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Abstract 
 
To contain the spread of the novel coronavirus (COVID-19), local and state governments in the United 
States have imposed restrictions on daily life, resulting in dramatic changes in how and where people 
interact, travel, socialize, and work. In this research, we explore how California’s Shelter-in-Place (SIP) 
order impacted household energy lifestyles. To do so, we conducted an online survey of California 
residents (n=804) during a time period of active SIP restrictions (May 5–18, 2020). We asked respondents 
about changes to home occupancy patterns and energy-related activities due to SIP restrictions, as well as 
perspectives toward smart energy technologies. Households reported increased midday (10am–3pm) 
occupancy during SIP, and this increase is related to respondent and household characteristics such as 
age, education, and presence of minors in the home. When examining change in the frequency of energy 
and non-energy related activities during SIP, presence of minors and increased midday occupancy is 
associated with changes in household activity frequency, such as increased cooking and use of 
electronics. Finally, we considered how changes in midday occupancy and activity frequency are related 
to intention to purchase smart home technologies. The presence of minors and an increased frequency of 
household activities are related to greater intention to purchase smart technologies. These findings 
demonstrate how activities and occupancy in households are changing under COVID-related restrictions, 
how these changes may be related to energy use in the home, and how such COVID-related changes 
could be shaping perspectives toward smart home technology. This research highlights the dramatic 
impacts that pandemic-related restrictions have already had on households and the potentially differential 
effects associated with household characteristics. It also provides insight into how COVID-related 
restrictions may impact household lifestyles and electricity demand across longer time horizons. 
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1. Introduction 
 

The 2019–2020 coronavirus disease outbreak (SARS-CoV-2), commonly referred to as 

coronavirus, COVID or COVID-19, has impacted global society at a scale and scope that is unparalleled 

in the post-World War II era. In the United States, the virus has already exacted a devasting human toll 

and is attributed to over 130,000 deaths as of July 2020 [1]. To protect populations from the spread of this 

highly virulent disease, many states, counties, and municipalities across the U.S. have responded with 

policies that restrict the movement and interaction of people that, in effect, are shared sacrifices that have 

led to lost jobs and closed businesses, disruptions to daily routines, and reduced social contact. While 

there has been substantial variation in when states and communities have imposed such COVID-related 

orders, the content of these orders, and what they are called (e.g., Shelter-in-Place, Stay at Home, Healthy 

at Home) [2], one common result for many areas across the U.S. is the increased confinement of people 

within homes and their respective localities. Compliance with these restrictions, as well as voluntary 

actions for protecting family members and the community, have resulted in substantial disruptions to the 

rhythms of daily life, altering everything from where people work, shop, eat, and travel, to how they 

educate children, care for the elderly, and socialize with family and friends.  While there are many 

consequences to these disruptions (e.g., increased remote work and learning; reduced social interaction; 

economic losses; mental health impacts), one little explored area is how COVID-19 is changing 

interactions within home environments [3]. Everything from when, how, and who performs activities in 

the home (e.g., food preparation, office work, leisure/recreation) and the intensity, duration, or timing of 

activities are likely undergoing rapid changes. These changes to activity patterns, especially for activities 

that use devices or appliances, could be substantially altering energy usage patterns in the home. 

At the same time, while the impacts are acute at the individual-level in many areas throughout the 

U.S., in the aggregate new research suggests that these restrictions are impacting energy production and 

consumption at world-scale [4]–[8], leading to a temporary decrease in global carbon emissions that is 

attributable to the pandemic [9]. Such findings suggest that opportunities may exist within this crisis for 
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helping ease the transition towards a cleaner, lower emissions energy future. Smart home technologies, or 

“devices that provide some degree of digitally connected, automated, or enhanced services to building 

occupants” (pg. 1), become particularly salient in this regard because these technologies are anticipated to 

play an important role in realizing this transition [10]. Yet, the use of these technologies is also reliant on 

household adoption [11], [12] and households are undergoing abrupt and potentially lasting changes to 

their in-home lifestyles. Such experiences could shape perspectives toward smart technologies in the 

home.   

While there is substantial state-level variation in renewable energy production and policies 

intended to increase adoption of smart home technology and/or distributed energy resources (DER), 

California has been on the forefront of both. It leads the country in renewable energy generation and 

policies that promote building energy efficiency standards, many of which include integration of smart 

home technologies [13]. Additionally, California was the first state to impose COVID-19 home 

confinement restrictions through an executive order on March 19th, 2020. With this in mind, we use the 

California context to explore the potentially dramatic changes that COVID-related restrictions have had 

on household occupancy and energy activities, as well as perceptions toward smart home energy 

technologies. 

California and COVID-19 

Along with a handful of U.S. states taking similar action in early March 2020 to confront the 

threat of COVID-19, California’s governor, Gavin Newsom, declared a State of Emergency on March 4, 

2020, following a rise in cases and California’s first official coronavirus death [14]. Early restrictions in 

the first two weeks of March included bans on gatherings of a certain size and some school closures [15], 

[16]. However, it was not until a rapid increase in COVID-19 cases in Santa Clara County that, on March 

17, six San Francisco Bay Area counties (Alameda, Contra Costa, Marin, San Francisco, San Mateo, 

Santa Clara) and the City of Berkeley declared a Shelter-in-Place public health order, the first of its kind 

in the U.S. This order affected nearly 6.7 million California residents and required people to stay at home 

and only engage in essential activities and travel [17]. Additional counties followed suit, with the 
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Governor ultimately declaring a California-wide stay at home directive by Executive Order on March 19, 

effectively limiting all nonessential travel and activities with exemptions for operations and activities 

deemed critical [18]. The first stage of the order, active from March 19 – May 7, imposed the strictest 

restrictions on travel and activities. On May 8, some of these restrictions were eased for low-risk 

businesses that were able to follow social distancing guidelines [19]. Throughout this research, we refer to 

this collection of COVID-19 restrictions in California as Shelter-in-Place (SIP) orders1.   

 SIP orders have mandated abrupt and substantial changes in where and how people interact – 

changes that may persist after restrictions lift. At aggregate scales, these mandated restrictions, as well as 

voluntary behavioral changes to limit the spread of COVID-19, can already be observed through changes 

in human mobility patterns and electricity consumption. California mobility trends related to retail, 

recreation and public transit have decreased by 40% or more, while residential mobility (i.e., people 

staying home) has increased by 12% [21]. Electricity usage at the grid level in California also experienced 

major changes with an estimated 8% decrease in electricity demand during April 2020, the height of 

active COVID-restrictions in the state [Manuscript in Preparation]. However, the link between these 

aggregate measures and effects observed at smaller scales, such as the individual- and household-level, is 

lacking. This is the gap our work is intended to fulfill: linking COVID-19 restrictions to occupancy, 

activity levels, and preferences for energy-related technologies. 

 
 
1.1 Research Questions  
 

By design, compliance with SIP orders should result in longer periods of time spent indoors and 

within households. Before SIP orders, work, school, and other routinized activities, as well as recreation, 

exercise, and leisure, often led people outside the home throughout the day, and during SIP orders 

patterns of household occupancy likely changed. Understanding changes in active occupancy is 

 
1 Throughout this research, we have made the decision to refer to California’s COVID-related restrictions as Shelter-
in-Place (SIP) orders, as SIP orders were imposed before the statewide stay home order and are still active in many 
counties [20]. Furthermore, the term Shelter-in-Place was used by many media outlets during this time to refer to 
California’s COVID-related restrictions more generally.  
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particularly important in this regard as it not only reflects the changes that households are experiencing, 

but also can be used to help understand changes in residential energy consumption [22]. We therefore 

posit the following research question: 

RQ1: How did SIP orders impact residential occupancy patterns? 

 Relatedly, many activities that may have typically occurred outside the home before COVID-19 

(e.g., work, education, leisure, etc.) occurred within the home during SIP, with employees connecting 

remotely to their workplaces, school programs being taught online, and nightly entertainment in living 

rooms rather than movie theaters. While no literature exists on how these activities have been specifically 

impacted by COVID-19 and related restrictions in households, we know from previous studies that 

understanding the timing and pattern of these activities can be important predictors of health, energy and 

other sustainability-related outcomes [23], [24]. For example, instead of having many sources of food 

available that do not require preparation at home, households were likely more responsible for meeting 

nutritional requirements through food preparation and cooking at home during SIP. Additionally, many 

activities within the home can be related to energy consumption (e.g., electricity, natural gas, water, etc.), 

with some activities, such as those related to hot meals, found to be associated with higher electricity 

usage [22]. This has implications not only for how lifestyles have changed in the home due to changes in 

the intensity and frequency of activities, but for how households consume energy, depending on shifts in 

energy and/or non-energy using activities. We therefore offer the following research question: 

RQ2: How did SIP orders alter residential energy and non-energy related activities? 
 Given some of the abrupt changes to daily lifestyles within home environments, people likely had 

new experiences that influenced perceptions around meeting needs using a variety of technologies within 

the home. Research has shown many reasons why households may be more likely, or less likely, to adopt 

certain smart home technologies [3], [11], [25]–[27]. They could be attuned to its benefits – e.g., energy 

savings, convenience and controllability, cost savings, and system benefits for the energy grid – but also 

concerned about its risk – e.g., privacy, security, technical reliability, and usability [10]. While much of 

this research considers the psychological and technical reasons for why households may be interested in 
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adopting smart home technologies, how perceived benefits and barriers to adoption may interact with a 

disruptive event like the COVID-19 pandemic and resultant restrictions have received little attention. 

However, one exception is a study that examined intention to adopt home energy management systems 

(HEMS) in New York, finding higher willingness-to-pay for groups of individuals with moderate 

perceived level of risk for COVID-19 infection [3]. Due to the importance of smart home technologies in 

addressing home efficiency and automation, especially in California where adoption of smart home 

technologies is already relatively high, as well as potentially changing perspectives about household 

lifestyles given new reliance on home environments to provide a variety of services and functions, we 

offer the following research question: 

RQ3: How has SIP orders influenced intention to adopt smart home technologies?  

 Some households may have experienced more change under SIP orders compared to other 

household compositions. For example, exploration into how families with children have been uniquely 

impacted during this time is an on-going area of interest, especially considering that households with 

children are now required to provide a variety of child-related services during weekdays with the closure 

of many schools, daycares, camps, etc. Indeed, prior research has found that everything from residential 

building type, to characteristics of individuals within the household, to occupancy patterns can be related 

to electricity use in the home [28]–[32]. Additionally, recent work exploring consumer spending patterns 

in the early stages of the pandemic found that households with children tended to spend more, also 

suggesting potential heterogeneity in impacts of the pandemic [33]. Other work has found changes in self-

reported energy use patterns during COVID-19, with higher than average electricity usage overall and a 

flattening of morning and evening peaks during weekdays [3]. Given that these are important 

considerations for the both public and policy makers alike, we offer the following question: 

RQ4: How have household characteristics shaped occupancy, activities, and energy-technology 
preferences during SIP orders? 
  

To address these research questions, we fielded an online survey to residents of California under 

active COVID-19 SIP orders. This approach is described in detail below. 
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2. Methods 

2.1 Data Collection 

To better understand the impacts of SIP orders on household occupancy, energy activities and 

smart home adoption, we created a survey instrument administered to a panel of online participants from 

California, recruited by the survey research firm Qualtrics, and fielded in the first half of May 2020 (May 

5 – May 18). While not a probability-based sample, all invited survey participants were located within 

California and recruited to match California-wide demographic estimates of gender, age, and educational 

attainment in the American Community Survey (ACS, 5-year estimates, 2013-2018) [34]. In total, we 

received 804 completed surveys with respondents matching the ACS within one percentage point for the 

target categories of gender, age, and education (see Table 1). While we did not purposively match on 

respondents’ household characteristics, we find that respondent households are similar to California ACS 

estimates. With respect to household income (survey median $60,000 - $69,999 vs. ACS median 

$71,228), size of household (survey average 2.8 vs. ACS average 3.0), and households with minors 

(survey 28.6% vs. ACS 34.8%) our sample is below ACS estimates, while for single family housing 

(survey 64.7% vs. ACS 57.9%) and owner occupied housing (survey 56.1% vs. ACS 50.3%) our sample is 

above ACS estimates. For these household characteristics, differences between our survey respondents 

and California ACS population statistics do not exceed 7%2. 

 
  

 
2 This does not include household income where we only have a category range for comparison. 
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Table 1: Comparison of survey respondent and household characteristics to American Community Survey 
estimates for California (5-year estimates, 2013-2018) 
 
Measure Survey Respondents California ACS 2018 (5-year 

Estimates) 
Gender Male: 50.0% 

Female: 49.9% 
Other: 0.1% 

Male: 49.7% 
Female: 50.3% 

Age1 18-34: 31.8%  
35-64: 50.4% 
65 and over: 17.8% 

18-34: 32.5% 
35-64: 49.9% 
65 and over: 17.7% 

Education High school or less: 37.8% 
Some college: 29.1% 
Bachelor’s or higher: 33.1% 

High school or less: 37.7% 
Some college: 29.1% 
Bachelor’s or higher: 33.3% 

Income Median household income 
category: 
$60,000 - $69,999 

Median household income: 
$71,228 

Average household size 2.85 3.0 
Households with minors Households with one or more 

people under 18 years old: 
28.6% 

Households with one or more 
people under 18 years old: 
34.8% 

Housing type Single family home: 64.7% Single unit detached: 57.9% 
Owner occupied household 56.1% owner-occupied 50.3% owner-occupied 

1 California ACS 2018 estimates for age were adjusted for comparison to the survey sample which did not 
include participants under 18 years old.  
 
 
2.2 Measures 
 
Change in midday occupancy on weekdays due to COVD-related restrictions 
 

To measure change in midday weekday occupancy during SIP orders, we first asked respondents 

“Before your household made any changes due to shelter-in-place orders related to COVID-19 

(coronavirus) and excluding pets, how often is someone at home during the day (10am – 3pm) on 

weekdays (Monday – Friday)?” on a scale from 1=“Never” to 6=“5 days a week”, and then asked this 

same question with a modification to elicit midday occupancy during SIP (“Since your households made 

changes due to shelter-in-place…”). We then calculated the difference in midday occupancy before SIP 

(mean=3.611 days; sd=1.955) and during SIP (mean=4.284 days; sd=1.556) to generate a change in 

midday weekday occupancy metric (During SIP – Before SIP; mean=0.6729 days; sd=1.591). See 

Supplement Materials S1 for the distributional characteristics of this measure. 
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Change in household activities due to SIP orders 

We next measured change in household activity frequency during SIP orders using the following 

question: “Since the shelter-in-place orders related to COVID-19 (coronavirus), are you and members of 

your household doing the following things more often, less often or about the same?” with response items 

“Eating together”, “Cooking with a stove top/range or oven”, “Running the dishwasher”, “Doing laundry 

using a washing machine or dryer”, “Using a computer, game console, tablet, or TV”, “Using electric 

heating when it’s cold or a fan/AC when it’s hot”, “Being physically active outdoors”, “Being physically 

active indoors on devices that use electricity”, “Communicating by phone or video”, and “Turning on 

lights”. Each of these items was situated on the following three-point scale: -1=“Less often”; 0=“About 

the same amount”; and 1=“More often”. We then use these items to create two additive measures of 

activity, one that includes change in the frequency of all household activities (mean=2.876; sd=3.395) and 

the other that includes the change in the frequency of all household energy activities (mean=2.678; 

sd=3.018). 

Intention to purchase smart appliances and devices 

The final measure that we considered was a respondent’s intention to purchase a smart appliance 

or device. We asked, “Which statement best describes your household’s intentions to purchase the 

following items?” with items “Solar panels that generate electricity”, “Smart thermostat (Nest, Ecobee, 

etc.)”, “Smart appliances (Samsung Family Hub refrigerator, Bosch Home Connect dishwasher, etc.)”, 

“Home Energy Monitoring System (HEMS) (Sense, CURB, etc.)”, “Home energy storage battery (Tesla 

Powerwall, etc.), “Smart light bulbs (Philips Hue, etc.)” and “Smart plug or power strip”. Response 

categories for these items were “We have already purchased”, “We intend to purchase in the next 12 

months”, “We intend to purchase after 12 months”, “We have no intention to purchase”, and “This cannot 

be installed at our current home.” We recoded these categories to 0=“No intention to adopt” and 

1=“Intention to adopt” and then formed a smart technology adoption measure by summing each of the 
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items and dividing by the total number of non-adopted items3. This gave us a measure with a value 

between 0 and 1 (mean=0.34; sd=0.29). See Supplement Materials S2-S3 for summary statistics and 

distribution of this smart adoption measure. We next applied these characteristics and measures in our 

analysis. 

2.3 Analysis 

To explore the relationships between respondent and household characteristics, smart 

device/appliance adoption, as well as change in midday occupancy and activity frequency during SIP 

orders, we apply ordinary least squares regression models. Our analytical sample for regression modeling 

is 746, with missing data4 deleted listwise. In our model specifications, we include household 

characteristics alongside respondent demographics. The reason for this is two-fold. First, we include the 

respondent characteristics of gender, age, and education because we used these categories for sample 

selection. Second, while these respondent characteristics do not necessarily describe complete household 

characteristics (only in the case of single occupant households or 19.4% of our sample), they do provide 

important insight into the characteristics of the household, such as educational achievement of a 

household member. In addition to survey respondent characteristics, we also include an indicator for 

whether minors are present in the home, the average household size during SIP, whether the home is 

owner occupied, the type of housing (single family vs. other), as well as household income. Using these 

baseline model specifications, we test whether household dynamics such as midday occupancy and 

activity frequency change due to SIP orders, as well as how these changes may be related to intentions to 

adopt smart technologies.  

 

 

 
3 We combine “This cannot be installed at our current home” with “We have no intention to purchase” for two 
reasons. First, some participants may not make the distinction between “no intention to purchase” and “cannot be 
installed” because the reason they do not intend to purchase could be because it cannot be installed in their home. 
Second, we included “single family home” and “owner occupied home” in our modeling, and both of these 
household characteristics are related to the feasibility of installing some of these smart appliances/devices. 
4 The main source of missing data was respondents who do not wish to share their household income data. 
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3. Results 

3.1 Change in occupancy related to COVID-19 SIP orders 
 
 We first consider the change in the number of weekdays that are occupied during midday (10am –

3pm) during SIP orders. Comparing midday occupancy before SIP and during SIP, there is an increase in 

occupancy of approximately 0.67 days (Figure 1; p<0.001). While a majority of participants did not 

change midday occupancy (74.2%), the next most frequent category is 5 (7.7%) or a shift from no midday 

occupancy on weekdays before SIP to midday occupancy on every weekday during SIP (Supplemental 

Materials S1). 

 
Figure 1: Reported number of weekdays that the household was occupied from 10am – 3pm, before and 
during SIP orders. 
 

 
 
 

We next explore which households experienced the most change in midday occupancy based on 

both the characteristics of the survey respondent and characteristics of the household. In our baseline 

model, we consider how respondent and household characteristics are related to change in midday 

occupancy (10am – 3pm). We find that increased midday occupancy is associated with respondents who 

hold a bachelor’s degree or higher (𝛽=0.454; p<0.001) and households with higher income (𝛽=0.558; 

p<0.001), while lower change in midday occupancy is associated with younger respondents (𝛽=-0.342; 
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p<0.001), living in a single family home (𝛽=-0.287; p<0.05), and smaller households sizes (𝛽=-0.28; 

p<0.05) (Model A1) . Next we consider how the presence of minors (persons under 18 years old) in the 

home influences the change in midday occupancy (Model A2) and find that minors are associated with an 

average increase in midday occupancy of approximately half a day (𝛽=0.445; p<0.01).  

 
Table 2: OLS regression models predicting change in midday weekday occupancy 
 

 
Change in midday 
weekday occupancy 

 Model A1 Model A2 

 Std. beta Std. beta 

Respondent characteristics   
Female (vs. male) 0.103 0.105 

Age (categories) -0.342** -0.341** 
Bachelor's or higher (vs. less than 
Bachelor's degree) 0.454** 0.457** 

Household characteristics   
Household income 0.558*** 0.524*** 

Single family home -0.287* -0.294* 

Owner occupied home -0.114 -0.088 

Household size -0.28* -0.516** 
Minors present (younger than 18 
years old)  0.445** 

Intercept (unstandardized) 0.982** 1.092*** 

R-square 0.085 0.095 

N 747 747 
Significance level: *p < 0.05; **p < 0.01; ***p < 0.001 
 
 
3.2 Change in activity frequency due to COVID-19 SIP orders 
 
 We next explore the change in frequency of activities during SIP orders (Figure 2). For all 

activities (Figure 2), respondents reported a change that was statistically different from zero (p<0.05), 

with all activities except for “Being physically active outdoors” occurring more often during SIP. The 

activities with the highest magnitude of change (over half of respondents reported them occurring more 

frequently under SIP) are “Using a computer, game console, tablet, or TV”, “Cooking with a stove 

top/range or over”, and “Communicating by phone or video.” Next, we consider the differential impact 
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that having minors in the home has in reported changes in activities during SIP orders (Figure 3). We find 

that for almost all included activities (except “Using electric heating when it’s cold or fan/AC when it’s 

hot” and “Being physically active outdoors”) there are higher activity reports for households with minors 

and this difference is statistically significant (p<0.05). 

 
Figure 2: Reported change in activities during SIP orders. Points represent means, lines 95% confidence 
intervals for a one sample t-test. All activity changes are statistically different from zero. 
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Figure 3: Reported change in activities during SIP orders for households with minors and households 
without minors. Shapes represent means, and a dark line indicates that the difference-in-means between 
the two household groups is statistically significant (p<0.05). 
 

 
 
 

 We now consider the relationship between respondent and household characteristics and change 

in the frequency of these activities during SIP orders. In the first set of models (Model B1 and B2) we 

apply only the activities that are related to household energy use, excluding “Being physically active 

outdoors” and “Eating together.” In the next set of models (Model B3 and B4) we consider all of the 

activities listed in Figures 2 and 3. In Model B1, we find that female respondents (vs. male) (𝛽=0.581; 

p<0.01), younger respondents (𝛽=-1.42; p<0.001), households with higher income (𝛽=0.891; p<0.001), 

and households with minors (𝛽=0.737; p<0.05) are all associated with increases in energy-related activity 

frequency during SIP orders. We also find that the sign and magnitude of these estimates are consistent 

for all activity frequency models (Models B1-B4). We next consider the role that change in midday 

occupancy has in increased reported activities. We find that households who report increased occupancy 
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during midday on weekends are also associated with increased frequency in activities (𝛽=0.875; 

p<0.001), which holds for both energy-related activities and all activity dependent variables (Models B2 

and B4). 

 
Table 3: OLS regression models predicting change in the frequency of energy-related activities and 
change in the frequency of all included activities. 
 

 
Change in frequency of 
energy-related activities 

Change in frequency of 
all activities 

 Model B1 Model B2 Model B3 Model B4 

 Std. beta Std. beta Std. beta Std. beta 

Respondent characteristics     
Female (vs. male) 0.581** 0.553** 0.638** 0.607** 

Age (categories) -1.42*** -1.327*** -1.694*** -1.592*** 
Bachelor's or higher (vs. less than 
Bachelor's degree) 0.568* 0.444 0.751** 0.614* 

Household characteristics     
Household income 0.891*** 0.75** 1.078*** 0.921** 

Single family home 0.082 0.161 0.33 0.418 

Owner occupied household -0.099 -0.075 -0.138 -0.112 

Household size 0.206 0.346 0.231 0.385 
Minors present (younger than 18 
years old) 0.737* 0.617* 0.888** 0.754* 
Midday occupancy change 
(weekdays)  0.875***  0.968*** 

Intercept (unstandardized) 3.357*** 3.062*** 3.597*** 3.271*** 

R-square 0.138 0.157 0.156 0.175 

N 747 747 747 747 
Significance level: *p < 0.05; **p < 0.01; ***p < 0.001 
 
 
 
3.3 Relationship between COVID-19 SIP orders and intention to adopt smart home technologies 
 

Lastly, we investigate the impact of change in occupancy and activity measures during SIP, as 

well as respondent and household characteristics, have on intention to adopt smart technologies. In our 

baseline model specification we find that respondents who are younger (𝛽=-0.109; p<0.001) and male 

(vs. female) (𝛽=-0.049; p<0.05), and are in households with higher income (𝛽=0.062; p<0.05) and have 

minors present in the home (𝛽=0.089; p<0.01), have more intention to purchase smart technology (Model 
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C1). When change in midday occupancy during SIP is added to this model specification (Model C2), we 

do not observe statistically significant effects. However, when we examine the relationship between 

intention to purchase smart technology and change in frequency of energy activities during SIP (Model 

C3), those who reported higher changes in activity frequency (𝛽=0.085; p<0.001) are associated with 

greater intention to adopt smart technologies, and this is at a magnitude that is similar to age (the highest 

magnitude characteristic in Model C1 and C2). We find even stronger effects when we apply the activity 

frequency measure that includes all activities (𝛽=0.096; p<0.001; Model C4). 

 
Table 4: OLS regression models predicting intention to purchase smart appliances. 
 

 Share of smart technology intention to purchase 

 Model C1 Model C2 Model C3 Model C4 

 Std. beta Std. beta Std. beta Std. beta 

Respondent characteristics     
Female (vs. male) -0.049* -0.050* -0.058** -0.058** 

Age (categories) -0.109*** -0.107*** -0.088*** -0.084*** 
Bachelor's or higher (vs. less 
than Bachelor's degree) 0.009 0.006 -0.000 -0.002 

Household characteristics     
Household income 0.062* 0.059* 0.048* 0.046 

Single family home -0.002 0.000 -0.002 -0.006 

Owner occupied household 0.004 0.005 0.006 0.007 

Household size -0.017 -0.014 -0.019 -0.019 
Minors present (younger than 
18 years old) 0.089** 0.086** 0.077** 0.075** 
Midday occupancy change 
(weekdays) during SIP  0.019 0.006 0.005 
Change in frequency of energy-
related activities during SIP   0.085***  
Change in frequency of all 
activities SIP    0.096*** 

Intercept (unstandardized) 0.479*** 0.473*** 0.429*** 0.426*** 

R-square 0.080 0.081 0.100 0.104 

N 746 746 746 746 
Significance level: *p < 0.05; **p < 0.01; ***p < 0.001 
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4. Discussion 

 Regarding changes to occupancy patterns during SIP orders (RQ1), we find broad evidence that 

Californians in our sample spent more time at home during the middle of the day (10am – 3pm) under SIP 

with average midday occupancy increasing by approximately half a day per five-day week (Monday-

Friday). It is important to note that reported midday occupancy was already high before SIP (on average, 

3.6 days per week), so there was not much room for additional increases in occupancy during SIP orders. 

The negative relationship between household size and midday occupancy suggests as much, where 

households that are larger are associated with less change in midday occupancy during SIP. However, we 

see an opposing effect with households where minors are present, reflecting how patterns of school-aged 

children have changed from being away at school to being home in the middle of the day. Such a finding 

suggests that households with minors experienced changes in household lifestyles during SIP in a way 

that distinguishes them from other household compositions. 

 When examining changes in the frequency of household activities during SIP (RQ2), we find 

evidence that there is, on average, an increase in the frequency of reported activities, particularly for those 

that use devices with a screen/display or are food related. Moreover, all activities that we asked about that 

were energy activity-related increased. And, while energy activities were the focus of this survey, non-

energy related activities such as eating together increased in frequency while being physically active 

outdoors decreased. When we compare differences between households with minors to those without, we 

again find results reinforcing that families with minors may experience SIP orders differently. For 

example, reported activity frequency is higher for households with minors for all activities apart from 

heating/cooling and exercising outside. In regression modeling we find that the presence of minors is 

associated with an increase in reported activities, with other respondent characteristics such as those who 

are younger, have a bachelor’s degree or higher, have higher incomes, and female all associated with 

increased activity frequencies. This last finding related to gender echoes media coverage of the 

differential impacts of SIP orders on household members – with women and particularly mothers viewed 

as taking on most of the increase in domestic and child care responsibilities during COVID-related 
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restrictions (many of which involve energy use) [35]. Additionally, when we include midday occupancy 

change during SIP in our model specification, it also has an impact on the frequency of activities during 

SIP. Such a result is consistent with our expectations: households that reported more midday occupancy 

also reported higher activity frequency. 

 We now explore how SIP orders may reach beyond activities and occupancy through its role in 

potentially shaping preferences and perceptions toward smart home technology (RQ3). When we examine 

factors associated with the intention to adopt smart home technology, we find – consistent with the 

existing literature on smart home technologies [36] – that men, younger respondents, and higher income 

households have greater intentions to adopt. We also find that households with minors have higher 

intentions to purchase smart home technology. Additionally, while change in occupancy is not associated 

with intention to purchase smart technology, both reports of increased energy-using activities and all 

energy and non-energy activities are associated with greater intention to purchase such technologies. This 

suggests that, while individual and household characteristics undoubtably have an impact on the intention 

to adopt smart technology as shown in previous research [36], higher levels of reported activity frequency 

during SIP are also important. There are a few potential reasons why we would find this effect. First, 

households that are reporting more frequent household activities due to SIP may be looking for ways to 

improve their lives through some of the automated features that smart devices provide. Additionally, 

nearly all of these devices are associated with energy savings or efficiency, and some households could be 

looking toward these technologies to save money. Yet another reason is that as people are at home and 

interacting with devices more frequently, there could be more motivation to improve the home 

environment, and some of these improvements may include integrating smart technologies. 

 In the final research question, we explored how differences in household characteristics may be 

related to behavioral and attitudinal responses during SIP orders (RQ4). Here, we found that household 

composition, as well as demographics, matter. Additionally, there has been much focus in the media 

around how households with minors have had challenges in adapting to SIP orders, with adults in the 

household taking on new roles such as educators and childcare providers [37]. We see evidence that 
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households with minors are experiencing SIP orders differently, even after controlling for other household 

and individual characteristics. These experiences for households with minors were associated with greater 

home occupancy during midday and more frequent energy-using activities. Such patterns suggest that, 

overall, families with children may be facing potentially larger electricity bills and more time constraints, 

two reasons why respondents from these households may have higher intentions to adopt smart 

technology. However, acquiring these technologies can be expensive, perhaps prohibitively so for 

families on tight budgets or facing new income insecurity due to the impacts of COVID-19, and some of 

these barriers may be reflected in our findings that higher income households are associated with greater 

intention to adopt smart technologies (and vice versa). We also see some changes in family lifestyles 

during SIP orders that are associated with healthier lifestyles, particularly so for those who live with 

minors, such as respondents reporting prepping meals at home and eating meals together more often [38]. 

At the same time, other reported activity frequency changes are less healthy – e.g., reduced outdoor 

exercise and increased screen time [39], [40]. 

 These findings support the preponderance of media reporting that society is undergoing 

substantial changes due to COVID-related restrictions. Our research considers a two-week window in 

May 2020, during which there were indications that some California SIP restrictions would be lifted in 

the near future. It is difficult to know if we had polled respondents earlier, perhaps a week after the first 

statewide order, whether our results would have been different. When we had conducted our poll, SIP 

orders had been in place for over a month. By this time, we expect some households were following a 

more regular daily routine and becoming more cognizant of the activities they performed in their home. 

At the same time, polling directly after SIP in late March could have better captured changes in household 

lifestyles compared to before SIP orders, and, because of this, the immediacy and disruption of this event 

may have led our respondents to report even higher levels of perceived change. While it is difficult to 

unpack these specific dynamics, we believe that the timing of our survey struck an appropriate balance 

between when the SIP order was first imposed and the length of time the population was under this order. 
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 Another challenge to conducting research about households is that it is individuals within these 

households that are sampled. To some extent we helped account for this by including the demographic 

characteristics we used for sampling in all our modeling specifications. However, unless the respondent is 

from a single occupant household, it will always be challenging to make claims about households using 

survey respondents. Given the composition of our sample and its similarity to the California population, 

and the obvious challenges of conducting a probability / address-based mail survey during active SIP 

orders, we feel that this online survey convenience sample approach, matched to California 

demographics, was one of the best options among the limited options available to us at the time of the 

survey. 

 From a policy perspective, these changes in activity and occupancy during SIP orders suggest that 

households are likely demanding more energy, and particularly electricity, and at different times of day 

compared to before SIP orders were enacted. These increases in electricity demand may impact 

households differentially, with families with minors facing increased energy bills and possible energy 

insecurity, which may be exacerbated if increases in electricity use correspond to times of day when 

electricity rates are higher (e.g., time of use pricing) and economic prospects remain uncertain [41]. On 

the other hand, we find evidence that these SIP orders may also be influencing perspectives toward 

intention to purchase smart home technologies for many of the same household characteristics that are 

differentially impacted. In this sense, SIP orders could serve as a focusing event that places new emphasis 

and attention on the relationship between household activities and energy use and helps people realize the 

importance of smart home technologies—for those that can afford them—in a transition toward a greener 

and cleaner grid.  

 
Acknowledgments: We would like to thank our survey respondents who generously offered their insights 
and perspectives. This research is supported by the National Science Foundation’s Smart & Connected 
Communities Program (#1737565) and CONVERGE COVID-19 Working Groups for Public Health and 
Social Sciences Research. 
 
 
 
 



 21 

5. References 
  
[1] CDC, “Coronavirus Disease 2019 (COVID-19),” Centers for Disease Control and Prevention, 
Jun. 17, 2020. https://www.cdc.gov/coronavirus/2019-ncov/cases-updates/us-cases-deaths.html (accessed 
Jul. 11, 2020). 
[2] J. C. Lee, S. Mervosh, Y. Avila, B. Harvey, and A. L. Matthews, “See How All 50 States Are 
Reopening (and Closing Again),” The New York Times, Jun. 18, 2020. 
[3] C. Chen, G. Z. de Rubens, X. Xu, and J. Li, “Coronavirus comes home? Energy use, home energy 
management, and the social-psychological factors of COVID-19,” Energy Research & Social Science, p. 
101688, Jul. 2020, doi: 10.1016/j.erss.2020.101688. 
[4] V. Castán Broto and J. Kirshner, “Energy access is needed to maintain health during pandemics,” 
Nature Energy, vol. 5, no. 6, Art. no. 6, Jun. 2020, doi: 10.1038/s41560-020-0625- 
6. 
[5] K. T. Gillingham, C. R. Knittel, J. Li, M. Ovaere, and M. Reguant, “The Short-run and Long-run 
Effects of Covid-19 on Energy and the Environment,” Joule, Jun. 2020, doi: 10.1016/j.joule.2020.06.010. 
[6] M. Narajewski and F. Ziel, “Changes in electricity demand pattern in Europe due to COVID-19 
shutdowns,” arXiv:2004.14864 [physics, stat], May 2020, Accessed: Jul. 11, 2020. [Online]. Available: 
http://arxiv.org/abs/2004.14864. 
[7] G. Ruan et al., “A Cross-Domain Approach to Analyzing the Short-Run Impact of COVID-19 on 
the U.S. Electricity Sector,” arXiv:2005.06631 [cs, eess, math], Jun. 2020, Accessed: Jul. 11, 2020. 
[Online]. Available: http://arxiv.org/abs/2005.06631. 
[8] “Covid-19 impact on electricity – Analysis,” IEA, May 2020. Accessed: Jul. 14, 2020. [Online]. 
Available: https://www.iea.org/reports/covid-19-impact-on-electricity. 
[9] C. Le Quéré et al., “Temporary reduction in daily global CO 2 emissions during the COVID-19 
forced confinement,” Nature Climate Change, pp. 1–7, May 2020, doi: 10.1038/s41558-020-0797-x. 
[10] B. K. Sovacool and D. D. Furszyfer Del Rio, “Smart home technologies in Europe: A critical 
review of concepts, benefits, risks and policies,” Renewable and Sustainable Energy Reviews, vol. 120, p. 
109663, Mar. 2020, doi: 10.1016/j.rser.2019.109663. 
[11] K. Gram-Hanssen and S. J. Darby, “‘Home is where the smart is’? Evaluating smart home 
research and approaches against the concept of home,” Energy Research & Social Science, vol. 37, pp. 
94–101, Mar. 2018, doi: 10.1016/j.erss.2017.09.037. 
[12] H. S. Boudet, “Public perceptions of and responses to new energy technologies,” Nat Energy, vol. 
4, no. 6, pp. 446–455, Jun. 2019, doi: 10.1038/s41560-019-0399-x. 
[13] C. E. Commission, “Building Energy Efficiency Standards - Title 24,” California Energy 
Commission, current-date. https://www.energy.ca.gov/programs-and-topics/programs/building-energy-
efficiency-standards (accessed Jul. 11, 2020). 
[14] “Governor Newsom Declares State of Emergency to Help State Prepare for Broader Spread of 
COVID-19,” California Governor, Mar. 05, 2020. https://www.gov.ca.gov/2020/03/04/governor-
newsom-declares-state-of-emergency-to-help-state-prepare-for-broader-spread-of-covid-19/ (accessed 
Jul. 11, 2020). 
[15] R. Venkat, “California bans mass gatherings to slow spread of coronavirus,” Reuters, Mar. 12, 
2020. 
[16] T. Bizjak and S. Morrar, “Coronavirus update: Gov. Newsom warns of more California school 
closings, leaders call for calm,” The Sacramento Bee, Mar. 08, 2020. 
[17] T. Brown, “Bay Briefing: Bay Area, stay home,” SFChronicle.com, Mar. 17, 2020. 
[18] “EXECUTIVE ORDER N-33-20.” Executive Department State of California, Mar. 19, 2020. 
[19] J. Cowan, “The Reopening of California Has Begun,” The New York Times, May 08, 2020. 
[20] L. A. T. Staff, “California coronavirus cases: Tracking the outbreak,” Los Angeles Times. 
https://www.latimes.com/projects/california-coronavirus-cases-tracking-outbreak/ (accessed Jul. 12, 
2020). 



 22 

[21] “COVID-19 Google Community Mobility Report - California,” Google, May 2020. [Online]. 
Available: https://www.gstatic.com/covid19/mobility/2020-05-
16_US_California_Mobility_Report_en.pdf. 
[22] P. Grünewald and M. Diakonova, “The specific contributions of activities to household electricity 
demand,” Energy and Buildings, vol. 204, p. 109498, Dec. 2019, doi: 10.1016/j.enbuild.2019.109498. 
[23] H. Boudet, N. M. Ardoin, J. Flora, K. C. Armel, M. Desai, and T. N. Robinson, “Effects of a 
behaviour change intervention for Girl Scouts on child and parent energy-saving behaviours,” Nature 
Energy, vol. 1, no. 8, Art. no. 8, Jul. 2016, doi: 10.1038/nenergy.2016.91. 
[24] G. Stelmach, C. Zanocco, J. Flora, R. Rajagopal, and H. S. Boudet, “Exploring household energy 
rules and activities during peak demand to better determine potential responsiveness to time-of-use 
pricing,” Energy Policy, vol. 144, p. 111608, Sep. 2020, doi: 10.1016/j.enpol.2020.111608. 
[25] N. Balta-Ozkan, R. Davidson, M. Bicket, and L. Whitmarsh, “Social barriers to the adoption of 
smart homes,” Energy Policy, vol. 63, pp. 363–374, Dec. 2013, doi: 10.1016/j.enpol.2013.08.043. 
[26] C. Wilson, T. Hargreaves, and R. Hauxwell-Baldwin, “Benefits and risks of smart home 
technologies,” Energy Policy, vol. 103, pp. 72–83, Apr. 2017, doi: 10.1016/j.enpol.2016.12.047. 
[27] S. Tirado Herrero, L. Nicholls, and Y. Strengers, “Smart home technologies in everyday life: do 
they address key energy challenges in households?,” Current Opinion in Environmental Sustainability, 
vol. 31, pp. 65–70, Apr. 2018, doi: 10.1016/j.cosust.2017.12.001. 
[28] F. McLoughlin, A. Duffy, and M. Conlon, “Characterising domestic electricity consumption 
patterns by dwelling and occupant socio-economic variables: An Irish case study,” Energy and Buildings, 
vol. 48, pp. 240–248, May 2012, doi: 10.1016/j.enbuild.2012.01.037. 
[29] A. Kavousian, R. Rajagopal, and M. Fischer, “Determinants of residential electricity 
consumption: Using smart meter data to examine the effect of climate, building characteristics, appliance 
stock, and occupants’ behavior,” Energy, vol. 55, pp. 184–194, Jun. 2013, doi: 
10.1016/j.energy.2013.03.086. 
[30] A. Albert and R. Rajagopal, “Smart Meter Driven Segmentation: What Your Consumption Says 
About You,” IEEE Transactions on Power Systems, vol. 28, no. 4, pp. 4019–4030, Nov. 2013, doi: 
10.1109/TPWRS.2013.2266122. 
[31] G. Huebner, D. Shipworth, I. Hamilton, Z. Chalabi, and T. Oreszczyn, “Understanding electricity 
consumption: A comparative contribution of building factors, socio-demographics, appliances, behaviours 
and attitudes,” Applied Energy, vol. 177, pp. 692–702, Sep. 2016, doi: 10.1016/j.apenergy.2016.04.075. 
[32] S. Yilmaz, S. Weber, and M. K. Patel, “Who is sensitive to DSM? Understanding the 
determinants of the shape of electricity load curves and demand shifting: Socio-demographic 
characteristics, appliance use and attitudes,” Energy Policy, vol. 133, p. 110909, Oct. 2019, doi: 
10.1016/j.enpol.2019.110909. 
[33] S. R. Baker, R. A. Farrokhnia, S. Meyer, M. Pagel, and C. Yannelis, “How Does Household 
Spending Respond to an Epidemic? Consumption During the 2020 COVID-19 Pandemic,” Social Science 
Research Network, Rochester, NY, SSRN Scholarly Paper ID 3565521, Mar. 2020. doi: 
10.2139/ssrn.3565521. 
[34] US Census Bureau, “American Community Survey 5-Year Data (2009-2018),” The United States 
Census Bureau. https://www.census.gov/data/developers/data-sets/acs-5year.html (accessed Jul. 13, 
2020). 
[35] E. McCarthy, C. Gibson, H. Andrews-Dryer, and A. Joyce, “‘I gave up on being Superwoman’: 
Juggling jobs and child care is testing moms in unprecedented ways,” Washington Post. 
https://www.washingtonpost.com/lifestyle/2020/05/06/coronavirus-pandemic-working-moms-quarantine-
life/ (accessed Jul. 13, 2020). 
[36] A. Sanguinetti, B. Karlin, and R. Ford, “Understanding the path to smart home adoption: 
Segmenting and describing consumers across the innovation-decision process,” Energy Research & 
Social Science, vol. 46, pp. 274–283, Dec. 2018, doi: 10.1016/j.erss.2018.08.002. 
[37] D. Perelman, “In the Covid-19 Economy, You Can Have a Kid or a Job. You Can’t Have Both.,” 
The New York Times, Jul. 02, 2020. 



 23 

[38] A. J. Hammons and B. H. Fiese, “Is Frequency of Shared Family Meals Related to the Nutritional 
Health of Children and Adolescents?,” Pediatrics, vol. 127, no. 6, pp. e1565–e1574, Jun. 2011, doi: 
10.1542/peds.2010-1440. 
[39] C. A. Celis-Morales et al., “Associations of discretionary screen time with mortality, 
cardiovascular disease and cancer are attenuated by strength, fitness and physical activity: findings from 
the UK Biobank study,” BMC Medicine, vol. 16, no. 1, p. 77, May 2018, doi: 10.1186/s12916-018-1063-
1. 
[40] H. Sampasa‐Kanyinga, I. Colman, H. A. Hamilton, and J.-P. Chaput, “Outdoor physical activity, 
compliance with the physical activity, screen time, and sleep duration recommendations, and excess 
weight among adolescents,” Obesity Science & Practice, vol. 6, no. 2, pp. 196–206, 2020, doi: 
10.1002/osp4.389. 
[41] M. Graff and S. Carley, “COVID-19 assistance needs to target energy insecurity,” Nature Energy, 
vol. 5, no. 5, Art. no. 5, May 2020, doi: 10.1038/s41560-020-0620-y. 
  



 24 

Supplemental Materials 
 
S1.  Figure: Distribution of change in midday (10am-3pm) occupancy on weekdays (during SIP – before 
SIP). Positive values indicate an increase in midday occupancy days related to SIP orders, negative values 
indicate a decrease in midday occupancy days related to SIP orders. 
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S2. Figure: Distribution of intention to adopt metric for all respondents (n=804) where 0 indicates no 
intention to purchase and 1 indicates an intention to purchase all appliances/devices. 
 

  
 

 
 
 
 
  



 26 

S3. Table: Intention to adopt smart home technologies. Table includes smart home technology items and 
percentage of respondents’ intention to purchase. 
 

Smart home technologies 
Intend to 
purchase 
(%) 

Do not intend 
to purchase 
(%) 

Already 
Purchased 
(%) 

Cannot be 
installed in 
current home 
(%) 

Solar panels that generate electricity 19.7 36.1 11.6 32.6 

Plug-in electric vehicle 20.7 56.8 4.1 18.4 

Smart Thermostat (Nest, Ecobee, etc.) 26.6 43.7 13.9 15.8 

Smart light bulbs (Philips Hue, etc.) 30.5 33.8 29.1 6.6 

Smart Appliances (Samsung Family 
Hub refrigerator, Bosch Home 
Connect dishwasher, etc.) 

28.5 47.8 10.9 12.8 

Smart plug or power strip 30.5 37.8 25 6.7 

Home Energy Monitoring Systems 
(HEMS) (Sense, CURB, etc.) 21.2 59.1 3.9 15.8 

Home energy storage battery (Tesla 
Powerwall, etc.) 18.8 61.3 3.6 16.3 

 
 
 


