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ABSTRACT
We analyzed hourly electricity use data from households in southern Ontario,
Canada (N=284) for which we also had survey data on some household
characteristics. Dependent variables were total annual electricity use, summer use,
summer use during on-peak hours defined by the local time-of-use tariff, use during
the 1% of highest systemwide demand hours in summer, and the correlation
between household demand and systemwide demand during summer on-peak
hours. Results show, as expected, that larger houses with more occupants tend to
use more electricity during all periods. However, in the very highest demand periods
in the summer, ownership of a central air conditioner is the most important
predictor of energy use. This suggests that utilities wishing to reduce systemwide
peak usage should focus their summer demand reduction programs on houses with
central air conditioners. The impending roll-out of advanced metering infrastructure
in North America will facilitate this kind of analysis in many other jurisdictions in
the future.
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INTRODUCTION
Several studies have explored how household characteristics affect overall
household electrical energy use. Characteristics fall into two general categories:
physical attributes of the house (e.g. size, age, heating, ventilating and air
conditioning (HVAC) equipment, appliance inventory); and, socio-economic
attributes of the occupants (e.g. number, income, age, education, attitudes). These
studies used a variety of methods with a variety of independent variables, but were
generally consistent in identifying house size, appliance inventory and use, air
conditioning (a/c), number of occupants and income as direct or indirect predictors
of electrical energy use.
In Ontario, Canada, peak use of electricity is growing faster than overall use
[Rowlands, 2008]. Ontario (unlike the rest of Canada, but like most of the US) is
summer peaking, and Ontario, like other jurisdictions, has piloted and launched
programs aimed at reducing residential load at peak times [Newsham & Bowker,
2010]. Utilities generally want to discourage energy use at peak times to reduce the
cost of acquiring peak capacity, and to maintain grid stability. However prior work
on the effect of household characteristics on energy use has rarely looked at use
during specific peak hours. The advent of “smart” or “advanced” (interval) meters
providing (at least) hourly data now permits such analysis. Ontario has been at the
forefront of the smart meter roll-out, with some utilities having several years of data
for a relatively large number of houses.
In this paper we use such data to investigate whether the household
characteristics that affect electrical energy use during summer peak periods are the
same as those that affect total energy use, and the relative strength of these effects.
Our analysis may support the targeting of peak load reduction programs towards
households with certain characteristics [Herter & Wayland, 2010], yielding a greater
return on investment for such programs.
PRIOR STUDIES
For brevity, we limit the review of prior studies to those from North America, as
they are the most comparable to our research. Kohler & Mitchell [1984] examined
electricity use data from 1268 households in Los Angeles and 597 households in
Wisconsin. A regression model featuring price, space conditioning, appliance and
demographic variables explained 75% of variance of annual electricity use in Los
Angeles. This model confirmed the expected importance of electric space and water
heating and central a/c in determining electricity use, but also the role of dwelling
size (number of rooms), and number of occupants. A similar model for Wisconsin
explained 59% of variance in summer electricity use. The essential role of appliances
was similar to that in Los Angeles, but income was more important than other
demographic variables. Cramer et al. [1985] analyzed summer electricity use data
from 192 houses in California. They suggested a model in which engineering
variables are used to estimate energy use, and socio-economic variables are then
used to predict the engineering variables. Their appliance index used data on major
appliance ownership, their reported frequency of use, published efficiencies, and
seasonality factors. Their air conditioning index used data on air conditioner type,
reported frequency of use, size of house, and number of rooms not cooled. In a

22

Energy Studies Review

regression model these indices explained 51% of variance in summer electricity use.
Of many socio-economic effects on these indices, higher family income was
associated with larger house size, higher appliance index, higher frequency of air
conditioning use, and higher likelihood of central air conditioning. Further, a higher
number of occupants was associated with a higher appliance index. Granger et al.
[1989] analyzed data from several years in southern California. A model on the most
recent data set (1983/1984; 7600 households) that included appliance ownership,
floor area, number of occupants, and family income as predictors explained 51% of
variance in annual electricity use. Hackett & Lutzenhiser [1991] studied summer
electricity use in several hundred graduate student apartments at a California
university. Physical and socio-economic variables explained 15% of the variance in
electricity use. Income and number of people in the household were both positively
correlated with electricity use. Pratt et al. [1993] reported data from detailed end-use
metering in 214 electrically-heated, single-family detached houses in the US Pacific
Northwest; a/c was rare in this sample. For the “lights and conveniences” end use
there was a strong positive trend with floor area of household and number of
occupants, and a weaker positive trend with income. More energy was used in the
colder climate zones, but there was no obvious trend with age of house. Steemers &
Yun [2009] used data from a 2001 US government survey of 2718 households to
explore the factors affecting annual a/c energy use. Their final model suggested that
key factors were frequency of air conditioning use, number of cooled rooms, floor
area, and climate. Other significant factors, but with smaller effects, were type of
cooling, type of house, number of occupants, age of the householder, and income.
Steemers & Yun suggested that income should be considered as an indirect
predictor via its role in determining the relevant physical variables; for example,
income explained 20% of the variance in floor area. This survey was repeated in
2005 with a larger sample and Kaza [2010], using a different method, found
comparable results.
METHODS
A municipal utility in southern Ontario provided hourly data from 1297
residential accounts for 2008. At the start of 2008 79% of these households were on
a time-of-use tariff, the remaining households transitioned to time-of-use (from an
increasing block rate) during April 20081, therefore during the summer period all
households were on the same tariff. In April 2006 the utility conducted a telephone
survey focussed on HVAC equipment; 360 of the households for which we had
hourly energy data responded to this survey. The survey included questions on:
house age, water heater type, heating type(s), a/c type(s), age of a/c equipment,
floor area of finished living space, number of occupants, and house type. It is
possible that some household characteristics changed between the time of the
survey (2006) and time of energy data collection (2008). However, we do know that
the name on the utility account for the household did not change during the period
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The structure of the data we were given did not support a traditional analysis of the effect of the
introduction of time-of-use tariffs.
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2006 to 2008, which we take as an indicator that, in general, household
characteristics did not change substantially2.
Our goal was first to analyze how household characteristics affected total energy
use, and then how they affected use during summer peak periods, defined in various
ways. To this end, we derived a variety of energy-related metrics from the hourly
data. These included total annual electricity use (kWh), total summer electricity use
(kWh), summer on-peak electricity use (kWh), electricity use during the top 1% of
systemwide demand hours in summer (kWh). Summer and on-peak hours in this
study were defined by the utility’s time-of-use billing definitions: summer, May 1st to
Oct 31st, on-peak 11am-5pm weekdays (excluding public holidays). The top 1% of
systemwide demand hours comprised 44 hours in summer, and was based on hourly
data from the Southwest Ontario region [IESO, 2010]. Another energy-related
metric was the simple correlation between a household’s hourly electricity use and
systemwide demand. In this analysis we focussed on the correlation calculated over
summer on-peak hours.
We carried out a data cleansing process on the energy data. If a house had a
single hour of missing energy data in 2008, this hour was interpolated as the mean
of the two hours on either side; if a house had more than a single hour of missing
data it was excluded from the analysis (there were 37 of these in the initial sample of
1297). During 2008 Ontario ran its Peaksaver program [OPA, 2010], which
provided incentives for householders to allow the utility direct load control over
their central air conditioner [Newsham & Bowker, 2010] during 4-hour periods on a
limited number of days; there were five Peaksaver events in our study area during
summer 2008. We removed any households that were subscribed to the Peaksaver
program from the analysis because their Peaksaver response might bias our results
(for example, houses with a/c might show lower usage during peak periods than
they otherwise would have)3. There were 202 Peaksaver households in the remaining
1260 (importantly, only seven of these Peaksaver households also had survey data).
If a household’s total, summer, or winter electricity use was more than three
standard deviations from the mean value for that period, that household was
excluded from the analysis as an outlier (there were 23 of these in the remaining
1058)4. There were 320 households with both survey data and “cleansed” energy
data.
In principle, we support the approach of Cramer et al. [1985] (and similarly
Steemers & Yun [2009]) that links house physical attributes to energy use, and then
explains house physical attributes with socio-economic factors. However, the only
socio-economic factor we had was number of occupants, and we had no data on
appliances, beyond the presence of an air conditioner, its age, and the type of water
heater. Therefore, we decided to enter the number of occupants in the same model
Henley & Peirson [1998] were satisfied with similar assumptions over a one-year period in a study
of electricity use in 126 UK households.
3 Aggregating data has the advantage of allowing for a simple analysis comparable to most analyses of
household characteristics effects in the literature, but has the disadvantage of not using the added
information provided by the time-series of usage data. We have opted for the simple approach
for this paper, but used more sophisticated time-series techniques for an analysis of Peaksaver
effects [Newsham et al., 2011].
4 Therefore, 2.2 % of cases were dropped due to extremes of usage, Chong [2010] dropped 4 % of
their sample due to extremes.
2
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as the household physical attributes as a direct predictor of energy metrics. We
employed stepwise regression (recommended by Poulsen & Forrest [1988] to try to
avoid multicolinearity problems, or excessive correlation between predictor
variables), in which physical attributes were introduced as predictor variables
followed by socio-economic variables, in an order which reflected the availability of
data to utilities. In our initial exploration of regression models, we first entered age
of house, finished living space (floor area), and a binary variable indicating whether
the house was detached (or was one of several categories of non-detached house), in
a single step5. We supposed that these variables, although captured via the survey in
this sample, may be obtained through a municipal property database. In the second
step we entered physical variables only available (at the time) via a dedicated
householder survey: whether the water heater was electric (binary), whether the
house used any form of electric space heat (binary), whether the house featured
central a/c (binary), and how many window air conditioners were present. In the
last step we entered number of occupants, which may only come from a dedicated
householder survey. Preliminary results suggested that in the second step the
presence of electric water heating, electric space heating, and window air
conditioners were not statistically significant contributors to the models in most
cases, perhaps because they involved 10% or less of the total sample (Table 2). We
then dropped these variables from the final models to keep the models simple,
parsimonious, and to preserve predictor degrees of freedom.
RESULTS
Table 1 shows summary information for the energy metrics for the households
after cleansing, and shows how the sample of households with survey and energy
data (N=320) compares to the larger sample with energy data only (N=1035). On
average, the sample with survey data had a slightly higher energy use (3.4%) than the
larger sample. This sample’s on-peak use represented 19% of total use, which
compares with the province’s “typical” residential load profile of 20% use during
peak periods [OEB, 2010]. Other studies conducted in Ontario report typical
average household electricity use of 700-900 kWh/month [Strapp et al., 2007;
Navigant, 2008]. Therefore, we judged our study sample to be reasonably
representative. Table 2 shows descriptive statistics for the houses in the final
sample.

5

All houses were in the same municipality, therefore available climate data did not vary between
houses and was not a predictor here. In addition, because 79 % of houses were on the same tariff
all year, and the others joined this tariff after April, we did not include price as a between
household variable.
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Table 1.
Descriptive statistics for energy-related metrics, for 2008.
N=1035
Min.
Total electrical energy used, kWh

N=320

Max. Mean

S.D.

Min.

Max. Mean

S.D.

1957

18823 8441

3093

1957

18165 8727

3456

Total electrical energy used in summer, kWh

627

10444 4479

1820

627

10344 4571

2031

Total electrical energy used in peak period in
summer, kWh

88

Total electrical energy used in top 1% of system
use hours in summer, kWh

1.8

Correlation coeff between house and systemwide
demand for summer peak period only

-.137

2125

780

385

106

2125

786

405

269

101

45

5.2

269

99

47

.100

-.130

.519

.269

.519

.269

.108

Table 2.
Descriptive statistics for the houses in the final sample.
All responses are as made in 2006.
N=320

Yes

No

Use electricity to heat water?

32

288

Use electricity to heat space?

26

294

Own central air conditioner?

271

49

Own window air conditioner?

13 (one=8; two=5)

307

Is the house detached?

215

105

Number of occupants

1

2

3

4

5

6

7

8

?

15

101

71

90

32

8

0

1

2

N

Min.

Max.

Mean

S.D.

Age of house, years

291

1

156

16.3

20.8

How old is central a/c? years

250

0

50

5.5

6.4

6Finished

310

1000 (93)

4500 (418)

2035 (189)

668 (62)

living space, ft2 (m2)

6 Original survey responses were in square feet, the commonly understood unit of floor area in
Canada. The raw survey data was categorical: <1,000; 1,000-1,499; 1,500-1,999; 2,000-2,999;
3,000-3,999; >4,000 ft2. We converted these into a rational scale using the following values: 1000,
1250, 1750, 2500, 3500, 4500, and these statistics were calculated from this converted, rational
variable.
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Table 3 shows the simple correlations between household characteristics. Several
parameters are intercorrelated; for example, older houses tend to be smaller and are
less likely to have central a/c (trends also observed by Chong [2010]), and larger
houses tend to have more occupants. When these parameters are entered as
predictors into a regression model, the intercorrelations mean that the parameters
are not strictly independent, and therefore ascribing effect sizes uniquely to
predictors is problematic. This issue is endemic in this kind of research [Poulsen &
Forrest, 1988], and can only be addressed by knowing a lot more information about
sample households than was available in this or most studies. As a result, effect sizes
should be treated as providing guidance and as indicative rather than confirmatory.
Note that in Table 3, and in all subsequent analyses, N=284, which is the sample
size with complete data on all variables used in the final analyses.
Table 3.
Simple correlations between household characteristics.
Age of
house,
years
Age of house, years

Is the
house
detached?

Finished
living
space, ft2

Own
central
a/c?

Number
of
occupants

1

Is the house detached?

.078

Finished living space, ft2

-.172**

.396**

1

Own central a/c?

-.163**

.031

-.001

-.088

.146*

.285**

Number of occupants

1
1
.131*

1

N=284; **p<=0.01; *p<=0.05.

Tables 4-5 show the regression models for total electricity use, and summer use
separately. The regression coefficients (B) indicate, on average and all else being
equal, how much the electricity use is affected by a single increment in the predictor
variable, whereas the standardized regression coefficients (β) indicate the relative
strength of each predictor. The model for total annual usage (Table 4) shows that
just knowing the physical variables in the first step explains 12% of the variance in
electricity use. The second step shows that subsequently knowing whether a house
has central a/c (having already accounted for house age, type and size) explains
another 4% of the variance. Finally, the third step shows that after accounting for
other variables, knowledge of the number of people living in the house explains a
further 9% of the variance7. In the final model, the number of occupants is the most
important single predictor (it is likely correlated with the ownership and use of
electrical appliances). The next most important predictor is the size of the house:
bigger houses present more volume to be cooled (and heated) and likely contain
more appliances and lighting. The presence of a/c and the age of the house have
similar β weights; perhaps older houses tend to have less efficient appliances.

7

For brevity, we will comment only on the results at the final step in subsequent tables.
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Table 4.
Summary table for stepwise regression model of total electrical energy
used in 2008 (kWh) vs. household characteristics.
N=284, ***p<=0.001;**p<=0.01; *p<=0.05.
Step 1
B (β)
(Constant)
5101***
Age of house, years
19.8* (.121)
Is the house detached?
960*
(.130)
2
***
Finished living space, ft
1.36 (.267)
Own central a/c?
Number of occupants
R2 change
Total R2
Total Adjusted R2

Step 2
B (β)
3157***
25.5** (.156)
862
(.117)
***
1.42 (.278)

Step 3
B (β)
1603
26.8** (.164)
773
(.105)
**
1.00 (.195)

2045**

1632**
882***

.122***
.122***
.112***

(.194)

.036**
.158***
.146***

(.155)
(.311)

.087***
.245***
.232***

Table 5.
Summary table for stepwise regression model of total electrical energy
used in summer 2008 (kWh) vs. household characteristics.
N=284, ***p<=0.001;**p<=0.01; *p<=0.05.
Step 1

Step 2

B (β)
(Constant)

2690***

Age of house, years
Is the house detached?
Finished living space,

ft2

(.065)

582*

(.133)

.72*** (.240)

Own central a/c?

B (β)
1457**

6.3

Step 3

9.9
520
.76***
1297***

Number of occupants

B (β)
551

(.102)
(.119)
(.252)
(.208)

10.6*
468
.52**
1057**
514***

R2

change

.101***

.042***

.084***

Total R2

.101***

.143***

.227***

Total Adjusted R2

.091***

.130***

.213***

(.110)
(.107)
(.171)
(.169)
(.306)
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The regression coefficients suggest that, on average, adding central a/c increases
annual electricity use8 by 1632 kWh, about the same magnitude as adding two
people9 to a household (2 x 882 kWh). Further, each additional 100 ft2 (9.3 m2) of
liveable space increased electricity use by 100 kWh, and a 20-year old house used
536 kWh (20 x 26.8 kWh) more electrical energy than an otherwise equivalent new
house. The final model for summer electricity use shows a trend similar to the
model for total energy use. Again, total variance explained is around 20%, and the
most important single predictor is the number of occupants. Not surprisingly, the
presence of central a/c is elevated in importance in the summer model.
Next we examine the results of models for energy use during peak periods. We
see patterns similar to those in the total energy use models (Tables 4-5), but with
some interesting nuances. The model for the summer on-peak time-of-use hours
(Table 6) explains less variance than the model for all summer hours (Table 5), and
ownership of central a/c actually declines in importance. However, in the model
that includes only the top 1% of summer systemwide demand hours (Table 7)
ownership of central a/c supplants number of occupants as the most important
predictor.
Table 6.
Summary table for stepwise regression model of total electrical energy
used in on-peak period in summer 2008 (kWh) vs. household characteristics.
N=284, ***p<=0.001;**p<=0.01; *p<=0.05.

(Constant)

Step 1

Step 2

Step 3

B (β)

B (β)

B (β)

413***

Age of house, years

.6

Is the house detached?

117*

Finished living space, ft2

198
(.033)
(.136)

.14*** (.239)

Own central a/c?

43

1.3
106*

(.066)
(.123)

.15*** (.250)
226**

(.183)

Number of occupants

1.4
97

(.072)
(.113)

.11** (.180)
185**
88***

R2 change

.101***

.033**

.064***

Total R2

.101***

.133***

.197***

Total Adjusted R2

.091***

.121***

.183***

(.150)
(.266)

Table 5 suggests central a/c ownership is responsible for 1057 kWh of summer use: is central a/c
responsible for 575 kWh (1632 – 1057) of use electricity use in winter? It is unlikely that a/c is
actually running in winter, it is more likely that this is an artefact of multicolinearity. Ownership
of central a/c correlates with other factors, some in the model and some not available to the
model, that increase energy use in winter. For example, Table 3 shows that houses with central
a/c tend to have a higher number of occupants, and some of the effect on energy use more
appropriately accounted for by number of occupants will instead be allocated to a/c ownership in
the model. It is also possible that people with central a/c tend to have higher incomes, and that
higher incomes are associated with higher electricity use. This illustrates why it is important to
treat regression coefficients as indicative only.
9 A separate analysis showed that total electricity use increases approximately linearly with number of
occupants, when the latter is the only predictor.
8
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Table 7.
Summary table for stepwise regression model of total electrical energy used
in top 1% of systemwide use hours in summer 2008 (kWh) vs. household
characteristics.
N=284, ***p<=0.001;**p<=0.01; *p<=0.05.

(Constant)

Step 1

Step 2

Step 3

B (β)

B (β)

B (β)

64.0***

24.9*

9.8

Age of house, years

-.11

(-.050)

.00

(.002)

.02

(.007)

Is the house detached?

17.8** ( .178)

15.8**

(.158)

15.0*

(.149)

Finished living space, ft2

.013**( .184)

Own central a/c?

.014** (.201)

.010* (.142)

41.2*** (.288)

37.1*** (.260)

Number of occupants

8.6*** (.223)

R2 change

.096***

.080***

.045***

Total R2

.096***

.176***

.221***

Total Adjusted R2

.086***

.164***

.206***

Table 8.
Summary table for stepwise regression model of correlation coefficient between
house and Ontario Southwest region demand in on-peak period in summer 2008
vs. household characteristics.
N=284, ***p<=0.001;**p<=0.01; *p<=0.05.

Step 1

Step 2

Step 3

(Constant)

B (β)
.431***

B (β)
.262***

B (β)
.240***

Age of house, years

-.001

(-.096)

.000

(-.047)

.000

(-.045)

.046

( .102)

.038

( .083)

.036

( .080)

(-.016)

5.8x10-8

Is the house detached?
Finished living space,

ft2

-5.0x10-6

Own central a/c?

( .000)

-6.0x10-6 (-.019)

.177*** ( .273)

.171*** ( .264)

Number of occupants

.013

R2 change

.016

.072***

.005

Total R2

.016

.089***

.094***

Total Adjusted R2

.006

.076***

.077***

( .073)
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Finally, we move to the regression models in which the correlation coefficient
during the on-peak period is the outcome variable (Table 8). To reiterate, we
calculated the simple correlation coefficient between a house’s hourly electricity use
during the summer on-peak period and the systemwide demand during the same
period, this yielded one correlation coefficient per house per season. We then used
household characteristics to predict these correlation coefficients. In this case, the
only significant predictor of these correlation coefficients is the presence of central
a/c. Although the variance explained by central a/c ownership is similar in this
model to that in the model using the top 1% of systemwide use hours (Table 7), the
variance explained by all variables in our limited predictor set is substantially lower
than in the energy use models (Tables 4-7). It appears that while variables such as
house size and number of occupants affect how much energy is used during onpeak periods in absolute terms, the shape of the daily use curve is not affected by
these variables
DISCUSSION
Our analysis indicates that the characteristics of houses that use more electricity
during peak periods tend to be the same as those that use more electricity in total,
although the on-peak analysis does refine the conclusions somewhat. The analysis of
total annual electricity use suggests that higher usage is associated, as expected, with
dwellings that have more occupants, more floor space, central a/c, and are older. By
focussing on use during summer peak periods, the importance of central a/c
ownership came to the fore. For energy use during the top 1% of systemwide
demand central a/c ownership was the strongest single predictor of household
energy use, and was the only significant predictor when the outcome variable was
the correlation coefficient between household energy use and Ontario Southwest
region demand in the summer peak period.
This suggests that utilities similar to this one in southern Ontario desiring to
reduce household electricity use at peak times in the summer should focus on
reducing a/c load, above all other factors. There are voluntary programs that
address a/c load already, such as Ontario’s Peaksaver [OPA, 2010], described above.
These programs are typically advertized to all customers, but our results suggest
more focussed marketing is potentially desirable. If the utility has access to hourly
data, they could simply focus on households with higher loads during peak hours.
This does not necessarily identify houses with air conditioners, but hourly data
should facilitate such identification, by examining which houses show large increases
in usage on hot days. Targeting programs towards houses with air conditioners and
a high number of occupants may be even more cost-effective, but data on number
of occupants are difficult to obtain. If hourly data are not available, then house size
and type are secondary factors for targeting households to improve uptake in peak
reduction programs. Acquiring such data may be possible for some utilities with
direct access to municipal property databases or by looking at the development date
and characteristics of subdivisions.
We had access to a relatively large sample of whole-house hourly data, data that
were typically unavailable to researchers in the past. However, our household
characteristics data were limited compared to some prior studies. For example,
although central air conditioning was a relatively strong predictor of summer
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electricity use on peak, the final model explained only around 20% of variance,
suggesting there are other important predictors not available to our models, and that
exploring these other predictors would be essential to a fuller understanding of the
determinants of household electricity use. An ideal future study would combine a
large hourly energy use data set and new energy metrics with a detailed set of
household characteristics and socio-economic data for every house. The household
characteristics and socio-economic data should include the variables used by Cramer
et al. [1985]. This would allow for a model in which socio-economic variables affect
energy metrics indirectly through their effect on physical variables [Cramer et al.,
1985], or a path analysis technique [Steemers & Yun, 2009], which should suppress
the complicating effect of multicolinearity on the interpretation of results.
Furthermore, our results were derived from data from a single municipality in
southern Ontario. The effects of the various predictor variables might be quite
different in a different location with a different climate, building practices, cultural
attitude to energy use, and fuel mix. Future work should address a variety of
locations.
CONCLUSIONS
Several prior studies have explored the effect of household characteristics on
electrical energy use. This paper follows these analyses in a southern Ontario sample
in 2008, and introduced two new ideas:
Availability of whole-house hourly data from “smart” or “advanced” meters
allows analyses that are restricted to peak periods only. Such analyses may become
more widespread as hourly (and sub-hourly) residential metering infrastructure is
rolled out across North America.
As well as energy use in various periods, a new outcome metric was introduced:
the correlation between an individual household’s hourly demand and systemwide
demand. Households with high values tend to use more of their energy when
systemwide demand is high; such households are of particular interest to utilities
seeking to reduce peak demand.
Results of the analyses confirm that larger houses with more occupants use more
energy over all time frames, and reinforce the importance of air conditioning on
peak use in summer. Such information can help utilities to better target demand-side
management programs, and refine future load growth forecasts. More information,
and guidance for utilities, may have been garnered had we had a larger set of
household characteristics, particularly household income and an appliance
inventory.
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