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Introduction

When evaluating DSM measures, the statistic
model specification imposes strong assumptions about
market for the energy efficient equipment being analyz
Too often attention is placed only on the model specific
tion without examining the market conditions necessary
support the specification.  Incorrect assumptions regard
the market can introduce significant bias in the impa
model results.

Careful examination of the assumptions that und
lie the various model specifications is an important u
front step in specifying an impact evaluation.  By focusi
on the market assumptions rather than just the model sp
fication, it is easier to select the appropriate model for 
given market conditions.  Once the appropriate mo
specification is identified, the data collection can be t
lored to fit the model and market conditions.

This paper presents a systematic examination of 
influence of market assumptions on the results that are
tained from standard impact analysis methods.  Sev
important model considerations are addressed includ
estimating changes in energy use, correcting self-selec
bias, and market transformation effects.  This framewo
provides a simple and concise method for determin
which model is appropriate for a given market condition.

The results of this analysis are summarized in ma
form at the end of this paper.  The first two columns 
each matrix describe the assumption.  The third colu
describes the effect on the estimation results if the 
sumption does not hold.  The next column indicates 
plausibility of the assumption followed by a column d
scribing the type of data necessary to check the assu
tion.  The last four columns indicate which types of mo
eling and analysis methods rely on the given assumption

The body of the paper is devoted to addressing so
of the more commonly used assumptions given in the m
trix.  Each section is headed by an assumption from 
matrix and is followed by a detailed discussion.  To illu
trate the implications of each assumption, the market c
ditions needed to support the assumption are compa
with the model specification and model results.

I.  Explaining Changes in Energy Usage
Examining changes in energy use between pre- 

post-program periods is a common method for evaluat
the effect of retrofit programs.  By controlling for non
1997 Energy Evaluation Conference, Chicago
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program factors, the effect of the program on energy u
can be estimated.  Several key assumptions are highligh
below.

Assumption:  A forecast of next year’s energy
consumption can be modeled to account for
program and non-program induced changes.

The possibility of forecasting future energy use i
the primary assumption underlying statistical analysis o
energy impacts.  By accurately predicting energy con
sumption, the model can be used to predict energy use w
and without the program.  A typical model specification is

POSTKWH = α + β‘PREKWH +
β‘MARKET + β‘WEATHER + β‘ENG

where POSTKWH is the post-period energy use
PREKWH is the pre-period energy use, MARKET con
tains variables reflecting such responses to market con
tions as equipment purchases and employment chang
WEATHER contains changes in weather conditions durin
the analysis period, and ENG contains engineering es
mates of energy impacts of program technologies.

The condition that supports this specification is tha
all major market factors that affect changes in energy u
can be measured by the researcher and included in 
model or accounted for in the intercept or slope param
ters.  The specification described above illustrates t
broad range of data needed to estimate the model.  Fac
such as market conditions, price changes, and weather 
will affect energy usage during the sample time frame mu
be included in the model.  Customer specific changes su
as changes in employment and equipment purchases 
affect energy use should also be included.

Omitting relevant variables due to a lack of data wi
reduce the explanatory power of the model and can pote
tially bias the estimation results. This illustrates the im
portance of extensive data collection on both participan
and nonparticipants at the start of the analysis process.
one or more important pieces of information can be iden
fied up-front as uncollectable, the researcher may wish 
explore a different modeling technique.  Only after thi
stage is correctly modeled can more complex modelin
problems such as self-selection bias be addressed.
405



t
os
ta
in
h
ow
h
ire
r

h
tio
id
or
o-
a
e
e
n-
od
th
e

E’
a
In
f
a
er
s
p
 t
y
e-
a

l
re
id
o
e
cy
a
e
a
t.
ffi
am
s

 a

ncy

a-
el
the
b-
ct
e

he
m
d

t in
ted
 is
ro-
m

ls
 to
of
ant

e-
ing
ios
ss
ts
 is
es

in
di-
or
s.
in-
is

he
s.
ve
 of
am
he
rn
r-
 of

-
-
ive
r-
e-
r-
ears
II.  Determining the Gross Baseline for Energy Usage
The gross baseline provides a comparison level 

determine the impact of the program measure.  The gr
baseline is the energy usage that is expected with the s
dard, non-program technology.  By comparing the basel
with the energy usage from the program technology, t
energy impact can be determined.  As discussed bel
determining the gross baseline as well as estimating ot
model components such as program participation requ
accurate information on purchases made outside the p
gram.

Assumption:  Can determine if nonparticipants
adopted high efficiency or standard efficiency
equipment outside the program.

One of the assumptions required to determine t
gross baseline is that the researcher can obtain informa
on the energy efficiency of equipment purchased outs
the program.  In addition, this information is also useful f
estimating program participation.  For example, if a pr
gram rebate is one of the variables used to explain progr
participation, the importance of the rebate can be det
mined by comparing high efficiency equipment purchas
both in and outside the program. Information on no
program equipment purchases can also be used in a m
to determine selection into the program and hence 
Mills Ratio.  If this information is not accurate, then th
Mills Ratio cannot be reliably estimated.

A recent assessment of this issue relates to PG&
1995 Commercial HVAC Retrofit program and provides 
good example of the implications of this assumption.  
the HVAC evaluation, information on the efficiency o
technologies adopted outside the program were unav
able.  In an attempt to estimate a net-to-gross ratio, sev
model specifications were used relying on different a
sumptions regarding the efficiency of non-program ado
tions.  Given these assumptions, a logit model is used
estimate the likelihood of purchasing high efficienc
HVAC equipment.  Explanatory variables include awar
ness of the program, rebate amount, energy savings, 
customer characteristics such as size and building type.

Using the logit purchase model, different mode
specifications were created using different assumptions 
garding the efficiency of the equipment purchased outs
the program.  In each model, all adoptions within the pr
gram are for high efficiency equipment.  Model 1 assum
that all non-program adoptions were for standard efficien
Model 2 assumes that half of those outside of the progr
and aware of the program adopt high efficiency measur
Model 3 has half of those outside the program and unaw
of the program purchasing high efficiency equipmen
Model 4 has half of the non-program adoptions as high e
ciency equipment, regardless of awareness of the progr
Outside the program, just under half (46 percent) of tho
sampled were aware of the program.  These four models
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estimated to cover the range of awareness and efficie
scenarios for nonparticipant actions.

A net-to-gross ratio is calculated using the estim
tion results from the logit purchase model.  First, the mod
is used to determine the expected energy impacts with 
program.  This is done by multiplying the estimated pro
ability of a high efficiency purchase by the energy impa
of the technology.  Next, the expected impact without th
program is estimated.  This is done by recalculating t
probability of a high efficiency purchase when the progra
variables are set to zero.  The probability is then multiplie
by the energy impact to get the expected energy impac
absence of the program.  The difference in the expec
impacts with and without the program is the impact that
attributed to the program.  This net impact due to the p
gram is divided by the expected impact with the progra
to get the net-to-gross ratio.

The estimated net-to-gross ratios from the mode
are shown in Table 1.  The model results are weighted
the population using the weights given at the bottom 
Table 1. The weights are designed to reflect the particip
and nonparticipant populations.

As shown in Table 1, the net-to-gross estimation r
sults are quite sensitive to assumptions made regard
equipment purchases outside the program, with rat
ranging from 0.49 to 2.88.  Differences in the net-to-gro
ratios are due in part to the different population weigh
used in the analysis.  Since the nonparticipant population
much greater than the participant population, any chang
in high efficiency adoptions outside the program result 
large changes in the net-to-gross ratios because they in
cate either a substantial change in the spillover effect 
large changes in the rate of naturally occurring adoption
As the wide range of net-to-gross estimates indicates, 
formation on the efficiency of nonparticipant adoptions 
critical for accurate estimation results.

III.  Market Transformation Effects
The market transformation effects discussed in t

matrix focus on the effect of free riders and free driver
Free riders are program participants who would ha
adopted the high efficiency measure anyway in absence
the program.  Free drivers are those outside the progr
that implement high efficiency measures due in part to t
effect of the program.  For example, a customer may lea
about high efficiency equipment through program adve
tising but decide to purchase outside to avoid the hassle
going through the program.

The identification of free riders and free driver ef
fects is critical for determining the impact of a retrofit pro
gram.  However, these effects also remain the most elus
to identify. They require extensive data collection, pa
ticularly outside the program. In addition, survey and tel
phone questions are required to elicit motivations for pu
chase decisions, decisions that are often made several y
ago.
1997 Energy Evaluation Conference, Chicago



Table 1:  Estimated Net-To-Gross Ratios Using Different
Nonparticipant Purchase Scenarios

Model  Scenario    Net-to-Gross Ratio

Model 1: Nonparticipants purchase standard efficiency 0.76

Model 2: Half of NP’s aware of program purchase high
efficiency equipment 2.88

Model 3: Half of NP’s unaware of program purchase high
efficiency equipment 0.49

Model 4: Half of NP’s (both aware and unaware) purchase
high efficiency equipment 1.31

WEIGHTING
          Weight        # in Sample

Participants 2.6 322
Nonparticipants 79 102
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Assumption:  No Free Drivers.

Because information on the effect of the program o
nonparticipants is so difficult to obtain, it is tempting to a
sume that there are no free driver effects.  This has the 
vantage of simplifying the analysis, since the program im
pact is limited to participants.  However, this assumption
restrictive as programs are likely to have at least some
fect on nonparticipants.  More importantly, assuming th
there are no free drivers when in reality they do exist c
seriously bias the estimation results.

Table 2 gives an example of how the assumption 
no free drivers can affect the impact estimates.

In this example, only the 11 SEER and 12 SEE
HVAC options are eligible for the program.  Without th
program, 800 10 SEER units, 100 11 SEER units, and 1
12 SEER units are purchased giving a market baseline
10.30 SEER.  With the program there are 400 10 SEE
150 11 SEER and 150 12 SEER units purchased outs
the program.  The existence of the program results in 
increase of the market baseline to 10.64.

For simplicity assume that all of the 11 and 1
SEER units purchased outside the program are the resu
free drivership and should therefore be included in t
program impacts.  Excluding these free drivers has two 
fects on the estimated impact of the program.  First, t
number of high efficiency HVAC purchases attributed t
the program is reduced.  Purchases of 11 SEER units 
from 250 to 200 while 12 SEER units fall from 150 to 100
The second effect is that excluding the free drivers as p
gram impacts increases the market baseline from 10.30
10.64 which also decreases the impact of the program.

The results of these two effects on the net-to-gro
ratio is given at the bottom of Table 2.  Using the mark
baseline of 10.64, the impact of an 11 SEER unit is 0.
and the impact of a 12 SEER unit is 1.36.  Multiplying th
individual impacts by the number of purchases in the pr
1997 Energy Evaluation Conference, Chicago
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gram gives a total net impact of 207.  The gross impac
400 which results in a net-to-gross ratio of 0.52.

When free drivers are included in the impact anal
sis, the market baseline is 10.30.  Using the same calc
tions as before, the net impact increases to 430 and the
timated net-to-gross ratio is 1.08.

As this example illustrates, the assumption of no fr
drivers has potentially serious consequences on the est
tion results if violated.  The assumption is reasonable, ho
ever, in a situation with a new technology or a pilot progra
With a new technology, awareness of the technology may
low resulting in few adoptions outside the program.

Assumption:  All nonparticipants are in the
market for the measures being promoted by
program.

Researchers often fail to recognize that they a
making this assumption.  In this situation, all of the nonpa
ticipants in the sample are assumed to be in the market
program measures.  Whenever a nonparticipant sampl
constructed using information on any customers that do 
participate in the program, this assumption is being made.

The reasonableness of this assumption depe
upon the technology in question as well as the sample
nonparticipants. For basic technologies such as lightin
everyone can be assumed to be in the market. For m
specialized technologies such as refrigeration, nonpart
pants in the market will be a much smaller subset of t
nonparticipant population.
407
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Table 2:  Effect of Assuming No Free Drivers on Impact Estimates
Purchases Purchases

SEER W/O Program W/ Program

Outside Inside W/ Free
Driver

10 800 400
11 100 150 200 250
12 100 150 100 150

Market Baseline 10.3 10.6

With Free
Drivers

Without Free
Drivers

Gross
Baseline

Impact 207 430 400

Net-to Gross 0.52 1.08
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Suppose that the nonparticipant sample includ
customers that have no need for the technology promo
by the program.  Then, no amount of program incenti
will encourage these customers to purchase the prod
The result is a sample that contains too many nonpar
pants and underestimates the effect of the program. 
cluding these customers in the sample is likely to red
the explanatory power of variables included in the mode

A simple example illustrates another potent
problem created by this assumption.  Suppose that in a 
resentative sample of participants, 50 customers have
average electricity use of 50,000 kWh.  The sample a
contains 100 nonparticipants that are in the market for 
technology with an average use of 10,000 kWh per mo
Given the difference in usage, it appears that electricity 
might be a factor in determining participation.

However, suppose that the nonparticipant sample
expanded to include an additional 100 customers out
the market who are more similar to the participants in to
energy use but it is recognized that they are outside
market.  In this example, average electricity use am
nonparticipants rises from 10,000 kWh to 40,000 kW
Because these additional nonparticipants are not in 
market for the technology, the difference in electricity u
between participants and nonparticipants is artificially 
duced to 10,000 kWh instead of the true difference
40,000 kWh.  As a result, the value of electricity use a
variable to determine program participation is reduc
since there is less difference in usage between particip
and nonparticipants.

IV.  Self-Selection Bias
Self-selection bias occurs when the sample used

estimate a regression equation is not randomly determi
Since program participation is voluntary, self-selecti
bias is always a concern in impact analysis.  Much att
d
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tion has focused on how to deal with self-selection bias 
impact analysis, a few of the more general issues are d
cussed below.

Assumption:  Nonparticipants are an ade-
quate control group in terms of energy usage
and premise characteristics.

If nonparticipants are an adequate control group
then this group can be used to estimate energy usage in 
sence of the program.  That is, nonparticipants can be us
to predict what the energy use of participants would hav
been had they not entered the program.  This assumpti
underlies those models where self-selection is not co
rected for, such as bill comparison or comparison of SA
realization rates across separate models for participants a
nonparticipants.

The market condition under which this assumption
is valid is that there are no significant differences betwee
participants and nonparticipants.  However, since partic
pation is voluntary, participants will likely vary systemati-
cally from nonparticipants.  For example, in the commer
cial sector large customers have a greater incentive 
participate in a retrofit program.  While size can be con
trolled for, factors such as business strategies that mig
vary with size and affect the participation decision canno
be captured in the model.  In this case, the nonparticipa
group consists of smaller customers that do not provide
good indication of how participants would behave in ab
sence of the program.

This assumption is plausible only in the case wher
the technology in question is new.  In cases of matur
technologies, differences between participants and nonpa
ticipants are likely due to fundamental differences betwee
the two groups. With new technologies, it is more plausibl
1997 Energy Evaluation Conference, Chicago
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that participants and nonparticipants are similar, perha
differentiated only by their awareness of the new produc

Assumption:  Unobserved factors influenc-
ing participation can be controlled for in the
model, thereby correcting for self-selection bias.

Self-selection bias is often corrected for using an i
verse Mills Ratio term, a procedure developed by Hec
man (1979).  Goldberg and Train (1996) provide a ve
good discussion of how the Mills Ratio method can b
used in energy applications.  The Mills Ratio is estimat
from the parameters of a separate logit or probit model
program participation.  Once calculated, the Mills Ratio 
included in an SAE model to control for the effect of un
observed factors that influence participation in the pr
gram.  If the model is specified so that net savings is 
flected in the coefficient estimates, net savings will b
constant across participants due to the fixed coefficie
This is the basic assumption of the SAE model using t
standard Mills Ratio correction.

One market condition that is required for this tech
nique is that the net impact of the program must be co
stant across all participants.  The reasonableness of this
sumption is the topic of some debate.  Goldberg and Tr
(1996) point out that those factors that determine parti
pation are also likely to influence the amount of savin
among participants.  In this case, not only is participati
correlated with the unobserved factors, but net savings
correlated as well.  For example, since larger customers
in general more likely to participate, net savings may al
be correlated with participation since large customers w
save more through the program.  They show that ignor
this correlation between participation and net savings 
sults in a biased estimate of net savings, with the direct
of the bias depending upon the direction of correlatio
They propose the addition of a second Mills Ratio inte
acted with a participation dummy variable to allow ne
savings to vary across participants.  This technique a
carries with it assumptions about the market and are d
cussed below.

Assumption:  Unobserved factors influ-
encing participation also affect the amount of
savings resulting from the program.

This assumption supports the use of an addition
Mills Ratio in the net savings estimation model. As di
cussed, this specification assumes that participation and
savings are correlated.  By interacting the second M
Ratio with participation or estimated program impact, a
estimate of net savings is obtained that varies across p
ticipants (Goldberg and Train (1996)).
1997 Energy Evaluation Conference, Chicago
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The market condition required for this model spec
fication is that net savings must be distributed norma
across participants.  This is in contrast to the single Mi
Ratio specification which results in constant net impa
across participants.  The consequences of violating this
sumption depend upon just how far from normal net sa
ings is actually distributed.  Goldberg and Train simulate
variety of situations where the double Mills Ratio is use
when net savings is not normally distributed.  They fin
that the model still performs well as along as savings is 
distributed “too far from normal” (p. 4-6).  However, whe
the net savings distribution is substantially different fro
normal, they find that the double Mills ratio technique pe
forms worse than when only a single Mills ratio correctin
for selection is used.

Conclusion

This paper provides a concise analytic framewo
for selecting the appropriate model given particular mark
conditions.  This is done by highlighting the assumptio
underlying a given model specification and emphasizi
the market conditions necessary to support these assu
tions.  If market conditions do not hold, potentially seriou
bias can be introduced into the estimation results.  By 
amining the necessary market conditions and the likeliho
that these conditions exist, the researcher can tailor 
analysis to fit the given conditions.
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