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Abstract 

Sustainability initiatives, such as mass-media campaigns, websites, or apps, are conceived in order to 

persuade households in changing their energy-saving behavior. The reason why these initiatives often 

fail is because they are based on a ‘one-size-fits-all’ principle.  

 

The current research makes use of a recommender system which recommends energy-saving measures 

which are based on one’s ability. An ability is derived from one’s current energy-saving behavior 

employed by the Rasch model. In addition to regular recommender systems, dialogues are constructed 

for each measure to inform our users and to increase engagement with the chosen measures. 

Furthermore, the effects of mindsets are investigated on motivating and persuading users to choose 

and/or execute and implement more difficult energy-saving recommendations. 

 

The results indicate that offering recommendations has a strong effect on which measures are chosen. 

A rather limited effect was found for the use of a mindset. We were only able to reduce the tendency of 

relative easy measures being executed. Future work should continue to study the use of the Rasch 

model in persuading users to broaden their energy-saving behavior, and expanding the dialogue system 

which was used in our experiment. 

 

 

Key words: Recommender systems, decision making, energy-conservation, mindset, defaults 
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1. Introduction 

One of the biggest challenges of our time is our growing energy consumption and the accompanying 

increase of CO2 emissions (IEA, 2014). Households comprise a large share in the consumption of 

energy (Abrahamse, 2007). Sustainability initiatives, such as mass-media campaigns, websites, or apps, 

are produced in order to persuade households to change their energy-saving behavior. The reason why 

these initiatives often fail in persuading individuals is because they are based on a ‘one-size-fits-all’ 

principle (Midden, Kaiser, & McCalley, 2007). An example of such an initiative is a service recently 

conceived by a Dutch energy company in which each customer received the same energy-saving 

measures. The current research tries to investigate methods to go beyond this principle. This is done by 

offering energy-saving measures which are based on one’s energy-saving ‘ability’. This ability is 

derived from one’s current energy-saving behavior by employing the Rasch model. In addition, 

extended dialogues are constructed for each measure to inform our users and to get them engaged with 

the measure (by performing the actions suggested in the dialogue). This concept of explaining and 

illustrating energy-saving measures by means of a dialogue, is similar with the service of the Dutch 

energy company. The methods investigated here can be used by the Dutch energy company to 

personalize their energy-saving measures to the specific needs of their customers and to challenge them 

into extending their current energy-saving behavior with measures which are difficult compared to their 

energy-saving ability. 

 

An effective way of surpassing the ‘one-size-fits-all’ principle is by personalizing information so it 

becomes relevant for one’s situation (Midden et al., 2007). A method which has proven the usefulness 

of tailoring to user characteristics, and which is investigated in the present research, is energy 

recommender systems (Knijnenburg & Willemsen, 2009). Research done on energy recommender 

systems (Knijnenburg and Willemsen, 2009) found that the method of tailoring depended on the level 

of expertise of the user. In other research done by Knijnenburg, Reijmer, and Willemsen (2011), it was 

found that people that lack domain knowledge even prefer a list of the most popular items instead of 

tailored recommendations. Energy-saving recommendations given in the present research are based on 

a probabilistic attitude-behavior relation described by the Rasch-model (Kaiser, Byrka & Hartig, 2010; 

Starke, 2014). In previous research (Starke, 2014), this approach has been effectively used to tailor 

energy advise towards user abilities by analyzing which energy-saving measures a user already 

executes. It was found that people tend to evaluate measures with a difficulty below their energy-

saving ability as more appropriate rather than relative difficult measures (Schröter, Starke, &  

Willemsen, 2014; Starke, 2014), which is consistent with the probabilistic nature of the Rasch scale. 

We will recommend energy-saving measures with a difficulty above one’s ability, in order to challenge 

our users into extending their current energy-saving behavior with measures that increase their energy-

saving ability. Extending one’s energy-saving ability will be analyzed by the measures chosen by our 

participants, the execution of the chosen measures, how the measures are evaluated, and the intention 

to implement these measures for the long term. 
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Next to persuading people with personalized recommendations, a specific mindset can also influence 

choice behavior in a recommender system (Reijmer, 2011; Wormeester, 2014). In the current research, 

a distinction is made between an abstract mindset and a concrete mindset. With an abstract mindset, 

more consideration is given to the desirability of things. Whereas a concrete mindset results into more 

consideration with the feasibility of things (Liberman & Trope, 1998). A way of challenging our users 

into extending their current energy-saving behavior with measures which are slightly above their 

energy-saving ability, is by establishing an abstract mindset. In previous research (Reijmer, 2011; 

Wormeester, 2014) it was found that with an abstract mindset, people tend to choose measures which 

are more desirable and relative difficult to their ability.  

 

In this thesis we will investigate the use of the Rasch model to personalize energy-saving 

recommendations to people’s abilities. In addition, we will investigate the use of an abstract mindset to 

motivate people to choose and/or execute and implement more difficult energy-saving 

recommendations. This has led to the following main research question: 

 

RQ: How effective are personalized, Rasch-based  energy-saving recommendations in combination 

with a mindset manipulation in persuading users to choose, execute and implement energy-saving 

measures? 
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2. Literature Review 

2.1    The effectiveness of personalization 

An average household in the Netherlands produces approximately a total of 23 tons of CO2 in only one 

year. Of this amount, twenty percent is due to electricity and gas consumption (Milieu Centraal, 2015). 

With the consumption of energy, two different kinds can be distinguished, direct and indirect energy 

use. Direct energy is the most salient form of energy. Setting the thermostat, the use of electrical 

appliances, or driving a car are examples of direct energy. Indirect energy is a less self-evident form of 

energy because it is related to the production, distribution and removal of products and services 

(Abrahamse, 2007). People are usually not fully aware of the amount of energy (direct or indirect) they 

use. Mass-media campaigns therefore try to inform households on the amount of energy that is used 

and try to motivate them to save energy.  

 

When dealing with (mass-media) interventions aimed at encouraging energy conservation among 

households, there are certain factors which have to be taken into account. The effectiveness of an 

intervention can be split up in terms of changes in energy use, changes in energy-related behaviors and 

changes in behavioral antecedents (Abrahamse, 2007). Firstly, changes in energy use require a certain 

amount of deliberate thought and reflection on the actual energy that is saved. Secondly, changes in 

energy-related behaviors can be for example the adoption of certain energy-saving measures over 

others. Thirdly, changes in behavioral antecedents focusses on the possible increase in knowledge 

levels of the consumer due to the intervention (Abrahamse, 2007). This research will mainly focus on 

changes in energy-related behaviors. 

 

There are two types of energy-related behaviors with which households can decrease their energy 

consumption, namely efficiency and curtailment behaviors (Abrahamse, 2007). Efficiency behaviors 

are one-time only and usually require the purchase and implementation of energy-saving technologies 

or products (e.g. installing solar panels on your rooftop). Curtailment behaviors, however, involve 

changing your energy-saving behavior on a regular basis (e.g. turning of your computer whenever you 

are not using it). Gardner and Stern (2002) state that efficiency behaviors have greater energy-saving  

opportunity than curtailment behaviors. The potential pitfall of efficiency behaviors is the occurrence 

of rebound effects. These effects tend to offset the beneficial effects of the technological 

improvements. For example, when a hot-fill washing machine is subsequently used more often, 

because it is considered as sustainable. In the current research both efficiency and curtailment 

behaviors are addressed. 

 

Mass-media campaigns or interventions which focus on motivating households to save energy usually 

do not take any kind of tailoring towards the consumer into account. The reason why these initiatives 

often fail is because of their ‘one-size-fits-all’ principle (Costanzo, Archer, Aronson, & Pettigrew, 

1986; Midden et al., 2007). Due to this approach, the same efficiency and curtailment behaviors are 
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proposed to people who live in rental houses and people who live in acquired houses. By tailoring the 

energy-saving measures towards the specific needs of a household, you increase the likelihood of those 

measures being evaluated as relevant. This increases the likelihood of energy-saving measures being 

executed and implemented by households, and thus resulting into a more effective intervention 

(Abrahamse, 2007).  

 

A service which offers personalized energy-saving measures to their users, is pursued by a Dutch 

energy company. From previous customer research it was found that customers are in need of energy-

saving advice which is relevant for their situation. To accomplish this, customers receive information 

regarding certain energy-saving measures. Up till now, the same energy-saving measures were given to 

every customer, creating a one-size-fits-all principle. The current research investigates methods which 

aim at providing customers tailored energy-saving measures, in order to create a more effective 

intervention. Energy recommender systems have proven to be an effective method of tailoring to user 

characteristics (Knijnenburg & Willemsen, 2009). Therefore, for the purpose of this research, a 

recommender system approach was used in our experiment. 

2.2    Energy recommender systems 

One of the reasons for the emersion of recommender systems is the information overload problem. 

Recommender systems can be useful in dealing with this problem in the initial screening stage of the 

decision making process (Häubl & Trifts, 2000). A recommender system filters out the items that may 

be relevant for a user’s current situation (Kantor, Rokach, Ricci, & Shapira, 2010). Offering items is 

usually based on certain characteristics of the user which are relevant for the item in question. For 

example, when searching for CD’s, a user’s preference for certain music genres can generate 

recommendations of CD’s with the same genre. 

 

Recommending CD’s is not the only domain in which recommender systems are used. Companies such 

as Amazone, IMDb, Youtube, Yahoo, Tripadvisor, and Spotify all make use of recommender systems. 

Another famous example is Netflix, the online movie rental platform, which suggests certain movies or 

TV-shows to a user based on what that user has seen before and the ratings given in the system. A more 

recent domain in which recommender systems are used is energy-saving behavior. Knijnenburg and 

Willemsen, with other authors, have proven the effectiveness of energy-saving recommender systems. 

 

For example, Knijnenburg, Reijmer, and Willemsen (2011) found that different types of users (i.e. 

experts versus novices) prefer different interaction methods in which recommendations are given. They 

further conclude that the most effective interaction method for a recommender system depends on the 

characteristics of the user. Instead of using the domain knowledge regarding saving energy, as was 

done by Knijnenburg et al. (2011), the current research uses the actual behavior in the domain of 

interest as the main characteristic of our users. Earlier research which also recommended energy-saving 

measures based on one’s domain behavior, is done by Starke (2014). Starke (2014) made use of the 

Rasch model which describes the relation between user ability and item execution difficulty. The 
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mechanisms behind the Rasch model are further explained in the next section. In his experiment, Starke 

(2014) found that people tend to prefer energy-saving measures with a difficulty below their ability 

over ones that are more difficult. According to the Rasch model, these measures are relative easy.  

2.3    The Rasch model 

The absence of a direct relation between someone’s attitude and behavior for a specific object, is called 

the attitude-behavior gap (Byrka, 2009). A highly adopted explanation for this lack of a direct relation 

was proposed by Donald Campbell (1963). He stated that it is easier to say you have a high attitude 

towards an object rather than actually acting on it. So instead of asking people for their attitude, we 

could rather ask for previous or current behavior which was actually executed (Kaiser, Oerke, & 

Bogner, 2007). The downside of this approach is the uncertainty regarding the attitude behind the 

behavior that was executed. For example, seeing someone drive an electric car does not tell you if that 

person has a strong attitude towards saving the environment. It could easily be that financial incentives 

underlie the decision for driving an electric car. Fortunately, by looking at multiple activities relevant 

for a certain attitude object, instead of just one, we can infer if someone has a particular attitude (Kaiser 

et al., 2007).  

 

The same approach is obtained by the Rasch model (Rasch, 1961) and further investigated by Kaiser 

and colleagues (2010). The Rasch model describes the probability of engaging in a specific behavior as 

the arithmetic difference between the strength of a person’s attitude and the difficulty of the specific 

behavior in question (Kaiser et al., 2010). This can be especially useful for recommender systems, as 

they can measure user behaviors to determine a user’s ability level, and tailor energy-saving measures 

by looking at their difficulty levels (Starke, 2014). The next subsection describes the (mathematical) 

background of the Rasch model. 

2.3.1 Background of the Rasch model 

The Rasch model describes the relation between user ability and item execution difficulty. The link 

between a person’s attitude and his or her probability of engaging in a specific behavior can be 

mathematically depicted by the following formula (Byrka, 2009): 

 

ln(
𝑃𝑚𝑖

1−𝑃𝑚𝑖
) = 𝜃𝑚 − 𝛿𝑖   Equation 1 

 

The left-hand side of equation 1 depicts the natural logarithm of the probability’s ratio (log-odds) of 

engaging in certain behavior (Pmi), and not engaging (1 – Pmi). Where m stands for a certain person, 

and i stands for a specific item. The right-hand side shows the arithmetic difference (𝜃𝑚 − 𝛿𝑖) between 

the attitude of person m (𝜃𝑚) and the difficulty (𝛿𝑖) of a particular type of behavior. 

 

In order to establish a Rasch scale for a population you need to perform a dichotomous analysis. For a 

set of homogeneous behaviors you need to know if people perform these behaviors or not. Due to the 
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logarithmic relationship between the probability ratio and the difference between ability and difficulty, 

people and items are also distributed in a logarithmic way (Kaiser et al., 2010). Figure 2.1 shows an 

example of a Rasch scale. The curve steepens at both ends of the curve, indicating a larger discrepancy 

in item difficulty between successive items there (Starke, 2014). The particular shape of the Rasch 

scale is due to the ascending order in difficulty of the items. 

 

Figure 2.1: An example of a Rasch scale (adopted from Starke, 2014). 

 
Figure 2.2 shows the difference between item difficulty and person ability, plotted against the 

behavioral execution probability. From this figure we can see, for instance, that the higher a person’s 

attitude is relative to the difficulty of a behavior, the higher the probability for that person to execute 

and implement that particular behavior (Byrka, 2009). Furthermore, when a person’s attitude is equal to 

the difficulty of a particular behavior, there is a fifty-fifty chance that behavior is being performed. If 

the difference between the ability of a person and the difficulty of an item amounts 1 logit, then the 

odds shift towards 73,1%. When the difference becomes 2 logit, the probability further increases to 

88%. The increase in probability steepens towards a probability of 1.  
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Figure 2.2: The difference between item difficulty and person ability is plotted against the behavioral 

execution probability (Starke, 2014). 

 

2.3.2 Implementing the Rasch model into a recommender system 

So far we have learned that we can assign difficulties to certain behaviors and also rank people 

according to their ability. With this information it is possible to recommend behaviors that are tailored 

to a person’s ability. In previous research done by Schröter et al. (2014), the ability-difficulty 

relationship was investigated, by implementing the Rasch model into an energy-saving recommender 

system and measuring user’s choice and system satisfaction. One of their findings was that most 

average- and high-skilled users chose measures with a difficulty below their own ability. This infers 

that people rather go for the more easy option than challenging themselves into choosing for more 

difficult items. Similar results were found by Starke (2014). In his research he investigated the 

effectiveness of tailoring energy-saving advice to someone’s ability based on the Rasch model. In 

addition, the effects of social comparison in energy decision-making were examined by investigating 

the effects of peer abilities and social closeness on a measure’s perceived appropriateness. Similar to 

Schröter et al. (2014), Starke (2014) found that users prefer energy-saving measures with a difficulty 

below their ability, while the influence of social endorsements was negligible. 

 

Given that people tend to choose for energy-saving measures which are below their ability, we want to 

explore how we can challenge our users into choosing measures which are above their ability. With the 

Rasch scale, we know the abilities of our users and which measures are (probably) above their ability. 

By recommending those measures which are slightly above one’s ability, we try to persuade our users 

into extending their scope with regard to saving energy. First of all, they can do this by choosing 

measures which are above their ability. After choosing the measures, we try to explain and illustrate the 

benefits of the measure by constructing dialogues. Within a dialogue, information is given and actions 

are included to educate people and to give them a practical understanding of the measure. This will 

generate useful insights and will also be persuasive enough for the measure being implemented for the 

long term. The reasons why recommendations can work, is explained in the next section.  



16 
 

2.4    Recommendations and defaults 

When a software installation package recommends that you click on “Next” for a quick installation, it 

is choosing the default option for you. Well-designed defaults benefit both company and consumer by 

simplifying decision making, enhancing customer satisfaction, reducing risk, and driving profitable 

purchases (Goldstein, Johnson, Herrmann, & Heitmann, 2008). Defaults have proven to be very 

powerful, even when it comes to life or death. A frequently found example is organ donation. With 

organ donation there are often two types of systems for enrollment, either an opt-in system or an opt-

out system. With an opt-in system, the default option is to not automatically enroll new individuals. 

While with an opt-out system, every new individual is enrolled by default unless action is undertaken 

to stop it (Smith, Goldstein, & Johnson, 2009). Johnson and Goldstein (2003) found that opt-out 

systems for organ donation led to a much larger amount of people who volunteer for organ donation 

rather than for opt-in systems. Similar effects of defaults are found in other domains. For example, with 

the enrollment in retirement plans (Beshears, Choi, Laibson, & Madrian, 2009), insurance policies 

(Johnson, Hershey, Meszaros, & Kunreuther, 1993), and saving energy (Loock, Staake, & Thiesse, 

2013). 

 

There are three causes why defaults work (Smith et al., 2009): implied endorsement, cognitive biases, 

and effort. Firstly, implied endorsement occurs when people interpret the default option as the 

recommended course of action set out by policymakers. In light of the current research, the Dutch 

energy company can be seen as a policymaker by our participants because they are their customer. 

Therefore, participants might think, regardless if they are right or not, that an energy company should 

know how you can save energy. Thus, if a default option is given by an energy company, people might 

interpret this as the recommended course of action. Secondly, when people want to go for another 

choice alternative, they need to give up the default option that was given to them. Choosing another 

alternative might be perceived as losing the default option. The feeling of losing outweighs the 

prospect of possible benefits of another option (Tversky & Kahneman, 1991). Due to this effect, the 

default option is usually preferred and accepted. Third and finally, choosing another option or changing 

your current option, takes more effort than accepting the default option. This could incline people to be 

‘lazy’ to stick with the default option. The chance of this effect being present in our experiment is 

minimal, as will be made clear later on. 

  

The default option can be given to each user but can also be tailored to user characteristics. Offering a 

default in such a way is called a smart default. A smart default incorporates characteristics of the user, 

in order to tailor to someone’s expected needs (Smith et al., 2009). This is very similar to giving 

recommendations. Recommendations are offered based on user characteristics which are relevant for 

the item in question (Kantor et al., 2010). For the purpose of the current research, we will refer to 

energy-saving recommendations instead of smart defaults.  

 

According to the Rasch scale, we know that in order to challenge our users we need to offer them 

energy-saving measures which are slightly above their ability. Because people normally tend to choose 
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measures which are relative easy in comparison with their ability, we need a more effective method in 

order to persuade our users. One of these methods has been discussed here, namely recommending 

energy-saving measures based on user characteristics. The characteristic used in our experiment is 

one’s ability for saving energy. Based on this ability we are going to recommend energy-saving 

measures which are either slightly above one’s ability or below, presenting them as default actions to 

take. These types of recommendations are compared by, among other things, looking at which are 

chosen, executed, and implemented. In order to remain transparent in the choice alternatives a user has, 

besides the default option, all energy-saving measures available are displayed. 

 

Other than defaults, you can use a mindset manipulation to motivate people into extending their current 

energy-saving behavior with measures which are relative difficult. This method and its underlying 

theory is discussed in the next section. 

2.5    The role of mindsets in energy-saving behavior 

Some energy-saving measures can demand a lot of effort to implement and take some time before their 

benefits have become salient. There are also measures which can be implemented immediately with a 

little amount of effort. Different mindsets are present when dealing with these two types of measures. 

Construal level theory (CLT) elaborates on this with the idea that we form abstract mental construals 

when thinking of objects which show their results over time (Trope & Liberman, 2010). On the other 

hand, concrete mental construals are formed when thinking of objects which show results almost 

immediately. Characteristics of abstract mental construals are high-level, central features, and 

superordinate. Concrete mental construals are characterized by low-level, unique features, and 

subordinate. Furthermore, abstract mental construals are represented by how desirable (why do you 

want it?) a certain object is, whereas concrete mental construals are represented by how feasible (how 

can you do it?) an object is (Liberman & Trope, 1998).  

 

These different types of mental construals, or mindsets, are also found in energy-saving behavior. For 

example, when you are in need of a new refrigerator, you might only think about the costs involved or 

the knowledge required to purchase the right one. This particular mindset focusses on the feasibility 

side, while future advantages of a new, more energy-efficient (the desirability side) refrigerator are less 

perceived. It is often the case that people only have one mindset, either an abstract mindset which 

focusses on the desirability of things, or a concrete mindset which focusses on the feasibility of things 

(Trope & Liberman, 2010).  

 

Previous research (Reijmer, 2011; Wormeester, 2014) has shown the effects of an abstract or concrete 

mindset on choice behavior in a recommender system. With an abstract mindset, people tend to choose 

fewer measures but do select those that save a lot of energy and are desirable. For example, installing 

solar panels, purchasing a hot-fill washing machine, or insulating hot water pipes. While with a 

concrete mindset, people tend to choose more measures but that only save a little amount of energy and 

are mostly feasible (Reijmer, 2011; Wormeester, 2014). For example, using LED lighting, turning of 
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the PC or TV when absent, or taking shorter showers. These examples of energy-saving measures 

which are selected with either an abstract or a concrete mindset, were also investigated by Starke 

(2014). Compared to Starke’s Rasch scale, measures which were chosen with an abstract mindset in the 

research of Reijmer (2011) and Wormeester (2014) were found to be relative difficult. Whereas, 

measures which were chosen with a concrete mindset were found to be relative easy. The current 

research makes use of a mindset manipulation in order to establish either an abstract or concrete 

mindset, as was done in previous research (Reijmer, 2011; Wormeester, 2014).  

 

We now know that an abstract mindset emphasizes on the desirability of objects. Similar to this we 

know that relative difficult energy-saving recommendations have higher costs of being executed and 

implemented and are therefore more desirable than feasible. Due to their compatible characteristics, an 

abstract mindset could influence the chances of relative difficult recommendations being chosen, 

executed, and implemented in the long run. That is why both methods, recommendations and mindset 

manipulation, are used in the current research. 
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3. Research Questions and Hypotheses 

With the support of several researches discussed during the literature review, we have established a 

basis for the methods we are about to use in the current research. One of the reasons why these 

methods are being used is because of a service recently conceived by a Dutch energy company. Up till 

now, this service offered the same energy-saving measures to each customer, based on a ‘one-size-fits-

all’ principle. The goal of this service is eventually tailoring to one’s needs and characteristics.  

Another reason is the emergence of the Rasch model in the energy domain, specifically related to 

energy-saving behavior (Starke, 2014). A brief explanation is given of the system in which we are 

about to investigate our methods. Furthermore, our (sub) research questions and hypotheses are 

formulated. 

 

In order to know for which energy-saving measures we need to construct a dialogue, the method 

investigated by Starke (2014) is validated by performing a pre-test among a customer sample of the 

Dutch energy company. This is a more representative sample than the one investigated by Starke 

(2014). By including measures from Starke (2014) and the service of the Dutch energy company in the 

pre-test, we can investigate whether the measures from the service are in fact relatively easy. With 

regard to the recommender system used in our research, we want to investigate whether our users 

prefer energy-saving measures which have a difficulty below their ability, as was found by Starke 

(2014). This is captured by investigating the following research question: Do users prefer energy-

saving measures with a difficulty which is below their ability? Based on the results found by Starke 

(2014) and because our aim is to replicate these results in a context with actual customers of an energy 

company for decisions that are more consequential: users need to choose measures, go through a 

dialogue and fill in an evaluation, we hypothesize that: 

 

H1: Users are more likely to choose, execute, and implement energy-saving measures that relative to 

their ability are the ‘easiest’. 

 

H2: Users are more likely to evaluate energy-saving measures as relevant and satisfactory that 

relative to their ability are the ‘easiest’. 

 

In our experiment, we want to investigate methods which aim at motivating people to extend their 

current energy-saving behavior and try to counteract the previously found effect of preferring relative 

easy measures (Schröter et al., 2014; Starke, 2014). One of these methods is recommending energy-

saving measures based on one’s energy-saving ability and presenting them as the default actions to 

take. This is done by confronting every participant with the same set of potential energy-saving 

measures and preselecting those measures which are either slightly above or below one’s energy-saving 

ability, employed by the Rasch model. The main effect of recommending measures is also important to 

investigate. Therefore there is a third condition in which no recommendations are given. When 

confronted with the complete set of energy-saving measures and possible recommendations, users are 

asked to choose the measures they want to receive a dialogue about. Users are free to deviate from the 
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recommendations given to them. By looking at which measures are chosen, the activity within a 

dialogue, and the evaluation of the dialogue and the measure, we try to investigate the effects of 

recommendations on all these elements. With regard to our hypotheses we will focus on the effects of  

our recommendations on which measures are chosen. For the other elements (activity and evaluation) 

we will not pose any hypotheses, instead exploratory analyses will be conducted. The corresponding 

research questions which will be investigated are: Are recommendations effective, when presented as 

the default action to take, in persuading users to choose preselected energy-saving measures? 

Are relative difficult energy-saving recommendations effective in persuading users to accept energy-

saving measures which are above their ability? Based on the effects underlying defaults and the 

findings of Starke (2014) in his research, we hypothesize that: 

 

H3: Users are more likely to choose energy-saving measures which are preselected as 

recommendations than measures which are not recommended. 

 

H4: Users are more likely to accept energy-saving recommendations that relative to their ability are 

the ‘easiest’. 

 

Our second method with which we aim at motivating people to extend their current energy-saving 

behavior, is a mindset manipulation. We try to establish an abstract mindset and a concrete mindset by 

asking our users respectively Why do you think it is important to save energy?, or How do you think 

you can save energy in a concrete manner? With an abstract mindset, people tend to choose fewer 

measures but do select those that save a lot of energy and are desirable. With this mindset we are more 

likely to motivate and challenge our users into extending their current energy-saving behavior with 

relative difficult measures, due to their similar characteristics. The research question we will 

investigate here is: How effective is an abstract mindset (compared to a concrete mindset) in 

persuading users to extend their current energy-saving behavior with relative difficult measures? 

Based on the characteristics of an abstract mindset we hypothesize that: 

 

H5: An abstract mindset will reduce the tendency to choose, execute, and implement energy-saving 

measures that relative to a user’s ability are the ‘easiest’, whereas a concrete mindset will not have 

this effect. 

 

H6: An abstract mindset will reduce the tendency of evaluating energy-saving measures as relevant 

and satisfactory that relative to a user’s ability are the ‘easiest’, whereas a concrete mindset will not 

have this effect. 
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4. Pre-Test 

The pre-test was done to provide insight into the energy-saving ability of our target groups. By 

gathering this we get a clearer picture of what kind of energy-saving measures we need to offer in order 

to extend the current energy-saving behavior of our users. 

4.1    Method 

4.1.1 Participants 

The participants consisted of customers of a Dutch energy company. These customers either owned a 

smart thermostat or they did not. The study consisted of an online survey containing 25 energy-saving 

measures. Participants had to indicate for each measure if they were performing them, or not, or if they 

did not apply to them. Participants were randomly selected through the client database of the company. 

A total of 459 participants completely filled in the online survey. Table 4.1 shows an overview of the 

demographics of the participants. From the client database of the Dutch energy company, information 

was obtained regarding the age and household of our participants. Within the survey, questions were 

asked about the type of housing and where their family composition consisted of. 

 

Table 4.1: Overview of participant demographics. 

Demographic Participants with a smart 

thermostat (N = 174) 

Participants without a smart 

thermostat (N = 285) 

Total  

(N = 459) 

Average age 45 years 57 years 53 years 

Average energy-

saving ability 

0.71 0.92 0.82 

Household Rental: 30% 

Purchased: 70% 

(z = 7.33; p = 0.000) 

Rental: 51% 

Purchased: 49% 

(z = 0.42; p = 0.675) 

Rental: 43% 

Purchased: 57% 

(z = 4.29; p = 0.000) 

Type of housing Terraced house: 53% 

Apartments: 12% 

Corner house: 12% 

Semi-detached house: 13% 

Detached house: 10% 

(z = 14.15; p = 0.000)* 

Terraced house: 33% 

Apartments: 41% 

Corner house: 14% 

Semi-detached house: 6% 

Detached house: 6% 

(z = 4.272; p = 0.000)* 

Terraced house: 41% 

Apartments: 30% 

Corner house: 13% 

Semi-detached house: 8% 

Detached house: 8% 

(z = 12.08; p = 0.000)* 

Family 

composition** 

Married/living together 

without children: 40%*** 

Single without children:18% 

Married/living together with 

children: 32%*** 

Single with children: 10% 

Married/living together without 

children: 52% 

Single without children:31% 

Married/living together with 

children: 13% 

Single with children: 4% 

Married/living together without 

children: 47% 

Single without children: 26% 

Married/living together with 

children: 21% 

Single with children: 6% 

* = the significant difference found here was related to the difference between apartments and other types of housing combined. 

** = significant differences were found between all different types of family compositions for both types of participants. 

*** = no significant difference was found between married/living together without children and married/living together with 

children for participants with a smart thermostat. 
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To test the significance of the differences between the proportions found for household, type of 

housing, and family composition, two-sample tests of proportions (prtest) were performed. The 

resulting significant differences found are given in Table 4.1. 

4.1.2 Materials and procedure 

After accepting the invitation for participating in the online survey, participants had to indicate for each 

energy-saving measure if they were performing them, or not, or if they were not applicable for them. 

The order of the measures was given randomly for each participant. The survey consisted of measures 

taken from research done by Starke (2014) and the service conceived by the Dutch energy company. 

By comparing the measures from the service of the Dutch energy company with similar measures 

analyzed with the Rasch scale obtained by Starke (2014), it was found that measures from the service 

of the Dutch energy company were relative easy. At the end of the survey, the participant was asked if 

we could contact him for another experiment with regard to saving energy. 

 

4.2    Results 
Using Winsteps software (Linacre, 2013), the Rasch analysis assigns difficulty levels to the energy-

saving measures used in the pre-test. A similar model was made for the participants and their abilities. 

Furthermore, the Rasch model provided a model validation indicated by the item separation and its 

reliability. Item separation exceeded the cut-off criteria of 1 (Green & Frantom, 2002) with a separation 

of 10.51, under a high reliability of α = 0.99. The person separation and its reliability matters for the 

validity of the item scale. Person separation exceeded the cut-off criteria with 1.04 and a reliability of α 

= 0.52. The mean square and standardized fit are other indicators with corresponding cut-off criteria 

which are useful for the validation of the model. These are discussed in more detail in the next section. 

4.2.1 Misfit analysis  

The Rasch analysis also performs a misfit analysis to indicate if certain energy-saving measures or 

participants need to be disregarded from further analysis. A measure or participant is disregarded when 

it meets certain cut-off criteria. There are two types of misfits, namely ‘underfit’ or ‘overfit’. An 

underfitted person occurs due to unusual user response patterns (Green & Frantom, 2002). This in 

return diminishes the quality of the measure scale (Bond & Fox, 2006). For example, when the answers 

given are inconsistent with the energy-saving ability or difficulty of the items. An overfitted person 

occurs if user responses fit too perfectly and therefore contain too little variation (Green & Frantom, 

2002). This in return can result into redundant measures (Bond & Fox, 2006). 

 

There are two attributes from which we can determine if a measure or person is a misfit, namely the 

mean square (MNSQ) and the standardized fit (ZSTD). The MNSQ is the chi-square statistic divided 

by its degree of freedom. The ZSTD is the statistical significance (probability) of the chi-square (mean 

square) statistics occurring by chance when the data fit the Rasch model. Both MNSQ and ZSTD, has 

two categories: ‘infit’ and ‘outfit’. Infit weighs the distance between the item difficulty and the position 
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of the person. Outfit is a non-weighted indicator (Green & Frantom, 2002). The cut-off criteria for 

these categories differ throughout the literature. Table 4.2 shows an overview of the criteria used in our 

pre-test. 

 

Table 4.2: Overview of cut-off criteria for misfit measures and participants. Table outline adopted 

from Bond & Fox (2006; p. 240). 

Type of misfit Misfit categories Linacre (2002) Green & 

Frantom (2002) 

Bond & Fox 

(2006) 

Underfit MNSQ > 2.0 (outfit) > 1.2 > 1.3 

ZSTD > 2.0 > 2.0 

Overfit MNSQ Not applicable < 1.0 < 0.75 

ZSTD Not applicable < 0.0 < 2.0 

 

The misfit data for the energy-saving measures contained no values outside of the cut-off criteria, as 

can be seen from Table 4.3. Therefore, no measures were omitted from the analysis. For our 

participants we did found some values which were outside of the cut-off criteria. Six participants were 

found to be ‘underfitted’ and one participant was found to be ‘overfitted’. Further investigation of their 

answers and reaction times did not suggest any misfit. Therefore, no participants were excluded from 

the analysis. 

4.2.2 Model validation 

Our present model consists of 25 energy-saving measures which range in difficulty from -2,78 to 5,18 

(M = 0.00; SD = 1.84). Table 4.3 gives the complete list of measures with their corresponding 

difficulty and misfit data where no distinction has been made between groups of participants. Figure 

4.1 displays the person-item map with all the participants distributed according to their ability together 

with all energy-saving measures and their corresponding difficulty. 
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Table 4.3: Energy-saving measures with corresponding difficulty and misfit. 

# English translation Dutch translation Difficulty Infit 

MNSQ 

Infit 

ZSTD 

Outfit 

MNSQ 

Outfit 

ZSTD 

1 Wash using a 'hot-fill' 

washing machine 

Hotfill wasmachine plaatsen 5.18 1.03 .2 1.72 1.3 

2 Install solar PV Zonnepanelen installeren 3.82 1.14 .7 1.95 2.6 

3 Apply heat reflection foil to 

radiators 

Radiatorfolie aanbrengen 2.60 .96 -.4 .93 -.5 

4 Isolate hot water pipes Warmwater-leidingen isoleren 1.47 1.03 .6 1.05 .8 

5 Turn off the coffee machine 

completely 

Koffiezetapparaat helemaal 

uitzetten 

1.25 .92 -2.0 .88 -2.3 

6 Isolated floors Vloerisolatie .89 1.08 1.9 1.09 1.6 

7 Isolate the cavity wall Spouwmuur isoleren .35 .99 -.3 .96 -.6 

8 Turn off the PC with a main 

switch 

PC met schakeldoos 

uitschakelen 

.22 .87 -3.4 .82 -3.2 

9 Use a water-saving 

showerhead 

Gebruik een waterbesparende 

douchekop 

.15 .97 -.8 .94 -.9 

10 Use LED lighting Plaats LED-lampen .13 1.07 1.8 1.07 1.2 

11 Turn off the TV instead of 

stand-by 

TV uit ipv op standby .10 1.05 1.2 1.06 1.0 

12 Motion sensor for outdoor 

lighting 

Bewegingssensor voor buiten 

verlichting 

.09 1.02 .5 1.00 .0 

13 Put weather strips on the 

windows 

Tochtstrip op ramen aanbrengen .02 .96 -.8 .93 -1.0 

14 Take short showers Kort douchen -.38 .93 -1.3 .87 -1.6 

15 Air-dry laundry Droog de was op een 

waslijn/wasrek 

-.42 1.10 1.7 1.14 1.5 

16 Defrost food in the 

refrigerator 

Ontdooien in de koelkast -.46 .97 -.5 .93 -.8 

17 Cook on gas stove instead of 

an electric 

Kook op gas ipv elektrisch -.57 1.15 2.4 1.42 3.8 

18 Close the curtains/shutters in 

the evening 

Sluit 's avonds gordijnen/luiken -.70 1.00 .0 1.05 .5 

19 Decalcify coffee machine 

and/or water boiler 

Ontkalken koffiezetapparaat 

en/of waterkoker 

-.84 1.00 .0 .97 -.2 

20 Turn off the PC in case of 

absence 

PC uitzetten bij afwezigheid -1.11 .92 -.9 .77 -1.7 

21 Wash laundry at low 

temperatures 

Op een lagere temperatuur 

wassen 

-1.64 1.02 .2 1.05 .3 

22 Double-glaze your windows Dubbel glas plaatsen -2.17 1.00 .1 .80 -.7 

23 Cook with a lid on the pan Koken met deksel op de pan -2.51 .96 -.1 .70 -1.1 

24 Use properly sized cooking 

equipment 

Kook met juiste formaat pan -2.67 .96 -.1 .58 -1.5 

25 Turn off the lights after 

leaving a room 

Lampen uit in kamers waar u 

niet bent 

-2.78 .99 .0 .85 -.4 

 

  



25 
 

As can be seen from Figure 4.1, a majority of the participants have an ability around 1. This indicates 

that most of our measures are found relatively easy for our participants. 

 

 

Figure 4.1: Person-item map distributed according to respectively their ability and difficulty (each ‘#’ 

corresponds to 4 participants and each ‘.’ corresponds to 1 to 3 participants). 

  



26 
 

4.2.3 Differential item functioning analysis 

This analysis was performed to investigate any differences in response patterns between participants 

with a smart thermostat and participants without one. It is interesting to see if any differences exist 

between these two groups. For example, people who own a smart thermostat might also show a higher 

ability due to the insights derived from a smart thermostat. Moreover, we found that the demographic 

profile of users with or without a smart thermostat differed substantially (see section 4.1.1) 

 

There were seven measures which resulted into a significant difference between participants with or 

without a smart thermostat. Table 4.4 shows the significant differences in difficulty (Appendix A 

contains the differences for all measures). Turning the TV off instead of stand-by, turning the PC off 

with a main switch, and taking shorter showers were found significantly harder to perform by 

participants with a smart thermostat. On the other hand, closing the curtains, placing a motion sensor 

for outdoor lighting, isolating hot water pipes, and applying heat reflection foil to radiators were found 

significantly harder to perform by participants without a smart thermostat. 

 

Table 4.4: Differences in difficulty with respect to participants with a smart thermostat and without. 

# Energy-saving measure Average difficulty of 

energy-saving measure 

for people without a 

smart thermostat 

Average difficulty of 

energy-saving measure 

for people with a smart 

thermostat 

Difference 

in average 

difficulty 

p 

3 Apply heat reflection foil to 

radiators 

2.84 2.25 .59 .04 

4 Isolate hot water pipes 1.79 1.03 .76 .002 

8 Turn off the PC with a main 

switch 

.05 .51 -.45 .04 

11 Turn off the TV instead of 

stand-by 

-.09 .40 -.50 .02 

12 Motion sensor for outdoor 

lighting 

.48 -.31 .79 .003 

14 Take short showers -.86 .24 -1.10 .00 

18 Close the curtains/shutters in 

the evening 

-.43 -1.15 .72 .005 

 

Interpreting the differences in difficulty found between the two groups of participants we conjecture 

that people who own a smart thermostat find it less difficult to invest in rather difficult energy-saving 

measures which have to be carried out once. On the other hand, our results further suggest that people 

who own a smart thermostat have more difficulty with rather easy energy-saving measures which take 

effort on a daily basis. This could indicate that due to their smart thermostat they are aware of the 

rather large benefits of relative difficult measures in terms of saving energy. The reason for having 

difficulty with these particular easy measures may be due to a lack of willingness to perform these 

actions every day, in order to have a substantial decrease in energy consumption. Switching your 

television completely off, for example, will only have a contribution when you perform this action 

every day. 
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Based on the demographics, we could say that people who own a smart thermostat represent a certain 

segment within the total base of customers. These people can be characterized by their type of 

household (purchased, terraced houses), lack of children, relative young age, and willingness to do 

relative difficult, onetime investments to save energy. On the other hand you have people who do not 

own a smart thermostat. They are also characterized by their type of household (rental apartment), 

presence of children, relative old age, and willingness to perform relative easy energy-saving measures 

on a daily basis. 

4.3    Conclusion 

A set of 25 energy-saving measures were used to establish the abilities of our participants. No misfits 

were found amongst our measures. We did found some misfitted participants but decided to include 

them into the analysis after further investigation of their answers and reaction times. 

The average energy-saving ability of our participants was found around 1, indicating that most of our 

measures were found relatively easy for our population. 

 

The differential item functioning analysis has shown us the differences between our two groups of 

participants (owning a smart thermostat or not) in terms of which measures were found significantly 

more difficult. Participants who own a smart thermostat find it less difficult to invest in rather difficult 

energy-saving measures which have to be carried out once. On the other hand, participants who own a 

smart thermostat have more difficulty with rather easy energy-saving measures which take effort on a 

daily basis.  

 

Based on the demographics of our two groups of participants, we further conclude that they represent 

different segments within the customer base of the Dutch energy company. For example, people who 

own a smart thermostat are characterized by their relatively young age, lack of children, type of 

household, and willingness to do relative difficult, onetime investments to save energy. In pursuing this 

information, the Dutch energy company could consider recommending different energy-saving 

measures to each group of customers in order to tailor to their specific needs. 
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5. From pre-test to experiment 

Now that we have created a representative model regarding the energy-saving behavior of the 

customers of the Dutch energy company, we can move forward with our experiment. Before we begin 

describing the method of our experiment and the results, we will first explain and elaborate on 

decisions that have been made during the design process of the experiment. 

 

In the experiment there will be a total of 12 energy-saving measures out of which participants are able 

to choose. These measures were chosen for several reasons. First, we want to recommend either 

relative difficult or easy measures. We therefore need to have a total of measures which cover the 

entire scale, ranging from very difficult to very easy. Secondly, based on the ability distribution of the 

participants from the pre-test, we know that most of the measures included were probably relatively 

easy. Most measures taken from the service conceived by the Dutch energy company, are therefore 

disregarded in our experiment. In order to recommend relative difficult energy-saving measures, we 

had to add measures with a relative higher difficulty than the average ability of our participants. 

Finally, a majority of the participants were located at an ability around 1. Therefore, we decided to 

include some more measures with a difficulty between 0 and 1. 

 

One of the other findings of the pre-test was the difference in energy-saving behavior between 

participants with a smart thermostat and without one. It was found that participants with a smart 

thermostat had less difficulty with relative difficult energy-saving measures, which had to be carried 

out once. Surprisingly, this same group of participants experienced difficulty with relative easy energy-

saving measures that had to be carried out on a regular basis. Due to these findings, we need sufficient 

measures for both so we chose a division of five energy-saving measures which had to be carried out 

once, against seven measures which had to be carried out on a daily basis in order to have a substantial 

effect. These arguments have led to the list of energy-saving measures which is shown in Table 5.1. 

 

Table 5.1: Energy-saving measures used in the experiment. 

# Energy-saving measure Carried out … Difficulty 

1 Replace your old refrigerator Once 5.18 

2 Standby consumption: modem Regularly 4.50* 

3 Solar panels Once 3.82 

4 Efficient cooking: the oven Regularly 2.40* 

5 Sensor lighting Once 1.50* 

6 Making coffee Regularly 1.25 

7 Water-saving showerhead Once 0.15 

8 Energy-efficient lighting Once 0.13 

9 Standby consumption: TV and peripheral devices Regularly 0.10 

10 Taking shorter showers Regularly -0.38 

11 

12 

Standby consumption: PC and peripheral devices 

Lights off in rooms where nobody is present 

Regularly 

Regularly 

-1.11 

-2.78 

(* = difficulty was estimated because the measure was not included in the pre-test)
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6. Experiment 

The pre-test has given us some interesting insights into the differences between participants with a 

smart thermostat and participants without one. In this experiment we will investigate how we can 

persuade our participants (both with a smart thermostat as without one) into extending their current 

energy-saving behavior. 

6.1    Method 

6.1.1 Experiment design 

The methods used in our experiment which aim at challenging our participants with relative difficult 

energy-saving measures are Rasch-based recommendations and a mindset manipulation. Participants 

either received a concrete or abstract mindset manipulation in combination with or without preselected 

energy-saving measures. Participants either had no preselected measures, easy preselected measures or 

difficult preselected measures. Participants were randomly assigned to one of the six conditions. An 

overview of these conditions is shown in Table 6.1.  

 

Table 6.1: Experiment design 

 Abstract mindset Concrete mindset 

No preselected measures Participant is likely to choose 

for relative difficult measures 

Participant is likely to choose 

for relative easy measures 

Easy preselected measures Participant is not likely to 

accept the preselected measures 

Participant is likely to accept 

the preselected measures 

Difficult preselected measures Participant is likely to accept 

the preselected measures 

Participant is not likely to 

accept the preselected measures 

 

The expected behavior of our participants is due to the effects of the mindset manipulation (when no 

measures are preselected) and the compatibility between recommended measures and a mindset. As 

mentioned before, an abstract mindset and relative difficult measures have similar characteristics. The 

same holds for a concrete mindset and relative easy measures. 

6.1.2 Materials and procedure 

Materials 

The experiment was built with a web application tool called OutSystems. This tool and the 

accompanied support was given by the Dutch energy company. Everything was managed inside the 

tool, every participant, condition, and email requests were inserted with the proper logic. Therefore, the 

experiment could run on his own. As for the energy-saving measures used in the experiment, Table 5.1 

of the previous chapter showed an overview of their difficulties. These difficulties resulted from the 

Rasch scale established in the pre-test where no distinction was made between participants (see Table  

4.3). 
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In order to challenge our users into extending their energy-saving behavior, we tried to engage them 

with a dialogue. In a dialogue, users would receive information regarding the possible benefits of the 

measure in terms of the amount of energy saved or the reduction in costs involved. The content was 

based on information from institutions such as MilieuCentraal. The benefits were made even more 

salient by asking our users to perform actions in their own home. For example, by filling in the amount 

of kWh of your washing machine you would receive the estimated costs regarding the amount of 

energy used over one year. With these costs we could then calculate the return of investment of a new, 

more sustainable washing machine. We also asked to check their energy and gas meters before and 

after certain actions, or offered useful links to websites where they could search for more sustainable 

appliances such as energy-efficient modems, water-saving showerheads, or energy-efficient lighting. 

By logging the activity within a dialogue, we could investigate the engagement and probable execution 

of the energy-saving measures. An example of a dialogue that was given in our experiment is given in 

Appendix B. 

 

Procedure 

At the start of the experiment every participant received an email containing a personalized link. The 

website would then recognize the unique identifier contained in the link and thus automatically 

knowing which condition to assign. In Figure 6.1 the participant journey is shown. There are several 

parts which can be distinguished, these are discussed separately below. All of the different screens of 

the experiment can be found in Appendix B. 

 

 

 

 

 

 

 

 

For week 1 till 4: 

 

Figure 6.1: Participant journey. 

 

 

Introduction and mindset manipulation 

After opening the link from the email invitation at the start of the experiment, participants landed on 

the introduction page. Here, the participants received some general information regarding the different 

parts of the experiment and some guidelines for choosing and ultimately planning the energy-saving 

measures. After clicking on “Next”, participants were either directed to the abstract or concrete mindset 

manipulation. With the abstract mindset manipulation, participants were asked to give reasons for why 

Introduction  

& 

explanation of the experiment 

Mindset manipulation 

(abstract vs. concrete) 

Choosing and planning 

energy-saving measures 

Energy-saving measure: 

dialogue 

From Monday till Thursday 

Energy-saving measure: 

evaluation 

From Friday till Sunday 
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they believe it is important to save energy. With the concrete mindset manipulation, participants were 

asked to give examples of how they thought they could save energy in a concrete manner. The reason 

for including a mindset (specifically an abstract mindset) is to reduce the tendency of relative easy 

measures being chosen, executed, and implemented by our participants. The mindset was therefore 

established before the energy-saving measures were given. By clicking on “Next”, participants arrived 

at the page where they could choose and plan energy-saving measures. 

 

Choosing and planning energy-saving measures 

In this part of the experiment, the participants were able to choose and plan the energy-saving measures 

of their liking. Participants were assigned to either one of three conditions. Either no recommendations, 

relative difficult, or relative easy recommendations were given. These recommendations were used in 

order to investigate their effects on the likelihood of measures being chosen, and eventually executed 

and implemented. Participants were always free to choose any energy-saving measure they would like 

to. We chose a fixed descending order in item difficulty for displaying our energy-saving measures. 

The most difficult measures, and recommendations, are most likely seen first and could have 

influenced the choices made by our participants. When a participant had made his decision, the chosen 

measures would appear in the dropdown menus, representing the four weeks in which the experiment 

took place. The participant was allowed to have a maximum of two weeks in which no measure was 

planned. If more than two weeks were set on “Free”, a message was given indicating the maximum 

amount of “free weeks” was exceeded. Also, if the same measure was planned in more than one week, 

again a message was given indicating this was not allowed. After successfully choosing and planning 

their energy-saving measures, the participant was asked to give a short argumentation about why he 

chose these measures. One of the reasons for this question was the period in which the experiment took 

place, namely the summer holidays. It could be the case that certain participants only chose two 

measures due to the possible limited time they had because of vacations for example. In order to ask for 

the reasons underlying the choices that had been made, we tried to capture this possible explanation. 

 

Energy-saving measure: dialogue and evaluation 

When clicking on “Save planning and continue”, the participant was directed to the dialogue of the 

energy-saving measure which he had planned in the first week. If he had not selected a measure for the 

first week, the participant was guided to another page, stating he would receive notice in the week that 

he actually had planned a measure. A dialogue was used in order to increase the engagement of our 

users with the chosen measure by providing information and including actions concerning the 

execution of the measure. 

 

Each dialogue was available in a week from Monday till Thursday. All activity within the dialogue was 

logged so we could monitor our participants. On Friday, the participant would receive an email with a 

link to the evaluation of the measure and the dialogue. To measure how the chosen energy-saving 

measures were evaluated, we asked our participants, among other things, how satisfied, relevant, or 

understandable the content of the measure was. Part of the questions were answered by means of a 
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Likert scale. The other part of the questions contained the possibility to provide some arguments for the 

chosen answer (Appendix B contains all the questions asked in the evaluation). 

6.2    Results 

As part of the results of our experiment, this section will first give information regarding our 

participants. Secondly, manipulation checks are performed through the use of descriptive statistics in 

section 6.2.2. Thirdly, our hypotheses are tested in section 6.2.3.  

6.2.1 Participants 

A total of 297 participants filled in the questionnaire, which was also used in the pre-test, to establish 

their energy-saving ability and to confirm that they would like to participate in the follow-up 

experiment. Unfortunately, only 58 participants actually visited the experiment after being invited a 

few weeks later. One of the reasons for this could be the period in which the experiment took place, 

namely the summer holidays, or the lack of incentive other than the information provided by the 

dialogues. Of our participants, 17 were excluded from the analyses due to an incomplete planning of 

energy-saving measures. The remaining 41 participants had an average age of 58 years and were on 

average 17.5 years customer of the Dutch energy company. Furthermore, the demographics of our two 

groups of participants (with or without a smart thermostat) are given in Table 6.3.  

 

Table 6.3: Participant characteristics 

Participants With a smart thermostat Without a smart thermostat Total 

N 26 15 41 

Average age 52 years 65 years 58 years 

Duration of customer 

relationship 

13 years 22 years 17.5 years 

Rental house 

Purchased house 

23% 

77% 

33% 

67% 

27% 

73% 

Average ability 0.80 0.82 0.80 

 

The distribution of the participants over the conditions is given in Table 6.4. The condition where no 

recommendations were given is much smaller than the other two conditions. By investigating the 

conditions of the participants that were excluded, we found that 9 out of 17 received no 

recommendations. From the remaining 8 participants, 3 received relative difficult recommendations 

and 5 relative easy recommendations. This explains the large difference in participant distribution over 

the conditions. Another finding worth mentioning is the distribution of mindsets amongst the 9 

participants with no recommendations. From these participants, 7 received a concrete mindset 

manipulation. Overall, 12 out of 17 participants who were excluded received a concrete mindset 

manipulation. In conclusion, participants with a concrete mindset and no recommendations showed the 

largest amount of incomplete planning’s. The underlying reason for this remains uncertain. 
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Table 6.4: Participant distribution over the conditions 

Recommendations Mindset 

 Abstract Concrete Total 

No recommendations 6 4 10 

Relative easy  7 9 16 

Relative difficult 7 8 15 

Total 20 21 41 

 

In order to see whether the used set of energy-saving measures was a good fit on the participants, 

Figure 6.2 shows the distribution of ability levels of the participants. We checked the mean ability of 

our participants on the Rasch scale and found that, just like in the pre-test, that the mean ability lies 

around one. So the population in our experiment is similar to the population in our pre-test. The 

average difficulty of the measures chosen for each condition is shown in Table 6.5. Participants who 

did not receive any recommendations chose measures with an average difficulty of 0.67, which is 

around the average ability found for our participants. This indicates that these participants do not have 

the tendency to choose for relative easy measures. However, this could be contributed to the fixed 

order in item difficulty of our measures. Furthermore, we found a significant difference between 

relative easy and relative difficult recommendations. However, no significant difference was found 

between an abstract and concrete mindset. 

 

Table 6.5: Average difficulty scores for each condition. 

Recommendations Mindset 

 Abstract  

(Std. err.) 

Concrete  

(Std. err.) 

Average total (recommendations) 

(Std. err.) 

No recommendations 

(Std. err.) 

0.92 

(0.564) 

0.43 

(0.647) 

0.67 

(0.314) 

Relative easy  

(Std. err.) 

- 0.03 

(0.328) 

0.55 

(0.308) 

0.28* 

(0.226) 

Relative difficult  

(Std. err.) 

2.17 

(0.357) 

1.65 

(0.459) 

1.91* 

(0.290) 

Average total (mindset) 

(Std. err.) 

1.02 

(0.269) 

0.94 

(0.257) 

 

* = The difference between relative easy and relative difficult recommendations was found significant (p < 0.05). 

 

Regarding the number of energy-saving measures chosen and planned by participants, Figure 6.3 

shows how often two, three, or four measures were planned. As can be seen, half of the participants 

selected the minimum of two measures. To check if the ability of the participants determined the 

number of measures chosen, the average ability for participants with two measures was compared with 

participants which chose three or four measures. Participants who chose two measures had an average 
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ability of 0.87, and for participants who chose three or four measures it was 0.74. This difference was 

not found significant. 

 

 

Figure 6.2: Overview of participant ability levels (N = 41; M = 0.80; SD = 0.95) 

 

 

 

 

 

 

 

 

 

Figure 6.3: Occurrences of the number of energy-saving measures planned by participants (N = 41) 
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6.2.2 Descriptive statistics 

This part of the results section contains several descriptive statistics and analyses that provide some 

insights into the effects of our manipulations. No distinctions were made between participants due to 

the small sample size. 

 

Establishing an abstract or concrete mindset 

Using question focused on ‘why’ or ‘how’, we tried to establish either an abstract or a concrete 

mindset. In order to know if this actually worked, we investigate the answers given by participants on 

these two questions. Regarding the question “Why is it important to save energy?”, our participants 

gave answers such as: “It saves you money”, “For the sake of our environment and planet”, or “For our 

future and future generations”. All of these answers are clear examples of an abstract mindset. 

Regarding the question “How do you think you can save energy in a concrete manner?”, participants 

gave answers such as: “Lowering your thermostat”, “Avoid standby consumption of devices”, or 

“Efficient use of devices”. These answers are perfect examples of a concrete mindset. With these 

results we might say that a mindset, either abstract or concrete, was established before participants 

continued to the energy-saving measures. 

 

Reasons for choosing energy-saving measures 

After participants were done with choosing and planning their energy-saving measures, they were 

asked to give a brief explanation of why these measures were chosen. One of the reasons for this 

question was the period in which the experiment took place, namely the summer holidays. It could be 

the case that certain participants only chose two measures due to the possible limited time they had 

because of vacations for example. In order to ask for the reasons underlying the choices that had been 

made, we tried to capture this possible explanation. Looking at the reasons given by participants, the 

following arguments are frequently found: “These are relevant for my situation”, “I am curious at what 

I can do regarding these measures”, “These were recommended”, or “They are relative easy to realize”. 

None of the participants indicated something along the line of insufficient time due to the holidays. We 

can therefore assume that if only two or three measures were chosen, this was because they wanted to 

and not because of time restrictions. 

 

Actions executed during a dialogue 

Each dialogue, explaining the energy-saving measure concerned, contained a certain amount of actions 

which could be executed by the participant. Examples of these actions are: continuing to the next page 

of the dialogue, filling in the amount of kWh of a device, filling in meter readings before and after a 

certain action, or following a link to an external website (web shops for example). The total amount of 

actions within a dialogue represented 100%. So each action within a dialogue represented an equal 

amount of percentage points. By adding up every action executed by a participant, the overall 

execution rate for a specific dialogue was calculated. Table 6.6 gives an overview of the average 

execution rates, in percentage points, for each dialogue. As can be seen, the execution rates range from 



38 
 

22 till 61 percentage points. The average execution rate for all energy-saving measures was 36 

percentage points. This average is rather low due to the possibility to go through a dialogue without 

executing all the actions included. A participant could choose to only read the information provided 

and to ignore the actions and links to external sites. When analyzing our data, we see that almost half 

(46 %) of the dialogues were read till the end. 

 

Table 6.6: Energy-saving measures and their average execution rates in percentage points. 

# Energy-saving measure Average execution rate (%) 

1 Replace your old refrigerator 22 

2 Standby consumption: modem 38 

3 Solar panels 40 

4 Efficient cooking: the oven 37 

5 Sensor lighting 47 

6 Making coffee 38 

7 Water-saving showerhead 61 

8 Energy-efficient lighting 31 

9 Standby consumption: TV and peripheral devices 35 

10 Taking shorter showers 25 

11 

12 

Standby consumption: PC and peripheral devices 

Lights off in rooms where nobody is present 

28 

33 

 

With regard to the execution rates within a dialogue, we checked for differences between the different 

conditions. No significant difference was found for the execution rate between participants with an 

abstract mindset and a concrete mindset (t(110) = - 0.60, p = 0.54). A difference was found for the 

average execution rate of energy-saving measures which were recommended against measures which 

were not. Recommended measures had an average execution rate of 40% against an average execution 

rate of 30% for measures which were not recommended. Although this difference was not found 

significant (t(110) = - 1.52, p = 0.129), it remains an interesting finding given that it would be more 

likely that people would show higher execution rates for self-selected rather than recommended items.  

 

Evaluation of energy-saving measures 

The evaluation of a dialogue either consisted of six or seven questions, depending on if the energy-

saving measure needed to be performed on a daily basis or not. If this was the case, a seventh question 

was added in which we asked if the participant had the intention to implement the energy-saving 

measure. For energy-saving measures which could only be performed once (installing solar cells for 

example) this question was not asked. The questions can be found in Appendix B. This part of the 

descriptive statistics will discuss the results of three questions, the other four questions are discussed in 

the Models and Hypotheses section. 
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The first question covers the comprehensiveness of the dialogue. By using a five-point Likert scale, 63 

percent of our participants indicated that the dialogue was comprehensible, against 9 percent who 

indicated it was difficult to comprehended, 28 percent indicated neutral. These results tell us that on 

overall, the content of the dialogues was comprehensible.  

 

The second question relates to the effort it took to perform actions from the dialogue. Again, a five-

point Likert scale was used. 48 percent of our participants indicated it was easy or very easy to perform 

the actions from the dialogue against 19 percent who found it difficult or very difficult, 33 percent 

indicated neutral. These results give the impression that almost half of the dialogues were found to be 

easy to execute. Note that this only tells us something about the amount of effort it took to gain insight 

regarding the energy-saving measure and its benefits but it does not tell us if the measure itself was 

easy to execute or implement. 

 

The third question discussed here covers the presence of any results regarding the actions executed 

during a dialogue. 17 percent said they did observe some kind of result from their actions, 17 percent 

indicated to not have observed any results, 36 percent did not know for sure, and 30 percent indicated it 

was not applicable. These results suggest that only a small amount of our participants actually observed 

any results from their actions but a rather large amount did not know for sure. It could be that there 

were results but it was not noticeable within the short time frame of the dialogue. 

6.2.3 Models & Hypotheses 

In this section we will discuss the results regarding our hypotheses as they were stated before in chapter 

three. With the use of several models, such as rank-ordered logistic regressions (rologit) and clustered 

regression models (xtreg), we try to answer our hypotheses. Before we begin reporting our results, we 

first describe the structure of the data and the relationships between our independent and dependent 

variables. 

 

Each participant was allowed to choose a minimum of two and a maximum of four measures out of 

twelve measures. We model the choices by performing a rank-ordered logistic regression that estimates 

the likelihood of a single measure being chosen out of the twelve possible measures by a particular 

participant (i.e. we have 12 observation per participant). For the other measures such as execution, 

implementation and the evaluation of the dialogues, we use multilevel regressions to model this per 

dialogue, clustering on participants. 

 

We use the following predictors (independent variables) in these models. First, from the Rasch model it 

follows that the difference between the ability of a participant and the difficulty of an energy-saving 

measure is a basic predictor regarding our hypotheses for which measures are most likely to be chosen. 

Other predictors are if a measures is recommended, either relative easy or difficult, or which mindset 

was given at the beginning of the experiment. With these variables, and their interaction effects, we can 

investigate which factors really influence our participants during the choosing process. 



40 
 

Rank-ordered logistic regression: likelihood of choosing energy-saving measures 

To test the effect of our manipulations on the likelihood of measures being chosen by participants, we 

use a rank-ordered logistic regression. In this regression we include the main effects of our 

manipulations together with all interaction effects. First, the main effect of the difference between a 

participant’s ability and the difficulty of a measure tests H1. Secondly, the main effect of 

recommending either relative easy or difficult measures tests H3 & H4. Third and finally, the main 

effect of a mindset manipulation, either abstract or concrete, tests H5. A step-by-step approach is 

maintained in which first all relevant predictors and their interaction effects are included. Then, by 

looking at which variables are significant or not, the model is reduced until we have our final model. 

 

Because the full model, with all variables and interactions included, did not result into an optimal 

model. We have put its results in Appendix C. In order to further improve our model, we have 

disregarded certain variables and interactions. Table 6.7 shows a detailed overview of the resulting 

model and his outcome. All variables related to the mindset manipulation were disregarded from 

further analysis due to no significant effects found. The difference between ability and difficulty (H1) 

and relative easy or difficult recommendations (H3) have a significant effect on the likelihood of 

measures being chosen by participants. As both relative easy as difficult recommendations seem to 

have directionally similar effects and because the interaction effects are only marginally significant, we 

investigated a model where we only look at the fact if a measure is recommended or not. This model 

and corresponding results is given in Table 6.8. 

 

Table 6.7: Rank-ordered logistic regression investigating the likelihood of energy-saving measures 

being chosen. 

Likelihood of energy-saving measures being chosen Coefficient Robust  

Std. error 

z P > |z| 

Ability-Difficulty difference 

Relative easy recommendations 

Relative difficult recommendations 

Interaction between Ab-Diff. difference and easy 

recommendations 

Interaction between Ab-Diff. difference and 

difficult recommendations 

0.144 

2.09 

2.33 

-0.499 

 

-0.305 

0.071 

0.491 

0.624 

0.282 

 

0.188 

2.02 

4.26 

3.74 

-1.77 

 

-1.62 

0.043 

0.000 

0.000 

0.077 

 

0.106 

Model statistics: Wald χ2 (5) = 35.65; Prob > χ2 = 0.000 

 

We see similar results as in Table 6.7, except for the interaction effect which is now significant for this 

model. What do these results tell us? First of all, the significance and coefficient of the difference 

between ability and difficulty suggests that our participants are more likely to choose measures that are 

relative easy for them. This confirms H1. Secondly, recommending (preselecting) an energy-saving 

measure has a strong effect on its likelihood to be chosen, as was proposed with H3. Thirdly, the 

negative, significant interaction between the ability-difficulty difference and if a measure is 
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recommended or not, suggests that our participants are more likely to choose the relative difficult 

recommendations within the set of recommended items. This is in contrast with what was proposed by 

H4. The lack of significant effects found for the mindset manipulation does not support H5. 

 

Table 6.8: Rank-ordered logistic regression investigating the likelihood of energy-saving measures 

being chosen. 

Likelihood of energy-saving measures being chosen Coefficient Robust 

Std. error 

z P > |z| 

Ability-Difficulty difference 

Recommended (yes or no) 

Interaction between Ab-Diff. difference and 

recommended (yes or no) 

0.145 

2.08 

-0.389 

0.074 

0.393 

0.168 

1.96 

5.29 

-2.31 

0.050 

0.000 

0.021 

Model statistics: Wald χ2 (3) = 32.61; Prob > χ2 = 0.000 

 

Clustered regression: execution and implementation of energy-saving measures 

These models investigate the effects of our manipulations and person ability on the rate of execution 

and intention to implementation for energy-saving measures. The same predictor variables and 

interaction effects are used as in the previous section. Tables 6.9 and 6.10 show the resulting final 

models for the variables regarding the rate of execution. The overall model fit for the objective 

execution rate is found to be not significant. Showing that our predictors do not explain a lot of 

variance in that specific model. 

 

For the rate of execution, two variations can be distinguished. First, there is the amount of actions 

executed within a dialogue, expressed in percentage points. Secondly, there is the self-reported 

execution rate, indicated by the participant during the evaluation of the dialogue. The intention to 

implementation was also asked during the evaluation of the dialogue (but not for all dialogues, as 

explained before). The model for the intention to implement an energy-saving measure did not give any 

useful results due to too few observations. We therefore cannot (partially) confirm H1 and H5. 

 

To investigate the differences in execution rates between relative easy, relative difficult, and no 

recommendations, a scatterplot was configured based on the regression coefficients in Table 6.9. 

Figure 6.4 shows the execution rates for three conditions regarding recommendations, set against the 

ability-difficulty difference. As can be seen from the plot, participants who received relative easy 

recommendations have higher rates of execution for relative easy measures (reflecting the significant 

interaction of the ability-difficulty difference and relative easy recommendations). In contrast, 

participants who received relative difficult recommendations have higher rates of execution for relative 

difficult measures (though not found significant in our model). The similarity between the execution 

rates of participants which received relative difficult recommendations and participants which received 

no recommendations could be caused by the order of presentation of the energy-saving measures (the 

most difficult were shown first). 
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Table 6.9: Clustered regression investigating which factors influence the (objective) rate of execution 

for energy-saving measures. 

Execution rate (objective measure) Coefficient Std. error z P > |z| 

Constant 

Ability-Difficulty difference 

Relative easy recommendations 

Relative difficult recommendations 

Interaction between Ab-Diff. difference and relative 

easy recommendations 

Interaction between Ab-Diff. difference and relative 

difficult recommendations 

31.573 

-3.722 

-2.130 

15.719 

17.425 

 

6.833 

 

5.001 

2.217 

9.197 

12.978 

7.540 

 

6.206 

6.31 

-1.68 

-0.23 

1.21 

2.31 

 

1.10 

0.000 

0.093 

0.817 

0.226 

0.021 

 

0.271 

Model statistics: Wald χ2 (5) = 9.24; Prob > χ2 = 0.099 

 

 

 

 

Figure 6.4: Execution rate (%) set against the ability – difficulty difference for three conditions of 

recommendations. 

 

Next to the objective execution rate, there is the self-reported execution rate which was included as one 

of the questions during the evaluation. Table 6.10 shows the corresponding model. The self-reported 

execution rate depends on the ability-difficulty difference. The positive coefficient indicates that 

relative easy measures are more likely to be executed by our participants. Despite the results found 

with the model for the objective execution rate, these results confirm H1. The significant, negative 

effect found for the interaction between the ability-difficulty difference and mindset manipulation, 

Objective execution rate (%) 

Ability – Difficulty difference 
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shows that an abstract mindset has the tendency to reduce the likelihood of relative easy measures 

being executed, which confirms H5. The marginally, negative significant effect found for the mindset 

manipulation shows that an abstract mindset decreases the self-reported execution rate. 

 

Table 6.10: Clustered regression investigating which factors influence the (self-reported) rate of 

execution for energy-saving measures. 

Execution rate (self-reported) Coefficient Std. error z P > |z| 

Constant 

Ability-Difficulty difference 

Mindset manipulation (abstract or concrete) 

Interaction between Ab-Diff. difference and 

mindset manipulation 

2.532 

0.281 

-0.668 

-0.479 

0.260 

0.131 

0.381 

0.179 

9.73 

2.13 

-1.76 

- 2.66 

0.000 

0.033 

0.079 

0.008 

Model statistics: Wald χ2 (3) = 7.98; Prob > χ2 = 0.047 

 

Clustered regression: rated relevance and satisfaction with energy-saving measures  

The models which are discussed here, investigate the effects of several variables influencing the 

evaluation of energy-saving measures as relevant or satisfactory by our participants. The same 

variables and interaction effects are used as in the previous two sections. Both Tables 6.11 and 6.12 

show the resulting final models for respectively the relevance and satisfactory evaluation of the energy-

saving measures. The overall model fit for both models are not found significant. Showing that our 

predictors do not explain a lot of variance in these models. 

 

From Table 6.11 we can see that the only significant effect found affecting relevance is for the 

difference between ability and difficulty. Due to the positive coefficient, these results suggest that 

relative easy measures are being evaluated as more relevant, which partially supports H2. The lack of 

significant effects found for the mindset manipulation does not (partially) confirm H6. 
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Table 6.11: Clustered regression investigating the influencing factors of energy-saving measures being 

evaluated as relevant. 

Relevance Coefficient Std. error z P > |z| 

Constant 

Ability-Difficulty difference 

Recommended (yes or no) 

Interaction between Ab-Diff. difference and 

recommended (yes or no) 

2.229 

0.198 

0.137 

-0.060 

 

0.171 

0.092 

0.252 

0.133 

13.01 

2.14 

0.55 

-0.45 

0.000 

0.033 

0.586 

0.650 

Model statistics: Wald χ2 (3) = 6.70; Prob > χ2 = 0.082 

 

With regard to the model for the evaluated satisfactory with the energy-saving measures, no significant 

effects were found. These results therefore do not (partially) confirm H2 and H6. 

 

Table 6.12: Clustered regression investigating the influencing factors of energy-saving measures being 

evaluated as satisfactory. 

Satisfaction Coefficient Std. error z P > |z| 

Constant 

Ability-Difficulty difference 

Recommended (yes or no) 

Interaction between Ab-Diff. difference and 

recommended (yes or no) 

3.298 

0.158 

0.066 

- 0.137 

 

0.217 

0.111 

0.297 

0.157 

15.18 

1.42 

0.22 

- 0.87 

0.000 

0.156 

0.824 

0.382 

Model statistics: Wald χ2 (3) = 2.15; Prob > χ2 = 0.541 

 

6.3    Conclusion 

With all results gathered, we see that participants who received a concrete mindset and no 

recommendations showed the highest rate of dropping out of the experiment. With regard to the 

engagement of our users with the dialogues, we see that almost half of the dialogues were read till the 

end but the percentages of actions executed on overall was rather low. 

 

From our models we see that recommending energy-saving measures (either relative easy or difficult) 

led to the most significant effects found for our hypotheses. An abstract mindset only showed an effect 

for the self-reported execution rate. With regard to the overall model fit we found that our predictors 

did explain some of the variance for the likelihood of energy-saving measures being chosen and the 

self-reported execution rate, whereas for the other models it did not. 
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7. Discussion 

The current research has investigated the effectiveness of personalized, Rasch-based energy-saving 

recommendations in combination with a mindset manipulation in order to persuade and motivate 

people into choosing, executing, and implementing energy-saving measures. This was done with the 

use of a pre-test and experiment in which several regression analyses and other related descriptive 

statistics were performed. A discussion of the results is given here. 

7.1    Rasch-based energy recommender system 

The current research investigated the use of a Rasch-based energy recommender system amongst 

customers of a Dutch energy company. By first exploring the average energy-saving ability of 

customers (with or without a smart thermostat), a basis was provided for the actual experiment. Based 

on the results of the pre-test we found that the average ability of the participants was around 1. 

Secondly, participants with a smart thermostat had different characteristics with regard to participants 

without one in terms of demographics and energy-saving behavior. Based on the results of the pre-test, 

a set of 12 energy-saving measures was constructed which fitted the population targeted for the 

experiment. 

 

Similar results, regarding the average energy-saving ability of participants, were found in the 

experiment. Unfortunately, the amount of customers which participated in the experiment was less than 

expected, which of course reduces the power to find significant effects of our manipulations. Looking 

at H1 and H2, it was found that relative easy energy-saving measures were more likely to be chosen 

and executed (self-reported) (H1). Relative easy measures were also evaluated as relevant (H2). When 

people do not receive recommendations, they tend to choose for relative easy measures, corresponding 

with results found by Starke (2014).  

7.2    Rasch-based recommendations 

Due to the underlying effects of recommendations (or smart defaults (Smith et al., 2009)) they can be 

useful when persuading people into behaving more sustainable by choosing, executing, and 

implementing relative difficult energy-saving measures. Based on our results we did find a significant 

effect for energy-saving measures being chosen when they are recommended, and surprisingly 

similarly strong effects for relative difficult or easy recommendations (H3). So recommending 

measures as a policymaker indeed has an effect on the acceptance of users. When comparing measures 

which were recommended and which were not, we found higher average execution rates for 

recommended measures. Although the difference was not found significant, it remains an interesting 

finding given that it would be more likely that people would show higher scores for self-selected rather 

than recommended measures. Finally, our results suggest that people are more likely to choose for 

recommended energy-saving measures, and within a set of recommendations those who are the most 

difficult relative to their ability. An obvious explanation for this effect is the order in which our 

measures were displayed.  
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7.3    Construal level theory 

With energy saving behavior there are usually two different types of mindset involved: abstract versus 

concrete (Trope & Liberman, 2010). With an abstract mindset people tend to think in more general, 

high-level, and future-based terms rather than with a concrete mindset, where people tend to think in 

more unique, low-level, and proximal terms. Due to their shared characteristics, relative difficult 

energy-saving measures and an abstract mindset are likely to be compatible with each other. The same 

holds for relative easy energy-saving measures and a concrete mindset. With regard to the expected 

behavior of people without a mindset (H1 and H2), it is hypothesized that an abstract mindset reduces 

the tendency of relative easy energy-saving measures being chosen, executed, and implemented. The 

same holds for the evaluation of relative easy energy-saving measures with regard to relevance and 

satisfaction. Our results suggest that only for the self-reported execution rate, an abstract mindset had a 

reducing effect on the likelihood of relative easy measures being executed. It was interesting to see that 

only the self-reported execution rate was affected and not the objective execution rate as well. You 

would expect that they both capture the same thing. 

7.4    Limitations 

There are some limitations to our work which are mentioned here. As was briefly discussed before, a 

rather small amount of participants has participated in the experiment. This of course reduces the 

statistical power of our analyses which forces us into not knowing if certain effects are present or not. 

Performing this experiment again with the proper amount of participants can give conclusive evidence 

for the significance of our manipulations. An effective method for achieving the proper amount of 

participants, which was not used in our research, is offering an incentive for participation. This will 

most likely increase the number of participants during recruitment and the activity during the 

experiment. 

 

Another limitation worth mentioning regards the design of the energy-saving. There was a descending 

order regarding the difficulty of the measures, which was given to each participant. The most difficult 

measure was positioned at number 1 and the least difficult measure was positioned at number 12. This 

could have influenced participants into choosing more difficult measures because they were positioned 

at the top and therefore were seen and read first. This confound may be best seen in the scatterplot of 

Figure 6.4, where both lines of no recommendations and relative difficult recommendations show the 

same direction on the objective rate of execution. Randomizing the order of measures is recommended 

for future research but the fixed descending order remains an effective nudge for people to choose for 

relative difficult measures. 

 

Finally, we want to mention one last limitation to our work. The period during which the experiment 

had taken place was at the same time as the summer holidays. This could have influenced the dropout 

or willingness of customers to participate in our experiment. However, we did explicitly mention when 
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the experiment was going to take place, during the recruitment of participants. Perhaps planning the 

experiment during a different time period can result into a sufficient amount of participants. 

7.5    Future work 

Based on previous research and the results found in the current research, it is recommended to continue 

investigating the Rasch model in the energy domain, especially with regard to energy-saving behavior. 

Due to the simple procedure, energy companies can relatively easy overcome the ‘one-size-fits-all’ 

principle which is often used up till now. For the Dutch energy company it is recommended to use the 

set of energy-saving measures from the experiment instead of their own, relative easy, measures. 

Especially because of the tendency of users to choose the most difficult measures within a set of 

recommendations. 

 

It remains highly recommended to try to reproduce the effects found in our experiment with a larger 

sample size. Due to the limited amount of participants in our experiments it remains uncertain to 

disregard effects which were not found significant. Choosing another period of time to do the research 

not only can influence the amount of participants, it can also affect the energy-saving measures which 

are chosen. For example, installing solar panels is less evident in times of winter, due to shorter days 

and less hours of sun. Offering an incentive for participation is also highly recommended. 

 

The density of the energy-saving measures given in our experiment (one each week) could cause for a 

lack of time to notice any results from the actions executed. Offering energy-saving measures separated 

by longer periods of time, allow users to be active with a measure for a longer period. This can benefit 

the recommendations given in terms of intention to implement measures. Another benefit from this 

particular experimental design is the chance for behavioral follow-up. The current research only 

investigated the intention to implement a measure and we therefore do not know if this intention 

eventually was executed. 

 

Finally, we want to propose an addition to our dialogue system. Constructing a calendar in which for 

each season the most appropriate and effective energy-saving measures are recommended, can be an 

even more effective method. By switching between dialogues and one-time events, such as Earth hour, 

you retain people’s attention and motivation to save energy. An one-time event has a lower threshold 

than a dialogue. For each season you can think of events in order to create awareness in an 

approachable and easily accessible way which can be much faster than offering a dialogue. This novel 

approach, together with what we already know from the Rasch model and user demographics can result 

into a highly personalized and persuasive system. 
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9. Appendices 

Appendix A: Item-difficulties 

 
Table: Differences in difficulty with respect to participants with a smart thermostat and without. 

# Energy-saving measure Average difficulty of 

energy-saving measure 

for people without a 

smart thermostat 

Average difficulty of 

energy-saving measure 

for people with a smart 

thermostat 

Difference 

in average 

difficulty 

p 

1 Wash laundry at low 

temperatures 

-1.57 -1.74 .16 .61 

2 Air-dry laundry -.58 -.20 -.38 .09 

3 Turn off the lights after 

leaving a room 

-2.64 -3.00 .36 .49 

4 Use properly sized cooking 

equipment 

-2.67 -2.67 .00 1.00 

5 Close the curtains/shutters in 

the evening 

-.43 -1.15 .72 .005 

6 Cook with a lid on the pan -2.82 -2.19 -.62 .16 

7 Double-glaze your windows -2.01 -2.42 .41 .33 

8 Cook on gas stove instead of 

an electric 

-.65 -.46 -.18 .45 

9 Defrost food in the refrigerator -.60 -.25 -.34 .14 

10 Turn off the TV instead of 

stand-by 

-.09 .40 -.50 .02 

11 Turn off the PC with a main 

switch 

.05 .51 -.45 .04 

12 Turn off the coffee machine 

completely 

1.22 1.31 -.08 .70 

13 Isolate the cavity wall .52 .15 .37 .16 

14 Take short showers -.86 .24 -1.10 .00 

15 Use LED lighting .23 -.03 .26 .23 

16 Decalcify coffee machine 

and/or water boiler 

-.93 -.72 -.21 .41 

17 Motion sensor for outdoor 

lighting 

.48 -.31 .79 .003 

18 Isolated floors 1.00 .74 .27 .27 

19 Turn off the PC in case of 

absence 

-.98 -1.33 .36 .21 

20 Use a water-saving 

showerhead 

.04 .31 -.27 .20 

21 Put weather strips on the 

windows 

.10 -.12 .22 .34 

22 Isolate hot water pipes 1.79 1.03 .76 .002 

23 Apply heat reflection foil to 

radiators 

2.84 2.25 .59 .04 

24 Install solar PV 3.66 4.07 -.40 .44 

25 Wash using a 'hot-fill' washing 

machine 

5.47 4.78 .69 .39 
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Appendix B: Screens of the experiment 

 

Invitation given at the beginning of the experiment to all participants who had filled in 

the questionnaire.  
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Introduction and explanation of the experiment 
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Abstract mindset manipulation 
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Concrete mindset manipulation 
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Choosing and planning energy-saving measures 
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Invitation indicating the availability of the dialogue of the measure that was chosen 

for that week. This message was given at the beginning of either week 2, 3, or 4 based 

on the planning of the participant. 
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Example of a dialogue given in the experiment 

 

 
 



61 
 

 
  



62 
 

 

 
  



63 
 

  



64 
 

Invitation indicating the availability of the evaluation of the dialogue 
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Evaluation of the dialogue (question 7 was only included when the energy-saving 

measure could be carried out more than once). 
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Appendix C: Regression models 

 

 
Rank-ordered logistic regression investigating the likelihood of energy-saving measures being chosen. 

Likelihood of energy-saving measures being chosen Coefficient Robust  

Std. error 

z P > |z| 

Ability-Difficulty difference 

Relative easy recommendations 

Relative difficult recommendations 

Interaction between Ab-Diff. difference and easy 

recommendations 

Interaction between Ab-Diff. difference and 

difficult recommendations 

Interaction between Ab-Diff. difference and 

mindset 

Interaction between easy recommendations and 

mindset 

Interaction between difficult recommendations and 

mindset 

Interaction between Ab-Diff. difference, easy 

recommendations and mindset 

Interaction between Ab-Diff. difference, difficult 

recommendations and mindset 

0.126 

2.09 

1.37 

-0.185 

 

-0.327 

 

0.027 

 

-0.065 

 

2.61 

 

-0.55 

 

0.039 

0.092 

0.803 

0.645 

0.262 

 

0.296 

 

0.139 

 

0.975 

 

1.252 

 

0.542 

 

0.361 

1.37 

2.60 

2.12 

-0.71 

 

-1.10 

 

0.19 

 

-0.07 

 

2.08 

 

-1.02 

 

0.11 

0.172 

0.009 

0.034 

0.480 

 

0.271 

 

0.846 

 

0.947 

 

0.037* 

 

0.310 

 

0.912 

Model statistics: Wald χ2 (10) = 53.26; Prob > χ2 = 0.000 

* = This effect was excluded from further analysis due to the combining of easy and difficult recommendations into 

recommended (yes or no). 

 


