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ABSTRACT OF THE DISSERTATION

Residential Energy Feedback: Research, TechnotoglyPotential for the Informed Home
By
Beth Karlin
Doctor of Philosophy in Social Ecology
University of California, Irvine, 2014

Professor Daniel Stokols, Chair

Scientists and elected officials agree that clincatenge is an issue that can no longer be
ignored and residential energy use is a prime tdogeeducing emissions. One promising
strategy for promoting conservation is the prowisid feedback about energy use. Feedback—
the process of giving people information aboutrthehavior to reinforce and/or change
behavior—is receiving increasing attention duehtanges in technology and infrastructure that
allow information to be collected, processed, at vack to consumers quickly and cheaply.
Many programs and products have emerged in reeamsydemonstrating political and technical
potential for wide-scale provision of energy feedbdlowever, past work has been critiqued for
its lack of theoretical rigor; many have called fioore attention to the conditions under which
theories are successful in explaining conservation.

This dissertation presents an interdisciplinarixed-methods approach to understanding
the role of feedback in residential energy congexahrough four distinct yet interrelated
studies. The first utilizes meta-analysis of 42ista to examine whether feedback has an overall
effect on energy use and how this effect is moeerhy variables related to treatment, study

guality, and publication. The second introducesxahomy of feedback technology derived from

Xiii



a content analysis of 196 devices; it presentstafikey energy feedback characteristics and a
taxonomy structure for categorizing energy feedlmdording to these features. The third
presents mixed-methods analysis of characteriatidsuser experience of naturalistic users of
energy feedback from an online survey of 846 irdiials. And the final study introduces and
tests the Usability Perception Scale (UPscale) pstychometric analysis from an 1103-person
experimental study; it integrates approaches fregcipology and human-computer interaction to
begin addressing the need for scalable, repliaabteuments for testing mediation of feedback
effectiveness.

As a whole, this manuscript seeks to extend whkehown about energy feedback and to
make suggestions for future research. While tharehnnesearch addressimpetherfeedback
works, there has been little research into the maesnced questions bbw and for whonit

works best. This dissertation aims to addressniésl.
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CHAPTER 1: Introduction

Scientists and elected officials agree that clincatenge is an issue that can no longer be
ignored and that the combustion of fossil fuelsrate electricity is a leading cause of
emissions (IPCC, 2007; United Nations, 1992). Whi¢ates carbon emissions total over 6
billion tons annually (World Bank, 2011). Residaht&nergy use is a prime target for
intervention, accounting for over 20% of annual €srans (EPA, 2011). Household energy
conservation has been identified as an efficiedtedfective means of reducing emissions, with
roughly 25% potential savings using currently aafalié technology, yielding up to $300 billion
in gross energy savings through 2020 (Granade,&2G)9). These figures translate to a potential
abatement of up to 300 million tons of greenhowsseg annually, twice the annual emissions of
all three Scandinavian countries combined (Worldi82011).

Although physical scientists are working to deveddtgrnative energy sources and
energy-efficient appliances and electronics, tieedso a role for psychologists to contribute to
this issue by developing and testing interventimnglemand-side reduction through behavior
change. Energy use in identical houses has beawl fowary by up to 260% (Parker, Mazzara,
& Sherwin, 1996), indicating that, in addition teetbuilding infrastructure itself, the behavior of
occupants within the building impact overall eneogg. As such, interventions targeting such
behaviors can result in significant energy savifysens of changes in the use of energy within
the home can be made in the immediate term, witboomomic sacrifice or loss of well-being
on the part of consumers (Dietz, Gardner, Gilligatern, & Vandenbergh, 2009; Gardner &
Stern, 2008). This savings potential, or “behaviaradge,” provides “both a short-term bridge
to gain time for slower-acting climate mitigatioreasures and an important component of a

long-term comprehensive domestic and global clisttgegy” (Dietz et al., 2009, p. 18455).



Although a variety of energy conservation actiarestechnically and economically
viable, widespread adoption is lagging and polickena are increasingly looking to
psychologists for guidance (Lutzenhiser, 2009; Wil& Dowlatabadi, 2007). Thirty years ago,
Bittle, Valesano, and Thaler (1979) said that ‘tleed for conservation of existing resources
presents social scientists with an opportunitydeeadop techniques for guiding human behavior
in such a way as to enable us to exist in greaenbny with our environment and its natural
limitations” (p. 188). This is now truer than evand the analysis of psychological interventions
in promoting residential energy conservation istal\and important topic of study.

One such promising intervention is the provisiotiegidback to individuals and groups
about their energy use. Feedback refers to theepsoaf giving people information about their
behavior that can be used to reinforce and/or mpdditire actions. It is considered an important
dimension of behavior change (e.g., Skinner, 1828idura, 1969) and has been used to
influence behavior in a wide variety of fields, liding education (e.g., Bridgeman, 1974;
Hanna, 1976), public health (e.g., Becofia & VazgRépl; Tate, Wing, & Winett, 2001), and
organizational behavior (e.g., Guzzo, Jette, & KhtA1985; Pearce & Porter, 1986).

This emphasis has received increasing attentioecent years due to a rapidly changing
energy infrastructure. Countries throughout thelgvare spending billions of dollars upgrading
the current electric grid with what is referrecctimmonly as the “smart grid”, a network of
controls, computers, automation and new technodatjiat enable sensing of and response to
conditions on the transmission lines, as well asway communication between utilities and
customers. One important component of this is ¢épéacement of traditional electricity meters
with advanced metering infrastructure, or “smarters, which are defined as “a metering

system that records customer consumption (andggsgher parameters) hourly or more



frequently and provides for daily or more frequeahsmittal of measurements over a
communication network to a central collection pb{pp. 5, Federal Energy Regulatory
Commission, 2008). These “smart meters” allow foelgss communication of information
back to the utility and potentially to the consurasmwell. Currently, less than 10% of the
world’s meters are considered “smart”, but this bems expected to change rapidly. In the
United States, smart meters have already beerlatsta over 25 million homes, and an
estimated 65 million will be installed by 2020,\@ag over 50% of U.S. households (Institute
for Electric Efficiency, 2011). Likewise, Canadanis its way to meeting mandates for 100%
coverage and the European Union Directives ain8®8 coverage by 2020 (Faruqui et al.,
2010; Sanchez, 2012).

Both the public and private sectors have recoghilaes ability and are creating and
supporting new technologies to provide feedbackiaboergy use to consumers. The U.S.
government is trying to accelerate this transittmough programs like the American
Reinvestment and Recovery Act (2009), which alled&3.4 billion for smart meter
installations. In addition, the U.S. White Houseengtly launched the Green Button Initiative to
encourage utilities to provide consumers with teak access to their energy information and
promote private sector development of technolotfiasintegrate with this initiative (Chopra,
2011). Additionally, a variety of companies, rarginom major players such as General Electric
and Panasonic to start-ups such as OPOWER andddaagé creating new technologies to
provide energy feedback to consumers, both dir¢letyugh hardware as well as through
integration with smart meter technology.

Programs like the Green Button Initiative, as veslithe hundreds of feedback products

designed and studies conducted to date, are basthe adea that receiving information about



energy use leads to better decisions about enseyyAs the use of energy is “abstract, invisible,
and untouchable” (Fischer, 2008, p. 80), feedbaskdeen hypothesized to serve a vital function
in making this energy visible and interpretabléh® consumer. However, many questions
remain as to how and for whom feedback works. Bressresearch on energy feedback has been
critiqued for its lack of theoretical rigor, andsearchers have called for more attention to the
conditions under which theories are successfukplagning conservation behavior (Katzev &
Johnson, 1987; Schultz, 2010; Steg & Vlek, 2009sMrevious studies have treated feedback
as a unified construct, despite the wide varietlyaw it is provided, and have devoted little
energy to understanding how or for whom feedbackks:0An improved understanding of the
mechanisms underlying energy feedback would bespéfit at both a theoretical and practical
level.

This dissertation presents an interdisciplinarixet-methods approach to understanding
the role of feedback in residential energy congemahrough five distinct, yet interrelated
approaches: (1) literature review and integratidn a new Eco-Feedback Intervention Theory
(eFIT) (2) meta-analysis of past research on res@esnergy feedback, (3) taxonomy of
energy-feedback technology, (4) mixed-methods amabyf naturalistic energy feedback users,
and (5) introduction and psychometric testing tfsability Perception Scale (UPscale).

Chapter Two introduces and analyzes past thealet@ empirical research on both
feedback and environmental behavior to identifyesnived issues and introdu@en-Feedback
Intervention TheoryeFIT), which integrates general feedback theawiéls the unique contexts
and challenges associated with pro-environmentsher.

Chapter Three utilizes statistical meta-analysié2ofeedback studies published between

1976 and 2010 to examine whether feedback-base/@rttions have an overall significant



effect on residential energy use and how this effeemoderated by variables related to study
setting, methodology, and treatment. It applieS@Blthe domain of residential energy
feedback, evaluating past reviews and examinirgystatistical meta-analysis, the overall
effectiveness of feedback on residential energyansewhat variables moderate this effect; and
integrates findings with eFIT, offering a set ohceete suggestions for future research and
practice.

Chapter Four presents a taxonomy of feedback devderived theoretically (from
literature review) and empirically (from contentadysis of product data). Using data collected
from 196 feedback products, it presents a lisinafrgy feedback characteristics, identifies key
variables for categorization, and presents a revismeonomy of energy feedback that
incorporates these key distinguishing features.

Chapter Five presents mixed-methods analysistofalgtic users of energy feedback,
i.e., individuals who choose on their own to usedpicts that monitor energy consumption. It
examines both who is using these devices as wétlesisuser experiences through analysis of
online survey data. Demographic and psychologicatacteristics of 86 individuals using
feedback devices are compared to 749 non-useesalieg both demographic and psychographic
differences. And qualitative analysis of open-endesphonses reveal important patterns of user
experience, including the role of social diffusiaradoption, differences in the use of feedback
for tracking and for learning purposes, and evidewsicdiminished utility over time.

Chapter Six introduces and tests a new instruntieat,Jsability Perception Scale
(UPscale), designed to measure ease of use andeangat with eco-feedback displays. After

reviewing past research on eco-feedback, usalslitgl,the limitations of current assessment



methods, the UPscale is introduced and psychoraiyriested against four types of
psychometric properties: factor structure, relipilvalidity, and sensitivity.

As feedback technologies become increasingly utmigs, with a growing capacity to
leverage personalized energy information, theemiargency to ensure that they are utilized to
their full potential. As a whole, this manuscripha to extend what is known about this energy
feedback and to make suggestions for future rese#bile there is much research addressing
whetherfeedback works, there has been little researchtivd more nuanced questionshofv

and for whomit works best. This dissertation aims to addrhssrieed.



CHAPTER 2: Literature Review and eFIT Theory

Before investigating the effects of feedback orrgpeonservation, it is important first
to examine past work that has been conducted dnfeetdback and pro-environmental behavior
more broadly. How does feedback about performaincanfy domain) affect behavior? And
what are the unique characteristics of pro-enviremtal behavior that must be addressed in any
behavioral intervention? The current chapter aresyzast theoretical and empirical research on
both feedback and environmental behavior to idgniifresolved issues and then introduces a
neweco-Feedback Intervention Theory (eFIWhich integrates general feedback theories with
the unique contexts and challenges associatedonatenvironmental behavior.

An Introduction to Feedback

Feedback has been studied in both the physicasacidl sciences for decades (e.g.,
Skinner, 1938; Wiener, 1948). The basic premisenple: feedback enables the output of a
dynamic system or process (i.e. one whose behaaitas over time) to be compared to a goal
or reference point, in order to enable improvedi@mver that system or process (Goyal &
Bakshi, 2008). Figure 2.1 illustrates the differemc the structure and control of a process when
no feedback is provided (a), and when feedbackagiged (b).

First applied to steam engines and other mechasystéms in the 8century, feedback
systems are based on control theory, which has #eg aspects: (1) a goal or reference point
with respect to which the system is controlled;g2)eans to compare actual performance to the
goal or purpose; and (3) a process to communio&tennation about the output of the system
back to the input to enable modification of theqass (Duffy, 1984). Improved control over
dynamic systems is thus enabled by the preseneediback loops and the communication of

information (Astrém & Murray, 2009).
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Figure 2.1. Control of dynamic systems with and without feed

A simple example of this type system is a home heatisgstem. The system is set
with a desired temperatyreither input by the user or provided as a defayithe manufactur.
A sensor built into the systeamables the temperature of roomto be measured and compa
to this desired temperature. Adifference between the desired and actual temperatuher
communicated back toantrollel within the systemwhich in turn activates ttheater to
minimize differences between the actued desired state.

In the 1940s, Norbert Wiener explored how thesesygf communication and conti

theories might be extended to human systems. fliargued, called for a new scienct



feedback, human behavior, and information, for Wwtie coined the term “cybernetics” (Wiener,
1948). Cybernetics is fundamentally concerned wighstudy of how information can be
communicated around dynamic systems for the purpbsentrol, with a particular focus on
behavior and circular communication (Carver & Sehel981; Duffy, 1984). In cybernetic
systems that integrate humans into the controlge®ahe resulting system is often non-
mechanical and more flexible than machine-only @mounterparts; although it is more
complex, it operates in much the same way (Kle@89). The movement toward specific goals,
or reference points, requires individuals to idgnturrent behavior with respect to an
established reference, which may require more &hsimple mechanical sensing of the existing
environment. The discrepancy between current behawid reference point(s) needs to be
evaluated and a mechanism employed to reduceitusegancy (Klein, 1989; Lawrence et al.,
2002).

Although cybernetics have been implemented andiagdd across many disciplines,
including epidemiology, environmental studies, eegring, and economics (Goetz, 2011), there
are concerns with their use in social systemsjqaatly in cases where goals or reference
points may not exist, accomplishments may not baswmeble, or the information provided
cannot be used (Hofstede, 1978). Psychologicalyhéuerefore, has great potential to integrate
traditional system principles of cybernetics witle tomplex landscape of human behavior.
Psychological Theories of Feedback

The earliest psychological research related tdidaek focused on knowledge of results
(KR) studies (e.g., Jones, 1910; Judd, 1905; Wrihd6); these studies provided information
back to the subject about the results of the erpental task (e.g., you answered 80% of

guestions correctly) and generally found a positelationship between KR and performance.



Early work in behaviorism (e.g., Thorndike, 192Kirfaer, 1938) related KR to feedback
through operant conditioning, which introduced tbeacepts of reinforcement and punishment,
such that a desired response to a behavior sesuyashavioral reinforcement and an undesired
response serves as punishment. Knowledge of desisetts could be seen as a reinforcement of
behavior and knowledge of undesired results asw&spment, thus serving to encourage or
discourage behavior. Neutral operants are enviratahessponses that neither increase nor
decrease the likelihood of repeating a behavior.

Later work (Bandura, 1969) expanded this notiométude feedback about not only the
resultsof a behavior, but therocessof engaging in behavior (e.g., you attended tlotagses
this week), as well as information relating restita goal (e.g., you are on track to earn an A
this semester) or peer performance (e.g., younatteei top 10% of your class). Bandura (1969),
who contributed seminal research on the topic, daat providing a goal and information about
progress towards that goal could serve as a forbelévior modification, much like a reward or
punishment. Similarly, goal-setting theory (Lockd_&ham, 1990) views behavior feedback as
a form of self-regulation, asserting that behawsanherently goal-directed and feedback about
performance is needed to evaluate behavior inioel& these goals. Additionally, action-
identification theory (Vallacher & Wegner, 1987%easds that different levels of meaning can be
attributed to an action; as mastery is gained, mgamoves from action-related (e.g., run a mile
without stopping) to self-related (e.g., improvegilal fithess) goals.

Feedback Intervention Theory (FIT). Kluger and DeNisi (1996) conducted a
comprehensive review of psychological theoriesefiback and a statistical meta-analysis of

feedback studies across multiple behaviors (est,pgerformance, attendance, memory tasks)

! Feedback about energy use was not included in d@hailysis.
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They found that, despite many previous authorsrisss of feedback’s effectiveness, the
empirical evidence was mixed; some studies fourmhgtpositive effects for feedback, while
others found no or negative effects. They introdube Feedback Intervention Theory (FIT) to
explain this variation. FIT integrates a seriebadic arguments derived from their analysis of
past empirical and theoretical contributions.

The first argument of FIT is that behavior is regatl by comparisons made between the
feedback and pre-existing or intervention-providehdards These standards can be personal
goals (Latham & Locke, 1991; Carver & Scheier, J9&Ilcomparisons to past behavior or
others in a social group (Festinger, 1954). Whdraber differs from the standard, this creates a
feedback-standard gap, and it is an individual'sréeo decrease this gap that mediates the
effectiveness of feedback. A standard can be adeatd provided by the intervention, but it is
only effective if the individual accepts and valdles standard as a goal. Four options are
therefore available to individuals when providedhwsuch a feedback-standard gap. They can
respond by changing behavior to match the standaahging the standard to match behavior,
rejecting the feedback, or leaving the situatidogsther.

While the desired response to feedback i€#@jly behavior change, the specific
response to feedback can be affected by variablated to the feedback information or by
individual-level differences (e.qg., level of seffieacy or anxiety). Both the source and strength
of the goal or standard and the size and diredfdhe feedback-standard gap can therefore
impact this choice. For example, negative feedbsakore likely than positive feedback to lead
to behavior change (Anderson & Rodin, 1989; Camgidrord, 1982; Podsakoff & Farh, 1989).

Next, FIT states that feedback loops are argahierarchically. At the top of the

hierarchy are self-salient goals (e.g., investing scientific career), whereas specific action
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goals sit at the bottom of the hierarchy (e.gerating lectures). Goals relating to the focal task
(e.g., passing university exams) sit between tHesabent goals and specific action goals.
Consistent with action identification theory (Valter & Wedner, 1987), these span from low-
level identities corresponding to a descriptiomoW the action is done (e.g., attending
lectures—corresponding to goals at the bottom)dbér-level identities that focus on self-
salient outcomes (e.g., becoming a scientist—cparding the goals at the top).

Additionally, FIT proposes that the output of higthevel feedback loops may impact
lower-level goals. Feedback-standard gaps thatarent to the self (e.g., gap between current
perception and desired scientific identity) carrdmolved in a number of ways, one of which
may be to focus on the focal task (e.g., passiigeusity exams) and the lower-level actions
(e.g., attending lectures). However, such gaps ats/be resolved by other activities (e.g.,
taking an internship at a scientific institute),igthmay result in the focal task (passing
university exams) receiving less attention or bahgndoned altogether. Alternatively,
unattained high-level goals may cause people fmores by increasing the standard of focal-task
goals; if scientific identity standards are not pogte may respond by raising goals related to
passing university exams by aiming for an evendrgtade. Satisfying these new task goals can
also further the higher, self-salient goal. Thiswialso provides a supporting explanation of why
positive feedback can impact behavior even thotigbes not reduce a feedback-standard gap;
an even higher-level goal can be set that createsvestandard.

This is a key aspect of FIT, as cybernetic (egntol theory) models of feedback only
account for a single goal or standard, a meansrtgpare performance against the goal, and a
mechanism by which this can be communicated badkéos (Duffy, 1984). While cybernetics

can help understand the mechanism by which infoamatan be collected, manipulated, and
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communicated to enable behavior change, undersigielrels of motivation and feedback loops
help explain the variation in feedback-standard getiing and attainment.

Finally, FIT suggests that feedback is effectivearfar as it changes the locus of
attention of the individual to the feedback-standgap. Only feedback-standard gaps that
receive attention contribute to behavior regulatibime simple presence of feedback is not
enough to regulate behavior—the feedback must dtgamtion of the individual to a feedback-
standard gap that he/she has identified as seNaat. While attention is generally directed at a
level somewhere above physical action (Carver &&ah1981) and below ultimate self-goals
(Wicklund, 1975), this can vary as a function afiktdamiliarity and goal attainment (Vallacher
& Wegner, 1987). Feedback may direct attentiongpexific action or standard and connect that
action to self-related goals, serving not only tovde information about the behavior-standard
gap, but also to draw attention to a behavior efifst place and place it in context with those
goals. As such, the visibility and availability feedback are also essential and serve as key
factors in its effectiveness.

Task Characteristics of Pro-Environmental Behavior

In developing FIT, Kluger and DeNisi successfuliyeigrated past research on feedback
and provided a coherent set of theoretical assompthat have implications for interventions
across a wide variety of behavioral domains. Howeaveés important to take into consideration
the specific task characteristics of pro-environtakebehavior in order to apply this work
successfully. Past research has discussed this Ingieldlas done little to address it, noting that
feedback researchers have largely “ignored ther¢tieal importance of task characteristics”

(Kluger & DeNisi, 1996, p. 268).
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Pro-environmental behavior refers to individuatoliective actions that result in
decreased resource use and/or environmental imJduotse key task characteristics of pro-
environmental behavior deserve attention, namelyttie resource use and environmental
impacts of such actions are: (1) abstract, (2) semsory, (3) addressed by a multiplicity of
behaviors, and (4) of low personal relevance totnmusviduals.

Abstract. First of all, environmental impacts are somewleti@ct in nature. People do
not consciously engage in behavior with the goahgfacting the environment; they travel from
A to B by a car that is fueled by oil, which releagreenhouse gases as the oil is consumed; they
use appliances in the home (lights, televisions)maters, etc.) that use energy that is generated
in power plants burning fossil fuels, which releageeenhouse gases into the environment.
Thus, an individual’s abstract notions about thecept of environmental impacts are at least
one step removed from her/his concrete (observéeledviors that consume resources.

Although this is a minor distinction from a techalipoint of view, it can be seen as an
important psychological distinction when considgratrategies to promote behavior change.
Markowitz and Shariff (2012) studied climate-chabgéaviors and found that their abstractness
and cognitive complexity make efforts to promotergly-conserving behaviors difficult. Related
to this point, they introduced an explanatory cargdtregarding the “blamelessness” of
unintentional action. Most individuals are not fyito emit carbon on purpose when watching
television or cooking dinner. Rather, it is seem aecessary byproduct of these actions and not
worthy of blame or a need to change.

Non-sensory. Related to the previous point is the non-sensatyre of energy use.

Many forms of energy use, such as electricity,iavesible, silent, and untouchable. One cannot

see electricity or touch it directly. We cannotipackWh up like an apple. While some
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environmental products, like reusable shopping laaglshybrid vehicles, can become elements
of lifestyle as they are visible and easily seemthers, others are less visible by peers or even
by the user. As such, receiving and paying attartideedback about one’s energy use is
optional. That is, the person has the option tev\oe not view it in the case of utility-provided
feedback, or even to purchase or not purchasehiecase of energy-feedback devices. Kluger
and DeNisi (1996) suggest that the issue of lo¢adtention is “about the what (will receive
attention) and not about the if (it will be peraaivat all)” (p. 262). However, since energy
feedback is optional for people most of the tirhe, if” also matters a great deal—user
experience and perception is crucial.

Multiple Behaviors. In addition, pro-environmental behavior does e¢wtsist of a single
target action but rather refers to a large seebfbiors that can vary from watching television to
driving to work. The principle of compatibility (&gn & Fishbein, 1977) suggests that behaviors
and their influences should be measured at the samakof specificity. Research has shown an
interest among the U.S. public in engaging in beravaimed at reducing their environmental
impact, but the specific behaviors in which Amenis@verwhelmingly report engaging, such as
turning off lights when leaving a room, have a mmal impact on energy savings as compared,
for example, to reducing airplane trips (Attari,HK2g/, Davidson, & Bruine de Bruin, 2010).

Although pro-environmental behavior is often addessholistically with
encouragements to “go green” as if it were a siagten, there is great diversity in the types of
environmental actions that a person can choosen tithin a specific area like home lighting,
we can differentiate between turning off lightsstalling energy-efficient lighting, or setting
light timers in the home. Although the end restildlbthree behaviors is a decrease in energy

use, they may be quite different in terms of inflaieg factors, environmental impact, and
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psychological consequences. These behaviors vasiyin task characteristics such as cost,
effort, and required knowledge; research suggbstsdre predicted by different motivations as
well as demographic characteristics (Karlin et2012).

Personal Relevance. Finally, FIT asserts that feedback interventitare unlikely to be
ignored because any Fl (feedback intervention)dodésntially serious implications for the self”
(p. 262). This is not necessarily the case withgreironmental behaviors such as electricity
use, as the implications are often minimal to #lé(g.g., inexpensive, cause no immediate
personal harm). Some behaviors and related feeelianklard gaps are more important
(motivationally significant) to individuals thanhars. Individuals are less likely to pay attention
to (and try to resolve) feedback-standard gapscased with activity domains considered trivial
or insignificant than for subjectively importantiady domains (Stokols, 1979). Although
Americans do report concern for environmental issgach concerns often rank lower than
others related to the economy, health care, andrt&m, which have more serious immediate
implications for the self (Leiserowitz, 2008).

Psychological Theories of Pro-Environmental Behavior

Because of these unique task characteristics, ardtieal understanding of pro-
environmental behavior and its predictors is theeefimportant for maximizing the potential
utility of a feedback intervention. A substantiaddy of research has been conducted on the
determinants of pro-environmental behavior (see Iy & Moser, 2007 for review).
Psychological theories for predicting and explajnipro-environmental behavior have been
historically grouped into two general categoridy:rational (or individualistic) theories, and (2)

moral (or altruistic) theories (Bamberg & MoserQZ{.
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Rational Theories. Rational theories of focus on individuals’ motiea to maximize
benefits and minimize costs (Scott, 2000). Sucbribe presume that individuals are naturally
information-seeking and make purposeful, carefatigsidered decisions about how to behave
based on anticipated costs and benefits of availaions. The Theory of Planned Behavior
(TPB; Ajzen, 1991) exemplifies this perspectiver(dtiage & Conner, 2001). TPB classifies the
beliefs guiding individuals’ rational decision-magiprocesses as: (1) behavioral beliefs
(attitudes toward the behavior), (2) normative dfsl{social norms), and (3) control beliefs
(perceived control over the behavior). Accordiog PB, these three sets of beliefs influence a
person’s behavioral intentions, which largely detiee her/his behavior.

Moral Theories. Although rational self-interest may have a coesatble influence on
human behavior, it is not in and of itself suffiti¢o explain pro-environmental action. Because
environmental issues generally involve the useatdiral resources, which are both collective
and limited, the optimal choice for the individisibften in direct conflict with the common
interest (Hardin, 1968). As such, altruistic or alanotives are also important for understanding
pro-environmental behavior. The norm activation silqtlAM; Schwartz, 1977), for example,
stipulates that the activation of a “personal némn.sense of moral obligation, influences pro-
social behavior. Although originally applied to la&for toward other people, later work
expanded the notion to environmental behavior. Mare & Dunlap (1978) suggested that “to
the extent that concern for the well-being of otti@mans is aroused, we would expect
traditional moral norms which regulate interperddr@havior to influence environmental
behaviors as well” (p. 175). Stern and Dietz (198f9r expanded this notion to include concern

for non-human species or the planet in general.
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Although the contrast between rational andainapproaches to understanding behavior
has been a recurring theme in psychology, recémtiaship emphasizes that the two are not
mutually exclusive and that their integration cald/greater theoretical and explanatory value
than either can alone (Turaga, Howarth, & BorswK,d. Psychological variables that have been
found to predict pro-environmental behaviors ineltldose representing both a rational and a
moral approach, such as energy concern (Curtigp&mHousley, & Drever, 1984; Verhallen
& Van Raaij, 1981), price sensitivity (Long, 1992rhallen & Van Raaij, 1981), environmental
concern (Poortinga et al., 2003), and personakactl norms (Cialdini & Schultz, 2004;
Nolan, Schultz, Cialdini, Goldstein, & Griskevicjuz008).

Contextual Theories. Attitudes, while important in predicting and idéincing behavior,
may not always be sufficient to override individaald structural barriers to pro-environmental
behaviors. A recent criticism of both rational andral models of conservation behavior is their
neglect of contextual influences (Steg & Vlek, 2D0Adividual barriers include lack of time,
money, or knowledge required for engaging in prek@mmental behaviors. Prior research
points to home ownership, income, family size, agd as the most significant predictors of
environmental behaviors, such that older, high4medamilies who own their homes are the
most likely to engage in such behaviors (Blackrigt& Elworth, 1985; Cialdini & Schultz,
2003; Dillman et al., 1983; Karlin, et al., 2012aiNet al., 2010; Poortinga, Steg, Vlek, &
Wiersma, 2003).

Integrated Approaches. Guagnano, Stern, and Dietz (1995) provided aulisie¢ory
that integrates psychological and contextual facasrwell as differences in specific behaviors.
Their A-B-C model posits that environmental behaganfluenced by both attitudes and

contextual factors and that the stronger one sktabdrs is in predicting behavior, the less force
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the other exerts. If there are sufficient contakharriers to engaging in a tavior, then
individuals are unlikely to engage in it, regardle$rational or altruistic attitudes toward t
behavior.For example, some behaviors, such as adding hosutatior, are not associated wi
normative beliefs when constrained by contexfactors, such as household infrastructure
homeownership (Black et al., 19. For others, like recycling behavidihe explanatory powe
of personakorm beliefs decreased when convenient curbsid-up became availak
(Guagnano et al., 1985). Théoee, sychological variables will bmost influential on pr-
environmental behavior when contextual variablesaloexert great influence orther
promoting or restricting thieehavior.If a combination of attitudes and/oontext placs an
individual above a certain trskolc (see Figure 2.2), the desiredhavior will take place. Whe

attitudes and/or context place the individual betbe/threshol, the behavior will not take pla
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Figure 2.2 The A-B-C model.
The Fogg Behavior Mod(Fogg, 2009) builds on the A-B-C mod8&imilat to A-B-C,

Fogg suggests thatotivation (attitudes) and ability (context) interéo create a threshold effe

19



for behavior; individuals with low motivation maggorm a behavior if it is simple enough and
can also perform very difficult behaviors if suféotly motivated. The model, however, expands
on A-B-C with the addition to a third key elememntiehavior change: a trigger.

Fogg (2009) defines a trigger as something thaigisrattention to the target behavior at
the appropriate time. Triggers act as signals,iisgrs a reminder to perform the behavior, and
can take many forms, including a text messagemalpost-it note on the mirror, and so on.
“Whatever the form, successful triggers have tlotesgacteristics: First, we notice the trigger.
Second, we associate the trigger with a target\behd hird, the trigger happens when we are
both motivated and able to perform the behaviqr."3) According to Fogg (2009), triggers are
key to behavior change. Even if individuals arenbygnotivated and able to perform a target
behavior, change may not occur without the prowisiba trigger to highlight when and where it
is needed. He identified three types of triggel¥sparks are triggers combined with a
motivational element to both highlight and encoeraghavior; (2) facilitators are triggers
combined with an element that makes the behav&eet engage in, and (3) signals are the
simplest form of triggers and provide a simple neaheir of the behavior at the appropriate time.

As such, feedback has been identified as a prog&itution for a wide variety of pro-
environmental behaviors. Feedback can serve aggetito highlight behavioral impacts that
would otherwise not be seen. Providing a feedsaakedard gap via social or goal comparisons
can provide motivation, which can be based on matiand/or moral attitudes. And feedback can
serve to help simplify the complex task of “savargergy” by providing data on specific
appliance usage or providing tips or advice tosasgith performing desired behaviors.

An Integrated Approach: Eco-Feedback Intervention Theory (eFIT)
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This section introducdsco-Feedback Intervention Theory (eFlWhich integrates
psychological theories of feedback and behavionghavith the unique contexts and challenges
associated with pro-environmental behavior. Basethe review above, eco-feedback is defined
asinformation provided to an individual or group alidbe environmental impact of specific
behavior(s) with the goal of guiding future behavimreduce the individual or group’s
environmental impactAccording to eFIT, eco-feedback requires theofeihg four
interdependent and necessary preconditions tofeetiek: (1)Perception (2) Interpretation (3)
Motivation and (4)Ability.

The first preconditiongerception extends Kluger & DeNisi’'s original FIT theory (@8)
and stems from the invisible nature of resourcesamption in the industrial age. The second
precondition ihterpretatior) relates to the abstract nature of environmentgbicts (Markowitz
& Shariff, 2012) and the need to simplify somethihgt is cognitively complex. The third
precondition fnotivatior) is largely addressed by FIT (Kluger & DeNisi, 83%however, this
work extends FIT in line with determinants of emvimental behavior change by integrating
rational (Azjen, 1991) and moral-psychological aygmhes (Schwartz, 1977), as well as social
influence (Cialdini, 1984) and self-determinatibiedry (Ryan & Deci, 2000). Finally, the fourth
precondition &bility) further extends FIT to account for the multigioof behaviors available to
households to reduce feedback-standard gaps (Karéh, 2012), and the (often large)
contextual barriers that may prevent action (Guagret al., 1995). The following sections
describe each of these preconditions, discussititenrdependencies and potential pathways to
behavior change, and offer some general testabéareh propositions.

Per ception. The first precondition states that eco-feedbaciknot induce a behavior

change unless it is first perceived. As the useledtricity in the home is “abstract, invisible dan
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untouchable” (Fischer, 2008, p. 80), feedback leEnhypothesized to serve a vital function in
helping individuals perceive energy use by makingsible and interpretable to the consumer.
Climate change and environmental impacts are lgigelsible and untouchable on an everyday
scale and are often the result of habitual behavidfe cannot directly or immediately see the
impact of our actions on the environment; we caseethow much of the planet’s resources we
are consuming when we drive to work or watch telewi. The environmental impacts of these
actions are unlikely to be perceived or captureattantion without some external stimulus.

Eco-feedback, as a form of behavioral trigger, mavide this catalyst to direct attention
toward environmental behaviors (Fogg, 2009). Howewecause this information does not have
serious implications for the self (Leiserowitz, 8p0and it is optional for people most of the
time, it may not demand the sort of attention titaer feedback interventions do. Additionally,
it is often provided via media that may not natiyredceive attention such as leaflets posted
through the mailbox, or through web-based appbeestj so it is important to consider the ability
of the feedback system to draw users’ perceptiadhdganformation being provided.

Successful eco-feedback must also direct peoptEataon to the feedback-standard gap,
as only discrepancies that receive attention velabted on (Kluger and DeNisi, 1996). Users
should be able to perceive the relationship betviedravior change and the feedback-standard
gap. Self-efficacy is a key component of behaviange and can be influenced by observation
of past accomplishments (Bandura, 1982). Perceptibprevious mastery may increase self-
efficacy, whereas the perception of repeated fdumay diminish it. Thus, the ability of eco-
feedback to enable perception of changes in fedddt@andard gaps is also important.

Interpretation. Climate change and environmental impacts areadisind cognitively

complex concepts, and the second precondition agelsethe issue of interpretability. As most
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eco-feedback is provided to users visually (ergwriting, in the form of numbers, in a graph), it
is important to consider the attributes of feedbatérventions that may affect a person’s ability
to process and interpret this type of data. Cogmitnodels of visual information processing
suggests that the legibility and quantity of infaton to be assimilated, as well as the ability to
integrate past experience, are key elements thdéerate a person’s ability to interpret visual
data (Spoehr & Lehmkuhle, 1982). The average peranrstore about seven items of
information simultaneously; more than this tendeverload our cognitive systems (Miller,
1956). Certain steps can be taken to increasennaon processing ability, such as breaking the
data into sequences of smaller chunks (Miller, 1¥88d & Karlin, 2013) or connecting it to
previously stored information (Redish, 1989). Bessaenergy is a vague and amorphous concept
to many people, translating the feedback into guage more familiar, such as dollars, trees,
carbon emissions, cars on the road, or equivaemblibatteries, can be an effective way to
decrease cognitive burden and increase interphgyaldinother option is to decrease the
cognitive load needed to interpret feedback by r@ngpany numerical data and just providing
ambient feedback such as red or green lightscartaon plant or animal (Ham & Midden,
2010).

Secondly, as indicated above, environmental impaetabstract in nature. People do not
so much “use energy” as they use appliances ihdh® that use energy, such as lights,
television, and computers. Thus it is key that fsmiback can help users to simplify these
cognitively complex and abstract ideas, and intriftrem in such a way that helps link together
actions with environmental consequences.

Motivation. The third precondition stipulates that feedbadkstimulate behavior

change only if the individual receiving it is suafntly motivated to take action to reduce
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discrepancies between the feedback and a pre-dafinatervention-provided standard. This
standard may be past behavior (e.g., you used 868%dtan last month), a goal (e.g., you are
80% of the way to meeting your goal), or the congtiom level of peers (e.g., you are doing
better than 80% of your neighbors). The standargd evan be a vague reference to “ideal”
energy use in the form of a smiling face or glowgngen light. Such standards provide various
reference points that can help people determinghehéheir use is normal (descriptive norm),
good (injunctive norm), better than before (histaFicomparison), or what they are aiming for
(goal comparison). This may help motivate behagi@nges, so long as the standard selected is
accepted and valued by users and does not indalbeg® of guilt or uncertainty (as this may
breed self-defense and rejection of feedback arstiamdards).

Motivation to attend to eco-feedback may also diem a discrepancy between an
individual's actual environmental behavior and drier pre-existing attitudes toward such
behavior, in turn derived from behavioral beligfermative beliefs, control beliefs, personal
norms and moral obligations (Ajzen, 1991; Schwar®77). If users are able to evaluate eco-
feedback with respect to salient self-goals, aiffeateactions may be induced, which may
subsequently affect the level to which users aohugro-feedback. Although it is expected that
individual level differences will moderate the effieeness of feedback at this level, key factors
such as self-efficacy, anxiety, and expectationgsesformance may also influence the likelihood
that individuals remain engaged with eco-feedback.

Additionally, feedback interventions that can atdte intrinsic motivation will be more
effective in the long term than feedback that setielely on extrinsic motivations (Ryan & Deci,
2000). Thus, feedback interventions that are icter@ and engaging, highlight the relatedness

of users’ behaviors to their higher-level motivaspand support users’ perceptions of autonomy
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and competence are expected to foster higher-guald more persistent forms of motivation
over time.

Ability. The final component of eFIT states that the imtligl must be able to engage in
some behavior change in response to the feedb&arkniation. To do this, three conditions must
be met. First, they need to be able to identifigast one action they can engage in that they
associate with the feedback—in this case, decreapdbnmental impact. As mentioned above,
this can be difficult, as there are hundreds ofavedrs that a person can engage in to reduce
environmental impact. Second, in addition to idgmg specific actions to take, feedback
recipients must also know what to do to carry big &ction. Hutton (1982) suggests that
knowledge may be a more important indicator of bairahan attitude and describes two
different types of knowledge that are needed tonmte conservation behavior: (1) general
knowledge and (2) knowledge of specific ways torease use, both of which are likely to
influence energy use behavior. Feedback that esdfilelearning may be more effective at
engaging action; however, feedback that providesskifiowledge directly through various cues
may serve as a crutch, preventing users learnorg their own errors, which some suggest to be
a superior learning mode (Kluger & DeNisi, 1996).

Third, people must actually be able to engageerbihaviors they have identified. This
is not always possible even if they have favoraltikudes toward them and motivation to
undertake them (Fogg, 2009). Contextual varialslesh as housing characteristics or
availability of time, money, and resources, canedgor enable behavior regardless of attitudes
and motivation. For eco-feedback interventionss fimal component is especially important due
to the type of behaviors that the feedback is gwlgcand the significant contextual barriers

faced by households.
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Theinterdependencies of eFI T. Although perception, interpretation, motivatiamd
ability are each separate preconditions for effeatico-feedback interventions, the mechanisms
by which these processes operate are interdeperatehthese interactions are important to
acknowledge when hypothesizing about the effecexcoffeedback on pro-environmental
behavior.

As eco-feedback is not publicly mandated and magdd implications for the self,
people must have some higher-level motivation @deoto attend to and perceive this type of
feedback in the first instance; thus, higher-lewetivations may influence the perceptibility of
feedback interventions. However, one interestirgjiarportant finding across environmental
research has been the weak relationship betweeanmioonmental attitudes and conservation
behavior (e.g., Cook & Berrenberg, 1981; Gardne3t&rn, 1996), which suggests that although
a higher-level motivation might drive an initialauand engagement with feedback systems, to
encourage sustained conservation, the eco-feedbaskdirect users’ attention toward the
discrepancy between their current patterns of enmrental behavior and a desired level or
standard of behavior (rather than a standard difayetheir attitudes).

If users are unsuccessful with initial efforts éaluce the gap between their current
environmental actions and the standard choserofoparison, their attention may shift toward
trying to identify particular strategies that caundertaken to reduce consumption (Kluger &
DeNisi, 1996). As users’ motivation and attentibifts toward these specific actions, the way in
which feedback is perceived and interpreted wilbahift. Specifically, users will focus on
identifying the links between specific behaviorahtegies and consequences, and this will
continue until either learning takes place andfi¢éeelback-standard gap is reduced, or until users

desist from their efforts to meet the standard.
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When users are engaged with these learning pra;deseback that enables users to
identify links between actions and consequencdsdy&imore successful at increasing their
knowledge gain and shifting their attention backdaod their consumption-standard gap. Once
learning has taken place, the type of feedback feetlis learning process has served its
purpose and users may begin to disengage withatlifi 2011). Thus, the ways in which users
interpret eco-feedback may be guided by their paldr motivations and locus of attention, and
the type (or interpretation) of information requir® enable action identification is likely to be
different from that needed to motivate conservaétiarts.

If users experience success in reducing their fegdtandard gap, or if the feedback
cues direct attention toward higher level motiviasi@nd self-related processes, affective
processes may be triggered and users may lookpfmrtunities to obtain other personal goals.
Although this re-allocation of cognitive resoureeay result in a short-term performance
reduction, long-term performance would be expetdachprove as users become more familiar
with eco-feedback and behavioral response becomes antomatic. Thus, if higher order goals
are engaged as users become more familiar witliesztiback, then the feedback can continue to
be motivational long after their initial goals anet.

Although Eco-Feedback Intervention Theory (eFIT) epply across a wide range of
pro-environmental behaviors, from food consump{®g., food log that provides carbon instead
of calories) to driving (e.g., dashboard that shdvesenvironmental impact of driving style), the

remaining chapters of this dissertation will focusresidential energy feedback.
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CHAPTER 3: Meta-Analysis of Feedback on Energy Conservation

This chapter applies eFIT to the domain of residéenergy feedback, evaluating past
reviews and examining, via statistical meta-analytbie effect of feedback on residential energy
use and what variables moderate this effect. ksseeaddress both the overall question of
whether feedback is an effective intervention stygtfor energy conservation as well as explore
the underlying determinants that impact feedbatdceieness to help explain variance observed
in the research conducted to date.

Past Reviews of Energy Feedback

Residential energy feedback has been studied exédnsver the past 40 years and
several reviews of this literature have appearedadent years. Four of these reviews (Darby,
2006; Ehrhardt-Martinez et al., 2010; EPRI, 2009cker, 2008) analyzed past empirical studies
of energy feedback through the methods of qualiditerature review, where a set of empirical
studies on a topic are “digested, sifted, classiedplified, and synthesized” (Manten 1973, p.
75). Their overall findings were that feedbackffedive, with an average of 10% savings;
effects were found to range from negative (i.etease in energy consumption) to up to 20% in
energy savings. In addition to discussing the gdredfects of energy feedback, these reviews
also suggested that the effectiveness of feedbagkvary depending on both external and
internal moderating variables.

All four reviews discussed frequency as a modemitéeedback effectiveness. Darby
(2006) distinguished feedback primarily as dired andirect: direct feedback is available
immediately, whereas indirect feedback is procegssdme way before being provided to the
consumer (e.g., utility bill). She emphasized thenediacy of information provision as the key

variable moderating the effectiveness of feedbacksaiggested that direct/immediate feedback
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may lead to greater savings (5-15% for direct/imiatedversus 0-10% for indirect). This is also
supported by Fisher (2008), who found that morgueat (immediate) feedback is more
effective, as it helps to improve links betweenaw and consequences. However, EPRI (2009)
found very little difference in the energy savirmjstudies using various levels of feedback
frequency/immediacy, with 9% savings for monthlgdback, 8% savings for daily/weekly
feedback, and 7% savings for real-time/immediagdif@ck. Finally, the results of a meta-review
by Ehrhardt-Martinez et al. (2010) found that risade feedback/immediate appeared to result in
lower conservation efforts (6.9%) than daily/weekly fleack (10.8%).

Additionally, while Darby (2006) found that indatefeedback may be effective in
conveying effects of behavior on specific energy (esg., heating, appliances), Fischer (2008)
argues that “the only way of providing a direcklipetween action and results” is by providing a
breakdown within the feedback corresponding toviadial appliance end-use. Findings do
support the argument for increased effectivenegsddfidual appliance feedback (Fischer,

2008; EPRI, 2009), however, due to the nature witieg studies it is not possible to fully
separate this effect with that of other possiblearators (Ehrhardt-Martinez et al., 2010).

Feedback duration has also been highlighted aspartant feature in previous reviews
(Darby 2006; Ehrhardt-Martinez et al., 2010; Fisc808), though none of the reviews explain
why this is the case and results are inconsistaosa reviews. Darby (2006) and Fischer (2008)
both found that feedback is more effective whervigled for more than three months over a
long time period, but Ehrhardt-Martinez et al., 1@pPfound that feedback is more effective for
shorter (<6 months, 10.1%) rather than longer (s@tims, 7.5%) studies.

Darby (2006) found that providing feedback thatudes comparisons to past use (rather

than to a peer group or a target figure) was mifesttve. Fischer (2008) suggested that
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comparisons may work by stimulating specific mative conserve or providing context within
which to interpret usage, but none of the studmesaalyzed demonstrated an effect due to
normative comparisons, and as all the studies gealva historical comparison its effect could
not be determined. Similar study design issues@seented feedback content (i.e. the
measurement used—kWh, cost) from being evaluatdayuggh Fischer proposed energy
measurement a possible moderator of feedback, abeimable to analyze this variable.

The combination of feedback with other intervensieach as goal-setting, financial
incentives, or conservation information was alspdtlgesized to increase effectiveness. Darby
(2006) stated that a combination of interventioragy/ toe more effective. Fischer’s (2008)
analysis, however, reveals mixed findings; she ssggthat these additional interventions may
overload users with too much information, and tivepact will also be affected by how the
information is presented and how appropriate alebaat it is to the audience. As such, there is
no current consensus regarding the impact of coadhimterventions.

Limitations of Past Reviews. Overall, prior reviews suggest that the effectfeefiback
are positive and that this effectiveness variegthas how it is provided, but there are several
reasons why further study in the form of a metayamsis needed at this time. While qualitative
reviews can list and describe findings, resultstrbesnterpreted with caution because effect
sizes are not calculated and no inferential tastparformed to determine whether observed
effects are statistically significant across staqiRosenthal & DiMatteo, 2001). Similarly,
differences between studies related to researthggetmethodology, and characteristics of the
feedback provided (i.e. feedback format, type, sy, etc.) were observed (and in some
cases, descriptive statistics, such as averages,pr@vided), but they were not analyzed

inferentially to make determinations as to whethewy significantlymoderate the effectiveness
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of the interventions studied. Since both differeniceeffects and the number of studies that
included each level of a variable may be relatisghall (especially as compared to overall
effect sizes), the techniques of meta-analysisiseéul because they estimate the statistical
significance of the differences, leading to mol@alde conclusions than “eyeballing” self-
reported findings or “vote counting” (Cooper & Hedg 1994).

In addition, the literature reviews conducted ttedaresent conflicting findings about
several key moderators of feedback, including fezxqy, duration, and combination with other
interventions. Using meta-analysis techniques allfw statistical analysis of both the overall
effect of feedback as well as differences due tmua moderating variables related to study
setting, methodology, and treatment. This appradiers a more nuanced understanding of the
overall effectiveness of feedback across multipleiss, as well as the different variables within
and between studies with regards to the provisidaamback that may be more or less effective.
Such an analysis at this point, including studitsngd) back over 40 years, can inform not only
whetherfeedback overall is effective bladow andfor whomit is most effective. Such
comparative analysis is potentially useful for itligtmg the most promising areas for future
research on this important behavioral intervention.

Finally, none of the previous reviews summarizeovabhave integrated psychological
theory into their analyses of energy feedback. Tgregent hypotheses and results, but do not
integrate the significant contribution of psycholaxyer the past century on understanding the
role of feedback in behavior change. Thus, an ambrthat reconciles the large body of
theoretical and empirical work on feedback in gahffom the field of psychology with the over

100 studies conducted to date on energy feedbgaérticular is both overdue and needed.
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Current Study

An integrative framework was developed to guids ttudy based on eFIT theory a

inclusive of the questions it sexto answer through meta-algsis, as presented in Figure.
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Figure 3.1 eFit model and proposed modera

Feedback ishe primary indeperent variable (strategy) tested and modenradoiableswere
identified based on previous literature and designeassess perception, interpretat
motivation, and ability, when possiblA descriptionof proposed moderators, along with
hypothesized direction of their relations with effeize, is foundn the following section
Treatment Variables. The ways in which energy feedbewashypothesized to impa
conservation behavior follow five general guidefineigher levels of perception should rest
more effective feedbackyeater bility to interpret the infamation should be more effecti

greater stimulation of matation should be more effecti the ability to identify ctions should
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be more effective; and feedback that stimulatestgbom interest in learning or long-term
mastery and re-evaluation of self-salient goalsikhbe more effective.

The first set of proposed treatment variables a@l@ed to the perceptibility of the
residential energy feedback intervention. Tieguencywith which feedback is provided (e.g., in
real time immediately after the event, daily, wgekdtc.) may impact its perceptibility, such that
the more frequently the feedback is provided, tloeenit may draw the users’ attention. Thus,
increased frequency should lead to increased p@odéyp, and greater energy savings.
Additionally, people tend to be more motivated &y attention to stimuli that are interesting and
engaging, and feedback that captivates users thrgaigpified approaches have the potential to
draw users in over time. In this way, feedback thabmputerized or interactive may cultivate
an intrinsic interest and engage users with feddb@mdonger periods of time, suggesting
feedbackmedium(i.e., the channel through which feedback is presk such as a bill, device, or
website) as a moderator, such that more interante@ia will result in more substantial savings.

The next variable relates to the interpretabilityhe feedback system: the cognitive load
of interpreting feedback can be reduced by tramgjdeedback into a familiar language, so the
type of themeasuremenised (i.e. the unit in which the feedback is bgngn, such as dollars,
kWh, CO) is likely to affect interpretability. Additional| this may help reduce the abstract
nature of energy-related resource consumption, thatlthose units that are more familiar and
concrete (e.g., equivalent number of car milekWgh) will be more effective for energy
feedback.

The third set of treatment variables relates tafhiidity to motivate, typically provided via
feedback-standard gaps. The provisios@mhparisordata can provide this feedback-standard

and motivate further reductions in energy use. Treeslback that provides comparisons should
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be more effective. Further motivation may be achikeviacombinationwith other interventions:
goal-setting may help provide a relevant standauke for comparison to feedback, or
incentives may encourage motivation, though carste taken when providing them that they
don’t crowd out intrinsic motivations.

The fourth set of treatment variables relates ¢oathility of the feedback to enable
action: in order for users to take action, they nngsable to identify specific behavioral changes
to make, and this may be highlighted to users tjiinancreasingyranularity in terms of both
time and end use. More granular feedback shoufa uedrs here, and thus be more effective in
encouraging conservation. Additionally, the proasof information about energy-saving
actions may help users identify specific stratetpetske to reduce consumption, so long as this
information is relevant to the user, at the appedprevel of specificity, and does not provide a
crutch on which they come to depend.

Finally, it has been suggested above that the idaraf the feedback intervention may
moderate its effectiveness (Darby 2006; EhrhardttiMez et al., 2010; Fischer, 2008). A
duration effect, if found, is likely due to the fifent hierarchical feedback loops: initially, user
are highly motivated to engage with new feedbat&ruentions to learn about specific energy
saving strategies. Interest tends to drop off dfterinitial engagement (e.g., Ueno et al., 2006);
however, if feedback is provided over a long penbtime, then users can develop mastery and
start to focus on self-salient goals, possibly ilegdo shifts in task-specific goals and subsequent
energy savings. Thus, feedback provided in thetg¢bon or long term should be more effective
than feedback provided in the medium term.

Study Quality. While our primary goal is to determine variationdeedback that

moderate its effects on energy conservation, visatelated to study design may also moderate
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results and therefore are recommended for inclusiometa-analysis (Stock, 1994)xamining
methodological variables can inform us about therto which this intervention is robust
(Cooper & Hedges, 1994) and can alsarnfbermative to future researchers as they make
decisions about setting and methodology in thein studies. Therefore, in addition to treatment
variables, study quality and publication bias dse #ested.

Although the inclusion criteria (excluding studteat did not have a control group as
well as those with clear confounding variables)ueashat the studies included in the analysis
pass at least a minimum standard of quality, aolili study-quality variables were identified to
test for any bias that could result from threatsaldity. The following five study-quality
variables were coded and analyzed:sdnpling strategy(2) response ratg(3) random
assignment(4) baseline data collectio(d) blind control group and (6)empty control group.

Sampling strategyefers to the way that subjects were recruiteuaiticipate; if samples
were recruited by convenience rather than systealbti(e.g., whole population or random
sample), this could introduce selection bias aneatien external validityResponse rateefers to
the percentage of those contacted who electedrtwipate in the study; it was calculated as the
number of study participants divided by the numifgreople contacted. A lower response rate
could suggest self-selection bias among particggtentially inflating effectd/Random
assignmentefers to whether participants were randomly assajit to treatment conditions. If
participants were not randomly assignment to treatroonditions, pre-existing differences
between conditions could appear to be treatmeatsifcreating a Type | errddaseline data
refers to the collection of energy use informati@fiore the beginning of treatment in order to
establish a baseline to compare treatment enesgyaadlecting baseline data controls for the

threat of history and therefore a failure to dasald introduce bias.
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The type ofcontrol groupused is also an important variable, as comparioignd control
to an active treatment group could result in a Tiypeor due to a Hawthorne effect, in which
case being aware of being in the study (rather thamproposed intervention) affected participant
response. Also, in some feedback studies, theaagrvups were not completely neutral; some
studies also used “information-only” as a contmn@up instead of an empty control group; 17
studies included conditions in which informationsyaovided to subjects without feedback and,
in 7 of those, the information-only group servedtasonly control group for the study. As such,
all of these types of control groups are includethe main effects analysis and tested both blind
vs. aware and info vs. empty control groups asystwality variables.

Publication Bias. Finally, two variables were included to test fabpcation bias:
publication type and sample size. Publication tyas tested because it is typically assumed that
published studies will have larger effect sizesithapublished studies (Smith, 1980). Similarly,
it has been noted that studies with smaller efiezets tend to take longer to get published
(Rosenthal, 1991). Sample size is another varidialecan be analyzed to test for publication
bias. Studies with fewer participants have a grdatelinood of sampling error (Shadish &
Haddock, 1994), but this error should be equakgriiuted among larger than average and
smaller than average effect sizes, especially vameeffort is made to include unpublished
studies. However, studies with both a small efé&ot and a small sample size may be less likely
to get published and circulated; even though atgriéart was made to obtain unpublished
studies, one cannot completely avoid the problemmnsticcessful studies being hidden away in
file drawers.

In summary, the purpose of the present study wafotd: (a) to estimate the overall

effect size of energy feedback on energy consemvaising all available published and
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unpublished studies, to evaluate the precisiohisfdffect size estimate by the confidence
interval around the estimate, and to subject thaioed effect size to null-hypothesis
significance testing using both random and fixefdeté models; and (b) to examine the potential
impact of treatment and study variations using matde analysis of the aforementioned
variables.
Method

Meta-analysis is an established method for stedityi comparing and combining
research results with the goal of identifying paitseamong studies, revealing sources of
disagreement, and resolving conflicts or questiorieeory about the relationship between an
independent and dependent variable or set of uagalbhe method generally consists of
translating individual study results into standafféct sizes and then comparing these effect
sizes, both individually and in conjunction witls@ries of moderating variables present in the
studies analyzed.
Literaturesearch

Following procedures and guidelines suggested mp€0(2010), the following six
methods were used to locate relevant studies:gyhiv&rd search in reference databases, (2)
conference program search, (3) backward searclpridard search, (5) emails to study authors,
and (6) personal contacts. This search includiedes published between 1976 (the year the
first identified study was published) and 2010.
The original source (and inspiration) for this stweas the Darby (2006) literature review on
feedback and energy conservation (discussed ahditerature review). An examination of the

reference list of this review identified 28 reletgapers.
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Next, keyword searches were conducted in PsycINBDOR, Web of Science,
PubMed, and Google Scholar using the keywertirgy conservatioandfeedback
simultaneously, which returned 27 relevant resultiduding two additional review articles
(Abrahamse et al., 2005; Fischer, 2008). Due tam#tare of this research area, governments,
utilities, and private firms also have performeadsts, many of which do not appear as
academic publications. Therefore, a general Gosegech was also performed using the same
keywords, resulting in an additional five studies.

Searches also were conducted of the proceedingisedcuropean Council for an
Energy-Efficient Economy (ECEEE) and American Colfoe an Energy-Efficient Economy
(ACEEE) conferences, as well as from the prograhtlseoBehavior Energy and Climate
Change (BECC) and Home Energy Display (HED) comfees, which are considered the
leading conferences in this field. Eleven new pspeere found using this method.

Next, backward searches were performed on all gapat were identified as either an
empirical study or review of energy feedback. le blackward searches, the reference sections of
selected papers were reviewed for additional p@testudies. Forty-seven papers were
identified by this method. In particular, the refiece sections of the following three review
articles included new and useful references: Abradeaet al., 2005 (14 papers), Ehrhardt-
Martinez et al., 2010 (9 papers), and Fischer, 26Q8apers).

In addition to the backward searches, forward $eerevere conducted on the five
primary literature reviews of energy feedback caned to date (Abrahamse et al., 2005,
Ehrhardt-Martinez et al., 2010, Darby, 2006, EERI.0; Fischer, 2008). This search method
utilized Web of Science and Google Scholar to idgpapers that have cited these review

articles since their publication. Nine papers weoated through this method.
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At this point, the preliminary list of 127 poteaitfeedback studies was compiled and sent
to the corresponding authors of all identified stgdand literature reviews for which contact
information was available. The email request askedny additional published and/or
unpublished papers or information on relevant &si0rr active researchers in the field. Thirty-
one articles were identified using this method.eEhactive researchers in this area (S. Darby, C.
Fischer, and W. Schultz) were especially helpfuhet stage.

Finally, informal inquiries via email and discussiwith colleagues and personal
contacts, including colleagues at our universigggiarchers at three energy-related conferences,
and the demand-response manager of our local ielgcprovider, identified 14 additional
papers, bringing the total number of papers imtiebmpiled and reviewed to 172.

Inclusion criteria

Of the 172 papers originally collected, 69 werenideed as review articles or unrelated
research articles and set aside for referencerdrnaining 103 were identified as empirical
studies on energy feedback and examined indepédwpdignthe first and second author for
inclusion in the meta-analysis. Discrepancies miggrinclusion of a particular paper were
resolved by discussion. To be included in the nagiaysis, a study had to meet the following
criteria (the number of studies excluded due tdeaiterion is in parentheses):

1. The study must have been conducted using an expetatdesign. Case studies, survey
data, and purely qualitative studies were exclyéegd

2. The study must have been conducted as a natuwdiedt study measuring subjects’
actual energy use in the home. Studies that werdumted in a lab-based or office

setting were excluded. (7).
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. The study must have used the quantity of housetdagy use (appliance-specific or
overall/lhousehold energy usage) for its dependamndile. Studies that measured only
load-shifting behavior from peak to non-peak homese excluded (7).

. The study must have used feedback as the indepevalgble. Therefore, studies had to
include at least one group in which feedback wasided (alone or in combination with
other strategies) and the feedback treatment dmildolated for analysis (9).

. The study must have included a neutral control githat did not receive any form of
feedback. Participants in the control group mayeheither received no intervention at all
or received a non-feedback intervention (e.g. mfation) (16).

. The study must have provided sufficient statista=th to calculate an effect size.
Authors of studies who met all other inclusioneni& were emailed in an attempt to

garner such data whenever possible (7).

Altogether, 51 papers were excluded accordingécathieria above; the remaining 52 were

included. Of these, 13 papers were recognizedpasteeof overlapping data (e.g. two or more

publications from the same data set); these papens grouped together and given the same

study code. Conversely, multiple studies from e article were coded and analyzed

separately if different samples were used, as hasdse in four of the papers reviewed (three

that included two studies and one that includeddlstudies). A total of 42 independent studies

from 52 research articles and reports were incliadeticoded in this meta-analysis.

Coding Procedure

A detailed coding sheet was developeddaseestablished guidelines of meta-analysis

(Wilson, 2009); each study was coded accordingdécsame criteria. For each study, the

following information was extracted and coded:
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1. Report identification: publication year, author(syblication type, funding

2. Study setting: study year, location, populatiomnledype, sample size

3. Study participants: demographics, housing charigties

4. Methodology: recruitment, assignment, data coltecti

5. Treatment: feedback frequency, medium, measurercemtparison, combination with

other intervention (e.g., goal-setting, financigbanularity, and duration.

6. Dependent variable: Energy use (kWh)

7. Statistics: cell means and standard deviationsremtial statistics
In some cases, information being coded for a pdatictudy either was not obtainable from the
study report (e.g., total number of subjects caetjcor was somewhat ambiguous (e.g., random
assignment); therefore, not all studies could ledoon every variable. When information was
missing in a study and there was no clue to sugporasonable estimate, the information was
coded as missing data. All study variables wereeddal the first author. Because the coding
process involved some degree of subjectivity, #msrd author coded 12 randomly selected
studies (28%) to establish reliability. Inter-rateliability was acceptably high (kappa > .700 for
categorical variables; r > .700 for continuous ahles) for all variables.
Calculating Effect Sizes

Since the included studies measured and analyzeabies in different ways that do not

allow direct comparison, all study results werewasted into an-effectsize. Since effect size
represents the degree to which the tested inteore(d.g., feedback) resulted in a reduction in
energy use, positiveeffect size indicates that feedback resultedecreaseenergy use
(compared to the control) andhagativeeffect size indicates that feedback resulteidiéneased

energy use (compared to the control); an effeet gfzero indicates that the feedback had no
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effect on energy use. Although the specific feelbatervention in each study was slightly
different and the measurement of the dependerdhlarivaried by frequency (daily, weekly,
monthly) and style (meter read, self-report)yaffect size was calculated for each study and
these methodological differences were later andlyggemoderators.

Conversions to-effectsizes were calculated according to establishedietjnes and
procedures of meta-analysis (Rosenthal, 1991; Rlogle® Rubin, 2003). In some cases, the
study report indicated that a focused test had berducted (e.gt;test,F test with one degree
of freedom in the numerator), but rather than repgrany statistical information, it stated only
that the results were either significant or nom#igant. In these cases, if the result was repborte
as significant, th@ value was assumed to be one decimal place sniadlerthe alpha value
(e.g., assumed to be .049 if the test was sigmifiaaithe .05 level), and theeffect size was
calculated according to the procedures describdfdsgnthal and Rubin (2003). If the result
was reported as non-significant, the effect size assumed to be zero, which is considered a
conservative and acceptable approach (RosentHl) Because it was predicted that feedback
would have a positive effect (e.g., feedback grompsld decrease energy use more than
control), allp-values calculated were one-tailed (unless othermaged). Both authors
independently calculated effect sizes for all ideld studies and discrepancies were resolved
through discussion.

Significance Testing

Once the effect size estimates were calalifiaiethe individual studies, un-weighted and
weighted meamn-effect sizes were calculated for the total effdghterventions on energy use
(where studies were weighted by a function of trale size, as described in Rosenthal, 1991).

In addition, both random-effects and fixed-effeagproaches to significance testing of the effect
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sizes were conducted. Fixed-effects analysesttiegiarticipants in each study as the unit of
analysis and are typically used when a relativetglsnumber of studies are available
(Borenstein, Hedges, Higgins, & Rothstein, 200Qeé&-effects analyses are a more powerful
test of significance but can limit generalizabilifyfindings, as one can only generalize to
similar participants in the included studies but tacadditional or future studies. Random-effects
analyses treat the study itself as the unit ofyamslnd each effect size is its own data point.
With fewer data points, random-effects analyseslt@s decreased statistical power, but allow
broader generalizability to studies not includethi@ analysis (Field, 2001; Hunter & Schmidt,
2000). Both analyses are included to determinghenehe effects are robust under a wide
range of methodological assumptions; the fixedet$f@pproach was computed to accommodate
the small number of studies in the analykis @42) and the random-effects approach was
computed to increase the generalizability of theliigs. Fixed-effects analyses were computed
using the Stouffer method (Mosteller and Bush,1$8%) random-effects analysis were
conducted through a one-samplest usingk —1 degrees of freedom on the un-weighted mean.
Effects were considered significant when phealue was less than .05.
Moderator Analysis

In addition to analyzing the overall etfet feedback on energy conservation, moderator
analyses were conducted to examine which variabBgsmoderate the effects of feedback on
energy conservation. A value for each variable @dsacted from each study report (e.g.,
feedback duration, energy granularity), and moaderatalyses were conducted using a fixed-
effects approach; the mean-effect sizes for eacH t& the moderator were compared (e.qg.

whole-home vs. appliance specific feedback).
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Table 3.1. Main Effects of Feedback and Treatmeod&dators

Author & Year of

Reported

Publication n % saving r p Frequency Medium Measurement Comparison Combination Granularity Duration
Alcott (2010) 78492 2.4% 0.0096 0.0038/0nthlyor gy KWh & Cost  Historical  None Whole- 6-12
ess home months
Allen & Janda 60 - 0.0007 0.4980 Continuous Monitor  kWh &€o None None Whole- 1-3
(2006) home months
Arvola (1993;
1996a:1996b); 696  2.9% 0.1018 0.0036MOMY 0T g Mixed Mixed None Whole- > 12
less home months
Arvola et al. (1994)
Ayres etal. (2009) 84000  1.2% 0.0091 0.0044onthlyor gy, KWh & Cost  Mixed None Whole- 6-12
ess home months
Battalio et al. 1-4 Whole-
(1979); Winett et al. 70 0.9% 0.0303 0.4017. y K Card kWh Historical None h <1 month
(1978) times/wee ome
Becker (1978); 1-4 Whole-
Seligman et al. 80 13.0% 0.3094 O'Oozztimeslweek Card Goal only Goal Goal home <1 month
(1978) Study 2
Becker & Seligman 1-4 Whole-
(1978); Seligman et 20 15.7% 0.1899 0.2113;. Card kWh Mixed None <1 month
times/week home
al. (1978) Study 3
Bittle et al. (1979- - . Whole-
1980) 353 -- 0.0164 0.3794 Daily Card kWh & Cost None None home <1 month
Bittle et al. (1979) 30 - 0.0366 0.4212 Daily ar@ kWh & Cost  None None ¥Vhole- 1-3
ome months
Brandon & Lewis - 0.1602 0.0403 Mixed Mixed  Mixed Mixed o Whole- 6-12
(1999) home months
Dobson & Griffin 100 12.9% 0.1968 0.0243 Continuous Computer kWho&tC None None Appliance 1-3
(1992) months
Haakanaetal. .55 19005 00715 0.0245MONNYON oy KWh & Cost  Mixed None Appliance > 12
(1997) less months
Harrigan (1992); Whole- 6-12
Harrigan & Gregory 71 0.0% 0.0000 0.5000 Continuous Monitor kWh None ond®\ h h
(1994) ome months
Hayes & Cone 40 7.0% 0.0427 0.3968MOMNlY O oy KWh & Cost  Historical  None Whole- 36
(1981) less home months
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Author & Year of

Reported

Publication % saving r p Frequency Medium Measurement Comparison Combination Granularity Duration
gutton etal. (1986) 574 4.1% 0.1369 0.0042 Continuous Monitor  Cost None None Whole- 3-6
tudy 1 home months
gutton etal. (1986) 54, 5.0% 0.1387 0.0035 Continuous Monitor  Cost None None Whole- 3-6
tudy 2 home months
gutton etal. (1986) 53¢ 6.8% 0.0235 0.3340 Continuous Monitor  Cost None None Whole- 3-6
tudy 3 home months
Kasulis et al. (1981) 390 -- 0.0461 0.182%Iggthly or il kWh & Cost None Pricing x\g::ée' fr;c?nths
fgézl‘i" etal. (1980- ,, 150%  0.1508 0.2525 Mixed Card kWh & Cost  Mixed  Other phole- < 1 month
Kurzetal. (2005) 423 0.0% 0.0000 0500p  Card KWh Social None x\gr‘ﬁ'ee >0
Mansouri, &
Newborough 0 , : . : 1-3
(1999): Wood & 31 20.0% 0.2567 0.0817 Continuous Monitor kwh Histd None Appliance months
Newborough (2003)
- . . S Whole- 3-6
Matsukawa (2004) 319 1.8% 0.0266 0.3180 Continuous Monitor kWh Historical None home months
McClelland & o : , Whole- 6-12
Cook (1979-1980) 101 12.0% 0.1535 0.0637 Continuous Monitor Cost éNon None home months
Midden et al. o 1-4 . . Whole- 1-3
(1983) 95 13.2% 0.2148 0'0173timeslweek Card kwh & Cost Social Incentive home months
g"t‘a‘é;ti'” (2007) 418 18.1% 0.1816 0.0245 Continuous Monitor ~ kWh &Co None None x\(’)?ﬁ'ee :niﬁths
Mountain (2007) 110 2.7% 0.1882 0.0245 Continuous Monitor kWh & 1Cos None None Whole- > 12
Study 2 home months
Mountain
. . . Whole- >12
Economic 552 6.5% 0.0838 0.0245 Continuous Monitor kWh & 1Cos None None home months
Consulting (2006)
Nexus Energy o . . Whole- 3-6
Software (2006) 249 19.0% 0.1420 0.0125 Mixed Mixed kWh & Cost Mixe Goal home months
Pallak &
Cummings (1976); 109 16.0% 0.2538 O'Ooggtlir_jes/week Monitor kWh None Commitment x\(/)frlr?(lee- :n-cs;nths
Pallak et al. (1980)
. . S Whole- >12
Parker et al. (2008) 17 7.0% 0.4803 0.0219 ContisuoMonitor kWh & Cost Historical None home months
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Author & Year of

Reported

Publication % saving r p Frequency Medium Measurement Comparison Combination Granularity Duration
. - 14 . . . Whole- 3-6
Robinson (2007) 141 - 0.0830 0.1640 times/week Mixed Mixed Mixed None home months
Seaver & Patterson 4 - 0.0617 0.2971 Mixed Card kWh & Cost  Histal  None Whole- 36
(1976) home months
Seligman & Darley Whole-
(1977); Seligman et 29 10.5% 0.4317 0.0199 Daily Card Goal only Goal nélo home < 1 month
al.(1978) Study 1
Sexton et al. (1987) - . . - Whole- 6-12
Sexton et al, (1989) 269 -- 0.0803 0.0946 Continuous Monitor Cost None Pricing home months
Sipe & Castor . . Whole- 6-12
(2009) Study 1 305 -- 0.0702 0.1108 Continuous Monitor kWwh &€  None None home months
Sipe & Castor - . . Whole- 6-12
(2009) Study 2 588 - 0.0156 0.3529 Continuous Monitor kWh & Cost None None home months
Summit Blue 85000 - 0.0941 0.0002MOntlyOr gy, KWh & Cost  Mixed None Whole- 6-12
Consulting (2009) less home months
Ueno et al (2005); o . . . 6-12
Ueno et al. (2006) 19 12.0% 0.4099 0.0407 Continuous Computer kWh &Co Mixed None Appliance months
van Houwelingen & o . . . . Whole- 6-12
Van Raaij (1989) 235 6.2% 0.1206 0.0325 Mixed Mixed Mixed Mixed Goal home months
Wilhite & Ling 1284  10.0%  0.0549 0.024570nthlyor g Mixed Mixed None Whole- > 12
(1995) ess home months
Winett et al. (1982) 44 - 0.1598 0.1364 Daily Card kWh & Cost  Goal None Whole- 1-3
Study 1 home months
Winett et al. (1982) 35 - 0.0202 0.4541 1.'4 Card kWh & Cost Goal None Whole- < 1 month
Study 2 times/week home
Unweighted r-effect size 0.1174
Weighted r-effect size 0.0396
Fixed effects p-value <.001
R&om effects p-value <.001
Reported % savings 9.0%
Total n 256536

Total k 42

-- Not reported
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Results
Overall Effects of Feedback

A main-effect size for feedback on energy cons@mawas calculated for each of the 42
studies by comparing all feedback conditions witlt@ntrol conditions in each study. In the
cases where additional interventions were includebe study (e.g. goal-setting), data from
these groups were only included if the main efeddeedback could be tested (e.g. feedback +
goal-setting vs. goal-setting onlyljhe total number of participants across the 42istudas
256,536, with a median of 119 participants pergtédlist of all included studieare provided
in Table 3.1 along with eaclsample size, percent reported savimgsifect size and associated
statistical significance, and values for each tneait moderator.

Effect sizes for the main effect of feedback ranfyech -.0803 to .4803; half of these
were significant at thp < .05 level. The 42 studies had an un-weightedmesfect size of
1174 and a weighted meseffect size of .0396; this effect was highly sigrant in both fixed
(z=8.347 p = 3.63 x 10"') and random-effects analysts<(5.7441p = 4.99 x 10) indicating
that feedback interventions, in general, do sigaiitly decrease residential energy use.

However, a high level of variability was found assdhe individual effect sizes; five
studies (12%) had a negative effect size, two (b&l) an effect size of zero, and 35 (83%) had a
positive effect size. Of those with a positive effsize, 14 (33%) represented a small effect,
three (7%) represented a medium effect, and th%g (epresented a large effect, according to
Cohen’s guidelines for statistical power (Coher§89992). A statistical test of heterogeneity
among the effects was highly significd6F = 469.2089p = 4.35 x 10%. These findings
suggest that the effect of feedback on energy ceasen may vary based on variables related to
the study setting, quality, methodology, and treattmjustifying additional analyses to identify

which specific variables may moderate this effect.
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Moderator Variables

A series of moderator analyses were peréorto better understand when, how, and to
whom feedback is most effective. All of the propbseatment and study quality variables
introduced above were examined as potential maasrat the overall effect of feedback on
energy conservation. Descriptions of analysesdchenoderator variable are described in the
sections below; Table 3.2 presents statisticalli®all moderator analyses.

Treatment variables. Seven treatment variables that described diffeencthe way
that feedback was provided were tested: (1) frequeg2) medium, (3) measurement, (4)
comparison, (5) combination with other intervenfi{®) energy granularity, and (7) duration.

Frequency of feedback was categorized as montHise (8 studies), 1-4 times per week
(8 studies), daily (4 studies), or continuous (fLidles); five studies could not be categorized
because frequency was mixed. Analysis revealegrafisiant linear relationship between
feedback frequency and effect sipe=(.0463); the studies that provided feedback nmgrth
less had the lowest effect size=(.0537) compared to studies with feedback provitiddimes
per week (= .1169), daily (= .1529) and continuously € .1293). Paired comparisons
showed no significant difference between the timest frequent feedback groupings
(continuous, daily, and weekly, g@ls > .500). When collapsing these three groups amte
“frequent feedback” group, the average effect Bizehis frequent-feedback group=£ .1292)
was significantly larger than studies providingyomonthly (or less) feedback € .0537p =
0.0084).

Feedback medium was categorized as enhancedylqdig., feedback provided via an
enhancedutility company bill, such that the feedback wastf the utility bill but the bill

contained more detailed information/feedback thenstandard utility bill, 5 studies), card (e.qg.,
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door hanger or other card/sign provided to the dbalsl by the researchers, 15 studies), monitor
(e.q., electronic device or product that providesrgy information, 16 studies), or computer
(e.g., software or web-enabled program on the stdjpersonal home computer, 2 studies); 4
studies could not be categorized because mediunmiasi. Comparison of these groups was
statistically significantg = .0217); studies with feedback given by bill lilhd lowest effect size

(r =.0428), followed by monitor & .1153), cardr(=.1203), and finally computer € .3034),
which had the highest effect size.

Energy measurement was coded as cost only (Sesi#tWh only (7 studies), and kWh
and cost combined (23 studies); 5 studies couldeaiategorized because measurement was
mixed and 2 did not provide an energy measurengaatl Only). Analysis indicated no
significant differences among these three energgsoement groups (p = .3434). In addition, 3
studies that combined environmental informatiorhwibst/energy measurement were compared
to the 32 studies that did not, but no signifiadifference was found (p = .1801).

Comparison (e.g., historical, social, goal) waalgred in two ways. First, the overall
effect of having a comparison was significgmt(.0315); the 19 studies whose feedback had a
comparisoni(=.1466) had higher effect sizes than the 17 stutfiat did not have a comparison
(r =.0832); 6 studies could not be categorized bmEaomparison message was mixed. Second,
the effect of comparison type was marginally sigaifit (p = .0742); among the studies that did
have comparisons, the 4 studies with goal compasisad the highest average effect size (
.2303), followed by the 7 studies with historicahgparison( = .1409), further followed by the
2 studies with social comparisan< .1074); 12 studies could not be coded becauspanson

type was mixed.
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Table 3.2. Moderator Analysis

Variable Grouping Moderator analysis
Group k mean r z p
Treatment variables
Feedback frequency Monthly or less 8 .0537 1.6817 .0463
1-4 times/week 8 1169
Daily 4 1529
Continuous 17 1293
Feedback medium Bill 5 .0428 2.0210 .0217
Card 15 1203
Monitor 16 1153
Computer 2 .3033
Energy measurement Cost only 5 .0745 0.4031 3434
kWh only 7 .1006
kWh and cost 23 1147
Environmental info 3 1512 0.9151 .1801
No environmental info 32 1019
Comparison message No comparison 17 .0822 1.8594 .0315
Comparison message 19 .1509
- Social 2 1074 1.4457 .0742
- Historical .1409
- Goal 4 .2303
Combined intervention Feedback only 37 .1074 2.1677 .0151
Feedback + Goal 5 .2255
Feedback + Incentive .2402
Energy granularity Appliance-specific 4 2337 1.5821 .0568
Whole home 38 .1045
Feedback duration < 3 months 14 1597 2.6145 .0045
3-6 months 10 .0482
6-12 months 11 .0847
> 12 months 7 .1660
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Grouping Moderator analysis
Variable
Group k mean r z p

Study Quality

Sampling strategy Convenience (low) 4 .1339 -0.6713 .2510
Systematic (high) 35 .0908

Response rate Below 50% (low) 12 .0716 1.3016 .0966
50% or higher (high) 16 .1266

Random assignment Not random (low) 7 .1413 -0.6855 .2465
Random (high) 35 1091

Baseline No baseline (low) 7 .0881 0.7298 .2328
Baseline (high) 35 .1198

Control group - aware Blind (low) 11 .1276 -0.2563 .3989
Aware (high) 29 .1168

Control group - info Information only (low) 17 .1302 -0.6970 2429
Empty (high) 25 1039

Study Quality (index) -0.3842 .3505

Publication Bias

Publication type Journal 24 .1089 -0.1126 4552
Conference 8 .1365
Report 9 1321
Thesis 1 -.0830

Sample Sizé 4.1844 .0001

& Variable was not categorical, so no grouping \mdeis provided.

The next treatment variable tested was coatimn with other intervention strategies.

Five studies were identified where feedback washsoad with a goal intervention (such that

this “feedback + goal combo” intervention was conegato a control groupand two studies

were identified in which feedback was combined vaithincentive intervention (such that this

2 These include two studies—Vollink, 2004; Winett,dNe & Grier, 1979—that were excluded from the
primary meta-analysis because a feedback effedd catl be isolated.
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“feedback + incentive combo” intervention was congplato a control group). Effect sizes for
these “combo” interventions were compared to tineaiaing 37 feedback-only effect sizes. The
effect of combining interventions was significaptH.0151); the feedback + goal combo
interventions i( = .2255) and feedback + incentive combo interverstip = .2402) both had
higher effect sizes that studies using feedbaadkeafo= .1074).

Energy granularity was coded as whole home (38etlidr disaggregated by appliance
or use (4 studies). Energy granularity was founide@ marginally significant moderator of
feedback effectivenesp € .0568); studies that provided disaggregatedddaekihad a higher
effect size (= .2337) than the ones that provided whole-homdldaek ( = .1045).

Finally, duration of feedback was categorizedeas than three months (14 studies), 3-6
months (10 studies), 6-12 months (11 studies),namie than one year (7 studies). There was a
significant curvilinear relationship between feeclduration and effectivenegs € .0045);
studies with a feedback duration of less than thmeaths { = .1597) and more than one year (
=.1660) had the highest mean effects, and studiegng from 3-6 months & .0482) and from

6-12 monthsr(= .0847) had the lowest effect sizes.

Feedback Duration
0.2

0.15 \
i \/
0.05

ol

0 ‘
< 3 months 3-6 months 6-12 months >12 months

Figure 3.2.Feedback duration (x) as moderator of feedbaclctfEness (y)
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Study quality variables. Each study was given a quality rating based owaiables:

(1) sampling strategy, (2) response rate, (3) randssignment, (4) baseline data, (5) control
group — aware, and (6) control group — emptyidies were given a score of 1 (good quality) or
0 (poor quality) for each of the variables.

Sampling strategy was coded as using either a coevee (low quality, 3 studies) or a
probability (e.g., whole population or random) s#en(high quality, 35 studies); 4 studies could
not be rated because sampling information was rwftiged. Studies were coded as having a
high response rate (high quality) when respongewast higher than 50% (16 studies); low-
response (low quality) studies had a responseofdéss than 50% (12 studies); 14 studies could
not be rated because response rate informatiomoatgsovided. Random assignment was coded
as random (high quality, 35 studies) or non-randlow quality, 7 studies). Baseline data was
coded as no baseline data (low quality, 7 studiebpaseline data collected (high quality, 35
studies). Control group was tested in two wayshéfirst, control group was coded as blind
when control subjects were not aware that they warcipating in the research study (low
guality, 11 studies) or aware when control subj&new that they were participating in the study
(high quality, 29 studies); two studies could netdategorized because control information was
not provided. In the second, control group was dakeempty control when control subjects did
not receive any treatment (high quality, 25 studaggnformation control when control subjects
received information only (low quality, 17 studig$) studies could not be categorized because
control group was mixed. Each of the six study-tfyaiariables was examined in relation to
feedback effect size; there were no significardtrehships between any of the study quality

variables and study effectiveness.
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To further examine the relations between aspecssuafy quality and effect size, the
scores were then summed for a total quality sdeaeranged from Qpoorest quality}o 6 (best
guality) for each studyMost studies had at least one quality problem, Withmean quality
rating being 3.98 out of 6.00 (range 0-6). To as#as impact of study quality on effect size, the
relationship between the quality score and feedleffektiveness was examined; no significant
effect was foundy = .3505).

Publication Bias. Finally, two variables were tested for publicatlmas: publication type
and sample size. Publication type was categorigedjaurnal article (24 studies), conference
paper (8 studies), technical report (9 studies)hesis (1 study); differences were not significant
suggesting no bias according to publication type (4552).

Moderator analysis of the number of pgtiats in each study did reveal a significant
negative relationshigp(< .001); studies with larger samples had smalliecesizes than those
with smaller samples. This could suggest a biaaethe—one that is missing studies that had
both a small effect size and a small sample siker&fore, a second analysis was undertaken to
assess whether this effect represents a “file drdwas that asks the question: If it were
possible to get all of the unsuccessful studiesgidway in file drawers, would the effect for
feedback no longer be significant? To help ansiverquestion, a fail-safe (sample size) was
calculated to determine the number of studies nitlheffects that would need to exist to make
the reported feedback mean effect size non-sigmtiRosenthal, 1991). With 42 studies
containing feedback effect sizes and a suiisodf 58.8868, there would need to be 1,031
studies of comparable size with null effects hidderay in file drawers to make this feedback
effect size non-significant. It seems highly unljkehat such a large number of these studies

exists, suggesting that the reported mean-effaabtigin artifact of publication bias.
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Discussion

The current study served to apply Eco-Feedbackvaition Theory (eFIT) within the
domain of residential energy consumption via siaismeta-analysis. Analyses were conducted
to test the main effect of feedback on energy amagien and the effects of several variables
that have been hypothesized to moderate the eféewss of feedback. This section will review
results in light of eFIT theory and a discussionhaf limitations and implications follows.

Review of Findings

As hypothesized by eFIT, the main effect of feetlb@mt energy conservation across all
42 studies was found to be highly significant. Timsling also supports previous qualitative
literature reviews, which found average savingesestudies of approximately 10%. Although
feedback was found to be effective, the signifidagterogeneity in effects among studies
justified further analysis into moderating variabtelated to treatment, study setting,
methodology, and publication. These findings prewednpirical support for eFIT and the role of
feedback in energy conservation, and serve tofgldne direction and magnitude of the
moderating variables discussed in previous liteeataviews.

A number of variables moderating the effects efifteack on energy conservation were
identified in this analysis. It is important to edhat individual studies were not randomly
assigned to different conditions or levels of eaxderator, and therefore causal inference is not
possible. Although questions of directionality acg an issue (it is clear that—with the
exception of publication type—the moderator vaeatdhme before the dependent variable),
effects due to untested variables cannot be ruldvinderator findings in the current study,
therefore, should be viewed as a starting poinfuture testing rather than a known determinant

of the effect.
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Five general guidelines were hypothesized to gotlez way in which treatment
variables affected energy feedback, such that sedivould be more effective when it: (1) was
more perceptible, (2) was easier to interpretj@lced appropriate motivations to conserve, (4)
enabled actions and conservation strategies tddmified, and (5) stimulated either short term
interest in learning or long term mastery and rehgation of self-salient goals. Findings provide
qualified support for eFIT, as follows.

Frequency was proposed as a moderator of eneeghdek such that more frequent
feedback should draw users’ attention to feedbtakdsrd gaps more often, and thus encourage
greater savings. Results supported this hypothiesigiency was found to significantly
moderate feedback effectiveness such that feediravided at least weekly was significantly
more effective than feedback provided monthly ssléHowever, no significant difference was
found between continuous, daily, and weekly feekpsieggesting that there is an upper limit to
the amount of time in a week that people spenduatialg and responding to energy feedback for
the purposes of reducing overall energy consumption

The analysis of feedback medium also supportetiypethesis made by eFIT that
computerized or interactive feedback may engagesusere effectively and result in greater
savings. Results showed that studies with feedbarlg the least engaging medium (a utility
bill) reported the lowest average effect size, wlatudies with feedback using the most
engaging/interactive medium (computer) had the ésgkeffect size.

Energy measurement was predicted to moderate fekdffectiveness by helping to
reduce the cognitive demands of the feedback irdtiom by linking the data to familiar units of
measurement. However, this variable was not foorsignificantly moderate feedback

effectiveness, indicating that either the unitsngfasurement used in presenting energy feedback
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did not act a proxy for cognitive burden, the leoktamiliarity with different types of
measurement is not homogenous across the studyapops, or the cognitive impact of using
more familiar units was not sufficient to have gnsicant impact. Further study would be
needed to disentangle these effects.

The presence of a comparison message was hypatdsi2FIT to be integral to
motivating conservation by providing a feedbackidtad gap to which current behavior could
be compared; thus feedback that provides comparisioould be more effective so long as the
standard chosen is one that is valued by users Kuger & DeNisi, 1996; see also Schultz,
2010). The overall effect of having a comparisorssage was found to be significant,
supporting eFIT. The type of comparison messagemasginally significant; goal comparisons
had the highest average effect size, followed Btohical and then social comparisons. This may
be an indication of the relative importance andvahce of these different types of comparison
messages, but may also be indicative of the sitleeofjap highlighted by the comparison (e.g.,
goal comparisons may have larger feedback-stargigrs that social or historical comparisons).
Further research would be needed to separate thectrof comparison type, relevance, and
feedback-standard gap size. Since a great ded#teoftian has been given to the use of socially
comparative feedback (Allcott & Mullainathan, 2018)is is a highly relevant topic and one that
requires further research to investigate in randechexperiments.

eFIT also suggests that motivation may be maximizad¢ombination with other
interventions, such as goal setting and/or promisibincentives. Both strategies were found to
moderate the effectiveness of feedback. Conceaighk provision of incentives may
undermine intrinsic motivation were not supportedeh however, this may be due to a general

lack of intrinsic motivation amongst feedback usarthe included studies. Further research on
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both the type and level of motivation induced bijedlent strategies may be beneficial to further
improve understanding about the combination otafjias. In addition, future studies can test
pre-existing levels of intrinsic motivation to teghether that moderates the effectiveness of
extrinsically-oriented interventions, such as thevision of external incentives.

Feedback granularity was proposed to moderate éafdéffectiveness such that more
granular information would better support usersligtto identify specific behavior changes to
make. The findings suggest support for eFIT: graniyl was found to be a marginally
significant moderator of feedback. The marginahgigance could be due to the low number of
studies that included appliance-specific feedb&ck4), or it could be because this type of
information may only be necessary at particulan{sin time when users are going through a
learning process:urther research is needed to provide a more aecpicture of how users
interact with more granular feedback and to prénverbbustness of this effect.

Finally, duration was found to significantly modiershe effectiveness of feedback, but
not in a direct linear relationship. Rather, analydentified a significant curvilinear relationghi
studies less than three months and more than @raryduration were more effective than those
lasting 3-12 months. This provides support for efaltwo ways—feedback in the short term is
new, interesting, and engaging, but after timetigpants may become bored and drop off from
participation. However, feedback provided for lontge periods may allow habits to be
created and maintained, thus leading to a rebauedffect size.

Limitations and Suggestions for Future Resear ch

As with all meta-analysis, issues related to mgssiata, small numbers of studies for

each moderator, correlations among moderator Masabnd differing procedures between

studies all decrease the ability to make definitheelarative statements. However, the results
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presented clearly meet the requirements of the BmognPractices Network (PPN, 2012), in
that: (1) they represent an associated changeidg¢phendent variable of more than 1%, (2)
changes are significant at thes .10 level, and (3) the samples exceed 10 peoyieth the
treatment and control groups.

As meta-analysis is used to aggregate findingsngmesults of multiple studies that use
different procedures to test a common hypothesssjlts are often referred to @sthesis-
generated evidengcas opposed to tretudy-generated evidenttgat comes from the individual
studies which are analyzed (Cooper, 2010). Whilg study-generated evidence is able to make
causal attributions (as the variation between sprdgedures present potential third variables
confounding results), synthesis-generated evideneetremely useful in exploring associations
not tested in individual studies, thus providingnced and guided suggestions for future
empirical research. As explored in the followiraggmgraphs, the current meta-analysis identified
five such primary suggestions: (1) factorial desiggolating treatment variation between
conditions, (2) greater attention to design andggmé&ation of feedback displays, (3) collection of
multiple dependent variables to allow testing ofiragon, (4) repeated and persistent data
collection to assess long-term impacts, and (5)prehensive presentation of methodology and
results to enable greater replication and integpi@t of findings.

Factorial designs. A major limitation identified with the existing sties included a
general lack of theoretical integration and subsagtailure to fully test hypotheses through
isolating variables within treatment conditions. déoator analysis in a meta-analysis is
essentially correlational; given that studies weserandomly assigned to different levels of the
moderator, causation cannot be inferred. Howexeatment variables can be directly tested by

incorporating them into the research design of pnnstudies. Among the included studies, the
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treatment conditions were often confounded (ea@pl-getting and incentives), preventing study
authors from determining which strategy was resjt@or treatment effects. Of the 22 studies
that had more than a single treatment group, lftifec designs in which treatment groups
received different conditions (e.g., control, feack feedback plus rebate) but without fully
crossing conditions in order to isolate the treathedfect of each variable. An additional nine
studies were excluded from analysis because fekdbas tested in a between-subjects design,
but it could not be isolated for analysis due tofoanding variables.

As such, factorial designs are recommended indutesearch to test research hypotheses
and to isolate treatment conditions. To fully ursti@nd the interaction between feedback and
incentives, for example, one must not only incladntrol group and one that receives
feedback and incentives, but also groups whichiveamnly incentives and only feedback.
Completely balanced designs allow for the variabilesnselves as well as the interactions
between variables to be better understood. Oné/dtudies utilized a complete multi-factor
ANOVA design or multivariate regression model tolade and analyze the relationship between
conditions. Four studies (Becker & Seligman, 1K@z et al., 2005; Mansouri & Newborough,
2003; Winett et al., 1982) tested a factorial desiwgth feedback and another intervention
strategy and one study (Robinson, 2007) includiedtarial design of comparison message
(historic vs. social) x medium (email vs. mail).cBustudies are essential for a greater
understanding of the many variations in which emedback can be provided and the interactions
among variables.

Design and Presentation. As suggested by eFIT, the way in which feedbacrmation
is presented to users can have an impact on thenwalyich it is perceived and interpreted, and

its subsequent impact on motivation and action. élew, there has been limited work

60



investigating responses to different types of fee#tldisplays, beyond energy measurement and
comparison message. Froehlich, Findlater, & Lar{@8y0) found that the research in
“environmental psychology has largely focused andfiect of the feedback intervention itself”
and not on “the production of the eco-feedbacKamti (p. 5). Specifically, they found that only
half of the environmental-psychology papers inctudegraphic or description of the feedback
interface itself and of those that did describeitiverface, the most common designs were bar or
line graphs with usage breakdowns and simple L&pldys that lacked the interactivity and
complexity present in both the new types of feedtbatche marketplace as well as in papers
coming out of the human-computer-interaction fiéldogical first step is an exploration of the
types of feedback that can be tested. Chapter #essiek this need, introducing an empirically
derived taxonomy from analysis of 196 distinct éeedback products and platforms.

The few studies that have investigated displaydidaidifferences in the effects of
feedback based on the type of graph used (Egal) 2@ comparing ambient (e.g., light
changing color) to factual (numbers indicating kéémsumption) feedback (Ham & Midden,
2010). As indicated by these studies, successiigdef energy feedback technologies can
greatly benefit from psychological testing of thesdjns being used most in practice so that
feedback design can take into account principlag/difrom cognitive and social psychology.
As such, it is suggested that psychologists workenstosely with engineers and designers and
to test theoretically derived design parameteexjperimental settings.

Mediation Testing. Another limitation of the studies analyzed wasldok of sufficient
mediation analysis to examine the role of the fofraser experience as well as changes in
attitudes, knowledge, and behaviotsis important to include self-report measureageess the

psychological determinants of behavior and theéatm@nship to feedback. Little is still known
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about the processes or mechanisms (mediators¢dbéek that guide and lead to behavior
change. Although the ultimate goal of feedbackrir@stions is energy savings, it is important to
understand why behavior is (or isn’t) changing amat (if any) relationship between feedback
and behavior change exists. If it is hypothesibed teedback will reduce energy use through
cognitive dissonance, for example, then assessiggitive dissonance in participants would be
a simple and effective way of testing this hypoitiddypotheses about the role of increased
knowledge (both general energy knowledge and kniydeabout specific conservation
behaviors) or motivation (e.g., saving money, heghe environment, reaching personal goals)
could also be tested via a self-report measure®gefiuring, and/or after the feedback
intervention. Chapter 6 further discusses this ra®tlintroduces a Usability Perception Scale
(UPscale) for assessing user experience of feedtiaplays.

Repeated and Persistent Data Collection. Most studies measured behavior during or
immediately after the intervention had taken plagist five of 42 studies tested for persistence
of effects after the intervention had ceased (H&E€one, 1981; Katzev et al., 1979-1980; Kurz
et al., 2005; Winnett et al., 1982). For those igsidthe effect size was higher during the
feedback interventiorr € .0790) than during the follow-up period< -.0121). However, this
difference was not significanp & .1850); it is unclear whether feedback acrobsrastudies
would remain effective over the lifetime of a comsr or household. It is suggested that future
research collect data more often and for a longaog of time, to examine the long-term effects
of feedback as an intervention strategy, both duaimd after the provision of feedback.

Such studies may further assist in identifyingplgchological determinants of
behavioral impacts. If feedback serves as a legraal (e.g., providing knowledge about

specific behaviors), one would expect feedbacktxide diminishing returns, such that the
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effects begin to fade after the subjects have ézhaverything they can from the information.
However, if the role of feedback is to provide omgomotivation for continued behavior, then
one would expect energy savings to correlate dyr@gth the provision of feedback, remaining
stable as long as it is provided and rebounding baovhen the feedback is removed. Repeated
and persistent data collection, along with addal®elf-report data collection about motivation
and user experience (see above), could help tadealarity around the various mechanisms by
which feedback interventions operate over timehdligh not experimentally manipulated,
Chapter 5 explores some of these issues throudhativa analysis from survey data of 86
naturalistic users of feedback, exploring questi@tated to motivation, user experience, and
continued product use.

Improved Reporting. The final suggestion is for more comprehensivegtgion of
methodology and results to enable greater replinaind interpretation of findings. Many
studies failed to present a clear and comprehemspat of the methodologies employed in
recruiting and assigning subject to conditions aB as the specific details of the intervention
strategies tested. As indicated above in the iselttion, several studies could not be coded on
key variables due to missing data (e.g., 33% didewort response rate). Such omissions
prevent thorough and comprehensive analysis arida@pn. It is imperative that authors be
clear about their target populations, recruitmert assignment strategies, response rates of
participants, and the specific details of bothititependent (treatment) and dependent
(outcome) variables in the study.

Additionally, the presentation of statistical datas inconsistent; only a handful of
studies reported means and standard deviatiorieddreatment groups, which is considered

standard practice in the presentation of experiaigasearch. Seven studies were excluded for
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not providing sufficient statistical data to calatd an effect size. The presentation of
methodology and results of any statistical (or gatve) analysis should be clear and
comprehensive, in order to allow transparency gessing and analyzing study findings. Simply
saying that an intervention was “effective” is mastprecise as providing the means and standard
deviations for the treatment and control conditiongelling the reader which inferential tests
were used (e.gt;test, ANOVA), along with provision of the test$éics and associatesd
value. More than a suggestion, this is a strongesof future researchers in this area.
Conclusion

Overall, results showed significant empirical evide that feedback is an effective
strategy for promoting energy conservation behawiith a mean effect size of .1148 across 42
studies. The analysis also provides empirical stdpoeFIT, such that feedback is most
effective when it is easily perceived, interpretedtivational, and helps users identify actions —
this can be done by giving feedback frequently, loiming it with goal-setting or external
incentive interventions, providing historical oradbased comparisons, and giving information
about appliance-specific behavior. In addition,esalimportant limitations were introduced that
suggest promising directions for future reseanetiuding those addressed in the subsequent

chapters of this manuscript.
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CHAPTER 4: Taxonomy of Energy Feedback Technology

As feedback technologies are becoming increasimgiguitous in our society, with a
growing capacity to leverage personalized enerfpyrimation, there is an urgency to
ensuring that they are utilized to their full patah The meta-analysis presented in the
previous chapter found that the effectiveness edifiack varies based on the type of
feedback provided and past reviews have propogedades to better understand and
distinguish between them. However, current clasaiifons of feedback lack the technological
sophistication to account for the diversity in daile products and platforms. While there is
a growing body of research on the potential efiectess of feedback in trials, there has been
little research into the actual products and ptatfavailable in the marketplace.

The goal of this chapter is to analyze currentgnéedback technologies and
present a comprehensive taxonomy of feedback témtmbased on product characteristics.
It reviews previous literature on energy feedb#&gokusing on past attempts to define,
describe, and categorize feedback, and then intesdand describes a content analysis and
classification of currently available feedback teclogy. Using data collected from 196
feedback technologies (both products and platfarinpyesents a list of energy-feedback
characteristics and key characteristics for caiegton as well as a taxonomy structure of
energy feedback that incorporates these charaatsris

Past Research on Energy Feedback

Over a hundred empirical studies of energy feedibasie been conducted over the
past 40 years and over 200 articles have beenghailiabout energy feedback during that
time. Reviews of this research have found thatldeek is effective, on average, with effects
ranging from increases in energy use to savingsef 20% (see Chapter 3). However,
definitions, descriptions, and categorization @dieack vary from report to report.

Operational definitions for energy feedback, ad welkey characteristics and categories, are
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lacking. Before presenting the current analysis, ¢thapter will review past attempts to
define, describe, and categorize energy feedbamithé purposes of the current discussion,
a characteristic is defined as a single variabth o or more levels, and a category or type
as a group of products or platforms that shareaomaore characteristics.

Definitions of Feedback

While research on energy feedback is abundane Seems to be gap in the literature
regarding a specific operational definition of eyefeedback. Both Darby (2006) and EPRI
(2009) rely on dictionary definitions of feedbaekthough technically accurate, they are not
specific either to energy or to consumer-facinginfation (e.g., that which involves people
in the process). EPRI (2009) and Abrahamse e2@0%) further characterize energy
feedback as household-specific electricity consionghformation and Ehrhardt-Martinez et
al. (2010) define feedback in the context of consege strategies for behavior change,
which “attempt to change behavior by influencing tteterminants of a behavior after the
behavior in question has been performed” (p. 3BRSE definitions focus the definition on
home energy use and incorporate motivational eléwfdieedback, but are still vague with
regards to what kind of information constitutesofiesck.

Without a clear operational definition, it is ddtilt to determine what exactly
distinguishes feedback from energy informationanmtml. Areas of ambiguity include (but
are not limited toestimatedeedback (e.g. carbon calculators, based on npat)iand
automatedsystems (e.g. appliances that receive and regpdiegdback directly, removing
the user from the loop). Within the literature, fhedback system relates to the energy
consumption of a dwelling; therefore anergyfeedback technology is one that receives
information about the actual energy consumptiothefdwelling (or part of the dwelling).
Likewise, definitions focus on the role of feedbatknforming consumers and affecting

behavior; therefore a definition should includeyis@mn of this energy data back to the
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consumer. Therefore, energy feedback is definegitas information aboutctual energy
usethat is collected in some way and provided badké®nergy consumer

Reviewing this definition helps to provide someritiato ambiguous areas in past
literature. Estimated feedback, which collects agpnated energy-usage information from
the user (therefore not actual energy use), araraated systems that completely remove the
user from the feedback loop (i.e. not providingadadck to the energy consumer) are,
consequently, not classified as a feedback teclgyolo
Char acteristics of Feedback

Several authors over the past decades have diskcsigseific characteristics of
feedback that may be most effective in promotingrgy conservation or distinguishing
between types of feedback technologies (see TabjeThe most commonly cited
characteristic was immediacy (Darby, 2001, 2006mzdly, 2010; Ehrhardt-Martinez et al.,
2010; EPRI, 2009; LaMarche et al., 2011; Stein &&m2006), which breaks down
feedback into the two categories of direct (immegjiand indirect (not immediate).
Additional characteristics relate to the frequeang duration of feedback collection and
provision, the type of information provided, ané thessages used, and variables related to
both the visual display and hardware componentsaaiback.

It is important to note that non-technological tastcan also impact the effectiveness
of feedback. The previous chapter identified sewreh factors, including study duration,
frequency of provision, combination with goal-sagtiand incentives, and the population
from which the study sample was drawn. As moshe$é analyses are conducted from
between-study (vs. within-study) comparisons, fertiesearch is needed to clarify the role of
these non-technological variables, both separate &nd in conjunction with any identified
difference in treatment effect associated withtyfpe of feedback, as will be discussed in this

paper.
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The current paper focuses on the type of feedbeadugt or platform used, which
has been identified as one of the key variablesaratithg the effects of feedback. Several
authors have proposed specific categories, or typdsedback to help distinguish among
the many available technologies available. AltHosgecific terms are used to describe
different types of energy-feedback systems, theynat always clearly defined and authors
may use different terms to describe similar funtticor similar terms to describe different
functions. Before developing and presenting a eg/tsxonomy structure of feedback
technologies, current types and typologies of enérgdback and discussed.

Types of Feedback

The most commonly cited types of feedbackdirect andindirect feedback. Darby
(2001, 2006) uses the teimdirect feedbacko refer to frequent utility bills, based on
accurate usage data. EPRI (2009) uses it to catedwoth standard and enhanced billing
(billing with additional information and advice) a®ll as estimated appliance-specific
feedback (e.g. through the use of home audit soffwdhe ACEEE (Ehrhardt-Martinez et
al., 2010) distinguishes between indirect feedlokided by the utility (offering improved
customer service, better outage, power quality enfr@guent meter readings, feedback to
customers), and indirect feedback provided by venhuffering improved feedback
information, advice, estimated disaggregation, getting capabilities, and social and

historic comparisons).
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Table 4.1. Characteristics identified during litera review

Characteristic Name

Characteristic Definition Characteristic Levels

References

Immediacy*

Data Collection*

Frequency

Duration
Content
(Measurement Unit)

Breakdown
(Data Granularity)

Presentation Mode
(Visual Design)

Presentation Medium

How soon after an action Direct, Indirect
feedback is provided

How feedback information is Estimated Feedback, Sensor
collected

How often feedback is given Continuous, Daily, Weekly,
Monthly, Bimonthly

How long feedback is provide Weeks, Months, Years

The units of measurement the Electricity, Cost, Environmental
feedback is given in. Impact, Temperature, Utility
Messages

The resolution of the feedbacl Room, Appliance/Device Level,
data Time of Day, Building,
Indoor/Outdoor, Rate Period

Darby, 2006; Donnelly, 2010; Ehrhardt-Martinez
et al., 2010; EPRI, 2009; LaMarche et al., 2012;
Stein & Enbar, 2006

EPRI, 2009; Hochwalliner & Lang, 2009;
LaMarche et al., 2011

Fischer, 2008; Fitzpatrick & Smith, 2009;
Froehlich, 2009

Fischer, 2008

Fischer, 2008; Fitzpatrick & Smith, 2009;
Froehlich, 2009; Herter & Wayland, 2009; Stein
& Enbar, 2006

Fischer, 2008; Fitzpatrick & Smith, 2009;
Froehlich, 2009; Herter & Wayland, 2009;
Hochwalliner & Lang, 2009

The format feedback is Numeric, Graphic, Ambient, Artistic Fischer, 20@8tzpatrick & Smith, 2009;

presented in

Froehlich, 2009; Wood and Newborough, 2007

The medium through which Electronic Media, Written Material, Fischer, 2008; Froehlich, 2009; Hochwalliner &

feedback is presented In Home Display, Mobile Apps,
Web Portals and Social Media

Lange, 2009; LaMarche et al., 2011
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Characteristic Name

Characteristic Definition Characteristic Levels References

Comparisons

Additional Information
(Recommending Action

Location

Push/Pull

Control Device
(Automation)

Feedback Level

Communications

Whether feedback is measuredistorical, Normative, Forecast, Wood and Newborough, 2007; Fischer, 2008;
against some standard Personal Goals; Other Buildings, Fitzpatrick & Smith, 2009; Froehlich, 2009;
Appliances, Rates or Periods, Herter & Wayland, 2009

Whether information other Incentives; Goals; Commitment; Fischer, 2008; Froehlich, 2009; Shultz, 2010
than usage Advice

Where the feedback display is Activity-Based, Embedded, Centra Wood and Newborough, 2007; Fitzpatrick &
found Localized, Independent Smith, 2009; Froehlich, 2009

Whether feedback is sent to thBush, Pull Froehlich, 2009
user or the user navigates to it

Whether the feedback system Central, Device Level, On-board, Donnelly, 2010; Ehrhardt-Martinez et al., 2010;
enables control Low Automation, High Automation, LaMarche et al., 2011
No Automation

Whether feedback is specific Low-level Feedback, High-level Froehlich et al., 2010
to an action or summative Feedback

Devices used to enable data Fixed, Wireless, Gateways, Range Hochwalliner & Lange, 2009; LaMarche et al.,
transformation Extenders, Home Area Networks 2011

Communication
Protocol

Standards used to enable dataX10, UPB, Insteon, Z-Wave, Zigbe LaMarche et al., 2011
transmission

*Characteristic names not used explicitly by aushor

70



In contrast to indirect feedback, Darby (2001, 20#fines direct feedback as
feedback that is “immediate, from the meter or sspaiated display monitor” and “available
on demand”. EPRI (2009) defines direct feedbackessiback that is provided real-time or
near-real-time”. The ACEEE build on this to funtlstate that direct feedback systems
“provide energy use information at the time of aamgtion (or shortly after consumption)”
(Ehrhardt-Martinez at al., 2010). The terdisect feedback andeal-time(or near real-time)
feedback are therefore taken to be synonymous.

The termdn-home display, in-home energy disp(&nrhardt-Martinez et al., 2010),
andhome energy displaffaMarche et al., 2011), are all used to refeartondependent
display that provides real-time energy-consumpiidormation. These systems tend to be
composed of a sensor as well as a display, whiolmamicate wirelessly. The sensors tend
to use current clamps to monitor the home’s maitudi panel, though some systems use
optical sensors to track the power meter. They termovide whole home energy feedback,
though some systems have extra clamps for measiadigdual circuits and are therefore
capable of providing a breakdown by circuit (Doiye2010). Darby (2006) uses the
terminologydirect displayswhich denotes a freestanding display, suppleméntile
electricity meter, providing information on elecity and gas consumption.

Wood and Newborough (2007) use the t&mergy Consumption Display refer to
anything that provides energy feedback using an@olgical format. They further distinguish
between central displays (i.e. displays placedaderaral location in the home) and activity-
based displays (i.e. displays located next to tiieity about which feedback is provided).
Activity-based displays, defined as devices whitthatween the wall outlet and an
appliance (or group of appliances) and measurerkegy consumption of that appliance (or
group of appliances), have also been called plugdatricity usage monitors and watt-

meters (Hochwallner, 2009), plug monitors, outtatdl monitors and outlet readers
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(LaMarche et al., 2011), plug-in devices (Fitzpar& Smith, 2009), and distributed direct
sensors (Froehlich et al., 2011). When thsg-load monitorsalso offer control or
automation, they are sometimes called smart plageéts/outlets/strips (Donnelly, 2010;
LaMarche et al., 2011), a type @xhart-device

Other types omart-devicesncorporate novel sensing and control algorithars f
direct feedback and automation (Badami & Chbat8)9%ese include smart thermostats,
smart lights, and smart appliances (Ehrhardt-Meztiet al., 2010). The most basic smart-
devices have sensing and/or communicating netwgriips, enabling data-collection and
automation; more advanced options enable higheede@f automation with wireless two-
way utility communication for demand managementi@ndelayed start functions, and
pricing signal control (Donnelly, 2010).

Often, smart-devices form part of a Home Area NekwblAN). Donnelly (2010)
uses the terms Home Automation Network and Home Aretwork interchangeably, and
states that the simplest HAN is a smart-thermdbtdtenables heating/cooling control and
communicates with a central computer and/or tHéysi metering system. However, she
notes that a complete HAN includes: (1) smart-deviwith embedded/attached networking
and/or communicating chips for automation; (2) ambesl network systems and software
using mesh networks to provide measurement andbéeidf appliance specific data; (3) the
potential for two-way communication with the ugtitand (4) some kind of consumer
interface for direct, real-time feedback. Hochwetl{2009) defines home automation
systemas one that “consists of “smart” devices and arnanication bus that connects all
devices in a home”. The communications bus is tsdéwth control appliances, and to

receive information from the appliances about thairent power consumption.
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Typologies of Feedback
Darby (2001, 2006) proposed a typology of feedldacksed on direct and indirect
feedback, with three additional categories: inatbrérfeedback (learning by association, e.g.
through solar panels in the home), utility-conedlfeedback, and energy audits. EPRI
(2009) subcategorized feedback into six types: fioadirect and two direct. They divide
indirect feedback into (1$tandard Billing traditional feedback that households receive from
their utility company, generally in the form of anthly bill or statement; (Zznhanced
Billing: detailed information about consumption patternsnfthe utility, such as historical or
social comparison statistics; (Bjtimated analysis of user-provided data to estimate energy
usage; and (4paily/Weekly/Periodicenergy information presented to the user thairis-
delayed by a day or more, but provided more oftbam the traditional energy bill. Direct
feedback is further categorized as &al-time overall consumption level on a real-time or
near-real-time bill, and (6Real-time Plusdisaggregated (e.g. individual appliance) energy
feedback and/or feedback that allows users to abajipliances in the home.
Ehrhardt-Martinez et al. (2010) extend previouinitoons, constructing an analogy
based on an onion metaphor. The layers of the amerefined as: (tility delivered
(utility bill or website), (2)Vendor deliveregwhole home information), (Ieeper
contextual informatiorge.g., includes statistical analysis), ([dhome energy displayeal
time or nearly real time feedback), (&mart” devices(e.g., provide simple automation), (6)
Disaggregated and contextu@hformation about individual appliances), and Atifomation
(whole systems that include disaggregated realt@amdback, home automation, and
sometimes energy generation and storage systeims)hfee outer layers of the onion (1, 2
and 3) correspond to indirect feedback mechanismdgtee three inner layers (4, 5 and 6)
correspond to direct feedback, with home automadiahe core (7). As the layers of the

onion are peeled away, the feedback becomes pedgeismore sophisticated.

73



In a meta-review of feedback studies based on ttegsegories, Ehrhardt-Martinez et
al. (2010) found “distinct differences in the avggaand median energy savings associated
with different types of feedback”. However, theymate that significant variation exists
within each of the feedback categories. While ththars attribute this “within category”
variation to differences in study methodologysitiso possible that there are significant
differences between types of feedback within theread categories as well. For example,
within the real-time plus category, a feedbackrirgation may or may not be electronic and
may or may not provide appliance-specific informatiboth of which are variables which
may impact the effectiveness of the feedback ietetion.

The classification “taxonomy” proposed by LaMaretel. (2011) takes a different
approach, consisting of three basic categoriesdee to capture essential components of a
typical feedback device such that feedback canrfadlone or more of these categories: (1)
Control devicegallow the consumer or utility to actively contertergy use), (Jser
Interfaces(provide energy feedback to consumers), and(@bling Technologies
(underlying support framework). Control devices barcentralized (communicate with
multiple devices), device-level (user controlsregi device), or on-board (control is
integrated into the device). User interfaces cawige raw, i.e. direct feedback (e.g. real time
or historic usage data), or processed, i.e. intdfeszlback (e.g. comparisons, advice, goal-
setting). Enabling technologies include sensomymanications (e.g. gateways), and
communications protocols (e.g. Zigbee).

Limitations of Previous Resear ch

Although past literature reviews have proposedgmates to distinguish between the
various types of feedback, current categorizatiaok the technological sophistication to
account for the diversity in available technologa@sl are not systematic in their

classification of specific feedback technologiesSification, or categorization, is the
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process of grouping like objects into categorieselaon their properties (Cohen & Lefebvre,
2005). Categories within a classification structsineuld be clearly defined (e.g., new objects
can be easily categorized), mutually exclusive.(@ach object fits in one and only one
category) and collectively exhaustive (e.g., ajeets fit into a category); the result is that
every object within a classification structure fitsone and only one category. When
categories are based on a fixed set of charaatsristparallel, the resulting structure is a
typology; when these characteristics are consideredccession, the resulting classification
structure is a taxonomy (Marradi, 1990).

A review of the existing classifications presengéddve identified three key issues.
First, all existing products and platforms are ged into four (or fewer) categories, which
leaves single categories containing upwards ofrallad technologies, making distinction
and selection difficult. Second, categories foctarily on the type of information
provided and ignore physical design and operatifigrdnces. Finally, no current
classification structure provides a systematic dpson of the specific characteristics that
vary by type, making categorization of emergindghtedtogies difficult.

The current study addresses these limitationsigiréhe development of a
comprehensive and systematic taxonomy of feedletinblogies. It introduces and
discusses the status of feedback technologie®imtrketplace with a focus on physical
characteristics of feedback products and platfantspresents a taxonomy of feedback
technology from an empirical review of 196 techigiés coded on over 100 characteristics.

Methods

The study utilizes content analysis and classificatnethodologies to derive a
taxonomy of feedback technologies. Content analgsastechnique of compressing large
amounts of text into a manageable data set byiegeand coding the text into categories

based on a set of specific definitions (Neuend21; Stemler, 2001). Descriptive data on
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over 200 specific feedback technologies were ifiedtand collected from March —August
2011. After identical devices were removed, produicirmation was analyzed qualitatively
using open coding followed by axial coding; themese constructed from analysis of the
codes in consultation with previous literature (@or& Strauss, 2007; Creswell, 2009). The
set of final characteristics were screened fovealee and a taxonomy structure was derived
to categorize all products and platforms suchttiratategories were mutually exclusive and
mutually exhaustive to the dataset. The followiogrfsections (data collection, inclusion,
coding, and analysis) describe the methodologhisfdtudy in further detail.

Data Collection

The following four methods were used to identifylaollect data about feedback
technologies(1) review of relevant literature, (2) Internetykvord search, (3) retail
websites, and (4) personal contaéts.products and platforms were identified, a ratadie
was created for each product with any availablermftion (e.g., user manuals, product
summaries, new articles, photos).

Data collection began by compiling a list of feeck#echnologies from the following
reports: Anderson & White, 2009 (7 devices); Ehdhakartinez et al., 2010 (12 devices);
Herter, 2010 (49 devices); Herter & Wayland, 2089 devices); Hochwallner & Lang, 2009
(4 devices); LaMarche et al., 2011 @&vices); Stein, 2004 (11 devices); and Stein &#Enb
2006(27 devices). 101 unique feedback devices werdiftehfrom these reports.

Next, general searches were conducted in Googléarazon.com using the
keywords energy and feedback simultaneously. litiaddo identifying additional
technologies, these searches also uncovered taitg-websites that specifically market
and/or sell feedback technologies, including: wwawprmeterstore.com,
www.mymeterstore.com, www.smartgrid.gov and www.eeamergy-metering.com. Each of

these sites was also searched for any additiondupts or platforms.
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Additional technologies were identified througharrhal inquiries via email and
discussion with colleagues and personal contaatijding colleagues at our universities,
researchers at energy-related conferences, arehgaks at the American Council for an
Energy-Efficient Economy (ACEEE). The total numbéfeedback technologies compiled
and reviewed using all four of the above searditeflies was 259.

Inclusion

For the purpose of this work, energy feedback fsxdd asinformation about actual
energy use that is collected in some way and peavizhck to the energy consunm#&s.such,
the follow five criteria were used for inclusiontime analysis:

1. The feedback collects information about actualdog electricity use.

2. The feedback technology provides this actual usiagg back to the user.

3. The feedback technology is an actual product otopype (not concept).

4, Sufficient information is available to describe teedback technology.

5. The primary goal of the venture providing the temlbgy is energy feedback;

feedback provided to consumers by electric utditieas excluded.
Feedback technologies that met all five of the aboiteria were included. Among the initial
259 devices/systems collected, 196 were identtfiati met all of the above criteria.
Coding

Code development was iterative and utilized thestaort comparison method and
multi-phase coding (Corbin & Strauss, 2007; Cre5w€I09). Each product or platform was
treated as the unit of analysis for coding andyamabtilized a manifest approach, such that
the exact information was pulled from the data.iiitial set of codes was developed based
on previous literature (e.g., frequency, immediaontent, medium—see review above);
additional codes were created, as needed, as teger®were added. Variables relating to

key hardware and system properties of the feedtemtinology were added to account for

77



both physical design and operating conditions @iffdrences). Further characteristics were
added in an iterative procedure; opening codinmftioe 196roducts and platforms resulted
in a total of 117 distinct codes, divided into figemary categories: development, hardware,
system, data collection, and data presentation.

In the second round, the 196 technologies wer@ded according to these
characteristics. All coding was then revieweddocuracy; discrepancies were resolved
through discussion between all three authors. Wfermation was missing and there was
no clue to support a reasonable estimate, thenr#ton was coded as missing data. Because
the coding process involved some degree of sulijggtall technology variables were coded
by at least two authors and results on 10% of #ia dere compared for reliability. Inter-
rater reliability was acceptably high (kappa > )/fad all variables (Cohen, 1960).

Analysis

During axial coding, the 117 distinct codes wengawed and collapsed into 36
primary characteristics. For example, codes thatesented multiple levels of the same
characteristic were condensed (e.g., Linux, Mad, Mitrosoft combined as levels of the
characteristic “operating system compatibility”’hélnext phase of analysis distinguished
those codes related to the primary goal of thegmtestudy (e.qg., categorizing feedback
devices) from others related to the quality of peed preference (Corbin & Strauss, 2007).
A taxonomy classification structure based on tlebseacteristics was then constructed and
all technologies were reviewed for fit. Final caidgs were derived based on an integration
of analysis results with previous literature aslwesldata regarding the most important device

characteristics for consumers.
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Results

Feedback Characteristics

After coding, 36 feedback characteristics withuefbroad categories were identified;

these characteristics, grouped by category, aesgllia Table 4.2. From this list, a set of

typing characteristics were identified—variablesessary to distinguishing between

categories of feedback. Typing characteristics waatified based on the following criteria:

1) Stable and inherent to the technology in itself;

2) Consistently identifiable for at least 80% of trevites;

3) Theoretically relevant; and

4) Had an even distribution across variable optiores (io more than 80% in one type)

Table 4.2. Characteristics identified during coding

Category Attribute Category Attribute
Development Status of technology  System Technology requirements
Cost OS compatibility
Target audience Amount of memory
Hardware Sensor units Memory location

External transmitters
Physical displays
Power supply options Data
Measurement capabilitids ~ cllection
Monitoring channel$ Data
Measurement resolutidn Presentation
Voltage/current ranges
Collection update frequenty
Power factor correctidn
Communication channéls
Communications rande
Communication protocol
Installation protocol

Additional components

! Insufficient data - Missing data for 20% or mofedataset.
2 |nsufficient variation - Over 80% of dataset fielio one category.
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Integration w/other systems
Documentation availability
Data granularity
Collection point
Medium of presentation
Display update frequenty
Temporal granularify
Comparison messages
Units of measurement
Appliance control
Visualizations used
Level of configurability
Recipient of feedback
Provision of advice



Those that met these criteria are identified irdekt in Table 4.2. These were further
grouped into six primary taxonomy characteristmsduct hardware (sensor units, external
transmitters, and physical displays), communicati@ommunication protocol), control
(appliance control), display (medium of presentatiaollection (collection point), and
protocol (communication protocol). These charasties, their definitions and levels are
listed in Table 4.3 and further information is pided below.

Table 4.3. Taxonomy characteristics

Characteristic Name Characteristic Definition Characteristic Levels

eI.;IO (platform)

Hardware Does it have physical hardwar Yes (product)

o Does it have communications i
Communications No (monitor)

abilities? Yes (network)
Can it be used to control No (information)
Control ) :
electronic devices remotely?  Yes (management)
. , None (existing channels)
Display What type of display is feedbackg o yied (within device)
presented on? .
Autonomous (standalone display)
Grid
Collection Where does the data come fronfensor
Appliance
Protocol Does the system use proprietaryYes

communications protocols only?No

Hardware. Hardware describes the physicality of the feedltacknology, asking
whether or not the technology requires the purcbs@y new sensors, transmitters, and/or
displays. Any system that provides feedback viatexg channels (i.e. does not require the
user to purchase new hardware devices) and colatasvia existing sources (e.g. utility
meters, data loggers) does not have hardware. ystgra that requires the purchase of a
device or devices, such as a display or a senashardware.

Communications. Communications refers to whether or not the platsitomponent
or components of feedback systems are able to cancate with each other and/or pre-

existing electronic devices. These communicati@mshe either wired or wireless. Feedback
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systems that consist of various hardware comporkatommunicate with one another, or
consist of a single hardware component that comoates with other electronic devices in
the household or building have communications ciifiab. Individual feedback products
that collect and provide data within the same d=dic not have communications capabilities.
This characteristic does not apply for feedbackesys that have no physical components
(i.e. have no hardware).

Control. Control refers to whether or not the feedbackesysenables remote control
of electronic devices within the home and/or buitdiThis includes automation, e.g. setting
devices to turn on or off or change setting atecsjed time, as well as the ability to
manually turn devices on and off from a remote tioca

Display. Display refers to the physical medium on which fibedback data is
presented to the user. When feedback is displaigeexisting channels, such as a utility bill,
website, computer software, or phone, it has nplaljs When feedback is presented on an
independent display, whether it is wall-mounteghortable, it has an autonomous display.
When the display is built into the device that eots feedback data (i.e. the sensor), it is
classified as an embedded display.

Collection. Data collection describes where the feedbackimétion comes from.
Data collected by a meter or provided by the wtibtclassified as grid. Data collected by the
feedback product is classified as sensor. Datecthraes from an existing home appliance or
device, such as refrigerator or home thermostatassified as appliance.

Protocol. Protocol refers to whether or not the feedbadtesy uses only non-
standard communication protocols such that it azdg communicate with itself. Feedback
systems that are capable of using public commubpitasstandards can communicate with
other devices, such as smart meters or smart appkahat use the same communication

protocol. Feedback systems that use only propyie@mmunications cannot.
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Feedback

Start Technology
M YeS
Is new hardware
required? Platform Product
No ___—— o Yes
Can the
technology N/A Monitor Network
communicate?
) No Yes Nc/\es
Can devices
be remotely Information Management No Information Management
controlled? Platform Platform Network Network
Autonomou/None
What type of ]
display does the Embedded In Home Distributed | Various
system have? Display Display
Appliance/\Sensor GriM\sensor Sensor

Where does the . Various
data come from? Applla_mce Load Monitor Grid Display Sgnsor e

Monitor Display Sensor

Yes / \ No

Are only proprietary Closed Open
communications Management || Management
used? Network Network

Figure 4.1Taxonomy of energy feedback technology
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Feedback Taxonomy

The six typing characteristics identified in Talll8 were analyzed across the 196
included technologies in order to identify meaniigfategories. A simple factorial typology
of the six variables reveals a possible 144 contininga. Besides being an unwieldy number
of categories to be useful, many of these comhinatare not physically possible (e.g.
feedback technologies that do not have hardwardgebwition, would not have sensors to
collect data). Therefore a taxonomy structure waas/dd to create mutually exclusive and
exhaustive categories while retaining parsimonhéfinal construction. Figure 4.1 presents
the final taxonomy structure of feedback technoJagyich was constructed from analysis of
these characteristics with respect to both exigeenology as well as past literature on the
most meaningful characteristics of feedback.

This taxonomy is comprised of nine categories digithto two primary groups:
platformsandproducts A platform does not require the purchase of agy hardware;
instead it integrates with existing hardware ttesra already have (e.g. smart appliances,
smart meter) and provides energy-use data to coerswia enhanced energy bills or reports,
mobile apps, web browsers, or computerized softwegedback platforms are broken down
further intoinformation platformsaindmanagement platform3he key difference between a
management and an information platform is that aagament platform enables two-way
communication such that they can be used to regnoteltrol appliances; communication in
an information platform flows one-way, so applia&icannot be remotely controlled.

Examples of information platforms include enhaneedrgy bills and customer web
portals, provided by companies such as OPOWER #iaieicy 2.0. These platforms rely
on smart meter data from a partner utility, whislpiocessed and presented to consumers via
a paper-based report and/or online web portal. thaldil services such as comparisons to

peers, energy advice, estimates of appliance cooisom and rewards programs, can further

83



distinguish between the different information piaths available to users but are not stable
and inherent to the technology in itself and sorexteused for categorization.

Management platforms allow the user to automateafthelectronic devices
connected to the platform (e.qg., lights, thermastappliances). Examples of management
platforms include Silver Spring Network’s Smart EmePlatform and the FutureDash
Greendash Hub. These technologies rely on smadresnahd smart devices already in the
home for information and control. The informati@rprovided to consumers via a web-based
portal, and users are able to remotely control raiart devices via the web interface. These

devices may also be controlled via a utility-detec demand response program.

Smart :

device

Smart Smart | . Web User
device meter | - portal

;

Smart
device

Figure 4.2.Network architecture of a management platform

Figure 4.2 illustrates the type of network architee involved. Different companies
use different protocols to transmit informationrfréhe smart meter and smart devices to the
consumer portal. The Silver Spring system provid&gmation to consumers via the utility,
whilst FutureDash is aims to work with consumercttenics manufacturers to skip this link
and enable data transfer over the Internet.

Feedback products, unlike platforms, do requireuther to purchase some sort of
hardware, and are also subdivided into two categdrased on communication capabilities.

A product consisting of a single component thatsdoa communicate data with any other
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device is anonitor.Feedback monitors contain sensors (to collect gnesg data) and
display (to provile data back to users) in a single piece of harlweaproduct with multiple
hardware components that communicate with eaclr,or a single component th
communicates with thirgarty devices, is classified anetwork.These networks tend to |
confined to a physical space within a single buildiagg may therefore be thought of
local area networks, or, in the residential seftagjnome area networlDonahue, 200"

Feedback monitors are further broken iappliance monitorandload monitos,
both of which contain inbuilt sensors and embedtieplays. Because they are not capabl
communications, they do not enable remote confrappliance; however, some produc
are fitted with timers that can be -programmed to allow some amouiffitaoitomatior

An appliance monitor collects data from and displdgta about an individu
appliance (i.e. the appliance has inbuilt energngses and an embedded display showing
information). Fridges, freezers, washing machimestamble dyers hat have an embedd

display to present their energy use to consumeralaclassified as appliance monit

‘”“\"{\23 :,'

sELeer .
‘ woor .

(a) (b) (c)
Figure 4.3. Examples of energy load monit
A load monitor is a separate piece of hardwaredbates as a proxy between
energy source and energgnsuming device. Most load monitors collect datde plug
level (although some collect at the meter levéiting between the wallocket and applianc
plug. Some load monitors offer the option of viegvthe data on comter software

(facilitated via USB/SDxonnection). These featurand others such as viewing options |



instantaneous power consumption, total energyarsrgy use over a pre-defined period),
memory availability, and cost, distinguish differ@noducts in this feedback category.
Examples of load monitors include Belkin's Consdna&ght Monitor, the Kill-a-Watt, and
Watts Up, as illustrated in Figure 4.3 (a), (b)J &0) respectively.

Similar to platforms, feedback networks are categorbased on whether they enable
the user to remotely control appliancesmnagement networlenable remote control of
appliances whereasformation networkslo not. Information networks are divided into in-
home displaysgrid displaysandsensor displaysandnetworked sensor$lanagement

platforms are divided intopen management networksdclosed management netwarks

Data

Smart utilit transmitted _
meter Y Display

(a) Grid Display

Sensor
— collects Data
Utility meter/ data transmitted _
elecricity Sensor Display
consuming devicq
R

(b) Sensor Display

Figure 4.4.Basic system architecture of in-home displays

In-home displays that have a physical display mtiong energy usage information to
users in real (or near real) time and collect d&ta either a sensosé¢nsor displaysor the
user’s electricity meter/utilitygtid display3. The basic architecture of grid displays and
sensor displays are shown in Figure 4.4 (a) ande@pectively. Some in-home displays offer
the option of additionally viewing the data onliokevia accompanying software.

All grid displays provide whole-home level energage information and some
receive and display peak demand pricing and otlessages from the utility. AzTech’s In-

Home Displays, Ambient’s Energy Joule, and GEO’seDufor Smart Meters are all types
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of grid displays. The main difference between ttgisplays is how the information is
presented to users (including the units used, thaadoility of historical data, features of the
display in terms of size and color, and so on)ahdt additional features the display
provides, such as pricing information from theitytil

The most common type sensor display consists lefat one pair of CT clamps, a
transmitter, and a portable display. While mossseulisplays transmit data from sensor
units to displays using wireless or power-line caiminations, some rely on wired
communications, using, for example, CAT-5 LAN caipistallations. Examples of sensor
displays include Current Cost’s ENVI, Ewgeco’s Hieity Monitor, and the TED 1001. Of
all the types of feedback identified in this resbasensor displays formed the largest

category, containing 61 separate products.

Figure 4.5.The TED 5000G

Networked sensore feedback products that have a sensor or seitstmo
physical display. Physical sensors collect enegpga data and communicate it to external
servers, where it is processed for viewing on a larelwser, app, or computer software. The
TED 5000 G series, depicted in Figure 4.5, falte this category. It includes (left to right)
one set of current clamps and measuring transmittitit for breaker panel installation, and

one gateway to transmit data externally.
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The two forms of management platforralgsed management netwoeksdopen
management networksnable users to remotely control connected devizaes is collected
from a variety of sources, including smart metsenisors, and smart-appliances, and
presented to users on a combination of physicalals and existing channels (i.e. web
portals, computer software, or mobile app). Théniled feature that distinguishes between
closed management networks and open managemerdrkstis the type of communication
protocol utilized by the system. Closed managemetworks communicate using only
proprietary protocol, and form closed communicatietworks to which only proprietary
devices can join. Open management networks maprogeietary communication protocols
on some layers, but they are also capable of ysibtic communication protocols to form
open networks to which any device communicatindp e same protocol (e.g. smart
meters, smart appliances, etc.) can join. This mleans that utilities can send demand

response signals to devices and appliances orethark via the smart meter.

. Communication :

network
Ui Information: :
tility g 5
meter f————— Sensor |)) / P .
e CoNtrol ] — : : ]
: ; | web |
Information; 1| poral
X | : ! ——
Appliance < Sensor ))) <§—> :
e Control L — Physical
: : display
Information: : | —
' b ——
Appliance 1 Sensor )
«——— :
ey CONUOL

Figure 4.6.Basic system architecture of closed managementonksw
The majority of closed management networks, suchleisMe Smart Energy,
Plugwise, and thinkeco Modlet, use plug-in sentmraeasure and control the energy usage

of plug-in devices, as shown in Figure 4.6.
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The majority of open management networks (see Eiguf), such as EnergyHub and
Greenwave Reality, have a physical display andasnand some offer control to both users

and third parties, thus enabling utilities to manégge connected loads such as pool pumps.

Utility
""""""""" Communication network |
Information‘
. - Smart ;
Appliance | Sensor |)) meter ) e
! L' Control — —
g Web
Information S : 1| poral
Appliance < Sensor ))) appliance ))) d§—> »<—> User
| — Control Lo — | Physical |
display
Information .  —
. > Smart B
Appliance » Sensor [)) thermostat )
T ContrOI T T

Figure 4.7 Basic system architecture of open management niegwor

Table 4.4 summarizes the characteristics of eatheo® types of feedback with
respect to hardware, ability to communicate dgiéipas to control appliances remotely,

display options, data collection, and communicatiprotocol used by the system.

89



Table 4.4. Characteristics of each feedback type

Feedback Type Hardware Communications Control Display Collection Protocol
Information No NA No B B B
Platform
Management No NA Yes . _ _
Platform
Appliance Monitor Yes No No Embedded Appliance -
Load Monitor Yes No No Embedded Sensor -
Grid Display Yes Yes No Autonomous Grid -
Sensor Display Yes Yes No Autonomous Sensor -
Networked Sensor Yes Yes No None Sensor -
Closed
Management Yes Yes Yes Various Various No
Network
Open Management Yes Yes Yes Various Various Yes
Network
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Discussion

Although feedback has been widely studied andnmiah-anticipated part of our
national and global transition to the Smart Giidrée have been few attempts to clearly
distinguish among the hundreds of feedback teclynedoand their unique characteristics.
This study is a vital first step toward an energgdback “market”, in which consumers can
feel confident to select and purchase productpdatébrms that help them understand their
energy usage in the home.

This work provides a novel contribution to the eyefeedback literature by linking
together the theoretical underpinnings of feedliacknologies with actual commercial or
pre-commercial ventures. However, it must be nttetlthe energy-feedback market is a
fast-paced sector with many companies enteringeaudng the market each year. This
taxonomy was derived empirically from data colledte 2010-2011; since then a number of
players have left this space (e.g. Google) andrsthave entered (e.g. Chai Energy, Bidgely).
This is not a problem in itself, as the main gdahas work was development of a taxonomy
of energy-feedback technologies and not to congdarrent and complete list of them.

However, these changes could result in the creatiahisappearance of whole
categories of feedback technologies. Energy-feddtestinology does not present a unique
situation in this respect, and this issue can beaged by reviewing key characteristics and
resulting categorizations as technologies devel@p time, as has been done for other
technologies. For example, as camera technologadhenced in recent years, additional
categories, such as “Megazoom” and “Interchangelagtes Camera (ILC)”, have been
added to existing categorizations to account ferdifferences in key camera characteristics
described by the new technologies. This meanghleataxonomy must be viewed as
dynamic rather than static, requiring regular rexsg@nd revisions to ensure that the

categories describing commercial and pre-commefe@back technologies remain fully
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representative of the marketplace. Although thésents a potential time-sensitivity to the
usefulness of the current categorizations, withioem it would be much harder for
consumers and reviewers to compare different madelsdetermine which is most
appropriate for a given situation. Furthermore,ittemtification of key characteristics in the
development of the taxonomy structure providedig work can help guide the creation of
additional categories as needed.

As such, this work aims to develop a categorizatioassist practitioners and
researchers organize future work on energy feedbiadkes not provide a value-based
comparison between technologies; rather, it intcedwa categorization that can serve as the
basis for publicly available product information f@@dback devices and systems, much like
that which is available for other consumer eledtreite.g. televisions, cameras, etc.). These
categories can also serve as the basis for subsagaek comparing and rating/ranking
feedback products and platforms. The categorizatiesented herein is seen as a vital first
step for that work to take place.

This chapter extends previous literature, in thatttxonomy presented is derived
both theoretically and empirically and all categerare designed to be mutually exhaustive
and mutually exclusive, given current technologoagpabilities. It is hoped that this chapter
will assist both researchers and practitioners@fields of energy efficiency and
conservation and that it may serve as the basisublicly available product information on

feedback technology as this market grows in fuyee's.
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CHAPTER 5: Naturalistic Users of Energy Feedback

As discussed in Chapter 3, the effectiveness afggrase feedback has been found to
vary based on both on the way that it is providedvall as to whom it is provided. However,
virtually all studies have employed experimentaliges in which participants are recruited
to use feedback. These participants may not represg¢uralistic users of feedback (i.e.,
those who independently seek out and use feedbatleir daily lives). As a result, little is
known about the characteristics and experiencestoiralistic users of energy feedback.

There is a great demand for this information. 8ityaand Wheelock (2009) suggest
that utilities “will want to look for insights abowhat types of platforms and interfaces click
with different segments of their customer base’3jpPierce et al. (2010) note several
potential issues with residential energy feedbacy. ( disappointment with actual versus
anticipated behavior change, difficulty fine-tuniognsumption, staying engaged) and
emphasize the need for further research on thétgoafeedback user experience as well as
how feedback affects users’ specific knowledgétualkes, and behaviors.

The current chapter investigates naturalistic usefeedback—i.e., those individuals
who have voluntarily obtained and used energy faeklbutside of an experimentally
controlled research setting. In doing so, we seaaswer two questions: (1) who uses
energy feedback? and (2) what is their user expee2 Using online survey data collected
from 836 individuals, it statistically examines degnaphic and psychological differences
between feedback users and non-users and expwexfieriences of feedback users through
qualitative analysis of open-ended survey questp@ntining to acquisition, usability, and
outcomes of feedback use. By focusing on a sanipiataralistic feedback users, compared
to non-users, and collecting both quantitative qumalitative data about the user and their
experiences, this study is able to address prelyimeglected questions about how best to

design and market feedback technologies to thagubl
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Literature Review

As discussed in previous chapters, more than t@bes of feedback have been
conducted during the past 40 years with widely vayyesults in terms of energy savings
(see Chapter 3). In addition to measuring redustiarelectricity consumption, a small
percentage of these studies have also collectédepalrt data on the experiences of users.
Qualitative responses from these studies highpalnticipants’ motivations to receive
feedback, the quality of their experiences withdtesck, and the impacts and effectiveness of
feedback. A review of this literature follows.
Feedback Users

While most previous studies of energy feedback lzateely recruited subjects for
participation, a few of these investigated partcifs’ voluntary acquisition and use of
feedback devices, or compared feedback users witfusers. Hargreaves, Nye, and Burgess
(2010) found that men used technological feedbagkitor displays more often than women,
who were more likely to report not understandinguotr being interested in such devices.
Additional predictors of feedback use have inclugeslitive attitudes toward energy
conservation (Kurz et al., 2005), and previous gyxeonservation behavior (Battalio et al.,
1979). Other studies comparing voluntary participam feedback studies with a blind
control group found no significant differences onservation commitment, energy
awareness, or conservation behavior (Robinson,;20M7ett et al., 1979). While it is not
clear whether these participants would have electede feedback if they were not invited
to participate in the study, these findings sugtfesttthere may indeed be differences
between naturalistic users of feedback and norsubat further research is still needed to

explore these differences.

94



Motivation

Liikkanen (2009) recruited a sample of 20 utilitystomers who had borrowed an
electric power meter from their utility and condeatisemi-structured interviews to determine
motivation as well as user experience and satisfacthey found that respondents were
motivated primarily by gathering information, tectwogical curiosity, and/or a general sense
of curiosity about energy use. Three types of nabkdns were identified among these users:
(1) determining the “truth” about their home eneugg by doing an extensive walk-through
of all appliances in the home; (2) attributing b&ato a cluster or group of energy-intensive
appliances; and (3) acquiring information on a glagnew or suspicious appliance.
Additional studies that inquired about subject mations (Hargreaves et al., 2010; Parker et
al., 2008) found that the most common reported vatitin for feedback use was financial
savings, followed by environmental concerns.
Usability

User satisfaction has been generally high acressiety of feedback technologies,
including utility billing (Arvola et al., 1994); lmome displays (Hargreaves et al., 2010;
Mountain 2007), appliance monitors (Mansouri & Newdugh, 1999), and plug-load
monitors (Liikkanen, 2008) Subjects reported overall that using energy-faekillevices
significantly improved their ability to manage atwttail their energy use. However,
problems with usability were also reported, mop#ytaining to the display of information.
Feedback delivered via mail or email was foundaabclear and not useful (Robinson,
2007), in-home display users reported difficultgding and interpreting numerical
information and graphs provided (Allen & Janda, @08argreaves et al., 2010), and users of
plug-load monitors reported accessibility issuethwertain appliances (e.g., refrigerators)

whose size would block any information displayedhsy device (Liikkanen, 2009).

% See Chapter 4 for a description of feedback caiesjo
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Outcomes

Participants across studies reported gains in kmtkvledge and conservation
behavior. Knowledge gains include a general irsgdawareness of energy-use patterns
(Allen & Janda, 2006; Haakana et al., 1997; Hu#bal., 1986; van Houwelingen, & Van
Raaij, 1989) as well as specific knowledge atbmwto reduce energy use (Kasulis et al.,
1981, Parker et al., 2008; Vollink & Meertens, 2p0@any participants reported learning
that their energy use was either more (Mountaif/720r less (IBM, 2007, Hargreaves et al.,
2010) than expected. Feedback users also repgréedis changes in their behavior,
including replacing light bulbs (Mountain 2007; Radon, 2007), lowering thermostat and
hot-water settings (Haakana et al., 1997; Moun2®@,7; Winett et al., 1979), closing the
refrigerator more quickly (Kurz et al., 2005), idiéying and disposing of “greedy
appliances” (Hargreaves et al., 2010), shiftingtoseff-peak hours (Nexus, 2006), and
turning off lights when not in use (Haakana etl0,7; Mountain, 2007).
Continued Use

The long-term usefulness of feedback is uncerMany participants expressed a
strong desire to continue using feedback aftesthdy (Arvola et al., 1994; Kurz et al.,
2005; Wilhite & Ling, 1995) and reported a decrei@senergy awareness and conservation
behavior when the feedback device was removedrf&ldanda, 2006; Dobson & Griffin,
1992). On the other hand, some reported declinasage after satisfying initial curiosity
(Hargreaves et al., 2010) or settling into a regutage pattern (Allen & Janda, 2006).
Furthermore, some feedback users reported a pnekefer renting (rather than buying)
feedback products (Hutton et al., 1986; van Houvgalh & Van Raaij, 1989).
Limitations of Past Research

Overall, the qualitative data support the noticat tinere is potential utility in the

provision of energy feedback to promote consermatiait that further research is still needed
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to answer many of the important questions abouvfosm feedback best serves and how
users experience and benefit from its use. Linatetiidentified in the studies conducted to
date include the following:
1. Since most feedback devices are sold commercigitigspread use requires market
adoption; analysis of actual market actors (ehgsé not recruited to participate in a
study) is vital to understanding diffusion of thkeghnology (Rogers, 2003).
2. Some types of information (e.g. how and where usegsiire feedback products) are
impossible to collect in experimental studies, Ieg\gaps in our knowledge.
3. Although there are over 200 different feedback devicommercially available (see
Chapter 4), less than a dozen products have bstttie published studies and few
have compared different types of feedback.
The current study, which reports results of anr@ngurvey of naturalistic adopters of
feedback technology, addresses these issues.
M ethods

Procedures

Data were gathered through an online survey in 204 @urposive sample of
potential energy feedback users was recruited enim email, Facebook, and
professional/environmental listservs. Approximatedyf of survey respondents (53%) found
out about the survey from a personal contact aadeamaining found out via a listserv or
newsletter. Survey design was based on Dillmanikiea Design Method (2007); progress
indicators, multiple screens, and a simple layoettenused to maximize survey completion.
The survey took approximately 15 minutes to congpéetd respondents were entered into a
raffle for a $50 gift certificate to Amazon.com.ll Aespondents were asked to forward the
survey via email to their own contacts after cortipteand a reminder email was sent 30

days after the initial contact email.
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Participants
838 individuals completed the survey. A subsetun¥sy respondents was identified

asfeedback useraccording to the following criteria:

1. The individual responded that s/he was currentiggia feedback product.
2. At least one open-ended question concerning feé&dias answered.
3. The reported product was used in the hbme

Among the initial 836 survey respondents, 101 iatd that they had used a
feedback product. Of those, seven were excludeausecthey did not list a product or later
reported not using a device, four were excludedbse they reported vehicle-related
feedback and four were excluded because their nsggovere not recognizable as
feedback devices (e.g. one respondent reportedftmmtoilet”) and subsequent
responses did not relate to energy feedback. €fi86 respondents who met our inclusion
criteria for feedback users. The remainder of #rape (including those excluded above)
constitutes the comparison gromon-users.

Measures

Data analyzed in this study were collected asqfaatresidential energy survey,
which was designed to address three major topi¢sr(ergy-conservation behavior and its
predictors, (2) perceptions of energy use and fagldland (3) use of residential energy-
feedback devices. The current chapter presentisdsam analyses of the last part of the
survey (i.e., use of residential energy-feedbackods) as well as demographic and
psychological data. The variables examined inghigly are described below.

Feedback user responses. Respondents were asked whether they had used a
feedback device. If they said yes, they were askeeries of open-ended questions about the

product and their experiences with it. These qaastivere designed to inquire about the

*1f an unrecognizable or unspecified product wasreg, subsequent responses related to home
energy use and/or feedback.
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product(s) used and address three general topiogeoést: adoption (how, where, and why
they obtained feedback), usability (likes and #esdiabout the use of feedback), and
outcomes (changes in knowledge and/or behaviotaluse of feedback). If the respondent
had used more than one feedback product, s/heskad o answer these questions
separately for each product.

Demographic variables. Demographic variables were included in the sytee
characterize the general sample and to comparédekdisers with non-users. Demographic
items included gender, age, race, marital stanigjqgal affiliation, education, income, and
homeownership (own vs. rent).

Psychological variables. A series of questions were included to test &ycpological
differences between feedback users and non-ugrrsestions were grouped within three
general categories: environmental, financial, avadad. Environmental concern was
measured using an abbreviated (three-item) verditiee New Ecological Paradigm (NEP)
Scale (Dunlap, Van Liere, Mertig, & Jones, 2000eZny, Chua, & Aldrich, 2000).

Financial considerations were measured with a siggestion about bill consciousness.
Social norms were tested with two items (Cialdiallgren, & Reno, 1991); the first item
measures descriptive norms (perceptions of howsthehave) and the second measures
injunctive norms (perception of what others appjofally, three two-item scales (adapted
from on Nolan, Schultz, Cialdini, Goldstein, & Geevicius, 2008) were included to measure
environmental, financial, and social motivationsige and/or conserve energy. For all
measures, questions were reverse-coded when needesure that all responses scored in

the same direction. Psychological survey itemgagsented in Table 5.1.
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Table 5.1. Psychological Survey Items

Environmental

Environmental Concefn

e Energy conservation is one of the top issues faginrgvorld.

e Environmental problems are not affecting my lifeqomally.

¢ | think that each individual has a responsibildydb their part for the environment.

Environmental Motivatioh
e How likely is environmental impact to encourage youecrease home energy use?
e How much does environmental impact affect your hemergy use?

Financial

Bill Consciousness
¢ | pay close attention to my monthly energy bill.

Financial Motivatiofi
e How likely is saving money to encourage you to dase home energy use?
e How much does cost of energy bill affect your hanergy use?

Social

Social Norm8
e People in my community expect me to do my partotoserve energy.
e Most people are not willing to make changes oriBees to protect the environment.

Social Motivatiofi
e How likely is your neighbors’ use to encourage youaecrease home energy use?
e How much does your neighbors’ energy use affect flome energy use?

4Scale ranged from 1 = Strongly Disagree to 5 =r§fisoAgree.
®Scale ranged from 1 = Not at All to 4 = A Great Dea
°Binary variable normalized to a maximum of 1.

Data Analysis

The data were analyzed using a mixed-methods agpamsisting of two methods.
First, respondents who were identified as feedheseks § = 86) were compared to non-
users ( = 749 quantitatively. Independent t-tests comparedidaeld users and non-users on
all demographic and psychological variables indidatbove; binary logistic regression
analysis was used to determine unique variandbutd to each variable that varied
significantly between the two groups. Next, opedezhresponses of the feedback users were
analyzed qualitatively using open coding followedaxial coding, and themes were

constructed from analysis of the codes (Corbin &&ts, 2007; Creswell, 2009).
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Results

Feedback User Characteristics

Independent sample t-tests revealed several eiféers between feedback users and
non-users. Table 5.2 presents descriptive staifdr demographic variables. Feedback
users were significantly more likely than non-ugerbe male (t=4.14, p <.001), married
(t=2.52, p=.013), and homeowners (t=5.73, p<.0B&gdback users were also significantly
older ¢ =3.34,p = .001), more liberal (t=2.36, p=.019), higheranee(t=2.64, p<.01), and
more educated (t=1.96, p=.05) than non-users. Thedemographic variable that was not

associated with use of a feedback device was tate3@, p=.170).

Table 5.2. Demographic Characteristics of Feedhissks Compared to Non-users

Feedback users Non-users
Gendet” 46% female 70% female
54% male 30% male
Age” 45.5 years 39.9 years
80% Caucasian 82% Caucasian
1% Hispanic 7% Hispanic
Race 8% Asian 6% Asian
1% African-American 2% African-American
10% Other/Decline 3% Other/Decline
Marital status 65% married 51% married
35% not married 49% not married
Political affiliationf” 3.96 3.67
Education 18.0 years 17.4 years
Income $106,000 $88,000
Homeownership 83% own 57% own
17% rent 43% rent

'p<.05."p<.01."" p<.001.
Scale ranged from 1 = Extremely Conservative toBtremely Liberal.
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Table 5.3 presents descriptive statistics for pslagical variables. Feedback users
rated significantly higher than non-users on batirenmental concerrt € 3.74,p < .001)
and bill consciousness£ 2.09,p = .020). Non-users were more motivated by findncia
considerations than feedback useérs 8.40p = .001), whereas, feedback users were more
motivated by environmental considerations 3.36p = .001). No significant differences

were found for either social normis<1.36p = 176) or social motivatiort € 1.05p = .295).

Table 5.3. Psychological Variables Comparing Feekitisers to Non-users
Feedback users Non-users

Psychological Variables M SD M SD

Environmental

Environmental concetn 4.40 051 418 0.67

Environmental motivatidn 3.18 1.03 2.80 0.98
Financial

Bill consciousneS§s 0.70 046 059 0.49

Financial motivatidh 2.67 1.01 3.07 1.03
Social

Social nornfs 3.04 080 292 0.77

Social motivation 1.95 1.05 1.83 1.01

'p<.05."p<.01." p<.001.

#Scale ranged from 1 = Strongly Disagree to 5 =rf§fiyoAgree.
® Scale ranged from 0 = Not at All to 4 = A Greagbe
°Binary variable normalized to a maximum of 1.

A binary logistic regression of variables that &ergnificant at the bivariate level
was run to determine unique variance attributeebicth predictor (see Table 5.4). The final
regression model found being male, a homeownerhawithg higher environmental
motivation and lower financial motivation to congzenergy to be the strongest independent

predictors of being a feedback user.
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Table 5.4. Binary Logistic Regression (Standardi2eths) on Feedback Users

Variable Stepl Step2 Step3 Step4d
Demographic
Gender 0.36 0.347 0327 0337
Age 1.02 0.20 1.00 1.00
Marital status 1.39 111 1.07 1.08
Political affiliation 156 165 136 1.33
Education 0.98 0.98 1.00 0.99
Household income 1.00 1.00 1.00 1.00
Housing type 1.73 1.62 1.75
Homeownership 351 350" 3.39
Psychological
Environmental concern 1.33 1.38
Environmental motivation 154 155
Bill consciousness 1.47
Financial motivation 0.76
Nagelkerke R 011 016 019 0.21

"p<.05.7p<.01.” p<.001.
Types of Feedback Used

Because the sample consisted of self-selected dekdlsers, a variety of products
were reported. The 86 respondents reported usiotgleof 99 feedback products (12
respondents reported using more than one typeedbteeck device). These products are
categorized by the feedback types introduced irp@hnat, as follows.

L oad Monitors. The most frequently reported type of feedbacRk (&&re load
monitors, defined as a single piece of hardwaredbianects an energy source and energy
consuming device and displays information diretdlyhe user via a visual display. Among
these, 42 reported usind<dl-A-Watt and four reported using/atts Up;both are devices that

plugs into the wall and provide usage informationahatever is plugged into it. An
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additional five did not specify the product name taported using a plug-in energy monitor
more generally. Three respondents indicated tlegtgelf-monitortheir own energy use by
checking their energy meters and one reported wsB8uuare D PowerLogja& circuit
monitor that measures current, voltage, power,eaigy.

In-Home Displays. Fifteen people reported using in-home displayfndd as
devices that display energy use information codlédtom the electric meter or a separate
sensor. Nine reported usifitne Energy Detective (TEPtwo reported usinglueLine
PowerCost Monitorand one each reported usinglame Energy Cost Monit@nd a
Wattsoni. All three products are home energy monitors fesent information about whole
home energy use in real-time. One person repoeseiving feedback from a computer
display of his wind turbine and another reporteidgigsnampere metemwhich reads the flow
of electricity running through a series of wires.

Information Platforms. Twelve people reported receiving feedback via an
information platform, defined as feedback providedisers with data from existing
infrastructure (e.g., electric meters, self-repoid)existing infrastructure (e.g., utility bill,
website, mobile app). Nine reported receiving fettvia theiwtility bill (3) orutility
website(6). One reported receiving feedback Gaogle Power Metemwhich was a free
energy monitoring tool developed by Google thaivaéd users to view whole home energy
use, provided by a utility or with a partner deyiftem anywhere onlirffe Two people
reported receiving estimated feedback (Darby, 2&F8RI1, 2009): the first was amline
carbon footprint calculatgrwhich are websites that calculate the amourdrmd larea
required to sustain an individual’s consumptiondolagn user-input data, and the second was
Wattbott which is a website that provides free, persoedlignergy recommendations and

connections to products, services, and financing.

> Only available in the UK
® This service was discontinued on September 16,.2011
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Management Networks. Two people reported using energy-management miesywo
defined as systems that collect data (from a smatér, appliance, or sensor) and both
communicate data to the consumer and allow usersnotely control connected devices.
One reported usinBlugwise a kit that includes a plug-in device that can itwrand control
appliances via a wireless network, and the oth@orted usingsreen Switcha wireless
home energy control system that enables the usari®ff all the electronics in the home
using a single switch.

Heating, Ventilation, and Air Conditioning (HVAC). An additional category for
HVAC was added for this analysis. Despite the that these products do not meet the
technical definition oenergyfeedback devices, respondents reported them dsdele
products and referred to feedback provided on dibere parameters (e.g., temperature,
thermal leaks) in their responses. Since the ptesedy is interested in the subjective
experience of using energy feedback, they weraidszl in the sample. Reported HVAC
products includedutomated thermosta(s), digital thermostats that automate home
temperaturethermal sensor§4), devices used to identify thermal leaks indings,Hobo
Data Loggerq3), products that can be tailored to fit dategiog needs for commercial
sectors, antlome thermometers (fyeasure and provide a display of room temperature.

Other Products. Specific type of feedback used was unidentifidbidwo
respondents. These two could not be identified leeane reported being “not sure” of the
device was and the other indicated using a “prosty
Adoption

Questions about acquisition of and motivation te feedback revealed several key
findings. Users learned about and obtained prodhotsigh various means, including

social, professional, retail, and environmentalrses. Reported motivations primarily
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focused on general interest in energy usage, ldtiedousehold level (aggregated for the
residence as a whole) and the individual appliddisaggregated) level.

Exposure and Acquisition. The influence of social diffusion processes (Rege
1995) was seen in both exposure to and acquisifiemedback technologies. A quarter of
respondentseported that they found out about feedback thraggial means, including
friends and family (17%) and environmental groug%). An additional 15% learned
about feedback devices in a work/professional can#®hen respondents were asked how

they acquired the product, several again mentisoedl (12) and/or work (2) sources.

Figure 5.1. Means of exposure to feedback products reportpéilicentages.

Utility companies represented another important@® for feedback adoption across
both exposure and acquisition. Twenty-one peopleated exposure and/or acquisition

through utilities. In addition to those who repadrigility-related feedback, users also found
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out about and acquired HVAC and load monitors frditities. Of the six HVAC products in
this category, five were automated thermostatgedfas part of utility programs.

Additional exposure sources to feedback includdae, retail stores, magazine and
newspaper articles, and displays at energy faiestsv(see Figure 5.1). Environmental or
“green” sources were reported across exposurearasgwith a total of 19 responses
indicating some environmental source for learnipgut feedback. These included
environmental groups (5), renewable energy events, (conference, fair) (3), energy audit
(3), and “green” stores (2).

Additional acquisition sources were online retailee.g. Amazon.com), brick-and-
mortar retailers (primarily hardware and electrsrstores), and manufacturers (see Figure
5.2). Of products purchased directly from manufearsy six were load monitors (Kill A
Watt, Watts Up, Plugwise) and three were in-honspldiys (TED, Blue Line). At the time of
the survey, Plugwise and TED devices were availablg through the manufacturers, but

Blue Line, Watts Up, and Kill A Watt were all availle at multiple retail locations.

Figure 5.2.Modes of acquiring a feedback product reporteceirc@ntages.
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Finally, a recurring theme of borrowing rather amgndevices emerged across
acquisition categories; a total of 13 respondesp®rted borrowing instead of purchasing
feedback. Two thirds of products obtained via dati@ans were borrowed. Respondents also
reported borrowing products from utility compan{@} the library (1), and the workplace
(2). The most commonly borrowed products were ieesp/e load monitors (e.g. Kill A
Watt, which currently costs about $20).

Motivation. The most frequently cited reasons for using feellwere a general
curiosity or desire for knowledge about househaolergy use. Analysis revealed a distinction
betweertrackingongoing energy use atehrning about the energy load of specific
appliances. Those motivated togickingreported an interest in ongoing information about
home energy useinterested in tracking instantaneous home energyowerall”, “to track
energy use and compare over time more easilfié second category related to an interest in
learningdiscrete pieces of information about energy usaujhout the homettfouble shoot
inefficient devices “measure power draw on suspect appliaiicesee what energy use was
on a plug load. Specific energy sources in the home mentionetlidex home heating and
cooling, computers, pumps, a deep freezer, andii@nt@inment center.

Other reported motivations included curiosity (Mrk-related reasons (9), saving
energy (5), saving money (4), and because the ptadas free or on sale (6). Two
respondents mentioned interest in a product becbwses ‘the first device of its kiricbr
“the gold standard for the class of produttaterestingly, none of the respondents explicitly
noted environmental motivations.

Usability

Respondents reported overall positive experieacesss feedback types, as well as

several specific design and display issues. Pesitgponses focused on ease of use and

effectiveness in communicating energy informatidagative responses mentioned both
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hardware (e.g. installation, accessibility) andwafe (voltage, information displayed)
issues. Also, users of both whole-home (aggregate appliance-specific (disaggregated)
feedback reported feeling as though they receinetihn@omplete picture” of energy use.

General Satisfaction. A large number of respondents reported positigegences
with feedback. Sixty-five respondents mentionechfdiappy or satisfied with their feedback
product; when asked what thdiglikedabout the product, 15 said “nothing.” Specifically
users emphasized ease of use (34) and the quiiitioomation presented about energy use
(29): “Educational to my husband and other people thatnateas interested in conserving
energy as | aih(TED), “ease of use and quick comparison informati@hug-in energy
monitor). A few responses simply noted having @ising feedback:it was fun to see
graphical infd (Hobo Data Loggers),very cool to see the number change when using
appliances (TED). Users of automated thermostats specifjcadported ease of use in terms
of the lack of effort needed to see results; loaahitor users consistently mentioned
receiving “instant” feedback from the devices. Adxial features praised across products
included multi-functionality, comparative feedbaekgd interactivity.

Design Issues. Negative responses across multiple types of ddbmerged
regarding the physical design and information digetl by feedback products. Five
responses referred to difficulties with installati6totally difficult/hazardou’ “much more
difficult to install than | thought it would B TED). Eight respondents expressed complaints
about inconveniences associated with the physesibd of the product, primarily with
regard to plugging in load monitors (e.g. Kill A Wa“have to get behind large appliances
to plug it in”, “bulky,” , “[needed]...an extension cord often” (Kill A Watfhree
respondents reported a desire for increased vottatgetion: allow it to record power data

from 220 VAC outlets (clothes dryers and electiovss).”
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Concerns regarding software and display were noyeskveral users, including small
displays (four users), and complex presentatianfofmation (five users):lots of
complicated readings”, “hard to read, tiny tiny nisers”, and“just a bunch of numbers (not
easy to interpret)."Nine users expressed frustration about lack & dirage, reflecting an
interest in tracking ongoing energy use, rathen tie@eiving one-time immediate feedback:
“information is not recorded, indexed, or tabulatedno on board memory (e.g. needs to be
plugged into computer in order to log data).”

Incomplete Picture of Energy Use. Many users mentioned that they received an
incomplete energy picture and their desire to e bsee both comprehensive as well as
specific energy information. Users of aggregatediethome) feedback reported a desire for
isolating applianceswould be more effective if it could tell you sgfezlly which appliance
was causing the most usage”, “it didn’t isolate peumlar appliances. Users of appliance-
specific feedback products expressed a desire liotesahome energy informationtutrning
appliances on individually to measure their enecgnsumption [is OK] for researching and
learning, but not for modifying behavior on an oirgpbasis”, “hard to implement for long
term or whole house.”

Outcomes

Responses related to outcomes of energy-use feedizdicded knowledge gains,
behavior change, and continued product use. Fekdmbled users to correct inaccurate
assumptions about their energy use and severateepchanging behaviors to conserve
energy, yet there was also indication of a poss#teund effect. The rebound effect refers
to the lost part of energy conservation due tdfalcethat “one tends to consume more
productive services” when gains in efficiency arede (Berkhout et al., 2000). A distinction
betweentrackingandlearningagain emerged in the data, where some usersaefirr

gaining information about energy use patterns dhdrs reported a one-time knowledge
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gain. Responses about both knowledge gains andiibelchange revealed consistency
between the specificity of feedback provided (eaggregate, appliance specific) and
outcome specificity. Nearly half of respondentsontgd that they do not still use feedback,
suggesting the possibility of a perceived dimingshélity of feedback over time.

Knowledge Gains. When asked about their most surprising experiehcsing
feedback, 44 responses mentioned a gain in specifior general knowledge. A common
realization was the discovery that actual energysumption of appliances was considerably
above (17) or below (13) their expectatiortsow much LOWER the watts used were than
what was reported on Energy Star type lists fogghads (Kill A Watt), “ 1 had no idea
how much energy computers ué&/atts Up). Phantom loads were frequently mereub
(10) when actual use was found to be greater thRpeated:love to ... see how much
electricity something is using, especially electcsrihat are off but still plugged in”.
Specific appliances mentioned included audio aromuter, cell phone, heating/cooling,
lighting, microwaves, refrigerator, entertainmeenier, TV, and stereo.

There was strong consistency between the spegiti€ittedback provided and the
specificity of reported knowledge gain in resportdefihe majority of appliance-specific
responses were reported by users of load mondjsapd HVAC (5) productsi checked
refrigerators, entertainment center, and devicésolught would be our largest contributors
to energy usage(Kill A Watt); “I seem to have a constant 150-200 Watt baselinat. dan
represent 1/3 of our energy us@VattsUyp). A third of in-home display users also reported
being surprised by individual appliances and phantmads, but also mentioned their
increased awareness and knowledge of energy usegeoerally as well as in terms of
appliances. Standard and enhanced billing, esttinated daily/weekly feedback users

generally reported an increased ability to trackngje and reduce usage, but without
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reference to appliance-level informati6hknow what my energy usage is and how much it
costs”,“l use less than the average home in my neighbathdatility websité.

Behavior Change. Over half of respondents mentioned at least emawior that they
changed as a result of using a feedback produathanges were reported in 24 instances.
Most commonly reported behavior changes were umgriggand switching off power (20),
decreased use of appliances (15), and increaseaf psaver strips (7). As mentioned with
regard to knowledge gain, specificity of reportethéviors generally matched the specificity
of feedback. Billing users reported very generanges in energy us&ut back”; “used
less energy by lowering electrical usagdri-home display users reported both general
behavior changes (e.ggénerally more aware and consciduas well as appliance-specific
behavior changesstopped using a second refrigerator”, “changing emaheater set point.”
Load-monitor users primarily changed their applespecific behaviors, as well as reducing
phantom loads and increasing use of power sthijug:rid of one always-on server due to
power draw, line dry when possible”, “incorporatéde use of Power Strips with “on and
off” switches” (Kill A Watt).

The data also provide some evidence of a rebofiedtevhereby users cease efforts
to conserve or even use more energy upon learctogleenergy-consumption levef$ve
actually wound up using more energy on some dewbes | see how little energy they use”
(Kill A Watt). Although only two respondents explicitly memsal this effect, 15
respondents reported being surprised by how &tilergy various appliances use, which may
contribute to a rebound effectin“some cases I'm less diligent about unpluggingeso
devices which showed 0 phantom logHill A Watt).

Continued Product Use. When asked about continued feedback use, ovie(34l
responded that they still use their product. Resagoovided included continued usefulness

(5), saving energy (4), saving money (3), and beediLis hard to remove (1)t like to check
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myself and make sure I'm on trdckstill useful, especially for measuring long-ternage
on an appliancg “it's become a habit. Nine responses mentioned that they still use the
feedback, but to a lesser degrdeaase it less frequently... when | want to checkdoatv of a
new appliancé(TED), “only once in a while if I'm chasing down a digkill A Watt).

These statements suggest a potential diminishkty ofi feedback technologies as
they are used over time, as evidenced by the nbatly46) of respondents who reported that
they no longer use feedback. When asked why thdgnger use feedback, 25 (primarily
HVAC and load monitors) users indicated that theyreo longer in possession of the product
because they borrowed it, it was removed by thepzom, or they moved away. Four
mentioned that they no longer used feedback bedhagehad all the information they
needed'it's served its purpose.” It appeared that individuals who used feedback fo
tracking purposes were more likely to continue using intlieose who used feedback
primarily for learning One user even distinguished between the twongalichecked
almost every device | have, so continued usagevsny informative unless | start tracking
usage in a spreadsheet—way too much wWork.

Discussion

The current study expands upon previous reseaatth#s tested participants in
feedback intervention studies through analysishefdharacteristics and user experience of
consumers who have purchased such products indheetplace. Both quantitative analysis
of user characteristics and qualitative analysissefr experience revealed patterns that can be
integrated into future design, marketing, and nedeaf residential energy feedback. The
following section presents a few such areas.

Market Segmentation
Naturalistic users of feedback differ from non-gsierseveral important respects. The

present study revealed several demographic chasdicte related to the adoption of
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feedback products including gender, age, mariglst income and homeownership,
supporting previous findings that men tend to eegagre with feedback technologies
(Hargreaves et al., 2010) as well as research mogephic variables related to general
energy conservation behavior (e.g. Curtis et 8841 Gatersleben et al., 2002; Painter et al.,
1983; Sardianou, 2007). These findings suggesithaket segmentation strategies may
prove useful in future efforts to promote residainginergy conservation. Although findings
should be regarded as preliminary, the statissicadificance of differences among feedback
users and non-users suggests that efforts to miaeaiack products are currently most
successful in targeting older, married, male homreara. Further studies are needed to
identify key attributes of current feedback usersvall as perceived barriers and benefits of
feedback use perceived by different demographiaggoSuch findings could assist in both
targeting the current feedback market and alsoredipg future marketing efforts to a wider
audience.
Motivation & Messaging

The results from this study support previous figdithat feedback users have pro-
environmental attitudes (Kurz et al., 2005) butdofinancial motivation than non-users.
The latter finding appears to conflict with prevsoesearch that found financial motivation
to be significant among feedback users (Hargreavak, 2010; Parker et al., 2008;
Liikkanen, 2009). Earlier studies, however, did compare feedback users to non-users.
Taken together, the implications of these findiags unclear—they may suggest that
messages promoting the financial benefits of udegback are less effective in promoting
product adoption than messages that highlight enmiental benefits among early adopters;
or, conversely, that greater use of financial mgisgamay increase the potential market of

these products. This finding also has implicatifmrghe presentation of feedback and which
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messages may be most effective. Further researdeded to elucidate the relationships
among environmental and financial concerns amoegsuend non-users of energy feedback.
L everaging Networks and Utilities

Respondents were much more likely to learn abadtfack though existing peer
networks (e.g., friends, family, work) and utilgi¢han from traditional mass-media sources
(e.g., news articles, internet, advertising).s Ihot clear, however, whether peer networks
afford more effective dissemination strategies traiditional media sources currently
contain very little coverage of feedback (or a comabon thereof). Social contacts and
utilities were also found to be significant souroéscquisition of feedback technologies,
along with more traditional retail venues suchresihternet and retail stores. These findings
clearly reveal the value of both social-network aiitity-based marketing programs as
influential venues for disseminating feedback priglubut also suggest the importance of
developing additional diffusion strategies for paiing the use of energy use feedback
technologies.
Feedback L ending Programs

The number of respondents who obtained their feddpeoducts through borrowing
suggests another promising avenue for disseminafiteedback devices. Several feedback
borrowing programs already exist, primarily throughity companies and local libraries.
The findings that many feedback users report dshing returns on the utility of feedback
and that over half no longer use their feedbackiyets further supports continued
investigation into temporary lending programs.
Importance of Product Testing

Users reported positive experiences across fe&dippes, but several software and
hardware design issues were noted by respondealsding difficulties with installation,

low voltage detection, and difficulty reading amteirpreting displays. Peters and McRae
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(2009) assert that product reliability is key talespread dissemination—if a program or
product does not undergo thorough reliability tegrior to market dissemination, early
adopters will have inferior experiences and theelisination and adoption curves of energy-
use-feedback products may decrease (Peters & M@R@6). This is an important concern
as energy-feedback technologies are not yet wiktebyvn by the public and, therefore,
product usability issues could severely diminish likelihood of adoption by a wider

population if feedback technologies acquire negatnnotations early on.

Whole-Home Systems

A primary complaint across feedback types was tsfaation with a lack of
comprehensive information provided by feedback pot&l Users of appliance-level
feedback express a desire for aggregate houseifolthiation and users of whole-home
feedback express a desire for appliance-speciicrimation. Appliance-specific
(disaggregated) feedback seems to lead to mordisgmehavior changes, but may also
convey rather inconsequential amounts of usageraesappliances, leading to increases in
energy use (the rebound effect). Aggregate feedpemkding the big picture of whole-home
energy use may be more motivating, but the usgiven little direction in terms of specific
energy-use behaviors and opportunities for consiervaAn integrated system that gives
feedback on aggregate household energy use assvaibaggregated (appliance-specific)
information offers great promise for the futurepefsuasive feedback technologies to
identify and encourage pro-environmental behavanges. In addition, users of plug-load
monitors complained of inconveniences associatéial gétting behind large appliances to
measure plug loads and an inability to read dispfaygged in behind furniture, suggesting
that non-intrusive load monitoring or wireless diss may meet less resistance than plug-

level data collection and display products.
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Rebound Effects

As mentioned above, study findings highlight impattconcerns about the potential
rebound effects of feedback information; with samsers reportedly adjusting behavior
upwards as they find out they are using less enthi@yy anticipated. While this is not a new
finding, it is an important reminder of the needfieedback designers to acknowledge
unintended consequences of energy information pi@vi Research investigating ways of
countering this rebound effect through messageifrg@nd the inclusion of motivational
elements into feedback could thus prove quite lisefu
Dual Feedback Functions

The emergent distinction between the uses of @adfrtracking andlearning
across user responses introduces a new way ofrtgimbout and understanding feedback.
There has been little research on the psychologiediators of feedback, and this finding
suggests a promising avenue for future study. Teegmt data suggest that these two
feedback functions are related to users’ motivatimnadopt feedback technologies, the way
users interact with those technologies, and theooogs of feedback use.

Reviewing themes across responses reveals a ey aharacteristics of tracking and
learning feedback (see Table 5.5). Tracking tak&sepover time and requires many “bits” of
information to present patterns and comparisonpdtt use, others, or a goal). Therefore, it
is generally associated with feedback systemscthilgct, store, and present temporal-use
data, such as the feedback provided by utilitiesiashome displays. Learning, as the
acquisition of knowledge, can take place instaatigl with as little as one piece of
information. This type of feedback is thereforeieat translate to specific behaviors or

actions and is generally associated with deviceifipde.g., load-monitor) feedback.
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Table 5.5. Key Characteristics

Attribute Tracking Learning
Temporality Happens over time Happens in a moment
Data Many “bits” of information One “bit” of inforation

Behavior Not correlated to specific action(s) Clated to specific action

Enables comparisons

Comparisons L . Does not enable comparisons
(e.g., historical, social, goal)
Provides additional motivation for Potential for rebound and/or decreased
Motivation conservation behavior (e.g., attention to smaller conservation
competition, goal-setting) behaviors
Type Generally associated with Generally associated with

aggregate (whole-home) feedback disaggregated (appliance) feedback

Although there is a correlation between the typfeedback received and these
categories (e.g., recipients of information platierare more likely to use feedback for
tracking, whereas users of load monitors are nmikedylto use feedback for learning), both
tracking and learning functions were mentioned agnasers of all feedback types and it is
possible to receive feedback that serves bothciitrgand learning function, though such
systems currently are uncommon. Further investigatito this distinction may lead to
advances in both the design and marketing of feddteehnologies.

Limitations

The sampling technique and measurement of keyblasaised in this study may
limit the generalizability of its findings. Onlirampling is still a relatively new method,
though a number of studies have indicated thatrietesamples are as diverse as more

traditional samples and that their findings areststent with traditional methods and
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generalizable across presentation formats (Gos\agire, Srivastava, & John, 2004;
Kaplowitz, Hadlock, & Levine, 2004; Smith, 1997).cAmparison of the study sample
with U.S. Census data indicated reasonable repiagmmand we believe that our intention
to capture a specific market segment justifiesufeof a non-random sample.

To maintain the desired breadth of the survey, @bated measures were used for
all of the psychological variables. All psychologliwariables were measured using two- or
three-item scales, with the exception of bill coogsness, which was measured as a single
item. In addition, because our study sought infdiomafrom naturalisticusers of
feedback, there was an unbalanced representatiemeofly feedback technologies
reported, with overrepresentation of certain devigce. Kill A Watt) and
underrepresentation of others. Although this isfeection of the actual market of feedback
devices, it decreases somewhat the ability to conchmparative analyses.

Finally, there was some non-completion of survegni, particularly in the
demographic section. This could be due to partidiggpreferences regarding disclosure of
personal information or a potential fatigue effet,demographics were presented at the
end of the survey. Analyses were run using botktaise and pairwise deletion with no
significant differences between results, so fimalgses were conducted using pairwise
deletion.

Conclusions

Although there has been a great deal of researtheonse of feedback to promote
energy conservation over the past 40 years, theofwwide-scale adoption in the
marketplace suggests that research into natucalisérs of these products is vital for better
understanding of wide-scale adoption. This studyicied a preliminary picture of these
users and their experiences. Study found that mlateseowners, and individuals with high

environmental concern were among those most likepurchase and use feedback, which is
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consistent with research on other energy-consenvaiehaviors. Users indicated generally
positive impressions of feedback devices, and tagieriences revealed great promise for
novel approaches to the design and marketing obfaek, including the provision of both
aggregate and disaggregate energy-use informatiiasemination through utility and
social-network channels. Design and usability issdentified in this study indicate that this
technology, despite great potential, still has sbomelles to overcome before being marketed
to the general American public. Further researstirtg use across devices and isolating key
features of feedback will greatly enhance our usta@ding of its use and potential for

energy conservation.
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CHAPTER 6: The Usability Perception Scale (UPscale)

Past psychological research on eco-feedback hgedyagnored feedback displays,
despite a clear understanding that the way infdomas presented can impact response. Eco-
feedback research in psychology has primarily tektedback experimentally but with little
attention to display features or user experiengegé&trick & Smith, 2009). Research in the
Human-Computer Interaction (HCI) field, on the athand, has largely focused on the
design process and production of eco-feedbaclaersif but without experimental design or
statistical analysis (Froehlich et al., 2010). Ategration of these two approaches has great
potential for leveraging key mechanisms to maxintireeeffectiveness of eco-feedback
(Froehlich et al., 2010).

As the overarching goal of eco-feedback is reduemgronmental impact, most field
studies measure changes in energy use as the prigaendent variable (see Chapter 3).
Although such measurement is vital, additional infation about the subjective experience
of study participants could add significantly ta omnderstanding about not ondshether
different types of feedback work, buvwthey work. Additionally, among those studies that
havecollected additional data, significant variatiofists in the variables collected and
specific questions used; no standard measures@sswurrently exist to conduct such
assessment. Consistency in measurement acrosssstualild improve our overall ability to
account for variation in treatment effects andfydindings both within and across studies.

This chapter introduces a new instrument, the lllgaBerception Scale (UPscale),
designed to measure ease of use and engagememriceiteedback displays. After reviewing
past research on eco-feedback, usability, andriitations of current assessment methods,
the UPscale is introduced and psychometricallyeteagainst four types of psychometric
properties: factor structure, reliability, validitgnd sensitivity. The chapter concludes with

suggestions for future research to both refinewsadthe UPscale in field studies.
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Literature Review

Approachesto Eco-Feedback. Contributions in the area of eco-feedback hawmnbe
largely conducted in two fields—environmental psylolgy and human-computer interaction
(HCI; Froenhlich, et al., 2010). Although psychologjiresearch on energy feedback dates
back to the 1970s, inclusion of eco-feedback reseiarthe HCI literature is more recent,
with over 90% of HCI papers on eco-feedback publissince 2008 (Froehlich, et al., 2010).
This increase is largely a result of advances ta-dansing and analytics, which allow the
collection and provision of energy use data to ooms's via a multitude of in-home and
web- or mobile-based displays. At its core, humamouter interaction (HCI) is focused on
applying scientific methodology to understand haegle interact with computers, and how
computers may be designed so that they are “eHigyert, error-free—even enjoyable”
(Card, Moran, & Newell, 1983). As eco-feedback lmees increasingly available and
pervasive, HCI is well-placed to contribute to #waluation and design of display interfaces.
Measure such as preference, usability, and sdisfacentral to HCI, can yield useful
insights for effective design (Davis, 1989; ToonKmiplean, Portner, & Landay, 2011).

A review comparing the approaches of psychologyt@tito eco-feedback
(Froehlich et al., 2010) found that HCI studieséndeen primarily lab-based or qualitative
with an emphasis on “understandability, aesthatid, perceived usefulness”; the few field
trials conducted were relatively brief (1-4 wee&syl used small samples (average 11
participants). On the other hand, studies from pslagy have focused on field trials to
assess behavioral outcomes of feedback compageddntrol condition and/or pre-treatment
baseline. The average sample size is 6,108 patitignd average study length is nine
months (see Chapter 3). Data collection in thasdies is typically quantitative, with energy

usage data as the most common variable collectezliréview concludes that both
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approaches are valuable and suggest efforts togvaeder integration (Froehlich et al.,
2010).

One way to integrate these two approaches is todacsubjective measures of user
experience and perceptions of eco-feedback ingetascale field trials, to understand their
impact on behavioral outcomes. As qualitative databe cumbersome to collect and
analyze for larger samples and also does not atitevential analysis, the development of a
quantitative instrument would be ideally suitedatidition, it is vital that such an instrument
be designed with specific intention. Although gisest assessing a person’s gender or age
may be fairly objective, questions about percestiand attitudes are often subjective in
nature and therefore care must be taken in quedésign. Psychometrics is a branch of
psychology that addresses this issue through thelajf@ment of methods for creating and
assessing the quality of variables used to measlinjective human experience (Kline, 2000).

Past work in HCI has led to the development oftiplal scales assessing the user
experience of computer systems, but this work ledsoybe applied to eco-feedback. The
next sections will discuss past work and scalassability as well as why a new instrument is
needed for eco-feedback at this time.

Characteristics of Usability. A key function of HCI research is to assess the
subjective user experience of computer systemgyanes, and interfaces (Card et al., 1983).
As such, a great deal of effort has been spemidgfand determining the key characteristics
of usability. Although the definition of usability sometimes simplified to “ease of use”, a
more comprehensive definition takes into accountisd characteristics related to user
experience (Quesenbery, 2001). The ISO 9241 stdmi#dinition of usability is “the extent
to which a product can be used by specified useastiieve specified goals with
effectiveness, efficiency, and satisfaction in acsfied context of use”. Additional work has

defined several characteristics of usability wittiie above definition. Although variations
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abound, a common definition of usability includea®fkey characteristics: effectiveness,
efficiency, error tolerance, ease of use, and ezmgagt (Quesenbery, 2001).

Effectiveness, efficiency, and error toleranceeidiér to the users’ ability to complete
tasks with the system or interface. Effectivenes$srs to overall ability to accomplish the
task, efficiency refers to the speed and accur&cpmpletion, and error tolerance refers to
the ability to minimize errors. They are typicatheasured objectively via usability studies in
which subjects complete a task and metrics rel@tederall performance (effectiveness),
time to completion (efficiency), and number of esr¢error tolerance) are evaluated (Lewis,
1995).

Ease of use refers to the ability of a user tonl@ad use a system or interface; it is
sometimes broken into sub-characteristics of ldalihaand memorability (Nielsen &
Hackos, 1993). Engagement refers to the whethgstara or interface is pleasing and
satisfying to use. As both ease of use and engageane inherently subjective, self-report is
the primary form of data collection for these cluégastics. These two variables have been
determined to be particularly important in predigtthe degree to which people accept and
use particular information technologies (Davis, 998

Current Usability Scales. A number of instruments have been developed tluatea
the usability of a system or interface, assessingrnaber of characteristics related to
usability, including perceived efficiency, learni#lyi and satisfaction. A list of these scales is
presented in Table 6.1. These scales have beemsbqwedict similar responses for user
satisfaction; the System Usability Scale (SUS)b®en found to correlate with both the
Software Usability Measurement Inventory (SUMI)@r86) and the Usability Metric for
User Experience (UMUX) (r=0.96) (Finstad, 2010).

Among them, the System Usability Scale (SUS) i$dbythe most commonly cited

and utilized scale in the HCI literature (Bangoartim, & Miller, 2008; Lewis & Sauro,
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2009). It consists of 10 Likert-scale items whictk aespondents to agree or disagree with
given statements on a 5-point scale. Odd-numbéeetsiare worded positively and even-
numbered items are worded negatively. SUS has prpepular and cost effective for
evaluating usability across a wide variety of systeéncluding cell phone equipment,
modems, voice response systems, and websites (Banhglb, 2008). It has been shown to
outperform other scales at small sample sizeshéas found to be easy to administer and
score, and is the only scale that addresses thkewsiistem rather than a particular feature of
the system (Bangor et al., 2008).

Table 6.1: Commonly cited usability scales in H@rhture

Scale Items Dimension assessed

After Scenario Questionnaire (ASQ) 3 User satisfaction with system usability
Post-Study System Usability 19 User satisfaction with: 1) system
Questionnaire (PSSUB) usefulness; 2) information quality; 3)

interface quality

Computer System Usability 19 User satisfaction with: 1) system
Questionnaire (CSUQ) usefulness; 2) information quality; 3)
interface quality

Questionnaire for User Interface 27 1) Overall reaction 2) learning; 3)

Satisfaction (QUIS) terminology & information flow; 4)
system output; and 5) system
characteristics

System Usability Scale (SUS) 10 Perceived system usability and
learnability

Software Usability Measurement 50 1) Global usability plus perception of:

Inventory (SUMI 2) affect; 3) efficiency; 4) learnability;
5) helpfulness; and 6) control

Usability Metric for User Experience 4 Perceived usability (efficiency,

(UMUX) © effectiveness, and satisfaction)

&Lewis, 1995

® Chin, Diehl, & Norman, 1988
“Brooke, 1996

dKirakowski & Corbett, 1993
®Finstad, 2010
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No psychometric analyses on SUS were initiallylishied and it was originally
thought to be a unidimensional scale (Brooke, 1986bsequent researchers assessed the
measure (Bangor, Kortum, & Miller, 2008; Borscideeici, & Lauriola, 2009; Lewis &
Sauro, 2009) and found “inconsistent results raggrthe factorial structure of its items”
(Borsci et al., 2009). Both Lewis and Sauro (2089 Borsci et al. (2009) identified two
factors, which they termed usability (eight iterasyl learnability (two items).

Limitations of Current Scales. The SUS and other usability scales provide much
instructional value for the design of an eco-feetthasability scale, but two primary
limitations suggest the need for a new instrumargdted to this purpose. First of all, current
usability scales have been designed primarily eduate products or systems rather than
info-visualizations such as those provided via fsmmback displays (Borsci et al., 2009).
Although in some cases simple wording changes Bgstem/product to image/information
are possible, this is not always the case. Addifignthere are items measured by the SUS,
and included in the total score, that are not ma¢when evaluating usability of info-
visualizations, e.g. SUS item 5: “I found the vasdunctions in this system were well
integrated” (Kirakowski & Corbett, 1993).

Additionally, as user interface design progre$sms functional (i.e. pre-defined
tools designed for fixed tasks) to experientia. (interactive interfaces designed for
sociability and pleasure), alongside an increasgigction of technology options, the metrics
used to evaluate subjective user responses mospragress (Angeli, Sutcliffe, & Hartmann,
2006). Operational interfaces were appropriatebgssed with metrics primarily associated
with ease of use, such as learnability and theieffcy with which tasks could be carried out.
However, experiential interfaces should also béuatad with metrics that account for
continued engagement, as a good interface desigmesalt in increased time on task and

this can't be captured by ease of use metrics (hegel., 2006).
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As such, no instrument has yet been developedthaddresses the unique needs of
eco-feedback displays (as opposed to systems dugig), and (2) incorporates
psychometrically validated sub-scales for bothdhse of use and engagement characteristics
of usability. The current study is designed to nikit need.

Method

The present study introduces and tests the UgaB#irception Scale (UPscale),
which was designed to measure the user experidremmdeedback displays. UPscale builds
from previous system usability scales, but wasgihesi to be different from the work
reviewed above in that the UPscale questions wesgyded to: (1) measure information
received from a feedback graph or other info-vigadion and (2) incorporate and distinguish
between hypothesized subscales for ease of usengragiement.

Participantsand Procedure

The scale was tested via an online survey condutepring 2012. Participants were
recruited via Amazon Mechanical Turk and then deddo a website that hosted the survey.
The survey took approximately 10 minutes to congpéatd participants were paid $0.31 for
successful completion. Participation was compleagignymous and no identifiable data
were collected. The primary criteria for inclusiere age of 18 years or over, living in the
United States, and ability to read and write in lisig Besides being asked to only complete
the survey once, there were no exclusion critenidHis study.

1470 US residents completed the survey. After elolyiincomplete responses as
well as those who completed the survey in less Bharinutes or answered a trick question
incorrectly, 1103 responses remained for analysible 6.2 presents summary data on

demographic variables for the survey sample congpiar®).S. Census data (2010).
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Table 6.2. Demographic characteristics of the sanfjp=1103) compared to U.S. Census

data

Demographic variables Sample Census
Gender 47% Male 49% Male
Average age 31.3 Years 36.8 Years
Race 78% White 79% White
Average education 14.6 Years 13.3 Years
Average income $52,940 $67,609

" Sample and census significantly different baseihdapendent t-tesp(< .01)
Measures

Data analyzed in this study were collected as@faatlarger online survey, which was
designed to address three major topics with thef@edback literature: (1) perception of
graphical displays based on information densityit{2 role of message framing in
behavioral intention, and (3) measuring subjecéippraisal of user experience. The current
paper presents results related to the third goaismres examined in this study are described
below.

UPscale. The Usability Perception Scale (UPscale) consikesght Likert-scale
items, which ask respondents to agree or disagitbegiven statements on a 5-point scale
(from 1 = “strongly disagree” to 5 = “strongly agt® Odd-numbered items are worded
positively and even-numbered items are worded negigt It includes four questions
designed to test for ease-of-use attributes, imetudomplexity, interpretation, and
learnability. An additional four questions test aggment attributes, which include
relevance, usefulness, and intention to use. Quessincluded in the UPscale are listed in

Table 6.3.
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Table 6.3Questions included in the UPsc

Ease-of-Use Questions:

Engagement Questions:

1. I'am able to get the information | ne
easily.

2. | think the image is difficult tc
understand.

3. | feel very confident interpreting tt
information in this image.

4. A person would need to learn a lot
order to understand this ime

1.

4.

| gained information from this imag
that will benefit my life.

| do not find this image usef

| think that | would like to use tF
image frequently.

| would not want to use this ima

Experimental design. Participants were randomly shown one of four ime

depicting energy use by time, or one of four imadggsicting energy use by applian

Figure 6.1shows example imag from each of these groups.
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Participants were then presented with the 8-itdPgddle and asked to respond to
each statement using a 5-point Likert scale. Neghgtiwvorded (even-numbered) items were
recoded for use in analysis.

Behavioral Intention. As the goal of eco-feedback is to reduce envirortalempact
via individual behavior, two questions were inclddeat asked participants about their
intention to change their behavior based on tharimétion presented to them. These
questions were intended to serve as a proxy faiahbehavior and were tested for criterion
validity of the instrument.

Demographic Variables. Demographic questions were included to deterntiae t
representativeness of the sample and to testémehsitivity of the instrument. Traditional
demographic data included gender, age, race, incanaeeducation. Since the study was
concerned with pro-environmental behavior, a siitgle measuring environmentalism (“Do
you consider yourself to be an environmentalist®d¥ also included.

Results

Statistical analyses were conducted to test far key aspects of psychometric
quality: factor structure, reliability, validity drsensitivity (Lewis, 1995).

Factor Structure

Factor structure refers to naturally occurringup® of items that arise from multiple
items. A scale may have just one or several fact@gending on the questions included.
Factor structure is generally measured using fatafysis; factors include all the items with
loading scores above a set point (generally .40).

Factor Analysis on the UPscale items yielded a®onent solution, which
accounted for 68% of total variance (see Table. &&ns corresponding to ease of use
clustered strongly as one component, and engageasemtother, with no cross-loading

items. The sub-scales were both tested separatélg@additional sub-factors emerged.
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Table 6.4. Factor Structure of UPscale.

Item Factor 1: Factor 2:
Ease of Use Engagement

| am able to get the information | need easily. .696 .368
| think the image is difficult to understand. .830 .180
| feel confident interpreting the information inghmage. 791 219
A person would need to learn a lot in order to us@ed this .818 .045
image.
| gained information from this image that will béneny life. 113 .793
| do not find this image useful. .309 751
| think that | would like to use this image freqtign .031 .828
| would not want to use this image. .349 .710
Explained Variance50% 18%

Note: values in bold indicate which items load aclefactor.
Reliability

Reliability refers to the internal consistency ammaohe items within the scale. Once
factors are established or confirmed, each faaetwell as the overall scale, is tested for
reliability. Reliability is generally measured ugi@ronbach’s co-efficierd; if ais
sufficiently high (> 0.70), items can be combinegtoduce a scale. Reliability tests
revealed high levels of internal consistency fer dhverall scaleo=.85), and for both the ease
of use (=.84) and engagement.83) subscales.
Validity

Validity refers to whether an instrument measuwvkat it claims to measure. One of
the main forms of validity, criterion validity, cqrares the scale to other indicators of a
construct to assess any relationships. Validigeiserally measured using Pearson correlation

coefficientr. Validity was tested by correlating UPscale scavigh self-reported behavior-
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change intention scores. Results suggest eviddmedictive validity, with significant
correlations |f<.001) for the overall scale£.536) as well as both subscales: ease of use
(r=.213), and engagememt=(685).
Sensitivity

Sensitivity refers to how much the scale variesebleon different users or
independent variables. Sensitivity is typically s@@d using t-tests for binary variables or
analysis of variance (ANOVA) for categorical vatied

Image Type. A one-way analysis of variance (ANOVA) was ruragsess the
sensitivity of UPscale scores across the diffeimages. Results indicated a significant effect
of image type on the full scale£3.616,p=.001) and ease of use subsc&eq.411,
p<.001), and a marginally significant effect on eggfment subscalé&£1.744,p=.095). This
suggests that UPscale is reasonably responsivifécedt image properties.

Demographic Variables. ANOVAs were run test the sensitivity of the URscnd
its two subscales across the demographic variafdesler, age, race, income, education, and
environmentalism. Results revealed that &ge2(624,p=.004) and environmentalism
(F=11.092p=.001) had a significant effect on the overall scalhile genderK=4.082,
p=.044), agek=6.169,p<.001), environmentalisnFE18.635,p<.001) and income
(F=2.117,p=.026) all had a significant effect on the engagarseabscale. No tested
variables display significant effects on ease @f us

Discussion

The UPscale, building on insights from existinghity measures, was developed to
evaluate user perceptions of information visualiwes such as those provided by eco-
feedback displays. It incorporates and psychonalyievaluates questions relating to the
ease of use (complexity, interpretability, and tednility) and engagement (relevance,

usefulness, intention to use) characteristics abilisy.
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The psychometric properties of the UPscale pairtistreliability and validity. Factor
analysis supported the two theoretically deriveassales for ease of use and engagement.
Both the overall scale and both subscales weredftmibe high in internal consistency,
proving reliability. These two tests are vital fostrument validation, as they indicate that the
guestions can be summed and/or averaged into k& siagable “item” for statistical analysis.
As such, the UPscale can be used as a singleitaghscale, and the two four-item sub-
scales for ease of use and engagement can alsetd®n their own.

The overall scale and both subscales also coedklaith behavioral intention,
suggesting criterion validity with energy savingbese results indicate that perceived ease of
use and engagement may be key mediators of feediff@citiveness, though there are
limitations with this method, as behavioral intentidoes not always accurately predict actual
behavior. Further research testing this hypothegls actual behavior would be beneficial to
explore this hypothesis more fully.

Finally, the UPscale was found to be sensitivexjoerimental manipulation, which
suggests it can be used successfully to deterniffegesthces in usability among feedback
types. As the scale was also sensitive to dembgragpriables (gender, age, income,
environmentalism), it is highly recommended thatytbe included and controlled for in
analysis to account for variability in subsequémdihgs.

As eco-feedback becomes more common, the neetstoesthat it is useful and
engaging to consumers is paramount. ProgramsH&&tS. Green Button Initiative (Chopra,
2011), as well as the 200+ feedback products amices that have emerged on the market
(see Chapter 3), are based on the idea that conswvilebe engaged with and transformed
by access to energy information. Attention to thahility of such eco-feedback displays is a
key step toward this goal and the UPscale provagleisstrument that can be used at scale in

the hundreds of field trials planned in the comimgnths and years.

133



Designed to complement rather than replace existiegsures of program
effectiveness (e.g., kWh reductions, self-repohaweor), the inclusion of UPscale in eco-
feedback studies can yield useful insights inte@ffe program design help model and
predict the effectiveness of future interventioasdd on an increased knowledge of how and
for whom they are effective. Broad use of suchddagizes instruments can improve and
aggregate our overall knowledge across studiexzantlibute to a more robust understanding

of eco-feedback and how it can best be leverageerfergy savings.
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CHAPTER 7: CONCLUSION

As feedback technologies become increasingly utmigs in our society, with a
growing capacity to leverage personalized enerfyyrimation, there is a need to ensure that
they are utilized to their full potential. An imped understanding of the mechanisms
underlying energy feedback is needed at both a¢tieal and practical level. Taken
together, the studies conducted in this dissertatiplore the topic of residential energy
feedback from an interdisciplinary perspective vétfocus on applying psychological
science to a behavioral domain that has receivezhrstudy but little theoretical attention to
date (Katzev & Johnson, 1987; Schultz, 2010; Stagek, 2009).

Review of Findings

This dissertation presents a mixed-methods apprtmaunderstanding the role of
feedback in residential energy conservation thrdughdistinct, yet interrelated approaches:
(2) literature review and introduction of Eco-Feadb Intervention Theory (eFIT); (2) meta-
analysis of main effects and key moderators on rgastarch on residential energy feedback;
(3) taxonomy of energy feedback technology derivech content analysis; (4) analysis of
naturalistic energy feedback users via online sudata; and (5) introduction and
psychometric testing of a Usability Perception 8¢alPscale). Most previous research on
energy feedback has treated it as a unified coetstind devoted little energy to
understanding how or for whom eco-feedback worlet.iegather than continuing to answer
and ask the same question of “does feedback wotth@'studies presented each take as their
starting point the idea that “feedbacdn beeffective buit depend’ In doing so, they
explore the questions of what moderates the eftdasergy feedback, how can we
categorize the 200+ commercially available techgie®, what is the current and potential
market for feedback outside of a lab setting, ama ban we measure user experience to help

make more engaging and easy to use displays? Awefifindings for each study follows.

135



Eco-Feedback Intervention Theory

Chapter 2 explored psychological theories of bettdback and pro-environmental
behavior and integrated them with the developméerto-Feedback Intervention Theory
(eFIT). The theory includes the four elements ateption, interpretation, motivation, and
ability and extends past feedback theory (notabgdback Intervention Theory; Kluger &
DeNisi, 1996) by it with the unique contexts andldnges associated with pro-
environmental behavior.

Theperceptioncondition extends previous theory by integratimg invisible nature
of energy use and suggesting eco-feedback as &&gyo make individuals aware of energy
use. hterpretationaddresses the abstract nature of environmentaldts@nd the need to
simplify information that is cognitively complex. divationis a key consideration in past
feedback theories and is extended to incorporatalndeterminants of behavior and social
influence. Finallyability further extends past feedback theory to accourthfomultiplicity
of behaviors available to save energy and the gtmdkbarriers that can prevent action.
Meta-Analysis

While several literature reviews of feedback heagle claims about which types or
features are most effective, such claims are prosilie because effect sizes vary and had
never been systematically studied using statisticgthodology that takes into account
within-group variability and uses inferential tegfito draw conclusions across studies. In
addition, discrepancies among sample, design, measmt, and experimental conditions
require statistical inquiry (e.g., moderator anialyto compare effects between studies,
which provides greater detail into which aspectieetlback that may be more effective, as
well as the users and behaviors for which feedinaak be most effective.

Chapter Three applied eFIT to the domain of regideenergy feedback via

statistical meta-analysis of 42 feedback studidsigled between 1976 and 2010. Results
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found that feedback is effective overalH.1179,p < .001), but with significant variation in
effects (-effectsize varied from -.0803 to .4803). Several treatmanables were found to
moderate this relationship, including frequencydimm, comparison message, duration, and
combination with other interventions (e.g., goatdntive).

Taxonomy of Feedback Technology

Many energy feedback products (i.e., technologi#ls hardware) and platforms (i.e.,
technologies without hardware) have emerged omidudet in recent years. Past research
had suggested that the effectiveness of feedbadtsvaased on distinct characteristics, and
proposes categories to better understand andglissim between these characteristics.
However, existing categories have the followingiess (1) structures grouped feedback
technologies into four (or fewer) categories, mgkievice distinction and selection onerous;
(2) categories often ignored technical and psyajiodd distinctions of interest to
researchers; and (3) none provided a systematirigiésn of the specific characteristics that
vary by category.

Chapter Four presented presents a classificatiootsre of energy-feedback
technology, derived theoretically from a reviewelevant literature and empirically via
content analysis of 196 feedback products andgtaf. The taxonomy structure was
derived based on the characteristics of hardwaranwunications, control, display, and data
collection. The resulting taxonomy included thddwiing nine categories: (1) information
platform, (2) management platform, (3) appliancenits, (4) load monitor, (5) grid display,
(6) sensor display, (7) networked sensor, (8) dasanagement network, and (9) open
management network. These categories are mutulaisexe and exhaustive of the identified
technologies collected and are based on charaasnghich are both stable and important to
feedback provision. The taxonomy enables a greaerstanding of the ways that current

technologies vary, which can assist with futurelgtas well as deployment.
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Naturalistic Users

Feedback is widely promoted as a promising styaf@gpromoting energy
conservation based on its effectiveness in fialdiss, and dozens of devices providing
feedback have emerged on the market in recent.yidaveever, these products have not yet
taken a strong hold in the marketplace and polidkgrgare increasingly looking to
behavioral scientists for guidance. It is not ciaether this lack of uptake is due to device
usability or simply a slow adoption curve, as \aitty all studies of feedback devices have
actively recruited participants. Little is knowhaut naturalistic users, i.e., individuals who
choose on their own to use devices that monitorggneonsumption.

Chapter Five presented mixed-methods analysistoiralistic users of energy
feedback, i.e., individuals who choose on their ¢avnse products that monitor energy
consumption. It examined both who is using thesaécds as well as their user experiences
through analysis of online survey data. Demographit psychological characteristics of 86
individuals using feedback devices were comparetffbnon-users. Regression analyses
revealed that feedback users were more likely tttamusers to be male, homeowners,
liberal, and environmentally concerned. Qualitatwalyses revealed important patterns of
user experience, including the role of social diifun in adoption, differences in the use of
feedback for tracking and for learning purposes, @ridence of diminished utility over time.
Usability Per ception Scale (UPscale)

While the metrics used to measwhetherfeedback works is fairly standard and easy
to compare between studies, the variables andaesetsied to measuh®w andfor whom
they work have been left to individual researcheitf) little attempt at creating a replicable
model. Such standardization is common in relatelddi such as education and psychology,

but has yet to take hold in energy-program evabnati
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Chapter Six introduces and tests a new instruntieat,Jsability Perception Scale
(UPscale), designed to measure ease of use andeangat with eco-feedback displays.
After reviewing past research on eco-feedback, ilisatand the limitations of current
assessment methods, the UPscale is introducedsgutgnetrically tested in an online
experimental design against four types of psychdmptoperties: factor structure,
reliability, validity, and sensitivity. Factor aryals supported a two-factor solution,
supporting subscales for ease of use and engageRediatbility tests revealed high levels of
internal consistency for the overall scale and Isoffiscales. A test of criterion validity with
behavioral intention found significant correlatiomgh both subscales, suggesting that
usability is a key mediator for behavior changeaty, ANOVA results found differences
between randomly assigned images, suggesting #he Isas sufficient sensitivity for use in
experimental research.

Taken together, the results of these five stucledribute to a more contextual, social
ecological understanding of the nature of energgli@ck and the situational circumstances
under which such feedback truly “matters”. Theyphtel identify key contextual moderators
of feedback effectiveness, broad categories ofggrieedback products, characteristics of
those who elect to use energy feedback, and metrigser experience that are significantly
with correlated behavioral intention, thereby mavioward a more nuanced, social
ecological framework for understanding the key disiens and effectiveness of feedback.

Policy Implications

As part of its transition toward a “smarter” ekggty grid, the U.S. National Science
and Technology Council released a report outli@ngbling policy recommendations that
included key actions to “ensure that consumersvedamely access to, and have control
over, machine-readable information about their gneonsumption” and to “help consumers

understand and act upon the feedback they rec@Bheipra et al., 2011, pg. 40-43), so that
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they can decrease energy waste and save moneg&r€ba Button initiative, which is the
utility industry’s response to the White House maooendations (Chopra et al., 2011), has
opened up energy data market by making consumlerdtieity-use information available to
them via a “green button” on the utility websitewrthermore, the adoption of common
technical standards by participating utilities ne#rat third-party software developers can
leverage this information to produce commerciallgitable software on which people can
view their energy data.

As more and more utilities and regulatory agenfoess their attention on energy
feedback, there is an urgency to ensure that evafuaf such programs are done in as
rigorous a manner as possible. It is importantrwduealyzing research that is conducted in
an applied setting and has significant implicatiforgoractice that the magnitude of effects is
interpreted in terms of relevance. Thus, one magew not only theffectivenessf a policy
or program but also thefficiencyandfeasibility of deploying it within a general population
(Kraft & Furlong, 2004).

Effectiveness

The effectiveness of the program is of the utmmgtartance, as this is a vital issue
that impacts all members of our community and lasgeiety. In its most basic definition,
effectiveness refers to whether a program achietegedd goals (Kraft & Furlong, 2004). In
the case of energy feedback, this is often measnreércent energy savings, compared to a
control group. The studies analyzed in Chapteipdmed an average savings of 9%, with a
range from 0-20%. Translated to an effect size (thg difference in energy use attributed to
the provision of feedback), this resulted in an aighited mean-effect size of .1174. As
such, feedback was shown to be highly effectivesecthe 42 studies analyzed but with a
high degree of variation in effectiveness. Thispgarfs previous findings in literature reviews

(Darby, 2006; EPRI, 2009; Ehrhardt-Martinez et 2010).
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However research into naturalistic feedback ugehapter 5) suggests additional
guestions into feedback effectiveness outside@fah. Study findings suggest a possible
rebound effect of feedback information, with somnsers reportedly adjusting behavior
upwards as they find out they are using less enthi@yy anticipated. eFIT suggests that over
time, users may respond to feedback in differentsyahifting their attention between
different motivational and learning processes. Tyigothesis is supported Chapter 5, which
revealed a distinction between the use of feedb@adkacking (e.g. monitoring ongoing
energy use) and learning (e.g., gaining specifermation about energy use). In addition,
nearly half of the feedback users in the samplerted no longer using feedback, citing
reasons that includedit’s served its purposeand “continued usage isn’t very informative
These statements suggest a potential diminishkty ofi feedback technologies as they are
used over time, making unclear the long-term eiffecess of such information.

Efficiency

Efficiency refers to the relationship between pemgrbenefits and program costs
(Kraft & Furlong, 2004). Efficiency is a very imgant criterion, as programs are constantly
fighting against limited resources. Any progrant thses resources must therefore not only
be effective, but also efficient. Whether feedbescén efficient intervention (or what types of
feedback constitute efficient forms) therefore gaiby product and program. Efficiency
requires an understanding of the cost of the iet@ien with respect to the cost savings
associated with the behavior change. Allcott andl&hathan (2010) addressed this issue,
finding that feedback provided through improvedirg, despite small effect sizes, may be
more efficient than studies which use more techgiold forms of feedback, despite the latter
leading to larger effect sizes in trials.

The current dissertation supports further researthis area. Meta-analysis results

(Chapter 3) found higher effects for feedback pitedivia a computer than via a device,
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which may also be a more cost-efficient option.hdigeffect sizes were found for studies
with electronic or computerized media, frequentvsion (weekly or more), and appliance-
specific information. All of these variables aretight to coincide with greater costs and
therefore savings per dollar spent on specifiaigietions would be very useful. Schultz
(1998) performed such an analysis for four differeaycling interventions that are similar in
scope and design and identified which were mogteifsctive to implement at the city level.

Companies, ranging from major players such as (&cad IBM to start-ups such as
OPOWER, C3 Energy, Tendril and Navetas, are crgat@w products to enable home
energy management, both directly through hardwadetlarough integration with smart
meter technology. Savings in pilot studies varyrfr-3% (OPOWER) and 6% (C3 Energy)
to 20+% for large-scale systems (Ehrhardt-Martirateal., 2010), yet little research
comparing products has been conducted and thefegleaisno public information about
which devices are available or how they vary imteof these key characteristics. These
products vary in several ways, including data aibs (e.g., internal sensor, from smart
meter) and display medium (e.g., website, in-homoaitor); such variation affects not only
potential savings but also potential costs to depltie data collected in Chapter 4 represents
the most comprehensive cataloging and categorizafiteedback technologies to date, with
over 200 products collected and grouped into nistndt categories and coded based on 36
key characteristics. Such a data collection isvita first step to the type of rigorous cost-
benefit calculations needed to determine which dbzdegories and specific products may
lead to the greatest and most cost-efficient ensagings.
Feasibility

This discussion of feasibility will address issuekted to both social acceptability
and administrative feasibility of feedback intertiens. The social acceptability of a program

is the extent to which program participants andpthielic will accept and support the
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program (Kraft & Furlong, 2004). It is importantéasure that any feedback (or other
behavior-based energy efficiency) interventiondsegted by consumers so that they actually
use it; otherwise, it will not lead to the outconfiesnd in studies. Since most studies
included self-selected participants, it is not clehether these programs would be socially
acceptable at a larger level.

Chapter 5 directly addresses the issue of so@ailfdity through mixed-methods
analysis of naturalistic users of feedback—i.esthindividuals who have voluntarily
obtained and used energy feedback outside of agriexgntally controlled research setting.
The study found several significant differenceseein feedback users and non-users,
suggesting that there is a specific market thaeotiproducts are attracting; more data on
these “early adopters” as well as the impressiémon-users of feedback would be very
useful in understanding the current and potentielas feasibility of wide-scale adoption of
energy feedback. Additionally, design and usabiigues identified in this study suggest
several hurdles that current energy-feedback tdobgatill has to overcome before being
marketed to the general American public.

Administrative feasibility refers to how easy aifidult it will be for a public or
private agency to implement the program. Some fafigedback may be more feasible to
manage than others. The taxonomy introduced in €hdgpresents categories and
definitions of energy feedback based on charatiesimherent to the technology itself that
will be useful in determining and grouping feastlibf feedback products in different
settings. As smart meters are being rolled outuiiinout the U.S. and world, there is
increased administrative feasibility for certaipég of feedback, especially those that
leverage Green Button data to provide informati@hdgpra, 2011; Institute for Electric
Efficiency, 2011). However, more advanced systdmsrequire hardware installed into

homes may be less feasible than those that colégatdirectly from the energy utility or
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electricity meter. Therefore, it is important ta¢@gain the feasibility of managing any new
program before deciding upon its implementation.

Recent technological advances are also affedtie@diministrative feasibility of
energy feedback and creating an environment inhvhioviding feedback to residential
consumers is not only possible, but increasingimmon. Advances in data sensing, storage,
and dissemination have made it possible for infélonaabout behavior to be collected,
stored, and presented to consumers at speeds audles that were previously impossible.
“Adding sensors to the feedback equation helpsespieblems of friction and scale. They
automate the capture of behavioral data, digitizirsg it can be readily crunched and
transformed as necessary. And they allow passiasuarement, eliminating the need for
tedious active monitoring“ (Goetz, 2011). Such aemin data collection also require
changes in data storage—Austin Energy, for exanmpdeeased yearly data storage from
20TB to 200TB for just 500,000 meters (Danahy, 200®dditionally, changes in data
presentation are being seen in the form of amuliesplays, gamification strategies, and
innovative dashboard designs for both mobile anld platforms. These changes bring both
new opportunities and new challenges that will carg to impact the feasibility of
residential energy feedback in years to come.

Closing Thoughts

New technologies are changing how people intewétt our natural, built, and social
worlds. We are now a technological species (Kabi3® and we must take our technological
nature into consideration in our work as psychdatsgyiMuch of the focus in both popular
press and psychological research is on the negatieef technology, critiquing such
advances and discussing how new technologies nagronine or prevent human flourishing
(Kahn, 2011). We read about technology-caused aisr®ich as Nature Deficit Disorder

(Louv, 2008), Continuous Partial Attention (StoB@0Q7), and are warned of the “coming
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dark age” (Jackson, 2008) caused by new technandyits psychological effects on us. We
are warned in the popular media and by psycholegfistt Google will make us stupid (Carr,
2008), Facebook will make us narcissists (Rosed7R@nd data will make us drown
(Sudeman, 2008).

While this research is quite compelling and important to study the negative
implications of new technology, such analysis doasprovide a complete picture of the role
and the potential role of technology in our livEscusing only on the negative impacts of
technology use and ignoring its potential benefthin the field of human behavior may not
only erroneous, but also counterproductive. Iniolps$his dissertation, | wish to situate this
work within the larger discussion of the role aflteology in our lives.

First of all, the idea of technology impacting hamrlife is not new - not even close.
Technological innovations have been significantgrging how humans interact with the
natural environment and with one another for thadsaf years (Stearns, 2010). Over
10,000 years ago settled agriculture began to apbemaighout the world, leading to what is
often called the Neolithic revolution. This techogikcal innovation had massive impacts on
the natural environment through plant cultivatioonstruction of irrigation systems, and the
use of domesticated animals. This led to moreblditood supplies, enabling population
increase and the development of increasingly coxgibeial structures. Likewise, the
industrial revolution also brought with it unpreeatied changes to how we obtain and use
energy, enabling large-scale growth throughoutitbdd. This newest revolution, often
called the technological or digital revolutionpisnging similar changes to the world of
information that we’ve already seen in the worléifood (agricultural) and energy
(industrial).

As such, the view that this current form of tedogacal innovation is “the enemy”

seems not merely short-sided but also quite flasieck technology is a vital and continued
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part of the human experience. “Indeed, the tectesaqi shaping tools are taken as the chief
evidence of the beginning of human culture” (Rultbrer & Ahlgren, 1990). Both

biologically and psychologically, humans are iniméiseconnected to one another as well as
to the natural world (Kahn, 2013). Rather than vieshnology as severing these
connections, another approach views technologypastaf human innovation and remains
critical but impartial in analyzing both the pogéiand negative impacts of any new
technology on the cultures that created it.

In addition, these newest forms of technologylsamsed to furthesonnectus to the
natural world and to one another. Phenomenologyesr that direct experience is key to both
knowledge and to connection (Kahn, 2013). Wheeatliexperience is not possible, research
indicates that technological experience can seswsmething of a proxy (Kahn, 2011). As
such, providing data in the form of energy feedbeak serve to replace more traditional
forms of connection between people and energyauge the physical exhaustion caused by
cutting down a tree to produce firewood).

Within our own homes, we are largely disconneétedh the energy use being
consumed by our televisions, computers, washinghmas, and home heating and cooling
systems. Through the industrial revolution, we"eei provided with a system for immediate
transmission of energy into our homes, but thelfaekl loop that goes along with that energy
is only now becoming readily available. Technologyhe form of smart meters and sensors
can give us feedback about energy use so we knannfiech energy (or money) is being
spent powering our computers and televisions wheane sleeping. This can scale up to
millions of dollars and carbon savings across tiikams of individuals who have the ability
to conserve energy in the home.

Although we should approach all new forms of tebgy with a critical eye, we

should not openly assume that they will be eitharsavior or our downfall. New digital
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technologies are tools just like the knives, chairsl paper that preceded them when
introduced by humans centuries ago. It is the sbkcholar to study them critically and
impartially and to assess the most practical waytitize technology to connect and to
enhance our lives. As such, this dissertation pies/an important analysis of some of the
key issues in leveraging energy feedback techndiogycrease energy efficiency and reduce

carbon emissions.
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APPENDIX A. Compiled List of Feedback Technologies

Name/ Developer

Type

Aclara’s ENERGYprism

Information Platform

Advanced Telemetry’s EcoView
- Commercial
- Residential

Closed Management Network

Accuenergy’s Acuview

Information Platform

Agentis Platform

Information Platform

Agilewaves

Open Management Network

Akuacom Demand Response

Information Platform

AlertMe SmartEnergy

Closed Management Network

Ampy Email Metering’s ecoMeter

Grid Display

AzTech

Grid Display

Battic Door Home Energy Monitor

Sensor Display

Belkin Conserve Insight Monitor

Load Monitor

Black & Decker Power Monitor

Sensor Display

Blue Line Innovations

- PowerCost Monitor
- Energy Meter Il

Sensor Display

Brand Electronics

- 20-CTR Whole House
- ONE meter

Sensor Display

Brand Electronics
- Digital Power Meter 4-1850

- Digital Power Meter 20-1850
- Digital Power Meter 20-1850CI
- Digital Power Meter 21-1850CI

Load Monitor

British Gas EnergySmart Monitor

Sensor Display

Brultech ECM-1220

Sensor Display

Brultech

- ECM-1240
- GreenEye Monitor

Networked Sensor

Brunswick Electric PowerStat

Grid Display
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Name/ Developer

Type

Cisco Business Energy Management Services

Infoomdiatform

Cisco Home Energy Management Solution

Open Managehetwork

Control4 Energy Management System 100

Open Manageietwork

Current Cost

- EnviR
- The Classic
- TREC

Sensor Display

Dent Instrument’s Customer Interface Display

Gridilay

Dent Instruments PowerPal Meter w/Customer Interfaisplay

Sensor Display

Dent Instruments

- ELOGsoftware
-  SMARTware

Information Platform

Digi X-Grid Solutions

Open Management Network

DreamWatts

Open Management Network

E-Mon Energy Software

Information Platform

Eco-Eye
- Elite
- Elite 100
- Elite 200
- Elite Mini
- Elite Mini 2
- Smart
- Smart PC
- Smart PV

Sensor Display

Eco-Eye Plug-In

Load Monitor

EcoDog FIDO Home Energy Monitoring System

Networkasshsor

EDF Energy’'s EcoManager

Closed Management Network

Efergy Technologies

- E2
- Elite Wireless Monitor

Sensor Display

Efergy Technologies
- Energy Monitoring Socket

Load Monitor

Efficiency 2.0’'s PEER

Information Platform

eGauge

Networked Sensor
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Name/ Developer

Type

Energy Monitoring Technologies’ EM 2500

Load Monmito

Powerhouse Dynamics’ eMonitor

Closed Managemenivisidt

Energy Cite EMS-2020

Grid Display

Energate Home Energy Managament Suite

Open Managéeevork

eMeter Energy Engage

Information Platform

Noveda Technologies’ EnergyFlow Monitor

NetworkeshSor

EnergyHub Home Base

Open Management Network

Ambient’s Energy Joule

Grid Display

GaugeTech’s Energy Manager EXT Software

InformaB&tform

eQ-3 Energy Master

Load Monitor

Schneider Electric EnergyView Online

Informatiomtbrm

EcolSaveOMeter

Sensor Display

eSight Energy

Information Platform

Ewgeco

- B100, B200, B300
- H300 EEE, H300 ERG, H300 EWG

Sensor Display

Flukso

Networked Sensor

FutureDash Greendash Hub

Management Platform

General Electric Nucleus

Open Management Network

Green Energy Options (GEO) My Energy

Informatioatféirm

Green Energy Options (GEO)
- Minim
- Npower Monitor
- Prelude
- Quartet
- Solo

Sensor Display

Green Energy Options (GEO)

- Duet
- Sololl

Grid Display

Green Energy Options (GEO) Ensemble

Closed ManageNetwork

Green Energy Options (GEO)

- Chorus
- Trio & Trio+

Open Management Network
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Name/ Developer

Type

Google PowerMeter

Information Platform

GreenWave Reality Energy Management Platform

Opandgement Network

Greenwire Energy Monitor

Grid Display

GridPoint Energy Manager

Management Platform

iControl OpenHome - Utility

Open Management Network

In2Networks’ In2MyHome

Information Platform

Insteon Energy display

Sensor Display

Insteon

- HouseLinc Closed Management Network
- SmartLinc

Intamac Open Management Network

Intel Home Energy Dashboard

Open Management Network

Island Power’s Cent-a-Meter

Sensor Display

LS Research RateSaver display

Grid Display

Lucid Design Group: Dashboard

Information Platform

Lucid Design Group

- Lucid Building Dashboard — B
- Lucid Building Dashboard - C

Networked Sensor

Mi Casa Verde SmartSwitch & Vera

Closed Managemkttvork

Microsoft Hohm

Information Platform

Motorola 4Home

Open Management Network

Navetas

- Energy Monitor
- Smart Hub

Sensor Display

Needy Needs’ Wireless Energy Monitor

Sensor Display

Nokia Home Control Center

Management Platform

Onzo

Sensor Display

OpenFrame 7E (OpenPeak)

Open Management Network

OPOWER

- Energy Reports
- Web portal

Information Platform

Owl Electricity Monitors

Sensor Display
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Name/ Developer

Type

P3 International
- Kill-A-Watt
- Kill-A-Watt EZ
- Kill-A-Watt Graphic Timer & Plug Power Meter
- Kill-A-Watt Power Strip

Load Monitor

P3 International Kill-a-Watt Wireless

Sensor Displa

People Power 1.0

Information Platform

People Power Energy Services Platform + Surf Module

Closed Management Network

PICOwatt/Tenrehte Plug

Closed Management Network

Plugwise

Closed Management Network

Power Aware Cord

Load Monitor

Power Cost Display Monitor

Sensor Display

Powertech Silk

Information Platform

PowerWatch-DR

Open Management Network

Pulse Energy
- Manager
- Check

Information Platform

Quby
- Power Player
- The Energy Stick

Grid Display

RCS Whole home monitor & control

Closed Managenigtivork

Reliance Controls AmWatt Appliance Load Tester

Lo&hitor

San Vision Mobile Energy Assistant (MEA)

Open Masiangnt Network

San Vision Power Dashboard

Sensor Display

Salt River Project (SRP) M-Power Meter

Grid Display

Secure Together
- E-Waltch
- Ewatch 100
- Ease Il Manager
- Scroller

Information Platform

Secure Together Home Energy Controller (HEC)

Opanagement Network

Secure Together Freedom

Grid Display

Seasonic Electronics PowerAngel Monitor

Load Manito

Senquentric System

Open Management Network
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Name/ Developer

Type

Shaspa Smart Home

Open Management Network

Shenzhen Sailwider

- Centralized Electricity Energy Management System
- Wireless Bi-directional Electricity Energy Savingokitor &
Control System

Closed Management Network

Shenzhen Sailwider Wireless Uni-directional EleetriEnergy Saving
Monitor

Sensor Display

Silver Spring Networks’ CustomerlQ Energy Portal

fohmation Platform

Silver Spring Network’s Smart Energy Dashboard

Mpemaent Platform

SolarCity’s PowerGuide

Information Platform

Square D PowerLogic

- EPO Energy Profiler Online
- ION EEM Software

- ION Enterprise Software

- PowerView Software

- System Manager Software
- Tenant Metering Software

Information Platform

Square D PowerLogic SCADA Software

Management &fatf

Stanley 77-028 Energy Meter EM100

Load Monitor

SunPower Monitor

Sensor Display

Techtoniq Energy Station

Information Platform

The Energy Detective (TED)
- 1001, 1002
- 5000-C, 5002-C, 5003-C, 5004-C

Sensor Display

The Energy Detective (TED)
- 5000-G, 5002-G, 5003-G, 5004-G

Networked Sensor

Tendril

Open Management Network

Trilliant’'s The Energy Valet,

Management Platform

Energy Aware Technology The PowerTab

Grid Display

UPM
- Dual Rate Energy Meter- EM130
- EM100 Energy Meter
- Plug-in Energy Meter and Electricity Cost Calcutato

Load Monitor

UtiliFlex Juice

Information Platform

UtiliFlex Joule

Networked Sensor
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Name/ Developer

Type

U-Vue

Sensor Display

WANF Electricity Energy Watt Usage Meter

Load Mamit

Watts Up .Net

Closed Management Network

Watts Up Smart Circuit 21

Networked Sensor

Watts Up
- Watts Up Standard
- Watts Up Pro ES

Load Monitor

Wattson

Sensor Display

Wattvision Energy Sensor

Networked Sensor

Wilting Flower

Sensor Display

thinkeco Modlet

Closed Management Network

Wattsclever
- Compact
- Energy Monitor
- Energy Monitor for Smart Meter

Sensor Display

Wattsclever Energy Watch Monitor

Load Monitor

Zerofootprint Talking Plugs

Closed Management Network
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