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Abstract

Occupant behaviour (OB) which includes occupancy and
activity at home, exhibits a considerable extent of
diversity. The spatial variation and historical change in
OB have rarely been considered in OB modelling. This
study aims to evaluate a logistic regression approach for
the prediction of household activity undertaking
probability by considering socio-demographic, spatial
and temporal conditions. The results indicated that the
logistic  regression-based approach is capable of
replicating an aggregated trend of OB but is unable to
replicate the spatial variation and historical change at a
high resolution. We confirmed that the Kriging-based
model potentially provides abilities to represent
spatiotemporal variations.

Key Innovations

e  Spatial variation
e Historical change
e Nation-scale

e Visualisation

Practical Implications

Spatial variation and historical change should be
appropriately considered, and the variables representing
them should be included. A better method for replicating
them in OB is required. The kriging-based model is one
possible way to address this issue, which is especially
useful when diverse data is unavailable.

Introduction

Residents’ occupancy and their activities at home have
been recognised as two of the most important factors that
determine residential energy demand, as they characterise
the scale and temporal pattern of residential energy
demand (Wilke, 2013; Zhao et al., 2014). Occupant
behaviour (OB) models have been developed to capture
residents’ occupancy, activity, and action and reflect
realistic patterns of buildings’ energy demands. However,
most previous studies have only considered simple
predictors, such as socio-demographic and household-
related conditions, to determine the modelling parameters
for OB (Wilke et al., 2013; Hong et al., 2016). This
approach appears to produce a significant gap between
simulation and reality (Yan et al. 2017). Specifically, this

gap is a result of (1) the use of oversimplified assumptions,
such as a fixed schedule rather than a dynamic schedule,
(2) oversimple assumptions on when and how the
residents use appliances and building system and (3)
ignorance of the inter-personal difference (referred to
occupant diversity) (O’Brien et al., 2017). Although
research efforts have addressed the first two points, the
diversity in OB, especially its spatial variation and
historical change have not been fully investigated (Li et
al., 2019).

Spatial variation and historical change are of high
importance in OB modelling because the living location
can predetermine the time required for some activities (e.g.
time required for commuting and shopping is different
when the distance to travel is different among locations).
There are some studies in which movement or mobility of
people in space are modelled to estimate the building
energy consumption (Mohammadi and Taylor, 2017;
Dziedzic et al.,, 2020), but spatial variation is not
considered. Moreover, OB has generally been considered
at the building level, and spatial variation and historical
change have not been taken into account (Hoes et al.,
2009; Deng and Chen, 2019). Particularly, nation-scale
spatial analyses related to OB have seldom been
conducted. The historical change represents long-term
changes in people’s lifestyles. The time use data have
been used to observe the long-term changes in OB at an
aggregate level. Some studies have considered the
temporal variations by using measured time-series data to
predict occupancy and energy demand (Yang et al., 2012;
Cali et al., 2017; Piselli and Pisello, 2019). Temporal and
spatial variations, however, were considered separately in
these studies. Therefore, the spatial variation and
historical change in OB have not been effectively
understood and assessed. The consideration of spatial
variation and historical change contributes to improving
OB model performance to produce more realistic OBs.
More importantly, the specific modelling methods that are
well suited to address spatial variation and historical
change have not been established.

To address research gaps, this paper presents a
preliminary study to investigate the impacts of spatial
variation and historical change of OB on residential
energy demand. The purposes of this study were (1) to
confirm the existence of spatial variation and historical
change in household activities and time scheduling, (2) to
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find significant variables for representing spatial and
temporal variations, and (3) to evaluate the performance
of a logistic regression-based method for analysing the
spatial variation and historical change in household
activities and time scheduling. The remainder of this
paper presents the methods, results, and discussion,
followed by our conclusions about our approach for
modelling the spatial variation and historical change in
OB.

Methods

The data used in this study were obtained from the
American Time Use Survey (ATUS), which includes
multiple-year survey records. The ATUS is sponsored by
the Bureau of Labor Statistics and conducted by the U.S.
Census Bureau. Although this data from 2003 to 2019
were available, we only used the data from 2009 to 2019
to ensure that the coding for each variable was consistent
across each year since some variables were discontinued
or newly introduced before 2009. The ATUS activity data
subfile contained a summarised 24 h diary, starting from
4:00. The information in this subfile could be linked with
other subfiles containing demographic attributes of the
survey participants and the locations where the activities
were performed. Although 17 main activities were
defined in the ATUS files, we only analysed the activity
of watching TV. As a result, 2,411,222 records of
activities from 124,941 households were included in this
study.

Figure 1 presents the analysis procedure. This study
estimated the undertaking probability of watching TV
activity and indicated the percentages of people watching
TV at different times within 24 hours of the day. First, we
analysed the sample to confirm the existence of spatial
variation, i.e., differences in the undertaking probability
among living locations, and historical change, i.e.,
differences among the survey years. For this purpose, we
quantified the average probability of watching TV for
women with full-time jobs during the time interval from
21:00 to 21:59 in the U.S. in 2009, 2014, and 2019.
Further, we aggregated the samples counted after
multiplying a weight indicating the number of people
represented by each sample which was given by the
ATUS. We refer to this result as the ‘weighted
subpopulation observation’. We chose to analyse
watching TV activity and women with full-time jobs
because watching TV is one of the main household
activities in the ATUS (Xu & Chen, 2019) and the sample
size of the female subpopulation was large and had
various activity patterns.

Then, we conducted a logistic regression analysis to
quantify the variation in the probability due to spatial and
temporal variables for the entire population. For this
analysis, data from year 2009 to 2018 were used to
develop the model (training model), and the data from
2019 were used to test this model (test model). Following
the work of Wilke et al. (2013), we designed a case
considering the socio-demographic conditions and the

variables representing spatiotemporal variations. Year
rank, population density, and spatial relationship were
included to represent the spatial and temporal variations.

Table 1 lists all the variables considered in this case.
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Figure 1: Research procedure.
Table 1: Predictor variables of the regression model for

the whole population.

Variable Definition
Disable Respondent with disability.
Student Respondent is a student.
Carer Respondent takes care of house or family.
1] Respondent is ill.
Retire Respondent is retired.
Family 1-14 levels (reference group is level 12:
income $100,000-$149,999)
1: not in the labour force; 2*: full-time; 3:
Work status | part-time; 4: with job, not at work; 5:

unemployed.

Housing type

1*: home, apartment, flat; 2: mobile home;
3: other types.

Ownership of

1*: own; 2: rent; 3: other arrangements.

housing
1: Not completed secondary education/high
school; 2*: high school; 3: college, no
Education degree; 4: associate degree; 5: Bachelor’s
degree; 6: Master’s degree; 7: professional
school degree; 8: Doctorate degree.
Hou§ehold 1,2% 3.4,5 6+,
size
Age 1:15-19; 2: 20-29; 3*: 30-39; 4: 40-49; 5:
50-59; 6: 60-69; 7: 70-79; 8: 80+.
Gender Respondent is male.
. 1: north-east; 2: mid-west; 3*: south; 4:
Region

west.

Metropolitan

1*: metropolitan; 2: non-metropolitan; 3:

status not clear.
State code 1-56 (reference is CA: California).
Day of week | Mon-Sun (reference group is Sunday).
Month 1-12 (reference group is January).
Holiday Dairy day is a holiday.
Year* ATUS surveyed year.
Year rank 1: 2009-2013; 2: 2014-2018; 3: 2019.
Population The number of people per unit of area
density* (square mile).
Spatial Neighbour flag of a state. 1 means the state
. . is the neighbour of the targeted state, O
relationship

means the state is not the neighbour.

* indicates the reference group for each variable; * indicates
that the variable is continuous.
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Subsequently, the regression models developed were
evaluated based on the Hosmer—Lemeshow goodness-of-
fit test and the following two indicators: total absolute
error (TAE) and root mean squared error (RMSE). These
indicators can be mathematically expressed as follows:

TAE = |75E5ti - ﬁ0b5| (1)

ZIi\I:l(PEsti_ﬁObs)z

« 2)

where N was the number of observations, and p,,s and
Prs: Were the average undertaking probabilities observed
in the sample and estimated by the regression model,
respectively.

First, Lasso regression (Ranstam and Cook, 2018) was
applied to select the variables for running the logistic
regression for the whole population. Second, the
significance of the spatiotemporal variables was
identified based on the regression analysis. Then, we
applied the Ordinary Kriging method to interpolate the
spatial variation. The Kriging method used the
surrounding observations to predict the value of
unmeasured locations. Its mathematical form was similar
to a weighted regression. The prediction for unmeasured
location (iy, jo), Z S0(igjo) )» WS given by Equation (3):

z (So(io.jo)) = Zk=1Z (Sk(ik.jk)) @)

where Z (sk o ) was the observation value at the kth
(ikJk)

locations (i, j,) and and A, was unknown weight subject
to Y¥_, A, = 1. For the Ordinary Kriging the weight A
depended on 1) the distance between the locations of
observations and the prediction and 2) the spatial
relationship between the observations which surround the
prediction. To obtain the weight A, various empirical
semivariograms were applied to fit the actual
semivariogram so that they can reflect the spatial
relationship between observations. In this study, we
applied the widely considered empirical semivariogram-
spherical model which was defined as:

RMSE =

( 0,h=0
3h  1/h\?
Y(h) :%CO-FCS{%—E(E) },0<h§a

cotcg,h=>a
where h was the lag which represents the distance to the
observation. The parameters c, (nugget), ¢, (partial sill)
and a (major range) are non-negative constants which
will be optimized to fit with semivariogram.

Our Kriging analysis was conducted only for the
subpopulation of women with full-time jobs to minimise

the influence of diversity of sociodemographic conditions.

The estimated probabilities were then weighted to
estimate the average probability for the entire
subpopulation of the states. Then, we spatially
interpolated the estimated probabilities for the states using
the Ordinary Kriging method. The location of the states is
represented by the internal points of the states in Figure 3.
To assess the model’s ability to replicate spatial variation

and historical change, the predicted probability was
compared with the probability based on the weighted
observations.

Results and Discussion
Data Analysis

This section first presents the results obtained based on
the raw data. Figure 2 presents the yearly change in the
undertaking probability of watching TV based on the
weighted observations for the whole population and
subpopulation, respectively. We observed a general
decreasing trend during the 20:00 to 00:00 time period for
both the whole population and the subpopulation of
women with full-time jobs. The time interval from 21:00
to 21:59 exhibited the largest decrease (2.6% for the
whole population and 2.4% for the subpopulation).
Therefore, we picked this time interval to further visualise
the spatial variation of the probability.
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Figure 2: Weighted undertaking probability of watching
TV per hour for each year.

Figure 3 presents the visualisation results of the weighted
subpopulation observations. The shapefile data of the U.S.
in 2018 and the location data (latitude and longitude of the
internal points representing each state) used to obtain the
results were downloaded from the website of the U.S.
Census Bureau. The colour scale is consistent among the
images in Figure 3 for comparison. Figure 3 depicts a
spatial variation that changes over time. The general
observed trend was that the region with a higher
probability shifted from the north to the south and then to
the east. In 2009, higher probability levels were located in
most of the north-west and central parts (central but closer
to the north) of the U.S. In 2014, the high probability
levels shifted to the mid-south and mid-north areas.
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Finally, the higher probability levels relocated to be more
concentrated in the south-east areas in 2019. We also
observed a decreasing trend in the five-year periods as the
probability of the areas with a high probability level
decreased; this observation was consistent with the
information presented in Figure 2.
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Figure 3: Kriging based on weighted observations.

It is important to note that the results in Figure 3 did not
fully represent the actual spatial variation. One of the
significant limitations was that we used one internal point
to represent the entire state. To capture the actual spatial
variation, a higher granularity should have been
incorporated. Additionally, the results for marginal areas
may have contained an error originating from the
characteristics of the Ordinary Kriging method. For
example, Alaska, the state with the largest area, exhibited
the highest probability. In reality, Alaska has the lowest
population density, implying that the majority of the states

must have been uninhabited or sparsely populated. Such
areas in Alaska should have exhibited lower probability
levels. Therefore, a single internal point, without nearby
data points or with only a few nearby data points located
in limited directions, might not have provided accurate
spatial variations for the entire area.

Results of Logistic Regression

The initial model for the whole population during the time
interval from 21:00 to 21:59 based on logistic regression,
with Lasso regression to select the variables, did not pass
the Hosmer—Lemeshow goodness-of-fit test. Therefore,
to optimise the model, we conducted the Analysis of
Variance (ANOVA) to reselect the significant variables.
The improved model exhibited a relatively high
prediction accuracy. It passed the Hosmer—Lemeshow
goodness-of-fit test for both the training model and the
test model, as the P-values of the improved model were
0.26 and 0.34 for the training and test model, respectively;
both the P-values > 0.05, meaning that the model fits well
with the observations. The TAE and RMSE for the test
model of the improved model were 7.6%, and 1.5%,
respectively. These two indicators verified that our
improved model performed well in terms of probability
errors.

Table 2 lists the regression coefficients (RCs) and odds
ratios (ORs) of the significant variables, determined by
the improved model. Regarding the socio-demographic
variables, the probabilities were lower for students and
people who took care of family members in the household.
On the contrary, the probabilities were higher for people
who were not in the labour force or were unemployed.
With respect to the temporal variables, almost all the
temporal variables were significant. These temporal
variables, such as year, month, and day of the week, had
negative influences on the probability of watching TV,
such that the probability within the reference groups was
estimated to be the lowest in the respective categories. In
terms of the spatial variables, a lower probability was
estimated for people living in the western part of the U.S.

than that for people living in other regions. Moreover, one
special state code flag, Florida (FL), was found to be
significant, indicating that people who lived in Florida
were more likely to watch TV from 21:00 to 21:59 in 2019
than those in the other states.

Figure 4 presents the spatial variation and historical
change for the subpopulation which was extracted from
the improved model made based on the whole population.
Figures 4 (a) and (b) depict the spatial variation and yearly
change of observations and estimations for the four
regions from 2009 to 2018. A large-scale fluctuation was
seen in the observation probabilities, whereas a
decreasing trend was observed in the estimation
probabilities in the four regions. Figure 4 (c) depicts the
predicted results for 2019. We observed that the absolute
difference for each region was less than 2.3%. The spatial
variation narrowed as the difference in the maximum and
minimum probabilities decreased from 6.2% in the
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observation results to 3.6% in the estimation results.
These results indicate that the logistic regression model
with significant variables was capable of replicating
spatial variation and historical change at the aggregate
level. The scale of the prediction error was approximately
10% of the actual probability.

Table 2: Significant variables based on the improved
model for the whole population.

Variable Dummy Variable RCs ORs
Intercept - 15.07*** 2

Male - 0.22*** 1.25

Student - —0.78*** 0.74

Carer - —0.49*** 0.75

Family | 410,000 $14,999 | -005* | 0.94

income

Work Not in labour 0.53*** 1.43

status Unemployed 0.11*** 1.15

Ownershi Rent —0.14*** 0.95

" OFL;‘; g Other ~0.26%** | 0.82

Less than high .

school -0.13 0.93

Associate school —0.12%** 0.89

Education College —0.11*** 0.9

Bachelor’s degree —0.18*** 0.84

Master’s degree —0.3*** 0.72

Professional school —0.27%** 0.74

Doctor —0.46*** 0.63

Numb 1 0.2%** 1.04

. f‘;'g‘oslg 3 022 | 1.09

5 —0.1*** 0.87

Monday —0.09*** 0.91

Tuesday —0.11%** 0.89

Day of Wednesday —0.14*** 0.87

week Thursday —0.14*** 0.87

Friday —0.12%** 0.88

Saturday —0.08*** 0.92

Mar —0.06** 0.94

Apr —0.08*** 0.92

May —0.11%** 0.9

Jun —0.17%** 0.85

Jul —0.19%** 0.82

Month Aug —0.14% | 0.87

Sep —0.13*** 0.88

Oct —0.1*** 0.9

Nov —0.09*** 0.91

Dec —0.13*** 0.88

Year - —0.01*** 0.99

State FL 0.95** 0.94

Region West —0.15*** 0.8

*** < 0.001, ** < 0.01, and *< 0.05
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Figure 4: Spatial variation and historical change shown
by the improved model.

Results of the Kriging Method

To evaluate the performance of the logistic regression-
based approach and further investigate the influence of
spatial variations, the Ordinary Kriging method was
applied to interpolate the probabilities. Figure 5 illustrates
the comparison of the Ordinary Kriging results based on
the weighted subpopulation observations and weighted
subpopulation estimations. The classification of the
undertaking probability levels was refined using Figure 3
for better comparison. According to Figure 5, the
estimation-based results had lower probability levels than
the observation-based results. However, the spatial
distribution trend was similar (see Figures 5 (a) and (b));
the probability was higher in the eastern areas, whereas it
was lower in the western areas. This result indicates that
a general trend can be replicated using the logistic
regression model, as discussed in the previous section on
the logistic regression model. However, the spatial
differences at a higher spatial resolution, as observed in
Figure 5 (a), could be replicated. The Kriging-based
model can replicate such differences as it allows one state
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to have multiple probability levels. With respect to
detailed spatial variations, a relatively clear band-shaped
distribution pattern in the west—east direction was
observed in Figures 5 (a) and (b). The spatial variations,
however, were weakened in the estimation-based result.
The results did not accurately reflect the probabilities for
the highest-level areas, such as the north-east part of the
U.S., including Michigan and Minnesota. The error for
such areas ranged from 6% to 11% partly owing to the
limitations of the logistic regression-based approach in
reflecting spatial variations.
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Figure 5: Comparison of the Kriging results.
Conclusion

The objective of this study was three-fold: (1) to confirm
the existence of spatial variation and historical change in
OB, (2) to find significant variables for representing the
spatial and temporal variations, and (3) to evaluate the
performance of a logistic regression-based approach to
consider the spatial variations in OB. First, based on the
analysis from the ATUS data, we confirmed the existence
of spatial variation and historical change in the watching
TV activity for the subpopulation of women with full-
time jobs. We observed a clear historical transition as the
probability of watching TV during the time interval from
21:00 to 21:59 decreased from 2009 to 2014 and 2014 to
2019. This result may be due to the fact that many people
changed the time at which they watched TV or they
participated in other emerging entertainment activities,
such as playing games on computers or smartphones

during this time interval. We also observed spatial
variation and historical change wherein higher probability
levels first shifted from the north to the south (2009 to
2014) and then gradually moved to the eastern part (2014
to 2019) of the country.

Then, the significant variables were determined using the
logistic regression model. We obtained a regression
model that fits well with the time use data sample as the
developed model passed the goodness-of-fit test and the
error was small enough as well. Socio-demographic and
spatiotemporal variables were selected for the model.
With respect to the temporal variables, the day of the
week, month, and year were significant. Regarding spatial
variables, the probability for people living in the western
part of the U.S. was lower than that in other regions. Some
specific states were also found to be significant (e.g.
Florida). Based on these results, the logistic regression
method was partly proved to be able to replicate the
spatial variation and historical change in OB modelling.
Not all the considered spatiotemporal variables, however,
were significant, such as metropolitan status. One
possible reason is that the penetration rate of TV in the
U.S. is high and the metropolitan status may not have
much impacts on watching TV activity. Further analysis
is required to determine the types of variables that can
represent spatial variations and historical change and the
types of formats that should be used for variables in OB
modelling.

Subsequently, we applied the Ordinary Kriging method to
evaluate the spatial variation of the probability estimated
using the developed logistic regression model. The results
indicated that a general trend can be replicated using the
logistic regression-based approach, but this approach is
not as effective for the replication of the spatial variation
and historical change. The Kriging-based model in our
study showed a strong advantage for representing the
spatial variation and historical change. Moreover, the
Kriging-based model can predict the undertaking
probability for locations without data that cannot be
estimated only based on the logistic regression model. It
indicates that the Kriging method is a possible prediction
approach that can contribute to the field of TUD-based
OB modelling in the case of lack of data. About 51
internal points, however, were considered to conduct
interpolation for the entire U.S., therefore, the spatial
interpolation performance may not be ideal for some
marginal areas which had fewer neigbor obsevations (e.g.
Alaska). The identification of locations at higher spatial
resolution would contribute to replicating spatial variation
and historical change because more accurate and realistic
interpolation predictions could be conducted. More
importantly, the Kriging-based model in this study can be
applied to other energy related activities of interest, which
may benefit energy demand modelling in the fields of OB
and building energy efficiency.
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