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How can recommender interfaces help users to adopt new behaviors? In the behavioral change literature,
social norms and other nudges are studied to understand how people can be convinced to take action (e.g.,
towel re-use is boosted when stating that “75% of hotel guests” do so), but most of these nudges are not
personalized. In contrast, recommender systems know what to recommend in a personalized way, but not
much human-computer interaction (HCI) research has considered how personalized advice should be
presented to help users to change their current habits.

We examine the value of depicting normative messages (e.g., “75% of users do X”), based on actual user data,
in a personalized energy recommender interface called “Saving Aid.” In a study among 207 smart thermostat
owners, we compared three di erent normative explanations (“Global” “Similar,” and “Experienced” norm
rates) to a non-social baseline (“kWh savings”). Although none of the norms increased the total number of
chosen measures directly, we show that depicting high peer adoption rates alongside energy-saving measures
increased the likelihood that they would be chosen from a list of recommendations. In addition, we show that
depicting social norms positively a ects a user’s evaluation of a recommender interface.
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1 INTRODUCTION

Recommender interfaces seek to present content that ts user preferences [29]. In doing so, they
can explain why certain items are presented [10, 58], for example, by highlighting that other users
have also bought a certain product. While recommenders in leisure domains (e.g., movies) are
optimized to promote any item, some recommenders wish to promote speci ¢ items that support
behavioral change [20, 54], for example, in domains such as healthy eating and energy conservation
[23, 56, 59]. For obvious reasons, recommending something speci c is less likely to be successful
and, therefore, social explanations of recommendations are often used to “nudge” users (cf. [49, 57]),
triggering social comparison mechanisms that might help to convince users [21, 44]. For example,
highlighting that 65% of other users have bought a healthy product in an online supermarket,
might persuade a user to also do so.

Studies in psychology have analyzed how social norms can e ectively promote speci c, one-
size- ts-all environmental behaviors (e.g., [4, 13, 44]). A good example is the work of Goldstein
et al. [25], who persuaded tenants of hotel rooms to re-use their towel by highlighting that “75% of
others guests have done so,” instead of emphasizing the environmental bene ts of doing so. Such
descriptive social norms have yet to be tested for a larger set of energy-saving measures. In fact,
digital nudges are rarely used in personalized interactive systems [30], nor in recommender sys-
tems that support behavioral change [20, 53, 56]. Trying to convince users of energy-saving mea-
sures through social comparisons in energy recommender systems is challenging though, because
energy-saving measures that yield high kWh savings are quite “unpopular” [56]. For example, so-
lar PV has only been installed on top of 13% of Dutch households [19], and “13% of users have solar
PV installed” is not very convincing when presented as a normative message. For such messages to
work, one needs at least a majority percentage to convince others. Our aim is to analyze whether
we can use social comparisons to create a majority norm that can promote “unpopular but useful”
energy-saving measures [25, 44].

A nudging message that uses a majority norm can be created even for unpopular energy-saving
measures, by highlighting the behavior of a speci ¢ group of peer users. For example, the adoption
rate of Solar PV among more experienced users is much higher than the average rate of 13% [19,
56], and possibly exceeds 50% among users with a strong energy-saving attitude [56]. This would
allow for a convincing, yet truthful majority norm message: “55% of experienced users (like you)
have solar PV installed.” Adoption rates for di erent kinds of users can be obtained by using the
psychometric Rasch model [33], which has been used in work on energy recommender systems [54,
56]. Rasch di erentiates between users in terms of their attitudinal strength and between energy-
saving measures in terms of their frequency of use, so that both “users like you” and “energy-
saving measures similar to this one” have actual meaning. That is, we use the Rasch model to
deliver personalized recommendations that use majority norm nudges to convince users to take
more energy-saving measures. In addition, depicting high norms scores might persuade users to
select speci ¢ measures, including relatively unpopular (i.e., low frequency of use), which tend to
be energy-e cient (i.e., high kWh savings), as well as to select those that are perceived ase ortful
(cf. [46, 53]).

1.1 Objectives

This is the point of departure for this article. We blend social norms and recommender systems to
help users attain their energy-saving goals, designing social explanations to signal a majority norm
in a personalized advice context. We present an energy recommender interface named “Saving
Aid,” which generates a list of household energy-saving measures that is tailored toward a user’s
energy-saving attitude through the psychometric Rasch model. In a between-subject web study, we
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then use the Rasch model to craft and depict speci ¢ normative message alongside energy-saving
measures that highlight either the adoption rate of all users (Global Norms: “60% of users do this”),
or that of peer users with speci c attitudinal strengths (Similar norms: “60% of users similar to you
do this”; Experienced norms: “60% of users who perform more measures than you do this”).

We posit the following research questions. We examine changes in choice behavior due to the de-
piction of social norms, as well as explore whether other commonly used energy-saving attributes
play a role (e.g., kWh savings, perceived e ort). We di erentiate between “overall” changes in
choice behavior (i.e., total number of chosen energy-saving measures, kWh savings, and the di -
culty of chosen measures), changes in what measure is chosen from a recommendation list due to
presented content (i.e., whether users choose di erent energy-saving measures due to presented
norm scores, while controlling for other measure attributes, such as perceived e ort), and changes
in how users evaluate a recommender interface (e.g., changes in user satisfaction):

* RQ1: Do social norms increase the number of chosen energy-saving measures or kWhs
saved, and does this di er across di erent norms and di erent energy-saving attitudes?

e RQ2: Do social norms and other measure attributes a ect which energy-saving measures
are chosen from within a recommendation list?

* RQ3: To what extent do social norms a ect a user’s evaluation of an energy recommender
interface?

2 LITERATURE REVIEW

This review focuses on work in environmental psychology and nudging that involve descriptive,
social norms. We discuss the mechanisms of descriptive norms in psychological literature, contex-
tualize them in the human-computer interaction (HCI) domain, and formulate expectations for
our web study. In doing so, we explain how the psychometric Rasch model is used to personalize
energy-saving advice, as well as to craft e ective social norms for our user study.

2.1 Nudges in a Personalized Context

Changes in a decision environment (i.e., “choice architecture”) that lead to predictable behavior are
“nudges” [57]. Notable examples include highlighting a default choice or using normative messages
(e.g., “most users do X”) [25, 31]. The use of nudges and persuasive messages is rather uncommon
in personalized interactive systems. For example, while recommender systems typically provide
decision support by optimizing what to recommend [29, 40], nudges focus on how such content
should be presented. This way, nudges can shift user preferences, which is also illustrated by stud-
ies on explanations in recommender interfaces [12, 58]. For example, if a recommender explains
that a user’s peers have chosen speci ¢ items, this might steer a user’s preferences toward these
items, even if they have a worse t according to the recommender system [12].

2.2 Descriptive Norms in Energy Conservation

To date, recommender systems and most HCI studies have examined conservation decisions [36, 54,
59], but only in a social vacuum [1, 44]. While a few studies have applied social eco-feedback [24,
45], in which users are compared to their peers (e.g., your neighbors consume 3,000 kWh annually
[1, 4]), its e ects on a user’s behavior are often limited [6]. The majority of HCI studies have yet
to adopt the theoretical and empirical evidence from environmental psychology that explaining
behaviors in terms of relevant peer groups and descriptive norms can a ect one’s energy-saving
behavior and decision-making [25, 27, 44, 51].

A convincing message thata ects preferences is one that highlights a majority norm [14]. Show-
ing that a rather large proportion of peers performs a certain behavior [13, 27, 38], can trigger or
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promote socially desirable behavior [12, 63]. Two mechanisms underlie this e ect: compliance
(i.e., the propensity to act consistently with presented norms) and conformity (i.e., adapting one’s
behavior to match an apparent majority) [14]. Compliance refers to one responding to a direct
request to act consistently with presented norms [14], while conformity describes how a behavior
is adapted to meet that of an apparent majority. Both compliance and conformity can ful 1l one’s
need for accuracy or appropriateness in behavior or decision-making, for it can alleviate uncer-
tainty surrounding a certain behavior [13]. For instance, individuals may want to gain the approval
of others when it comes to pro-social behaviors, such as engaging in recycling if many others do so
too [47].

For the design of the current study, we highlight work from Goldstein et al. [25] on the use of
social norms to promote environmental behavior. They show that hotel guests are more inclined
to re-use their towels when asked to do so using descriptive norms (“join your fellow guests in
helping to save the environment”), compared to a general environmental message (‘help to save
the environment’). Such normative messages highlight a community aspect (“75% of guests par-
ticipated”), and are more convincing if they include context-rich or “local” aspects [13, 25]. For
instance, they show that referring to “75% of hotel guests,” rather than “75% of citizens” is more
e ective, for it highlights an uncommon characteristic with the decision-maker [22, 25, 28].

Instead of only boosting a speci ¢ behavior, descriptive norms can also be used to promote a
wider range of sustainable behaviors [41]. For example, customers of web shops purchase more
healthy and energy-saving products, if the products are explained using social norms instead of
their environmental impact [3, 15]. We expect that this also applies to personalized advice in a
recommender interface, when depicting normative messages alongside energy-saving measures.

2.3 Rasch Model

There isarguably a large range of norm percentages (probably anything below 50%), which will not
trigger conformity [12—14]. Although it is hard to promote “unpopular” measures such as “Install
Solar PV” [54], they typically yield relatively high kwh savings [53]. It might therefore pay o to
somehow promote such measures, by making them stand out in the larger set of personalized user
recommendations.

The dimensionality of energy conservation illustrates the large variety in adoption rates across
measures [11, 33]. Energy-saving measures can be mapped on a one-dimensional scale using the
psychometric Rasch model, based on how often these measures are performed [60]. In the context
of attitude theory “Campbell’s Paradigm” [33],® this frequency of use or adoption rate is opera-
tionalized as behavioral costs, which is de ned to represent the execution di  culty of a measure,
comprising di erent types of costs, such as money, time, and cognition [61]. This approach postu-
lates that measures with smaller adoption rates face higher behavioral costs. For example, a study
that tted a Rasch scale of 79 energy-saving measures, shows that 92% of respondents lower the
thermostat when leaving the house for a longer period [56], which has a relatively low behavioral
cost level, while only 7% of respondents uses an energy-e  cient heat pump, which has high behav-
ioral costs. Moreover, while it is easy to make verbal statements about the importance of saving
energy (i.e., low behavioral costs), engaging in actual behavior is much harder and arguably more
representative for mapping a user’s preferences in a recommender user model [53].

1The Rasch model is used in this study as amathematical formalization of Campbell’s Paradigm [33]. Other attitude theories
tend to su er from attitude-behavior gaps [16], for one’s evaluative attitude might be at odds with one’s actual behavior.
For example, one can agree that environmental action is important (i.e., holding a favorable environmental attitude), but
might not actually engage in any environmental behavior. Rasch accounts for this uncertainty by describing a stochastic
relation between attitude and behavior, instead of a deterministic relation.
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The characteristics of the Rasch model can be used to craft convincing social norms. An HCI
study on energy recommender systems by Starke et al. [54] shows how to form a latent factor
model, by asking a group of persons whether they perform a set of energy-saving measures, or
not [33, 60]. Besides ordering measures on their adoption rate this way, users are also ordered with
respect to how many measures they perform, which is operationalized as a person’s energy-saving
attitude [33]. Hence, users with stronger attitudes are assumed to perform more measures.

The adoption rates of measures are what we label as “Global” norms. These are statements
about the general population that can be presented alongside energy-saving recommendations,
analogous to the norms used by Goldstein et al. [25]. For example, “55% of other users have installed
weather strips on doors” [53]. As discussed in the introduction, we expect normative messages such
as “75% of participants use X” to signal that the majority of a population has already adopted a
certain energy-saving measure, and are therefore expected to be more persuasive than minority
norms, such as “30% of users do X”

2.4 Cra ing Personalized Social Norms

Using the Rasch model, we can craft personalized norms that go beyond “Global” percentages.
Instead of highlighting the frequency of use among all users, the behavior of speci ¢ groups can
be highlighted. This is achieved through the Rasch model, for the probability that a measure is
performed by a speci c user is person-dependent. This is shown in Equation (1): the probability p
that a measure i is performed depends on a measure’s behavioral costs , as well as the attitudinal
strength of an individual n, where and are expressed in logistic scale units (logits) [33, 60]:
Probabilit of nperformin i=1In _Pni n= i (1)
1—pni
For any energy-saving measure, Rasch predicts the same adoption probability for all users with a
speci c attitudinal strength [34], along with increasing probabilities for users with stronger atti-
tudes. Among the larger population, we consider this probability to be an adoption rate that can
be communicated to a user, such as “60% of users with attitude X do this” Hence, we can craft
personalized normative messages based on peer users with either similar or stronger attitudes.
Not only could higher norm scores across an entire recommendation list persuade users to choose
more energy-saving measures, it could also help to make “unpopular” measures, which have a rel-
atively low “Global” adoption rate and high behavioral costs, more appealing. This could, in turn,
persuade users to choose measures that have relatively high kwWh savings (e.g., Solar PV, which
has a low adoption rate), or to choose measures that are subject to other unattractive attributes,
such as perceived e ort [46, 52].

How can peer users with “similar or stronger attitudes” be translated to a convincing normative
message? Literature on advice-taking highlights relevant “advice sources” that can be used for
this purpose. Mentioning a speci ¢ peer group is shown toa ect choice and advice acceptance [8],
suggesting two important advice source characteristics for our work. First, similarity in relevant
attitudes can increase the extent to which advice is considered or liked [8, 50]. The Rasch scale
allows the design of “Similar” norms alongside recommendations, which can show higher adoption
rates than global norms, especially for users with stronger attitudes. For example, users with a
strong attitude might be presented as the “Global” norm “20% of users have installed radiator
re ectors” [54], while the “Similar” norm would be “60% of users like you have installed radiator
re ectors”

A second characteristic is a peer user’s perceived expertise [8, 32]. Expert advice is less likely
to be ignored than suggestions from novices [7, 8, 32]. In this study, we assume peers to possess
such higher expertise if they perform more measures (“Experienced” norms), thus having stronger
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Table 1. Recommendation Scenario to lllustrate what Norm Percentages are Presented for Each Norm,
and How this Depends on the User’s A itudinal Strength

Presented Norm Percentages (for attitude-tailored advice: = )
Global Norms Similar Norms Experienced Norms
(= User ) (=User +1)
Userl: ;=-1 72% 50% 75%
User2: ,=+1 30% 50% 75%
We imagine that there are two users: User 1 has a relatively weak energy-saving attitude, and User 2 has a relatively
strong attitude. If each user is presented a measure that is tailored toward their attitude ( = ), then these are the

presented norm percentage for each norm condition.

attitudes and higher adoption rates. For example, where “Similar” norms would report “55% of
users like you do X, “Experienced” norms at an attitude that is +1 logit stronger than the user
report an adoption rate of 78%.

Combining di erent advice sources and adoption rates, we craft three di erent normative mes-
sages:

e Global norms: “X% of users perform this measure.”

e Similar norms: “Y% of users who perform similar measures as you, perform this measure.”

e Experienced norms: “Z% of users who perform more measures than you, perform this mea-
sure”

2.5 Global vs. Person-Dependent Norm Scores

The percentages for our normative messages are determined using the Rasch model. To show how
they depend on a user’s energy-saving attitude, we present a recommendation scenario in Table 1.
Suppose there are two users and that User 1 has an attitude ; = —1, which is weaker than User
2 ( o = +1), and that they are each presented a measure with behavioral costs equal to their
attitude (in line with [56]). As a result, User 1 is shown a measure with lower behavioral costs
than User 2.

Table 1 shows that “Global” norm percentages depend on the user’s attitude. User 1 has a rela-
tively weak attitude and is therefore presented a “popular” measure with a high “Global” adoption
rate (i.e., 70%). User 2 has a stronger attitude and, therefore, her attitude-tailored measure has a
lower “Global” adoption rate of 30%, which is not very convincing. In contrast, the adoption rates
of the personalized “Similar” or “Experienced” norms do not depend on the “Global” adoption rate,
but the user’s attitudinal strength and the measure’s behavioral costs. Therefore, they are identical
for both users (50% and 75%, respectively), and thus lead to a more convincing norm for User 2,
compared to “Global” norms.

Table 1 shows what normative messages are most likely to be the most e ective for what types
of users. Based on the adoption rates, we expect users with stronger attitudes (i.e., User 2) to choose
more measures when facing “Similar” norms, while users with weaker attitudes (i.e., User 1) do so
for “Global” norms. It is possible that the higher degree of similarity signaled by a “Similar” norm
message could overcome di erences in norm percentages with “Global” norms [25]. Nonetheless,
another study by Yaniv et al. [62] argues that inexperienced users (i.e., with a weak attitude) are
more likely to rely on majority advice (i.e., a “Global norm %”) than similar advice, while experi-
enced individuals (i.e., with a strong attitude) rely on similar peers.

Table 1 also suggests the additional bene t of higher adoption rates for “Experienced” norms,
compared to “Similar” Although the persuasiveness of expertise (i.e., “others who perform more
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measures than you”) may be mitigated because of the reduced similarity, we expect that the higher
adoption rates for Experienced norms (75%) across an entire recommendation list will be more
persuasive than similar norms (50%). This could particularly apply to the adoption of measures
that face high levels of behavioral costs or perceived e ort [62].

2.6 Perception of Descriptive Norms

Besides evaluating behavior, it is also useful to understand how users perceive such a descriptive
norm. Studies in environmental psychology teach us that how an individual evaluates environ-
mental aspects can determine behavioral outcomes [2, 18]. For instance, social proof of others
performing a particular behavior might lower the thresholds toward performing it [21].

Previous recommender studies have similarly highlighted the importance of perceptions in ex-
plaining the user experience [37], for they allow us to understand why a change in a particular
system aspect increases the user experience. For example, Starke et al. [54] show that tailored rec-
ommendation lists with low levels of behavioral costs ( ) are more likely to be perceived as feasible
and, in turn, show stronger perceived support, higher levels of user satisfaction, and more energy-
e cient choices [54]. Likewise, we expect descriptive norms to lower the behavioral thresholds
to choose and, eventually, adopt energy-saving measures, which is assessed through perceived
feasibility, perceived support, and subsequent user satisfaction.

2.7 Research Expectations

Based on the discussed literature, we summarize the expectations for our user study per research
question. First, we examine whether social norms a ect the total number of chosen measures and
kWhs saved, across users with di erent energy-saving attitudes (RQ1). In line with [25], we test
three di erentinterfaces that depict normative messages (i.e., “Global,” “Similar,” and “Experienced”
norms) alongside energy-saving measures in a recommender system, and compare their e ective-
ness to a non-social baseline (i.e., kWh Saving Score). We formulate the following expectations:

e Social norms increase the number of energy-saving measures chosen by users, across all
attitudinal strengths.

— Users with a weak energy-saving attitude choose more measures if a “Global” norm is
depicted instead of a “Similar” norm, and vice versa for users with a strong energy-saving
attitude.

— Users choose more measures if they are explained with “Experienced” norms rather than
“Similar” norms.

= Social norms increase the amount of kWh savings per chosen measure, as well as the average
behavioral level, particularly for users with strong energy-saving attitudes.

Second, we investigate whether social norms and other measure attributes a ect which energy-
saving measures are chosen from within a recommendation list (RQ2). Based on the reviewed
literature and the recommendation scenario in Table 1, we expect the following outcomes:

e The presented norm percentage increases the likelihood that a measure is chosen from a
recommendation list.

= Measures with high levels of perceived e ortare more likely to be chosen when accompanied
by high norm percentages, such as majority norms.

Finally, we examine whether social norms a ect a user’s evaluation of our recommender in-
terface (RQ3). Based on previous energy recommender research, we expect users to perceive and
evaluate recommender interfaces that depict social norms more favorably, compared to those that
emphasize the environmental impact.
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Behavioral Costs (Rounded in Logits)

Fig. 1. kWh savings across the Rasch construct, averaged per behavioral cost level.

3 METHOD

We investigated to what extent descriptive norms boosted the adoption of a heterogeneous set
of tailored energy-saving measures. We rst collected data in a pre-study to validate our one-
dimensional construct, used to personalize both advice and norms. Thereafter, we designed our
energy recommender interface called “*Saving Aid” and performed an online user study on our
normative intervention.

3.1 Pre-Study: Se ing up a Rasch Scale for Personalized Norms

To generate recommendations based on the Rasch model, we designed a survey that was part of
di erent study [53]. Participants were asked to disclose their current energy-saving behavior, in-
dicating for 13 to 25 randomly sampled energy-saving measures (out of a database of 134) whether
they performed them or not (“yes” or “no”).

We used dichotomous responses from 555 participants (50.6% male) with a mean age of 43.4
years (SD = 19.7) to t a one-dimensional measurement scale of 134 energy-saving measures. A
tabulation of the scale is reported in Appendix A, in Table 5. Each measure was assigned a distinct
behavioral cost level, which formalized how likely a user would be to perform a particular measure
[33]. In terms of adoption rates, the scale ranged from 94% to 1%.

Furthermore, Table 5 also shows how the estimated kWh savings of each measure are distributed
across the scale. Although higher kWh savings seemed to be more prevalent “higher up the scale”
(i.e., for higher behavioral cost levels), it was possible to perform measures with moderately high
kWh savings across the entire scale. This is also depicted in Figure 1, which shows a small increase
in the average kWh savings for higher behavioral cost levels.

3.1.1 FitStatistics. Table 5 also describes the scale’s in t statistics (for mathematical details, see
[9]). Overall, the scale’s item parameters were determined reliably ( = 0.95,M = 0.05,SD = 1.57),
as all measures tted the construct by meeting the prescribed “in t” criteria [9]. Due to an item
separation of 4.51, we could reliably discern four to ve strata of behavioral costs.

3.1.2 Perceived E ort. The same pre-study also collected data on how e ortful participants
perceived measures to be [53]. Although a measure’s perceived e ort decreased the likelihood
that a measure was chosen in previous studies [46], we expected that depicting high norm scores
might help to increase that likelihood. A sub-sample of the participants (N = 304) was presented
in a 4-point scale alongside each measure, on which they could indicate whether executing a

ACM Transactions on Interactive Intelligent Systems, Vol. 11, No. 3-4, Article 30. Publication date: August 2021.



Promoting Energy-E icient Behavior by Depicting Social Norms 30:9

Dear Sir / Madam [Last Name],

How do you deal with energy conservation? Eneco and [Dutch University]
would like to learn about your current energy-saving habits and to lend
you a hand. That’s why we present the Saving Aid. Based on your current
energy-saving behavior, we can send you a personalized list of follow-up
measures - to save even more energy!

Start your Saving Aid

Fig. 2. Excerpt from the email template sent to customers of Dutch energy supplier Eneco who owned a
smart thermostat.

measure would require either “very little e ort” “little e ort “fairly some e ort,” or “a lot of
e ort” The mean response per measure (304 users, rating 25 measures each) is listed in the
Appendix, Table 5. We observed a moderate to strong correlation between a measure’s perceived
e ortand its behavioral costs: r (134) = 0.59, p < 0.001.

3.2 *“Saving Aid” Recommender Study

Following our pre-study, we set up an online user study in collaboration with a Dutch energy
supplier (i.e., Eneco). We compared four di erent recommender interfaces, of which three depicted
social norms alongside energy-saving advice and one the kWh savings values.

3.2.1 Participants. Members of a consumer panel at Eneco were invited to use our “Saving
Aid” recommender system to nd and select appropriate energy-saving measures to take in the
households. Panel members, which were all smart thermostat owners, were sent a formal email
invitation, of which an English translation is depicted in Figure 2. This panel was considered a
good target group for our study, as they were able to improve energy e ciency in one’s household
beyond simple behavioral curtailment, as they were predominantly homeowners.

In total, 217 participants used our “Saving Aid” and lled out the evaluation questionnaire. How-
ever, we excluded 10 participants for either completing the study in less than 3 minutes, indicating
to not trust the website, or showing no variation in the evaluation questionnaire. Eventually, we
considered a sample of 207 participants (M =53.5 years, SD = 14.0) that comprised predominantly
males (87%). Among our participants, only 26.6% owned the home they lived in, while the majority
lived in a town house (58.5%).

3.2.2  Procedure. To estimate each user’s attitude, we randomly sampled 13 energy-saving mea-
sures from across the behavioral costs scale. These were presented sequentially to users, who
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