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To date, research on demand side management has mostly focused on the determinants of electricity consumption and stated preference experiments to understand social acceptability. Further experimental research is
needed to identify the determinants for demand response schemes. This paper contributes to addressing this gap
by making use of data from a randomised control trial which contains 15 months of smart meter electricity data
combined with household characteristics and differences in incentives to shift their electricity use between 11am
and 3pm. Cluster analysis performed on electricity data identified three distinct electricity daily load profiles.
Each cluster was then linked to household characteristics by means of a multinomial logistic regression to
identify the determinants of the load curves' shapes. Findings show that occupancy presence at home, age and
appliance ownership were strong predictors. Finally, this paper is among the first to provide experimental
evidence on the determinants of load shifting. We find that households with head aged above 65, households
who belong to the cluster exhibiting a load profile characterised by a relatively high peak at noon and a low peak
in the evening, and those who received money incentives were more likely to shift electricity use towards middle
of the day (11am-3pm).
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1. Introduction
Renewable electricity generation capacity grew at a rate of more
than 8% per annum globally between 2010 and 2017. Currently, it
represents 22% of worldwide generation (IEA, 2018; IRENA, 2018). The
European Commission (2018) reached a political agreement on increasing renewable energy use, with the objective of covering at least
32% of the final energy consumption in the EU by renewables by 2030.
Similarly, Switzerland has made pledges to increase average domestic
renewable electricity generation (excluding hydropower) from
1260 GW h in 2015 to around 4400 GW h by 2020 and to around
11,400 GW h by 2035 (Federal Council of Switzerland, 2016; SFOE,
2018). These targets include a considerable proportion of intermittent
renewables (18% are targeted by 2035), and in particular photovoltaics
(Prognos, 2012). Hence, one of the key challenges of this massive reconfiguration is to balance supply and demand in order to accommodate the increasing penetration of intermittent renewable power into
the grid.

*

Load shifting is defined as the process where consumers time-shift
demand, either through behaviour change or automation, in response
to particular conditions within the electricity system, and is therefore a
potential solution to equilibrate the network. More generally, demand
flexibility is seen as an integral part of the system to support the integration of renewable energy technologies (Ofgem, 2010; Barton et al.,
2013; Torriti et al., 2015; IEA DSM, 2018; Darby, 2018). As it represents the largest percentage of many countries’ final electricity
consumption (e.g. 31% in Switzerland and in the EU) (Prognos et al.,
2017; Eurostat, 2017), the residential sector has become a primary
focus to integrate demand flexibility into the grid system.
However, not all households can be expected to respond equally to
demand response programmes. Households have different use patterns,
appliances and systems that have operational constraints and advantages, so that their potential for demand response and peak reduction will differ. In order to maximise the uptake of demand response
schemes, different approaches were employed in the literature. First,
research has mainly focused on data mining of large-scale smart meter
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data, in order to discover and understand patterns in electricity consumption, and ultimately try to enhance targeting and tailoring of demand response and energy efficiency programmes (Kwac et al., 2014;
Benítez et al., 2014; Quilumba et al., 2015). Cluster analysis was frequently applied to segment households according to their electricity
demand profiles and illustrate how each segment can be targeted with
specific demand response programmes such as time-of-use tariffs or
critical peak pricing (Chicco et al., 2004; Figueiredo et al., 2005; Verdú
et al., 2006; Tsekouras et al., 2007). For example, according to Dent
et al. (2014), households with most variability in regular activities
(defined from electricity meter data) may be the most receptive to incentives to change the timing of electricity use. However, in absence of
such information, these studies could not consider building characteristics, socio-demographics and appliance use, which might reflect on
the uptake of demand response schemes. Second, several researchers
focused on more disaggregated analysis of demand flexibility sources.
They investigated the impact of availability and use of electrical appliances on the timing and magnitude of a household's electricity consumption to set up priorities and design control strategies for demand
response. They have identified appliance types that are capable of
shifting such as refrigerators, electrical water heaters with storage, or
schedulable appliances (washing machines, dishwashers and tumble
dryers) (Paatero and Lund, 2006; Kamilaris and Pitsilledes, 2011;
THINK Project, 2013; Yu et al., 2013; Zhu et al., 2012). Third, several
studies designed stated-preference experiments and opinion surveys to
study social acceptability and willingness-to-participate in demand response programmes. On this basis, they segmented households to help
developing tailored strategies that more effectively target consumers'
preferences and needs, and thus increase the uptake rates of demand
response programmes (Oseni et al., 2013; Andrey et al., 2014; Fell,
2016; Nicolson et al., 2017; Hille et al., 2019). However, the studies
mentioned above are either based on stated preferences or on people
beliefs rather than actual or observed choices. Finally, studies focus on
different types of interventions to increase the success of the demand
response. Financial incentive-based interventions have long been used
in demand response studies and have proven successful across studies
(Voulis et al., 2017; Friis and Christensen, 2016; Bartusch et al., 2011;
Faruqui et al., 2016). Similarly, many studies found that information
feedback is also effective in fostering shifts of electricity use (Woo et al.,
2013; Abrahamse et al., 2007; Carroll et al., 2014; Vassileva et al.,
2013). However, studies comparing the two approaches are scarce
(Nilsson et al., 2018). Further experimental field research is therefore
needed to unravel the main actual determinants of demand shifting.
To address these limitations, we use data from a field experiment
conducted in northern Switzerland (Weber et al., 2017a), in which both
smart meter electricity consumption data and household characteristics
were collected. They performed a randomised control trial (RCT) with
the objective of aligning electricity consumption with solar energy
production. Two interventions were implemented to encourage
households to shift their electricity demand toward 11am-3pm. These
data allow us to investigate two key questions. First, what are the main
determinants of the daily load curves’ shape? To this end, a cluster analysis
was performed to identify patterns of electricity load curves and the
clusters thus obtained were linked to socio-demographic variables (e.g.
age, tenure, education level), building characteristics (e.g. type of
housing) and appliances (e.g. ownership of wet appliances and Information and Communication Technologies (ICT) appliances) by a
multinomial logistic regression. Second, who shifts, that is, what characteristics distinguish households who altered their load curve in response to
the interventions from those who did not? We then used electricity consumption data monitored before and after the implementation of the
interventions and linked changes in the proportion of electricity consumed between 11am and 3pm to the household characteristics, type of
intervention, type of cluster and variability.
The remainder of this paper is structured as follows. Section 2
presents the experimental design. Section 3 describes the empirical

approach and provides descriptive information on the dataset. The results of the clustering and regressions explaining the composition of
clusters and load shifting are presented in Section 4. Section 5 discusses
the policy implications and Section 6 concludes.
2. Experimental design
The data used in this paper originally come from a field experiment,
which was dedicated to assess the efficiency of various demand-response measures on residential electricity usage and conducted in a
small city located in northern Switzerland.1 All households involved
were customers of the electricity provider Groupe e and were equipped
with smart meters recording electricity usage in 15-min intervals.
Monitoring of electricity usage started in October 2013 for a total of
323 households, which were all invited to answer an online survey
designed to collect information on socio-demographic characteristics,
dwelling attributes, and appliance ownership. The survey also included
questions on respondents’ thoughts and feelings on energy conservation, renewable energy and climate change (detailed information on the
collected variables is provided in Section 3.3). For the purpose of the
field experiment, respondents to the online survey were randomly allocated by Weber et al. (2017a) to form one control and three treatment
groups. The households included in the treatment groups then received
incentives (either financial incentives or information feedback, with or
without access to an online platform) to shift their electricity use toward the period between 11am and 3pm. Treatments started on January 2014 and remained in operation until December 2014. October–December 2013 thus constitute the pre-treatment period, while
January–December 2014 constitute the treatment period.
Data cleaning was carried out on the 15-min meter readings prior to
analysis. First, a few missing values were imputed by copying the
electricity consumption observed for the same household at the same
time one week later.2 In some cases, recorded consumption totalled less
than 0.5 kW h for an entire day, which is implausibly low compared to
the expected electricity consumption of a typical household. Such days
were excluded from the database. For 14 households, there were 30
days or more with electricity usage below this threshold over October–December 2013, and we decided to completely discard these
households from the analysis. Hence, the sample dropped from 323 to
309 households. In addition, yearly electricity consumption was suspiciously low (less than 500 kW h/year) for 4 additional households,
and we also excluded them. The final sample for which we have electricity data is thus composed of 305 households, and the sample for
which we have both electricity and survey data of 123 households.
Fig. 1 shows the evolution of average monthly electricity usage of
the 305 households in our final sample, over the observation period. We
observe substantial variation over the year, which is mainly due to
seasonality and weather-related reasons. We also note that electricity
consumption averages around 3200 kW h per household, which matches well other figures available for Switzerland. For instance, Boogen
(2017) obtains 4000 kW h/year for an average household in 2010,
EnergieSchweiz (2018a) provide a figure of 3000 kW h/year for a typical 3-person household without electric heating in 2016, and numbers
provided in EnergieSchweiz (2018b) reveal an average household
consumption around 3200 kW h/year (CHF 53 per month, transformed
using a price of 20 cents/kWh) for 2016–2017. The differences between
these values are mostly explained by the inclusion or exclusion of
households with electric heating. The average proportion of electric
1
The primary objective of the field experiment was to assess responsiveness
of residential electricity users (households) to financial incentives and information feedback. A detailed presentation and analysis of the field experiment is provided in Perret et al. (2015) and Weber et al. (2017a).
2
Out of a total of more than 14 million electricity readings in 15-min intervals, there were 24,084 missing values, i.e. less than 0.2% of the observations.

2
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Fig. 1. Monthly electricity consumption per household and the monitoring period of the households.

conducted first in order to identify groups of households who display
similar load curves. A multinomial logit regression is then used to explain the composition of clusters obtained in previous step. Finally, a
hurdle model (combining a selection model and an ordinary least
square model) is estimated to identify the characteristics that influence
households’ flexibility. Table 2 presents an overview of the analysis
performed in this study and displays the samples and dataset used in
each step. A schematic overview of the number of households available
for each step of the analysis is provided in Fig. 2.

heating is around 9% in Switzerland but virtually zero in our sample.
For our purposes, the samples we use depend on the steps of our
analysis. In the first step, we want to cluster households based on their
load profiles. For this, we do not need to know any characteristics of the
households and therefore rely on the sample (305 households) for
which we have valid electricity data. At the same time, we want to
avoid our cluster analysis to be biased by the treatments that were
implemented in the field experiment. The observation period for the
cluster analysis is therefore restricted to the pre-treatment period
(October–December 2013).
In the second step, we will investigate the composition of the
clusters. To this end, we need the characteristics of the households, so
our sample will be reduced to households who have valid electricity
data and answered the online survey (123 households). This analysis
being static (only one observation per household), the observation
period is not relevant.
Finally, we will explore the determinants of flexibility, defined as
the proportion of electricity that was shifted toward 11am-3pm, in
accordance with the target assigned during the field experiment that
took place from January to December 2014. Our measurement of
flexibility is thus observed rather than expected or simulated, and this
implies we can only use households who were included in the treatment
groups. For this step of the analysis, the sample is thus composed by the
households included in either of the three treatments implemented in
the field experiment (see Table 1), while those in the control group are
excluded. The observation period corresponds to October–December
2013 and October–December 2014, from which a difference not influenced by seasonal effects can be computed. During the treatment
period, two households moved out and we exclude them from this part
of the analysis, so that our sample for this step of the analysis encompasses 60 households.

3.2. Cluster analysis
The cluster analysis is based on the load curves of 305 households,
considering only the pre-treatment period (1 October 2013–31
December 2013) in order to have load profiles unaltered by the treatments.3
One daily average profile is created for each household by averaging
the daily profiles of each household during the pre-treatment period. In
other words, the typical load profile of a household is obtained by
averaging all days of monitoring before the treatment start. In order to
have figures comparable for all households and focus on the load shape
rather than the consumption level, daily profiles are then normalised by
dividing each hourly consumption by the daily consumption, such that
the integral of the normalised profile for each household is equal to 1 in
Eqn (1):

Nih =

Eih
24
E
h = 1 ih

(1)

3
Note that the cluster analysis is based on the largest possible number of
households, i.e. all households for which we have (valid) electricity data regardless of whether we have survey data for these households or not. We did
not want to restrict the clustering analysis to those who happened to answer the
questionnaire (123 out 305). Rather, we prefer the cluster analysis on a larger
sample size as it is more robust when the sample size increases. As a robustness
check, we nevertheless ran the cluster analysis for the sample of 123 households; the cluster analysis yielded very similar results (see Appendix 2).

3. Empirical methods
3.1. Overview
Our analysis is structured in sequential steps. A cluster analysis is
3
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Table 1
Types of intervention during the treatment period.
Treatment 1 (financial incentives)

Treatment 2 (information feedback)

Treatment 3 (information feedback + online platform)

Total

21

20
−1 mover
Useable: 19

21
−1 mover
Useable: 20

62
−2 movers
Useable: 60

Useable: 21

Notes.
Within the 123 households for which survey data is available, 43 households constituted the control group for the field experiment and 18 households faced a twopart electricity tariff. These households were not assigned any objective about their electricity usage and are therefore not included in this step of the analysis.
Treatment 1 is implemented as a contest, in which cash prizes are awarded to the 15 top-ranked households on a monthly basis. Money worth of CHF 50, 30, and 10
(1 CHF is approximately equivalent to 1 USD) were given to households ranked 1–5, 6–10, 11–15, respectively. The ranking condition, which the households are
aware of, is to maximise the proportion of electricity consumed during the period from 11am to 3pm, while keeping total consumption unaltered.
Treatment 2 consists of information feedback designed to foster shifts of electricity usage toward the period from 11am to 3pm. The feedback is delivered via monthly
letters and intended to enhance households' knowledge and awareness of their electricity usage and load profile (See sample letter in Weber et al., 2017a). The letter
emphasises the importance of shifting load toward the period from 11am to 3pm and provides a tip on how to shift electricity usage.
Treatment 3 is identical to treatment 2, but households in this group additionally had access to an online platform where they could follow their real-time electricity
consumption. They are hence considered separately.
Table 2
Overview of the analysis performed in this study.
Analysis performed

Sample

Data

Purpose

Cluster analysis

305 households

Load curves from October to December 2013

Multinomial regression

123 households

Clusters' composition and household characteristics

Linear regression (Hurdle
model)

60 households

Average increase in electricity consumed in 11am-3pm from
October–December 2013 to October–December 2014, and
household characteristics

Identify various patterns of electricity load curves and
segment households.
Investigate the composition of clusters obtained from the
cluster analysis.
Investigate the determinants of the percentage of electricity
use increase between 11am and 3pm by treated households
during the field experiment.

where:

We run the cluster analysis on the normalised values of electricity
consumption without including the magnitude of electricity consumption as a feature as our interest is in the effect of household characteristics on the shape of the daily curves. Many other studies discuss
the determinants of total electricity consumption itself (see for instance
Bedir et al., 2013; Kavousian et al., 2013; Tso and Yau, 2003; Wyatt,
2013; Jones and Lomas, 2015; Jones and Lomas, 2016).

Nih = normalised load profile for household i in hour h .
Eih = electricity used by household i in hour h .
For clustering the normalised load profiles, we have taken the approach of feature-based clustering. The principle of this approach is to
extract few features to explain the shape of the load curve, thereby
reducing the dimensionality of the time series (originally 24 hourly data
points) to avoid “curse of dimensionality”, which refers to the fact that
many algorithms become intractable when the input is high-dimensional (see e.g., Bellman, 1961 and Haben et al., 2016). Several studies
demonstrate that feature-based clustering significantly improves cluster
quality relative to using raw profile data (Räsänen and Kolehmainen,
2009; Huebner et al., 2016; Yilmaz et al., 2019).
We retain five features from the normalised values to characterise
the shape of household electricity demand profiles using the approach
proposed in Yilmaz et al. (2019). First, we divide the daily profiles into
four time periods (Fig. 3): night time (10pm-7am), morning
(7am–11am), day time (11am-3pm) and evening (3pm–10pm). The
average values of the normalised profiles are calculated for each period,
and these constitute the first four features to be included in the cluster
analysis. The periods are usually determined depending on the level of
the mean demand. In addition, we enforced period 11am-3pm to be
separate, as it is the target period defined in the treatments. However, it
is important to note that Yilmaz et al. (2019) and Huebner et al. (2016)
found that cluster outcomes did not change if the periods were shifted
by ± 1 h. Then, the mean standard deviation over the four periods gives
the fifth feature. This feature expresses how much the electricity usage
varies around the daily mean. A large standard deviation implies more
variability, i.e. more ‘curving’ of the profile over the day whereas a
small standard deviation indicates little variability. K-means clustering
is applied using standard Euclidean distance as the similarity metric,
using the implementation in the scikit-learn software package in Python
(Pedregosa et al., 2011). The performance of the cluster model is
evaluated by Silhouette index.

3.3. Variables included as determinants in the regression analyses
3.3.1. Household characteristics
This section describes the variables that are used as predictors in
subsequent regression analyses. Table 3 shows the socio-economic
characteristics, dwelling characteristics, and appliances that were
considered as determinants of the clusters’ composition and load
shifting. The table also shows the descriptive information with percentages for categorical variables, or mean values and standard deviation for continuous variables, separately for the two samples used in the
different steps of the analysis. Number of appliances cannot be counted
precisely as only availability of appliances was asked and not their
number. Still, for some appliances (TVs, PCs, radios, consoles) the
number is available, and for most others (e.g., washing machines or
dishwashers), it seems legitimate to assume that households own no
more than one unit, so that it is possible to calculate an approximate
number.
Note that the number of covariates introduced in our estimations is
relatively small, as it is constrained by the limited size of our sample.
Further covariates were nevertheless tested in some models, but finally
excluded because they correlated strongly with others, which prevented
their effects from being identified accurately. This was in particular the
case for dwelling size (strongly correlated with dwelling type), number
of people (strongly correlated with presence of children), or income
(strongly correlated with dwelling type and education level).4 We
4

4

A further reason for excluding income from the analysis is that more than
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Fig. 2. Samples used for the different steps of the analysis.

Fig. 3. Average normalised profile for the households included in the cluster analysis.

discarded dwelling type (house vs. flat) as there was a clear overlap
with the tenure type; all but one of the households living in a house
were also owners.
Table 4 shows the variables about attitudes on energy conservation,
climate change and renewable resources that were asked in the online
survey. These variables were measured on a five-point Likert-scale.
Mean values and standard deviations are indicated, separately for the

two samples. Due to small size of the samples, only one variable is
calculated by averaging the answers to the seven questions. It is then
interpreted as the “environmental attitude” towards energy conservation, climate change, and renewable resources.
3.3.2. Other variables
In addition to the households' and dwellings' characteristics defined
above, we use information directly extracted from the load curves as a
possible determinant of the change in electricity consumption. In particular, the amount of variability in electricity use of each household
has been considered as an important determinant for potential load

(footnote continued)
10% of the respondents have not provided an answer to this question.
5
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second day, etc. A distribution of daily clusters is therefore obtained for
each household i , which allows to compute its entropy as follows:

Table 3
Socio-economic characteristics, dwelling characteristics and appliances.
Variable
Tenure type
Tenant
Owner
Age of respondent
18–29
30–39
40–49
50–64
65+
Education level
Low-Medium
High
Presence of children
No
Yes
Number of wet appliances
Number of ICT appliances
Presence 8am-6pm (persondays)
Number of observations

Multinomial logistic
regression

Hurdle model

K

Entropyi =

p (Ck ) ln[p (Ck )]

(2)

k=1

0.38
0.62

0.40
0.60

0.11
0.15
0.25
0.31
0.18

0.13
0.17
0.22
0.33
0.15

0.61
0.39

0.67
0.33

0.55
0.44
1.92
(1.08)
4.61
(2.03)
6.49
(5.41)
123

0.53
0.46
1.92
(1.12)
4.52
(2.01)
5.85
(5.19)
60

where:

p (Ck ) = probability of each cluster k in household's daily series.
K = total number of clusters.
Entropy is highest if inclusion in all clusters is equally likely for a
household and lowest if all daily profiles of the household fall in a
single cluster. In other words, high entropy characterises households
with a load profile that differ substantially day after day and therefore
indicates high variability in electricity use. Determining the impact of
entropy on load shifting allows us to investigate the hypothesis that
more variable households are more likely to change electricity use.
Finally, the treatment groups in which some households were allocated during the field experiment was also used as a determinant for
load shifting. Categorical variables indicate for 60 households which
treatment (financial incentives, information feedback, or information
feedback combined with online platform) they received. Indeed, considering the differences in incentives across treatment groups, we can
expect different intensity in their reactions. The goal is thus to assess
whether monetary rewards without any precise information related to
electricity usage and/or information feedback (possibly combined with
access to an online platform) can induce households to shift their load
profile.

Notes.
Percentages for binary variables; means and standard deviations in parentheses
for continuous variables. Totals do not necessarily sum to 100% because of
rounding.
High education level includes university/college and any higher training. Lowmedium education level includes high school, vocational school and lower.
Wet appliances include dishwashers, washing machines and tumble dryers.
ICT appliances include TVs, PC/laptops, radio hi-fi and consoles.

3.4. Dependent variables
In the first regression analysis, the cluster categories are used as the
dependent variable of a multinomial logistic model and linked to
household characteristics. The results of this regression will unravel the
factors driving the shape of the load profile.
The amount of load shifted will then be investigated, using the
percentage increase of electricity consumed from 11am to 3pm calculated as the difference between the mean of normalised profiles in the
pre-treatment period (October 2013–December 2013) and in (part of)
the treatment period (October 2014–December 2014). Identical months
are chosen from each of the pre-treatment and treatment period so as to
avoid weather-related differences: in winter, days are shorter (implying
more lighting use) and colder (implying more cooking and heating).
The change in the proportion 11am-3pm is then used as the dependent

shifting (e.g. Dent et al., 2014; Kwac et al., 2014). In this paper, we
define household's variability (interchangeably used with intra-household variation) as the variation in electricity use within the household
during the pre-treatment period (October 2013 to December 2013), and
we measure it by the entropy, as defined by Kwac et al. (2014) and
calculated as shown in Equation (2). To do so, a clustering method similar to that presented in Section 3.2 is applied to daily profiles independently from the household ID (instead of average single profiles
as before). It follows that the profile of each day for a given household
is assigned to a cluster, and this cluster is allowed to change over time.
For instance, Household 1's profile may be classified in Cluster 2 in the
first day of observation, while it may be classified in Cluster 3 in the
Table 4
Variables on attitudes.
Variable

Answer scale

Multinomial logistic regression

Hurdle model

Are you concerned about the effect of the energy consumption on the climate
change?
Do you think your habits might have an influence on fighting the climate
change?
Do you pay attention to your energy consumption?

1 = not at all, …,
5 = very concerned
1 = no influence at all, …,
5 = big influence
1 = not at all, …,
5 = very much
1 = not necessary, …,
5 = necessary
1 = not at all, …,
5 = very much
1 = not at all, …,
5 = very much
1 = not at all, …,
5 = very much
Average of the answers to the seven questions
above

3.94
(0.96)
3.53
(1.02)
3.94
(0.91)
4.41
(0.83)
3.41
(1.22)
4.28
(0.95)
4.09
(1.01)
3.94
(0.67)
123

3.83
(0.98)
3.53
(1.03)
3.90
(0.97)
4.35
(0.86)
3.37
(1.28)
4.12
(1.08)
4.08
(1.09)
3.88
(0.75)
60

What do you think about renewable energy?
Do you give importance that your supply comes from a renewable energy
source?
When you are buying an appliance, are you giving attention to its energy
consumption?
When you are buying a car, are you giving attention to its fuel consumption?
Environmental attitude
Number of observations

Notes: means and standard deviations in parentheses. The Cronbach's alpha coefficient for the 7 items composing the environmental attitude scale is 0.799, which
shows that there is good internal consistency and therefore that averaging these items is justified.
6
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Fig. 4. Centroids of the load profiles, by cluster.

variable in a second regression analysis, namely a hurdle model. Cluster
categories then become independent categorical variables. The objective is to determine whether certain cluster profiles are more likely to
successfully shift their usage to the afternoon.

characteristics influence load shifting. The first step of our analysis
shows that households in the treatment groups were only partly successful, the average proportion increasing by less than 0.5 percentage
point. Almost half of the households included in the treatment groups
(29 out of 60) in fact did even decrease their proportion of electricity
consumed between 11am and 3pm while their stated objective was the
opposite.
Since we are not interested in proportions that decreased, we distinguish between two types of households as the unsuccessful (i.e. the
ones who did not increase the proportion) and the successful (i.e. the
ones who were able to increase the proportion). We then rely on a
hurdle model (see Cragg, 1971; Belotti et al., 2015), which combines a
selection model with an outcome model. The selection model thus allows us to distinguish between successful and unsuccessful households,
while the outcome model focuses on the successful households and
explains the extent of the proportion changes.
The hurdle model is characterised by the relationship yi = si yi*,
where yi* is the change in proportion 11am-3pm realised by household i
if it was successful in increasing this proportion. The selection variable
si takes the value 1 if the household was successful and 0 if it was
unsuccessful, so the selection equation shown in Eqn (5) writes:

3.5. Statistical analysis
3.5.1. Multinomial regression
To investigate the characteristics influencing the clusters’ composition, multinomial regression models (logit) were used to explain the
probability that household i is assigned to cluster k shown in Eqn (3):
1
1+

Pr(yi = k|x i) =

for k = 1 (reference category)

3
j = 2 exp xi j

exp(xi k )
1+

for k = 2, 3

3
j = 2 exp xi j

(3)

where x i is a row vector of independent variables for household i , and
k is the vector of coefficients for cluster k . The interested reader can
find a detailed description of multinomial logit models in Greene (2018,
chapter 18).
The coefficients of a multinomial logit do not represent changes in
probabilities and are difficult to interpret per se. Therefore, marginal
effects are usually computed, for instance for covariate x i and cluster k
shown in Eqn (4):

Pr(yi = k|x i)
= Pr(yi = k|xi )
xi

si =

Pr(yi = j|x i)
j =2

j

(5)

where z i is a vector of explanatory variables, is a vector of coefficients, and i is an error term that follows a standard normal distribution. The outcome variable yi* is only observed when it is positive, that
is when si = 1, and the outcome equation shown in Eqn (6) then writes:

3
k

1 if z i + i > 0
0
otherwise

(4)

Precisely, the marginal effects can be interpreted as the effect of a
one-unit increase in the independent variable on the probability of a
household being included in cluster k . For binary covariates, marginal
effects indicate the effects of a change from 0 to 1. The marginal effects
of each variable on the different alternatives sum up to zero by definition.

yi* = x i +

i

(6)

where x i is a vector of explanatory variables, is a vector of coefficients, and i is an error term that follows a truncated normal distribution with lower truncation point x i . The output of the hurdle
model is hence composed of two equations: the selection equation (i.e.
the hurdle), and the outcome equation, a linear model based only on
households who passed the hurdle. The software Stata is used to estimate both multinomial regression (Section 3.5.1, command mlogit) and
the hurdle model (command churdle).

3.6. Hurdle model
In a second regression analysis, we seek to unravel which individual
7
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Table 5
Mean values of the five features considered in the cluster analysis, by cluster (N = 305).
Cluster

Number of households

Morning (7am–11am)

Day time (11am-3pm)

Evening (3pm–10pm)

Night (10pm-7am)

Std. dev.

1
2
3

140 (45.9%)
87 (28.5%)
78 (25.6%)

0.043
0.028
0.042

0.047
0.038
0.065

0.053
0.069
0.055

0.030
0.029
0.020

0.012
0.021
0.021

4. Results

Table 6
Multinomial logit regression for socio-demographic, dwelling and appliance
characteristics (marginal effects) (N = 123).

4.1. Cluster analysis
The cluster analysis of the households’ average load profiles yielded
three distinct groups, respectively composed of 140 (45.9% of the
sample), 87 (28.5%), and 78 (25.6%) households. As shown in Fig. 4,
the daily profile shapes are clearly distinguishable (average silhouette
score = 0.28; see Appendix 1 for the silhouette scores calculated for
varying number of number of clusters). All clusters display a relatively
standard load profile, with morning and evening peak. However,
households in Cluster 1 have morning and evening peaks that are both
less sharp. Cluster 2 has comparatively lower morning peak, and a
sharp evening peak. Finally, Cluster 3 shows a relatively high use of
electricity centred around midday, with a considerably lower evening
peak.
Table 5 shows the mean values of the five features (mean of
morning, day time, evening, night and standard deviation), by cluster.
Cluster 1 daily profiles have the lowest variation (std. dev. 0.012) with
a relatively smoother electricity use profile and represents the largest
cluster with 46% of the sample. Clusters 2 and 3 have higher variation,
both with a standard deviation of 0.021.

Status (1 = owner)
Age of respondent: 30–39
Age of respondent: 40–49
Age of respondent: 50–64
Age of respondent: 65+
High education level
Presence of kids in HH
Presence 8am-6pm (person-days)
Wet appliances (number)
ICT appliances (number)
Environmental concerns (index)

4.2. Determinants of load profile shape

# Obs. in cluster

We investigate the determinants of the load profile shapes using a
multinomial regression. Since the coefficients of such models are not
directly interpretable (see Section 3.5.1) and for the sake of space, only
the marginal effects at the means obtained in the logit model are reported in Table 6.5 In the following, the influence of each characteristic
on the composition of each cluster is discussed.

Cluster 2

Cluster 3

−0.068
(0.131)
−0.029
(0.226)
−0.147
(0.217)
−0.149
(0.210)
−0.226
(0.225)
0.005
(0.103)
−0.157
(0.134)
0.004
(0.010)
0.110*
(0.059)
−0.035
(0.028)
−0.011
(0.072)

0.087
(0.108)
−0.127
(0.142)
−0.083
(0.132)
−0.194
(0.129)
−0.268*
(0.157)
0.005
(0.082)
−0.070
(0.098)
−0.018**
(0.009)
−0.109**
(0.046)
0.029
(0.024)
0.037
(0.053)

−0.019
(0.118)
0.157
(0.254)
0.230
(0.241)
0.342
(0.234)
0.494**
(0.242)
−0.010
(0.094)
0.227*
(0.126)
0.014
(0.009)
−0.001
(0.054)
0.006
(0.025)
−0.025
(0.068)

57

28

38

Notes: Standard errors in parentheses. */**/*** significant at 10/5/1%.
Marginal effects computed at the sample means (discrete change from the base
level for binary variables).

exhibits a large peak during the day compared to the other clusters.
4.3. Determinants of load shifting

4.2.1. Cluster 1
Households which own more wet appliances are more likely to be
included in Cluster 1 compared to Clusters 2 and 3. No other coefficients are significantly estimated for this cluster.

Table 7 shows the results obtained with the hurdle model. As could
be expected considering the small number of observations, only few
variables are significant. In the selection model, only the presence of
children is significant (at the 10% level), which indicates that households are more likely to be successful electricity use shifters if they have
children. Presumably, this effect is indirect and caused by the fact that
parents use to come home at noon to have lunch with their children. It
should be emphasized that entropy, albeit showing a positive point
estimate, does not appear to be a significant determinant of success in
load shifting. This non-result tends to contradict the usual assumption
according to which households with more variability may be more receptive to incentives to load shifting.
Among the households who were successful in increasing their
proportion of electricity used between 11am and 3pm, the extent of the
increase is described by the outcome equation. As expected, it appears
that households in Cluster 3 were able to shift a larger proportion. On
average, they shifted above 11 percentage points of their load curve
more than households in Cluster 1. Cluster 3 has a large peak at noon
which implies the occupancy presence in the time period therefore
increases the probability of participating in the demand response programme. Similarly, load shifting was more pronounced when the head
of household is aged 65 or more, which is likely due to the less stringent
time constraints faced by these households. Presence of children also
appears to be raising the proportion of load shifting, but the statistical

4.2.2. Cluster 2
Older age categories are under-represented in this cluster, with
significant coefficients for the households with head aged above 65.
Households in Cluster 2 are also less likely to be home during the day.
Hence, these households are most often composed of young and active
(less present at home between 8am and 6pm) individuals, who only
come home at the end of the day, which explains the relatively low
consumption during the day and the high peak in the evening. Finally,
households who have this cluster profile possess relatively fewer wet
appliances.
4.2.3. Cluster 3
Households in Cluster 3 are composed of relatively old individuals,
with the age category above 65 years old being a strongly significant
predictor. The number of people present at home between 8am and
6pm also exerts a positive and (weakly) significant influence. The
presence of children has a positive impact as well. All these determinants make sense in view of the load curve shape of this cluster, which
5

Cluster 1

All results' tables are available on request.
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studies focusing on demand response potentials based on the households’ socio-demographic and dwelling characteristics. These findings
may prove especially useful where metering/smart meter is not available, (Haben et al., 2016) which is currently the case of most households in Switzerland. SFOE (2015) reported the share of Swiss households equipped with smart meters at 2% in 2015. According to the
latest statistics from the Swiss Household Energy Demand Survey
(SHEDS; see Weber et al., 2017b), this share is roughly 9%. The Swiss
government has nevertheless planned a general roll-out with a law
stating that the proportion of equipped households must reach 80% by
2027.6
Socio-economic variables such as tenure type or education had
nearly no impact on the shape of the daily curve. These variables,
however, had a significant (positive or negative) effect on the level of
household electricity consumption as found in more than 20 studies
(Jones and Lomas, 2015). With respect to the ownership of specific
appliances, ICT appliances had no effect on the load curve's shape. Wet
appliances on the other hand were less likely found in cluster profile
which have relatively lower use during the day (Cluster 2 compared to
Clusters 1 and 3).
This study found out that attitudes reported in the survey had no
effect. Many studies have found out similar results for the total electricity consumption such that self-reported attitudes on climate change
and pro-environmental behaviours had a small effect on electricity
consumption (Mansouri et al., 1996; Huebner et al., 2016). Through the
variable indicating whether household members are present at home
between 8am and 6pm during weekdays, we can infer that employment
status had an impact on the shape of the load curve. Households who
are less present during the day were thus more likely to have a load
profile similar to Cluster 2, with low electricity use during daytime,
whereas more present households were more likely as Cluster 3, with a
high peak at noon.
This study relied on experimental research data with households
who were actually provided with incentives to shift rather than on simulations or stated preferences. Our results should thus be of great
value to utilities interested in shifting electricity use to times of afternoon when photovoltaic supply is at its maximum, thereby reducing the
need for additional generation and transmission network capacity. The
results did not reveal any association between the entropy (indicating
variability in electricity use patterns) and the shift of electricity use.
This finding challenges the two assumptions made by Kwac et al.
(2014) and Dent et al. (2014). Kwac et al. (2014) argue that it could be
easier to target demand response programmes to a more stable household that has the same load shape every day than one that is highly
variable. Conversely, Dent et al. (2014) suggest that households
showing very little variability in the timing of their regular activities
can be considered as “creatures of habit”, so that these households may
not respond well to an incentive to change behaviour. Results also
showed that households with kids (used as a proxy for families) were
associated to more shifting of electricity use. This contradicts with
several consumer organisations who have sometimes argued that time
of use tariffs will not be popular amongst people with children
(Consumer Focus, 2012; Energy and Climate Change Select Committee,
2015). Contrarily, through a stated-preference survey, Nicolson et al.
(2017) found out the willingness to switch to a time-of-use tariff did not
vary across people living in households with and without children and
employment status.
Households showing a steep morning peak and composed of individuals older than 65 were found to perform better at load shifting.
One may naturally expect such households to be more responsive,
considering they have greater flexibility in their daily activities than
households mostly composed of people in employment.

Table 7
Coefficients of hurdle model.
Outcome equation

Selection equation
–

Entropy

3.797
(4.989)
11.358**
(4.476)
6.067+
(3.977)
0.064
(4.204)
−7.221**
(3.341)
0.414
(1.566)
5.804+
(3.835)
4.788
(4.500)
0.776
(5.892)
−3.812
(5.314)
11.650*
(6.592)
−0.739+
(0.460)
–

Environmental concerns (index)

–

Intercept

−6.298
(7.106)

Pseudo-R2
# Obs.

0.180
60

Cluster 2
Cluster 3
Treatment 1
Treatment 3
Status (1 = owner)
Wet appliances (number)
Presence of kids in HH
Age of respondent: 30–39
Age of respondent: 40–49
Age of respondent: 50–64
Age of respondent: 65+
Presence 8am-6pm (person-days)

–
–
–
–
–
0.730*
(0.437)
−0.277
(0.632)
−0.836
(0.605)
−0.345
(0.538)
0.267
(0.703)
−0.006
(0.040)
1.930
(1.880)
−0.108
(0.237)
−0.448
(1.208)

Notes: Standard errors in parentheses. +/*/**/***: significant at 15/10/5/1%.
Marginal effects computed at the sample means (discrete change from the base
level for binary variables).

significance is low. Households submitted to monetary incentives
during the field experiment (Treatment 1) have increased their percentage more than households who received monthly information
feedback (Treatments 2, i.e. omitted category, and 3). While this
coefficient is relatively large, it is only weakly significant (significant at
the 15% level). It moreover appears that homeowners have shifted less,
which might be interpreted as an indirect effect of income. Wealthier
households can indeed be expected to be less sensitive to incentives (in
particular financial ones) and would therefore tend to react less. All
other coefficients appear statistically non-significant.
5. Discussion
5.1. Implications of the study findings
The cluster analysis on average household profiles identified three
distinct patterns of electricity use over the course of the day. Cluster 1,
composed by almost half of the sample, is characterised by a relatively
low variability of electricity usage over the day. Its load profile displays
two relatively moderate peaks at noon and in the evening. Clusters 2
and 3 exhibit a single strong peak, in the evening for Cluster 2 but at
noon for Cluster 3. Different load curve shapes might reflect different
ownership of appliances, presence at home and so on. Therefore, a
closer look at the difference in building characteristics, socio-demographics and appliance use is of interest in this regard. The interest of
our study is enhanced because such combined datasets are seldom
available.
Our analysis makes it possible to classify households and the electricity use patterns based on individual characteristics (e.g. dwelling
type, age). This provides a basis to pre-screen households for future

6
See Article 31e of the Stromversorgungsverordnung (StromVV, in German) or
the Ordonnance sur l'approvisionnement en électricité (OApEl, in French).

9

Energy Policy 133 (2019) 110909

S. Yilmaz, et al.

patterns of electricity load curves. The cluster analysis on average
household profiles identified three distinct patterns of electricity use
over the course of the day.
A multinomial regression was then applied to 123 households to
link their socio-demographic characteristics (e.g. age, presence of
children, and education level) and appliances (e.g. ownership of
washing machines and tumble dryers). This analysis provides a useful
indication of how household characteristics affect load profile shapes.
The results should be of key importance to utilities and policy makers
who are interested in demand response potentials based on the
households’ socio-demographic and dwelling characteristics. The results suggest that characteristics such as age and presence at home
during the day are strong determinants of the load profile shape. In
addition, we found that households with children were significantly
more likely to be included in the cluster displaying a profile with relatively higher late morning/midday electricity use. On the other hand,
households who own wet appliances were less likely to be in the cluster
with relatively low electricity use during the day and high peak in the
evening.
The second regression analysis, based on a hurdle model, was performed to link household characteristics to those who successfully
shifted their electricity use to 11am-3pm during the treatment period.
The results demonstrate that presence at home was a significant determinant of load shifting. Households with head aged above 65,
households exhibiting electricity use patterns that have relatively high
peak at noon, and households with children (low significance) were
found to be more likely to shift their load towards 11am-3pm. These
results show that stronger efforts of home automation systems for load
shifting should be made in order to involve households whose members
are not present for most of the day. Additionally, households who received money incentives were more likely to shift than those who received information.
This paper provides a basis for advice and guidance to households,
by policy makers and energy companies, that would enable them to be
included in demand response programmes for the future planning of the
Swiss energy supply network with increased renewable power generation. Future research should seek to understand the effects of those
socio-economic, dwelling and appliance factors for different demand
response programmes.

The ownership of wet appliances was not found as significantly
associated with the percentage of shift of electricity use. However,
many surveys have nevertheless stated higher willingness to accept
demand response in wet appliances (up to 30%) compared to other
appliances such as cooking (Platchkov et al., 2011; Oseni et al., 2013;
Spence et al., 2015). It is important to note that there is no follow-up
study to understand which appliances’ use were shifted towards 11am3pm. Last but not least, the results showed that households that receive
monetary incentives are more likely to shift than those who receive
information on their electricity consumption as a motivation. Therefore, money-incentive can be considered to increase the success of the
demand response.
This study emphasises that cluster analysis on smart meter data
alone is not sufficient to drive conclusions for policy makers.
Qualitative data such as household characteristics, appliances and
opinions/attitudes are important to understand the drivers and motivation behind the decision making of demand shifting. As this study
found out, other factors such as incentives, can be the key factors for the
success of demand response schemes not only the variation in the
electricity demand profiles. The effect of these factor is also likely to
differ under various network tariffs.
5.2. Limitations and future research
The results were obtained based on relatively small samples, composed of 60–305 dwellings (depending on the step of the analysis) located in a single town of western Switzerland. Extrapolating the results
to the wider population of Swiss homes or even further may therefore
not be appropriate. A larger national-scale study of appliance ownership and monitored electricity use data would therefore be a valuable
extension to the current work and could also be used to validate the
findings of the current study. Additionally, variables for which no impact could be identified with our sample such as house ownership or
environmental concerns may become significant determinants with
higher sample size. However, it should be noted that increasing the
sample size does not mean it automatically solves the size issues as
more clusters can be discovered and still the sample size within the subcategory i.e. cluster can be small. For this study, only the shifting towards the period between 11am and 3pm is considered, therefore
success rate for demand response scheme is only measured by looking
at the increase of the usage in this time window. For future work, a
range of potential demand response schemes should be covered conducting a similar survey of household characteristics.
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6. Conclusions and policy implications
In this paper, a cluster analysis was applied to average household
electricity profiles of 305 dwellings in Switzerland to identify the
Appendix 1

For this study, the performance of the cluster model is evaluated by the silhouette score shown in equation defined by Rousseeuw (1987) shown
in Eqn (7):

Silhouette =

b a
max(a, b)

(7)

where:

a = average intra-cluster distance,
b = average shortest distance to another cluster.
This metric compares the model parameters based on cluster geometry in terms of compactness (elements are close to one another within the
cluster) and distinctness (the centres of the clusters are far away as from another cluster centre). The silhouette score has a range of [-1, +1], where a
score close to +1 indicates that the object is similar to other objects in its own cluster and dissimilar to objects in other clusters. A zero or negative
score indicates that an object is either not very similar to others in its own cluster or is very similar to objects in different clusters. The silhouette
score may be calculated for every clustered object and as an average for the whole dataset. We calculate the silhouette score using the scikit-learn
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package with additional optimisations to facilitate work with large data samples.
Figure A1 shows the average silhouette scored calculated for varying number of cluster (2–20). As can be seen silhouette score is the highest
(0.29) when “k” is equal to 3. Therefore, we choose “3” as the optimised number of clusters for our analysis.

Figure A1. Average silhouette scores for varying number of clusters

Appendix 2
Figure A2shows the centroid of the load profiles by clusters based on cluster analysis of 305 and 123 households.

Fig. A2. Comparison of the centroids of the load profiles, by cluster based on 305 and 123 households2

Table A1 and Table A2 show the mean values of the five features (mean of morning, day time, evening, night and standard deviation), by cluster
for cluster analysis based on 305 and 123 households, respectively.
Table A1

Mean values of the five features considered in the cluster analysis, by cluster (N = 305)
Cluster

Number of households

Morning (7am–11am)

Day time (11am-3pm)

Evening (3pm–10pm)

Night (10pm-7am)

Std. dev.

1
2
3

140 (45.9%)
87 (28.5%)
78 (25.6%)

0.043
0.028
0.042

0.047
0.038
0.065

0.053
0.069
0.055

0.030
0.029
0.020

0.012
0.021
0.021

Table A2

Mean values of the five features considered in the cluster analysis, by cluster (N = 123)
Cluster

Number of households

Morning (7am–11am)

Day time (11am-3pm)

Evening (3pm–10pm)

Night (10pm-7am)

Std. dev.

1
2
3

58 (47.2%)
34 (27.6%)
31 (25.2%)

0.043
0.029
0.037

0.049
0.041
0.066

0.054
0.066
0.057

0.028
0.029
0.022

0.013
0.018
0.021
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