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Abstract This chapter deals with not only household car ownership and usage, 
but also ownership and usage of in-home electric and electronic appliances from 
the perspective of energy consumption. Household energy consumption is an 
outcome of a series of life choices including end-use ownership, end-use effi-
ciency, end-use usage, time use, expenditure allocation, residential location 
choice, employment choice, and household structure decisions. It is related to all 
life domains and also has externalities such as impacts on health. Life-oriented 
methodology that considers the potential interactions between household energy 
consumption and other life choices would be more appropriate to investigate this 
issue. To that end, this chapter sheds light on three fundamental questions related 
to household energy consumption: (1) How much is the minimum energy demand 
for households in the context of their life choices? (2) How do factors of attitude, 
belief and consciousness work on residential choice and household energy con-
sumption? (3) How can household energy demand be actively managed by design-
ing life choice-oriented interdisciplinary policies? In this chapter, the externality 
of household energy use on health is discussed as well.
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5.1  Background

In recent years, great progress has been made to slow down and stop the pace 
of climate change. Indeed, good signs have been seen that economic growth and 
energy-related emissions, which have historically moved synchronously, are start-
ing to decouple. The energy intensity of the global economy continued to decline 
in 2014 despite economic growth of over 3 %. However, increasing effort is still 
needed if we are aiming to limit the rise in global mean temperature to 2 °C (IEA 
2015). To that end, efforts to develop cleaner and more efficient energy technolo-
gies should be further enhanced. Globally, the industrial final energy consump-
tion fell by 4 % from 1973 to 2011 (Fig. 5.1). In addition, residential consumption 
accounted for about a quarter of global total final consumption. This share has 
remained stable over the last 35 years and is likely to remain more or less the 
same in the future in spite of technology change (IEA 2014), probably because 
of the contribution from the developing countries, whose shares are continuing 
to increase due to the unsaturation of domestic end uses as well as poor living 
conditions. For the transport sector, the total final energy consumption increased 
from 23 % in 1973 to 27 % in 2011(IEA 2014), suggesting that energy savings 
from new efficient technologies are likely to be offset by increasing demand for 
transport.

Based on these statistics, it is not difficult to realize that, in contrast to indus-
trial and service sectors, residential and private transport energy consumption 
requires more active controls in addition to technology improvement, because 
they are associated with the way individuals and households use energy to heat, 
cool, and light their homes, run an increasing number of electric appliances, and 
drive their cars. All forms of consumption are a result of life choices (e.g., end-
use ownership, efficiency choice, end-use usage, time allocation, expenditure 
allocation, residential location choice, and job choice) and can be a form of self-
expression (Hubacek et al. 2009; Schaffrin and Reibling 2015; Wei et al. 2007). 

Fig. 5.1  Shares of sectors in total final consumption for the world (1973 and 2011) (IEA 2014)
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In other words, determining how to achieve sustainability in these two sectors 
relies to a large extent on household/individual daily behavior in all life domains, 
which might be quite different across the population, making it more difficult to 
control through regulation than other energy-consuming sectors. The incentives 
for bundling residential consumption and private transport consumption together 
as household consumption have been demonstrated repeatedly in the literature (Yu 
et al. 2011, 2012, 2013a, b, c). Therefore, this chapter will depart from the con-
text of a comprehensive household sector by including both residential and private 
transport sectors.

5.2  Energy Consumption, Life Choices, Quality of Life, 
and Environmental Consequences

Motivated or restrained by attitude, belief, and consciousness (ABC) factors, as 
well as sociodemographic and economic factors, people make a series of interre-
lated choices about their employment, residence, and family composition, which 
may further influence their other life choices, such as daily activities and monetary 
consumption. These life choices are further attributable to people’s quality of life 
(Veenhoven 2014; Zhang and Xiong 2015). It is worth noting that self-selection 
effects (Cao et al. 2009; Mokhtarian and Cao 2008; Van Wee 2009) might exist 
between these choices (Zhang 2014). To support daily activities, households/indi-
viduals need to purchase the necessary goods and end uses (end-use ownership 
choice) with appropriate technologies (technology choice), and decide how long 
and how often to use them (end-use usage). In turn, this causes additional expend-
iture on goods, appliances, and/or vehicles. The activity pattern of a household/
individual relates to the main driving forces of direct residential and passenger 
transport energy consumption, namely the duration of use of energy-consum-
ing appliances, the number of trips taken to support daily activities, the mode of 
travel, and the timing of travel (Ellegård and Palm 2011; Widén et al. 2009). On 
the other hand, expenditure on goods and end uses will induce energy consump-
tion during the life cycle of industrial production for materials or services (Bin 
and Dowlatabadi 2005; Wei et al. 2007). Consequently, the choices of activity pat-
tern and expenditure may be further linked to energy consumption. In other words, 
household energy consumption is a result of all the aforementioned life choices, 
as shown in Fig. 5.2, and changing any one of them may have derivative effects 
on the others. Using data from 198 countries for the period 1990–2009, Al-mulali 
(2016) found that “energy consumption improves the life quality of 70 % of 
the countries despite their different incomes. … the life quality indicators also 
increase energy consumption, a phenomenon that appears to be true in 65 % of the 
countries.” Thus, energy consumption and quality of life are interrelated.

The world still depends on fossil fuels that represent 81 % of total energy con-
sumption (Al-Mulali 2016). The OECD extensively examined environmental pres-
sure from households from the perspectives of waste generation and recycling, 
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personal transport choice, residential energy demand, environmentally responsible 
food choice, and residential water use (OECD 2008). It is predicted that environ-
mental pressure from households will significantly increase by 2030: total resi-
dential energy use in OECD countries will increase by an average of 1.4 % per 
year from 2003 to 2030 and non-OECD residential energy use will be nearly 30 % 
higher than the OECD total in 2030 (Ferrara and Serret 2008). Zaman et al. (2016) 
confirmed the relationships between energy, environment, health, and wealth in 
BRICS countries (Brazil, Russia, India, China, and South Africa) over the period 
1975–2013, and suggested that a carbon-free economy should be the priority for 
the green growth agenda that helps prevent environmental health hazards. More 
evidence of the negative effects of energy consumption on public health is seen in 
Wang (2010). On the other hand, Ellegård and Palm (2011) argued that policies 
reducing environmental loads from households must relate to and rely on individu-
als’ daily choices and household routines, i.e., what they do in their everyday lives.

Under the full picture in Fig. 5.2, this chapter sheds light on three fundamen-
tal questions related to household energy consumption. (1) How much is the 

Fig. 5.2  Life choices and environmental consequences
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minimum energy demand for households in the context of their life choices? (2) 
How do the ABC factors work on residential choice and household energy con-
sumption? (3) How can household energy demand be actively managed by design-
ing life choice-oriented interdisciplinary policies? As an extension, the externality 
of household energy use on health will be discussed through a review.

5.3  Household Energy Consumption, How Much Can Be 
Cut Down?

5.3.1  Behavioral Mechanism

Energy is an indispensable resource for household production and is consumed in 
meeting different needs in daily life (e.g., eating, showering, cooling and heating, 
entertainment, working, and so on). Energy consumption for meeting basic needs 
is not the same as that for meeting higher-order needs. The energy consumption 
for basic needs may not be significantly different between households if household 
composition and other attributes are the same, and there is probably no potential to 
cut down this part of consumption by external policies because the minimum qual-
ity of life should be ensured for each household. However, for higher-order needs, 
energy consumption across households with the same composition and attributes 
could differ significantly. Only for these needs might “unnecessary” consumption 
exist and be able to be reduced by policy instruments, along with the constraints 
of basic needs (Baxter et al. 1986; Schaffrin and Reibling 2015). The question of 
energy consumption for human basic needs immediately raises the issue of a mini-
mum threshold energy budget; i.e., one above which human basic needs can rea-
sonably be met. Filippini and Hunt (2012) estimated the underlying efficiency 
of residential energy consumption for each US state; substantial variation of effi-
ciency was found between different states, suggesting that the phenomenon of 
“waste energy” is quite prevalent. Chung (2011) reviewed dozens of articles related 
to the benchmarking of buildings in light of energy-use performance (i.e., the low-
est energy-use buildings), and the main methodologies [including Ordinary Least 
Squares (OLS), Stochastic Frontier Analysis (SFA), and Data Envelopment Analysis 
(DEA)] for dealing with energy efficiency were summarized and compared.

5.3.2  Case Study: Does “Waste Energy” Exist or Not?

In this section, based on an empirical study in the context of Beijing, we give 
an example of how to address the questions concerning whether “waste energy” 
exists or not and how much household energy consumption can be cut down. 
Stochastic frontier analysis (SFA) (Fernández et al. 2005) is applied to identify 
the end uses showing inefficient consumption in households, as well as the lower 
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bound of energy expenditure (minimum expenditure) for these end uses in each 
household. The data employed here are obtained from a household energy con-
sumption survey conducted in Beijing in 2010 (Yu et al. 2015).

To analyze the inefficiency of end uses, the single-output nature SFA analy-
sis with frontier cost function is conducted for each end use. It is unlikely that 
all households operate at the frontier with minimum consumption, and failure to 
attain the cost frontier implies the existence of consumption inefficiency. The part 
of consumption excluding the inefficient consumption equals the part for basic 
needs. The mathematical expression is denoted as:

where i is household, j is end use, and Xij is a group of variables represent-
ing the household/individual heterogeneity; the first error term uij is a one-sided 
nonnegative disturbance reflecting the inefficiency of end use j in household i, 
uij ∼ idN+(0, σ 2

u ); the second error term vij is a two-sided disturbance capturing 
the effect of measurement error and random factors, vij ∼ iidN(0, σ 2

v ).

Inefficiency is indexed by the ratio of the actual costs (the actual energy 
expenditure) to the lowest cost level (the minimum energy expenditure):

The variables used to describe the cross-sectional heterogeneity in SFA are listed 
in Table 5.1. In total, nine durable end uses are targeted: refrigerators, electric 
fans, air conditioners (AC), gas showers, washing machines, TVs, PCs, micro-
wave ovens, and private cars. The results in Table 5.2 and Fig. 5.3 show that for 
these nine end uses, only for the usage of refrigerators, washing machines, micro-
wave ovens, and cars is there significant inefficient consumption. The inefficiency 
level of the domestic end uses (i.e., refrigerators, washing machines, and micro-
wave ovens) ranges from 1 to 5, and almost 80 % of the sample is below 3. By 
contrast, the inefficiency level of cars is much wider (i.e., 1–19), indicating a 

(5.1)ln Yij = β lnXij + uij + vij , ui ≥ 0 (i = 1, 2, . . . ,N and j = 1, 2, . . . , 9)

(5.2)Inefficiencyij =

(

Yij
∣

∣uij,Xij

)

(

Yij
∣

∣uij = 0,Xij

) =
β ln Xij + uij

β ln Xij

≥ 1

Table 5.1  Variables in the stochastic frontier analysis (SFA)

Variable Description

Yij Energy consumption per person on end use j in household i

xijm (m = 1–7) xij1 Household annual income level

xij2 Household size

xij3 Accessibility to the nearest bus stop/MRT station

xij4 Accessibility to the nearest supermarket

xij5 Energy intensity of the end use

xij6 Accessibility to the nearest shopping mall

xij7 Accessibility to the nearest park

ln(xijm) * ln(xijn) (m, n = 1–7, n ≥ m) interacted terms between each two of the above 
seven x variables
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substantial variance. It can be inferred that energy consumption for cars might be 
easier to control and the extent for reduction will also be broader than domestic 
end uses when the relevant policies [e.g., integrating persuasive technology with 
energy delegates (IPTED) (Emeakaroha et al. 2014), rumor propagation (Han 
et al. 2014), and eco-feedback systems (Jain et al. 2013)] are carried out. The 
minimum expenditure or the lower bound (yij = β ln Xij) of the end-use usage in 
each household can be further calculated and this limit is supposed to change with 
household/individual characteristics in future years.

5.3.3  Summary

The findings on inefficient consumption and the minimum threshold for house-
holds are enlightening because they contribute to target setting and the effec-
tiveness of the climate policies that encourage the proenvironmental behavior of 
households. The results in the Beijing case study show that the demand for the 
service of electric fans, ACs, gas showers, washing machines, TVs, and PCs is to 
meet basic life needs, implying that the energy consumption on these five end uses 
is difficult to cut down by policies other than technology improvement. For the 
four end uses with inefficient consumption, it should be noted that irrespective of 
the policies carried out, there is always a maximum bound for energy saving.

Furthermore, considering life needs may change with the progress through life 
stages; decision-making patterns may or may not be transferred from one stage 
to the next stage(s). This issue should be investigated using panel approaches to 
 capture the dynamic change of consumption for basic needs.

Fig. 5.3  Inefficiency level of the end uses (Yu et al. 2015)
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5.4  ABC Factors and Household Energy Consumption

5.4.1  Behavioral Mechanism

In relation to the need for energy in life, in addition to objective factors such as 
income and household composition, subjective factors such as attitude, belief, and 
consciousness (ABC) of different life activities may play a role in understanding 
household energy consumption behavior. The question whether environmental atti-
tudes, beliefs, and consciousness result in proenvironmental behaviors with regard 
to energy conservation has been extensively studied (Abrahamse et al. 2005; Ohler 
and Billger 2014; Ozaki and Sevastyanova 2011). A growing body of research 
indicates that many people and households engage in proenvironmental actions 
(e.g., recycle their waste or sort garbage themselves (Czajkowski et al. 2014), and 
buy organic food or efficient appliances (Steg et al. 2014) with the consideration 
of benefiting other people, future generations, and the environment, even though 
these actions may be costly. These proenvironmental actions accordingly induce 
energy savings or emission reductions (Bolderdijk et al. 2013; Gadenne et al. 2011; 
Martinsson et al. 2011; Sapci and Considine 2014; Yu et al. 2011). Even though the 
targeted areas, the analysis methods, and the survey data used in these studies are 
quite varied, similar relationships between these psychological factors and energy 
consumption are identified. Consequently, it is plausible that changing such unob-
served factors, e.g., ABC factors, by informational or educational campaigns could 
be an alternative means to reduce energy use for a proportion of households.

On the other hand, the subjective factors are usually the inherent characteristics 
of people, implying that they may impact two or multiple life choices and activi-
ties: extroverts may enjoy staying out and socializing more with others (less in-
home energy use); car addicts may buy a car and become a heavier car user (more 
fuel consumption); workaholics may spend most of their time working and less 
time on other activities (more consumption on work-related activities); proenvi-
ronmentalists may buy high-efficiency appliances and take public transport (less 
energy consumption); and so on. Indeed, all of these subjective factors are related 
to household energy consumption behavior, suggesting that household energy con-
sumption should be analyzed jointly with other life choices.

5.4.2  Case Study: Self-selection Effects Between Residential 
Location Choice and Household Energy Consumption 
Behavior

Residential location choice has a long-term influence on household energy con-
sumption behavior, referring to end-use ownership and usage. Brand et al. (2013) 
found that urban/rural status, home-to-work distance, home-to-retail distance, 
and home location had a significant influence on energy consumption and carbon 
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dioxide emissions from motorized passenger travel in the UK. Nässén (2014) and 
Rahut et al. (2014) identified different domestic energy consumption patterns for 
rural and urban households in Sweden and Bhutan, respectively. In addition to 
the above causal effect from the residential environment (RE) characteristics to 
household energy consumption behavior, many researchers argue that there are 
other noncausal associations between these two dimensions derived from inter-
vening variables that cause both. This relationship is called the “self-selection 
effect” (Mokhtarian and Cao 2008; Yu et al. 2012). Statistically, self-selection 
arises in any situation in which individuals select themselves into a group. The 
self-selection effect might come from ABC factors (Ohler and Billger 2014; Ozaki 
and Sevastyanova 2011), social factors such as lifestyle and life stage (Lutzenhiser 
1993; Weber and Perrels 2000), and cultural factors (Abrahamse et al. 2005; 
Lutzenhiser 1992) among others. It is further argued that the self-selection effect 
might vary with life domains. For example, households that do not like cooking 
may choose to reside in a neighborhood with good catering facilities (e.g., res-
taurants and/or supermarkets), consequently, with fewer cooking-related end uses; 
households with a preference for driving may prefer to live in suburban areas to 
satisfy their desire to drive. Obviously, these two effects are distinct. This section 
introduces a case study that sheds light on household energy consumption behav-
ior by incorporating multiple self-selection effects.

To that end, an integrated model, termed a mixed multinomial logit–multiple 
discrete-continuous extreme value (MNL–MDCEV) model, is built. This model 
covers residential location choice, end-use (including in-home appliances and out-
of-home cars) ownership, and usage behavior, by considering a comprehensive set 
of RE and sociodemographic variables, as well as multiple self-selection effects. 
Bearing in mind the focus of this section, we only discuss the results related to 
the effect of unobserved factors (e.g., ABC factors) that cause self-selection effects 
on household energy consumption behavior; other results and conclusions can be 
found in Yu et al. (2012).

The MNL–MDCEV model includes the unobserved factors associated with 
both residential choice and household energy consumption behavior, which are 
regarded as the cause of multiple self-selection effects. To represent the sam-
ple heterogeneity, these factors are assumed to follow a normal distribution and 
Table 5.3 lists the estimation results of the mean and standard deviation for each 
end use. Based on the means, it was found that there is a significant unobserved 
component simultaneously affecting residential location choice and the ownership 
and usage of all end uses, indicating a correlation between long-term residential 
location choice behavior and medium/short-term household energy consumption 
behavior. In addition, the self-selection effects differ across end uses, verifying 
the need to incorporate multiple self-selection effects into the integrated model. 
Specifically, for in-home end uses (i.e., refrigerator, AC, electric shower, wash-
ing machine, TV, and PC), the positive self-selection effect indicates that some 
unobserved factors make households select themselves to a particular neighbor-
hood and be more likely to own and spend more money on these end uses. For 
electric fan, gas shower, microwave oven, and car, the negative sign means that 
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certain unobserved factors make households select themselves to some other par-
ticular neighborhood and be less likely to own these end uses or spend less money 
on them. For the standard deviations, it is confirmed that the multiple self-selec-
tion effects on the residential choice and energy consumption behavior of refrig-
erator, AC, electric shower, washing machine, TV, PC, and car vary significantly 
between households. Furthermore, these heterogeneous self-selection effects are 
more obvious for the ownership and usage of electric shower and car. This also 
supports the rationality of accommodating end-use-specific self-selection effects 
instead of using a common effect for all end uses. Although based on the model 
results, we cannot clarify what the self-selection effect exactly is or how to change 
it; however, after controlling for the self-selection effect in the model, the rela-
tively true effect from residential environment variables can be captured, leading 
to less biased evaluation of land-use policy for household energy consumption.

To identify how much various factors influence household energy consumption 
behavior, we calculate the contribution ratio by each factor. For ease of interpre-
tation, the total effects from three groups of variables are compared: household 
attributes (including household income, household size, presence of children and 
elders, number of workers and education level), residential environment attrib-
utes (including the CBD, suburban area, number of shopping malls, supermarkets, 
recreational facilities, restaurants, parks, bus lines and train lines in the neighbor-
hood), unobserved factors only related to household energy consumption behav-
ior, and unobserved factors associated with self-selection effects. It can be seen 
in Fig. 5.4 that different attributes have their own leading domain. Household and 

0% 20% 40% 60% 80% 100%
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Gas shower

Washer

TV
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Vehicle
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Residential enviornment

Unobserved effect only related to household energy consumption behavior

Unobserved effect causing by self-selection effects

Fig. 5.4  Contribution of different attributes on household energy consumption behavior for end 
uses
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individual attributes dominate for the energy consumption behavior of refrigerator, 
electric fan, AC, electric shower, gas shower, and TV. For washing machine, PC, 
microwave oven, and car, residential environment attributes play a more important 
role in explaining ownership and usage behavior. The contribution of unobserved 
factors varies greatly with end uses, ranging from 5 to 41 %, among which the 
portion causing self-selection effects varies from 2 to 24 %, suggesting a signifi-
cant contribution that cannot be neglected when modeling the interaction between 
residential choice and household energy consumption behavior.

5.4.3  Summary

This section emphasizes the importance of considering the unobserved factors that 
influence household energy consumption behavior. The significant unobserved fac-
tors associated with the self-selection effects in the case study suggest that resi-
dential environment attributes are not completely exogenous in household energy 
consumption behavior. In other words, the effect of land-use policy on household 
energy use would be incorrectly estimated due to the existence of self-selection 
effects. This is an example showing the interaction between different life choices 
(i.e., residential location choice and household energy consumption decision 
choices) triggered by the subjective factors. As noted above, ABC factors are usu-
ally the inherent characteristics of people, meaning that besides the residential 
domain, there might be some other life domains interacting with household energy 
consumption due to ABC factors. Future analysis could start from this notion. In 
addition, in the case study, the self-selection effect was found to vary between 
2 and 24 % with end uses. This validates the need to consider end-use-specific or 
life-choice-specific self-selection effects. The above finding strongly suggests that 
when planners attempt to develop interdisciplinary policy to save energy, in addi-
tion to the objective factors (e.g., RE attributes, sociodemographics, and housing 
attributes), the subjective factors (e.g., the ABC, social, and cultural factors) that 
might cause the self-selection phenomenon should also be introduced to under-
stand energy consumption behavior. It is also implied that to conserve household 
energy consumption, it is important to introduce “soft policy”, such as the provi-
sion of information about energy-saving behavior and an evaluation platform for 
households to monitor their energy consumption and emissions.

The remaining issue is how to identify and quantify the exact effect of ABC 
factors to determine the appropriate policies. Some researchers ask about people’s 
environmental awareness or willingness to pay for environmentally improving 
measures (Tsushima et al. 2015; Wang et al. 2015); however, it is argued that those 
households that have positive environmental concerns and attitudes do not always 
consume less energy or do not recognize the relevance of energy savings (Gaspar 
and Antunes 2011; Holden and Linnerud 2010). Such inconsistencies should be 
taken into account. Panel surveys or field experiments might produce better data 
and the multilevel model could be an alternative method to stratify ABC factors.
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5.5  Interdisciplinary Policy Scheme

5.5.1  Behavioral Mechanism

To achieve sustainable energy demand management, it is important to design a 
proper policy scheme to combine the effects of new technology, awareness cam-
paigns, social norms, city structure, and comparative information (Khansari 
et al. 2014); in other words, a series of interdisciplinary countermeasures should 
be designed and carried out at the same time or successively put into practice. 
Accordingly, evaluating the collective effect of these countermeasures on house-
hold energy demand via an examination of the behavior change becomes the cru-
cial challenge. Gomi et al. (2011) highlighted three types of relationships between 
policies: (1) policies that have an accelerating effect on other policies; (2) policies 
that are the prerequisite policies for others; and (3) policies that are parallel poli-
cies. However, in reality, there might also be a hindering effect between different 
policies, perhaps due to the inappropriate time sequence of the policies. For exam-
ple, if the measures for improving people’s environmental awareness are imple-
mented in advance of a rebate program, one of the interactions between these two 
policies could be that more people utilize the rebate, while another result could 
be that because consumers have already contributed to energy savings by alter-
ing their lifestyle as their incremental awareness increases, they are hindered from 
participating in the rebate program, and vice versa. In this case, the rebate policies 
that are supposed to increase technology efficiency will not work as expected. This 
behavior could also occur between social-norm-related policies and technology 
improvements. Sometimes such hindering effects are not easily perceived, result-
ing in the failure of the planned policies. Therefore, when the interdisciplinary 
policies are implemented together, the overall effect should not be calculated as 
the sum of the effects of every single policy; instead, the system that can reflect 
the policy interactions from the consumers’ behavioral perspective is required. To 
date, few attempts have been made to systematically couple these insights into a 
quantitative framework. As a result, a serious methodological gap exists between 
the perceived importance of closing the loop from the energy demand side and 
quantitative modeling frameworks or even policy scheme analysis.

5.5.2  Case Study: A Dynamic Active Energy Demand 
Management System

This section outlines a trial analysis to address the methodological gap noted 
above by extending the analysis in Sects. 5.3 and 5.4 to a simulated dynamic 
active energy demand management system (DAEDMS), which evaluates the col-
lective effects of a set of nonprice policies, including urban planning, soft poli-
cies for improving household/individual unobserved factors (such as ABC factors), 
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technology improvement/rebate programs, market end-use diffusion control, and 
social norms, on changing household behavior (i.e., end-use ownership, technol-
ogy efficiency choice, and end-use usage) and the accompanying energy con-
sumption in the residential and private transport sectors. The timing effect of each 
policy is also considered in DAEDMS, on the one hand to account for the interac-
tions between the policies, and on the other hand to show the possible pathways to 
achieve the target. To present the implementation of DAEDMS, Beijing is taken 
as an example. The core model structure in DAEDMS builds on the methodology 
(i.e., the logit and resource allocation model) proposed in Yu et al. (2013a) and 
the estimation results related to self-selection effects in Yu et al. (2012). DAEDMS 
includes six modules, of which four modules directly act on the static policy var-
iables (the technology improvement/rebate module, the soft policy for the ABC 
change module, the land-use change module, and the sociodemographic/economic 
factor (SDEF) change module); the other two modules play the role of introducing 
the dynamic change due to the market and other households (the market diffusion 
change module and the neighborhood social interaction module). Compared with 
the existing top-down and bottom-up energy system models (Fortes et al. 2014), 
such as decision analysis-based energy modeling (Wang and Poh 2014) and the 
demand side management system in the power sector (Jalali and Kazemi 2015), 
DAEDMS is focused on the energy demand side in both residential and private 
transport sectors, but with much more detailed and in-depth description of the 
behavioral mechanisms for household energy consumption, especially the inter-
action between residential energy consumption behavior and travel behavior, the 
rebound effects when the technology improves, the self-selection effects when the 
residential environment changes, the ownership change when the end-use penetra-
tion increases in the market, and the inefficient consumption and minimum ser-
vice demand when considering the social influence. Furthermore, the interactions 
between policies within one scheme caused by the timing effect are explicitly 
incorporated in DAEDMS.

(1) Referring aspects in the simulation

In the simulated DAEDMS, the base year is 2010 and the future five years of 
2011–2015 are targeted. Although the period can be easily extended, a short-term 
projection assuming similar economic and societal environment in the future is 
recommended because the adopted model estimation result is based on cross-sec-
tional data. The following aspects in DAEDMS are addressed:

1. the natural change of the sociodemographic and socioeconomic characteris-
tics (e.g., income, retirement with age increase, and the presence of children 
younger than 12 years) in the future year;

2. the influence of technology improvement or the rebate policy that causes the 
end-use efficiency changes;

3. the influence of soft policy (e.g., proenvironmental education);
4. the influence of the urban planning policy that changes the number of sur-

rounding facilities;
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5. the influence from the change of the market diffusion rate of the end uses;
6. the influence of social norms due to the households living in the same 

neighborhood;
7. the inefficiency level of the end uses and the minimum energy required for 

each end use.

(2) Embedded model for predicting the future end-use consumption in DAEDMS

DAEDMS is developed to evaluate the collective effect of the policy scheme 
on changing household energy consumption in the future. To that end, the logit 
and resource allocation model (Logit & RA) is embedded in DAEDMS to pre-
dict the end-use energy consumption every time certain policies occur. This 
model is derived from the combination of the model structure in Yu et al. (2013a) 
and model results in Yu et al. (2012). Based on the results of the mixed MNL–
MDCEV model in Table 5.3, the unobserved factors associated with self-selection 
effects are extracted. By including these factors and household socioeconomic 
characteristics as well as residential environment attributes and technology effi-
ciency collected from the household survey into the Logit & RA model and esti-
mating it, the model coefficients used for dynamic simulation are finally obtained. 
In this way, we can describe how urban planning, soft policy, and technology 
improvement affect household energy consumption behavior in the same model 
structure, while dealing with both rebound effects and self-selection effects.

(3) Interface and flowchart of DAEDMS

A visual user interface was designed for DAEDMS (Fig. 5.5), in which the param-
eters for controlling policy interventions in the simulation program can be set 
externally based on the survey data or assumptions. The parameters shown in the 
interface are regarded as the policy parameters. In addition, policy makers can 
select the years to implement different types of policies to find the potential path-
ways to achieve energy conservation. If certain policies are not included in the 
policy scheme, then 0 is input to the corresponding option box for the policy year.

Households first access the four parallel modules (the technology improvement/
rebate module, the soft policy for the ABC change module, the land-use change 
module, and the SDEF change module) to update their technology efficiency, 
unobserved factors related to ABC, residential environment, and SDEF; next, the 
market diffusion change module is accessed to ensure that the end-use owner-
ship keeps pace with the whole market; finally, the social interaction module is 
accessed to indicate the interaction with other households. The concrete flowchart 
and interpretation of each module can be found in Yu et al. (2015).

In DAEDMS, we set the policy year option for technology improvement, 
soft policy, and urban planning policy; regarding the influence of the market 
and the social network, we assume that it always exists. The time step is set as 
one year, meaning that household energy expenditure will be re-estimated every 
year. However, it is easy to shorten the time step to one month or one day, and 
the continuous implementation of a policy (i.e., more than one year) can be easily 
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implemented in this program. Here, we only provide an example of how to manip-
ulate such an integrative policy analysis system for household energy consumption 
behavior.

(4) Simulation results on policy effects

Because of the lack of data, several assumptions have been made in the simu-
lation process, which results in less reliable estimation of the policy effects. 
Nevertheless, the main focus of this study is to demonstrate how to evaluate quan-
titatively the overall effect of this policy scheme on household energy consump-
tion behavior rather than proposing effective countermeasures for policy makers.

Regarding the outputs, the simulated DAEDMS produces the annual energy 
expenditure and consumption for each end use in every household in the tar-
geted period (2011–2015 in this empirical analysis). In addition, the effects of 
policy schemes (or scenarios) composed of a single policy or multiple policies 
can be examined for any predefined execution time for the relevant policies. To 
evaluate the overall effect of policy schemes and to examine the timing effect, the 
policy scenario in the empirical analysis refers to the scheme including all of the 
DAEDMS policies with predefined policy years, and the scenario with only the 
influence of the market diffusion rate and social interaction is set as the reference 
scenario.

With the increasingly saturated diffusion of end uses in the market and the 
influence of the social network, the annual growth rate of household energy con-
sumption decreases significantly in the reference scenario. This result suggests 

Fig. 5.5  DAEDMS interface (Yu et al. 2015). Note The base year is 2010, the 1st policy year is 
2011, the 2nd year is 2012, and the 5th year is 2015
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the effectiveness of market regulation and social interaction-oriented policies for 
reducing household energy use. Compared with the reference scenario, the lines of 
all of the policy scenarios are under the reference line (Fig. 5.6), and the predicted 
energy consumption at the end of 2015 will be reduced by 2–12 % (Fig. 5.7), 
meaning that the other three policies (i.e., rebate program, soft policy, and land-
use policy) effectively achieve further energy conservation in the household sector. 
Nevertheless, these results reveal the variant efficacy of the same policy scheme, 
but with different execution timings. In other words, the interactions between poli-
cies caused by sequential implementation exist and are nonnegligible for evaluat-
ing the genuine collective effect of the policies within the same scheme.

Fig. 5.6  Annual growth rates of policy scenarios. Note R2-S3-L4 is used to index the policy 
scenario, which means that the technology improvement/rebate is performed in the second year 
(2012), the soft policy in the third year (2013), and the land-use policy in the fourth year (2014). 
The same meanings are retained for the other scenarios

Fig. 5.7  Annual growth rates of policy scenarios
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5.5.3  Summary

Section 5.5.2 provided an example of how to conduct interdisciplinary poli-
cies and evaluate their collective effectiveness. Results in the case study reveal 
that the policy scheme, composed of a technology improvement/rebate pro-
gram, soft policy for improving household/individual unobserved factors (e.g., 
ABC factors), urban planning, market end-use diffusion control, and social 
norms, play a positive role in changing household energy consumption behavior 
and accordingly reducing energy use; however, the efficacy varies significantly 
with the execution time periods of the policies. This important finding empha-
sizes the need to develop a comprehensive policy management system, such as 
DAEDMS; at the same time, it admonishes policy makers to realize that seem-
ingly irrelevant policies might affect each other in operation. These results imply 
that the current fragmented regime of policy making in different departments is 
undesirable.

Thus far, the integrative methodology for supporting active energy demand 
management is found wanting, in part due to data limitations. To continue the 
analysis on comprehensively capturing the influence of policy on household 
energy consumption behavior, the required data information is summarized as 
follows:

 (1)  household willingness to participate in the rebate program or to purchase 
new efficient technologies (renew or not, buy or not) and the old end uses 
they want to renew (what to renew), together with their choice of the new 
model (which type to buy);

 (2)  whether households will change to a more efficient lifestyle under the cir-
cumstance of environmental education or information campaign. If yes, 
what will they do?

 (3)  whether households (nonowners) will buy the specific end use in the future 
and the reason for the purchase. If households are informed of the market 
diffusion rate, what will they do? If they choose to buy, which type they 
will choose?

 (4)  if the average usage or some context for energy consumption in the same 
social group (e.g., residential neighborhood, company, friend network, or 
social peer) is given to the respondent, how will they react to it? Will their 
behavior change? How and how much will it change?

All of these items are related to respondents’ future or are envisaged scenes; 
accordingly, the SP-off-RP (Stated Preference off Revealed Preference) survey, 
which queries respondents’ decisions based on their current situation, could be 
an appropriate tool. The questions in the survey should also include the possible 
change of household sociodemographics and economic attributes.
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5.6  Externality of Household Energy Consumption 
on Health

As reported by the World Health Organization, almost 3 billion people, mostly 
in low- and middle-income countries, still rely on unsustainable fuels (e.g., coal, 
kerosene, wood, animal dung, charcoal, and crop wastes) burned in inefficient and 
highly polluting stoves for cooking and heating (WHO 2013). It is estimated that 
in 2012 alone, more than 4.3 million children and adults died prematurely from 
illnesses caused by exposure to such household air pollution (e.g., black carbon 
(BC), nitrogen dioxide (NO2), particulate matter (PM), benzene). These statis-
tics indicate a strong link between household energy consumption, air pollution, 
and health. Indeed, the health effect is determined not just by the pollution level 
related to energy combustion, but also and more importantly by the time people 
spend breathing polluted air, i.e., exposure level. Exposure refers to the concentra-
tion of pollution in the immediate breathing environment during a specified period 
of time (Bruce et al. 2000). In other words, the health impact is a result of lifestyle 
(time allocation, activity pattern, and location decision or proximity to the emis-
sion source) and household energy consumption decided by fuel choice, end-use 
ownership, efficiency choice, and usage.

Many studies have measured exposure to pollutants by direct monitoring, or 
indirectly by combining information on pollutant concentrations in each micro-
environment where people spend time with information on activity patterns. For 
example, in the UK, Delgado-Saborit (2012) used real-time sensors to measure 
personal exposure to energy combustion-related pollutants such as BC and NO2 
by concurrently mapping the activities (including commuting, cooking, home 
activities, other activities like relaxing and entertaining, walking, and work-
ing) and microenvironments (including home, other indoors, shops, street, travel 
modes, and workplace). Their results identified commuting and cooking with gas 
appliances as the main contributors to peak exposures of NO2 and BC. Similarly, 
Steinle et al. (2015) also used contextual and time-based activity data and to assess 
everyday exposure of individuals to short-term PM2.5 concentrations (using Dylos 
particle counters). Zhang and Batterman (2009) investigated the changes in time 
allocation caused by traffic congestion and exposure to benzene and PM2.5 con-
centrations, with a specific consideration of the trade-offs between increased time 
in traffic and decreased time in other microenvironments (e.g., in-cabin during 
free-flow traffic, in-cabin during congestion, near-road, home and other indoors, 
workplace, and outdoors). They concluded that time allocation shifts and the 
dynamic approach to time activity patterns improved the estimates of exposure 
impacts from the recurring events. Another study that examined the health risk 
related to travel behavior is Cole-Hunter et al. (2012), who pointed out that bicycle 
commuters using on-road routes during peak traffic times share a microenviron-
ment with high levels of motorized traffic, a major emission source of ultrafine 
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particles. Inhaled particle count is positively associated with proximity to motor-
ized traffic. Despite the promotion of green travel modes worldwide, concerns 
about health risk should be always kept in mind; e.g., the supplementary policies 
that would locate bicycle lanes a safe distance away from motorized traffic should 
be considered together.

Because household energy consumption behavior and lifestyle contribute to 
both indoor and outdoor air pollution, health considerations influence the develop-
ment of environmental policies aimed at reducing these adverse health impacts, 
such as building and construction codes that define the amount of ventilation in 
industrial and domestic kitchens, ventilation in commuter modes, reduction of 
emissions from key transport modes, and urban planning (Delgado-Saborit 2012).

5.7  Conclusion

Household energy consumption is an outcome of a series of life choices includ-
ing end-use ownership, end-use efficiency, end-use usage, time use, expenditure 
allocation, residential location choice, employment choice, and household struc-
ture decisions. It is related to all life domains and also has externalities such as 
impacts on health. Life-oriented methodology that considers the potential inter-
actions between household energy consumption and other life choices would be 
more appropriate for investigation of this issue. However, developing a systematic 
framework that includes as many life domains as possible without overcomplicat-
ing the analysis is the most challenging step. Although the methodology for deal-
ing with self-selection effects is one alternative, a structure that can portray the 
direct relationship is to be preferred. A comprehensive demand management sys-
tem that can cover multiple life domains is one such framework.

As emphasized in this chapter, household energy consumption is composed 
of basic-needs consumption and higher-order-needs consumption. Policy makers 
need to be aware of those policies that target both basic and higher-order needs 
and those that are only effective for higher-order consumption. In this way, they 
have a general idea of the maximum influence of the proposed policies, and can 
then set a reasonable and feasible target. Figure 5.8 provides a guide to how the 
policies work for household consumption. For technology improvement, land-use 
policy, and lifestyle-related policy (e.g., telecommuting and ICT promotion), they 
may affect household energy use from basic needs to higher-order needs, because 
they are likely to change people’s life needs. Technology improvement is a little 
different from other two types of policies, because it may have no influence at 
all on people’s lives if households simply maintain their original life without any 
changes. However, we should always be aware of rebound effects. Therefore, it 
is suggested that it is better to package technology improvement with additional 
policies (e.g., well-designed price/tax policies) that can contain the potential 
rebound effects. The self-selection phenomenon was expounded in Sect. 5.4; when 
implementing land-use policies, some soft policies (e.g., education, information 
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provision, and feedback) for improving household/individual ABC factors can be 
carried out simultaneously to diminish the negative effect and enhance the positive 
effect caused by self-selection. Price/tax policies, soft policies, and social norms 
can only have an effect on the consumption of higher-order needs. Hence, if they 
are likely candidates, their effectiveness should be evaluated under the constraint 
of minimum consumption for basic needs. In Sect. 5.5, we provided an example 
of the estimation of the collective effect of a group of interdisciplinary policies by 
considering basic-needs consumption and the applicability of a number of poli-
cies. As an initial trial, the structure is relatively simple; a more sophisticated pol-
icy assessment system, building on the viewpoints emphasized here, and a richer 
dataset are encouraged as the next step.

Given the apparent cause-effect relationship between lifestyle, household 
energy consumption, air pollution, and health, the issue concerning how a com-
prehensive framework should be built to unite all these domains is a challenge for 
the future. Existing methodologies include the residential energy demand model, 
the traffic model, emission inventory construction, the air quality model, the tech-
nology choice model, the lifestyle method, health impact assessment, sociological 
and psychological methods, all of which are relevant, suggesting that an interdisci-
plinary analysis is imperative.
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