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Abstract
Purpose Life cycle thinking and assessment require a holistic
approach to the evaluation of product supply chains. An as-
sessment from raw material extraction to end of life of any
products is based on modeling a wide number of aspects and
options, e.g., at technological, geographical, and temporal
levels. Since the use phase is one of the most contributing life
cycle stages for some products (e.g., appliance, housing, cars),
a robust modeling of this stage is fundamental. Several at-
tempts to better modeling use-phase have been performed;
however, so far no systematic study is available on how to
integrate behavioral science (BS) insights into LCA. This is
even more important when the impact of the product under
consideration is strongly determined by the use phase relative-
ly to other life cycle stages. The aim of this paper is to explore
how behavioral science has been used to date and how BS can
contribute towards more robust modeling of use phase in LCA
and as basis for a behavior-driven ecodesign.
Methods We identified the key areas in which LCA and
ecodesign may benefit from integrating insights from behav-
ioral science and developing a conceptual model. Both robust
modeling and the design of behavior change interventions rest

on a sound understanding of behavior in the specific context
of interest though empirical investigation. Hence, we
reviewed literature on behavioral science and introduce key
drivers of human behavior that are relevant in the context of
use phase modeling and ecodesign. We provide examples
where these were applied to facilitate the integration of BS
elements by practitioners.
Results and discussion Consumer’s behavior is increasingly
recognized as one of the drivers of overall environmental im-
pact of a product, and some examples of use of BS for LCA
are available in literature. We suggest that behavioral science
can be useful in the context of life cycle assessment in two
ways: measuring behavior and assessing potential and means
for changing behavior. Specifically, insights and methods
from behavioral sciences could be applied for assessing vari-
ability of consumer behavior, understanding leverages for be-
havioral changes, and possible rebound effects.
Conclusions This insight may help to model the use phase
more accurately, to identify realistic scenarios, and to support
behavior-driven eco-innovation.

Keywords Consumer behavior . Behavioral economics . Life
cycleassessment .Lifecycle thinking .Sustainability science .

Use phase

1 Introduction

In the environmental impact assessment of a product, behav-
ioral aspects play a role in the choice between different alter-
native products, the subsequent behavior of the consumer in
using the product, and—at the end of the use phase—in the
decision how to dispose of the product. The environmental
profile of a wide range of products is affected by one or sev-
eral of these behavioral factors, for example, in terms of
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energy and resource use, emission release and waste produc-
tion (Peattie 2010). Several life cycle assessment (LCA) stud-
ies present a contribution of the use phase at the level of 50–
80 % of the overall life cycle impacts (e.g., household electric
device, Hertwich and Roux 2011). This means that variation
in use phase may greatly impact the overall results and the
uncertainties thereof. Nevertheless, behavioral aspects tend to
be less modeled in methodologies such as LCA. That is, even
though LCA allows the definition of scenarios related to the
use phase, the modeling of the different options and the po-
tential variability of impacts thereof are usually based on basic
assumptions. Among the challenges for the future develop-
ment of LCA, including consumer behavior in use phase
modeling is considered crucial (Hellweg et al. 2014).

Modeling the use phase accurately depends on a good un-
derstanding of actual user behavior. Behavioral science pro-
vides a set of sound empirical methods to investigate behavior
from a quantitative point of view, that can be flexibly
employed depending on resources available and the type of
information needed. Whenever the use phase is relevant, in-
terventions aiming to change behavior in the use phase can be
a powerful way to decrease the environmental impact of a
product. The accumulated knowledge about behavior and
the factors affecting it may further help eco-designers to rede-
sign products that are more likely to be used in the desired
way. The integration of the behavioral component and model-
ing the opportunity for behavioral change into LCA studies
could make the difference when dealing with the impact of
products both on the environmental and human health-related
domains (Cohen et al. 2010; Tukker et al. 2010). Indeed, how
closely the estimated use in LCA studies resembles the real-
life situation—beyond average use-phase parameters or as-
sumption based on laboratory test—is still unclear (Daae
and Boks 2015).

For example, studies modeling the environmental impact
of replacing animal-derived food with plant-based food
(Westhoek et al. 2014) could be informed by behavioral in-
sights in twoways: first of all, behavioral studies can provide a
more realistic bound to the extent to which dietary habits can
be changed in the short run. Second, behavioral studies can
provide insights on what policies may be more effective in
achieving these changes, especially in the face of cultural het-
erogeneity and the cultural importance of food. An example of
the use of behavioral science methodology in environmental
policy is a study recently conducted for the Directorate
General Environment of the European Commission in order
to understand how to successfully communicate information
about the environmental profile of products to consumers
(BIO Intelligence Service 2012).

Recognizing that behavior in the use phase is an important
aspect of the overall impact of a product, it is evident that
including the behavioral component into life cycle assessment
can be useful. The aim of this paper is, therefore, to present a

way towards more robust and systematic modeling of use
phase in LCA using tools and insights coming from behavior-
al science. In the following, we present an overview of current
practices in modeling the use phase in LCA. The remainder of
the paper discusses different psychological theories about be-
havior and behavior change that are potentially relevant for
LCA studies (Section 3); Section 4 illustrates some of the
methodological tools commonly used in behavioral studies
to observe and predict behavior, and explores their potential
for modeling more realistic scenarios of user behavior.
Sections 5 presents some of most central topics in behavioral
science and their implications for behavior change with regard
to LCA and eco-design. Building on the previous sections, we
present a conceptual model of how to integrate behavioral
science with LCA (Section 6). The paper concludes
discussing the potential limitations of the integration of behav-
ioral science into the LCA context.

2 Modeling use phase in LCA: overview of current
practices and needs

Energy-using appliances were among the first for which the
use phase has been explicitly modeled, presumably due to the
fact that a relatively high share of environmental impact is
generated during the use phase, rather than during production
phase (Throne-Holst et al. 2007). Beyond appliances, a similar
conclusion has been drawn for products that consume energy
in any form during use or transform chemically during appli-
cation (Hanssen 1998). For example, use phase was also con-
sidered in early LCA studies on cars. Eberle and Franze
(1998) were among the first to model the use phase of cars
and identified relevant parameters of a vehicle’s use phase for
life cycle inventory. Other studies investigated the relevance
of the use phase in the environmental profile and carbon foot-
print of detergents where consumer use phase is also crucial
(Saouter et al. 2002; Koehler and Wildbolz 2009). Moreover,
the results of Johnsson’s (1999) LCA studies on the emission
of organic compound in different types of floor coverings
demonstrate that the inclusion of typical user behavior (e.g.,
cleaning) greatly changed the overall environmental profile of
specific floor materials (e.g., wood), highlighting also some
potentially negative health effects for consumers. Realizing its
importance, LCA studies now typically attempt to model the
use phase explicitly. From an LCA perspective, different be-
haviors occurring in the use phase may lead to different inten-
sities of the impacts. As long as the identification of impactful
behaviors, as well as their relative weight in representing dif-
ferent user scenarios (e.g., how frequent is that specific behav-
ior with that specific product) is not well modeled, it will be
difficult to understand which behavior (or combination of, as
in specific user scenarios) is potentially most impacting within
the use phase.
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Nevertheless, in the estimation of the actual impact of the
use phase, LCA studies often rely on aggregated, secondary
data sources or straightforward assumptions that greatly limit
the accuracy (see Daae and Boks 2015). For example, in a
previous LCA study comparing the impact of modern vs old
wooden ovens, the use phase was found to be responsible for
over 60 % of the overall environmental impact (Solli et al.
2009). However, the efficiency of burning stoves is greatly
affected by the burning practice of users and the maintenance
of the stove. This underlies that changing the parametrization
of user behavior would possibly lead to different impacts of
the use phase. In the absence of any behavioral data on these
parameters, emissions (e.g., impact) were calculated on the
basis of an assumed efficiency (Solli et al. 2009). However,
the authors also acknowledge that the absolute levels of emis-
sions are greatly sensitive to changes in efficiency. Thus, a
more accurate estimate of efficiency, taking into account also
wood burning and maintenance habits, could increase the ac-
curacy of the LCA.

Several studies have highlighted the need to go beyond
simple averages in modeling the use phase and to account
for inter-individual behavioral variation by modeling different
usage scenarios (e.g., Reinhart 2004; Yun et al. 2009; Haldi
and Robinson 2011; Langevin et al. 2015). O’Brien et al.
(2009) tried to overcome the limitation of average usage pat-
terns by including three different usage scenarios in an LCA
study comparing different types of nappies. The scenarios
(high, medium, low) accounted for the highest and lowest
values for nappy weight, usage rates, and (reusable) nappies
lifespan. Although the inclusion of different scenarios greatly
increased the opportunity for identifying conditions for the
lowest environmental impact of the product, some values were
based not on behavioral data of actual use but on Bbest
practices^ (e.g., water and energy consumption for washing
and drying behavior) making it difficult to understand to
which extent they reflect the actual practice of the users.

Modeling variation in the use phase, as was done in the
example on nappies above, can not only help to paint a more
realistic picture of the use phase but it can also highlight the
potential for improvement in the environmental impact of a
product through behavior change. For example, Woolridge
et al. (2006) quantify the relative impact of recycled vs virgin
cotton clothes, showing that recycling behavior successfully
reduces the environmental burden of clothing. The effect of
recycling behavior on the impact of clothes may become es-
pecially relevant if such behavior represents a high share of a
possible user scenario. However, the final impact might be
also affected by the occurrence of rebound effects (e.g.,
recycling clothes may save money that could be reinvested
in buying more clothes; buying recycled clothes might not
be substitutive for new clothes, but rather additive). This ex-
ample illustrates how important it is take into account possible
spillover effects when modeling the use phase, and that the

implications for LCA depend on whether rebound effects are
tackled in a more narrow sense, i.e., for one functional unit of
the good (e.g., individual usage patterns or direct rebound
effects resulting in a different intensity of use of an appliance)
or in a broader sense, i.e., including effects on demand, also
for other goods. In fact, rebound effect assessment is another
area in which LCA studies has been focused. A recent review
by Vivanco and van der Voet (2014) highlights how central is
behavioral science for proper modeling direct and indirect
rebound effect.

As LCA is used both for assessing environmental profile of
products and for identifying elements for improving products,
it may help steering ecoinnovation and ecodesign towards
impact minimization. For example, there is a recent study by
Daae and Boks (2015) in which the authors review how be-
havior insights have been use in design for sustainable behav-
ior (DfSB), complementing LCA studies.

The following sections delve into how BS observe, mea-
sure, and assess behavior including potential of behavior
change in order to build a conceptual framework for the inte-
gration between behavioral science, LCA, and ecodesign.

3 Relevant concepts in behavioral science

The topic of environmentally relevant behavior has been sub-
ject of study by various academic disciplines, including psy-
chology, economics, sociology, and design. There is a strong
trend towards interdisciplinary in the study of human behav-
ior. Especially insights from psychology are used by various
other disciplines to enhance their understanding. Although
some differences remain between disciplines both in scope
and in methodology, the term Bbehavioral science^ is useful
to summarize various efforts to describe, understand, and
change behavior. In the following, we will focus on concepts
from economics and psychology that we could support the
integration of BS in the context of LCA. An in-depth review
of the literature on sustainable behavior is given by Jackson
(2005).

A familiar assumption, which has guided much of existing
policy until today, is that consumers behave as Brational deci-
sion makers^, analyzing all available pieces of information in
ways that always optimize their best interests, weighing the
cost and the benefit of each option. Traditional economic the-
ory is largely agnostic about what these costs and the benefits
are specifically, but assumes that decision makers maximize
their net utility in a consistent fashion.

Traditional psychological theories of behavior and behav-
ior change, on the other hand, have sought to fill the model of
the decision maker with content and have devised a large
number of different models describing what influences deci-
sions and behavior. Historically, psychological models focus
on factors internal to the individual, such as attitudes and
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beliefs, as determinants of behavior. One prominent example
is the theory of planned behavior (Ajzen 1991). This theory
postulates that behavior is the result of intentions, which in
turn is determined mainly by attitudes, beliefs about what is
the social norm, and perceived behavioral control. Notably,
this theory has received substantial empirical support across
a wide range of behaviors also outside the environmental
realm. That is, researchers have found that measurements
(e.g., via a questionnaire) of attitudes, beliefs, and perceived
behavioral control regarding a specific behavior are good pre-
dictors of intentions to perform this behavior, which in turn is
a (weak) predictor of this behavior occurring in the future
(Armitage and Conner 2001; Bamberg and Möser 2007).
However, the validity of the theory of planned behavior and
similar models has been criticized as limited due to the focus
on conscious internal variables (attitudes, values, beliefs) and
the omission of other important aspects (Jackson 2005). Some
studies on environmental behavior have therefore used more
comprehensive models such as Triandis’ model (Triandis
1977; Bamberg and Schmidt 2003) or the comprehensive ac-
tion determination model (CADM; Klöckner and Blöbaum
2010). These integrate also habits and external factors, such
as situational conditions, thus arriving at a more complete
picture and better predictive validity. It should be noted, how-
ever, that many studies evaluating these psychological models
in the environmental realm, although predictively studying
behavior, are still correlational in nature (Jackson 2005).

At the same time, research efforts at the intersection of
economics and psychology (often referred to as behavioral
economics) have challenged the rational actor model through
observations of human behavior in highly controlled experi-
ments, and have made progress to understand the basic pro-
cesses underlying human decisions. Various robust behavioral
phenomena have been identified that are inconsistent with the
rigid rationality assumptions. These behavioral patterns,
which are not in line with the traditional model of the human
decision maker as a rational actor, are often called
Birrationalities^ or Bbiases^ (Tversky and Kahneman 1974,
1981). They are of interest because they reveal fundamental
properties of human decision making as well as predictable
mistakes. A second assumption that is frequently made in
traditional economic analyses of behavior is that humans are
fundamentally selfish. A rich theoretical and experimental lit-
erature exists that analyses human interaction in social situa-
tions and identifies important drivers of non-selfish behavior
(Fehr and Fischbacher 2004).

Interest in the study of human decision making has in-
creased remarkably in the past decade, and new fields such
as human decision science or neuro-economics have emerged.
In parallel with this increase in academic interest, it has also
been recognized that understanding human decision processes
has important implications for public policy (Thaler and
Sunstein 2008). This is also true for policies related to

sustainable behavior (Bamberg et al. 2011; Ölander and
Thøgersen 2014), which is reflected in a number of articles
and survey papers (Gowdy 2008; Shogren and Taylor 2008;
Peattie 2010; Carlsson and Johansson-Stenman 2012;
Hammitt 2013; Croson and Treich 2014).

In the context of LCA analyses, where knowledge of how
people behave would be central, the strong focus of behavioral
scientists on explaining behavior probably means that the
models outlined above are themselves of limited use. This is
especially true since it has been found that asking people di-
rectly for their behavioral intentions is still a better predictor of
behavior than the presumed determinants such as attitudes and
beliefs (Webb and Sheeran 2006). Nevertheless, we argue that
behavioral science can be useful in the context of LCA in two
ways: First of all, as will be detailed in Section 4, the necessity
of the behavioral sciences to observe behavior means that
various methods to measure intentions and behaviors are
available. Second, understanding the drivers of behavior can
also be a useful guidance for those wishing to design products
or interventions that lead to behavioral change (Jackson 2005;
Zachrisson and Boks 2012a; Zachrisson Daae and Boks
2014). That is, new products or interventions can be devel-
oped (and again tested with LCA) so that they specifically
target the determinants of behavior postulated by the theory,
be it psychological such as attitudes towards a certain behav-
ior or situational such as which option is most convenient. In
Section 5, we therefore highlight important behavioral aspects
and recent interesting studies on sustainable behavior with a
focus on behavior change.

4 Observing, measuring, and predicting behaviors

From an LCA perspective, the way in which users interact
with products may be responsible for a significant share of
the total environmental impact generated during products life
cycle. Interactions between users and products (e.g., product
use) may be subjected to a considerable variation, and this
may have a large effect on the overall results of LCA studies.
Despite some attempts to categorize the causes of such
Buncertainty^ in how products are used and the possible con-
sequences within LCA (Huijbregts 1998), variability in the
use phase is often neglected, and parameters are generally
based on secondary data source or on assumptions that are
not necessarily reflecting the range of users’ behavior in real
life. In order to support the use phase modeling, it is crucial to
understand how to observe, measure, and predict behaviors.

4.1 Observational methods in behavioral science
for assessing variability in user behaviors

Behavioral scientists possess a variety of tools to arrive at
precise observations of behavior and other relevant variables.
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While the purpose of many studies in environmental psychol-
ogy and related fields is undoubtedly to understand the driving
factors of sustainable behavior, the employed research
methods can be equally useful to observe and describe the
behavior as such. Many studies in environmental psychology
and related fields rely on self-reported behavior in the form of
surveys. With surveys, researchers may access a large sample
of people and question them not only about their behavior but
also about psychological variables such as their attitudes, be-
liefs, and expectations. Surveys allow for a high degree of
external validity, in the sense that they capture how people
think Bout there^. However, the way a questionnaire is de-
signed is important and may substantially affect the findings.
Significant research efforts have been made towards the de-
velopment of empirically validated questionnaires for specific
variables of interest, such as intentions to perform a specific
behavior or attitudes towards the environment. As a result,
several probed questionnaires are available in the literature
(e.g.Milfont and Duckitt 2010; Klöckner and Blöbaum 2010).

Surveys are particularly interesting in the context of a LCA,
because variables that can be assessed by means of a ques-
tionnaire can typically be gathered on a large enough scale to
be representative of the population of interest. For example,
Laitala et al. (2012) employed representative surveys to assess
how people use and maintain their clothes. Moreover, several
large-scale projects exist that regularly survey representative
samples and make data accessible for other researchers free of
charge (e.g., Eurobarometer surveys). Thus, in principle, sur-
veys can allow LCA researchers to get some indication of the
types of user behavior (and their distribution) in the general
population.

A potential downside of surveys is that they often measure
only intention but not the actual behavior. This is particularly
relevant in the context of sustainable behavior where people
are likely to provide socially acceptable answers, rather than
the truth. Moreover, research has shown that thinking Bgreen^
is often not the same as acting Bgreen^ (Davies et al. 2002;
Pickett-Baker and Ozaki 2008). Possible reasons for this in-
clude the fact that people tend to overstate their engagement in
behaviors that are socially desirable (see for example
Nederhof 1985), which is the case for environmentally rele-
vant behaviors or—when people are asked to report about past
behavior—simply memory problems (Corral-Verdugo 1997).
For example, the answers collected from a recent
Eurobarometer survey containing questions such as BIn the
past month, have you separated most of your waste for
recycling^ from representative samples of all European
Union member states (Special Eurobarometer 416) might be
more informative on how people like others to see them, rather
than on actual behavior.

Therefore, significant efforts have been made to develop
more direct tools to measure behavior, which is facilitated by
the advent of new technologies. Modern communication

technology allows for example to prompt users repeatedly
during the measurement period to answer questions about
current (or recent) behavior (Shiffman et al. 2008; Klöckner
and Blöbaum 2010). Although still relying on self-reported
behavior, the repeated sampling minimizes biases due imper-
fect recall and is more accurate.

Rapid developments in sensor technology and computing
power further allow observing behavior directly on a larger
scale. Smartphones, for example, now contain GPS sensors as
well as accelerometers, which collect detailed information
about physical activity and transportation (Zafiroglu et al.
2012). Logan and Healey (2006) describe how activities of
daily living can be classified by sensors, and the vision of the
internet of things described for example in (Gubbi et al. 2013)
suggests that detailed large-scale data on user behavior of
appliances such as fridges and washing machines might be
available soon. Many research facilities now possess facilities
to create virtual environments and observe or model the be-
havior of humans in the interaction with a very specific and
controlled environment, which may be interesting for testing
new designs in the form of a digital prototype (Gabbard and
Swan 2008; Carsten and Jamson 2011; Bennadji et al. 2015).

While for now direct observation of behavior is typically
too costly and cumbersome to perform on a scale that is rep-
resentative of the general population, data from relatively
small samples can still provide the required information to
determine the characteristics of main user scenarios (e.g., av-
erage, upper or lower bound) realistically or at least to make a
judgment whether current assumptions are reasonable (Scott
2005). Moreover, direct observation of a small sample can be
combined with a representative survey, which is more suited
to arrive at accurate estimates of the distribution in the popu-
lation. Combining the two can help in the development of
relevant survey questions, which can then allow extrapolating
what is seen in direct observations of behavior to a larger scale
(Falk et al. 2013).

4.2 The assumption of constant demand, behavioral
spillover, and rebound effects

One important assumption about the use phase in LCA con-
cerns the possibility for behavioral spillover or rebound ef-
fects. That is, environmental impacts of a product may not
only be generated by the product itself, and the use of the
product, but also by a change in user behavior that occurs as
a consequence of one or several attributes of the product
(Hertwich 2005; Hofstetter et al. 2005). According to
Vivanco et al. (2015), who analyzed how rebound effect has
been modeled in several LCA case studies, consumer behav-
iors are central elements for assessing direct and indirect re-
bound effects, whereas market and economic behaviors are
used for structural and transformational rebound effects.
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It has long been acknowledged that product attributes can
lead to changes in behavior and demand. A famous example
of such indirect effects is the change in consumption that can
occur if more household income is available, e.g., because a
product is cheaper than another or because more energy-
efficient appliances lower the overall household energy ex-
penditure. Money is not the only scarce resource that can
mediate changes in consumption: Time, space, and skills have
been suggested, among others, to bear the potential to affect
consumption (Hofstetter et al. 2006). For example, if certain
time-consuming activities such as transportation become
faster, more time becomes available to do either more of the
same (e.g., travel to more places, see Chen and Mokhtarian
2006) or more of something else. This effect is also thinkable
for fairly small but frequent actions, such as making coffee
with a more automatized coffee machine.

Demand changes can not only result from changes in mon-
ey or time budgets but have also been described in the behav-
ioral literature as a result of interventions (Truelove et al.
2014; Dolan and Galizzi 2015). For example, an intervention
designed to lower water consumption was effective at achiev-
ing this goal, but at the same time increased energy consump-
tion (Tiefenbeck et al. 2013). Likewise, if people perceive a
product as more environmentally friendly, they may be likely
to use it more. On the other hand, they may instead feel mo-
tivated to use it in a resource efficient way or reduce energy
consumption with other products as well (Lanzini and
Thøgersen 2014; Steinhorst et al. 2015). Thus, both positive
and negative spillover effects of intervention are thinkable.

As outlined by Girod et al. (2011), such indirect effects are
incompatible with the frequently made assumption that demand
will be constant across different products that are compared
within an LCA study. For example, Humbert et al. (2009) com-
pare different preparation modes for one cup of coffee. Given
that preparing capsule espresso coffee is very convenient, the
availability of a capsule espresso machine may well alter de-
mand. Likewise, if one product is cheaper than another, this
frees up household income for other potentially impactful con-
sumption. As long as the comparison is made on equally sized
functional units, such differences are neglected. Girod et al.
(2011) suggest modeling the change in consumption directly,
for example by assuming that households will simply consume
more of what they already consume.

Again, in order to model behavior accurately, it is useful to
support these assumptions by an understanding of how people
actually respond to increased access to faster services or more
income, and observational data can be used in order to inform
estimates. For example, Thiesen et al. (2008) suggest that
presumably not all households will respond in the same way
to a marginal increase in income, but their response may be
dependent on characteristics such as their income level.
Therefore, estimating changes in demand from aggregate,
e.g., country-level, data may be inaccurate. They then use data

from household expenditure surveys to estimate separately for
different levels of income how a small change in income might
affect consumption (Thiesen et al. 2008). This allows for a
more precise estimation of the environmental impact generated
by the additionally disposable household income. As illustrat-
ed by Thiesen et al. (2008), this effect can be substantial.

5 Understanding behavior for promoting behavioral
changes

Besides providing means of assessing the overall environmen-
tal impact of a certain product, LCA also offers a valid meth-
odology to investigate the potential for targeting eco-
innovation towards impact reduction. LCA studies are often
used as a basis for ecodesign, testing several options and help-
ing identifying product hotspots to be addressed. When the
hotspots of the impacts are associated to use phase, the role of
user’s behavior becomes crucial.

Coupling LCA with behavioral science may result in
informing product designers and/or policy makers about both
the feasibility of the envisioned behavioral modification, as
well as about the possible ways through which behavior
change could be achieved. In the context of ecodesign, the
emerging area of design for sustainable behavior (DfSB) spe-
cifically aims at designing solutions for reducing the impact
caused by the way in which users interact with products
(Lilley 2009; Zachrisson and Boks 2012b). As in LCA stud-
ies, research in DfSB has become increasingly aware of the
need to include variation in how people use products and
advocates for a better integration of existing knowledge of
human decision making with sustainable product design
(Zachrisson and Boks 2012b). Below, we highlight important
behavioral aspects and recent interesting studies on sustain-
able behavior. This overview is not meant to be comprehen-
sive, as it specifically focuses on those cognitive aspects un-
derlying human decision making that, in our opinion, can
suggest concrete intervention for behavior change in the con-
text of sustainable product design and policy interventions.

5.1 Temporal discounting and the importance of feedback

A major hallmark of sustainable behavior is that its benefits
will mainly become evident in the future. Therefore, it is im-
portant to understand how people decide when some or all of
the outcomes of their decisions are going to happen in the
future. Outcomes that materialize in the future tend to be per-
ceived as less important than the ones that occur immediately,
and people differ from each other in howmuch they care about
future outcomes. Temporal discounting is important for a wide
range of behaviors with environmental impact. The reason for
this is twofold: the environmental benefits of choosing an
energy saving option today are perceived as less important
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simply because they are distant in time and moreover some-
what uncertain. This may have important implications espe-
cially for interventions aimed at encouraging the use of more
efficient (but with a higher purchase price) house appliances
(Newell and Siikamäki 2013). Secondly, even the monetary
costs of paying for energy consumption is typically incurred
temporally separated from consumption. Using the car is not
associated with paying at the moment it is used, but only when
the car needs fueling up. Likewise, individuals pay for their
energy and resource consumption in the household in the form
of their utility bill, which comes at most every month. This
temporal separationmakes it less likely that people will reduce
their energy consumption in order to save money, because the
delayed money savings are simply not so relevant at the time
of consumption. The use of feedback allows connecting be-
havior to its material consequences (e.g., financial conse-
quences) by signaling it more closely in time, thus breaking
down the effect of delay.

Often individuals do not receive feedback on the impact of
each individual behavior. How much of a utility bill is attribut-
able to which specific action is usually not clear. A recent field
experiment demonstrates that a tighter and more specific cou-
pling of feedback to the behavior can help to decrease con-
sumption (Tiefenbeck et al. 2013). A device measuring water
temperature and flow in the shower was installed in 700 house-
holds. In one third of the households, the device only indicated
the current water temperature, but did not provided feedback on
consumption. This group served as the control condition. In the
other households, the device displayed real-time information
about water and energy use. Compared to control households,
the households receiving feedback decreased water and energy
use in the shower by about 20% as soon as the intervention was
started, and this effect was sustained over 2 months, suggesting
that the effect did not wear off in this period. Thus, linking costs
with actual consumption represents a promising avenue for
design intervention behavior change aimed at reducing the im-
pact of a product. For example, this might translate into provid-
ing positive/negative feedback (e.g., amount of energy con-
sumed) to the user when interacting with the product (Wilson
et al. 2015).

5.2 Default and status quo effects

Another robust finding in behavioral studies is that people are
strongly influenced by defaults. That is, if one of the available
options is labeled as the default that will be implemented
unless an active choice is made and another option is selected,
this default option will be chosen much more often
(Kahneman et al. 1991). A related phenomenon is the status
quo bias: people are unlikely to make changes to an existing
state or condition even when this would be beneficial. A vari-
ety of factors is thought to contribute to this: people may
perceive the availability of a default as a signal that this option

is superior to the others or that many other people will chose
this option. Also, people are generally reluctant to change the
status quo because they pay more attention to the advantages
of what they have, than to the advantages of the alternative
options. Lastly, people can simply be inattentive or even have
a strong preference to avoid making a decision, in which case
they will also welcome the default option. A natural field
experiment at a large Swedish University found that the adop-
tion of a double-sided printing default setting in the printing
machines led to a substantial reduction, with a significant and
immediate effect in the form of a 15 % drop in paper con-
sumption, and with that effect staying stable over time.
Notably, the effect of the double-sided default has been found
to be far larger than that of a 10 % tax on paper products,
which would produce a mere 2 % reduction (Egebark and
Ekström 2013). Therefore, products which include green de-
fault settings are more likely to result in reducing the environ-
mental impact of the use phase.

5.3 The influence of social context

Human behavior is best understood within a social context, as
it is often shaped by the presence and behavior of others. This
means that drivers of behaviors are not only explained by
people pursuing their own self interest, but also by their social
preferences (such as reciprocity, altruism) and self-image con-
cerns (such as reputation, self-respect and status) and per-
ceived behavior of others (social norm). Therefore, the social
context is another extremely relevant aspect of pro-
environmental behavior.

While the integrity of the environment and the availability
of natural resources depend on the contribution of each single
individual, the benefits of these are shared by everyone, irre-
spective of their contribution. That is, they represent a Bsocial
dilemma^. Recycling of household waste is an example for
this: collecting and recycling takes effort and commitment by
the individual, but the resulting environmental benefits are
enjoyed by everyone in the community and thus also by those
who do not recycle. Likewise, the environmental impacts of
individuals not recycling their waste are also shared equally
by everyone. Thus, environmentally relevant behaviors im-
pose externalities on society. In this condition, if individuals
simply maximize their own benefits, pro-environmental be-
haviors are unlikely to occur. Yet, moral and social motives
can influence people’s willingness to reduce negative exter-
nalities they impose on others.

A large amount of research on social dilemmas highlights
various ways to increase pro-social behavior. For example,
Alpizar et al. (2008) have found that people contributed higher
amounts to the preservation of a national park if they received
a small gift before deciding on their contributions. A large
field experiment on carbon offset found that bus customers
who were asked to contribute to a carbon-offsetting scheme
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while buying their tickets contributed more when the compa-
ny offered to match their contribution (Kesternich et al. 2014).
Thus, it appears that inducing feelings of reciprocity and fair-
ness can in principle increase pro-environmental behavior.

People might also act environmentally friendly not (only)
because they are intrinsically motivated to do so, but because
they care about the way they are perceived by others.
Receiving information about the behavior of others can be a
strong personal motivation to spur compliance with environ-
mentally responsible behavior. For example, a recent study
has shown that reputation influenced the adoption of an ener-
gy program that actively reduced individuals’ energy use dur-
ing periods of high electricity demand, so to protect the entire
system from blackouts. Individuals were more likely to adopt
the program if their behavior could be observed by others
(e.g., signing up with their names on sheets provided in com-
munal spaces), and the effect was stronger for people living in
apartment buildings, where interactions with their neighbors
are more likely to occur compared to individual homes (Yoeli
et al. 2013). Also, people generally perceive the behavior of
the majority as setting the norm for acceptable behavior. This
is an important insight for framing messages designed to in-
fluence people’s behavior. If possible, it is preferable to high-
light that a majority engages in a desirable behavior such as
recycling, rather than highlighting that some people fail to do
so. Goldstein et al. (2008) applied social comparison drivers in
a field experiment in hotels showing that messages like Bthe
majority of guests reuse their towels^ encouraged more hotel
guests to do the same compared to messages simply stressing
the environmental benefits of towel reuse. Interestingly, this
effect was even stronger when the message was referring more
closely to the guests’ immediate context, such as Bthe majority
of guests in this room reuse their towels^, possibly leading to a
closer identification of the hotel guests with the majority. This
motive has also been successfully employed in a field exper-
iment investigating an energy conservation program. Using
data on energy usage from 600,000 households, it was one
of the largest randomized field experiments in history.
OPOWER mailed home energy report letters that compared
a household’s energy consumption to that of similar neigh-
bors. These letters include messages like: BLast month you
used 15 % less electricity than your efficient neighbors^.
The average treatment effects of OPOWER’s conservation
programs ranged from 1.4 to 3.3 % of baseline usage, with a
mean reduction in energy consumption of 2.0 % (Allcott
2011; Allcott and Rogers 2014). The cost-efficiency of this
conservation program compared favorably with other energy
efficiency programs (Allcott and Mullainathan 2010). As
highlighted in Schultz et al. (2007), caution should be paid
in designing social norm interventions so that they do not
reduce pro-environmental behaviors of those that are already
Babove^ the norm. Taken together, studies on social norms
suggest that designers might envisage products that enable

interactions between users, thereby allowing for feedback
based on social comparison and eliciting feelings of reciproc-
ity and fairness. This might be more feasible for those appli-
ances that automatically collect information on user behavior
(e.g., sensors classifying daily living activities).

5.4 The influence of habits and environmental stimuli

A further important insight on behavior in the context of sus-
tainability is that there is a strong influence of habits. Habits are
learned behavioral patterns that are performed without much
conscious deliberation and instead strongly controlled by the
stimulus environment (Dezfouli et al. 2014; Orbell and
Verplanken 2015). Indeed, actions such as turning the light
on/off, disposing waste, running the bath or shower are often
done in a repetitive and almost unconscious way. Using data
from a field experiment in Sweden, Eriksson et al. (2008) sug-
gested habitual behavior to be a key factor in choosingmeans of
transport. While habits are useful to free up cognitive resources
for more important decisions, they may become particularly
problematic when dealing with conditions for behavior change.

Environmental stimuli play an important role in maintain-
ing habitual behavior patterns, and as such they could be
employed also to change them. For example, several studies
have found that people are more likely to establish new be-
havior patterns after moving to a new environment (Bamberg
2006; Dolnicar and Grun 2009; Walker et al. 2014). In an
attempt to decrease food waste in the well-defined environ-
ment of hotel buffets, Kallbekken and Sælen (2013) have
identified some simple changes to decrease waste caused by
guests loading too much food on their plate. Using a large
number of comparable hotels, the researchers were able to
systematically test and compare two interventions to a control
group. Simply by using smaller plates, people were better able
to estimate the quantity of food that they wanted and reduced
food waste by 20 %. The same effect was achieved by explic-
itly inviting people to visit the buffet repeatedly, rather than
taking a lot at once. This finding is in line with the observation
that people have difficulties predicting their own visceral
states, in this case how much food they actually need.

Environmental stimuli (such as the way a particular product
is designed) can also stimulate a particular behavior without a
history of learning and habit formation if they naturally enable
or encourage a particular behavior, a concept known as
Baffordances^ (Gibson 1979). This might be particularly rel-
evant for product design, where modifications in the way
affordances (e.g., possibility of interacting with the product)
are created can be used to design products that support envi-
ronmentally friendly behavior (Srivastava and Shu 2013a).

The effect of environmental stimuli on choices has also
been successfully applied to increase the proportion of healthy
food chosen and consumed in canteens. Making healthier op-
tions more easily accessible than less healthy options
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consistently increased the choice of healthier foods (Hanks
et al. 2013). Similar techniques could be tried towards de-
creasing meat consumption. A recent survey from the
Netherlands suggests that, other than commonly thought, a
sizable majority of people do not have a strong preference to
consume meat frequently (Dagevos and Voordouw 2013).
This group of people might be receptive to small changes in
the choice environment and choose less environmentally
impacting alternatives if this was made easier or more
appealing.

5.5 Limits in information processing

Rational models of human decision making assume that indi-
viduals will understand and process all the available informa-
tion. However, in the face of complex decisions and limited
attention and time, people tend to use so-called Bheuristics^,
which are smart rules of thumbs, to simplify the problem. The
use of such heuristics is particularly important when under-
standing how users react to information on the energy con-
sumption and environmental impact of a product. This might
well explain why in the field of sustainable consumption at-
tempts to increase consumer knowledge through provision of
information have shown little impact on behavior (Davies
et al. 2002; Gardner and Stern 2002; Pedersen and
Neergaard 2006; Moisander 2007). Moreover, if products dif-
fer on several dimensions such as energy efficiency, pollution,
durability, and price, it is unlikely that the decision maker will
integrate all of these into his choice. Rather, he will attend to a
selection of these, for example the ones he understands best or
considers most important. For example, in a study of alterna-
tive labeling schemes for energy-efficiency appliances, labels
providing simple information on the economic value of saving
energy represented the most important element guiding more
cost-efficient purchases, while the addition of further informa-
tion (e.g., on carbon dioxide emission or energy use) had little
effect (Newell and Siikamäki 2013).

Complex choices can lead to information overload and
ultimately demotivation (Bchoice overload^, (Chernev et al.
2015). Under a Btoo many choices^ condition, individuals
become overwhelmed by the number of options and may ac-
cept even more the standard option. It is thus important to
present relevant information as simple and intuitive as possi-
ble: for example, it has been shown that the most common US
measure of fuel efficiency, namely the Bmiles-per-gallon^
measure, is not intuitive (Larrick and Soll 2008). As a result,
this measure may lead to a significant underestimation of ben-
efits of replacing most inefficient vehicles. By contrast, know-
ing that people are more likely to understand if a continuous
measure (e.g., water use) is broken down into discrete unit,
products that present information on resource use in discrete
units (e.g., in cups), might work more effectively in reducing
resource consumption (Srivastava and Shu 2013b).

6 Conceptual model of the integration
between behavioral science, LCA, and ecodesign

Building from the overview on BS presented above, it is clear
that there are various aspects of LCA and ecodesign that could
benefit from a better understanding of human behavior, in
particular in the interaction with products in the use phase.
In fact, it has been argued that, without attending to consump-
tion patterns and behaviors, efforts towards more sustainabil-
ity will be undermined (Throne-Holst et al. 2007; Peattie
2010). For this purpose, in the following we describe specif-
ically how inputs from behavioral science may be valuable for
LCA (and ecodesign). Figure 1 presents a conceptual scheme
of the potential contribution, while Table 1 explores the pos-
sible integration of a behavioral approach within the various
steps of LCA, providing examples of where this has been
already discussed and applied in literature.

Firstly, for a given product A, the use phase modeling is
usually based on assumptions or on average user behavior.
This could be linked to e.g., technical specification of the
manufacturers or average assumptions on use or on laboratory
test on the product (Daae and Boks 2015). Behavioral studies
may be used to the following: (i) identify more realistic user
scenarios (e.g., exploring best case, worst case, gender- or
culture-related differences, clustering the users etc.) (ii) define
the share of the considered users, in terms of likelihood to be
representative of one of the behaviors (e.g., 20 % behavior 1,
30 % behavior 2, etc.), (iii) explore possibility and likelihood
of occurrence of improved behaviors (e.g., using the same
product but behaving differently to reduce impact, e.g., same
car but driving less, same fridge but all the maintenance done
properly). From the LCA perspective, the different behaviors
may lead to variability in the impacts, thus highlighting which
behavior is potentially less impacting.

Secondly, under more realistic user scenarios, the ranking
of two compared products may change (e.g., the better product
under one set of behavioral assumptions could become less
environmentally favorable under a different scenario). This
may lead e.g., to different emissions or to impacts emerging
from different categories.

LCA results accounting for different behaviors and possi-
ble behavior changes (e.g., likelihood and typologies of
improved behaviors) are key elements for informing
ecodesign of an improved product B. The latter could be
named Bbehavioral-driven eco-innovation^, accounting for if
and how a behavior may change.

Indeed, product B, as result of attempts to reduce hotspot
impacts as identified by LCA and of behaviorally driven in-
sights, could be again tested under different user scenarios.
Often improved products are associated to rebound effects,
which are discussed in the literature but not always systemati-
cally modeled (e.g., Thiesen et al. 2008; Druckman et al. 2011;
Vivanco and van der Voet 2014). Again behavioral science
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could be of support in modeling rebound effects related to be-
havior (Nässén and Holmberg 2009; Freire-González 2011).

Table 1 illustrates for each LCA step how accounting for
behavioral aspects may improve the realism of the assessment
including: goal and scope step (decision context, system
boundaries, functional unit), life cycle inventory, life cycle
impact assessment, communication of the results, and input
for ecoinnovation and ecodesign. Examples from the LCA
context are usually focusing on one aspect, whereas theoreti-
cally BS could be integrated in each step systematically.

7 Discussion and conclusions

Improving the modeling of consumer choice and behavior is
crucial for improving realism of life cycle assessment and
supporting ecodesign. Behavioral science may support this
improvement by means of giving insights for enriching
modeling scenarios, accounting for drivers of behavior vari-
ability, and assessing drivers of changes. Avariety of research
methods is available for observing, measuring, and predicting
behavior, and these may help in defining clusters of behavior,

likelihood of occurrence of improved behavior, possibility,
and direction of behavioral spillover effects.

As discussed in the previous sections, one of the main
limitations with respect to applying behavioral insights in
LCA studies is given by the effort needed to collect primary
data. When time and money is limited, it might be difficult to
include a thorough assessment of the various behaviors affect-
ing the use phase and model it accordingly. Nevertheless, even
when resources do not allow for collection of primary behav-
ioral data, existing survey projects and insights from behav-
ioral science can still help to replace largely untested assump-
tion of user behavior with empirically supported ones. Given
possible limitations due to resource and time availability, LCA
and behavioral science may jointly explore the use of proxy
indicators for analyzing—indirectly—consumer typologies as
well as future trends in consumption and behavior e.g.,
through assessing available studies and statistics on income,
demography, cultural and geographical-related aspects.
Moreover, LCA and BS may jointly explore how to improve
collecting information feedback during consumption. An op-
tion could be investigating the role of social networks and new
ways for transdisciplinary interaction with stakeholders to

Fig. 1 Conceptual scheme of the mutual interaction between behavioral
science, life cycle assessment, and ecodesign. The yellow boxes refer to
contribution of behavioral science to use phase modeling in LCA and
improvement definition in ecodesign. Behavioral science may help
identifying more realistic user scenarios and sets of behaviors (behavior
1, 2, 3) and their possible share among a population, as well as exploring

drivers of new/improved behaviors (behavior 4). Behavioral science may
also inform ecodesign on specific drivers for behavior change (e.g.,
setting the environmentally preferred options as default option in a
product). Moreover, behavioral science may help assessing possible
options related to rebound effects
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capture real-life use of products (e.g., as done in marketing
studies).

Additionally, wherever consumer behavior in the use phase
significantly affects the overall impact of a product, there is
scope to explore options for behavior change, supporting

ecoinnovation and ecodesign. There is a range of well-
documented behavioral patterns that can in principle be used
by product designers and policy makers to facilitate sustain-
able behavior, including temporal discounting and the impor-
tance of feedback to the users, the power of default options,

Table 1 Potential contribution of behavioral science (BS) within steps of LCA and as input to communication and ecodesign

Behavioral science support to LCA studies in each LCA step

Goal and scope Decision context Helping in defining assumptions for the specific decision context, also including cultural-
specific or social-context-specific aspects

System boundary System boundaries may change, e.g., if there is the need of moving from product to functions
of the product, meaning that the product is used for answering a need and this need may be
fulfilled with product/services etc. BS may help moving from product orientation to
function orientation in assessing the way consumer answer to his need. Moreover,
including the assessment of rebound effects (Girod et al. 2011; Vivanco and van der Voet
2014) may imply the system expansion.

Functional unit Goedkoop et al. (1998) and Goedkoop (1999) advocated for determining the functional unit
based on the observed consumer and producer’s behavior, rather than arbitrarily. By using
observed behavioral data, two main outcomes arise: first, changes in demand due to the
direct rebound effect may be incorporated and second, changes in different ancillary
product systems can be assessed, offering a broader picture to potentially assess other
causal effects. The functional unit indeed should be based on insight of variability of
different behavior, based on behavior measuring.

Scenarios under
assessment and
assumptions on
user behavior

Several scenarios could be run in order to assess variability in the results (as estimate of the
uncertainty of the results) as well as exploring and identifying condition which may
minimize the impacts. Assumption on life span of a product, typologies of uses etc. should
be based on clusters of behaviors. Regarding clustering of use, an example could be the
clustering of users’ behavior based on being a Bhero^, Bantihero^ or anarchist (Autio et al.
2009) as well as framing different perceptions and associated consumers profiles (e.g.
Gatersleben et al. 2002) including ecological behaviors (Kaiser et al. 2003).

Additionally, differences in use phase could be linked to variability in behavior due to, e.g.,
lifestyle (Heinonen and Junnila 2011; Bin and Dowlatabadi 2005), geographical context
(Schlegel et al. 2012), income (Girod and de Haan 2010), age and demographic aspects
(Zagheni 2011) etc.

BS may equally support definition of future scenarios, helping framing future consumption
trends (e.g., Girod et al. 2013a; Erickson et al. 2012)

LCI Data collecting Using BS results to assess how the inventory should be built and be modified under different
scenarios of use. This is again linked with availability of information on different possible
behaviors.

Examples of this are related, e.g., to the emission profile of different driving behaviors
(Rangaraju et al. 2015; Girod et al. 2013b)

LCIA Impact assessment Behavior-related aspects that may imply higher or lower likelihood to be exposed in the use
phase. Indeed, examples exist on for variability in exposure, exposure duration, use of
preventive measures e.g., in the indoor impact assessment under development within LCA
(Jolliet et al. 2015; Golsteijn et al. 2014)

Communications Presentation of
LCA results,
labeling

BS may help in identifying the message and most effective ways to deliver communication of
LCA results (see for example Waechter et al. 2015). This may also support understanding
how the LCA results are perceived (Tobler et al. 2011) and or how LCA-based labeling
could be more effective (Röös and Tjärnemo 2011)

Potential improvement Feedback to ecodesign BS may support the decision on whether (and how) improving the products (e.g., default
options as the greener one, improving users’ awareness through feedback).

This could be based on evidence of possibilities for behavioral changes (e.g. Tobler et al. 2011;
Jones and Kammen 2011)

Studies on how the behavior of a user is affected by the design of a product are increasingly
available (see e.g. the list provided by Daae and Boks 2015 on DfSB) asn the example of
influence of packaging attributes on consumer behavior (Wikström et al. 2014). Other
studies such as those on influencing factors and mitigation prospects (Zhang et al. 2015) as
well as of persuasive technology to encourage sustainable behavior (Midden et al. 2008)
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and the influence of the social context and of environmental
stimuli. However, although behavioral interventions like the
one summarized in Section 5 have been shown effective in
altering behavior towards more sustainable choices, evalua-
tions are performed usually within a relatively short time
frame and rarely consider other behaviors than the target be-
havior. Moreover, the drivers that promote the adoption of a
certain behavior might be different from those involved in its
long-termmaintenance. These effects are potentially problem-
atic from an LCA perspective. If behavior is not persistently
changed through the intervention, the value of the intervention
will be limited. People might get used to the intervention and
effects may wear off. For instance, when investigating the
effect of social comparisons on energy consumption levels,
Allcott and Rogers (2014) found that consumers’ response
to the intervention was quite volatile over time, indicating that
long follow-up periods are necessary to fully appreciate the
effect of an intervention.

Similarly, if target behaviors are too narrowly defined (e.g.,
shower use), it will be difficult to know whether the interven-
tion affects also other behaviors. Human behavior is funda-
mentally complex, people may have different reason to act (or
not) in a sustainable way, and the choices adopted in one
specific domain may have different consequences in other
(un)related domains (e.g., spillover effects). Such spillover
effects may either increase or offset the effects achieved with
the intervention. In principle, LCA allows for the integration
of such indirect effects, and promising methods have been
suggested (Thiesen et al. 2008; Girod et al. 2011). For exam-
ple, the adoption of different functional units in terms of sat-
isfying a particular need could represent an interesting alter-
native way of modeling indirect effects (Hofstetter et al.
2006). However, correctly modeling rebound effects is not
straightforward and high levels of complexity might constrain
the likelihood of achieving relevant responses through behav-
ior change.

Finally, when attempting to re-design products in order to
facilitate pro-environmental behavior, it should be considered
that certain behaviors can be hard to change (Stern 2011), and
that systematic testing of interventions in the specific context
is required in order to understand which intervention is most
effective and what is the magnitude of the effect. Spaargaren
and Van Vliet (2000) suggest that adoption of sustainable
behavior is moderated by a compromise between a lifestyle
aspiration of consumers (depending upon their sense of iden-
tity, values and circumstances) and the nature of public and
commercial provisioning systems that meets their needs. This
highlights the fact that if external constrains (e.g., socio-
cultural factors) are not properly taken into account when
designing opportunities for behavior change, the effect of such
interventions can be of limited (if any) impact. Moreover, any
intervention promoting lower-impact choices and behaviors
should complement both Bhard^ traditional regulation and

Bsoft^ behavioral interventions. This would allow balancing
control and freedom of choice when engineering solutions for
sustainable behavior (Pettersen and Boks 2008). Again, this
requires capitalizing on existing knowledge on consumer-
product interaction (e.g., the data and insights collected in
the context of small-scale studies in DfSB, reviewed by
Daae and Boks 2015).

To conclude, the joint effort with behavioral scientists
could provide important (behavioral) insights and a set of
innovative methodological tools to evaluate the efficacy of
behavior change interventions within the context of LCA
and ecoinnovation, as depicted in Fig. 1 and Table 1. Future
research in LCA should aim at better understanding how to
streamline and systematize the use of behavioral insights from
goal and scope definition, up to scenario definition, inventory
development, impact assessment, and communication.
Behavioral studies may be helpful at both micro (product)
and macro (e.g. policy) scales. Eventually, LCA results in-
cluding analysis of uncertainty and variability due to behavior
may help design better products by industry as well as helping
policy makers to define requirements for product performance
related to the use phase.
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