata from the CFPS on the three kinds
of related expenditures of cooking, h :ai'ng ond personal driving available into direct
energy consumption in the form ~f physical units with the provincial prices for each
type of fuel that year, and then ciIculate the direct HCEs according to equation (3).

Using the LASSO mou ! to explore the most influential indicators of HCEs, and
we included the hors hoid characteristics that have been studied theoretically or
empirically from C~PS, which includes socio-economic factors, household
demographics and the features of households’ heads. Specifically, besides dummy of
urban or rural and regions reflecting the difference in households’ lifestyles and
consumption patterns, we collected household disposable income, family size, birth
generation, marital status, and education level of household heads. We also

collected the type of fuel to feature the household’s direct energy consumption
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structure'. Because the type of housing has an important impact on households’
energy consumption and carbon emissions, we included the variable into the model.
4.2 Input-Output table, and sectorial CO2 emissions intensity

The WIOD (the first version was released in 2013) provides China Input-Output
Tables and total CO, emissions for 35 sectors.” Based on the two datasets, we
derived the Leontief inverse matrix induced from the I-O table and per-Yuan CO,
emissions intensities coefficients for each sector.” Ac.u.ing to the method of
data-matching applied by Zhang et al. (2020), we further aggregated the
consumption-side detailed household expenritur» items in the CFPS into a
production-side Leontief inverse matrix ad CO, emissions intensities, then
estimated the indirect CO, emissiors \or cvery surveyed household according to
equation (4). Combining the rela.~d information, we obtained a set of consolidated
datasets providing a single recori ‘0o show Chinese direct HCEs, indirect HCEs, and
total HCEs, income, and ~ther demographic characteristics for each household.
Finally, to reduce bi~. ~aused by outliers, 1% of households with the highest and

lowest emissions ana ‘'ncome were excluded. The final sample size was 37,620.

! Firewood/straw is a form of renewable energy in the long-run, and in China’s rural areas it is regarded as a
form of non-commercial energy. According to the survey results relating to energy consumption and end-use
activities for China’s rural households (Wu et al., 2017), it was reasonable to assume that the energy expenditure
of households using firewood/straw as their main fuel might also purchase some coal. Thus, the calculation of
direct carbon emissions from these households was the same as that for households with coal as the main fuel.
However, the households with firewood/straw as the main fuel tended to be different from those using coal as
the main fuel. Hence, we kept the two types in the model.

: An important reason that we applied the I-O table and sectoral CO2 of the WIOD was because the same
sectoral classification in two dataset and sectoral carbon emissions provided directly by the WIOD greatly
reduces the bias arising from the processing of data-matching and the bias due to inconsistency in the selection
of energy emission factors when calculating the sectoral carbon emissions with energy use data.

’ In RMB according to the exchange rate in 2007.
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4.3 Descriptive statistics

Table 1 presents the key summary statistics. The total HCEs per capita of
Chinese households in three years was 2.805 tons,’ of which the direct HCEs per
capita was 0.426 tons, accounting for 15.2%, and the indirect HCEs per capita was
2.379 tons, accounting for 84.8%. In contrast, the carbon emissions resulting from
the direct energy consumption of households accounted for only a small share of the
total. Most of the HCEs were emitted in the process ¢ . ouucing the goods and
services consumed by households. Although indi-ect HCEs are not from the
production sectors, but are generated in the vroc>sses to produce the needs of
households, households should be responsi'sie for them.

Table 1 shows that the prop~rtion >f urban households was 52.8%. The
proportions of households from .“e east, west, central, and northeast regions were
36.2%, 25.8%, 25.5%, and 12 6% respectively. In terms of fuel types used by the
households, 43.5% and 23.°% of households used LNG/natural gas and electricity as
their main fuel. The p.opurtion of urban households using solar/biogas or coal as
their main fuel was vt ry low; 61.1% of them used LNG/natural gas as their main fuel.
Of the rural households, 41.9% still used firewood/straw as their main cooking and
heating fuel. This was quite high considering the increasing popularity of electricity
and LNG in rural areas. According to the dwelling types, 39.5% of urban households

lived in apartments, while 25.5% and 21.2% lived in low-rise buildings and bungalows,

! The values of per capita household CO, emissions in China are not always consistent in the literature due to
differences in the samples, time or method: 2.3 tons per capita for urban households in 2005 (Golley and Meng,
2012), 1.43 tons per capita for peasants and herdsmen in northwestern arid-alpine regions of China in 2008 and
2009 (Qu et al., 2013), 1.77 tons per capita in 2011 (Maraseni et al., 2015), 1.72 per capita for China in 2012
(Wiedenhofer et al., 2017), and 1.6 tons in 2007 and 2.0 tons in 2012 (Mi et al., 2020).
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respectively. In the rural areas, 53.6% of households lived in bungalows, and 26.0%

lived in low-rise buildings. For the entire sample, the proportions of households

living in apartments, low-rise buildings, and bungalows were respectively 22.5%,

23.5% and 38.7%.

As for the characteristics of the household heads, 87% were married. The

proportions born in the 1950s, 1960s and 1970s all exceeded 20%. The proportions

of those born in the 1940s and 1980s exceeded 10%, anc . 2s¢ born in the 1910s to

1930s and in the 1990s were less than 5%. There wer: some differences in the

generation of urban households and rural ones. In tr, 2 urban areas, the proportion of

household heads born after 1970 was 6.9%. n gher than that in the rural areas. This

reflects the fact that the degree of ar.ing in \ ural areas was more serious. In terms of

education level, 59.8% of hou:ehold heads had junior secondary and above

education level, while 9.1% of tn.\n~ had tertiary education. The proportion of urban

household heads with sen..r secondary and above education was higher than in the

rural areas at 22.9%.

Table1 Descriptive Statistics

Variable Mean  Std.Dev. Variable Mean Std.Dev.

Direct HCEs per capita (tons) 0.426 0.755 |Dwelling type (share)
Indirect HCEs per capita (tons) 2.379 2.015 Apartment 0.225 0.418
Total HCEs per capita (tons) 2.805 2.237 Low-rise building 0.235 0.424
Household income per capita Bungalow 0.387 0.487

(10* Yuan in RMB) LS I ers 0.152 0.359
Household size 3.711 1.772 |Generation of Head (share)
Urban (share) Generation_10S-30S 0.049 0.215
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Region (share) 0.528 0.499 Generation_40S 0.119 0.323
East Generation_50S 0.208 0.406
West 0.362 0.48 Generation_60S 0.261 0.439
Center 0.258 0.437 Generation_70S 0.208 0.406
Northeast 0.255 0.436 Generation_80S 0.116 0.321

Fuel type (share) 0.126 0.332 Generation_90S 0.040 0.195
Solar/Biogas 0.009 0.094 Education of Head (share)

Electricity 0.236 0.424 |Under primary 0.173 0.379

LNG/Natural gas 0.435 0.496 Primary 0.229 0.420

Coal 0.048 0.213 Junior secondary 0.346 0.476

Firewood/Straw 0.257 0.437 Senior secondary 0.161 0.367

Others 0.015 0.123 College and above 0.091 0.287
Marital Status of Head(share) 0.849 0.358

Observations 37624

5 LASSO Regression Results

The LASSO regression model needs thi_ e ,teps to analyze the impact of family
demographics on HCEs: (1) filtern.m che family demographics that were most
important to HCEs; (2) sorting th= im~ortance of demographics; and (3) determining
a set of regression coefficierts.

5.1  Filtering the most 1. ~portant family demographics to HCEs

The parame*er MS: is a reliable judgment standard for variables selection
through the LASSO regression model. A smaller value of MSE means a smaller
deviation between the estimated value and the actual value, which also means
higher goodness of fit of the model. This standard can be regarded as AIC (Akaike
Information Criterion), which requires the most accurate model with the smallest
degree of freedom (df), namely the minimum number of independent variables.

According to equation (3), we took the direct HCEs per capita, indirect HCEs per

capita, and total HCEs per capita as dependent variables, respectively, and applied
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the LASSO regression model to select the most important influencing variables on
HCEs. The trends in the number of independent variables and also in the
contribution to the total decline of the MSE with the decrease of specification
(horizontal axis) are shown in Figure 1. In the three models, more coefficients of
independent variables changed to non-zero with the decrease of SP. At the same
time, the contribution to the total decline of the MSE increased sharply until the
number of variables in the models rose to seven, eight ar.u ~even, respectively, after
which the curves levelled off.

For direct HCEs, the first explanatory variable lead to a decline of the MSE
accounting for 7.9% of the total decline. Tkis can be considered as the contribution
to the total decline of the MSE. Whe' 1. e 1.umbers of variables rose to seven, eight
and seven for direct HCEs, indi.~ct HCEs and total HCEs, the contributions were
87.1%, 95.8% and 89.0%, respe-ctvely. More specifically, when the numbers of
variables rose to three, 1..» contributions reached or exceeded 70% for all three
models. This means «..at only a few of all the 25 household demographics were
enough to explain th changes in HCEs per capita. It is worthwhile to focus on the
most influential variables by taking the sparsity of the regression model into
consideration. In that sense, our empirical results showed that policies targeting the

three most influential variables were most effective in reducing HCEs.

——Contribution to the total decline of MSE ( left Y axis)

——Number of variables with nonzero coefficient ( right Y axis)

Direct HCEs Indirect HCEs Total HCEs
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Figure1 The change of parameters with the decrease of SP

5.2 Sorting the importance of demographics

In the LASSO regression model, SP was the constrain, -t:ength and its range was
[0,100]. When the value of SP decreased from 1.1 to 0, the constraint strength
gradually decreased. This means that the sparse degree of the optimal solution
matrix of the objective function also gradi.ah, Jecreased. Therefore, if the process of
value of SP decreased from 100 to 0, » ~me coefficients of variables started to change
from zero to non-zero. The v7..~hle with the first non-zero coefficient had the
greatest impact on the HCEs nd he corresponding SP value was also the biggest.

We used bar charts n Figure 2-4 to demonstrate this more clearly. The
importance of e.-h »fluencing factor to HCEs is seen more intuitively. Figure 2
shows that when the value of SP was 99, the coefficients of the variable of “coal as

II'

the main fuel” first became non-zero, meaning that the coal variable had the largest
impact on direct HCEs. The next variable was “firewood/straw as the main fuel” and
the value of SP was 96. When the values of SP decreased between 80~90, the
coefficients of the variables of “family size”, “living in low-rise buildings”, “living in

northeast region” and income became non-zero. When the values of SP decreased to

79, the coefficients of the variables of “urban or rural residency” became non-zero.
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So far, when the value of SP decreased to 79, the coefficients of all seven of the most

important variables became non-zero.
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Figure 2 Household demogr.. ' iics of direct HCEs and the corresponding SP

As shown in Figure 3, “he variable of “household income per capita” was the
most important influencing “actor for indirect HCEs and the corresponding SP was 99.
Then the variabl .~ ¢¢ “r.rban or rural residency” and “the LNG/Natural gas as the

III

main fuel” were the second important driving factors of the indirect HCEs. The
importance of family size, “firewood/straw as the main fuel” and “living in
apartments” was the same and the corresponding SPs were all 89. The features of
households’ heads of “with education of college and above” and “born in the 1990s

or later”, had a relatively significant effect on the indirect HCEs, which was different

from the direct HCEs.

25



100 4—

75 1

50 A

25 A

Income

Income

Fsize (I T TTTTTTTTTTTITT

Fsize

Urban

Urban

East

West
Northeast

Region

Solar / Biogas
LNG / Natural gas |

Indirect HCEs

Coal

Firewood/Straw I LT T T T T T T T T T T TT]

Other types

Fuel Type

Apartment [T [T T [T T 1T 1T 1117

Low-rise house

Others

Dwelling
Type

Married

Gene ati- _10S-30S

o
I arita.

Nt \’*tUS‘

G .eration_40S

0 n n
o O O
(RN T
c C© C
e e 98
=

S EE
L O O
c C C
L O D
D OO
Generation

Generation 90S (AR B R R R R R E B B B

Primary

Junior secondary
Senior secondary

College and above H———FF++++++++1+1H

Education
Level

Figure 3 Household demographics of indir 2ct 1 CEs and the corresponding SP

As for total HCEs, Figure 4 shows n.t regional differences were not an

important factor; nor were the raa.itar status and birth generation of the

household’s head. In addition, w:en the value of SP decreased from 100 to 80, the

most influential variable was ho 1s::hold income per capita, followed by factors of

“urban or rural residency’, “farnily size”, “the household’s head with the education

of college and abovr”, “nving in apartments”, “LNG/natural gas as the main fuel”,

and “firewood/straw 1s the main fuel”.
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5.3 Determining a set of regression coe’rr ients

From the above analysis, we car. st e 1 at the method of observing the change
in the MSE enabled us to identir, the most important household driving factors of
HCEs, while the SP value corresgarding to the demographics enabled us to further
rank the importance of ti.»m. However, the LASSO regression model generated a
series of coefficient, .nuer each SP value. Figure 5 describes the trend of the
coefficients for the nain variables with the decrease in SP. We can see these
coefficients changed greatly with the decrease in SP when the value of SP was high
and then gradually became stable. It can be seen from Figure 2 and Figure 5 that all
three MSEs were stable when SP decreased to 79/75/80, but not all coefficients of
the important variables were stable before decreases to 50, 40 and 40, for the direct
HCEs, indirect HCEs, and total HCEs, respectively. Hence, the set of coefficients

under a stable situation can be used to analyze the impact of household
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demographics on HCEs. In this way, the third purpose of applying a LASSO regression

is to obtain more accurate estimated coefficients.
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Figure 5 The trend of coefficients with the decrease of SP

In Table 2, we list the coefficients of household demographics in three cases in

which the MSEs were stable (the values of SP were 79, 75 and 80, respectively), all

the important coefficients are stable (the values of SP were 50, 40 and 40
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respectively) and all the values of SP were 1. It can be seen that the declines in all
MSEs were still small. Even the SP decreased to 0, while the absolute value of
coefficients increased significantly with SP decreasing to 50 or 40, and then
remaining stable until SP decreased to 0.

Generally speaking, the characteristics of the household heads, such as marital
status, birth generation and education level, had no significant impact on the direct
HCEs. Moreover, it can be seen from Table 2 that coma.=a to households which
used electricity as the main fuel, households which u-ed ' oal or firewood to heat or
cook had considerably larger CO, emissions. Con pared to households living in
low-rise buildings, those living in bungalc w'. emitted more direct HCEs because
bungalows are less effective in retain’ng hec* and saving energy. The direct HCEs per
capita of rural households was 0.76 tons, while it was 0.37 tons for urban ones. This
suggests that rural energy use i |:ss efficient than urban ones. In the Northeast
regions of China, the heati. .7 season is longer than in other regions due to the longer
winters and lower ... ne.atures. Income undoubtedly leads to the expansion of
consumption, while 11e role of family size in reducing carbon emissions per capita
reflects the intensive effect of scale.

As for indirect HCEs, Figure 4 and Table 2 show that regional differences were
not an important factor. It is no surprise that the higher the income, the larger the
consumption scale and the higher indirect HCEs, since indirect HCEs come from
households’ consumption of all goods and services and income is the most

important factor leading to the expansion of consumption scale. Moreover, the
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indirect HCEs per capita of urban households was 3.24 tons but only 1.52 tons for
rural ones. In addition to income, there were still large differences in lifestyle and
consumption structure between urban and rural households, leading to a wider gap.
In addition, the intensive effect of family size still worked for indirect HCEs.

The dwelling type and fuel type also had an impact on the indirect HCEs, though
not as much as on direct HCEs. The indirect HCEs per capita of those “living in
apartments” or with “LNG/nature gas as the main fuel” w.re higher than those for
“living in low-rise building” or those using “electricity as 1he main fuel”. Households
using “firewood/straw as the main fuel” emittec mcre direct HCEs, but less indirect
HCEs.

Moreover, it can be seen from 1.ble 2 that households whose heads were
younger or had higher educai.~n emitted more HCEs, especially indirect HCEs.
However, only the variable ot “ccllege and above” was a more important factor.
This may suggest that hiy"ly educated people may have more luxurious, and thus
more carbon-intensi.c linestyles.

In general, the influential directions of income, family size, region, birth
generation and education level on the direct and indirect HCEs were the same, while
urban or rural residency, dwelling type and fuel type (solar/biogas, coal,
firewood/straw) were opposite. Figure 6 demonstrates this.

The trends of more coefficients with the decrease of SP are shown in Appendix
Figure 1. It shows that for households with higher incomes, fewer family members,

living in urban areas, living in northeast regions, living in apartments or low-rise
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buildings, using LNG/natural gas, or coal, or firewood/straw as the main fuel, the
heads were unmarried, younger and with higher education. As such, they ought to
be responsible for higher HCEs per capita.

Taken altogether, the results of LASSO regression show that fuel type and
dwelling type can explain more than 70% of the direct HCEs, while income, urban or
rural residency and fuel type are the three most important factors influencing
indirect HCEs. Direct HCEs come from direct energy cc... '‘mption, specifically the
fuel consumption in the activities of transportaticn, +ooking and heating. The
relatively small household size and low househo! 1 in.ome limit the adoption of some
appliances such as dishwashers and clothes a' yers in China, so the consumptions of
gas, coal and even firewood are still “ne ma:! fuel resources of many households for
cooking and heating. Thus it is tcasonable that fuel type is the important factor of
direct HCEs and that improvinge tl e thermal performance of homes is considered an
important measure to reu.'ce HCEs by policy-makers in many counties (Druckman
and Jackson, 2010; %« uwan et al., 2018; Zhao et al., 2012). The indirect HCEs
embodied in the gocds and services consumed by households are related to the
scale and structure of consumption. Therefore, households’ income and the
differences in consumption patterns between urban and rural areas are the most
important factors of households’ consumption and HCEs(Jiang et al., 2020; Wang
and Chen, 2020).

For a developing country like China, households’ consumptions for energy and

other productions are the determines of HCEs. Some household characteristics, such
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as age and marital status, have a statistically significant but relatively lower impact

on HCEs.
Table 2 The result with LASSO regression model
Direct | Direct | Direct |Indirect|Indirect|Indirect] Total | Total | Total
HCEs | HCEs | HCEs | HCEs | HCEs | HCEs | HCEs | HCEs | HCEs
SP 79 50 0 75 40 0 80 40 0
MSE 0.520 | 0.510 | 0.510 | 2.404 | 2.336 | 2.335 | 3.394 | 3.300 (3.299
Household income per
capita 0.011 | 0.041 | 0.042 | 0.520 | 0.515 | 0.514 | 0.535 | 0.556 | 0.556
Household size -0.029 | -0.046 | -0.048 | -0.115 | -0.149 | - 1.151 | -0.137 | -0.197 | -0.199
Urban (Rural=1) -0.006 | -0.088 | -0.093 | 0.692 | 0.695 | N6y | 0.538 | 0.597 | 0.598
Region (Center=0) |__
East 0.097 1.182 0.279
West 0.137 0.163 0.299
Northeast 0.032 | 0.176 | 0.190 0.266 0.457
Fuel Type (Electricity=0) N
Solar/Biogas 0.056 -0.235 -0.179
LNG/Natural gas 0.146 | 07'1_9 0.271 | 0.267 | 0.090 | 0.394 | 0.413
Coal 0.979 | 1.227 | 1.7.55 -0.065 | 0.085 | 1.137 | 1.186
Firewood/Straw 0.357 | 0.507 0T -0.235 | -0.317 | -0.321 0.204
Others 0.051 -0.553 -0.503
House Type
(Bungalow=0)
Apartment - -0.059 | 0.251 | 0.431 | 0.443 | 0.177 | 0.366 | 0.384
Low-rise building -0.043 5084 -0.092 0.209 0.117
Others «L -0.041 0.313 0.272
Marital Status of Head
(Unmarried=0) 0.015 -0.068 -0.053
Generation of Head
(Generation_605=0)
Generation_10S-30S -0.055 -0.037 -0.092
Generation_40S -0.006 0.016 0.010
Generation_50S 0.016 -0.002 0.014
Generation_70S 0.011 0.046 0.057
Generation_80S 0.061 0.182 0.243
Generation_90S 0.065 | 0.022 | 0.385 | 0.398 0.463
Education of Head
(Under primary=0)
Primary 0.036 0.080 0.116
Junior secondary 0.040 0.145 0.185
Senior secondary 0.062 0.308 0.370
College and above 0.103 | 0.441 | 0.700 | 0.742 | 0.379 | 0.799 | 0.846
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6 Conclusion and policy implications

In recent years, the critical role of HCEs in climate change mitigation is
becoming increasingly recognized. In China, with the continuous growth of income
and the ongoing improvement in living standards, considerable attention has been
given to determining ways to mitigate HCEs. It is necessary to identify the key drivers
of HCEs for effective policy intervention. However, the .t:dies to date have been
based on ad hoc hypotheses of drivers for HCEs which ma'; end up to ambiguous
results and cannot distinguish their relative importcce.

In this paper, we calculated direct HCEs, indic~.c HCEs and total HCEs per capita
for 37,620 households in China in the ycar of 2012, 2014 and 2016 using an
emissions coefficient method and in ut output model with survey data. Then with a
LASSO regression model, we further ~rioritized the most important factors affecting
the direct, indirect and total HC.~. We further estimate the trend of the coefficients
for the main variables.

The results ~hc ved that cooking and heating with coal or firewood were the
most influential sou: ce of the direct HCEs. Households with fewer members, living in
bungalows, living in northeast regions, having higher income and living in rural areas
were likely to emit more direct HCEs. In addition, the variables of fuel type and
dwelling type can explain more than 70% of the direct HCEs, while the demographics
of the household heads were not important. For indirect carbon emissions, income
was the most important influencing factor, followed by urban or rural residency and

fuel type.
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Compared with the decomposition analysis and general regression model, the

LASSO regression not only empirically tests the impact of many household

demographic variables on HCEs, but also ranks their importance, thus identifies the

most influential driving factors of HCEs. The use of the LASSO regression model in

this paper not only addresses the issues of multicollinearity and over-fitting, but also

provides policymakers a quantitative basis to determine what kind of abatement

actions should be prioritized in order to reduce the emris.'ons effectively, which is

the contribution to the existing literature and practicz' po) cy-making.

Our study has the following policy implic=tioi s. First of all, it is essential to

promote a transition in household energy cor,umption structure since the fuel type

is the most influential factor of direc. HCEs. It is still necessary to continue to

promote fuel transition in subur.2n and rural areas. “coal to gas” or electrification,

that is, changing household cockiyg and heating fuel from coal or firewood to

natural gas, and further e\ tritication in cooking is also desirable (Wu et al., 2017).

However, such a trar...*io., should keep affordability under control since affordable

clean energy is an hportant means to improve carbon emissions and residents'

welfare. Solar PV may be the best choice in that it can reduce both environmental

degradation and poverty (Xu et al., 2019), but it may not be able to be popularized in

the short term due to financial constraints. If it is not possible to phase out coal,

using coal more efficiently and more cleanly is a better option (Chen et al., 2016).

Secondly, the factors of family size, dwelling type and regions have a second

important effect on the direct HCEs, which are related to buildings. The higher direct
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HCEs of households living in bungalows and indirect HCEs of households living in
apartments are both relevant to the energy efficiency of residential dwellings,
heating and cooking equipment, household appliances, automobiles and other
facilities (Khanna et al., 2016). Therefore, it is very necessary to promote energy
efficiency in the construction of buildings through renovating existing buildings or
build new dwellings that are energy-efficient, and to popularize energy-efficient
stoves, improve the efficiency of appliances and the fuel -:.onemy of automobiles so
as to reduce household energy consumption and rel ‘ted carbon emissions (Firth et
al., 2010). China’s green building initiative r:ea. to be further improved and
promoted (Liu et al., 2019).

Thirdly, the results show that househoil's' income and the attributes of urban or
rural residency have an import.nt impact on both direct and indirect HCEs. Amid
the current stimulations for eccne mic recovery, the governments should promote
green and low-carbon eccromic recovery, and align the policies and measures with
the Paris Agreemer.. ‘Sciiwanen, 2020; Yao et al., 2018). On the one hand, the
recovery package ne 2ds to serve the low carbon city construction, energy transition,
climate action and the structural change to modernize the Chinese economy (Liu et
al., 2017; Meng et al.,, 2018). On the other hand, Policies geared to stimulating
consumption must consider the related HCEs. Public campaigns and information
dissemination, such as energy efficiency labelling (Shi, 2014) and carbon labelling
(Shi, 2013), can be used to inform and assist well-educated households in avoiding

higher carbon lifestyles.
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It is worth noting that although the employment of LASSO regression can
provide a lot of crucial information for policy formulation, it is still subject to the
limitations of linear regression models. Therefore, one possible future research
direction is to incorporate other non-linear analytical techniques into the analysis,
for example, artificial neural network, and distribution dynamics analysis, thereby

complementing existing studies.
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Highlights

e Identified the most influential driving factors of HCEs with the LASSO model and
survey data.

e Three factors can explain more than 70% of the total decline in MSE of HCEs.

e Fuel type and dwelling type are the most influential factors of direct HCEs.

* Income, urban residency, and fuel type are the most influential factors of indirect
HCEs.

* The results with the LASSO model offer more flexivility in emission mitigation

policies.
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