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Abstract Smart meters can help citizens in optimiz-
ing energy consumption patterns. However, mixed
evidence exists on their effectiveness in reducing
energy demand and especially in levelling off the daily
peaks of electricity load curves. Here, we evaluate the
impact of providing real-time feedback on electricity
consumption from a field trial in Italy. We combine
standard regressions with machine learning techniques
on high-frequency data to quantify impacts on both
levels and patterns of electricity use. Results indicate
that real-time feedback can moderately decrease elec-
tricity consumption (between 0.5 and 1.9% depending
on model specification), but that it does not promote
load shifting throughout the day by itself. Machine
learning reveals evidence of significant household
heterogeneity in the behavioral response.
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Introduction

Europe has set ambitious policy targets for energy
and climate, intending to develop a sustainable, low-
carbon society. Existing policy packages, such as the
2030 energy and climate strategy and the EU Green
Deal, have emphasized a variety of proposed tools.
These include carbon pricing, incentives to renewable
and other low-carbon energy, and energy efficiency
measures. These policies, pushed together with the
liberalization of the EU electricity markets, are having
profound repercussions on the energy industry. While
our energy supply systems undergo a necessary transi-
tion toward lower carbon-emitting alternatives, power
utilities are also considering the potential coming from
the demand side. Utilities no longer provide electricity
or gas alone but are now providers of energy services,
aimed at improving customer experience.

Avoiding inefficient behaviors and appliances in
households (HHs) have multiple benefits. On one
hand, households can reduce their energy bills by
reducing or shifting consumption. On the other, power
providers can avoid potentially costly and carbon-
intensive on-peak production, as well as investments
in networks and plants to sustain otherwise higher
future peak demands. Since members of households
are often unaware of their precise consumption levels
over time, one way of engaging them is via frequent
information feedback on their consumption. Thanks
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to the increasing deployment of smart meters, i.e.,
electronic devices that record consumption of electric
energy sub-hourly for monitoring and billing pur-
poses, real-time feedback is now a viable and afford-
able option. Smart meters are indeed being deployed
at a very fast rate, with almost 200 million devices
expected to be operational in the EU in 2020.1 Such
technology has the capability of recording and com-
municating energy consumption levels at a high tem-
poral resolution (e.g., 15 min or less), thus enabling
consumers to take control of their energy bills.

Policy makers have promoted information programs,
claiming their high potential and cost-effectiveness
for energy conservation. The rationale for this policy
intervention is that users are often unaware of their
energy footprint, either because of the high costs of
acquiring this information or because of behavioral
factors such as limited attention, present bias, and lim-
ited salience (Allcott and Mullainathan 2010). How-
ever, critics remain due to mixed empirical findings.

This paper applies for the first time a combination of
econometric and machine learning models to a large-
scale dataset of high-frequency residential power con-
sumption readings recently collected by a major energy
utility in Italy. The goal is to provide new empirical
evidence on the still debated extent to which real-time
feedback of residential power consumption can pro-
mote energy conservation behaviors. We improve on
previous studies in two ways. First, we offer novel
estimates of the energy conservation effect and its
persistence over time, testing for alternative model for-
mulations based on subsamples varying in size, infor-
mation set, and time resolution. Second, we exploit the
high-frequency data to study how real-time feedback
impacted daily power consumption not only in abso-
lute levels but also in their distribution throughout the
day. Our study eventually contributes to a developing
literature set to inform cost-effective behavioral inter-
ventions for improving residential energy savings,
with lessons possibly extensible to contexts beyond
the Italian one they originated from.

Literature review

People’s perceptions of energy consumption can have
significant discrepancies with reality (Attari et al.

1See https://ses.jrc.ec.europa.eu/publications/reports/benchmarking-
smart-metering-deployment-eu-27-focus-electricity

2010). In particular, low-energy activities tend to be
overestimated and high-energy activities tend to be
largely underestimated. This justifies the exploration
of behavioral interventions to promote lower energy
use and more environmentally friendly decisions. So
far, the majority of studies has provided strong empir-
ical support for social comparison interventions (All-
cott 2011). Evidence for other types of interventions is
still mixed (Andor and Fels 2018), including for infor-
mation feedback type of programs which is the focus
of this paper.

Several field experiments have been conducted to
understand the causal impact of such information pro-
grams. On one hand, information feedback seems
to strengthen the price elasticity of demand, mak-
ing interventions like dynamic pricing more effective
(Jessoe and Rapson 2014). On the other, it suppos-
edly induces electricity savings (Schleich et al. 2013;
Attari et al. 2014; Lynham et al. 2016). This result
is driven both by the process of learning about the
energy consumption of different activities as well as
of reminding of one’s energy use, with possibly the
former being a stronger driver (Lynham et al. 2016).
Regarding relative average consumption reductions,
two papers performed a meta-analysis of the many
available studies (Karlin et al. 2015; McKerracher and
Torriti 2013). We refer the readers to the references
therein for exhaustive coverage of the literature on the
topic.

Karlin et al. (2015) consider 42 studies with an
effect size on power consumption ranging from −8
to above 20%. Their meta-model estimates an overall
reduction between 4 and 12%, depending on dif-
ferent aggregation schemes. Several treatment vari-
ables moderate this relationship, including frequency
of feedback, medium, comparison message, duration,
and combination with other interventions (e.g., goal,
incentive). Feedback turns out to be more effective
especially when combined with goal-setting or exter-
nal incentive interventions, and is somewhat brief
(e.g., less than 3 months) or quite long (e.g., longer
than 1 year). McKerracher and Torriti (2013) come
up with more conservative estimates in their meta-
analysis. Especially focusing on the lower estimates
of more recent studies with larger sample sizes and
more representative sample selection and recruitment
methods, the authors argue that a realistic, large-scale
conservation effect from feedback is in the range of 3–
5%. These estimates are significantly lower than what

https://ses.jrc.ec.europa.eu/publications/reports/benchmarking-smart-metering-deployment-eu-27-focus-electricity
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are suggested in earlier studies but are supposed to
be more robust, given the very large sample sizes of
recent trials. It should be remarked that even if rel-
ative reductions do not appear to be large, they are
in fact considered very significant from the industry
viewpoint. If these results can be generalized, given
the large share of energy consumed in the residential
and commercial sectors, they can go a long way in
improving energy efficiency, especially in the light of
the very low price elasticities observed in residential
energy. Among available types of feedback, real-time
household-level feedback seems to be the most effec-
tive in overcoming imperfect information and inatten-
tion biases, with potentially large conservation effects
(Tiefenbeck et al. 2016).

As technology becomes cheaper and consumption
data more readily available, interest in high-frequency
feedback has been rising. Houde et al. (2013) take
advantage of hourly data from a long-lasting real-time
feedback field experiment and also look into time-
of-day reduction effects and persistence of the effect
over time. In this case, access to feedback leads to an
average reduction in household electricity consump-
tion of 5.7%, persisting for up to 4 weeks. Another
experiment combined in-home displays for real-time
feedback with interventions involving moral suasion
and economic incentives (Ito et al. 2018). Moral sua-
sion led to 8% short-run power usage reductions,
while economic incentives doubled reductions and
made them more persistent, supporting the synergy
between information and dynamic pricing.

Despite the magnitude of the consumption savings,
a recurring finding is high heterogeneity in the impact
estimates. Apart from differences in experimental
setups, both socio-demographic and psychological
variables can explain the variety in consumption lev-
els and response to information feedback (Abrahamse
and Steg 2009). Nonetheless, often the relationship
between these variables and treatment effects is not
evident (Houde et al. 2013), and larger studies are still
required.

Availability of hourly consumption data can pro-
vide further insights on how people behave. Machine
learning, and in particular clustering, has been applied
in the past to understand patterns of consumption
better. Although several approaches are documented
(Wang et al. 2015), some are of more immediate appli-
cation and interpretation, like the one by Kwac et al.
(2014), focusing on the direct clustering of normalized

load shapes. These methods have mostly been used
in the context of static load profiling rather than for
detecting behavioral changes.

This work combines the classical regression
approach, as in Houde et al. (2013), with a machine
learning approach, as in Kwac et al. (2014), to under-
stand better if and how power consumption behavior
changed concurrently with the installation of in-home
displays providing real-time feedback in a large sam-
ple of Italian households.

Only one other peer-reviewed article uses this same
dataset (Fontana et al. 2019), but with important dif-
ferences. Their identification strategy relies only on
a before–after comparison, while here we exploit the
gradual phase-in design to disentangle the effect from
an already decreasing energy consumption trend. This
could justify the fact that Fontana et al. (2019) find
a higher average conservation effect. Furthermore,
the authors focus on correlating the effect on hourly
power consumption to appliances ownership, rather
than considering aggregate behavior like we do here.
They find no statistically significant evidence for such
correlation, which might be consistent with our inabil-
ity as well of detecting clear sub-daily load shifts.

The in-home display

In 2011, a large European power utility company
started a 3-year-long pilot project in the area of Iser-
nia (mid-south Italy) to test new smart-grid-related
technologies and inform future network restructuring
plans. One part of the project dealt with customer
engagement for demand response. In this context, a
kit was distributed to thousands of end-users to enable
active participation by making people aware of how
much electricity they were consuming.

The main interaction with the kit occurs via a dis-
play installed in the house, informing users about
instantaneous consumption, as well as daily, weekly,
and monthly summaries (Fig. 1). The display also pro-
vides information about the current billing slot (days
are split into 3 billing periods: peak (F1), intermedi-
ate (F2), and off-peak (F3)) and the time at which the
next slot will enter into force. If users enter informa-
tion about their billing tariffs, they also get feedback
on monetary expenditures. Users can set goals, and are
also warned by an acoustic signal when their power
consumption exceeds the contractual obligation (set at
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Fig. 1 Features of the in-home display for real-time power consumption information feedback, distributed to households in the
province of Isernia

3 kW for most customers).
The display was distributed to residents of Iser-

nia City and surrounding municipalities for free. The
company focused on this area for technical reasons,
related to the feasibility of high-frequency consump-
tion data measurement and transmission. The display
was not randomly allocated: it was first distributed
outside the city, and subsequently in the city. The
company advertised this opportunity through media
campaigns. They faced initial difficulties in recruit-
ing enough volunteers, possibly for concerns about
privacy or simply lack of advertisement. They sub-
sequently intensified the promotional campaign, by
hosting meetings within local communities, in schools
and other public spaces. This had the effect of increas-
ing participation quite rapidly.

Overall, the trial was not carried out according to the
golden rules of randomized controlled trials. Hence,
the design is subject to possible self-selection, a trait
common to all voluntary-based programs. Further-
more, no data were collected on consumers outside
the program, which could have been used to miti-

gate the selection bias, e.g., by balancing untreated
and treated groups via propensity score matching. For
treatment estimation, we compensate for the lack of
an untreated group by exploiting the gradual phase-in
design of the pilot, as done in similar nonrandom-
ized observational studies. In particular, we test for
potential imbalances between those who receive the
display earlier and those who receive it later, and con-
trol for biasing factors in those model specifications
where these factors appear explicitly. We also repeat
the analysis focusing on the central time periods of
the experiment, where the balance between untreated
and treated is potentially greater (see “Regression of
daily electricity consumption”). In terms of external
validity, we can only provide a comparison between
the studied sample and available historical statistics to
have a sense of how dissimilar our sample is from the
population. Despite its limits, the trial still provides
useful information on energy consumption behavior,
it is the first one carried out in Italy on such a large
scale, and it can still inform expectations on similarly
designed future campaigns by energy utilities.

section*.7
section*.7
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Methods

The kit, containing the in-home display used for con-
sumption feedback testing, was distributed to thou-
sands of households in the province of Isernia in Italy.
Recruitment occurred voluntarily and was supported
through several channels. Between June and Septem-
ber 2012, the kit was promoted with informational
days at schools, mass marketing, and collaborations
with public authorities and institutions. The official
recruitment started in November 2012, while informal
tests were running since August. Among those who
adhered to the initiative, only a sub-sample, which will
be called the “Client” sample, had the in-home dis-
play still active at the end of the test period, namely
December 2014. This sample excludes non-domestic
or non-resident customers, as well as those with a
power contract other than 3 kW or 4.5 kW, as pat-
terns of consumption may be very different in these
cases. For each household in the “Client” sample, the
utility provided data on monthly energy consumption
between January 2012 and December 2014, split by
billing time slot.2 Extra available information includes
contractual power and municipality at the moment
of joining the program, as well as date of delivery
and version of the display. With “Survey” sample, we
denote a subset of the “Client” households that agreed
to provide also information on the demographics of
family members, the number of appliances available
in the house, and some characteristics of the dwelling.

For another subset of the “Client” households,
which will be referred to as the “Load” sample, it was
possible to obtain higher frequency readings of energy
consumed, i.e., every 15 min, at least for a fraction of
the full 3-year span. The collected load curves are re-
sampled to 1-h time steps for this analysis. To filter
outliers on the higher end, we assume that electricity
can be withdrawn at most with power exceeding 10%
the contractual value. Hourly readings exceeding 3.3
kWh or 4.95 kWh are thus removed for 3-kW or 4.5-kW
contracts households respectively. These thresholds

2time of use is classified into 3 categories: F1 (on-peak), from
Monday to Friday 8am–7pm, national holidays excluded; F2
(intermediate), from Monday to Friday 7am–8am and 7pm–
11pm, plus Saturday 7am–11pm; F3 (off-peak), from Monday
to Saturday 11pm–7am, plus Sunday and national holidays.
Depending on the contract, different time slots may have differ-
ent prices, with the most popular billing having a higher price
for F1 and a lower price for both F2 and F3.

represent the same power levels above which ser-
vice would generally be discontinued after a while.
Still, only a tiny fraction of observations exceed these
extremes, corresponding to around 99.999% quantiles
of their respective datasets. A slightly more restrictive
threshold is assumed on the lower end, removing data
below the 0.1% quantile (i.e., 4 Wh). This should fil-
ter very low readings which might correspond to either
faulty sensors, blackouts, or empty houses, i.e., not
interesting cases for the analysis. Gaps up to 2 h of
missing data are interpolated linearly from available
values. Days remaining with missing points after this
interpolation are removed. For monthly and daily data,
we consider as outliers and exclude observations with
power consumption below the 5th percentile or above
the 95th percentile, interpolate linearly over time only
when a single central reading is missing among 3 con-
secutive ones, and discard HHs left with less than 2
years of monthly data or 60 days of daily data.

There is no clear best sample among the three
for our impact evaluation purposes, since those with
higher number of observations have also a lower
number or different set of variables available. Hence
we decided to include all of the three in the anal-
ysis that follows. Table 1 compares some key vari-
ables from the “Client”, “Survey” and “Load” sam-
ples with 2012 statistics at the province (“Isernia”),
region (“Molise”) and national (“Italia”) level (see
Table S1 in the Appendix for further summary statis-
tics). The “Client” and “Load” samples could be
compared only on the basis of 2012 average yearly
consumption due to availability of data. Households
who joined and stick to the experiment seem to have
consumed much more than the average family in Iser-
nia in 2012, both when considering the estimate from
ISTAT of 1973 kWh and the one from TERNA of
2248 kWh (not reported in the table). Both average
and standard deviation of consumption across house-
holds do not change much between the sub-samples
considered. When looking at survey data, we observe
that the program involved families with an above-
average number of members and rooms in the house.
Ownership of washers, dryers, dishwashers, electric
boilers is also above the regional average, while the
presence of air conditioning is more marginal. This
also holds when considering the intersection of the
“Survey” and “Load” samples. Thus, it appears that
the sample of our analysis is not fully representative,
pointing to selection bias. The bias was not apparently
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Fig. 2 Distribution of hourly power consumption is well approximated by a log-normal distribution

driven by higher per capita energy consumption: this
matches quite well the official statistics of the Iser-
nia municipality. However, families participating in
the trial are more numerous, with 3.2 persons per fam-
ily as opposed to the population average of 2.4. This
might be attributed to the initial school campaigns,
which were the most successful in getting the program
going according to the utility.

Hourly energy consumption computed from the
“Curves” dataset appears to have a log-normal distri-
bution (see Fig. 2), in agreement with the literature
(Kwac et al. 2014). It includes 966 households and
26,304 time periods, for a total of 14,805,000 non-null
observations (i.e., ∼ 60% of all client-hour combina-
tions).

Regression of daily electricity consumption

First, we quantify the average power conservation
effect of having an in-home display. If we were to
look only at conditional averages of consumption
between those with and without an in-home dis-
play over time, we would risk to attribute to the
display the merit of an already decreasing trend
in demand (∼ 3% reduction per year in 2013 and
2014, based on ISTAT and TERNA data). Hence,
it is important to rely on some other identification
strategies.

Impact is usually evaluated against a counterfac-
tual consumption; in this context, the hypothetical
one of those who already received the display if they
had not received it. Ideally, a control group is sam-
pled to provide such counterfactual. Since we do not
have access to the latter, we exploited as an alterna-
tive the gradual phase-in of the experiment: we build
the counterfactual on the basis of the consumption
of those who have not received the display yet at
any point in time. Figure 3 shows how households
progressively received the display. Although our iden-
tification strategy is not ideal, recent research seems
to indicate that high-frequency data can be used to
estimate causal effects in non-experimental research
designs.3 This identification strategy works as long as
the in-home display delivery date is plausibly random
with respect to HH characteristics. Evidence support-
ing this hypothesis is documented at the end of this
section.

We model the impact evaluation problem with an
ordinary least square (OLS) regression, as done previ-
ously in the literature in similar experimental settings

3See for example, David Rapson work entitled “Can high-
frequency data and non-experimental research designs recover
causal effects? Validation using an electricity usage exper-
iment,” with Katrina Jessoe and Douglas Miller, pre-
sented at 2015 AERE (http://aere.org/summer/documents/
AERESummerConference2015Program.pdf)

http://aere.org/summer/documents/AERESummerConference2015Program.pdf
http://aere.org/summer/documents/AERESummerConference2015Program.pdf
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Fig. 3 Number of observed clients with and without display at each month in the 3 years of the experiment

(Houde et al. 2013). We use panel data given that we
have repeated measurements of power consumption
for each household over time. We propose six model
specifications to explain the response of daily power
consumption to having received an in-home display
(Table 2). All models share the same structure:

yi,t = αDi,t +
∑

j

βj xj,i,t + εi,t (1)

where D indicates the presence of the display at time
t in household i, xj is one of the other independent
variables, possibly dependent only on i or t , or both, α
and βj are the corresponding regression coefficients,
and ε is the error term. Unless stated otherwise, y is
the log of daily power consumption, obtained divid-
ing monthly levels by the number of days in a month,
or resampling high-frequency data when available. To
better explore the different information sets available
for the three different samples, and to test the robust-
ness of results to different timescales, subsamples, and
model structures, we consider multiple models.

The first two models are fit to the “Client” sam-
ple, which is the largest of the three and is balanced
over time, although limited to monthly observations.
Given the very few observables available other than
consumption, we capture the time-independent but
HH-dependent unobservable factors driving power
demand with HH fixed effects. The difference in the

two models is how they capture time-dependent but
HH-independent factors: either with time fixed effects
(at monthly resolution, from Jan 2012 to Dec 2014)
or with a 2-degree polynomial of average temperature
plus monthly and yearly dummies. Historical tem-
perature statistics are computed from local weather
stations records, which cover only part of the full-time
span of the experiment and hence slightly limit the
number of observations.

The second two models focus on the “Load” sam-
ple, which covers fewer households than the “Client”
sample but introduces high-frequency measurements.
The main difference with the first two models is that
time-dependent variables have a daily resolution. The
daily fixed effect model spans a period from 1st Jan
2012 to 31st Dec 2014. When not including time fixed
effects, we add to the time-dependent variables above
also day-of-the-week dummies.

The fifth model applies to the “Survey” sample,
which is also smaller than the “Client” sample but
allows for correlating power consumption with HH
surveyed characteristics. We replace the HH-fixed
effects with these variables, which include family
size, socio-demographics, appliance ownership, and
number of rooms in dwelling.

In the last model, we change the dependent vari-
able: the regression of daily consumption is set up
as in model (2), but it excludes nights and weekends
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(i.e., in the F1 billed time slot). This is when most of
the energy-intensive household activity tends to take
place.

The choice of these models reflects the varied
nature of the dataset. Models (1), (2), and (6) cover the
highest number of HHs, but they have the least amount
of covariates and coarsest time resolution. Models (3),
(4), and (5) cover less HHs, but provide further details
on sub-monthly consumption and on the peculiarity
of each HH. Models (2) and (4) offer plausible alter-
natives on the role of time in affecting consumption,
modelled either via weather effects combined with
seasonality dummies, or via time fixed effects. The
former is more physically grounded, while the latter
is not subject to the limits in quality and availability
of weather data. Lastly, model (6) taps into possible
on-peak effects, versus the overall effect on which
the other models focus. Given all these trade-offs, a
single-model assessment risks missing the nuances of
our dataset and to provide a less robust assessment.

For each model, we run a separate OLS regres-
sion. These regressions imply a comparison at each
time period between the sets of households with and
without an in-home display. If the characteristics of
these two sets of households are different, the regres-
sion may be biased. We control for this bias in several
ways. First, we find that HH power consumption in
2012, i.e., one distinctive baseline characteristic avail-
able for all HHs, is not predictive of when a HH
receives the display (see Table S2 in the Appendix for
the results of the related OLS). Second, we focus on
the survey sample to test whether other HH charac-
teristics affect the probability of receiving the display
earlier. We formulate the problem as an OLS, where
the independent variables include all of the surveyed
information, and the dependent variable is equal to
one if a HH received the display before the average
delivery date, zero otherwise. Only having a recharge-
able console has a statistically significant but marginal
effect (see Table S3 in the Appendix). Should this

Table 2 Models used for estimating the impact of having a display on daily power consumption levels

(1) (2) (3) (4) (5) (6)

Model name CLIENT CLIENT LOAD LOAD SURVEY CLIENT

Month FE Day FE F1

Sample

Client x x x

Survey x

Curves x x

Dependent variable

log(daily consumption from monthly data) x x x

log(daily on-peak consumption from monthly data) x

log(daily consumption from high-freq data) x x

% change in daily consumption from last year (from monthly data)

Independent variables

Display received x x x x x x

Municipality x

Year dummies x x x

Month dummies x x x

Weekday dummies x

Avg. Temp. + (Avg. Temp.)2 x x

HH fixed effects x x x x x

Month/Year fixed effects x x

Day/Month/Year fixed effects x

Survey variables x
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affect the impact evaluation, we take into explicit
account this and all the other surveyed factors in
model (5), which focuses on the survey sample. Third,
we rerun the regressions focusing only on central
observations (in the period from 2013-05 to 2014-04,
see Fig. S3 in the Appendix), where both baseline
consumption and survey characteristics are potentially
more balanced (see Figs. S1 and S2 in the Appendix),
but also where the number of observations is consid-
erably reduced. Measurements within the same HH
give rise to concerns for serial correlation: we com-
pute intervals of confidence for the coefficients with
a cluster-robust covariance estimator, treating each
individual as a cluster, and present both confidence
intervals for the main models. A question which recurs
in this literature is how long the effect of feedback
lasts over time. To further explore this point, we imple-
ment four additional OLS models with fixed effects
for both HHs and time periods. Here, the binary vari-
able controlling for having received the display is
replaced with several dummies, controlling whether
the display has been received within the last month,
two months ago, and so on. We fit this model to the
three samples introduced in this study, and consider
also the case excluding nights and weekends while
keeping the wider “client” sample (F1 model).

Clustering of load shapes

High-frequency data can be used to assess not only
changes in overall electricity consumption, but also
shifts in consumption throughout the day. Reallocat-
ing electricity from high-peak periods to off-peak
ones can yield significant economic and environ-
mental benefits, especially in countries—such as
Italy—characterized by high penetration of intermit-
tent renewable energy sources. We normalize load
curves with hourly resolution by the total daily con-
sumption. Such load shapes represent how households
allocate their daily budget of consumption over hours.

A possible quantitative model to describe the con-
sumption behavior of one HH is the distribution of
recurring patterns of its daily load. The problem is
that no daily load of an occupied building will present
itself twice with the exact same smart meter data. A
common practice in this field is to classify load curves
into a small set of clusters (Zhou et al. 2013; Rhodes
et al. 2014; Haben et al. 2015; Kwac et al. 2014). By

grouping together daily curves that are not too dis-
similar, we end up with a limited number of profiles
that repeat themselves within the lifestyle of one HH,
and within the pool of HHs considered. Once we iden-
tify these prototypical profiles, we can build a discrete
distribution of their frequency, and detect behavioral
changes by checking for meaningful deviations in
these distributions before and after an intervention.
We focus on normalized demand because it is more
representative of the repeated behaviors, and hence of
the lifestyle, of a HH (Kwac et al. 2014), rather than
absolute levels which were instead the focus of our
regression analysis. Here, we assume that HHs change
how they allocate consumption over the day only in
response to the in-home display intervention.

To cluster the daily load shapes collected in the
“Load” sample, we apply a non-supervised machine
learning technique called K-means clustering (Mac-
Queen 1967; Hastie et al. 2009). K-Means, one of
the most popular non-hierarchical statistical cluster-
ing algorithm, is used here to find representative load
shapes (or centroids). These represent prototypical
daily consumption patterns. The algorithm identifies
those sets of centroids that minimize a certain measure
called inertia. Inertia is the sum over clusters of the
sum of squared distances from a centroid to all mem-
bers of its cluster. Iteratively, the algorithm improves
the position of the centroids so that distances to nearby
points decrease. While K-means always converge, it
may converge to a local minimum, potentially depend-
ing on the initialization of the centroids. To alleviate
this problem, the computation is done several times
(namely 36), with a re-initialization scheme called “k-
means++,” with provably better results than random
initialization (Arthur and Vassilvitskii 2007).

K-Means needs an exogenously provided number
of clusters to operate. We focus on a range between
8 and 20, spanning reasonable and manageable num-
bers of prototypical load shapes, already used in the
literature (Räsänen and Kolehmainen 2009). We look
at how inertia improves by increasing the number of
clusters, and search for a discontinuity in the deriva-
tive of such relationship.

After having identified the centroids, frequencies
of occurrence of centroids are calculated for each
household, distinguishing the days before and after the
arrival of the in-home display. Seventy days of data
are required to build such frequency vectors. If any
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behavioral change happened in the patterns of daily
consumption due to the in-home display, this should
be reflected in the before–after difference of such
vectors.

Results

Regression of daily consumption

The regression coefficient of primary interest is the
one related to having received a display (i.e., α in
Eq. 1). This coefficient represents the average percent-
age increase in consumption due to the presence of an
in-home display (Fig. 4).

The estimated effect has the expected direction and
the reduction in consumption ranges between 0.5 and
1.9%, depending on the model. The effect is smaller in
models fitting the wider “Client” sample, and larger in
those fitting the “Load” sample, except when focusing

on the on-peak hours. In the models based on high-
frequency data, uncertainty ranges shrunk consider-
ably thanks to the abundance of observations with
a non-robust covariance estimator. Confidence inter-
vals widen when clustering standard errors, suggesting
large serial correlations between observations of the
same HH. Further regression results are reported in the
Appendix (Tables S4–S9). If we restrict our analysis
to observations in the central period, we obtain com-
parable levels of power reduction attributable to the
display, with a decrease in statistical significance for
most models (see Fig. S3 in the Appendix).

Figure 5 shows the estimated effect of having
received the display for different lengths of time. We
do not find a clear decreasing trend in effectiveness of
the display as months pass by after the arrival of the
in-home display. An average declining trend in power
demand reduction is observable in the first months, but
the trend is not statistically significant, and seems to
be reverted when considering longer time frames.

Fig. 4 Percentage increase in daily power consumption attributed to having received the in-home display
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Fig. 5 Effect of the in-home display over time. All models have
fixed effects for households and time periods, as well as vari-
ables controlling for having received the display within the last
month (0–1 months), more than 1 month ago but less than 2

(1–2 months), and so on. Values plotted refer to the estimated
coefficients of these variables. The first three models are fitted
to the three different samples mentioned. The last one excludes
consumption in nights and weekends

Clustering of load shapes

Figure 6 shows the improvement of clustering accu-
racy, defined in terms of inertia (see “Clustering of
load shapes”), as the number of clusters increase. We
pick 14 as the preferred number of centroids for the
following analyses, in correspondence with the first
local maximum of the derivative.

The 14 centroids, or prototypical days, are shown
in Fig. 7. Clusters are sorted by the number of actual
load shapes they represent (see N. CURVES within
subplots). Shapes are clearly separated by the charac-
teristics of their peaks, i.e., their relative height and
hour of occurrence.

For each HH, frequencies of occurrence of cen-
troids are calculated for the days before and after the
arrival of the in-home display. If there was a com-
mon trend in behavioral change due to the in-home
display, we should see a significant change in such
frequencies, moving away from some representative
shape toward other ones. As shown in Fig. 8, this is
not emerging from the data. The average behavior of
the sampled clients, as coded in these vectors of fre-
quencies, does not change significantly conditionally
on having or not a display.

Nonetheless, if we plot the change in frequencies
before and after the delivery of the in-home display
for each client, a wide heterogeneity emerges (Fig. 9).
Most households seem to have maintained stable con-
sumption patterns over time, as indicated by the mass
of the distributions of frequency gravitating around 0.
Still, several households exhibit much more flexibility
in consumption, as shown by the long tails of some of
the 14 distributions.

Discussion

The reduction effect detected with the regression
analysis is small (0.5–1.9% on average), but it is
statistically significant for half of the models, with
confidence intervals within −0.6 to 3.3%), and the
magnitude is in line with the most recent studies.
Such a small average conservation effect can have
several explanations in the context of this study. The
in-home display alone did not provide any monetary
incentive or direct message promoting energy conser-
vation, which are documented to be more effective
means than information feedback alone. The geo-
graphical area of interest is relatively mountainous,

section*.8
section*.8
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Fig. 6 Inertia as a function of number of clusters used in K-means (on the left), and derivative of the same graph (on the right)

with a climate not requiring airconditioning. Heat-
ing on the other side is rarely done via electricity.
Power demand is mostly related to lighting and other
low-consumption appliances, making it harder to save

more energy. The experiment also took place in a
moment and region with trends of already decreasing
electricity consumption, leaving even smaller room
for additional energy savings.

Fig. 7 Prototypical load shapes resulting from the K-means clustering. Primary and secondary peaks are described in each subplot,
in terms of % level and hour of occurrence
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Fig. 8 Frequencies of occurrence of centroids, averaged across clients, to which load shapes before and after the in-home display
arrival are clustered. Black vertical bars represent confidence interval for the means

Different models and subsamples suggest slightly
different estimates. The impact is lowest when consid-
ering overall monthly consumption across the wider
“Client” sample (models 1 and 2). The average effect
is possibly lowered by those HHs who were involved
in the project but did not engage, and those time
periods where engagement might be lower, e.g., dur-
ing the night, during weekends, and long after the
intervention.

Models fitting the “Load” and “Survey” samples
support the hypothesis of higher conservation effects
than those obtained with comparable “Client” models.
HHs in the “Load” sample show higher consumption
per capita in the first place (Table 1); hence, they
might have more options to reduce consumption and
more to gain from energy demand control. Further-
more, related models use daily data, which is mostly
available for a fraction of the 3-year time span of
the monthly data. Daily data might have picked up a

stronger effect, excluding periods long after the inter-
vention with possibly smaller effects. On the other
hand, high-frequency data allow for greater identifi-
cation power across time periods, with the presence
of daily variables, and across HHs, with more obser-
vations per HH. The narrowing effect of confidence
intervals due to a higher number of observations is
compensated by the strong serial correlations between
measurements for each HH over time. HHs respond-
ing to surveys, fitting into the “Survey” subsample,
might have higher interest in the project and higher
motivation in reducing consumption in the first place,
with respect to the wider audience reached. Nonethe-
less, confidence intervals increase as well, as the
number of observations reduces and an extensive list
of surveyed variables drives the estimation of power
consumption baselines for each HH. More hetero-
geneity in the effect of the in-home display emerges
as a result.
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Fig. 9 Changes in frequencies of occurrence of centroids, to which load shapes before and after the in-home display arrival are
clustered. Each household corresponds to a series of 14 points, one per cluster

We do not find any statistically significant evi-
dence that the conservation effect vanishes over time
(Fig. 5). The estimated effect associated to having the
display in the first month is similar to that of having
the display for more than 5 months. Average reduc-
tion in consumption seems to slightly wear off in the
first months, but in most models it reverts back to the
levels of the first month in the long run. This is consis-
tent with a narrative where households eventually find
a consistent way of living with less energy, either by
honing energy-conservation practices or by deciding
to replace inefficient appliances.

While the in-home display achieved a reduction in
power consumption, it was not able to systematically
shift consumption peaks over time (Fig. 8). There were
individual households that did change their lifestyles
(Fig. 9) after receiving the display, but the net effect
is zero. Households who switched to flatter daily
load profiles counterbalance those who concentrated
their consumption around specific peaks. The in-home

display did not set any incentive to shift peaks of con-
sumption. While HHs were reminded about the cur-
rent time billing slot by the display, price differential
across slots is very low, and often HHs prefer flat billing
contracts that do not have such differential. Without
specific messages or stronger economic incentives, the
in-home display did not achieve any systematic load
shift. Nonetheless, heterogeneity in the response is
very high, a result which is consistent with the litera-
ture on the impact of real-time feedback programs.

One additional result stems from the survey, which
reveals that the treated group has an above average
number of household members, children, rooms, and
appliances in house. This is consistent with having
more opportunities for energy conservation. Design-
ing an efficient large-scale roll out of in-home displays
could take this information into account, and target
households fitting these characteristics first. If brought
to scale, even a few percent reduction may matter to
the power industry.
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Conclusions

Residential consumers determine each day’s mag-
nitude and shape of their daily load curve. Can a
real-time information feedback device systematically
affect these properties? And by how much? We tried
to address these policy-relevant questions using data
from a recent large-scale trial carried out in Italy.

According to our estimates, which involve six alter-
native plausible statistical models, an average reduc-
tion in daily power consumption of 0.5–1.9% can be
attributed to such device, even though with marginal
statistical significance. This is in line with more recent
experimental studies on the topic.

Average hourly power consumption behavior, mea-
sured in terms of distributions of preferences for rep-
resentative load shapes by each user, seems to remain
unchanged before and after the arrival of the dis-
play. Nonetheless, a wide heterogeneity has yet to be
explained.

Further data on the households would be useful
to try to segment the analysis in meaningful groups,
identifying those customers for which information
feedback led to either significantly lower consumption
levels or significantly different consumption habits.

Consumption data at the appliance level would pro-
vide invaluable information on behavior and behav-
ioral change, even though at the cost of increasing
computational tractability.

Results are specific to the group involved in the
study, and are not easily generalizable to the wider
population. The trial was carried out in an area of
the country with lower than average per capita energy
consumption, as well as income, allowing for more
limited adjustments and investments. On the other
hand, the sample households appear to have more
family members than average, possibly young chil-
dren. Future better experimental designs will also help
in avoiding issues of sample representativeness and
absence of control group.

All these potential steps for further research could
lead to a better understanding of how such inter-
ventions perform at a large scale, and whom these
interventions could be most beneficial for.
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