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ABSTRACT 

Which device in your home uses the most electricity? Many people have a poor understanding of their 

domestic energy consumption. In this paper, we evaluated three data visualizations used to deliver 

feedback. These were: (1) an aggregated line graph – showing changes in total electricity consumption 

over time, (2) a disaggregated line graph – showing changes in electricity consumed over time but 

separated out at the appliance-level, and (3) an area-based visualization – showing the cumulative 

energy consumed by different appliances over a given time period. In an experiment, 65 participants 

used one of these three visualizations to make sense of the same pattern of domestic electricity data. 

Participants who used the area-based visualization gained a more accurate understanding of how much 

electricity different domestic appliances were using compared to participants who were shown time 

series data. These results suggest that the choice of data visualization will impact people’s understanding 

from smart metering systems, and that appliance-wise disaggregation offers the most promising 

approach for visualizing domestic electricity consumption data.   

 

KEYWORDS: SMART METERING; DISAGGREGATION; INFORMATION VISUALIZATION; 

GRAPHICAL LITERACY; TIME SERIES DATA. 

 

  



 

3 

 

HIGHLIGHTS 

● Investigates how the choice of information visualization influences people in making sense of 

data for domestic electricity consumption.  

● Results of experiment suggest that by using an area-based data visualization, people can gain a 

more accurate understanding of how much electricity different domestic appliances use.  

● These results are important because the information display of current smart meters tend to use 

time-series data visualization, which we show to be less effective for enabling users to develop 

an understanding of domestic electricity consumption.  
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1. INTRODUCTION 

Over the past couple of decades, there have been advances made in the development of technologies that 

make domestic energy consumption data easily accessible to users [21,22,58]. By deploying Smart 

Meters with In-Home Displays and other smart Home Energy Management Systems, it is hoped that 

householders will be able to gain a better and more accurate understanding of how they are consuming 

energy in the home. In turn, this improved knowledge can potentially help people reduce their 

consumption and save both energy and money. When integrated across all of society, such reductions in 

energy demand can lead to significant decrease in greenhouse gas emissions, contributing to the ongoing 

transition to a low-carbon future and the fight against anthropogenic climate change. 

How exactly are Smart Meters and Home Energy Management Systems supposed to help 

householders gain a better and more accurate understanding of how they are consuming energy? 

Conventional energy bills have been likened to buying groceries in a store where products are sold 

without price tags and billed via monthly statements [42]. If customers do not know how much they 

spend on individual items, how can they possibly hope to economize? The purpose of this metaphor is to 

highlight why it is important to develop systems that can give people far more detailed feedback on how 

they are consuming energy. There have been many advances in current technologies for recording 

energy consumption at a high sampling rate. It is now possible for users to easily access data on how 

much energy is being used in their home every second of every day. Despite this fine level of temporal 

granularity, most systems still do not offer ‘price tags’ for separate items; instead, data on total 

consumption across all devices and appliances in the household is given, giving little improvement to 

householders over conventional bills.  

There is a lot of work being done on disaggregating a household’s electricity data so that 

consumption can be tracked down to the appliance-level [6]. This has the potential to have a 

transformative impact on end-users’ behavior [3], allowing them to learn how much energy each 
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appliance in their home is using. For example, does a typical household refrigerator use more or less 

energy during the week than a typical household dishwasher? The hope is that by providing people with 

feedback on disaggregated energy data, they will be able to answer these kinds of questions about how 

they are consuming energy. Surprisingly though, a meta-review of twelve studies investigating how 

people make sense of disaggregated energy data [41], found very limited empirical evidence to support 

the idea that this actually helps people to understand how they are consuming energy in the home and to 

make actionable energy saving behavior changes. This finding is surprising, and we wonder why these 

attempts to give people disaggregated feedback on their domestic energy consumption does not appear 

to work. This brings up the question whether the way in which disaggregated energy data is presented to 

end-users has an impact on whether they can use the data to improve their understanding of how energy 

is being consumed in the home.   

An important consideration is how best to visualize energy data to the householder. Domestic 

energy use is captured as time series data, typically visualized as a line graph depicting power over time. 

Reading such representations requires a level of both energy literacy and graphical literacy. Energy 

literacy is the understanding of physical concepts, such as comprehending that energy is the product of 

power consumed over time [10]. Graphical literacy [16] is the intellectual skill to communicate and 

understand visual aids, such as line graphs. Given that many people have both sparse energy literacy 

[10] as well as poor graphical literacy [25], the question of how best to visualize energy data has been 

much overlooked in the literature [53]. Understanding human perception is critical to visual design [34] 

and assessing people’s ability to understand visualizations should be of paramount importance when 

communicating user-relevant data [8].  

In this paper, we present the results of an experiment to evaluate three data visualizations of 

domestic electricity consumption. These data visualizations were: (1) an aggregated line graph – 

showing changes in total electricity consumption over time, (2) a disaggregated line graph – showing 
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changes in electricity consumed over time but separated out at the appliance-level, and (3) an area-based 

visualization – showing the cumulative energy consumed by different appliances over a given time 

period. In a laboratory experiment, participants used one of these three visualizations to make sense of 

patterns of domestic electricity consumption data. We were interested in finding out which visualization 

helped participants gain a more accurate understanding of how much electricity different domestic 

appliances were using.  

The contribution of this work lies in:  

● Addressing the topical question of whether disaggregation is crucial for eco-feedback 

technologies.  

● Providing a systematic empirical assessment under controlled conditions and free from 

confounding variables. 

● Testing whether people gain more knowledge about the electricity consumption of everyday 

actions depending on the choice of data visualization.  

● Offering design recommendations for future Smart Meter and Home Energy Management 

Systems to summarize how much energy domestic appliances use.  

2. BACKGROUND  

Before describing the details of this study, we first review important related research that has addressed 

relevant aspects regarding disaggregation, information visualization, and users’ literacy to understand 

energy-related visualizations. 

2.1 Disaggregation 

The comparison of energy bills and monthly statements for groceries shopping [42] has been cited many 

times over the past few decades and it has been suggested that disaggregation of household energy data 

could be the ‘holy grail of energy efficiency’ [3]. The common belief is that low-cost energy reductions 

will be achieved through behavior change once disaggregated feedback is provided to households. The 
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cost of rolling out smart meters would be justified by the long-term savings and further advancements 

such as demand-side management and load shifting. Research has therefore been focused on addressing 

the many technical challenges associated with disaggregating electrical signals down the powerline. This 

is usually achieved through a process of computationally analyzing changes in voltage and current to 

identify appliances, known as Non-Intrusive Load Monitoring [3,6,26,33].  

Few systematic investigations have been carried out to assess the ramifications of disaggregated 

eco-feedback on end-users’ behavior and knowledge of how energy is consumed. Indeed, studies that 

have directly compared aggregated and disaggregated feedback have found that aggregated feedback 

was as good as or better than disaggregated feedback [44,48,56]. Kelly and Knottenbelt [41] reviewed 

these, and nine further studies, and concluded that the validity of their findings was severely limited by 

methodological biases. For example, Sokoloski [56] compared different groups using entirely different 

feedback mechanisms and data visualizations. In the study, one group received aggregated feedback 

through an in-home display that participants could easily access throughout the day, while another group 

received disaggregated feedback through an online platform that they could only access after logging 

into the system. These confounding factors make it difficult to assess how effective giving disaggregated 

energy feedback is.  

Controlled laboratory studies have found promising results regarding disaggregation. Yun et al. 

[63] investigated different levels of resolution of energy feedback, considering differences in spatial 

resolution (e.g., total, per room, or per appliance) and temporal resolution (e.g., current usage, history of 

usage, and prediction of future usage). Yun et al. found that appliance-wise disaggregation was 

beneficial, both for novices and experts.  

In a previous experiment, we [36] compared different data visualizations for representing 

disaggregated energy feedback that varied the temporal resolution of the data being presented. We found 

that showing moment-to-moment changes in consumption over time across different appliances in the 
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form of a time series line graph resulted in participants having a less accurate understanding of how 

much energy was consumed compared to when a data visualization was used that showed only the total 

consumption for each appliance normalized across the duration of usage. These results suggest that 

giving high temporal resolution feedback can potentially hinder people’s ability to make sense of and 

interpret domestic electricity consumption data. We further discuss this in the following paragraphs on 

data visualization. 

2.2 Information visualization 

People’s ability to understand visualizations should be of paramount importance when communicating 

user-relevant data. Boy et al. [8] define visualization literacy as the ability to use data visualizations to 

handle information in an effective, efficient, and confident manner. Boy et al. also point out that few 

studies examine how well people can extract information from graphs. Previous research shows that data 

comprehension greatly depends on the manner of presentation and the design of the display interface 

[14,63]. As a result, we are taking a closer look at how to visualize energy data for the user, ranging 

from abstract and ambient information visualization to graphic representations.  

There is a rich tradition of developing information visualizations that use abstract, ambient and 

artistic techniques to communicate data to users. For example, Holmes [37] proposes to combine art and 

technology to help householders reduce their energy consumption. Looking to visualize the use of 

individual appliances, Rodgers et al. [54] found that a viable way to provide feedback in a pleasingly 

aesthetic way was to use artistic symmetrical and colorful shapes that responded to and changed in line 

with energy use. Taking a similar approach, Gustafsson et al. [28] deployed a prototype which looked 

like a common electrical power strip that was modified so that it displayed the amount of energy passing 

through it using dynamic glowing patterns produced by electroluminescent wires molded into the 

transparent electrical cord. These examples provided tangible feedback at localized points in the home.  



 

9 

 

In contrast to these abstract and ambient displays, graphical data visualizations are more 

commonly developed for digital interfaces, such as in-home displays and web apps for domestic smart 

meters. Here we focus on two published studies, one by Costanza et al. [17], and one of our own studies 

[36], both of which have addressed the question of how to visualize disaggregated electricity data using 

graphical displays.  

 

Figure 1. The FigureEnergy Data Visualization with Logger View (left) and Practice View (right). 

Taken from Costanza et al. [17]. 

Costanza et al. [17] built and evaluated a prototype data visualization, called FigureEnergy, 

which was designed to help people make sense of domestic energy data consumption. The FigureEnergy 

interface had two views. In the Logger View (left panel, Figure 1), users could see their electricity 

consumption as a time series line graph, showing power over the duration of a day. The interface was 

interactive meaning that users could annotate the graph and indicate which appliances they used 

throughout the day. To review how much electricity each appliance was using, users could switch to a 

second Practice View (right panel, Figure 1). The Practice View used an area-based visualization to 

show the cumulative energy consumed by each appliance: each appliance was represented by a separate 

two-dimensional box, the size of which was proportional to the amount of energy consumed by that 

appliance throughout the day. Pictographic icons were used to label each box to make it clear which 

appliance it referred to. This data visualization was designed to allow users to quickly and easily get a 
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sense of how much electricity each appliance was using: the appliance with the biggest box was using 

the most electricity. While we assume that the area-based summary provided by the Practice View 

helped users to learn which appliances consume the most electricity in the home, Costanza et al.’s study 

did not investigate this question in detail.   

 

Figure 2. Three energy data visualizations: aggregated line graph (left), disaggregated line graph 

(middle), and area-based (right). Taken from Herrmann, Brumby, Oreszczyn & Gilbert [35]. 

We previously [36] conducted a lab study to assess the effectiveness of different data 

visualizations for helping people to learn how much electricity is consumed by domestic appliances per 

typical use. In the study, participants were shown one of three different visualizations of the same 

underlying domestic energy dataset: (1) an aggregated line graph, (2) a disaggregated and color-coded 

line graph for each appliance, and (3) a disaggregated and statistically normalized graph for each 

appliance. All three visualizations show the electricity usage patterns of a dishwasher, a vacuum cleaner, 

and a kettle running at the same time. In the aggregated condition (left panel, Figure 2), total 

consumption for all three appliances is represented using a single line graph. In the disaggregated 

condition (middle panel, Figure 2), consumption data from each appliance is separated and represented 

as different colored lines in the graph. In the area-based condition (right panel, Figure 2), the time-
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dimension was eliminated from the data to normalize the consumption of the three appliances over their 

usage duration – creating a stacked visualization.  

To evaluate each of these different data visualizations, we [36] asked participants questions 

about which of two appliances used the most energy. For example, a participant was asked: does running 

the dishwasher use more energy than using the vacuum cleaner? Participants who were exposed to the 

area-based visualization (right panel, Figure 2) were more likely to answer these energy literacy 

questions correctly than participants who saw either of the time series visualizations. Surprisingly, there 

was no difference in participants’ accuracy on the energy literacy test between participants who used 

either the aggregated or disaggregated time series visualizations (left panel vs. middle panel, Figure 2). 

While normalizing energy data may have yielded the best results in terms of test accuracy, it uses 

a non-standard and unfamiliar visualization format. Lee et al. [45] suggest that great care must be taken 

when giving novices an unfamiliar visualization because they can be difficult to understand, and users 

draw unintended conclusions from the visualization. For example, a user might assume that the x-axis of 

the normalized visualization represents time, and so therefore might not be able to make sense of the 

normalized units. Consistent with this concern, some participants in the normalized condition had to be 

excluded from the data analysis because they reportedly did not understand the visualization. This is not 

surprising as the normalized condition is very atypical and unfamiliar graphics are not recommended for 

use with an untrained audience [50]. A more appropriate area-based visualization are the pictographic 

representations developed by Costanza et al [17], which potentially reduce the cognitive effort needed to 

interpret the energy consumption data.  

2.3 Householders’ literacy  

Previous work in HCI has revealed that ‘smart home’ technologies are not as smart as users believe 

them to be and as a result, they often fail to fully understand them [13,35,62]. There are two factors that 
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played a role in users’ failing to understand energy data feedback: (1) poor knowledge about energy and 

(2) poor understanding of how to read and understand data visualizations. We review each in turn.  

First, most people have little knowledge about energy, its physical properties, or about how 

much electricity they consume when carrying out everyday behaviors at home, such as washing laundry 

or watching TV [9,15,19,23,43]. When being asked how to save energy, a classic response is ‘switching 

off the lights when not needed’. Attari, DeKay, Davidson, and Bruine de Bruin [4] found that people 

often systematically overestimate the energy used by highly salient but low-energy activities, such as 

having the lights on. Conversely, people systematically underestimate the energy used by high-energy 

appliances that are used less frequently (e.g., the washing machine). These misconceptions affect how 

people go about saving energy and impair reasonable decision making in the process. There is a general 

consensus in the literature that feedback needs to address daily routines to help people learn about their 

energy consumption patterns and make reasonable changes [1,18,20,57,60]. In this paper, we focus on 

energy literacy as householders’ understanding of how much energy they consume by carrying out 

everyday practices (such as watching TV or washing laundry).  

Second, ‘graphicacy’ [5], or ‘graphical literacy’ [16,24,51], is poorly trained in most people. 

This skill refers to people’s competence to extract relevant information encoded within a graph or data 

visualization. If householders are unable to learn the relevant information from energy feedback 

displays, they will be unable to make changes even if they are motivated to do so [49]. Kempton and 

Layne [42] explicitly argued that: “the conclusions consumers can draw … are restricted by the form in 

which they receive price and consumption data and their limited analytic capabilities” (pp. 857). This 

suggests that energy data visualizations should be designed to make it easy for people to analyze and 

decode the information presented within the visualization [12,38]. Despite this, the question of how to 

present energy feedback information has been much overlooked in the literature [53].  
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For this study, it is relevant to see how previous work has operationalized and measured the 

effect of energy data representations on people’s literacy (i.e., their learning about how much electricity 

everyday activities in the home consume). Power rating quizzes, pair-wise comparisons, and list 

rankings have been used for participants to decide which appliances consume the most energy and 

which ones consume the least after having been exposed to energy usage information [2,36,63]. As 

outlined above, we previously [36] evaluated how much people learnt from a data visualization by 

asking them a series of questions about which of two appliances used the most energy. The dependent 

variable in these tasks was response accuracy – the ability to correctly identify the appliance that uses 

the most electricity over a given usage period. Further outcome measures that have been used are 

response time and response confidence [13,32]. 

2.4 Purpose of current study 

The aim of the current study is to investigate how the choice of information visualization influences 

people in making sense of data for domestic electricity consumption. This is an important and timely 

question as there are different ways in which disaggregated appliance-centric energy data can be 

presented to users. Line graphs are the most commonly used representation for energy data, but they 

seem poorly suited to convey to users how much energy everyday practices consume. Previous research 

has shown that there are problems with line graphs [31,35], and rather than knowing their consumption 

pattern over time, householders need to know which practices consume a lot of energy. Area-based 

appliance-centric (or event-centric) visualizations (like the one in FigureEnergy [17]) seem to be much 

more in line with householders' mental models. Following social practice theory [29,30], householders 

think about energy use in terms of everyday practices, such as making tea or washing laundry. Hence, 

visualizations that convey practice-centric feedback might be better suited to convey this information.  

It's important to note that we do not consider whether people are interested in learning about 

their actual domestic electricity consumption patterns or whether feedback actually leads to changes in 
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consumption behavior. Instead, the motivation for our study is to compare the standard time-series line 

graph to an area-based appliance-centric visualization for making sense of data for domestic electricity 

consumption data. Based on the reviewed literature, the purpose of this study is to evaluate the following 

two hypotheses:  

1) Time series line graphs can provide some information about how much energy appliances 

consume. However, aggregated data hardly allows for comparisons between appliances. 

Disaggregated time series line graphs provide information by showing clearly visible start and 

end points, separating out the energy consumed per appliance. For instance, one can easily see in 

Figure 2 that the dishwasher has consumed more energy than the vacuum cleaner, which in turn 

has consumed more than the kettle. We assume that disaggregated line graphs allow users to 

learn more about the energy consumption of household practices than aggregated line graphs.  

2) Area-based visualizations using pictographs, as utilized by Costanza et al. [17] and Haroz et al. 

[32], go a step further in processing the raw data, thus reducing the cognitive effort needed to 

interpret the information. The ups and downs in time series graphs make the visual comparison 

error-prone for appliances with similar profiles. Instead, the area under the curve could be 

transformed with one minimum alternation into a rectangle with duration on the x-axis and 

average power on the y-axis. However, using this method there is a risk that some rectangles 

would be very large while others may be very small because of the extreme differences in power 

and duration of usage between appliances. To overcome this issue, we’re adding one further 

transformation, reshaping the representation into near-squares. The readability of these box 

shapes is further improved by using the icon of the appliance as the box itself (rather than relying 

on a key to match a line graphs’ affiliation to an appliance). We assume that this visualization 

allows users to learn more about the energy consumption of household practices than line graphs. 
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To test these two hypotheses, we adapt the experimental setup of our previously published study 

[36] in which the effect of different data visualizations on users’ data understanding was tested. That 

study found tentative evidence that area-based visualizations, which are free from the ups and downs in 

time series lines graphs, are superior in feeding back disaggregated data.  

However, the area-based representation chosen in that study was an atypical graph that led to 

confusion amongst participants (see right panel, Figure 2). Also, the simulation used artificially isolated 

runs of appliances, not complex time series over a full day, as it would be the case in real-life eco-

feedback displays. It could be due to this simplification that the study failed to find an advantage of 

disaggregated time series over aggregated time series line graphs. To create a more realistic 

visualization showing complex time series over a full day, we are adopting design ideas from 

FigureEnergy [17]. This field study presented both time series line graphs as well as an area-based 

visualization using two-dimensional boxes to represent the cumulative usage of appliances (see Figure 

1).  

We are interested in quantifying which of the two views yields better learning outcomes for users 

in terms of understanding how much energy they use for everyday household tasks: the time series line 

graph - which is still the most common form of visualization for electricity data - or the area-based view 

summarizing cumulative energy. This is a highly relevant question considering the hopes that are being 

placed in smart home technologies: if users don’t learn which appliances are using a lot of energy, they 

cannot identify how to make savings; and if appliance-centric visualizations don’t teach users where 

they are using most energy, then efforts would be wasted on disaggregation. 

In the current study, we compare two different kinds of line graphs - aggregated and 

disaggregated – as well as an area-based visualization to evaluate their impact on users’ understanding 

of how much energy typical household appliances consume. First, we predict that the disaggregated line 
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graph will result in higher test accuracy than the aggregated line graph.  Second, we predict that the 

area-based visualization will yield better test results than both types of line graphs.  

3. METHOD 

3.1 Participants 

We recruited 68 participants (41 female, 27 male) through the Psychology Subject Pool at UCL. Of the 

68 participants, 57 were between 21 and 35 years old, three participants were younger (between 18 and 

21) and five were 36 years or older. All had normal or corrected to normal vision and were accustomed 

to reading from left to right. Participants received course credit or a small payment for taking part in the 

study. 

3.2 Design 

The study used a single-factor between-subjects design with the electricity data visualization as the 

independent variable. There were three factor levels of data visualization: (1) an aggregated line graph – 

showing changes in total electricity consumption over time, (2) a disaggregated line graph – showing 

changes in electricity consumed over time but separated out at the appliance-level, and (3) an area-based 

visualization –showing the cumulative energy consumed by different appliances over a given time 

period.  

We were interested in assessing the extent to which each of these different visualizations allowed 

participants to gain an accurate understanding of how much electricity typical household practices 

consume (e.g., making coffee or running the dishwasher). To assess this, we had participants complete 

an energy game. In this game, participants were asked to decide which of two practices used the most 

electricity (i.e., a two-alternative forced-choice). We recorded response accuracy, response time, and 

response confidence (on a 5-point Likert scale). These measures were used to compare the participants’ 
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performance both before and after they used one of the data visualizations to make sense of a complex 

domestic electricity consumption dataset from a typical household (details on this are given below).  

3.3 Materials  

Throughout the experiment, we used ‘Jack’ as a persona to embed the experiment into a story about 

residential smart metering. Participants were told that Jack and his family live in a London end-of-

terrace house and that they have a Smart Meter in their house. When participants used a data 

visualization to make sense of the electricity consumption data, we told them that this was the feedback 

that Jack also received from the Smart Meter. It was explained that they would see the data of one 24-

hour period at a time, and that they would be shown a simulation of seven days in total, one day at a 

time. The simulation was meant to imitate a typical week in Jack’s house, where there was more activity 

during the weekend than on weekdays. Sometimes appliances were used in isolation, sometimes they 

would overlap. There were appliances that would consume a lot of electricity for a few minutes only 

(e.g., the kettle), and others that would consume less power over a longer period (e.g., the TV). The 

fridge generated a constant 24-hour baseload. The energy data that was presented was the same for all 

conditions, but the type of data visualization that participants saw in the simulation to make sense of this 

complex dataset depended on the condition they were assigned to.  

The problem that developers face is how to best visualize a dataset to communicate the 

actionable information clearly and easily for users to gain knowledge. People are better at interpreting 

familiar diagrams [50] and according to Pinker’s [51] theory of graph comprehension, a graphic 

representation should preserve the physical properties of what they represent (power x time = energy). 

Hence, line graphs are predominantly used to visualize energy data because they are intuitive. In the first 

condition, participants saw the aggregated electricity of all appliances in a single line graph showing 

power in Watts on the y-axis over time of day on the x-axis. We refer to this condition as ‘aggregated’. 

Like the Logger View in Costanza et al. [17], the curve shows the total electricity consumption in the 
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household, merely labelling the onsets in time when the appliances were turned on. This was done to 

provide participants with an understanding of the pattern of domestic activities that were taking place in 

the home. Some information is visible enough in this condition: one can detect the baseline of the fridge, 

for example, and the spike of the kettle is quite distinct. On the other hand, it is nearly impossible to 

make out the exact pattern of the dishwasher. 

 

Figure 3. The aggregated time series line graph visualization. 

Given the challenges of aggregation, we chose to separate out the patterns of appliances, using 

multi-color coded line graphs [39]. In the second condition, participants saw the electricity used over a 

day, but this data was disaggregated: each appliance was visualized as a separate line using a distinctive 

color (Figure 4). We refer to this condition as the ‘disaggregated’ condition. The idea is to facilitate the 

distinction of how the power consumption of each appliance varies over time throughout a period of 

usage and contributes to the total usage depicted. For example, the dishwasher has a distinct pattern with 

two peaks and a period of lower usage in the middle. This pattern becomes visible in the disaggregated 

condition but is hidden in the aggregated condition. Another example is the second usage of the toaster – 
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in the aggregated condition the toaster and coffee maker add up to a higher peak and the contribution of 

each becomes blurred. In this way, it seems intuitive that the disaggregated data visualization should aid 

participants as they make sense of how much electricity different devices are consuming. The 

information how much energy the appliances consume is depicted by the area under the distinct curves. 

It is well visible, for example, that the light is the smallest contributor to the total energy profile. The 

comparison between appliances is relatively easy for say the dishwasher versus the toaster or the 

dishwasher versus the kettle. It is more difficult and error prone to compare the dishwasher versus the 

washing machine. This condition likely allows for more learning than the aggregated condition, but still 

the visual system is not optimized to summarize the ups and downs of say the fridge and to compare 

them to the sum of the dishwasher’s humps. 

 

Figure 4. The disaggregated time series line graph visualization. 

As explained above, line graphs are the natural choice for energy data because they show power 

x time = energy; but they convey information on how much cumulative energy was used quite poorly. 

The practical question is how to show how much energy is consumed by different appliances in the 
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home. We therefore simplified the energy data into an easier-to-read visualisation so that the 

information would be more readily available and might facilitate encoding and retention [32].   

The simplest way to transform the disaggregated line graphs into an area-based shape would be 

to maintain the time information and to eliminate the power fluctuations by using the average power as 

the y-value. However, this would result in a disorderly visual presentation with rectangles that vary 

greatly in height and width (e.g., the fridge would be 24 hours on the x-axis and around 100W on the y-

axis, the kettle would be a couple of minutes on the x-axis and a couple thousand Watts on the y-axis, 

the light would be barely visible on the same scale). Therefore, we have opted to transform the area of 

average use time x average power into a near square-shaped rectangle. This approach also allowed us to 

impose pictographic appliance icons onto the shape.  

Two-dimensional boxes have been found to be suitable for quick cognitive processing [7] and so 

have pictographic representations (simplified icons that are highly recognizable) where a picture of the 

represented item is used as a chart itself [32]. In the third condition, participants were presented with this 

area-based visualization, which showed the cumulative energy consumed by different appliances during 

a particular usage period. The individual appliances were represented by two-dimensional boxes (Figure 

5). The size of these boxes was proportional to the energy consumed by the appliance. For example, if 

one appliance consumes twice as much energy as another, the box of one will be twice as big in area as 

the other. If Jack used the same appliance twice in a day, then the visualization will show two boxes for 

the appliance. We refer to this condition as the ‘summarized’ condition.  

The idea behind the area-based summary visualization is to make it easier to distinguish how 

much electricity each appliance is consuming every time it is used. For example, the kettle and the 

toaster consume a lot of electricity for a few minutes only, using a lot of power per unit of time, whereas 

the TV consumes less power, but will be running for a much longer period. Line graph visualizations 

show energy consumption as a function of time, which presumably makes it difficult to estimate the 
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cumulative energy usage of a given appliance over time (i.e., calculating the total area under the line). 

The summarized visualization alleviates this by showing cumulative consumption over one usage of the 

appliance in an area-based representation which is easier to process for the human visual system. As 

discussed before, this representation is similar to the Practice View developed and deployed with the 

FigureEnergy system [17]. 

 

Figure 5. The summarized area-based visualization. 

The energy data that was presented was taken from the UK-DALE dataset [40]. This open-access 

dataset is from a study that recorded domestic appliance-level electricity at a sample rate of 1/6 Hz from 

five UK houses, with the longest recording lasting 655 days in one house. We used the following eleven 

appliances from this house (house 1 in the dataset, a London end-of-terrace house, built c.1905): radio, 

lamp, microwave, toaster, kettle, coffeemaker, TV, vacuum cleaner, washing machine, dishwasher, and 

fridge. We modelled the appliances’ energy consumption by identifying the typical duration of use and 

the power usage over time. 

To assess the effectiveness of each of these visualizations, participants completed an energy 

game and answered open-ended questions. In the energy game, participants were asked to decide which 

of two appliances used the most electricity. This task was adapted from the ENLITEN energy game, 
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developed by the Universities Bath and Oxford as part of the ENLITEN project [47]. It has previously 

been used to measure changes in electricity consumption knowledge [36]. In the current study, 

participants made two-alternative forced-choice decisions, indicating which of two appliances consumed 

more electricity during a standard usage cycle (e.g., running the dishwasher or making coffee, see Figure 

6). Participants were required to make 55 pairwise comparisons – this covers each combination of the 

eleven appliances taken from the UK-DALE dataset. For each decision, we recorded response accuracy 

and response time in seconds. Participants were further asked to indicate on a 5-point Likert scale how 

confident they were about the decision (1 being low confidence, 5 being high confidence).  

 

Figure 6. The energy game was played as pre- and post-test. 

Some of the comparisons were relatively easy (e.g., dishwasher versus radio), whereas others were more 

difficult (e.g., dishwasher versus washing machine). The range of difficulty in the comparisons 

generated sufficient variance in participants’ performance to assess differences between the three 

visualization conditions in post-test performance. The energy game targeted the understanding of how 

much energy is consumed by appliances per use. We further asked participants open-ended questions to 

better understand their cognitive processes during the experiment. The questions were as follows:  

1. Before watching the simulation, you had to estimate which of two appliances consumed the most 

electrical energy. Were there any strategies that you used to make these decisions?   
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2. How did you make sense of the information visualization in the simulation? 

3. What did you learn from the simulation? 

4. How could Jack reduce his energy consumption?  

5. Can you explain why the appliances use the amount of energy they consume?  

The first question was to assess how much participants knew about the consumption of specific 

appliances beyond the measure of the energy game. The second, third and fourth question inquired how 

they made sense of the visualizations and what they learned from them. The fifth question was aimed 

especially at the line graph conditions. We previously [36] found that line graphs, with their ups and 

downs, triggered participants to reflect more deeply on what the appliances were doing throughout a 

usage cycle. The added cognitive effort  may have benefits for encoding and recall [43]. We therefore 

assume that participants in the line graph conditions will give richer answers, because they require more 

cognitive effort than the area-based pictographs. The entire experiment was presented on a 27-inch iMac 

(2560 × 1440, graphics: ATI Radeon HD 4850 512 MB). 

3.4 Procedure 

The entire experiment lasted a little less than 30 minutes. It was conducted in a small quiet office, free 

from external interruptions and distractions, with a desktop computer placed on a table. Participants 

were randomly assigned to one of the three data visualization conditions. In each condition, they 

completed a short demographic questionnaire.  

The experiment had three main parts. First, participants completed the energy game to generate 

their pre-test scores. Participants were not given any feedback on the accuracy of their responses. 

Second, participants were exposed to the simulation with the electricity data visualizations showing 

energy data over seven days. They were instructed to pay close attention and to try to learn how much 
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electricity the appliances consume. There was no time limit to how long each day was presented. 

Participants were asked to look at the data feedback and take as much time as they needed to learn how 

much the appliances consume. Once they felt they had completed one frame, they could click a 

‘continue’ button and move on to the next frame, showing the next day. Participants could only look at 

the presented data, they could not actively interact with it or manipulate it other than moving forward to 

the next frame. Third, participants completed the energy game again. Completing it a second time 

allowed us to compare participants’ post-test performance with pre-test performance to determine 

whether there was any change in their understanding of electricity consumption after having been 

exposed to one of the data visualizations. After having completed the experiment, participants were 

presented with the five open-ended questions.  

4. RESULTS 

4.1 Quantitative data  

Data from three participants was excluded from the quantitative data analysis because these participants 

said that they clicked through the simulation without trying to learn from it. We used a between-subjects 

analysis of variance (ANOVA) to compare responses on the energy game between the three different 

visualization conditions (aggregated, disaggregated, and summarized). We used a within-subjects 

analysis of variance (ANOVA) to compare responses between pre- and post-test. There were three 

dependent measures of interest: response accuracy (i.e., the proportion of correct decisions out of the 55 

pair-wise comparisons in percentages), response time (in seconds), and response confidence (on a scale 

from 1 to 5). A significance level of 0.05 was used for judging the significance of effects. 

We first checked to see whether there were any differences in participants’ baseline knowledge 

of domestic electricity consumption between the different conditions (as measured by pre-test responses 

to the energy game). All three groups had a similar level of response accuracy (M = 75.15%, SD = 

11.68%, M = 71.82%, SD = 13.05%, and M = 69.51%, SD = 13.11% for aggregated, disaggregated, and 
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summarized, respectively). Likewise, participants in each group reported similar pre-test response 

confidence levels (M = 3.5, SD = .71, M = 3.78, SD = .59, and M = 3.55, SD = .59, for aggregated, 

disaggregated, and summarized, respectively). Finally, each group had similar pre-test response times 

(M = 7.97s, SD = 2.76s, M = 7.85s, SD = 2.3s, M = 8.32s, SD = 2.19s, for aggregated, disaggregated, 

and summarized, respectively). Statistical analysis confirmed that there were no significant differences 

in baseline (pre-test) knowledge between participants that were placed in each of the three different data 

visualization conditions (all p’s > .05).  

Given that all participants started out with a similar level of understanding of energy 

consumption, we next examine whether any one of the data visualizations helped improve this situation. 

To do this, we compared post-test responses to the energy game between participants assigned to each of 

the different data visualization conditions. As can be seen in Figure 7, participants had higher response 

accuracy in the summarized condition (M = 87.36%, SD = 12.71%) than participants in the aggregated 

condition (M = 69.53%, SD = 12.15%) or participants in the disaggregated condition (M = 72.47%, SD = 

12.81%). Statistical analysis revealed a significant effect of visualization condition on response 

accuracy, F(1,63) = 21.09, p<.001. Participants gave slightly lower confidence ratings for their 

responses in the summarized condition (M = 4.07, SD = .49) than participants in the aggregated 

condition (M= 4.33, SD = .54) or participants in the disaggregated condition (M = 4.4, SD = .41), 

F(1,63) = 5.08, p<.05. We found no significant difference in response times between conditions for 

aggregated (M = 6.06s, SD = 1.37s), disaggregated (M = 6.34s, SD = 2.27s), and summarized (M = 

5.69s, SD = 1.24s), F(1, 63) = .53, p = .47. 

Finally, we compared the pre-test and post-test scores within each condition. The summarized 

group significantly increased their accuracy score from pre- to post-test, F(1,42) = 21.02, p<.001. There 

was no change between the pre- and post-test accuracy for either the aggregated group, F(1,40) = 2.34, 

p<.13, or the disaggregated group, F(1,42) = 0.03, p<.87. In terms of confidence, all three groups 
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became significantly more confident in their responses from pre- to post-test (F(1,40) = 8.93, p<.01; 

F(1,42) = 10.54, p<.01; and F(1,42) = 30.77, p<.001 for aggregated, disaggregated, and summarized 

respectively). All three groups also became significantly faster in their responses in the post-test 

compared to the pre-test (F(1,40) = 8.06, p<.01; F(1,42) = 4.83, p<.05; and F(1,42) = 23.96, p<.001 for 

aggregated, disaggregated, and summarized respectively).  

 

Figure 7. Pre- and post-test accuracy scores in the energy game for the three conditions 

aggregated, disaggregated and summarized. Error bars represent standard error of mean.  

4.2 Qualitative data  

4.2.1 Before watching the simulation, you had to estimate which of two appliances consumed the most 

electrical energy. Were there any strategies that you used to make these decisions?    

The first open-ended question asked participants about the strategies that they had used to make their 

responses when completing the pre-test (baseline) energy game. Across the three groups, the same 
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themes emerged. Many participants considered the time the appliances were used for (as specified in the 

game) to inform their decisions. Also, many participants considered the power that they thought the 

appliance used. To estimate this, they thought about the size of the appliances and its functionality (e.g., 

whether appliances involved heating elements or generated kinetic energy). Prior knowledge and 

experience were named, too, such as information they had learned as a child or from energy ratings and 

information booklets. Few participants explicitly mentioned attempting to formally estimate energy as a 

function of power consumed over time.  

4.2.2 How did you make sense of the information visualization in the simulation?  

The second question asked participants about how they had used the information visualization to try and 

make sense of the illustrated domestic electricity dataset. Participants in the aggregated group reported 

looking at the spikes in the graph, understanding that ‘the higher up the red line, the more energy was 

used by an object’. However, participants in this condition had to make guesses as to how long an 

appliance was on for. This might have been relatively easy to guess correctly for appliances with short 

duration and one high peak (e.g., the kettle), but is substantially harder for appliances that have longer 

durations and many peaks (e.g., the dishwasher). One participant said they looked at the annotations and 

‘followed the spikes along the x-Axis to deduce how long the appliance has been running for’. Another 

participant stated: ‘I was not able to understand how long each item was used separately’. Other than 

determining the duration of use per appliance, there was a second difficulty, which one participant 

described as follows: ‘I tried to compare the usage over time but found this difficult because some 

appliances used small amounts of energy but over a longer period of time’.  

Participants in the disaggregated group could clearly see the duration. They reported ‘to take into 

consideration both axes: time and energy. So, bearing in mind that even if an appliance consumes much 

more energy per hour, it may only be on for a short period of time’, and they ‘compared appliances with 

each other and memorized relationships, kettle > coffee maker; washer > microwave, for example’. The 
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idea that the area under the curve represented the energy consumed was understood by participants: ‘For 

the vertical axis, the higher the more it will consume per hour. Multiply it with hours. The result is the 

energy it has used. So, the more total space it has, the more energy it has consumed’. Still the second 

challenge that the aggregated group encountered, occurred in the disaggregated group, too: ‘it was a lot 

harder to compare the refrigerator, for example, as it had relatively low consumption per hour, but it 

was turned on for many hours’ and another explained ‘It was very easy to compare high-consuming 

appliances with low-consuming appliances, and come up with a hierarchy of consumption for high 

versus low consuming appliances. However, it was harder to compare low-consuming appliances with 

other low-consuming appliances as the spaces on the graph were so small that it was difficult to 

visualize the difference between them’.  

Participants in the summarized group only looked ‘at the sizes of the boxes relative to each 

other’. The duration and power information were eliminated from the data visualization, and the 

cognitive task was reduced to memorizing hierarchies and recalling relationships such as that the 

dishwasher, washing machine and fridge ‘took up most energy’ and that the ‘radio used least energy’. 

One participant described grouping large appliances together and smaller appliances together, and then 

within one category compared appliances to each other to memorize their ranking. Several participants 

remarked that the visualization was clear and understandable, but one participant in the group 

misinterpreted the boxes thinking they showed how much energy the appliances consume per hour, 

whereas all others understood that we displayed the typical or average duration of use of an appliance 

which matched ‘the amount of time used in the questions’ from the energy game.  

4.2.3 What did you learn from the simulation?  

The third question asked participants what they had learnt from looking at the information visualization 

used to make sense of the illustrated domestic electricity dataset. Across conditions, several participants 

reported learning that certain appliances (i.e., dishwasher, washing machine, vacuum cleaner, kettle, 
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coffee maker, microwave, and toaster) consume more than they expected. Equally, they reported 

surprise as to how little radio, lights and TV consume. In the aggregated condition, participants spoke 

mostly about peaks (‘I was surprised how much of a power spike there is for kettles’) and they used the 

terms energy and power interchangeably. Only one participant in this group considers that kettle and 

toaster are high in power, but only used for a very short time. None of the participants mentioned the 

fridge.  

In the disaggregated condition, the fridge generated controversial statements: several participants 

in the disaggregated condition listed the fridge as one of the appliances that consumed surprisingly little 

energy. Only one participant in this condition noted that the fridge would consume ‘a lot because it is 

always on’ and another inferred there would always be a base rate due to the fridge. It seemed that some 

participants focused more on the power dimension than on the duration: ‘I never thought that the fridge 

would consume so little electricity per hour, and I never knew that the kettle would consume that high 

amount of energy’. Another participant in contrast summarized ‘we should consider the power of the 

appliance and the length of time it works together to get the power [energy] consumption’. Learnings 

were that ‘more time used’ does not necessarily equal ‘more energy used’, and that ‘some appliances do 

not have a stable consumption, but it changes during the cycle of use’.  

In contrast to the disaggregated group, participants in the summarized condition consistently 

stated that the fridge uses a lot and contributes ‘greatly towards an energy bill’. The participant who 

realized the fridge’s contribution towards the bill said: ‘I have always been conscious as a bill payer 

about smaller things like charging phones, using lights etc.’. A couple of participants in the summarized 

condition further mentioned that they ‘learned how much energy each appliance uses relative to other 

appliances’, for example, that ‘making a cup of tea was more energy consuming than listening to radio 

for an hour’ and this participant mentioned that they found that surprising. The summarized group also 

slightly differed from the other conditions in their assessment of the kettle and toaster – generally these 
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were listed as appliances that were shown to consume more than participants had expected; one 

participant in the summarized condition however must have had prior knowledge that they are power-

intensive and he focused on the fact that ‘in total’ they use less than expected.  

4.2.4 How could Jack reduce his energy consumption?   

The fourth question asked participants to help Jack, the persona in the scenario, with reducing his energy 

consumption. Most responses across the three conditions drew strongly from previous knowledge and 

included generic recommendations such as using appliances less and more efficiently. To use appliances 

less, one of the most common suggestions was to wash the dishes by hand. Others were to switch the 

lights off or to have fewer cups of tea and not to keep the radio or TV on in the background. To use 

appliances more efficiently, they recommended fully loading the dishwasher and the washing machine 

and boiling only the amount of water needed in the kettle.  

In the aggregated group, two participants said they didn’t know how Jack could save energy. 

One requested itemized information because it would be ‘helpful for Jack to be made more aware of 

how much energy simple household items, e.g. microwave, use up’. In the disaggregated condition, too, 

one participant said he did not know because there was not enough information provided in the 

simulation, for example, the ‘kind of washing cycle’ for dishwashers and washing machines would 

impact energy consumption.  

In terms of referring to power and duration, there was one person in the aggregated group who 

suggested reducing the ‘using time of those with high electricity power, as these will have a significant 

increase on the whole electricity consumption’. In the disaggregation group, too, some participants made 

the general recommendation to reduce the use of appliances with ‘high power’ or ‘high energy’. A 

couple specifically named kettle, toaster, dishwasher and microwave amongst these high consumers.  
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A subtle difference emerged in the summarized group: two participants went beyond the generic 

suggestion to use energy intensive appliances less, and they specifically named  the dishwasher  (the 

dishwasher was indeed the biggest consumer of all appliances in the presented data).   

4.2.5 Can you explain why the appliances use the amount of energy they consume?  

Most participants across the conditions referred to whether an appliance is generating heat or kinetic 

energy as reasons why an appliance uses a lot of energy. In less technical terms, they also mentioned 

that the dishwasher needs power to ‘clean and dry’, the hoover needs a lot of energy ‘to suck in air’, a 

radio consumes little because it only outputs sound, and lights do not have ‘such an intensive task’.  

There was one theme that only came up in the disaggregated condition: A few participants 

referred to whether appliances need a ‘boost’ or not, for example the kettle, the hoover and the 

dishwasher do, whereas the fridge does not have a boost but it’s ‘on throughout the day’. Another 

participant explained in a similar way that the heating element in a kettle ‘causes a huge energy 

consumption in a short time’, whereas the fridge is ‘keeping the temperature inside instead of changing 

it’. Similarly, yet another participant said: ‘a light bulb just needs a little power to keep it on’.  

Again, the fridge came up as a contentious item: one participant in the aggregated group said it 

consumed ‘very little energy per hour’ but ‘across the day [it] adds up to more than most appliances’. 

For one participant in the disaggregated group, the framing was exactly the other way around, they said 

the fridge ‘consumed less energy although it is used 24/7’ and another said a fridge was ‘designed (…) 

to be kept on all the time’ and ‘a key feature of it was that it needed to minimize electrical consumption’. 

A second participant in the disaggregated group used the same logic saying: ‘Fridge need[s] to be 

opened [on] all day, so the consumption must be relatively lower’. In contrast, a participant in the 

summarized group reiterated that ‘The fridge has to be turned on for 24 hours, so it consumes a lot of 

electricity’. 
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5. DISCUSSION 

5.1 Quantitative findings  

There are numerous barriers that prevent householders from the effective understanding and 

interpretation of their domestic energy data. They may not understand, or be interested in, the 

relationship of power and duration. They may not be good at reading data visualizations. They may not 

wish to investigate their consumption patterns, or change their habits, whatsoever. All these factors limit 

the willingness and effort to learn from domestic energy feedback. These concerns are not controlled for 

in this study, which only looks at how visualization choices can address the unresolved ‘groceries bill 

problem’. The results show that indeed participants’ performance in the energy game was affected by 

the kind of visualization they were exposed to and hence confirm that what householders are likely to 

learn, depends greatly on how the data is visualized [14,36,63].  

Most importantly, given the ongoing research on smart feedback and energy data disaggregation, 

it shows that disaggregation is necessary, but not sufficient. Participants in the summarized condition 

gained a more accurate understanding of how much electricity different domestic appliances were using 

(in terms of post-test responses), compared to participants who were shown time series data. Similar to 

previous research [36], we also found that participants who were shown disaggregated energy data in a 

line graph developed no better of an understanding of how much electricity different domestic 

appliances were using than participants who were shown a simpler aggregated line graph. This shows 

that disaggregation alone does not help householders to identify where they are using the most energy, 

but the choice of information visualization is critical: it is crucial to properly couple the level and type of 

data aggregation with the information needed to succeed at any given task.  

The summarized condition facilitated learning about how much electricity appliances consume 

per typical use relative to each other. In the disaggregated time series condition, this comparison was 

still too difficult, as participants must work out how much energy is consumed by an appliance over 



 

33 

 

time. Estimating the cumulative energy consumed, that is, visually gaging the area under the curve is a 

challenging cognitive task. In general, people are very good at detecting deviations from the horizontal 

(i.e., to process the obvious peaks), but not at integrating power over time (i.e., the area under each 

color-coded line graph). As a result of this, people tend to overly focus on peaks in line graphs, neglect 

the baseline and trends [31,35,61].  

The quantitative findings regarding the accuracy measure can be explained by existing design 

knowledge from the data visualization field. It may seem obvious in hindsight that the area-charts are 

easier to learn from than time-series graphs for the specific experimental task that was tested. The 

comparison between line charts and area-based graphs is biased in so far, that the area-based charts have 

undergone further transformations: they literally eliminate the need to eyeball the energy depicted under 

an oscillating curve. The summarized condition is therefore specifically designed and predicted to 

achieve the highest increase in the accuracy scores. The line graphs, in contrast, are by design less 

helpful to answer the comparative questions. One might even argue that a ranked list, without any 

visualization, would have been a fairer comparison. The findings are therefore not surprising from a 

visualization research point of view.  

However, they have bearing on the energy feedback industry, which has not sufficiently picked 

up on the existing data visualization knowledge: Industrial products use brute line graphs, that are 

merely more than a depiction of the raw data. In fact, they require willingness and literacy from an 

untrained user, both prerequisites that householders won’t necessarily meet. HCI research often takes 

place at the other end of the spectrum, venturing towards artistic design, investigating ambient and 

creative visualizations that do not require any previous expertise, or maximum concentration.  

The groceries bill problem is still considered to be meaningful but has remained unresolved. 

FigureEnergy is a rare example of a feedback tool that provides a pragmatic visualization, that has 

attempted to address the groceries bill problem, and to show the householder an easy to grasp 



 

34 

 

breakdown of their total consumption. This specific experiment addresses only the question whether an 

area-based visualization, like the one in FigureEnergy, is effective in teaching users about their practice-

specific energy consumption.  

We expected that with higher accuracy, participants would also be more confident and give 

quicker responses if they felt they knew the answer, as opposed to hesitating if they were uncertain. 

However, all three groups increased their confidence score and decreased their response time from pre- 

to post-test. Given that participants in the aggregated and disaggregated condition did not improve on 

accuracy, it seems that becoming faster and more confident could merely be an effect of repeating the 

energy test; we discuss other possible reasons for this in section 5.2.   

5.2 Qualitative findings   

5.2. 1 A priori heuristics  

Part of the findings from the qualitative data are in line with previous studies [31,35] and help to explain 

the quantitative performance data in the first energy game: people go by heuristics and prior knowledge 

in their assessment which activity consumes more energy. Few consider energy consumed as the result 

of power demand over time.  

5.2.2 Making sense of the visualizations 

In the simulation, they learn that some of their decisions are biased by flawed heuristics [4]. As 

expected, challenges occur in the disaggregated condition in working out power over time, and in the 

aggregated condition even more so as participants focus on the amount of power but can only make 

guesses about duration. The comparisons are particularly difficult for appliances that do not differ 

greatly in the energy they consume, whereas participants find it feasible to work out the hierarchy 

between appliances with sufficient differences.  

5.2.3 Subjective learning experience  
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It is interesting that several statements in the qualitative data show that participants think they learn from 

the line graphs. It seems they overestimate their ability to work out the duration in the aggregated 

condition and the respective area under both types of line graphs. This might explain the increase in 

confidence and decrease in response time: participants subjectively report learning from the 

visualization, but this does not result in any improvements in accuracy. In contrast, participants in the 

summarized condition have an improvement in both subjective confidence as well as the accuracy of 

their responses.  

5.2.4 Actionable tips for Jack  

We asked this question to see if participants would pick up on idiosyncrasies of Jack’s household, and if 

they would give recommendations that demonstrate clearly that an energy saving tip is based on Jack’s 

personal data. Most of the responses to the question of how Jack could save energy are generic, and 

similar between the conditions. Only in the summarized condition did one participant recommend to use 

the dishwasher less, explicitly referring to the data showing that the dishwasher is Jack’s top consumer. 

5.2.5 Inferences about appliances  

Particularly striking are the responses relating to the fridge. Participants in the summarized condition 

correctly identify the fridge as an appliance that consumers a lot, explaining this by saying it is on 

constantly. This explanation is likely based on prior knowledge (because the time information was not 

provided in the visualization), but it seems that the size of the fridge stuck with participants. One 

participant says he used to be very conscious of the consumption of small appliances such as lights or 

charging his phone, and he now realizes he misplaced his efforts, identifying that it’s the big consumers 

like the fridge that contribute most to the energy bill. This links back to the grocery bill metaphor [42] 

and the need for disaggregation, that is, the itemization of the energy bill for householders to learn 

where they are spending most of their energy and hence, where to tackle the expense and economize.  
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For the quantitative findings, we were expecting to find the best results for the summarized 

condition, because the area-based visualization was designed to simply convey information on how 

much energy an appliance used. But based on our previous experiment  [36], we expected to find 

shortcomings of the summarized condition and an advantage of the line graphs in the qualitative data – 

the previous study found that the shape of the line graphs triggered people to think about what the 

appliances are doing. We cannot necessarily confirm that this is the case for our participants (we had 

only one participant observing that appliances consumption is not stable throughout but subject to 

fluctuations), but we certainly acknowledge that the summarized condition takes information about 

energy patterns and any time-related information away which is relevant for other learnings but knowing 

which appliance consumes most energy.  

5.3 Discussion across qualitative and quantitative findings  

We cannot say for certain why participants increased their confidence levels and decreased the response 

speed, independent of their variation in response accuracy. Participants erroneously believe they learn 

from the line graph conditions. Both the quantitative increase in confidence, as well as some of the 

qualitative comments indicate that they are unaware of how poorly they interpret the graphs. The 

example of the fridge shows how participants fall victim to their visual and cognitive biases, i.e. in the 

line graph conditions, participants neglect the impact of a low, but continuous baseline. The mismatch 

between increased confidence and unchanged accuracy, is reason for concern when it comes to showing 

householders energy time series data in the form of line graphs. Assuming householders need to know 

the cost breakdown of their total bill, the raw data requires further transformation into a visualization 

that is specifically designed to communicate this information.  

 5.4 Limitations  

There are several limitations to the study. First, our sample is not representative of the general 

population with regards to gender, age, and education and these demographics might have an impact on 
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people’s abilities to understand infographics [46,59]. This compromises the generalizability of this 

study. Ideally, we would like to replicate the study with a more heterogeneous sample showing a wider 

variation in age and education and a balanced gender distribution. However, our sample consisted of 

many university students, which means they were highly educated, relatively young, and probably 

highly computer literate. If they were unable to extract the relevant information from the line graphs, 

there is little reason to assume that the general population would perform differently. The fact that our 

results are consistent with one previous experiment [36] also supports the validity of our findings. 

Second, laboratory experiments are naturally somewhat artificial and so there is always a risk 

when generalizing findings to more naturalistic contexts of use [55]. One limitation to ecological 

validity is that our study relied on a recall task, whereas householders often do not have to memorize 

and recall the information they see to answer questions, but they can look and reflect on it at the same 

time. We chose to replicate the method from [36], but for further replications it would be interesting to 

change the study’s design and allow participants to answer test questions while engaging with the 

feedback data. That being said, it is unlikely that householders in their home would approach smart 

feedback in such a systematic way, trying to answer questions without being prompted as part of an 

intervention. One might argue that a recall task is relevant because what matters is what householders do 

when they walk away from the energy display; if they were able to easily memorize the biggest 

contributors in their homes from looking at pictographic information, they might be able to subsequently 

recall this and change relevant behavior.  

Related to the validity of the recall task, we measured the response time for the decision making 

in the forced-choice task and we did not find this measure to be meaningful. An improvement would be 

to measure the time participants spend looking at the data visualization instead. The other limitation to 

ecological validity is that users saw someone else’s data which is certainly less meaningful than 

reflecting on one’s own data. Other authors have found that in longer-term studies of eco-feedback using 
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time-based representations participants could eventually identify individual appliances in their home 

[11,52]. These are noteworthy limitations, but what experiments lack in ecological validity, they make 

up for with strong internal validity and provide a useful upper-bound on people’s ability. We think 

experimental simulations like this are a rigorous approach to test cognitive processes free from 

confounding variables [27].  

The third limitation is that our operationalization was one very specific task (i.e., making 

decisions in the energy game). We focused on one aspect of energy literacy as participants’ knowledge 

about how much energy the appliances consume. We do not claim that learning the breakdown of a 

household’s energy bill is the only valuable insight from smart energy usage data. In a naturalistic home 

setting, people might be interested in learning various other things about their domestic energy 

consumption (e.g., which appliances are inefficient and eligible for retrofitting, or at what time of day 

they are using most energy if they are on a time-of-use tariff). Our method was too limited in that neither 

the energy game nor our open-ended questions created sufficient opportunity to demonstrate time-

centric learnings that were favored by the line graph conditions. It needs to be further investigated how 

time-sensitive information (e.g., time-of-use tariffs) are best communicated to the user. Feedback 

showing trends over the day (like line graphs do) will be indispensable for that kind of scenario. Possible 

measures for data comprehension could be tasks that require participants to determine the best time of 

day to run certain household appliances. Ideally, they would combine the knowledge of which 

appliances consume most energy (appliance-centric) and when it would be sensible to run them (time-

centric).  

Finally, the experiment only considers the understanding of energy usage information. The 

results of the study do not prove that increased knowledge results in behavior change and energy 

savings. More work is needed to determine how users can be encouraged to change practices based on 

their improved knowledge. 
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6. CONCLUSION  

HCI technologies are aiming to nudge users into optimizing their behavior, such as reducing and shifting 

their energy consumption. People need to understand which everyday practices consume the most 

energy to make significant savings. The purpose of this study was to provide empirical evidence for an 

applied solution to residential energy feedback that is as simple and easy to understand as possible for an 

untrained audience (i.e., householders). For this purpose – knowing how much energy everyday 

practices consume – we’ve shown that simplified area-based graphs are preferable to line graphs, which 

are commonly used to display energy data. It also provided evidence that appliance-wise disaggregation 

is essential for home energy feedback. This finding is an important implication which should be 

considered in the design of future Home Energy Management Systems. 
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