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Unchecked anthropogenic climate change has the potential to destroy

human lives and wealth on an unprecedented scale. This dissertation ana-

lyzes from an economic perspective various public policy options to correct

the market failures caused by climate change.

The widespread adoption of environmentally friendly consumer prod-

ucts can reduce the impacts of climate change. The first chapter analyzes

various methods of encouraging the market performance of these products.

I build a model of observational learning in which a “green” consumer good

enters a market to challenge an established “dirty” product. Among other

results, I provide conditions for when financial incentives or informational

campaigns should be more effective at encouraging the market performance of

green products. I also provide a discussion and an empirical analysis of the

vi



performance of compact fluorescent light bulbs in the U.S. residential market,

and compare the findings to the predictions of the theoretical model.

The second chapter provides a critic of the macroeconomic models

economists have used to determine optimal climate change abatement poli-

cies. I build a model that can incorporate more realistic ranges of uncertainty

for both the occurrence of catastrophic events and societal risk aversion than

economists have used in the past. Numerical simulations are then used to cal-

culate a range of risk premiums, the magnitude of which display that previous

calculations of optimal carbon dioxide taxes are too imprecise to support any

particular policy recommendation.

Government-backed energy-efficiency programs have become popular

as components of local and national strategies to combat climate change. The

effectiveness of such policies hinges on whether they provide the appropri-

ate incentives to both energy consumers and program implementers. The

third chapter1 analyzes evaluations of California’s energy-efficiency programs

to assess their effectiveness at improving our understanding of the programs’

performance and providing a check on utility incentives to overstate energy

savings. We find, among other results, that evaluations are useful tools to

achieve both of these goals because the programs largely did not meet their

energy-savings projections, and the utility savings estimates are systematically

higher than the third-party savings estimates of the evaluations.

1Based on a joint project with Karen Palmer.
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Chapter 1

Overcoming the Barriers to the Market

Performance of Green Consumer Goods

1.1 Introduction

Traditional economic analysis predicts that rational consumers will not

voluntarily contribute to the provision of public goods such as environmental

protection. However, recent studies have shown that, in fact, consumers dis-

play a willingness to pay significant premiums for products that benefit the

environment [Camacho-Cuena et al., 2004,Brecard et al., 2009,Garcia-Gallego

& Georgantzis, 2009]. This trend in consumer preferences has spurred the

entrance of an increasing number of environmentally-friendly (“green”) alter-

natives to established products in consumer goods markets. Energy-efficient

light bulbs, recycled paper and sustainable building materials are just a few

examples of the types of green products this chapter will discuss.

Green products gain a competitive advantage from offering environ-

mental benefits, but they also face a unique set of barriers when entering a

market to compete with established “dirty” products [Bonini & Oppenheim,

2008]. For instance, they are often priced significantly higher due to the higher
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costs of production. Consumers are also relatively uninformed about both the

existence and the characteristics of entrant green products. All new prod-

ucts face this information barrier, but it is particularly problematic for green

products. First, green products carry a stigma of lower quality with some con-

sumers. This stigma is sometimes well deserved - the early versions of green

products often perform worse than their “dirty” counterparts. Second, corpo-

rations often make misleading claims of environmental benefits. Consumers

have therefore become hesitant to believe such claims. A final barrier is the

high degree of consumer heterogeneity in their willingness-to-pay to protect the

environment [GfK Roper Consulting, 2007, Loureiro & Lotade, 2005, Garcia-

Gallego & Georgantzis, 2009], which forces green producers to target a subset

of the full population.

It is often beneficial to society for green products to overcome these bar-

riers and succeed in their markets because widespread green consumption is a

substitute for costly (and politically contentious) government spending on en-

vironmental protection. It is therefore crucial that we understand what causes

green consumer goods to achieve success in their markets. For instance, are

financial incentives or informational campaigns more effective at encouraging

green product purchases? Economists have said surprisingly little on the issue,

outside of certain studies of the moral motivations or social norms that lead to

green purchasing behavior [Clark et al., 2002,Nyborg et al., 2006,Stern, 1999].

In this chapter, I begin to fill that void by developing a simple economic model

that predicts the effectiveness of various public policy options of encouraging

2



the long-term market performance of green products.

The premise of the model is that a green consumer good enters a market

to challenge an established “dirty” good. The characteristics of the established

dirty product are well known, while the entrant green product’s characteristics

are uncertain. A dynamic model of observational learning is used to predict

the long-term market performance of the green product. Observational learn-

ing models (also known as “social learning” or “Bayesian learning” models)

are often used to depict environments in which a large number of consumers

sequentially make decisions whether to purchase a product with uncertain

characteristics, and consumers update their perceptions of the product based

on the purchase decisions of others.1 In such situations, it has been shown that

consumers will engage in inefficient “herd” behavior in which they simply copy

the purchase decisions of others [Banerjee, 1992], and that this conformity of

actions can occur based on a very small amount of information [Bikhchan-

dani et al., 1992]. The practical consequence of such behavior is that a large

number of consumers can collectively arrive at incorrect conclusions about

product characteristics, which explains why high quality products can fail and

low quality products can succeed.

The critical assumption in these models is that consumers are aware

and responsive to the actions of others, and various empirical studies and

experiments have confirmed that this type of learning does occur in a variety

1Observational learning models are sometimes referred to as a subset of the larger liter-
ature on the diffusion of technologies [Young, 2009,Geroski, 2000].
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of situations [Munshi, 2004, Cai et al., 2009, Anderson & Holt, 1997]. The

market performance of green products is an important new application to the

literature on observational learning because consumers pay particularly close

attention to the prevailing social norms in these markets. Indeed, a primary

motivating factor of consumers’ willingness-to-pay to protect the environment

is their desire to be seen either publicly or introspectively as conscientious

citizens [Clark et al., 2002]. A dynamic model in which consumers can be

influenced by the actions of others is therefore appropriate for this setting.

The basic observational learning model has been generalized in a num-

ber of ways, and this chapter’s model, presented in Section 1.2, will include

elements of various extensions. For instance, heterogeneity across consumers

is included [Smith & Sorensen, 2000,Goeree et al., 2006] to represent the wide

range of willingness-to-pay to protect the environment. Consumers are also

given the option of removing the uncertainty in the model by undertaking

costly search instead of relying on public perception alone [Burguet & Vives,

2000,Hendricks et al., 2010].

For this new model of observational learning, I show that in equilibrium,

an entrant green product can “succeed” or “fail” with positive probability. In

Section 1.3, I explicitly solve for the green product’s long-run market perfor-

mance, in terms of the probability that it succeeds or fails and its long-run

market shares at both outcomes.

Inefficient herds always decrease social welfare, but green products fail-

ing due to herds on dirty product purchases can be especially harmful. Not

4



only may consumers lose the opportunity to consume a high quality prod-

uct, but unnecessary environmental damage will occur as well. It is therefore

particularly important that we understand how to avoid inefficient herds in

markets with green alternatives. Public policy can be used to remove the in-

efficiencies in the market, and in Section 1.4, I provide explicit conditions for

when it is welfare improving to use public policy to encourage green purchases.

In Section 1.5, comparative statics are used to predict the relative ef-

fectiveness of commonly used public policy tools such as financial incentives

and informational campaigns. Among other results, I show that financial in-

centives are more effective than informational campaigns at encouraging green

purchases if the green product is inferior to its dirty substitute. On the other

hand, if short-term policies are used to promote a high quality green product,

informational campaigns are more effective tools than financial incentives. I

also show that public policy cannot have a substantial impact on the transition

dynamics of the model, since the long-run outcome is determined very rapidly

following a green product’s introduction to the market.

Finally, in Section 1.7, the performance of compact fluorescent light

bulbs (“CFLs”) in the U.S. residential market is used to show the potential

real-world implications of this chapter’s model. The model offers explanations

for why efforts to encourage CFL performance failed in the 1990s but have

seen limited success in recent years. I present empirical data from 2007 that

suggest informational campaigns have been effective – and more successful

than financial incentives – at promoting recent CFL purchases. These findings

5



are largely consistent with both model predictions and professional program

evaluations that have doubted the ability of temporary financial incentives to

transform residential lighting markets.

1.2 The Base Model Setup

In this section I introduce the most basic version of the model, in which

the only source of uncertainty is the quality of the green product. I discuss a

number of model extensions in Section 1.6, which are given full consideration in

a companion paper [Kaufman, 2011], such as additional sources of uncertainty

and frictions in consumer awareness and product availability.

A large number of consumers have unit demands for product i, and

they make a one-time binary decision to purchase either good G (the “Green”

good) or good D (the “Dirty” good). Consumers are indexed by t, which is the

exogenously chosen order in which they make purchase decisions. Consumer

t’s utility from consuming product i is given by:

Vti = Xi + αt Yi (1.2.1)

where Xi denotes the quality of product i ε {D ,G}, αt denotes consumer

t’s idiosyncratic willingness-to-pay to protect the environment, and Yi is an

indicator variable equal to one for good G and zero for good D.

A product has two possible quality levels: Xi = H and Xi = L, where

6



H > L. I will refer to H as the high quality state and L as the low quality

state, and normalize L = 0. There is a common prior belief that good G is

high quality with probability γ, whereas consumers are certain that good D is

high quality (XG = H with probability γ, and XD = H with probability 1).

For mathematical convenience, I assume that consumers’ α’s are dis-

tributed uniformly with a lower bound of 0 and an upper bound of 1.2 The

price of good G is PG and the price of good D is PD, where PG ≥ PD (I nor-

malize PD = 0). Utility is assumed to be quasilinear in wealth, so consumer

t’s net payoff from purchasing product i is Vti − Pi.

Before making a purchase decision, a consumer can choose to pay a

search cost, denoted by C, in order to remove the green good quality uncer-

tainty. In other words, the consumer has the option of paying C in order to

learn the true value of XG. This search cost can be thought of as an actual

monetary cost, or, perhaps more realistically, the time and effort involved in

conducting thorough research on a product. I assume C < H
4

, because no

consumer will ever search in the opposite case.

Consumer t has the option of purchasing either good without searching

or paying the search cost and then purchasing the green good if and only

if it is high quality. Consumer t’s action generates a purchasing outcome

btε{D,G}. The result is that consumers are split into three segments, based

2Using a more general distribution for consumers’ willingness-to-pay to protect the en-
vironment complicates the analysis but it does not materially change the results [Kaufman,
2011].
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upon their willingness-to-pay to protect the environment, as shown below. I

assume PG > 0 and PG + H < 1, which imply that there exists at least one

consumer who will not purchase the green good even if it is known to be high

quality with certainty, and at least one consumer who will purchase the green

good even if it is known to be low quality with certainty. The only segment

that can be empty is the segment of consumers who choose to search, and it

will be empty if the search cost is prohibitively expensive for all consumers.

Figure 1.1: Consumer Actions

1.2.1 Model Dynamics

Consumer t = 1 is randomly selected to be the first to act. She observes

the common prior perception of the quality of the green good (γ1) and selects

an action, generating the purchasing outcome b1. When consumers t > 1 are

selected, they have the additional benefit of observing the history ωt, which is

the entire ordered sequence of purchase outcomes of consumers 1 through t−1.3

The space of possible t-period purchase outcomes is given by Ωtε{D,G}t−1.

When consumer t selects an action, all other consumers observe the purchase

outcome but they do not observe αt or whether the search cost was paid.

3Previous models of observational learning have relaxed this strong assumption and
shown that long-run outcomes do not change when consumers observe only aggregate pur-
chasing histories [Hendricks et al., 2010].
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Given any history ωt, consumer t + 1 updates her beliefs (which are

common to all consumers) about the quality of the green product using Bayes’

rule:

γt+1(γt, bt) =
γt · Pr(bt | XG = H, γt)

γt · Pr(bt | XG = H, γt) + (1− γt) · Pr(bt | XG = L, γt)

When consumers observe bt = G, they become more optimistic about

the quality level of good G, causing γ to increase. The strength of this signal,

and therefore the magnitude of the change in γ, is determined by the prob-

ability that consumer t paid the search cost and therefore learned the true

product quality before making a purchase decision (because if consumer t did

not search, her purchase decision is entirely uninformative). When the search

cost is prohibitively high for all consumers, γ does not change at all following

a purchase decision because the probability that consumer t paid the search

cost and learned the true product quality is zero.

For computational convenience, the perception of product quality is

converted to a likelihood ratio. I define λ as the ratio of the probabilities that

XG = L versus XG = H:

λt =
1− γt
γt

In solving the model, I look for a Bayesian equilibrium in which all con-

sumers compute posterior quality perceptions using Bayes’ rule, knowing the

9



decision rules of all consumers and the probability laws determining outcomes

under those rules.

1.3 The Long-term Performance of the Entrant Green
Product

The market performance of the entrant green good is characterized by

the probability of any long-run outcome and the market share at that outcome.

To solve for these performance metrics, I first establish the action that any

consumer will take for any set of model parameters. This is done via backward

induction. In the second stage, each consumer decides which good to purchase

after already having chosen whether to search. In the first stage, each consumer

decides whether to pay the search cost.

If consumer t has already decided not to pay the search cost, her ex-

pected payoffs of purchasing goods G and D are as follows:

N(G; γt, αt) = γtH + αt − PG

N(D; γt, αt) = H

Alternatively, if consumer t has already chosen to pay the search cost,

her payoffs of purchasing goods G and D are as follows:

S(G; γt, αt) = XG + αt − PG

S(D; γt, αt) = H

Then, let W denote the expected payoff to consumer t of choosing to

search or not to search, respectively, given the second stage payoffs:
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W (No Search; γt, αt) =


γtH + αt − PG if N(G) ≥ N(D)

H if N(D) > N(G)

W (Search; γt, αt) = H + γt(αt − PG)− C

Consumer t will choose to pay the search cost if and only ifW (Search) ≥

W (No Search). Given a common quality perception γt, the decisions of any

two consumers differ only in αt, their willingness-to-pay to protect the environ-

ment. Using the payoffs above, thresholds of α can be identified that separate

the population into the segments of consumers that take the same actions for

a given set of model parameters.

When the search cost is prohibitively high for all consumers, the popu-

lation is divided into just two segments, as shown below. The threshold α̂(γt)

is the value of α such that N(G) = N(D).

Figure 1.2: Consumer Actions: Relatively High Search Cost

Consumers for which αt < α̂(γt) buy goodD without searching, whereas

consumers for which αt ≥ α̂(γt) buy good G without searching.
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When the search cost is relative low so that at least some consumers

choose to search, the population is divided into three segments, as shown

below. The threshold α(γt) is the value of α such that W (S) = W (N) and

N(D) > N(G), whereas the threshold α(γt) is the value α such that W (S) =

W (N) and N(G) > N(D).

Figure 1.3: Consumer Actions: Relatively Low Search Cost

Consumers for which αt < α(γt) buy goodD without searching, whereas

consumers for which αt > α(γt) buy good G without searching. Consumers for

which α(γt) ≤ αt ≤ α(γt) choose to search, and then purchase good G if and

only if XG = H. Both α(γt) and α(γt) are decreasing in γt, which implies that

a greater percentage of consumers will purchase the green good as its quality

perception increases. As the search cost increases, α(γt) and α(γt) converge

to α̂(γt), and a smaller percentage of the population will search. The search

cost threshold above which no consumer will search is the level of C such that

α(γt) = α̂(γt) = α(γt):

α(γt) = α(γt) ⇔ PG +
C

γt
= H + PG −

C

1− γt
⇔ C = γt(1− γt)H

Note that each of these thresholds of α and C will change over time as the

perception of green product quality (γ) changes.
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C ≤ γt(1− γt)H C > γt(1− γt)H

XG = H 1− α(γt) 1− α̂(γt)

XG = L 1− α(γt) 1− α̂(γt)

Table 1.1: Probability Good G is Purchased

Table 1.1 uses these thresholds to display the probabilities that a ran-

domly selected consumer will purchase good G (recall that α is uniformly

distributed between 0 and 1).4

For instance, when good G is high quality and the search cost is rela-

tively low, the probability that a consumer will purchase good G is equal to

the percentage of the population for which αt > α(γt). When the search cost is

prohibitively high for all consumers, this probability is invariant to the quality

level, because no consumer will search and learn the true product quality.

The probabilities from Table 1.1 and the observed purchase decision (bt)

are used to update the perception of good G’s quality. Since only consumers

with α’s between α(γt) and α(γt) will search and learn the true product quality,

the observed purchase decision is more informative the larger is the percent-

age of consumers with α’s between these thresholds. Specifically, Bayes’ rule

4Table 1.1 can also be interpreted as the market share of the green good if the perception
of quality does not change over time.
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C ≤ γt(1− γt)H C > γt(1− γt)H

λt+1|bt = G 1−α(γt)
1−α(γt)

λt λt

λt+1|bt = D α(γt)
α(γt)

λt λt

Table 1.2: Likelihood Ratio Evolution

implies that the likelihood ratio will evolve according the following formula:

λt+1(λt, bt) =
Pr(bt|XG = L, λt)

Pr(bt|XG = H, λt)
λt for btε{G,D} (1.3.1)

Using equation (1.3.1), Table 1.2 provides a full characterization of the

dynamics of the likelihood ratio given the purchase decision of consumer t.

When the search cost is prohibitively high for all consumers, λt+1 = λt,

so there is no new information added to the model. To put this another way,

when the likelihood ratio is high enough or low enough, there is not enough

uncertainty for any consumer to justify paying the search cost. The search

cost threshold can be transformed into two different probability thresholds by

solving a quadratic equation for γt (and thus λt):

C = γt(1− γt)H ⇔ γt =
1±

√
1− 4C

H

2
≡ {γ, γ}
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And let λ and λ be the likelihood ratios corresponding to γ and γ, so that:

λ =
1− γ
γ

=
1 +

√
1− 4C/H

1−
√

1− 4C/H
, λ =

1− γ
γ

=
1−

√
1− 4C/H

1 +
√

1− 4C/H

When λ1 ≥ λ or λ1 ≤ λ, the model is static because the search cost is

prohibitively high for all consumers. In these cases, no searching will ever occur

and therefore no new public information will be generated, because all purchase

decisions are uninformative. When λ < λ1 < λ, at least some consumers will

choose to search, so a purchase decision will generate new public information.

Going forward, I assume λ < λ1 < λ because this is the more interesting case.

For a straightforward characterization of long-run model outcomes, an

important property to establish is that when the initial likelihood ratio starts

between the thresholds λ and λ, it remains forever between these thresholds,

and never “jumps” to a value for which λt > λ or λt < λ. This property is

a direct implication of the monotonicity of the conditional likelihood ratios,

which is established in the following lemma:

Lemma 1.3.1. The posterior conditional likelihood ratios λt+1|λt, bt = D and

λt+1|λt, bt = G are monotone increasing in the prior likelihood ratio λt.

Proof. See Appendix A.1.

To see why the “no jumping” property is an implication of monotonic-

ity, recall that λt+1 = λt when λt = λ. Therefore, when λt < λ, it cannot be

the case that λt+1 > λ, or else monotonicity would be violated.
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I now show that the likelihood ratio will either remain forever constant

or it will converge to one of two possible long-run outcomes. Figure 1.4 helps

to illustrate this result, with λt on the horizontal axis, λt+1 on the vertical axis,

and the evolution of the likelihood ratio between period t and t+1 displayed on

the graph. The figure shows that when the likelihood ratio is very high or low,

λt = λt+1, because the search cost is prohibitively high for all consumers. On

the other hand, when there is a sufficient level of uncertainty such that some

consumers will search (λ < λt < λ), the likelihood ratio increases (decreases)

between periods t and t+ 1 when good D (G) is purchased by consumer t.

Figure 1.4: Likelihood Ratio Dynamics

Lemma 1.3.2. Conditional on XG = H, the likelihood ratio is a martingale
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that converges to a random variable with support in [0,∞). Conditional on

XG = L, the inverse likelihood ratio is a martingale that converges to a random

variable with support in [0,∞).

Proof. See Appendix A.1.

Lemma 1.3.3. The likelihood ratio converges almost surely to either λ or λ.

Proof. See Appendix A.1.

As long as the search cost is not prohibitively high for all consumers,

λ and λ are the only possible long-run outcomes for the likelihood ratio. The

outcome λ is referred to as “success” and λ as “failure” for good G. I plug λ

and λ into the formulas of Table 1.1 to arrive at the market shares for good G

at these two long-run outcomes, and use the Dominated Convergence Theorem

(which implies that E(λ∞) = λ1)5 to calculate the probability of success or

failure when XG = H or XG = L. These market shares and probabilities are

then combined to compute the expected market share for a green good of any

quality and any initial likelihood ratio.

The following theorem accomplishes the goal of this section of fully

characterizing the long-run performance of any green good:

Theorem 1.3.4. The probabilities of each possible long-run outcome are:

5I use the subscript ∞ to refer to the long-run values of the dynamic variables in the
model.
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Pr(Failure) = Pr(λ∞ = λ) =


λ1−λ
λ−λ if XG = H

λ−1−λ−1
1

λ−1−λ−1 if XG = L

Pr(Success) = Pr(λ∞ = λ) = 1 − Pr(λ∞ = λ)

The market shares at each long-run outcome are:

sG =


1− ( λH

1+λ
+ PG) if λ∞ = λ (Failure)

1− ( λH
1+λ

+ PG) if λ∞ = λ (Success)

And the expected market shares are:

E(sG|XG = H) =

Pr(λ∞ = λ|XG = H)(sG|λ∞ = λ) + Pr(λ∞ = λ|XG = H)(sG|λ∞ = λ)

E(sG|XG = L) =

Pr(λ∞ = λ|XG = L)(sG|λ∞ = λ) + Pr(λ∞ = λ|XG = L)(sG|λ∞ = λ)

which reduce to:

E(sG|XG = H) = 1− PG − C(1 + λ1)
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E(sG|XG = L) = 1−H − PG + C(1 + 1
λ1

)

Proof. See Appendix A.1.

The probabilities of long-run outcomes and market shares are functions

of the likelihood ratio thresholds, but when combined, the expected market

shares are simple functions of the price and quality differences, the search

cost and the initial likelihood ratio. The simplicity of these expressions (and

the invariance of E(sG|XG = H) to the parameter H) is largely due to the

assumption of a uniform distribution of consumers, but the resulting policy

implications are not materially changed when a more general distribution is

assumed. With these explicit characterizations of the long-term performance

of any green good, comparative statics can be used to simulate the impacts of

various policy tools. This is done in Section 1.5.

1.4 When to Encourage Green Good Purchases

This chapter is primarily concerned with how to effectively encour-

age green good purchases. But before policymakers decide how to encourage

green purchases, they should of course be aware of when to encourage them.

Therefore, this section will discuss the normative question: when is it welfare

improving to encourage the market performance of the green good?

There are two inefficiencies in this market, and therefore two poten-
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tial justifications for government intervention: 1) the negative environmental

externality from the consumption of the dirty good, and, 2) the imperfect in-

formation available to consumers. When the green good is equal in quality to

the dirty good, fewer consumers will purchase the green good than is socially

optimal, both because consumers will not internalize the environmental ex-

ternality when making their purchase decisions and because of the possibility

that the green good is low quality. In other words, both inefficiencies lead to

underconsumption of the green good. Low-cost methods of encouraging high

quality green purchases will therefore be welfare improving.

For a lower quality green good, the situation is less clear. The environ-

mental externality still causes consumers to under-consume the lower quality

green good. However, the imperfect information causes consumers to over-

consume the lower quality green good, because it is assumed there is some

probability that the good is high quality, when it is not. Intuitively, the mar-

ket performance of lower quality green goods should be encouraged when the

environmental externality is relatively large.

More technically, whether lower quality green good purchases should be

encouraged can be determined by contrasting the long-run equilibrium from

the previous section with the solution to a social planner’s problem. Assume

that total welfare is measured by adding the expected total utility of all con-

sumers. If consumers’ α’s are distributed by F , then the long-run expected

total welfare can be represented by:6

6The general distribution F is used here for ease of interpreting the expression. The total
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E(Total Welfare) =

∫ 1

E(α̂(γ∞))

(α−PG)f(α)dα+F (E(α̂(γ∞)))(H−k) (1.4.1)

where f is the first derivative of F and k denotes the marginal harm to the

environment of a unit of dirty good consumption. The first and second terms

of the expression (1.4.1) denote the total expected welfare derived from the

consumption of goods G and D, respectively.

The key variable in (1.4.1) is α̂(γ∞), which is the willingness-to-pay of

the consumer who is indifferent between purchasing the green or dirty good at

the long-run outcome.7 All consumers with α > α̂(γ∞) will purchase the green

good in the long-run, whereas all consumers with α < α̂(γ∞) will purchase the

dirty good.

Adding back in the assumption that α is uniformly distributed between

0 and 1, E(α̂(γ∞)) is simply equal to the expected long-run market share of

the dirty good (or one minus the expected long-run market share of the lower

quality green good), displayed below:

E(α̂(γ∞)|XG = L) = H + PG − C(1 +
1

λ1

) (1.4.2)

cost of searching is not included in the expression because as the population becomes large,
the percentage of the population that pays the search cost always converges to zero (see
Section 1.5 for details).

7Recall that even when the search cost is relative low, the thresholds α(γt) and α(γt) will
always converge to α̂(γt) as t→∞, so α̂(γ∞) is always the long-run indifference threshold.
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Now assume that a social planner can simply choose the value for the

cutoff point α̂(γ∞) that maximizes social welfare. All consumers above this

cutoff point will purchase good G and all consumers below it will purchase

good D. The choice of the optimal α̂(γ∞) for a lower quality green good

solves (where α’s are again distributed by F):

argmax

α̂(γ∞)

∫ 1

α̂(γ∞)

(α− PG)f(α)dα + F (α̂(γ∞))(H − k) ≡ α̂o(γ∞) (1.4.3)

With α distributed uniformly between 0 and 1, α̂o(γ∞) in the expression

(1.4.3) can be solved for explicitly:

α̂o(γ∞) = H + PG − k (1.4.4)

The expression (1.4.4) says that the willingness-to-pay of the socially

optimal indifferent consumer is equal to the quality difference plus the price

difference minus the marginal environmental harm.

Whether green good purchases should be encouraged can then be de-

termined by comparing E(α̂(γ∞)|XG = L) to α̂o(γ∞). Intervention is justified

when too few consumers purchase the green good than is socially optimal, or

when:

E(α̂(γ∞)|XG = L) > α̂o(γ∞)
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⇔ H + PG − C(1 + 1
λ1

) > H + PG − k

⇔ k > C(1 + 1
λ1

)

The expression above will be satisfied for higher marginal environmental

harms and lower search costs and green good quality perceptions. When it is

satisfied, the environmental externality outweighs the imperfect information,

making low cost methods of encouraging lower quality green good purchases

welfare improving. The decision whether green good purchases should be

encouraged is independent of both price and quality differences between the

green and dirty goods because they are not directly related to the market

inefficiencies.

Going forward, I assume it is socially optimal to encourage purchases

of all green goods, and I analyze what are the most effective methods of doing

so.

1.5 How to Encourage Green Good Purchases

Now I turn to the main question of this chapter: how can policymakers

(or private firms) most effectively encourage the performance of an entrant

green good? In other words, I show how public policy can be used to help green

goods overcome the various barriers to their market performance. Theorem

1.3.4 provided explicit characterizations of the probabilities of success and
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failure, the market shares at either outcome and the expected market shares of

any green good. Many of the results in this section follow from differentiating

these expressions with respect to the key parameters of the model.

1.5.1 Financial Incentives versus Informational Campaigns

Are consumers better persuaded to make green purchases by public

policy that offers financial savings or information? This is a common argument

in the literature on green goods [Stern, 1999].

First, I consider the impact of narrowing the price gap between the

entrant green good and the established dirty good. For a green producer,

this would simply entail lowering its price, which may or may not be feasible.

Government policies can narrow the price gap by subsidizing the consumption

of the green good or taxing the consumption of the dirty good.

Result 1.5.1: For a green good of any quality, when the price gap is

decreased, the market share increases at all possible long-run outcomes and

the probability of any long-run outcome remains constant. Therefore, the

expected market share increases.

When PG decreases, a lower willingness-to-pay to protect the environ-

ment is necessary for a consumer to purchase good G. Therefore, the consumer

who is indifferent between the two goods in the long-run (as t→∞) will have

a lower α. In other words, the market share at any long-run outcome increases.

The probability of each long-run outcome remaining constant is less

intuitive – one might think that narrowing the price gap should increase a
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green product’s chance of success. However, changing PG does not change the

probability that consumers make the “correct” collective decision about the

green good, so it does not change its probability of success. More technically,

this result is due to the fact that the long-run indifferent consumer, who has the

willingness-to-pay α̂(γ∞), is always located in the interior of the distribution

of consumers (0 < α̂(γ∞) < 1). Searching stops at the level of uncertainty

for which the search benefit equals the search cost for this long-run indifferent

consumer. The search cost is always fixed, so the search benefit at which

point searching stops is also fixed. This benefit is determined by the level

of uncertainty that remains in the model in the long-run (represented by the

likelihood ratio boundaries λ and λ). Since the likelihood ratio boundaries are

invariant to PG, the probabilities of each outcome must be invariant to the

price gap as well.

Next, consider the impact of using public policy to narrow the infor-

mation gap between the entrant green good and the established dirty good. I

assume the objective of publicly-funded informational campaigns is to lower

the search cost faced by consumers and therefore reduce the inefficiency caused

by imperfect information.8

8It may also be possible to narrow the information gap by increasing the initial quality
perception, perhaps via advertising. Since the information gap narrows as the perception of
product quality approaches either extreme (high quality with certainty or low quality with
certainty) and widens as the quality level becomes more uncertain, advertising will only
narrow the information gap if the perception of good G’s quality is relative high. I assume
advertising is the role of a private firm rather than policymakers, and it is discussed in detail
later in this section.
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Result 1.5.2: When the search cost is decreased, the market share of

any green good increases in the case of success and decreases in the case of

failure, the probability of success increases if the quality of the green good is

high and decreases if it is low, and the expected market share increases if the

quality of the green good is high and decreases if it is low.

When search costs are lowered, more consumers choose to search. More

consumers therefore learn the true product quality. In the long-run, it becomes

more likely that the uncertainty in the model will be resolved “correctly” (a

high quality green good will succeed and a low quality green good will fail). To

see why, note that when the search cost is relatively high, then the uncertainty

thresholds λ and λ are relatively close to each other, so that the actions of

a very small number of consumers can force the likelihood ratio to converge

to either threshold. When search costs are lowered, λ and λ move farther

apart, so it takes a relatively larger number of consumers to push λ close to

its thresholds. This allows for early mistakes to be corrected. In the extreme

case of zero search costs, the long-run outcome will always be the correct one,

because all consumers will search and learn the true product quality.

A related outcome of lowering the search cost is to increase the market

share of a green good that succeeds and to decrease the market share of a

green good that fails. The lower is the search cost, the lower is the threshold

λ for the successful outcome. This implies that in the long-run, consumers are

more convinced of the veracity of the “decision” they have collectively made.

More consumers are therefore willing to purchase the green good and endure
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the (now lesser) chance that it is actually a low quality good. An analogous

argument explains the lower market share at the failing outcome.

Combined, these impacts will lead to an increase in expected market

share for a high quality green good.9 On the other hand, decreasing the

search cost will lower the expected market share for a low quality green good,

primarily due to the increased probability of failure.10

Put together, these comparative statics on the price and information

gaps provide a number of potential implications for public policy. Consider

a situation in which the quality of the entrant green good is lower than that

of the established dirty good (for example, a green cleaning product that is

not quite as effective because it does not use certain toxins). The following

result says that unless the quality of the green good is equal to that of the

dirty good, financial incentives should be the primary tool used to encourage

long-run product performance.

Result 1.5.3: For a lower quality green good, financial incentives will

be effective in improving long-run expected market share while informational

campaigns will decrease long-run expected market share.

A direct implication of the comparative statics is that narrowing the

9The expected market share can decrease if there are a disproportionately large number
of consumers with α’s near the long-run indifference threshold, such that the decrease in
market share in the case of “failure” outweighs both the increase in market share in the
case of “success” and the increased probability of success. This is of course ruled out by the
assumption of a uniform distribution of α’s.

10With a more general distribution of α, this impact is ambiguous because the higher
market share in the case of success can outweigh the increased probability of failure.
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price gap will improve the long-term performance of a green product of any

quality, but narrowing the information gap will not. The intuition behind this

result is that a lower quality product benefits from the existence of imperfect

information, because consumers always believe there is a chance the product is

high quality.11 Removing this inefficiency is therefore harmful to green product

performance because consumers learn the truth about the lower quality of

the product. While it is not customary to think of consumer ignorance as

welfare improving, this model implies that this ignorance can in fact serve as

a substitute for government spending on environmental programs if it causes

more consumers to purchase a lower quality green good.

A common technique used to encourage the success of an entrant prod-

uct is to provide temporary incentives when it is first introduced on the market,

such as short-term price discounts or informational campaigns. In this model,

a short-term price discount (or sale) can be represented by a decrease in PG

for the first n consumers to act, while a temporary informational campaign

or educational program can be represented by a decrease in C for the first n

consumers to act. The following result says that temporary informational cam-

paigns are superior to temporary financial incentives for the highest quality

green products.

Result 1.5.4: Temporary price discounts have no impact on the prob-

11One might question whether this result is due to the low quality good G being the lowest
possible quality. In the next section I discuss extensions in which there are more than two
quality types.
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ability of success or long-run market share of any green good. Temporary in-

formational incentives can increase the expected market share of a high quality

green good.

To see why a sale will have no impact on any green good’s probability

of success, recall that long-term outcomes are invariant to the price difference

between the goods because the likelihood ratio thresholds are unchanged when

prices are changed (see Result 1.5.1), and the monotonicity property ensures

that the likelihood ratio will not “jump” past these thresholds in the short

run. Moreover, the market share at any long-run outcome will be unaffected

by a temporary price decrease as long as the population of consumers is large,

because as soon as the price is increased, the percentage of consumers that

will purchase the green good will return to its long-run level. Therefore, a

short-term price discount is not a good policy to encourage the long-term

performance of a green good.

A caveat to this result is that it relies on each consumer making only

a single purchase decision before the long-run outcome is determined – it

may therefore be most applicable to the case of durable goods. If, instead,

consumers made repeated purchases prior to the determination of “success”

or “failure,” then temporary financial incentives could potentially have value

in persuading consumers to try a product once in order to convince them it

is a high quality product so they will be willing to pay a higher price later.

However, policymakers have noted that consumers are often unwilling to pay

significantly more for an identical product than they have paid in the past

29



(this is discussed in more detail in Section 1.7).

On the other hand, a temporary informational campaign can have a

significant impact on long-run performance. Lowering the search cost in the

model has the effect of changing the uncertainty thresholds (λ and λ) that

determine the long-run perceptions of product quality. In particular, it moves

these thresholds farther apart, because searching can occur when there is less

uncertainty. For a high quality good, the probability of success can increase

because a greater number of consumers have the opportunity to search before

the collective “decision” about product quality is made (meaning the likelihood

ratio has approached a boundary), resulting in fewer “mistakes” in which the

likelihood ratio converges to the wrong threshold. In the extreme case of

a search cost equal to zero, the probability of success will be 100% if the

campaign is long enough, because consumers will continue to search until the

true product quality is learned.

The long-run market share can also increase at a successful outcome if

the temporary informational campaign is sufficiently long, because the percep-

tion of product quality can increase above the long-run uncertainty threshold.

In this case, as soon as the search cost returns to its long-run level, the likeli-

hood ratio is forever constant because searching is prohibitively expensive for

all consumers at that level of uncertainty.

Since it is difficult to prove analytically that short-term informational

campaigns have the impacts described above, model simulations can be used

to test the intuition. I assume there is a population of 10,000 consumers,
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PG = 0.5 and H + PG = 0.9.12 I also assume that the initial probability

that good G is high quality (γ1) is 50%. The numerical results will change for

different parameter selections, but the trends identified below are not sensitive

to these choices.

Table 1.3 displays the resulting long-term performance metrics for the

green good for 1, 000 model runs. The top rows show sensitivity to the size of

the program, where search costs for the initial 10 periods (so that 10 out of

10, 000 consumers have acted) are lowered from a base level of 10% of the price

difference (so that starting in the 11th period, the search cost is 10% in all

cases). The bottom three rows show sensitivity to the length of the program,

where the search cost is halved from its base level. It is evident from Table 1.3

that lowering the initial search cost could potentially have a significant impact

on product performance, and that bigger and longer informational campaigns

correspond with improved performance for a high quality green good.

1.5.2 Advertising

Producers of both low and high quality entrant green products often

aggressively market their products in order to change the public’s initial qual-

12The variable PG represents the percentage of the population that will purchase good D
even when it is known with certainty that good G is high quality, whereas H+PG represents
the percentage of the population that will purchase good D when it is known with certainty
that good G is low quality. Electric utility green pricing programs may be good examples
of green consumer products with very little quality uncertainty, and one survey found that
between 40% and 70% of European households state a willingness-to-pay a premium for
green electricity [Boardman & Palmer, 2003].
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Campaign Initial Market Share Probability
Length Costs at of

(periods) ( C
PG

) Success Failure Success Failure

0 10% 44.1% 15.9% 85.4% 14.6%

10 5% 45.9% 14.9% 88.5% 11.5%
10 1% 48.1% 14.1% 94.6% 5.4%
10 0% 48.8% 13.8% 95.8% 4.2%

1 5% 44.1% 15.8% 85.5% 14.5%
5 5% 45.9% 14.9% 88.5% 11.5%
50 5% 47.3% 12.7% 93.0% 7.0%

Table 1.3: Temporary Info Campaigns (XG = H)

ity perception. The following result says than an increase in initial quality

perception will increase the long-term performance of any green product.

Result 1.5.5: A marginal increase in initial quality perception will

increase any green good’s probability of success and its market share will be

unchanged at any long-run outcome. Therefore, the expected market share of

any green good increases.

By increasing the initial quality perception, it becomes more likely con-

sumers will determine the product is high quality (either correctly or incor-

rectly), because the initial likelihood ratio is closer to the threshold λ and

farther from the threshold λ than it was previously. However, since the values

of the thresholds λ and λ do not depend on λ1, the long-run market shares

do not depend on λ1. Combined, these effects imply an increase in expected

market share.

What if the initial quality perception is increased by a magnitude large
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enough such that λ1 < λ? Search costs are then prohibitively expensive for any

consumer, so no new information is ever added to the model, and the likelihood

ratio never changes. However, consumers’ higher perception of product quality

will increase the percentage of consumers willing to endure the (now lesser)

chance that good G is a low quality good, so good G’s long-run market share

increases. Thus, the expected market share of the green good increases with

any increase in initial quality perception.

1.5.3 Changing Environmental Preferences

Next, consider the impact of increasing consumers’ overall willingness-

to-pay to protect the environment. This is a common goal of public policy,

schools and environmental advocacy groups, who encourage citizens to volun-

tarily take actions to improve the environment.

Result 1.5.6: Consider a marginal increase in all consumers’ willingness-

to-pay to protect the environment. The market share of any green good will

increase at all possible long-run outcomes, and the probability of any long-run

outcome will remain constant. Therefore, the expected market share of any

green good will increase.

The impact of increasing consumers’ willingness-to-pay to protect the

environment is similar to the impact of narrowing the price gap in this model,

because these variables enter consumers’ payoff functions similarly and do not

impact the likelihood ratio thresholds. A caveat to this result is that this in-

crease in expected market share depends on all consumers’ preferences being
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changed, and does not necessarily hold when only some consumers’ preferences

are changed. The consumers who are nearly indifferent in their purchase deci-

sions are the ones who matter most, so these are the consumers that should be

targeted by efforts to change consumer preferences. If the willingness-to-pay of

only the most “green” consumers are increased, the performance of the green

good will not change, because these consumers would have purchased the green

good regardless. Similarly, if the willingness-to-pay of only the least “green”

consumers are increased (by a small amount), the performance of the green

good will not change, because these consumers will still purchase the dirty

good. The implementors of educational programs should therefore be cog-

nizant of who are the consumers that are approximately indifferent, because

educating these consumers will be the most effective means of encouraging the

performance of green products.

1.5.4 Impact on Transition Dynamics

This chapter is primarily concerned with how public policy can shape

long-run market outcomes. However, it is conceivable that differences in the

path taken toward these outcomes could be significantly impacted by policy

as well. For instance, lowering the search cost should make consumers’ per-

ception of product quality change more rapidly, because a greater percentage

of consumers will make their decisions after learning the true product qual-

ity (in other words, there is greater probability that each purchase decision is

informative because more consumers are searching).
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It is therefore somewhat surprising to discover that changes in transi-

tion dynamics in this model are almost entirely irrelevant. Consumers make a

collective “decision” about product quality so rapidly that marginal changes

in this process are insignificant.

I have shown that the likelihood ratio will never actually reach the

thresholds λ or λ, but instead will converge toward one or the other. However,

it turns out that after a very small number of purchase decisions are observed,

the likelihood ratio always moves very close to one of the thresholds, at which

point the probability that it will change directions and converge in the long-run

to the other threshold is virtually zero. This implies that an extremely small

number of consumers almost completely determine whether the green good

“succeeds” or “fails.”13 If the initial consumers to make purchase decisions

have relatively high (low) levels of willingness-to-pay compared to the entire

population, success (failure) for the green good will follow.

Again, model simulations can be used to display this result, using the

same parameter assumptions as above. Table 1.4 displays the results of 1, 000

model simulations for various search costs, where the search cost is displayed

as a percentage of the price difference. The median and maximum number of

consumers who search are shown for each good G quality type. Recall that

13The tendency of “herds” to occur based on a very small number of decisions has pre-
viously been shown in observational learning models with identical consumers [Banerjee,
1992, Bikhchandani et al., 1992], where it is more intuitive that consumers would simply
copy the actions of others. This result holds in this chapter’s model even with a high degree
of consumer heterogeneity.
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Costs Searches Mkt Share at Prob. of
( c
PG

) Med Max Success Failure Success Failure

High Quality Good G
10% 3 16 44.1% 15.9% 85.4% 14.6%
5% 3 19 47.3% 12.7% 93.3% 6.7%
1% 4 16 49.5% 10.5% 98.7% 1.3%

10−10% 23 42 50.0% 10.0% 100.0% 0.0%
Low Quality Good G

10% 3 19 44.1% 15.9% 14.6% 85.4%
5% 4 20 47.3% 12.7% 6.7% 93.3%
1% 5 22 49.5% 10.5% 1.3% 98.7%

10−10% 30 52 50.0% 10.0% 0.0% 100.0%

Table 1.4: Sensitivity to Search Costs

there are assumed to be 10,000 consumers in the population.

As expected, the convergence of search costs to zero leads to a conver-

gence to the “correct” long-run outcomes (certain success for a high quality

good G and certain failure for a low quality good G). The main result of

Table 1.4 is that when the population is large, any non-zero search cost will

imply that essentially 0% of the population will choose to search (meaning the

number of consumers who search divided by the population rounds to 0%),

even when search costs are as low as 10−10% of the price difference. In other

words, any non-zero search cost implies that all searching will stop well before

even a single percent of the population has made a purchase decision. The

success or failure of the green good is therefore almost completely determined

by just these first few consumers.
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Lowering the search cost does have the anticipated effect of increasing

the number of consumers who search, but this effect is too small to even

be detected until search costs approach zero. The transitions to the long-run

outcomes occur too rapidly for such parameter differences to have a significant

effect.

There are a number of potential explanations for the speed of this

collective “decision.” Psychologists have often noted that social epidemics can

be controlled by just a handful of individuals. This “Law of the Few” has been

recently popularized by Gladwell [2000], who hypothesizes that relatively few

consumers determine whether sales of a product reach a particular critical

mass, at which point the product either enters the mainstream consciousness

or disappears. This model appears to provide some economic justification for

this intuition.14

If the fate of green products are indeed determined as rapidly as this

model suggests, firms and policymakers should be careful about promoting a

product that has not yet been perfected. The initial version of the product that

is released to the market could determine its long-run reputation. A product

may gradually improve its quality over time, but it may be very difficult to

change the public’s perception.

Another interesting policy implication to consider is whether it is pos-

14However, it should be noted that according to this “tipping point” theory, there is
nothing random about the identity of the early-to-act consumers. They are members of
society with a particular set of skills or connections [Gladwell, 2000].
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sible to influence who are the “first movers” in the market. The ability to

shape the influential early purchase decisions by replacing the randomly se-

lected consumers with high willingness-to-pay consumers could be extremely

valuable. However, this is likely not the right model to test such strategies,

because such efforts would not have their intended effect if all other consumers

were aware that the first movers were manipulated in this way; if consumers

know that the first movers have particularly high α’s, their purchases of the

green good would be less influential.

Of course, it is also conceivable that the relative simplicity of this model

is responsible for the speed of the transition to the long-run outcome. The

model does not reflect certain frictions that clearly exist in reality. For ex-

ample, it is unrealistic to assume that searching will necessarily lead to 100%

certainty about product quality for an individual consumer. The learning dy-

namics may be unrealistic as well. After all, the model implicitly assumes that

every consumer knows precisely what are the parameters of the model, pays

attention to the action of each previous consumer, and has equal accessibility

to all products. Nevertheless, when such frictions are added to this model

with the explicit purpose of slowing down the pace at which collective “deci-

sions” are made, the increase in the number of consumers who search is still

insignificant compared with the size of the population (see Appendix A.4 for

the details and a discussion of these revised models).
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1.6 Model Extensions

1.6.1 Price Uncertainty

One of many simplifying assumptions in the model presented in the

previous sections is that the only source of uncertainty is the quality of the

green product. In reality, there are often many uncertainties related to an

entrant green product. This model permits extensions to incorporate at least

two other uncertainties: price uncertainty and consumer skepticism of envi-

ronmental quality. I briefly discuss these revised models below, and complete

model assumptions, derivations, and results are provided in a companion pa-

per [Kaufman, 2011].

One major subclass of green consumer goods are energy efficient prod-

ucts, for which environmental benefits are derived from a lower usage of energy

compared to a substitute product. Most household appliances now offer energy

efficient variants, and energy efficient light bulbs will be discussed in detail in

the next section.

A primary source of uncertainty with any such product is its total cost

to consumers, which is comprised of both its sticker price and its operating

cost. In general, for an energy efficient product, the sticker price is higher but

the operating cost is lower compared to a substitute dirty product. Many con-

sumers are not well aware of the operating costs of their household appliances

and do not calculate how the costs of various appliances differ for the life-

cycle of the products, either because they do not have sufficient information

or because it is not worth their time [Di Maria et al., 2010]. Therefore, there
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is uncertainty related to the price of the green product – it is not obvious to

consumers which product is more expensive or by how much.

When the base model is extended to incorporate this uncertainty in

price, the analysis is significantly complicated but the conclusions of the pre-

vious section are largely unchanged. The key difference in the model is that

when both quality and price uncertainty are present, there are more than two

potential “true” types of green good. The results offer a natural generaliza-

tion to the arguments seen above. For instance, informational campaigns are

effective in encouraging the purchase of the best green goods and counterpro-

ductive for the worst green goods. Interestingly, even though there is explicit

uncertainty in price, the long-run outcomes remain invariant to changes in the

price gap between the green and dirty goods as long as the long-run indifferent

consumer is still located in the interior of the distribution of consumers.

1.6.2 Consumer Skepticism of Environmental Claims

There is another component of a green product’s quality – its “environ-

mental quality” – in which consumers must have confidence in order to consider

purchasing the product. In other words, consumers must believe the product

is actually beneficial to the environment. Corporations commonly resort to

“greenwashing,” when information is disseminated by an organization to con-

ceal its abuse of the environment in order to present a positive public image.15

15Greenwashing includes claims that are entirely false, but most claims are more nuanced.
For example, a firm will point to a single environmentally-friendly ingredient or component
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Concerns about greenwashing have led to the popularity of “eco-labeling” for

certain products, but the problem is far from solved. A 2009 study examined

2,219 claims about green products and found that over 90% committed some

form of greenwashing [TerraChoice Environmental Marketing, 2009].

Adding environmental uncertainty has more of a material impact on

model results than adding price uncertainty. From a technical standpoint, a

major difference in this model is the possibility for “complete learning” – when

consumers determine a product characteristic with certainty. For certain pa-

rameter values, consumers know that no one would purchase the green product

if it were a “fake” environmental good, and no one would purchase without

searching. Therefore, if a green product purchase is observed, consumers im-

mediately become certain it is a “real” environmental good. The existence of

complete learning rules out any “no jumping” conditions and therefore adds

discontinuities to the model.

A result is that the probabilities of each long-run outcome are no longer

invariant to changes in price.16 Therefore, in contrast to the base model,

short-term financial incentives can be effective in a model with environmental

uncertainty by increasing the probability of success for the green product.

to its business, and not mention that other ingredients or components of its business are
harmful to the environment.

16This is because of the possibility of “corner solutions,” in which the last consumer in
the distribution to find it worthwhile to pay the search cost has an α of exactly 1. In this
case, the search cost does not equal the search benefit for any consumer when all searching
stops.
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1.6.3 Consumer Awareness and Product Availability

McKinsey & Company’s 2007 global survey on green products identifies

awareness and availability as two major barriers to the market success of green

products [Bonini & Oppenheim, 2008]. While the base model does not account

for these barriers, it is straightforward to extend the model to include their

effects. When a consumer is chosen to act, it can be assumed that with some

probability, the consumer is unaware of the existence of the green good, so she

automatically chooses to purchase the dirty good, regardless of her willingness-

to-pay to protect the environment. It can also be assumed that with some other

probability, the consumer is at a store that does not carry the green product,

so she has no choice but to purchase the dirty product.

Frictions in awareness and availability will have the same impact on

the model. They both cause certain consumers to purchase the dirty product

when they would have received a higher expected payoff from purchasing the

green product.

It is generally assumed that frictions in awareness and availability hin-

der the market performance of green products. Indeed, the most direct impact

of these frictions in the model is that any given consumer is less likely to pur-

chase the green product, which implies that the market share at any outcome

will decrease. However, the impact on a green product’s probability of success

is ambiguous. While consumers are more likely to observe the purchase of a

dirty product, the observation of a green product purchase is far more influ-

ential in changing the quality perception than is the observation of a dirty
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product purchase. Consumers are less persuaded by the signal provided by a

dirty product purchase because they know many consumers did not even have

the option of purchasing the green product. For certain parameter values, the

probability of success could therefore increase with the addition of awareness

and availability frictions.

Adding these frictions to the model does not change any of the previ-

ously noted trends on the relative effectiveness of various public policy options.

Of course, public policy can also be used to improve awareness and availability.

These are often explicit goals of both financial incentives and informational

campaigns.

1.7 Case Study: Compact Fluorescent Light Bulbs

Compact fluorescent light bulbs (“CFLs”) are green substitutes for

more traditional incandescent light bulbs. In this section I will discuss the

performance of programs to encourage CFL purchases in the U.S. residential

market over the past two decades and compare this performance to the pre-

dictions of this chapter’s model. As a part of this exercise, I use empirical

data from 2007 to gauge the relative effectiveness of financial incentives versus

informational campaigns at encouraging the market performance of CFLs.
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1.7.1 An Overview of Compact Fluorescent Light Bulbs

The origin of fluorescent lighting technology dates back to the 1800s,

but it was not until the 1980s that compact fluorescent light bulbs became

sufficiently inexpensive to compete with incandescent bulbs. CFLs are of-

ten referred to as “energy efficient” light bulbs because the typical CFL uses

approximately 75% less energy than an incandescent bulb. Since lighting ac-

counts for approximately 15% of U.S. residential electricity use and consumers

pay over $10 billion annually to light their homes, consumer purchases of CFLs

have the potential to have a significant impact on national energy use.17 Of

course, less energy usage implies that less burning of dirty fossil fuels is nec-

essary.

Beside their environmental benefits, CFLs offer consumers two distinct

advantages over incandescent bulbs. First, they offer considerable savings

on electricity bills because CFLs require far less energy to produce the same

amount of light. Also, on average, CFLs last between six and ten times longer

than incandescent bulbs. Consumers therefore save considerable time, energy

and money in not having to replace bulbs as often.

CFLs are an ideal case study for this model. They have been con-

fronted with each of the market barriers to entrant green products discussed

above, and uncertainty in both quality and price have affected their market

performance. As for any energy efficient product, there is price uncertainty

17General information on CFLs per the U.S. government’s Energy Star program
(www.energystar.gov).
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because a comparison between CFLs and incandescent bulbs depends not only

on the initial cost, but also on the cost of electricity and the products’ rates

of electricity usage and relative lifetimes, which are generally not known by

consumers [Di Maria et al., 2010]. There is quality uncertainty as well, because

CFLs are relatively new products that have significant differences from incan-

descent bulbs in shapes, sizes, capabilities and light quality, and consumers

are often unaware of these product characteristics before making purchase

decisions.

Efforts by government agencies and electric utilities to encourage CFL

purchases have existed for over two decades because of the environmental ben-

efits and energy savings opportunities associated with widespread CFL usage.

These CFL programs have included both financial incentives and informational

campaigns. In what follows, I first discuss the failure of these efforts in the

1990s, when CFLs were low quality products. Then, I examine why, in recent

years, these efforts have been more successful as product quality has improved.

1.7.2 The Early Years of Compact Fluorescent Light Bulbs

By the early 1990s, CFLs were competing with incandescent bulbs for

market share across the United States. The CFLs of this period did not

closely resemble those available today. The average sticker price was over $20

in the early part of the decade, and still over $10 in 1999. They were widely

perceived as low quality products, and for good reason. Surveys and consumer

focus group consistently noted performance issues such as humming, flickering,

45



delayed start times, and poor outdoor performance [Pacific Northwest National

Laboratory, 2006]. They were incompatible with many fixture types and lacked

the ability to be dimmed. They also often broke, thus adding uncertainty to

their life-cycle costs. Consumer Reports published a very critical product

evaluation in 1999 noting that many CFLs failed to live up to their claims of

product performance and longevity [Consumer Reports, 1999].

Nevertheless, because of the large efficiency gains, CFL usage was ag-

gressively encouraged throughout the 1990s in certain regions of the country.

California’s efforts to encourage CFL purchases began in the late 1980s, with

full-scale programs up and running by 1992 [California Public Utilities Com-

mission, 2010]. Various programs in New England, New York, Wisconsin and

the Pacific Northwest were initiated within a few years later [Vrabel et al.,

2000]. These efforts to encourage CFL purchases were not successful in trans-

forming the residential lighting market. The U.S. residential market share of

CFLs remained below 1% throughout the entire 1990s, even in California where

efforts had been most heavily focused [Pacific Northwest National Laboratory,

2006].

It is tempting to attribute this lack of market success to the drawbacks

of the CFL technology, but for at least two reasons, this explanation alone

is insufficient. First, many foreign countries had a great deal of success pro-

moting the same CFLs to residential customers in the same time period. As

early as 1993 in Japan, 80% of household lighting was provided by fluores-

cent lamps [Pacific Northwest National Laboratory, 2006]. By 1996, one study
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found that 56% of households in the Netherlands, 50% of households in Ger-

many, 46% of households in Denmark, and 20% of households in the United

Kingdom had CFLs installed [Calwell et al., 1999].

Poland is a particularly interesting case of a successful CFL program in

the 1990s. Despite lower household income and comparable electricity prices

to the U.S., the residential market share of CFLs in Poland jumped from

nearly zero in 1993 to over 30% in 1998 as the Poland Efficient Lighting

Project (“PELP”) provided a large-scale, centrally-coordinated financial in-

centive campaign [Calwell et al., 1999]. The Global Environmental Facility,

which funded PELP, concluded that its success could largely be attributed to

the “skillful way price incentives were used” (manufacturers bid against one

another on the size of the discounts they would offer). An independent evalu-

ation concluded: “it is highly unlikely that the dramatic sales increases, price

decrease, and other effects would have occurred without PELP” [Campbell,

1997].

A second reason to doubt the inevitability of the failures of CFL pro-

grams in the U.S. residential market in the 1990s is that by the end of the

decade, CFLs had become extremely popular in both the commercial and in-

dustrial sectors in the United States. According to a 1999 National Resource

Defense Council report, “Energy efficient light sources have enjoyed substantial

success in the commercial and industrial marketplace, where their longevity

and savings are appreciated, but remain a niche product in the residential mar-

ketplace.” The more sophisticated customers in the commercial and industrial
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sectors found the operating cost savings attractive, and many companies saw

CFL usage as an easy way to brand themselves as conscious of energy savings

and environmental issues [Calwell et al., 1999].

It is therefore likely that despite the low product quality, the U.S.

residential lighting markets could have been transformed in the 1990s, but

were not. This chapter’s model provides a number of potential explanations

for these failures. For one, a large portion of the efforts to encourage CFL

performance in the 1990s were marketing and outreach programs in which

consumers were informed of the benefits of CFLs as replacements for incan-

descent bulbs [Vrabel et al., 2000]. An implication of this chapter’s model

is that informational campaigns may be ineffective at encouraging the mar-

ket performance of a lower quality entrant green good because removing the

imperfect information makes consumers more aware of the quality differences

between the products.

Also, the financial incentives used to promote CFL purchases were gen-

erally designed as short-term campaigns, likely due to budgetary concerns,

political philosophy, or both. According to a government-funded study on

CFL programs, “The goal of utility financial incentive programs is to tem-

porarily lower the cost to whet the consumer’s appetite for high-efficiency

products” [Pacific Northwest National Laboratory, 2006]. The most common

strategy was to implement week or month-long programs in which prices were

reduced for that period only. Rebates were envisioned only as a short-term

means of encouraging consumer purchases, and therefore implementors were
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very cautious about making sure consumers knew the “true” price as well as

the discounted price so they were not surprised when the incentives were dis-

continued [Vrabel et al., 2000]. This chapter’s model predicts that short-term

financial incentives may have an immediate impact on individual purchase

decisions but will not have an impact on long-run outcomes because the reso-

lution of the product uncertainty is invariant to price differences.

Finally, the fate of an entrant green product is determined relatively

quickly in the model. It is not clear that the importance of initial consumer im-

pressions on CFLs were well accounted for in the 1990s. Looking back on these

mistakes, a government-funded study recommended: “Introduce new lighting

technology first in niche applications where benefits are clearly defined, and

consistent with buyer needs. Identify and focus first on niche markets where

the benefits of the new technology make sense” [Pacific Northwest National

Laboratory, 2006]. In other words, environmentally-conscious consumers, who

would have been happy with the product despite its deficiencies, could have

been targeted first. Instead, CFLs were marketed as a new and improved ver-

sion of incandescent bulbs. Once consumers decided they were not substitutes,

even improvements in the technology and decreases in price were insufficient

to change their minds. Indeed, one program implementor lamented in 2000:

“Enticing these customers to re-try the technology has been difficult, despite

vast improvements in product performance and quality” [Vrabel et al., 2000].

49



1.7.3 Compact Fluorescent Light Bulbs in Recent Years

The CFLs sold in recent years are substantially improved from those

sold in the 1990s. This is due to improvements in both quality and price. The

gap between the sticker price of CFLs and incandescent bulbs has shrunken

significantly. By 2009, the average price was only $2.50. While this is still

over two times more expensive than comparable incandescent bulbs, it is small

enough that consumers can often recoup the initial price gap in less than a

year with electricity savings.18

CFLs are now much higher quality products. They are compatible with

nearly all fixture types, they start up faster, they work with dimming switches,

and they break far less often than they used to. While consumers still note a

difference between the light emitted by CFLs and incandescent light bulbs, it

is no longer clear that one is viewed as a superior product. In a nationwide

survey of over 30,000 customers in 2008, over three-quarters stated that the

light quality of CFLs was either the same or better than that of incandescent

bulbs [Reid, 2008].

Government and electric utility-sponsored efforts to encourage CFL

purchases have changed and expanded dramatically. Most notably, central-

ized coordination, oversight and funding of CFL programs has replaced the

hodgepodge of unconnected regional efforts of the 1990s. Energy Star, an

energy-efficient product labeling program sponsored by the U.S. Department

18Per Energy Star (www.energystar.gov) and the Hinkle Charitable Foundation
(http://www.thehcf.org/cflprimer.html).
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of Energy and the U.S. Environmental Protection Agency, began its CFL

program in 1999. This program provides labels that are recognized by most

consumers and it provides manufacturers with a single set of specifications to

which they can design their products. The Program for the Evaluation and

Analysis of Residential Lighting (PEARL) was also developed to ensure CFLs

lived up to their performance claims [Pacific Northwest National Laboratory,

2006]. In the early 2000s, Energy Star launched its “Change a Light, Change

the World” national outreach campaign.

Another large boost to CFL sales has been the increasing trend for con-

sumers to purchase light bulbs at “big box stores” such as Wal-Mart, Home-

Depot and Lowe’s [California Public Utilities Commission, 2010], along with

Wal-Mart’s enormous 2007 CFL marketing initiative. To boost the sales of a

growing product and to improve its image as a socially conscious corporation,

Wal-Mart announced it would sell over 100 million CFLs in 2007 by increas-

ing volume, lowering costs and price points, as well as expanding shelf space

and selection and improving marketing. Wal-Mart later declared that it far

exceeded this goal, selling approximately 160 million CFLs in 2007, estimated

by the Department of Energy to be over 40% of nationwide CFL sales [Energy

Star, 2009].

In the past decade, CFLs have indeed achieved a certain degree of

success in the U.S. residential lighting market. Using shipment data, the De-

partment of Energy estimates that the nationwide CFL market share climbed

to nearly 20% by 2008 [Energy Star, 2009].
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This market success has varied widely across different regions of the

country. California, the Northwest and certain states in New England (Ver-

mont and Maine in particular) have stayed far ahead of the rest of the coun-

try in terms of market penetration [Energy Star, 2009]. According to a re-

cent estimate, over 80% of California households have purchased at least one

CFL [California Informal Working Group on Lighting, 2009]. Rural areas and

many Southern states have typically lagged far behind [Pacific Northwest Na-

tional Laboratory, 2006]. The existence and level of funding of CFL programs

still widely varies from region to region as well.

This heterogeneity in program funding and market outcomes raises the

question: what types of programs have been successful at encouraging CFL

sales? This chapter’s model predicts that both informational campaigns and

financial incentives can be effective at encouraging the performance of a high

quality entrant green product. In what follows, I present the results of an em-

pirical analysis with the objective of determining whether financial incentives

or informational campaigns have been more effective. Please refer to Appendix

A.2 for a complete description of data sources and methodologies used.

The primary data sources for this analysis are 2007 CFL sales data

by U.S. Metropolitan Statistical Area (“MSA”) and detailed information on

all local and regional CFL programs that Energy Star has sponsored since its

tracking efforts began in 2006 (see Appendix A.3 for a discussion of the ex-

pected bias resulting from data limitations). The estimated program budgets

for financial incentives and informational campaigns have been separated by
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MSA for consistency.19

Regression analysis is used to isolate the impact of CFL program ac-

tivities on sales. This analysis requires the collection of data on various other

factors which, at least theoretically, should cause certain MSAs to have higher

sales levels than others. For instance, MSAs that have consumers with rel-

atively large levels of willingness-to-pay to protect the environment should

have relatively higher CFL sales levels. Higher electricity prices should de-

crease the price gap between CFLs and incandescent bulbs, therefore making

CFLs more attractive to consumers. Previous studies have shown that certain

demographic features of an MSA may be correlated with the level of CFL

sales [Reid, 2008, Mills & Schleich, 2010, California Public Utilities Commis-

sion, 2010]. In particular, higher income levels are generally associated with

higher levels of CFL sales.

Additionally, since the sales data are only from a handful of national

retail chains, there is reason to believe that these data could be significantly

biased to reflect different accessibility levels to the largest CFL chains that

participated in the data collection effort. Accessibility to Wal-Mart stores

is particularly troubling, given the substantial percentage of nationwide CFL

sales from that store alone in 2007. Therefore, the number of stores in each

19Financial incentives include manufacturer buy-down programs (paying the manufacturer
directly to reduce the price it charges retailers), retailer mark-down programs (paying the
retail store to reduce the price it charges customers), and rebate programs. Informational
campaigns include advertising (TV, radio, print, or in-store materials to improve the public
perception of CFLs), educational programs (providing consumers with information on the
environmental and energy-saving attributes of CFLs), public events and free CFL giveaways.
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MSA for the largest CFL retailers in the country is used as a proxy for the

accessibility to these stores.

Finally, CFL programs existed in certain MSAs before these sales data

were collected in 2007. Therefore, isolating CFL program impacts requires

that pre-existing programs are controlled for, because all else equal, partially-

transformed markets should have had fewer incandescent bulbs to replace in

2007.

A summary of these data and OLS regression results are in Tables 1.5

and 1.6. Two regressions are displayed (additional model specifications are

provided in Appendix A.2). The dependent variable in the first specification

is CFL sales. The Wal-Mart accessibility variable appears to be the primary

factor driving the results of this regression. This is perhaps unsurprising con-

sidering the potentially large percentage of these sales data that are from Wal-

Mart. It is also consistent with a recent California program evaluation which

noted: “Large Energy Star retailer partner sales may currently have such an

overwhelming effect on the national CFL market that variations in the larger

retailers presence in each state simply drown out the signal from other influ-

ences on sales, including programs” [California Public Utilities Commission,

2010]. Therefore, a second specification is provided in which CFL sales per

Wal-Mart is the dependent variable in order to more directly control for Wal-

Mart accessibility. The signs of the coefficients are nearly identical compared

to the first specification, but a number of the coefficients are now significantly

different from zero.
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The regression control variable coefficients generally have the signs that

are expected. MSAs with higher median household incomes, populations and

population densities have greater sales levels. Democratic-leaning MSAs tend

to purchase more CFLs than Republican-leaning MSAs.20 MSAs with higher

electricity prices had higher sales levels and MSAs with pre-existing CFL pro-

grams had lower sales levels, although these impact are not highly significant.

Of primary interest is the difference between the coefficients on the vari-

ables for financial incentives and informational campaigns. These regressions

provide some evidence that informational campaigns were more effective at

encouraging CFL sales than were financial incentives. A test of the hypothesis

that the impacts are equal has a p-value under 0.15 in the first specification

and under 0.01 in the second specification.

These coefficients merit further attention because of the limitations of

these data (Appendix A.3 contains a full analysis of the expected bias). Of

course, if it were available, panel data would be an improvement over cross-

sectional data – one might suspect the sales level prior to 2007 will impact

both 2007 sales (the dependent variable in the regression) and the existence

and level of CFL programs in 2007 (independent variables in the regression),

which would cause endogeneity bias to impact the regression results. While

20The negative coefficient on the “Environmental Preference” coefficient is unexpected.
However, when the proxy for “Political Leaning” is excluded, the coefficient on the “Envi-
ronmental Preference” variable becomes positive and weakly significant in the second model
specification. This is likely due to the high correlation between Democratic-leaning MSAs
and those that have high levels of willingness-to-pay to protect the environment.
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the magnitude of this bias is unclear, its expected sign can be determined by

the expected correlations of the omitted variable with the included indepen-

dent variables (negative) and the omitted variable with the dependent variable

(positive). The result is an expected downward bias on the coefficients of the

CFL program variables. In other words, these regressions should understate

the impact of financial incentives and informational campaigns on CFL sales.

This bias provides a potential explanation for small and negative coefficients

on the variables for program incentives.

However, even if both of these coefficients are biased, the difference

between them is not necessarily biased as well. The bias of the difference in

coefficients will depend on whether sales prior to 2007 are more highly corre-

lated with 2007 financial incentives or informational campaigns. If we assume

these correlations are equal, then the difference between the coefficients is un-

biased. In fact, the negative coefficient on the variable for financial incentives

implies that if the difference between the coefficients is biased, it is likely bi-

ased downward, thus providing further evidence that informational campaigns

have been more effective than financial incentives at encouraging CFL pur-

chases (see Appendix A.3 for details).

The result that informational campaigns have been relatively successful

at encouraging CFL purchases is consistent with the prediction of this chap-

ter’s model, which suggests that providing consumers with information should

always help encourage the success of high quality green products. The result

that financial incentives have been relatively ineffective could be due to data
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limitations or it could reflect deficiencies in CFL program designs. Recall that

the model predicts that short-term financial incentives can be an ineffective

method of encouraging even high quality green purchases. Permanent price

subsidies for CFLs are still very uncommon.

This finding is also consistent with various professional studies of CFL

programs which have found that financial incentives have not led to mar-

ket transformations. The National Resource Defense Council lamented that

utilities’ focus on short-term profits resulted in CFL programs with “the time-

honored formula: pay rebates to entice people to buy products. However,

these start-and-stop efforts rarely ratchet toward a long-term change in con-

sumer preference. If anything, they only prove that everybody loves a sale, and

that many people are willing to wait for the next one before buying again.”

The report recommends that programs shift resources from product incentives

to marketing investments and that utilities, manufacturers, retailers, and the

government work together to build a message of value instead of price in cus-

tomers’ minds [Calwell et al., 1999]. Similarly, a 2006 U.S. government-funded

study noted that financial incentives tend to confirm consumers’ suspicions

that CFLs are “drastically overpriced,” and so they can actually be detrimen-

tal to the overall public perception of the product [Pacific Northwest National

Laboratory, 2006].

A potential caveat to this conclusion comes from my discussions with

CFL program implementors. I was repeatedly told that both financial incen-

tives and informational campaigns in tandem are crucial to the success of their
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programs, and that one could not work without the other. The importance

of both program types is also noted in the literature on the psychology of

green product purchases [Stern, 1999]. Evidence of this interaction effect is

not found in the regressions – an interaction term between the variables for

financial incentives and informational campaigns is not significantly different

from zero.

While these empirical results are based on limited data, they represent

the first attempt of which I am aware to gauge the relative effectiveness of

commonly used methods to encourage green product purchases. It is likely

that the lessons learned will be enhanced in the future when additional data

sources become available.

1.8 Conclusions

This chapter presented a dynamic model of observational learning and

costly search in which a green consumer good enters a market to challenge an

established dirty product. I showed that as long as it is relatively inexpensive

for consumers to determine a green good’s quality type, multiple long-run

outcomes are possible, and green products can “succeed” or “fail” with positive

probability. Using both theoretical analyses and model simulations, I solved

for the long-term performance of the green good in the market, in terms of

its probability of success and its market share, and arrived at the following

conclusions.

Under certain conditions, it is welfare improving to use public policy to
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encourage green good purchases. Both financial incentives and informational

campaigns can be effective tools to improve the performance of a green con-

sumer good as long as its quality is comparable to a dirty substitute good. To

encourage the performance of a lower quality green good, financial incentives

may be the only effective policy tool. However, if only short-term policies

are feasible, temporary informational campaigns will be more effective than

temporary price discounts at encouraging the long-term performance of a high

quality green good.

Additionally, the long-run performance of a green product is determined

relative rapidly and by a very small percentage of consumers. Firms and

policymakers should be aware of these factors when deciding when to bring a

product to market and which consumers to initially target.

Finally, the market performance of compact fluorescent light bulbs in

the U.S. residential market was used a case study. The CFLs of the 1990s

were a low quality product and efforts to encourage their market performance

largely failed. The CFLs of recent years are higher quality products and efforts

to encourage their market performance have been more successful. Regression

analysis indicates that informational campaigns in particular have succeeded

at encouraging CFL sales in recent years. The model provides potential ex-

planations for these successes and failures.
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Chapter 2

The Bias of Integrated Assessment Models

that Ignore Climate Catastrophes

2.1 Introduction

Events of the past few decades have proven that relying on financial

models that do not account for worst case scenarios can be dangerous. The

$4.6 billion collapse of the hedge fund Long Term Capital Management in

1998 was precipitated by the Asian Financial Crisis. The downfall of Lehman

Brothers and Bear Stearns in 2008 stemmed from the collapse of the U.S. real

estate market. The complex computer models used by these once powerful

and respected firms were useless in preventing massive destructions of wealth

once confronted with the occurrence of low probability catastrophes. In retro-

spect, more attention should have been paid to the limitations of these models,

particularly with respect to their treatment of worst case scenarios.

Economists use integrated assessment models (“IAMs”) to determine

the optimal policy response to climate change. These are extremely complex

and computationally burdensome models of the global economy that translate

the financial and ecological impacts of climate change damages and prevention
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efforts into costs and benefits to society. The output of an IAM is an optimal

level of abatement spending to prevent climate change, which can be converted

into an optimal tax on carbon dioxide (or “social cost of carbon”). IAMs have

been developed by some of the most renowned and accomplished economists

in the world, and they represent tremendous advancements in our ability to

model the impacts of climate change. The results of integrated assessment

models have led many economists to support particular levels of climate change

prevention efforts, and policymakers have often cited the results of IAMs in

policy proposals.

However, many of the assumptions underlying the predictions of the

IAMs are not well understood. The objective of this chapter is to display one

major weakness of integrated assessment models of climate change. Simply

put, this chapter shows that the results of these models are too imprecise

to lead to meaningful policy recommendations. This is due to two highly

restrictive assumptions made by the IAMs.

First, it has been well established that they ignore the potential for

the occurrence of the most severe climate catastrophes, even as the evidence

builds that we may be approaching “tipping points” leading to events such

as the collapse of the West Antarctic ice sheet, the shutoff of the Atlantic

thermohaline circulation, or an amplification of global warming caused by

biological and geological carbon-cycle feedbacks [Fussel, 2009]. Second, IAMs

often use social welfare functions that tie together preferences toward risk

and intertemporal substitution. I will show that this assumption has led to
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misguided arguments that the willingness-to-pay of society to prevent these

catastrophes is either zero or negative.

In this chapter, I estimate a more realistic range of risk premiums

toward severe climate catastrophes, defined as the amount of consumption so-

ciety will forgo in order to avoid the potential for a catastrophe. I use the best

available scientific estimates on climate catastrophes and I make the most natu-

ral generalization of the preference specification used by the IAMs, so that risk

aversion and intergenerational transfers are governed by separate parameters.

The resulting range of risk premiums indicates that our willingness-to-pay to

prevent climate catastrophes is less likely to be zero than it is to be as large

as the entire abatement policies prescribed by the IAMs.

The implication of this result is that the optimal carbon dioxide prices

(or range of prices) solved for by IAMs are too imprecise to be used to support

any particular policy recommendation. While it is comforting to believe that

economists have arrived at a scientific solution for an “optimal climate change

prevention policy,” this belief is dangerous if the solutions we have found are

severely biased.

Economists should perhaps focus their efforts more on alternative meth-

ods of improving the economic efficiency of climate change prevention policies,

such as finding cost minimizing levels of expenditures that will decrease risks

to more acceptable levels. In preventing climate change, the stakes are too

high for us to repeat the mistake of putting too much trust in models that fail

to appropriately account for the worst case scenarios.
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2.1.1 Background and Literature Review

The ideas of this chapter closely follow Martin Weitzman’s: “On Model-

ing and Interpreting the Economics of Catastrophic Climate Change” [2009a].

Weitzman’s paper can be described in three parts. First, he compiles a group

of reputable and recent scientific studies of potential damages from climate

change in order to arrive at a “scientific consensus” for the probability of a

severe climate catastrophe. These data display a distribution of potential cli-

mate outcomes that has far more weight on the tails of the distribution than

do the most commonly assumed distributions, such as the normal distribution.

Second, Weitzman’s “Dismal Theorem” makes a Bayesian statistics-based ar-

gument that the uncertainty related to the variance of the underlying prior

distribution leads the posterior distribution of expected utilities to have “fat

tails.” This implies that there is an infinite expected marginal utility for one

certain unit of consumption in the future. Finally, Weitzman concludes that

the results of expected utility based cost-benefit analyses (in particular, IAMs)

are “superficially precise” because they do not account for this structural un-

certainty related to the fat tails of the distribution of climate outcomes.

Weitzman’s conclusion is extremely important, but it is also controver-

sial. William Nordhaus, a preeminent climate change economist and a pioneer

in developing integrated assessment models of climate change, has published

a lengthy critique of Weitzman’s paper. Nordhaus’ response [2009] focuses

primarily on the applicability of the “Dismal Theorem” to the setting of cli-
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mate change. Nordhaus explains that Weitzman’s Theorem only holds under

very special assumptions on preferences and probability distributions. He also

takes issue with the abstraction of “infinity” in the Theorem, claiming: “If we

accept the Dismal Theorem, we would probably dissolve in a sea of anxiety at

the prospect of the infinity of infinitely bad outcomes.”

Not surprisingly, both Weitzman’s critique of IAMs and Nordhaus’ cri-

tique of the Dismal Theorem have merit. The contribution of this chapter

is that it offers an alternative route from the scientific data to Weitzman’s

conclusions. By using numerical simulations to calculate risk premiums to-

ward climate catastrophes, I show that Nordhaus’ IAM, known as “DICE”

(referred to in Weitzman, 2009a as the “standard IAM” in the literature be-

cause it is the most widely cited), cannot possibility arrive at solutions that

are sufficiently precise to support specific climate change prevention policies.

Bypassing the controversial Dismal Theorem should make the conclusions of

this chapter comprehensible to a more general audience than Weitzman’s pa-

per. The primary goal is to reinforce Weitzman’s conclusions and to decrease

the controversy that currently surrounds them.

The methodology of this chapter most closely resembles that of Heal

and Kristrom [2002], which provides simple calculations to illustrate how vary-

ing certain parameter assumptions in a model of climate change can impact

optimal abatement levels. Unlike the Heal and Kristrom paper, I focus specif-

ically on the prevention of catastrophic outcomes. I also consider a model of

many periods, while Heal and Kristrom use only a two period model. In addi-
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tion to the CES preference specification used by the DICE model, the model

in this chapter considers a less restrictive preference specification. I contrast

the risk premiums from the two preference specifications in order to show pre-

cisely which assumptions of the DICE model have led Nordhaus [2008a] and

others to conclude that risk aversion is not an important factor in determining

optimal climate change prevention levels.

Other papers have pointed to drawbacks of IAMs. For example, Acker-

man et al. [2009] criticize the models’ choices of discount rates, their practice

of assigning monetary values to human lives and ecosystems, and their failure

to accurately model the process of technological innovation. Dasgupta [2007]

criticizes IAMs for the implicit ethical judgments underlying the choices of

model parameters. Risbey et al. [1996] suggests that the vast uncertainties

related to climate change may imply that IAMs cannot “provide any concrete

policy advice,” but instead “their use may be limited to educational and re-

search purposes.” Kaufmann [1997] critiques an earlier version of the DICE

model, claiming it “embodies a series of assumptions, simple extrapolations,

and misspecifications that cause it to underestimate the emission of greenhouse

gases and the rate at which they accumulate in the atmosphere.”

Many criticisms of IAMs have come in the form of alternative IAMs.

Roughgarden and Schneider [1999], Ha-Duong and Treich [2004] and Anthoff

et al. [2009] all add uncertainty to an IAM, and, not surprisingly, they all

recommend significantly more aggressive prevention policies compared to the

standard IAMs. The benefit of these models is that they can explicitly show
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how widely the results can change with varying assumptions. However, these

papers tend to focus on explaining their particular model rather than the limi-

tations of other models. Readers are undoubtedly tempted to believe the truth

lies somewhere in between the results of the various IAMs of the literature.

The advantage of the framework of this chapter is that I do not attempt

to solve for an optimal prevention policy, or make “superficially precise” rec-

ommendations, as Weitzman calls the recommendations of an IAM [2009b].

This allows me to avoid making the restrictive assumptions that all IAMs make

in order to keep their models tractable. Specifically, I use a more realistic and

flexible preference specification and a more accurate range of uncertainty for

key model parameters.

There is also a long literature related to generalizations of the standard

CES preference specification (and specifically, disentangling preferences to-

ward risk and intertemporal substitution), although not pertaining to climate

change. For instance, Bansal and Yaron [2004] use Epstein and Zin [1989]

recursive preferences to display a potential solution to the “Equity Premium

Puzzle” [Mehra & Prescott, 1985]. Kaltenbrunner and Lochstoer [2008] use

the same preferences and long run consumption risk to jointly explain the

dynamic behavior of consumption, investment and asset prices.

The structure of the remainder of this chapter is as follows. In Section

2.2, I explain the particular assumptions that have led the DICE model to

justify a risk premium of zero. In Section 2.3, I modify these assumptions

and present a simple model of climate change that allows me to estimate risk
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premiums toward climate catastrophes. Section 2.4 will conclude.

2.2 Why the DICE model assumes a risk premium of
zero

In his most recent book, “A Question of Balance” [2008a], Nordhaus

recommends modest initial climate change prevention efforts, with a relatively

low optimal price (tax) of $27 per ton of emitted carbon dioxide in 2005. The

U.S. Government’s “Interagency Working Group on the Social Cost of Carbon”

released preliminary findings that the “Social Cost of Carbon” is between $21

and $65 in 2010, using the results of three “frequently-cited IAMs:” the DICE,

FUND and PAGE models.1 The U.S. House of Representatives passed climate

change legislation in 2009 that would set a price of carbon at approximately

$25 per ton in 2025 [Environmental Protection Agency, 2009]. The European

Union’s Emission Trading Scheme has in recent years seen prices of carbon

between 10 and 30 Euros per ton.

1It should be noted that the analysis of this chapter is not only applicable to the DICE
model. The FUND and PAGE models use logarithmic utility functions [Plambeck & Hope,
1995,Tol, 2005], which are equivalent to the CES preference specification used by the DICE
model with a CRRA coefficient equal to 1. The FUND model uses Monte Carlo analysis
on uncertain parameters of the model. The PAGE model represents key input parameters
by probability distributions, and random sampling is used to build up an approximate
probability distribution for the model results. Despite this additional flexibility to address
uncertainty compared to the DICE model, both FUND and PAGE truncate the distributions
of input parameters and therefore ignore the possibility of “extreme weather events” [Tol,
2005]. The developers of these models have noted these limitations of their models. For
instance, developers of the FUND model recently noted that higher levels of risk aversion can
lead to extremely high values for the social cost of carbon [Anthoff et al., 2009]. However,
they still refer to their results as “optimal” policies, and policymakers have done the same
when referencing their work in draft regulations [Interagency Working Group on Social
Cost of Carbon, 2010].
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While economists clearly do not have control over the designs of these

policies, the similarities between government actions and the recommendations

of the IAMs provides support for the contention of Ackerman et al. [2009] that

the results of the IAMs have grown in importance as a justification for conser-

vative action to prevent climate change. The goal of this section is to display

certain reasons why environmental economists have generally supported more

modest prevention policies than scientists of other disciplines.

One reason the IAMs support these conservative recommendations is

the implicit assumption of a risk premium of zero toward climate catastrophes.

In justifying this assumption, Nordhaus [2008a] declares “there is actually a

negative risk premium on high climate change outcomes.” In other words,

when the parameter governing risk aversion is increased in the DICE model,

the optimal abatement level actually decreases. This counterintuitive outcome

is primarily due to two assumptions. First, the DICE model ignores the possi-

bility of the occurrence of the most severe climate catastrophes (the tail of the

distribution of climate outcomes). Second, in translating potential damages

into societal welfare losses, the DICE model makes unrealistically restrictive

assumptions related to risk aversion. In what follows, I explain why these as-

sumptions severely bias the calculation of the risk premium. In the following

section, I relax both of these assumptions and calculate a more realistic range

of risk premiums.
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2.2.1 Climate Catastrophes

The equations of the DICE model are taken from a number of different

scientific disciplines – including economics, ecology, and the earth sciences

– in order to track economic growth, carbon dioxide emissions, the carbon

cycle, climatic damages and climate change policies [Nordhaus, 2008a]. In the

face of this complexity, economists have made certain simplifying assumptions

in order to keep the models’ optimization algorithms tractable and to solve

for precise optimal carbon prices. In particular, Ackerman et al. [2009] and

Yohe [2009] are among the papers that have noted that the most widely cited

IAMs do not account for the significant uncertainty related to how the climate

will respond to particular levels of greenhouse gases in the atmosphere.2 The

consequence of disregarding this uncertainty is that these models ignore the

small but real possibility that a severe climate catastrophe will occur.

Climate scientists, on the other hand, have not ignored the potential

for climate catastrophes in their studies, and have generally supported much

stronger abatement policies (Heal [2009] notes the “amazing disjunction be-

tween economists and natural scientists” on this issue.3) In order to assess the

current scientific consensus on climate catastrophes, Weitzman [2009a] accu-

2In climate models this parameter is generally called “climate sensitivity,” which refers
to the equilibrium change in global mean near-surface air temperature that would result
from a sustained doubling of the atmospheric carbon dioxide concentration. According to
Yohe [2009], “current understanding puts the range of this critical parameter between 1.5
degrees Celsius and more than 5 degrees Celsius.”

3For example, NASA’s chief climate scientist called the 2009 U.S. House legislation a
“counterfeit climate bill” [Hansen, 2009] because it proposed such a low price on carbon
emissions
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mulates 22 recent climate change studies from reputable scientific journals. He

concludes that even with the gradually ramped up prevention efforts recom-

mended by the IAMs, the probability of a global average temperature increase

greater than 10 degrees Celsius within the next two centuries is at least 5%,

and the probability of an increase greater than 20 degrees Celsius is at least

1%.4 According to Weitzman, temperature changes of this magnitude would

“destroy planet Earth as we know it.” In another recent paper, Quiggin [2008]

also identifies a 5% probability that catastrophic damages will occur with the

potential for “the extinction of most animal and plant species and threats to

the viability of our current civilization.” Finally, Baer and Risbey [2009] label

1-10% as the probability range for a severe catastrophic event. If one or many

of these climate catastrophes were to occur, the fall in global consumption

would be devastating to the degree of threatening the viability of human life

on the planet. Meanwhile, the worst case scenario assumed by the DICE model

has global consumption decreasing by less than ten percent from its baseline

level (Nordhaus conceeds that his model excludes the potential for the most

severe catastrophes [2008a page 28]).

Intuitively, it is clear why the use of “best guesses” for model param-

eters will bias the calculation of optimal prevention levels when uncertainty

exists – after all, the best guess of the number of car crashes you will be in-

volved in this year might be zero, but you will likely still choose to pay car

4These are mean global surface temperature changes relative to pre-industrial revolution
levels. Warming until now has been less than 1 degree Celsius according to the National
Oceanic and Atmospheric Administration.
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insurance premiums. This intuition is supported by the results of the model

below. Once the climate scientists’ estimates are included in the model, the

zero risk premium assumption of the DICE model can no longer be supported.

2.2.2 Preference Specification Restrictions

The DICE model employs a standard constant elasticity of substitution

(“CES”) utility function, in which a representative agent displays constant

relative risk aversion with a coefficient of relative risk aversion equal to two.

Specifically, the framework is an infinite horizon representative agent problem:

Social Welfare =
∞∑
t=0

βt
C1−α
t

1− α
(2.2.1)

where α = 2, β denotes the discount factor, and Ct denotes aggregate con-

sumption in period t.

As in most macroeconomic models, CES preferences have been chosen

because of the nice mathematical properties they possess. In particular, as long

as preferences are time separable and geometrically discounted, a representa-

tive agent must display a constant elasticity of intertemporal substitution for

a balanced growth path to exist [King et al., 1990]. However, the CES pref-

erences displayed in (2.2.1) make two restrictive assumptions that are very

clearly inappropriate for a model of climate change: 1) the constraint that

the parameter governing risk aversion must equal the parameter governing

intertemporal substitution, and; 2) the assumed level of risk aversion of the

representative agent.
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2.2.3 Problem #1 - Tying together the parameters that govern risk
aversion and intertemporal substitution

The CES preference specification restricts the coefficient of relative

risk aversion (“CRRA Coefficient”) to equal the inverse of the elasticity of

intertemporal substitution (“EIS”). The CRRA coefficient governs the repre-

sentative agent’s degree of aversion toward uncertain outcomes, while the EIS

governs his degree of aversion toward uneven consumption paths over time. In

general, tying these parameters together is an extremely strong assumption,

and its validity has often been questioned in the literature [Epstein & Zin,

1989]. However, this assumption is particularly problematic for a model of

climate change. Climate models contain both an exceptionally large degree

of uncertainty (related to climate outcomes) and the potential for enormous

intergenerational transfers of wealth. Aversion to uncertainty and aversion

to intergenerational wealth transfers could clearly be very different, so tying

these preferences together is not a reasonable approach.

To understand why this assumption will bias the calculation of the

optimal abatement level, consider the change in preferences that results when

the degree of risk aversion of the representative agent is changed. On one hand,

when the CRRA/EIS parameter is increased, the representative agent will

become more averse to uncertain outcomes, so all else equal, the optimal level

of abatement in the model will increase. On the other hand, when consumption

is growing over time (which is always true in the DICE model), a higher value

for the CRRA/EIS parameter will make the representative agent more averse
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to transfers of wealth from the present to the future. Therefore, all else equal,

this causes the optimal level of abatement in the model to decrease.

The two effects counteract, so that the overall impact of an increase

in the CRRA/EIS parameter on the optimal abatement level is ambiguous.

However, the second effect does not relate to the risk preferences of the rep-

resentative agent. Therefore, with CES preferences and a non-static model, it

is impossible to isolate the impact on optimal abatement levels of a change in

risk aversion alone.

The IAMs calculate a “negative risk premium” [Nordhaus, 2008a] be-

cause when the CRRA/EIS parameter is changed, the impact of changing

preferences toward intertemporal substitution outweighs the impact of chang-

ing preferences toward risk. In the model presented below, I use a recursive

preference specification that permits the disentangling of preferences toward

risk from preference toward intertemporal substitution.

2.2.4 Problem #2 - The level of risk aversion of the representative
agent

The second problem with the CES preference specification of (2.2.1)

is the value chosen for the CRRA coefficient. The assumption of a CRRA

coefficient of 2 does not reflect a best guess of actual risk preferences. In

fact, the value of the CRRA coefficient has not been chosen because of its

representation of risk aversion. Nearly all justifications in the literature for

this parameter to be close to 2 are based on its role as the inverse of the
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EIS, and Barsky et al. [1997] show that risk tolerance and the elasticity of

substitution are essentially uncorrelated across individuals. Nordhaus [2008a]

justifies the value of the CRRA coefficient in his model due to its impact on

the discount rate (the EIS is a component of the calculation of the discount

rate in the well-known Ramsey equation).

Therefore, once we allow the parameter governing risk aversion to differ

from the parameter governing intertemporal substitution, there is no longer a

justification for a CRRA coefficient of 2. An individual’s preference toward risk

aversion is an empirically testable attribute. What have empirical studies es-

timated for the value of the CRRA coefficient? Halek et al. [2001] summarizes

the current state of the literature: “There is little consensus and few gener-

alizations to be drawn from the existing literature regarding the magnitude

of relative risk aversion, its behavior with respect to wealth, or its differences

across demographic groups.”

Empirical studies to estimate the CRRA coefficient have employed a

wide range of different subjects and methods. For example, Barsky et al. [1997]

uses survey responses of hypothetical situations to estimate a range of CRRA

coefficients from 0.7 to 15.8, while Palsson [1996] uses household investment

portfolio data and finds a range from 10 to 15. Kaplow [2005] surveys the

empirical literature, and concludes that “Most of this work indicates a CRRA

of 2 or more, and some...indicates that individuals’ CRRA coefficients may be

above 10.” Janacek [2004] cautions that individual investors are significantly

more risk averse than the level that is usually assumed in the literature. He
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concludes that an average investor’s coefficient of relative risk aversion is close

to 30. Ogaki [2001] notes that when consumption is close to subsistence levels,

“both the absolute and relative risk aversion coefficients could be infinite.”

Of course, even if there were a consensus for the value of the CRRA

coefficient, empirical studies could not possibly measure risk aversion toward

risks analogous to the catastrophic risks considered in this chapter. Evidence

suggests individuals are far more risk averse when confronted with the pos-

sibilities of catastrophic losses than they are in less risky situations5, which

indicates that the range of uncertainty is far wider than the ranges these em-

pirical studies have suggested.

Therefore, the choice of a CRRA coefficient of 2 is unjustifiable as a

representation of societal risk aversion toward climate change. In the model

below, I will show a sensitivity of the CRRA coefficient between 1 and 10 (this

range is expanded in the Appendix). While this range is sufficiently wide to

display the conclusions of this chapter, the true range of uncertainty is much

wider.

5Various studies have described the “catastrophic premium puzzle” in regard to the
higher-than-expected risk premiums embedded in the yields of catastrophic bonds. Bantwal
et al. [2000] speculate that these abnormally large premiums are due to “ambiguity aversion,
loss aversion and uncertainty avoidance.” Even these catastrophic bonds are attractive to
some investors as a hedge against large drops in the market as a whole. In contrast, climate
catastrophes that could threaten human civilization would obviously not serve as a hedge
against any event.

77



2.3 The Model

In this section I calculate risk premiums toward climate catastrophes

using an algorithm created in MATLAB (available upon request) in order to

determine the extent of the bias that results from the problematic assumptions

described above. A risk premium measures the amount an individual will pay

in order to obtain with certainty the mathematical expectation of a lottery.

The DICE model calculates an optimal abatement level, which is a measure of

“willingness-to-pay.” While the magnitude of the risk premium toward climate

catastrophes will not be precisely equal to the “willingness-to-pay” to prevent

climate catastrophes, calculating a risk premium is a useful exercise for two

reasons. First, the magnitude of the risk premium will be highly correlated

with the magnitude of the optimal willingness-to-pay.6 Second, to calculate a

risk premium, one simply needs to compare utility levels with and without the

possibility of the occurrence of a catastrophic event. The constraints of the

DICE model’s optimization problem can therefore be ignored for the purpose

of this exercise. These constraints are the primary source of complexity in

the model – they consist of identities from various scientific disciplines to

translate carbon emissions into temperature changes, and temperature changes

into economic damages – so calculating a risk premium permits a far more

6Theoretically speaking, it is not clear whether a risk premium or a measure of
willingness-to-pay will be higher. All else equal, the optimal willingness-to-pay will be
lower than the risk premium in this setting if it is preferable to allow for a significant proba-
bility of catastrophe to remain, while the risk premium will be lower if the level of expected
consumption is significantly lower than the consumption level that results when a climate
catastrophe does not occur.
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straightforward analysis.

I define a risk premium in this context as the amount of consump-

tion the representative agent is willing to forgo today in order to avoid the

uncertainty of a possible climate catastrophe at some point in the next few

centuries.7 The risk premiums in this model will be measured as a percentage

of global consumption. The larger are the risk premiums, the less precise are

the policy recommendations of an IAM that assumes a risk premium of zero.

Except for those parameters of the model that relate to the problematic

assumptions discussed above, I match the assumptions of the DICE model. For

example, I assume an annual consumption growth rate of 2%, a social discount

rate of 3%, and an EIS of 0.5 [Nordhaus, 2008a]. I match these assumptions

because it is important that the model is able to reproduce the results of the

DICE model (of a risk premium equal to zero) when its assumptions related

to climate catastrophes and preference specifications are incorporated into the

model. While I make no claims that these parameter values are accurate, their

accuracy is irrelevant for the purpose of this exercise.

Following Ha-Duong et al. [2004], I assume there are two potential

states in each period: climate catastrophe and no climate catastrophe. As

is standard in the literature, a single time period in the model will represent

a single generation. The model runs for T generations of length y, with in-

7To follow the economic definition of a risk premium, the representative agent in the
model actually receives the expected value of global consumption in the case of no uncer-
tainty.
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creasing probabilities for climate catastrophes (pt) and magnitudes of climate

catastrophes (Lt) in each generation.

I insert into the model a conservative interpretation of Weitzman’s find-

ings of the “scientific consensus” on climate catastrophe. Specifically, I assume

that a catastrophic event can occur in any of the periods after the first, and

the probability of such an event increases in each period until reaching the

5% level after two centuries. The worst climate damages contemplated by the

DICE model result in a loss of global GDP of 6-8% [Nordhaus, 2008a, page

51]. On the other hand, the catastrophes that correspond to Weitzman’s 5%

probability estimate are potentially civilization-threatening events. I therefore

consider a range of damages from climate catastrophes of between 10-70% of

global consumption, with 10% representing the most extreme events consid-

ered by the DICE model, and the higher values representing more realistic

estimates.8 Of course, representing the potential loss of entire nations and

species in terms of a large loss in GDP may seem crass, but this is necessary

for consistency with the smaller damages generally considered by IAMs.

To correct for the problematic assumptions associated with the CES

preference specification, I use a class of recursive preferences that makes the

most natural generalization of the standard CES preferences:9

8A 70% loss in global consumption is an extremely conservative estimate for a civilization
threatening catastrophe. If the event were to occur in 200 years following an average annual
GDP growth of 2%, a 70% decrease in GDP would result in a global GDP that is still over
15 times today’s level.

9The use of recursive utility functions over deterministic consumption paths goes back
at least to Koopmans [1960] who showed V (c0, c1, ...) = W (c0, V (c1, c2, ...)), for the utility
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Ut =
1

1− f
((1− β)C1−s

t + β((1− f)EtUt+1)
1−s
1−f )

1−f
1−s (2.3.1)

where “Ct” is consumption this period, “EtUt+1” is expected utility next pe-

riod, “f” is the CRRA coefficient and “s” is the inverse of the EIS.

Since utility at time t is dependent on both consumption at time t and

utility at time t+ 1, the interests of all generations in the model will be taken

into account by maximizing utility in the initial period. Consequently, both

the costs and the benefits of preventing climate catastrophes will be taken into

account by the representative agent in the initial period of the model.

This recursive preference specification has two nice properties that

make it especially well suited to accomplish the goals of this chapter. First,

the parameter that governs risk aversion is not tied to the parameter that

governs preferences toward intergenerational transfers. Therefore, increasing

the value of “f” only increases the level of risk aversion of the representative

agent, and does not change the EIS.

Second, when the CRRA coefficient is restricted to equal the inverse of

the EIS, these recursive preferences reduce to the following separable prefer-

function V and “aggregator” function W . Kreps and Porteus [1978] extended the use of
recursive utility functions to stochastic consumption streams, utilizing the following objec-
tive function: (c1−α + 1

(1+r)yCE
1−α)

1
1−α , where “CE” is the certainty equivalent of second

period consumption. Finally, while the Kreps and Porteus framework had the ability to
incorporate only two-period lotteries, Epstein and Zin [1989] extended the formulation of
the space of temporal lotteries to an infinite horizon framework. Normandin et al. [1998]
used this utility function to assess the relative contribution of risk aversion, intertemporal
substitution and taste shocks on monthly U.S. equity premiums.

81



ences:

Ut = (1− β)
C1−α
t

1− α
+ βEtUt+1 = (1− β)Et

∞∑
i=0

βi
C1−α
t+i

1− α
(2.3.2)

which are the CES preferences used by the DICE model. This allows for the

following flexibility: When f = s, the DICE model’s restrictive assumptions

related to climate catastrophes and risk aversion can be inserted into the model

to replicate its result of a risk premium of zero. Then, the more realistic

assumptions can be inserted into the model in order to estimate the range of

risk premiums that the DICE model would find if it incorporated these less

restrictive assumptions into the model.

2.3.1 Single Period Model and Results

I begin with a model of just a single period, where all of the costs and

benefits related to climate catastrophes occur simultaneously. While the multi-

period results are of course more realistic, the single-period model is useful for

two reasons. First, it permits a simple illustration of the method I use to

calculate risk premiums, which becomes more complicated in the multi-period

setting. Second, the single-period model completely removes preferences to-

ward intertemporal substitution from the analysis so that the effects of risk

aversion alone are isolated. Since the prevention efforts and the risk of dam-

ages both occur in this single period, all generations are treated with the same

weight in this model.10 The differences between the risk premiums found in

10Many economists and philosophers since Ramsey [1928] have argued that weighing all
generations equally is the only ethically defensible practice. Heal [2009] describes a pure
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the single-period and multi-period models below are illustrative of the drastic

impacts of both discount rates and aversion to intertemporal substitution in

models of climate change.

In the single-period setting, since there are no dynamic effects, there is

no reason to worry about the restriction of the CES preferences that the CRRA

coefficient must equal the inverse of the EIS. Therefore, the CES preferences

are used to solve the following equation to find the risk premium (π):

(1− p)C
1−α

1− α
+ (p)

(C − L)1−α

1− α
=

((1− p)C + p(C − L)− π)1−α

1− α
(2.3.3)

where “C” is global consumption (normalized to 1), “p” is the probability of

a climate catastrophe, “L” is the damage magnitude and “α” is the CRRA

coefficient. Equation (2.3.3) says that the representative agent is indifferent

between receiving either higher expected consumption with risk (left-hand

side) or lower consumption but no risk (right-hand side).

A sample of the resulting single-period risk premiums are provided in

Figure 2.1 below, where risk premiums are on the vertical axes, CRRA coef-

ficients are on the horizontal axes, and the four boxes represent four different

damage magnitudes ranging from 10% on the top-left to 70% on the bottom-

right. Recall that the DICE model assumes a CRRA coefficient of 2, and

damages no greater than 10%. With these inputs in the model (see the left

rate of time preference above zero as “intergenerational discrimination.”
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side of the top-left box of Figure 2.1), risk premiums are indeed nearly zero,

matching the assumption in the DICE model. However, these inputs are at

the extreme lower bounds of the ranges of scientific estimates for both the

CRRA coefficient and damage magnitudes. At other points on these ranges,

risk premiums are as high as 50% of the expected value of global consumption.

Figure 2.1: Single Period Risk Premiums with a 5% probability of a climate
catastrophe

Figure 2.1 shows that the incorporation of risk premiums toward cli-

mate catastrophes into an IAM has the potential to have truly enormous im-
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pacts on optimal prevention policies. Of course, these results will change in

a dynamic setting, when I account for the reality that these catastrophes are

most likely to occur generations into the future (and controversial judgments

on discounting and intergenerational transfers of wealth are brought into the

analysis).

2.3.2 Multi-Period Model and Results

In a multi-period setting, the restriction that the CRRA coefficient is

equal to the inverse of the EIS is no longer appropriate. Therefore, I use the

recursive preferences displayed in (2.3.1), where “f” is the CRRA coefficient

and “s” is the inverse of the EIS. Recall that when f=s, these preferences

reduce to the CES preferences of the DICE model.

I use an algorithm created in MATLAB to calculate the risk premiums

for models spanning T periods (interpreted as generations). As an illustration,

the Two-Period Risk Premium (π) is the solution to the series of equations

below:

1

1− f
((1− β)(C − π)1−s + β((1− f)E1U

safe
2 )

1−s
1−f )

1−f
1−s =

1

1− f
((1− β)C1−s + β((1− f)E1U

risk
2 )

1−s
1−f )

1−f
1−s (2.3.4)

E1U
safe
2 =

1

1− f
((1− β)((1 + g)((1− p2)(C − π)+
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p2(C − π − L2)))1−s)
1−f
1−s (2.3.5)

E1U
risk
2 = (1− p2)

1

1− f
((1− β)((1 + g)C)1−s)

1−s
1−f +

p2
1

1− f
((1− β)((1 + g)(C − L2))1−s)

1−f
1−s (2.3.6)

β = (
1

1 + r
)y (2.3.7)

where, in addition to the parameters already defined, r is the pure rate of

time preference, y is the number of years per generation, g is the annual

consumption growth rate, and p2 and L2 are the probability and magnitude

of a climate catastrophe in the second period.

Equations (2.3.4)-(2.3.7) are the two period, recursive preference ana-

log to the risk premium calculation displayed in (2.3.3). To see this, note that

(2.3.4) says the representative agent is indifferent between the safe option of

paying the risk premium in the initial period (the left side of the equation)

or the risky option of facing uncertainty in the future (the right side); (2.3.5)

displays the second period expected utility for the safe option, for which the ex-

pected value of global consumption is received with certainty; (2.3.6) displays

the second period expected utility for the risky option, for which a climate

catastrophe occurs with the probability p2. With a greater number of time

periods, the model becomes more difficult to display on paper, but it is solved

by the computer in a similar, recursive manner. Below I display the results
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of the model of four time periods – the results do not change materially when

additional periods are added.11

A sample of the results are displayed in Figures 2.2 and 2.3, where, as

in Figure 2.1, risk premiums are on the vertical axes, CRRA coefficients are

on the horizontal axes, and damage magnitudes of 10% to 70% are displayed.

Figure 2.2 displays the risk premiums using the CES preference specification of

the DICE model (f = s in my model). The top-left box shows estimates of the

risk premiums the DICE model will find with its assumptions of damages no

greater than 10%-20% and a CRRA coefficient of 2. All of the risk premiums

in Figure 2.2 are nearly zero. This is why the “zero risk premium” assumption

has appeared to be justifiable in the DICE model.

Moreover, note that the risk premiums in Figure 2.2 actually decrease as

the CRRA coefficient is increased. In other words, the risk premiums decrease

as the representative agent becomes more risk averse. It is clear that this is not

a useful measurement of risk, but what is causing this in the model? The effect

of decreasing the EIS (increasing the inverse of the EIS) is outweighing the

effect of increasing the CRRA coefficient. Since the EIS measures a preference

for smooth consumption over periods in time, as this parameter is increased,

the representative agent becomes more averse to transfers in wealth from the

present to the future. This increased aversion to intergenerational transfers

11To test this, I computed a model of up to six generations, with various model lengths and
methods of “ramping-up” the probabilities for climate catastrophes. Please see Appendix
B for these results.
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(or intertemporal substitution) is why the risk premiums remain zero in the

DICE model even when sensitivity to the CRRA coefficient is considered. But,

of course, aversion to intertemporal substitution and risk aversion measure

entirely different preference traits.

Figure 2.2: Multi-Period Risk Premiums with CES Preferences.
Assumptions: 4 generation model with 50 years per generation; probabilities
of catastrophe are 1%, 3% and 5% in periods 2, 3, and 4, respectively; damages
increase by 5% of global consumption in each period.

Figure 2.3 displays the risk premiums for the more flexible recursive

preference specification displayed in (2.3.1). The level of risk aversion can now
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Figure 2.3: Multi-Period Risk Premiums with Recursive Preferences.
Assumptions: 4 generation model with 50 years per generation; probabilities
of catastrophe are 1%, 3% and 5% in periods 2, 3, and 4, respectively; damages
increase by 5% of global consumption in each period.
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be adjusted while keeping constant preferences toward intertemporal substi-

tution (f 6= s in this model). With damages of just 10%-20% and a CRRA

coefficient of 2, risk premiums are the same as in Figure 2.2. However, as

explained above, these inputs are at the bottom of the ranges of scientific

estimates for climate catastrophes and risk aversion. At points in Figure 2.3

that are not at the very bottom of these ranges (see the right-hand sides of the

bottom boxes of Figure 2.3), risk premiums increase to a significant percentage

of global consumption. The figures in Appendix B show that these results are

robust to variations in the model’s key assumptions.

Consider the assumptions that yield a risk premium of over 4% of global

consumption in this model: the probability of a climate catastrophe increases

from 1% in years 50 − 100 up to 5% in years 150 − 200; the damages as a

percentage of global consumption increase from 60% in years 50− 100 to 70%

in years 150 − 200; the CRRA coefficient is 9 or 10 (but the EIS is still 0.5).

Given the empirical evidence cited above, these assumptions are at least as

reasonable (and probably more so) as the assumptions that yield risk premiums

of zero. In other words, it is at least as likely that the true risk premium is a

few percentage points of global consumption as it is zero.

For some perspective on how the addition of just a single percentage

point of global consumption could change an optimal climate change preven-

tion policy, a back-of-the-envelope calculation might be useful. According to

Nordhaus’ most recent study, the recommended policy from the DICE model

results in a total level of prevention spending of 0.10%- 0.25% of discounted
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future income [Nordhaus, 2008a]. In the model above, a risk premium of

1% of global consumption corresponds to roughly 0.2% of discounted future

consumption – approximately the same size as the entire DICE-recommended

policy. To produce risk premiums with a range that is entirely below 1% of

global consumption in this model, the probability of a climate catastrophe

would need to be less than 0.15% over the next two centuries. This is well

below the scientific estimates. Clearly, an optimal policy that includes the

effects of risk aversion toward climate catastrophes might look nothing like an

“optimal” policy that ignores these effects. Therefore, without more sophisti-

cated models, it is not possible to determine the appropriate risk premium to

use in models of climate change.

Additionally, in contrast to Figure 2.2, Figure 2.3 displays a positive

relationship between the magnitude of the risk premium and the level of risk

aversion, which is a more sensible result. The assumed level of risk aversion

now has an extremely significant impact on the model. Many economists

who have performed studies using IAMs have noted that the level of risk

aversion is not an important determinant of their results (I find the same

when using CES preferences), which has allowed them to label as immaterial

the poor understanding we currently have of societal risk aversion toward

climate catastrophes. In reality, once risk aversion and preferences toward

intertemporal substution are no longer tied together, risk aversion may be a

tremendously important determinant of the results.

Of course, for a number of reasons, these results should not be inter-
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preted as a recommendation of 3 or 4% of global consumption for climate

change prevention spending. The risk premiums, as defined in this model,

assume that all prevention spending must occur in the initial period, which of

course is not realistic. Moreover, it may not be optimal to completely eliminate

the possibility of climate catastrophes, as a risk premium assumes. While this

model is too primitive to be relied upon for precise results, its contribution

is in showing that IAMs are also too primitave to be relied upon for precise

results.

2.4 Discussion and Conclusion

In this chapter I have shown that omitting risk premiums toward cli-

mate catastrophes prevents integrated assessment models of climate change

from finding precise optimal climate change prevention policies. I provide a

framework that permits the incorporation of a more flexible preference specifi-

cation and better scientific estimates for climate catastrophes and risk aversion

into a model of climate change. The resulting range of risk premiums is a rough

estimate of the risk premiums the DICE model would find if it incorporated

these more realistic assumptions.

The primary conclusion of this chapter is that the “zero risk premium”

assumption of the DICE model cannot be taken seriously as an estimate of

the effects of societal risk aversion toward climate catastrophes. The resulting

optimal prevention policy would look drastically different if better estimates

for risk premiums were incorporated into these models. Economists should
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therefore avoid claims that they have found precise or unbiased values for an

optimal tax on carbon dioxide.

There are at least two dangers associated with the policy recommenda-

tions drawn from the IAMs in the literature. First, focusing on the predictions

and ignoring the drawbacks of complex models can provide us with a false sense

of security that shields us from the true potential for bad outcomes. In the

case of the recent global financial meltdown, the negatives associated with the

“bad-tail” outcomes overshadowed any positives or negatives that could result

from outcomes on the rest of the distribution. Climate change could produce

“bad-tail” outcomes that are far worse, so it is even more important that we

do not allow ourselves to be shielded from the potential for such possibilities.

Second, there is an opportunity cost to the work of economists on

IAMs. Perhaps, as Weitzman [2009a] suggests, society would be better served

if economists put their efforts into roles other than than solving for an optimal

price of carbon dioxide. At a minimum, economists should move away from

analyses that ignore uncertainty and thus make the implicit assumption of

risk neutrality of the representative agent (see Yohe [2009] for a more thor-

ough discussion). The massive risk premiums found in this chapter indicate

that reducing the uncertainty related to climate catastrophes, or finding the

least cost methods of preventing or combating them, are worthy goals that

have not received sufficient attention.
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Chapter 3

Energy-Efficiency Program Evaluations:

Opportunities for Learning and Inputs to

Incentive Mechanisms

Preface

This chapter is based on a joint project with Dr. Karen Palmer, a Senior

Fellow at Resources for the Future. The author of this dissertation selected

the specific questions addressed in this chapter, gathered the data needed to

address these questions, performed the economic and statistical analyses and

wrote the first draft. Dr. Palmer regularly provided guidance and suggestions

on each of these steps, as well as the general direction of the project, and

collaborated on subsequent drafts.

3.1 Introduction

Energy efficiency is a key component of local and national strategies

to reduce energy use and combat global warming. The National Action Plan

for Energy Efficiency [2008] – a consortium of electric and gas utilities, utility

regulators, federal government officials and other U.S. stakeholders – identi-

fies the goal of achieving all cost-effective energy-efficiency measures in the

country by 2025, representing more than $500 billion in net savings. Realizing
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these substantial efficiencies in such a short time period will require a massive

effort to successfully identify opportunities and implement energy-efficiency

programs. Many states and countries already have begun this effort.

This chapter will focus on ex-post measurements of the savings that

can be attributed to energy-efficiency programs. The third-party program

evaluations that supply these measurements are a controversial component

of the effort to improve energy efficiency in this country. The objective of

this chapter is to provide an assessment of the information from these energy-

efficiency program evaluations using empirical data from California.

The importance of energy-efficiency program evaluations is derived

largely from the unfortunate reality that energy savings are extremely difficult

to measure. It is common for projections and estimates of energy savings to

be calculated using simple formulas, such as the estimated number of units of

an efficiency measure installed multiplied by the presumed energy savings per

unit. Because these formulas fail to take into account consumer behavior and

other factors, they are highly imprecise [California Public Utilities Commis-

sion, 2009d]. Better measurements of energy savings require the monitoring of

actual energy usage and an answer to the counterfactual question: how much

energy would have been used in the absence of an energy-efficiency program?

Ex-post program evaluations go beyond the simple formulas described above

and use measurements of actual consumer behavior to calculate energy sav-

ings. The more sophisticated measurements provided by the evaluations are

useful for two primary reasons. First, evaluations provide an opportunity to
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learn more about the relative performance of the different types of energy-

efficiency measures and programs as well as the policies that facilitate the

implementation and effectiveness of these efforts. While energy-efficiency pro-

grams and efforts to estimate the savings they produce have existed for several

decades, our understanding of the most cost-effective methods to achieve en-

ergy savings is still in its infancy. A great deal of trial and error and policy

experimentation must take place to improve this understanding, so it is im-

portant to learn when these experiments have failed and succeeded. Designers

and implementers of energy-efficiency programs will rely on these conclusions

in revising and expanding programs. Moreover, the savings measurements in

ex-post evaluations are themselves an inexact science. The more evaluations

that are conducted, the better we can determine how precise and useful these

measurements are compared to projections.

A second motivation for conducting energy-efficiency program evalua-

tions stems from the independence of the third-party evaluators. This inde-

pendence enables their evaluations to function as a component of a regulatory

structure known as a “performance incentive mechanism,” which we now ex-

plain briefly.

The performance of energy-efficiency programs depends on the actions

of the local electric and gas utilities that oversee the programs. A challenge for

utility regulators is how to provide incentives for utilities to promote efforts

to save energy. Under cost-of-service regulation, electric and gas utilities do

not have an incentive to maximize their customers’ energy savings. In fact,
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utilities’ profit margins typically decrease as customer energy use decreases,

so a fundamental conflict of interest lies between the utilities’ desire to sell

energy and the public interest in conserving energy. Removing this conflict

of interest is the motivation behind the adoption of methods of decoupling

utilities’ revenues from their sales. Under a decoupling mechanism, electricity

rates are adjusted so that utilities do not lose money as electricity sales decline

and cannot earn extra revenue if actual sales are above projected sales.

While decoupling mechanisms remove the incentive for utilities to resist

energy-conservation efforts, they fall short of providing incentives to encour-

age energy savings. Some states have now gone a step further in providing

rewards for utilities that successfully promote these efforts. A performance-

incentive mechanism is a regulatory framework that provides utilities with the

opportunity to earn a profit from energy-efficiency activities in their service

territories, often by allocating to them a small percentage of the value of the

energy savings. For example, California’s Risk-Reward Incentive Mechanism

includes threshold values for savings above which the incentive payment to the

utility increases dramatically.

Performance-incentive mechanisms also provide an incentive for utilities

to claim as much energy savings as possible, in order to earn greater profits.

These greater profits decrease the net benefits of the programs to the ratepay-

ers in the utilities’ service territories. The difficulty of verifying or refuting

energy-savings claims puts electricity consumers and regulators at a disadvan-

tage in assessing savings reported by utilities. For this reason, independent
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ex-post measurements can be a valuable check on the utilities’ incentive to

overestimate energy savings.

In this chapter, we analyze the results of the recently completed evalu-

ations of the 2004-2005 California utility energy-efficiency programs compared

to both savings projections and the results reported by the electric and gas

utilities. It is extremely rare to find in the public domain a dataset with com-

parable projected, reported, and evaluated savings data. This unique dataset

enables us to analyze both objectives of energy-efficiency program evaluations

described above: First, related to the use of evaluations as an opportunity for

learning, we compare the savings projections to the ex-post evaluated savings

measurements. Second, related to the use of evaluations as a check on the in-

centives of the electric and gas utilities, we compare the utility-reported savings

estimates to the ex-post evaluated savings measurements. Using techniques

of statistics and econometrics, we identify what differentiates energy-efficiency

programs that have had higher evaluated savings compared to predicted sav-

ings, and what differentiates programs that have had independent evaluations

confirm or exceed the utility-reported energy savings.

We aim to give policymakers and regulators a better idea of the bene-

fits of incorporating independent evaluations into their performance-incentive

mechanisms, and to provide valuable information to those who will be design-

ing and implementing energy-efficiency programs in the near future.

We find that the energy-efficiency programs in the 2004-2005 Califor-

nia program cycle did not meet expectations in terms of electricity savings,
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gas savings, or peak-demand savings. We also find that the utility-reported

electricity savings estimates are systematically higher than the third-party

evaluated savings estimates, which may suggest that the incentive to overstate

savings has affected the utilities’ reports.1 Interestingly, the particular con-

tractor chosen to conduct the evaluation (or an unobservable correlated with

this choice) appears to be an important determinant of the estimate of evalu-

ated savings when compared to both the projections and the utility-reported

estimates. Specifically, the largest and most commonly used evaluators are as-

sociated with the programs with relatively lower evaluated savings estimates

compared to projected savings and to utility-reported savings.

3.2 The California Performance Incentive Mechanism

Since the 1970s, California has been at the forefront of U.S. pursuits

of energy-efficiency goals. Supply shortages, air pollution, and increasing con-

cerns regarding the emissions of greenhouse gases into the atmosphere have

heightened the emphasis on energy-efficiency in California in recent years. As

a result, the state has focused a great deal of resources on efforts to conserve

energy.

California’s energy-efficiency programs are administered largely by the

1There may be other explanations. For example, the third-party evaluations were gener-
ally completed long after the savings estimates of the utilities were released, so perhaps sav-
ings estimates performed at earlier dates are biased upward. Alternatively, the third-party
evaluators’ estimates may be biased downward. However, these alternative explanations are
more difficult to justify on the basis of economic theory.
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states’ four investor-owned utilities (IOUs) with the oversight of the Califor-

nia Public Utilities Commission (CPUC). The state’s performance-incentive

mechanism, known as the Risk-Reward Incentive Mechanism (RRIM), awards

profits to an IOU based on the savings produced by the energy-efficiency pro-

grams in its service area compared to predetermined annual savings goals.

The energy savings are monetized and divided among the IOU shareholders,

in the form of profits to the utility, and the California ratepayers in the form

of lower energy bills over time. Specifically, if the utility achieved more than

85 percent of its savings goals, the incentive payment increased from 0 per-

cent to 9 percent of the value of energy savings. If the savings exceeded 100

percent of savings goals, the incentive payment increased from 9 percent to

12 percent [California Public Utilities Commission, 2007]. Though the RRIM

was not formally adopted until 2006, the measures of energy savings were to

be cumulative, starting in 2004, to ensure that the IOUs would focus on long-

term goals. Therefore, the RRIM would encompass the performance of the

2004-2005 programs.2

Evaluation, measurement, and verification (EM&V) of energy savings

has been a major component of California’s energy-efficiency efforts. The

CPUC has stated, “[R]atepayers will only be required to share net benefits

2Indeed, the performance of the 2004-2005 programs was included in determining interim
payments to the California IOUs under the RRIM in verification reports released in February
and October 2009 [California Public Utilities Commission, 2009b,California Public Utilities
Commission, 2009c]. However, a November 2009 proposed ruling of the CPUC states that
the 2004-2005 programs should be excluded from determining future payments to the IOU
because the savings are not directly reconcilable with 2006-2008 programs [California Public
Utilities Commission, 2009a].
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with (IOU) shareholders to the extent that those net benefits actually materi-

alize, based on EM&V results” [California Public Utilities Commission, 2007].

For the 2004–2005 program cycle, CPUC released a list of all contractors ap-

proved to perform EM&V work, stating, “Contractors whose relationships to

programs might compromise or appear to compromise an independent evalu-

ation are not included on the list” [California Public Utilities Commission,

2004]. Both the particular choice of contractor and the EM&V plan were then

subject to the approval of the CPUC.

This RRIM recently has generated much controversy. The California

IOUs have received a portion of the profits due to them under the RRIM

based on their own reports of energy savings, while the remaining portion has

been withheld until independent evaluations confirm these savings estimates.

The initial energy-savings verification report under the RRIM (which included

the nearly completed evaluations from the 2004-2005 program cycle) was first

released in August 2008 and concluded that three of the four IOUs had failed

to meet the energy savings thresholds that would have been required to earn

any payouts under the RRIM [California Public Utilities Commission, 2009b].

The IOUs have complained about the delays of the EM&V process, their

access to interim results, and the fairness of the evaluations’ use of ex-post

savings measurements to determine the performance of the energy-efficiency

programs. In Court filings, IOUs have argued that ex-post evaluations should

be used only to update the energy-savings goals for each program cycle and

improve future program designs [California Investor Owned Utilities, 2008].
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Profits, the IOUs claim, should be regular and predictable, and contingent

only on periodic verifications of program costs and installations. After all,

the IOUs conduct internal evaluations of the programs, which are transparent

and subject to external scrutiny. In contrast, ratepayer advocates have argued

that IOUs should only earn profits if and when it is shown by an independent

evaluator that energy savings attributable to an energy-efficiency program

have occurred. Otherwise, the combination of the monetary incentive of the

IOUs to overstate energy savings and the difficulty of checking these savings

measurements will likely lead to ratepayers paying for savings that have not

actually been achieved [Division of Ratepayer Advocates, 2006].

The CPUC has stood in the middle of this controversy, attempting to

balance two countervailing goals. On one hand, it is important to provide

sufficient and attainable rewards to the IOUs so that they will be motivated

to produce actual energy savings. On the other hand, the CPUC has the

responsibility to minimize the costs to the California ratepayers and taxpayers

of providing these rewards. These costs include both the IOUs’ profits (which

otherwise would have been returned to ratepayers in the form of lower rates)

and the administrative costs of the programs and related bureaucracy. The ex-

post evaluations unquestionably have decreased the predictability of a portion

of IOU earnings and added delays and costs to the process. The evaluations

from the 2004-2005 cycle of energy-efficiency programs were only finalized

in 2008, and millions of dollars were spent on performing these evaluations.

However, a clear conflict of interest exists in making IOU profits contingent
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on the utilities own reports of energy savings rather than savings that have

been verified by ex-post evaluations conducted by third parties.

Going forward, CPUC regulators must determine whether the benefits

of the third-party evaluations are worth the costs. Thus far, empirical evidence

has not been available to compare IOU-reported and third-party evaluated

savings estimates and thus assess the specific impact that the evaluations have

had on the process. The 2004-2005 program cycle in California is an exception.

3.3 Data Sources

The information in this chapter is primarily from two sources: 1)

118 third-party ex-post evaluations of energy-efficiency programs in Califor-

nia from the 2004-2005 program cycle, obtained from the appendices of the

Energy Efficiency 2006-2007 Verification Report [California Public Utilities

Commission, 2009b]; 2) the filings of the four IOUs (Pacific Gas & Electric,

Southern California Edison, SoCalGas, San Diego Gas & Electric) relating to

these same 118 energy-efficiency programs, obtained from the CPUC’s Energy

Efficiency Groupware website (http://eega.cpuc.ca.gov).

Law required that third-party contractors evaluate the 2004-2005 Cal-

ifornia energy-efficiency programs per the CPUC’s [2003b] Energy Efficiency

Policy Manual to measure the level of energy and peak demand savings achieved,

measure cost-effectiveness, provide up-front market assessments and baseline

analysis, provide ongoing feedback and corrective, constructive guidance re-

garding the implementation of programs, and help to assess whether need for
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the program was ongoing.

The IOUs chose the contractors that conducted the evaluations. How-

ever, the CPUC provided the IOUs with a list of contractors from which they

could make their selections, and the commission also had the right to approve

or deny each selection based on the independence and qualifications of the

contractor for the specific evaluation efforts it would undertake. According to

the CPUC, the key criteria for the choice of the evaluation teams were the

professional experience and expertise of the contractors. Smaller programs

required just one contractor to complete an evaluation, while larger and more

complex programs required the collaboration of a number of contractors.

While more than 200 programs were funded through the public-goods

charge [TecMarket Works Team, 2006], some were for informational or ed-

ucational purposes and did not have energy-savings goals or require impact

evaluations. In contrast, the evaluated programs included in these data are

“resource acquisition” programs, which provide incentives to customers to up-

grade to more energy-efficient equipment. The full list of evaluated programs

can be found in Appendix C. These programs include a variety of different

measures, such as efforts to install high-efficiency faucets in food service estab-

lishments, no-cost energy audits for residential homes, and the distribution of

free energy-efficient compact fluorescent bulbs and fluorescent torchiere lamps.

In its Energy Efficiency 2006-2007 Verification Report, which included

the results of the nearly complete evaluations from the 2004-2005 energy effi-

ciency program cycle, the CPUC [2009a] provided information on the impact
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evaluations of 118 energy-efficiency programs from 2004-2005, including links

to evaluations of 112 of the programs on the CPUC website. A single evalu-

ation often contained the energy impacts of more than one energy-efficiency

program, which occurred when the same (or virtually the same) program was

implemented in different IOU service territories. Nearly all the evaluations

contained standard “Impact Reporting Tables,” providing “gross projected”

and “net evaluated” annual energy and gas savings for each program.3

Beside the annual savings information from these tables, we compiled

the following information on each program where available: IOU involved in

the implementation of the program, third-party contractor(s) that conducted

the evaluation, evaluation methodology, customer class, electricity or gas end

use, net-to-gross (NTG) ratio(s) used by the program, whether an independent

NTG analysis was undertaken, and projected and realized total program costs4

and benefits.

The independent contractors used a wide array of methodologies to

measure energy savings in the evaluations. The CPUC [2003b] Energy Ef-

ficiency Policy Manual required adherence to the International Performance

3In this context, “gross” savings are calculated as the difference in energy use by program
participants before and after their participation in the program. “Net” savings controls for
savings that would have occurred for these participants over the same time period whether
the program was offered or not [TecMarket Works Framework Team, 2004]. Note that this
definition of “net” savings does not adjust for spillover effects, which are energy savings that
occur due to investments made by non-participants who became aware of opportunities to
save energy as a result of the program.

4Costs are as defined by the “total resource cost” test and are different from those
defined by the “program administer cost” test in that they include those costs incurred by
participating customers.
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Measurement & Verification Protocol (IPMVP) for the M&V portion of the

evaluation. The IPMVP provides four evaluation methodologies from which

the evaluator could choose to perform an “energy impact analysis,” ranging

from “partial field measurement” to “fully calibrated simulations” of energy

use [U.S. Department of Energy, 2002]. Certain evaluations were clearly more

rigorous in their measurements than others, but they all provide the most

comprehensive and independent estimates available for program savings.

The California IOUs were also required to track the performance of their

own 2004-2005 energy-efficiency programs. These reports are publicly available

on the CPUC Energy Efficiency Groupware website and are our second main

source of data. From these reports, we compiled the following information that

the IOUs reported: original program budget, EM&V budget, total program

expenditures, EM&V expenditures, annual net energy goals, annual net energy

impacts, NTG ratio(s), and projected and realized total program costs and

benefits.

3.4 Summary of the Data

The charts below provide an overview of the data. The number of

2004-2005 energy-efficiency programs for each IOU’s service area is displayed

in Figure 3.1, where the abbreviations are for Pacific Gas & Electric (PG&E),

Southern California Edison (SCE), Southern California Gas (SCG) and San

Diego Gas & Electric (SDG&E). SCG and SDG&E are both subsidiaries of

Sempra Energy.
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Figure 3.1: Number of Programs by IOU

The number of programs by customer class is displayed in Figure 3.2.

The few programs involving public sector buildings and organizations are in-

cluded within the commercial class, and the few programs involving the agri-

cultural sector are included within the industrial class. Forty-four percent of

the programs were offered to more than one customer class.

While the requirements for the evaluations were the same across pro-

grams, the contractors that performed these evaluations were very different in

size, experience, and expertise. Figure 3.3 displays the number of programs

evaluated by each of the most commonly used third-party evaluators. Two

large firms were the most popularly used evaluators by a wide margin. (We

refer to them as “Large Firm A” and “Large Firm B” throughout this chap-

ter instead of using their real names.) These publicly traded corporations

have thousands of employees in more than 20 countries around the world and

hundreds of millions of dollars in annual revenue. On the other end of the
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Figure 3.2: Number of Programs by Customer Class

spectrum are two private companies, one with seven staff members and an-

other with a staff of two in a single office in California. Not surprisingly given

the relative size of the companies, the large firms tended to evaluate the larger

programs. The average budget of a program evaluated by either Large Firm A

or Large Firm B was $9.1 million, whereas the average budget of the remain-

ing programs was $3.6 million. More than one evaluator assessed thirty-seven

percent of the programs (but we made no attempt to discern which evaluators

performed which functions for these programs).

Program budgets and expenditures, as reported by the IOUs, are dis-

played in Figure 3.4. Programs had spent an average of 75 percent of their

total budgets by the time the final IOU reports on the programs were issued.

The IPMVP provides evaluators with four options on how to measure

energy impacts. Option A, “Partially Measured Retrofit Isolation,” requires

that savings be determined by short-term or continuous field measurements of
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Figure 3.3: Number of Programs by Evaluator

Figure 3.4: Programs Budgets and Expenditures ($000s)
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energy use. For Option A, some parameters can be taken from second-hand

sources (“stipulated parameters”), as long as the potential error from doing

so is not significant. Option B, “Retrofit Isolation,” is the same as Option

A, except no parameters may be stipulated. Option C is called “Whole Fa-

cility,” and savings are determined by directly measuring energy use at the

whole facility level rather than using a particular energy source on which a

program focuses. Option C is useful for programs that affect many differ-

ent systems within a building. Finally, Option D, “Calibrated Simulation,”

requires that savings be determined via simulation of the energy use of com-

ponents or the whole facility [U.S. Department of Energy, 2002]. Figure 3.5

displays the number of energy-efficiency programs that claimed to use each

option described above. Some larger programs claimed to use more than one

option. Twenty-two evaluations did not state which option was chosen, and a

few evaluations stated that they did not use any options of the IPMVP, gen-

erally due to budgetary concerns. It should be noted that we did not attempt

to determine how rigorously the evaluations followed the guidelines for each

option set forth in the IPMVP. Moreover, these options comprised just one

component of the evaluations and were not necessarily reflective of the rigor

of the full evaluations.

As an additional proxy for evaluation rigor, we gathered data on each

program’s calculation of its net-to-gross (“NTG”) ratio, which adjusts the

savings estimates for savings that would have occurred over the same time

period whether the program was offered or not. While it is difficult to compare
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Figure 3.5: IPMVP Methodology

the rigor of NTG analyses across different types of programs, we kept track

of whether each program performed its own analysis to estimate the NTG

ratio or whether the program simply used a “deemed” NTG ratio (estimates

from previous studies) as a shortcut. 53% of all programs and 40% of all

evaluations5 performed their own NTG analysis.

The IOU filings break out the total program budgets and expenditures

by category, one of which is EM&V spending. Figure 3.6 displays the mean

and median percentages of the total budgets and expenditures allocated to

EM&V spending, as reported by the IOUs.

Programs were at different stages in their development at the begin-

ning of the 2004-2005 energy-efficiency program cycle. While some programs

already had been functioning for years, others did not begin accruing savings

until the middle of the 2004-2005 cycle. Since the evaluations supplied en-

5Similar programs implemented in different IOU service territories are often grouped into
one evaluation document.
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Figure 3.6: EM&V Expenditures / Total Expenditures

Figure 3.7: Time Period When Savings Began to Accrue

ergy savings information by year, we could determine approximately when the

savings began to accrue. Figure 3.7 displays this information.

Figure 3.8 displays the difference between IOU-reported and evaluated

cost-effectiveness measures. The total resources cost (TRC) ratio is defined

as the benefits divided by the costs of a demand-side management energy-

efficiency program. The benefits used to calculate the TRC ratio are the

avoided supply costs and the reduction in transmission, distribution, genera-

tion, and capacity costs valued at marginal cost. The costs used to calculate
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Figure 3.8: Total Resource Cost Test (Benefits / Costs)

the TRC ratio are the program costs paid by both the IOU and the program

participants plus the increase in supply costs for the periods in which load

is increased. Figure 3.8 only includes data for 45 percent of the programs

because many evaluations did not track cost-effectiveness. (We have IOU-

reported data for virtually all programs, but only observations from programs

for which there is observed data from evaluations are included.)

3.5 Comparison of the Differences in Energy-Savings
Estimates

The objective of this section is to compare the three compiled estimates

of energy savings (projected, IOU-reported, and evaluated) to assess the ben-

efits of the program evaluations. The comparison of projected and evaluated

savings estimates provides an indication of how useful the evaluations are as

an opportunity to learn about the successes or failures of the programs. The
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comparison of the IOU-reported and evaluated savings estimates provides an

indication of how useful the evaluations are as a check on the incentives of the

IOUs to overstate energy savings.

We provide a summary of the savings estimates in Table 3.1. It reports

measures of savings6 with three different metrics: megawatt hours (MWh),

megawatts (MW), and therms. The MWh and therm measurements are the

aggregate amounts of electricity and gas, respectively, used over a period of

time. The MW measurement is the demand for electricity at peak usage hours,

which is of crucial importance because electricity is not storable, so avoiding

power outages requires sufficient generating capacity to serve the demand of

customers at peak times. Since peak electricity demand is inherently more

difficult to measure than aggregate energy use, it is likely that the estimates

of MW savings at peak times are relatively less precise.

We define a “realization rate” as estimated savings (from either the

IOU reports or the third-party evaluations) divided by projected savings. The

“IOU accuracy ratio” is defined as evaluated savings divided by IOU-reported

savings. The confidence intervals on the median value (right-most column) are

obtained using the binomial method.

6The IOU filings report a single value for cumulative annual net energy savings, which
is calculated by the formula: (total units installed) × (energy savings per unit) ×
(NTG ratio). The evaluations provide annual net energy savings for each year, starting
in 2004. We have used 2006 energy savings throughout this chapter because they include all
installations from 2004 and 2005, and therefore are most directly comparable to the reported
“annual” values. All energy savings are net of free riders.
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# obs. Median
Weighted (> 100%, 95% Conf.

Total1 Mean Median median2 < 100%) Interval
Realization rate MWh

IOU-reported 87.1% 91.8% 97.7% 91.2% (48,55) (80%-107%)
Evaluated 67.0% 75.8% 68.9% 62.9% (21,76) (63%-82%)

Realization rate MW
IOU-reported 82.6% 92.0% 97.5% 92.9% (45,54) (81%-103%)
Evaluated 69.3% 83.7% 87.2% 65.2% (25,67) (79%-92%)

Realization rate therms
IOU-reported 117.5% 117.4% 100.6% 110.8% (32,29) (81%-110%)
Evaluated 58.3% 108.8% 75.8% 57.2% (12,52) (60%-85%)

IOU accuracy ratio

MWh 85.3% 160.9% 87.1% 60.1% (38,60) (81%-99%)
MW 91.3% 142.4% 92.6% 71.0% (38,56) (85%-105%)
Therms 47.0% 1189.0% 73.9% 47.6% (16,43) (56%-85%)

Notes:
IOU = investor owned utility; MWh = megawatt hours; MW = megawatts
Realization rates are defined as ex-post estimated savings divided by ex-ante projected savings
IOU accuracy ratio is defined as evaluated savings divided by IOU-reported savings
Savings comparisons are between 2006 data from evaluations and annual data from IOU reports
1 For a consistent comparison, a program’s savings data is only included in the sum if both the numerator and the
denominator are observed
2 Each observation is weighted by percentage of total savings. The ratios (Realization Rates or IOU Accuracy
Ratios) are then ordered from smallest to largest, and the cumulative sum of the weights is calculated for each
observation. The weighted median is the average of the first observations above and below the cumulative sum of
weights equal to 50%

Table 3.1: Summary Statistics

115



From Table 3.1, we draw two primary conclusions relating to the two

potential benefits of evaluations described above. First, the evaluated realiza-

tion rates show that evaluated savings were substantially lower than projected

savings – 100 percent is not within any of the median confidence intervals for

the evaluated realization rates. These evaluations provide valuable revisions

of the savings projections and therefore may offer important conclusions as to

the performance of specific types of program.

Second, large differences exist between the IOU-reported and evaluated

savings estimates. In particular, evaluated savings are systematically lower

than IOU-reported savings. Specifically, total evaluated MWh savings were

85 percent of total reported MWh savings, total evaluated MW savings were

91 percent of total reported MW savings, and total evaluated therm savings

were 47 percent of total reported therm savings. Only savings measured in

MW has 100 percent within its median confidence interval for the evaluated-

to-reported savings ratio. Therefore, the evaluations appear to be valuable in

their role as a check on the IOUs’ incentive to overstate energy savings: if these

evaluations were not undertaken and the 2004-2005 savings were included in

the RRIM, the IOUs’ would have been eligible for payouts under the California

RRIM that the evaluations suggest they had not truly earned.

Finally, we offer three other notes regarding Table 3.1. The “median”

and “mean” values differ substantially, showing that outliers influence these

data. We discuss this issue in more detail below. Also, total realization rates

are generally lower than both mean and median realization rates. This reflects
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lower realization rates for the largest programs (because small and large pro-

grams are implicitly given equal weighting in the calculation of the median

and mean realization rates). Lastly, the IOU accuracy ratio is much higher for

MW savings than it is for either measure of energy savings. This higher level

of accuracy in reported estimates of peak period savings is likely due to the

limited time duration of peak demand periods and thus the limited potential

for behavioral factors to cause savings to deviate from more engineering based

estimates.

3.5.1 Non-Parametric Tests

The benefits of the energy-efficiency program evaluations both as an

opportunity for learning about how to improve program performance and as a

component of a performance-incentive mechanism is contingent on whether the

evaluated savings estimates significantly differ from other estimates of savings.

In this section, we perform statistical tests to analyze these differences.

Because of the relatively small number of observations for each sav-

ings metric, we provide non-parametric tests of the hypotheses that the IOU-

reported savings estimates are equal to the evaluated savings estimates, and

that the savings projections are equal to the evaluated savings estimates. The

advantage of using these tests, as compared to a standard t-test, is that they

require minimal assumptions regarding the underlying distribution of data.

The Wilcoxon Matched-Pairs Signed Ranks test is used to determine

whether differences exist between groups of paired data points. The null hy-
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Rep. vs Eval. savings Proj. vs Eval. savings
MWh MW Therms MWh MW Therms

Observations 99 95 59 100 97 65
Z stat 1.855 1.037 3.714 5.308 4.104 4.026
p-value 0.0636 0.2995 0.0002 0.0000 0.0000 0.0001

Notes:
MWh = Megawatt hours; MW = Megawatts; Eval. = Evaluated;
Rep. = Investor Owned Utility Reported; Proj. = Projected;

Table 3.2: Wilcoxon Matched-pairs Signed Rank Test

pothesis is that the differences between the matched pairs of data have a

median value of zero. In other words, if Sie is the evaluated savings estimate

for program i, and Sir is the IOU-reported savings estimate for program i, the

differences in savings estimates are calculated as Sie - Sir for each i. The null

hypothesis is that across all programs, the median value of (Sie − Sir) = 0. If

we can reject the null hypothesis, then we can conclude that the differences

between the savings estimates are not simply due to chance or sampling er-

ror. The assumption underlying this test is that the distribution of differences

between each matched pair is symmetric.

Table 3.2 provides the results of the Wilcoxon test for each of the three

savings measures (MWh, MW, and therms).

In addition, we performed Sign Tests [Snedecor & Cochran, 1967],

which are similar to the Wilcoxon tests in that they assess the equality of

matched pairs of observations. The null hypothesis of a Sign Test is that

the probability that one member of the matched pair is greater than the
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Rep. vs Eval. Savings Proj. vs Eval. savings
MWh MW Therms MWh MW Therms

Observations 99 95 59 100 97 65
p-values:

1-sided 0.0167 0.0395 0.0003 0.0000 0.0001 0.0000
2-sided 0.0334 0.0790 0.0006 0.0000 0.0002 0.0000

Notes:
MWh = Megawatt hours; MW = Megawatts Eval. = Evaluated;
Rep. = Investor Owned Utility Reported; Proj. = Projected;

Table 3.3: Sign Test

other member of the pair is exactly 50 percent, and the median of the dif-

ferences between the matched pairs is zero. Using the notation explained

above, pr(Sie > Sir) = 50 percent and Median(Sie − Sir) = 0. Unlike the

Wilcoxon test, the distribution of the differences of matched pairs no longer

has to be symmetric for the results of the test to be valid.

Table 3.3 displays the results of the Sign Tests. For the one-sided

Sign Test, which is potentially better suited for this setting, the alternative

hypothesis is that the median of the distribution of differences (calculated as:

IOU-reported (or projected) savings less evaluated savings) is greater than

zero.

Tables 3.2 and 3.3 provide evidence of significant differences between

the various estimates of energy savings. We can strongly reject the hypoth-

esis that the projected savings estimates and evaluated savings estimates are

equal for any of the three savings metrics. This is to be expected. As men-

tioned above, ex-post measurements of actual consumer behavior should be
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more accurate in calculating energy savings than savings projections. The

evaluations therefore provide program implementers and regulators with a sig-

nificantly different and presumably more accurate picture of the performance

of the programs – and what differentiates programs that are more successful

at producing savings from ones that are less successful.

The results of the Wilcoxon test are not quite as conclusive for the

comparison between IOU-reported and evaluated savings data. The equality

of the matched pairs of gas-savings estimates can be strongly rejected, while

the equality of the matched pairs of electricity-savings estimates can be weakly

rejected. The equality of the matched pairs of the peak demand estimates can-

not be rejected (which could be because the estimates are actually from the

same distribution, or, because we do not have sufficient data to definitively re-

ject the null hypothesis). However, the one-sided Sign Test tells us to strongly

reject the equality of matched pairs of savings estimates for all three savings

metrics.

The differences between the IOU-reported and evaluated savings es-

timates are a key concern for California policymakers. On one hand, it is

natural for the IOU-reported and evaluated numbers to differ, for the same

reason projected and evaluated savings estimates differ. After all, the two sav-

ings estimates were performed at different times (thus different information

was available) and often with varying levels rigor. Especially for relatively

new programs in 2004-2005 whose effectiveness was uncertain, we would ex-

pect the more rigorous measurements of the evaluations to potentially provide
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very different savings estimates from the IOU reports. If the IOU reports un-

derestimated savings as often as they overestimated savings, the evaluations

would not provide a check on the incentives of IOUs in a performance incentive

mechanism.

However, the results above show a clear trend for the IOU-reported sav-

ings estimates to be higher than the evaluated savings estimates, which may

reflect the incentives of the IOUs to overestimate savings in order to increase

profits. Putting a check on this incentive is the primary motive for CPUC to

continue to include these evaluations as a component of the performance in-

centive mechanism. Inflated savings values are costly to California ratepayers.

The IOUs would have been eligible for millions of dollars in additional profits

under the RRIM if ex-post savings estimates were based on the IOU-reports

alone.

The IOUs have argued that the evaluations should not be a component

of a performance-incentive mechanism as they have been in the past. During

the 2004-2005 program cycle, the IOUs were well aware that their savings

estimates would be subject to revision by the evaluations. These data are

therefore not necessarily representative of how the IOUs would have behaved

if the evaluations had not been a part of the incentive mechanism. It seems

likely that the incentive of the IOUs to overestimate savings would be greater

in the future if they knew the evaluations would not be used as a check on

their savings estimates under the RRIM.

Finally, it is important to note that in assessing the net benefits of
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independent evaluations, these data represent only half the story. Performing

ex-post evaluations of energy-efficiency programs has costs as well as benefits.

This section has pointed to evidence that may suggest that these evaluations

provide benefits in improving program performance and checking the incentive

of the IOUs to overstate savings. A regulator such as the CPUC must compare

these benefits to the costs of the evaluation process to the taxpayers and

ratepayers.7

3.6 Causes of the Differences in Energy-Savings Esti-
mates

Using the dataset described above, we proceed to the second objective

of this chapter, which is to attempt to answer the following two questions:

1) what differentiates an energy-efficiency program that is successful in meet-

ing its savings projections from one that is not?; and 2) what differentiates

an energy-efficiency program that has its IOU-reported savings estimates con-

firmed by an independent evaluation from one that does not?8

7We calculated the total budget for evaluation, measurement and verification activities
to be approximately $18 million for the 2004-2005 program cycle.

8Note that we do not imply that the evaluations have necessarily measured the true value
of program savings but only that the evaluated savings estimates should be more accurate
than the utility-reported savings for a number of reasons: (1) increased rigor in the savings
calculations of of certain evaluations; (2) additional data (such as actual measurements of
consumer behavior) available to the third-party evaluators because they completed their
analyses at later dates; or, (3) the independence of the third-party evaluators.
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3.6.1 Question 1: What differentiates an energy-efficiency program
that is successful in meeting its savings projections?

To answer Question 1, we analyze the realization rates (defined as evalu-

ated savings divided by projected savings) across programs. Higher realization

rates imply more successful programs compared to expectations. Recall that

realization rates of close to 100 percent imply that the evaluations provide little

new information for future program designers and implementers (in addition

to what was provided by the projections). Tables 3.4, 3.5 and 3.6 provide me-

dian and mean values for realization rates for the three savings metrics across

programs with the different characteristics described above. These values can

be compared to the mean and median values for all programs, highlighted and

bolded in the top rows. Due to the limited number of observations, we urge

caution in interpreting the results in these tables. Nevertheless, some find-

ings are interesting. For instance, the programs in SDG&E’s service territory

generally are less successful relative to projections than those in PG&E’s or

SCE’s. The electricity savings from SCG’s programs are based on a very small

number of observations because SCG does not sell electricity, and so it only

reported electricity savings for a handful of programs. Programs that were in

existence from the start of the 2004-2005 cycle were relatively more successful

in meeting their annual savings projections than those that commenced oper-

ations later in the cycle. As would be expected, programs that spent a smaller

percentage of their budget were less successful in meeting their MW and MWh

savings goals (but curiously, this relationship does not hold for therm savings).
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More cost-effective programs in general had higher realization rates.

Programs evaluated by Large Firm A or Large Firm B, as well as pro-

grams evaluated by multiple evaluators, tended to be less successful in meeting

their savings projections. Also, evaluations that measured energy savings us-

ing Option B of the IPMVP were relatively less successful in meeting their

savings projections than were evaluations that used Option A. This result is

expected because the two options are identical besides the additional rigor

that is required by Option B, which does not permit stipulated parameters.

This suggests that the more rigorous are the evaluations, the more valuable

they are in revising the savings projections.9

3.6.2 Regression Analysis - Question 1

We ran regression analyses to gain further insight into what differen-

tiates an energy-efficiency program that is successful compared to its expec-

tations from one that falls short. The dependent variable in these regressions

is the evaluated realization rate (defined as the ratio of evaluated savings to

projected savings). As independent variables, we included any variable for

which we had data and a theoretical justification to believe that it could im-

9The independent contractors that performed the evaluations generally were selected and
required to provide a plan for the evaluation (subject to CPUC approval) near the beginning
of the 2004-2005 program cycle. Therefore, we have no reason to believe that the choice of
evaluation methodology was endogenous. Endogeneity would be a concern if programs that
were underperforming were more likely to be evaluated with more rigorous methods.
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Evaluated savings / Projected savings (in megawatt hours)
Obs Median Mean

ALL PROGRAMS 97 68.9% 75.8%
Utility:

PG&E 36 81.3% 82.9%
SCE 28 68.3% 72.7%
SCG 8 66.9% 69.2%
SDG&E 25 62.7% 71.0%

Customer class:
Residential 34 75.5% 77.8%
Commercial 78 68.9% 74.4%
Industrial 31 63.2% 70.1%

Savings began in:
Beginning of 2004 27 82.3% 80.9%
Middle of 2004 46 65.1% 69.8%
Beginning of 2005 19 72.9% 80.3%
Post-Beginning 2005 5 69.5% 85.8%

Budget vs expenditures:
> 90% Budget Spent 51 81.3% 82.2%
< 90% Budget Spent 46 57.5% 68.7%

Cost-effectiveness:
Reported TRC > 1 84 68.9% 77.3%
Reported TRC < 1 13 69.5% 65.6%

Evaluated TRC > 1 82 77.7% 80.6%
Evaluated TRC < 1 15 52.6% 49.5%

Evaluator:
Large Firm A 21 62.7% 65.9%
Large Firm B 25 53.2% 51.7%
All others 65 82.3% 84.2%

Single evaluator 61 82.3% 85.4%
Multiple evaluators 36 59.1% 59.5%

Spending on EM&V:
EM&V budget > 4% of total 46 75.4% 76.8%
EM&V budget < 4% of total 47 67.1% 73.0%

EM&V expenditure > 4% of total 57 68.8% 77.2%
EM&V expenditure < 4% of total 40 70.1% 73.7%

IPMVP methodology:
Option A 32 83.0% 82.8%
Option B 24 60.8% 65.0%
Option C 9 67.5% 69.3%
Option D 5 67.5% 79.3%

NTG Ratio Analysis:
Program specific NTG Ratio Analysis 58 65.7% 70.1%
Used “‘deemed” NTG Ratio 39 78.3% 84.2%

Notes:
PG&E=Pacific Gas & Electric; SCE=Southern California Edison; SCG=Southern
California Gas; SDG&E=San Diego Gas & Electric
TRC=total resources cost ratio; EM&V=evaluation, measurement, and verifica-
tion
IPMVP=International Performance Measurement & Verification Protocol

Table 3.4: What differentiates a program that is successful in meeting its
projected (megawatt hour) savings goals?
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Evaluated savings / Projected savings (in megawatts)
Obs Median Mean

ALL PROGRAMS 92 87.2% 83.7%
Utility:

PG&E 35 87.9% 89.4%
SCE 26 90.1% 80.4%
SCG 7 100.4% 80.9%
SDG&E 24 78.3% 79.9%

Customer class:
Residential 34 83.4% 82.3%
Commercial 73 86.3% 84.4%
Industrial 27 89.1% 87.0%

Savings began in:
Beginning of 2004 25 96.5% 91.9%
Middle of 2004 45 83.1% 77.5%
Beginning of 2005 18 84.6% 83.2%
Post-Beginning 2005 4 85.2% 104.7%

Budget vs expenditures:
> 90% Budget Spent 50 93.4% 89.5%
< 90% Budget Spent 42 80.7% 76.9%

Cost-effectiveness:
Reported TRC > 1 80 89.9% 88.3%
Reported TRC < 1 12 57.2% 53.4%

Evaluated TRC > 1 78 90.3% 89.9%
Evaluated TRC < 1 14 35.5% 49.3%

Evaluator:
Large Firm A 19 89.5% 84.6%
Large Firm B 24 60.1% 59.3%
All others 62 93.3% 90.0%

Single evaluator 60 89.2% 89.2%
Multiple evaluators 32 69.9% 73.4%

Spending on EM&V:
EM&V budget > 4% of total 43 86.6% 83.9%
EM&V budget < 4% of total 45 83.7% 81.5%

EM&V expenditure > 4% of total 54 86.4% 79.5%
EM&V expenditure < 4% of total 38 89.9% 89.7%

IPMVP methodology:
Option A 29 97.9% 93.6%
Option B 22 89.9% 84.2%
Option C 9 70.8% 81.4%
Option D 5 101.0% 114.7%

NTG Ratio Analysis:
Program specific NTG Ratio Analysis 55 73.5% 75.9%
Used “‘deemed” NTG Ratio 37 89.4% 95.4%

Notes:
PG&E=Pacific Gas & Electric; SCE=Southern California Edison; SCG=Southern
California Gas; SDG&E=San Diego Gas & Electric
TRC=total resources cost ratio; EM&V=evaluation, measurement, and verifica-
tion
IPMVP=International Performance Measurement & Verification Protocol

Table 3.5: What differentiates a program that is successful in meeting its
projected (megawatt) savings goals?
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Evaluated savings / Projected savings (in therms)
Obs Median Mean

ALL PROGRAMS 65 75.8% 108.8%
Utility:

PG&E 26 81.4% 88.3%
SCE 10 81.0% 286.1%
SCG 15 71.8% 63.8%
SDG&E 14 60.4% 68.5%

Customer class:
Residential 23 78.5% 77.7%
Commercial 54 78.5% 117.7%
Industrial 24 85.4% 164.1%

Savings began in:
Beginning of 2004 19 83.3% 190.5%
Middle of 2004 29 68.2% 63.4%
Beginning of 2005 14 92.7% 106.5%
Post-Beginning 2005 3 26.7% 42.2%

Budget vs expenditures:
> 90% Budget Spent 30 73.8% 74.5%
< 90% Budget Spent 35 76.5% 138.3%

Cost-effectiveness:
Reported TRC > 1 49 71.8% 117.8%
Reported TRC < 1 16 84.5% 81.3%

Evaluated TRC > 1 48 78.5% 127.0%
Evaluated TRC < 1 17 41.2% 57.5%

Evaluator:
Large Firm A 11 67.5% 75.1%
Large Firm B 16 57.2% 51.4%
All others 45 78.5% 129.2%

Single evaluator 44 76.1% 119.6%
Multiple evaluators 21 69.6% 86.3%

Spending on EM&V:
EM&V budget > 4% of total 23 88.6% 99.8%
EM&V budget < 4% of total 40 69.1% 118.9%

EM&V expenditure > 4% of total 39 78.5% 138.7%
EM&V expenditure < 4% of total 26 71.8% 64.0%

IPMVP methodology:
Option A 24 77.2% 88.3%
Option B 15 67.5% 63.2%
Option C 7 83.5% 73.9%
Option D 2 60.4% 60.4%

NTG Ratio Analysis:
Program specific NTG Ratio Analysis 40 69.1% 113.7%
Used “‘deemed” NTG Ratio 25 78.5% 101.0%

Notes:
PG&E=Pacific Gas & Electric; SCE=Southern California Edison; SCG=Southern
California Gas; SDG&E=San Diego Gas & Electric
TRC=total resources cost ratio; EM&V=evaluation, measurement, and verification
IPMVP=International Performance Measurement & Verification Protocol

Table 3.6: What differentiates a program that is successful in meeting its
projected (therm) savings goals?
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pact the estimates of savings. The advantage of the regression approach is

that it allows us to isolate the effects of particular characteristics holding all

other characteristics constant.

We used a number of different regression models to account for the lim-

itations of these data. Among these limitations are small sample sizes, outliers

in the dependent variable observations, and the potential non-independence

of the error terms of certain observations. Due to insufficient data, we do not

include regressions on the gas savings metric.

The full model is of the form:

yi = B0 + B1 PG&E + B2 SCE + B3 SCG + B4 Commercial +

B5 Industrial+B6 Commercial×Industrial+B7 Commercial×Residential+

B8 Commercial×Industrial×Residential+B9 TRC costs+B10 ExptoBudget+

B11 Early Start + B12 BigEvals + B13 MultEvals+ B14 EM&V Budget +

B15 NTG analysis,

where “PG&E,” “SCE,” and “SCG” are dummy variables representing the

relevant IOU (with SDG&E omitted); “Commercial,” “Industrial,” and the

three interaction terms are dummy variables representing the customer classes

to which the program was offered (the “Residential” customer class is omitted,

and the interaction term “Residential× Industrial” was not needed because

no programs fell into this category); “TRC costs” is a continuous variable of

total program costs (including participant costs), serving as a proxy for the

size of the program; “ExptoBudget” is the ratio of program expenditures to

the original program budget, as reported by the IOU; and “Early Start” is a
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dummy variable equal to one if the savings from the program began to accrue

before January 2005 and zero otherwise.

We also included regressors relating to the evaluation process: “BigEvals”

is a dummy variable equal to one when either Large Firm A or Large Firm

B is the third-party evaluator and zero otherwise; “MultEvals” is a dummy

variable equal to one if more than one evaluator is listed on the evaluation

and zero if just a single evaluator is listed; “EM&V Budget” is the percentage

of the original program budget allocated to EM&V activities, as reported by

the IOU; and “NTG analysis” is a dummy variable equal to one if the pro-

gram evaluation included its own analysis (rather than a deemed value for this

ratio).

We ran five regressions models (for MWh savings and MW savings).

Regression (1) is an ordinary least squares (OLS) regression of the full model

displayed above. Regression (2) differs from (1) only in that the standard

errors have been corrected to adjust for heteroskedasticity.

Regression (3) deals with the concern that the error terms across cer-

tain observations may not be independent. A number of evaluations included

data from more than one program. This situation occurred when the same

program was administered in different IOU service territories. For example,

all four IOUs implemented a program called “Savings by Design,” which pro-

vided financial incentives to improve the energy efficiency of commercial new

construction and industrial projects, and provided electricity and gas savings

in each of the IOUs’ service territories. To adjust for the likelihood that the
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observations for each of these four programs will be correlated, the standard

errors in Regression (3) are clustered by evaluation.

Regressions (4) and (5) are our attempts to address the influence of

outliers in the dependent variable observations. Outliers are relatively com-

mon in these data because of the inaccuracy of the estimates of savings. It is

well known that the existence of outlier values of the dependent variable can

lead to violations of the assumptions of an OLS regression.10 STATA has two

built-in regressions models that are intended to cope with this issue. First, Re-

gression (4) is a “robust regression,” which is a form of weighted least squares

regression. The robust regression procedure involves an iterative process that

drops the most severe outliers and decreases the weight of observations with

relatively large residuals (see Hamilton, 1992 for a more thorough description

of the robust regression).

Finally, Regression (5) is a quantile (median) regression. A quantile

regression will eliminate the influence of outliers in the dependent variable

observations because the conditional median of the dependent variable is es-

timated as opposed to the conditional mean.

Tables 3.7 (MWh savings) and 3.8 (MW savings) display the regression

results, attempting to determine what differentiates an energy-efficiency pro-

gram that is successful in meeting its savings projections from one that is not.

10Specifically, OLS is more efficient than other unbiased estimators as long as errors
are normally, independently, and identically distributed. If they are not, other unbiased
estimators may outperform OLS [Hamilton, 1992].
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Positive and significant coefficients are indicators that the associated regressor

is correlated with a higher likelihood of the program meeting its projections.

The regression results are reasonably consistent across the five differ-

ent regression models. Certain program characteristics (such as IOU service

territory) that we suspected might have significant impacts on the evaluated

success of programs compared to projections do not have significantly positive

or negative coefficients in any of the regressions. It is impossible to determine

whether this is because of the small sample size or because these characteris-

tics are in fact not significant determinants of the dependent variables. The

evidence on whether customer class is a significant determinant of program

success is mixed. The regressions in Table 3.7 suggest that larger programs

are more successful in meeting their MWh savings goals. And, not surpris-

ingly, programs that spend more of their budgets are more likely to meet their

savings goals for each of the savings metrics. Finally, programs that targeted

all three customer classes were less successful in meeting their savings goals.

Most interestingly, even when we control for various program character-

istics, Tables 3.7 and 3.8 show that certain aspects of the evaluation process

have significant impacts on measured performance.11 Specifically, programs

evaluated by either Large Firm A or Large Firm B were relatively unsuc-

cessful in meeting their savings projections. The coefficient on this regressor

11The evaluator(s) is assumed not to have any impact on the actual energy savings of the
programs because of the timing of its hire, but different evaluators could calculate different
estimates of savings for a given program.
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Question 1: Effectiveness of Programs vs Goals

Model number (1) (2) (3) (4) (5)
Model type OLS Robust SEs Cluster Robust reg. Quantile reg.

Dependent variable: evaluated savings / projected savings (MWh)

PG&E 0.0819 0.0819 0.0819 0.0751 0.1322
(0.095) (0.100) (0.104) (1.410) (0.170)

SCE -0.0252 -0.0252 -0.0252 0.0344 -0.0619
(0.090) (0.076) (0.076) (0.071) (0.127)

SCG -0.0649 -0.0649 -0.0649 0.0279 0.0957
(0.133) (0.158) (0.149) (0.105) (0.179)

Commercial -0.1648∗ -0.1648 -0.1648 -0.2850∗∗ -0.2678∗∗

(0.095) (0.109) (0.121) (0.075) (0.130)
Industrial -0.1464 -0.1464 -0.1464 -0.1570 -0.1470

(0.243) (0.134) (0.149) (0.193) (0.144)
Comm. × Ind. 0.3491 0.3491 0.3491 0.4406 0.4668

(0.268) (0.175) (0.197) (0.213) (0.206)
Comm. × Res. 0.0010 0.0010 0.0010 0.1002 0.1241

(0.113) (0.094) (0.109) (0.090) (0.160)
Comm. × Ind. × Res. -0.4881∗∗ -0.4881∗∗ -0.4881∗∗ -0.5693∗∗ -0.5409∗∗

(0.198) (0.138) (0.133) (0.158) (0.263)

F-stat for all Commercial 2.45∗∗ 5.53∗∗ 14.62∗∗ 5.91∗∗ 1.84
F-stat for all Industrial 2.33∗ 4.25∗∗ 5.25∗∗ 5.73∗∗ 2.42∗

TRCcosts ($MM) 0.0037 0.0037∗∗ 0.0037∗∗ 0.0035 0.0038
(0.003) (0.002) (0.002) (0.002) (0.004)

ExptoBudget 0.3812∗∗ 0.3812∗∗ 0.3812∗∗ 0.4083∗∗ 0.4664∗∗

(0.159) (0.122) (0.143) (0.126) (0.214)
EarlyStart -0.0717 -0.0717 -0.0717 -0.0132 -0.1067

(0.082) (0.103) (0.108) (0.065) (0.112)
BigEvals -0.3372∗∗ -0.3372∗∗ -0.3372∗∗ -0.3841∗∗ -0.3687∗∗

(0.086) (0.088) (0.099) (0.068) (0.114)
MultEvals -0.3172∗∗ -0.3172∗∗ -0.3172∗∗ -0.2848∗∗ -0.3150∗∗

(0.079) (0.074) (0.079) (0.063) (0.106)
EM&V Budget -0.1305 -0.1305 -0.1305 -0.0812 0.3798

(1.353) (0.798) (0.919) (1.075) (1.629)
NTG Analysis 0.0096 0.0096 0.0096 0.0405 0.0290

(0.089) (0.101) (0.116) (0.071) (0.128)
Constant 0.7842∗∗ 0.7842∗∗ 0.7842∗∗ 0.7004∗∗ 0.7635∗∗

(0.178) (0.163) (0.174) (0.141) (0.238)
Observations 95 95 95 95 95
R-squared 0.3979 0.3979 0.3979

Notes:
Standard errors are in parentheses below the coefficients
∗ denotes a 10% significance level
∗∗ denotes a 5% significance level
PG&E=Pacific Gas & Electric; SCE=Southern California Edison; SCG=Southern California Gas
SDG&E=San Diego Gas & Electric; TRC=total resources cost ratio; EM&V=evaluation, measurement, and
verification

Table 3.7: Electricity Savings – Regression Results
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Question 1: Effectiveness of Programs vs Goals

Model number (1) (2) (3) (4) (5)
Model type OLS Robust SEs Cluster Robust reg. Quantile reg.

Dependent variable: evaluated savings / projected savings (MW)

PG&E 0.0507 0.0507 0.0507 0.1214 -0.0219
(0.110) (0.133) (0.129) (0.098) (0.117)

SCE -0.0418 -0.0418 -0.0418 0.0140 -0.0260
(0.105) (0.107) (0.096) (0.094) (0.114)

SCG -0.0419 -0.0419 -0.0419 0.0251 -0.0120
(0.162) (0.163) (0.157) (0.145) (0.178)

Commercial -0.0686 -0.0686 -0.0686 -0.2155∗∗ -0.3197∗∗

(0.109) (0.129) (0.141) (0.097) (0.121)
Industrial -0.0808 -0.0808 -0.0808 -0.2006 -0.3622

(0.280) (0.182) (0.192) (0.250) (0.246)
Comm. × Ind. 0.4332 0.4332 0.4332 0.6228∗∗ 0.9631∗∗

(0.315) (0.265) (0.290) (0.281) (0.297)
Comm. × Res. -0.0133 -0.0133 -0.0133 0.0221 0.1262

(0.129) (0.118) (0.135) (0.115) (0.140)
Comm. × Ind. × Res. -0.4764∗∗ -0.4764∗∗ -0.4764∗∗ -0.5994∗∗ -0.7558∗∗

(0.237) (0.210) (0.227) (0.212) (0.249)

F-stat for all Commercial 1.44 2.30∗ 1.77 3.33∗∗ 4.07∗∗

F-stat for all Industrial 2.72∗ 2.71∗ 2.27∗ 5.06∗∗ 7.39∗∗

TRCcosts ($MM) -0.0013 -0.0013 -0.0013 -0.0010 -0.0016
(0.003) (0.002) (0.003) (0.003) (0.003)

ExptoBudget 0.4740∗∗ 0.4740∗∗ 0.4740∗∗ 0.4557∗∗ 0.5182∗∗

(0.188) (0.189) (0.235) (0.168) (0.206)
EarlyStart -0.0483 -0.0483 -0.0483 -0.0506 -0.0540

(0.098) (0.134) (0.144) (0.087) (0.106)
BigEvals -0.2483∗∗ -0.2483∗∗ -0.2483∗ -0.3395∗∗ -0.3428∗∗

(0.100) (0.124) (0.134) (0.090) (0.109)
MultEvals -0.1380 -0.1380 -0.1380 -0.1374 -0.1210

(0.095) (0.111) (0.119) (0.085) (0.103)
EM&V Budget -0.3226 -0.3226 -0.3226 -0.2229 0.4973

(1.559) (0.927) (0.957) (1.391) (1.424)
NTG Analysis -0.1327 -0.1327 -0.1327 -0.1714 -0.2029

(0.110) (0.124) (0.143) (0.156) (0.123)
Constant 0.7037∗∗ 0.7037∗∗ 0.7037∗∗ 0.6883∗∗ 0.8324∗∗

(0.207) (0.198) (0.207) (0.185) (0.224)
Observations 95 95 95 95 95
R-squared 0.2702 0.2702 0.2702

Notes:
Standard errors are in parentheses below the coefficients
∗ denotes a 10% significance level
∗∗ denotes a 5% significance level
PG&E=Pacific Gas & Electric; SCE=Southern California Edison; SCG=Southern California Gas
SDG&E=San Diego Gas & Electric; TRC=total resources cost ratio; EM&V=evaluation, measurement, and
verification

Table 3.8: Peak Electricity Demand Savings – Regression Results
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(“BigEvals”) is both significant and very large in magnitude. Also, programs

with multiple evaluators were relatively unsuccessful in meeting their savings

projections. On the other hand, programs evaluated by the smaller contrac-

tors, or by a single contractor, were more likely to have higher evaluated savings

estimates compared to their projected savings estimates. These results suggest

that the identity of the evaluator matters for the results of the evaluation. One

potential explanation for the large firms calculating lower savings estimates is

that they have a broader client base than the smaller firms, which may imply

less of a financial dependence on individual clients and thus a weaker incentive

to please any single client with a high savings estimate. Another explanation

is that the largest firms performed the most evaluations, so perhaps more ex-

perience on such projects leads to lower savings estimates. An anonymous

reviewer provided an alternative explanation, offering anecdotal evidence that

the smaller firms tended to perform more rigorous calculations, which often

led to higher savings estimates. However, we were unable to find empirical

evidence of a significant difference in evaluation techniques between the larger

and smaller evaluators – and Large Firm A and Large Firm B performed their

own NTG analysis on a greater percentage of the programs they evaluated,

while the smaller evaluators were more likely to used “deemed” NTG ratios

from previous studies.
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3.6.3 Question 2: What differentiates an energy-efficiency program
that has its IOU-reported savings estimates confirmed by an
independent evaluation?

To attempt to answer Question 2, we analyze the IOU accuracy ratios

(defined as the ratio of evaluated savings to IOU-reported savings) across

programs. Recall that higher values for the IOU accuracy ratio imply that

independent estimates confirmed (or in some cases exceeded) the IOU-reported

savings values. Lower values for this ratio imply that the evaluations may be

an important check on incentives of the IOUs. Tables 3.9, 3.10 and 3.11

provide median and mean ratio values for the three savings metrics across

various characteristics of the programs and evaluation process. The results

allow us to gain an initial understanding of what program characteristics and

other factors were more or less likely to lead the IOUs to overestimate savings

relative to the evaluators.

From Tables 3.9, 3.10 and 3.11 we note the following trends. Programs

in the service territories of PG&E and SCE were more likely to have their

reported results confirmed by the evaluations than those in the territories of

SDG&E and SCG (which are owned by the same parent company). Also, pro-

grams that spent a larger percentage of their budgets had lower IOU accuracy

ratios than programs that spent a smaller percentage of their budgets. Finally,

the savings estimates for programs evaluated by Large Firm A or Large Firm

B had greater downward corrections of IOU-reported savings estimates.
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Evaluated savings / IOU-reported savings (in megawatt hours)
Obs Median Mean

ALL PROGRAMS 99 87.1% 160.9%

Utility:
PG&E 37 87.1% 195.0%
SCE 29 93.2% 153.8%
SCG 8 49.4% 59.1%
SDG&E 25 79.9% 151.2%

Customer class:
Residential 34 89.8% 175.4%
Commercial 80 84.3% 156.1%
Industrial 31 81.0% 147.1%

Savings began in:
Beginning of 2004 27 90.3% 177.4%
Middle of 2004 48 81.0% 111.4%
Beginning of 2005 19 93.2% 201.8%
Post-beginning 2005 5 100.0% 390.9%

Budget vs expenditures:
> 90% budget spent 53 85.6% 87.1%
< 90% budget spent 46 99.1% 245.9%

Cost-effectiveness:
Reported TRC > 1 86 86.4% 127.9%
Reported TRC < 1 13 101.8% 379.1%

Evaluated TRC > 1 84 91.9% 174.1%
Evaluated TRC < 1 15 47.8% 87.1%

Evaluator:
Large Firm A 21 58.2% 69.2%
Large Firm B 25 50.7% 65.3%
All others 67 96.8% 204.2%

Single evaluator 63 93.2% 157.1%
Multiple evaluators 36 63.1% 167.5%

Spending on EM&V:
EM&V budget > 4% of total 46 88.4% 139.9%
EM&V budget < 4% of total 49 84.4% 183.8%

EM&V expenditure > 4% of total 57 84.4% 140.5%
EM&V expenditure < 4% of total 42 90.3% 188.6%

IPMVP Methodology:
Option A 32 89.9% 106.8%
Option B 24 77.1% 173.9%
Option C 9 83.0% 111.2%
Option D 5 83.0% 87.5%

NTG Ratio Analysis:
Program specific NTG Ratio Analysis 58 80.4% 179.2%
Used “deemed” NTG Ratio 41 92.6% 134.9%

Notes:
PG&E=Pacific Gas & Electric; SCE=Southern California Edison; SCG=Southern
California Gas; SDG&E=San Diego Gas & Electric
TRC=total resources cost ratio; EM&V=evaluation, measurement, and verification
IPMVP=International Performance Measurement & Verification Protocol

Table 3.9: What differentiates a program that has its reported (megawatt
hour) savings confirmed by an evaluation?
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Evaluated savings / IOU-reported savings (in megawatts)
Obs Median Mean

ALL PROGRAMS 95 92.6% 142.4%

Utility:
PG&E 36 95.2% 183.1%
SCE 27 96.3% 133.3%
SCG 7 61.9% 67.3%
SDG&E 25 72.1% 114.6%

Customer class:
Residential 34 93.5% 140.1%
Commercial 76 92.3% 148.4%
Industrial 27 92.6% 168.0%

Savings began in:
Beginning of 2004 25 96.3% 187.3%
Middle of 2004 47 85.3% 112.9%
Beginning of 2005 18 109.6% 155.3%
Post-beginning 2005 5 100.0% 148.4%

Budget vs expenditures:
> 90% budget spent 52 91.6% 91.4%
< 90% budget spent 43 100.0% 204.1%

Cost-effectiveness:
Reported TRC > 1 83 92.6% 126.2%
Reported TRC < 1 12 79.9% 254.3%

Evaluated TRC > 1 81 95.8% 156.6%
Evaluated TRC < 1 14 39.9% 60.1%

Evaluator:
Large Firm A 19 71.6% 81.7%
Large Firm B 24 66.9% 72.4%
All others 65 97.9% 171.8%

Single evaluator 63 96.3% 135.1%
Multiple evaluators 32 72.3% 156.7%

Spending on EM&V:
EM&V budget > 4% of total 43 92.6% 135.7%
EM&V budget < 4% of total 48 93.4% 150.8%

EM&V expenditure > 4% of total 54 77.9% 123.5%
EM&V expenditure < 4% of total 41 97.9% 167.3%

IPMVP Methodology:
Option A 30 98.6% 99.2%
Option B 22 89.3% 136.1%
Option C 9 93.9% 87.7%
Option D 5 130.9% 125.0%

NTG Ratio Analysis:
Program specific NTG Ratio Analysis 56 86.1% 140.5%
Used “deemed” NTG Ratio 39 94.7% 145.0%

Notes:
PG&E=Pacific Gas & Electric; SCE=Southern California Edison; SCG=Southern
California Gas; SDG&E=San Diego Gas & Electric
TRC=total resources cost ratio; EM&V=evaluation, measurement, and verification
IPMVP=International Performance Measurement & Verification Protocol

Table 3.10: What differentiates a program that has its reported (megawatt)
savings confirmed by an evaluation?
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Evaluated savings / IOU-reported savings (in therms)
Obs Median Mean

ALL PROGRAMS 59 73.9% 1189.0%

Utility:
PG&E 25 83.5% 2657.5%
SCE 8 71.7% 65.5%
SCG 14 59.8% 111.3%
SDG&E 12 64.2% 136.0%

Customer class:
Residential 22 77.8% 129.8%
Commercial 48 76.3% 1434.3%
Industrial 21 73.9% 258.9%

Savings began in:
Beginning of 2004 14 86.0% 327.9%
Middle of 2004 29 64.7% 80.6%
Beginning of 2005 14 85.3% 4457.4%
Post-beginning 2005 2 409.7% 409.7%

Budget vs expenditures:
> 90% budget spent 29 65.0% 65.6%
< 90% budget spent 30 81.7% 2275.0%

Cost-effectiveness:
Reported TRC > 1 44 64.0% 138.3%
Reported TRC < 1 15 90.5% 4271.1%

Evaluated TRC > 1 42 77.8% 1648.0%
Evaluated TRC < 1 17 38.9% 55.1%

Evaluator:
Large Firm A 10 49.9% 61.3%
Large Firm B 15 47.3% 47.1%
All others 40 81.3% 1726.4%

Single evaluator 40 77.8% 106.8%
Multiple evaluators 19 48.0% 3467.4%

Spending on EM&V:
EM&V budget > 4% of total 21 76.5% 234.1%
EM&V budget < 4% of total 37 71.2% 1762.7%

EM&V expenditure > 4% of total 36 72.5% 185.5%
EM&V expenditure < 4% of total 23 76.1% 2759.7%

IPMVP Methodology:
Option A 21 82.6% 231.3%
Option B 13 51.8% 4777.8%
Option C 6 86.7% 87.0%
Option D 2 61.8% 61.8%

NTG Ratio Analysis:
Program specific NTG Ratio Analysis 36 54.6% 1786.4%
Used “deemed” NTG Ratio 23 84.3% 254.0%

Notes:
PG&E=Pacific Gas & Electric; SCE=Southern California Edison; SCG=Southern
California Gas; SDG&E=San Diego Gas & Electric
TRC=total resources cost ratio; EM&V=evaluation, measurement, and verification
IPMVP=International Performance Measurement & Verification Protocol

Table 3.11: What differentiates a program that has its reported (therm) sav-
ings confirmed by an evaluation?
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3.6.4 Regression Analysis - Question 2

We ran similar regressions to those displayed above with the IOU accu-

racy ratios as the dependent variables. There are fewer independent variables

because we lacked a theoretical justification to include certain variables, but

the results on the remaining coefficients are not materially changed when these

variables are added to the regressions. Tables 3.12 and 3.13 display the results

of the same five regression models, attempting to determine what differentiates

an energy-efficiency program that has its IOU-reported savings estimates con-

firmed by an independent evaluation from one that does not (for both MWh

and MW savings). Positive and significant coefficients are indicators of a higher

likelihood that the associated regressor is correlated with a greater tendency

for third-party evaluations to confirm IOU-reported savings estimates.

From Tables 3.12 and 3.13, once again, we see that for some program

characteristics, such as IOU service territory, we cannot reject the hypothesis

of no effect on the IOU accuracy ratios. Evaluations that performed their

own NTG analyses were significantly more likely to estimate higher levels of

megawatt hour savings.

The most interesting results from Tables 3.12 and 3.13 again are the

influence of the evaluators. Programs evaluated by Large Firm A or Large

Firm B had relatively larger IOU-reported savings estimates compared to the

evaluated savings estimates, since the coefficient on “BigEvals” is significantly

negative (and large in magnitude). In other words, controlling for evaluation

rigor, the largest evaluators made larger downward corrections of IOU-reported
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savings estimates than did the smaller and less popular evaluators. This find-

ing may suggest differences in the evaluations themselves more than differences

in the programs being evaluated.

3.6.5 Evaluators - Scatter Plots

Our findings relating to the largest and most frequently used evaluators

merit further examination. Those programs evaluated by either Large Firm A

or Large Firm B appear to have significantly lower evaluated savings estimates

compared to both projected and IOU-reported savings than those programs

evaluated by the other contractors. This indicates that either the particular

choice of evaluator is an important determinant of how useful the evaluations

are or that some unobservable correlated with the evaluator of the program is

responsible for these results.

Figure 3.9 displays individual data points for the IOU accuracy ratios

for savings measured in MWh. The chart on left includes all data points,

whereas the chart on the right ignores the outlier points and focuses on range

in which most of the points are located.

Figure 3.9 is informative in two ways about the distribution of these

data. First, the chart on the left shows that the outlier IOU accuracy ratios

(for which the evaluated savings is far higher than the IOU-reported savings)

are for programs evaluated by the smaller contractors (not Large Firm A or

Large Firm B). Second, the chart on the right shows that the outlier programs
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Question 2: Accuracy of IOU-Reported Savings Estimates

Model number (1) (2) (3) (4) (5)
Model type OLS Robust SEs Cluster Robust reg. Quantile reg.

Dependent variable: evaluated savings / IOU-reported savings (MWh)

PG&E 0.4978 0.4978 0.4978 0.0259 -0.0640
(0.837) (0.851) (0.945) (0.131) (0.244)

SCE 0.1622 0.1622 0.1622 0.1625 -0.0028
(0.808) (0.613) (0.673) (0.126) (0.231)

SCG -1.1301 -1.1301 -1.1301 -0.2205 -0.4025
(1.165) (0.874) (0.849) (0.182) (0.340)

Commercial -0.0987 -0.0987 -0.0987 -0.3573∗∗ -0.4870∗

(0.860) (1.302) (1.358) (0.134) (0.254)
Industrial -0.2830 -0.2830 -0.2830 0.0644 -0.3072

(2.208) (0.704) (0.757) (0.345) (0.521)
Comm. × Ind. -0.4152 -0.4152 -0.4152 0.2572 0.7017

(2.429) (1.239) (1.285) (0.379) (0.609)
Comm. × Res. -0.2771 -0.2771 -0.2771 -0.0032 0.0493

(1.011) (0.320) (0.347) (0.158) (0.283)
Comm. × Ind. × Res. 2.5843 2.5843 2.5843∗∗ -0.5594∗∗ -0.5880

(1.785) (2.592) (0.665) (0.279) (0.504)

F-stat for all Commercial 0.64 1.01 16.74∗∗ 3.06∗∗ 1.14
F-stat for all Industrial 0.72 0.58 32.41∗∗ 2.06 0.84

TRCcosts ($MM) 0.0078 0.0078 0.0078 0.0084∗∗ 0.0139∗

(0.025) (0.017) (0.018) (0.004) (0.007)
BigEvals -1.9532∗∗ -1.9532∗∗ -1.9532∗∗ -0.4761∗∗ -0.8513∗∗

(0.763) (0.717) (0.731) (0.119) (0.222)
MultEvals -0.0989 -0.0989 -0.0989 -0.3778∗∗ -0.4802∗∗

(0.715) (0.917) (0.910) (0.112) (0.203)
EM&V Budget -12.1321 -12.1321 -12.1321 0.2439 -0.8031

(11.912) (8.449) (9.002) (1.860) (2.859)
NTG Analysis 1.9417∗∗ 1.9417∗∗ 1.9417∗ 0.1098 0.4625∗∗

(0.797) (0.946) (1.003) (0.124) (0.229)
Constant 1.6165 1.6165 1.6165 1.2141 1.3997

(1.082) (1.696) (1.773) (0.169) (0.317)
Observations 97 97 97 97 97
R-squared 0.1585 0.1585 0.1585

Notes:
Standard errors are in parentheses below the coefficients
∗ denotes a 10% significance level
∗∗ denotes a 5% significance level
PG&E=Pacific Gas & Electric; SCE=Southern California Edison; SCG=Southern California Gas
SDG&E=San Diego Gas & Electric; TRC=total resources cost ratio; EM&V=evaluation, measurement, and
verification

Table 3.12: Electricity Savings – Regression Results
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Question 2: Accuracy of IOU-Reported Savings Estimates

Model number (1) (2) (3) (4) (5)
Model type OLS Robust SEs Cluster Robust reg. Quantile reg.

Dependent variable: evaluated savings / IOU-Reported savings (MW)

PG&E 0.4318 0.4318 0.4318 0.2800∗ 0.0522
(0.585) (0.528) (0.592) (0.145) (0.208)

SCE 0.0970 0.0970 0.0970 0.2734∗ 0.1232
(0.570) (0.405) (0.451) (0.141) (0.204)

SCG -0.4961 -0.4961 -0.4961 -0.1462 -0.3108
(0.856) (0.424) (0.381) (0.212) (0.283)

Commercial 0.4979 0.4979 0.4979 -0.3489∗∗ -0.3663∗

(0.598) (0.501) (0.461) (0.148) (0.212)
Industrial 0.1446 0.1446 0.1446 0.1240 -0.2231

(1.543) (0.363) (0.357) (0.383) (0.433)
Comm. × Ind. -0.5531 -0.5531 -0.5531 0.1774 0.7292

(1.737) (0.610) (0.527) (0.431) (0.515)
Comm. × Res. -0.2577 -0.2577 -0.2577 0.0024 0.0830

(0.703) (0.253) (0.264) (0.174) (0.244)
Comm. × Ind. × Res. 2.2127∗ 2.2127 2.2127∗∗ -0.3797 -0.5267

(1.285) (2.267) (0.410) (0.319) (0.437)

F-stat for all Commercial 0.97 0.55 24.65∗∗ 1.93 1.01
F-stat for all Industrial 1.07 0.51 33.25∗∗ 1.13 1.49

TRCcosts ($MM) 0.0167 0.0167 0.0167 -0.0065 0.0066
(0.017) (0.013) (0.014) (0.004) (0.006)

BigEvals -1.1673∗∗ -1.1673∗∗ -1.1673∗∗ -0.3808∗∗ -0.8550∗∗

(0.537) (0.354) (0.309) (0.133) (0.190)
MultEvals 0.3759 0.3759 0.3759 -0.1626 -0.2763

(0.519) (0.440) (0.372) (0.129) (0.182)
EM&V Budget -3.2621 -3.2621 -3.2621 -1.9371 -2.5069

(8.306) (4.817) (5.271) (2.060) (2.448)
NTG Analysis 0.6343 0.6343 0.6343 0.1967 0.3889

(0.582) (0.453) (0.455) (0.144) (0.209)
Constant 0.7561 0.7561 0.7561 1.1600∗∗ 1.3217∗∗

(0.755) (0.608) (0.655) (0.187) (0.260)
Observations 93 93 93 93 93
R-squared 0.16 0.16 0.16

Notes:
Standard errors are in parentheses below the coefficients
∗ denotes a 10% significance level
∗∗ denotes a 5% significance level
PG&E=Pacific Gas & Electric; SCE=Southern California Edison; SCG=Southern California Gas
SDG&E=San Diego Gas & Electric; TRC=total resources cost ratio; EM&V=evaluation, measurement, and
verification

Table 3.13: Peak Electricity Demand Savings – Regression Results
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Figure 3.9: IOU Accuracy Ratios (MWh) by Evaluator

are not the only source of the difference in IOU accuracy ratios for the different

evaluators. The programs evaluated by Large Firm A or Large Firm B have

IOU accuracy ratios concentrated most heavily in the range of 30-70 percent,

whereas these ratios for the smaller evaluators are more evenly distributed

across a much wider range.

3.7 Discussion, Limitations, and Conclusions

We have compiled a unique dataset related to the 2004-2005 California

utility energy-efficiency program cycle. Along with the characteristics of the

specific programs and evaluation process, our data include three distinct and

comparable estimates of energy savings: projected savings, IOU-reported sav-
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ings, and third-party evaluated savings. We used these data to analyze how

third-party evaluated savings compare to savings projections, as well as what

characteristics of the programs and the evaluation process were correlated with

success compared to expectations. We also used these data to gauge the ben-

efits of the third-party program evaluations as a check on the incentive of the

utilities to overstate energy savings.

We find that most energy-efficiency programs did not meet their energy-

savings projections. Also, the IOU-reported savings estimates are systemat-

ically higher than the evaluated savings estimates. Interestingly, certain as-

pects of the evaluation process appear to be significant determinants of how

evaluated savings compare to projections and IOU-reported results. In partic-

ular, programs evaluated by the largest and most commonly used independent

contractors (or an unobservable correlated with this choice) tend to have the

lowest evaluated savings estimates.

These results signal to regulators that independent evaluations may

be a valuable check on the IOUs’ ability to make unearned profits and can

provide valuable information to future program designers and implementers.

Of course, regulators will need to weigh these benefits against the costs of

performing the evaluations.

One limitation of our analyses in this chapter is that many of the

energy-efficiency programs were extremely broad in scope and did not focus

on particular customer classes or end uses. This made the process of isolat-

ing particular influential features of programs more challenging. Also, while
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many evaluations are hundreds of pages in length and contain a great deal of

detail about the individual programs on which they focused, they contained

very different formats and analyses. As a result, comparative analysis is im-

possible across certain program features or types – such as the use of financial

incentives, the level of incentives, and the types of end-uses targeted – and

we are unable provide an assessment of how these features of programs affect

performance. This severely limits the applicability of these particular results

for improving future program designs. To be more useful for future program

design, evaluations should catalog information about program features in a

standard way across different programs so that the evaluation results can be

associated with specific features to facilitate comparative analysis. Such anal-

ysis could help program designers target their limited resources to programs

that have been proven more effective in producing energy and/or peak load

savings. Finally, perhaps the more important limitation of the dataset is the

relatively small number observations compared to the amount required to per-

form a comprehensive analysis of the programs and evaluation process. For

this reason we urge caution in the interpretation of the chapter’s results.

Despite these limitations, the 2004-2005 California energy-efficiency

program cycle offers a unique opportunity to compare various estimates of

energy savings and the associated characteristics of programs and the eval-

uation process. We are hopeful that our findings will be useful in designing

energy-efficiency programs and determining how to use independent third-

party program evaluations in the future.
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Appendix A

A.1 Mathematical Proofs

A.1.1 Proof of Lemma 1.3.1

The monotonicity of the conditional likelihood ratios is established by

showing λt+1|λt, bt = D and λt+1|λt, bt = G are both increasing in the prior

likelihood ratio λt, using the formulas provided in Table 1.2. First, note that

for C > γt(1− γt)H, monotonicity holds trivially because λt+1 = λt.

When C ≤ γt(1− γt)H:

(λt+1|λt, bt = D) =
α(γt)

α(γt)
λt =

(1− γt)(H + PG)− C
γtPG + C

(A.1.1)

(λt+1|λt, bt = G) =
1− α(γt)

1− α(γt)
λt =

(1− γt)(1−H − PG) + C

γt(1− PG)− C
(A.1.2)

Recall that PG > 0, H > 0 and H + PG < 1 by assumption. It is then

evident from the equations above that an increase in γt (which corresponds to a

decrease in λt) will decrease the numerator and increase the denominator of the

fractions, and will therefore lead to a decrease in both conditional likelihood
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ratios. The conditional likelihood ratios are thus increasing in λ over this

range.

All that remains is to establish the continuity of the conditional like-

lihood ratios at λ and λ (when, by definition, C = γt(1 − γt)H), because

continuity at these points rules out the possibility that the likelihood ratio

could jump from just over (or under) either likelihood ratio threshold to just

under (or over) it. At either λt = λ or λt = λ , it is straightforward to show

that α(γt) = α(γt), so λt = (λt+1|λt, bt = D) = (λt+1|λt, bt = G). It is there-

fore evident that the limits of the functions from above and below will equal

the values of these functions at λ and λ.

A.1.2 Proof of Lemma 1.3.2

Suppose XG = H. By definition, the likelihood ratio is a martingale

if E(λt+1|λt, XG = H) = λt and E(|λt|) < ∞. I show that this is indeed

the case by displaying the expected value of the likelihood ratio in terms of

the probability of each purchase outcome and the value of the likelihood ratio

in each case, using Tables 1.1 and 1.2 (it is obvious that the unconditional

likelihood ratio’s expected value is finite):

E(λt+1|XG = H) = α(γt)
α(γt)
α(γt)

λt + (1− α(γt))
(1−α(γt))
(1−α(γt))

λt = λt

Now suppose XG = L. The inverse likelihood ratio is a martingale if

E(λ−1
t+1|λt, XG = L) = λ−1

t and E(|λ−1
t |) <∞. Again using Tables 1.1 and 1.2
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(and noting that the unconditional inverse likelihood ratio’s expected value is

clearly finite):

E(λ−1
t+1|XG = L) = α(γt)

α(γt)
α(γt)

λ−1
t + (1− α(γt))

(1−α(γt))
(1−α(γt))

λ−1
t = λ−1

t

Finally, convergence follows from the Martingale Convergence Theo-

rem [Breiman, 1968].

A.1.3 Proof of Lemma 1.3.3

Recall that λ < λ1 < λ by assumption. Lemma 1.3.2 shows that the

likelihood ratio converges almost surely to a random variable. Lemma 1.3.1

shows that the likelihood ratio will never “jump” outside these thresholds

if it starts between them. The only fixed points of the Markov process on

the likelihood ratio are λ and λ, because when λ < λt < λ, then either

λt+1 = α(λt)
α(λt)

λt or λt+1 = 1−α(λt)
1−α(λt)

λt, depending on which product is observed

to be purchased (see Table 1.2). Therefore, λ and λ are the only possible

convergence points.

A.1.4 Proof of Theorem 1.3.4

When XG = H, the likelihood ratio is a martingale bounded below by

λ and above by λ. Then, the Dominated Convergence Theorem implies that

E[λ∞|XG = H] = λ1, where λ∞ is the long-run value of the likelihood ratio.

Lemma 1.3.3 shows that λ∞ must equal either λ or λ. By the definition of an

expected value, we have:
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λ1 = Pr(λ∞ = λ|XG = H) ∗ λ+ (1− Pr(λ∞ = λ|XG = H)) ∗ λ

Using this equation, I can solve for the probabilities of success and failure for

a high quality green good.

When XG = L, the inverse likelihood ratio is a martingale bounded

below by λ
−1

and above by λ−1. The same logic is then used to solve for the

probabilities of success and failure in this state.

To solve for the long-run market shares, first note that the consumers

that will purchase the green good in the long-run will be those with α ≥ α̂(γ∞),

where α̂(γ∞) is the long-run value of the threshold α̂(γt). To see this, recall

that in the long-run, α̂(γ∞) = α(γ∞) = α(γ∞) as the number of consumers

who search converges to zero. Lemma 1.3.3 provides the value of the likelihood

ratios at success and failure. The long-run market shares are therefore equal to

α̂(γt) evaluated at the two uncertainty thresholds, as displayed in the Theorem.

A.2 Detailed Empirical Analysis

In this section I describe in detail the empirical analysis on the impact

of CFL programs. These programs are primarily implemented by local electric

utilities or government agencies. Energy Star provided a list of all of the local

and regional CFL programs that it has sponsored since its tracking efforts

began in 2006. I received these data from D&R International, a consulting

firm hired by Energy Star. These lists include program goals, budget informa-

tion, a brief description of program activities, and program contacts [Energy

Star, 2007]. I supplemented these data using public filings, press releases, and
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interviews (via telephone and email) conducted with employees of program

implementors. In certain cases for which budget information were unavail-

able, I calculated an estimated program budget using the annual sales goals.

Specifically, I extrapolated the program budget by comparing the program’s

sales goals with the average goals and program budgets of all CFL programs

with available data in 2007.

Using program websites and the definitions of 2007 MSAs from the

U.S. Census Bureau, the service territories of each program are defined by

their component MSAs for consistency with available sales data. Since it was

not feasible to get more detailed budget information, budgets are assumed to

be apportioned equally over all MSAs served by the program. The estimated

annual budgets are divided by four to arrive at a proxy for the first quarter

budgets.

For consistency with this paper’s model, I classified program activi-

ties as either financial incentives, informational campaigns or both. Finan-

cial incentives include manufacturer buy-down programs (paying the manu-

facturer directly to reduce the price it charges retailers), retailer mark-down

programs (paying the retail store to reduce the price it charges customers),

and rebate programs. Informational campaigns include advertising (TV, ra-

dio, print, or in-store materials to improve the public perception of CFLs),

educational programs (providing consumers with information on the environ-

mental and energy-saving attributes of CFLs), public events and free CFL

giveaways. These activities are clearly not mutually exclusive, and indeed, the
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Number Percentage of MSAs with:
of CFL Any Financial Informational

Programs Program Incentives Campaigns
2006 30 42.2% 41.1% 37.4%
2007 63 60.3% 45.8% 54.7%
2008 74 67.3% 50.8% 60.9%
2009 82 70.9% 57.5% 64.5%

Table A.1: Summary of CFL Programs in the United States

majority of programs used more than one method to encourage CFL sales.

Table A.1 provides a summary of the number of CFL programs each year,

and the percentage of U.S. MSAs with financial incentives or informational

campaigns in place.

Various sources have noted that detailed CFL sales and market share

data have been much harder to find since retailers removed themselves from

tracking surveys in the early 2000s [Oman et al., 2007, Duffy, 2010]. A large-

scale effort to fill this void was undertaken by Energy Star in 2007, when it

began to solicit anonymous sales data from national and regional CFL retailers.

This project stalled not long after it began, as cooperation of retailers waned

with the arrival of the recession [Duffy, 2010]. The result of this effort by

Energy Star is therefore only a cross-section of sales for the first quarter of

2007, aggregated at the MSA level. Unfortunately, no better source of CFL

sales data (time series data, for instance) currently exists in the public domain.

To isolate the impact of CFL programs on sales, I collect data on a

number of other factors that may impact the level of CFL sales in a given
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MSA. As a proxy for the willingness-to-pay to protect the environment of

an MSA, I use data from the League of Conservation Voters, which ranks

members of Congress based on their environmental voting records. I calculate

an average of these scores for the Congressmen in the House Districts of each

MSAs.

To control for electricity prices, I use data from the U.S. Energy Infor-

mation Association, which reports the average annual price of electricity (in

cents per kilowatt hour) by U.S. state. I calculate an average electricity price

for the states comprised in each MSA (although the majority of MSAs are in

a single state, making this a trivial calculation).

To control for political leaning, I use Cook’s Partisan Voting Index,

which, for each U.S. Congress, measures how strongly each House District leans

toward one political party or the other. The score is based on voting results

from the previous two Presidential elections compared to national averages.

Republican leaning districts are given positive scores, whereas Democratic

leaning districts are given negative scores.

To control for differences in demographics across MSAs, data on pop-

ulation, race (percentage of white individuals) and income (median household

income) are obtained from the 2007 American Community Survey, issued by

the U.S. Census Bureau. The population density of each MSA is collected

from the 2000 U.S. Census. For the MSAs that existed in 2007 but not in

2000, I use state-level population density data from 2000 instead.
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To control for varying access to the national CFL retailers that may

have participated in the Energy Star data collection effort, I gathered the street

addresses of all Wal-Mart (including Sam’s Club), Home Depot, and Lowe’s

locations in the U.S. The Wal-Mart data is from POI-factory, a website for

GPS users to share and download information on the addresses or coordinates

of popular locations (www.poi-factory.com). The Home Depot and Lowe’s

data are gathered using company websites and filings.

I use regression analysis to address the question of what factors led to

the varying CFL sales levels across the country in 2007. Tables A.2 and A.3

display the results of the OLS regressions with CFL Sales and CFL Sales per

Wal-Mart as the dependent variables.
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Dependent Variable is CFL Sales (by MSA) in OLS Regressions

Dependent Variable: CFL Sales1

(1) (2) (3) (4)
Financial Incentives (est. budget)2 −0.0310 −0.0514 −0.0753∗

(0.0681) (0.0681) (0.0453)
Info Campaigns (est. budget)2 0.0265 0.0694∗ 0.0387

(0.0649) (0.0404) (0.0650)
Financial x Info 1.8e− 7

3.7e− 7
Pre-existing Program3 −8597.07∗ −10320.16∗∗ −9225.64∗ −7956.32∗∗

(5082.87) (4429.94) (5138.85) (3973.23)
Population4 0.02265 0.0214 0.0225 0.0207

(0.0159) (0.0146) (0.0160) (0.0181)
Population Density5 −11.7433 −11.4970 −10.0937 −8.9278

(18.052) (16.3262) (17.9939) (16.8007)
Income4 510.35 461.97 532.86 552.00

(398.24) (420.12) (399.11) (403.50)
Race4 30, 576.37∗∗ 31, 061.51∗∗ 30, 624.77∗∗ 28, 878.21∗∗

(13, 086.74) (12, 855.51) (13, 095.64) (12, 419.80)
Political Leaning6 −297.20 −326.70 −349.23 −358.43

(238.47) (251.81) (250.15) (251.01)
Environmental Preferences7 −17.6604 −21.7505 −22.6297 −26.3975

(53.6187) (54.0031) (54.1809) (52.9611)
Electricity Price8 1188.84 768.08 1091.61 1289.41∗

(796.7326) (722.3208) (804.3063) (723.0587)
Home Depots9 1578.19 1550.15 1546.57 1670.92

(2534.36) (2525.54) (2548.52) (2610.84)
Lowe’s9 3437.38∗ 3377.49∗ 3248.13∗ 3257.37∗

(1906.484) (1921.396) (1903.867) (1948.223)
Wal-Marts10 5574.62∗∗ 5706.30∗∗ 5659.14∗∗ 5695.00∗∗

(871.07) (877.41) (871.97) (874.56)
Constant −55, 218.04∗∗ −50, 064.73∗∗ −55, 653.84∗∗ −56, 576.88∗∗

(19, 673.83) (21, 263.75) (19, 714.48) (19, 826.26)
Observations 358 358 358 358
R-Squared 0.9492 0.9491 0.9496 0.9497
F-stat 156.73 156.14 160.8 147.03
Prob > F 0.0000 0.0000 0.0000 0.0000

Notes:
Standard errors are in parentheses and have been adjusted for heteroskedasticity
∗ denotes a 10% significance level
∗∗ denotes a 5% significance level
1 2007 1Q sales of participating CFL retailers in the Energy Star data collection effort
2 Estimated budget for CFL programs within each MSA
3 Dummy variable equal to 1 if there existed a CFL program in the MSA in 2006
4 Population, median household income and percentage of white individuals per the 2007 American Community Survey
5 Per 2000 U.S. Census
6 The Partisan Voting Index issued by The Cook Political Report for the 111th Congress, with positive values repre-
senting Republican leaning and negative values representing Democratic leaning districts (average across all districts
in the MSA)
7 2007 League of Conservation Voters’ rating (on a scale of 0 to 100) of U.S. Congressmen’s environmental voting
records (average across all districts in the MSA)
8 The 2007 total electricity price in cents per kilowatt hour by state per the U.S. Energy Information Administration
(average value across all states within each MSA)
9 Per company websites and filings
10 Dataset of all Wal-Mart and Sam’s Club U.S. locations per www.poi-factory.com

Table A.2: Regression Results – CFL Sales as Dependent Variable
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Dependent Variable is CFL Sales per Wal-Mart (by MSA) in OLS Regressions

Dependent Variable: CFL Sales per Wal-Mart1

(1) (2) (3) (4)
Financial Incentive (est. budget)2 −0.0002 −0.0058∗∗ −0.0053

(0.0025) (0.0028) (0.0034)
Info Campaign (est. budget)2 0.0133∗∗ 0.0183∗∗ 0.0189∗∗

(0.0047) (0.0053) (0.0070)
Financial x Info −3.5e− 9

(1.9e− 8)
Pre-existing Program3 −541.38 −791.26∗ −675.03 −701.16

(465.62) (446.21) (454.46) (470.71)
Population4 0.0011∗∗ 0.0008∗ 0.0009∗∗ 0.0010∗

(0.0005) (0.0004) (0.0005) (0.0005)
Population Density5 1.3729 1.6292∗ 1.7948∗∗ 1.7726∗

(0.9157) (0.8995) (0.8954) (0.9103)
Income4 83.8247∗∗ 79.2491∗∗ 87.8219∗∗ 87.5093∗∗

(30.2987) (30.8990) (30.0672) (30.0243)
Race4 1677.83 1676.00 1638.53 1674.57

(1781.00) (1792.42) (1795.15) (1818.77)
Political Leaning6 −54.8131∗ −61.8930∗∗ −65.3039∗∗ −65.2333∗∗

(28.4602) (28.5240) (28.4730) (28.4886)
Environmental Preferences7 0.8552 0.0302 −0.1498 −0.0860

(8.7037) (8.5855) (8.5695) (8.5625)
Electricity Price8 181.57∗ 113.57 151.37 147.60

(105.85) (95.33) (101.85) (105.12)
Home Depots9 −224.48∗∗ −196.37∗∗ −203.68∗∗ −207.03∗∗

(81.49) (78.83) (77.31) (80.45)
Lowe’s9 186.14∗∗ 186.41∗∗ 164.67∗∗ 163.57∗∗

(63.69) (59.96) (58.05) (58.67)
Constant 1098.53 1867.47 1182.78 1194.72

(2298.18) (2263.79) (2325.20) (2326.53)
Observations10 357 357 357 357
R-Squared 0.1839 0.206 0.2147 0.2148
F-stat 9.5 12.51 12.02 11.47
Prob > F 0.0000 0.0000 0.0000 0.0000

Notes:
Standard errors are in parentheses and have been adjusted for heteroskedasticity
∗ denotes a 10% significance level
∗∗ denotes a 5% significance level
1 2007 1Q sales of participating retailers in the Energy Star data collection effort; all Wal-Mart and Sam’s
Club U.S. locations per www.poi-factory.com
2 Estimated budget for CFL programs within each MSA
3 Dummy variable equal to 1 if there existed a CFL program in the MSA in 2006
4 Population, median household income and percentage of white individuals per the 2007 American Com-
munity Survey
5 Per 2000 U.S. Census
6 The Partisan Voting Index issued by The Cook Political Report for the 111th Congress, with positive
values representing Republican leaning and negative values representing Democratic leaning districts (av-
erage across all districts in the MSA)
7 2007 League of Conservation Voters’ rating (on a scale of 0 to 100) of U.S. Congressmen’s environmental
voting records (average across all districts in the MSA)
8 The 2007 total electricity price in cents per kilowatt hour by state per the U.S. Energy Information
Administration (average value across all states within each MSA)
9 Per company websites and filings
10 The Santa Cruz, CA MSA has no Wal-Mart or Sam’s Club and has therefore been excluded

Table A.3: Regression Results – CFL Sales per Wal-Mart as Dependent Vari-
able
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A.3 Endogeneity Bias in the Regressions

Those data collected for the empirical analysis have substantial limita-

tions that could potentially lead to bias in the regression coefficients. In this

section I discuss what is likely the primary cause of this bias – the lack of data

on CFL sales prior to 2007 – and its expected impact on the regressions.

A fixed effect model using panel data would be the ideal method for

gauging the impact of CFL programs on sales because it would control for un-

observed heterogeneity across MSAs that is constant over time. Unfortunately,

such a dataset is currently unavailable because of the lack of CFL sales data

in the public domain. The existence of endogeneity bias in the regressions is

therefore a concern if prior CFL sales are correlated with both current CFL

sales and any of the independent variables. In particular, the independent

variables of most interest are the CFL program variables. The main concern

is that lower sales levels have led to increased spending on CFL programs.

This can be thought of as a problem of omitted variable bias, for which

“Prior Sales” is the omitted variable. Suppose that 2007 CFL sales can be

represented by the following “true model:”

2007 Sales = β0 + β1 2007 Info Campaigns+

β2 2007 Financial Incentives+ β3 X3 + β4 PriorSales+ ε1

where X3 is a vector of all other observed independent variables. On
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account of the omitted variable, the econometrician can only see the following

“observed model:”

2007 Sales = φ0 + φ1 2007 Info Campaigns+

φ22007 Financial Incentives+ φ3 X3 + ε2

Next, assume that “Prior Sales” can be represented by a linear sum

of all variables with which it is correlated, leaving open the possibility that

2007 financial incentives and informational campaigns are correlated with sales

prior to 2007 (obviously the causation would flow in the other direction):

PriorSales = µ0 + µ1 2007 Info Campaigns+

µ2 2007 Financial Incentives+ µ3 Y3

With straightforward manipulations of the three equations above, the

observed coefficients for the CFL program variables can be represented by the

following:

φ1 = β1 + β4µ1, and φ2 = β2 + β4µ2 (A.3.1)

It is expected that β4 > 0, since there is likely autocorrelation in sales

levels. If there is a correlation between either of the 2007 CFL program vari-

ables and Prior Sales, it is expected that a lower level of Prior Sales is correlated

158



with a higher level of 2007 information campaigns and financial incentives, so

that: µ1 < 0 and µ2 < 0. It is therefore evident that the “observed” coefficients

are expected to be less than the “true” coefficients for the financial incentive

and informational campaign variables (β1 > φ1, β2 > φ2). In other words,

there is an expected downward bias on these coefficients in the regressions.

It is also straightforward to manipulate the equations above to solve for

the observed difference between the coefficients for the CFL program variables:

φ1 − φ2 = (β1 − β2)− β4(µ2 − µ1) (A.3.2)

Whether the “observed” difference is greater or less than the “true”

difference is determined by the sign of (µ2−µ1), which is the difference between

the impacts of Prior Sales on the two types of CFL programs. If we assume

that the impact of Prior Sales is the same on 2007 financial incentives and

informational campaigns ( ∂ Prior Sales
∂ 2007 Financial Incentives

= ∂ Prior Sales
∂ 2007 Info Campaigns

), then

µ2 = µ1. In that case, the observed difference between the coefficients is equal

to the “true” difference between the coefficients. In other words, the difference

between the coefficients on financial incentives and informational campaigns

is unbiased in the regressions.

Recall that the observed coefficient on the variable for financial incen-

tives is negative in the regression results displayed above (φ2 < 0) whereas the

coefficient on the variable for informational campaigns is positive (φ1 > 0).
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From equation (A.3.2), this can only occur if either or both of the following

are true: 1) β1 > β2 (the true value of the coefficient on the informational

campaign variable is greater than the true value of the coefficient on the fi-

nancial incentives variable); or, 2) µ1 < µ2 (Prior Sales has a greater negative

correlation with 2007 financial incentives than 2007 informational campaigns).

In the first case, the direction of the bias is irrelevant since the originally-posed

question has been answered. In the second case, the bias on the observed dif-

ference between the program coefficients in (A.3.2) is negative, implying that

the econometrician will observe a smaller difference in the coefficients than

actually exists. In other words, the difference between the impacts of infor-

mational campaigns and financial incentives is bigger than the results of the

regressions suggest.

A.4 Frictions in the Learning Dynamics

The base model can be adjusted to include frictions that should slow

down the pace at which collective “decisions” are made. When a consumer

chooses to search, let z represent the percent chance that the resulting signal

of product quality is accurate. Therefore, it is assumed that with probability

1 − z, the consumer paid the search cost but received a misleading signal

(perhaps this consumer was fooled by misleading adversing, or simply used an

unreliable source). Consumers will factor this probability of misinformation

into their decision whether to search.

Additionally, let φ denote a friction in consumer learning, in that there
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is uncertainty surrounding the purchase decisions of a certain percentage of the

population of consumers. Specifically, for the consumers that choose to search,

the “correct” purchase decision is made with probability φ. It is therefore

assumed that with probability 1 − φ, these consumers incorrectly buy the

product that gives them lower utility. Another interpretation of φ is that it

represents the probability that a consumer went to the store and only one

product was available, or the purchase decision was close enough that the

consumer simply purchased the first product that she saw on the shelf.

From a theoretical perspective, adding a friction to the signal of product

quality (z) has the effect of making search less desirable for each consumer. We

should therefore expect that lowering z leads to a lower probability of reaching

the “correct” outcome. On the other hand, adding a friction to the learning

dynamics (φ) should cause a smaller change in γt for any purchase decision,

because consumers are less convinced of the significance of their observations.

Therefore, lowering φ should lead to an increased probability of reaching the

“correct” outcome.

Model simulations are run with these two frictions added in order to

confirm these theoretical predictions and gauge the impact on the speed of

the consumer “decisions.” The results are displayed in Table A.4. The same

parameters are used as in the model simulations in Chapter 1, and search costs

are assumed to be 10% of the price difference, so that when z = φ = 1, the

output matches the results displayed in Table 1.4.
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Frictions Searches Mkt Share at Prob of
(z, φ) Med Max Success Failure Success Failure

High Quality good G
(1, 1) 3 16 44.1% 15.9% 85.4% 14.6%

(.9, 1) 3 25 42.2% 17.8% 80.7% 19.3%
(.8, 1) 4 28 38.1% 21.9% 71.8% 28.2%

(1, .9) 4 19 44.1% 15.9% 88.1% 11.2%
(1, .8) 7 38 44.1% 15.9% 94.1% 5.9%

(.9, .9) 5 32 42.3% 17.8% 84.9% 15.1%
(.8, .8) 11 74 38.0% 22.0% 80.8% 19.2%

Low Quality good G
(1, 1) 3 19 44.1% 15.9% 14.6% 85.4%

(.9, 1) 4 27 42.2% 17.8% 18.8% 81.2%
(.8, 1) 4 41 38.1% 21.9% 31.7% 68.3%

(1, .9) 4 27 44.1% 15.9% 9.0% 91.0%
(1, .8) 6 37 44.1% 15.9% 5.4% 94.6%

(.9, .9) 5 29 42.3% 17.8% 13.2% 86.8%
(.8, .8) 11 61 38.0% 22.0% 19.8% 80.2%

Table A.4: Search and Learning Frictions

Table A.4 displays that lowering z and φ have the expected impacts on

the probabilities of success and failure. It is also not surprising that the long-

run market shares are not impacted by a change in φ because the consumer’s

search decision is unchanged.

As anticipated, both the median and maximum number of searches

increase when frictions are added to the model. However, the magnitude of

these changes is minuscule in relation to the size of the population. Relatively

few consumers still almost entirely determine the long-run outcomes in the

model.

162



Appendix B

B.1 Robustness checks for the Multi-Period Model

In this section I provide sensitivity analysis to three features of the

model: 1) the number of periods in the model; 2) the probability of an occur-

rence of a climate catastrophe; and 3) the range of CRRA coefficients.

Figures B.1 - B.3 display six period, five period and three period models

that are in other respects equivalent to the four period model results of Figure

2.3. Each of these models run for a length of 200 years. The length of a

generation has been shortened for the models with a greater number of periods.

In each model, the probability of a climate catastrophe starts at zero percent

in the first period and grows to five percent in the last period.

The results are similar to that of Figure 2.3. The models with more

periods (and therefore shorter generations) tend to have higher risk premiums,

especially when the potential damages are the largest.

Figure B.4 displays a four period model in which the probability of a

climate catastrophe has been cut in half in each period (and remains zero in

the first period) but in other respects is equivalent to the model displayed in

Figure 2.3. As expected, the risk premiums in Figure B.4 are smaller than

those in Figure 2.3, but they are still substantial, and the overall trends are
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the same.

Finally, Figure B.5 displays a wider range of CRRA coefficients (1-100).

The risk premiums on the higher end of this range are significantly larger than

those of the base model, and the rate of increase in risk premiums remains

relatively consistent throughout the range.

Figure B.1: Six Period Risk Premiums with Recursive Preferences.
Assumptions: 6 generation model with 33.3 years per generation; probabil-
ities of catastrophe are 1%, 2%, 3%, 4% and 5% in periods 2, 3, 4 and 5,
respectively; damages increase by 2.5% of global consumption in each period.
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Figure B.2: Five Period Risk Premiums with Recursive Preferences.
Assumptions: 5 generation model with 40 years per generation; probabilities of
catastrophe are 1.25%, 2.5%, 3.75%, and 5% in periods 2, 3 and 4, respectively;
damages increase by 3.3% of global consumption in each period.
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Figure B.3: Three Period Risk Premiums with Recursive Preferences.
Assumptions: 3 generation model with 66.7 years per generation; probabilities
of catastrophe are 2.5% and 5% in periods 2 and 3, respectively; damages
increase by 10% of global consumption in each period.

166



Figure B.4: Low Probability Risk Premiums with Recursive Preferences.
Assumptions: 4 generation model with 50 years per generation; probabilities
of catastrophe are 0.5%, 1.5% and 2.5% in periods 2, 3 and 4, respectively;
damages increase by 5% of global consumption in each period.
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Figure B.5: Wider Range of CRRA coefficients with Recursive Preferences.
Assumptions: 4 generation model with 50 years per generation; probabilities
of catastrophe are 1%, 3% and 5% in periods 2, 3 and 4, respectively; damages
increase by 5% of global consumption in each period.
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Appendix C

C.1 Dataset of Energy Efficiency Programs
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Program name IOU territory Customer class(es)
1 ADM Mobile Energy Clinic SDG&E Commercial
2 ADM Mobile Energy Clinic SCE Commercial
3 ADM Mobile Energy Clinic SCG Commercial
4 Appliance Recycling PG&E Residential
5 Appliance Recycling SDG&E Residential
6 Appliance Recycling-Procurement SCE Residential
7 Appliance Recycling-Public Goods Charge SCE Residential
8 California Wastewater Process Optimization PG&E Commercial
9 California Wastewater Process Optimization SDG&E Commercial
10 Comprehensive HTR Mobile Home Program SCG Residential
11 Comprehensive HTR Mobile Home Program SCE Residential
12 CUWCC Pre-Rinse Spray Valve Install. Prog. PG&E Commercial
13 CUWCC Pre-Rinse Spray Valve Install. Prog. SCG Commercial
14 RightLights PG&E Commercial, Industrial
15 H&L Energy Savers - Performance4 SCE Residential
16 Efficiency on Wheels PG&E Residential, Commercial
17 Small Business Energy Alliance PG&E Commercial
18 Small Business Energy Alliance SCE Commercial
19 QuEST’s Building Tune-Up Program SCE Commercial, Industrial
20 QuEST’s Building Tune-Up Program PG&E Commercial, Industrial
21 Statewide Multifamily Rebate Program PG&E Commercial
22 Statewide Multifamily Rebate Program SDG&E Commercial
23 Statewide Multifamily Rebate Program SCE Commercial
24 Statewide Multifamily Rebate Program SCG Commercial
25 SW-CAEnergySTAR Homes PG&E Commercial
26 SW-CAEnergySTAR Homes SCE Commercial
27 SW-CAEnergySTAR Homes SCG Commercial
28 SW-CAEnergySTAR Homes SDG&E Commercial
29 Designed for Comfort PG&E Residential, Commercial
30 Designed for Comfort SCE Residential, Commercial
31 Designed for Comfort SCG Residential, Commercial
32 Designed for Comfort SDG&E Residential, Commercial
33 Community Energy Partnership SCE Residential, Commercial
34 Community energy partnership SCG Residential, Commercial
35 City of Fresno PG&E Residential, Commercial, Industrial
36 Silicon Valley Partnership PG&E Residential, Commercial, Industrial
37 El Dorado County PG&E Residential, Commercial, Industrial
38 City of Stockton PG&E Residential, Commercial, Industrial
39 East Bay Energy Partnership PG&E Residential, Commercial, Industrial
40 Bakersfield Kern Energy Watch Partnership PG&E Residential, Commercial, Industrial
41 Energy Affordability in MF housing PG&E Commercial
42 Energy Solution’s LightWash II Prog. PG&E Residential, Commercial
43 Non-Residential Fin. Inc. Prog. SCG Commercial, Industrial
44 Business Energy Services Team Program PG&E Commercial
45 Business Energy Services Team Program SCE Commercial
46 Business Energy Services Team Program SCE Commercial
47 Business Energy Services Team Program SDG&E Commercial
48 Enhanced Automation Initiative PG&E Commercial
49 Enhanced Automation Initiative SCE Commercial
50 Energy Smart Grocer SCE Commercial
51 Energy Smart Grocer SDG&E Commercial
52 Energy Smart Grocer PG&E Commercial
53 San Diego Region Local Gov’t E.E. Prog. SDG&E Commercial
54 Shade Tree Program SDG&E Residential
55 Residential Duct Services SCE Residential
56 Residential Duct Services SCG Residential
57 Local Nonres. Sustainable Communities SDG&E Commercial
58 City of Pomona Partnership SCE NA
59 Small Business Energy Efficiency SDG&E Commercial

Notes:
IOU=investor-owned utility; PG&E=Pacific Gas & Electric; SCE=Southern California Edison;
SCG=Southern California Gas; SDG&E=San Diego Gas & Electric

Table C.1: 2004-2005 California Energy Efficiency Programs (part 1)
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Program name IOU territory Customer class(es)
60 California Multi-measure Farm Program PG&E Commercial
61 California Multi-measure Farm Program SCE Commercial
62 HTR Lighting Turn-in SDG&E Residential
63 Limited Income Refrigerator Replacement & Lighting SDG&E Residential
64 Retrocommissioning Program SDG&E Commercial
65 RCA Verification Prog. for Res. and Comm. Air Conditioners SCE Residential, Commercial
66 RCA Verification Prog. for Res. and Comm. Air Conditioners PG&E Residential, Commercial
67 RCA Verification Prog. for Res. and Comm. Air Conditioners SDG&E Residential, Commercial
68 Emerging Communities E.E. Program SCE Commercial
69 CA Irrigation Tech. Agricultural Pumping Eff. Prog. PG&E Industrial, Commercial
70 CA Irrigation Tech. Agricultural Pumping Eff. Prog. SCG Industrial, Commercial
71 CA Irrigation Tech. Agricultural Pumping Eff. Prog. SCE Industrial, Commercial
72 City of Berkeley CA Youth Energy Srvs. Prog. PG&E Residential
73 Certified Agri-Food Energy Efficiency PG&E Industrial
74 Compressed Air Management Program PG&E Industrial
75 CSU/IOU Partnership SDG&E Commercial
76 CSU/IOU Partnership PG&E Commercial
77 CSU/IOU Partnership SCE Commercial
78 CSU/IOU Partnership SCG Commercial
79 Express Efficiency PG&E Commercial, Industrial
80 Express Efficiency SCG Commercial, Industrial
81 Express Efficiency SDG&E Commercial, Industrial
82 Express Efficiency - Procurement SCE Commercial, Industrial
83 Express Efficiency - Procurement PG&E Commercial, Industrial
84 Express Efficiency - Public Goods Charge SCE Commercial, Industrial
85 Integrated Audits PG&E Commercial, Industrial
86 LA County Partnership SCE Commercial
87 LA County Partnership SCG Commercial
88 Local Nonres. Customer Energy Savings Bid SDG&E Commercial, Industrial
89 Local Nonresidential Energy Saver SDG&E Commercial
90 Moderate Income Comprehensive Attic PG&E Residential
91 Nonresidential Energy Audits PG&E Commercial, Industrial
92 Nonresidential Energy Audits SCE Commercial, Industrial
93 Nonresidential Energy Audits SDG&E Commercial, Industrial
94 Nonresidential Energy Audits SCG Commercial, Industrial
95 Rebuild a Greener San Diego SDG&E Residential
96 San Diego City Schools Retrofit Partnership SDG&E Commercial
97 San Francisco Peak Pilot PG&E NA
98 Savings By Design PG&E Commercial, Industrial
99 Savings By Design SCE Commercial, Industrial
100 Savings By Design SCG Commercial, Industrial
101 Savings By Design SDG&E Commercial, Industrial
102 Single-Family EE Rebates PG&E Residential
103 Single-Family EE Rebates SCE Residential
104 Single-Family EE Rebates SCG Residential
105 Single-Family EE Rebates SDG&E Residential
106 Small Non-residential Energy Fitness Program PG&E Commercial
107 Small Nonresidential Hard to Reach Program SCE Commercial
108 Standard Performance Contract PG&E Commercial, Industrial
109 Standard Performance Contract SCE Commercial, Industrial
110 Standard Performance Contract SDG&E Commercial, Industrial
111 Upstream HVAC and Motors PG&E Commercial, Industrial
112 Upstream HVAC and Motors SCE Commercial, Industrial
113 Upstream HVAC and Motors SDG&E Commercial, Industrial
114 Upstream HVAC and Motors - Procurement PG&E Commercial, Industrial
115 Ventura REA SCE NA
116 Ventura REA SCG NA
117 VeSM SCE NA
118 Yolo Energy Efficiency Project PG&E Residential, Commercial

Notes:
IOU=investor-owned utility; PG&E=Pacific Gas & Electric; SCE=Southern California Edison;
SCG=Southern California Gas; SDG&E=San Diego Gas & Electric

Table C.2: 2004-2005 California Energy Efficiency Programs (part 2)
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