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USE OF SYNTHETIC DATA

IN DEALING WITH SELF-SELECTION

Improving Conservation Program
Energy Savings Estimates
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Because energy conservation programs are generally voluntary, participating households
are different from nonparticipants in important, energy-related ways. This self-selection
bias complicates efforts to estimate energy savings due to these programs. This article
discusses several methods for dealing with self-selection. The choices include nonrandom
sampling of program nonparticipants, binary choice models that explicitly treat house-
hold decisions to participate and to retrofit, or use of both methods. Because some of the
methods discussed are new and have not yet been applied to analysis of energy conserva-
tion programs, we developed a "synthetic "data set. We conducted numerical experiments
with this data to examine the performance of these different methods. These experiments
show that the improved sample design and analytical techniques generally yield more
accurate estimates of program energy savings. Our experience also suggests that a small,
well-defined synthetic data set is helpful in developing, debugging, and evaluating soft-
ware associated with new analytical approaches.

government agencies and utilities offer a variety of energy con-servation services to their citizens and to their customers. During
the past few years, the scope, size, and cost of these programs have
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increased substantially (Willrich and Kubitz, 1981; California Energy
Commission, 1980). As the size and cost of these programs increase, it
becomes increasingly important that efforts be made to carefully mea-
sure the effects of these programs (Office of Technology Assessment,
1980; Office of Environmental Engineering, 1981): both the extent to
which these programs reduce energy consumption, and the cost-

effectiveness of the programs to participating households, nonpartici-
pating households, utilities, and society in general, see Soderstrom et al.,
1981; Hirst et al., 1982.

Developing reliable estimates of program energy savings and cost-
effectiveness is a complicated and subtle task. One of the major compli-
cations is &dquo;self-selection.&dquo; Because these conservation programs are

generally voluntary, the households that choose to participate in the
programs are almost certain to be different from nonparticipating
households in important, energy-related ways. Failure to account for
this self-selection bias in evaluation design and analysis will lead to
energy-saving estimates that include the effects of both the program and
of self-selection.

The self-selection process has two aspects. First, energy consumption
and program participation are likely to be interdependent. High energy
users are more likely to participate in programs (because they have more
to gain from participation) than are low energy users. Participation, in
turn, is likely to lead to lower energy consumption. This simultaneity
problem, if not properly addressed, will yield an underestimate of
program energy savings.

Second, households that are interested in conservation are more
likely to participate than are households that are either indifferent or
opposed to conservation. Failure to correct for this bias will yield an
overestimate of program energy savings.

This paper discusses methods to deal with self-selection in evaluation
of residential energy conservation programs. Because some of the
methods have not yet been applied to analysis of conservation pro-
grams, we were unsure about their feasibility in time and dollar costs to
implement, and what they contribute to greater accuracy and reliability
of energy-saving estimates. Therefore, we developed a &dquo;synthetic&dquo; data
set with which we tested a variety of methods for estimating program
energy savings.

Section 2 provides additional information concerning self-selection
in residential conservation programs, and Sections 3 and 4 present
alternative ways of dealing with this problem. Section 5 presents the
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synthetic data and discusses how and why we created this data set.
Section 6 discusses results obtained with the data set. The first section
discusses the relative strengths and weaknesses of different ways to treat
self-selection.’ I

SECTION 2-THE SELF-SELECTION PROBLEM

The typical conservation program is offered to all eligible2 house-
holds ; that is, the utility or government agency does not determine by
random assignment or requirement who participates. For example, a
utility may offer its residential customers a free home energy audit. The
purpose of the audit is to inspect the dwelling unit and the energy-using
equipment within the unit and, based on the auditor’s observations, to
recommend energy conservation practices and measures suitable for
that particular residence.3 Some utilities offer financial incentives (low-
or zero-interest loans, or cash rebates) to encourage installation of the
suggested conservation measures.

Because participation in these programs is voluntary, a self-selection
bias may be present. Therefore, one must determine whether observed
changes in energy use are due to the program itself rather than the
composition of the group that accepts the program. Evidence shows that
conservation program participants typically do not represent a cross-
section of the general public: audit program participants generally have
higher education and income levels than nonparticipants, are more
aware of energy problems, own larger homes, and consume more energy
than nonparticipants (Berry et al., 1981 ; Berry, 1982; Newman and Day,
1975). As a consequence, comparison of energy savings between pro-
gram participants and nonparticipants will not yield an accurate esti-
mate of program energy savings. The energy savings achieved by partic-
ipants relative to nonparticipants is due to both the program and the
self-selection process.

The ideal method to estimate program effects is to use random

assignment (Cook and Campbell, 1979). For example, in the early stages
of program implementation, the utility or government agency might
receive many more requests for program services, such as energy audits,
than its limited resources can accommodate. Randomly assigning people
who request services to either receive the service or receive a placebo
service, like energy conservation publications, creates two comparable
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groups. Comparisons can then be made between the two groups without
concern for self-selection, because both groups selected themselves into
the program.

Unfortunately, very few utilities and government agencies take
advantage of the start-up phase of a program or use pilot programs to
design and conduct careful evaluations.4 As a result, most evaluation is
done post-hoc; the evaluator is faced with a program that operates
throughout the region that is included in the agency’s political jurisdic-
tion or the utility’s service area. So, a search must be made for alterna-
tive approaches to estimate program effects. The problem can be
defined by considering four groups, shown in the schematic below: those
who participate in the program (A), those who do not participate in the
program (C), and the behaviors of both groups without the program (B
and D). Evaluation seeks to measure the differences between energy-
related behaviors with and without the program (A-B and C-D). How-
ever, because the program exists, conditions B and D cannot be
observed.

Random assignment allows one to create the B group.5 Without such
ideal circumstances, the evaluator can draw a sample from the nonpar-
ticipants (C) to approximate what the participants would have done
without the program (B) or the evaluator can conduct ex post analyses
to infer from either A or C or both, the behavior of B; both notions are
discussed below.

Some proposals to deal with self-selection involve using the audit
group as its own control, purposely withholding program services from
some requestors, or using sequential sampling to ascertain changes in
participants as programs progress. Using the audit group as its own
control which is sometimes called an interrupted time series design; see
Cook and Campbell, 1979, is difficult because it requires considerable
data for both the pre- and post-program time periods. In addition, the
validity of this design rests on the assumption that no other factors were
operating during this time that would substantially affect energy use; yet
other conservation programs and changes in weather, fuel prices, and
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incomes are likely to affect energy use.6 Thus, this approach does not
appear feasible for evaluation of conservation programs.

Purposely withholding program services from some requestors
suffers from two problems. First, withholding services may be politi-
cally unwise or prohibited by regulation. Second, households that know
they will be provided program services at a later date may not behave as
if the program did not exist. On the contrary, they are likely to purposely
defer conservation actions until program services are provided. Thus,
use of such a comparison group is likely to yield an overestimate of
program effects.

The third approach, comparing households that participate in the
program at different times, is feasible (Weiss and Newcomb, 1981) and
was suggested as part of our evaluation plan for the Bonneville Power
Administration. This is shown in T1 and T2 of Table 1; also, see Hirst et
al., 1982). Such a comparison also allows the evaluator to see how the
characteristics of program participants change over time.

This design includes four separate groups of households. This allows
multiple approaches to estimation of program effects, a kind of &dquo;trian-
gulation.&dquo; Although each approach has limitations, if the results from
each are roughly comparable, an evaluator has much greater confidence
in the overall estimates of program effects.

SECTION 3-SAMPLE DESIGN TO ASSIST IN ANALYSIS

We propose an intentional nonrandom sample of nonparticipants (to
keep sampling costs low) matched to participants on the basis of pre-
program energy use; nonandomness due to self-selection, which is par-
ticipation, is then explicitly modeled in analyzing the data. This process
is made more statistically efficient by matching a sample of nonpartici-
pant households to a sample of participants on the basis of a stratified
sampling scheme that uses residential, appliance, demographic, and
attitudinal characteristics (Trimble, 1982; Hausman and Trimble,
1981).

Data from nonparticipants (C1 in Table 1) can be used to develop a
matched subsample. One approach is to use direct matching on explana-
tory variables, which unfortunately suffers from three problems. The
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TABLE 1

Overall Evaluation Design for the Bonneville Power Administration

Ti- sample of households that participated in Spnng 1981 1
T2- sample of households that participated in Spnng 1982.
C1- sample of households randomly selected from utility customer lists.
C2- samples of nonparticipants households selected from C 1 to form a subsample &dquo;matched&dquo; 

&dquo;

with T1 and/or T2.
U- utility bills (consumption, price) and matched weather data for winter heating months

(e.g., October through March); also other data (e.g., zip code, rate class, heating fuel,
years at present address) readily available from utility account records.

P- program participation (audit, loan, water heater wrap, etc.); restricted to services
between heating seasons.

m- mail screener survey conducted among 1981 and 1982 program participants and

random sample of futility customers.
t- telephone survey conducted among 1981 and 1982 program participants and a

matched sample of nonparticipants.
SOURCE. (Hirst et al., 1982)

first is a practical one, related to the computational complexity of
matching on more than a few variables. Second, direct matching gives
equal weights to the matching variables, which may not accurately
reflect the relative importance of these variables. Third, large sample
sizes are required to match with more than a few variables.

Because of these problems, we suggest an alternative scheme (Haus-
man and Trimble, 1981; Cochran, 1963; Manski and McFadden, 1981)
based on the assumption that energy consumption is a key determinant
of program participation.7 In this scheme, a regression equation is
estimated to explain variation in energy consumption as a function of
the variables collected in a screener survey or that is available from

utility records. This equation is then used to define &dquo;predicted&dquo; energy
consumption for nonparticipant households. Nonparticipants are then
assigned to strata based on their predicted preprogram energy use.
Random samples are drawn from each stratum such that the distribu-
tion of predicted energy consumption among this subsample of nonpar-
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ticipants (C2) is similar to the distribution of actual energy consumption
among program participants (Tl and T2).

Matching on predicted energy consumption will improve the statisti-
cal efficiency of the estimation process, discussed in the following sec-
tion, by reducing the variance of the estimators. The success of the
match depends on the explanatory power (R2) of the regression model of
energy use; which, in turn, is affected by the extent to which the impor-
tant determinants of energy use are accurately captured in the screener
survey. Also, the matching scheme is based on the assumption that
program participation and preprogram energy use are correlated. This
is because households with high fuel bills are likely to benefit most from
a conservation program. To the extent that other factors not related to

energy use also influence participation, the power of the matching
procedure is reduced.8

SECTION 4-ANALYSIS TO DEAL WITH SELF-SELECTION

Estimation of program energy savings (ES) involves the following:

The second term can be directly estimated with the data. The first term
must be inferred, based on theory and data. Complications occur
because energy use, participation, and retrofit are all interdependent.

The simplest way to begin analysis is to compute means (and stan-
dard deviations) for the groups of households (Table 1) for the pre- and
post-program time periods (Table 2). These values can be compared to
see whether the change in mean energy use is greater for the program
groups (T1, T2) than for the nonprogram groups (Cl, C2).

Ignoring nonparticipants and comparing pre- and post-program
energy use for participants only (Tl, T2) shows how much energy was
saved by participants (Ozenne and Reisner, 1980). However, unless the
participant and nonparticipant groups are equivalent, as would be the
case with random assignment, and no factors other than the particular
program affected energy use between time periods I and 2, this method
does not yield a reliable estimate of program energy savings. Rather, the
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result shows the combined effect of the program, self-selection, and
other factos that affect energy use (such as a change in weather or
increases in fuel prices).
A second method involves a comparison of means between post-

program consumption of participants and nonparticipants. This result
is a reliable estimate of program energy savings only if the two groups
are equivalent before the program begins, in other words, if there are no
energy-related pre-program differences between the two groups. This
assumption is also unlikely to be correct. In addition, this method
assumes that nonprogram factors affect participant and nonparticipant
energy use in the same ways.
A third method compares changes in energy use between the two

groups (Dukich, 1982). While this approach is better than either of the
preceding ones, it still assumes that the two groups are equivalent and
that other factors that influence energy use affect participants and
nonparticipants in the same way.
A fourth method is to construct regression models for energy con-

sumption (Parti and Parti, 1980; Taylor, 1975; Hannigan and King,
1982; and Grady and Hirst, 1982). This explicitly accounts for various
determinants of household energy use (demographic characteristics,
structure characteristics, weather, fuel prices; as well as program partic-
ipation). A single equation can be developed in which all the households
for both time periods are pooled:

where i refers to individual households and t refers to time period (pre-or
post-program). P is a dummy variable for program participation; P is
always zero for nonparticipants and is 1.0 for program participants for
the months after retrofit. The magnitude and statistical significance of
the coefficient of this dummy variable indicate the energy-saving effect
of the program. Unfortunately, this coefficient also includes the effect of
self-selection. X is a vector of factors such as heating degree days and
household income that influence energy use. Use of the matched sub-

sample of nonparticipants (C2) in this analysis reduces the variances of
the parameter estimates and the likelihood of colinearity among
explanatory variables, relative to an analysis conducted with a simple
random sample of nonparticipants, Cl.
A variation on this approach allows the coefficients-the sensitivity

of energy use to different factors-to vary across the participant and
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nonparticipant groups and across the two time periods (Burnett, 1982).
The preceding equation is expanded to:

where Dt is a dummy variable for year, equal to zero for the pre-program
period and equal to one for the post-program period. The coefficients of
the last term in the equation are used to estimate the program’s energy
saving.
A more sophisticated approach (5, in Table 2) is to develop a system

of equations, one to model program participation and a second to model
energy use (Williams and Walther, 1982; Dubin, 1982; Dubin and
McFadden, 1982; Henson, 1982; Olsen, 1980; Heckman, 1978, 1979;
Goett and McFadden, 1982). The equation to predict the probability of
program participation uses a logit or probit formulation (because par-
ticipation is a discrete choice) with predicted pre-program energy use
(E’*, or its determinants) and economic, demographic, and structural
factors as explanatory variables.

The model of energy use is similar to that described above except that
a function of the predicted probability of participation, from the first
equation, is used to adjust the regression equation. There are several
ways to specify the probability-of-participation model, the adjusting
function, and the energy demand model. The present method uses the
Mills ratio, defined below (Dubin and McFadden, 1982; Olsen, 1980;
Heckman, 1979). With the adjustment provided by the Mills ratio, one
can properly specify a model with a dummy variable for participation.

The binomial choice model for program participation is:

Predicted values of probability of program participation (P*) are then
used to define a Mills ratio for participants and nonparticipants:

and
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TABLE 2

Summary of Methods to Estimate Program Energy Savings

a The symbols used are:

E is monthly or annual energy use per household; E* is predicted energy use,
I refers to the preprogram period; 2 refers to the postprogram penod,
T is the treatment (program) group; C is the companson group,
X is a vector of factors that influence energy use,
W is a vector of factors unique to program participation,
Z is a vector of factors unique to retrofit,
P is a dummy variable for program participation; P* is the Mills ratio, based on predicted

probabihty of participation,
R is a dummy vanable for retrofit (installation of conservation measures), R* is based on the

predicted probability of retrofit.

b. These methods do not correct for self-selection and are useful primarily for exploratory
data analysis.

SOURCES (Hirst et al., 1982 and 1983)
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The Mills ratio is then used in the energy demand equation to purge the
other coefficients of the self-selection bias:

where MRT is used for participants and MRc for nonparticipants.
This approach has two advantages. First, it corrects for the simul-

taneity problem with respect to participation and usage. The earlier
suggestion to use a dummy variable in the energy-use equation assumes
that participation is independent of usage. This approach recognizes the
interaction between these two factors. Second, this approach allows an
explicit analysis of the factors that influence program participation, an
important issue in program management and operation.
A closely related technique is to use the values of predicted

participation (from the binary choice model of participation) as

instrumental variables in place of the participation dummy variable in
the energy demand equation. While estimation of the energy demand
model uses the predicted probability of participation for each household,
simulation with the energy demand model, to estimate program energy
savings, uses the actual (0,1 ) values for participation. This technique can
also be used with the last approach, discussed below.

The final approach (6, in Table 2) that we considered involves explicit
and interdependent estimation of the decisions to participate in the
program and retrofit (in a nested logit formulation), and energy use.
Here again, there are several ways to specify the models; we again
choose a logit formulation to model each of the four alternatives:
retrofit/ participate, retrofit/not participate, not retrofit/ participate,
and not rerofit/ not participate. A nested logit formulation is specified to
take account of the correlations among the retrofit and participation
decisions. In this case, binary choice models are first developed for the
retrofit decision, with separate models estimated for program partici-
pants and nonparticipants:

These two equations are used to calculate inclusive values (IV) for
participants and nonparticipants
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where R* is the predicted probability of retrofit computed from the
appropriate retrofit choice model. These inclusive values take account
of the correlation between the retrofit/participation decisions for
participants and nonparticipants.

Next, a choice model for participation is estimated:

where the IV values are defined above.

Finally, a regression model for energy use is estimated as follows:

P and R are participation and retrofit dummy variables; NP and NR are
nonparticipation (1- P) and no retrofit (1- R) dummy variables. MR is
the Mills ratio, compute as before.

This approach ensures that energy demand is explicitly responsive to
both participation and retrofit and, through the Mills ratio, corrects for
the self-selection bias discussed previously.

One can envision further extensions to this model. For example,
multinomial choice models can be developed to estimate the probability
of choosing individual retrofit measures, or &dquo;packages&dquo; of measures. A
simplification of this approach would use retrofit cost and expected
energy savings for each household’s retrofit package in the binomial
retrofit choice equation discussed above. Models can be developed to
predict changes in energy consumption (E1 - E2) or to predict post-
program energy use conditional on pre-program energy use, such as E2 =

f(X,P,E1). All of the models discussed in this section can be developed
with either or both groups of participants (T1 and T2, from Table 1) and
with either the random or matched sample of nonparticipants (Cl or
C2).

SECTION 5-SYNTHETIC DATA

The preceding section discussed methods to adjust for self-selection
in estimating the energy savings due to conservation programs. These
methods have not yet been employed in analysis of energy conservation
programs. Therefore, we developed a synthetic data set to explore
possible problems associated with implementation of these ideas and the
improvement in analytical results that they yield.
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Use of synthetic data provides several attractions relative to use of
actual program data. First, by creating the data the analyst knows the
&dquo;correct&dquo; answer; that is, actual program energy saving is known.

Second, one can modify the data to determine how robust various
analytical approaches are to changes in the data which include the
particular random sample drawn, the size of the sample, the influence of
the program on retrofit, the effect of retrofit on energy savings, and the
strength of the self-selection bias. Finally, the synthetic data can be
created to focus on the particular issue of interest. For example, in the
present case, our data assume that energy use is independent of fuel
prices and of weather.

The major drawback to analysis conducted with such data is

uncertainty over the extent to which the synthetic data reflect accurately
the behavior of households. This uncertainty makes it difficult to

generalize from results obtained with synthetic data to what might
happen in evaluation of a real program.

In the data discussed below, we assume that post-program energy use
is a function only of pre-program energy use, retrofit, and program
participation (as well as the usual unobservable effects reflected in the
error terms). In actuality, post-program energy use is affected by
changes in weather, fuel prices, household size, structure size and
additions or demolitions, appliance holdings, and other factors. If any
of these factors is correlated with program participation, retrofit, or
pre-program energy use, the actual analysis becomes much more
complicated than indicated in this study.

The synthetic data we created include the following variables: pre-
program energy use (E1), participation in the hypothetical conservation
program (P), retrofit (R), and post-program energy use (E2). These
variables are assumed to be functions of socioeconomic and dwelling
unit (structure) characteristics: income (Y), number of years in present
home (YEAR), floor area of home (FT2), and age of home (HAGE) are
used as proxies for these characteristics in our data set. The equations
used in creating this data are:
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where ei are random error terms intended to reflect errors in the data and

equation form, and the effects of variables not included in the equations,
and a,, b,, c,, d,, and k are coefficients determined by the analyst.

Values for Y, FT2, YEAR, and HAGE are drawn randomly from
lognormal distributions with means and standard deviations determined
by the analyst and assigned to households in the synthetic data set.
Energy use is assumed to be a function of household income and

dwelling unit floor area, as proxies for socioeconomic and structure
characteristics, respectively. In addition, energy use is influenced by
independent random errors, with components related to retrofit,
participation, and energy use. These random components all have zero
means and standard deviations proportional to their coefficients; eEl is
normally distributed, while ez and ew are logistically distributed.

Z is an index of program participation, assumed proportional to
pre-program energy use and inversely proportional to the number of
years the household has lived in the dwelling unit. The coefficient of E I
(bi) determines the extent of self-selection in program participation, as
discussed above. If Z is greater than zero, the household is a program
participant (P = 1); otherwise the household does not participate in the
program (P = 0).

Similarly, W is an index of household retrofit (installation of
conservation measures to reduce energy consumption). W is assumed
proportional to pre-program energy use and to the age of the dwelling
unit. In addition, W is positively related to participation as reflected by
the ceP term in the equation.

Finally, post-program energy use is assumed equal to pre-program
energy use, minus energy savings, plus error terms related to W, Z, and
E 1. Energy use is reduced through two mechanisms. First, households
that participate in the program may save energy regardless of whether
they retrofit. Such savings could occur through adoption of energy
conservation practices such as lowering thermostat settings on heating
and water heating systems recommended in the home energy audit.
Second, households can reduce energy use by installation of retrofit
measures. Thus program participation can affect post-program energy
use and energy savings in two ways: directly through adoption of
conservation practices and indirectly (through the W equation) through
stimulation of installation of retrofit measures. Finally, post-program
energy use is affected by random error terms similar to those that
influence preprogram energy use (ez, ew, eEl).
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Although the data set described above is much simpler than what
might actually occur, it is still surprisingly complicated. In particular,
there are a total of 23 coefficients to adjust.

SECTION 6-RESULTS OBTAINED
WITH THE SYNTHETIC DATA

We used the synthetic data to examine the performance of the
matching procedure (Section 3) and the modeling approaches (Section
4) that include estimation of program participation and retrofit.

Because of the very low cost associated with creation and use of the

synthetic data, we were able to examine the following kinds of cases in a
sensitivity analysis:

(I) Variations in sample size (500, 1000, 2500 households).
(2) Variations in the sample drawn from the total population (different initial random

seeds).
(3) Effects of the participation and retrofit error terms on preprogram energy use (a4,

as).
(4) Effects of the participation and retrofit error terms on post-program energy use

(ds and d6).
(5) Effects of the energy use error term (a6) on pre- and post-program energy use.
(6) Effects of pre-program energy use on participation (b2).
(7) Effects of participation on energy savings

directly (d, and d2); and

indirectly (c4, d3, and d4).
(8) Effects of practices and retrofit on energy savings (k).

We compared results obtained with different procedures in terms of
their ability to predict program energy savings (ES). The &dquo;true&dquo; value of
ES was computed as follows. First, the data were created as outlined in
the preceding section. Then, the equations for W (retrofit) and E2 were
solved again for program participants, setting C4, di, and d2 all equal to
zero, which would assume that the program did not exist. The true value
of ES is then ES from the first step minus ES from the second step (the
difference between participant energy savings with the program and
energy savings for the same participants without the program).

The baseline case used in this discussion involved creation of 1000
households as shown by Table 3. Households are assigned to the
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TABLE 3

Mean Values for Key Variables in the Base Casea

a. Coefficients in this base case (Section 5) are.

conservation program on the basis of their preprogram energy use and

years of occupancy in their present home as noted by the coefficients in
footnote ’a’ of Table 3. As a consequence, average energy use for

participants is 36% higher than for nonparticipants. Participants reduce
their energy consumption by an average of 62MBtu; nonparticipants cut
consumption by only 10 MBtu.

The matching procedure described in Section 3 yields a sample of
nonparticipants that is similar to the participants. This is noted in Table
3. In particular, preprogram energy use for the matched nonparticipants
is much closer to that for participants than for nonparticipants in
general. Also, the matched nonparticipants are much more like the
participants than nonparticipants in general in terms of floor area and
income, the determinants of preprogram energy use. On the other hand,
the matched nonparticipants are much more like the nonparticipants in
general in terms of years of residence (a determinant of program
participation but not of energy use).
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It is interesting to compare the performance of the matching
procedure and the analytical techniques shown in Table 2, and described
in Section 4 with the &dquo;true&dquo; program energy saving [40 MBtu (= 62 - 22
from Table 3)]; as shown in Table 4. The comparisons using this baseline
show several interesting features. There is considerable variation in
estimated energy savings across the different procedures. The first
method, based only on changes in consumption for participants,
consistently overestimates program effects. The second method, based
only on postprogram energy consumption, consistently underestimates
program effects (and sometimes, as in the baseline, yields negative
program energy savings).

The third method, comparison of mean energy savings of participants
and nonparticipants, often gives reasonably good results; this is

surprising given the simplicity of this method.
The models that explicitly treat program participation and use the

Mills ratio to adjust for self-selection (#5 and #6 in Table 4) generally
yield more accurate predictions than do the simpler regression models
(#4). In particular, the models that explicitly treat participation, retrofit,
and energy use (#6) almost always yield more accurate answers than do
the other approaches.

Analyses using the matched sample of nonparticipants rather than a
random sample of nonparticipants generally yield more accurate

estimates of program energy saving. The one consistent exception to this
generality concerns the simple regression model (#4), for which results
are often better without matching.

All but two of the program energy-savings estimates shown in Table 4
are statistically significant at the 1 % level or better. The exceptions are
method 2, simple comparison of post-program consumption levels for
the full sample and the random subsample. The Mills ratio terms in
models 5 and 6 are all highly significant, confirming the self-selection
built into the data.

Many other cases were run using this data set as perturbations
around the baseline. Although there were differences among runs in
which methods worked best, there was surprising consistency among the
results (Hurst et al., 1983). We tested data sets with a different a6 error
term in the E I equation to increase or decrease the standard deviation of
E 1 and E2. We tested cases in which the influence of the error terms from

participation and retrofit (a4 and as) on El were changed. Changing
these error terms has a much larger effect on the simpler models (#1
through #4, Table 4) than on the two models that use the Mills ratio
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TABLE 4

Energy Savings Estimated with Different Methods and Data Setsa
(Ratio of Estimated-to-Actual Energy Saving)

a. &dquo;True&dquo; program energy saving is 40 MBtu. Baseline run.
b. These numbers refer to the models listed m Table 2.
c Not statistically significant.

correction. These results suggest that the sophisticated models are
robust with respect to variations in the error terms, which are random
variations in El and their relationship to participation and retrofit.
We tested cases in which the determinants of program participation

(but) are changed. One case involved random assignment to the program
(b2 = b3 = 0) and the other involved an increase in the effect of
preprogram energy use on participation (b2). With random participation
in the program, the models with Mills ratio corrections (#5 and #6, Table
4) yielded less accurate results than did the simpler models. On the other
hand, the matching procedure yielded better results with every model.
When the self-protection bias associated with program participation
was increased, the models with the Mills ratio adjustment performed
substantially better than did the models without this correction for
self-selection. The matching procedure yielded more accurate results in
all cases, except for Model 4.
We examined cases in which the participation and retrofit error terms

in the E2 equation were varied. We tested cases in which the number of
observations (n), the initial seed, the effect of program participation on
retrofit (c4), the effect of participation on energy saving (dt and d2), the
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effect of retrofit energy saving (d3 and d4), and the net effect of
participation and retrofit on energy saving (k) were varied. To avoid
repetition of similar results we report only the final case, in which overall
energy savings are reduced.
We tested a case with k = 0.95 rather than 0.8 as in the baseline to see

how well the models perform when the overall program energy savings
are reduced from 40 MBtu in the baseline to 21 MBtu. This is a stringent
test presented in Table 5 of these analytical approaches because the
actual program energy saving is only 10% of preprogram energy
consumption.

As with the other cases discussed above, the first two methods yield
results that are very high (model 1) or very low (model 2). The third
model, the difference between mean energy savings of participants and
nonparticipants, yields estimates that are 20 to 30% higher than the
actual value. The coefficient of the participation dummy variable in
model 4 was statistically insignificant with each of the three data sets.
The models with the Mills ratio corrections perform very well.

SECTION 7-SUMMARY

This article discusses several methods for dealing with self-selection
in energy conservation programs for which participation is voluntary.
These methods involve nonrandom sampling of program nonpartici-
pants, binary choice models that explicitly treat decisions to participate
and to retrofit, or both.

Because these methods are new and have not yet been applied to
evaluation of conservation programs, we developed a &dquo;synthetic&dquo; data
set. We used this data set to develop and debug software associated with
these methods. We then conducted numerical experiments to examine
the performance of these methods in accurately predicting program
energy savings.

These numerical experiments lead to a number of conclusions. First,
the matching procedure, in which a nonrandom sample of nonpartici-
pants is matched to participants on the basis of predicted preprogram
energy use, generally leads to more accurate predictions of program
energy savings. A frequent exception to this generality are the simple
regression models, #4 in Table 2. In the other cases, however, both the
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TABLE 5

Energy Savings Estimated with Different Methods and Data Setsa
(Ratio of Estimated-to-Actual Energy Savings)

a. &dquo;True&dquo; program energy saving is 21 MBtu. Baseline run with k = 0.95.
b. Not statistically significant.

simple comparisons of means and the more sophisticated Mills ratio
models, matching improves accuracy of prediction.

Second, the models that explicitly treat the decisions to participate in
the program and also to retrofit generally yield more accurate estimates
of program energy savings than do the simpler regression models. In
addition to this obvious advantage, the qualitative choice models of the
decisions to participate and to retrofit are useful in their own right.
These models provide a quantitative explanation of the factors (and
their importance) that affect the decisions to participate and to retrofit.
This information should be helpful to conservation program managers
in terms of forecasting future program effects and in improving program
marketing strategies.

The choice models are valuable because they more closely reflect the
actual decisonmaking processes of households than do the simpler
energy demand models. As a consequence, these more sophisticated
approaches are useful in explaining changes in energy use, while the
simpler models are useful primarily in describing, but not explaining
these changes.
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NOTES

1. It is important to note that many other problems complicate use of actual fuel bills to
estimate conservation program energy savings (Hirst, 1981). These include changes across
both time and location in weather, fuel prices, household structure, and demographic
characteristics. Errors in the data and missing data elements further complicate such
analyses.

2. Eligibility requirements might include restrictions to certain housing types, primary
heating fuels, and income groups.

3. The federal Residential Conservation Service, created by the 1978 National Energy
Conservation Policy Act, requires major gas and electric utilities to offer such programs to
their residential customers. (U.S. Congress, 1978; U.S. Department of Energy, 1982).

4. See Johnston (1982) for one of the rare instances in which random assignment was
successfully used in an energy conservation program.

5. In an actual program, nonparticipants (the C group) may be indirectly affected by
the program through, for example, discussions with neighbors who participated in the
program; we assume that this second-order effect is small.

6. If sufficient time series data are available, these factors can be (at least partially)
controlled for in a multivariate regression model of energy use.

7. For example, our ongoing evaluations of residential weatherization programs in

Minnesota and the Pacific Northwest show that preprogram energy use is 20 to 30% higher
for participants than for nonparticipants.

8. An alternative although similar approach is to develop a nonrandom sample of

nonparticipants using predicted program participation as the matching criterion, instead
of preprogram energy use. In this case, a qualitative choice model, such as the logit or

probit model), is developed to predict participation; see methods 5 and 6 in Table 2. A

sample of nonparticipants is drawn that has a distribution of predicted participation
similar to that for participants (Williams and Walther, 1982). This method is not explored
here.
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