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The timing of electricity consumptionis increasingly important for grid
operations. Inresponse, households are being encouraged to alter their
daily usage patterns through demand response and time-varying pricing,
althoughitis unknownif they are aware of these patterns. Here we introduce
anenergy literacy concept, 'load shape awareness', and apply it to asample
of Californiaresidents (n =186) who provided their household’s hourly
electricity dataand completed an energy use questionnaire. Choosing from
four prominent load shape designations, half of respondents (51%) correctly
identified their dominant load shape before COVID-19 shelter-in-place (SIP)
orders while only one-third (31%) did so during SIP orders. Those aware of
their load shape were more likely to have chosen evening peak, the most
frequent dominant shapein the electricity data. Our work provides proof of
principle for the load shape awareness concept, which could prove useful in
designing energy conservation interventions and helping consumers adapt

toanevolving energy system.

Inthe transition to asmarter, cleaner and more reliable grid, the align-
mentofelectricity supply and demand willbecome even more critical' .
Whilerenewables, suchas solarand wind, are essential to decarbonizing
the energy sector and slowing global climate change, they are variable
andintermittentin their production, adding complexity to forecasting
and other grid operations*’. At the same time, the tighter coupling of
the electrical grid to the transportation sector and the push for more
electrification of household appliances will alter consumption patterns
andincrease society’s need for areliable and resilient power system®™,
Expanding deployment of distributed energy resources, such as wind,
solarand storage, and technical advancesin grid information systems
andinfrastructure can ease some of these burdens; however, the chal-
lenge of meeting demand with clean sources of electricity supply in
every hour across every day will probably remain for years to come.
Though the timing and magnitude of many renewable production
sources are constrained by factors such as available sunlight and wind,
demand for electricity does not have such rigid physical constraints.
To take advantage of potential flexibility in electricity demand, utili-
ties are implementing programmes designed to encourage changes

in demand patterns that are beneficial to the grid, with increasing
focus on residential users as a source of flexibility through Demand
Response (DR) programmes®™°, These DR programmes operate through
various mechanisms, such as variable and critical peak pricing, and
areintended toinduce changesinresidential electricity demand that
willlessen the need for non-renewable, dirtier and/or more expensive
sources of electricity generation during peak demand periods. As a
result, households enrolled in DR programmes, such as time-of-use
pricing programmes, face variable electricity prices throughout the
day, often higher prices when grid demandis at its peak—for example,
on weekdays spanning from late afternoon to evening—and lower
prices during off-peak periods. In California, some utilities have
already begun to make time-of-use pricing the default option for
residential customers".

However, it is unknown if household members are aware of their
daily electricity use patterns, even thoughthey are now being urged to
make financial decisions and change household electricity use behav-
ioursrelated to their time-based electricity consumption. Examples of
these decisions include: opting out of time-of-use pricing altogether,
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@ Choose the graph most likely to represent your home's electricity use on weekdays (Monday-Friday) before your household made any changes
due to shelter-in-place orders related to COVID-19 (coronavirus)...”
b ‘Now choose the graph most likely to represent your home's electricity use on weekdays (Monday-Friday) since your household made any changes
due to shelter-in-place orders related to COVID-19 (coronavirus)...”
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Fig.1| Questionnaire with response choices for perceived weekday
electricity use patterns. a, The survey question that assesses perceived
dominantload shape before SIP. b, The survey question that assesses perceived
dominant load shape during SIP. ¢, For aand b, participants chose one of the load

shapes from c as a question response. For b, participants also had the option of
choosing ‘My household has not made any changes due to shelter-in-place orders
related to COVID-19 (coronavirus)’. d, The load shape designation assigned to
each response choice from ¢ for comparison to observed load shapes.

selecting among various time-of-use rate pricing programmes and
responding to critical peak hours; taking advantage of incentives for
residential solar, storage and electrical vehicle adoption; adopting
smarthome devices; enrolling in programmes that afford utilities some
control over their appliance use; and managing the day-to-day timing of
large loads (for example, electric vehicle charging, laundry and so on).

Scholars have delineated many different types of energy liter-
acy, including device (that is, knowledge of appliance- or device-level
energy consumption), action (that is, knowledge of the energy savings
associated with particular actions) and financial (that is, knowledge
about monetary savings associated with energy savings investments)
energy literacies” ™. ‘Multi-faceted’ energy literacy incorporates
broader concepts in addition to these more ‘practical’ measures—
including cognitive or content knowledge (for example, about sources
of electricity generation, societal impacts), affective components
(for example, attitudes towards energy conservation, efficacy) and
behavioural aspects (for example, energy-saving habits, advocacy)” ™.
Acrossalltypes, findingsindicate generally low levels of energy literacy,
and none measure time-based electricity consumption awareness.

Moreover, few studies have linked energy literacy to actual contex-
tualized energy use within the home®. When they have, links between
energy literacy and energy use have been inconclusive, except for
actionenergy literacy®. Previous literature hasrarely considered aware-
ness about household energy consumption patterns and the intensity
and timing of usage patterns across the day, although an understand-
ing of these conceptsis essential for households to effectively engage
inatransitioning energy system that is increasingly focused on when
energy is used. It could also prove usefulin designing effective energy
conservationinterventions by encouraging connections betweenthe
timing of activities in the home and electricity consumption.

To address this gap, we introduce an energy literacy concept,
'load shape awareness', and provide an initial proof of principle or a
demonstration of its potential for future research and applications. To
do so, we apply data from asample of Californian residents (242 total
participants, 186 with complete data; Methods provide more detail on
our sample) who completed a questionnaire about the timing of their
household’s electricity use and provided access to their household’s
smart meter data. The load shape—which captures temporal (typically
hourly) variation in energy use—is a critical unit of measurement for
understanding time-related usage of electricity** 2. For example,
previous research conducted in California identified that while there
is substantial variability in daily load shapes within and across house-
holds, the most frequently occurring residential daily load shape is

evening peak”. This frequent residential load shape coincides with
California’s system peak period and is a motivation for why utilities
have begun charging higher prices to residential customers during
the evening (for example, time of use)*.

To assess our respondents’ load shape awareness, we compared
survey questionnaire responses about perceived dominant daily load
shapes (morning peak, evening peak, midday peak and dual peak; Fig. 1)
to observed daily load shapes calculated from their smart meter
data. When these shapes align, we consider the participant as having
awareness about their load shape. Due to the timing of our survey, we
were also able to assess how a disruptive event that had broad impacts
onnearly every householdin California, shelter-in-place (SIP) ordersin
response to the COVID-19 pandemic, influenced perceptions of energy
use patternsinthe home. Past research has highlighted theimportance
of disruptive life events (for example, moving, birth of achild) in alter-
ing daily energy usage patterns®. COVID-19 and associated government
restrictions onsocial interactions represent adisruption that affected
many people at the same time, and recent research has explored the
implications of this disruption on energy consumption more gener-
ally”. Here we explore how this disruptionimpacted our respondent’s
load shape awareness.

Perceived dominant load shapes before and
during SIP orders

Exploring respondent perceptions of their daily load shape patterns
based on their survey responses (Fig. 1), we see that before SIP, most
respondents (61.3%) reported evening peak as their dominant weekday
load shape (Fig.2). However, during the SIP period, respondents chose
dual peak (39.8%) as their household’s most dominant peak shape, with
fewer choosing evening peak (33.9%). Figure 2 shows that many of these
respondents who had chosen evening peak to characterize their load
shape before the SIP period selected either dual or midday peaks to
characterize their load shape during the SIP period.

Observed dominant load shapes before and
during SIP orders

Identifying a household’s observed dominant daily load shape using
electricity data will always be somewhat sensitive to the particular
method being applied with no definitive ground truth to compare
against. We therefore attempted several different methods for deter-
mining ahousehold’s observed load shape (Methods). Intheapproach
we present here, which was both feasible with a smaller sample and
bestaligned with our survey question, we normalized household daily
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Fig.2 | Before- and during-SIP comparison using perceived load shapes.
Perceived dominant load shapes were self-reported by a participant from each
household. The width of the paths corresponds to the proportion of participants
with complete load shape perception and household electricity data (n =186).

load profiles and passed them through a peak detection algorithm.
This identified common shape characteristics, particularly the tim-
ing of peak usage, which was then matched to one of four load shapes
described in the questionnaire. The most frequently occurring load
shape for each household was then designated as the observed domi-
nant shape (Methods).

A comparison of observed dominant load shapes during the SIP
period (Fig. 3) reveals far more temporal stability in dominant load
shapes before and during the SIP period than our participants per-
ceived, with the most notable change in load shape categories occur-
ring for the midday peak, which doubled in size among our participants
(7.5% before SIP versus 16.7% during SIP).

Due to variability in load shape patterns within households and
acrosstime, the dominant observed load shape may have a very similar
prevalence to another load shape that the respondent perceived
as their dominant shape. Thus, we generated a heat map to display
the daily percentage of each load shape for each household in the
before- and during-SIP periods (Fig. 4). Across all households, we find
the percentage of evening peaking load shapes appears the highest
both before and during SIP, which is further reinforced by the high
percentages of this shape within the evening peak dominant load
shape category. Moreover, across alldominate load shape categories,
there are fewinstances where thereisa‘close second’ to the dominant
shape, with 95% of all households having adominant shape that com-
prises at least one-third (33.8%) of a household’s total daily shapes.
For a description of the distributional characteristics of observed
load shapes before- and during-SIP periods and dominant load shape
distributions, see Supplementary Note 2.

Assessing load shape awareness
We next assess load shape awareness by comparing whether the load
shape that the respondent perceived as dominant during weekdays
aligned with their observed dominant weekday load shape derived
using their household’s electricity data (Fig. 5). For the before-SIP
period, approximately half of respondents (51.1%) were aware of
their dominant weekday load shape. However, during the SIP period,
respondent load shape awareness was substantially lower at one-third
(30.6%).

Exploring further (Fig. 6a), we find that in the before-SIP period,
those who were aware of their load shape tended to have an evening
peak as their observed dominant load shape (86%). For a majority

of respondents who thought their household had dual peaking load
shapes, we observed evening peaks (76%). In contrast, for only a few
respondents who thought they had midday peaks did we observe this
load shape (19%).

During the SIP period, amuch larger mismatch existed in perceived
and observed dominant load shapes (Fig. 6b). The majority of respond-
ents perceived adual peak, followed by evening peak, then midday peak
and morning peak. However, interms of observedload shapes, asinthe
before-SIP period, our analysis of household electricity datasuggested
thatamajority of dominantload shapes were evening peak during the
SIP period. Many respondents in the during-SIP period thus did not
have alignment between their perceived and observed dominant load
shapes, resulting in lower overall load shape awareness during SIP.

Participant characteristics and load shape
awareness

We also consider the relationship between individual-level and
household-level characteristics of participants (for example, gender,
age,income, education, occupancy, electricity rate planand home own-
ership) and theirload shape awareness for both before-and during-SIP
periods. For the individual- and household-level characteristics that
we were able to test, one was statistically significant: respondent gen-
der in the before-SIP period. We found that in the before-SIP period,
females were more likely to be aware of their load shape compared
with males/prefer to self-describe (female 56.1% correct; male/prefer
to self-describe 38.6% correct; odds ratio =2.0247; 95% CI = (1.0221,
4.0773), P<0.0371). It is important to note that the gender balance
in our sample does not represent the population, with two-thirds of
respondentsidentifying as female. The results of these and other alter-
native tests can be found in Supplementary Note 3. Ingeneral, our find-
ings suggest that the demographic and household characteristics we
explored were not good predictors of load shape awareness. Inaddition
to bivariate analysis, as a robustness check, we also conducted more
complexanalysis, including binary logistic regression modelling, and
did not observe any appreciable differences in the findings.

Discussion
We compared perceived and observed energy use patterns to provide
proofof principle for aproposed energy literacy concept—load shape

awareness. Existing measures of energy literacy tend to focus on more
general energy conceptsrelated to device consumption, savings from
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Fig. 3 | Before- and during-SIP comparison using observed dominant load
shapes. Observed dominant load shapes were derived using hourly electricity
datafrom households. The width of the paths corresponds to the proportion of
participants with complete load shape perception and household electricity data
(n=186).
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Fig. 4 |Summaries of daily household load shapes before and during SIP.

Heat map displays the percentage of morning peak, dual peak, evening peak and
midday peak load shapes observed for each household. Each columnin the heat
map represents a household with complete load shape perception and electricity
data (n=186) and each row aload shape designation. Lighter colours correspond

to higher percentages of daily load shapes for the weekdays during that period,
darker colours correspond to lower percentages of weekday load shapes.

a,b, The household’s observed dominant load shape in the period before SIP (a)
and during SIP (b).

particular actions, financial considerations, behavioural choices, atti-
tudes towards conservation and system-level understandings about
energy generation. Few studies of energy literacy connect to actual
contextualized household energy usage data™*. None of these concep-
tualizations account foratemporal understanding of electricity use pat-
terns, which would allow consumers to more effectively engage with a
rapidly evolvingelectricity system. Thisisimportant for understanding
pricinginitiatives by utilities, in particular, the selection of afavourable
time-varying pricing plan from available options. Load shape aware-
ness could also prove useful in energy conservation interventions, as
itincorporates several important aspects of consumption, including
both peak and base load, which, when connected to knowledge about
household activities, can provide a clear pathway to energy savings. We
were also able to compare awareness levels before and during a period
of intense disruptionin daily lives due to the COVID-19 pandemic and
associated restrictions.

For the before-SIP period, approximately half of respondents
were able to correctly identify their dominant energy use pattern;
however, this was mostly the case for respondents who chose evening
peak—which was also the dominant load shape in our respondents’
smart meter data, both before and during the SIP period. However,

for the during-SIP period, respondents had more difficulty correctly
identifying their dominant load shapes, with approximately one-third
identifying their dominant use pattern.

Energy literacy studies have generally found low levels of energy
literacy across many different conceptualizations'>*"57%, As a com-
parison, when asked about their monthly energy expenditures, 44% of
Dutchrespondentsinarepresentative survey had ‘noidea’about how
much they paid, and only 60% correctly answered an energy-related
financial literacy question”. Across an 11-item energy knowledge
index, most respondents from a representative sample of Americans
answered less than 60% of the items correctly, and, for three items
focused on energy bill interpretations, only 27% answered all cor-
rectly”. Thus, our findings are on par with other measures of energy
literacy. Moreover, given the relative recency of data availability to
consumers about their daily electricity usage patterns viasmart meters,
highlevels of load shape awareness should not necessarily be expected.
Itisworth noting that our participants had to know their online utility
account login information to participate in the study, which may not
be the case for many utility customers. Our participants may then
have more exposure to their household’s usage data than the average
customer, and thus, we might expect them to be more aware of their
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Fig.5|Load shape awareness among participants. Load shape awareness is generated by comparing the participant’s survey responses with their household’s hourly
electricity data. The width of the paths corresponds to the proportion of participants with complete load shape perception and household electricity data (n =186).
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perception and household electricity data (n =186).

load shapes. Additional research using a representative sample of
participants would prove enlightening in this respect.

Astime-of-use pricing becomes more widespread, consumers may
be forced to become more aware of their load shapes to avoid higher
bills, though we did not find alink between participants who reported
being charged time-of-use rates and load shape awareness. Because
such variable pricing schemes may have disproportionate impacts
on already vulnerable populations', building load shape awareness
should be a priority as utilities move to implement such policies.

In many ways, our conceptualization of load shape awareness
responds to calls from scholars to create more practical measures
of energy literacy that do not require people to become ‘human

calculators...accurately estimating how much energy every activ-
ity uses’ but instead understand general consumption patterns and
actions that are most effective for reducing carbon emissions and
facilitating system-level changes”. Additional research aimed at under-
standing therelationship between ourload shape-awareness measure
and other energy literacy concepts, in particular, action energy literacy,
will be critical to establish evidence of discriminant validity (that is,
distinctness of our concept). What is clear is that, for both practical
and theoretical reasons, energy literacy researchers need to consider
and possibly adjust major concepts toincorporate time-based energy
use considerations and determine if, how and why these may align or
differ from existing energy literacy concepts.
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In terms of the differences in respondent accuracy before and
during SIP orders, such findings could have several explanations.
First, in assessing the changes that their household experienced dur-
ing SIP orders, respondents may have felt these changes would be
more evident in their electricity use patterns. A second explanation
relates to the structure of the survey instrument, which could have
made respondents more likely to select a response in the during-SIP
period that was different from the before-SIP period, as these ques-
tions were asked in the same sequence and not randomized. Rand-
omization of the load shape choices, which we did not implement in
this study, could help reduce the potential for response order bias.
We also provided respondents with only four options for load shapes.
More load shape options, such as a flat shape or even the option to
‘draw’ their own load shape, could be considered in future research.
Relatedly, first assessing whether respondents were aware of their load
shape (that s, self-reported load shape awareness) before asking about
load shape perceptions could be used to help disentangle some of the
variationinrespondent accuracy. Whileiit is difficult to unpack which
explanation is most prominent, such findings suggest that assessing
differences in energy use patterns during times of disruption—
whether they be SIP orders, new household members (such as infants)
or achange inemployment schedules (such as retirement)—could be
particularly challenging.

The primary limitation of our study is the sample due toits size and
construction using purposive, rather than probability-based, elicita-
tion methods. Our findings should thus be interpreted as exploratory
and are not generalizable or representative of the California popula-
tion. Withrespect to the few studies that have linked residential elec-
tricity use with surveys®~', however, our sample is commensurate
with, or exceeds, extant datasets. Indeed, collecting smart meter data
thatislinked toindividual survey respondentsis an on-going challenge
but may become easier as advanced meteringinfrastructure becomes
more commonplace. Apart from obtaining access to the energy data,
whichinand of itself canbe difficult, there are also issues with electric-
ity data quality and scale, varying from incomplete or missing data
to households living at their address for only a short time period and
lacking a longer record of historical data. Some of these sample size
limitations may have contributed to our challenges in linking other
respondent characteristics to load shape awareness. Another limita-
tionand direction for futureresearchis tonot only consider electricity
usage but other energy sources, such as natural gas, and even other
resources, such as water. While deployment of smart meters for these
other consumptive resources are behind that of electricity usage, it
could nonetheless be an important direction for future research to
develop an even more comprehensive understanding of temporal
consumption patternsinthe home.

When we tried to relate load shape awareness to household or
sociodemographic characteristics, we found statistically significant
relationships only with gender. Women were more likely to be aware
oftheir load shape in the before-SIP period. Why we did not find more
statistically significant relationships to demographic or household
characteristics could be due to our small size or that these relationships
donotexist. Our finding of higher load shape awareness among women
is interesting given past research. Women have typically been found
to have lower levels of energy literacy, particularly financial energy
literacy, than men. Yet they also tend to report more willingness to
engage in energy-saving behaviour, involvementin more energy-using
activities in the home and are more likely to pay bills***, It could be
that women are more aware of their electricity consumption patterns—
whichare more directly tied to actual behavioursin the home—because
theyare, on average, more likely to be engaged in these activities®*>",

Other factors that we did not measure (for example, numeracy,
environmental attitudes, values, cognitive traits) but have proven
important for energy literacy in previous studies” could be relevant
for load shape awareness and should be considered in future studies.

Such factors could be used to help design future interventions aimed
atimproving load shape awareness, as has been done with other energy
literacy concepts®**. Future research should also explore the link
between load shape awareness and behavioural outcomes (for exam-
ple, choices about time-varying rate plans, peak energy consumption)
to better delineate its policy relevance, especially in comparison to
other more established energy literacy concepts.

Forenergy providers considering the widespread automatic enrol-
ment of customers into time-of-use rate plans across the United States
and elsewhere, our research raises some important issues. We found
that only half of our respondents were aware of their dominant load
shapes, suggesting that a large proportion of household members
may not be aware of their household energy use patterns and may
struggle to determine whether to opt out of such programmes or
adjust their usage patterns. This lack of understanding could also
present challenges for households as they attempt to identify which
electricity-related activities to shift, and when to shift them, to avoid
usage during times of higher electricity rates, a challenge potentially
exacerbated during large-scale lifestyle disruptions. It could be that
the technology to apply variable time-use electricity pricing is a step
ahead of our understanding of residential time-based electricity use,
and more effort needs to be made to educate the public about con-
ceptssuchasload shapes and daily energy use patternsto bringthem
into lock step. We offer a way of assessing energy literacy thatis both
practical and relevant in this new energy era of advanced metering
infrastructure and increasingly data-driven, time-based consumer
electricity markets.

Methods

Survey and energy data collection

We fielded asurvey to asample of Californiaresidents over the course
oftwo months from22 April 2020 to15June 2020. To be eligible to par-
ticipateinthis study, participants had tobe 18 years or older and meet
multiple criteria. First, participants had to be a customer of a utility
company in California that partners with UtilityAPI, a platform that
facilitates third-party access to energy data fromresidential customers.
Atthetime of the survey, five utility partners provided access to smart
meter data: Pacific Gas and Electric Company, Southern California
Edison, San Diego Gas and Electric, Los Angeles Department of Water
and Power and Sacramento Municipal Utility District. Next, the partici-
panthadtobeabletologintothe online account of their households’
utility company and consent to sharing their energy datathroughthe
UtilityAPI platform. After these initial criteria were met, participants
then had to complete an online questionnaire that asked about energy
use behaviours and demographic characteristics. Only one participant
per household completed the questionnaire.

In total, we received 242 survey responses that were associated
with valid utility accounts through the UtilityAPI platform. The average
length of hourly interval smart meter data collected per participant
household was approximately one year (347 days). Data from partici-
pants were excluded from the study if their households did not have
hourly electricity use data with coverage in pre-SIP and post-SIP periods
and/or had rooftop solar or battery storage systems, which obfuscate
hourly electricity demand patterns, resulting in 198 participants. Out
ofthe 198 participants that met these criteria, 186 had complete survey
data for our key measure of interest, self-assessment of household
energy use patterns. We did not find evidence that missing data were
strongly related to participant characteristics. Supplementary Note
1provides a detailed description of the sample, including sources
ofexcluded data, and some robustness tests for excluded households
withsolar systems. Supplementary Table 2 describes the demographic
and household characteristics of all participants in our sample com-
pared with the summaries provided by the American Community
Survey*’. Thissample is purposive and not representative asit required
participants to be California residents who had a smart meter and
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had access to their utility account, were willing to share this data
and completed asurvey.

Respondent assessment of dominant electricity use patterns
The core measure generated from our survey is the respondents’
self-assessment of their households’ energy use patterns during week-
days. We chose to focus on weekdays in this research for two primary
reasons: (1) load shapes have been found to be more varied (that is,
higher entropy) during weekends*, making recall of dominant electric-
ity use patterns more challenging as weekday and weekend activities
can be quite different for some households; (2) variable rate pricing
plans (forexample, time of use) are typically implemented on weekdays
and not onweekends, reducing some of the salience of understanding
weekend electricity use. In the survey, respondents were first asked
to ‘Choose the graph most likely to represent your home’s electricity
use on weekdays (Monday-Friday) before your household made any
changes due to SIP orders related to COVID-19 (coronavirus)’ with
images (displayed in Fig. 1) with response categories corresponding
to ‘Highest electricity use in the morning’, ‘Highest electricity use in
the morning and evening’, ‘Highest electricity use in the evening’ and
‘Highest electricity use in the middle of the day’. We then asked the
follow-up question, ‘Now choose the graph most likely to represent
your home’s electricity use on weekdays (Monday-Friday) since your
household made any changes due to SIP orders related to COVID-19
(coronavirus)’ with the same optionslisted asin the previous question
withthe additional response choice of ‘My household has not made any
changes dueto SIP ordersrelated to COVID-19 (coronavirus)’. Toalign
theseresponse categories from the survey with daily patternsin hourly
energy use, or load shape, we assign the following (Fig. 1): ‘Highest
electricity useinthe morning’ to ‘Morning peak’, ‘Highest electricity in
the morning and evening’ to ‘Dual Peak’, ‘Highest electricity usein the
evening’to ‘Evening peak’and ‘Highest electricity usein the middle of
the day’ to ‘Midday peak’.

Identifying dominant electricity use patterns
We next developed amethod for mapping daily electricity use patterns
into one of the four weekday load shape designations described in
the survey: morning peak, dual peak, evening peak and midday peak.
The process of generating one observed dominant load shape is an
approximation and is primarily used for the purposes of matching a
household’s daily electricity use patterns to the closest load shape
described in the survey questionnaire. We tested several alternative
methods, including a dictionary-based approach, a direct ranking
procedure and the peak detection method we ultimately selected.
Our peak detection method was accomplished in four steps:
(1) obtaining daily load shapes, (2) smoothing daily load shapes,
(3) peak detection, (4) mapping the four load shape designations. The
first step for identifying energy use patterns is to normalize the daily
household electricity load profile. Let [(¢), t = 1,2,...,24 be a daily load
profile; the normalized daily profile, or the load shape s(¢) is defined as
()

s(t) = <’

where ais the daily total load denoted by a = 32*, /(). We thensmooth
the load shapes and detect the timing of peaks. Smoothing is done
before peak detection because applying peak detection to raw load
shapes couldyield many peaks due to potential high-frequency fluctua-
tioninraw load shapes. The smoothing of daily load shapes is achieved
by passing the load shape s(t) through a Savitzky-Golay filter*, which
isamethod usedinthefield of signal processing toincrease precision
without distorting signal tendency. Specifically, thefilter fits successive
subsets of adjacent normalized hourly load with alow-degree polyno-
mial by the method of linear least squares. We next find all local maxima
by asimple comparison of neighbouring values to detect the peaksin

filtered load shapes. A subset of these local maximais chosen to ensure
that locations are prominent peaks by specifying the following peak
properties (obtained after some tuning and observation): (1) the peak
is higher than 0.042 (the value if the load shape is flat) by 1.1 times the
standard deviation of the normalized hourly load and (2) there exist at
least six hours between two peaks. An example of smoothed load
shapes and detected peaks of the sampled load shapes is displayed in
Supplementary Fig. 3.

Finally, we map these load shapes to one of four load shape des-
ignations, described previously (Fig. 1). We specify three time peri-
ods: morning (3 a.m.-11a.m.), midday (11 a.m.-5 p.m.) and evening
(5p.m.-3a.m.).Ifaload shape has all peaks in one of these three time
periods, itismapped to that corresponding time period. For example,
if the only two peaks are at 12 p.m. and 4 p.m., the load shape is desig-
nated as midday peak. If peaks are detected in at least two separate time
periods, theload shapeis designated as dual peak. We purposely chose
tobe moreinclusive of dual peaking shapes, rather than limit ourselves
tothestricter definition of the dual peak occurring in the morning and
evening, as the perceptions of time windows for these designations may
vary by respondent. We refer to these load shape designations mapped
fromrespondent’s hourly energy use as observed load shapes. We use
thismappingto then explore the distribution of observed load shapes
across respondents, the frequency of observed dominantload shapes
across respondents and the alignment of perceived and observed
dominant load shapes across before- and during-SIP periods. When
perceived and observed dominant load shapes align, we identify these
respondents as having awareness of their load shape.

When compared to the alternative methods foridentifying domi-
nantelectricity use patterns, we found general agreement across com-
parable approaches. Yet, we acknowledge the inherent subjectivity
in assigning a single load shape to represent a household’s dominant
electricity use patterns. Asan example, inadirect ranking strategy used
toassessthe sensitivity of our load shape classifications to alternative
identification strategies, we calculated the total amount of energy
used in three of our identified potential peak time periods (morning,
evening and midday) and classified load shapes by the time period that
ranked highest by overall usage. Identification of adual peak load shape
was more ambiguous with the direct ranking method. A comparison
of this alternative direct ranking strategy with the peak detection
method employedin this study resulted in 77% agreement in observed
dominant load shape designations for the shapes (morning, evening
and midday) that could be identified by both methods.

Load shape awareness and participant characteristics

In our last set of analysis, we explored how sociodemographic and
household characteristics related to respondent awareness of their
household’s dominantload shapesinboth the before-and during-SIP
periods using bivariate analysis. For binary measures, we use a
Fisher’s exact test, and for continuous measures, we apply difference
in means (¢-test), using two sided tests for null hypothesis testing.
We first considered the relationship between load shape awareness
and the respondent characteristics of education, age and gender.
We next tested how the household characteristics of electricity rate
plan (that is, time-varying rate structure), household income, living
in an owner-occupied home and number of household occupants
were related to load shape awareness. In alternative analysis, we used
binary logistic regression to model load shape awareness using soci-
odemographic and household characteristics as covariates and did
not observe any differences in statistical significance compared to the
bivariate analysis approach.

Ethics statement

This research was reviewed and approved by the Oregon State
University Institutional Review Board (IRB number 8101). Participa-
tion in our study was voluntary, and all study participants provided
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informed consent. Participant recruitment and compensation was
managed by Qualtrics, asurvey research firm.

Reporting summary
Furtherinformation onresearch designisavailablein the Nature Port-
folio Reporting Summary linked to this article.

Data availability

The complete dataanalysedinthe current study are not publicly avail-
able dueto ethical restrictions and privacy of participantinformation.
However, de-identified versions of the data are made available through
the Open Science Framework at https://osf.io/4jxcm/ and https://
doi.org/10.17605/0SF.1I0/4JXCM.

Code availability

The code that supports analysis using de-identified versions of the data
are made available through the Open Science Framework at https://
osf.io/4jxcm/ and https://doi.org/10.17605/0SF.10/4JXCM.
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Research sample This research sample includes California residents that live within the service territory of five utilities (Pacific Gas and Electric
Company (PG&E), Southern California Edison (SCE), San Diego Gas and Electric (SDG&E), Los Angeles Department of Water and
Power (LADWP), and Sacramento Municipal Utility District (SMUD)) and have access to their household’s utility account. This study
sample was chosen to enable access to hourly smart meter electricity data, with California having the highest number of smart meter
installations in the U.S. This sample is convenience-based and is not representative of the California population.

Sampling strategy We fielded an internet survey to a sample of California residents. All participants provided informed consent, with participant
recruitment and compensation managed by Qualtrics, an internet survey research firm. To be eligible to participate in this study,
participants had to be 18 years or older and meet multiple criteria. First, participants had to be a customer of a utility company in
California that partners with UtilityAPI, a platform that facilitates third party access to energy data from residential customers. At the
time of the survey, five utility partners provided access to smart meter data: Pacific Gas and Electric Company (PG&E), Southern
California Edison (SCE), San Diego Gas and Electric (SDG&E), Los Angeles Department of Water and Power (LADWP), and Sacramento
Municipal Utility District (SMUD). Next, the participant had to be able to login to the online account of their households’ utility
company and consent to sharing their energy data through the UtilityAPI platform. After these initial criteria were met, participants
then had to complete an online questionnaire that asked about energy use behaviors and demographic characteristics. Qualtrics
provided us with a sample of 242 study participants that met these criteria.

Data collection Survey data was collected through the Qualtrics platform. Electricity data was collected through UtilityAPI, a platform that facilitates
third party access to energy data from residential customers.

Timing The survey was administered to study participants from April 22, 2020 to June 15, 2020.

Data exclusions We received 242 survey responses from participants that were associated with valid utility accounts through the UtilityAPI platform.
Participants’ data were excluded from analysis if households did not have hourly electricity use data with coverage in pre-SIP and
post-SIP periods and/or had rooftop solar or battery storage systems, which obfuscate hourly electricity demand patterns. These
exclusions resulted in 198 participants. Of these 198 that met these criteria, 186 participants had complete survey data for our key

measures of interest.

Non-participation All participant recruitment was handled by Qualtrics. As participant recruitment was convenience based, we do not have a way to
calculate response rate or other metrics associated with non-participation.

Randomization No randomization was used in this study.
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Human research participants

Policy information about studies involving human research participants

Population characteristics Study participants were 65% female and had a mean age category of 25-34 years old. See the "Research Sample" section for
more information.
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Recruitment Participants were recruited via convenience sampling by the survey research firm Qualtrics. Participants received
compensation for completing surveys according to previously agreed upon terms as part of a survey panel. All participants
were 18 years or older and provided informed consent. See above "Sampling Strategy" section for more information.

Ethics oversight This research was approved by the Oregon State University Institutional Review Board (IRB #8101).

Note that full information on the approval of the study protocol must also be provided in the manuscript.
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