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Abstract 9 

Demand flexibility (DF) has the potential to increase the saturation of renewables in the grid and reduce operating costs 10 

for both utilities and customers. However, less than 8% of U.S. residential electric customers are enrolled in DF programs. 11 

A major research gap on this topic is an uneven understanding of behavioral drivers of electricity use and DF program 12 

participation at the household level. In this study, we employ machine learning models to predict residential occupant 13 

behavior in activities relevant to DF. We model occupants’ extensive decisions (i.e., choice of action) and intensive 14 

behaviors (i.e., amount of time spent) during peak and off-peak time periods using the publicly available American Time 15 

Use Survey, which includes activities data for approximately 200,000 respondents. In our machine learning models, 16 

predictions for both extensive and intensive behavior fell within a ±20% error margin at the aggregate level. We identify 17 

13 key sociodemographic predictors of DF-related intensive behavior using LASSO inference and beta coefficient ranking. 18 

However, these top predictors differ by activity, suggesting potential scope for differential user targeting for DF events 19 

and technologies during program design. This work also contributes to understanding when and who might adopt these DF 20 

technologies based on their daily routine activities. 21 

 22 

Highlights 23 

• Framework predicts large-scale residential behavior from public demographic data 24 
• 13 critical sociodemographic factors influence residential demand flexibility temporal behavior 25 
• Peoples’ energy end-use patterns differ significantly by sociodemography 26 
• There is a potential for differential user targeting to improve demand flexibility participation 27 

Keywords: demand flexibility; extensive and intensive behavior; residential buildings; machine learning models; sociodemographic 28 
predictors 29 

1. Introduction 30 

Demand flexibility (DF)—a building’s ability to change the timing or amount of its electricity load—is an 31 

increasingly important utility resource with cost and climate change implications. DF could reduce annual grid 32 
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expansion costs needed for peak demand generation by up to $13 billion [1], and could reduce peak electricity 33 

demand and electricity bills by up to 40% in the United States [1,2]. If fully realized, DF could also improve 34 

the integration of renewable energy sources in the grid. Thus, it may be one of several strategies to tackle 35 

climate change [3]. DF† is an umbrella term for communication and control technologies that enable distributed 36 

energy resources to regulate buildings’ load profiles [1,4]. These technologies facilitate electricity demand 37 

response to dynamic market conditions through price signals and other mechanisms [1]. Common DF 38 

technologies in the U.S. residential sector cover energy end-use services such as space conditioning, hot water 39 

use, and cooking [5]. 40 

Unfortunately, low program enrollment and high overrides limit DF’s ability to reduce peak electricity 41 

demand. Customers override DF schedules sent to their connected thermostats more than 30% of the time [6–42 

8], suggesting that additional strategies are needed, such as improving the timing of when to prompt customers 43 

during voluntary events, and analyzing customer priorities (or typical activity choices) during DF events. 44 

Therefore, our main objective in this paper is to better understand occupant priorities, including who is most 45 

likely to interact with DF technologies based on daily activities. We develop machine learning models—46 

multinomial logit and linear regressions—that reveal the most important sociodemographic factors influencing 47 

customer timing, choice, and duration of activities. This work focuses specifically on DF, and is different from 48 

the generic activity choice and duration prediction by Calastri et al. (2017) [9].  49 

In this study, we model energy demand behavior in residential buildings—both extensive (the choice to 50 

engage in an activity) and intensive (the duration or number of minutes spent on an activity, dependent on 51 

engaging in the activity) behavior‡. In the United States, 135.2 million residential customers constitute 87% of 52 

the total number of electricity customers (residential, commercial, industrial, and transportation) and account 53 

for 40% of the generated electricity demand [10]. Only 7.6% of these residential electricity customers (10.4 54 

million) are enrolled in DF programs as of 2019, even though 61% of residential customers have advanced 55 

 
† DF is the more encompassing term for the communications and controls targeted at improved end-use service quality with increased 

focus on lowered costs beyond the traditional demand response (DR). We therefore include DR when we mention DF in this study.  
‡ The extensive and intensive behavior terms mean the same as activity choice and duration, respectively, but used in this study with 

the intent to merge terms commonly used in economics and occupant energy behavior research, and to reach a broader audience. 

Pursuant to the DOE Public Access Plan, this document represents the authors' peer-reviewed, accepted manuscript. 
The published version of the article is available from the relevant publisher.



Olawale, Gilbert, and Reyna / Energy and Buildings 00 (2021) 000–000 3

metering infrastructure (AMI)—a fundamental enabling infrastructure for grid-building communication that 56 

underlies many types of DF ([10]). In addition, U.S. residential DF potential is about 10 gigawatts (GW), but 57 

less than 40% of that potential is realized despite billions of dollars spent annually on customer incentives (Fig 58 

1). 59 

60 

Fig 1. (a) Annual estimated DF capacity in gigawatts; (b) annual realized peak reduction in gigawatts; and (c) annual customer 61 
incentives in billions of dollars spent on DF (bars) and low success rates from the percentage of DF achieved (line plot). Data source: 62 
EIA Electric Power Annual 2019 [10]. 63 

This unrealized potential can be attributed to the uneven understanding of the behavioral drivers of 64 

residential DF enrollment and response [11,12]. This is despite the well-established correlation between energy 65 

use intensity and sociodemographics such as income in the literature, with studies dating back to 1975 [13,14]. 66 

Asadinejad et al. (2018) described the need for understanding user-specific choice and behavior dynamics 67 

when targeting residential DF participation [11]. Previous studies also show that income and other 68 

sociodemographic variables—including educational level, age of parents, number of household members, 69 

employment status, and number of children—influence residential energy use to varying degrees for different 70 

populations [15–19]. Income, age, and number of household occupants are often positive predictors of energy 71 

use consumption [16,17]. However, some studies also report unclear or indirect relationships between these 72 

sociodemographic factors and energy use behavior [16,19,20]. A detailed review on the complex relationships 73 

between these factors and energy use consumption behavior exists in the literature [19]. Also, these different 74 

sociodemographic factors have also been investigated relative to occupant behavior in other contexts such as 75 

transport/mobility choices [21,22], health choices [23], and energy-saving decisions at home [17,24–27] or in 76 

the office [28]. However, these previous studies offer no consensus on which sociodemographic characteristics 77 

to select to predict energy use behavior, annual energy demand, or peak electricity demand relevant to DF. 78 
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There is an existing comprehensive review about these sociodemographic factors relative to occupant behavior 79 

in residential energy consumption with a similar conclusion on the lack of consensus on the key demographic 80 

determinants of occupant behavior in the literature [19]. In 1983, van Raaij and Verhallen established five 81 

monthly energy behavioral clusters based on resulting energy use, each group having similar 82 

sociodemographic characteristics [20]. O’Neil and Chen (2002) predicted annual energy consumption based 83 

on population size change, age distribution, and household size [16]. A 2018 Korean study suggests that only 84 

household size (or count) drives the monthly average electricity use after comparing the statistical significance 85 

of six sociodemographic characteristics [18]. We fill this consensus gap and study peak demand behavior by 86 

exploring the influence of 17 demographic variables on daily DF behavior. We also use a large representative 87 

dataset, the 2003–2018 American Time Use Survey (ATUS), which contains about 200,000 respondents. To 88 

establish precise relevance to DF, we recategorize the more than 420 ATUS-reported activities into DF end-89 

use activities during critical peak, peak, and off-peak periods. We also control for year, season, weather, and 90 

location to avoid variable omission bias.  91 

Furthermore, previous behavior-linked building energy modeling efforts made various simplifying activity-92 

to-power-to-energy assumptions that inherently introduce bias. ATUS is an activity survey, not an energy use 93 

survey, so a direct correlation between demographics and energy consumption is impossible without these 94 

assumptions. However, these average conversion factors do not necessarily hold across different groups of 95 

households [29–34]. It is typical for such modeling efforts to assume that all households use 1.5-kW “average” 96 

stoves for cooking, for instance, and then apply an occupancy proportion based on the type of house or some 97 

other household characteristic ([33,34]). Direct peak demand estimates from such power conversion 98 

assumptions exclude different people’s equipment preferences and consequent timing priorities. In this study, 99 

we intentionally avoid this activity-to-energy conversion bias by focusing exclusively on respondents’ 100 

activities profile (what activities people carry out per time) to understand their priorities related to DF. Our 101 

focus on respondents’ behavior provides insights on activity-timing differences across sociodemographic 102 

groups that may drive varied participation levels in DF. Although this approach limits our study to indirect DF 103 

potential estimates, a critical review we recently conducted shows that studies targeted at DF behavior 104 
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predictions are scarce [12], thus further demonstrating the relevance of this work.  105 

Also, reviews of available building occupancy behavior models record high levels of uncertainties, and 106 

deviations up to 300% from actual time-use behavior [35–43]. These occupancy studies incorporate 107 

relationships between some demographic characteristics and energy consumption. However, a common 108 

shortcoming with these occupancy studies is using clustering techniques that lump a few preselected 109 

demographic variables to predict activity profiles without testing for the statistical significance of those 110 

demographic characteristics. Such an approach reduces computational cost and model complexity but might 111 

fail to find the optimal model and the most significant variables.  112 

Based on these gaps, we identify target sociodemographic subgroups, test for the statistical significance of 113 

these groups, and understand their intensive and extensive DF behavior. We evaluate our developed regression 114 

models on choice and duration of different DF activities and check for the statistical significance of the selected 115 

demographic variables using post-selection inference tools, including p-value, beta coefficients, and LASSO 116 

inference regression. Our results show significant non-zero relationships between several observable 117 

sociodemographic variables and the choice and duration of DF activities during different daily periods, even 118 

after controlling for geography, weather, and seasonal differences. These key variables include gender, age, 119 

time spent alone, labor force status, business or farm ownership, family income level, number of occupants, 120 

presence of children, number of children, household type, education, race, and ethnicity. Importantly, the 121 

models developed in this study show good prediction accuracy for the mean activity probabilities and duration 122 

of identified DF-related activities within a ±20% error margin of actual activity probabilities and time use.  123 

The remainder of this paper is organized as follows: Section 2 discusses our methodology, Section 3 124 

presents results and a discussion of the predictions, as well as future scope of work and applications, and 125 

Section 4 provides a brief conclusion. 126 

2. Methodology 127 

This study determined the prediction coefficients of demographic determinants for U.S. residential 128 

occupants’ extensive and intensive DF behavior—i.e., the choice to engage in DF-related activities and the 129 
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number of minutes spent on such activities, respectively. To determine the groups of people most likely to 130 

interact with DF technologies, we hypothesized that observable sociodemographic variables have a statistically 131 

significant correlation with the choice and duration of DF activities even after controlling for geography, 132 

weather, and seasonal differences. Formally, our null hypothesis is that there is no relationship between any 133 

of the selected demographic predictors and DF activity choice and duration for the DF-related activities of the 134 

U.S. residential housing stock. Our alternative hypothesis is non-zero relationships between these variables.  135 

Rejection criterion: We will reject the null hypothesis if the regression coefficients on a subset of the 136 

demographic predictors are statistically significant at the traditional 5% confidence level (i.e., α = 0.05).  137 

We specifically answer the following questions as we test our hypothesis and quantify the selected DF-138 

relevant activities: 139 

i. What is the probability of engaging in a specific DF activity during off-peak, peak, and critical 140 

peak periods? These are the extensive DF behavior (or choice) models in Section 2.2.1. 141 

ii. How well do the different machine learning regression models for the duration of activities 142 

compare, and what variables are statistically significant? This covers the intensive DF behavior 143 

(or duration) models in Section 2.2.2 and the significant sociodemographic predictors detailed in 144 

Section 3. 145 

iii. How do demographic subgroups change their activities across different times of the day, or how 146 

do different people allocate their time across the day to each DF activity? Section 2.2.3 147 

methodology and results in Section 3.3 can serve as a guide to roster-type targeted DF programs. 148 

Overall, the workflow (Fig 2) followed two phases: preparing the ATUS data, and developing the models. 149 

Phase 1 included carefully selecting DF-related activities using the survey processing framework proposed in 150 

our recent work [12] and selecting sociodemographic variables. Phase 2 evaluated the models and selected 151 

statistically significant sociodemographic predictors. The following subsections detail our workflow steps. 152 

2.1. Phase 1: Data preparation 153 

2.1.1. Data collection and preprocessing 154 

We used the 2003–2018 ATUS dataset, a multi-year compilation of more than 200,000 interviews 155 
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developed by the U.S. Bureau of Labor Statistics (BLS). We make use of this multi-year data to obtain 156 

statistical representativeness of multiperiod activity profiles in the United States based on the consistent survey 157 

collection method used by the U.S. BLS for ATUS over the years§. We also note that the DF behavioral 158 

changes over time that we have in our study would differ from the likelihood of DF participation over time—159 

a topic for future research and investigation that would require actual DF data collected over a long period of 160 

time. 161 

 162 

Fig 2. The overall workflow for predicting the extensive (choice to engage) and intensive (number of minutes spent) behavior of U.S. 163 
residential occupants while determining significant sociodemographic predictors. 164 

ATUS contains detailed sociodemographic characteristics of respondents age 15+ who report their daily 165 

activities in various time increments over 24 hours [44]. To reiterate, ATUS is an activity survey and does not 166 

contain actual DF information. However, previous studies analyzing time-use patterns and energy use behavior 167 

have used ATUS [23,42,43,45], but none explicitly explored the DF-activities profile or potential DF-168 

interaction behavior. Also, while it is interesting to understand how occupants might participate in DF 169 

programs depending on incentive levels, our scope of work does not include the elasticity of DF response to 170 

 
§ In another study of ours, we include a time-varying analysis of activities over the years and observe only small differences from year 

to year and a relatively consistent behavior [12].  
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incentives for simplicity. Asadinejad et al. (2018) had identified the effects of different incentive levels on DF 171 

participation for residential customers at individual appliance levels [11], but suggested the need for a study 172 

highlighting the fundamental differences in household DF behavior across sociodemographic groups. 173 

We combined the ATUS main data and metadata files** to collect observations of each activity and the 174 

sociodemographic information of the reporting respondents. We also included the 2015 International Energy 175 

Conservation Code (IECC) information on climate zone and moisture regimes to control for weather 176 

differences [46,47]. We used the climate information to separate a test data region containing 4,225 177 

respondents [12]. The test sample area served as a proxy to real-life data for different service areas to evaluate 178 

the models (i.e., compare the model predictions and the actual observations from the model-unexposed test 179 

data). The excluded test area covers three core-based statistical areas (CBSA) in three major moisture regimes 180 

across IECC climate zones/moisture regimes 4A, 5B, and 3C) (Fig 3). 181 

 182 

Fig 3. The test area for model evaluation contained about 2% of the ATUS population selected across different climate regions [12]. 183 

2.1.2. Selection of activities  184 

We specified residential DF activities and corresponding locations following a similar categorization 185 

methodology as our recent work [12]. Each activity set has a corresponding location that we categorize as 186 

“home,” “workplace,” and “not home.” There are more than 430 activities reported in ATUS, including 17 187 

major categories and 105 minor categories. We grouped all these into 14 activity sets based on our 188 

 
** The ATUS data files are publicly available at https://www.bls.gov/tus/datafiles-0318.htm  
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understanding of which activities are likely related to DF: home, sleeping, laundry, dishwashing, cooking, 189 

cleaning/personal grooming, gardening/mowing/yard work, exercise, pool use, TV/gaming, computer use, 190 

traveling, away for work, and away outdoors. Existing DF technologies include connected smart thermostats, 191 

standalone connected air-conditioning units, and connected smart water heaters for hot water use [3]. Emerging 192 

technologies with DF functionality (given their Internet of Things [IoT] configuration) include electric vehicle 193 

charging, connected lighting, smart beds with adjustable temperatures, smart washing machines, connected 194 

dryers, connected dishwashers, smart kitchen appliances (including cookstoves, ovens, and grills), electric 195 

thermal storage systems, smart refrigerators, robot vacuums and mops, smart outdoor gadgets, smart health 196 

and fitness equipment, connected pool pumps, smart plugs, smart connected computers, and remote control 197 

technologies [3,48]. The activity recategorization captured more than 200,000 respondents’ activities; only 198 

0.4% (about 800 respondents) had relevant location information missing.  199 

2.1.3. Aggregation of activity observations into relevant periods 200 

Per our study design, we predict both single activity occurrence and occurrence during specific periods: 201 

off-peak, peak (morning and evening), and critical peak periods; we also differentiate by timescales (single 202 

instance, periodic, and daily) and weekday/weekend. We selected these peak periods to investigate common 203 

periods of grid constraint; the exact definition of critical periods will vary by system, but these are priority 204 

periods for shifting or decreasing energy consumption. This time aggregation methodology helps reduce the 205 

computational burden and the number of models required per timestep (e.g., four periods instead of subhourly 206 

(e.g., every 15 minutes would be 96 timesteps). The off-peak period ends at 7 AM, the morning or day peak 207 

ends at 2 PM, the critical peak ends at 7 PM, and the evening peak resumes until midnight. The cycle continues 208 

with off-peak again until the weekend. We describe critical peaks as periods when the price of electricity jumps 209 

significantly to reflect the grid system costs [49]. This definition varies with different utilities, but we find 2–210 

7 PM most common [49,50]. This period granularity could also apply in future studies that consider time-211 

variant pricing of DF technologies such as real-time, critical peak, time-of-use, and variable peak pricing or 212 

price elasticities considering different periods. 213 
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2.1.4. Select demographic variables as input 214 

Previous studies identified several demographic variables that impact household energy behavior and 215 

consumption [15–19,24–27,51–53]. These studies, however, did not delineate the statistical significance of the 216 

demographic variables on activities that could impact energy use, specifically DF. For instance, it is 217 

challenging to predict the DF interactions of a middle-income, single-family class compared to low-income, 218 

multi-family residential customers, or what DF upgrades might be more appropriate for each. It is, therefore, 219 

crucial to identify which demographic variables impact DF activities and to what extent. 220 

To identify a set of easily accessible demographic variables for this study, we reviewed two additional 221 

datasets typical of information utility companies might have access to in designing DF programs. Specifically, 222 

we used the 2015 Residential Energy Consumption Survey (RECS)†† microdata containing the annual 223 

aggregate energy demand for regions and subregions in the United States, with demographic clustering and 224 

advanced metering infrastructure (AMI) data that contains disaggregated end-use data for electricity customers 225 

(Table 1). AMI data are usually sourced from utilities; we looked at ComED’s demographic distribution fact 226 

sheet for the Northern Illinois Service Territory to understand the demographic information utilities might 227 

collect.  228 

Table 1. A summary of geographic and sociodemographic features selected in this study and their presence in common data sources. 229 

Type Variables RECS 
AMI (e.g., 

ComED)‡‡ 
ATUS Selected 

G
eo

g
ra

-

p
h
ic

 

Regional location ☒ ☒ ☒ ☒ 

State and county  ☐ ☒ ☒ ☒ 

County  ☐ ☒ ☒ ☒ 

D
em

o
g
ra

p
h
ic

 

Number of household members or household size  ☒ ☒ ☒ ☒ 

Children under 18 in household ☒ ☐ ☒ ☐ 

Annual income ☒ ☒ ☒ ☒ 

Ownership of unit ☒ ☐ ☒ ☐ 

Payment method for energy bills  ☒ ☐ ☐ ☐ 

Age of household members ☒ ☒ ☒ ☒ 

Ethnicity ☒ ☒ ☒ ☒ 

Race  ☒ ☒ ☒ ☒ 

Housing type (e.g., single-family detached or mobile home) ☒ ☐ ☒ ☒ 

Household type (e.g., family or non-family) ☐ ☒ ☒ ☒ 

Typical number of weekdays someone is at home  ☒ ☐ ☐ ☐ 

Education ☐ ☒ ☒ ☒ 

Gender ☐ ☒ ☒ ☒ 

 
†† RECS data is publicly available at https://www.eia.gov/consumption/residential/data/2015/index.php?view=microdata  
‡‡ ComEd has a detailed demographic factsheet for the Norther Illinois Service Territory publicly available at 

https://www.comed.com/SiteCollectionDocuments/DoingBusinessWithUs/ComEd_Service_Territory_Demographics.pdf. 
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Occupation classification (e.g., blue-collar, white-collar) ☐ ☒ ☐ ☐ 

Ancestry  ☐ ☒ ☐ ☐ 

Marital status ☐ ☒ ☐ ☐ 

We identify 17 sociodemographic variables for investigation based on their public availability, reference in 230 

literature as influential to energy use consumption [15–19,24–27,51–53], and most reported in ATUS. Details 231 

of the 17 sociodemographic and five control variables are in Table 2. Note that we regrouped some of the 232 

variables, like race and education, to have fewer categories consistent with published studies. 233 

Table 2. Statistical summary and label definitions of the selected variables based on overlaps with other datasets and the number of 234 
respondents with these characteristics in ATUS. The five control variables are at the bottom. 235 

No. Variable labels and categories Obs. Resp. Min Max 

1.  Gender (male vs female) 3,922,807 201,151 0 1 

2.  Is there a telephone in this house/apartment? (no or yes) 3,922,807 201,151 0 1 

3.  Presence of household children <18 (no or yes) 3,922,807 201,151 0 1 

4.  Does anyone in this household have a business or a farm? (no or yes) 3,919,051 200,958 0 1 

5.  Age 3,922,807 201,151 15 85 

6.  Number of people living in household 3,922,807 201,151 1 16 

7.  Total time respondent spent alone (in minutes) 3,922,807 201,151 0 1,440 

8.  Number of household children <18 3,922,807 201,151 0 12 

9.  Family income level according to 2020 poverty guidelines  3,660,071 187,453 1 3 

10.  Labor force status (employed, unemployed, or not in the labor force) 3,922,807 201,151 1 5 

11.  Highest level of school completed, or highest degree received  3,922,807 201,151 1 5 

12.  Race  3,922,807 201,151 1 6 

13.  Ethnicity (non-Hispanic or Hispanic) 3,922,807 201,151 0 1 

14.  Citizenship  3,922,807 201,151 1 5 

15.  Type of housing unit (house/apartment/flat, multi-tenant housing unit, 

mobile home, unpopular housing unit, student quarters in a college dorm, or 

other units not specified) 

3,922,807 201,151 1 6 

16.  Household type (relating to Armed Forces vs civilian household)  3,922,807 201,151 1 10 

17.  Owned, rented, or occupied with no pay 3,919,129 200,958 1 3 

C
o
n
tr

o
l 

v
ar

ia
b
le

s 

Year  3,922,807 201,151 2003 2018 

Season (winter, shoulder, or summer) 3,922,807 201,151 1 3 

Day of the week of interview 3,922,807 201,151 1 7 

Holiday (no or yes) 3,922,807 201,151 0 1 

Region (Northeast, Midwest, South, or West)  3,922,807 201,151 1 4 

IECC Climate Zone 1,340,781  1 7 

IECC Moisture Regime 1,340,781  1 4 

2.2. Phase 2: Model development 236 

As noted, we held back a test service area of 4,225 respondents to evaluate the models’ predictive accuracy 237 

(compared with actual observations at different temporal scales). The deviation from predicted values for each 238 

activity alternative defines the prediction accuracy of the developed models in this study. Note that all the 239 

codes developed in Stata for this study are in a publicly accessible GitHub repository (Part E). 240 
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2.2.1. Choice of activities (extensive behavior) 241 

We developed a multinomial logistic regression model to estimate the choice of activity from the full set 242 

by predicting the probability of engaging in an activity given a set of respondents’ sociodemographic 243 

characteristics. Multinomial logit (MNL) models are simple to compute for multiple-choice alternatives, and 244 

the output estimates are easier to interpret than other multinomial or choice models [54]. MNL models are also 245 

appropriate when the regressors are case-specific (i.e., the sociodemographic characteristics are specific to 246 

each respondent). We specify this choice empirical framework in Equation 1.  247 

𝑃(𝐶𝑠,𝑖𝑡|𝑿𝒊) =
1

1 + 𝑒−(𝛽𝑿𝒊+𝛾𝑐𝑖
∗+𝜖𝑠,𝑖𝑡)

   248 

for household 𝑖 = 1, … , 𝑛 and timestep or period, 𝑡 (1) 

The dependent variable, 𝐶𝑠,𝑖𝑡, is the probability of choice of activity, s, at a timestep or period, t. We 249 

aggregate ATUS time increments to DF-relevant periods of the day for t, as discussed previously. The subscript 250 

s can take one of 14 values corresponding to the DF-relevant activities described in Section 2.1.2. Also, we 251 

selected sleeping as the reference category for the MNL model. The vector of observable geographic and 252 

demographic characteristics, 𝑋𝑖, includes age, gender, labor force status, housing unit type, number of 253 

household members, level of education, annual family income, race, and ethnicity for each respondent (𝑖) (see 254 

Table 2). The control variables (𝑐𝑖
∗) are fixed effects accounting for the year, season, weather, and location. To 255 

measure the extent to which the choice of activities changes over time, we run the specification for each DF-256 

relevant period. 257 

2.2.2. Duration of activities (intensive behavior) 258 

We consider the amount of time spent on an activity as an intensive decision conditional on choosing to do 259 

the activity. We let 𝐴𝑠,𝑖𝑡 be the duration in minutes spent on an activity, s, by a household respondent, 𝑖, at 260 

period, 𝑡. We estimate the duration of time spent on each activity set at different times with Equation 2: 261 

𝐴𝑠,𝑖𝑡 = 𝜂𝑿𝒊 + 𝜔𝑐𝑖
∗ + 𝜀𝑠,𝑖𝑡 (2) 262 

where 𝑿𝒊 is a vector of the selected 17 demographic determinants, 𝑐𝑖  are the five control variables, and 𝜖𝑖𝑡 263 
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represents the extraneous errors left unexplained from the variations in the data. 264 

We compare initial results from linear OLS regression to LASSO§§ linear (cross-validation and adaptive) 265 

estimation of Equation (2)***. Comparing these models based on root mean square error (RMSE) and deviation 266 

from the mean predicted duration in minutes determines if significant predictors are in the linear OLS models 267 

(essentially LASSO with no penalty with all the co-variates) to predict occupants’ intensive DF behavior†††. 268 

2.2.3. Post-selection inference 269 

After we determined that the different duration models—OLS, LASSO with cross-validation vs. LASSO 270 

adaptive—have similar prediction accuracy on the test area, we checked for top predictors based on the 271 

overlapped variables selected by LASSO cross-validation and LASSO adaptive while ranking the beta 272 

coefficients of the variables for the OLS model. We also employed LASSO inference linear regression using 273 

a double-selection cross-validation solution. This ascertains which variables have a non-zero significant 274 

relationship with duration, and helps to us understand how demographic subgroups change their activities 275 

across different times of the day or how different people allocate their time to each DF activity. 276 

3. Results and discussion 277 

The key results from the choice and duration models demonstrate a non-zero relationship between 278 

residential extensive and intensive energy demand behavior and sociodemographic factors, an overall 279 

prediction accuracy within a 20% error margin, and which predictors are critical to users’ DF behavior. 280 

Additional results exploring different temporal scales and weekend versus weekdays, beyond the focus on off-281 

peak, peak (morning and evening), and critical peak periods, also support these conclusions and are presented 282 

in the Appendix (A.1, A.2, and A.3). The large tables of model results and Stata codes developed are posted 283 

on a GitHub repository (https://github.com/WonuolaOlawale/ATUS-Behavior-Model-Results) as the 284 

Supplementary Materials. 285 

 
§§ LASSO, the least absolute shrinkage and selection operator, helps select variables by applying a penalty function [55,56].  
*** We selected linear models as opposed to other machine learning models such as cluster analysis or neural networks as these linear 

models are easy for practitioners like utility program planners to fit and interpret. 
††† We selected LASSO as against ridge regression since ridge only shrinks coefficients but keeps all covariates. We wanted to select 

the best predictors to guide roster-type targeted programs, rather than simply predict activities. For the best activity prediction, we would 

have used elastic net regression method (a combination of LASSO and ridge) or some nonlinear machine learning models. 
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3.1. Extensive behavior (choice) predictions 286 

We establish that sociodemographic variables have predictive power for DF-related activity choices. We 287 

estimate activity choice probabilities that closely match actual activity frequency in our test data region. The 288 

individual predictor coefficients for each activity choice are posted on a GitHub (Part A) repository, because 289 

the choice models return large coefficient tables. In order to show that sociodemographic variables are 290 

significant predictors of activity choice, we report the likelihood ratio (LR) Chi-square and McFadden’s 291 

pseudo-R2 for each of the models in Table 3. The LR Chi-Square tests show statistical significance (at least 292 

one of the predictors’ regression coefficients is not equal to zero). The number in the parenthesis for each LR 293 

Chi-square statistic is the degree of freedom defined by the number of models estimated multiplied by the 294 

number of predictors in the model [54]. The McFadden’s pseudo-R2 (𝜌2) for MNL models are not the same as 295 

the R-squared, because values of 0.2–0.4 could represent excellent fit [57]. Although the model fits are poor 296 

with small pseudo-R2 less than 0.04, the demographic regressors are jointly statistically significant at the 0.000 297 

level, and the LR Chi-square statistics are at least four orders of magnitude greater than 10, with the ‘prob > 298 

chi2’, far less than 0.05 for all the models. These statistics indicate non-zero relationships between these 299 

variables and the DF-activity choice (extensive decision), and support our alternative hypothesis for a 300 

significant choice-sociodemographic relationship. 301 

Table 3. MNL model summary comparing LR chi-square statistic and McFadden’s pseudo-R2. 302 

 Temporal scale Day type Weekday periods 

 Single 

instances 

Any period Any day Weekend Weekday Off-peak Peak (day 

and 

evening) 

Critical 

peak 

Number of obs. 3,576,673 1,805,699 1,229,059 597,911 631,148 169,275 581,841 275,268 

LR chi2(N) LR 

chi2(741): 

488293.6 

LR 

chi2(740): 

247324.1 

LR 

chi2(738): 

133509.4 

LR 

chi2(676) 

45321.1 

LR 

chi2(713) 

73880.8 

LR 

chi2(709) 

19255.0 

LR 

chi2(715): 

70624.0 

LR 

chi2(710): 

40764.1 

Prob > chi2 0.0000 0.0000 0.0000 0.0000 0.0000 0.0000 0.0000 0.0000 

𝜌2 0.0327 0.0305 0.0235 0.0166 0.0252 0.0307 0.0274 0.0351 

Notes: The likelihood-ratio (LR) Chi-Square tests show statistical significance (at least one of the predictors’ regression coefficients is 303 
not equal to zero). The McFadden’s pseudo-R2 (𝜌2) shows explained variation. Probabilities ‘prob > chi2’ indicate statistical 304 
significance level. 305 

We closely predict the average probabilities per activity for the 4,225 respondents of the test area compared 306 

to their activity frequencies (unconditional probabilities) to show the choice model prediction accuracy at the 307 
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aggregate level. Table 4 presents the mean predicted probabilities for all the test area respondents for the 14 308 

alternative activities during the critical peak period. Note that the test sample average predicted probabilities 309 

(column 2b) are very similar to the mean unconditional activity probabilities (column 1b) for the test sample, 310 

indicating a close-enough fit. However, a perfect fit would predict a value of 1 (column 1e) for households 311 

engaged in the activity at any instance and zero otherwise (Column 1d). Our household-specific predicted 312 

probabilities deviate from this ideal, but that is a prominent feature of MNL models; they often accurately 313 

predict average choice probabilities even while predicting individual choices with noise. These average 314 

predictions are still meaningful because building DF relies upon large groups of buildings responding, and the 315 

actions of each individual building are less significant. Therefore, the test stock comparison for the 14 activities 316 

is relevant to utilities or aggregators designing DF programs. 317 

Table 4. Critical peak predicted probabilities for the 14 activities from the MNL models for the test sample respondents with complete 318 
sociodemographic information compared to the observed activity frequencies. 319 

 (1) 

Unconditional probabilities 

(2) 

MNL model choice probabilities predictions 

DF-relevant activities (a) 

Obs. 

(b) 

Mean 

(c) 

Std. 

(d) 

Min 

(e) 

Max 

(a) 

Obs. 

(b) 

Mean 

(c) 

Std. 

(d) 

Min 

(e) 

Max 

Just_home 1,549 0.233 0.423 0 1 1,431 0.230 0.030 0.145 0.340 

Sleeping 125 0.019 0.136 0 1 110 0.020 0.012 2.82E-24 0.102 

Laundry 136 0.020 0.141 0 1 134 0.017 0.010 3.58E-27 0.067 

Dishwashing 230 0.034 0.182 0 1 217 0.034 0.021 0.003 0.197 

Cooking 762 0.114 0.318 0 1 708 0.110 0.041 0.026 0.224 

Cleaning 516 0.078 0.268 0 1 480 0.075 0.013 0.039 0.133 

Garden_yard_work 64 0.009 0.097 0 1 58 0.010 0.010 7.79E-27 0.083 

Exercise 91 0.005 0.068 0 1 88 0.005 0.003 1.40E-26 0.038 

Pool_pump_use 1 0.0002 0.012 0 1 1 0.0004 0.001 0.000001 0.028 

TV_game_use 549 0.082 0.274 0 1 496 0.075 0.038 0.022 0.243 

Computer_use 77 0.011 0.105 0 1 75 0.011 0.007 8.19E-27 0.070 

Traveling_commuting 1,524 0.227 0.419 0 1 1,418 0.233 0.060 0.055 0.365 

Away_for_work 265 0.040 0.196 0 1 245 0.044 0.037 0.0002 0.191 

Away 851 0.128 0.334 0 1 794 0.136 0.027 0.051 0.214 

Notes: Column 1 shows the actual mean probabilities. Column 2 shows the mean predicted probabilities. (a) the number of activity 320 
occurrences; (b) mean probabilities; (c) standard deviation; (d) minimum; and (e) maximum probabilities. 321 

For the different periods investigated individually (off-peak, peak, and critical peak), Fig 4 shows the model 322 

performance for the mean predicted probabilities. The bottom figures show the percent deviation from the 323 

actual. The average deviation from mean predicted probabilities is 7%, 2.4%, and 4.8% for off-peak, peak, and 324 

critical peak periods. The maximum percent deviations are 35.6% (for computer use) and 19.3% (for laundry) 325 

Pursuant to the DOE Public Access Plan, this document represents the authors' peer-reviewed, accepted manuscript. 
The published version of the article is available from the relevant publisher.



 Olawale, Gilbert, and Reyna / Energy and Buildings 00 (2021) 000–000 16 

during off-peak, 9.2% (for dishwashing) during peak (morning and evening peaks), and 14.6% (for laundry) 326 

during critical peak. Note that these activities indicate peoples’ timing priorities that may affect DF adoption 327 

and may not directly correlate to energy consumption. 328 

329 

 330 

Fig 4. Extensive behavior predictions of the mean probability of each activity set by MNL models (top figures with predictions in blue 331 
and actual in orange) and their percent deviation from mean probabilities (in black on the bottom plots) for (a) off-peak; (b) peak (day 332 
and evening peaks); and (c) critical peak periods. 333 

Overall, the predicted mean probabilities of the choice of activities for the test population are within a ±20% 334 

error margin, except for the most infrequent activities. This exception also suggests that relatively infrequent 335 

activities may be more difficult to predict even with individually high short-term electricity loads associated—336 

a topic for future research. We also used a two-sample Kolmogorov-Smirnov test to determine if there are 337 

statistically significant differences between the distribution of the mean predicted probabilities and of the 338 

unconditional probabilities combining the results for the different times and periods. This combination yields 339 

224 observations (both actual and predicted) for the 14 activities (see Table A.1 in Appendix A). Not only are 340 
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the combined differences in both directions less than 0.05, but the exact asymptotic p-value for these minor 341 

probability differences is 0.998, which is not significant. This test suggests that the mean predicted 342 

probabilities are close to the actual activity frequencies. These results give a positive indication of estimation 343 

of average probabilities of DF-related activities (i.e., extensive behavior) of customers from publicly available 344 

demographic data for different service areas across the United States.  345 

3.2. Intensive behavior (duration of activities) predictions 346 

For the intensive behavior, we use LASSO and OLS linear models as described in Section 2.2.2. The intent 347 

is to decide if linear OLS regression models suffice compared to LASSO (cross-validation (CV) and adaptive) 348 

models that select ‘good’ predictors (with non-zero coefficients) using regularization. We present the test 349 

sample duration averages across time scales (day, period, and single instances) and compare the average 350 

predictions of these three model types in Table 5. Panel 1 describes the model output parameters for each of 351 

the models, including the number of selected co-variates (a), the LASSO lambda values (b), their R-squared 352 

(i.e., the explained variance) (c), and their RMSE (d). The R-squared and the RMSE for the three model types 353 

are similar despite the varied number of selected co-variates between the LASSOs and OLS methods. This 354 

similarity indicates that the OLS model suffices for the study, while the differences in number of selected 355 

covariates indicate that we can separate the significant predictors that adequately explain the variances in 356 

peoples’ behavioral patterns from the marginal ones.  357 

Table 5. Duration model performance summary. Predicted activity durations from the three linear regression model types compared to 358 
the actual test sample mean duration. 359 

Model 

 

Model output parameters 

(1) 

Activities’ duration (in minutes) 

(2) 

Deviations 

(3) 

No. of 

co-

variates 

(a) 

lambda 

value (b) 

R2  

(c) 

RMSE 

(d) 

Obs. 

(a) 

Mean 

(b) 

Std. 

Dev.  

(c) 

Min 

 (d) 

Max 

(e) 

mins 

(a) 

% 

(b) 

Day: Duration spent cumulatively on activities on average in a whole day 

Actual 28,639 211.65 211.40 1 1370   

LASSO CV 53 0.0503 0.0068 212.646 26,612 211.91 17.29 167 272.62 0.26 0.12 

LASSO Adaptive 40 53321.9 0.0068 212.644 26,612 212.02 17.45 167 269.24 0.37 0.17 

OLS 74 - 0.0069 212.64 26,612 211.82 17.54 165 277.81 0.17 0.08 

Period: Duration spent cumulatively on activities on average in any period 

Actual 42,318 143.23 166.35 1 1310   

LASSO CV 52 0.0417 0.1033 160.498 39,341 142.93 53.85 78.93 257.3 0.30 -0.21 

LASSO Adaptive 26 1798.3 0.1033 160.501 39,341 143.16 53.85 81.26 255.2 0.07 -0.05 
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OLS 74 - 0.1034 160.50 39,341 142.84 53.96 77.84 261.8 0.39 -0.27 

Instances: Duration spent on activities on average in a single instance at a stretch 

Actual 83,013 73.02 98.93 1 1295   

LASSO CV 59 0.00803 0.0124 99.6239 77,245 72.03 11.19 43.65 110.0 0.99 -1.36 

LASSO Adaptive 44 2.3E+08 0.0124 99.6238 77,307 72.06 11.20 43.64 110.0 0.96 -1.32 

OLS 74 - 0.0125 99.623 77,245 72.02 11.22 43.53 110.1 1.01 -1.38 

Notes: Panel 1 describes the model output parameters for each of the models, including (a) the number of selected co-variates; (b) the 360 
LASSO lambda values; (c) their R-squared (i.e., the explained variance); and (d) root mean square error (RMSE). Panel 2 reports the 361 
summary statistics for the actual duration (unconditional mean) on activities versus the prediction for the test sample respondents for 362 
each model: (a) the observations depict the total number of cases per activity per respondent, with model observations accounting for 363 
cases with fully represented demographic characteristics; (b) the average duration spent on activities is in minutes; (c) with a standard 364 
deviation value, (d) the minimum; and (e) maximum values. Panel 3 is the deviation of the duration models from actual in (a) minutes; 365 
and (b) percentage. 366 

Panel 2 in Table 5 reports the summary statistics for the actual duration (unconditional mean) on activities 367 

versus the prediction for the test sample respondents. The observations (a) depict the total number of cases per 368 

activity per respondent, with model observations accounting for cases with fully represented demographic 369 

characteristics. The average duration spent on activities is in minutes (b), with a standard deviation value (c) 370 

with values that lie between the minimum (d) and maximum (e) values. If these models were perfect, the 371 

minimum and maximum values of the predicted durations would be similar to the actual test sample mean. 372 

This ideal is not the case, but the average model predictions deviate from the unconditional mean (in Panel 3) 373 

by less than 2% for all the models across the scales. The three linear model types show similar RMSEs to two 374 

decimal points and similar percent deviations from the test sample mean. These similarities indicate that neither 375 

of these methods or predictor selection is superior in predicting DF-related intensive behavior. Given that our 376 

objective is to find statistically significant sociodemographic factors, and the RMSEs of these models are 377 

similar, we choose the OLS linear regression models for all the predictions based on relatively higher 378 

computational speed, simplicity of interpreting their coefficients as marginal effects, ease of ranking the 379 

predictors by beta coefficients, and their easily retrievable test of statistical significance. 380 

Like the choice models, the duration models show superior stock-level predictions—which is the more 381 

relevant scope for DF—compared to per-household predictions. Furthermore, these models present the 382 

primary function of integrating demographics into DF estimates of end-use behavior at the stock level, an area 383 

that remains underexplored. To demonstrate, Table 6 summarizes the predicted durations for the 14 activities 384 

for the 4,225 respondents of the test sample during the critical peak period. Panel 1 reports the actual duration 385 
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means, and Panel 2 reports the model predictions. In both panels, the observations (a) are for the number of 386 

activity occurrences, with the average amount of time (b) with standard deviation (c) that varies between the 387 

minimum (d) and maximum (e) values. The predicted durations are similar to the actual test population’s 388 

intensive behavior within minutes but show high variations from the actual minimum and maximum values. 389 

These variations suggest that the models may not recreate each observation accurately, but the similar average 390 

duration predictions to actual observations mimic the overall aggregate level behavior closely. Thus, we focus 391 

on the mean predicted duration of people’s time on these DF-relevant activities. 392 

The pool-use model is quite insufficient in specific periods (e.g., off-peak and critical peak) given the few 393 

respondents who report pool use. As noted earlier, these end-use behavior predictions do not translate directly 394 

to energy use and limit our conclusions to only DF-relevant behavioral patterns. We present these limitations 395 

to indicate the need for future improvements in predicting intensive behavior at spatial resolutions requiring 396 

individual-level results.  397 

Table 6. Predicted durations for the 14 activities during the critical peak period compared to the actual test sample means. 398 

 (1) 

Actual mean duration in minutes per activity 

(2) 

OLS model duration predictions (minutes) 

DF-relevant activities 

(a) 

Obs. 

(b) 

Mean 

(c) 

Std. 

(d) 

Min 

(e) 

Max 

(a) 

Obs. 

(b) 

Mean 

(c) 

Std. 

(d) 

Min 

(e) 

Max 

Just_home 1,549 78.4 71.0 1 810 1,431 76.4 13.6 37.8 122.6 

Sleeping 125 149.2 178.8 10 775 110 149.8 61.1 2.9 371.1 

Laundry 136 48.7 72.9 2 745 134 38.3 9.7 17.9 74.9 

Dishwashing 230 24.6 15.0 2 90 217 23.3 3.2 15.1 36.7 

Cooking 762 36.3 25.7 1 240 708 38.3 7.0 19.8 61.4 

Cleaning 516 34.0 31.7 1 210 480 33.3 7.5 17.5 52.4 

Garden_yard_work 64 67.6 50.2 4 195 58 63.9 11.9 43.4 87.0 

Exercise 91 66.5 43.4 15 300 88 74.2 16.9 41.6 128.7 

Pool_use 1 20.0 . 20 20 1 62.7 . 62.7 62.7 

TV_game_use 549 95.6 95.4 5 790 496 93.7 25.8 34.7 177.9 

Computer_use 77 54.0 37.9 5 195 75 62.3 18.6 6.8 110.8 

Traveling_commuting 1,524 39.9 28.6 1 271 1,418 39.0 3.0 29.4 50.3 

Away_for_work 265 139.8 102.6 1 765 245 141.6 12.6 60.8 172.3 

Away 851 56.6 59.1 1 710 794 59.1 10.6 31.3 92.6 

Notes: Panel 1 shows the actual values. Panel 2 shows the predictions from the duration models. (a) number of activity occurrences; (b) 399 
mean duration; (c) standard deviation; (d) minimum; and (e) maximum values. 400 

The aggregate duration predictions per period for the test service area and the deviations are shown in Fig 401 

5 to demonstrate how close the aggregate predictions are to the actual within a 20% error margin. The entire 402 

duration model results for each activity during each DF-relevant period with variable coefficients and p-values 403 
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are also in GitHub (Part B). Again, the approximations in ‘blue’ by the duration model generally emulate the 404 

intensive behavior of the test respondents at the stock level in ‘orange’ (Fig 5a-c) except for infrequent 405 

activities such as pool use. The off-peak duration models present an average deviation of 7.3%, but show the 406 

most uncertainties in predicting dishwashing (20.2%), laundry (17.9%), yardwork (17.5%), and computer use 407 

(15.4%) (Fig 5a). A further investigation on the number of observations for these four activities reveals each 408 

has less than 30 observations, making the sample size relatively small as would be expected during early hours 409 

of off-peak. The yardwork peak duration model presents the highest error of 15.2%. The rest of the peak 410 

activity duration models are within the ±10% error margin with an average of 4.2% (Fig 5b). The duration 411 

models for laundry and computer use activity sets during critical peak (Fig 5c) are off by -21.4% and +15.3%, 412 

respectively. Exercise during critical peak is overestimated by about 11.6%, and the remaining activities are 413 

within a ±10% error margin of the actual. The critical peak activity models are only off by 5.7% on average. 414 

These errors can help assess uncertainties in end-use estimations during DF-relevant periods. For instance, 415 

we advise caution when interpreting time-use estimates for laundry, dishwashing, yardwork, and computer 416 

use, given how relatively uncommon these activities are during off-peak periods. It is also essential to evaluate 417 

the extensive and intensive behavior jointly, rather than separately focus on time use as is typical in the 418 

literature [42,58]. This integrated study clearly shows the frequency and priorities placed on different activities.  419 
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 421 

Fig 5. Intensive behavior predictions of the mean duration of each activity set by linear OLS regression models (top figures with 422 
predictions in blue and actual in orange) and their percent deviation from mean duration spent (in black on the bottom plots) for periods 423 
(a) off-peak (midnight – 7 AM); (b) peak (7 AM – 2 PM and 7 PM to midnight); and (c) critical peak (2 PM – 7 PM). 424 

A similar two-sample Kolmogorov-Smirnov test on the distribution of the unconditional duration means 425 

and the predicted average duration per activity shows that the duration model predictions on aggregate-level 426 

are close to the actual (Table A.2 in Appendix A). The most considerable differences in both directions are 427 

less than 0.04, and the exact asymptotic p-value for these minor probability differences is 1.000 (not 428 

significant). 429 

Overall, the close aggregate predictions and model significance of these duration models based on 430 

sociodemographic characteristics demonstrate non-zero relationships between a number of these 17 variables 431 

and the DF-activity duration (intensive behavior). These small error margins also indicate the possibility of 432 

representing stock occupant intensive behavior for different parts of the United States based on knowledge of 433 

the area's demographic characteristics. 434 

3.3. Demographic subgroups and differences in activities over time 435 

This work seeks to identify which sociodemographic variables are most statistically significant in predicting 436 

how different demographic subgroups change their activities across different times of the day. To do this, we 437 

also assess the variables with a non-zero significant relationship based on selection by both LASSO adaptive 438 

and LASSO cross-validation models across the time scales. The full LASSO model results are also on GitHub 439 

(Part C); Fig 6 summarizes the LASSO model selections. A cross-section of the LASSO selections from single 440 
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events (1), any period (2), and any day (3) models in Fig 6 show that the type of household, family household 441 

income level, education level relative to less than high school education, race classification, age of respondent, 442 

gender, number of children in the household, presence of children under 18, the total number of people in the 443 

household, and the total amount of time spent alone (in minutes) were consistently selected across the time 444 

chunks as regressors with a non-zero relationship with the amount of time spent on activities (all temporal 445 

resolutions). Identifying these 11 variables with non-zero coefficients is important to identifying which 446 

demographic characteristics to include when integrating sociodemographic diversity into DF modeling or 447 

accounting for complex human dynamics invariant of timescale. 448 

 449 

Fig 6. A summary of the LASSO models' selections with a colored bar indicating selection across different time scales. Variables that 450 
appear across all three temporal resolutions have the yellow bar showing complete overlaps. Notes: Blue shows duration model 451 
selections for single events. Orange for any period models. Grey for any day models. Yellow shows selections across all the timescales. 452 
HH stands for households. 453 

A shortcoming of the LASSO models is that they do not provide standard errors required for statistical 454 

inference after selecting co-variates with estimated non-zero coefficients [59]. This inadequacy led us to using 455 

an additional LASSO-based method for estimating the “true” effects from the coefficients and standard errors 456 

of the vector of 17 sociodemographic variables using the double-selection solution well documented in the 457 

literature [60,61].  458 

Table 7 summarizes some of the results of the LASSO inference model for approximating the duration of 459 

any of the DF activities during any period (full results on GitHub (Part D)). The coefficients (column 1) and 460 

Type of housing unit

Telephone in the unit or not

House ownership

Household type

Business or farm ownership

Family income level

Education level

Ethnicity (Hispanic or not)

Citizenship

Race classification

Age

Labor force status

Gender

Number of children

Presence of children

Number of people in the HH

Total time spent alone

Regions covering climate zones

Day-of-the-week

Holiday fixed effect

Season of the year

Year of interview

S
o
c
io

d
e

m
o
g
ra

p
h
ic

 v
a

ri
a
b

le
s
 (

1
7

)
C

o
n
tr

o
l

v
a
ri

a
b
le

s
 (

5
)

Single event Any period Any day All temporal resolutions

Pursuant to the DOE Public Access Plan, this document represents the authors' peer-reviewed, accepted manuscript. 
The published version of the article is available from the relevant publisher.

https://github.com/WonuolaOlawale/ATUS-Behavior-Model-Results


 Olawale, Gilbert, and Reyna / Energy and Buildings 00 (2021) 000–000 23 

p-value (column 3) in linear regression models are similar to the marginal effects and helpful for statistical 461 

inference. From Table 7, gender has a coefficient of -17.3 statistically significant at a p = 0.000. This coefficient 462 

interprets women spending about 17 additional minutes on average on a given activity compared to their male 463 

counterparts within any period. The presence of household children below 18 years old is statistically 464 

significant with a coefficient of -5.6 minutes. It interprets that households with children tend to spend about 6 465 

minutes less on DF-related activities within DF-relevant periods than those without children on average. The 466 

‘number of children’ variable indicates that the addition of one child results in spending 4 minutes less than 467 

one without children at all. The total time spent alone with its significant -0.012 coefficient implies that 1 hour 468 

alone implies spending 43 seconds less on activities in general. Not being in the labor force compared to the 469 

base category of being employed at work (labor force status) spends about 7 minutes more on activities during 470 

periods on average and so forth. These insights can help understand which sociodemographic subgroups to 471 

target and perhaps most likely to interact with corresponding DF technologies. These results can also improve 472 

DF-related appliance-level (end-use) understanding of user choice and behavior dynamics up to a national 473 

scale. 474 

Table 7. Post-selection inference showing some of LASSO inference model results for the duration of time it takes for any activity in 475 
any period. 476 

Double-selection linear LASSO model Number of observations = 1,845,040  
Number of controls = 17  

Number of selected controls = 16  
Wald chi2(44) = 9212.69  

Prob > chi2 = 0          
Robust 

    

Duration spent on activities during any period Coef.  

(1) 

Std. Err. 

(2) 

z P>z 

(3) 

[95% Conf. Interval] 

(4)         
Gender (Base: Male) Female -17.308 0.289 -59.950 0.000 -17.873 -16.742        
Is there a telephone in this house/apartment? Yes 0.167 0.744 0.220 0.822 -1.291 1.626        
Presence of household children < 18: Yes -5.639 0.462 -12.200 0.000 -6.545 -4.733        
Does anyone in this household have a business or a 

farm? Yes 

2.507 0.363 6.900 0.000 1.795 3.219 

Age -0.083 0.010 -8.520 0.000 -0.102 -0.064 

Number of people living in respondent's household 1.973 0.194 10.150 0.000 1.592 2.354 
Total time respondent spent alone (in minutes) -0.012 0.001 -17.860 0.000 -0.013 -0.010 

Number of household children < 18 -4.167 0.257 -16.190 0.000 -4.672 -3.663        
Family income level according to 2020 poverty guidelines  

(Base: Low-income) 

   

Mid-income -3.884 0.401 -9.680 0.000 -4.671 -3.098 

High income -5.366 0.444 -12.100 0.000 -6.236 -4.497        
Labor force status (Base: Employed - at work) 

      

Employed - absent 9.398 0.783 12.010 0.000 7.864 10.932 

Unemployed - on layoff 5.225 1.729 3.020 0.003 1.835 8.614 
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Unemployed - looking 2.404 0.626 3.840 0.000 1.177 3.632 

Not in labor force 6.842 0.308 22.180 0.000 6.237 7.446        
… … … … … … … 

House ownership  
(Base: Owned or being bought by a household member) 

    

Rented for cash 2.640 0.330 8.000 0.000 1.994 3.287 

Occupied without payment of cash rent 1.436 1.163 1.230 0.217 -0.843 3.715 

Notes: The full results for all 17 sociodemographic predictors are on GitHub (Part D). The chi-squared test is a Wald test of the 

coefficients of the variables of interest jointly equal to zero. Column 1 shows the coefficients for each factor. Column 2 shows the 

standard deviations. Column 3 shows the z-statistics and p-values. Column 4 shows the confidence intervals. 

Given the computational resource requirement for running LASSO inference models, we selected the top 5 477 

predictors of each linear regression duration model per activity per period by ranking their beta coefficients. 478 

This ranking helps to investigate the marginal effects of these variables relative to the other variables on each 479 

activity per period. The choice of 5 predictors is arbitrary and selected to limit an overload of information 480 

across the different models. Across all the investigated sets of activities, we found a sum of 13 top predictors 481 

across all the duration models. We present these 13 variables in column 1 of Table 8 to show coefficients 482 

excerpts based on the beta ranking (detailed model results with coefficients and p-values are in Part B, 483 

Supplementary Materials). These predictors vary in level of statistical significance but are significant beyond 484 

the p < 0.05 levels. 485 

We summarize these 13 top predictors as personal factors (gender, age, time spent alone), job or social 486 

status (labor force status, family income level, ownership of business or farm), family dynamics (presence of 487 

household children, number of household children, number of people living in the household, household type), 488 

education level, and culture (race classification and ethnicity). These findings of top predictors help delineate 489 

what key population statistics drive intensive behavior, which could influence energy end-use and DF 490 

estimates. 491 

Based on our objective to understand people’s priorities within a DF context, we look at direct applicability 492 

to DF program design by focusing on just home (2), cleaning/personal care (3), and sleeping (4) activities 493 

(Table 8). Home and sleeping activities require adjustments in heating and cooling and are thus related to the 494 

standard residential connected thermostat DF program. Most cleaning and personal care activities, including 495 

water use, relate to the other common residential DF program for smart water heaters [62]. 496 

In Table 8, the bold numbers are the regression coefficients of the variables, while those in the brackets are 497 
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the standard errors. One striking observation is how the different demographic subgroups spend varied 498 

durations on different activities across off-peak (a), peak (b), and critical peak (c) periods. In addition, the top 499 

predictors change for each activity per period. For example, during peak period (subcolumn b), time spent 500 

alone, education level, and labor force status are the top predictors of who is home more, while gender and 501 

labor force status matters for cleaning, but when it comes to sleeping activities, gender, education, and 502 

household type are top.  503 

Another critical point is the difference in the duration coefficients for each subgroup. For instance, look at 504 

the critical peak period (subcolumn c); women sleep less than men by 24 minutes but spend 7 minutes more 505 

engaging in cleaning activities. These results could imply that connected thermostat DF may be more 506 

successful with women during critical peak periods, while smart water heater programs may be more 507 

successful with men. For the labor force status coefficients, someone who is not in the labor force spends about 508 

23 minutes more at home during critical peak. It means it is more likely for someone employed at work who 509 

spends less time sleeping to respond to a DR thermostat event call during a critical peak event. Another 510 

subgroup difference is how a person with a postgraduate education sleeps by 65 minutes less in the evenings 511 

during critical peak than someone with less than high school education.  512 

These systematic and sociodemographic subgroup differences in coefficients mean that we can target 513 

different people at different times, clearly comparing people’s preferential priority with activities. These results 514 

offer deeper insights into timing and preferences for different people, unlike before. This study’s findings 515 

provide a basis to embrace a human-centric approach in designing DF programs. Further research can 516 

determine how other vital mechanisms such as energy pricing or incentives drive adoption during the direct 517 

application of our study results in targeted messaging rosters. 518 

 519 
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Table 8. Excerpts of coefficients (marginal effects) of top predicting and statistically significant demographic variables selected across all the linear regression duration models after ranking by 520 
beta coefficients for just home, cleaning, and sleeping activities related to two common demand flexibility programs (connected thermostats and smart water heaters) 521 

 
Just home activities 

(2) 

Cleaning/personal care activities 

(3) 

Sleeping activities 

(4) 
 

Off peak (a) Peak (b) Critical peak (c) Off peak (a) Peak (b) Critical peak (c) Off peak (a) Peak (b) Critical peak (c) 

Top predicting demographic variables across all 

the duration models 

(1) 

Coef. 
(Std. 

Err.) 
Coef. 

(Std. 

Err.) 
Coef. 

(Std. 

Err.) 
Coef. 

(Std. 

Err.) 
Coef. 

(Std. 

Err.) 
Coef. 

(Std. 

Err.) 
Coef. 

(Std. 

Err.) 
Coef. 

(Std. 

Err.) 
Coef. 

(Std. 

Err.) 

Gender (Male vs. Female)       9.3 (0.3) 13.3 (0.4) 7.4 (0.5)     -23.8 (6.0) 

Presence of HH children < 18 (No vs. Yes)                   

Number of HH children < 18   3.6 (0.5) 3.3 (0.6)   3.6 (0.5)         

Number of people living in HH               -2.3 (0.5)   

Age       0.1 (0.01)     -0.3 (0.03)     

Total time alone (mins) 0.02 (0.001) 0.02 (0.001) 0.01 (0.001) -0.004 (0.001) 0.02 (0.001) 0.01 (0.001) 0.2 (0.002) -0.04 (0.002) -0.2 (0.01) 

Business or a farm? (No vs. Yes)   13.9 (0.7) 9.0 (0.8)       10.7 (0.9)     

Family income level (Low vs high income) -4.1 (0.8)     2.0 (0.5)   -4.7 (0.8)       

Labor force status (Base: Employed - at work)                   

Employed - absent     19.6 (1.6)   13.0 (1.0)         

Unemployed - looking   20.8 (1.2) 21.9 (1.3)   9.8 (0. 8) 10.3 (1.2) 23.0 (1.8)     

Not in labor force 3.7 (0.6) 18.1 (0.6) 22.9 (0.7) -5.7 (0.4) 9.0 (0.4) 5.4 (0.6) 21.3 (0.9) -13.3 (0.8) -15.2 (5.9) 

Education (Base: < High school)                   

High school               -10.9 (1.1)   

Some college - no degree 4.2 (0.8) 10.4 (0.9)           -19.5 (1.2)   

College or associate degree 3.4 (0.8) 15.8 (0.8) 6.7 (0.9)       12.2 (1.1) -21.1 (1.1) -42.1 (7.7) 

Postgraduate 5.1 (0.9) 22.6 (1.0) 9.0 (1.1)       16.3 (1.3) -25.3 (1.4) -65.1 (10.1) 

Race (Base: White) Black or African American       4.1 (0.4)         46.3 (6.5) 

Asian               -12.4 (2.0)   

Non-Hispanic vs. Hispanic       2.7 (0.4) 5.7 (0.6)         

Household type (Base: neither Armed Forces)                   

Civilian male primary individual -4.5 (0.9)   -6.7 (1.1)           47.7 (9.5) 

Civilian female primary individual   
  

    -6.5 (0.6) -4.3 (0.9)     46.6 (9.1) 

Notes: The complete duration model results for each activity during each period are on GitHub (Part B). Coefficients in bold. Standard errors are in parenthesis. Panel 1 shows the top demographic 522 
predictors. Panels 2 – 4 present coefficients for just home (2), cleaning/personal care (3), and sleeping (4) activities for (a) off-peak; (b) peak; and (c) critical peak periods.523 
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To sum this study’s applications to utilities and relevance to existing programs, the results and insights from 524 

this study are important for improving user-segmented targeting in DF program designs and increasing 525 

adoption at a national level. It is also important to note that targeting consumer types is common e.g., customer 526 

segmentation according to demand response potential [63], low-income energy efficiency programs [64], and 527 

numerous marketing programs offering student discounts or senior-citizen rebates, or incentives for military 528 

personnel. We, therefore, emphasize that this study’s target is to help the utility better understand where DF 529 

responses are most likely within its customer network, and is not intended as a guide to offer programs to only 530 

certain classes of people. Also, our results provide a better understanding of user choice and behavior dynamics 531 

during critical peak, peak, and off-peak periods for DF-related end uses. Higher temporal resolution studies 532 

(up to 15-minute resolution) can also apply to our proposed framework. The predictive models for behavior 533 

presented in this work could complement existing models for estimating DF potential. Asadinejad et al. (2018) 534 

demonstrated the need for this type of DF behavior study to identify the effects of different incentive levels on 535 

DF participation for residential customers at individual appliance levels [11]. Note that for simplicity, our work 536 

excludes the elasticity of price or incentives on DF. Despite this exclusion, this study could inform future data 537 

collection efforts for which demographic variables are relevant to specific DF technologies and use cases. 538 

4. Conclusions 539 

This study identifies the most important demographic characteristics to DF activities and timing priorities, 540 

with the goal of helping user-targeted DF programs increase participation and decrease DF event overrides. 541 

Unlike previous literature on residential building energy/occupancy modeling, we avoid activity-to-energy 542 

conversion bias by developing novel models to predict respondents’ activities profile for a residential stock. 543 

Our models show non-zero relationships between several observable sociodemographic variables and the 544 

choice and duration of DF activities, even after controlling for geography, weather, and seasonal differences. 545 

The developed supervised machine learning MNL models predict the DF-related extensive behavior (i.e., 546 

choice) at different temporal scales (single instance, period, and daily aggregates), weekend versus weekday, 547 

and the DF-relevant periods of interest (off-peak, critical peak, and peak). We also developed LASSO linear 548 
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(cross-validation and adaptive) and linear regression models to predict residential occupants’ intensive DF 549 

behavior of how much time people spend on identified DF-relevant activities. We then evaluated these models 550 

using their RMSE and deviation from the mean predicted duration in minutes. The LASSO models showed 551 

variables with non-zero coefficients, while the OLS regression models (with similar model performance) offer 552 

computational ease and provide both coefficients and standard errors necessary for statistical inferences. We 553 

also checked for top predictors from the top variables selected by LASSO cross-validation and LASSO 554 

adaptive while ranking the beta coefficients of the variables for the linear regression model and using double-555 

selection cross-validation LASSO inference as post-selection inference tools.  556 

We also leveraged and connected the existing ATUS data to knowledge gaps in creating a framework to 557 

answer what population statistics could improve our understanding of DF-specific occupant behavior in 558 

homes. We demonstrated how residents’ behavioral pattern changes with activity and by implication, with DF 559 

technology of interest. Using publicly available demographic data up to the national scale, we also showed 560 

good prediction accuracy within a ±20% error margin. We found 13 top-ranked variables summarized as 561 

personal factors (gender, age, time spent alone), job or social status (labor force status, family income level, 562 

ownership of business or farm), family dynamics (presence of household children, number of household 563 

children, number of people living in the household, household type), education level, and cultural tendencies 564 

(race classification and ethnicity) after sifting through more than 17 sociodemographic factors. This ranking 565 

means there is a chance to improve DF/energy use models that require activity prediction with few specified 566 

publicly available demographic variables. There is also an opportunity for real-world testing to create roster-567 

messaging platforms for DF to customers for different periods.  568 

In summary, these results are pivotal for utilities to integrating sociodemographic population statistics into 569 

DF estimations—we can now provide a better understanding of how occupants’ behaviors impact how we 570 

frame technological solutions to potential residential DF customers. Our work also informs future messaging 571 

schedules that could help demand response reach its potential. Based on these findings, utilities can also 572 

consider targeting different customers with insights into the social practices (daily activities) related to DF. 573 
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  733 

Supplementary Materials 734 

The full model results and codes are presented on GitHub (https://github.com/WonuolaOlawale/ATUS-735 

Behavior-Model-Results) in parts: 736 

• Part A: Choice Models—The individual predictor coefficients for each activity choice. 737 

• Part B: Duration OLS models—The entire duration model results for each activity during each 738 

DF-relevant period with variable coefficients and p-values. 739 

• Part C: Duration LASSO adaptive and cross-validation model selections. 740 

• Part D: LASSO inference model for approximating the duration of any of the DF activities during 741 

any period. 742 

• Part E: Stata codes developed for these model runs, and the interpretation of the variable names 743 

used in the code. 744 

Appendix A. Additional results 745 

The additional results presented here explore different temporal scales and weekend versus weekdays, 746 

beyond the focus on off-peak, peak (morning and evening), and critical peak periods in the main material. 747 

They support the conclusions of a non-zero relationship between residential extensive and intensive energy 748 

demand behavior and sociodemographic factors, and also demonstrate an overall prediction accuracy within a 749 

20% error margin. A.1 presents the choice (extensive behavior) predictions, A.2 presents the duration 750 

(intensive behavior) predictions, and A.3 presents additional validations using two-sample Kolmogorov-751 

Smirnov tests. 752 

A.1. Additional insights on extensive behavior (choice) predictions 753 

For the different temporal scales (i.e., single instances, any period, or any day), we find similarities between 754 

the unconditional probability of DF activities of the test service area population with the predicted mean 755 
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probabilities in Fig A.1. In this figure, we focus on the extensive behavior prediction accuracy of these MNL 756 

models. The percent deviation of the predicted from the actual frequencies are on the right-hand of each of the 757 

Fig A.1 plots. The models reasonably predict the average probabilities of the test stocks’ activity choice, as 758 

the percent deviations from actual frequencies are less than 10%, and only slightly larger for relatively 759 

infrequent activities.  760 

Pool use extensive behavior in any given period is predicted to be 0.00061 probability, when the actual is 761 

0.00036, which explains the poor prediction of more than 20% off-prediction (Fig A.1b). Sleeping activity sets 762 

and just being home are most likely throughout the day at 0.1471 and 0.1423 mean probabilities, respectively. 763 

The day MNL models slightly overestimate these by 0.01% and 0.4%, respectively. Again, pool use throughout 764 

the day is the worst predicted at 24.4% overestimation from the actual probability of 0.00052 (Fig A.1c). But 765 

on average, the day MNL models predict the mean probability of the out-of-sample test service area within a 766 

4.7% percent deviation. These results indicate that these models could predict DF-related extensive behavior 767 

of other service areas across the United States, given the low percent deviations from the mean. These results 768 

also show that the uncertainties stem from the tiny probabilities associated with pool use even though the 769 

chances of pool use are predicted down to four decimal points. DF program designers who want to apply these 770 

learning models should note this uncertainty attributed to pool use behavior. We note that pool use activity 771 

does not directly correspond to pool energy as pool pumps and heating usually run on a predetermined 772 

schedule, independent of use. We, therefore, suggest the possible need to separately study pool uses among 773 

homeowners if or when emerging DF technologies associated with pool pumps become increasingly popular 774 

or imperative. 775 
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776 

777 

  778 

Fig A.1. Extensive behavior predictions of the mean probability of each activity set by MNL models and their percent deviation from 779 
mean probabilities on the right (a) for single instances; (b) in any given period; and (c) for a whole day. Notes: the left plots contain 780 
actual values in orange and model predictions in blue; and the right plots show percent deviations in black.  781 

The weekday and weekend MNL models deviate from the test mean probability of each activity on average 782 

by 2.2% and 7.8%, respectively, with maximum deviations of 9.2% (for yard work) for weekdays and 13.8% 783 

(for exercise), 16.5% (yard work), and 43.7% (pool use) on weekends as shown in Fig A.2.  784 
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785 

 786 

Fig A.2. Extensive behavior predictions of the mean probability of each activity set by MNL models and their percent deviation from 787 
mean probabilities on the right for (a) weekdays; and (b) weekends. Notes: the left plots contain actual values in orange and model 788 
predictions in blue; and the right plots show percent deviations in black. 789 

A.2. Additional insights on intensive behavior (duration of activities) predictions 790 

Fig A.3 presents the predictions of average cumulative time spent per activity for single instances, a period, 791 

or a typical day compared to the actual intensive behavior for the test sample respondents. Each gridline in the 792 

top plots (Fig A.3(a-c)) represents 1 hour. The complete duration model results with coefficients and standard 793 

errors for each variable are in Part B (on GitHub). Discussions of the actual intensive behavior across these 794 

timescales are in a recent study [12]. One of the takeaways from the actual behavior from instantaneous to 795 

daily actions is the higher intensity of some activities with increasing timescale. As an example, the test 796 

sample’s 4,225 respondents spend about 2.6 hours doing work-related activities but report about 4 hours on 797 

sleeping activities at a stretch or in a single event (Fig A.3a). However, on a daily basis, the test population 798 
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spends 8.1 hours and 8.7 hours on work and sleeping on average, respectively (Fig A.3c). Ordinarily, similar 799 

weights may have been placed on both sleeping and being at work at the different time resolutions based on 800 

the understanding of the typical daily occupant schedules usually presented in the literature [42]. With this 801 

type of holistic-scale presentations of intensive behavior, we might better understand why instantaneous peak 802 

demand from occupant behavior differs from periodic or daily peak demand. Another takeaway is that the 803 

respondents’ time-use behavioral pattern changes with each activity and, by implication, changes with DF 804 

technology of interest. As noticed, the average amount of time spent on one activity differs from another 805 

activity.  806 

 807 

 808 

Fig A.3. Intensive behavior predictions of the mean duration of each activity set by linear OLS regression models and their percent 809 
deviation from mean duration spent on the bottom plots with hyphenated dash one (a) for single instances; (b) in any given period; and 810 
(c) for a whole day. Notes: the top plots contain actual values in orange and model predictions in blue; and the bottom plots show 811 
percent deviations in black. 812 
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Concerning the performance of the developed duration models, the “blue” model predictions closely match 813 

the “orange” actual average duration or intensive behavior spent per activity in general (Fig A.3). The bottom 814 

plots in Fig A.3 are percentage deviations from the test sample mean durations. These show that the linear 815 

regression models predict the stock average duration within a ±10% error margin. The single instance duration 816 

models overestimate pool use average time by 9.6% maximum deviation, but on average, the models are off 817 

by 2.3% (Fig A.3(a-1)). The period duration models underestimate the average laundry time of use by about a 818 

7.6% deviation but predict well on average for all the activities within 2.1% (Fig A.3(b-1)). On the daily scale, 819 

the average cumulative time spent on exercise is overestimated by about 6.4%. The day duration models are 820 

off by 2.2% on average for all the activities (Fig A.3(c-1)). These time scale duration results help indicate 821 

sources of uncertainties in end-use estimations given a near-complete sociodemographic characteristic 822 

definition of each respondent in the model. These small error margins also indicate the possibility of 823 

representing stock occupant intensive behavior for different parts of the United States based on knowledge of 824 

the area's demographic characteristics. These close predictions of activity time use demonstrate applicability 825 

to integrating population statistics to end-use predictions in energy models or DF modeling.  826 

Shifting interest to weekday versus weekend, the intensive behavior predictions are presented in Fig A.4 827 

(using the ATUS data for training the models and the test sample for out-of-sample testing, as previously 828 

described). The weekday duration models underestimate laundry by 12.7%, pool use by 10.3%, and computer 829 

use by 9%. The models overestimate yardwork/gardening and exercise set of activities during weekdays by 830 

7.8% and 9.1%, respectively. On average, however, the weekday duration models are off the actual intensive 831 

DF-related behavior by 4.6%. During weekends, being away at work has 5.6% deviation, while predicted 832 

computer use behavior has 6.5%. However, the weekend duration models are only off by 2.5% for the whole 833 

set of activities. The importance of these predictions is detailed in a recent study explaining how the 834 

information can help DF program user-targeting [12], mainly when to introduce some DF technologies or not 835 

based on the timing priorities placed on each activity. 836 
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837 

 838 

Fig A.4. Intensive behavior predictions of the mean duration of each activity set by linear OLS regression models and their percent 839 
deviation from mean duration spent on the bottom plots for (a) weekdays; and (b) weekends. Notes: the top plots contain actual values 840 
in orange and model predictions in blue; and the bottom plots show percent deviations in black. 841 

A.3. Additional validations using two-sample Kolmogorov-Smirnov tests 842 

We also used two-sample Kolmogorov-Smirnov test to determine if there are statistically significant 843 

differences between the distribution of the mean predicted probabilities and of the unconditional probabilities 844 

combining the results for the different times and periods. This combination yields 224 observations (both 845 

actual and predicted) for the 14 activities (see Table A.1). Not only are the combined differences in both 846 

directions less than 0.05, but the exact asymptotic p-value for these minor probability differences is 0.998, 847 

which is not significant. This test suggests that the mean predicted probabilities are close to the actual activity 848 

frequencies. These results give a positive indication of estimation of average probabilities of DF-related 849 

activities (i.e., extensive behavior) of customers from publicly available demographic data for different service 850 

areas across the United States.  851 
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Table A.1. Two-sample Kolmogorov-Smirnov test between the distribution of the mean predicted probabilities and unconditional 852 
probabilities combining the results for the different times and periods. 853 

Smaller group Difference p-value Exact 

Actual: 0.0339 0.879 
 

Predicted: -0.0485 0.769 
 

Combined K-S: 0.0485 1.000 0.998 

Observations: 224 854 

Note: The first row tests the hypothesis that the unconditional probabilities (actual) are smaller than the predicted mean probability 855 
values, while the second row tests the hypothesis that the actual values are larger than the predicted values.  856 

A similar two-sample Kolmogorov-Smirnov test on the distribution of the unconditional duration means 857 

and the predicted average duration per activity shows that the duration model predictions on aggregate-level 858 

are close to the actual (Table A.2). The most considerable differences in both directions are less than 0.04, and 859 

the exact asymptotic p-value for these minor probability differences is 1.000 (not significant). 860 

Table A.2. Two-sample Kolmogorov-Smirnov test between the distribution of the mean predicted durations and the average 861 
unconditional durations for the different times (day, period, single instance) and periods (weekend, weekday, off-peak, peak, and critical 862 
peak).  863 

Smaller group Difference p-value Exact  

Actual: 0.0360 0.866 
 

 

Predicted: -0.0270 0.922 
 

 

Combined K-S: 0.0360 1.000 1.000 Observations: 222 

Notes: The hypotheses test that the unconditional durations (actual) are smaller than the predicted mean durations, and vice-versa. 864 
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