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Highlights: 

⚫ Multi-level household emission patterns are recognized by machine learning models.  

⚫ Demographic structure, age and appliances are key factors to vary emission levels. 

⚫ Customized emission reduction paths are proposed to guide energy-saving behaviours. 

⚫ Household appliance usage obtains the largest reduction potential to mitigate emissions. 

 

Abstract: Given by the ambitious GHG mitigation targets set by governments worldwide, 

household is playing an increasingly important role for reaching listed reduction goals. 

Consequently, a deep understanding of its emission patterns and the corresponding driving factors 

are of great importance for exploring the untapped potential of household. However, how to 

accurately capture household emission features still demand further support from both data and 

method development. To bridge this knowledge gap, we try to use machine learning technology, 

which is well linked to the micro-level household survey data, to identify key determinants that 

could explain the household home-energy consumption and associated emissions. Here, we 

investigate the household CO2 emissions based on a representative survey which covers 31,133 

households in Japan. Six types of machine learning process are employed to find key factors 

determining to different household emission patterns. Results show that demographic structure, 

average age and electricity-intensive appliances (electric water heaters, electric heaters, etc.) are 

most significant driving factors that explain differences in household emissions. Results also further 

verified that differences in driving factors can be observed in identifying various household 

emission patterns. The results of study provide vital information for the customized decarbonization 

pathways for households, as well as discussing further energy-saving behaviours from data-oriented 

method.  
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1. Introduction  

Increasing concentrations of greenhouse gas (GHG) emissions have become a global concern 

as climatic issues keep rising [1,2], and governments worldwide have developed corresponding 

adapting or mitigating measures aiming at optimizing energy structure [3,4], introducing green 
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technology [5,6], promoting decarbonized consumption behaviours [7,8], etc. Japan, as the world’s 

third largest economy, released 1145 million tons of carbon dioxide (Mt CO2) in 2016 [9], which is 

equal to the gross emissions of Australia, Brazil, Netherlands and the Philippines at the same year. 

To response, the Japanese government has submitted a series of ambitious reduction targets it has 

sought to actively promote [10]. For example, in 2016, Japan submitted the Intended Nationally 

Determined Contribution (NDC) and committed to reduce its GHG emissions by 26% from the level 

of 2013 by 2030 [11]. In addition, the Global Warming Countermeasures Plan in Japan also aims to 

reduce GHG emissions by 80% by 2050 to limit temperature increase to 1.5˚C as a long-term goal 

[12]. More recently, Japan committed to adopt a carbon neutral goal for 2050 and reach net-zero 

GHG emissions by the target year. Although all the sectors are encouraged to engage in emissions 

mitigation, the household sector is with the highest expectation, which is designed to reduce nearly 

40% until 2030. This special focus on the household sector is not unique in Japan [13], but also 

worldwide. For example, US households account for 42% of total carbon emissions from fossil fuel 

combustion [14], and China’s household sector energy-related CO2 emissions were equivalent to 

the gross emissions of Brazil and Australia in 2016 [15,16], both of whom will need to make 

significant efforts in household sector to meet the national overall reduction targets.  

Tackling emissions mitigation requires efforts to optimize energy consumption behaviours and 

find new ways to reduce carbon emissions in the household sector. An increasing number of studies 

have been conducted to analyse the driving factors of household emissions [17–22], including 

aspects of geographical location, demographic structure, household floor space, economics, etc. 

Field or experiment-based behavioural analysis was popularized after Daniel Kahneman won the 

2002 Nobel Prize [23], especially behavioural interventions to energy conservation [24,25]. 

Additionally, subjective variables such as awareness and motivation [26], and institutionally 

relevant variables such as social norms have also been introduced into the analysis [27]. In more 

recent studies, regression analysis and decomposition analysis have been the main research methods. 

In terms of regression analysis, Ordinary Least Squares (OLS) is the most widely applied 

model [28,29], but when fitted with too many variables, it will most likely be undermined by 

problems of overfitting and multicollinearity [30]. Besides, there is Logistic Regression (LR) 

method to find driving factors of household energy consumption [31]. As for decomposition analysis, 

such as Index Decomposition Analysis (IDA) [19,32,33], Structural Decomposition Analysis (SDA) 

[34] and IPAT model [35], they model mostly national or sub-national levels and cannot deal with 

household-level survey data in a bottom-up manner, because although households are randomly 

sampled and surveyed, it is still hard to do a bottom-up mapping from household emissions to the 

macro-level emissions. Moreover, factor analysis based on the decomposition method is usually 

summarized into changes of scale or intensity without granularity. As such, more detailed 

discussions about the influence of household characteristics on household emission patterns are 

needed. As mentioned, methods applied in existing factor research are regression and decomposition 

analysis [30,36]. However, due to data and methodological limitations, previous studies have rarely 

provided reliable recommendations for household emissions reduction from a data science 

perspective and have lacked policy insights for identifying and guiding high-emitting households. 

Here we use data science to attempt to analyse the Japanese micro questionnaire in a way that avoids 

the previous experience-based bias. 

Survey questions for households can be fully converted into numerous characteristics 

describing a household’s energy consumption and carbon emission patterns, however, as the number 
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of household features increases and the survey data becomes sparse, they are not supported by 

traditional research methods. According to machine learning method, more information can be 

found, it overcomes the shortcomings of traditional research methods. For example, not all 

characteristics are significantly explainable and only a fraction of them can capture the differences 

in household emission patterns. In such cases, machine learning method can help us select key 

factors and identify the emission patterns at the household-level [28,37,38]. In order to infer the 

overall picture of household carbon emissions, machine learning methods are also useful to estimate 

based on the recognized patterns and rules from surveyed households when given strong driving 

factors. But, limited by the data quality, few households’ energy survey support the basic data 

demand of machine learning, only limited interests tries have been made in household electricity 

consumption of Hong Kong [39], household transportation energy consumption in Delaware Valley 

region [40] and consumption-induced environmental impacts in Switzerland [37]. The conclusions 

derived from literature review are shown in Table 1. 

 

Table 1 

Overview of driving factors research method. 

Method  Description Specific method Literature 

Regression 

analysis 

• The traditional method of 

doing factor analysis. 

• Suitable for studies with a 

small number of factors. 

• Tends to lead to overfitting 

and multicollinearity 

problems. 

OLS Meangbua et al [18] 

Yagita et al [21] 

Li et al [26] 

Zhang et al [28] 

Wang et al [29] 

LR Fuks et al [31] 

Decomposition 

analysis 

• Suitable for macroeconomic 

data. 

• Inability to focus on intra-

household characteristics. 

IDA (LMDI, AMDI) Ang [32] 

Shigetomi et al [19] 

Liu et al [41] 

SDA Yuan et al [20] 

Meng et al [34] 

IPAT Wang et al [35] 

Machine 

learning 

• Suitable for survey data with 

many factors. 

• High requirements for data 

quality. 

Random Forest Froemelt et al [37] 

Neural network Guo et al [38] 

Support Vector Machine Wang et al [39] 

Artificial neural network Shams Amiri et al [40] 

 

To bridge this knowledge gap, this study firstly investigates the importance of factors from 

aspects of housing conditions, economic income, demographic structure, household appliances, and 

energy use habits on household carbon emissions based on the household survey data in Japan. We 

use machine learning methods including LASSO, Decision Tree, Random Forest and XGBoost to 

precisely identify driving factors, which fit well with our multi-dimensional data. Results provide 

clues to answer three questions, i.e. 1) which household characteristics have a significant impact on 

carbon emissions per capita; 2) which household characteristics are the main driving factors of 

emission patterns according to energy use; 3) what are the differences in household characteristics 

under different emission patterns. The originality of this study lies in the analysis of Japanese 
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household energy survey data through a machine learning approach, which enriches the research 

methodology on household energy consumption and carbon emissions. Besides, this study also 

provides valuable insights for long-term emission reductions from the household sector and specific 

suggestions for households with different emission modes in Japan, for customized energy supply 

management and services including new energy vehicles and photovoltaic promotion, which might 

also be valuable for the other countries that face the same issues such as household dilution and 

ageing.  

2. Methodology and data  

The survey includes data from demographic information, energy consumption to living habits 

of Japan in the year 2015, 2017 and 2018 [21,42], which portray a comprehensive picture of 

household energy consumption. Based on the survey data, this study starts with data reprocessing 

and conversion, e.g., data cleaning, removal of outliers and quantifying survey answers. In addition, 

household characteristics are selected and restructured by aspects of housing, economy, demography, 

transportation, and behaviour. For each aspect, carbon emissions are accounted using a bottom-up 

model. Then, we apply the LASSO (Least Absolute Shrinkage and Selection Operator) model for 

feature selection. Based on the selected features, we use various machine learning methods to 

estimate the importance of each factor, and according to the results, one optimal algorithm is applied 

to further explore the driving factors for household emission patterns. An overview of the 

methodology is shown in Fig. 1. 

 

 

Fig.1. Research framework of household emission patterns and driving factors 

 

2.1 Carbon emission released from household energy consumption 

The dataset applied by this study adopts a bottom-up method to calculate household-level 

emissions, in which we measure and convert the energy consumed by each household for electric 

appliances, heating, transportation, and hot water supplying into CO2 emissions [13,43,44]. Then, 

the gross emission is aggregated based on the subsets. Detailed electric appliances and vehicles 

therein are listed in the Appendix Table 1. Emissions of household-level appliances (TVs, 

refrigerators, washing machines, air conditioners, etc.) obtained from various appliances and time 

of use in the survey are quantified as followed: 

𝐶𝐸𝐴 = ∑ (𝑃𝐴𝑎 × 𝑇𝐴𝑎 × 𝑒𝑎)𝑎                           (1) 

where 𝐶𝐸𝐴 denotes the CO2 emissions of appliances, 𝑃𝐴𝑎 denotes the unit power of appliance 

type 𝑎, 𝑇𝐴𝑎 is the service time of appliance 𝑎, and 𝑒𝑎 denotes the electricity emission factor. 
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The emission intensities (see Appendix Table 2) in our equations and emissions correction methods 

are from Ministry of the Environment (MOE), Government of Japan, which can be directly driven 

from survey [40]. 

Here, household emissions from heating partly come from electric appliances (air conditioners, 

electric heaters, electric blankets, etc.) and the rest is generated by fuel-powered appliances using 

gas, kerosene and so on. Therefore, carbon emissions from heating are calculated by: 

𝐶𝐸𝐻 = ∑ (𝑇𝐻𝑎 × 𝑒𝑎)𝑎                              (2) 

where 𝐶𝐸𝐻 denotes the CO2 emissions of heating, 𝑎 denotes the type of energy used for heating 

(electricity, city gas, liquefied natural gas (LNG), kerosene), 𝑇𝐻𝑎  denotes the consumption of 

energy 𝑎, and 𝑒𝑎 denotes the emission factor of energy 𝑎. 

Similarly, emissions from transportation and hot water for households are calculated by 

equation (3) and (4) where 𝐶𝐸𝑉 and 𝐶𝐸𝑊 denote the CO2 emissions of vehicles and hot water, 

𝑇𝑉𝑎 and 𝑇𝑊𝑎 are the energy consumption of vehicle fuels 𝑎 (e.g., gasoline, light oil) and hot 

water (e.g., electricity, city gas, LNG, kerosene) respectively, and 𝑒𝑎 denotes the emission factor 

of energy 𝑎. 

𝐶𝐸𝑉 = ∑ (𝑇𝑉𝑎 × 𝑒𝑎)𝑎                               (3) 

𝐶𝐸𝑊 = ∑ (𝑇𝑊𝑎 × 𝑒𝑎)𝑎                              (4) 

 

2.2 LASSO-based feature selection 

Linear regression models are widely used to estimate the effects of covariates on a given 

dependent variable. But for models with numerous covariates, classic linear regression models will 

easily lead to issues such as overfitting and multicollinearity [30,46]. Another issue that is often 

overlooked is data sparsity in household-level factor models, which refers to the fact that only a 

small fraction of independent variables plays significant roles in the model [30]. For instance, when 

many households’ electric appliances are included and only frequently used appliances have 

sufficient values, then the data will be sparse, which means we need to filter out insignificant 

covariates. Therefore, we use the prevailing LASSO model to do the feature selection.  

The LASSO model is specifically designed to screen for significant variables [42]. It is a 

compression estimation method that reduces the set of variables (in descending order). It can 

compress insignificant variables by allocating 0 to their coefficients through a penalty function for 

the purpose of variable selection.  

The objective function of the LASSO model is a loss function with a penalty term, which 

optimizes the intercept and coefficients of covariates:  

1

2𝑚
[∑ (𝑦𝑖 − 𝑤0 − ∑ 𝑤𝑗𝑥𝑖𝑗

𝑘
𝑗 )2 + 𝜆 ∑ |𝑤𝑗|𝑘

𝑗
𝑚
𝑖=1 ]                     (5) 

where 𝑚 is the number of samples, 𝑘 is the number of parameters,  𝑦𝑖 is the dependent variable 

for household 𝑖 , 𝑥𝑖𝑗  is the observation of covariate 𝑗  for household 𝑖 , 𝑤  is the coefficient of 

independent variable. 𝜆 ∑ |𝑤𝑗|𝑘
𝑗=1  is the penalty term in the form of L1-norm. 𝜆 is the penalty 

term weight that controls the number of covariates entering the model. We optimize the value of 𝜆 

by iteratively grid-searching the parameter space from 0.001 to 0.1.  

 

2.3 Household carbon emissions pattern recognition 

Finally, all the households are classified into four types based on their emission by different 

energy usages, which are appliance-, heating-, vehicle- and hot water-oriented households. In this 
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regard, we simplify the question by building four independent binary classification models 

corresponding to four emission modes. On top of that, we also estimate the importance of household 

characteristics in determining per capita emissions. Then, we compare the performance of various 

machine learning models using the same metrics to identify the key features that lead to the mode 

of household emissions pattern. Four models are applied as followed: 

(1) Logistic Regression model 

Since the household emission pattern recognition is binary question, we firstly use logistic 

regression model to detect the key features that make a household choose to use more energy in one 

of the orientations [43,44].  

(2) KNN model 

KNN (K-Nearest Neighbour) classifier is an analogy-based learning method that searches for 

the k training samples closest to the given test samples [45]. The KNN algorithm is easy to 

understand and to implement as there is only one free parameter for model tuning [46]. This method 

also requires a distance measure to assign classes based on samples’ attributes where Euclidean 

distance is typically used [47].  

(3) Tree-based model 

Tree-based models are typical, but useful machine learning methods to incorporate nonlinearity 

in models. Classification tree models are well-known to be effective in dealing with categorical 

classification problems [48]. In our case, we start with Decision Tree (DT) model, Random Forest 

(RF), and then use eXtreme Gradient Boosting (XGBoost) model to identify key features.  

Decision Tree is a supervised learning method where a tree represents a segmentation of 

samples created by a set of rules. The most common tree algorithms including chi-squared automatic 

interaction detection (CHAID), classification and regression trees (CART) [49], C4.5 [50], and C5.0 

[51]. Hereby, we use CART and GINI index for criterion selection.  

The main drawback of DT is that it tends to overfit [52]. To address it, Brieman (1996) 

proposed the bootstrap aggregating method, also called the “bagging” method. Random Forest is an 

algorithm derived from bagging, which uses dropout procedure to decorrelate regression trees and 

produce stable forecast [53,54]. Random Forest votes on the hundreds of decision trees generated, 

and finally the highest scoring classification is the final output. In addition, it is user-friendly 

because it has only two parameters (the number of variables in the random subset at each node and 

the number of trees in the forest) and is usually not too sensitive to their values [55], which makes 

it easy to apply in an empirical analysis.  

XGBoost is a state-of-end-art tree boosting-based algorithm, and it is a gradient boosted tree 

(GBDT) model that integrates many tree models together to form a strong classifier [56,57]. Besides, 

XGBoost is a novel and sparsity-aware algorithm, which can address the data sparsity issue in our 

data. XGBoost tends to have better accuracy when making predictions compared to linear models. 

Feature importance gives an intuitive picture of the importance of features, but there is no way to 

tell how the features relate to the final prediction. We therefore use the SHapley Additive 

exPlanation (SHAP) value to solve this problem [58]. 

(4) Model comparison 

Here, data are divided into the training and test set, which obtains 70% and 30% data, 

respectively. And models are firstly trained by the training set (70%) and then validated with the 

test set (30%). During the validation process, the following metrics are adopted: precision rate, 

recall rate, F1 score, and accuracy score. The precision rate (%) is the ratio of observations that have 
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been predicted correctly [8], which is used for model comparison in this study. 

 

3. Results 

3.1 Japan’s household carbon emissions 

For better understanding the emission features of different population groups, we firstly 

aggregated households into groups by different socio-economic characteristics (i.e., income group, 

household type, average age, and region) (Fig. 2).  

Firstly, the results show that higher income are observed with higher emission, which is consist 

with previous findings from China and Japan [38,64], as shown in Fig 2a. The carbon emissions 

per capita of households with an income of 0–1-million-yen are around 1.8 tons of carbon dioxide 

by per capita per year (tCO2/cap/year), while this number rise nearly to 3.0 tCO2/cap/year for 5-

million-yen/year group. However, the per capita emissions and income of households are not 

completely linear. For example, the per capita emissions of 2–3-million-yen/year income groups are 

lower than those of 1–2-million-yen/year income groups. Therefore, apart from income, there are 

also other household factors that impacting household emissions. In addition, the household average 

age and per capita emissions show a linear relationship in Fig 2b, where the higher the average age, 

the higher emissions per capita. The highest emissions per capita in the age level 5 (60-75 years old) 

is also in line with the high emissions per capita of single elderly and married couples in the 

household type. 

In terms of household type (Fig 2c), household are divided into seven types, i.e., single living 

alone, single with kids, single elderly (elder than 60 years old), big family (more than 3 people), 

couple, couple elderly and couple with kids. Among varied groups, single elderly has the highest 

emissions, which is close to 3.0 tCO2/cap/year, almost twice as much as couples with kids’ group. 

Japan's population is ageing severely and the number of elderly people living alone is increasing 

every year [60,61]. Elder population has higher demand for heating who use more lamp oil and 

kerosene, so their per capita carbon emissions are the highest. Second is the group non-early living 

alone (below 60 years old), with carbon emission per capita about 2.6 tCO2/cap/year. Living alone 

means all the energy consumed, such as for heating, air conditioner, vehicle, are not shareable with 

anyone else, which results into higher energy use by per capita unit. In the contrary, larger families 

such as couples, families with kids, and big families (more than three people in a household) have 

lower carbon emissions per capita.  

Regarding regions in Fig 2d, Hokkaido’ household emission per capita are the highest, and 

Kinki’s is the lowest, at half that of Hokkaido. Additionally, the emissions are higher in colder 

regions. And there are some areas where the population commutes more frequently, called 

commuter prefectures, such as Tohoku’s Fukushima, Iwate and Aomori prefectures, which also 

have higher carbon emissions per capita than other prefectures. This also reflects social trends in 

Japan, where commuter prefectures have a greater need to control emissions in terms of 

transportation and population immigration [19]. 
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Fig. 2. Household carbon emissions from different household characteristics  

 

3.2 Household carbon emissions driving factors 

The driving factors and coefficients with high contribution to household carbon emissions per 

capita are obtained through LASSO model. Among them, household appliances and demographic 

structure have the highest contribution (Table 2). 

In terms of household appliances, the contribution of electric water heaters, kerosene water 

heaters, heat-storage heater, and fridge are positive and very high. This indicates that the total 

emissions of households with these appliances will be higher than those without them, and that the 

more applicants there are, the higher carbon emissions per capita of the household. In addition, the 

use of some electric appliances can reduce the overall emissions of the household, such as solar 

water heater and stoves used woody fuel. 

Within demographic structure groups, emissions per capita are generally lower in big families, 

such as those with many members and couples with children, while emissions per capita are higher 

in smaller households, such as single elderly, or single living alone. Among them, the single elderly 

in Japan has higher requirements for heating and hot water than other groups [62], so the carbon 

emissions per capita of that household will be higher. 

From a transportation perspective, the number of vehicles and motorbikes, the frequency of 

driving have a significant positive effect on the carbon emissions per capita of a household, while 

the number of new energy vehicles (NEVs) has a negative effect. This also echoes Japan’s NEV 

policy [4,63]. In Japan, the market share of NEVs has been consistently high in recent years, where 

reducing vehicle emissions is a key part in the Japan roadmap for reducing emissions [64]. 

With respect to behaviour, the more heating devices are used per day, the more time is spent 

watching TV and the more days per week are spent at home during the day, the higher are the 

emissions per capita of a given household. In addition, the ratio of energy-saving behaviours has a 
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negative effect on emissions per capita. Specifically, the more energy-saving behaviours, the lower 

the emissions per capita. 

Regarding housing conditions, the more rooms with heating devices and city class, the higher 

the emissions per capita. This is since there are more rooms and corresponding appliances, 

especially heating devices. The higher the demand for energy consumption, the higher the carbon 

emissions. Households with double-layer window frames and glass have better warm/cool effects 

and lower carbon emissions per capita. 

 

Table 2  

Driving factors related to household carbon emissions through LASSO model. 

Classification Variable Coefficient Classification Variable Coefficient 

Appliance 

Electric water heater 0.696 

Demographic 

If single elderly 0.624 

Kerosene water 

heater / bath 
0.326 If single 0.494 

Heat-storage heater 0.194 Number of children  0.053 

Fridge number 0.182 If couple 0.034 

Clothes dryer (gas) 0.087 Elderly number -0.034 

Dishwasher 0.080 If couple with children -0.225 

Stoves used woody 

fuel 
-0.099 If big family -0.251 

Solar water heater -0.173 

Transportation 

Number of vehicles  0.200 

Behaviour 

Heating time 0.109 Driving frequency 0.114 

Hot water using time 0.059 Number of motorcycles  0.044 

TV using time 0.036 
Number of renewable 

energy vehicles  
-0.257 

Daytime at home 0.017 

Housing 

Heating room 0.040 

Saving rate -0.004 City class 0.038 

AC using time -0.007 Double-layer window -0.048 

 

3.3 Pattern recognition of emissions for different purposes 

We classify household carbon emissions into appliance-driven emissions, heating-driven 

emissions, vehicle-driven emissions, and hot water-driven emissions based on energy use. Then we 

identify households whose emissions are mainly used for these purposes, and divide them into four 

patterns: appliance-, heating-, vehicle- and hot water-oriented households, accounting for 57%, 8%, 

32% and 3% of the total number of households, respectively. Specifically, an appliance-oriented 

household means that the household has highest emissions in terms of appliances, i.e., household 

emissions are appliance-oriented. 

 

Table 3  

Accuracy comparison among different machine learning classifiers. 

Model Appliance-

oriented (57%) 

Heating-

oriented (8%) 

Vehicle-

oriented (32%) 

Hot water-

oriented (3%) 

Decision Tree 0.61 0.68 0.72 0.78 

KNN 0.62 0.70 0.76 0.76 
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Logistic Regression 0.63 0.72 0.74 0.76 

Random Forest 0.68 0.76 0.78 0.83 

XGBoost 0.70 0.76 0.79 0.85 

 

To identify the pattern features of these four types of households, this study used classifiers to 

calculate the importance of the feature selection factors, and the accuracy of the model, as shown in 

Table 3. In this study, six classification models were selected, and the accuracy of XGBoost was 

found to be the highest. Therefore, the following feature analysis is based on the classification 

results of XGBoost. The learning curves of XGBoost for the classification of the four household 

types are shown in Appendix Figure 1. It can be found that the accuracy of the model steadily 

increases on the test set and gradually decreases on the training set as the training sample increases, 

effectively proving that the model is not overfitted and has an accuracy rate of over 70% during the 

training process. Considering that few models have been trained on the emission characteristics of 

households for different purposes, our model is robust enough to identify a range of valid factors. 

In terms of energy consumption, this study has represented the contribution of households’ 

characteristics to the emissions per capita of different households (Fig. 3).  

For appliance-driven emissions in Fig. 3a, variables such as the number of fridges, air 

conditioners, TV, and type of lighting are significantly associated with whether a household would 

be a potentially high-emitter. These appliances are either used frequently, or are high energy 

consumers, which is consistent with the findings of previous studies [38,70]. For heating-driven 

emissions, variables such as kerosene heater, service time of heaters, number of rooms with heaters, 

heat-storage heaters have high impact on emission patterns as shown in Fig. 3b. This is related to 

the duration of use of heating devices and the energy sources used. For example, electricity is more 

low carbon than kerosene or gas, and electric blankets take less time to use than heaters. For 

appliance- and heating-oriented household emission patterns, the differences in terms of driving 

factors are small. 

For hot water-driven emissions in Fig. 3c and vehicle-driven emissions in Fig. 3d, the 

importance of the drivers varies widely. In terms of hot water, the number of electric water heater 

is the variable that ranks first in importance and is much higher than the other variables, which 

means that there is a greater probability that the household with an electric water heater is hot water-

driven emission pattern. For vehicle, total driving distance is the most important variable, followed 

by driving frequency and number of vehicles. This suggests that households with a high number of 

vehicles and high use are likely to be vehicle-oriented emission households. 
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Fig.3. Importance of factors (SHAP values). 

Caption: a: appliance-driven emissions, b: heating-driven emissions, c: hot water-driven emissions, 

d: vehicle-driven emission. Each row represents a feature, and the horizontal coordinate is the SHAP 

value, indicating the impact of that feature. A dot represents a sample, with redder colours indicating 

larger values for the feature itself, and bluer colours indicating smaller values for the feature itself.  

 

As can be seen in Fig. 4, drivers that determine high and low emissions for different household 

uses are not consistent, and the differences between the factors are more pronounced. We have 

discussed the differences in the driving factors by categories as follows, and the differences of 

household characteristics are listed in Appendix Table 3. 

(1) Appliance-oriented households 

Among appliance-oriented emission households (Fig.4a), the most obvious differences were 

the number and use time of air conditioner. The next significant variables were energy-consuming 

appliances such as bathroom dryer, dish dryer, and heating toilet seat. The number of small 

household appliances such as Internet modem & router, electric clothes dryer, gas stove, and air 

cleaner did not show significant differences between the two groups. In general, appliance-driven 

emissions are always a larger piece of household emissions. To effectively reduce those emissions, 

we can consider expanding the use of low-power, green appliances on the one hand, and 

encouraging households to install household photovoltaics to use renewable energy to power these 

energy-consuming appliances on the other hand, ultimately reducing emissions. 

(2) Heating-oriented households 

Households with high heating emissions (Fig.4b) have a distinctive feature from other 

households in terms of the service time and number of heaters, while some households are still using 

traditional heaters fuelled by kerosene. It is worth noting that not many households use air 

conditioners for heating, and such households are often not the ones with the most emissions on the 
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heating side. The choice and condition of appliances are related to the household’s economic 

situation, but outdated heating methods, such as the use of kerosene for heating, pose safety risks in 

addition to generating more carbon emissions. More policies are needed to improve heating 

conditions for low-income residents, while helping to reduce their emissions. 

(3) Vehicle-oriented households 

Weekly driving frequency, total driving distance and the number of vehicles is key factors in 

determining whether a household is potentially a vehicle-oriented one (Fig.4c). Interestingly, 

although the penetration of NEVs is currently low (0.9% in Japan, 2019 [66]), households with low 

vehicle-driven emissions do not have significantly more NEVs than those with high vehicle-driven 

emissions. Therefore, efforts to replace fuel cars with NEVs need to be further strengthened so that 

NEVs can cover very high frequency and intensive vehicle use to reduce emissions from vehicles. 

Otherwise, even with NEVs, the transportation habits of these households will still result in larger 

vehicle-driven emissions, i.e., a rebound effect in energy consumption [67,68]. The existence and 

extent of the rebound effect, which diminishes the effectiveness of policies, is therefore one of the 

most important factors that must be considered in the implementation of energy policies [69]. 

(4) Hot water-driven emissions 

The proportion of hot water-oriented households is small, accounting for only 3% of the total. 

Regarding their driving factors, the number of electric water heater has the biggest impact (Fig.4d). 

The more electric water heaters in a household, the more likely it is to produce greater emissions in 

terms of hot water supply. It is worth noting that households with gas water heaters do not produce 

significant emissions in terms of hot water supply. Therefore, improving equipment use and 

promoting more energy-efficient hot water supply methods will be the key means to achieve 

emissions reduction in the future. 
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Fig. 4. Normalized differences in household characteristics across True/False groups for various 

emission patterns. 

 

This study also describes the differences between common characteristics such as city class, 

housing conditions, and demographic structure, as shown in Fig. 5. The results show that the effects 

of the same variables on emissions for different uses are inconsistent. In terms of city class, the 

differences on appliance-, heating- and vehicle-oriented households are more significant, and 

households in larger cities are more likely to be appliance-oriented households, with heating- and 

vehicle-oriented not being the most dominant. 

For housing conditions, significant and opposite differences are shown for appliance and 

heating-oriented households. The smaller the house, the more households tend to emit in terms of 

appliance use, while households with larger space and more rooms are more likely to be heating-

oriented households. 

There is no significant difference in income between households with appliance- and vehicle-

driven emissions, but households with higher emissions of heating and hot water have significantly 

lower per capita income than other households. This indicates that the emissions of relatively low-

income households are mainly related to maintaining their daily living. 
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About demographic characteristics, small households are more likely to be appliance-and 

heating-oriented emissions, and large families are more likely to be transportation- and hot water-

oriented emissions. Households with elder people or those without children have greater needs for 

appliances and heating, a trend that is even being amplified over time, while households with fewer 

elder people or with children have greater needs for transportation. This significant difference is 

generally determined by the transportation needs of young people who need to commute daily and 

is amplified by the transportation needs of families with children. Further, different household types 

are analysed in depth for the mechanisms that determine their high and low emissions for different 

uses of the household. Of these, elderly groups (including single living one and couples) have higher 

electric and heating emissions. Since the use of electric appliances and heating are the basic needs 

of residents, they respond to the characteristics of the elderly’s immediate need for emissions in 

these two areas. In addition, single residents have high emissions mainly in the use of appliances, 

while large families generate higher emissions in the supply of hot water. 

 
Fig.5. Normalized differences between household common characteristics across True/False 

groups for various emission patterns. 

 

4. Discussions 
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Our findings show that high-emitting households can be identified using their characteristics. 

Small-sized households from large cities with high incomes are more likely to emit more than 

average households; if they also have intensive needs for commuting, high energy consumption, 

and heavy usages of appliances, such households are more inclined to have significantly higher 

emissions. The results associated with household lifestyles are much consistent with findings in the 

literature [19] where lifestyle shift is found to contribute to increasing emissions in Japan. Regarding 

decarbonization in household sector, specific emission reduction pathways can be proposed for 

these high-emission households based on the driving factors. 

Based on the results of our study, the significant identified drivers for household emissions can 

be helped to point out corresponding emission reduction policies in terms of household energy 

consumption behaviours. This is also known as the Nudge intervention [70], which refers to the 

tendency of consumers to follow mainstream trends in decision making according to economics, 

behavioural science and psychology. Currently, Nudge intervention has already had a considerable 

influence on government decision-making process in developed countries such as Japan, the UK, 

and the USA. In this case, factor analysis can be an important method to provide policy implications 

by summarizing observational household energy use behaviours. Besides, the identification of key 

factors that explain the highest emission source for each household also provides a way for 

policymakers to develop customized low-carbon campaigns for different household category. Such 

customized campaigns are designed to raise the sense of self-efficacy rather than the mandatory 

economic incentives, which makes factor identification a cost-effective intervention to reduce 

emission.  

Based on the Nudge intervention, Japan has also made practical policy implementation on the 

consumer side. For example, Japan has been implementing the Voluntary Energy-Saving Labelling 

Program and the Dictionary of Energy Savings in Households, which aim to inform consumers of 

the energy consumption of a product relative to the most efficient products in the same class [71]. 

This study provides the basis for these public policies, combined with Nudge intervention to provide 

insights into household emission reduction pathways. 

Furthermore, our findings are consistent with those in the existing researches. Although carbon 

emissions per capita are lower in large families, it does not mean they have much lower emissions 

in total. High-emitting households could reduce emissions by choosing low-carbon lifestyles, such 

as using energy-efficient appliances, reducing the time spent on non-essential heating or cooling, 

and owning fewer vehicles. Policies can be developed to support these lifestyle choice 

improvements through economic incentives, educational guidance and infrastructure, which is, in 

this case, consistent with the findings in previous study [19,77,78]. However, the collection of 

information on household appliances from the survey data in this study enriches the scope of 

analysis of previous studies. Following the basic energy policies of Japan, as the part of “3E+S” 

system (Safety, Energy Security, Economic Efficiency, Environment), the energy efficiency is 

highlighted in household sector. Specifically, Japan's Ministry of Economy, Trade and Industry has 

suggested to improve energy efficiency in household sector by promoting high-efficiency hot water 

system, new energy vehicles, LED, etc., expecting to have 100% coverage of LED and 90% 

coverage of high-efficiency hot water system by 2030 [74]. In this case, it’s anticipated to lower the 

final energy demand in household sector by 14 million kl by 2030. On the basis of the current plan, 

our results also suggest to expand the coverage of high-efficiency electric appliance to air 

conditioners, dryers, and heaters. In this case, both support measures and regulatory measures are 
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required. Given the fact that households demand differently on electric appliance, differentiated 

regulatory and support measures can be developed [75]. For instance, an ecological points system 

could be developed for high-efficiency equipment and put carbon footprint labels on electric 

appliance to make consumers aware of the ecological impact.  

It is also important to ensure that elderly households receive adequate heating and cooling in 

an ageing Japan, where older people spend more time at home and have higher heating and cooling 

needs than average households [76]. Also, as elder people are more inclined to own old-fashioned 

appliances and less likely to be adopt energy-saving behaviours, public guidance becomes 

particularly important for them. A suggested way to persuade them could be to use a trusted person 

close to them [21,82], and to make use of the energy efficiency program to upgrade their electric 

appliances to help abate additional emissions.  

 

5. Conclusion and policy implications  

In this study, we synthesized and identified the drivers of carbon emissions per capita of 

Japanese households from a pool of potential factors throughout several machine learning methods. 

Then we classified four categories of emission patterns by picking out the highest emission source 

of households and used machine learning models to independently identify the driving factors. 

Demographic features and specific electric appliance usages (including heating and hot water) were 

confirmed to be significant. As the effects of demographic change and lifestyle shift on household 

emissions have been recognized, our analysis takes a deep dive into the implications by mixing 

household demographic and behavioral characteristics [19,67]. 

The results show that single elderly households have the highest carbon emissions per capita 

in Japan. The higher the average age of households, the higher their emissions per capita. Our 

findings also identify the correlation between household emission trends and population trends in 

Japan. Additionally, high-emission households are mainly clustered in high-income households or 

households in north eastern Japan. Secondly, driving factors such as the number of electric water 

heaters, kerosene water heaters, electric heaters, and refrigerators explain the higher household 

emissions per capita the most. Thirdly, electricity-intensive appliances (e.g., air conditioners and 

heated toilets) and longer usage time have significant effects on appliance-driven emissions. 

Moreover, household driving frequency and the number of vehicles have a greater impact on 

household emissions per capita than the fuel types of vehicles.  

For small families in big cities, who are typically single families, ensuring their living needs 

are the minimum standard. To further reduce emission by promoting energy conservation, we 

suggest raising their awareness of energy-saving behaviours, such as turning off the power when 

leaving the house and taking public transportation to reduce the use of personal vehicles. We also 

suggest small families to gradually adjust the scale of energy use from a whole house to the right 

scale according to their needs, e.g., avoiding excessive heating or idle use of appliances. Since the 

COVID-19 brings about a work style reform, people in big cities may transfer to telework and other 

flexible work styles in the future which is expected to benefit carbon emission reduction by saving 

electricity from not working at office [78]. 

For higher-income households, they are more concerned about life quality, thus, to reduce their 

excessive emissions, customized energy use plans and energy efficiency updates are needed. 

Besides, the government could give targeted low-carbon education to such households, for instance, 



 17 

suggestions related to uses of energy-efficient appliances and purchase on low-carbon products. In 

addition, in prefectures with intensive demand on commuting, wider popularization of NEVs can 

gradually replace traditional fuel and gasoline vehicles to significantly reduce emissions from 

commuting. NEVs is expected to achieve between 50% and 70% of sales target by 2030, led by the 

METI [84]. However, so far both unaffordable price (or limited subsidy on new purchased NEVs) 

and insufficient infrastructure (e.g. EV charging station) for further promotion on NEVs are 

hindering consumers from adopting them. Despite technology development, more supportive 

policies and incentivization are needed from the government side to encourage households choose 

NEVs. 

Our findings provide insights into how to identify household emission patterns using numerous 

household characteristics, and thus identify high-emission households segment and its emission-

intensive behaviours. Customized energy supply management and services can be developed based 

on household emissions. For example, for households with electricity-intensive appliances, an 

efficient way could be promoting energy-efficient appliances. Through education and effective 

campaigns, consumers can easily recognize and adopt eco-labels and energy-saving products. 

Besides, customized policy implementation should be taken into consideration, for instance, in 

prefectures with intensive demand on commuting, customized incentives for households to accept 

public transportation or NEVs could be provided [63].  

The identification of different appliances’ contribution to higher household emissions is 

important and useful to provide a better understanding of which appliance obtain positive effect on 

low-carbon transition and how the usage of appliances drives higher household emissions. As for 

household who uses coal and wood for cooking and heating, improving electrification or subsidizing 

them to adopt electricity or natural gas can reduce emissions. Furthermore, for low-income 

households in colder prefectures, photovoltaic promotion might be effective to reduce 

environmental degradation and poverty [30,85]. Besides, throughout the energy efficiency program, 

high-efficiency appliances are expected to significantly lower final energy demand in household 

sector (METI, 2018) by expanding the coverage of LED, high-efficiency hot water system, and 

other equipment. Also, household photovoltaic is another choice for residents to offset their own 

electricity use since FIT-based contracts between households and utilities have started to expire 

from 2019 [80]. From a broader perspective, our findings can reconcile the low-carbon transition 

suggestions for households with Japan’s priority areas for carbon neutrality by 2050, including next-

generation PV and lifestyle shift business, high-efficiency electric appliance, and new energy 

vehicles for households [81].  

Of course, there are several limitations in the current study. For example, the temporal effect 

of household characteristics on their emission patterns were not considered in the model but we 

assumed that in the short run, households would not significantly change their energy use behaviours. 

Besides, the applied models were not carefully tuned for optimal parameters since the ultimate 

purpose of this study is to evaluate the key factors rather than optimize model accuracy, such as the 

heterogeneity of emission factors across regions. Also, as the accuracy and the complexity 

increasing, the future study can further reveal the spatial-temporal disparity of household emission 

features.  
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Appendix  

Appendix Table 1. Variables and definitions 

Classification Variable Definition 

Housing Prefecture Household in 47 prefectures. 

 City area Household in 10 areas including Hokkaido, Tohoku, Tohoku, 
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Tohoku, Tokai, Tokai, Chugoku, Shikoku, Kyushu and 

Okinawa. 

 City class City class of household, with 1 – large cities (prefectural 

capital and cities >100,000 population); 2 – medium cities 

(population 10,000-100,000); 3 – small cities (population 

<10,000). 

 Build type Build type of household, with 1 – detached; 2 – amalgamated. 

 Build period Build period of household, with 1 – before 1970; 2 – (1971-

1980); 3 – (1981-1985); 4 – (1986-1990); 5 – (1991-1995); 

6 – (1996-2000); 7 – (2001-2005); 8 – (2006-2010); 9 – after 

2011. 

 Build space Household floor space (m2). 

 Room number Number of rooms. 

 Double-layer window Whether the household has double window, with 0 – all 

windows have; 2 – on some of windows; 3 – no. 

 Heat room number Number of heating rooms. 

Economic Income Annual household income, with 1 – under 2.5 million yen; 2 

– (2.5-5) million yen; 3 – (5-7.5) million yen; 4 – (7.7-10) 

million yen; 5 – (10-15) million yen; 6 – (15-20) million yen; 

7 – above 20 million yen 

 Income per capita Annual household income per capita. 

 Labour number Number of people in employment. 

Demographic Residential size Number of occupants in the household. 

 Average age Average age of occupants in the household (everyone’s age 

recorded in our survey is a range, e.g., 20-29 years old, we 

took the middle value and averaged the ages of everyone). 

 Number of the elderly Number of elderly people (age>65) in the household. 

 Number of children Number of children in the household. 

 The single Whether the occupant in household is single, with 0 – no; 1 – 

yes. 

 The couple elderly Whether the occupants in household are elderly couple, with 

0 – no; 1 – yes. 

 The single elderly Whether the occupant in household is elderly single, with 0 – 

no; 1 – yes. 

 The big family Whether the household is a big family (number of 

occupants≥4), with 0 – no; 1 – yes. 

 The couple Whether the occupants in household are couple, with 0 – no; 

1 – yes. 

 The single with kids Whether the occupants in household are single with kids, with 

0 – no; 1 – yes. 

 The couple with kids Whether the occupants in household are couple with kids, 

with 0 – no; 1 – yes. 

Appliance TV Number of TVs. 

 Fridge Number of fridges. 
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 Air conditioner Number of air conditioners. 

 Washing machine (no 

drying function) 

Number of washing machines (no drying function). 

 Washing machine (with 

drying function) 

Number of washing machines (with drying function). 

 Clothes dryer (electric) Number of clothes dryers (electric). 

 Clothes dryer (gas) Number of clothes dryers (gas). 

 Bathroom Dryer Number of bathroom dryers. 

 Dishwasher Number of dishwashers. 

 Dish dryer Number of dish dryers. 

 Microwave oven Number of microwave ovens. 

 Gas grill Number of gas grills. 

 Rice cooker Number of rice cookers. 

 Gas stove Number of gas stoves. 

 Electric kettle Number of electric kettles. 

 Wash the toilet with warm 

water 

Number of wash the toilet with warm water. 

 Heating toilet seat (without 

hot water washing function) 

Number of heating toilet seats (without hot water washing 

function). 

 Humidifier Number of humidifiers. 

 Dehumidifier Number of dehumidifiers. 

 Air cleaner Number of air cleaners. 

 Computer Number of computers. 

 DVD Number of DVDs. 

 Internet modem, router Number of internet modem & routers. 

Heating Air conditioner Number of air conditioners. 

 Electric stoves Number of electric stoves. 

 Electric carpet Number of electric carpets. 

 Electric heat storage heater Number of electric heat storage heaters. 

 Gas stoves Number of gas stoves. 

 Kerosene stoves Number of kerosene stoves. 

 Stoves used woody fuel Number of stoves used woody fuels. 

 Solar heating Number of solar heating. 

 Central heating Number of central heating. 

 Floor heating Number of floor heating. 

Vehicle Vehicle source Type of vehicle sources. 

 Vehicle number Number of vehicle numbers. 

 Motorcycle number Number of motorcycle numbers. 

 Electric motorcycle number Number of electric motorcycle numbers. 

 Driving frequency Driving frequency of the household. 

 Driving distance Total driving distances of the household. 

 Vehicle fuel Type of vehicle fuel. 

Behavior Daytime at home Whether the occupants in household are at home during the 

day on weekdays, with 1 – every day per week; 2 – three or 
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four days per week; 3 – one or two days per week; 4 – almost 

none. 

 Energy saving rate The percentage of energy saving behaviors in the 

questionnaire. 

 TV time Time spent watching TV every day, with 1 – less than 1 hour; 

2 – (1-2) hours; 3 – (2-4) hours; 4 – (4-8) hours; 5 – (8-12) 

hours; 6 – (12-16) hours; 7 – (16-20) hours; 8 – more than 20 

hours. 

 AC time Time spent using air conditioner on summer every day, with 

1 – less than 2 hours; 2 – (2-4) hours; 3 – (4-8) hours; 4 – (8-

12) hours; 5 – (12-16) hours; 6 – (16-20) hours; 7 – (20-24) 

hours; 8 – 24 hours. 

 Transportation saving Whether to adopt energy-saving behavior in transportation, 

with 0 – no; 1 – yes. 

 Light saving Whether to adopt energy-saving behavior in light, with 0 – 

no; 1 – yes. 

 Heating time Time spent using heating on winter every day, with 1 – less 

than 2 hours; 2 – (2-4) hours; 3 – (4-8) hours; 4 – (8-12) hours; 

5 – (12-16) hours; 6 – (16-20) hours; 7 – (20-24) hours; 8 – 

24 hours. 

 Hot water time Time spent using hot water in kitchen every week, with 1 – 

every day; 2 – (5-6) days/week; 3 – (3-4) days/week; 4 – (1-

2) days/week; 5 – almost none. 

 

 

Appendix Table 2. Intensity of electricity, city gas, LP gas, gasoline, and light 

Energy type Heat conversion coefficient CO2 emission coefficient 

Electricity 3.6 MJ/kWh 0.688 Kg-C/kwh in Hokkaido 

0.525 Kg-C/kwh in Tochigi, Gunma, Ibaraki, Saitama, 

Chiba, Tokyo, Kanagawa, Yamashi 

0.516 Kg-C/kwh in Nagano 

City gas 44.8 MJ/m3 0.0136 t-C/GJ 

LP gas 50.8 MJ/kg 0.0161 t-C/GJ 

Kerosene 36.7 MJ/ℓ 0.0185 t-C/GJ 

Gasoline 34.6 MJ/ℓ 0.0183 t-C/GJ 

Light oil 37.7 MJ/ℓ 0.0187 t-C/GJ 

 

 

 

Appendix Figure 1. Learning curve of training examples of the XGBoost model 
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Appendix Table 3. The differences of household characteristics classification 

Appliance-oriented household 2015 2017 2018 

Variable No Yes No Yes No Yes 

Household space 114.77 101.93 106.11 99.02 107.79 99.30 

Household size 2.967 2.691 2.907 2.523 2.849 2.467 

If couple 0.114 0.086 0.123 0.095 0.131 0.101 

Elderly number 0.732 0.831 0.751 0.876 0.788 0.942 

Child number 0.653 0.482 0.648 0.414 0.584 0.359 

Bathroom dryer 0.179  0.217  0.182  0.219  0.195  0.225  

City class 1.895 1.734 1.910 1.729 1.925 1.721 

Heating-oriented household 2015 2017 2018 

Variable No Yes No Yes No Yes 

Electric heat storage heater 0.046 0.466 0.045 0.282 0.038 0.390 

Stoves used woody fuel 0.008 0.008 0.020 0.011 0.008 0.007 

Heating time 3.607 5.322 3.602 4.926 3.508 4.941 

Heating room 1.857 2.549 2.167 2.942 2.181 2.906 

Household income 205.47 180.68 225.22 204.67 228.48 205.31 

Household space 105.37 129.16 100.71 117.15 101.80 119.16 

Vehicle-oriented household 2015 2017 2018 

Variable No Yes No Yes No Yes 

Renewable energy vehicle  0.006 0.003 0.012 0.007 0.012 0.008 

Driving frequency 3.641 5.665 3.303 5.416 3.387 5.617 

Driving distance 5955 14075 6491 14520 6652 15931 
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Vehicle number 1.177 1.801 1.049 1.725 1.058 1.800 

Electric motorcycle number 0.005 0.006 0.012 0.013 0.003 0.005 

Vehicle fuel 7.577 10.238 6.105 8.562 5.864 8.514 

Hot water-oriented household 2015 2017 2018 

Variable No Yes No Yes No Yes 

Electric water heater 0.075 0.690 0.091 0.430 0.088 0.377 

Hot water time 1.802 1.491 1.772 1.498 1.839 1.385 

Household income 204.10 189.39 224.27 191.30 227.63 188.36 

Household size 2.791 3.145 2.679 3.203 2.628 3.082 

If single 0.102 0.063 0.104 0.036 0.097 0.065 

If couple elderly 0.148 0.149 0.160 0.135 0.180 0.169 

If big family 0.169 0.206 0.142 0.191 0.134 0.203 

Note: Please refer to the definition in Appendix Table 1 for the units of variables here. 


