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Abstract: The energy audit—an assessment of a home’s energy systems performed by a trained
auditor in order to provide the resident with strategies for saving energy and money—is provided by
many utility companies throughout the United States for free or at a reduced cost. The uptake of such
programs is generally low, and little is known about audit participants. Importantly, as more evidence
points to the need to look beyond physical building characteristics to increase energy efficiency,
this work explores if specific characteristics of the individual are correlated with increased participation
in audit programs. This research analyzes the most recent (2015) national level Residential Energy
Consumption Survey (RECS) data through a binary logit regression to determine what socioeconomic
and demographic factors, if any, are statistically significant in linking to the decision to undertake
an audit, while controlling for physical building characteristics. The findings indicate that age
has a significant and positive relationship with the decision to undertake an audit, as does being
non-white, while renting has a significant and negative relationship. Knowledge about national-level
participation in audit programs can help policy makers craft more strategic incentives to increase
participation and, ultimately, help connect the audit decision to the more important next step of
retrofits and upgrades to save energy.
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1. Introduction

Simple energy efficiency measures, such as home insulation upgrades and the purchase of
compact fluorescent bulbs, can save money for residential consumers while lessening burdens on
energy systems and the environment. Many of these strategies are inexpensive and can result in
significant cost savings for consumers. One way for residents to learn about and choose from a
number of these options—thereby lessening information asymmetries—is to undertake a home energy
audit [1,2]. Some researchers argue that reducing the information barrier is a necessary step to closing
the intention–behavior gap in energy efficiency practices [3,4]. An aim of this research is to explore
the decision to undertake an energy audit—a home inspection to gauge areas of inefficiency and
opportunities for energy improvement—by way of Residential Energy Consumption Survey (RECS)
data from 2015 (released in fall 2017; the most recent data available), which asks respondents if their
home has had an audit. The audit variable is binary (yes/no); thus, a nonlinear logit equation is used
to determine statistical significance between this behavior and any demographic or socioeconomic
characteristics, while controlling for physical building variables.

A large body of existing research points to the growing need for policymakers to give attention to
non-physical building characteristics in order to better understand energy efficiency decisions among
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citizens and consumers [5–9]. Some researchers point to the intention–behavior gap as a driving
force behind lack of energy efficiency program participation, whereby stark differences exist between
what individuals intend to do and actually do [10–14]; others argue that the technical and cost-saving
potential for efficient buildings exists but that intervening economic factors such as information
asymmetries, heterogeneous risk tolerance thresholds among individuals, and inaccurate personal
discount rates lead to lack of participation in such cost-savings potential [3,4,6,15–17]. Thus, many
researchers are turning to socioeconomic and demographic factors as drivers of energy efficiency
decisions to complement the field’s knowledge of physical building characteristics that influence
energy consumption [1,18–26]; the present study builds upon this large and growing body of research.

Increasing knowledge about national-level participation trends in energy audits can help
policymakers strengthen programs and develop strategic incentives to target certain user groups.
However, while the audit is important, ultimately, policymakers are interested in the drivers of home
retrofit projects that stem from audits, which lead to quantifiable reductions in energy consumption;
thus, knowledge about participants in audits is a crucial first step.

1.1. Energy Efficiency

A number of researchers [5–7,27–32] argue that energy efficiency is an important means to reducing
energy consumption and lessening greenhouse gas emissions. Societal sentiments around energy
efficiency have evolved over the decades, particularly in light of new environmental knowledge about
climate change, and energy efficiency is now seen as an important tool in a portfolio of options intended
to increase our energy security, lessen greenhouse gas emissions, and help manage spikes in demand
for energy for heating, cooling, and electricity. Indeed, Pacala and Socolow [31] give energy efficiency
a key role as one of the most important “wedges” for reducing greenhouse gas emissions by 2054 in
their conceptual model of potential technologies.

Buildings are one important area of focus within the broader picture of energy efficiency because,
despite significant innovation in new construction, existing structures are still powered primarily
by fossil fuel sources and contribute a significant amount to annual greenhouse gas emissions.
Buildings also offer a number of easy fixes to increase efficiency, and the residential sector is a
particularly important area to focus on. The residential sector accounted for 958.8 million metric tons of
CO2 emissions in 2017, a slight decrease from 1990 levels (963 million metric tons of CO2) [33] but still
highly problematic for meeting climate goals. Emissions from the residential sector come from both
direct burning of fossil fuels for heating and cooking, as well as electricity for all other home uses [33].

Energy efficiency in buildings is achieved through a number of mechanisms. Building codes
typically dictate minimum levels of energy efficiency that must be achieved in the new construction
or major renovation of buildings in the United States. These codes vary by jurisdiction, as there is
no national building code. There is little in place on the policy side to address energy use in existing
buildings, although some municipalities are beginning to explore this. New York City passed new
legislation in late 2009 under the Greener Greater Buildings Plan, which modifies some sections of
the city building code [34]. One important component of the Greener Greater Buildings Plan was the
passage of Local Law 84 (LL84), which mandates annual energy benchmarking and the disclosure
of properties over 50,000 SF. The city claims that this legislation, and the resulting publicly available
disclosure data, now in its fifth year, is the most comprehensive of its kind in the nation [34]. A number
of other cities have followed suit. More recently, New York City Mayor Bill de Blasio announced the
launch of the NYC Building Operator Training Program to help residential buildings cut energy costs
up to 20 percent by training operators of multifamily buildings [35]. The training curriculum is hosted
through the City University of New York’s (CUNY) Building Performance Lab and is designed to
upgrade the skills of building operators in learning about energy and resource conservation techniques
related to a building’s heating, electrical, and water systems, but does not target or train occupants
or residents [35]. Thus, although programs do exist, they fall short in that they typically target
large buildings, and rarely target the occupant. Programs meant to target individual residential
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consumers typically consist of voluntary schemes, awareness campaigns, and labeling programs.
One well-known consumer-based program is the Department of Energy’s (DOE) Energy Star program,
which helps consumers identify more energy efficient appliances. This program has been expanded
since its initial development and now offers a comprehensive energy assessment and scoring system
for buildings [36,37].

Consumer-led energy efficiency measures can include a variety of interventions in the home,
such as the purchase of more energy efficient appliances, upgrades to insulation, the application of
more efficient caulking and weatherization techniques, or more costly system retrofits. Some of these
interventions, such as the purchase of energy efficient appliances, may have an increased upfront cost
for the consumer. Other interventions, such as caulking, have little upfront cost but require time and
effort. In all cases, these interventions require the consumer to take initiative to purchase the item or
make the improvement. Undertaking an energy audit is often a helpful first step in identifying the most
cost-effective areas of potential savings, thus making the question of who is choosing to participate in
audits an interesting one. However, there is clear evidence that even when presented with cost-effective
choices that will reduce energy consumption and save the consumer money, many individuals choose
not to make the purchase or investment [4,15]. In addition, some consumers have strong intentions
to engage in energy efficient, pro-environmental behavior, but do not carry those intentions through
to action [9–13,38,39]. This can be due to any number of intervening factors (for example, some
researchers highlight the role of habits as a potential explanatory variable for the continued increase in
energy consumption despite rising environmental awareness [40–44]). Thus, the demographic and
socioeconomic focus is taking a center stage in energy research as policy makers realize that even
among nearly identical physical structures or households, there may be vast differences in the energy
consumption or efficiency behaviors undertaken [26]. Innovative cities and municipalities—driven by
innovative and forward-thinking policymakers—are crafting new policy mechanisms that take such
individualized factors into account; thus, for those policymakers, demographic and socioeconomic
data and findings can offer important direction.

1.2. Existing Work

A number of other studies have made use of the RECS dataset, although it has not been explored
as extensively as it could be. Additionally, very few of these existing studies focus on demographic
factors. One researcher [45] utilized the RECS dataset from 2005 to investigate whether housing
characteristics helped determine residential heating and cooling demands. Another [46] explored the
impact of physical and behavioral factors on household air conditioning use by way of the 2001 RECS
dataset. Poyer, Henderson, and Teotia [47] used multi-year RECS data from 1980–1990 to explore
specific differences in energy consumption between Latino and non-Latino households. Fumo and
Rafe Biswas [48] used RECS data to develop multiple linear regression models to determine important
predictive variables in residential energy consumption but did not analyze demographic factors.
Other researchers [49,50] utilized RECS as input data for validating other modeling techniques but did
not utilize RECS as the focal data tool itself. The authors of this research have also used RECS data to
better understand PEV adoption choices [51].

The study most similar to the research undertaken here is work by [52]. That study utilizes
RECS data from 2005 to explore factors that are linked to the awareness and purchase of Energy Star
appliances. The researchers found that minority ethnic groups and those with lower incomes are
less likely to purchase Energy Star appliances, and that principal-agent issues between owner and
renter carry over to this realm [52]. Other researchers [53–56] have conducted empirical work—in the
U.S. and abroad—to explore demographic factors that influence energy efficiency using primary data
sources other than the RECS.

No other studies, to the knowledge of the authors, have explored the audit variable found in
the RECS dataset, and energy audits in general are understudied. Some recent studies [1,2] assessing
socioeconomic and qualitative characteristics of individuals undertaking energy audits are focused
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on specific geographic areas, such as Seattle or New York, but do not take a national-scale view of
audit behavior. Both [1,2] found that age was positively correlated with audit behavior in Seattle, WA,
and New York State, respectively.

2. Materials and Methods

This research uses survey data from the 2015 Residential Energy Consumption Survey (RECS),
released as a preliminary dataset in fall 2017 (the most recent dataset available). These observations
represent a multi-stage area probability sampling scheme, which is representative of the entire
residential population of the United States [57]. The 2015 dataset was released in October 2017 as
a preliminary dataset, with more data forthcoming. This is the second time the EIA has released a
preliminary version of a survey dataset, allowing researchers to perform custom analyses more recently
after the completion of a survey.

2.1. Sample

The RECS is the only nationwide source of energy consumption data for the U.S. residential
market [58]. This comprehensive survey has been administered 14 times since 1978 and gathers both
broad and detailed characteristics about energy use and consumption in the household [34]. As the U.S.
Energy Information Administration (EIA) explains, “Originally conducted by trained interviewers with
paper and pencil, the 2015 study used a combination of computer-assisted personal interview (CAPI),
web, and mail modes to collect data for the Household and Energy Supplier Surveys” [58]. The data
was collected from nearly 6000 households, which is representative of 118.2 million U.S. households.
Additionally, the EIA added new variables to the 2015 survey to gauge what they term “emerging
technologies and usage behavior” undertaken by householders, such as smartphones, tablets, and
smart thermostats [58]. According to the EIA, the final response of 5686 households represents a 50.8%
response rate [58].

2.2. Variables and Key Measures

2.2.1. Dependent Variable

In the most recent RECS, interviewers asked respondents if their home has had an energy audit.
The question is structured in such a way that it defines an audit as well as inquires if one has been
performed. It is worded in the RECS as follows: “A home energy audit is when a trained professional
examines how energy is used in all parts of a home. After examining a home, the energy auditor will
provide a list of ways to reduce energy use and save money on energy bills. Has your home had an
energy audit?” [59]. The available responses to this question were yes, no, or don’t know. This key
variable, termed AUDIT by the RECS, will serve as the focal dependent variable for this analysis. As a
binary variable, responses of yes are coded as “1” and no as “0”. Responses of “don’t know” were
recorded in this dataset as missing data and were ultimately dropped from the model.

This dependent variable was chosen from the dataset among the others available because an audit
typically requires an investment by the resident of either time or money, and perhaps both, and the
decision is usually made with the specific goal of saving money on heating/cooling costs or increasing
energy efficiency. Thus, the choice to undertake such an activity is an important—but understudied
and little understood—individual-scale behavior.

2.2.2. Independent Variable(s)

All years of the RECS ask respondents a short set of demographic questions. For purposes of this
study, statistical analyses will explore possible correlations between the dependent variable AUDIT
and the independent variables of householder’s gender (male or female), employment status (recoded
as employed full-time or not), if the householder lives with a spouse or partner (yes or no), the level of
education (recoded as college degree—associates or higher—or not), gross household income for 2015
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(in 24 categories of $5000 increments ranging from below $2500 to over $120,000), if the householder
is of Hispanic or Latino descent (yes or no), householder race (recoded into non-white (yes or no),
and householder age (in years, ranging from 16–85).

Despite the demographic component of the RECS, the survey does not include questions inquiring
about respondents’ attitudes, values, or social/cultural orientations around energy use, as an opinion
survey like the General Social Survey (GSS) might do. This is a shortcoming of the RECS, but for
purposes of an exploratory analysis using demographics, it serves as a good starting point; future
research by the authors can address more nuanced individual orientations through qualitative
interviews or follow-up surveys.

2.2.3. Additional Control Variables

It is assumed that housing characteristics will influence one’s choice to obtain an energy audit.
Thus, statistical models should also control for physical housing variables, such as age of home,
square-footage, etc. The following home characteristic variables are included in the analysis: home
type (recoded into single family attached or detached, or not), heating degree days (HDD) and cooling
degree days (CDD) for 2015, the total square footage of the home, if the householder owns the home
(yes or no), the date that the home was built (in 10-year increments across 8 categories), primary
exterior wall type, primary roof material, the number of bedrooms, the number of full baths, the age
of primary home heating equipment, and if the home has higher ceilings than average (greater than
8’). Additionally, two other environmentally focused variables are included in the dataset, which
may indicate an inclination towards more energy-efficient behavior and thus a higher likelihood of
obtaining an energy audit. These variables include ownership of an Energy Star water heater (yes
or no) or freezer (yes or no). A measure of draftiness for the home was also included in the dataset
(yes or no), which is both a subjective assessment by the respondent, as well as an additional proxy
for housing characteristics. Finally, a weighting variable, termed nweight, was included in the model,
which represents the final sampling weight of the dataset, accounting for different probabilities of
selection and rates of response [57].

All variables, along with key summary data points, are presented in Tables 1 and 2 below.

Table 1. Dependent variable AUDIT 1.

Frequency %

Home Has Not Had Audit 4630 91.00
Home Has Had Audit 458 9.00

1 Source: RECS 2015 v2.

Table 2. Descriptive Statistics by household demographics and home characteristics on AUDIT 2.

Description Mean Std.Dev. Obs. Range

Dependent Variable
Audit Home has had an energy audit 0.090 0.286 5088 0–1
Focal Independent Variables (Household Demographics)
hhsex Female or Male 1.439 0.496 5686 1–2
employhh Householders is employed full-time 0.704 0.660 5686 0–2
moneypy Annual gross household income for the last year 3.670 2.229 5686 1–8
sdescent Householder is Hispanic or Latino 0.127 0.333 5686 0–1
hhage Age of householder in years 52.297 17.015 5686 18–85
college Householder holds college degree 0.692 0.462 5686 0–1
nonwhite Householder is non-white 0.184 0.387 5686 0–1
Additional Control Variables: Home Characteristics and Other Energy Variables
singlefam House is single family attached or detached 0.710 0.453 5686 0–1
hdd65 Heating degree days in 2015, best temperature 65F 3707.849 2149.273 5686 0–9843
cdd65 Cooling degree days in 2015, best temperature 65F 1719.206 1193.563 5686 0–6607
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Table 2. Cont.

Description Mean Std.Dev. Obs. Range

totsqft_en Total square footage 2081.444 1282.660 5686 221–8501
kownrent Own or rent 1.320 0.489 5686 1–3
yearmaderange Range when housing unit was built 4.323 2.125 5685 1–8
walltype Major outside wall material 2.833 1.614 5686 1–9
rooftype Major roofing material 4.541 1.331 4828 1–9
bedrooms Number of bedrooms 2.833 1.106 5686 0–10
ncombath Number of full bathrooms 1.746 0.747 5686 0–6
equipage Age of main space heating equipment 15.723 18.089 5429 1–42
highceil Home has higher than average ceiling 0.365 0.481 5400 0–1
eswater Energy Star qualified water heating 0.385 0.487 4724 0–1
esfreeze Energy Star qualified freezer 0.389 0.488 1700 0–1
drafty Frequency of draft 3.359 0.766 5686 1–4
nweight Final sample weight 20,789.350 11,345.460 5686 983.791–158,078.6

2 Source: RECS 2015 v2.

2.3. Analytic Strategy

The dependent variable for this study is a nominal, discrete variable (AUDIT). Thus, a logit is the
best choice of analytic tool. This will allow for identification of the probability of a given householder
undertaking an energy audit based on a number of potentially correlated factors. A basic logit model
for the audit variable can be modeled as follows:

Pr (audit = 1) = F(Xβ) (1)

where F ≈ logistic CDF, 1 + eˆ(−xβ).
The following assumptions can be made about the model:

• Y is binary
• Y is conditional on X: P(y|x)
• Functional form of relationship between P(y) and X is logit
• Model is specified with the correct independent variables
• The Yi’s are statistically independent, generated from a random sample
• No exact multicollinearity

Given the nonlinearity of the parameters, this model cannot be safely estimated using Ordinary
Least Squares (OLS). Thus, estimation for the model will be done using Maximum Likelihood (ML),
which aims to find betas that maximize the likelihood or probability of obtaining the observed data.

It should be noted that there is a clear precedent for using this type of analytical model to better
understand a discrete dependent variable, particularly when it involves the prediction of an individual’s
likelihood to adopt a particular choice or undertake a behavior [60,61]. In this particular study, although
only 9% of respondents have had an energy audit, this represents 458 individuals, and the total sample
size is still large (n = 5088). Thus, robust statistical analyses can be safely performed.

3. Results

Table 3 (below) presents results from three logit models: a full model (Model 1), which includes
all demographic variables and household characteristic variables, and two reduced models, which
include only demographic variables (Model 2) and only household characteristic variables (Model 3),
respectively. Based on these results, a few key findings can be highlighted. Unless otherwise specified,
the discussed results are from Model 1, with Models 2 and 3 used to triangulate findings.
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Table 3. Maximum Likelihood Regression Estimates of 2015 AUDIT 3,4.

Model 1. Model 2. Household
Demographics

Model 3. Home
Characteristics

Independent Variables

hhsex
−0.147 −0.036
0.863 0.965

(0.109) (0.100)

employhh
0.070 0.070
1.076 1.073

(0.090) (0.083)

moneypy
−0.015 0.013
0.985 1.013

(0.030) (0.024)

sdescent
0.216 0.159
1.241 1.172

(0.186) (0.157)

hhage
0.019 *** 0.022 ***

1.019 1.022
(0.004) (0.003)

college
0.283 0.184
1.327 1.202

(0.132) (0.118)

nonwhite
0.436 ** 0.206

1.547 1.229
(0.144) (0.130)

singlefam
0.032 −0.060
1.032 0.942

(0.179) (0.177)

hdd65
0.000 0.000
1.000 1.000

(0.000) (0.000)

cdd65
0.000 0.000
1.000 1.000

(0.000) (0.000)

totsqft_en
−0.000 −0.000
1.000 1.000

(0.000) (0.000)

kownrent
−0.413 −0.559 **
0.661 0.572

(0.177) (0.173)

yearmaderange
−0.070 −0.079
0.933 0.924

(0.029) (0.029)

walltype
−0.007 −0.007
0.994 0.993

(0.036) (0.036)

rooftype
0.008 0.009
1.009 1.009

(0.042) (0.042)

baderooms
0.112 0.095
1.118 1.100

(0.071) (0.070)
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Table 3. Cont.

Model 1. Model 2. Household
Demographics

Model 3. Home
Characteristics

ncombath
0.098 0.097
1.103 1.102

(0.095) (0.092)

equipage
0.000 0.000
1.000 1.000

(0.003) (0.003)

highceil
0.150 0.150
1.161 1.161

(0.117) (0.116)

drafty
−0.113 −0.086
0.893 0.918

(0.076) (0.074)

nweight
−0.000 −0.000 −0.000
1.000 1.000 1.000

(0.000) (0.000) (0.000)

Constant
−3.095 *** −3.539 *** −1.625 **

0.045 1.029 0.197
(0.658) (0.317) (0.562)

Pseudo R-square 0.026 0.017 0.013
Number of households 4054 5088 4054

3 * indicates * p < 0.05, ** indicates p < 0.01, and *** p < 0.001. 4 The first number is the unstandardized coefficient,
the second number is the odds ratio, and the third number in the parentheses is the standard error.

3.1. Model Fit

The model fit is fair to good. The overall Likelihood Ratio (LR) test is significant at the 99% level
(p = 0.000). The Psuedo-R-squared value is low, at 0.026 (ranging from 0.2 to 0.4 indicates a very
good model fit), which indicates that only approximately 2% of variation in the dependent variable is
explained by the independent variables. However, the results of the Pearson Chi-Square goodness of
fit test of 0.6189 indicate that the model is a good fit for the data and we should not reject the “good fit”
null hypothesis.

3.2. Statistical Significance of Coefficients

The following variables returned significant coefficients in the full model (Model 1): hhage
(age of householder) and nonwhite (race is not white). These variables are significant at the 99%
level (p < 0.000) and 95% level (p < 0.005), respectively. In Model 2 (which includes only household
demographics without control variables for physical building characteristics), the age of householder
was again significant at the 99% level (p < 0.000). In Model 3 (which includes only physical building
characteristics), the variable kownrent (whether the respondent owns or rents) was significant at the
95% level (p < 0.005). All other variables returned insignificant coefficients; thus, holding all else
equal, we can determine they have no strong correlation with one’s decision to undertake an energy
audit and can be disregarded for the remainder of the discussion. Given the significant variables,
we can conclude from the model that the demographic characteristics of age and race appear to be
correlated to one’s decision to undertake an audit, and, without demographic characteristics in the
model, the distinction between owning or renting one’s home also appears to be correlated to an audit
decision. These will be discussed further.
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3.3. Direction of Coefficients

Of the statistically significant variables, the age of the householder and a nonwhite race returned
positive coefficients, and owning or renting one’s home returned a negative coefficient. The positive
coefficient on the continuous variable age indicates that each additional year increase in age is positively
correlated with undertaking an energy audit. For a binary variable such as nonwhite, the positive
coefficient indicates an answer in the affirmative (e.g., being non-white) is correlated with a higher
probability of undertaking an energy audit. For the ordinal variable for owning or renting one’s home,
where the variable is coded a 1 for owning, a 2 for renting, and a 3 for occupying without owning or
paying rent, the negative coefficient indicates that falling in a lower category for the variable has a
positive impact on one’s decision to undertake an energy audit. Stated more simply, householders
living in homes that they own are more likely to undertake audits than those that rent their homes,
all else being equal.

3.4. Additional Findings

Tests of sensitivity and specificity generate findings that tell us that, overall, 89.96% of observations
were correctly classified. These tests indicate that potentially 10.04% of findings that have been classified
as negative are incorrectly classified as such (false negatives). The results of the test for the Receiver
Operating Characteristic (ROC) curve are favorable, with results for the area under the curve returning
at 0.62. The closer this area is to 1, the better the model is.

4. Discussion

4.1. Analysis of Odds

Some analysis can be noted, particularly in regards to the statistically significant demographic
variables, which were the independent variables of most interest in the model. First, the odds found in
Table 3 tell us that each one-year increase in age increases the odds of undertaking an energy audit by
1.02, or approximately 2%, holding all else equal. See Figure 1 for a plotting of these odds. Furthermore,
being nonwhite increases the odds of undertaking an energy audit by 1.55, or 55%, holding all else
equal. Thus, those householders making decisions to have an energy audit generally seem to be older
and non-white. No other demographic variables returned significant coefficients.
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The results from variables on household characteristics from Model 3 are predictable.
The statistically significant variable of kownrent confirms much of what existing research has found
about the influence of home ownership on energy efficiency, and the barriers resulting from principal
agent challenges in renter–landlord relationships. The odds of undertaking an audit if you rent
your home instead of own are 0.57. Stated more simply, if the respondent rents instead of owns,
the probability of undertaking a home energy audit decreases by approximately 43%.

4.2. Policy Implications and Recommendations

Some discussion is necessary regarding the findings noted above, particularly the results from the
model(s) using a national sample that is representative of 118 million U.S. households indicating that
older, non-white respondents are more likely to undertake audits, and that homeownership is a strong
driver of audit behavior.

First, the finding regarding age aligns with the few existing studies on audits [1,2]. However,
those studies found relationships not only between age, but also between higher incomes (a negative
association) and more education, which this study did not find. One argument for this finding
regarding older participants is that individuals who are older perhaps have more time, particularly
if they are retired, no longer working full time, or have children who have grown and are out of the
home. This group is also more likely to be homeowners. Taken together, these characteristics may
make this group more inclined to undertake the effort and time necessary to complete an energy
audit. Policy makers may find it important to find ways to engage the inverse of this group—younger
individuals (who are likely to have lower household incomes at earlier stages of their careers) in order
to balance participation in audit programs. Utility companies offering incentives for lower cost audits
should think strategically about the choice of tool for marketing their programs (e.g., electronically via
email for people who pay their bills online, as a paper insert in bills, other mechanisms), as this will
capture a broader range of customers.

The finding regarding nonwhite participants is interesting and undeveloped; little existing work
supports this finding at present. One possible explanation is that nonwhite participants tend to live in
geographic areas where incentives for participation in audit programs are available, inducing more
participation in those areas (irrespective of race). This is an area for further study. Although the RECS
survey asks individuals if they have received a free or subsidized home energy audit, that variable
is not included here, and would require additional analysis into the geographic location of policy
mandates and the development of a new statistical model. However, this points to an interesting
direction for a follow-up study.

Finally, the finding that homeowners are more likely than renters to undertake audits is well in
line with a large body of existing work on misaligned incentives and principal-agent challenges faced
by renters [62–65], and is also in alignment with other studies on audits [1]. Renters are also more likely
to consume more electricity, all else being equal, in part because the price signal is absent in many
rental arrangements. For instance, if renters are sub-metered and responsible for their own monthly
electricity, they are also typically constrained by lease provisions that do not allow them to make any
significant renovations to the unit or appliances in order to save energy or money, and building owners
have little incentive to upgrade units if they do not bear the monthly cost of electricity usage [66].
In fact, some programs for low-cost audits, such as the one in New York State, require the participant to
be a homeowner, thereby excluding renters from the conversation altogether [1,67]. Policy mechanisms
should find ways to engage renter groups with energy efficiency, and the energy audit mechanism
is likely not the way to do this given its emphasis on physical upgrades to built space. However,
there are other creative mechanisms to engage renters, such as “ambassadors” within multifamily
buildings, and incentives for personal purchases, such as lightbulbs, that renters will more directly
benefit from financially.

Overall, the socioeconomic and demographic findings presented here build upon and support
findings in numerous empirical studies, such as [1,18–26,51]. Such studies highlight the many ways
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that individual heterogeneity in socio-demographics and behavioral choice accounts for significant
variation between predicted and actual energy use in buildings, and participation in energy efficiency
programs. Such insights can provide policymakers with deeper insights that move beyond physical
building characteristics.

The findings here should be interpreted conservatively. This work is not arguing for audit
programs that should only be crafted to target certain individuals; instead, we offer some insight
into an understudied area of energy efficiency work. One of the main takeaways from other studies
of audit participants is that despite findings indicating higher uptake among certain socioeconomic
groups (e.g., older participants) the households that participated in audits were highly variable and
heterogeneous [2,68]. Furthermore, existing work points to the crucial role of the auditor in homeowner
perceptions of the audit process and any follow-up behaviors they take [1,2,68]. It is likely, then,
that auditor behavior may have some influence on the initial participation in audit programs as well.
For instance, if a cluster of auditors are highly enthusiastic, highly trained, and well embedded in the
local market, there may be reason to believe that that geographic area would see a higher participation
rate in audit programs.

4.3. Limitations and Future Research

This research is limited in that the RECS is a secondary dataset, thereby limiting the authors’ ability
to ask survey respondents specific questions crafted around tailored research hypotheses. Of particular
interest would be a more contextual understanding of the culture, values, and social norms influencing
how and why individuals may make decisions regarding energy audits. This would likely come
from empirical research or fieldwork, which would be a good next step to building on research from
secondary sources and publicly available datasets like the RECS, as these datasets could be merged to
generate a more robust analysis. Additionally, since the RECS is a U.S.-based dataset, generalizing
these findings to international locations is challenging.

However, from an exploratory standpoint, this study is a good first step in making connections
between demographic characteristics and audit decisions and exploring potentially important
correlations between variables. In addition, although the context will vary, there are likely to
be a number of takeaways (such as the renter versus owner distinction) that are transferable to non-U.S.
cities and jurisdictions. Finally, this research adds to existing work by being one of the first to explore
the audit variable (first added to the RECS in 2009) and specifically connecting it to demographic
variables. A number of interesting variables remain, and there are significant opportunities for further
statistical study to explore additional relationships within the dataset.
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