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upbringing, financial matters, socio-economic com-
parisons, environmental concern, mistrust towards 
utilities, convenience, comfort and self-reported 
waste. Reading beyond the data illustrates the impor-
tance of social practices in the context of energy feed-
back, embedding eco-feedback research into the rel-
evant context of sociology and psychology research.
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Anthropogenic climate change is one of the biggest 
challenges of the twenty-first century according to the 
United Nations (www. un. org). Residential energy use 
makes up 25% of total energy consumption in the UK 
and this share is forecasted to grow (Mogles et  al., 
2017). At the same time, countries are expected to 
reduce total emissions by 80% below 1990 levels by 
2050 in order to achieve international carbon targets 
(Cosar-Jorda et  al., 2013). To tackle this challenge, 
several human–computer interaction (HCI) research 
projects, as well as commercial products, have been 
put forward. It is hoped that by providing rich feed-
back to householders, they will learn to use energy 
more wisely and cut their consumption.

Eco-feedback technology provides feedback about 
individual or collective behaviour and aims to per-
suade people to improve their environmental footprint 
by reducing their consumption of resources, such as 
energy, water or food (Froehlich et  al., 2010). On 

Abstract We report on a three-week field study 
in which participants from nine households were 
asked to annotate their domestic electricity con-
sumption data using a prototype interactive visu-
alisation. Through an analysis of the annotations 
and semi-structured interviews, our findings suggest 
that the intervention helped participants to develop a 
detailed and accurate understanding of their electric-
ity consumption data. Our results suggest that energy 
data visualisations can be improved by having users 
actively manipulate and annotate their data, as doing 
so encourages reflection on how energy is being 
used, facilitating insights on how consumption can be 
reduced. One of the key findings from our thematic 
analysis was that participants went beyond the data 
in their reflections, talking about generational issues, 
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the user’s side, the aims of using feedback may vary. 
Looking at residential energy feedback, Karlin (2011) 
found that two main ends of feedback from the user’s 
perspective are tracking and learning. Tracking refers 
to the monitoring of ongoing energy use with or with-
out the intention to change behaviour, and learning 
is to gain specific information about one’s energy 
use such as information tied to specific appliances 
or energy usage behaviours. The intentions of the 
user and the fit of the feedback design to meet these 
intentions shape the outcome of the interaction. This 
explains why the success of persuasion-based inter-
ventions for sustainable behaviour change has been 
reported to be limited and to vary between studies. 
Karlin et  al. (2015) summarise in their meta-review 
of 42 feedback studies that there has been much 
research investigating whether feedback works, and 
not enough research examining the question of how 
it works best. They found a number of factors that 
moderate the effectiveness of feedback, such as the 
granularity and frequency of feedback. These two fac-
tors relate to how householders use the information in 
everyday life.

In order to be persuasive in everyday life, feedback 
needs to address the lived reality of householders and 
their energy-related behaviour. Research in practice 
theory (Shove & Walker, 2014; Shove, 2003) and 
energy policy (Satre-Meloy et  al., 2020) highlights 
the role of daily activities, and their associated com-
fort and convenience in driving energy consumption, 
and sometimes suggests that existing culture is an 
insurmountable obstacle. Against this background, 
we are interested in how energy consumption data 
may be interpreted and understood by householders 
in relation to their own daily activities, and how they 
link this data meaningfully to their everyday lives. 
Can frequent and granular data be a starting point for 
reflection on everyday practices in the household? 
Data feedback only has implications for behaviour if 
users can meaningfully reflect on the information and 
derive actionable insights. Prior HCI work empha-
sised the role of reflection around personal informat-
ics (Mamykina et  al., 2008; Ploderer et  al., 2014; 
Purpura et  al., 2011). Reflection is crucial because 
it determines whether people think for themselves, 
which enables them to decide if they want to improve 
their skills or behaviour.

In this paper, we report on an exploratory field 
study where nine households were provided for 

three weeks with an interactive visualisation tool 
named FigureEnergy (Costanza et  al., 2012). This 
tool allowed them to annotate their high-resolution 
electricity consumption data with labels describ-
ing the practice or appliance (such as ‘breakfast’, 
‘washing machine’). The aim of the tool, used in 
our study as a probe, is to help users reflect on their 
own usage patterns, to learn how, when and to what 
end they use electricity. The timing of energy use is 
relevant to householders who are on a time of use 
tariff, which encourages customers to use energy at 
off-peak times by offering lower prices. This is an 
important matter to utilities, who have to balance 
the load on the grid at peak times which remains a 
challenge with renewable energies.

The annotations generated by participants 
through the tool, as well as the tool usage logs, 
were analysed and used as primary research data, 
and complemented by semi-structured exit inter-
views. Every annotation was assessed manually by 
two researchers to evaluate whether it was plausi-
ble or not (e.g. a short 2 kWatts spike labelled ‘ket-
tle’ would be classed as ‘plausible’). In contrast 
to the initial evaluation of FigureEnergy, which 
was reported together with the system design and 
implementation in an earlier paper (Costanza et al., 
2012), the focus of the new study presented in this 
paper is to understand how users reflect on their 
consumption, using FigureEnergy as a probe.

Our findings indicate that the annotations gener-
ated by participants appear to be most of the time 
plausible, suggesting that they were generally able 
to understand and explain their electricity consump-
tion data. Throughout the interviews, participants’ 
reflections on their electricity consumption practices 
brought up a number of themes, including issues of 
waste and efficiency, how they learned from the con-
sumption data, and considerations related to energy 
that go beyond what the data show. Importantly, the 
active manipulation of and reflection on energy data 
was effective for self-reported behaviour change, at 
least for some participants. This is a hopeful finding 
in stark contrast to previous findings that smart eco-
feedback was not fulfilling its potential (Hargreaves, 
2018; Knowles et al., 2014). However, the study also 
highlighted the limitations of manual annotation, 
suggesting the need for a more advanced semi-auto-
matic approach: in line with other recent publica-
tions (Mogles et al., 2017), we conclude that ‘smart’ 
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feedback must become smarter and offer interactive 
elements to engage and educate users.

Related work

Our work builds on prior research on eco-feedback 
and on users’ engagement with and reflection about 
energy data. Positive effects of eco-feedback on 
energy saving have been confirmed, although evi-
dence is inconsistent and meta reviews found that 
the effect varies widely from savings of only 1% up 
to 20% (Abrahamse et  al., 2005; Darby, 2006; Fis-
cher, 2008; Karlin et  al., 2015). There is little work 
that provides a reference as to how much the aver-
age household could save (Cosar-Jorda et al., 2013). 
Mogles et  al. (2017) considered personal profligacy 
and sought to address it by smart feedback that built 
on value framing and provided action prompts. This 
work found that energy literacy of the participants 
in the sample increased and consumption decreased 
by over 20%, where high consumers showed stronger 
saving effects. This underpins that energy feedback 
needs to be considered in the social context. Socio-
technical problems around energy feedback often 
relate to engagement, awareness and meaningfulness 
of the data (Buchanan et al., 2015). This is to say that 
the technical aspects of the system are interrelated 
with the users’ interactions. An expertly designed 
piece of technology does not perform perfectly if it’s 
not fit for its purpose. Both technical and social com-
ponents need to be equally considered and optimised.

The most relevant understanding of ‘energy liter-
acy’ for the household setting is that of Mogles et al. 
(2017). They differentiate knowledge about energy 
on the one hand, and on the other hand motivation 
to reduce consumption. The latter is driven not by 
knowledge alone, but also attitudes, values and social 
practices. Conceptually, energy literacy breaks down 
into these concepts. Practically, the goal of energy 
feedback is to improve theoretical understanding and 
practical competencies at the same time (Schwartz 
et al., 2013). It is necessary for householders to first 
make sense of and learn from the feedback, so that 
subsequent literate choices can be made. However, 
energy literacy is typically low in the general popula-
tion and previous work found that householders find it 
challenging to relate to energy consumption data. For 

example, Herrmann et al. (2018) conducted a contex-
tual inquiry with householders using a commercial 
electricity tracking tool. They asked participants to 
spontaneously make sense of a time series line graph 
showing the household’s consumption. They found 
that the sample varied widely in their energy literacy, 
and independent of energy-related competence, par-
ticipants struggled to map the data to specific appli-
ances or behaviours.

To better support the sense making process, user 
interfaces and their interaction design must be opti-
mised for ease of use and to support and augment 
cognition (Darby, 2010; Hegarty, 2011). Hegarty out-
lines the different cognitive concepts and processes 
involved in understanding digital displays. These 
include attentional and sensory processes to decode 
the visual information, as well as subjective inter-
pretations to infer conclusions, integrate information 
into existing knowledge and mental models (internal 
representation). Particularly with complex displays 
for data exploration, goals and tasks must be well 
defined. Current energy feedback systems often fall 
short in this regard, as they provide complex data to 
householders with no or little instruction on how to 
interpret the information.

It is necessary to build on the body of knowledge 
on how to design feedback that can be easily moni-
tored and learned from by householders. As men-
tioned before, Karlin et al. (2015) identified modera-
tors that help householders use energy information 
wisely. One factor is frequency—which used to be 
low in conventional energy feedback such as bills. 
They distinguish the frequency with which a sys-
tem updates, and the frequency with which a user 
accesses the information. Another factor is granular-
ity; while the authors did not find a significant effect 
in their review, they still believe that granularity is 
helpful in the learning process even if it does not nec-
essarily translate into changes in consumption. They 
also discuss that research has largely focused on feed-
back itself without further analysing or even reporting 
the visual design of the presentation. Some reviewed 
studies did not describe the interfaces in detail, and 
those that did were not representative of the interac-
tivity and complexity that we see in innovative energy 
feedback systems. Further, current systems pro-
vide high granularity and can be accessed anytime, 
which makes more user studies necessary to confirm 
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whether these improvements lead to more learning 
and higher energy literacy in the home.

Looking beyond monitoring and learning, Sangui-
netti et al. (2018) propose a framework to improve the 
effectiveness of eco-feedback displays by investigat-
ing how design choices relate to behaviour. They pro-
pose that dimensions like granularity (information), 
frequency (timing) and the medium and its style (dis-
play) have an impact on salience, precision and mean-
ingfulness which in turn influence attention, learn-
ing and motivation. The user’s attention is directed 
through the salience of the display, the timing of the 
feedback and the meaningfulness of the informa-
tion, e.g. about specific activities or appliances. It is 
assumed that appliance- and behaviour-specific infor-
mation is the most actionable type of feedback for 
householders to inform behavioural changes.

Indeed, there is plenty of research to automate for 
example appliance-wise disaggregation of energy 
consumption, known as non-intrusive load monitor-
ing (NILM), originally proposed by Hart (1992). 
Despite thirty years of research, challenges remain 
with NILM (Xia et al., 2019; Nalmpantis & Vraskas, 
2019). NILM research utilises a range of metrics, 
datasets and methodologies leading to varying levels 
of accuracy in modelling load disaggregation. Dis-
aggregating the energy use of any given household 
in the field without knowing the exact appliances is 
error-prone; i.e., the algorithm may misclassify appli-
ances or their states. The feedback that could be given 
to householders on this basis may lead to confusion 
or misinformation if not accurate enough or contain-
ing too much missing data.

And despite the many potential benefits of automa-
tion, sustainable design ought to carefully consider 
the trade-off between automating smart systems and 
sustaining users’ active engagement through inter-
activity (Alan et  al., 2016). To design for both ease 
of use and engagement at the same time, a system 
should strike a wise balance between automation and 
interactivity. A lack of automation risks overwhelm-
ing the user. On the other hand, a fully automated 
system risks low user engagement. Prost et al. (2015) 
emphasise that in sustainable designs, interactivity 
and exploration of the data are crucial to empowering 
users (in contrast to trying to raise awareness through 
passive consumption). Interactivity allows users to 
explore the data and to investigate their usage pat-
terns to learn specific information about appliances or 

behaviours (Hegarty, 2011; Karlin, 2011; Rheingans, 
2002). Recent experimental evidence by Salmon and 
Sanguinetti (2020) shows that interactive feedback 
is more effective than feedback without interactiv-
ity. The researchers tested a map-based visualisation 
of urban energy data with and without interactive 
features and found that interactive features increased 
interpretability of the energy data map. This explora-
tive process is in line with constructionist learning 
theory (Papert, 1980). Actively engaging with data 
is effective for deriving insights about one’s life and 
subsequently, for changing behaviour (Fogg, 2002; 
Ploderer et al., 2014).

It is therefore important that HCI systems enable 
engagement and reflection about everyday aspects of 
people’s lives. The most important type of reflection, 
according to Fleck and Fitzpatrick (2010), is trans-
formative reflection which fosters a change in under-
standing or practice based on the acquisition of new 
perspectives. Such new perspectives can be acquired 
through reflection-in-action and reflection-on-action 
(Schön, 1987). Reflection-in-action means to reflect 
at the time of doing; reflection-on-action means 
reflecting on previous activities. Ubiquitous technol-
ogy has the potential to facilitate both types: the user 
could look at the feedback in the very moment when 
they are carrying out a certain behaviour, or at the 
end of the day or week to look at their consumption 
over time.

Neustaedter et  al. (2013) conducted an interview 
study focusing on family’s routines asking partici-
pants to relate them to their energy bills. They found 
that participants mostly found external explana-
tions for their data (such as temperature) rather than 
looking at energy-related everyday activities inside 
the home. The advantage of smart technology over 
energy bills is that they collect and provide richer 
data and that they can analyse such connections and 
patterns as discussed by Schön (1987).

The purpose of this study is to investigate how 
users reflect on the energy intensity of everyday 
behaviours based on data feedback. We deployed the 
FigureEnergy system, which records electricity data 
and allows householders to annotate their consump-
tion. Our analysis considers both the annotations 
generated by participants using the system and a the-
matic analysis of semi-structured contextual inter-
views carried out in participants’ homes at the end 
of the study. The aim of this exploratory field study 
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is to gain insights into householders’ ability to make 
sense of their consumption data, when given the 
opportunity to actively engage with it and reflect on 
it over the course of several days or weeks. This is 
in extension to existing research which shows limited 
ability in householders to explain their data sponta-
neously (Herrmann et  al., 2018). Before describing 
this study in detail, we first give a brief description of 
FigureEnergy.

FigureEnergy

FigureEnergy allows users to browse and annotate 
their electricity consumption logs. It is implemented 
as a Web application accessible from standard Web 
browsers. Electricity consumption data are collected 
through off-the-shelf sensors. While we refer to the 
original paper introducing FigureEnergy (Costanza 
et al., 2012) for a detailed description, together with 
its design rationale and implementation details, in this 
section, we summarise the key features critical for the 
new study reported here, including changes from the 

original version. The system includes two main Web 
pages: the Consumption Graph and the Consumption 
Overview (Fig. 1).

As detailed below, the Consumption Overview was 
accessed only sporadically by our participants, and its 
usage did not emerge in the interviews. So, in what 
follows, we focus on the Consumption Graph. The 
Consumption Graph was known as the ‘logger view’ 
in the previous version of FigureEnergy, and it was 
renamed for clarity. It displays the recorded electric-
ity data as a time series line graph, with variable reso-
lution: users can zoom in or out, down to a resolution 
of 2 min, as well as pan left or right.

The Consumption Graph allows participants to 
annotate the line graph, thus allowing for reflection-
in and reflection-on action (Schön, 1987). They can 
select a time period by click-and-drag, and then 
annotate this time period by adding an ‘event label’. 
FigureEnergy comes with a set of event labels such 
as ‘meal breakfast’, or ‘toaster’ (full list in Fig. 4). 
Further, the system allows the user to option-
ally add text to describe in more detail what they 
were doing and which appliances they were using. 

Fig. 1  FigureEnergy’s 
interactive Consumption 
Graph (top) and Consump-
tion Overview (bottom). 
The Consumption Graph 
was used by participants 
to annotate their electricity 
consumption during the 
course of this study. The 
Consumption Overview 
shows usage by label based 
on the annotations. In the 
interviews, participants in 
this study did not report 
using the Consumption 
Overview
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Subsequently, hovering over the icon would prompt 
that description to be displayed. While in the initial 
version of the system the labels were mostly appli-
ance-specific (e.g. toaster, kettle), in the new ver-
sion new practice-oriented (e.g. meal breakfast) and 
generic (other A, other B, other C) labels were also 
included. A short video demonstrating the annota-
tion of events is available on https:// vimeo. com/ 
42328 926.

Methods

Sample

Twelve participants from nine households from a sub-
urban area of London, UK, took part in the interviews 
(eight females, four males). The households ranged 
from flats to terraced houses, to cover a range of life-
styles. Table  1 details the participants’ information, 
using fictional names to protect privacy. Participants 

Table 1  Household and participant details including occupation and property information. Not all household members took part in 
the interviews. Interviewed occupants in bold
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were recruited by a combination of convenience sam-
pling and snowball sampling. In addition, because the 
sample in the earlier FigureEnergy (Costanza et  al., 
2012) study comprised mostly very numerate partici-
pants, an effort was made to avoid participants from 
professions that demanded high levels of numeracy. 
As an incentive to participate, householders were 
given £10 at the start of the trial and a further £40 on 
its successful completion.

Material

Participants were provided off-the-shelf electricity 
consumption sensors measuring total household elec-
tricity consumption and were given a username and 
password to use the FigureEnergy system through 
their own desktop or laptop computers. At the time 
of the study, FigureEnergy did not support mobile or 
tablet interfaces, so access from these devices resulted 
in an error message being displayed, suggesting users 
to access the service from a desktop or laptop com-
puter. Appliance-level data unfortunately were not 
available, due to financial and installation constraints.

Procedure

The study started with an initial home visit. After 
getting formal consent, an experimenter installed the 
electricity consumption sensor, and demonstrated 
the use of FigureEnergy. Participants were asked to 
access the system daily to annotate the ‘peaks’ in 
their consumption data. The season at the time of the 
study was autumn. During the duration of the study, 
participants were emailed a weekly reminder to anno-
tate their Consumption Graph. The data collected in 
this study includes house-level electricity consump-
tion, the annotations created by participants and inter-
action logs (i.e. when and how long participants used 
FigureEnergy).

After approximately three weeks (depending 
on availability), a follow-up visit was arranged, to 
conduct a contextual semi-structured exit inter-
view, and to collect the sensor kit. Questions asked 
in the interview were for example: How would you 
go about annotating the graph? What kind of things 
caught your attention when doing this (annotating the 
graph)? Was there any change in the way you under-
stood electricity? If you had to reduce 10% of your 
overall consumption, what do you think you would 

cut out? The interviews were audio recorded and 
fully transcribed. They lasted from 50 to 108  min, 
with an average duration of 67 min (SD = 19). In what 
follows, households are identified as H1 to H9, and 
participants are referred to by pseudo names as in 
Table 1.

Data analysis

The interview data was analysed thematically by two 
researchers (Aronson, 1994; Braun & Clarke, 2006). 
The data collected by FigureEnergy was analysed as 
follows. The number of annotations and annotations 
per type (e.g. per appliance or activity) were counted. 
Additionally, two researchers assessed every sin-
gle annotation with a view to how plausible it was. 
To the best of our knowledge, letting users annotate 
their electricity consumption data is novel, and we 
chose the following approach to assess the accuracy 
of annotations in lieu of automated appliance level 
feedback. Each annotation was coded as ‘plausible’ or 
‘not plausible’. This analysis was based on the dura-
tion, energy amount and the power pattern for each 
annotation. In particular, an annotation (e.g. ‘ket-
tle’) was coded as ‘plausible’ if its duration, energy 
amount and maximum power were compatible with 
typical appliance ratings (e.g. up to few kWatts for a 
kettle) and usage patterns (e.g. up to few minutes for 
a kettle). In contrast, an annotation would be labelled 
‘not plausible’ if the label did not match the dura-
tion, energy amount and power pattern (for example 
a spike in power up to 2.5 kWatts labelled ‘lights’). 
Annotations where participants expressed uncertainty 
(e.g. ‘there was a bit of a mystery’) or were very 
general (e.g. ‘housework’) were counted as plausi-
ble, because they were meaningful and did not indi-
cate misunderstanding of the data. If the attempts to 
explain the data were reasonable, annotations were 
considered ‘plausible’, since the aim of FigureEnergy 
was to provide an active engagement with the data to 
foster deeper reflection. After an initial round of inde-
pendent coding by the two researchers, the instances 
where there was disagreement were discussed to 
reach consensus. The analysis of the annotations was 
not discussed with participants, and conducted by the 
researchers after the interviews. This was done so as 
to not delay the interviews, but conduct the interviews 
immediately when participants would still remember 
their annotations. Figure  2 shows two annotations, 
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one that was coded ‘plausible’ (on the left) and one 
that was coded ‘not plausible’ (on the right).

Results

We report findings from the semi-structured inter-
views through thematic analysis (Clarke & Braun, 
2014). We also present information on system usage 
based on automatic interaction logs, and an analysis 
of the annotations created by participants using the 
FigureEnergy system.

Engagement with the FigureEnergy system

To characterise the participants’ activity during the 
study, access logs from the server running FigureEn-
ergy were processed to identify interaction sessions: 
periods where each user is not inactive for more than 
5  min. Each interaction session was used as a unit 
of analysis, considering which pages were accessed. 
The information was then aggregated on a daily basis, 
counting in how many sessions per day each page was 
accessed, and the results are reported in Fig. 3. It can 
be noticed from the figure that throughout the study 
the Consumption Graph page was accessed consid-
erably more than the Consumption Overview page. 
Moreover, the overall frequency of access went down 
over time.

Annotations

Annotation of one’s own energy consumption data 
was the primary form of engagement for partici-
pants in our study. We analysed the annotations to 

characterise them, and to complement the analysis of 
the interviews.

Overall, participants created 1054 annotations 
over the three weeks of the study, corresponding 
to an average of 117.1 per household (SD = 77.0), 
and 5.6 per household per day. For 359 annotations 
(34.1%), participants entered a textual description, 
for the remaining 695 they only selected a type with 
the associated icon. Figure  4 illustrates the number 
of annotations generated by each participant (col-
umns) per type (rows). The types are presented in 
two groups: annotation types related to specific appli-
ances (such as ‘toaster’, ‘computer’, ‘kettle’) at the 
top of the figure, while annotations that are more 
generic (such as ‘housework’, ‘meals’, or ‘others’) at 
the bottom. The histogram at the very bottom of the 
figure summarises the total number of annotations 
per participant. This plot reveals that two of the par-
ticipating households, H4 and H7, were particularly 
prolific in their annotation, having generated 221 and 

Fig. 2  Examples of annota-
tions that were classed as 
‘plausible’ (left, 2 kW spike 
labelled ‘kettle’) and ‘not 
plausible’ (right, 2.5 kW 
spike labelled ‘lighting’)

Fig. 3  Participants’ page access over the course of the study 
both for the interactive Consumption Graph (used to make 
annotations) and the Consumption Overview (no explicit 
instruction to use in this study)
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265 entries each respectively. Another group of par-
ticipants, H5, H6, H8 and H9 generated around 100 
annotations each (ranging from 93 to 110), while the 
remaining 3 participants (H1, H2 and H3) generated 
about half this amount (from 39 to 56). The horizon-
tal bar chart at the right of Fig.  4 presents the total 
number of annotations per type. This chart reveals 
that 5 annotation types were considerably more popu-
lar than the rest: kettle (207), watching tv (166), fol-
lowed by lighting (90), washing and drying (88), and 
showering and hair-drying (75). The rest of the types 
were used at most 58 times.

We analysed the ‘age’ of the annotations, defined 
as the amount of time passed between when each 
event took place (the end of the event) and when the 
corresponding annotation was created. Values ranged 
from a little less than 6 min (5.8 min) to more than 
6  days (9209.9  min), with a median value of 9.4  h, 
and the third quartile at 20.1 h (indicating that 75% of 
the annotations were created within 20.1 h of the end 
of the corresponding event).

Figure  5 illustrates the percentage of plausi-
ble annotations per participant (columns) and type 
(rows). Similar to Fig. 4, at the top are types that are 

appliance-specific, while at the bottom those that are 
practice-oriented or more generic. The histogram at 
the very bottom of the figure shows the average accu-
racy (i.e. percentage of plausible annotations) for 
each participating household. This histogram reveals 
that for seven households, plausibility scores were 
over 70%, with H8 reaching the highest plausibil-
ity score of 97%. Instead for H1 and H5, the overall 
annotation plausibility reached 46% and 58%, respec-
tively. It is worth noting that the two households who 
were most prolific in creating annotations, H4 and 
H7, had scores in the 80  s range. The bar chart on 
the right of the image reports the overall plausibility 
per annotation type. Within the specific appliances, 
the event label ‘heating’ received the lowest num-
ber of ‘plausible’ scores (32%), followed by ‘light-
ing’ (63%). Microwave, showering, hob, ironing and 
watching TV range between 73 and 79%. Dishwasher, 
kettle, computer, washing and drying, and oven reach 
81% to 89%. All events labelled ‘toaster’ have been 
assessed as plausible (100%). The more generic anno-
tation types tend to show higher plausibility, with the 
exception of DIY (which was used only once, Fig. 5).

Fig. 4  Number of annota-
tions per type, i.e. appliance 
or practice (rows) and per 
household (columns)
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Annotation styles

In the interviews, participants explained how they 
went about annotating their consumption data, and 
when instead instances of electricity consump-
tion were not annotated. In most cases, participants 
adhered to the study instructions, which was to 
annotate ‘peaks’ in the consumption data. For exam-
ple, Elaine and Keith (H8) say in the interview that 
what they labelled most were the kettle, the toaster, 
the washing machine, the tumble dryer and the TV. 
Indeed, these are their most frequently used event 
labels (Fig.  4). Justine (H5), too, says she focused 
on the peaks, e.g. in the morning when getting up—
indeed among her most frequent annotation types 
we find ‘kettle’ and ‘showering and hair-drying’. A 
notable exception are Chloe’s (H9) annotations; her 
style was distinctively different from the others’: 
she selected long time periods and wrote a list of all 
things she did in that time.

Sometimes during the interview, participants 
referred to events that they did not annotate because 
they did not translate into peaks. Helen (H1) for 
example speaks about the radio in the interview: she 

explains she leaves it on all the time for her dog, and 
her partner questions if that is necessary. When asked 
if she ever annotated the radio in FigureEnergy, she 
negates, explaining that ‘It doesn’t surge’. She refers 
to it as constant usage and says she wouldn’t know 
how much energy appliances are using in the back-
ground like the lights or her computer and she says it 
would be interesting to see a breakdown.

Food practices provide an interesting opportunity 
to contrast annotations that refer to specific appli-
ances (such as ‘microwave’ or ‘kettle’) versus those 
that refer to more general events (such as ‘meal 
breakfast’, ‘meal lunch’, and ‘meal dinner’). Keith 
and Elaine (H8) created annotations of both types. 
They would sometimes annotate specific appliances 
used to prepare food (i.e. oven 7 times, kettle 14 
times, toaster 8 times, microwave 1 time; see Fig. 4). 
However, Keith (H8) explained that he used the more 
generic meal labels when he was ‘pushed for time’ 
because it was easier than specifying which appli-
ances he used. Boris (H4) also used annotations of 
both the appliance-specific and more general type. 
However, his strategy was different from Keith’s—
Boris explained that, for example, if he made a cup of 

Fig. 5  Percentage plausible 
annotations per type, 
i.e. appliance or practice 
(rows) and per household 
(columns)
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tea for breakfast first and porridge in the microwave 
later, he’d annotate the two appliances separately. If 
he did everything at once, he’d choose the breakfast 
symbol. Boris (H4) also mentions it would be nice to 
break everything down into the separate appliances 
that are used for making a meal, and the fridge which 
is always on in the background. He explains that 
‘making porridge’ is ambiguous because he could 
be using the microwave or the hob to make it. Justine 
(H5), like Boris (H4), says it was ‘tricky’ to anno-
tate when multiple things were on at the same time 
and she would have liked a button in the software to 
annotate multiple items. She used the breakfast label 
to summarise ‘the toaster, the kettle and maybe the 
oven’ and similarly she used the ‘washer dryer’ label 
indiscriminately for washing and drying. Linda (H6) 
describes a period when she was cooking dinner and 
running the washing machine and the dish washer 
and her partner had a bath, so she ‘just sort of put one 
thing [icon] and I listed the others in it [the textual 
description]’ and she ‘couldn’t really segregate what 
was happening in terms of usage with which, because 
it all seemed to be happening at the same time’. Helen 
(H1) never used the ‘meal’ event labels and explains 
that they ‘don’t really eat like that’: she might only 
boil the kettle to make a cup of tea in the morning 
and when she cooks in the evening she would use the 
label ‘oven’ (used 7 times); she points out that ‘you 
don’t use any more electricity while you’re having 
your meal’. Her interpretation of the ‘meal’ event 
labels, then, is energy consumption during the meal, 
rather than to prepare the meal, as interpreted instead 
by other participants.

An appliance that stood out were the lights: anno-
tations with this label were frequent, the third most 
annotated event. The breakdown in Fig.  4 reveals 
that such high frequency is due mostly to two house-
holds: H4 and H7. At the same time, lighting was the 
second least plausibly annotated type of annotation 
(Fig. 5)—the low score seems to be due mostly to the 
many lighting annotations by Sarah and Andy (H7), 
which were plausible only 41% of the times, and the 
few (5) by Helen (H1), which were all implausible. 
In the interviews, some of the participants referred 
to lights as being ‘visible’ in the consumption data. 
For example, Linda (H6, who annotated lighting 11 
times) says she can see ‘quite clearly when people 
get up’ because there is a small increase in electric-
ity consumption when the lights are switched on. 

Similarly, Chloe (H9) noticed a ‘slow rise’ when 
she switched lights on; she did list the lights twice 
in her long annotation lists. Helen (H1) did not talk 
about lighting in the interview. Sarah and Andy (H7) 
reported that they annotated the lights when they 
noticed a ‘little blip every morning’; however, their 
annotations for lighting often include high power (1 
to 3 kW) peaks which are more likely to correspond 
to kettle usage. Consistent with her annotations, Jus-
tine (H5) mentions that she never annotated lights 
but, in the interview, she wonders how the lights and 
other appliances in standby (her multiple fridges, the 
TV, the alarm and chargers) may add up, contributing 
to her fairly high baseload. Elaine and Keith (H8) nei-
ther use the ‘lighting’ label for their annotations, nor 
do they speak about conventional lights in the inter-
view—except that they do mention that the light in 
their aquarium has high wattage.

Learning, surprises and mysteries

The interviews brought to light instances where the 
use of annotations led participants to gain insights 
about their energy consumption data, as well as those 
where annotating was not enough to make sense of 
the data. Five of the participants reported ‘surprises’ 
or ‘discoveries’. Keith and Elaine (H8) as well as 
Sarah (H7) describe participating in the study as an 
‘eye-opener’. Keith and Elaine (H8) remember that 
the biggest peaks were caused by the dishwasher, the 
washing machine and the tumble dryer. Keith (H8) 
also reports being surprised how high the kettle and 
toaster spike. Helen (H1) and Sarah (H7) found out 
that the electric shower consumes more electric-
ity than they thought. Sarah (H7) and Lorraine (H3) 
learned about the power needed for ironing. Sarah 
(H7) says that the iron causes a peak in electricity 
usage which had never ‘crossed [her] mind’ before. 
Lorraine (H3) says she always believed that ‘anything 
that heats really drains your electricity’ and found 
this assumption confirmed for the iron. Yet, Lorraine 
(H3) ‘could not believe (…) the enormous spike’ 
her hairdryer caused. Justine (H5) says she was sur-
prised by the height of her baseload (Table 1), which 
is caused by her having three fridges and freezers. 
Sarah (H7) states that ‘when you think about electric-
ity you don’t think about the fridge freezer’ but the 
study made her think that she will consider energy 
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efficiency ratings when the time comes to replace the 
fridge freezer, realising that this is ‘going to be a big 
percentage of your bill’.

Occasionally, participants referred to ‘mystery’ 
events in their data, both in their annotations and in 
their interviews. For example, Derek and Lorraine 
(H3) talk about spikes that they could not explain 
and therefore had not annotated. In the interview, 
they referred to them as ‘unknown’, ‘in bed’ or ‘out’. 
Faith (H2), too, reports ‘a couple of unexplained 
spikes’ that she labelled ‘no one in’ or ‘don’t know’. 
Boris (H4) noticed ‘tiny little things’ during the night 
and wondered if it could be the fridge freezer. Helen 
(H1) mentions ‘random patterns (…) at sort of three 
o’clock in the morning’ and she had no clue what that 
could be. Justine (H5) was ‘surprised’ and ‘puzzled’ 
that even when nobody was around there were still 
fluctuations and peaks.

One issue that came up in the interviews was that 
6 participants explicitly said that they could not relate 
to kilowatts (Helen (H1), Linda (H6), Justine (H5), 
Chloe (H9), Faith (H2) and Elaine (H8)). Sarah (H7), 
instead, says she ‘deal[s] with power at work’ so she 
understands kilowatts as a unit. Lorraine (H3) and 
Keith (H8) figure that the higher the kilowatt, the 
higher the cost of their energy consumption.

Personal and generational circumstances

The study sometimes triggered reflection that goes 
well beyond the energy consumption data that partici-
pants were presented with. Participants who appear 
to be reading ‘beyond the data’ refer to a variety of 
factors, such as their upbringing, generational issues, 
financial matters, socio-economic comparisons, trust 
or mistrust towards utilities, convenience, comfort 
and self-reported waste or avoidance of what they 
would consider wasteful.

Boris (H4) for example washes his clothes only 
after wearing them several times and takes three-min-
ute showers. He is not concerned about cost, yet he is 
very mindful of getting the best deal: ‘I suspect that 
when that contract expires (…) they would try and 
push me up (…) no, you know, you aren’t going to 
bully me. I’ll shop around’. Reasoning about whether 
he’d change his behaviour to save energy, Boris (H4) 
didn’t think the technology was going to change his 
lifestyle: ‘If I want a hot drink I’ll have one … I’m 
80  years old’. Boris (H4) said he has ‘been fairly 

lucky in life’ and explains ‘just down the road in real-
ity there are people who are probably not even as old 
as I am who are retired, and will be reluctant to put 
on heating because they’re worried about the cost. I 
mean I think that is a factor in a lot of people’s lives’.

Chloe (H9) thinks that her daughters are from a 
generation that thinks ‘everything is just automatic’ 
whereas she grew up in the 70  s with ‘shortage’ 
and ‘power strikes’. Chloe (H9) says ‘for my eldest 
daughter, she’s not a silly girl by any means but I 
suppose she just thought jumping in the shower was 
using water – not electricity’. Equally, this daughter 
‘doesn’t like the house quiet. So the telly’s on even if 
she’s not in the room’. Similarly, Sarah (H7) says that 
as a teenager she would put a pair of jeans that she 
wanted to wear in the washing machine and that she 
‘would never think of doing that now’.

Linda (H6) states that she ‘worr[ies] about the 
planet’, elaborating that ‘it’s all about being respon-
sible to…being responsible for our planet and all the 
creatures that live on it, not just ourselves, and just 
being a good person, really’. She feels guilty about 
the increased consumption compared to her par-
ents’ generation and finds that everyone needs to be 
more mindful of their energy use in a world with 
decreasing resources. Linda (H6) tries to get her 
kids to switch things off when not needed: ‘I feel I 
am permanently saying “Why is the house lit up like a 
Christmas tree?”’.

Reflecting on ‘waste’

During the interviews, participants reflected on 
instances of consumption that they considered waste-
ful, yet often justifying them, and often reporting that 
despite the admission of some waste, they considered 
themselves overall quite efficient. Examples of self-
reported waste included keeping appliances like the 
TV on standby out of ‘laziness’ (Elaine and Keith, 
H8), or keeping the TV or the radio on to keep com-
pany for the pets (Faith, H2 and Helen, H1). Helen 
(H1) runs the heating for herself and her dog, whereas 
her partner Alan gets too warm. Helen critically 
reflected on their behaviour of sometimes running the 
heating and the fan at the same time. When the dog 
was unwell, Helen (H1) ran the heating during the 
night and Alan opened the window. Helen (H1) also 
uses the heating to dry her clothes and sometimes 
keeps it on all night so that Alan’s work clothes are 
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dry in the morning. She comments on these anecdotes 
in a way that indicates that she considers them waste-
ful (‘That’s bad use of electricity!’).

Faith (H2) has annotated in FigureEnergy that she 
leaves a hall light on during the night, and in the inter-
view, she explains: ‘I’ll get up during the night and 
go to the loo and that way I can see where I’m going 
(…) and also (…) my cat is not allowed in my bed-
room at night because she keeps me awake, so being 
the big softie I am I leave the hall light on for her, 
just completely ridiculous I know’. She also leaves the 
radio on for the cat: ‘I know that I’m using energy for 
that, but that’s my choice and I’m paying for it’. She 
explicitly considers this choice, and agency, justified 
by the payment of the energy.

Lorraine (H3) speaks about keeping the outside 
light in front of the house on because it helps her find 
her keys and because it makes it look like someone 
is home (she did not annotate this). This security is 
important to her despite her saying that it seems 
wasteful. In contrast, she refers to herself as the ‘elec-
tricity police’ switching everything off when not 
needed, because ‘waste generally irritates’ her and 
her heuristic is ‘if you don’t need it, you shouldn’t 
really be using it’, explaining this is ‘an environmen-
tal thing’ and ‘general awareness’.

Justine (H5) when thinking about wasteful behav-
iours explains that they have a TV in each of the 
bedrooms and she and her partner and her daughter 
sometimes all watch different programs simultane-
ously while her son plays the Xbox. She reasons they 
could vote on a program and all watch together, but 
other than that, she doesn’t see how they could save 
as they are out during the day. This reflection only 
came up in the interview, the annotation data did not 
include any evidence of this.

Despite their reflections about waste, in general, 
all participants reported believing that they are ‘rea-
sonably energy efficient’ (Faith, H2) and ‘only use 
what’s necessary’ (Helen, H1). Linda (H6) and Lor-
raine (H3) say they already only wash clothes if they 
are dirty and that they only wash full loads of laun-
dry. Relating to cooking practices, Linda (H6) ‘mul-
titasks’ when using the oven trying to use the heat to 
cook several things.

When asked about how they could save energy, 
Helen (H1) suggests, theoretically speaking, using 
less lighting, not listening to the radio all day, and 
wearing jumpers to have the heating on less. Linda 

(H6) considers to maybe precook meals on the week-
end and reheat them on weekdays, and jokingly said 
they ‘could eat more salad’. Justine (H5) reckons they 
‘probably do waste power (…) like any family’ but 
she would not change anything because she doesn’t 
consider themselves ‘that wasteful’. Justine’s baseline 
is high due to the three fridge freezers in the house. 
When asked about getting rid of one or two of these 
appliances, Justine (H5) explains ‘you hear people, 
their freezers break down and so at least with having 
the three, you know, if there was a problem with one, 
we could then swap it into another’. In contrast to 
such resistance to change, in the next subsection we 
report instances where participants mentioned behav-
iour change in reaction to taking part in the study.

Behaviour change prompted by FigureEnergy

Sarah (H7), who had described the feedback as ‘quite 
an eye opener’, states that she has become concerned 
about her consumption. She and Andy (H7) report a 
range of insights and consequently behaviour change. 
For example, Sarah (H7) has ‘been more frugal with 
the use of the dryer since doing this [taking part 
in the study]’ and she switches the lights off more 
often as opposed to having them on during the day 
(we have not found evidence for this in the annota-
tions). At times, they had been running an electric 
heater in their daughter’s room but upon discovering 
how much it consumes they reconsidered using it and 
concluded warmer pajamas would do. Equally, they 
used to put their daughter’s towel in the dryer ‘just 
quickly to warm it up when I got her out of the bath’, 
which ‘made [them] think that it was a pure (…) lux-
ury rather than a necessity’. They point out that the 
information does not make them say ‘that’s got to 
stop’ but rather gets them to think. Andy (H7) rea-
sons: ‘Well, you got to have lights on when it’s dark, 
you got to have your fridge on. You’ve got to make a 
cup of tea now and then, you know, you’ve got to have 
a shower. There’s things that you just can’t avoid, but 
there are a lot of things you can avoid’.

Chloe (H9) found that the study is ‘making you 
aware again because I think you do get complacent’. 
She has occasionally turned the radio off completely 
instead of keeping it on standby. She’s made further 
changes regarding the washing of dishes and clothes: 
‘I thought, no, actually today I’m not going to put [the 
dishwasher], I’m going to wash the breakfast things 
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up, I’m going to wash the lunch and wash the even-
ing meal things up (…) I think I could live without 
the dishwasher (…) I think I would reduce it down to 
probably just the weekends’. For washing her clothes, 
Chloe (H9) reported washing less and using a more 
efficient program: ‘I have put the washing machine 
on quick washes as opposed to longer cycles’ and “I 
said to my youngest daughter: you’ve only worn these 
jeans today…” I think really you could wear them 
sort of two or three times (…) you could air them (…) 
they’re not dirty. And they smell fresh still. You can 
still smell the comfort on them for goodness sake’. In 
contrast to Chloe’s account of changing her washing 
practices, we did not see an apparent reduction across 
the three weeks of the study.

Derek (H3) admits that in the past he would some-
times ‘be ironing, having the telly on, have the laptop 
on, stop ironing for a bit, answer a couple of emails 
or something like that but you’ve left the iron going 
at the same time’. Derek (H3) has learned to make 
changes based on what Lorraine (H3) learned from 
the feedback: ‘One of the things Lorraine said to me, 
and I’m conscious of now is, “don’t turn the iron on 
and iron one shirt. If you’re going to turn the iron on, 
you know, iron quite a lot of stuff because otherwise 
you’re going to get a great big spike”’.

Discussion

Making sense of energy consumption data

HCI research on behaviour change has acknowledged 
that there is more to monitoring data than feeding 
back information to consumers. Sometimes, users 
might wish to monitor only, without the desire to 
change, or they monitor simply out of curiosity, with 
no intention to change at all (Karlin, 2011; Epstein 
et al., 2015). Therefore, rather than measuring behav-
iour change (which is influenced by a plethora of 
factors), we focus on monitoring, understanding the 
data, and learning from it. The research objective 
was to inquire how people make sense of and reflect 
on energy data. In contrast to earlier work, our study 
found that participants did rather well in terms of 
explaining their data patterns: Overall, annotations 
were plausible which is in contrast with the field 
study interviews by Herrmann et al. (2018), who con-
cluded that householders perform rather poorly in 

making sense of their energy data when presented as 
a time series line graph. The core difference between 
the two studies is that thanks to FigureEnergy as an 
interactive prototype, in our study participants could 
annotate and hence actively reflect on their data pat-
terns as often as they wanted, and they were encour-
aged to do so. Indeed, they created 75% of their 
annotation within 20 h of the end of the correspond-
ing event, reflecting on their consumption repeatedly 
over the course of the study. In contrast, earlier work 
instead asked participants to reflect on their data as a 
one-off activity and without featuring interactive ele-
ments, looking back at their energy consumption for 
the past day(s) and week(s) (Herrmann et al. (2018). 
The annotation feature added value to the line graph 
visualisation. This adds to the existing evidence that 
interactive feedback is more effective than feedback 
without interactivity (Karlin, 2011; Hegarty, 2011; 
Rheingans, 2002; Prost et  al., 2015; Salmon & San-
guinetti, 2020). Schön (1987) suggested that people 
can learn from reflection on previous actions and Fig-
ureEnergy helped participants in this study to do this. 
The good performance can then be explained in rela-
tion to memory: most participants annotated events 
on the same day when they had taken place, based 
on recent memories about what they did on the day. 
These results are also in contrast to those reported 
by Strengers (2011), who highlights the limitations 
of simple, and low resolution, energy consumption 
feedback displays. The high resolution of FigureEn-
ergy and the possibility to zoom in and out provided 
rich data for participants to link energy use patterns 
to everyday practices. It is worth noting that Figure-
Energy was available as a desktop application only. 
On a mobile device, it would be interesting to explore 
whether the time between an event and its annotation 
would decrease, and whether annotation plausibility 
would increase.

Our findings are typical in that participants can-
not relate to kilowatt-hours as a measure of energy 
use, and in that lights stand out as an appliance that is 
annotated frequently, but often incorrectly (Strengers, 
2011). This can be explained in terms of cognitive 
biases: small but salient appliances come to mind 
more easily, and householders tend to overestimate 
them (Attari et al., 2010). However, a contrasting and 
encouraging finding is that Linda (H6), Chloe (H9) 
and Sarah and Andy (H7) learned that lights cause 
only a very small increase in the graph, and because 
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of that Justine (H5) and Elaine and Keith (H8) did 
not annotate them at all, in line with the instruction 
to annotate the peaks in particular (as demonstrated 
also in Fig. 4).

There were data patterns that participants referred 
to as mystery events. Again, this is in line with pre-
vious findings. Herrmann et  al. (2018) interviewed 
householders on a similar looking time series graph 
and there were data patterns, particularly small fluc-
tuations during the night, but also spikes during the 
day, that participants were unable to explain. In this 
study, annotations were classified as plausible when 
participants said they did not know what caused the 
data pattern. Often, it was a case of minor fluctuations 
which might not be caused by a specific event.

Knowledge about the energy consumption of eve-
ryday behaviours has been improved by the study. 
This is evidenced by the examples of participants 
who gained insights and self-reportedly changed 
their habits. Our findings on waste resonate with 
those by Schwartz et  al. (2013): reflecting on their 
energy consumption led our participants to reflect 
on waste, and relate the concept of waste to a com-
plex of needs (keeping the lights on for safety) or 
responsibilities (heating and cooling the house at 
the same time for the wellbeing of a pet), similar to 
what was reported from that previous study. A posi-
tive finding in this study is that in some cases, par-
ticipants (reportedly) discontinued certain practices, 
commenting that the study made them realise they 
were not justified by a need (such as Sarah and Andy 
(H7) preheating their daughter’s pajamas). However, 
we did not see the self-reported behaviour changes 
reflected in the consumption data, maybe because 
our study was too short to reliably identify changes 
in consumption. Indeed, this study did not focus on 
behaviour change and changes in consumption, so it 
remains to be investigated whether learning and self-
reported adjustments result in or correlate with meas-
urable savings. It is possible that participants would 
respond to social factors in their interaction with the 
interviewer and exaggerate improvements. Also, it is 
possible that participants’ behaviour did not actually 
change to the extent that they believed it did.

From annotations to conservation orientations

The design of the study allowed us to combine 
data from the interviews with that generated by 

participants through the annotations. Three house-
holds reported behaviour change, and six didn’t. Two 
households explicitly justified continuing practices 
that they considered inefficient.

Overall, there is a split between most participants 
whose annotation plausibility was quite high, and 
two participants whose plausibility score was nota-
bly lower. Interestingly, Helen (H1) and Justine (H5), 
whose annotations have the lowest plausibility in 
the sample, also mention some of the most energy-
inefficient behaviours in the interview, such as heat-
ing and cooling the house at the same time (Helen, 
H1) and having an exceptionally high baseline due to 
three fridge freezers (Justine, H5). We see from the 
energy data that Justine (H5) is a high consumer, alas 
she does not realise it, and she does not change her 
behaviour. Helen’s (H1) interview data, too, reflects 
her annotation style: Helen (H1) reported generic 
actions such as switching appliances off from standby 
when she went away for a weekend which shows that 
her general awareness might have been increased by 
the study but she did not make any specific discover-
ies in the data which corresponds to her few plausible 
annotations. These findings seem to suggest that low 
annotation plausibility predicts poor learning about 
the energy consumption in the participant’s home.

In contrast, participants whose annotation plau-
sibility is above 70% seem more likely to be either 
more economic or to identify and change wasteful 
habits. Boris (H4) for example is not motivated to 
reduce his consumption saying he can afford to be 
‘reckless’ at his age, and yet he is ‘naturally conserv-
ative’ in his behaviour, i.e. only washes clothes after 
wearing them multiple times. Linda (H6) reports feel-
ing very strongly about not lavishing energy. Sarah 
and Andy (H7) used to have ‘wasteful’ habits but 
upon discovering this in FigureEnergy they changed 
them. Looking at Boris (H4) and Linda (H6), one 
might think that participants whose annotations, as 
estimated by the authors, are mostly plausible, were 
environmentally aware and economical to start with. 
The cases of Sarah and Andy (H7), Chloe (H9), and 
Lorraine and Derek (H3) invalidate this assumption. 
Schwartz et  al. (2013) have introduced the idea that 
it is key what people do with technology, as opposed 
to what technology does to people. Sarah and Andy 
(H7), whose annotation accuracy was classified as 
good by the authors, used to engage in highly energy-
intensive behaviours before taking part in the study, 
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but upon reading in the data and recognising their 
profligacy, they reported they stopped using the tum-
ble dryer when not necessary.

The results provide novel evidence of how people 
read and reflect on energy data. We found two pat-
terns of ‘reading energy data’: we refer to them as 
reading in the data and reading beyond the data. By 
reading in the data, we mean householders who are 
analytically reflecting on the energy data. A cou-
ple of participants referred to the study as an eye-
opener, and several identified the biggest consumers 
in the home. This is valuable because knowing where 
the energy goes is the first step in reassessing one’s 
energy use.

Going beyond the data

Some of our participants were reading (also) beyond 
the data: they talked about generational issues, 
upbringing, financial matters, socio-economic com-
parisons, environmental concern, mistrust towards 
utilities, convenience, comfort and self-reported 
waste. This theme is key to our findings and implica-
tions. It is important to note that reading beyond the 
data, as opposed to reading in the data, is not indica-
tive of either good or bad energy use or of good or 
poor annotations. As it can be noticed from Fig.  5, 
participants who went beyond the data (e.g. H4, H6, 
H9) tend to have plausible annotations, and they also 
produced a comparatively high number of annota-
tions. So, these comments should not be considered 
a ‘replacement’ for engaging with the data, rather an 
extension. For example, in the interview, Boris (H4) 
indicates that he feels strongly about not using energy 
without purpose and the lion’s share of his interview 
reflects him talking beyond the data. At the same 
time, his annotation plausibility is high. Based on the 
data collected in this study, we can only observe that 
Boris’ actual consumption is aligned with his attitude 
towards energy use, and that his annotations are plau-
sible, without demonstrating a relationship between 
his pro-conservation behaviour and his energy 
literacy.

The idea of excessive use, or waste, is an inter-
esting example of going beyond the data because it 
always goes beyond what we can see from data—the 
data only reflect how much energy is being used. 
It comes down to personal assessment if this use is 
necessary or profligate. How economically energy 

is used is typically shaped by childhood education, 
comfort preferences and material circumstances. We 
acknowledge that cultural context has an influence 
on lifestyle, perception of waste, generational differ-
ences, and that such social influences could be further 
explored in future research.

Shove (2003) found that convenience and com-
fort come first for many householders and prevail 
over attempts to save energy; i.e., learning about 
one’s consumption does not automatically lead to 
change. This is because it is everyday routines, hab-
its, and household tasks that are on people’s minds, 
rather than sustainability and energy efficiency. Even 
if feedback makes consumption visible, energy as a 
resource hardly becomes the main consideration, but 
the need to cook food and wear clean clothes remain 
the social drivers. Strengers (2011) depicts the house-
holder not as a micro resource manager, rationally 
decreasing cost as much as possible, but as a social 
being facing the realities of everyday life mediated by 
cultural factors. Her suggestion therefore is to rethink 
energy feedback as an opportunity to script sustain-
able interactions, such as washing machines running 
cold washes by default (p. 2141). We can learn from 
studies like this to understand better how people live 
their lives and use energy, and to transform the socio-
technical domain by changing norms and homes to 
create greener lifestyles.

Limitations

This study comes with a number of limitations. First, 
as this is exploratory work with a small sample, this 
approach is necessarily limited in how much we can 
learn about the wider population, particularly consid-
ering that there may be an opt-in bias of participants 
wishing to take part in a study to learn more about 
their consumption. We took care to recruit partici-
pants with average energy literacy, but they are not 
necessarily representative of the general population 
and it can be assumed that some householders would 
not be motivated to actively engage and interact with 
energy feedback.

Second, the short duration of this study is a limita-
tion that poses an opportunity for further work. This 
includes the need for more research on how to keep 
users engaged with smart energy feedback long-term, 
whether it is manual, automated or a mix of AI and 
interactivity. Some benefits of feedback are valuable 
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one-off insights, such as discovering that the tumble 
dryer consumes a lot of energy. However, nuanced 
learning, detecting fluctuations over time or respond-
ing to time-of-use incentives would require ongoing 
engagement with feedback. Long-term studies are 
valuable because it is likely that novelty effects of 
using the system would wear off. For example, Sarah 
(H7) and Lorraine (H3) said they were unlikely to use 
a system like FigureEnergy permanently.

Finally, a specific limitation of this study is that 
the Consumption Overview was barely used and its 
potential remains to be explored. This is because par-
ticipants were primarily asked to annotate the line 
chart in the Consumption Graph. The instruction 
was given in the first place to ensure that participants 
would actively reflect on their data, but it limits our 
findings and we do not know if the Consumption 
Overview could have been a valuable learning inter-
face. Further, the instruction to specifically annotate 
peaks resulted in participants disregarding the base 
load. It seems that the instruction actively discour-
aged householders from being more inquisitive with 
regard to energy use happening in the background.

Implications

Our findings suggest that in line with construc-
tionist learning theory (Papert, 1980) and Schön’s 
(1987) reflection-on-action, the active manipula-
tion of the data has facilitated reflection, learning 
and in some cases self-reported behaviour change. 
A previous study (Herrmann et al., 2018) found that 
people struggled to make sense of their data when 
it was presented in a similar time series line graph. 
It seems that the interactive annotation feature was 
powerful in triggering reflection in our sample (for 
example, Sarah (H7) and Andy (H7) reportedly quit 
using the tumble dryer for expendable tasks). Based 
on our observations, we believe annotation plausibil-
ity might reflect the level of engagement and the level 
of how much users reflect on the data and its mean-
ing for everyday practices. Admittedly, this is only an 
exploratory study and the hypothesis would have to 
be examined experimentally to confirm whether there 
is a robust effect of interactivity.

The annotation task increased knowledge, particu-
larly for actions or appliances that cause peaks. How-
ever, participants mentioned that they are not clear 
how baseline appliances are contributing and would 

like an automated breakdown. They also struggled 
to annotate events when they were tending to multi-
ple household tasks simultaneously. Computational 
appliance-level disaggregation would meet these user 
requirements and provide an automated solution to 
identifying events. However, disaggregation (non-
intrusive load monitoring) is a complex technical 
challenge, and despite almost three decades of active 
research, it is not completely solved to the end of pro-
viding fully automated and highly accurate disaggre-
gation for any given household without training the 
model specifically for the given scenario (Nalmpantis 
& Vrakas, 2019; Parson et al., 2015; Xia et al., 2019). 
The findings of this study indicate that device-specific 
information would be helpful to enable meaning-
ful reflection on smart energy feedback. If accurate 
appliance-wise disaggregation became available in 
the near future, an automated breakdown would likely 
replace manual annotations. It remains subject of 
ongoing research whether such an automated break-
down would change energy behaviours.

A combined solution could then be a form of AI-
enabled smart assistant: a system that is still centered 
on user-generated annotations, but with automatic 
assistance. Smart meters are not yet smart enough 
(Mogles et  al., 2017) and our participants’ annota-
tions could be improved: for example, if the power 
for a selected event stays below a certain threshold 
or goes over it, the software could provide feedback 
to the user if the selected event label is unlikely to 
cause the annotated peak (i.e. implausible). This 
might prompt users to correct biases and identify the 
big consumers in their home. Similarly, the software 
could suggest likely labels for the ‘mystery’ events. 
On the other hand, manual annotation can help miti-
gate poor results from machine learning (e.g. due to 
one-off events) and weed out outliers.

The purpose of FigureEnergy was to provide richer 
context information to users and make the energy 
feedback as activity-centric as possible. Two par-
ticipants (H1 and H4) spoke about whether it makes 
sense to label an event as a ‘meal’—it is convenient 
and seems to reflect everyday practices, yet it limits 
the usefulness of the data feedback because it doesn’t 
tell the user which appliances were used. This is in 
contrast to our assumptions that activity-centric feed-
back matters more than appliance-centric informa-
tion based on the previous publication by Costanza 
et al. (2012). The work of Grünewald and Diakonova 
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(2019) supports the assumption that activity records 
matter in relation to householders’ electricity con-
sumption. They match electricity consumption to 
activity logs recorded via an app to determine the 
typical energy consumption of a household activ-
ity. Both in Grünewald and Diakonova (2019) and in 
this study, meals stand out: particularly cooked meals 
using high-power appliances produce a salient peak 
in demand. Based on this study, we suggest that the 
ambiguity of the ‘meal’ label highlights an opportu-
nity for improved annotation tools. Our results may 
indicate that appliance-specific feedback on energy 
use may be helpful for users after all because it pro-
vides more information about consumption. More 
research is needed to investigate the difference 
between appliance-centric and activity-centric feed-
back, and their usefulness for householders. The dif-
ference between the two has emerged as a theme in 
this study, but we have not yet systematically exam-
ined the two alternatives.

Conclusion

This paper reported on a field study with 9 house-
holds who interacted daily with an interactive energy 
visualisation prototype called FigureEnergy. Partici-
pants used the software as a digital diary to record 
and annotate energy behaviours in the home. After 
three weeks, they took part in an interview in which 
we explored what they had learned. Both participants’ 
digital annotations and semi-structured interview 
data were analysed. The findings of this study sug-
gest that energy feedback can be made more mean-
ingful through interactive systems that trigger users to 
reflect on their energy data and relate the information 
to their everyday life. FigureEnergy’s annotation fea-
ture allowed participants to engage with their energy 
data more interactively in comparison to feedback 
that is just displayed for ‘passive’ consumption. Some 
of our participants discovered insights about everyday 
practices in the home, including wasteful behaviours 
that they wanted to change. This study did not provide 
enough evidence to conclude whether meaningful 
reflection and accurate insights significantly impact 
environmentally responsible energy use. As far as 
FigureEnergy is concerned, we emphasise how the 
system design needs to find a balance between users’ 
input and AI to help users improve their annotations. 

An opportunity for future work is to test autonomous 
assistance for annotations and to observe behaviour 
change and monitor energy savings in longer term 
studies.
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