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Abstract

We analyze technology adoption decisions of manufacturing plants in response to government-
sponsored energy audits. Overall, plants adopt about half of the recommended energy-efficiency
projects. Using fixed effects logit estimation, we find that adoption rates are higher for projects
with shorter paybacks, lower costs, greater annual savings, higher energy prices, and greater energy
conservation. Plants are 40% more responsive to initial costs than annual savings, suggesting that
subsidies may be more effective at promoting energy-efficient technologies than energy price in-
creases. Adoption decisions imply hurdle rates of 50–100%, which is consistent with the investment
criteria small and medium-size firms state they use.
© 2003 Elsevier B.V. All rights reserved.
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1. Introduction

Interest in energy-efficiency improvements has been reinvigorated by concerns ranging
from the environmental effects of fossil fuel combustion—such as climate change due
to carbon emissions or environmental damage caused by other pollutants (e.g., SOx and
NOx)—to energy price volatility and national security. The US National Energy Policy, for
example, recommends establishing “a national priority for improving energy efficiency”
(White House, 2001), which supports the Bush Administration’s climate policy goal of
decreasing the “greenhouse gas intensity” of the economy. As policies that would entail
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significant energy price increases are unlikely to be politically attractive in the near term, the
focus has been on the development and diffusion of technology through other means. Thus,
policy proposals have tended to emphasize programs that foster research, development,
and deployment of technologies, government–industry partnerships, tax credits and other
financial incentives, minimum appliance efficiency standards, voluntary agreements, and
information programs.

Information programs, which seek to encourage energy efficiency by increasing aware-
ness of conservation opportunities and offering technical assistance with their implemen-
tation, are an important element of this energy-efficiency policy portfolio. These programs
take a variety of forms, including educational workshops and training programs for pro-
fessionals, advertising, product labeling, and energy audits of manufacturing plants. In
addition to alerting firms to profitable conservation opportunities, access to more accurate
performance information can reduce the uncertainty and risk associated with adopting tech-
nologies that are new, or that receive differing reviews from equipment vendors, utilities,
or consultants. The economic rationale for these programs lies primarily in public good as-
pects of knowledge and information provision. Although these public information programs
are not free, the cumulative benefit of educating many users with similar information can
greatly exceed the costs. Such information, however, tends to be under-provided by the pri-
vate sector. Concerns about environmental externalities associated with energy production
and use provide additional justification for these programs.

Despite the role that information programs play in existing and proposed energy-efficiency
policy portfolios, surprisingly little is known about how participants respond to such pro-
grams. Although a reasonably large literature surveys various market barriers and market
failures in energy-efficiency investment,1 few analyses have focused specifically on infor-
mation programs. This is in part due to a lack of adequate data for analysis. One exception is
Morgenstern and Al-Jurf (1999), who analyze data from the Department of Energy’s 1992
Commercial Buildings Energy Consumption Survey. They find that information provided
through demand-side-management utility programs appears to make a significant contribu-
tion to the diffusion of high-efficiency lighting in commercial buildings. Although not the
focus of their examination of energy-saving product innovation,Newell et al. (1999)find
that the responsiveness of energy-efficient innovation in home appliances to energy price
changes increased substantially during the period after energy-efficiency product labeling
was required.DeCanio and Watkins (1998)investigate voluntary participation in the US
Environmental Protection Agency’s Green Lights Program, which offers companies tech-
nical expertise while committing them to a set of energy-efficient lighting improvements.
They find that the characteristics of individual firms influence their decision to participate
in the program.

We focus here on actions taken by manufacturing plants in response to energy audits of-
fered through the US Department of Energy’s Industrial Assessment Centers (IAC) program,
which has been providing energy assessments at no financial cost to small and medium-sized
manufacturers since 1976. This program is of interest for several reasons. First, significant
opportunities to conserve energy may exist in the industrial sector, which represents 37%
of total national energy consumption. Second, the opportunity to focus on the behavior of

1 See, for example,Ruderman et al. (1987), Sutherland (1991), Jaffe and Stavins (1994), andMetcalf (1994).
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small and medium-sized firms is rare due to data constraints, even though these firms repre-
sent over 98% of all manufacturing firms and more than 42% of total manufacturing energy
consumption. This focus is particularly appropriate given that smaller firms are more likely
to benefit from access to information and expertise, which tend to be more readily available
to larger firms. Finally, the IAC program has generated an unusually extensive set of data
on the characteristics of conservation opportunities identified and actions taken under the
program (US Department of Energy, 2001). One attractive aspect of these data is that there
are multiple observations available for each firm, allowing us to employ a fixed effects
model to control for unobserved differences in firms’ propensities to adopt technology.

Because of their detail, these data provide a unique opportunity to quantify the factors that
encourage small and medium-sized industrial firms to invest in energy-conserving technolo-
gies. After summarizing the general character of projects adopted under the IAC program,
we explore the influence of technology costs, expected energy savings, and individual firm
characteristics on the likelihood of adopting projects. We employ models of varying flex-
ibility to examine and compare the degree of response to differences in capital costs and
operating cost savings, as well as the energy price and quantity differences that underlie sav-
ings. The results strengthen our understanding of how certain factors influence technology
adoption decisions, and whether this behavior is consistent with economic expectations. In
addition, the results offer evidence on the likely relative effectiveness of policies aimed at
increasing energy efficiency, such as energy or carbon price increases, technology subsidies,
and policies that directly alter the energy use of technologies.

Another important aspect of this type of investment decision-making is the “payback
cutoff,” “hurdle rate,” or other discounting factor that firms employ when measuring current
costs against future benefits. There is a substantial literature that suggests that “implicit
discount rates,” which one can calculate based on the capital cost versus operating cost
savings of various implemented and unimplemented projects, can in practice be quite high
relative to market interest rates (Hausman, 1979; Train, 1985). A related literature further
contends that these high implicit discount rates are attributable to various market barriers
and market failures—including information problems—and that these problems can be
ameliorated by appropriate policies (Ruderman et al., 1987; Jaffe and Stavins, 1994).

Accordingly, several analyses of carbon mitigation costs have modeled the effect of
information programs and other policies by significantly lowering the discount rate used
for energy-conservation decisions. The clean energy futures study (Brown et al., 2001;
Interlaboratory Working Group, 2000), for example, lowered investment hurdle rates to 15%
in the industrial sector (and 7% in the residential sector) to capture the effect of information
programs and other energy-conservation policies. Such lowering of hurdle rates has the
intended effect of decreasing estimated energy use in the model, but modeling the effect of
information programs in this way also leads to a number of side effects. Lower hurdle rates
also increase the rate at which energy use declines in response to energy price increases
resulting, for example, from a carbon permit system or carbon tax. This implies a reduction
in the cost of carbon mitigation efforts through carbon price policies.

By expanding the perceived range of investment opportunities available to firms, informa-
tion programs may indeed lead to the adoption of profitable but previously unimplemented
technologies, associated energy use reduction, and lower observedimplied hurdle rates.
But this does not imply an across-the-board reduction in theactual investment hurdle rate,
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which is unobserved and could remain at pre-policy levels. In other words, it is entirely
possible that managers continue to apply hurdle rates well above market interest rates to
the new set of possibilities brought forth by an information program. On the other hand, it
is possible that information programs actually do significantly alter the way in which firms
trade off the current costs and future benefits of all energy-conservation opportunities, for
example, by educating managers to focus more on the operating cost savings of projects.

We explore these issues by examining the rates of return for potential projects faced
by firms that participated in the IAC program to determine whether the level of implicit
discounting used by plants that received information assistance may have decreased to
levels that some studies suggest. Finally, we analyze the reasons given by firms for not
adopting recommended projects in order to determine whether this decision is due to the
economic undesirability of the projects, or to some remaining type of market barrier or
failure.

We find that about half of the projects recommended by energy assessment teams are
actually adopted by the plants receiving these recommendations, although we cannot say
how many of these projects might have been adopted in the absence of the energy audit. We
find that that firms respond as expected to marginal changes in the financial characteristics of
projects (i.e., technology costs, energy prices, the quantity of energy saved, energy operating
cost savings, and the payback period). Firms are about 40% more responsive to investment
costs than to energy savings, suggesting that policies to reduce implementation costs may
be somewhat more effective than various mechanisms that raise energy prices. Although
the financial characteristics of projects are clearly important, there also appear to be other,
unmeasured project-specific factors (e.g., individual project lifetimes, unmeasured costs
and benefits, uncertainty regarding costs and benefits, or project complexity and risks) that
influence the investment decision. In contrast to previous studies, we find that plant size has
no measurable effect on the adoption decision among the small and medium-sized firms in
our sample.

We estimate that the investment threshold typically used by the plants in evaluating
which energy audit recommendations to adopt was about a one to 2-year payback, which
corresponds to an implicit hurdle rate of 50–100% for projects lasting 10 years or more.
Although we are unable to determine whether participation in the IAC program actu-
ally lowered investment hurdle rates, these payback thresholds are consistent with what
many surveys of plant managers suggest that they deliberately use for many types of in-
vestments, including those for energy conservation. In any event, these hurdle rates are
many times higher than those assumed in many analyses of the effects of various climate
policies.

Finally, the reasons given by program participants for not adopting certain project rec-
ommendations suggest that most of these disregarded projects may have been economically
undesirable. Many of these reasons hint at various unmeasured costs, project risks, and un-
certainty that are unlikely to be reflected in estimated implementation costs and projected
annual savings. On the other hand, many projects were likely rejected because of institu-
tional or bureaucratic barriers within firms, and most of the reasons are sufficiently vague
that we cannot rule them out as indicative of institutional or bureaucratic barriers.

Overall, one can view the glass as either half full or half empty. Although the re-
sults suggest that the IAC program has led to the adoption of many financially attractive



S.T. Anderson, R.G. Newell / Resource and Energy Economics 26 (2004) 27–50 31

energy-conservation projects, plants found about half of the projects recommended by as-
sessment teams to be unattractive. This suggests that other, more costly policies targeted
at increasing the financial attractiveness of these projects (e.g., energy/carbon taxes, or tax
breaks/subsidies for implementation) may be needed to further promote energy efficiency
in these sectors. Furthermore, it would seem that policies that could lengthen the short
paybacks that firms routinely demand from all types of projects (not just those for energy
efficiency) would have implications that extend well beyond the realm of energy and climate
policy.

2. Data

2.1. The IAC program and database

The Industrial Assessment Centers program has been providing free industrial assess-
ments to small and medium-sized manufacturers since 1976. The program operates as
an extension service through 26 participating universities, whereby teams of engineering
students and faculty help manufacturers identify opportunities to conserve energy, reduce
waste, and improve productivity (US Department of Energy, 2002). In addition to these
direct benefits, the program also generates indirect benefits by educating participating firms
and university students (who may become future employees) to the presence of potential
future investment opportunities (Tonn and Martin, 2000). Approximately 500 manufactur-
ers and 150 university students participate each year. Out of the program’s current federal
outlay of about US$ 7 million per year, each school receives about US$ 180,000 annually,
or about US$ 7000 per assessment.

Since 1981, a record of each assessment has been stored in the IAC database.2 With
entries for over 10,000 assessments (recommending over 70,000 individual projects), the
database covers virtually every US geographic region and manufacturing industry. Nearly
half of these assessments have been conducted in the foods, rubber and plastics, fabricated
metals, and commercial machinery industries.

Assessments provided by the IAC program typically follow a standard protocol. Manufac-
turers that express interest in the program must first meet several eligibility requirements.3

IAC teams then perform a preliminary assessment (e.g., by reviewing the plant’s energy
bills) followed by a visit to the plant site, which includes an interview with management, a
thorough tour of the plant, and time to gather technical data (e.g., measure lighting levels
or check for air leaks). Following the site visit, IAC teams provide plant management with
an assessment report that highlights specific opportunities to increase energy efficiency,
reduce waste, and improve productivity. Finally, after an appropriate interval (usually 6–9
months), IAC teams contact plant management by phone to determine which projects were

2 The database is compiled and maintained by the Center for Advanced Energy Studies at Rutgers University,
http://caes.rutgers.edu.

3 Plants must have a standard industrial classification (SIC) code of 20–30 (i.e., manufacturing) and be within
150 miles of an IAC host campus. In addition, plants must have gross annual sales of less than US$ 100 million,
fewer than 500 employees at the plant site, annual energy bills between US$ 100,000 and 2 million, and no
professional in-house staff to perform the assessment.

http://caes.rutgers.edu
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actually implemented—or will definitely be implemented within 12 months of the call.4

For projects that were not adopted, IAC teams try to determine the reason or reasons why
(US Department of Energy, 2000, 2002).

The information garnered during the assessment process provides the substance of the
IAC database. The database contains information for each recommended project, includ-
ing the project type, estimated implementation cost, quantity of energy conserved, annual
operating cost savings, and confirmation of whether or not the recommended project was
implemented. The database also contains other useful information, including the date of the
assessment and plant-specific variables such as manufacturing sector (SIC code), annual
sales, annual energy costs, and number of employees. Finally, the database contains infor-
mation indicating why many projects were not implemented (US Department of Energy,
2000, 2002). A rare aspect of these data is that they include multiple project investment
decisions for each plant, allowing us to control for plant-level fixed effects that may affect
the adoption decision.

2.2. Data procedures

Our data come from the IAC database for the years 1981–2000.5 We focus exclusively on
energy management projects, which are present in 97% of all assessments and represent 83%
of all recommended projects during this period.6 We adjust all monetary figures for inflation,
scaling to year 2000 US dollars using the producer price index (finished goods, series
WPUSOP3000) from theUS Bureau of Labor Statistics (2001). We omit approximately
35% of energy-related projects for various reasons, as explained below, resulting in a sample
of 39,920 projects from assessments at 9034 plants. Our results are robust to the inclusion
or exclusion of these observations.

In our econometric estimation of the project adoption decision, we employ a discrete
dependent variable indicating whether or not a plant adopted a recommended project.7

Each project is classified by a four-digit assessment recommendation code (ARC), and
we include dummy variables for eight two-digit ARC classifications: combustion systems,
thermal systems, electrical power, motor systems, industrial design, operations, buildings
and grounds, and ancillary costs.8 These variables are intended to capture heterogeneity
across different types of projects (e.g., project lifetimes).

4 Implementation must occur within 24 months of the assessment date for projects to be considered implemented.
This interval accounts for the fact that some projects are not implemented immediately due to annual capital
investment cycles.

5 Although the database covered 1981–2001, the data were incomplete for many assessments conducted during
2001, presumably because many plants had not yet received their callback interviews at the time the data were
downloaded.

6 The sample includes 9827 assessments and 59,961 recommended energy management projects before cleaning.
7 The IAC database codes most projects as I (implemented), N (not implemented), P (pending), or K

(data excluded or unavailable); some projects are missing this code. Our dependent variable equals 1 for
projects coded as I, and 0 for projects coded as N. We omit projects with P, K, or missing implementation
codes.

8 There are a total of nine two-digit ARC classifications for energy management. We omit three observa-
tions classified as “alternative energy usage” due to a lack of degrees of freedom for the corresponding dummy
variable.
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In addition to implementation codes and project type classifications, IAC data contain
information regarding the estimated implementation cost and annual operating cost savings
of each project. Using these figures, we generate the simple payback for each project, which
is defined as cost divided by annual savings. This figure can be interpreted as the number
of years before the cost of a project is recovered through annual savings. We focus only on
projects with paybacks between 0.025 and 9 years, because careful inspection of the data
revealed that data outside this range were of dubious quality.9

The data for most projects also include information regarding the estimated quantity
of energy that would be conserved annually (e.g., kWh or Btu). We compute the average
energy price associated with each project by dividing annual savings by the corresponding
quantity of energy conserved.10,11 In order to make these prices comparable, in percentage
terms, across different energy types (e.g., electricity versus natural gas), we normalize the
prices within each energy type to have a mean of one. That is, for example, we divide each
natural gas price by the mean natural gas price in our sample, and we divide each electricity
price by the mean electricity price. We call these new prices ourenergy price index. Finally,
we divide annual savings by our new energy price index to generate quantity figures that
are also comparable in percentage terms across different energy types.12 We call these new
quantities ourenergy saved quantity index. To ease interpretation of parameter estimates,
continuous variables are normalized so their means equal unity, or zero after taking natural
logarithms.

2.3. Descriptive statistics

As shown inTable 1, the 9034 manufacturing plants in our sample average about US$
30 million in annual sales. The 38,920 energy management projects recommended to these
plants have an average estimated implementation cost of US$ 7400 and estimated savings
of US$ 5600 per year. The average estimated payback period for these projects is only 1.29
years. In spite of these seemingly quick payback periods, however, firms adopted just 53%
of these projects. We explore the reasons in depth below. The IAC audit teams estimate that
over the 20-year period 1981–2000 the adopted projects in our sample represented about
US$ 103 million in energy-conservation investment, resulting in aggregate per year savings

9 Overall, we observe that adoption rates fall from approximately 65 to 40% as payback increases from 0.025
years to 9 years. Adoption rates for projects outside this range do not follow the same pattern, however. In fact,
adoption rates for these projects regress toward the mean for all projects, suggesting that the information supposedly
conferred by these payback values is of negligible value.
10 We focus only on projects whose prices and quantities have a clear and interpretable meaning (e.g., “other gas”

or “other energy” would not qualify). In some cases, net savings are associated with more than one energy type
(e.g., switching from electric to natural gas heating), making it impossible to identify individual energy prices and
quantities. Thus, we focus only on projects with positive annual savings for a single energy type. After generating
prices, we drop projects whose prices are clear outliers. The average annual energy prices derived from the data
are consistent with historical energy prices.
11 Electricity-related dollar savings is often the result of reductions in electricity usage (i.e., kWh× $/kWh) plus

reductions in demand charges (i.e., max kW× $/kW). We treat all electricity-related dollar savings as having
come directly from reductions in usage.
12 Equivalently, the quantity index can be calculated by weighting the original quantities within each energy type

by the mean price for that energy type.
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Table 1
Descriptive statistics

Variable Mean S.D. Minimum Maximum

Adopted 0.53 0.50 0.00 1.00
Payback (years) 1.29 1.29 0.03 9.00
Implementation cost (US$) 7400 82714 3.47 10100000
Annual savings (US$) 5574 27881 8.45 2661508
Energy price index 1.00 0.38 0.12 4.56
Energy saved quantity index 6091 42853 6.96 4650939
Annual sales (US$) 29156398 37715612 41503 684192832
Employees 170 147 1 4000
Floor area (square feet) 253887 3208579 300 150000000
Annual energy costs (US$) 486969 702126 2502 11951324

Statistics are based on the sample of 38,920 observations for energy-related project recommendations, representing
9034 plant assessments. Monetary figures are in 2000 US dollars.

of about US$ 100 million, as shown inTable 2. This represents an estimated aggregate
payback period of about 1 year for adopted projects. By contrast, projects that were not
adopted would have cost an estimated US$ 186 million for an aggregate estimated per
year savings of only US$ 117 million. These numbers imply that firms tend to adopt the
most profitable projects, an issue we explore in our econometric analysis below. Overall,
adoption of projects recommended by the IAC program led to an estimated 20 trillion Btu
of aggregate per year energy conservation, or about 45% of total recommended energy
conservation.13

Breaking these numbers down by project type,Table 2shows that 90% of the projects in
our sample affectbuilding and grounds (e.g., lighting),motor systems, andthermal systems,
while a smaller but significant number of projects affectcombustion systems andoperations,
and just a handful of projects affectelectrical power, industrial design, andancillary costs.
We also see significant variation in terms of cost, annual savings, payback, and adoption
rates.Thermal systems, electrical power, andindustrial design projects have high costs and
low adoption rates.Building and grounds andancillary costs projects have average costs,
close to average annual savings, and longer than average payback periods; firms adopt these
projects about 50% of the time.Combustion systems andmotor systems projects have lower
than average costs, average or less than average paybacks, and relatively high adoption rates.
Overall, it appears that project types with high annual savings relative to cost (as reflected
by low payback periods) are correlated with high rates of adoption, as long as costs are not
too high.14 This is consistent with survey findings (e.g.,US Department of Energy, 1996)

13 There is evidence, based on comment fields within the IAC database, that some projects are only partially
implemented (e.g., plant installed 50% of recommended energy-efficient lighting), so the above estimates may
overstate actual aggregate costs and per year savings. The data also suggest that partial implementations can
be more profitable than the original recommendation (e.g., plant installed 50% of lighting for 75% of predicted
savings).
14 The exception isoperations projects, which have low implementation costs and short payback periods, yet are

only adopted 50% of the time.Operations projects may be associated with significant unmeasured opportunity
costs, however (e.g., temporary plant shutdowns).
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Table 2
Adoption rates, payback, cost, and annual savings by project type

Project type Number of
projects

Adoption
rate

Mean payback
(years)

Mean cost
(US$)

Mean annual
savings (US$)

Aggregate cost
of adopted
projects (US$)

Aggregate annual
savings of adopted
projects (US$)

Building and grounds (e.g., lighting, ventilation,
building envelope)

14208 0.51 1.47 6217 4347 39995506 31349388

Motor systems (e.g., motors, air compressors,
other equipment)

13783 0.60 1.22 5297 4123 36891259 32818958

Thermal systems (e.g., steam, heat recovery and
containment, cooling)

6790 0.44 1.23 9021 8273 16670472 20203020

Combustion systems (e.g., ovens, furnaces,
boilers, fuel switching)

2358 0.56 0.99 5131 7442 4611227 9570203

Operations (e.g., use reduction, maintenance,
scheduling, automation)

1471 0.50 0.93 2617 4267 1716740 3483098

Electrical power (e.g., demand management,
generation, transmission)

155 0.30 1.82 287100 94215 953399 602745

Industrial design (e.g., modify thermal,
mechanical systems)

145 0.38 1.44 34013 25537 1634788 1487817

Ancillary costs (e.g., administrative, shipping,
distribution)

10 0.50 1.76 7160 4715 43788 15363

All projects 38920 0.53 1.29 7401 5574 102517178 99530592

Statistics are based on sample of 38,920 project recommendations, broken down by project type. Aggregate cost and aggregate annual savings are for the years 1981–2000.
Monetary figures are in 2000 US dollars.
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that suggest projects above a certain cost may not get adopted, regardless of their benefits,
due to budgeting constraints or differing management control depending on project cost.

Most energy savings have come from the adoption of projects affectingbuilding and
grounds, motor systems, andthermal systems. This is not surprising, given that these projects
represent the bulk of all recommended and adopted projects. In terms of return on invest-
ment, however, it is clear thatcombustion systems andoperations projects have been the
most profitable. The aggregate annual savings for adopted projects in these categories are
roughly double their aggregate cost.Thermal systems projects have also proven profitable
overall, with aggregate per year savings exceeding aggregate cost by 21%. Overall, these
numbers suggest that the IAC program has alerted manufacturers to a large number of
new energy-conservation investment opportunities that appear profitable based on the IAC
estimates of costs and benefits. Anecdotal evidence from general comments in the IAC
database also suggests that the program has helped participating plant managers demon-
strate the profitability of known investment opportunities to upper-level management.

Finally, there is evidence based on project-specific comments that a relatively small num-
ber of projects would have been implemented within a short time frame without IAC in-
volvement (e.g., due to routine maintenance schedules). There is also evidence that a gradual
move toward energy efficiency would have occurred over time without IAC involvement
(e.g., due to retirement of aging equipment and replacement with more energy-efficient
models). In general, however, it appears that the IAC program has either been the primary
impetus for the adoption of most recommended projects, or has at least accelerated the
progress of energy-efficiency improvement.

In order to gain a more systematic understanding of firm behavior in response to the IAC
program, we develop an econometric model that formally relates the energy-conservation
investment decision to the economic incentives of recommended projects, including pay-
back, cost, annual savings, energy prices, and quantities of energy conserved. We discuss
the econometric model and results below.

3. Modeling and estimation approach

Given a set of potential energy-conserving projects recommended by IAC auditors, we
posit that a firm will adopt a particular project if the perceived expected net benefits of the
project are positive given the project’s characteristics and relevant investment hurdle rate.15

We begin by definingπ∗
ij, the expected net benefits resulting from the adoption of projecti

at plantj

π∗
ij = ϕ(Cij, Bij, Zij) + ε

15 Note that program participants’ perceptions of net benefits may not be consistent with IAC estimates due
to real or perceived bias in these estimates. If estimated project returns differ from actual or perceived returns,
then projects that appear profitable based on IAC estimates may be systematically rejected. We also note that
various institutional or bureaucratic issues within the firm (e.g., capital budgeting constraints or principal-agent
problems) could lead to the systematic rejection of projects that may be profitable, though this issue is not unique
to energy-efficiency projects. Therefore, the relevant investment hurdle rate does not necessarily equal the market
interest rate. We return to these issues below inSections 4.2 and 4.3.
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whereC is the expected cost of a project,B the expected annual benefits of the project,Z a
vector of individual plant and project characteristics (e.g., investment hurdle rates and project
lifetimes),ϕ a function relatingC, B, andZ toπ∗, andε a mean-zero independent, identically
distributed error term.16 The error term reflects uncertainty regarding the perceived net
benefits of projects, leading to the possible rejection of projects that have positive net
benefits, and vice versa.

We do not observe expected net benefits,π∗. Rather, we only observe whether a project
is implemented or not. We therefore define a dichotomous variable,π, which indicates
whether or not a project is adopted:

πij = 1 if π∗
ij > 0

and

πij = 0 if π∗
ij ≤ 0

It follows that

Pr[π∗
ij > 0] = Pr[πij = 1], Pr[π∗

ij > 0] = F(ϕ(Cij, Bij, Zij))

whereF is a cumulative probability distribution function forε. AssumingF is logistic leads
to the familiar logit model, whereas assumingF is standard normal leads to the probit model
(Maddala, 1983). As discussed further below, because we have observations for multiple
potential projects at each plant, we can estimate a logit model with plant-level fixed effects
(Chamberlain, 1980; Hamerle and Ronning, 1995), thereby controlling for unobserved plant
differences in the propensity to adopt.

Our most basic econometric specification, thepayback model, is given by

ϕ = β1 ln PBij + β2 ln PB2
ij + γAi + αj + ε (1)

where PB is the expected simple payback period for the project (cost divided by annual
savings, PB= C/B), A a vector of dummy variables indicating the project type, andα

a firm-specific fixed effect. Although it is well known that using a payback threshold is
inferior to the net present value criterion (Lefley, 1996), the two criteria lead to the same
investment threshold in the case of constant annual cash flows and for a given investment
hurdle rate and project lifetime.17 More importantly, simple payback analysis is the most
common technique for project appraisal in general (Lefley, 1996) and, in particular, for
firms that receive IAC audits (Muller et al., 1995; US Department of Energy, 1996).

We found that entering PB and the other continuous variables described below in their
logged form improved the model’s fit of the data and eased interpretation of the results
since changes in the probability of adoption correspond to percent changes in the logged
variables. Further, PB has been normalized to equal one at its mean so that the marginal
probability of adoption at the mean payback is given directly by the coefficient on the linear

16 Note that we suppressi, j subscripting in the text where this does not lead to confusion.
17 The three most serious flaws associated with using a constant payback criterion to rank projects are (i) that

it does not consider differences across projects in the time profile of the flows of cost and benefits; (ii) that it
ignores differences in project lifetimes; and (iii) that it does not consider differences in the total net benefits from
implementation (i.e., it uses the ratio).
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term.18 The plant fixed effects control for unobserved individual plant differences in the
propensity to adopt, as well as other assessment-related factors, such as the assessment date
and IAC school conducting the assessment.

Because payback is equal to cost divided by annual savings,Eq. (1)implies that percent
changes in cost and savings have the same effect on the probability of adoption. Theory
suggests that theyshould have the same effect. Nonetheless, previous empirical studies
have found that implementation cost has a stronger effect on energy-conservation invest-
ments than energy savings (Jaffe and Stavins, 1995; Hassett and Metcalf, 1995). In order to
test whether this is also the case for IAC program participants, we explore less restrictive
specifications. Thecost–savings model is given by

ϕ = β3 ln Cij + β4 ln C2
ij + β5 ln Bij + β6 ln B2

ij + γAi + αj + ε (2)

whereC is the expected implementation cost of a project,B the expected annual savings
in energy costs, and the other variables are as above. Like PB inEq. (1), both C andB
have been normalized and enter in their logged forms. Note that although it is discounted
energy savings that matter for the investment decision (rather than simply the annual flow
of savings,B), the discount factor multiplyingB becomes additive after taking logarithms.
As the discount factor depends on the firm’s investment hurdle rate and the project lifetime,
its effect will be captured in the plant and project-type fixed effects,α andA.

Thecost–benefit model can also be made less restrictive. Because annual savings equals
the quantity of energy conserved multiplied by the energy price,Eq. (2)implies that percent
changes in energy prices and quantities have the same effect on the probability of adoption.
But one might conjecture, for instance, that energy prices are perceived as being less perma-
nent than the quantity of energy saved, or that plant managers with engineering backgrounds
are more sensitive to physical energy savings than to differences in the dollar value of these
savings. For this reason we explore the possibility that energy prices and quantities have
different effects on the probability of adoption. Ourprice–quantity model is given by

ϕ = β7 ln Cij + β8 ln C2
ij + β9 ln Pij + β10 ln P2

ij + β11 ln Qij

+ β12 ln Q2
ij + γAi + αj + ε (3)

whereP andQ are the price and quantity indexes described inSection 2.2, with Q also
normalized to equal one at its mean, and the other variables are as above.

We estimate thepayback, cost–benefit, andprice–quantity models using a maximum like-
lihood, conditional fixed effects logit estimator, with plant-level fixed effects (Chamberlain,
1980; Hamerle and Ronning, 1995). First note that assessments with either all positive or all
negative outcomes do not contribute to the log-likelihood and are therefore dropped from the
estimation. About 52% of these dropped assessments correspond to plants that adoptedall
recommendations, whereas 48% correspond to plants that adoptednone. If the responsive-
ness of omitted plants to financial costs and benefits was systematically different from plants
that were included in the analysis, then the omission of these observations could potentially

18 The percent effect of payback is found by differentiatingϕ with respect to ln PB, which yieldsβ1 + 2β2 ln PB.
Evaluated for the mean payback, however, this simplifies toβ1, since we have normalized payback to equal one at
its mean and ln(1) = 0. The corresponding change in predicted probability is proportional toβ1 (see footnote 19).
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lead to misleading coefficient estimates. As we discuss below, however, our results are robust
to alternative models that include these observations. Although these observations are not
included in our formal econometric estimation, they are included in our earlier calculations
of overall adoption rates, mean costs and benefits, and other important summary statistics.

Second, note that because firms only participate in one assessment at a single point in
time, variables such as annual sales, number of employees, and year of assessment are
perfectly collinear with the plant-level fixed effects and cannot therefore be included in
the estimation. We also estimated logit, random-effects logit, probit, random-effects pro-
bit, linear, linear fixed effects, and linear random-effects models, adding plant size and
dummy variables for year, SIC code, and IAC school to models without plant-level fixed or
random-effects. Our overall results (i.e., the effect of payback, cost, annual savings, prices
and quantities) are robust to these alternatives. In addition, unlike other studies, we do not
find a significant effect for plant size in models where it was included, whether measured
by annual sales, annual energy costs, floor area, or employees. We note, however, that the
IAC database only includes small and medium-sized firms, and that the effect of plant size
on technology adoption may only be evident relative to larger firms. The results of the fixed
effects logit estimations are presented below.

4. Results

4.1. Estimation results

Table 3presents the results of our three econometric models of increasing flexibility.
We transformed the coefficient estimates and standard errors so that they are presented
as marginal effects at the means of the continuous variables.19 Note also that we have
transformed the variables so that the marginal effects for continuous variables are given
directly by the coefficients on the linear terms, as discussed inSection 3. Effects for the
project type dummy variables have also been transformed so that they reflect the full change
in predicted probability associated with each project type, relative to building and grounds
projects (the omitted dummy variable).20

19 Given the form of the logistic distribution,Λ(β′x) = exp(β′x)/(1 + exp(β′x)), marginal effects in a logit
model are equal to∂E[π]/∂x = βΛ(β′x)(1 − Λ(β′x)) for continuous variables. With all continuous variables
normalized to one at the mean, or zero after taking logs, and setting all fixed effects to zero, the marginal effects
simplify dramatically to∂E[π]/∂x = β/4 at the mean (Anderson and Newell, 2003). The assumption of setting
the fixed effects to zero is both convenient and necessary because the conditional logit estimator does not produce
individual parameter estimates for the fixed effects. Standard logit estimates of the same specification yielded a
constant term estimate of−0.07, suggesting that the “average” fixed effect is indeed close to zero. Including a
fixed effect of this magnitude in the calculation of marginal effects would reduce the factor multiplyingβ only
negligibly from 0.2500 to 0.2497. Standard errors are estimated using the delta method and, like the marginal
effects, simplify dramatically toσ/4, whereσ is the estimated standard error ofβ.
20 The effect of a categorical variable, such as our project-type fixed effects, is found by taking the difference in the

predicted probability with and without the categorical variable set to one. Given our normalizations described above,
this results in the following simple relationship for the effect of categorical variablexi: E[π|xi = 1] − E[π|xi =
0] = exp(βi)/(1 + exp(βi)) − (1/2). Again, standard errors are estimated using the delta method and, given a
number of simplifications, equalσi/4, whereσi is the estimated standard error ofβi.
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Table 3
Fixed effect logit estimates of project adoption

Payback model Cost–benefit model Price–quantity model

ln(payback= savings/cost) −0.083∗∗ (0.005)
ln(payback= savings/cost)2 −0.009∗∗ (0.002)

ln(project cost) −0.087∗∗ (0.005) −0.085∗∗ (0.005)
ln(project cost)2 −0.005∗∗ (0.001) −0.005∗∗ (0.001)

ln(annual savings) 0.061∗∗ (0.006)
ln(annual savings)2 0.000 (0.002)

ln(price of energy) 0.043∗∗ (0.016)
ln(price of energy)2 −0.030 (0.018)

ln(quantity of energy saved) 0.058∗∗ (0.006)
ln(quantity of energy saved)2 −0.001 (0.001)

Motor systems 0.092∗∗ (0.008) 0.090∗∗ (0.008) 0.090∗∗ (0.008)
Thermal systems −0.167∗∗ (0.011) −0.165∗∗ (0.011) −0.165∗∗ (0.011)
Combustion systems 0.002 (0.016) −0.002 (0.016) −0.003 (0.016)
Operations −0.094∗∗ (0.019) −0.095∗∗ (0.019) −0.095∗∗ (0.019)
Electrical power −0.273∗∗ (0.060) −0.253∗∗ (0.061) −0.250∗∗ (0.062)
Industrial design −0.214∗∗ (0.060) −0.198∗∗ (0.061) −0.197∗∗ (0.061)
Ancillary costs −0.038 (0.211) −0.048 (0.213) −0.049 (0.213)

log-likelihood −10133 −10118 −10116
Likelihood ratio 1278∗∗ 1308∗∗ 1312∗∗

Asterisks denote statistical significance at various levels: (∗∗) = 99%. Data are observations of energy-conserving
project recommendations made under IAC program from 1981 to 2000. Dependent variable equals 1 if project is
adopted and 0 otherwise. Estimation method is ML conditional fixed effects logit with plant-specific fixed effects.
Each model is estimated on an effective sample of 5263 plant visits representing 26,068 recommended projects.
3771 plants (12,852 projects) in the full sample were dropped due to their having no variation in whether projects
were adopted or not. Marginal effects at variable means are given directly by linear terms, setting fixed effects
and project type dummies at zero. Marginal effects for dummy variables give change in predicted probability
associated with changing dummy variable from 0 to 1 (seeSections 2 and 3for further detail).

Our overall results are consistent with economic expectations. To provide a sense of how
our model fits the pattern of the data,Fig. 1plots the observed fraction of projects actually
adopted at various payback levels, along with the estimated probability of adoption based
on thepayback model given byEq. (1). As expected, projects with a longer payback period
(i.e., greater ratio of costs to annual benefits) are less likely to be adopted. Further, the
predicted probability corresponds quite well to the actual adoption rates of projects with
various paybacks. Specifically, the results indicate that a 10% increase in payback leads
to about a 0.8% decrease in the probability of adoption. The negative coefficient on the
squared term for payback indicates that percentage increases in the payback period have
an increasingly negative effect on adoption rates. This result manifests itself inFig. 1 as
downward curvature in the adoption function.

The cost–benefit model relaxes the implicit restriction that costs and benefits have the
same magnitude effect. According to the results of this model, a 10% increase in cost
decreases the probability of adoption by 0.8%. The negative coefficient on the squared term
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Fig. 1. Probability of adoption vs. payback. Circles represent the observed adoption rates for fixed intervals of
payback in log scale. The areas of the circles are proportional to the number of observations in each interval. The
solid line is the predicted probability of adoption for thepayback model (seeTable 3). All fixed effects are set to
zero for the figure.

for costs indicates that the effect of costs is increasingly negative, suggesting that very
costly projects are especially unlikely to be adopted. This result is consistent with survey
findings that show that most firms consider an investment of US$ 5000 or more to be large,
regardless of the benefits, and higher cost projects (e.g., US$ 10,000 or more) are subject to
greater scrutiny since they often must be approved on a capital budgeting basis rather than
out of production and maintenance budgets (Muller et al., 1995; US Department of Energy,
1996). This result is suggestive of potential market imperfections—namely, problems in
institutions efficiently allocating funds to profitable investment opportunities.

On the other hand, a 10% increase in annual savings increases the probability of adoption
by only 0.6%. The magnitudes of the cost versus savings effects are statistically different
at the 99% level.21 These results are consistent with previous literature, which finds that
up-front implementation costs have a larger effect on energy-conservation decisions than
future annual savings. The magnitude of the difference, however, is much less pronounced
in our results. We find that costs have a 40% greater percentage effect relative to future
energy savings at the mean of the data, whereasJaffe and Stavins (1995)found that costs
had about three times the effect, andHassett and Metcalf (1995)found that costs had about
eight times the effect of energy savings. One difference between our study and these, how-
ever, is that we have data that directly measure the estimated dollar value of energy savings,
which includes both price and quantity information, whereas these other studies only used

21 Using Wald tests, we reject the hypotheses thatβ3 = −β5(χ
2(1) = 37.22) and thatβ4 = β6(χ

2(1) = 5.16).
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variation in energy prices to identify the effect of future energy dollar savings. It has also
been suggested that IAC estimates of energy savings may be more accurate than estimates of
implementation cost, perhaps leading to an “errors in variables” bias of the implementation
cost coefficient toward zero relative to annual savings.22 We discuss this issue further below
in the context of theprice–quantity model.

The price–quantity model relaxes the implicit restriction that changes in energy prices
have the same percentage effect as changes in the quantity of energy conserved. The re-
sults indicate that a 10% increase in energy prices increases the probability of adoption by
0.4%, but that a 10% increase in the quantity of energy conserved increases the probability
of adoption by 0.6%. Although the parameter estimates indicate that energy-conservation
quantities have about a 30% greater effect on adoption likelihood than energyprices (i.e.,
the per unit value of conservation) at the mean of the data, these estimated effects are not
statistically different at any reasonable confidence level.23 Still, they suggest that plant
managers may be more responsive to differences in the quantity of energy conserved for
alternative projects than to differences in energy prices. Perhaps plant managers with en-
gineering backgrounds are inherently more responsive to technical energy savings than to
their dollar value. Alternatively, energy quantity changes may be perceived as less uncertain
or subject to change than energy price changes.

Theprice–quantity model also permits a more direct comparison to the studies cited above
regarding the relative effects of up-front costs versus energy prices. Our results indicate that
costs have a little more than double the effect of energy prices, which is more dramatic
than the difference between cost and savings in ourcost–savings model above, but still not
as large as the three or eight times larger effect cited in previous studies.24 These results
imply that a policy of subsidizing energy-conserving technologies may be more effective
in spurring the adoption of these technologies than a policy of taxing resource use.25

Jaffe et al. (2003)suggest several possible explanations for this divergence. One possi-
bility is a behavioral bias that leads plant managers to focus on implementation costs more
than on lifetime operating costs and benefits.26 An alternative view is that plant managers
focus equally on both, but that uncertainty about future energy prices or whether they will
face such costs (e.g., due to a location change) makes them place less weight on energy
prices than on implementation cost, which is known. Finally, plant managers may have
fairly accurate expectations regarding future energy prices, and make investment decisions

22 According to IAC contacts (Heffington, 2003), most engineering programs provide student IAC team members
with solid training for calculating energy and cost savings early in their curriculum, whereas training for calculating
implementation costs comes later, if at all. Moreover, data regarding implementation costs may be harder for
students to obtain. By contrast, plant personnel are typically better equipped to accurately estimate implementation
costs due to their more frequent interaction with vendors and installers.
23 Using Wald tests, we cannot reject the hypotheses thatβ9 = β11(χ

2(1) = 0.87) or the joint hypothesis that
β9 = β11 andβ10 = β12(χ

2(2) = 2.69).
24 Using Wald tests, we reject the hypotheses thatβ7 = β9(χ

2(1) = 56.10) and the joint hypothesis thatβ7 = β9

andβ8 = β10(χ
2(2) = 88.55). We also reject the hypothesis thatβ7 = β11(χ

2(1) = 225.74) and the joint
hypothesis thatβ7 = β11 andβ8 = β12(χ

2(2) = 391.36).
25 Note, however, that unlike taxes on resource use, policies that reduce technology costs do not provide the

continued incentive to reduce energy consumption.
26 This is consistent with the observation that plant managers are often better equipped to estimate implementation

costs (e.g., through interactions with equipment vendors) than future energy savings (Heffington, 2003).
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accordingly, but researchers (or, in this case, IAC teams) may use imperfect or flawed
proxies of these expectations, causing their measured effect to be smaller than their true
effect.27

Although our results demonstrate that firms generally respond as predicted by economic
theory to the incentives of payback, cost, savings, energy prices, and conservation quanti-
ties, these variables do not fully explain the technology adoption decision. Indeed, holding
these variables constant, certain types of projects are more likely to be adopted than others,
as measured by the project type dummy variables.Motor systems projects are the most
attractive type of project, with a 9% greater probability of being adopted thanbuilding and
grounds projects, the omitted group.Combustion systems andancillary costs projects are
about as likely to be adopted asbuilding and grounds. Projects affectingoperations, thermal
systems, industrial design andelectric power have, respectively, a 10, 17, 20, and 25% lower
probability of being adopted thanbuilding and grounds projects. Interestingly, we also find
that as paybacks approach zero, adoption rates increase only to about 70%; similarly, as pay-
backs approach our sample maximum of 9 years, adoption rates decrease only to about 30%.

These results are consistent with the descriptive statistics on relative adoption rates for
the various project types listed inTable 2. Further, they suggest that the IAC program’s
measures of financial costs and benefits do not fully capture the relative desirability of alter-
native projects. There may be many missing factors—such as individual project lifetimes,
unmeasured costs and benefits, uncertainty regarding costs and benefits, project complexity
and risks—that are crucial to understanding the adoption decision. Errors in measuring the
true costs and benefits of projects could also be leading to an “errors in variables” bias of
the coefficients toward zero, resulting in estimated effects that are smaller in magnitude
than their true values.

4.2. Payback thresholds and implicit discount rates

Previous literature has posited that information programs and other policies may lower
the sometimes seemingly high implicit discount rates observed for firms with respect to their
energy-efficient investment decisions. Undoubtedly, one source of high implicit discount
rates may be that firms are unaware of particular energy-efficient investment opportunities,
or at least the relative costs and benefits of such opportunities. By conveying information
regarding such opportunities, information programs may lower observed implicit discount
rates. The observation that the IAC program has led to the adoption of many previously
unimplemented projects attests to this possibility.

We address this issue by looking at the observed level of implicit discounting for firms
that participated in the IAC program. We focus on the 5264 firms in our final sample that
adopted some, but not all of the energy-related projects recommended through IAC energy
audits. This group is equivalent to the estimation sample from our econometric analysis. By
sorting the payback periods of each plant from shortest to longest, one can in principle locate
a “payback threshold” for that plant, below which all projects are adopted and above which

27 For example, studies often use current realized energy prices as a proxy for expected future energy prices.
Current prices fluctuate more than expected future prices, however, leading to a downward bias in the coefficient
on the energy price proxy relative to the true relationship with expected prices.
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Fig. 2. Histogram of payback threshold values. Figure shows fraction of plants having a payback threshold within
fixed intervals of payback in log scale. Based on sample of 5263 plants that adopted some (but not all) projects.
Payback threshold values are given by midpoint between maximum payback for adopted projects and minimum
payback for projects that are not adopted within each assessment. Mean payback threshold is 1.4 years; median is
1.2 years. Implicit discount rates above bars correspond to payback thresholds assuming a 10-year project life; if
project lives are shorter than 10 years, implicit discount rates are lower (e.g., about 5% lower for a project life of
5 years and a 1.5-year payback) (seeSection 4.2for further detail).

all projects are rejected. The payback threshold is an analogue to an investment hurdle rate.
In reality, however, we observe that most firms exhibit some overlap in the paybacks of
projects that are adopted and those that are rejected (i.e., some adopted projects have longer
paybacks than rejected projects). For each plant, we therefore find the shortest payback
amongst the projects that are rejected and the longest payback amongst the projects that
are adopted, and we take the average of these two paybacks as an estimate of the plant’s
payback threshold. After conducting the same analysis for plants that do not exhibit any
overlap in the paybacks of adopted and rejected projects, we obtain very similar results.

Fig. 2 shows the distribution of payback thresholds. Over 98% of firms have estimated
payback thresholds less than 5 years, and about 79% have payback thresholds less than 2
years. The mean payback threshold is 1.4 years, and the median is 1.2 years. These payback
cutoffs correspond to implicit discount rates of about 70 and 80% for a 10-year project,
respectively, as indicated in the figure.28

28 Implicit discount rates are calculated by solving PB= (1/r) − 1/(r(1 + r)T) for r, where PB is the payback
cutoff value,T the project lifetime, andr the investment hurdle rate to be calculated. We assume a project lifetime
of 10 years. Assuming a shorter project lifetime of 5 years would lower our estimates of the mean and median
implicit discount rate by only about 5%, and would alter higher implicit rates by an even smaller amount.
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Although these payback periods may seem quick, and the corresponding hurdle rates high,
they are consistent with the investment thresholds that small and medium-sized manufac-
turers report that they routinely employ for all types of projects, including energy-efficiency
projects. For example, a series of industry roundtables conducted by the alliance to save
energy found that acceptable projects were typically limited to a 2-year payback or shorter,
although larger companies sometimes considered 3-year paybacks to be acceptable (US
Department of Energy, 1996). This is consistent with other broad surveys of the use of the
payback criterion, not just for energy-conservation projects, but much more widely (Lefley,
1996). Likewise, in a follow-up survey of plants that had received an IAC audit,Muller
et al. (1995)found that 85% of firms reported that they considered paybacks of greater
than 2 years financially unattractive. The median threshold in that survey was a 1–1.5 year
payback, which again is consistent with our findings.

Of course, our analysis of paybacks is predicated on the assumption that IAC estimates
of project costs and benefits are reasonably accurate, or at least not systematically biased.
Evidence from previous studies, however, suggests that analysts have substantially overes-
timated energy savings due to optimism or due to reliance on highly controlled studies. For
example, previous studies have found that actual savings from utility-sponsored programs
typically achieve 50–80% of predicted savings (Sebold and Fox, 1985; Hirst, 1986). Based
on an analysis of residential energy consumption data,Metcalf and Hassett (1999)find that
the realized return on conservation investments in insulation was about 10%, well below
typical engineering estimates that returns were 50% or more.

If IAC estimates are similarly biased, and if program participants have a relatively accu-
rate perception of likely project returns, then it may be that implicit discount rates based on
IAC estimates appear higher than they really are. Alternatively, program participants may
not know actual project returns, but may have formed prior notions regarding the likely mag-
nitude and direction of such bias and compensate by “padding” their investment hurdle rate
accordingly. Of course, it is also possible that program participants perceive bias that does
not exist, in which case program participants are likely missing profitable investment oppor-
tunities. Once again, however, the fact that our estimates of payback thresholds (and implicit
hurdle rates) are consistent with the investment criteria these types of firms have repeatedly
said (in other surveys) they deliberately use suggests that our estimates are not far off.

Comment fields within the IAC database contain some information regarding actual
costs and benefits obtained during post-assessment interviews with plant management, but
unfortunately, such information is not recorded systematically. After searching through these
fields, we were only able to identify 210 (out of nearly 40,000) recommended projects that
contained useful, quantitative information regarding actual project costs and benefits.29 Not
surprisingly, analysis of this information yields only inconclusive and speculative results.
The limited evidence we have suggests that IAC auditors sometimes overestimate and
sometimes underestimate actual costs and benefits of projects. We attempted to find a

29 These include both actual cost and benefit figures for adopted projects, as well as client firm estimates of what
actual costs and benefits would have been for non-adopted projects based, for example, on actual price quotes or
further analysis. A smaller number of projects also provided qualitative information regarding actual costs and
benefits. Including both quantitative and qualitative data, actual savings were higher than predicted in 121 cases
and lower than predicted in 83 cases; actual costs were higher than predicted in 34 cases and lower than predicted
in 24 cases.
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pattern in these differences, but estimates of a relationship between actual and predicted
costs and benefits were imprecise.30

Although we are unable to determine whether the IAC program actually lowers investment
hurdle rates, implicit discount rates based on the revealed behavior of program participants
remain above 50% for most firms after program participation. Since these discount rates
are based on projects and technologies that firmsknew about, it is unlikely that they can
be explained by informational market failures of the type the IAC program is designed
to alleviate, although other market failures may play a role, as we discuss inSection 4.3.
Alternatively, if IAC estimates of project returns are biased upward, but firms know actual
returns, then actual hurdle rates may be lower than they appear based on IAC estimates.
Another possibility is that program participants apply high hurdle rates relative to market
interest rates to compensate for real or suspected bias in estimates of project returns. In
any event, the widespread use of short payback thresholds remains a puzzle, the possible
answers to which lie beyond the scope of this paper.

4.3. Reasons given for not adopting projects

In order to explore the extent to which high implicit discount rates may be the result of
remaining market failures or imperfections, we examine the reasons given by firms for not
adopting projects. Since about 1991, these reasons have been coded and recorded in the
IAC database. For the purposes of our analysis, we focus on the 93% of rejected projects
between 1991 and 2000 that provide at least one reason for not adopting the project. We
classify these reasons as possibly having aneconomic, institutional, or financing rationale,
as shown inTable 4. Note that some reasons given for not adopting projects correspond to
multiple categories, as we discuss in below.

As can be seen fromTable 4, as much as 93% of projects were not adopted for what we
classify aseconomic reasons. Many such reasons suggest an unattractive balance between
the financial costs and benefits of a project (e.g., “unsuitable return on investment”), which
should be reflected in IAC estimates of implementation cost and annual savings. But some
reasons hint at opportunity costs (e.g., “lack staff for analysis/implementation”) and various
project risks (e.g., “risk or inconvenience to personnel” or “suspected risk of problem with
equipment”) that are not typically reflected in the IAC cost estimates. Firms report that the
risk of technologies not working properly, which can lead to production halts or changes
in product quality and cost is, in fact, a strong deterrent to adopting certain projects (US
Department of Energy, 1996). The implication of this result is that simple financial measures
alone do not determine the decision to invest in energy-efficient technologies. Analysts or
policymakers that look at these measures, see that measured financial benefits outweigh
financial costs, and then assume that projects that are not adopted reflect market barriers or
market failures may be overlooking many unmeasured costs and benefits.31

30 We also experimented with various sample selection models, since information for actual costs and benefits
is more likely to appear for adopted projects (which may not exhibit significant bias), but the results of this
experimentation were not robust.
31 In our econometric model, many of these differences should be captured with our project type dummy variables

and plant fixed effects.
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Table 4
Reasons given for not adopting projects

Reason for not adopting Number Percent Percent by category

Economic
reasons

Institutional
reasons

Financing
reasons

Still considering 3295 27.1 × × ×
Other 1169 9.6 × × ×
Too expensive initially 858 7.1 × ×
Lack staff for analysis/implementation 820 6.8 × ×
Cash flow prevents implementation 810 6.7 × ×
Not worthwhile 688 5.7 ×
To be implemented later 643 5.3 × × ×
Unsuitable return on investment 616 5.1 ×
Impractical 591 4.9 × ×
Facility change 582 4.8 × ×
Process/equipment changes 513 4.2 × ×
Unknown 472 3.9 × × ×
Unacceptable operating changes 423 3.5 × ×
Personnel changes 368 3.0 × ×
Disagree 295 2.4 × ×
Bureaucratic restrictions 246 2.0 ×
Risk of problem with product/equipment 219 1.8 ×
Risk/inconvenience to personnel 124 1.0 × ×
Rejected after implementation failed 73 0.6 ×
Production schedule changes 71 0.6 × ×
Material restrictions 33 0.3 ×
Could not contact plant 5 0.0 × × ×
Total projects that provided reason 12147 100.0 93.0 82.0 58.2

Table summarizes reasons for non-adoption of projects between 1991 and 2000. Table excludes projects that did
not provide a reason for non-adoption. Some projects list more than one reason for why the plant did not adopt, so
numbers sum to more than 12,147 and percentages sum to more than 100% percents by category also add to more
than 100% reflecting the fact that some reasons for not adopting correspond to multiple categories (seeSection 4.3
for further detail).

On the other hand, many of these reasons are sufficiently vague that it is not altogether
clear that they should be categorized solely as economic factors. For example, program
participants may be averse to “process or equipment changes” or “facility changes” for
personal or other non-economic reasons. Thus, we also classify many of these reasons as
possibleinstitutional factors, totaling as much as 82% of projects that were not adopted.
One clear institutional reason for non-adoption was “bureaucratic restrictions” within the
firm (e.g., plant managers may need CFO approval before undertaking energy-conservation
projects), perhaps indicating certain principal-agent market failures.

Finally, according to the IAC data, as much as 58% of the projects were not adopted
possibly forfinancing reasons (e.g., limited cash flow), perhaps indicating a failure of
capital markets to efficiently allocate financial resources. Again, many such reasons overlap
with the economic and institutional reasons, though some (e.g., “too expensive initially” or
“cash flow prevents implementation”) more clearly suggest some type of financing issue.
It is possible that loans directed at energy conservation could be effective in ameliorating
this problem if that was desired.
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5. Conclusion

The US Department of Energy’s Industrial Assessment Center program provides a unique
opportunity to quantify the effects of an information program for energy-efficient technol-
ogy adoption. We find that 53% of the projects recommended through the IAC program
were adopted, representing 45% of total recommended energy savings and 46% of total
recommended dollar savings. Overall, our results indicate that firms respond as expected
to the economic incentives of different energy-conserving investment opportunities. Rates
of adoption are higher for projects with shorter payback periods, lower implementation
cost, greater annual energy savings, higher energy prices, and greater quantities of energy
conserved. These simple financial measures do not explain everything, however. Indeed,
holding these factors constant, we find that certain project types are more likely to be adopted
than others, suggesting that there may be many economic costs, benefits, risks, and other
factors that the IAC program’s simple financial measures do not capture.

We find evidence that firms are more responsive to implementation costs than to annual
energy savings, although this difference is not as pronounced as in previous studies. Simi-
larly, firms seem to be more responsive to energy savings based on the quantity of energy
conserved than to energy prices, though these effects are not statistically different. These
results suggest that policy mechanisms to reduce costs (e.g., tax breaks or subsidies for im-
plementation) and directly promote technical efficiency improvements may be somewhat
more effective in the short term than price mechanisms (e.g., energy or carbon taxes). Only
energy price increases, however, also provide the continuing incentive to reduce energy use.

As in previous studies, the firms in our sample demand quick paybacks of 1–2 years
(implicit hurdle rates of 50–100%) for project adoption, as revealed through their technology
adoption decisions. These results are consistent with the investment criteria that small and
medium-size firms typically state that theyintend to use. Our assessment of the reasons
given for not adopting projects reveals that most may have been rejected for economic
reasons, though some of these reasons may be difficult to quantify financially. On the other
hand, many other projects appear to have been rejected for institutional reasons or lack
of financing, and many of the “economic” reasons could also be indicative of institutional
factors.

Overall, one can view the glass as either half full or half empty. The data suggest that
during 1981–2000 the IAC program led to the adoption of many financially attractive
energy-conservation projects. For an estimated aggregate financial outlay of about US$
103 million by firms, the projects in our sample have yielded an estimated US$ 100 million
and 20 trillion Btu in aggregate per year energy savings. Cumulative savings are likely many
times as high. Note that these figures do not include Department of Energy spending on the
program nor do they include various indirect program benefits (e.g., training of students
and firm participants).

Still, nearly half of the projects recommended by the program are not adopted, and implicit
discount rates remain seemingly high relative to market interest rates, despite the provision
of free information. Nonetheless, these implicit discount rates are in the same range as what
firms have stated in other surveys that they intend to use. Analysis of the reasons given for
not adopting projects does little to explain why so many projects are not adopted—though
we do find evidence that there are likely many unmeasured costs and risks not captured in
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the IAC program’s simple financial estimates, so thatestimated rates of return likely differ
from realized rates of return.

To the extent that the routine use of short payback cutoffs (i.e., high hurdle rates) is
a symptom of remaining market imperfections in corporate management, such as prob-
lems of agency, moral hazard, imperfect or asymmetrical information, and incentive design
(DeCanio, 1993), there may be opportunities for increased energy efficiency through policies
that can correct such imperfections. To the extent that such policies are costly or imprac-
tical, our results suggest that policies targeted at increasing the financial attractiveness of
energy-efficiency projects (e.g., subsidies for implementation or taxes on energy use) could
be used to further promote energy-efficient technology adoption.
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