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Abstract Recent studies have used algorithm tailoring
on digital platforms to provide household energy-saving
advice. Such ‘recommender systems’ have successfully
used the psychometric Rasch model as an advice algo-
rithm, matching energy-saving measures in terms of
their difficulty to consumers’ ability levels. While these
previous studies indicated positive user experiences,
tailored advice did not lead to higher savings overall;
not even when also using persuasive nudges, such as
displaying social norm percentages in the system. One
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possible reason for these results was that the system
was used exploratively, allowing users to pick energy
measures as they liked without tapping into goal setting
or value-based motivational frames (e.g., signposts). In
this study, 202 participants used and evaluated our ‘Sav-
ing Aid’ Rasch recommender system, choosing energy-
saving measures they would like to perform at home.
Through a 3x2-between subject design, we examined
whether guided goal setting and signposts (kWh/Euro/
CO2) affected user experience and energy savings. Fol-
lowing the signpost literature, we examined the mod-
eration of these effects by user values, such as environ-
mental concern (New Environmental Paradigm (NEP)
score). A structural equation model analysis revealed
that goal setting did not affect outcome variables, while
signpost framing had varying effects, although these
were not in line with prior expectations. Still, the overall
system remains promising, with users achieving a 316
kWh yearly savings with the chosen recommendations.

Keywords Recommender systems - Sustainability -
Energy saving - Goal setting - Signposting - Rasch
model

Introduction
Efforts to reduce greenhouse gas emissions can be
focused on the reduction of both industry and house-

hold energy usage. For the latter, individuals play a
significant role, but they might defer from acting
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due to the large number of options available to limit
their energy usage (Gardner & Stern, 2008). It can
be unclear which measures are the most effective
for a specific individual (Attari & Rajagopal, 2015;
Starke et al., 2020), making energy-efficient choices
and behaviour a difficult task. While some measures
often promoted by governments (e.g., solar PV, heat
pumps, insulation) could drastically reduce one’s
energy consumption, they are often regarded to be
too costly, financially, cognitively or in terms of time
(Abrahamse et al., 2005; Boudet et al., 2016; Starke
et al., 2020). On the other hand, many energy-saving
tips promoted on websites and by utility companies
are often already performed by most people or do not
result in substantial savings (e.g., putting a lid on the
pan while cooking).

Energy recommender systems are digital tech-
nologies that can help consumers to overcome choice
overload issues, by finding energy-saving measures
that suit their preferences (Knijnenburg et al., 2014).
They use tailoring or personalization algorithms that
present content to users that fit their preferences or
needs (Jannach et al., 2010; Knijnenburg et al., 2014).

A recent example of an energy recommender sys-
tem is the ‘Saving Aid’, developed by Starke et al.
(2020). Contrary to most data-driven approaches in
recommender systems work (Jannach et al., 2010),
psychological theory informs the design of the
algorithm (Starke et al., 2020). The psychometric
Rasch model is employed to provide tailored house-
hold energy-saving advice to its users, assessing the
behavioural difficulty of energy-saving measures and
matching these to individuals based on their energy-
saving ability. Whereas this earlier work has largely
focused on validating this psychometric scale and
introducing a social norm nudge (Starke et al., 2021),
it has not addressed key mechanisms that relate to
people’s understanding and behaviour of energy-sav-
ing measures. Among them, the use of self-set goals
and how information is presented (i.e., framing) are
important behavioural determinants of conservation
behaviour (Abrahamse et al., 2007; Ungemach et al.,
2018). For example, saving metrics can be presented
as kWh, Euro or CO2 reductions. In a study involv-
ing a car-selection task, it was found that such dif-
ferent attribute translations (signposts), may activate
different objectives for users with different values
(Ungemach et al., 2018). Additionally, goal setting
has previously been shown to be effective in helping
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people achieve better outcomes (Locke & Latham,
2002), and more specifically, goal setting was found
to be effective in reducing energy usage (Abrahamse
et al., 2007; Harding & Hsiaw, 2014). In this paper,
we explore the effects of goal setting and signposting
within a Rasch-based energy-saving recommender
system.

Recommender systems

To help consumers overcome the barriers posed by
choice difficulties and information deficiencies, rec-
ommender systems could be of added value. These
are systems that present users with items that are pre-
dicted to be relevant to them (Lii et al., 2012), and
are used to make sense of large quantities of data
and a multitude of options (L et al., 2012). They are
employed in various domains ranging from music
(e.g., Spotify), movies, and series (Netflix), to travel,
health, nutrition, and fitness applications. These sys-
tems can employ a one-size-fits-all approach (i.e.,
showing the most popular content overall), or person-
alize recommendations based on user characteristics,
preferences, and/or behaviour. Recommender systems
can suggest similar items based on item characteris-
tics, so-called content-based filtering, or recommend
items based on preferences of similar users, so-called
collaborative filtering, (e.g., Koren et al., 2021), or
a combination of both. While they provide many
opportunities, they are also accompanied by vari-
ous challenges; for example, tailored systems need
a certain amount of user data to draw from, referred
to as the cold start problem (Lika et al., 2014), pref-
erences of users might change over time, and trade-
offs between diversity and accuracy must be made to
optimize these systems (Li et al., 2012). Addition-
ally, user interface characteristics might influence
their effectiveness (Lii et al.,, 2012), and different
users might respond differently to different systems
(Knijnenburg et al., 2011). Small changes in these
interfaces, such as user goals and different attribute
translations that we examine in this paper, can change
system outcomes.

Energy recommender systems
Digital technologies to encourage energy-saving

behaviour are typically embedded in theories of per-
suasion (Adaji & Adisa, 2022). To this end, various
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persuasive methods have been employed (Schultz,
2014; Warren et al., 2017). For example, one-size-
fits-all messages or campaigns might highlight ben-
efits to the environment or financial benefits of reduc-
ing energy usage or other sustainable behaviours.
Doing so might increase effectiveness, for example
when matched to personal values (Van den Broek
et al., 2017). However, these persuasive messages are
typically not tailored to the current behaviour or past
preferences of an individual recipient.

Recommender systems in the energy-saving
domain are generally based on the premise that
behaviour can be altered, often through persuasive
methods, e.g., through reward or cue-based systems
aimed at habit changes (Alsalemi et al., 2019). From
social judgment theory, we know that persuasive
messages are most effective if they are within the
so-called ‘latitude of acceptance’; a certain range
of ‘attitudes’ close enough to one’s own that some-
one is likely to be receptive to them (Eagly & Telaak,
1972). If persuasive messages convey attitudes that
are too far removed from one’s current stance, they
are regarded as being in the ‘latitude of rejection’ and
are less likely to be effective (Eagly & Telaak, 1972).
The ‘widths’ of these ranges differ per person, as do
current attitudes, and therefore, energy-saving recom-
mendations might also need to differ per person to be
effective. In order to recommend someone with suit-
able energy-saving measures, it is therefore impor-
tant to know what someone’s current attitude towards
energy-saving is.

One way of determining this is simply looking at
the number of energy-saving behaviours someone
has already adopted. This is consistent with meth-
ods used in recommender system research, which
tap into historical data from its users (Jannach et al.,
2010). Someone who already performs a large num-
ber of measures is considered to have a positive atti-
tude towards energy saving. The psychometric Rasch
model is based on this premise, and more specifically,
based on the idea that energy-saving behaviour falls
on a spectrum of low to high difficulty measures,
which is in turn tied to low and high energy-saving
ability levels.

Rasch model

The use of Rasch is embedded in an attitude paradigm
called ‘Campbell’s Paradigm’ (Kaiser et al., 2010),

which aims to mitigate the attitude-behaviour gap. It
assumes attitude and behaviour are two sides of the
same coin (Kaiser et al., 2010), proposing a stochas-
tic, ‘logit’ relation between individuals’ attitudes and
measures’ difficulty when predicting whether a meas-
ure will be performed. An attitude becomes apparent
by the increasingly difficult behavioural steps that an
individual takes towards attaining an attitudinal goal,
such as energy conservation. This is modelled on a
one-dimensional scale that captures both persons and
measures on their ability and difficulty (Kaiser et al.,
2010; Starke & Willemsen, 2024). The scale assumes
measures are more difficult if they are performed by
fewer people, while a person who performs more
measures is considered more able, having a stronger
ability or attitude. The probability P that an individ-
ual n performs a certain measure i can be calculated
using the following equation:

een _6i

P= 1= e

ey

In which @ is the individual’s ability, and ¢ is the
measure’s behavioural costs. This formula results in
item-characteristic curves (ICC’s) that depend on
item difficulty, as can be seen in Fig. 1, indicating the
likelihood (Y-axis) that an individual with a certain
ability/attitude (X-axis), performs a certain item (dif-
ferent curves). When ability and difficulty match, the
probability of engagement is 50%.

Because Rasch allows for sorting people and meas-
ures on the same one-dimensional scale, this approach
seems especially suitable for tailored energy-saving
advice and recommender systems; after a user’s abil-
ity is determined, they can now be given meaningful

ICC's of three conservation measures
T
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| __Use a water-saving
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Individual's energy-saving attitude (6)

Fig. 1 Item characteristic curves of three energy-saving meas-
ures, obtained from Starke et al. (2020)
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recommendations to curb their energy usage. For tai-
lored advice, the Rasch model helps to explore the
trade-off between a recommended measure’s nov-
elty and feasibility for a particular user (Starke et al.,
2020).

Using the Rasch model as a tailoring algorithm, a
recommender system was found to be more effective
than a non-personalized system, in terms of user eval-
uations (Starke et al., 2020). However, it did not nec-
essarily make users choose the measures with higher
energy savings. Additional studies that aimed to sup-
port higher energy savings through nudges, e.g., by
presenting ‘algorithm fit scores’, social norms, and
smart saving scores (Bams, 2018; Starke et al., 2017,
2021), affected which measures were chosen, but did
not lead to higher savings. Given that we can influ-
ence decisions in such a system, the next step is to
determine how we can help people choose more effi-
cient recommendations, such that overall savings
do increase. One hypothesized problem is that kWh
savings and their magnitude (e.g., how much is 100
kWh) are unclear. Attari et al. (2010) show that peo-
ple tend to underestimate the effectiveness of conser-
vation measures; participants in their study thought
that curtailment measures (e.g., turn off the lights
after leaving a room) were most effective for saving
energy, as opposed to efficiency measures (e.g., insu-
late a cavity wall), which in reality tend to be higher
in kWh savings. In line with these inaccurate expec-
tations of kWh savings for household energy-saving
measures, it might also be difficult for people to accu-
rately judge what a reasonable amount of savings
would be when using the recommender system, with
respect to choosing a limited number of measures.
Moreover, users in earlier Rasch recommender stud-
ies by Starke et al. (2020), might not have been com-
mitted or have had a specific goal in mind and thus
opted for only few measures.

To mitigate the issues from earlier studies and to
encourage higher savings in this study, we examine
two different mechanisms in our novel energy rec-
ommender system. First, we investigate the effec-
tiveness of including goal-setting functionality in
our recommender system, which aims to mitigate
erroneous kWh savings perceptions. In addition, we
investigate value-based motivational frames, through
signposting, by expressing environmental benefits in
terms of other attributes. Signposting refers to attrib-
ute translations (e.g., kWh, Euro) in line with user
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values, with the aim of activating certain user objec-
tives (Ungemach et al., 2018). We will discuss these
aspects in more detail below. In doing so, we address
the following overall research question:

o [RQ]: “What are the effects of goal setting and
signposting on the user experience and energy
savings in a Rasch-based energy recommender
system?”

Goal setting

According to Locke and Latham (2002), the mere
presence of goals increases performance, and an ade-
quate balance between goal difficulty and feasibility
leads to higher satisfaction. A goal that is assigned
by an authority figure will furthermore strengthen the
belief that this goal is reachable (Locke & Latham,
1990). At the same time, feeling personally respon-
sible for reaching a goal, leads to higher feelings of
competence (Eccles & Wigfield, 2002). Goals that are
autonomously set furthermore lead to higher achieve-
ment (Koestner et al., 2008). Therefore, incorporating
goal setting into an energy-saving recommender sys-
tem might help users to achieve higher savings than
they otherwise would.

Goal setting has shown promising, yet varying
effects on energy use. Abrahamse et al. (2007), who
consider direct energy usage (e.g., not energy use
through travel), found a significant effect of goal
setting and education on energy usage. Instructing
households to reduce their energy consumption by
5%, along with performance feedback and educa-
tion, resulted in an energy reduction of 5.1% on aver-
age over the course of a 5-month study. In a similar
vein, Harding and Hsiaw (2014) asked their users to
select energy-saving measures from a list of recom-
mendations. They found that users who committed to
reduce their current energy use between 0 and 15%,
achieved the highest energy reductions at around
11%. Users who either chose no items, or whose
item-choice resulted in overly optimistic goals, only
saved between 1 and 1.5% on average. Interestingly,
many users tended to over-commit, with 40% of them
opting for an overly optimistic goal between 15 and
50%, and 12% of users opting for an even higher goal.

The previous research indicates that goal set-
ting can affect the adoption of energy-saving meas-
ures. The goal-setting theory furthermore states
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that self-chosen goals ensure a degree of autonomy.
However, some direction might be needed to inform
users what would be a reasonable goal for them. Fol-
lowing this, we presented users in the goal condition
with three saving goals (an easy, moderate, and dif-
ficult goal) such that they had adequate guidance yet
still had a degree of autonomy. We expected that this
would lead to higher savings and higher system satis-
faction than having no goals:

o [H1]: Guided goal setting leads to higher savings
than having no goals

Signposting

Energy-saving metrics are not restricted to kWh. They
can be presented in different units, such as CO2 emis-
sion reductions and monetary savings. The under-
standing and expected consequences of measures can
depend on how the presented information is framed.
Stadelmann and Schubert (2018) studied the effect
of displaying household appliance energy usage as
either monetary or kWh costs in an online shop, e.g.,
the energy usage of fridges and washing machines.
They found no difference between these labels: both
labels were effective in increasing the sales of energy-
efficient appliances. However, they did not distinguish
between different kinds of customers who might be
affected differently by different labels.

In a study by Ungemach et al. (2018), it was
observed that people with stronger environmental
concern, as measured by the NEP scale (New Envi-
ronmental Paradigm), were more likely to pick an
energy-efficient car when presented with information
on its CO2 emissions per mile, as compared to its
fuel usage per mile. Thus, the same exact information
being presented with different units, resulted in dif-
ferent behaviour for different users. As a user could
obtain the presented information by a simple scale
translation, there seems to be no immediate reason
for this effect. However, according to Ungemach et al.
(2018), such attribute translations might activate dif-
ferent objectives for users with different personal val-
ues. This mechanism is referred to as ‘signposting’;
the presentation of information in line with user val-
ues, helps to guide users towards their personal objec-
tives, hence the name ‘signpost’. Ungemach et al.
(2018) state that signposting effects are distinct from
priming and framing effects, in the sense that they do

not rely on valence shifts, but rather on a seemingly
neutral conversion of different units. Furthermore,
the effects of the study could not be explained by a
knowledge gap.

As we can present the saving metrics in our energy
recommender system with various units, e.g., Euro,
CO2, or kWh savings, we are interested in the effect
of these different signposts for users with differ-
ent values. Following the study by Ungemach et al.
(2018), we think that CO2 emission metrics might
resonate more strongly with users who have stronger
environmental concern. Similarly, monetary savings
might resonate more with users who attach more
importance to money, although this has not been
studied before. We thus expect that a CO2 signpost
will motivate users with a high level of environmen-
tal concern to save more energy. We also expect that
the monetary (Euro) signpost will increase savings
for users who place more importance on money, and
that the kWh signpost will work equally well for eve-
ryone, as this has no direct apparent link to personal
values. We also expect various effects on user experi-
ence, which we will elaborate on in the next sections.

o [H2]: Signposts aligned with user values lead to
higher savings and better user experience out-
comes, than signposts that are not in line with
user values.

o [H2a]: CO2 signposting, compared to kWh sign-
posting, will result in higher savings and a better
user experience' for increasing strength of peo-
ple’s environmental concern.

o [H2b]: Monetary signposting, compared to kWh
signposting, will result in higher savings and a
better user experience for increasing strength of
people’s financial values.

We do note that a similar study involving signpost-
ing and goal setting has previously been conducted by
Brandsma and Blasch (2019), in which they found no
effect of attribute translation on overall willingness to
conserve energy. However, they did find differences
between users with several different value orienta-
tions for their willingness to save energy. Those with

! 1 User experience consists of choice difficulty, system sat-
isfaction and goal support (Subjective System Aspects), and
environmental self-efficacy and choice satisfaction (Experience
outcomes).
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stronger biospheric values were more motivated to
save energy, while those with more egoistic values
were less willing to reduce their energy usage, except
when savings were displayed as monetary savings.
However, the study by Brandsma and Blasch (2019)
only considered a single energy-saving measure: turn-
ing off stand-by appliances on a daily basis. Further-
more, participants were only asked to imagine setting
themselves a goal and then say if they were willing
to perform this action. Given that our current study
differs substantially (with over 130 different sav-
ing measures, and persuasion towards real behaviour
change), we hypothesised that these system manipula-
tions might lead to different outcomes in our system.

User evaluation

Platforms that use recommender systems are usually
evaluated on behavioural outcomes (Jannach et al.,
2010), but several platforms also evaluate perception
and experience aspects (Knijnenburg et al., 2014).
Beyond achieving energy savings, users of an energy
conservation platform should also be willing to re-use
it (Geelen et al., 2019; Starke et al., 2017). Previous
recommender studies show that the effects of system
manipulations on user behaviour (i.e., amount of energy
savings chosen) and user experiences (e.g., satisfaction)
are mediated by user perceptions (Knijnenburg et al.,
2014). For example, in a different energy-saving recom-
mender study, the interaction effect between preference
elicitation method complexity (i.e., the method of ask-
ing what a user likes and wants) and domain knowledge
of users affected how satisfied users were and, in turn,
how many energy savings they selected (Knijnenburg
etal., 2014).

Such mediated relations are described by the user-
centric evaluation framework by Knijnenburg et al.,
(2012, 2015). They show that system outcomes in
recommender systems (e.g., choice satisfaction, kWh
savings), are often explained by changes in subjective
perceptions of the system itself (‘subjective system
aspects’, such as choice difficulty and system satis-
faction). In a study on the use of social norms in an
energy recommender system (Starke et al., 2021),
all effects of various social norms on number of
chosen savings and choice satisfaction, were medi-
ated by changes in perceived feasibility (a subjective
system aspect). In a study on effective user interface
designs, the effects of interface variations on choice
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satisfaction, were mediated by changes in perceived
effort and perceived support (Starke et al., 2017).
Although in this study, there were also some direct
effects from interface variations on measure choices,
which were not explained by changes in subjective
system aspects.

In the current study, we want to evaluate the effects
of goal setting and signposting on system outcomes,
and if these effects exist, evaluate whether they can be
explained by changes in how users perceive the sys-
tem. We will explain this in detail in the conceptual
framework that we will discuss in the next section.

Conceptual framework

Following the user-centric evaluation framework
(Knijnenburg & Willemsen, 2015), we are interested
in several system outcomes, as well as several subjec-
tive system aspects. For system outcome variables,
these are the ways in which people evaluate their
experiences of using the system (i.e., user experi-
ence), including the extent to which people are satis-
fied with their chosen measures (choice satisfaction),
and the extent to which they now feel confident in
saving energy (energy-saving self-efficacy). These
also include more behavioural outcomes, such as the
total selected savings (kWh savings, as an interaction
outcome).

Following the framework’s setup (Knijnenburg &
Willemsen, 2015), we formulate a number of expec-
tations. See Fig. 2 for an overview. We expect that the
effect of our objective system aspects (goal setting
and signposting) on the experience (self-efficacy and
choice satisfaction) and behavioural outcome varia-
bles (selected kWh savings), will be mediated by sub-
jective perceptions of the system. These include the
difficulty users experience in choosing between meas-
ures (choice difficulty), the extent to which they feel
the system supports their saving goals (goal support),
the extent to which users are satisfied with the system
(system satisfaction), and lastly, the extent to which
users believe that the presented measures are feasible
for them (perceived feasibility).

For example, presenting information in a way that
is relevant to the user (i.e., signposting in line with
user values), might aid the decision-making process,
thus reducing choice difficulty and possibly improv-
ing goal support. We expect that such subjective per-
ceptions of the system could lead to higher savings
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Fig. 2 Conceptual model, based on the evaluation framework of Knijnenburg and Willemsen (2015). We expect that the effects of objective
system aspects on interaction and experience outcomes, will be mediated by changes in subjective system aspects, NEP =New Environ-
mental Paradigm (environmental concern), /MS =Importance of money score

and improved user experiences. A similar trend was
also seen in Starke et al., 2021. We furthermore
think that goal setting could improve user experience
by providing a clear behavioural target. Goals that
are realistic and achievable for a user, might lead to
higher system satisfaction, and in turn (following the
framework), might lead to higher savings.

Lastly, increased savings might lead to increased
choice satisfaction, similarly to the findings of
Knijnenburg et al., 2014. Figure 2 depicts these
hypotheses, in a model that broadly follows the
user-centric recommender evaluation framework.

Figure 2 also presents additional paths, which fol-
low the general route of objective system aspects to
system outcomes via subjective system aspects, but
of which the precise relationships are not based on
earlier studies or theory (e.g., because we introduced
our own measure of ‘goal support’, or our system dif-
fers from earlier ones in terms of system manipula-
tions). Following the Framework for Evaluating Rec-
ommender Systems (FEVR) by Zangerle and Bauer
(2022), and specifically their distinction between
confirmatory and exploratory evaluations of recom-
mender systems, we note that our current study, and
especially the SEM model part of this study, has more
of an exploratory character rather than a confirmatory

one. The possible relationships between objective
system aspects and eventual system outcomes might
be explained through multiple possible pathways,
however, not all of these pathways can be theoreti-
cally supported due to a lack of prior work.

We summarize this conceptual framework and our
approach with the following (exploratory) hypothesis:

o [H3] The effects of objective system manipula-
tions on interaction and experience outcomes
are mediated by changes in subjective system
aspects.

Methods

Our study consisted of an initial study where
energy-saving measures could be chosen, and a
four-week follow-up study, in which participants
indicated which of their chosen measures they had
performed (or started with). In an earlier study by
Starke et al (2017), it was found that users who
were more satisfied with their recommendations,
also performed more items after four weeks. Espe-
cially for the goal-setting condition, we wanted to

@ Springer
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check if a possible motivation to choose more meas-
ures, also translated into a motivation to perform
more measures.

Participants

In total, 212 people participated in the initial study
(202 after outlier removal), consisting of 86 males,
112 females, and 4 other/undefined, with a mean age
of 30.5 and a median age of 25, with 75% of partici-
pants being younger than 32. 82% obtained at least
some college education, while only 23% were home-
owners. Out of all participants, 22% lived in a semi-
detached house, 26% in a terraced house, 33% in an
apartment, and 17% in a room. Most participants did
not know or did not want to disclose the energy label
of their house (56%), and otherwise, 10% indicated
energy level A, 9% indicated B, 12% indicated C, 4%
indicated D and the remaining 9% indicated energy
label E or below.

We recruited participants at least 18 years old, liv-
ing in the Netherlands, as the saving measures were
tuned to the Dutch context. We excluded those below
18 as they might have particularly little say in house-
hold energy usage. 117 participants were recruited
via our university departments’ participant database.
This database consists of (former) students and older
(non-student) adults. The mean age of this group
was 31.3 (95% CI= 28.1. SD= 34.5). 94 partici-
pants were recruited via the online Prolific database,
which attracted a relatively young demographic to the
study, with a mean age of 29.9 (95% CI= 28.05, SD=
31.84). We had one external participant who joined
because someone sent them an invite in the final
screen. Although we aimed our recruitment to contain
mostly adult participants that would be able to engage
in energy saving measures given their living situa-
tion, the sampling still resulted in a somewhat young
sample, though still substantial older than the typical
student sample and for most in living situations for
which our energy savings were relevant.

The follow-up study was completed by 170 return-
ing participants (160 after outlier removal), with a
comparable demographic distribution. Studies were
run between May and June 2023. Participants were
paid ~ €3,- for completing the initial study, and ~ €4,-
total if they also completed the follow-up, exact
amount depending on participant database.
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Study design

Our experiment was subject to a 2 X3 between-sub-
ject design (Table 1). First, participants were either
asked to set a goal or not. Second, there were three
signpost conditions, presenting attributes and goals in
terms of either kWh savings, monetary (€) savings, or
annual kg CO2 reductions.

Procedure

The study used a newly developed online recommender
system, based on earlier work (Starke et al., 2021),
backed by a database of 135 energy-saving measures,
obtained from Bams (2018). These measures ranged
from ‘easy’ ones, e.g., ‘Cook with pots & pans the same
size as the heating element’, to more difficult ones, e.g.,
‘Install a centralized temperature system with zone con-
trols & thermostats’, to ‘install a mini windmill’ as the
most difficult measure. To be able to provide ability-tai-
lored advice, users indicated for 19 measures (randomly
selected from the entire range of measures) whether
they performed them or not, referred to as ‘(number of)
current items’ in Table 3. This allowed us to calculate
the ability of the user (which ranged between -2.7 and
3.6 logits for the entire sample). Measures that did not
apply to a user’s housing situation were not used in the
ability (i.e., attitude) calculation.

Afterwards, participants in the goal condition
could select an accessible (600 kWh), moderate (1200
kWh) or challenging (1800 kWh) saving goal, based
on the mean savings (1200 kWh) and median sav-
ings (660 kWh, for those who selected at least some
amount of savings in the study by Bams (2018)). This
goal was displayed with the signpost a participant
got assigned to (kWh/Euro/CO2). For the monetary
goal, we used the weighted average of Dutch kWh
and/m® prices (€0.30/kWh), resulting in saving goals
of 180, 360 and 540 Euros. For the CO2 goals, we
used an average of 0.25 kg CO2/kWh, resulting in
saving goals of 150, 300 and 450 kg CO2. All other

Table 1 Study design

Signpost Goal No Goal
kWh kWh + goal kWh
Monetary Monetary + goal Monetary
Kg CO2 CO2 +goal Co2
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Accessible Goal: Save 600 kWh over the following year

We think that achieving this Saves:

J goal will take relatively little €180,
600 kWh time and also cost relatively 600 kWh
little . 150 kg CO2

5] Choose Accessible Goal

Fig. 3 Example of a possible energy-saving goal. On the left
we see the signpost that the participant was randomly assigned
to (in this case kWh). All other signposts were also included
on the right. Next to this accessible goal, we had a moderate
(1200 kWh) and a challenging (1800 kWh) goal

Buy an energy-efficient dryer. Already do
Heat pump dryers are energy-efficient this al
condenser ~dryers. These do work on
| electricity, but use 50% less energy than a Saves:
conventional dryer.
© More information
kWh/year
= 1'll do this
Insulate your water heater so it feels
Energysavings  + 130 kWh/year cold to the touch. Alrea(.iy 9 0]
(XX + €19~ this
LAy g [ If your water heater feels warm, it means
that heat is being lost from the water tank. Saves:
s b As a result, it takes more energy to keep
Investment Costs. 0 the water at the right temperature. By
33 Payback period: insulating the water tank you can limit this
7-5 months heat loss and therefore also save energy.
Frequency:
Effort . > kWh/year
y Less than @ More information /Y
(X once every '™ 'l do this

3 or more years.

Fig. 4 Example items from the recommender list. The bot-
tom measure depicts the information container, which is shown
when clicking the ‘more information’ button or when hovering
over the image

signposts were also shown as additional information.
An example of a goal is given in Fig. 3 (600 kWh).
Next, participants were given instructions on how
to use the interface with screenshots (Refer to Oonk,
2023, Fig. 6). They were asked to pick items they
intended to perform in the future, to remove items
they already performed (after which new ones would
appear at the bottom of the list) and were shown how
to obtain more information on measures (by hovering
over the images or clicking the ’'more info’ buttons).
An example of the interface is given in Fig. 4.
Afterwards, all participants were presented 20
energy-saving recommendations closest to their abil-
ity level (sorted by absolute distance) to choose from.
(We refer to the total number of chosen items as ‘#
chosen items in Table 3, and the total amount of

savings (e.g., in total kWh or total monetary value),
as chosen savings throughout this paper.) The meas-
ures were accompanied by highlighted saving metrics
as seen on the right in Fig. 5, which were translated as
either a kWh, monetary, or CO2 metric depending on
the signpost condition the participant was in.

For exact conversion formulas between these,
refer to Oonk (2023). The total selected savings were
shown at the top of the screen, as a proportion of the
saving goal if applicable (as depicted in Fig. 5a and
Fig. 5b). The recommender interface can be tested at:
www.besparingshulp.nl/demo.

Measures

Following the choice task, participants were surveyed
about their perceptions and experiences with the sys-
tem, with the questions shown in Table 2. We used
items from Willemsen et al. (2016) to measure choice
difficulty, items from Starke et al. (2017) to measure
perceived feasibility, items from Willemsen et al.
(2016) to measure choice satisfaction, and items from
Knijnenburg et al., (2012, 2014) and Starke et al.
(2017) to measure system satisfaction. Goal support

Total additional savings: EQLAN] | [ [ 12%31&,,'

Bleed your radiators regularly.

Regularly clean radiators and convectors for
healthy “air in your home and good heat
output. Also by occasionally venting the

radiators, the heat is released better and it Saves:
is more comfortable in the house.
@ More information kWh/year
'™ 1l do this v/
a. Goal condition
Total additional savings: €32,-
Use your tablet instead of your
laptop/desktop.
A tablet is even more economical than a
laptop. However, a tablet is not a full
replacement for a computer. It is therefore Saves:

often an extra device in the house and
making such a device costs energy and raw
materials. It is therefore better for the
environment not to purchase one.
However, it is very economical in use. Do
you already have one? Then use your tablet
instead of your computer or laptop as /year

much as possible,
= 1'll do this v

© More information

b. No-goal condition

Fig.5 (Partial) screen captures of our recommender system
interface. Depicted in a is our Goal (kWh) condition, and in b the
no-goal (euro) condition. The progress bar in the goal condition
has a logarithmic scale

@ Springer


http://www.besparingshulp.nl/demo

48 Page 10 of 22

Energy Efficiency (2025) 18:48

Table 2 Questionnaire items and factor loadings (M) for both the initial (1) and follow-up (2) samples. Alpha denotes Cronbach’s
Alpha, AVE the Average Variance Explained. Choice difficulty and choice satisfaction questions were obtained from Willemsen
et al. (2016), and goal support questions were largely original questions to measure the extent to which participants felt the system

helped them save energy

Construct Name Proposition Study follow-up
A R? A R?

Choice difficulty Cdifl It was easy to choose between energy saving measures -0.73  0.56 -0.83 0.71
Alpha:0.66(1)/0.67(2) Cdif3 The task of choosing energy saving measures was overwhelming ~ 0.53 0.30 0.50 0.28
AVE: Cdif4 Comparing the energy saving measures took a lot of effort 0.73 0.50 0.63 0.43
0.45(1)/0.47(2)
Choice satisfaction Chsatl I am satisfied with the measures I chose 0.49 0.66 0.51 0.78
Alpha: Chsat2 I think I would enjoy performing the chosen energy saving 0.41 0.47 0.39 0.46
0.73(1)/0.76(2) measures
AVE: Chsat3 I would recommend the chosen measures to others 0.47 0.59 0.49 0.72
0.57(1)/0.65(2)
Goal support Syssat2  The Saving Aid (SA) is helpful to find appropriate measures  0.74 0.62 0.70 0.51
Alpha: Gsup4 The SA gives me more insight into the energy consumption  0.77 0.68 0.78 0.63
0.86(1)/0.82(2) of devices and systems in my home

Gsup5 The SA makes me more energy-conscious 0.77 0.69 0.78 0.63
AVE: Gsup6 The SA makes me more aware of my options for saving energy  0.78 0.71 0.83 0.72
0.68(1)/0.62(2)

questions were largely original items, measuring how
well the system supports the pursuit of energy saving.

Additionally, we used the revised New Environ-
mental Paradigm (NEP) (a: 0.81 for both the initial
study and follow-up study) by Dunlap et al. (2000) to
measure environmental concern, the Money Impor-
tance Scale (IMS) by Franzen and Mader (2022) (o:
0.77 for both samples) and the environmental self-
efficacy scale by Lee and Tanusia (2016) (a: 0.87 &
0.85, AVE: 0.60 & 0.57 for the initial and follow-up
study respectively). For the full overview of ques-
tions (before factor analyses), refer to Oonk (2023).
To verify the proposed constructs of our theoretical
model, we performed an exploratory factor analy-
sis (EFA) and then CFA and SEM using the mPlus
software package (Muthén & Muthén, 2023). Items
with low factor loadings (below 0.4) or high cross-
loadings in the EFA (main loading of a factor should
be twice as high as the loadings on another factors)
or in CFA/SEM, items with several high (> 20) Mod
indices with other items (Several goal support, choice
satisfaction, and system satisfaction questions) were
removed from the subsequent CFA and SEM analy-
ses. In our SEM analysis, Perceived feasibility had a
too high correlation with choice difficulty (correlation
above 1, indicating in MPlus that these factors cannot

@ Springer

be discriminated in the SEM model). The predictors
of perceived feasibility were weaker than those of
choice difficulty. Additionally, our system manipu-
lations were more focused on helping users choose
(by emphasizing reasonable saving targets and pro-
viding personally meaningful information through
signposts), rather than influence perceived feasibility;
After all, users chose their own measures (and their
own goal, when applicable), and thus partially deter-
mined themselves how feasible their final set of meas-
ures would be. Therefore, we included choice diffi-
culty in our final SEM model rather than perceived
feasibility. From the EFA, we determined that goal
support questions 3, 4, and 5 with system satisfaction
question 2, measured a single construct. To simplify
the analysis somewhat, we used the unweighted com-
puted scores for the money importance scale (IMS)
and new environmental paradigm (NEP), rather than
using the individual questions for the CFA/SEM.
This was done because these were existing and vali-
dated scales, and their statements were not directly
related to the system itself. Participants could save
their selected measures and received an email with an
overview one week after the study. After four weeks,
participants were asked to join the follow-up study to
indicate which measures they ended up performing.
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We compared the differences in savings between goal
conditions with rank-sum tests, the interaction effect
between values and signposts with several (robust)
multiple regressions, and the effect of subjective sys-
tem aspects with a structural equation model (SEM).

Results

We found that participants evaluated the system very
positively. 89% agreed at least to some extent with the
proposition that “the saving aid was helpful to find
appropriate measures”. Participants chose on average
7.5 new measures in the initial study (M = 3057 kWh,
SD =4406), of which they reported to complete on
average 2.1 measures four weeks later (M = 315 kWh,
SD= 538). To see if higher chosen savings indeed
lead to saving more energy in the self-reported meas-
ures taken four weeks after the study, we compared
chosen and actual savings from the initial study and
the follow-up study, respectively. This correlation can
be seen in Fig. 6. According to a pairwise correlation,
after a log transform, this relationship was significant
with a coefficient of = 0.36 and p< 0.0001. This
means that people who choose a higher amount of
savings, indeed end up saving more energy.

On average, participants removed 10.3 measures
from the recommendations, stating that they already
performed them. We found no correlation between
NEP score and ability level, suggesting that those
with stronger environmental concern did not report to
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Fig. 6 Correlation between chosen savings and actual savings
after four weeks (not concerning those with chosen savings of
0kWh)

already perform more actions. We also did not find a
correlation between the chosen goal amount and either
NEP or IMS scores (Refer to Table 3). The NEP scale
and IMS scale both had 5-point Likert scale answer
options, resulting in a possible range for computed
scores from —2 to 2. For the NEP scale, we found an
average score of (.84 with a standard deviation of (.55,
a minimum of —0.5 and a maximum of 2. For the IMS
score (in the initial study), the average score was 0.24,
with a standard deviation of 0.72, a minimum of —1.7
and a maximum of 2. Refer to Fig. 7. We did observe
that NEP score and IMS score were slightly nega-
tively correlated (—0.25). As we invited participants in
batches, some completed the initial study and follow-
up study within a shorter timespan than others, ranging
from around 19 days between the two studies to more
than 40 days. However, we saw no significant correla-
tion between this duration and the achieved savings at
the follow-up study (Coefficient =0.09, p=0.28).

Goal conditions

We first compared the savings between the goal and
no-goal conditions. We hypothesized [H1] that users
in the goal condition would obtain more savings than
users in the no-goal condition. The energy savings for
the initial (main) study and the follow-up survey across
these conditions are depicted in Fig. 8. On average, sur-
prisingly, participants chose less energy savings in the
goal condition (M= 2166 kWh; SD= 2624) than in
the no-goal condition (M= 3880 kWh; SD= 5452). A
rank-sum test indicated that this difference was, how-
ever, not significant. Four weeks later, in the follow-up
survey, the difference was reversed, with goal-condition
savings being higher on average (M= 340 kWh; SD=
565) compared to the no-goal condition (M= 294 kWh;
SD= 516). However, once again, this difference was
not significant (p = 0.46).

Goal Amounts

We furthermore compared the savings between the three
goal amounts, as graphed below in Fig. 9. This was not
part of any hypothesis but might still give some insight
into what extent people are motivated to reach their self-
chosen goal. What stands out is that in the 600-kWh
condition, there are more participants with very low
chosen savings. This might indicate that those without
much motivation to save energy, chose this goal.

@ Springer
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Table 3 Pairwise correlations for person characteristics in initial study. (N =202)

Variables (€)) 2) 3) 4 ) (6) (7)En.lab  (8) (9)new  (10) goal
NEP IMS Male  Age kWh home Cur

(1) NEP score 1.00

(2) IMS core -0.25*  1.00

(3) male —-0.18*  0.04 1.00

(4) age 0.02 —0.22*  0.03 1.00

(5) chosen kWh Savings —0.11 -0.03 0.00 0.04 1.00

(6) homeowner -0.13 0.01 0.13 0.25% 0.12 1.00

(7) Energy label -0.16* —0.08 0.15*  0.21* 0.04 0.21*  1.00

(8) #Current items —-0.03 —-0.11 0.12 0.23* 0.22* 0.04 0.29* 1.00

(9) #Chosen Items —-0.11 0.10 -0.05 -0.07 0.49* -0.13  -0.01 0.23*  1.00

(10) goal Amount -0.02 —-0.07 0.03 —-0.06 -0.11**  -0.05 0.13 0.10 0.15* 1.00

(11) Education 0.07 —-0.02 -0.05 -0.22* -0.04 -0.11 -0.10 -0.11 -0.03 0.01

*shows significance at p < 0.05 **Was significant with a coefficient of 0.30 when considering only the goal condition
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Fig. 7 Distributions of NEP (a) and IMS (b) scores for the ini-
tial sample without outliers
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Signpost conditions

Figure 10 compares the chosen savings per signpost
condition. We hypothesized [H2] that signposts in
line with user values, would result in higher savings
than signposts not in line with user values. First, we
compare the savings in each condition, irrespective
of user values. We found that people chose significant
less savings in the CO2 condition in the initial study
(M= 1782 kWh; SD = 2554), compared to the kWh
(M= 3652 kWh, SD= 5049) and Euro (M= 3620
kWh, SD =4843) conditions (X2= 10.11, p< 0.001).
After four weeks, participants saved on average 347
kWh (SD= 507), 334 kWh (SD= 573) 268 kWh
(8D = 538) in the CO2, kWh, and Euro conditions,
respectively. An Analysis of Variance (ANOVA)
showed no significant difference between these three
signpost conditions in the follow-up study, nor when
a quadratic transformation was performed.

Signposts and values

To test for the signposting effects [H2], we inspected
how a user’s values (NEP) affected behavioural and
user experience outcomes, using moderated regres-
sion. See Fig. 11. We found a positive interaction
effect between the NEP score and a CO2 signpost,
where a higher NEP score led to higher choice satis-
faction (p =0.30, p< 0.01) and higher self-efficacy (8
=0.35, p< 0.05), compared to the downward-sloped
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Log transformed savings per goal condition
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Fig. 8 Chosen (initial study) and performed (follow-up study) Savings in the goal and no goal condition

Log transformed savings per goal amount
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Fig. 9 Chosen (initial study) and performed (follow-up study) savings per chosen goal amount

effect of the kWh signpost baseline. The latter is
depicted by the orange lines in Fig. 11a and b. How-
ever, this was mostly due to a downward slope of the
kWh signpost, as depicted by the blue lines in Fig. 11a
and b. For choice difficulty, the interaction effect of

NEP and CO2 was negative (B =-0.55, p< 0.01,
Fig. 11c). Again, the kWh baseline differed between
low and high NEP scores more strongly than the CO2
signpost did. Additionally, the main effects of the CO2
signpost on choice satisfaction (B =-0.59, p< 0.01)
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Log transformed savings per signpost condition
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Fig. 10 Savings per signpost condition, for both the initial (main) study and the follow-up study
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Table 4 Robust linear

K o Variables Self-efficacy Coef B SE 95% CI

regression predicting the

self-efficacy score based on IMS Score ~0.01 —0.04 (0.16) [—0.37; 0.26]

experimental conditions and Signpost

NEP and IMS scores
CcOo2 —0.94* —0.45* (0.39) [-1.70; —0.18]
EU -0.83 -0.41 0.44) [—1.70; 0.04]
Signpost # IMS score
CcOo2 0.010 0.04 0.22) [—0.34; 0.52]
EUR —-0.01 —-0.00 (0.29) [—0.59; 0.56]
NEP score -0.47 —-0.26 0.24) [—0.94; 0.01]
Signpost # NEP score
Cco2 0.70%* 0.35% (0.32) [0.07; 1.33]
EUR 0.61 0.33 (0.36) [—0.09; 1.32]
Goal condition
No Goal -0.26 -0.13 (0.26) [—0.76; 0.25]
Goal condition#signpost
No Goal # CO2 0.32 0.12 (0.34) [—0.34; 0.99]
No Goal # EUR 0.24 0.098 (0.37) [—0.49; 0.96]
Constant 1.55%%* (0.32) [0.92;2.17]
Observations 202
R-squared 0.039

# p< 0.01, * p< 0.05

and self-efficacy (p =—0.45, p< 0.05) were negative
(see the regression outputs in Table 4). Therefore, the
beneficial effects of a CO2 signpost only applied to a
minority with very high NEP scores, while the kWh
signpost seems beneficial for a larger group of people
lower on the NEP scale. We did not find such interac-
tion effects on actual energy savings in the initial and
follow-up studies (Fig. 11d, depicts the savings in the
initial study). We neither found any interaction effects
between signposts and the Importance of Money
(IMS) score on any of these outcome variables.

Subjective system aspects and SEM model

Finally, we hypothesized that the effects of system
manipulations (goal setting and signposting) on sys-
tem outcomes, would be mediated by changes in
subjective system aspects [H3]. To examine these
mediated effects between changes in the interface,
user perceptions and choices, and system evaluation,
we constructed a structural equation model (SEM) in
Mplus (Muthén & Muthén, 2023). The SEM model
had a good fit: y2(202) =255.00, p<0.01, RMSE=
0.040, 90%-CI =[0.025,0.052], CFI= 0.981, TLI=
0.979. The fit for the follow-up SEM model was also

good, and their results are merged in Fig. 11, depicting
only significant paths. The system satisfaction vari-
ables were only measured in the initial study, and their
effects remained very similar in the follow-up. The
paths from Euro signpost were no longer significant in
the follow-up study. For separate SEM graphs of the
initial and follow-up study, refer to Oonk (2023; p. 68,
Fig. 18) and Oonk (2023; p. 88, Fig. 28).

We found several correlations between signposts
and latent variables, some of which were mediated
by pro-environmental values (NEP score). We found
no direct effects from signposts and interactions on
outcome variables (Savings, choice satisfaction, and
self-efficacy), nor did we find an effect of the Impor-
tance of Money Score (IMS score) on savings or any
of the other factors. Discriminant validity of choice
satisfaction (AVE 0.57) is not maintained, because
choice satisfaction was better explained by choice dif-
ficulty (p =—0.81, p< 0.001) than by its own ques-
tions. Choice difficulty, as per the user-centric evalua-
tion framework by Knijnenburg and Willemsen (2015),
is considered to be a subjective system aspect, and the
questions we used measure user perceptions, whereas
choice satisfaction is usually referred to as an experi-
ence outcome and the questions we used are more
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evaluative. Moreover, they show different (and logical)
relations to the other related concepts (self efficacy and
goal support). Therefore, merging these into one con-
struct would not be entirely logical, and it would make
it harder to gain insight into the relationship between
these categories of latent variables and other concepts
in our model.

From the model in Fig. 12, we observe that all pos-
sible effects from signposts and values on these out-
come variables were mediated by choice difficulty,
and all effects on savings were mediated by changes
in goal support. There were no direct effects from any
of the objective system aspects nor the personal char-
acteristics (NEP), on outcome variables. We expected
that all effects on outcome variables (savings, choice
satisfaction and energy-saving self-efficacy), would
be mediated by changes in subjective system aspects.
While the main effect of a CO2 signposts (compared to
a kWh signpost) increased choice difficulty (f= 1.42,
p< 0.001), CO2 signposts moderated by higher NEP
scores decreased choice difficulty (f=-0.55, p< 0.01).
Effects on savings were indeed furthermore mediated
by goal support; the reduction of choice difficulty, led
to increased experienced goal support (f=—0.38, p<
0.001). This increased goal support, then led to higher

chosen savings in the initial study (5= 0.49, p< 0.001),
and higher actual savings in the follow-up study (f=
0.71, p< 0.001). The total indirect effect of the interac-
tion CO2 x NEP score on (initial) savings via this route
was = 0.10 (p< 0.01), meaning that increasing NEP
score led to slightly higher savings in the CO2 condi-
tion as compared to the kWh condition, and this was
caused by a decrease in choice difficulty and increase
in goal support. This is in line with hypothesis 2a,
but something we did not observe in the regression in
Sect. 3.3, possibly because more variables (IMS scores
and goal conditions) were included there. However, if
we would correct for this double testing, this interaction
effect would still be significant (p < 0.025).

Next to a mediation of subjective system aspects
on savings, we expected similar mediation effects on
experience outcomes (energy-saving self-efficacy and
choice satisfaction). Indeed, a decrease in choice dif-
ficulty led an increase in self-efficacy (f=-0.38, p<
0.01). The total indirect effect from the interaction
NEP x CO2 on self-efficacy, including the 3 other
paths via goal support, savings and choice satisfaction,
was f=-0.97 (p< 0.01). Increased goal support also
led to higher choice satisfaction (= 0.57, p< 0.001).
Lastly, increased selected savings led to an increase

-0.426 -0.375 [.120]** | Initial study |
10.552 I L B =TT T T Trppp———
L16]" [ : L__Follow-up study___1
Choice Se(l:E efficacy +
p—p> e nergy . .
+,  difficulty saving) Objective System
y -0.810 [-167]*** 0.285 aspects (OSA)
E%8377]2** ‘ [.078]
. 0.570 - Subjective system
SIGNPOST Goal LBer) Choice aspects (SSA)
(co2) Support + satisfaction
]
1 -
+
1oz o I o T Experience (EXP)
.392]*** 1
| e e )
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Fig. 12 Structural Equation Model (SEM). Numbers on the arrows represent the f-coefficients; standard errors are between brackets.
Effects between subjective constructs are standardized and resemble correlations. * **, p< 0.001; **, p< 0.01; *, p< 0.05. Dots depict

interaction effects. Dotted line depicts a path of the follow-up study
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in choice satisfaction (= 0.20, p< 0.01), which in
turn led to a higher energy-saving self-efficacy (f=
0.29, p< 0.001). This all shows that indeed, these
experience outcome variables were also mediated by
changes in subjective system evaluations, similarly as
seen with the savings, with the most important media-
tors being choice difficulty and goal support.

As choice satisfaction and self-efficacy are out-
come variables that we measured only in the initial
study, the pathways from actual savings in the follow-
up study, to these outcome variables, are not depicted
in the figure. They can be found in Oonk (2023).

Discussion

We have evaluated the effectiveness of goal setting
and signposting on energy-saving choices and user
experience in the context of a tailored, Rasch-based
recommender system. Our Rasch scale of energy-sav-
ing measures, rooted in Campbell’s Paradigm, helps
to effectively assess the ability of users, allowing our
recommender system to present tailored advice. Our
study has examined short-term user preferences for
these tailored household energy-saving measures,
examining user choices, perceptions, and evaluations,
as well as users’ self-reported saving behaviour four
weeks later. We have found that the system is rather
effective for household energy conservation, with
users reporting an average 316 kWh predicted yearly
savings (both gas and electricity combined) per per-
son after four weeks. However, while users report to
appreciate the system, we have found mixed results
regarding our goal-setting and signposting manipula-
tions. We did observe that all effects from signposting
on outcomes were explained by changes in perceived
choice difficulty and goal support, in line with some
of our expectations and earlier work of Knijnenburg
et al. (2014)

Conceptual framework

We have observed various indirect effects of system
characteristics on subjective perceptions of the sys-
tem and have observed that these subjective percep-
tions influenced experience and behaviour outcomes.
We have furthermore observed that decreased choice
difficulty led to increased goal support (both subjec-
tive measures), and that increased goal support led to

higher savings and higher choice satisfaction. Both
increased choice satisfaction, and decreased choice
difficulty, led to higher energy-saving self-efficacy.
We also saw that increased savings led to increased
choice satisfaction, which was also observed in the
study by Knijnenburg et al. (2014).

Goal conditions

We have not observed significant differences in
kWh savings or user experiences between the goal
and no-goal conditions, in contrast to previous non-
recommender studies in an energy-saving context
(Abrahamse et al., 2007; Harding & Hsiaw, 2014).
We argue that the selection of energy-saving meas-
ures by users could have been experienced as a goal-
setting task in itself (i.e., the total selected measures
constitute a saving goal), diminishing the effect of
overarching goal setting. Furthermore, the person-
alized Rasch system already aids users in finding
ability-matched saving measures, which could mini-
mize the effects of goal setting in terms of decision
support. Additionally, goal setting in an energy-sav-
ing context is often more effective when paired with
feedback (Abrahamse et al., 2005), which was lack-
ing in our session-based system. Goal setting within
a system that can be used continuously over a longer
time, might be more effective. Although participants
received a link to their chosen measures approxi-
mately one week after participation, the goal was no
longer visible after the initial study. This might have
made the goal setting less salient and less impactful
on the behaviour of participants.

Lastly, participants selected on average 3057 kWh
in savings, as compared to 1200 kWh in a previous
study (Bams, 2018), surpassing the levels of the goals
we suggested. This might have been due to a misin-
terpretation of the task for some participants: Sev-
eral participants asked why there was not a ’I do not
want to do this’ button, and 33 participants clicked on
either 'I’m already doing this’ or ’I will do this’ for
all items in the list. They most likely thought that they
had to click on either of those buttons for every rec-
ommendation in the list, while this was not required
(they were allowed to ‘ignore’ recommendations
entirely, though we should have made this clearer in
the instructions). This happened 13 times in the goal
condition, and 20 times in the no-goal condition. This
misinterpretation might have had a stronger effect in
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the no-goal condition, due to the lack of a realistic
saving target. For the signpost conditions, this hap-
pened 12 times in the Euro condition, 14 times in the
kWh condition, and 7 times in the CO2 condition.
Furthermore, we had 14 participants (across condi-
tions), click on all but 1 or 2 items in the list, who
might have had the same misunderstanding. Exclud-
ing these 33 or 47 participants would bring the aver-
age chosen kWh savings down to 2257 kWh or 2073
kWh respectively.

Signposting

Furthermore, we have compared the effects of three
different signposts (kWh, CO2, and Euro) on user
energy-saving behaviour and user experience. We
have found that the CO2 signpost has led to lower
chosen savings in the initial study, irrespective of
value orientation. However, there was no significant
difference in achieved savings after four weeks. It
could be that the kWh and Euro signposts motivated
people to choose more measures, but this did not lead
to a higher propensity to perform these measures.
We have observed that users facing a CO2 signpost
reported better user experience outcomes at the upper
end of the NEP scale, compared to users facing a
kWh signpost. This was, however, caused by the kWh
signpost being less compatible with increasing NEP
score, rather than the CO2 signpost working better
with increasing NEP scores.

This contrasts with the findings of Ungemach
et al. (2018), where a CO2 signpost led to more effi-
cient car choices with increasing NEP scores. This
car comparison task was merely a choice task and did
not call for real-world action. Similarly to the NEP
scale, such hypothetical measures might not always
correlate with real-world behaviour. Previous studies
have shown that a higher level of environmental con-
cern (NEP), does not lead to an increase in energy
savings (Urban & ééasn}’/, 2012). The energy recom-
mender system we used, calls for an actual change in
behaviour, and might therefore have yielded different
results.

Savings
Although not the main aim of our current research,

the eventual aim of the platform is to help people save
energy. Participants achieved on average (316 kWh)

@ Springer

of predicted yearly savings with the measures imple-
mented after just four weeks. This might increase
over time, as it does not include the items that a user
says they have started implementing (M = 349.8 kWh;
SD = 1080.3) or are still planning to do in the future
(M= 1314.8; SD= 2852.8), only the ones they are
already doing consistently or have fully implemented
after four weeks.

Although we did not obtain data on the energy
usage of our participants, we can try to put this 316
kWh into perspective; The average yearly energy
usage of a Dutch household was 2500 kWh and
820 m> gas total in 2023 (Centraal Bureau voor de
Statistiek (CBS), 2024). Converting gas savings to
kWh savings (0.102 m® gas per kWh) in the same
way we did in our system (Refer to Oonk, 2023),
this would be 2500 kWh +820/0.102 =10,539 kWh
equivalent energy usage on average. Although 316
kWh is then a relatively small percentage of the total
amount of energy used (2.99%), it is already more
than 10% of the electricity usage. We also note that
out of the 10 most popular completed measures, 7
were electricity based, though the few gas-based
measures generally had higher savings. Most meas-
ures that save substantial gas-usage like insulation,
need more time to be implemented. We think that
these predicted yearly kWh savings are still a worth-
while amount, especially for our somewhat younger
sample. Additionally, it would be worth exploring
how the system can support the not-yet-implemented
but intended behaviours over the long-term.

Limitations and future research

Our study is subject to a few limitations. One notable
demographic limitation is that of the sample’s age.
Our participants are relatively young, with a mean
age of 30.5, of which 75% were below 32 years old.
Few of our participants owned homes, meaning that
some might not have been able to implement the
often more efficient structural changes (as compared
to behavioural measures). Therefore, participants
might have been motivated to choose measures that
they could not actually perform, and perhaps even to
report completing them. We did not check whether
non-homeowners picked items that would require
structural changes, which would be interesting to look
at for future research. Actual energy usage data might
have been more informative than the self-reporting in
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our system, though this would require a much longer-
term study and might be experienced as impeding on
privacy. Additionally, one of the appeals of a Rasch-
based system, is precisely that one does not need to
provide energy usage data to receive recommenda-
tions. Additional research that involves mostly home-
owners or where certain items are filtered out for non-
homeowners, might provide additional insights and
could show clearer differences between conditions.
Furthermore, the list of measures had a large range
of savings, from 0 to 8000 kWh. Although we did
observe substantial differences in means between
groups, these were not significant. This might, to a
certain extent, also have been caused by large stand-
ard variations in our data. A larger sample size could
indicate whether this larger variation is systematic.
Making the saving aid publicly available to a broad
audience, might make it easier to test certain system
manipulations on a larger sample, and give further
insight into possible effects. System manipulations
would then be done by means of A/B testing, for
example (presenting one set of users with one ver-
sion, and another set of users with another). Partici-
pants furthermore had seemingly high levels of envi-
ronmental concern, which might have influenced our
results; 91% of participants agreed (to some extent) to
the NEP scale proposition that ’Humans are severely
abusing the environment’. Thus, the observed range
of NEP scores was perhaps too small to show large
effects between groups. We observed an average NEP
score of 0.84 with an SD of 0.55 (on a scale of —2 to
2, which would be 3.55 on a scale of 1-5). For com-
parison, a previous study in 2023 across Germany
and Poland reported a mean of 0.695 (or 3.695 on a
scale of 1-5), with a standard deviation of 0.542, with
a somewhat older sample (Bohdanowicz et al., 2023).
This is somewhat comparable to what we observed.
Still, involving a wider range of users might lead to
different results. The same goes for involving users
from different countries: the results we found here
are based on a Dutch sample, and the recommenda-
tions were also based on earlier research within the
Dutch population. Such a system might show dif-
ferent results in different environmental and socio-
economic conditions. For future research, it might
also be valuable to look at user satisfaction after an
extended period of recommender system use and
measure implementation. Similarly, it would be inter-
esting to compare self-efficacy before and after using

the system, as self-efficacy variation likely exists in
the sample already and might influence choices and
behaviour up-front. In the current study, we assume
that our system influences self-efficacy, but the level
of self-efficacy prior to the study might also influence
system usage and choice outcomes. Lastly, it might
give additional insights to research a similar system
that not only involves behaviours and investments
within the living arrangements, but also those outside,
e.g., green travel choices and purchasing behaviours.

In a broader technological context, recommender
systems can be part of a smart home environment.
Feedback on one’s current energy use could be an
important additional behavioural determinant of
energy conservation (Fischer, 2008), particularly
when it is instructive about which appliances to turn
off (Fensel et al., 2014; Geelen et al., 2019).

Conclusions and implications

Our system helped users save a non-trivial amount of
energy after just 4 weeks, and users were quite posi-
tive about the system in general. Given this, we see
opportunities for the further usage and exploration of
the system. This can be in the household energy sav-
ing domain, for other (sustainable) behaviours such as
purchase behaviour, or energy usage in an industrial
context. Although we think the system itself remains
promising, the current study does not find sup-
port for the idea that goal setting would be effective
to increase savings or improve user experience in a
Rasch-based energy recommender system. However,
we also did not find evidence for detrimental effects,
which raises the question whether we would find dif-
ferent outcomes with an improved system design.
Given the large body of previous research on goal
setting, optimizing our goal levels, or providing users
with direct feedback in a more interactive system,
might lead to valuable additional insights. It should
be considered, however, that no goal might be better
than a goal not reached, in terms of system satisfac-
tion, and that personalized recommendations might
already provide sufficient support to the user to not
require explicit goal setting.

We did find several effects of signposting on user
experience. While the CO2 and EURO signposts
seemed to work equally well for everyone, the kWh
signpost seemed to work especially well for people
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lower on the NEP scale, in terms of improved energy-
saving self-efficacy, reduced choice difficulty, and
increased choice satisfaction. However, this was a
rather small effect, and besides, the group of people
for whom this would make a real difference (on the
lower end of the NEP scale) would be rather small
and possibly hard to reach. Therefore, we are unsure
if signposting would be a beneficial addition to the
current system.

We can state that, in general, participants evalu-
ated the system positively, and that they achieved pre-
dicted yearly savings (316 kWh) after just four weeks,
with a substantial number of measures that users
still planned on doing in the future. We believe that
these findings combined, give grounds for the further
exploration, improvement, and usage of this system.
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