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About
Efforts to induce energy-friendly behaviour from end-users through behavioural interventions are
characterized by a lack of customer personalization (“one-size-fits-all interventions”), a partial
understanding about how different interventions interact with each other and contrasting evidence
about their effectiveness, as a result of poor testing under real world conditions.
NUDGE has been conceived to unleash the potential of behavioural interventions for long-lasting
energy efficiency behaviour changes, paving the way to the generalized use of such interventions as
a worthy addition to the policy-making toolbox. We take a mixed approach to the consumer analysis
and intervention design with tasks combining surveys and field trials. Firmly rooted in behavioural
science methods, we will study individual psychological and contextual variables underlying
consumers’ behaviour to tailor the design of behavioural interventions for them, with a clear bias
towards interventions of the nudging type.
The designed interventions are compared against traditional ones in field trials (pilots) in five
different EU states, exhibiting striking diversity in terms of innovative energy usage scenarios (e.g.,
PV production for EV charging, DR for natural gas), demographic and socio-economic variables of the
involved populations, mediation platforms for operationalizing the intervention (smart mobile apps,
dashboards, web portals, educational material and intergenerational learning practices).
The project has received funding from the European Union’s Horizon 2020 research and innovation
programme under grant agreement No 957012.

Project partners
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Introduction
This document introduces the proposed methodology for assessing the effectiveness of the
interventions. We present and discuss several methodological approaches, ranging from randomised
controlled trials to A/B testing. This includes a brief (theoretical) discussion about different
methodological approaches, with accompanying power calculations.
Most importantly, we present the five pilots with general guidelines, most significantly because the
details of the interventions might still change. In addition to the experimental setup, we will also
formulate the first research hypothesis per pilot and provide an overview of possible outcome
variables per pilot.

Timeline
The timing for this task is June 2021 to August 2023. All five pilots in NUDGE are planned to start by
M9 and their execution follows an identical three-phase time plan:
-

Pre-interventions phase: This phase will enable the establishment of benchmarks (baselines)
in terms of energy use and consumer behaviour of the participating households in each pilot.
This initial phase will last 5 months (M14-M17).
Testing phase: This second phase includes the actual testing of the planned interventions in
each pilot. It will have a prolonged duration, between M15 and M32, so as to provide for the
execution of several (often consecutive) interventions and their evaluation. However, while
this task runs until M32 (April 2023), we expect data gathering to be finalised by March 2023,
to allow ample time for data processing and analysis.
Post-interventions phase: In this last phase, planned for the time interval between M33 and
M36, the pilots will keep on running in the absence of any interventions. The aim is to evaluate
whether the consumers maintain improved energy-efficient behaviour after nudges cease,
thus gaining insights into the long-lasting impact of the NUDGE approach.

-

-

General research protocol and background
3.1 Study design: Randomized Control Trials
A randomized controlled trial (RCT) is a ‘rigorous, scientific experiment purposely designed to test
the efficacy of an intervention on a sample of participants drawn from some target population’ [1].
As discussed in [1] RCTs are optimal because they allow assessment of whether cause-and-effect
relations exist between treatment and outcome, while also assessing the validity, utility and overall
cost-effectiveness of an intervention, relative to business-as-usual or alternative interventions.
RCTs have the following characteristics:
•
•

Participants are randomly assigned to two distinct and non-overlapping groups, called the
treatment and the control group, to warrant the high internal validity of the experiment [1].
Only households that are willing to participate are part of the randomization. Therefore,
households that do not wish to participate cannot be considered the control group. This is
important to avoid self-selection bias.

3.1.1 Control group
A control group consists of people who do not receive the treatment. Participants of an experiment
are ideally randomly assigned to either the treatment or control group, or matched on relevant
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criteria, e.g., baseline consumption in the context of energy consumption. The inclusion of a control
group allows to isolate the dependent variable, e.g., energy conservation performance. Any
differences between the treatment and control group are then caused by the manipulation of the
independent variable, e.g., the introduction of nudges. From a statistical point of view, researchers
evaluate if the result found in the treatment group is significantly different (or not) from the result in
the control group (mostly with a level of statistical significance of p = .05). In practice, this suggests a
probability of less than 5% that the measured differences were a result of sampling error, i.e.: a type
1 error, or false positive. However, we emphasise the importance not only of statistical significance,
but also effect sizes.
Ideally, the control group should be subject to ‘business-as-usual’ [2]. In the context of the NUDGE
interventions this could be, for instance, the use of electricity meters or an electronic platform
without nudges. This means that the control group should only differ in the parameter to be
evaluated: the intervention at hand.

3.1.2 Three intervention designs
3.1.2.1 Between-subjects design
In a between-subjects design, the total sample is subdivided into two or more groups, either random
or matched, whereby it is attempted to keep both groups characteristically similar. These are some
typical characteristics of the between-subjects design:
•

•
•

•

6

This design is also typically known as ‘pretest-posttest control group design’ [3]. The
inclusion of a control group allows for (1) the evaluation of behavioural change related to
the mere lapse of time; and, (2) the comparison of attitudinal outcomes [2].
The between-subjects design also limits learning effects because the groups and
interventions are independent.
The design lets exploring the single vs. additive vs. interactive effects of combining
treatments [1]. For example, interactive effects are at play when the original effect of nudge
1 is enhanced (or mitigated) when combined with nudge 2. Additive effects can be
determined if the single effect of nudge 1 remains unchanged when combined with nudge 2.
Testing nudges in isolation and in combination is the only way to compare the relative
effectiveness of the individual nudges and thus determine the most impactful nudging
intervention.
On the negative side, a significant downside of between-subjects design is the need for
larger sample sizes.

Intervention groups

Time

Pre-measurements
(baseline)

Treatment
A

Treatment
B

Treatment
x

Control
group
(without
interv.)

Post-measurements
(without intervention)
Figure 1: Illustration of a between-subjects design that compares different treatments between different groups of
participants. All groups fill out a similar pre- and post-measurement (yellow and burgundy blocks). With regard to the
intervention the overall sample is divided into k groups, with all but one group being subject to different treatments (purple
to red block). One group serves as the control group (grey block).

3.1.2.2 Within-subjects design
Within-subjects designs don’t employ a traditional control group, but typically compare the pre- and
post-interventions phase. Balanced designs, a specific type of within subject design, introduce half
the population with an intervention and half not, with the groups swapped around. These are some
issues and characteristics of within-subjects designs:
-

-

-

-

-
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Confounding effects: They cannot eliminate the possibility that the retrieved impact is due
to external factors, such as weather conditions, increased energy pricing, or a pandemic
period.
Multiple-treatment interference: Participants are sequentially exposed to more than one
treatment, which makes it impossible to identify the precise effect of each single treatment
[1]. This means that the combination of interventions may have ‘additive, interactive, or
even counteractive effects’ [1], or the effect could largely be attributed to one aspect. It is
thus not possible to isolate the effect.
Washout’: To limit interference, a wash-out might be applied, whereby we have a treatment
free period between interventions, so any effects revert back to their baseline. Thereafter,
nudge B is administered.
Combined long-term effects: Only the combined effect of nudges can be evaluated in the
long term, since the treatment group has not been exposed to a particular nudge in
isolation. This renders it impossible to determine the relative importance of the nudges.

Intervention group
Pre-measurements
(baseline)

Time

Treatment A
Treatment B
Treatment x
Post-measurements
(without intervention)
Figure 2: Illustration of a within-subjects design that compares different treatments within the same group of participants.
All groups fill out a similar pre- and post-measurement (yellow and burgundy blocks). Regarding the intervention (purple to
red block), all participants take part in all interventions at different times. No control group is included in a pure withinsubjects design, as participants serve as their own control by providing baseline scores (see yellow block).

3.1.2.3 Mixed-subjects design
Mixed-subjects design combine elements from both within- and between-subjects designs. This
allows assessing changes in consumption for individuals (i.e., through assessment of longitudinal
repeated measurements) while also allowing comparisons between a treatment and a control group.
Mixed-subjects designs, thus, share most of the drawbacks and benefits of between- and withinsubjects designs.

Participants
Pre-measurements
(baseline)

Time

Treatment A
Treatment B

Control
group
(without
interv.)

Treatment x
Post-measurements
(without intervention)
Figure 3: Illustration of a mixed-subjects design. All groups fill out a similar pre- and post-measurement (yellow and
burgundy blocks). Regarding the intervention, one group of participants takes part in all interventions at different times
(purple to red block). Next to the treatment group, also a control group is included (different from a within-subjects design,
grey block).
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3.2 Sample sizes and recruitment of participants
3.2.1 Sample size

A priori power analysis (two groups /
measurements)
786

198
128
14

52

34

Large effect (.8)

Medium effect (.5)

Within (1 group receives 2 treatments)

Small effect (.2)

Between (2 independent groups)

Figure 4: A priori power analysis given alpha is set to .05, power to .80 and 2 conditions with effect sizes (Cohen's d) ranging
large to small

The rule of thumb of 20 households/participants per condition is considered an absolute minimum,
however, more advanced statistical analysis requires 30 households/participants per condition [2].
Moreover, the required sample sizes depend on the expected effect sizes and can be determined
through a priori power analysis. When fixing explanatory power (to 0.8, see [4, p. 54] for an
expanded discussion about the .8 power threshold), statistical significance α (to α = 0.05) and
treatment number k (to k = 2) constant and varying expected effect sizes from large (f = 0.8) to small
(f = 0.2), the required sample sizes for a within-subjects design (paired-samples t-test,) range from
14 to approximately 200 participants, whereas for a between-subjects design (t-test) they range
from 26 to approximately 400 participants per group. More information on power analyses can be
found in [5].
Table 1: Example effect sizes of previous intervention studies executed in Europe within the domain of energy conservation.

Previous RCTs

Control

Crago (2020)
Kendel (2017
Delmas (2014)
Tiefenbeck (2016)

Number
of groups
3
2
3
3

Effect size

Energy consumption

yes
Yes
Yes
yes

Total sample
size
62
65
66
636

f² = 0.13
f² = 0.75
f² = 0.12
f² = 0.59

yes

821

f² = 0.01

+14.2%
-13 à -23.3%
-20%
-5% (energy)
-22% (water)
-1.2% (indoor
temperature)

Kandul (2020)
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…
Likewise, for a repeated measures ANOVA study (i.e., within-subjects design that compares different
treatments applied at different times to the same group of participants), we find that sample size
requirements become far smaller for similar effect sizes, when compared to the one-way analysis of
variance for three groups.
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A priori power analysis (three groups /
measurements)
966

322
157
21

63

Large effect (.4)

52
Medium effect (.25)

Repeated measures (three measurements)

Small effect (.1)

Between three groups

Figure 5: A priori power analysis given alpha is set to .05, power to .80 and 3 conditions with effect sizes (Cohen's ƒ) ranging
from large to small

Looking more specifically at the available samples within the pilots (N = ≤ 100 participants), we can
perform power calculations if we assume a small effect size (f = .01). Furthermore, we reduce groups
from 3 to 2, increasing participants per group from 33 to 50. The results, shown in Table 2 illustrate
the statistical power for both variations to be .13 and .17, respectively. These numbers fall short of
the .8 threshold we consider acceptable for power (and which is proposed by Cohen, 2013). Figure 6
visualizes this analysis, using groups of 33 and 50 participants, respectively.

Figure 6: Power curve, assuming a group size of 33 and 50 respectively

Alternatively, we can set the statistical power at .8, the recommended level proposed by Cohen
(2013), and keep sample sizes the same at either 33 or 50 per group. This analysis, also shown in
Table 2, illustrates that this experimental design demands effect sizes of .32 and .28 respectively,
which can be classified as medium to large. This is also visible in Figure 6, which relates all three
quantities (sample size, effect size and power) together.
Table 2: Power analysis of experiments (row 1-2: assuming small effect size f = .01; row 3-4: assuming recommended power
of .8)
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Number of
groups
3
2
3
2

Participants per
group
33
50
33
50

Total sample size

Effect size

Power

~100
100
~100
100

.1
.1
.32
.28

.13
.17
.8
.8

Figure 7: Power curve, assuming effects ranging from small (.1) to large (.4)

In summary, these results for different types of experimental designs suggest that with the current
sample size limitations and power set at .8, we can find statistically reliable results only with effects
sizes around .3.

3.2.2 Inclusion and exclusion criteria for participant recruitment and assignment to groups
The pilots should strive for a diverse sample of households that reflects the relevant population of
the study. In the case of NUDGE, a relevant population might correspond to all energy consumers
within a particular geographical region. Parameters that may differ across participants involve:
-

Energy consumption: low versus high energy consumption
Family situation: with or without children? single people? number of family members?
Living area: small and large houses?
Housing type: apartment, row house, (semi-)detached house
House property: owned/rented residence
House heating: presence of thermostat, manual/programmable/smart thermostat

3.2.2.1 Inclusion criteria
- General: head of household should at least be 18 years old, premise should be occupied for
at least 1 day a week (see [6])
- Portuguese pilot:
o Family with young children (children aged 0-12 years at the beginning of the pilot)
o Living in the district of Porto
11

-

o Using electricity as main energy vector
o Having Wi-Fi at home
o Able to participate in the survey
Inclusion criteria yet to be defined for the other pilots (Belgium, Germany, Croatia, and
Greece)

3.2.2.2 Exclusion criteria
- Non-ratepaying households, e.g., households who pay for their use of heating energy and
thus have no individual meter (in case of multi-apartment buildings)
- Non-family household, e.g., group of students living together
3.2.2.3 Assignment of participants to conditions
Randomization of participants to keep groups as coherent as possible in terms of household type,
age (of the head of household), and living area.

Experimentation phases
4.1.1 Pre-intervention phase (or baseline)
A pre-intervention phase (in combination with a post-intervention phase, including data logging
processes) is an absolute requirement for three reasons: (1) to control for differences between the
experimental and control group at the onset of the intervention, (2) to evaluate the impact of the
nudges on energy-related behaviour and attitudes, and (3) to control for characteristics of drop-outs
(i.e., attrition analysis).
No rule of thumb exists for determining the ideal duration to measure baseline consumption, the
intervention period, and in-between periods of treatments. In order to provide some insight in
practices of previous studies, we have conducted an exploratory analysis of RCTs that provided
feedback on a weekly, daily or real-time basis (n = 18, subset of studies reviewed in T1.1). Other
studies that have evaluated feedback on a monthly basis (e.g., Home Energy Reports) or single
efforts such as letters or flyers have not been considered since these studies are inherently different
in their research design and typically last longer.
This analysis shows that baseline periods vary from 1 week to 52 weeks with 57% of studies
implementing a baseline period of 4 weeks or less (MED = 3.0, M = 12.3, SD = 18.1). The one-week
baseline study implemented an in-home display during three months and evaluated the intervention
after one week and three months (Schultz et al., 2015). On the other end of the ‘baseline duration’
continuum, Loock and colleagues evaluated in 2011 and 2013 a web portal with a baseline of 52
weeks, and an intervention duration of respectively 6 (no control group) and 20 weeks (inclusion of
control group) (Note that the collection of one year of energy use data prior to the intervention, in
the context of energy consumption, is recommended in [1] in order to be able to control for
seasonal effects). Both baseline extrema found significant conservation effects.

4.1.2 Treatment phase
The intervention duration varies from 1 week [7] to 35 weeks [8] with 33% of studies implementing
a treatment period of 4 weeks or less (MED = 7.0, M = 10.4, SD = 8.9).

4.1.3 In-between treatment period of within-subjects experiments
Only one study implemented a within-subjects design (see [9]) and consequently, reports an inbetween treatment period of 4 weeks.
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Based on these insights, we recommend the following minimum requirements regarding the duration
of each of the experimental phases:
Pre-intervention phase (during M14-M19, depending on pilot):
-

Baseline (pre-intervention) duration: 2-3 months

Testing phase (during M17-M32):
-

Treatment period per group: 4 weeks
In-between treatment period: 3 weeks (with regard to consecutive interventions, this inbetween period can serve as the baseline for the next intervention of the pilot)

Design of Experiments
5.1 Overview
Given the benefits of within-subjects designs (see section 5.2) when using small sample sizes, we rely
for the most part on within-subjects experimental designs, except for SPRING-STOF (see section
Error! Reference source not found.). Due to the different status of their sample (i.e., its educational
context), they will apply a hybrid experiment with a control group that will fill out a pre- and postmeasurement.
Moreover, since pilots might differ in the number of experiments, and participants might drop-out
or join at various times throughout the study, we recommend a modular approach for our withinsubject design studies, where the total nudge experiment consists out of several mini experiments,
varying only in sample makeup (i.e., samples are newly randomised from scratch after each trial),
intervention and duration and with the possibility to join the study at any point in time.

Randomization of groups

Nudge x

Group 1
(experiment)

Exp 1

Group 2
(control)

Exp 2

Exp 3

Group 1
(control)

Group 2
(experiment)

Exp 4

Exp 5

Randomization of groups
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Figure 8: Illustration of the within-subjects design proposed for the ZEZ, Beegy INEGI and domX pilots

Finally, most of our experiments rely on energy consumption as outcome variable, i.e., we
hypothesise that a nudge will reduce energy consumption. Moreover, other external parameters
that have a significant impact on the result of the experiment, such as outside temperature, can be
controlled for when inserted in a formula with small sample sizes (or as a covariate in regression
analysis with large sample sizes).
A significant confounding variable throughout all our experiments will be the weather. For example,
sunny days might lead to less time spent indoor, with commensurate decreases in energy
consumption. Likewise, extremely hot days might result in more time spent indoors with air
conditioning, increasing consumption. While within subjects’ designs control for personal variability
(i.e.: sensitivity to a particular nudge), the impact of the weather will remain. Moreover, for each
mini-experiment (see Figure 8) data can be analysed separately as if it were a between subject
design and thus controlling for the weather.
Below, we will individually discuss and present the detailed setup for each of the pilots.
Table 3: Detailed overview of the needs and requirements per pilot
domX

ZEZ

SPRING-STOF

INEGI

BEEGY

Within Subjects

Within Subjects

Between Subjects

Within Subjects

Within Subjects

6

6

20, 15 for the first year

4

8

0

1

n/a

2

0

12

13

20, 15 for the first year

10

16

0

2

n/a

2

0

36

43

403

34

60 2

No

No

Yes

No

No

n/a

Yes

n/a

Yes

Possible, but not ideal

Yes

Yes

n/a

Yes

Yes

3

2

2

3

3

Number of treatments ,
i.e. (combinations of)
nudges

3 - (feedback &
awareness, just-in-time
prompts, suggesting)

3 nudges in 3 separate
interventions

3 nudges defined,
spread over 5 courses

3 treatments (possible
4th repeat of #1, )
Default and Opt-out
Social Comparison,
anchoring and
adjustment
Just in time prompt and
Instigating empathy

What is the total size of
your pilot? Include also
people who
might not be provided
with a technological
intervention, but where
usage might still be
measured.
Of the total group, how
many will receive a
smart meter /
application /
intervention?

100

40-1001

25+25+50 (100)

100

As mentioned, we are
planning for 3 nudging
phases. In each phase
several nudges will be
introduced,
differentiated by the
two tools, I.e., a web
portal (for all
participants) and
charging app (only for
EV-owners).
102, divided into 2
groups (±50 each)

100

100 smart meters; all
will have access to the
APP; from the beginning
of each cycle (nudging),
participants will be
divided into control and
intervention group and
vice versa.

19 (smart meter), of
which 7 with an
energyID account.

100 with smart meters;
all will have access to
the APP; two protocols
are possible: (A) either
from the beginning of
testing 50 households
will be divided into nonintervention group, and
other 50 households
will be in the
intervention group and

Basic setup
Intervention duration
per group (weeks)
Washout between
crossover (weeks)
Total intervention
duration (weeks)
Washout between
intervention (weeks)
Total Study Duration
(weeks)
Pure control group
Randomisation
between interventions
New participation
possible
Baseline (months)
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All 100 will receive the
Web portal. In addition,
50 will also receive the
charging app.

will have also an IEQ
multi-sensor system; or,
(B) Having all 100
participants receiving
nudges.
If protocol (A) is chosen,
NO. If (B), YES.

At the end of the
study, will every
participant or
participant group be
exposed to all the
nudges in your
pilot? (sequential expos
ure)

yes

yes

No

Yes. The only difference
will be, that only 50 will
have access to the
charging app.

Will there be a control
group who do not
receive any nudges at
all?

no

no

yes

If (A) YES, if (B) NO.

Are you able to remove
nudges once they are
introduced?

yes

no

Not applicable

Yes, if app allows.

Can you remove all
nudges from your pilot
and revert to the
"baseline" software
version?
Can you introduce
multiple nudges to your
pilot simultaneously?
(simultaneous
exposure)
Besides the control
group, is it possible to
divide the sample in
different groups who
receive distinct nudges?
(isolated exposure)

yes

yes

Not applicable

Yes, if app allows.

yes

Yes

yes

Yes

Yes, this is the plan

yes

Not yet sure

no

Yes

not yet clear. We have
that as a requirement.
However, this depends
on the assessment of
technical feasibility and
cost, which is currently
evaluated

no (we rather plan for a
pre-intervention phase,
in which all participants
are using the tools
without any nudges
Yes. However at the end
of each phase, the
nudging features of the
completed phase will be
re-activated to all
participants
Yes, but not planned to
do this

Notes

Notes
1: Sample set to grow after the first intervention
2: Incl. two 4-week pauses: during July/ August 2022 and Dec./January 2023
3: Excludes holiday / only concerns active period of study, i.e.: 2 x 5 months

The impact of the nudges on participant’s energy-related behaviour and perception will be evaluated
by means of three data sources:
1. Sensor data: objective measurement that measures final energy consumption.
2. App data (monitoring): objective measurement that serves as a proxy of awareness and
acceptance of the intervention.
3. Survey data: self-reported data to evaluate perceived behavioural change. Administered
before and after each intervention, and before and after the complete trial.
Ideally, sensor, app, and survey data are triangulated to contextualize behavioural change.
Croatian pilot:
−

Energy consumption and production from electricity (Wh)

Portuguese pilot:
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−
−
−

Air quality parameters: indoor temperature, indoor relative humidity, carbon dioxide (CO2),
particulate matter (PM2.5, PM10), volatile organic compounds (VOCs) (see [12])
Perceived indoor environmental quality (self-reported, see [12] and [13] for a review of
studies)
Energy consumption from electricity (kWh)

Overall, interventions are set to start in January 2022, with the first interventions starting in Greece
(M17). Germany and Belgium will follow soon after (M18), with Portugal and Croatia starting in M20.

Figure 9: Timing of all interventions across all pilots

Below, we discuss the details per pilot. All corresponding information (i.e.: wash-out times, duration
etc.) can be found in Table 3.

5.2 INEGI
In Portugal, INEGI has a sample of 100 households. INEGI will follow a within subject’s design. Three
nudges will be tested, with a four-week exposure. Following the 4 weeks, the sub-groups get
swapped with k2 being exposed to the nudge, and k1 becoming control groups. There will be a twoweek washout between crossover of treatment and control and a further two-week washout
between each experiment. A three-month baseline will be applied.
Moreover, groups are randomised following each nudge experiment, with new participants able to
join at the start of any of the three interventions. The total duration of the study (excluding baseline
and post intervention period) will be 34 weeks.
Hypothesis
−
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H1. The energy conservation nudges decrease energy consumption in households. (Nudging
treatment 1)

−
−

H2. The energy conservation nudges positively impact indoor environmental quality.
(Nudging treatment 2)
H3. Changes in indoor environmental quality improves both the participants' perception of
air quality in their homes and the compliance of the indoor levels with existing guidelines
(Nudging treatment 2)
o H3a. Changes in indoor environmental quality improves the participants' perception
of air quality in their homes.
o H3b. Changes in indoor environmental quality improves the compliance of indoor
levels with existing guidelines.

Figure 10: Experimental setup by INEGI

5.3 domX
While domX will also apply a within subject's design, they will do so without a crossover, i.e.: all
participants will be exposed to all three nudges implemented in the study in succession. A threemonth baseline will be applied, while each nudge will be implemented for 12 weeks. There will be no
wash-out between treatments. The total duration of the study will thus be 36 weeks (without
baseline and post measurement).
Hypothesis
−
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H1. The energy conservation nudges decrease gas consumption in households.

Figure 11: Experimental setup of domX

5.4 ZEZ
In Croatia, ZEZ also applies a within subject’s design, with three successive nudges. Sample size will
vary, with the first intervention having n=40 participants and successive interventions having n=100.
After 6 weeks, the sub-groups get swapped with k2 being exposed to the nudge, and k1 becoming
the control. Between crossover, a 1-week wash-out will be applied. An additional 2-week wash-out is
included between interventions. Like INEGI, groups are randomised after each intervention and
people can join at the start of each intervention. The total duration of the study (without the
baseline and the post-period) is thus 43 weeks.
Hypothesis
−
−
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H1. The energy conservation nudges decrease energy consumption in households.
H2. The energy conservation nudges increase the self-consumption share in households
having PV panels.

Figure 12: Experimental setup of ZEZ

5.5 MVV/Beegy
The German pilot will apply a layered approach to their application development, whereby features
become available one after the other in 3 stages/phases.
However, we need to consider, that the 100 pilot households are clustered into 2 groups, depending
on the (non) availability of EV-vehicles and EV-charging stations at home. 50 households will have
these, whilst the other 50 will not. Both groups receive one common tool/platform: the Web-Portal.
In addition, the first group (EV-charger) will also receive a second tool/platform, the EV-charging
App. Both tools will be used as a platform for Nudging features.
Given this, we foresee the following study design for MVV/Beegy. The 102 pilot households will be
split into two groups. Group 1, EV, are persons with a PV system and an E-car, while the PV group
only consists have a PV, currently without E-car, but no controllable electric vehicle charging system.
In both groups, matched sub-groups are created, EVk1 (n = 25) and EVk2 (n = 26) in the EV-group, as
well as PVk1 (n = 25) and PVk2 (n = 26). Consumption based matching will be applied. Subjects will
be matched based on PV-production, electricity consumption and EV charging where possible.
Before the start of the experiment, a baseline of 3 months will be applied. Within both groups, first
the *k1 sub-groups will be exposed to the nudge, whereas k2 sub-groups will serve as control
groups. Following the 8 weeks, the sub-groups get swapped with k2 being exposed to the nudge,
and k1 becoming control groups. Each experiment evaluates a single nudge or a set of nudging
features and lasts 16 consecutive weeks. No washout is applied.

19

Once the experiment is concluded, and before the next set of nudges will be applied, the nudging
features of the completed phase will be re-activated to all participants from all four groups (PVk1 (n
= 25), PVk2 (n = 26); EVk1 (n = 25), and EVk2 (n = 26)). The nudges of the following phase will thus
build upon the previous nudging features.

Figure 13: Experimental setup of Beegy/MV

Hypotheses:
−

H1. The nudges reduce overall energy consumption and increase the self-consumption share
in both groups (all households having PV panels).
o H1b. All households reduce overall consumption of energy and increase the selfconsumption share by load shifting usage of other energy consuming components,
e.g. white goods.
o H1a. Households owning an electric vehicle will further increase their selfconsumption share by optimizing EV charging strategies.

5.6 SPRING-STOF
Finally, SPRING-STOF follows a between subject’s design, across two interventions periods (20212022 and 2022 and 2023). A ‘clean’ control group will be used, resulting in a total of three groups.
Each intervention will take a total of 20 weeks (i.e.: 4-5 months), linked to the academic year. In
sum, 100 pupils take part in the study, with 25 in the first treatment group, 25 in the second and 50
in the control group.
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−

−

−

Group 1 – Control group (n=50). This group will consist of parents whose children will not be
subjected to the course. The control group will only fill out a pre- and post-test. A pre-test is
needed to ensure that the control and treatment group are equivalent in their composition.
A post-test is needed to evaluate if there is a significant difference in energy knowledge
among parents compared to the treatment group.
Group 2 – Treatment (n=2*25). This second group will consist of parents and their children,
with the latter receiving education about energy consumption at school. The sample will be
spread across two academic years.
Both parents and children will fill out a pre- and post-test.

Estimated timeline:
−

−

T0 – Control (parents) and treatment group (parents and pupils) both fill out a pre-test
questionnaire, i.e., the pilot-specific questionnaire, focused on awareness and knowledge
concerning energy consumption. Hereafter, the course on energy consumption and
conservation takes off (+/- 5 lessons during 6 months). Data collection among the treatment
groups on energy consumption starts.
Tx – Control (parents) and treatment group (parents and pupils) both complete the second
questionnaire that consists of the outcome variables.

Outcome variables: the outcome variables will be evaluated in the pre-test and post-test. Both tests
will be filled out by parents in the control and treatment group, and by pupils in the treatment
group. Through the provision of paired data, i.e., from pupils and parents, we are able to evaluate
the impact from intergenerational education (see [10]) on self-reported measures such as,
awareness and knowledge of energy consumption, and logging of energy consumption from gas and
electricity. Awareness largely focuses on people’s awareness of their own energy consumption [11].
Energy knowledge covers the factual aspect of people’s energy literacy [11].
Hypotheses:
H1. Energy conservation education for pupils positively impacts awareness of energy consumption in
(a) pupils and (b) their parents.
H2. Energy conservation education for pupils positively impacts energy-related knowledge in (a)
pupils and (b) their parents.
H3. Energy conservation education for pupils positively impacts energy conservation behaviour in
households.
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Figure 14: Experimental setup of SPRINF-STOF

Measuring instruments
Measurements at all locations will happen through application of sensors, with slight deviations (i.e.,
some will only measure electricity, others only gas, or a combination). INEGI will additionally
measure a variety of other information, including carbon monoxide (CO), carbon dioxide (CO2).
More specifically, the measurements to take place in each pilot include:
Belgian pilot:
−
−
−
−

Energy consumption from gas and electricity (Wh)
(data logging through smart meters or weekly/monthly manual (?) meter readings)
Awareness of energy consumption (self-reported measurement, [11])
Energy-related knowledge
(self-reported measurement [11], [14])
Where possible, usage data of the smart meter and or smartphone applications.

Greek pilot:
−
−

Energy consumption from gas (Wh)
Where possible, usage data of the smart meter and/or smartphone applications.

Croatian pilot:
−
−
−

Energy consumption from electricity (Wh)
PV energy production (Wh)
Where possible, usage data of the smart meter and/or smartphone applications.

Portuguese pilot:
−
−
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Air quality parameters: indoor temperature, indoor relative humidity, CO2, PM2.5, PM10 and
VOCs (see [12])
Perceived indoor environmental quality (self-reported, see [12], [13] for a review of studies).

−
−

Energy consumption from electricity (Wh)
Where possible, usage data of the smart meter and/or smartphone applications.

German pilot:
−
−
−
−
−

PV energy production (Wh)
Grid supply and feed-in (Wh)
Energy consumption for EV-charging and for household use (Wh)
Where possible, usage data of the Web Portal and the EV charging App
Perceived effort level, perceived usefulness of information, perceived fit-to-daily routine,
perceived motivation level (self-reported measurements)

Analytic Strategy
The inclusion of a control group and/or baseline also determines the data analysis approach. Some
studies report conservation effects with reference to baseline consumption, whereas others
compare treatment group performance to control group performance. An exploratory analysis of
RCTs (n = 18, subset of studies reviewed in T1.1) demonstrates that approaches largely fall apart in
three categories:
1. Comparison reference = control group
o In combination with controlling for baseline consumption [15][16]
2. Comparison reference = baseline measurement.
o No control group included: [17][15]
o In combination with controlling for consumption in control group. This can either
through normalizing consumption (Asensio & Delmas, 2015), an equation (see
[6][18]) or as covariate.
3. Comparison with both control group and baseline measurement [19] .
Given these complexities, we favour multilevel models, linear mixed models, mixed effects models,
or hierarchical linear models. This statistical approach can be used for the analysis of both nested
data (i.e.: math results of children in different classes) or longitudinal, repeated measures data [20],
[21], as is the case in NUDGE. Especially for within-subject designs, we violate the assumption of
sample independence, i.e., participants in both measurement groups are related, or in fact the same.
Given this, Ordinary Least Squares (OLS) analyses are not appropriate. By contrast, by using a
multilevel model, we can include our participant as random effect in our analysis. Furthermore,
extraneous variables like temperature can additionally be included as random effect.
Control variables:
-
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Household occupancy [9] [6] (Peschiera, Taylor & Siegel, 2010; Asensio & Delmas, 2015),
Weather characteristics (radiation for PV-pilots, temperature, rain, snow days [9], heating &
cooling degree days/hours, Delmas & Lessem, 2015)
Time characteristics (holidays [9], day of the week (Delmas & Lessem, 2015)
Housing characteristics (e.g., surface area, presence of electric heating, PV/EV capacity) [8]
(Asensio & Delmas, 2015)
High versus low users (moderator [9])
Socioeconomic status (e.g., being an employee, mobility needs) [8] (Abrahamse & Steg,
2009)
Peak-load shifting practices [8]
Gender (thermal comfort: female x temperature Delmas & Lessem, 2014)

Changes in usage patterns across time (Delmas & Lessem, 2014):
-

-
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Cubic time trend “measures long term patterns, such as the slow adoption of electronics (or
unpacking) after moving in to a new residence hall room”
Weekly fixed effects “capture short-term time trends. These weeks correspond to the
academic calendar and will capture common events such as a midtermweek or a public
holiday”
Day of the week fixed effects “capture habitual behavior like spending less time in rooms
over weekends”
Random effects with individual level controls
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Appendix I
library("pwr")
#code for paired and two sample t-tests
pwr.t.test(d = 0.8, power = 0.80, sig.level = 0.05, type = c("paired"))
pwr.t.test(d = 0.8, power = 0.80, sig.level = 0.05, type = c("two.sample"))
pwr.t.test(d = 0.5, power = 0.80, sig.level = 0.05, type = c("paired"))
pwr.t.test(d = 0.5, power = 0.80, sig.level = 0.05, type = c("two.sample"))
pwr.t.test(d = 0.2, power = 0.80, sig.level = 0.05, type = c("paired"))
pwr.t.test(d = 0.2, power = 0.80, sig.level = 0.05, type = c("two.sample"))

library("WebPower")
# code for one way anova
pwr.anova.test(k=3,f=.1,sig.level=.05,power=.8)
pwr.anova.test(k=3,f=.25,sig.level=.05,power=.8)
pwr.anova.test(k=3,f=.4,sig.level=.05,power=.8)

# code for repeated measured anova
wp.rmanova(ng=1, nm=3, f=0.4, nscor=1, alpha=.05, power=.8,type=1)
wp.rmanova(ng=1, nm=3, f=0.25, nscor=1, alpha=.05, power=.8,type=1)
wp.rmanova(ng=1, nm=3, f=0.1, nscor=1, alpha=.05, power=.8,type=1)
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