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1. Introduction

Policymakers are increasingly relying on behavioral insights to design programs to alter consumer

choices in ways that might improve market efficiency. Consumers make systematic mistakes in their

choices for a wide range of products, such as health care plans (Abaluck and Gruber 2011; Kling et

al. 2012; Handel and Kolstad 2015), mutual funds (Barber et al. 2005), schools (Jensen 2010), and

which foods to consume (Bollinger et al. 2011), among many others. Whether and how we should

regulate markets when consumers are prone to mistakes has become an important and sometimes

controversial topic (Allcott and Sunstein 2015; Mannix and Dudley 2015).

In the energy context, policymakers have long argued that consumers undervalue energy operat-

ing costs, which has been the primary rationale for energy efficiency standards and energy labeling

programs adopted in the 1980’s in the U.S. and elsewhere. A long held view is that markets for

energy-intensive durables, such as cars and appliances, may not operate efficiently if consumers

purchase products that were “too energy intensive” (Hausman and Joscow 1982). Therefore, lim-

iting choices through standards and empowering consumers with information labels may have the

potential to improve welfare through steering consumers to make better choices and by reducing

externalities.

This paper asks how responsive U.S. consumers are to energy operating costs when purchasing

household appliances. Apart from being a critical input for energy policy design, investigating

consumers’ response to energy operating costs in the U.S. appliance sector provides an important

case study for the design of regulations and nudges in complex choice environments. The popular

wisdom is that energy costs are a “shrouded” attribute of appliances, although some relevant

information is readily available in this decision context due to the presence of two energy labels:

the mandatory EnergyGuide label and the voluntary Energy Star label (Figure 1). These labels are

examples of imperfectly targeted nudges (Allcott and Knittel 2019) designed to help consumers but

that may have unintended consequences. Sallee (2014) and Davis and Metcalf (2016) highlight that

the EnergyGuide label provides estimates of energy operating costs that rely on national averages,
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but substantial variation exists at the local level, which may induce consumers to under- or over-

invest in energy efficiency. Houde (2018) shows that the Energy Star label, which only provides a

binary signal about the most energy-efficient products in the marketplace, is a very coarse piece of

energy information that may crowd out efforts to compute energy operating costs. Both types of

labels exemplify the difficulties of designing information-based policies: simple and salient pieces

of information may still mislead consumers, whereas detailed and complex information might be

simply ignored. Similar issues arise in contexts such as consumer financial protection (Campbell et

al. 2011), health insurance (Handel and Kolstad 2015), and nutrition (Downs et al. 2009), to name

a few, where policymakers require information disclosure to address potential consumer mistakes.

An important element of our analysis is that we focus on estimating consumer responsiveness

to their local energy operating costs. In particular, our empirical strategy provides evidence that

consumers can overcome imperfectly targeted information in the U.S. appliance market and rely

on local average electricity prices to form estimates of appliances’ energy operating costs when

making a purchase decision. It is not immediately straightforward for consumers to incorporate

local electricity prices into appliance decisions since monthly electricity bills are often complex and

provide only aggregated usage information, making it difficult to map particular end uses to costs.

We use a unique administrative data set from a large national appliance retailer with individual

transaction data on the timing and price paid for each model sold. Since we know the location of

each branch of the retailer, we can match county-specific annual electricity prices to each transac-

tion. We focus on refrigerators, which offer two advantages. First, since refrigerators are plugged in

continuously over their lifetime, it is straightforward to model operating costs, and abstract away

from households’ utilization decisions. Second, refrigerators consume a large amount of energy and

there is rich variation in prices and expected energy consumption across models, which allows us

to identify households’ behavioral responses.

We employ a widely used test of consumer misperception: to compare the demand response

to potentially misperceived costs (e.g. sales tax, shipping and handling fees, highway tolls, or
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energy operating costs), versus salient, correctly perceived purchase costs.1 Unlike many demand

estimation exercises, the pricing scheme of the appliance retailer results in variation in purchase

prices that is plausibly exogenous to local market conditions. As we describe in detail in what

follows, the retailer has a national pricing algorithm that induces model-specific idiosyncratic price

variation. We exploit this variation and account for potential correlated demand shocks using a

rich set of fixed effects.

We estimate demand responsiveness to local energy operating costs using variation in relative

operating costs among models coming from electricity price differences across utilities and over

time. We show that these electricity price differences are largely driven by exogenous variation in

the fuel costs. The fine grained nature of our data allow us to control for county-by-time specific

movements in appliance demand, which allows us to disentangle the effect of energy operating costs

on product choice from confounding market conditions which affect the probability of buying an

appliance at all.

Counter to the popular wisdom, that local energy costs are a “shrouded” attribute of appliances

(e.g., Auffhammer 2017), our findings strongly reject that consumers are unresponsive to appliance

operating costs under a wide range of lifetime and discount rate assumptions. Our preferred

estimates suggest that consumers are indifferent between $1.00 in discounted future energy costs

and $0.82 in purchase price. These results are consistent with recent work in car and housing

markets, where it is generally considered much easier to map fuel consumption to its cost than

for household appliances. People tend to know how much it would cost to drive from one place to

another in car, given many households purchase gasoline one or more times a week and that gasoline

prices are prominently posted at gas stations. Heating costs appear seasonally and constitute a big

jump in natural gas bills compared to baseload water heating and cooking consumption, making

most people aware of how much it costs to heat their home. Recent estimates of implied discount

rates for automobile and house purchases range between 3% and 15% (Busse et al. 2013; Allcott and
1See for example, shipping and handling fees (Hossain and Morgan 2006), sales tax (Chetty et al. 2009),
highway tolls (Finkelstein 2009).
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Wozny 2014; Sallee et al. 2016; Grigolon et al. 2018; Myers 2018), which is in line with our valuation

ratio.2 Overall, our findings suggest that consumers are attentive to local energy operating costs,

and do not simply rely on information about national averages, which is readily available in this

context.

Previous work quantifying consumer attention to energy operating costs in the context of ap-

pliances has been mixed, with some studies finding that consumers substantially discount future

energy costs (e.g., Hausman 1979; Dubin and McFadden 1984) and others finding more modest

undervaluation (e.g., Rapson 2014; Houde 2018). These studies have relied on variants of a discrete

choice model and have exploited primarily cross-sectional variation in energy prices. While there

is rich cross-sectional price variation in the U.S., it may be correlated with systematic differences

in demographics or consumer preferences across regions, thus biasing these types of estimates.

Jacobsen (2015) is one example of a recent study that attempts to address this issue by using

state level panel data to assess the effect of energy prices on Energy Star market shares. He finds

very little evidence that energy prices affect the market share of Energy Star appliances. The

Energy Star certification is, however, an imperfect proxy for energy operating costs because the

certification requirement varies with product class and is thus not perfectly correlated with energy

consumption. Moreover, consumers may value Energy Star models for reasons other than energy

savings (Newell and Siikamaki 2017; Houde 2018).

Our work thus provides the first estimates of consumer attentiveness to appliance energy oper-

ating costs by exploiting rich panel data. In the spirit of recent approaches in the context of cars

and housing (e.g., Busse et al. 2013; Allcott and Wozny 2014; Grigolon et al. 2018; Myers 2018),

we estimate average responsiveness with microdata which allows us to control for region-specific

trends in preferences, removing many of the factors that might be correlated with electricity price

that confound approaches using cross-sectional or more aggregated data.
2Our framework also allows to compute an implied discount rate, which corresponds to approximately 8%
in our preferred specification.
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Our findings show that higher local electricity prices lead to the adoption of more energy-efficient

appliances. These results contribute to our understanding of electricity price demand response.

While consumers are relatively inelastic in the short run, they do change their consumption in

response to changes in their local average electricity prices. Ito (2014) estimates a price elasticity

of −0.07 to −0.09 in the 1 to 4 months following a price change. Deryugina et al. (2017), find

that consumers are much more demand responsive to electricity price changes given more time

to adjust, with a long run elasticity estimates between −0.31 and −0.35. Our results suggest

that one important channel for electricity demand response is through capital investments, which

may explain some of the differences between short and long run elasticities. These investments

are an important margin to consider when designing energy and climate policies, which will have

heterogeneous impacts on local electricity prices.

This paper proceeds as follows. Section 2 describes the data, Section 3 details the empirical

framework, Section 4 describes the estimates of consumer inattention to energy operating costs,

and Section 5 concludes.

2. Data

We use transaction level data from a major U.S. appliance retailer, which include all transactions

for 2008-2012 that involve full-size refrigerators. Each transaction has information about the price

paid, zip code of the store location, refrigerator model number, and an identifier tracking consumers

making multiple purchases with the same credit card. During the sample period, we observe several

million refrigerator purchases across all 50 states. For our analysis, we first exclude online sales,

which represent a small fraction of the sales during the sample period. We also exclude purchases

made by renters, which also represent a small percentage (< 2%). Finally, we restrict the sample to

transactions where we observe only one purchase of a full-size refrigerator by household identifier.

This corresponds to approximately 68% of the sample. The latter criterion is a conservative way to

identify transactions made my households in the sample. Our goal is to exclude transactions made
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by contractors, landlords, or governmental entities that may be subject to different incentives when

investing in energy-efficient appliances. For example, they may not have to pay for the electricity

operating costs of the appliances they purchase.

The purchase price we use in our analysis is the actual retail price paid by the consumer.

We also observe the manufacturers’ suggested retail prices, sales taxes paid on each transaction,

and an indicator variable that specifies whether the retail price paid for a particular transaction

corresponded to a promotional price. An important institutional feature that we exploit in our

analysis is the fact that the retail prices are determined by the retailer at the national level using a

dynamic pricing algorithm. The pricing strategy results in rich variation over time and appliance

models, but not across stores. In particular, the price of each refrigerator model is subject to weekly

variation, which is model specific and not perfectly correlated across brands.

Figure 2 shows the idiosyncratic variation that the dynamic pricing algorithm induces. Each

panel plots time series of retail prices for four different refrigerator models. For illustration purpose,

we focus on the two most popular models of two brands. Although, the patterns are similar across

other models and brands. To create the figure the data are aggregated to the model-week-zip

code level. We first normalized retail prices by removing model-specific fixed effects. We then

computed the median, the 25th percentile and the 75th percentile at the model-week level. The

goal of comparing these three time series is to show that there is little variation across regions for a

given model due to the national pricing strategy. For each panel, we observe that for most weeks,

the 25th and the 75th percentiles exactly coincide with the median retail prices—i.e. there is no

variation across regions. Variation over time is, however, important. From week to week, we see

price changes of the order of 10%. Another important take away from Figure 2 is that the rich

weekly variation appears to not be correlated within brand. We show this formally by plotting

normalized price without week-of-sample fixed effects interacted with brand dummies (the blue

dashed line). These fixed effects remove all the time varying demand shocks that might impact

the different brands in the U.S. refrigerator market. The fact that these residual prices closely
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follow the normalized price of each model shows that the pricing algorithm induces model-specific

variation, which is independent of the brand.

Further, the variation appears to be independent to demand shocks for particular refrigerator

features. In Table 2, we show the change in price with respect to the mean after controlling for not

only brand-by-week fixed effects, but also Energy Star-by-week fixed effects, and other attribute-

by-week fixed effects (i.e. size-by-week, and freezer location-by-week fixed effects). These various

controls remove little variation compared to the variation observed in normalized prices. This

suggests that the pricing algorithm provides credible exogenous variation in retail prices, which is

uncorrelated with shifts in demand.

We create a measure of annual energy cost for each refrigerator purchase using the manufacturer

reported kWh/year consumption multiplied by the county-level annual average electricity price.

County level electricity prices are constructed using the Energy Information Administration (EIA)

form 861, which reports revenue and quantity of electricity consumed by residential consumers.

We divide revenue by quantity sold to create a measure of average electricity price for each utility

operating in the U.S. The EIA also provides information on which utilities serve each county,

allowing us to map average energy prices to the county-level. If a county is served by more than

one utility, we take an average of the prices for each utility serving that county.

In our estimation, we exploit variation in the relative energy operating costs among models

coming from electricity price differences across utilities as well as changes in prices over time.

Areas with higher electricity prices at particular points in time will have larger differences in

relative operating costs than places that have lower electricity prices at particular points in time.

Figures 3 and 4 give a sense of this variation. Figure 3 shows the mean sales-weighted annual

electricity price for each state in a U.S. census division. Each of the 9 plots represents a U.S.

census division and each line on the plot represents a state in that census division. It is clear from

this figure that prices vary substantially regionally, with the highest prices in New England (above

$0.15/kwh on average) and lowest prices in the Midwest and the South (less than $.10/kwh on
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average). There is also some variation in prices over time, where some states experience increases

over the study period, while others experience decreases.

Figure 4 displays density plots of prices and lifetime energy costs. The first panel shows the

distribution of prices paid in our sample. Almost all models sold are less than $2000, though there

is some density for high price models (> $5000). The average price paid is $1263 (Table 1). The

second panel shows how the the distribution of the life time energy costs vary across places with

higher or lower electricity prices. We display the distribution for the 10th, 50th, and 90th percentile

of county electricity prices. To calculate the life time energy cost of each model, we sum the annual

energy cost over an expected lifetime of 18 years, using a 5% discount rate.3 The average annual

energy cost is $61 for the whole sample (Table 1). But there is substantial variation across regions.

Mean lifetime costs vary from $555 for the 10th percentile of energy price to $1000 for the 90th

percentile. The third panel displays the distribution of the ratio of lifetime cost to purchase price.

The mean ranges from 0.44 at the 10th percentile of energy price to 0.79 at the 90th percentile.

Therefore, operating costs can be thought of as a significant fraction of the lifetime costs of the

appliance.

In the U.S. appliance market, another potential determinant of purchases are consumer rebates

for models that are certified by the Energy Star program. During the sample period, two types of

Energy Star rebates were offered. First, several electric utilities offered rebate programs as part

of their demand-side management portfolio. The DSIRE database collects all information about

utility rebate programs. Using these data, we identified all rebate programs that apply to full-size

refrigerators and constructed time series of utility rebates at the year-county level. Utility rebate

programs were present in 129 different counties during the period 2008-2012. In those counties,

the rebate amount ranged from $10 to $250, with a mean of $74. In addition to utility rebate

programs, state governments also offered rebates for Energy Star products during that period. The

State Energy Efficiency Appliance Rebate Program (SEEARP) was funded as part of the stimulus
3These lifetime and discount rate values are used by the Department of Energy (DOE) in setting appliance
standards
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package of the American Recovery Act. This program led to generous rebates for Energy Star

certified products from 2010 through 2011. Houde and Aldy (2017) collected data on the level

and timing of the rebate programs offered by each state, which we use for this analysis. In several

states, these programs were short-lived and lasted a few weeks, and even a few days in some rare

instances. We thus constructed measure of SEEARP rebate at the state-week level. These rebate

programs have substantial variation across states and time—44 states offered a rebate targeting

full-size refrigerators with a mean rebate amount of $128.

For our main analysis, we aggregate the transaction level data at the model-week-zip code level.

For each appliance model, we create time series of sales and retail prices. We do not observe store

inventories, and not all models sell in every zip code in every week. We impute choice sets using the

first and last sales of each refrigerator model in each location (i.e., zip code). That is, we assume

that this model was available between those two sale events period at this particular location.

The time series of sales have a large number of zeros, which correspond to weeks where a model

was available but did not sell. The overall sample used for the estimation has 18,725,640 unique

combinations of refrigerator models, weeks, and zip codes. We observe 2,520 different models during

the period 2008-2012. Table 1 provides additional summary statistics for the main variables used

in our estimation.

The price variable that we use in our regressions is the weekly retail price inclusive of all local

sales taxes. The sales tax rates are computed using our data and correspond to zip code-yearly aver-

ages. For our estimation, we drop 1,241 observations (> 0.01% of the sample) without information

about sales taxes.
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3. Empirical Strategy

3.1. Main Specification

In order to estimate the average demand response to changes in both purchase price and electricity

costs, our preferred specification is as follows.

qjrt = ηPjrt + θEjrt + τESjt + φRebatejrt + γj +Brandj ×Weekt + Countyr ×Attj + ξrt + εjrt(1)

We regress the quantity (q) sold of product j in zip code r and week t on the product’s

price (Pjrt), the product’s annual energy cost (Ejrt), the Energy Star certification status

(ESjt),4 rebates offered for Energy Star certified products (Rebatejrt), product fixed effects

(γj), brand dummies interacted with week-of-sample (Brandj×Weekt), county fixed effects

interacted with product attributes (Countyr × Attj), and county-by-time fixed effects (ξrt).

We include product fixed effects to control for the time invariant, unobservable charac-

teristics of a particular product, which make it more or less attractive. The brand-by-week

fixed effects capture any demand shifts for particular brands over time due to factors such as

advertising campaigns. Therefore, the coefficient η is identified from the variation in model-

specific prices generated by the retailer’s dynamic pricing algorithm. To the extent that the

variation in the national price is determined by supply-side shocks and other idiosyncratic

drivers, it will be exogenous to local market conditions. If the variation is determined by
4The Energy Star certification status of a large number of refrigerator models changed in 2008 due to a more
stringent requirement. Models that did not meet the certification requirement had to be decertified.
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demand-side drivers, it could create endogeneity and bias our demand estimates. We ex-

plore this possibility by testing the robustness of our estimates to various controls for shifts

in demand, as we describe further in what follows.

County-by-time fixed effects control for the mean probability of purchasing any of the

available products in a given time period in a given county. In this way, we are flexibly

controlling for trends in preferences for the outside option, without having to make explicit

assumptions about local market size or the level of utility from the outside option. The

outside option in this context refers to the decision: 1) not to purchase a refrigerator in this

particular week, or 2) to purchase a refrigerator at another retailer. In addition to capturing

the variation in the local market size over time, county-by-time fixed effects also capture

local trends affecting the retailer. Our main specification uses county-by-year fixed effects.

We also show that using finer time variation in our controls, i.e. county-by-week FE, makes

little difference since the variation in electricity price is at the county-year level.

Since county-by-year is the level of our electricity price variation the model estimates

the effects of differences in annual energy costs and purchase price on the probability of

purchasing a particular product, given that the customer has decided to buy a refrigerator in

a particular zip code in a particular year. The remaining variation in annual energy operating

cost comes from the relative energy cost differences among products in a given county in

a given year, where the relative energy cost differences will be larger in counties with high

electricity prices than in counties with low electricity prices. Therefore, we are estimating

effect of energy operating costs on product choice while controlling for confounding local

market conditions affecting the probability of buying an appliance at all.

One concern with the variation in relative energy costs we are using in our model is that

preferences for energy-related attributes are correlated with local electricity prices. This
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correlation may arise for a variety of reasons. High income households might prefer larger

refrigerators and live in regions subject to higher electricity prices. Moreover, in regions

with high electricity prices such as New England and California, electric utilities, retailers,

and local governments may advertise energy-efficient products more, especially Energy Star-

certified products.

In order to control for region-specific preferences for energy-related refrigerator features

we interact county dummies with several refrigerator attributes (denoted Countyr × Attj).

Specifically, we interact county dummies with Energy Star certification status as well as the

two attributes that induce the most variation in refrigerators’ energy use: 1) overall volume

and 2) freezer location. We explore whether there is any remaining endogeneity in energy

costs after including these controls using an instrumental variables approach, described in

the next section.

Finally, we also control for rebates offered for Energy Star certified products (Rebatejrt),

which may make Energy Star-certified products more attractive. Rebates vary across regions

and time, and thus capture time-variant demand for certified products that is not captured

by the refrigerator attribute-by-county fixed effects.

3.2. Robustness Checks

In addition to our main specification, we perform three other estimations to probe the

robustness of our results: 1) a sensitivity analysis to the inclusion of several fine-grained fixed

effects that capture shifts in demand to address the potential endogeneity of the retailer’s

national pricing algorithm, 2) an instrumental variable approach to address endogeneity and

measurement error in energy costs, and 3) a Poisson estimation that addresses potential

model mis-specification with a linear model due to a large number of zero sales.
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3.2.1. Endogeneity of Retail Prices

As mentioned above, if the retailer’s national pricing algorithm is determined by aggregate

shifts in demand for particular models or types of appliances, it could potentially bias our

estimates. In order to explore this possibility, we estimate models that include attribute by

week fixed effects. In particular, we interact Energy Star status, an indicator for fridge size

(adjusted volume smaller than < 29 cu. ft.), and indicators for model type (i.e. top freezer,

side by side refrigerator, or bottom-freezer) with week fixed effects. These fixed effects will

capture trends in demand for particular model features. If most of the variation in the

retailer’s pricing algorithm is driven by shifts in demand, inclusion of these fixed effects will

soak up a lot of the variation in purchase price and affect the coefficient estimates of η. If η

changes little, it is suggestive that the variation in the national pricing algorithm is driven

by supply-side or other idiosyncratic drivers, which are exogenous to change in demand over

time.

3.2.2. Endogeneity and Measurement Error of Energy Costs

While the county fixed effects interacted with energy-related attributes may control for

some of the potential endogeneity between preferences for energy efficient products and

local electricity prices, we address the issue more rigorously using an instrumental variable

approach. Following Kahn and Mansur (2013), we construct instruments for county-level

energy prices using the product of the local utility’s capacity shares of coal, oil and gas-fired

power plants and their respective annual average fuel price. We use data from EIA form 860

to construct the shares. We use shares from 2007, the year before our sales data begin, so

that their values are pre-determined. We use the crude oil WTI spot price for petroleum

plants and the annual Henry Hub contract 1 prices for natural gas plants. For coal plants, we
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use the national average coal price from EIA. We then calculate a single generation-weighted

fuel price for each county by averaging prices across any utilities serving that county.

Using this instrument, the identifying variation in electricity price is coming from the

underlying fuel price variation. This variation is driven by national and global economic

trends, rather than by county or state specific policies. Therefore, the only way fuel price

variation can affect local appliance selection is through higher or lower electricity prices due

to the pre-determined generation mix.

This instrumental variables approach not only addresses the potential endogeneity be-

tween energy efficiency preferences and local electricity prices, but the issue of measurement

error as well. Since we constructed our county-level electricity price as an average price

for the utilities that serve a particular county, there will be some measurement error in the

calculated operating costs for individual purchases. Another potential source of measure-

ment error is that we use the average county price of the county in which the appliance

was purchased, which may differ in some cases from the county in which the consumer lives.

This type of classical measurement error could attenuate our estimates of the coefficient on

operating cost, and bias our estimates of responsiveness to energy costs towards zero. To

investigate the role of measure error, we also examine the effect of using state-level average

prices, which may have less measurement than county-level average prices.

3.2.3. Model Misspecification

In addition, we estimate attention to energy costs using a Poisson regression model. The

Poisson estimation assumes a log-linear relationship, which may more accurately reflect the

relationship between prices and quantities purchased. If so, it is better to model the condi-

tional expectation of the dependent variable directly rather than applying a transformation
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to the dependent variable. Simply taking the log of sales counts (y) is not possible, since

the value is zero for a non-trivial fraction of our data (Table 1). We could apply other trans-

formations that are defined for all y ≥ 0, such as log(1 + y), but it is not obvious how to

recover E(y|x) from a linear model for E(log(y + 1)|x). Like OLS, which is consistent and

asymptotically normal even if the normality assumption is violated, Poisson has the desirable

property that quasi-maximum likelihood estimation recovers consistent, asymptotically nor-

mal coefficient estimates even if the Poisson distribution does not hold and standard errors

can be adjusted for violations of the Poisson variance assumption that the variance is equal

to the mean (Wooldridge 2010). We also use Poisson because unlike other count models,

e.g., negative binomial, we are able to efficiently estimate models with high-dimensional fixed

effects using the algorithm proposed by Guimaraes and Portugal (2011).

3.3. Interpretation of Model Parameters

The empirical test of consumer responsiveness in this paper asks how consumers trade off

purchase price with energy costs. Absent any bias, consumers would be indifferent between

an additional dollar of purchase price and an additional present discounted dollar of energy

expenditure. The coefficient on annual energy cost, θ, reflects how a $1 change in annual

energy operating costs affects sales, or more specifically the probability of a purchase. We

measure consumer responsiveness as the ratio between a the effect of a $1 change in lifetime

energy operating costs on demand and the effect of a $1 change in purchase price. In order

to estimate lifetime operating costs, we need to make assumptions about: 1) how consumers

sum and discount future operating costs, 2) consumers’ expectations about future annual

operating costs, 3) the lifetime of the appliance, and 4) consumers’ discount rate.

One feature of our approach is it is straightforward for analysts to apply different as-

sumptions for the lifetime cost parameters to judge consumer bias based on our reduced
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form estimates of consumer responsiveness to price and energy costs. In what follows, we

describe our preferred parameter assumptions and the range we consider around them for

sensitivity analysis.

For our analysis, we assume that consumers discount future costs using the exponential

model of intertemporal choice and believe prices follow a random walk so that today’s prices

are the best predictor of tomorrow’s prices.5 For the lifetime of the appliance, we use 18

years, and for the discount rate we use 5%; both of these values are used by the Department

of Energy (DOE) in setting appliance standards. In addition, we show sensitivity of our

responsiveness measure to discount rates ranging from 2% to 10% and to lifetimes of 10, 15,

or 20 years.

Assuming that consumers form time-invariant expectations about the annual operating

electricity expenditure, the lifetime energy operating cost (LCj) for the durable j is given

by:

LCjrt =
L∑

t=1
ρtEjrt,

where L is the lifetime of the durable (18 years), ρ = 1/(1 + r) is the discount factor with

discount rate r, and Ejrt is the product of the electricity price paid by a household in region

r at time t and the manufacturer’s expected annual electricity consumption for durable j. In

the estimation model specified by Equation 3.1, the coefficient on annual energy cost relates

to the discount factor and marginal utility of income as follows:
5Anderson et al. (2013) finds that consumers believe that gasoline prices follow this type of pattern. Another
possibility is that consumers use information from futures markets to make projections about electricity
prices going forward. However, forward curves rarely deviate substantially from spot prices for major fuels.
Therefore, even if consumers were and paying attention to trends in futures prices, their beliefs about fuel
prices going forward would not differ significantly from no-change beliefs (Myers 2018).
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(2) θ = η · ρ ·
L∑

t=1
ρtEjrt.

Give our parameter assumptions, the average measure of responsiveness to energy costs,

also referred as the valuation ratio (Allcott 2013), is:

(3) m = θ/η · ρ · 1− ρL

1− ρ .

4. Results

4.1. Main Estimation

Table 3 displays the results from the estimation of our main specification. Columns I through

III show the impact of additional controls, where Specification IV corresponds to our pre-

ferred specification described by Equation 3.1. Rows 1 and 2 display the coefficient estimates

for the product purchase prices and annual energy costs, respectively. Row 3 shows the esti-

mate of the average consumer responsiveness to energy costs (the valuation ratio: m) using

a 5% discount rate and 18 years appliance lifetime. All specifications control for product

fixed effects, Energy Star certification status, and Energy Star rebates.

The first column shows the results from an estimation including county fixed effects and

week-of-sample fixed effects and the second column shows results from an estimation with

county-by-year fixed effects, and with similar controls otherwise. When county fixed effects

are not interacted with a time dimension, the coefficient on energy costs is statistically

significant, but suggests a large degree of undervaluation of energy costs, where m = 0.27.

In Specification II, the coefficient on energy costs is more than three times larger than
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in Specification I, and m = 0.95.6 The large difference between Specifications I and II

suggests that variation in local energy prices is potentially correlated with local market

conditions, which affects refrigerator demand. Specifications controlling for county fixed

effects uninteracted with time confound the effect of energy cost on appliance choice with

its effect on the probability of buying an appliance at all.

One major advantage of our administrative data set is that we are able to use a research

design that disentangles the effect of energy prices on product choice from confounding

market conditions. County-by-year fixed effects control for the average probability that an

appliance will be purchased in a county in a given year. The remaining energy cost variation

comes from the relative variation in operating costs between high and low energy consuming

appliances. This variation allows us to control for region-specific preferences for energy

efficiency and exploit the fact that counties with high electricity costs in a given year have

higher variation in operating costs for the same available models than counties with low

electricity costs at a given point in time.

The estimation in column III includes county fixed effects interacted with the Energy Star

certification status and with other energy-related attributes (i.e., dummies for large refrigera-

tors and freezer location). Under this specification, the absolute magnitude of the coefficient

on annual energy costs is reduced relative to Specification II such that the valuation ratio is

now m = 0.89. This suggests that local energy prices may be correlated, albeit weakly, with

preferences for energy-related attributes. We explore any remaining endogeneity of the local

electricity prices further with our instrumental variable approach described above. In our

preferred specification, column IV, we include brand-week-of-sample fixed effects, instead of

only week-of-sample fixed effects. This has a small impact on the coefficient of purchase
6In the Appendix (Table A2, Specification I), we show that county-by-week produces similar results to
Specification II.
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price and the average measure of responsiveness is m = 0.82, which suggests that the model-

specific variation in purchase price is not strongly correlated with brand-level strategies, as

we previously demonstrated in Section 2.

4.2. Robustness Checks

In Table 4, we examine the sensitivity of our preferred estimates to the inclusion of controls

for shifts in demand for refrigerator attributes. In Specification I, we include Energy Star

indicator-by-week fixed effects, and in Specification II, we include Energy Star indicator-by-

week, refrigerator size-by-week, and freezer location (i.e. top, bottom, or side-by-side)-by-

week fixed effects. These fixed effects control for any changes in demand for these attributes

over time. The coefficient on purchase price is reduced compared to our preferred Specifica-

tion IV in Table 3. This leads to an increase in the valuation ratio but the differences are

not statistically significant at the 5% level. This confirms that exploiting the model-specific

idiosyncratic variation induced by the retailer’s pricing algorithm provides a credible source

of identification.

In Table 5, we address measurement error and any remaining endogeneity in our con-

structed measure of local energy costs by implementing the instrumental variable strategy

described earlier. The utilities for which we constructed fuel shares using EIA form 860 did

not perfectly map to all of the counties in our sample, so we perform the IV approach on

a subsample of our data (about 80% of the full sample). In Specification I, we estimate

Equation 3.1 on this subsample of data using OLS and in Specification II, we estimate the

model using two-staged least squares (2SLS).

The results from Specification I show that limiting our sample has little impact on the

results from our preferred specification (m = 0.83), indicating that the counties for which



20

we were able to construct the fuel price instrument were representative of our full sample.

The coefficient on energy cost in the 2SLS estimation (Specification II) is larger and also less

precisely estimated than in Specification I. It is, however, not statistically distinguishable

from the OLS estimates. Altogether, this suggests that our county-level fuel prices are highly

correlated with the fuel price instrument (see first-stage results in Table A1). Therefore, given

the controls in our model, the identifying energy cost variation appears to be driven by the

pre-determined electric generation fuel mix and exogenous supply side shocks to fuel prices.7

Table 6 presents the results for the Poisson regressions. We present two specifications

with a parsimonious set of fixed effects to accommodate the estimation. In Specification I,

we control for product fixed effects, week-of-sample fixed effects, and county-by-year fixed

effects, in addition to controls for the ES certification status, and Energy Star rebates. In

Specification II, we control for brand-week-of-sample and we interacted the county fixed

effect with the Energy Star status. These Poisson regressions yield estimates that are lower

than the OLS estimates but qualitatively the conclusions are the same. On average, there is

a modest amount of undervaluation—the valuation ratio is m = 0.73 for both specifications.

This suggests that a linear model specification is not a significant biasing factor in our

analysis.8

4.3. Sensitivity Analysis

Table 7 shows the sensitivity of our energy cost responsiveness estimates to our assumptions

driving lifetime energy costs. Specifically, we look at the effect of changing the discount rate
7We also show in Appendix A1 that using state rather than county average electricity prices to calculate en-
ergy costs has little effect on our estimates. Consistent with the 2SLS results, this suggests that measurement
error in county-level prices is not a significant biasing factor in our analysis.
8Given the computational burden of the Poisson model, we use a 10% random sample for our estimation. In
Appendix A2, we show that the OLS results for the full sample differ little from those using the 10% random
sample.
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from 2 percent to 10 percent and the refrigerator lifetimes using values of 10, 15, 18, and 20

years. Using the coefficients from our preferred estimation (Specification IV) in Table 3, a

discount rate of 5%, and a lifetime of 18 years, the measure responsiveness to energy costs is

m = 0.82. This estimate is, however, highly sensitive to assumptions about the underlying

parameters. Therefore, it is difficult to explicitly test the hypothesis of full responsiveness to

energy costs (i.e., m = 1). While our baseline estimate of responsiveness is below 1, a single

percentage point change in the discount rate or a 2-3 year change in lifetime of the appliance

can move the measure of energy cost responsiveness by as much as 20 percent. However, our

estimates clearly show that on average consumers are responsive to energy operating costs

using information about local electricity prices when purchasing an appliance.

5. Conclusion

This paper explores how shifts in retail prices and local electricity prices affect demand for

appliances. We test if consumers respond to a measure of energy operating costs that relies on

information about local electricity prices. We exploit a unique administrative data set from

an appliance retailer, with individual transaction data tracking the price and location for each

model sold. We compare the demand response from changes in the potentially misperceived

energy costs to the demand response from changes in correctly perceived product prices. We

estimate responsiveness to product price using exogenous variation created by the retailer’s

national pricing algorithm, which results in large and frequent model-specific price changes.

We estimate responsiveness to energy costs using the relative differences in operating costs

between more and less efficient models, which varies with electricity prices across space and

time. We control for county-by-time specific movements in appliance demand to isolate the

effect of energy operating costs from confounding market conditions, which might affect the

probability of buying an appliance at all.



22

We can strongly reject that consumers are unresponsive to local energy operating costs

for appliances. The results from our preferred specification suggest that consumers are

indifferent between $1.00 in discount future energy costs, at a 5% discount rate and $0.82

in purchase price. These results are surprising because the main energy information that is

readily available in this decision context is provided by the EnergyGuide label, which only

provides estimates of energy operating costs based on a national average. The Energy Star

label is even coarser, and only provides a binary signal about energy efficiency. The fact that

consumers do respond to a measure of local energy operating costs suggests that they have

the ability to form complex beliefs beyond the pieces of information that are presented to

them in the retail environment. These findings have implications beyond the energy context.

The U.S. energy labels are examples of imperfectly targeted nudges. We show that consumers

are able to overcome imperfect information in these labeling schemes, which suggests that

they may be able to do so in other contexts as well.

Our results also have implications for our understanding of demand response to electricity

prices. Capital investments are likely an important driver of the differences in short and long

run elasticity estimates, since on average consumers are changing their appliance choices in

response to local energy prices. These investments are an important margin to consider

when designing energy and climate policies that bring electricity prices closer to the social

cost of electricity.
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6. Tables and Figures

Table 1. Summary Statistics: Main Sample

Mean S.D.

Retail price ($) 1263.33 620.26

Retail price inclusive of sales taxes ($) 1348.95 662.75

Sales (qty/model-week-zip code) 0.26 0.59

Electricity operating costs ($/year) 60.87 20.10

Manufacturers’ reported electricity use (kWh/year) 516.77 79.16

Share of refrigerators < 29 cu. ft. (%) 48.75 49.99

Energy Star-certified (%) 70.36 45.68

Share of top-freezer (%) 25.27 43.46
Notes: Summary statistics (mean and standard deviation) for the main variables
used in the regressions. The overall sample has 18,725,640 unique combinations of
refrigerator models, weeks, and zip codes. The sample has 2,520 unique refrigerator
models during the period 2008-2012. Electricity operating costs are computed
by multiplying average electricity prices at the county level and manufacturers’
reported estimates.
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Table 2. Idiosyncratic Variation in Retail Prices

I II III IV V V

∆ Price w.r.t. Mean Price (%) 9.18 8.04 7.88 7.39 7.11 6.91
R2 0.965 0.973 0.974 0.977 0.979 0.980
Product FE Yes Yes Yes Yes Yes Yes
Week FE No Yes No No No No
Brand × Week FE No No Yes Yes Yes Yes
Energy Star × Week FE No No No Yes Yes Yes
EE Attributes × Week FE No No No Yes Yes Yes
County × Product FE No No No No Yes Yes
County × Brand × Week FE No No No No No Yes
Notes: The dependent variable is the log of the retail prices. Each column reports
the standard deviation of the residuals of a regression of the log of retail prices
on various fixed effects (∆ Price w.r.t. Mean). The residuals correspond to the
percentage variation in retail prices relative to the mean price of each refrigerator
model. The energy-related attributes (denoted “EE Attributes”) other than En-
ergy Star that we consider are a dummy variable that identifies small versus large
full-size refrigerators and a dummy variable that distinguishes top-freezer versus
other types of refrigerators.
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Table 3. Estimation of the Effect of Price and Energy Costs on Demand

I II V VI
Purchase Price -0.000349∗∗∗ -0.000349∗∗∗ -0.000350∗∗∗ -0.000360∗∗∗

(0.00000680) (0.00000672) (0.00000618) (0.00000664)

Annual Energy Cost -0.00110∗∗∗ -0.00387∗∗∗ -0.00363∗∗∗ -0.00343∗∗∗
(0.000166) (0.000388) (0.000402) (0.000399)

Valuation Ratio 0.268 0.948 0.888 0.816
(0.042) (0.094) (0.096) (0.093)

Product FE Yes Yes Yes Yes
County FE Yes No No No
Week FE Yes Yes Yes Yes
County × Year FE No Yes Yes Yes
County × Energy Star FE No No Yes Yes
County × EE Attributes FE No No Yes Yes
Brand × Week FE No No No Yes
# Observations 18724399 18724399 18724399 18724395
Notes: The dependent variable is the number of units of a particular appliance sold in a given
week in a given zip code. The standard errors are clustered at the county level and are in
parentheses. ***, ** and * denote statistical significance at the 1, 5 and 10 percent levels.
The valuation ratios are computed assuming a discount rate of 5% and a refrigerator lifetime
of 18 years.
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Table 4. Robustness: Exogeneity of Retail Prices

I II
Purchase Price -0.000328∗∗∗ -0.000327∗∗∗

(0.00000625) (0.00000642)

Annual Energy Cost -0.00366∗∗∗ -0.00351∗∗∗
(0.000412) (0.000397)

Valuation Ratio 0.954 0.919
(0.105) (0.102)

Product FE Yes Yes
County × Year FE Yes Yes
County × Energy Star FE Yes Yes
County × EE Attributes FE Yes Yes
Brand × Week FE Yes Yes
Energy Star × Week FE Yes Yes
Attribute × Week FE No Yes
# Observations 18724395 18724395
Notes: The dependent variable is the number of units of a particular appliance
sold in a given week in a given zip code. The standard errors are clustered at the
county level and are in parentheses. ***, ** and * denote statistical significance
at the 1, 5 and 10 percent levels. The valuation ratios are computed assuming a
discount rate of 5% and a refrigerator lifetime of 18 years. The 2SLS estimation
uses the incidence of a promotion at the national level as an instrument. The
first-stage results are presented in Table A1.
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Table 5. IV Estimation of the Effect of Price and Energy Costs on Demand

I (OLS) II (2SLS)
Purchase Price -0.000362∗∗∗ -0.000362∗∗∗

(0.00000809) (0.00000809)

Annual Energy Cost -0.00350∗∗∗ -0.00481∗∗∗
(0.000460) (0.000761)

Valuation Ratio 0.826 1.135
(0.107) (0.178)

Product FE Yes Yes
Brand × Week FE Yes Yes
County × Year FE Yes Yes
County × Energy Star FE Yes Yes
County × EE Attributes FE Yes Yes
# Observations 14790176 14790176
Notes: The dependent variable is the number of units of a particular appliance sold in a given
week in a given zip code. The standard errors are clustered at the county level and are in
parentheses. ***, ** and * denote statistical significance at the 1, 5 and 10 percent levels. The
valuation ratios are computed assuming a discount rate of 5% and a refrigerator lifetime of 18
years. The first column is the OLS estimation with county electricity prices but restricted to
the sample that we can implement the instrumental variable approach. The IV estimates are
presented in the second column. We construct instruments for county-level energy price using
the product of the local utility’s capacity shares of coal, oil and gas-fired power plants and
their respective annual average fuel price. We use data from EIA form 860 to construct the
shares from 2007, the year before our sales data begin. We use the crude oil WTI spot price
for petroleum plants, the annual Henry Hub contract 1 prices for natural gas plants, national
average coal price from EIA for coal plants. The first-stage results are presented in Table A1.
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Table 6. Estimation of the Effect of Price and Energy Costs on Demand: Poisson

Poisson-I Poisson-II
Purchase Price -0.00224∗∗∗ -0.00228∗∗∗

(0.0000420) (0.0000448)

Annual Energy Cost -0.0191∗∗∗ -0.0195∗∗∗
(0.00170) (0.00173)

Valuation Ratio 0.731 0.731
(0.064) (0.063)

Product FE Yes Yes
Week of Sample FE Yes Yes
Brand × Week FE No Yes
County × Energy Star FE No Yes
# Observations 1869985 1850810
Notes: These models are estimated using a 10% random subsample from our full data set.
The dependent variable is the number of units of a particular appliance sold in a given week in
a given zip code. The standard errors are clustered at the county level and are in parentheses.
***, ** and * denote statistical significance at the 1, 5 and 10 percent levels. The valuation
ratios are computed assuming a discount rate of 5% and a refrigerator lifetime of 18 years.
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Table 7. Sensitivity of Valuation Raio Estimates to Parameter Assumptions

Discount Rate 10 Year Lifetime 15 Year Lifetime 18 Year Lifetime 20 Year Lifetime
2 percent 1.061 0.742 0.636 0.583
3 percent 1.117 0.798 0.693 0.640
4 percent 1.175 0.857 0.753 0.701
5 percent 1.234 0.918 0.815 0.765
6 percent 1.295 0.981 0.880 0.831
10 percent 1.551 1.253 1.162 1.119

Notes: This table shows the ratio of demand responsiveness to a $1 change in lifetime energy costs
relative to a $1 change in upfront price calculated for discount rates of 2 percent, 3 percent, 4
percent, 5 percent, 6 percent, and 10 percent and for refrigerator lifetimes of 10, 15, 18, and 20
years. We use the coefficient estimates on purchase price and annual energy cost from Specification
IV in Table 3.
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(a) EnergyGuide Label (2007
version)

(b) Energy Star Label

Figure 1. Energy Labels: U.S. Appliance Market



35

−
6
0

−
4

0
−

2
0

0
2

0
N

o
rm

a
liz

e
d
 P

ri
c
e

 (
%

)

2008w1 2011w26
Weeks

Brand A: Sales Rank 1

(a)

−
6
0

−
4
0

−
2

0
0

2
0

4
0

N
o

rm
a
liz

e
d
 P

ri
c
e

 (
%

)

2008w1 2011w26
Weeks

Brand A: Sales Rank 2

(b)

−
3

0
−

2
0

−
1
0

0
1

0
2

0
N

o
rm

a
liz

e
d

 P
ri
c
e

 (
%

)

2010w1 2011w1 2012w1 2013w1
Weeks

Brand B: Sales Rank 1

(c)

−
2

0
0

2
0

4
0

N
o

rm
a

liz
e

d
 P

ri
c
e

 (
%

)

2009w26 2010w26 2011w26 2012w27
Weeks

25/75 Percentiles of Price

Normalized Price

Normalized Price w/o Brand−by−week FE

Brand B: Sales Rank 2

(d)

Figure 2. Price Variation Due to Retailer’s National Pricing Algorithm

Notes: Each panel corresponds to a particular model offered by a particular brand. Models
with sales rank equals to one corresponds to the most popular model offered by a given
brand. Each panel displays the week-to-week variation in retail price relative to the mean
price for a particular model. The plain red line corresponds to the median price across
zip codes. The grey band depicts the 25th and 75th percentiles. The dash blue line is the
median price without brand-by-week fixed effects.
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Figure 3. Average Electricity Prices for Each State in a Census Division

Notes: Each line represents the appliance sales weighted average electricity price for
a particular state within each census division.
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Appendix

For Online Publication

A1. Robustness to Model Specification

Table A2 displays the results from including county-by-week fixed effects rather than county-

by-year fixed effects, as we use in our preferred specification. Specification I is comparable to

Specification II in Table 3 in that the only difference is time dimension that we interact with

the county fixed effects. There is little difference in the coefficients on purchase price and

annual energy cost and in the responsiveness to energy costs parameter. This is unsurprising

given that we are exploiting annual variation in electricity prices, so that the identifying

variation in both cases is the differences in relative energy costs between low and high

consuming refrigerators for low and high electricity price county-year combinations.

Specification II is our preferred specification using state average electricity prices rather

than county average electricity prices. The results differ little depending on which level of

aggregation is used. Consistent with our 2SLS exercise, it appears that measurement error

in county level prices is not a significant biasing factor in our analysis.

A2. OLS with Zip Code-Level Controls

Table A3 displays the results from where we use control for zip code level unobservables. We

use the exact same specifications as in Table 3, except that we include zip code fixed effects

interacted with various controls, i.e., time dummies or attributes. There is little difference

in the coefficients on purchase price and annual energy cost and in the responsiveness to

energy costs parameter.
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A3. OLS Results Using a 10% Random Sample

Table A4 shows the results for our preferred specification using the 10% subsample rather

than the full sample. There is little difference in our coefficient estimates or energy cost

responsiveness parameter when using a 10% subsample. Therefore, the comparisons between

our Poisson estimates and OLS estimates should not be affected by the fact that we used a

subsample to estimate the Poisson regressions.

Appendix Tables

Table A1. First-Stage: IV Regression

dep. var. county electricity prices
IV: capacity share × fuel prices 38.44∗∗∗

(7.824)
F stats 25.27
R2 0.9970
Product FE Yes
County × Year FE Yes
County × Energy Star FE Yes
County × EE Attributes FE Yes
Brand × Week FE Yes
# Observations . 14790176
Notes: First-stage regression for the instrumental variable
approach presented in the main text.
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Table A2. OLS Regressions: Additional Robustness Checks

I II
Purchase Price -0.000346∗∗∗ -0.000360∗∗∗

(0.00000674) (0.00000663)

Annual Energy Cost (County) -0.00395∗∗∗
(0.000399)

Annual Energy Cost (State) -0.00371∗∗∗
(0.000333)

Valuation Ratio 0.974 0.881
(0.098) (.078)

Product FE Yes Yes
County FE No Yes
Week FE No Yes
County × Year FE No Yes
County × Week FE Yes No
County × Energy Star FE No Yes
County × EE Attributes FE No Yes
Brand × Week FE No Yes
# Observations 18724142 18724395
Notes: The dependent variable is the number of units of a particular appliance sold
in a given week in a given zip code. The first column uses a measure of electricity
operating costs based on county average electricity prices and the second column
is based on state electricity prices. The standard errors are clustered at the county
level and are in parentheses. ***, ** and * denote statistical significance at the 1,
5 and 10 percent levels. The valuation ratios are computed assuming a discount
rate of 5% and a refrigerator lifetime of 18 years.
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Table A3. OLS Regressions: Additional Robustness Checks

I II III IV
Appliance Price -0.000350∗∗∗ -0.000350∗∗∗ -0.000350∗∗∗ -0.000360∗∗∗

(0.00000689) (0.00000682) (0.00000630) (0.00000676)

Annual Energy Cost -0.00110∗∗∗ -0.00390∗∗∗ -0.00368∗∗∗ -0.00348∗∗∗
(0.000167) (0.000391) (0.000408) (0.000407)

Valuation Ratio 0.269 0.954 0.899 0.826
(0.043) (0.095) (0.098) (0.096)

Product FE Yes Yes Yes Yes
Zip Code FE Yes No No No
Week FE Yes Yes Yes Yes
Zip code × Year FE No Yes Yes Yes
Zip code × Week FE No No No No
Zip code × Energy Star FE No No Yes Yes
Zip code × EE Attributes FE No No Yes Yes
Brand × Week FE No No No Yes
# Observations 18724399 18724399 18724399 18724395
Notes: The dependent variable is the number of units of a particular appliance sold in a given week in a given zip
code. The standard errors are clustered at the county level and are in parentheses. ***, ** and * denote statistical
significance at the 1, 5 and 10 percent levels. The valuation ratios are computed assuming a discount rate of 5% and
a refrigerator lifetime of 18 years.
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Table A4. Estimation of the Effect of Price and Energy Costs on Demand:
10% Sample

OLS
Appliance Price -0.000365∗∗∗

(0.00000772)

Annual Energy Cost -0.00345∗∗∗
(0.000473)

Valuation Ratio 0.8102
(0.111)

Product FE Yes
Brand × Week FE Yes
County × Year FE Yes
County × Energy Star FE Yes
County × EE Attributes FE Yes
# Observations 1872179
Notes: These models are estimated using a 10% random subsample from our full data set.
The dependent variable is the number of units of a particular appliance sold in a given week in
a given zip code. The standard errors are clustered at the county level and are in parentheses.
***, ** and * denote statistical significance at the 1, 5 and 10 percent levels. The valuation
ratio is computed assuming a discount rate of 5% and a refrigerator lifetime of 18 years.




