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Abstract: Addressing the prevailing mode of high-carbon lifestyles is crucial for the transition
towards a net-zero carbon society. Existing studies fail to fully investigate the underlining factors
of unsustainable lifestyles beyond individual determinants nor consider the gaps between current
footprints and reduction targets. This study examines latent lifestyle factors related to carbon
footprints and analyzes gaps between decarbonization targets and current lifestyles of major consumer
segments through exploratory factor analysis and cluster analysis. As a case study on Japanese
households, it estimates carbon footprints of over 47,000 households using expenditure survey
microdata, and identifies high-carbon lifestyle factors and consumer segments by multivariate
regression analysis, factor analysis, and cluster analysis. Income, savings, family composition, house
size and type, ownership of durables and automobiles, and work style were confirmed as determinants
of high-footprint Japanese households, with eight lifestyles factors, including long-distance leisure,
materialistic consumption, and meat-rich diets, identified as the main contributory factors. The study
revealed a five-fold difference between lowest and highest footprint segments, with all segments
overshooting the 2030 and 2050 decarbonization targets. The findings imply the urgent need for
policies tailored to diverse consumer segments and to address the underlying causes of high-carbon
lifestyles especially of high-carbon segments.

Keywords: carbon footprint; household consumption; lifestyles; expenditure survey microdata;
factor analysis; cluster analysis; Paris Agreement

1. Introduction

The Paris Agreement requires that society transitions to net-zero carbon by the second half of this
century. In addition to direct greenhouse gas (GHG) emissions, such as those caused by using fuels for
vehicles and home heating, a variety of products and services are consumed by households, causing
indirect GHG emissions throughout the global supply chain. This consumption perspective can be
better explained through the use of carbon footprinting, which reveals the total amount of carbon
emissions directly and indirectly caused by activities or through the life cycle of products [1]. Existing
studies revealed the large contribution of household consumption to GHG emissions, estimated at
58%–72% of the total carbon footprint [2,3], and Japanese household consumption is a major contributor
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to global GHG emissions—the average carbon footprint is almost 2.7 times larger than the global
average [3]. A further study shows that over half of the average Japanese household carbon footprint
results from indirect emissions induced through the purchase of products and services, with less than
half caused by direct emissions such as from energy use at home [4].

Transitioning towards sustainable lifestyles has been a major focal point of global sustainability
policy agenda over the past few decades. The necessity for “encourage[ing] sustainable consumption
patterns and lifestyles” was recognized in the United Nations Conference on Environment and
Development (Earth Summit) in 1992 [5]. The Sustainable Development Goals (SDGs) adopted targets
to “ensure that people everywhere have the relevant information and awareness for sustainable
development and lifestyles in harmony with nature” and to “ensure that all learners acquire knowledge
and skills needed to promote . . . sustainable lifestyles,” among other issues [6]. In the context
of the climate change policy, transitioning to sustainable lifestyles has also been adopted as part
of the strategies towards net-zero carbon societies. The IPCC’s Special Report on the impacts of
global warming of 1.5 ◦C points out that “changes in human behavior and lifestyles are enabling
conditions that enhance the feasibility of mitigation and adaptation options for 1.5 ◦C-consistent
systems transitions,” [7]. The European Long-term Strategic Vision for climate-neutral economy
emphasizes that “[m]aking the transformation towards a net-zero greenhouse gas economy happen is
not just about technologies and jobs [but] about people and their daily lives, about the way Europeans
work, transport themselves and live together,” and “[p]ersonal lifestyle choices can make a real
difference, while improving quality of life,” [8]. Similarly, Japan’s Long-term Strategy under the
Paris Agreement emphasizes “Lifestyle innovation” for shifting the ways of daily living of its citizens
towards sustainability [9]. Low-carbon lifestyles can also be enhanced through transition towards a
circular economy; e.g., through efficient use of materials by the 3Rs, sharing of vehicles and buildings
by ride sharing and co-housing, and reduction of food loss [10]. A previous study suggests that carbon
footprints are an effective indicator to track the progress towards the circular economy [11].

The lifestyles of citizens define their consumption patterns—such as the decisions people make
on food, housing, mobility, consumer goods, leisure, and communication, which all interact with
each other—and therefore act as one of the underlying drivers of unsustainable trends in society [12].
For facilitating the transition towards low-carbon lifestyles, it is important to understand the underlying
lifestyle factors of especially high-carbon consumption patterns [13,14] and the implications of the
changes required in people’s actual lifestyles [15]. Such factors not only include sociodemographic
household characteristics, for example age and gender, but also other factors such as attitudes, beliefs,
and consumer choices. An existing study proposed a framework of consumer lifestyles approach
that consists of (i) external environmental variables such as culture and technology, (ii) individual
determinants such as attitudes, beliefs, and psychological factors, (iii) household characteristics such
as household size, income, and location, (iv) consumer choices or purchases, and (v) consequences of
resource use and environmental impacts [14]. As lifestyles of citizens vary within, and across countries,
analyzing lifestyles and carbon footprints at the national and sub-national levels is crucial [10,16].
This paper addresses the latter, and examines the characteristics of consumer lifestyles using household
survey microdata by focusing on household characteristics, patterns of consumer choices, as well as
their relationship with environmental impacts in the aforementioned consumer lifestyles framework.

Studies linking household expenditure survey microdata to environmentally extended
input–output analysis (EEIOA) have identified some of the major determinants of high-carbon
households and revealed a large variation of footprints among different groups of a population.
A number of studies identified sociodemographic factors such as income, household size, location,
automobile ownership, housing type, and food consumption patterns, and socio-cultural differences
as determining variables of footprints [17]. Some studies investigated expenditure survey data to
explain footprints by economic factors and quantified expenditure elasticity of environmental impacts
in the Netherlands [18] and the United States [19]. Another branch of studies focuses on location and
concluded that a more nuanced discussion is necessary regarding the comparison of footprints between
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rural and urban residents in Germany [20], Finland [21], and the United States [22]. Other studies
extended the explanatory variables and examined footprints with age, education, gender, employment,
and housing type in the United Kingdom [23]. Such examination of household-level footprints revealed
a large, within-country variation among households; for example, at least a 10-fold difference between
the lowest and highest footprint households in the United States [19]. These studies are mostly from
Europe and North America. In comparison with its counterparts, analysis of Japanese household
carbon footprints is limited. Previous research from Japan estimating carbon footprints from an
expenditure survey identified differences based on income, household size, and age groups, but the
effects from these factors were not quantified [4]. Other research has focused on age, and predicted
future changes in carbon footprint due to Japan’s aging society [24]. Another study investigated
expenditure, urbanity, employment, house type, age, and education in terms of energy consumption
using prefecture-level data but not carbon footprints [25]. Taken in sum, this pointed to the need for
further investigation of the determinants of carbon footprints of Japanese households.

As various lifestyle elements are mutually interlinked, an holistic understanding of lifestyles
beyond single domains or behaviors is necessary [12,26]. Methodologies applied in the aforementioned
studies were mostly limited to multivariate regression analysis, which although helps elucidate the
effects of individual variables, involve certain limitations such as the existence of correlations between
variables, implying a more thorough approach was needed in model selection and interpretation of
multivariate analysis [25]. This shortcoming was highlighted in another study, which concludes that
multicollinearity can be an issue, and implies that approaches other than multivariable regression
might be appropriate [19]. Furthermore, the underlying factors related to consumer lifestyles are
not limited to the sociodemographic household characteristics included as variables in household
expenditure surveys typically used for carbon footprint studies of individual households. Expanding
the scope of the factors under consideration in order to cross-analyze the patterns of consumer choices
and purchases is one way to address this shortcoming. Exploratory factor analysis is a useful data
reduction technique to identify unobserved factors based on multiple observed variables and has been
widely used in marketing research [27]. It has also been used in sustainability research to identify
some of the most relevant factors using a large number of variables to provide meaningful insights
into data, and in particular to examine the attitudes and behaviors surrounding pro-environmental
behaviors such as energy conservation [28] and recycling [29], as well as pro-environmental behaviors
in general [30]. The authors’ literature search revealed no application of exploratory factor analysis
for analyzing carbon footprints using microdata to date. This study thus applied exploratory factor
analysis to examine the carbon footprints of households and their underlying lifestyle factors.

Due to the diverse nature of consumer lifestyles and resultant climate impacts, it is difficult to
comprehend the whole picture if the underlying factors are only studied separately and not considered
as being interlinked. Consumer segmentation by clustering based on multivariate survey information
has been widely used in marketing research [31], and has recently been applied to researching
environmental footprints. A study from the United Kingdom estimated the carbon footprints of major
consumer segments based on an existing consumer segmentation model and analyzed a much broader
range of predictors [32]. A recent study from Switzerland also applied the clustering method to identify
major consumer segments and examined their characteristics in terms of environmental footprints [33].
Other compelling applications of cluster analysis include a study of dietary habits in Canada [34]
and Hungary [35], and household appliances in Germany [36], but their scope is limited to particular
consumption domains rather than being applicable to the environmental impact of lifestyles as a whole.
Combining these two methods of factor analysis and cluster analysis was an approach taken by a
previous comparative study, which concluded that using the results of exploratory factor analysis
as inputs for cluster analysis improves the quality of clusters [37]. Drawing on this conclusion, the
present study thus combines cluster analysis and exploratory factor analysis to examine variations in
carbon footprints within a country based on the underlying lifestyle factors.
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As regards the wider topic of society managing to operate within planetary boundaries, ‘One Planet
Living’ has been suggested from the perspective of lifestyles [38]. A previous study by some of this
paper’s authors identified that it would be necessary to reduce household carbon footprints by over
80%–90% for developed countries including Japan by 2050 in order to comply with the 1.5-degree
aspirational target of the Paris Agreement [10]. The gaps between the decarbonization target and
current consumer lifestyles need to be assessed both at the country level and individual household
level because carbon footprints vary across consumer segments. However, existing studies only
analyze these gaps at the country level using national average footprints as indicators [10,39]. Further,
the aforementioned studies on carbon footprints based on microdata do not analyze current lifestyles of
citizens in terms of per-capita footprint targets but instead focus on identifying current characteristics,
and further, do not explicitly focus on identifying opportunities for drastic reductions in footprints.
This pointed to the need to further examine consumer carbon footprints using household survey
microdata from the perspective of gap analysis, while considering the long-term targets.

This study examines the lifestyle-related factors related to high carbon households by multivariate
regression analysis and exploratory factor analysis based on the carbon footprints of Japanese
households estimated from expenditure survey microdata. It also develops a consumer segmentation
model by cluster analysis and examines the gaps between current footprints and mid- to long-term
decarbonization targets.

The paper is structured as follows. Section 2 describes the methodology used for estimating
carbon footprints of Japanese households, analysis of individual determinants and lifestyle-related
latent factors, and consumer segmentation. Section 3 provides an overview of the distribution of
carbon footprints among Japanese households, describes the individual determinants and latent factors
of high-carbon lifestyles, and gives results of the gap analysis based on consumer segmentation.
Section 4 provides a summary of the contributions, recommendations for policymaking, limitations of
the present study, and pointers for further research.

2. Materials and Methods

The methodology used in this study included the following steps. First, estimation of the carbon
footprints of over 47,000 Japanese households was carried out using expenditure survey microdata,
after which the distribution of the carbon footprints among sample households was examined. This was
followed by identifying individual determinants of high-carbon households by multivariate regression
analysis, then further identifying the most relevant lifestyle factors contributing to carbon footprints
in different areas using exploratory factor analysis. Cluster analysis was then used to identify major
consumer segments, based on differences in the lifestyle factors. Gaps between current lifestyles
of Japanese households and the mid- to long-term per capita carbon footprint targets were then
investigated and revealed.

2.1. Estimation of the Carbon Footprints of Japanese Households

Environmentally extended input–output analysis (EEIOA) is a methodology used to estimate the
carbon footprint induced by final demand sector, such as household consumption [2,3]. The present
study uses a combination of household expenditure survey microdata and EEIOA to estimate the carbon
footprints of individual households in the survey samples as proposed in previous studies [18,19,40].
The household expenditure data used in the study were the anonymized microdata of the 2004 National
Survey of Family Income and Expenditure (NSFIE) [41] provided by the National Statistics Center, and
are the most recent anonymized household expenditure survey microdata available in Japan. The data
covers expenditure of more than 300 consumption items along with sociodemographic characteristics
of households and their makeup. NSFIE consists of two separate datasets, one for single households
and one for multiple-member households, which were combined in the present study to examine all
household types in Japan. Sample weights were adjusted considering the length of the survey period
in the two datasets.
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The carbon intensity of each product or service was obtained by summing up the direct and
indirect emissions. The indirect intensity figures were obtained from the global link input–output
(GLIO) model, which is a multi-regional EEIOA model with high resolution of sectoral aggregation in
Japan [42], the database of which contains the estimated GHG intensity of over 400 goods and services
based on categories of the Japanese Input–Output Table as of 2005. The direct GHG emissions of
Japan’s household sector were estimated from the emission data included in the Embodied Energy
and Emission Intensity Data for Japan Using Input–Output Tables (3EID) database for 2005 [43].
This database contains annual amounts of direct GHG emissions related to the Japanese household
sector such as those resulting from the use of fuels for homes and vehicles, as of 2005. To estimate
the direct carbon intensity of in terms of monetary unit of household expenditure (Japanese Yen),
the annual direct emissions were divided by the relevant household expenditure based on the 2005
Japanese Input–Output Table [44].

The carbon footprints of Japanese households were estimated by multiplying the expenditure
from the NSFIE data by the corresponding carbon intensity of GLIO at each product or service level.
As consumption item categories in NSFIE and GLIO differed, a concordance matrix was created to
match data from the product and service categories of NSFIE and GLIO. The estimated item-level
carbon footprints were aggregated to estimate the total footprints for consumption domains and
components. However, the footprints estimated from the household expenditure survey are known
to be underestimated due to inconsistencies between the social accounting matrix and the survey
data [24,45]. This can result from underreporting or misreporting of some expenditure items in the
household accounts book survey used in the NSFIE. To address this issue, in this study the calculated
footprints were adjusted using the estimated footprints by the household expenditure of the 2005
Japanese Input–Output Table with the carbon intensity of indirect emissions from the GLIO and direct
emissions from the 3EID. In other words, the calculated footprints for each item for each household
using the NSFIE microdata were adjusted by the proportion of the total carbon footprints of Japanese
households based on the 2004 NSFIE to that based on the 2005 Japanese Input–Output Table. Differences
in estimates between the years 2004 and 2005 were adjusted by the proportion of the total household
expenditure of 2004 to that of 2005 based on the Family Income and Expenditure Survey (FIES), which
is an annual national household expenditure survey for which microdata is not available [46].

The consumption domains considered in this study were food, housing, mobility, household goods,
leisure, and services, following the existing literature on sustainable consumption and production [3].
Components forming the subcategories under domains were modified from the previous study by
some of the authors [10] considering the availability of items in NSFIE. The domain-level footprint
data were bottom-coded by winsorizing to address the bias due to underreporting of some items under
particular domains. In other words, any values smaller than the first percentile of the domain-level
footprints were replaced with values of the first percentile. The per capita carbon footprints were
calculated by dividing the household footprints by family size. The descriptive statistics of carbon
footprints by domain were calculated considering the sample weights. Furthermore, the distribution
of carbon footprints among Japanese households were investigated based on the estimated share of
total carbon footprints induced by the population in different percentile groups to the total carbon
footprints of Japanese households.

2.2. Analyzing the Individual Determinants of High-Carbon Households by Regression Analysis

The estimated carbon footprints of Japanese households were analyzed using sociodemographic
variables of households to understand the determining factors of high-carbon consumer lifestyles.
In this analysis, weighted multivariate regression analysis was applied, with the per capita carbon
footprint as the dependent variable and the household as a unit of analysis. The independent variables
were selected from among the available variables in the NSFIE data and based on the literature review
of existing studies. To prepare the data, some of the numeric data were converted into categorical data
or vice versa, and some variables were transformed into dummy variables. As some of the information
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on family members was only available at the family member level, some variables were converted into
household level variables. Multiple models were developed using different independent variables:
economic (income, savings), sociodemographic (family size, household type, number of household
members by age group, age and sex of household head), infrastructure-related variables (metropolitan
area, house size, house type, car and motorbike ownership), and other lifestyle and durables ownership
(work style, ownership of durable products). Square terms of the age variable were included in the
model due to the age-related peak-out effects identified in the previous study [4].

2.3. Analyzing the Lifestyle Factors Contributing to Carbon Footprints in Various Items by Factor Analysis

As discussed in the introduction section, the determining variables of carbon footprints are
interrelated, which makes the interpretation of individual variables in the regression analysis difficult.
This is why consumer lifestyles need to be examined and understood as a whole, rather than by
individual, isolated determinants. Expenditure survey data also has its limitations in terms of the
coverage of available variables, and often important information related to consumer lifestyles is
not recorded or cannot even be observed. Most of the available variables are static characteristics
of households, such as economic, sociodemographic, or infrastructure-related ones. Although the
NSFIE dataset contains ownership of durable products and work style, variables considered in the
regression models in the previous step are insufficient for a holistic understanding of consumer
lifestyles. To overcome this challenge, an exploratory factor analysis was used in this study to identify
the major lifestyle factors contributing to the different areas of household carbon footprints.

Exploratory factor analysis is a method to examine the underlying structure of data to identify
smaller sets of unobserved factors from the large amount of observed variables. In this study,
an exploratory factor analysis by the maximum likelihood method using the correlation matrix was
used to extract lifestyle factors that explain the carbon footprints of various consumption components.
The variables used for the exploratory factor analysis in this study are carbon footprints at the
component level in kgCO2e per capita. The consumption components are categories such as meat, fish,
beverages, housing space, electricity, water, public transport, automobiles, furniture, and electronics.
The number of factors were determined using parallel analysis [47]. Promax rotation was applied to
obtain lifestyle factors that are more interpretable. The identified factors were interpreted and manually
labeled based on the factor loadings on component-level footprints. To understand the effects of the
factors on overall carbon footprints, weighted multivariate regression analysis was conducted using
the factor scores as independent variables and per capita total carbon footprints as dependent variables.

2.4. Identifying Consumer Segments by Cluster Analysis and Analyzing Gaps with Footprint Targets

The consumer segmentation of Japanese households was developed using cluster analysis, and
household characteristics on carbon footprints and lifestyles were examined in comparison with the
mid- to long-term reduction targets of per capita carbon footprints. In this study, k-means clustering
was used as a method to determine consumer segments. This is an unsupervised machine learning
method to assign samples into a certain number of clusters based on the statistical distances between
cluster centroid and data points. To identify consumer segments based on the characteristics of
consumer lifestyles related to carbon footprints, identified factors of consumer lifestyles in the previous
step were used as input variables for the cluster analysis. The number of clusters was determined by
the elbow method, the weighted mean carbon footprints of each cluster were estimated to understand
the variation among major consumer segments, and the identified clusters were manually labeled
based on the information on their carbon footprints, lifestyle factors, and household characteristics.

The mid- to long-term per capita targets of carbon footprints were adopted from the previous
study by some of the authors [10]. The total per capita footprint targets to be achieved by 2030 and 2050
were assigned into six domains based on the predictive analysis on domain-level carbon footprints.
In other words, the per capita footprint for each domain (i.e., food, housing, mobility, household
goods, leisure, and services) was predicted by a regression model using total per capita footprint as an
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independent variable. In the model, the square term was included to consider the non-linear changes,
and the intercept was set at zero to avoid inconsistency in the predicted total footprint. The assumption
here is that because the total carbon footprint is reduced over time, so too will the footprint allocated
to each domain, in accordance with the observed proportion of domain level footprints among the
sample households in the NSFIE data. Finally, the current footprint and the 2030 and 2050 targets
were compared for each consumer segment in order to understand the gaps in the transition toward
low-carbon lifestyles.

3. Results and Discussion

3.1. The Estimated Carbon Footprints of Japanese Households

This study first estimated the carbon footprints of over 47,000 sample households of the NSFIE
using its anonymized microdata. The descriptive statistics of the estimated footprints are summarized
in Table 1. The weighted mean of the annual carbon footprints was estimated as 7.5 t-CO2e per capita,
equivalent to 19.6 t-CO2e per household, which is a figure slightly lower than those of the previous
study by some of the authors (7.6 t-CO2e per capita) [10] and lower than the existing study using
multi-regional EEIOA (9.0 t-CO2e per capita) [3]. This disparity might be due to the difference in
sectoral disaggregation and carbon intensities used. Further, the use of different models to estimate
carbon footprints naturally tends to result in a certain level of differences—one comparative study
of different MRIO models concluded there was up to 10%–20% disparity for major economies [48].
Furthermore, the adjustment made in this study addressed the tendency of footprints obtained from
the NSFIE data to be underestimated in comparison with those estimated by the input–output table
reported in a previous study [45].

Table 1. Descriptive statistics of estimated carbon footprints.

Mean Standard
Deviation Minimum 1st

Quartile Median 3rd
Quartile Maximum

Per Household 1

Total 19,622 10,758 1396 12,146 17,922 24,736 209,437
Food 3990 2323 366 2204 3655 5317 33,776

Housing 7160 3803 545 4393 6530 9100 58,827
Mobility 3277 5263 0 437 1944 4383 128,585
Goods 2403 2511 53 916 1739 3047 65,958
Leisure 967 1068 0 266 677 1300 21,295
Services 1826 2465 85 801 1323 2142 104,863

Per Capita 2

Total 7511 4026 1049 4907 6570 9007 111,703
Food 1527 776 366 983 1371 1891 12,882

Housing 2741 1362 545 1848 2462 3318 29,414
Mobility 1254 2036 0 254 784 1560 91,583
Goods 920 1125 53 349 612 1100 52,934
Leisure 370 547 0 100 214 416 10,224
Services 699 934 85 329 514 802 52,431

Weighted statistics of the estimated carbon footprints of Japanese households in kgCO2e/year. 1 Household weighted
statistics are based on household sample weight. 2 Population weighted statistics are based on products of the
household sample weight and family size as weight. N = 47,797.

Most of the footprint could be attributable to housing, mobility, and food (74% of the total footprint
was from these three domains). This corroborates the importance of these domains highlighted
in previous studies [17]. The estimated carbon footprints indicate substantive variations between
households across Japan. As the median (6.6 t-CO2e per capita; 17.9 t-CO2e per household) is
substantively smaller than the mean (7.5 t-CO2e per capita; 19.6 t-CO2e per household), the distribution
of carbon footprints is right-skewed, implying a limited number of consumers have especially high
footprints and therefore have an excessive influence on the average carbon footprints. The standard
deviation of the estimated total footprint is more than half of the weighted mean. Variations were
relatively smaller for the housing and food domains, whereas were larger for other domains such
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as mobility, leisure, and goods. These differences can be interpreted to mean that some consumers
had very large carbon footprints due to moving long distances, purchasing especially large amounts
of goods, and enjoying high-carbon leisure activities whereas many other consumers had lifestyles
with considerably lower footprints for these domains. On the other hand, most of the country’s
population had certain footprints for food and housing in common, partly because nutritional intake
and comfortable housing space are basic needs and such needs are mostly satisfied in developed
countries like Japan—and even high-footprint households had relatively limited maximum footprints
for these domains compared to other domains.

The distribution of carbon footprints among Japanese households was further analyzed based
on the estimated carbon footprints of sample households. The results confirmed that the carbon
footprints of Japanese households were heavily right-skewed, and a limited share of the population was
responsible for a large share of the sum of carbon footprints of households in the country. As illustrated
in Figure 1, on the one hand, the top 10% of the population in terms of per capita carbon footprint
(population with per capita footprints above 90th percentile) was responsible for 22% of the total carbon
footprints of household consumption in Japan, and the top 30% of the population was responsible for
almost half, or 48% of the country’s household carbon footprints. On the other hand, the lower 10%
(population with per capita footprints below 10th percentile), 30% (below 30th percentile), and 50%
(below median) of the population were responsible for only 4%, 16%, and 32% of the total carbon
footprints, respectively. This unequal distribution of carbon footprint within the country implies the
importance of considering the burden sharing of mitigation actions based on the polluter-pays-principle
from the consumption perspective, in relation to the necessity of the drastic decarbonization of per
capita carbon footprints discussed in Section 3.4 of this paper. These results show that for reducing
carbon footprints of households, high-footprint consumer segments in particular should be addressed,
and low-footprint households should not be the first ones to be made responsible for mitigation
efforts. This implication is in line with the previous studies on the footprints of low-income household
segments [15,16,26].
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Figure 1. Distribution of the carbon footprints among Japanese households. The share of the total
carbon footprint of the population between two percentiles to the total carbon footprints of Japanese
households. More details are given in Appendix A. N = 47,797.

3.2. The Individual Determinants of High-Carbon Households in Japan

In this study, the individual determinants of high-carbon households in Japan were examined
by multivariate regression analysis of the estimated carbon footprints and household characteristics
of the NSFIE sample households. The descriptive statistics of the variables used in the analysis are
summarized in Tables 2 and 3. It should be noted that some of the variables, such as income and
savings, were top coded as part of the anonymization process in the provided NSFIE microdata.
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Table 2. Descriptive statistics of selected household characteristics (numeric variables).

Mean Standard
Deviation Minimum 1st

Quartile Median 3rd
Quartile Maximum

Income 1 584 384 1 319 500 753 2500
Savings 2 1254 1628 0 200 670 1621 9500

Family size 3 2.6 1.4 1 1 2 4 7
Members under 18 4 0.5 0.9 0 0 0 1 5
Members over 65 5 0.5 0.7 0 0 0 1 4
Members 18 to 64 6 1.6 1.1 0 1 2 2 7

Age 7 54.5 15.8 18 43 58 68 88
House size 8 101.0 51.8 7 60 97 137 200

Car 9 1.2 1.0 0 0 1 2 5
Motorbike 10 0.2 0.5 0 0 0 0 5

Refrigerator 10 1.2 0.5 0 1 1 1 8
Air Conditioner 10 2.0 1.7 0 1 2 3 11

TV 10 1.9 1.2 0 1 2 3 11
PC 10 0.9 0.9 0 0 1 1 9

Weighted statistics of the selected household characteristics. Some variables are top coded in the originally provided
anonymized microdata. N = 47,797. 1 Annual income per household in ten thousand JPY. 2 Current savings per
household in ten thousand JPY. 3 Number of members per household. 4 Number of members under 18 years old.
5 Number of members 65 years old or over. 6 Number of members between 18 and 64 years old. 7 Age of household
head, converted from 5-year categories. 8 Area of residence excluding business purpose in m2/household. 9 Number
of owned cars. 10 Number of owned durable products, missing values imputed.

Table 3. Descriptive statistics of selected household characteristics (categorical variables).

Variables Categories % Variables Categories %

Household type

Single 1 28.2%

Employment

One full-time only 8 40.1%
Husband and wife 2 22.0% Multiple full-time 9 23.1%

Child-raising family 3 32.8% One full- and part-time 10 10.5%
Single parent 4 3.6% Part-time only 11 4.2%
Three or more
generations 5 8.7% Seeking job only 12 1.6%

Other household 4.6% Not in labor force only 13 20.5%

Sex 6 Male 79.7%

House type

Detached 14 64.9%
Female 20.3% High rise 15 9.1%

Metropolitan 7 Metropolitan 50.4% Mid rise 16 13.4%
Non-metropolitan 49.6% Other house 12.6%

Weighted proportion of the households by selected categorical variables. N = 47,797. 1 Household with one person
only. 2 Household with husband and wife only. 3 Household with husband, wife, and children only. 4 Household
with single parent and children only. 5 Household with more than two generations. 6 Sex of household head. 7 Three
metropolitan areas: Tokyo, Osaka, and Nagoya. 8 Only one member working full time. 9 More than one member
working full time. 10 One member working full time and one or more members working part time. 11 Working part
time only. 12 Nobody working and at least one member looking for job. 13 Nobody working nor looking for job.
14 Single detached house. 15 Apartment in block of six floors or more. 16 Apartment in block of three to five floors.

The results of the weighted multivariate regression analysis with per capita carbon footprints
as dependent variable and various household characteristics as independent variables (summarized
in Table 4) confirmed that economic affluence and family composition were the determinants of
household carbon footprints. According to Model 1, households with incomes higher by 1 million JPY
and savings of over 10 million JPY were likely to have per capita footprints larger by 381 kgCO2e and
290 kgCO2e, respectively, with statistical significance (p < 0.001). After controlling for these economic
factors, a decrease in one family member was associated with 1925 kgCO2e per capita increase in
carbon footprint (p < 0.001). This could be explained by the more efficient use of shared space, products,
and activities such as cooking and heating with more people living together. The effects of a decreased
family size on carbon footprints imply that the trends of nuclear families and single households in
Japan might have adverse impacts on the carbon footprints of Japanese.
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Table 4. Results of the regression analysis of selected variables on carbon footprints.

Model 1 Model 2 Model 3 Model 4 Model 5 Model 6 Model 7

(Intercept) 11,100 ***
(40.5)

8821 ***
(216)

8969 ***
(217)

7941 ***
(220)

7800 ***
(224)

7346 ***
(230)

7132 ***
(223)

Income 1 3.81 ***
(0.056)

3.74 ***
(0.059)

3.77 ***
(0.059)

3.51 ***
(0.059)

3.24 ***
(0.060)

3.31 ***
(0.063)

3.06 ***
(0.063)

Saving 2 0.290 ***
(0.012)

0.335 ***
(0.012)

0.340 ***
(0.012)

0.260 ***
(0.012)

0.267 ***
(0.012)

0.266 ***
(0.013)

0.217 ***
(0.012)

Family Size −1925 ***
(14.2)

(Base case: Husband and wife)

Single 1281 ***
(72.7)

1309 ***
(72.7)

1613 ***
(72.8)

1639 ***
(74.5)

1635 ***
(74.9)

1620 ***
(72.0)

Child-raising Family −2031 ***
(76.3)

−2008 ***
(76.2)

−1945 ***
(75.4)

−1966 ***
(77.0)

−2012 ***
(77.5)

−2007 ***
(74.7)

Single Parent −1709 ***
(116)

−1680 ***
(116)

−1488 ***
(115)

−1600 ***
(118)

−1622 ***
(119)

−1622 ***
(114)

Three Or More
Generation

−1529 ***
(127)

−1556 ***
(127)

−1640 ***
(125)

−1897 ***
(129)

−2027 ***
(130)

−2086 ***
(125)

Other Household −1301 ***
(98.3)

−1330 ***
(98.2)

−1395 ***
(97.2)

−1463 ***
(99.5)

−1624 ***
(101.3)

−1651 ***
(97.2)

Member Under 18 −1250 ***
(32.2)

−1257 ***
(32.2)

−1312 ***
(31.9)

−1344 ***
(32.5)

−1365 ***
(32.6)

−1377 ***
(31.4)

Member Over 65 −1514 ***
(48.1)

−1523 ***
(48.0)

−1830 ***
(48.6)

−1905 ***
(49.7)

−1737 ***
(52.2)

−1726 ***
(50.6)

Member 18 to 64 −1049 ***
(41.7)

−1053 ***
(41.7)

−1196 ***
(41.5)

−1443 ***
(43.4)

−1305 ***
(44.4)

−1400 ***
(43.0)

(Base case: Male)

Female −120.0 *
(58.2)

−141.2 *
(58.2)

−272.9 ***
(57.8)

−62.8
(59.8)

44.9
(60.7)

30.1
(58.3)

Age 35.2 ***
(7.57)

34.9 ***
(7.56)

37.2 ***
(7.48)

36.2 ***
(7.62)

36.1 ***
(7.60)

32.4 ***
(7.33)

(Square term) −0.316 ***
(0.070)

−0.313 ***
(0.070)

−0.334 ***
(0.070)

−0.315 ***
(0.071)

−0.313 ***
(0.071)

−0.292 ***
(0.068)

(Base case: Non-Metropolitan)

Metropolitan −318.1 ***
(35.7)

−42.49
(36.5)

228.1 ***
(38.5)

193 ***
(38.5)

−48.08
(38.4)

House Size 3 12.86 ***
(0.51)

10.36 ***
(0.53)

10.77 ***
(0.53)

7.792 ***
(0.52)

(Base case: Other House)

High-rise 288.4 ***
(77.5)

472.2 ***
(80.0)

471.1 ***
(79.9)

408.6 ***
(76.3)

Mid-rise −117 #
(68.9)

−45.41
(70.5)

−41.08
(70.3)

−19.08
(67.5)

Detached 163.5 *
(66.1)

150.2 *
(67.5)

186.3 **
(67.9)

89.21
(65.7)

Car 706.3 ***
(25.5)

725.5 ***
(25.8)

646.3 ***
(24.9)

Motorbike 142.7 ***
(39.9)

152 ***
(39.9)

16.82
(38.5)

(Base case: Not in Labor Force Only)

One Full Time Only 369.1 ***
(63.1)

385.5 ***
(60.5)

Multiple Full-time −443.7 ***
(80.7)

−408.9 ***
(77.3)

One Full- and Part-time 193.3 *
(86.3)

210.2 *
(83.0)

Part-time Only −113.8
(99.5)

−102.9
(95.8)

Seeking Job Only −231.3
(151.8)

−369.5 **
(143.0)

Refrigerator 358.3 ***
(35.9)

Air Conditioner 219.6 ***
(13.1)

TV 48.88 **
(18.3)

PC 359.7 ***
(21.1)

Adjusted R2 0.302 0.325 0.327 0.342 0.358 0.362 0.369

Weighted multivariate regression analysis with per capita carbon footprints in kgCO2e/cap/year as dependent
variable. Standard deviations in parentheses. Significance level of p < 0.001 ***, 0.01 **, 0.05 *, 0.1 # N = 47,797.
1 Annual income per household in ten thousand JPY. 2 Current savings per household in ten thousand JPY. 3 Area of
residential house excluding business purpose in m2/household.



Sustainability 2019, 11, 5983 11 of 25

Consumer lifestyles are expected to differ due to other sociodemographic characteristics, which
affect energy use and product purchase behavior and in turn determine carbon footprints. Not only
family size but also family composition and age have effects on carbon footprints, as according to
Model 2, in comparison with a household comprising a non-elderly couple, a single household was
predicted to have a 2330 kgCO2e per capita larger carbon footprint (p < 0.001). In contrast, a child-raising
family with two children and a three-generation family with one child and one elderly member were
predicted to have 4531 kgCO2e and 4293 kgCO2e per capita smaller carbon footprints, respectively,
with statistical significance (p < 0.001). After controlling for other factors, a household with a female
household head was likely to have a 120 kgCO2e per capita smaller footprint (p < 0.05). The statistically
significant estimated coefficients with a square term indicate that the effects of age on carbon footprints
had an inverse-U shape, with a peak at around 56 years old (p < 0.001). These differences reflect
the effects from shared space and activities among household members and also different levels of
basic needs and lifestyles for younger and older household members. These results confirmed the
relevance of income, household size, and age on carbon footprints as revealed in previous studies
of carbon footprints in Japan [4], which the present study had built on by quantifying the effects of
such determinants.

The infrastructure surrounding the daily living of households, including urbanity, housing,
and transport, are also expected to affect the carbon intensity of lifestyles. According to Model 3, after
controlling for economic affluence and demographic factors, a household living within the three major
metropolitan areas in Japan was likely to have a 318 kgCO2e per capita smaller carbon footprint, with
statistical significance (p < 0.001). This could be due to more developed public transport in urban
areas, but additional analysis reveals that house and transport-related specific variables explained the
carbon footprints better than for residential areas. According to Model 4, households with 10 m2 larger
housing space, those within a high-rise apartment and those comprising a detached single house, were
associated with 129 kgCO2e, 288 kgCO2e (p < 0.001), and 164 kgCO2e (p < 0.05) per capita higher
carbon footprints, respectively. In this model, the effects of the metropolitan area became statistically
insignificant, which implies that the effects of residential areas observed in Model 3 were mostly
explained by type and size of residence. Furthermore, according to Model 5, after controlling for other
factors, a household with one more owned car and motorbike was likely to have a 706 kgCO2e and
143 kgCO2e per capita (p < 0.001) higher carbon footprint, respectively. In this model, the effects of
the metropolitan area were opposite to those of Model 3. After controlling for other factors including
car and motorbike ownership, a household living in a major metropolitan area was likely to have
a 228 kgCO2e per capita higher footprint (p < 0.001). This increased footprint could possibly be
explained by more consumption opportunities and consumption-oriented lifestyles that outweigh
the savings in carbon emissions from developed public transport and relatively smaller house size.
These differences in the effects of urbanity on carbon footprints by model selections were in line with
previous studies focusing on rural and urban location, which conclude that not necessarily all urban
households are low-carbon but that increased material consumption in urban lifestyles also contributes
to larger footprints [20]. These findings confirm the effects of various household characteristics related
to urbanity, housing type, and automobile ownership on carbon footprints in previous studies [17] and
were also applicable to Japanese households.

Consumer lifestyles and their impacts on carbon footprints can also be explained by work
style. According to Model 6, after controlling for income, savings, and other sociodemographic and
infrastructure-related factors, compared to non-working households, households with one member
working full time and additional members working part time were likely to have 369 kgCO2e (p < 0.001)
and 193 kgCO2e per capita (p < 0.05) higher carbon footprints, respectively. Conversely, a household
with more than one member working full time was likely to have a 444 kgCO2e per capita smaller
footprint (p < 0.001). These differences could be potentially explained by changes in activity level,
consumption opportunities, and consumption-oriented lifestyles due to differences in work style.
For example, households with only one member working full-time may have work-related emissions
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such as commuting and socializing with coworkers, but also other household members may enjoy
other activities such as leisure and cultural activities. However, households with two or more
members working full-time may have fewer opportunities for consumption due to limited free time.
Nevertheless, the effects of work should be interpreted in combination with the effects of increased
income. One additional person working full-time would usually be associated with a substantial
increase in income, the effects of which may outweigh the decreased emissions from limited free time.
These results confirm the relevance of time use aspects in terms of the sustainability of lifestyles [49–51].

Carbon footprints of consumers can also be explained by ownership of major durable products.
Model 7 confirmed that ownership of durable products was associated with higher carbon footprints.
After controlling for other factors, households with one more refrigerator, air conditioner, TV, and PC were
associated with 358 kgCO2e, 220 kgCO2e (p < 0.001), 49 kgCO2e (p < 0.01), and 360 kgCO2e (p < 0.001)
per capita larger footprints. This could be partly explained by the energy requirement to operate these
products, but also by the tendency for materialistic consumer lifestyles to have higher carbon footprints
overall, as a sum of footprints across all consumption domains. The findings in this study on the impacts
of materialistic lifestyles with multiple product ownership confirmed the relevance of ownership of
household equipment [36]. To confirm the absence of multicollinearity, the variance influence factor (VIF)
test of independent variables was used for each model, which revealed that none of the above models had
multicollinearity problems based on the criteria of a VIF not greater than 10.

3.3. The Lifestyle Factors Contributing to Carbon Footprints in Various Consumption Items in Japan

As the individual determinants of high-carbon households in the previous section might not
consider the unobserved lifestyle-related factors nor the interrelationships between the individual
determinants, this study further examined the characteristics of high-carbon households by the
application of exploratory factor analysis to identify the latent factors contributing to variation in
carbon footprints for the different consumption items. The most appropriate number of factors was
identified as eight by parallel analysis. As a result, various factors related to consumer lifestyles were
identified as the factor loadings on the carbon footprints by components summarized in Table 5. Based
on these factor loadings, eight factors were manually labeled as shown in Table 6. To understand
the contribution of these lifestyle factors on climate change impacts, the effects of the factors on
carbon footprints were estimated by weighted multivariate regression analysis using factor scores as
independent variables and per capita carbon footprints as the dependent variable. These labels and
estimated effects on carbon footprints are summarized in Table 6.

According to the results of the exploratory factor analysis, the factors identified in the analysis
covered various aspects of consumer lifestyles including dietary habits, leisure and hobby, home
utilities, and product consumption. The factor with the largest impact on climate change was leisure
with driving and in-home hobby (Factor 7). Households with high scores for this lifestyle factor
tended to enjoy automobile driving and leisure activities outside of home, purchase large amounts of
electronics, hobby products, and cooked food with high electricity consumption at home. The second
largest high-carbon lifestyle factor was long-distance leisure and outings (Factor 3). Households with
high scores for this lifestyle factor were likely to have high footprints from leisure activities and mobility
demand including airplane flights, public transport, and automobiles as well as the purchase of large
amounts of clothes and cooked food. The third major high-footprint lifestyle factor was materialistic
consumption at home (Factor 4). People with high scores for this factor tended to purchase large
amounts of consumer goods including clothes, appliances, electronics, and hobby products. They also
had a relatively large footprint from the maintenance of housing space. The fourth largest high-carbon
factor was home utilities (Factor 5), which was related to larger per capita footprints from the use of
home utilities including electricity, fuel, and water.

Three to four lifestyle factors related to dietary habits were also identified in the analysis. Households
with meat- and fish-rich diets (Factor 1) tended to purchase more fish and meat with some vegetables,
whereas households with lacto-vegetarian diets and essentials (Factor 2) were likely to purchase dairy
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products and eggs, vegetables, and cereals. This factor also covered purchase of other essential products
such as daily necessities. Households with a lifestyle factor featuring beverages, cooked food, and snacks
(Factor 6) had a tendency to enjoy beverages, cooked food, and snacks at home. It should be noted
that eating and drinking at restaurants was included in the leisure component, so this factor specifically
covered drinking and snack intake at home, whereas lifestyles of eating and drinking outside the home
were covered by Factors 3 and 7. The remaining factor (Factor 8) had somewhat mixed characteristics
and covered other tendencies. Households with this factor tended to use large amounts of fuel at
home for heating but might also consume less meat and more fruit and vegetables. These underlying
lifestyle factors confirmed the relevance of carbon-intensive leisure activities, car driving, home energy
consumption, meat and dairy product consumption [10], and ownership and use of goods [36] for
addressing environmental impacts of consumer lifestyles. The identified lifestyle factors were beyond a
single product category or domain, as illustrated by a factor referring to car driving, leisure, and product
consumption. This cross-cutting nature of lifestyle factors implies the necessity to address consumer
lifestyles across different consumption domains, which confirms the importance of policy integrations on
sustainable consumption and production between different policy sectors [52].

Table 5. Summary of factor loadings on carbon footprints by component.

Domain Component F1 F2 F3 F4 F5 F6 F7 F8

Food Cereals and Others 0.09 0.41 −0.11 −0.07 −0.01 0.02 0.15 0.04
Vegetables and Fruits 0.42 0.54 −0.01 0.03 0.03 −0.09 −0.02 0.14

Dairy and Eggs −0.07 0.58 −0.08 0.03 0.03 0.04 −0.07 −0.04
Fish 0.89 −0.06 0.04 0.02 −0.01 0.07 −0.01 0.05
Meat 0.32 0.11 −0.02 0.04 0.07 −0.01 −0.01 −0.29

Cooked Food −0.05 0.13 0.14 0.13 0.03 0.30 0.12 −0.04
Beverages 0.05 −0.02 0.03 −0.03 −0.02 0.66 0.08 0.02

Housing Space −0.02 0.00 0.04 0.14 0.02 0.05 −0.02 0.12
Electricity 0.00 −0.02 0.02 0.06 0.47 −0.02 0.21 −0.01

Fuel 0.09 0.04 −0.01 −0.03 0.32 0.03 0.07 0.32
Water −0.04 0.00 0.03 −0.02 0.65 −0.02 −0.09 0.09

Mobility Public Transport 0.04 0.15 0.41 −0.01 −0.05 −0.04 0.02 0.02
Automobile −0.03 −0.11 0.12 −0.02 −0.05 0.02 0.33 0.00

Flights 0.02 0.05 0.23 −0.06 0.00 −0.07 0.07 0.03

Goods Clothes 0.02 −0.05 0.19 0.41 0.03 −0.09 0.08 −0.09
Daily Necessities −0.02 0.11 −0.04 0.40 0.04 0.04 −0.07 0.01

Furniture and Others 0.02 −0.05 −0.12 0.54 −0.04 −0.03 0.05 −0.02
Home Appliances 0.07 −0.03 −0.08 0.27 −0.03 −0.01 0.01 0.07

Electronics −0.06 −0.01 0.09 0.10 −0.07 0.01 0.15 −0.03
Hobby −0.01 0.08 0.04 0.13 −0.02 −0.03 0.37 0.06

Leisure - 0.02 −0.13 0.69 −0.03 0.04 0.04 0.32 0.00
Services - −0.05 0.09 0.15 0.07 0.00 0.00 0.20 0.01

SS loadings 1.11 0.913 0.850 0.774 0.766 0.568 0.529 0.253
Cumulative Var 0.05 0.092 0.131 0.166 0.201 0.226 0.25 0.262

Factor loadings above 0.1 and below −0.1 in bold italics.
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Table 6. Label of lifestyle factors and their relationship with total per capita carbon footprint.

Description of Lifestyle Factor Coefficient (Standard Deviation) 1

(Intercept) - 7810 *** (10.51)
Factor 1 Meat- and Fish-rich Diets 323 *** (9.20)
Factor 2 Lacto-Vegetarian Diets and Essentials 150 *** (7.87)
Factor 3 Long-Distance Leisure and Outings 972 *** (5.62)
Factor 4 Material Consumption at Home 803 *** (6.31)
Factor 5 Home Utilities 720 *** (7.52)
Factor 6 Beverages, Cooked Food, and Snacks 77 *** (5.95)
Factor 7 Leisure with Driving and In-Home Hobby 1306 *** (5.25)
Factor 8 Others (Fuel at Home, Less Meat, etc.) 204 *** (4.64)

1 Results of weighted regression analysis with per capita carbon footprints as dependent variables and factor scores
as independent variables. Standard deviations in parentheses. Significance level of p < 0.001 ***, 0.01 **, 0.05 *
Adjusted R2 = 0.778. N = 47,797.

3.4. Consumer Segments of Japanese Households and Gaps with Footprint Targets by 2030 and 2050

Based on the lifestyle-related factors of high-carbon households identified in the previous section,
this study developed a consumer segmentation model and examined the gaps between their carbon
footprints and the mid- to long-term carbon footprint targets. In the present study, the 2030 and 2050 per
capita targets of carbon footprints for household consumption were adopted from the previous study
by some of the authors [10]. The upper and lower bounds of 2030 and 2050 targets are summarized in
Table 7. These targets are globally unified per capita consumption based targets in accordance with
the review of emission scenarios and in line with the 1.5 and 2 degree targets of the Paris Agreement
assuming zero to moderate use of negative emission technologies. The total per capita footprint targets
were allocated to domains based on the predictive analysis of domain-level footprints. More details of
domain-level footprint prediction are given in Appendix B.

Table 7. Carbon footprint reduction targets in 2030 and 2050 in tCO2e/cap/year.

Target Year Food Housing Mobility Goods Leisure Services Total

2030
Target

(Upper) 0.70 1.25 0.39 0.40 0.17 0.29 3.20
(Lower) 0.55 0.99 0.29 0.31 0.13 0.23 2.50

2050
Target

(Upper) 0.34 0.60 0.16 0.18 0.08 0.14 1.50
(Lower) 0.16 0.28 0.07 0.09 0.04 0.06 0.70

1 Upper and lower targets from the previous study by some of the authors [10]. Total footprint targets were allocated
to domains based on the regression models in Appendix B.

The present study applied k-means clustering using the eight lifestyle factors identified in the
previous section as input variables. As a result, a consumer segmentation model with 15 household
segments was identified as shown in Figure 2. The number of clusters was determined by the
elbow method as discussed in Appendix C. The weighted mean per capita footprints in total and by
domain, and the weighted share of population for consumer segments are indicated in bar charts.
The mean, median, 1st quartile, 3rd quartile, 90th percentile, and 95th percentile per capita footprints
of Japanese households as well as 2030 and 2050 targets are also indicated in the reference lines.
The identified clusters were manually labeled based on the information of lifestyle factors and
household characteristics of the clusters, which are indicated in Appendix C.

Results reveal a very large range in carbon footprints of Japanese consumer segments. The segments
with the highest and second highest footprints were Cluster 1 (small families with very frequent
driving and materialistic hobbies), with no less than 24.5 tCO2e per capita and Cluster 2 (small families
enjoying material consumption and long-distance leisure) with 20.7 tCO2e per capita. Other consumer
segments within the top 10% carbon footprints (cluster with per capita footprints above 90th percentile)
were Cluster 3 (rural small families living in large houses with high fuel consumption, 15.5 tCO2e per
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capita), Cluster 4 (meat and fish lovers enjoying leisure living in large houses with high electricity
consumption, 14.5 tCO2e per capita), Cluster 5 (medium-sized families with frequent driving and
materialistic hobbies, 14.1 tCO2e per capita), and Cluster 6 (single residents in metropolitan apartments
enjoying long-distance leisure and outings, 13.7 tCO2e per capita). These households tended to have
multiple characteristics of high-carbon lifestyle factors, such as frequent car driving, long-distance
leisure, large houses, meat-rich diets, materialistic consumption, and small family size. Apart from
these households, other segments that had carbon footprints higher than the 3rd quartile (11.3–11.9
tCO2e per capita) tended to exhibit fewer characteristics of high-carbon lifestyles, such as moderately
high consumption of goods and services or beverage and snack consumption (Cluster 7–8).
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with frequent driving and materialistic hobbies, 14.1 tCO2e per capita), and Cluster 6 (single residents 
in metropolitan apartments enjoying long-distance leisure and outings, 13.7 tCO2e per capita). These 
households tended to have multiple characteristics of high-carbon lifestyle factors, such as frequent 
car driving, long-distance leisure, large houses, meat-rich diets, materialistic consumption, and small 
family size. Apart from these households, other segments that had carbon footprints higher than the 
3rd quartile (11.3–11.9 tCO2e per capita) tended to exhibit fewer characteristics of high-carbon 
lifestyles, such as moderately high consumption of goods and services or beverage and snack 
consumption (Cluster 7–8).  
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Figure 2. Carbon footprints of consumer segments in Japan. Weighted mean per capita carbon footprint
by domain in stacked bar chart by using the products of the household sample weight and family
size as weight. Weighted total per capita carbon footprints in number. Population share of clusters in
parentheses. Mean, median, 1st quartile, 3rd quartile, 90th percentile, and 95th percentile per capita
footprints and 2030 and 2050 targets in reference lines. N = 47,797.

The consumer segment with the smallest footprint was Cluster 15 (large families with efficient
housing and limited material consumption), with only 4.7 tCO2e per capita. Other household segments
that have carbon footprints that are lower than or almost close to average were Cluster 14 (large families
with limited material consumption, 5.9 tCO2e per capita) and Cluster 13 (all-round consumers living
in small-sized houses, 7.7 tCO2e per capita). These households were either large families with limited
materialistic consumption, which could share housing space, energy, and products, or those living in
small houses. These households were likely to have lower energy demand and less space for a large
number of durables and household goods. Apart from these low-carbon segments, other household
segments with footprints above the mean and slightly lower than the 3rd quartile (8.5–8.9 tCO2e per
capita) tended to exhibit few characteristics of high-carbon lifestyles, such as inefficient housing, meat
consumption, or high home fuel consumption (Cluster 9–11) or combine both characteristics of high-
and low-carbon lifestyle factors, such as leisure with cars and a large family (Cluster 12). The household
characteristics of clusters summarized in Appendix C confirmed that these clusters were not in poverty
or unemployment, which implies that the relatively low-carbon lifestyles of these segments were
not only caused by economic factors but other factors including those related to infrastructure and
lifestyle-related factors.

This comparison between consumer segments indicates that there was no less than five-fold
variation between the highest and lowest footprint consumer segments in Japan. Of the 15 consumer
segments, as many as eight were responsible for lifecycle GHG emissions substantially higher than
the 3rd quartile, and these consumer segments had carbon footprints that were about 1.5 to 3.3 times
larger than average Japanese households. While these segments represented only about one seventh
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(14%, Cluster 1–8) of the population, about half of the population (50%, Cluster 14–15) had footprints
substantially lower than average (only 0.6–0.8 times the average). These results confirmed the existence
of a large in-country variation in carbon footprint, similarly with previous studies [19,33], implying that
focusing on the country average could easily overlook the extreme carbon-emitting consumer segments,
but also revealing that many households have lifestyles with substantially lower carbon footprints.

Comparing the carbon footprints of these segments with 2030 and 2050 targets in Figure 2 reveals
that the carbon footprints of Japanese households significantly overshot the targets. None of the
identified consumer segments currently had lifestyles compatible with even the upper 2030 targets.
The highest footprint segment (Cluster 1, 24.5 tCO2e per capita) was as much as 7.7–9.8 times and
16.3–35.0 times larger than the 2030 and 2050 targets, respectively (upper to lower targets). Even the
lowest footprint segment (Cluster 15, 4.7 tCO2e per capita) overshot the 2030 target by 47%–88%, and
current footprints were 3.1–6.7 times higher than the 2050 targets (upper to lower targets).

The domain-level carbon footprints of the identified consumer segments, and the 2030 and 2050
reduction targets are illustrated as radar charts in Figure 3. The comparison between targets and
current footprints by domain and segment reveals an extremely large overshoot in some domains in
several consumer segments, whereas footprints of a few domains in several segments were somewhat
close to the upper 2030 target. On the one hand, there were extremely large footprints for mobility in
Cluster 1, household goods in Cluster 2, and housing in Clusters 3 and 4 as well as large footprints
for every domain in Clusters 1–8. This indicates a significant overshoot compared to any of the
2030 to 2050 targets. On the other hand, the lowest footprint segment, Cluster 15, currently had a
lifestyle close to the upper 2030 target at the domain level except for the mobility and housing domains.
In addition, carbon footprints from the leisure domain in Clusters 9–12 and 14 were somewhat close to
the upper 2030 targets. This examination of domain-level footprints illustrates that some Japanese
consumer segments already had low-carbon lifestyles in terms of particular areas of consumption, but
the majority of high-carbon segments had a large overshoot with regards to climate change impacts
in multiple consumption domains. These findings imply the urgent need to address the extremely
high-carbon lifestyles of some Japanese consumers and the possibility that society could learn from
some of the low-carbon lifestyle segments, especially in terms of specific lifestyle aspects.
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Figure 3. Targets and current carbon footprints by the consumer segment in Japan in kgCO2e/cap/year.
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4. Conclusions

This study estimated the carbon footprints of over 47,000 Japanese households using anonymized
microdata of the 2004 National Survey of Family Income and Expenditure (NSFIE). The individual
determinants of carbon footprints were examined by multivariate regression analysis, and eight
lifestyle factors were identified by exploratory factor analysis based on the carbon footprints of different
consumption items. The cluster analysis identified 15 major consumer segments in Japan based on
lifestyle factors. Variations in carbon footprints between these segments were examined, and the gaps
toward the 2030 and 2050 carbon footprint targets were analyzed.

This study contributed to a better understanding of the underlying lifestyle factors of high-carbon
lifestyles based on a case study on Japanese households. In particular, it is the first such study
to estimate the effects of sociodemographic and infrastructure-related household characteristics on
per capita carbon footprints in Japan. It also reveals the relevance of work style and ownership of
durables for carbon footprints. The novel approach adopted in this study also identified the latent
lifestyle factors of high-carbon households, such as long-distance leisure, materialistic consumption,
and meat-rich diets based on the consumption patterns observed in expenditure survey microdata.
Further, the study contributed to a better understanding of the distribution of carbon footprints among
consumer segments and the gaps with the long-term decarbonization targets. In particular, to the best
of the knowledge of the authors, the present study was a first attempt to examine the gaps of carbon
footprints with long-term targets at the consumer segment level.

The findings from this study had the following policy implications. First, the identified high-carbon
lifestyle-related factors should be addressed by consumer-oriented mitigation policies such as through
awareness raising, financial incentives and disincentives, and providing attractive low-carbon product
and service options to households. The holistic analysis conducted in this paper revealed that the
high-carbon lifestyle factors were related to more than one product category or domain, such as
the factor on frequent driving and materialistic consumption, which imply interlinkages between
purchasing, use, and other behaviors of citizens across product categories or domains. This finding
suggests the necessity to target the overall aspects of consumer lifestyles rather than specific products
or services in consumer-oriented mitigation policies.

Second, the consumer segments and their household characteristics and lifestyle factors identified
in this study suggests the necessity to develop policies tailored to diversified consumer segments
and their lifestyles. For example, some consumer segments might have higher footprints due to
frequent driving and overconsumption of materialistic hobbies, whereas other segments might have
higher emissions due to home utilities or carbon-intensive dietary habits. Therefore, awareness raising
campaigns or other mitigation programs should not focus on generalized suggestions but should have
specific targets with tailored recommendations of low-carbon behaviors. The identified determinants of
carbon footprints, such as income, family composition, age, house size and type, ownership of durables,
and work style were also useful to identify specific targets for which policies could be tailored.

Third, the large variation in carbon footprints among Japanese households suggests the necessity
to urgently address the unsustainable lifestyles of high-carbon segments. The difference between the
segments with lowest and highest footprint segments was five-fold, and the mean and total carbon
footprints were largely influenced by the limited number of high-carbon segments. This implies that
progressive policies such as targeted awareness raising or disincentives focusing on the high-carbon
population segments could be effective for reducing the overall carbon footprints in the country.
This is also high relevance for designing and orchestrating the transition to a sustainable welfare state,
ensuring better wellbeing for everyone without overshooting planetary boundaries.

Finally, the large gaps between the current footprints and the decarbonization targets revealed the
huge challenge for most of the consumer segments to reduce carbon footprints in order to comply with
the 1.5-degree and 2-degree targets of the Paris Agreement. The analysis in this study revealed that all
of the 15 segments overshot even the upper 2030 target, and overshooting was observed for almost all
domains across the consumer segments. This suggests the necessity for progressive early actions and
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policies to enable low-carbon lifestyles on every aspect of lifestyles including both the consumption
amounts and the carbon intensities of mobility, housing, food, goods, and leisure and to address the
various high-carbon lifestyle factors revealed in this paper.

The analyses in this study had certain limitations due to the nature of the data and methodology.
First, the carbon footprints estimated in this study might not capture the seasonal expenses due to the
limitation of the data. This study used the anonymized microdata of the 2004 NSFIE, which is the only
survey with anonymized microdata available for household expenditure in Japan, and is the most
recent. While this household expenditure data was prepared using household bookkeeping records
and only covered a limited period of 2–3 months, the target period of the survey (i.e., September to
November) was a period with relatively stable expenditure patterns; for example, it did not include
extremely hot or cold periods nor a month in which salary bonuses were paid. In this study, total
footprints were adjusted using the estimation by the input–output table, so potential differences in
terms of total footprints were reduced. However, it should be noted that the breakdown of footprints
at the item level might not exactly match the actual situation of seasonal differences. Furthermore,
carbon footprints estimated in the study were as of 2004, which is the year of the latest available data
for anonymized survey microdata provided by the National Statistics Center.

Second, the carbon footprints estimated in this study might not reflect the differences in commodity
prices in different parts of the country or the differences in carbon intensity between products recorded
within the same item. The carbon intensity data was obtained from the database of the GLIO model,
which does not consider regional differences within Japan. The variation in GHG intensity among
products categorized under the same item in the dataset was not considered, nor is the fact that double
the expenditure in a certain product group did not necessarily mean carbon emissions from that
product group were doubled. Nevertheless, this is a common methodological limitation of the carbon
footprint estimation by EEIOA. Estimation based on household consumption data in physical units
can address this issue, but such data are not typically available from public statistics at the microdata
level. Adjusting the potential biases from this limitation was beyond the scope of this study and could
be addressed in future studies.

Finally, this study did not consider people’s time-use or quality of life, as such information could
not be obtained from the available microdata with detailed expenditure data in Japan. Although
it was confirmed from the data that the low-carbon footprint segments were not necessarily in the
impoverished part of the population, the variation in wellbeing between high- and low-carbon
consumer segments could not be examined from the dataset used in this study. Therefore, an integrated
analysis of carbon footprints, time-use, and wellbeing was out of the scope of this study. However,
considering the importance of ensuring a high quality of life within the planetary boundaries, future
studies could consider these perspectives to identify some potential ways to live sustainably while
increasing wellbeing.

Author Contributions: R.K. developed the methodology, conducted analysis, and drafted this paper. M.L., S.K., and
V.T. assisted in developing the methodology, interpretation of the results, and writing of this paper. A.A. contributed to
determining the per capita footprint targets. L.A. contributed to the conceptualization of this research.

Funding: This research was funded by the Environment Research and Technology Development Fund (S-16) of
the Environmental Restoration and Conservation Agency (Japan), the Finnish Innovation Fund Sitra (Finland),
and the KR Foundation (Denmark).

Acknowledgments: The anonymized microdata of the 2004 National Survey of Family Income and Expenditure
(NSFIE) was provided by the National Statistics Center for research purpose.

Conflicts of Interest: The authors declare no conflict of interest.

Appendix A

The distribution of estimated carbon footprints among the population by different percentile
groups is summarized in Table A1. Here, mean carbon footprints per capita in kgCO2e/year and
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share of carbon footprints compared to the total carbon footprints of all households in the country are
indicated for each population group between two percentiles.

Table A1. Distribution of carbon footprints by percentile.

Percentile Break
Footprint 1

Mean
Footprint 2

Footprint
Share % 3

Accumulated
% (Top) 4

Accumulated
% (Bottom) 5

100th percentile (Maximum) 111,703

16,300 21.7% 21.7% 100.0%
90th percentile 12,145

10,843 14.4% 36.1% 78.3%
80th percentile 9812

9037 12.0% 48.2% 63.9%
70th percentile 8363

7859 10.5% 58.6% 51.8%
60th percentile 7376

6960 9.3% 67.9% 41.4%
50th percentile (Median) 6570

6223 8.3% 76.2% 32.1%
40th percentile 5879

5551 7.4% 83.6% 23.8%
30th percentile 5237

4907 6.5% 90.1% 16.4%
20th percentile 4572

4225 5.6% 95.7% 9.9%
10th percentile 3835

3203 4.3% 100.0% 4.3%
0th percentile (Minimum) 1049

Population-weighted statistics of the estimated carbon footprints of Japanese households in kgCO2e/year/cap by
using the product of sample household weight and family size as weight. 1 Footprint per capita for each percentile.
2 Weighted mean footprints of the population between two percentiles. 3 Share of total footprints of the population
between two percentiles. 4 Accumulated share counting from the highest footprint. 5 Accumulated share counting
from the lowest footprint. N = 47,797.

Appendix B

The per capita targets of carbon footprints by household consumption were allocated to six
domains by the predictive models of domain-level footprints assuming that the overall footprint
reduction will induce reduction in each domain following the observed differences in the current
footprint of Japanese households. The regression models were developed using total per capita carbon
footprints as the independent variable and carbon footprints in each domain as the dependent variables.
Square terms were included to account for nonlinear changes in the share of footprint by domain.
The results are summarized in Table A2. According to adjusted R2 values, total footprint can explain
approximately 47% to 88% of domain-level footprints, depending on the domain.

Table A2. Regression model for predicting domain level carbon footprints.

Food Housing Mobility Goods Leisure Services

Footprints 0.2306 ***
(0.00051)

0.4105 ***
(0.00086)

0.09613 ***
(0.0012)

0.1208 ***
(0.00074)

0.0526 ***
(0.00040)

0.0893 ***
(0.00068)

(Square Term) −3.485 × 10−6 ***
(2.85 × 10−8)

−5.847 × 10−6 ***
(4.80 × 10−8)

7.755 × 10−6 ***
(6.74 × 10−8)

9.362 × 10−7 ***
(4.12 × 10−8)

5.722 × 10−8 **
(2.20 × 10−8)

5.831 × 10−7 ***
(3.76 × 10−8)

Adjusted R2 0.869 0.883 0.624 0.618 0.474 0.508

Results of weighted regression analysis with per capita carbon footprints by domain as the dependent variables and
total per capita footprints as the independent variable by using the products of the household sample weight and
family size as weight. Standard deviations are given in parentheses. Significance level of p < 0.001 ***, 0.01 **, 0.05 *
N = 47,797.
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Appendix C

The number clusters (k) in k-means clustering were identified by the elbow method. K-means
clustering was iterated from k = 2 to 30, and total within-cluster sum of squares were plotted in
Figure A1. Based on the shape of this graph, k = 15 was selected as the number of clusters in this study.

Sustainability 2019, 11, x FOR PEER REVIEW 19 of 26 

household sample weight and family size as weight. Standard deviations are given in parentheses. 
Significance level of p < 0.001 ***, 0.01 **, 0.05 * N = 47,797. 

Appendix C 

The number clusters (k) in k-means clustering were identified by the elbow method. K-means 
clustering was iterated from k = 2 to 30, and total within-cluster sum of squares were plotted in Figure 
A1. Based on the shape of this graph, k = 15 was selected as the number of clusters in this study.  
 

 
Figure A1. Elbow graph of total within-cluster sum of squares for k-means clustering. 

 

Figure A1. Elbow graph of total within-cluster sum of squares for k-means clustering.

Weighted mean of lifestyle factors and household characteristics by cluster were estimated and
summarized in Tables A3 and A4.
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Table A3. Weighted mean of lifestyle factor scores and household characteristics by clusters (numeric variables).

Cluster Factor 1 Factor 2 Factor 3 Factor 4 Factor 5 Factor 6 Factor 7 Factor 8 Income Savings Family
Size

Member
Under 18

Member
Over 65

Member
18 to 64 Age House

Size Car Motorbike Refrigerator Air
Conditioner TV PC

1 0.22 0.81 −3.19 1.09 0.23 0.04 12.55 1.05 613 1579 1.5 0.0 0.5 1.0 55.5 107.4 1.2 0.3 1.4 2.2 2.0 0.9
2 0.11 1.30 3.61 11.46 0.98 1.40 −0.41 0.84 579 1879 1.3 0.0 0.4 1.0 55.8 91.2 0.7 0.0 1.3 2.1 1.5 1.0
3 0.44 1.17 0.76 2.71 1.21 1.20 0.73 9.49 363 1515 1.3 0.0 0.7 0.5 55.9 101.5 0.5 0.1 1.1 1.0 1.5 0.7
4 2.75 2.69 0.11 1.06 3.62 1.73 2.58 −5.57 668 2390 1.8 0.0 0.7 1.0 54.5 129.4 1.0 0.1 1.4 3.3 2.3 0.9
5 0.54 0.79 −1.01 0.34 0.57 0.20 4.34 0.32 561 1724 1.8 0.1 0.6 1.1 55.0 118.4 1.3 0.2 1.3 2.3 2.0 0.9
6 −0.95 0.34 7.31 1.04 −0.49 1.70 −1.10 1.24 566 1126 1.2 0.0 0.2 1.0 53.6 55.7 0.5 0.1 1.0 1.1 1.1 0.9
7 0.75 2.21 1.44 1.77 0.96 1.10 0.14 −0.58 622 2133 1.8 0.1 0.7 1.1 55.0 104.1 0.8 0.1 1.2 2.5 1.8 0.8
8 −0.37 0.71 1.06 0.91 0.43 5.59 0.87 0.83 484 939 1.3 0.0 0.3 1.0 56.0 70.6 0.7 0.2 1.0 1.3 1.4 0.7
9 0.40 0.28 −0.19 0.23 0.18 0.01 0.15 3.07 381 1252 1.7 0.0 0.9 0.8 55.4 99.9 0.8 0.1 1.2 1.4 1.7 0.4

10 0.34 0.14 −0.02 −0.03 2.70 0.15 −0.47 0.13 552 1319 2.3 0.2 0.8 1.3 54.3 115.1 1.0 0.2 1.3 2.4 2.1 0.8
11 0.89 0.62 −0.35 −0.13 1.06 0.17 0.65 −2.84 740 1614 2.8 0.4 0.5 2.0 54.7 121.4 1.4 0.2 1.3 3.0 2.3 1.1
12 0.03 −0.15 −0.62 −0.23 −0.23 −0.11 1.13 0.26 602 1354 2.6 0.3 0.7 1.6 54.1 116.2 1.5 0.2 1.3 2.2 2.1 0.9
13 −0.59 0.13 1.23 0.45 −0.34 0.52 −0.97 0.91 544 1199 2.1 0.3 0.4 1.4 54.3 76.5 0.8 0.1 1.1 1.6 1.6 0.9
14 −0.20 −0.26 −0.14 −0.43 −0.23 −0.39 −0.57 −1.02 713 1123 3.8 1.1 0.4 2.3 54.4 111.6 1.5 0.2 1.2 2.5 2.2 1.1
15 −0.72 −0.93 −0.16 −0.54 −0.96 −0.72 −0.90 0.63 556 787 3.7 1.2 0.4 2.1 54.2 99.8 1.4 0.2 1.2 1.7 1.9 0.9

Weighted mean by cluster using the household sample weight. N = 47,797.

Table A4. Weighted share of population, footprints, and household characteristics by cluster (categorical variables).

Cluster Population
Share

Household
Share

Footprint
Share Single Husband

Wife
Child-Raising

Family
Single
Parent

Three Or
More

Generations

Other
Household Male Female One Full

Time Only
Multiple
Full-Time

One Full
And

Part-Time

Part-time
Only

Seeking
Job

Only

Not In
Labor
Force
Only

Metropolitan Not
Metropolitan Detached High Rise Mid Rise Other

House

1 0.4% 0.6% 1.2% 57% 32% 4% 1% 1% 6% 78% 22% 58% 9% 4% 3% 1% 26% 49% 51% 68% 8% 10% 14%
2 0.5% 0.9% 1.3% 74% 18% 4% 2% 0% 2% 29% 71% 57% 10% 1% 6% 1% 25% 63% 37% 53% 22% 20% 5%
3 0.6% 1.1% 1.2% 78% 16% 2% 1% 1% 2% 47% 53% 28% 4% 1% 6% 2% 59% 24% 76% 71% 5% 3% 21%
4 1.4% 2.0% 2.7% 41% 41% 11% 2% 1% 4% 77% 23% 39% 17% 3% 4% 5% 32% 60% 40% 83% 9% 4% 4%
5 2.8% 4.1% 5.3% 44% 35% 12% 2% 3% 5% 77% 23% 36% 18% 5% 4% 3% 34% 40% 60% 79% 5% 10% 6%
6 1.8% 4.0% 3.3% 83% 13% 2% 0% 0% 1% 77% 23% 79% 5% 2% 2% 0% 12% 72% 28% 21% 18% 33% 28%
7 4.1% 5.9% 6.5% 39% 41% 12% 3% 1% 4% 64% 36% 38% 14% 5% 5% 1% 37% 68% 32% 67% 15% 11% 7%
8 2.5% 4.9% 3.7% 75% 17% 4% 1% 0% 1% 78% 22% 63% 6% 2% 4% 1% 24% 54% 46% 39% 13% 20% 27%
9 4.9% 7.4% 5.8% 49% 34% 8% 2% 3% 5% 62% 38% 27% 10% 4% 6% 2% 51% 30% 70% 70% 3% 10% 17%

10 4.5% 5.2% 5.2% 27% 35% 22% 4% 6% 6% 74% 26% 34% 21% 7% 6% 2% 31% 49% 51% 79% 6% 8% 6%
11 7.1% 6.6% 8.2% 10% 30% 40% 5% 9% 7% 87% 13% 32% 34% 13% 4% 1% 16% 57% 43% 81% 7% 6% 6%
12 9.6% 9.8% 10.9% 20% 30% 27% 4% 10% 9% 86% 14% 33% 29% 10% 4% 2% 22% 41% 59% 80% 5% 8% 7%
13 9.8% 12.1% 10.0% 39% 24% 26% 3% 4% 4% 73% 27% 46% 18% 8% 5% 2% 21% 60% 40% 44% 12% 21% 24%
14 21.9% 15.2% 17.1% 3% 10% 63% 4% 17% 4% 92% 8% 35% 35% 20% 3% 1% 6% 54% 46% 73% 10% 11% 6%
15 28.2% 20.2% 17.6% 8% 9% 56% 5% 17% 4% 88% 12% 40% 30% 16% 4% 2% 8% 44% 56% 63% 8% 16% 13%

Weighted mean by cluster using the household sample weight, except for population share, which uses the product of the household sample weight and family size as weight. N = 47,797.
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