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Abstract

Essays in Energy Economics

by

Erica Catherine Myers

Doctor of Philosophy in Agricultural and Resource Economics

University of California, Berkeley

Professor Severin Borenstein, Chair

This dissertation combines research on three topics in applied energy economics.
The first two papers investigate whether consumers are informed about and pay
attention to energy costs in residential housing. The first paper explores this issue
in the rental housing market, while the second paper focuses on housing purchases.
The third paper, based on joint work with AJ Bostian and Harrison Fell, uses a
laboratory experiment to test the effects of positive versus negative cost shocks on
mulit-unit procurement auction performance.

The first paper explores whether there are energy cost information asymmetries
between landlords and tenants. If tenants are uninformed about energy costs, land-
lords cannot capitalize energy efficiency investments into higher rents, leading to
under-investment. I exploit variation in energy costs in the form of relative heating
fuel price changes in the northeastern United States where some apartment units
heat with oil and some units heat with natural gas. I develop a search model to
describe the matching of landlords and tenants, and derive predictions about the
incidence of relative fuel price changes, tenant turnover, and efficiency investments
under both symmetric and asymmetric information. My model predicts that, un-
der symmetric full information, these outcomes will not differ depending on whether
landlords or tenants pay for energy. In contrast, under asymmetric information, the
demand of uninformed tenants for units that heat with oil rather than gas will not
shift when oil prices rise relative to gas prices. In a search model, this leads to differ-
ent market outcomes when landlords, rather than tenants, pay for energy. I find that
the capitalization of energy prices into rents, turnover rates, and energy efficiency
investments differ between the two payment regimes in ways that are consistent with
asymmetric information.
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The second paper explores whether home buyers are myopic about future en-
ergy costs. I exploit variation in energy costs in the form of fuel price changes in
Massachusetts where there is an even distribution of homes that heat with oil and
homes that heat with natural gas. I find that relative fuel price shifts cause relative
changes in housing transaction prices that are consistent with full capitalization of
the present value of future energy cost differences under low discount rates. These
findings are consistent with home buyers being attentive to energy costs at point of
sale and are not consistent with myopia.

The third paper uses a laboratory experiment to test the effects of positive ver-
sus negative costs shocks on multi-unit procurement auction performance. Output
prices tend to respond more quickly to increases in input prices than to decreases in
input prices. While standard economic theory would not predict this pattern, it is
found in many market settings. We compare outcomes in uniform price and discrim-
inatory (pay-as-bid) auctions for two different kinds of costs shocks. First we look
at “industry wide” cost shocks where the cost of a common input changes uniformly
for all bidders. We also look at idiosyncratic cost shocks, where bidders’ individual
costs are changing, but the expected Walrasian price remains fixed. We find evidence
for a new explanation of asymmetric passthrough in multi-unit procurement auctions
related to the bidding incentives in discriminatory auctions. Discriminatory auctions
may be worse than uniform at “tracking” shifts in underlying costs, leading to price
adjustment asymmetries and production inefficiencies.
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Chapter 1

Asymmetric Information in
Residential Rental Markets:
Implications for the Energy
Efficiency Gap

1.1 Introduction

Asymmetric information has been identified as a potential source of market failure
in markets such as used cars, insurance, labor, and lending.1 This paper focuses on
one setting in which information asymmetries may play a crucial role: investment in
energy efficiency in rental housing markets. I present and implement a framework to
test for energy cost information asymmetries between landlords and tenants.

In theory, landlords could make energy efficient investments and capitalize them
into higher rents. In practice, while landlords may signal that they have an efficient
unit, it is difficult for new tenants to assess the veracity of the landlord’s claim from a
walk-through. Even previous bills have limited value because prospective renters do
not know the energy consumption habits of past tenants. The information asymme-
try means that renters are not willing to pay for the full savings from more efficient
apartment units. As a result, landlords will under-invest in energy efficiency, since
they cannot fully recover investments through higher rents. Asymmetric information

1Lack of information about quality and risk is thought to have selection effects that reduce the
volume of transactions in used car markets, insurance, and lending below socially optimal levels
(Akerlof 1970, Rothschild and Stiglitz 1976). Asymmetric information is also thought to lead to
misallocation of workers to jobs and underinvestment in human capital (e.g. Chang and Wang
1996, Katz and Zilderman 1990 and Waldman 1990).
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may also affect tenants’ decisions to leave. Tenants who are initially uninformed learn
the “true” energy payment for the apartment after they move in. They are more
likely to leave an apartment unit with relatively high energy costs than relatively
low energy costs.2

It is challenging for researchers to empirically identify asymmetric information as
the source of market failures because agent attributes that are unobservable to the
uninformed party are usually unobservable to researchers as well. As a result, it is
hard to separate the effect of uninformed parties on one side of a transaction from
unobservable systematic differences among agents. So, while it is widely believed
that asymmetric information has negative effects in a variety of markets, there is
limited evidence of its existence.3 In labor markets, for example, it is impossible
to observe “true” levels of ability or to see exogenous variation in individual ability
over time, making it difficult to observe whether or not worker talent is fully priced
into wages. As a result, studies have relied on variables that are correlated with
talent and observable to the researcher, but are unobservable to employers (e.g.
Farber and Gibbons 1996, Lange 2007, Schonberg 2007). This technique requires
strong assumptions about the evolution of the unobserved talent over time. Other
approaches have relied on plausibly exogenous variation in distributions of worker
ability across cohorts because individual talent is not readily observable (Kahn 2013).

Previous attempts to quantify the effects of asymmetric information in rental
markets use cross-sectional energy consumption surveys to compare the efficiency
of buildings and appliances between homeowners and renters that pay for energy
themselves. They find that rental units are less likely to have efficient refrigerators,

2These predictions have close analogies to asymmetric information models in the labor literature.
First, asymmetric information may lead employees to under-invest in general skills because, if new
employers cannot observe the investments, workers will not be able to earn higher wages (e.g. Chang
and Wang 1996, Katz and Zilderman 1990 and Waldman 1990. Second, low talent workers will be
more likely to leave firms after the incumbent employer (but not outside employers) has learned
that they are low ability (Greenwald 1986 and Gibbons and Katz 1991).

3While theory would predict that asymmetric information affects used car markets, strong
markets exist and it is not clear that car quality information is unpriced (e.g. Bond 1982 and
Lewis 2011). In insurance and lending markets, it is often observable ex-post that the choice
of certain policies or coverage is associated with the riskiness of the outcome, but it is difficult
to distinguish between moral hazard and adverse selection. Finkelstein and Poterba (2004) find
evidence of adverse selection in annuities markets where moral hazard is not likely to be much of
an issue. In addition, Finkelstein and Poterba (2013) are able to use “unused observables” that are
correlated with insurance demand and subsequent risk experience, but are unused in pricing the
insurance to isolate ex-ante differences in risk preferences before there are differences in insurance
coverage. Dobbie and Skiba (2013) use discontinuities in eligibility for loan amounts based on pay
stubs and are able to isolate the effects of moral hazard from adverse selection in pay day loan
markets.
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clothes washers and dishwashers (Davis 2012), and are less likely to be well insulated
(Gillingham et al. 2012). The identifying assumption in these approaches is that
renters and homeowners do not systematically differ in their preferences over energy
efficiency. However, renters may be different than homeowners in unobservable ways,
so that renters’ preferences are divergent enough from homeowners to explain the
difference in energy efficiency investments without any market failures.

My approach builds on previous work in the landlord-tenant setting with several
features that are unique in the literature on empirical estimation of asymmetric in-
formation. First, I can observe a component of the unobserved energy cost parameter
in the form of shifts in retail heating fuel prices. The energy costs of an apartment
unit are a function not just of the efficiency of the appliances and the level of building
insulation, but fuel costs and the amount of energy services consumed as well. A
shock to any one of these three components leads to a shock in energy costs.

Second, I am able to isolate exogenous variation in energy costs in the form of
the difference between heating oil and natural gas prices over time. Fluctuations in
these prices have caused large changes to the relative energy costs of units that heat
with oil versus units that heat with gas. While most of the U.S. uses natural gas to
heat, 30-40% of households in the northeastern United States still heat with oil. This
allows me to control for unobserved variation in the macroeconomic environment and
isolate the effects of relative fuel price changes on relative market outcomes. Using
panel data from the American Housing Survey on unit characteristics and monthly
rents, I can also control for time-invariant characteristics of apartment units.

In addition, in the landlord-tenant setting, there is variation in which party pays
for energy. In roughly half of the apartments that heat with oil or gas in the northeast,
the landlord pays for energy instead of the tenant. Assuming that tenants use the
same amount of energy irrespective of which party pays (an assumption I examine
more closely in both the model and empirical sections), under complete information,
the incidence of the price change should be the same under both payment regimes,
similar to a tax. When landlords pay their bills every month they are likely to be
well-informed and react to changes in energy costs. This allows me to compare the
market outcomes of a potentially well-informed control group to the payment regime
when tenants pay for energy.

I develop a search model akin to those in the labor literature to model how
landlords and tenants are matched and use this model to derive predictions about
capitalization, turnover rates and investment in efficiency under both symmetric and
asymmetric information. Relative market outcomes should not differ between the
two payment regimes if both parties are fully informed, because the incidence of the
relative price changes are the same. In contrast, under asymmetric information, there
would be no relative shifts in demand from uninformed tenants when the relative
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prices change, leading to different market outcomes in the two payment regimes.
My results are consistent with the predictions of the model under asymmetric

information. First, I find that relative fuel prices are capitalized into rents when
landlords pay for energy but not when tenants pay for energy. This evidence is
consistent with and necessary for the presence of asymmetric information, but as
I explain below, could also be consistent with other explanations. However, I also
find evidence that oil units turn over faster than natural gas units when the price
of oil is high relative to natural gas, but only when tenants pay for energy. This
suggests that tenants who are initially uninformed are receiving cost shocks as they
learn the “true” energy cost for the apartment.4 Finally, I find that landlords who
heat with heating oil are more likely to switch to natural gas when the relative
price of oil rises if they pay the utilities themselves than if they do not. At recent
price differences, I find that over 30,000 units a year in the northeast census region
are not making otherwise economic conversions from oil to gas due to information
asymmetries, leaving $300-$400 per year in cost savings on the table for every unit.

The presence of asymmetric information between landlords and tenants has im-
plications not only for standard market efficiency, but also for the so-called “energy
efficiency gap.” This is the observation that many investments in energy efficiency
with high returns according to engineering estimates are not realized in actual mar-
kets (Allcott and Greenstone 2012). This pattern has been observed by researchers
and policy makers since the 1970s (e.g. Blumstein et al. 1980). There are many
reasons why we may observe this apparent under-investment in energy efficiency, few
of which have been tested empirically. For example, market failures arising from lack
of information, lack of attention, or capital constraints may keep people from making
investments that are otherwise cost-effective. It is also possible that the true savings
from energy efficiency improvements may not match the engineering estimates of sav-
ings, making some types of investments less attractive than on paper. Laboratory
estimates of savings do not account for improper installation or behavioral factors
that affect energy use.

It is particularly important to identify market failures that distort energy effi-

4The intuition is similar to that developed in the labor literature on the positive relationship
between experienced match quality that can only be observed on the job and employment duration
(Janovic 1979). Here, tenants do not realize the energy costs of the unit until they have made several
utility payments. They are more likely to leave units with higher energy costs (lower experienced
match quality) than units with lower energy costs. Selection of high energy costs apartments into
the pool of available units, is assumed to have a small effect on the distribution of energy costs,
since exogenous turnover rates are high in the rental housing market. As a result, landlords do not
lower rents enough to prevent turnover since the likelihood of finding a new uninformed tenant is
high enough.
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cient investment in today’s policy climate. Energy efficiency has become a focal
point of recent strategies to meet growing energy needs while reducing emissions of
greenhouse gases and other pollutants. Governments around the world, attracted by
engineering cost savings projections, have invested billions of dollars in energy effi-
ciency. The American Recovery and Reinvestment Act (ARRA) appropriated $97
billion to energy-related funding, $32 billion of which went to energy efficiency and
retrofits (U.S. Congressional Budget Office 2009). In addition, spending on energy
efficiency is expected to increase in the future. For example, utilities in the United
States spent almost $5 billion of ratepayer money alone in 2010, a number that is
expected to double by 2025 (Barbose et. al 2013). It is important for policy makers
to be aware of the types and magnitudes of market failures that need to be addressed
to achieve the highest returns on investments in energy efficiency.

Whether tenants are fully informed about energy costs has important policy
implications. If they are informed, the socially optimal level of investment may be
achieved with Pigouvian taxes on energy use. If they are not informed, the optimal
policy mix will likely include information campaigns and efficiency standards. With
residential energy use accounting for about 20% of U.S. energy demand, and over
one third of U.S. housing in the rental market, the landlord-tenant problem may
significantly affect U.S. energy consumption (EIA 2013, US Census Bureau, 2010).

In the next section, I describe the theoretical framework for the paper. In section
3, I introduce the data used in the analysis. In section 4, I describe the empirical
strategy and results for the three market outcomes: capitalization of energy costs
into rents, unit turnover, and conversion from oil to gas. In section 5, I conclude.

1.2 Theory

Search Models

There are important frictions in rental housing markets that make it costly for land-
lords and tenants to find each other. It takes time for landlords to find tenants
interested in renting their units, meaning landlords may experience times when their
unit is vacant. Likewise, prospective tenants have to spend time and effort to ac-
quire information about housing options and will be imperfectly informed about the
market. As a result of these frictions, matching requires a certain amount of luck,
and apartment units with the same characteristics might end up with contracts for
different rent amounts. A competitive model is therefore a limited framework for
the study of rental housing markets because it predicts neither this type of rent
dispersion nor vacancies.



CHAPTER 1. ASYMMETRIC INFORMATION IN RESIDENTIAL RENTAL
MARKETS: IMPLICATIONS FOR THE ENERGY EFFICIENCY GAP 6

Search models were developed in the labor literature as tractable frameworks for
markets with search frictions (see Rogerson et al. 2005 for a summary of search-
theoretic models in the labor market). Search models begin with a matching tech-
nology for the two parties, in this case landlords and tenants. There is a rate at which
landlords meet potential tenants and a rate at which tenants view apartment units.
These rates are a function of the number of vacancies and the number of potential
tenants, or the “tightness of the market.” The matching technology creates a flow
of potential contracts and is meant to represent the notion of friction or the time it
takes for landlords and tenants to get together.

In each opportunity to match, tenants and landlords decide whether or not to
enter into a contract. Tenants have a distribution of idiosyncratic preferences that
determine match quality and an outside option of temporary housing. Tenants de-
termine a reservation rent, or maximum amount they would be willing to pay for
a unit given the match quality, by optimizing the trade-off between reduced search
costs and lower rent. Landlords are monopolistically competitive, having rent-setting
power as a consequence of the tenants’ costly search in a market with differentiated
products. They set rents by maximizing revenue, trading off higher rent and more
vacancies. If the combination of the quoted rent and match quality are lower than
the reservation rent, a contract is formed. Otherwise, the two parties continue to
search. Search models have been used to model rental housing markets because they
take into account important frictions and predict the characteristic market outcomes
of rent dispersion and vacancies (e.g. Read 1993, Read 1997, Arnott and Igarashi
2000, McBreen et al. 2011).

The Model Set Up

In what follows I derive a search model for rental housing with endogenous separation,
based on McBreen et al. 2011. The purpose of this section is to develop the intuition
of three testable predictions for market outcomes under asymmetric information. The
market outcomes of interest are the capitalization of energy costs into rents, turnover
rates (i.e. the rate at which tenants leave units), and investment in converting
from oil to natural gas heating. I make several assumptions in order to simplify
the exposition and tractability of the model. I assume that housing units are of
homogeneous quality, payment regimes and heating fuels are uncorrelated with other
unit characteristics, and all units with the same fuel cost the same amount to heat.
However, these assumptions are not required for the predicted market outcomes, nor
for the empirical analysis. In fact, I relax these assumptions in the empirical analysis.

For simplicity, assume a housing stock of homogeneous quality where units cost
the same to construct and maintain but vary idiosyncratically in their characteristics.
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Some units may have two large bedrooms and others three small ones, or one might
have a built-in entertainment system, and another a luxury kitchen. Each tenant
has idiosyncratic match quality parameters that they discover when they visit a unit.
Their reservation rent for a unit is a function of the match quality and the known rent
distribution. Landlords post take-it-or-leave-it rent offers that they choose to maxi-
mize profit with knowledge of the rent distribution and the distribution of reservation
rents.5

One of the housing costs is an energy cost. In some known fraction of the units
the landlord is responsible for the energy cost and in the remainder the tenants are
responsible. Let the payment regime be uncorrelated with the other exogenous unit
characteristics so that the two payment regimes are independently and identically
distributed (IDD) in characteristic space. As a result, match quality will also be
uncorrelated with the payment regime. I begin by assuming that there is no moral
hazard so that the relative value of having an oil unit in the rental market versus a
gas unit is the same irrespective of which party pays for energy. I then explore what
would happen if we relax this assumption and allow for moral hazard when landlords
pay for energy.

In addition, suppose that the proportion of units that use oil or gas is known, and
that each fuel type is distributed IID within the payment regimes and characteristic
space. For simplicity assume that all oil units cost the same to heat and all gas units
cost the same to heat. Define µ as the energy cost of the housing unit minus the
energy cost of heating with gas. So, µ will be zero for gas units and the relative cost
of fuel oil for oil units. For what follows, assume that the cost of oil is higher than
the cost of gas. The normalization allows us to explore what will happen to the three
market outcomes of interest as the price of oil moves relative to natural gas.

Matching

Suppose that at some given time, there are v vacancies posted by landlords and u
unmatched tenants looking for housing. Let m = m(u, v), a continuous, nonnegative
function that is increasing and concave in v and u, represent the matching technology
that gives a flow of potential contracts between landlords and tenants. The arrival
rates of matching opportunities for tenants (αt) and landlords (αl) are as follows:

αt =
m(u, v)

u
and αl =

m(u, v)

v
5Both landlords and tenants can get a good sense of the distribution of rents in an area from

market listings. Landlords have experience with renting their unit and an awareness of the likelihood
that they will be able to find a tenant as a function of rent.
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Assuming that m exhibits constant returns to scale, αt and αl will depend only on
the number of vacant apartment units per prospective tenant (v/u), or the “tightness
of the market.”

The Tenant’s Problem

Suppose that tenants have identical income and only differ idiosyncratically in their
preference for housing characteristics, or match quality. They have a linearly sepa-
rable utility function in housing so that the instantaneous utility that they get from
housing can be described by the following:

V (R) = y −R + θ

where V (R) is the instantaneous indirect utility flow from housing as a function of
the unit rent R, y is income, and θ ∼ N (0, σ) is a normally distributed idiosyncratic
taste parameter, with mean zero and variance σ, known as the “match quality,” and
with cumulative distribution function Φ(θ). The instantaneous search costs are c
and include the costs of temporary accommodation, so that the instantaneous utility
from not having a rental contract is:

U(c) = y − c

Transitions out of apartment units will be modeled by allowing households to
reconsider their contract if their preferences change. Suppose preferences change
according to a Poisson process with parameter λ, at which point the match quality
parameter, θ, changes to θ′ for a given household. This can be thought of as changing
preferences of households over time caused by exogenous events such as a child being
born or going off to college. The new match quality parameter is an independent
draw from the match quality distribution so that Φ(θ′|θ) = Φ(θ′).6

The tenant determines a reservation rent R∗(θ), the maximum amount they would
be willing to pay for a unit accounting for match quality so that the value of being
housed at the reservation rent is equal to the value of temporary housing. Let R be
the total rent level paid inclusive of the energy cost. If r is the listed rent price, then

6Contracts are often made for a fixed time period such as a year, especially at the beginning
of a tenancy. Contracts can usually be broken at a fixed cost if a tenant’s circumstances change.
λ gives the instantaneous probability that tenants might reconsider their contract. This gives a
tractable way to assess turnover, but the predictions of the model do not hinge on the somewhat
unrealistic assumption that tenants may choose to leave during any point of the contract. This
set up means that tenants’ decisions to leave apartment units will be largely driven by the new
exogenous draw on match quality and will allow me to explore the incremental effect of energy cost
information shocks on turnover.
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the total rent payment will be R = r+µ for units where tenants pay the energy costs
and R = r otherwise. A tenant is indifferent between two otherwise identical units
independent of the payment regime or fuel type as long as the total rent payment,
R, is the same.

If V (y,R, θ) is the payoff from agreeing to pay total rent level R with match
quality θ and income y, τ is the discount rate, and U(y) is the value of being “un-
matched” or living in temporary housing, then the value of having a rental contract
is described by the following continuous-time Bellman equation:

τV (y,R, θ) = y−R+θ+λ

∫
θ

[∫ ∞
−∞

max{V (y,R, θ′)− V (y,R, θ), U(y)− V (y,R, θ)} dF (R)

]
dΦ(θ)

(1.1)

where F (R) is the cumulative distribution function (cdf) of rental amounts. This
equation says that the permanent value of having a rental contract (instantaneous
flow: τV (y,R, θ)) is the instantaneous utility from renting, y−R+θ, plus the change
in utility from revisiting the contract, which happens with probability λ. If tenants
stay after their preferences change, they earn the difference in value between their
previous match quality and the current match quality, V (y,R, θ′) − V (y,R, θ). If
they go, they incur U(y)− V (y,R, θ), or the opportunity cost of being in temporary
housing. Tenants will choose whether to stay or go, depending on which option gives
them higher utility. Integrating over the cdf of accepted rents F (R) and the cdf of
match quality parameters Φ(θ) gives the expected value of revisiting the contract.

The permanent value of temporary housing τU(y) follows the continuous-time
Bellman equation:

τU(y) = y − c+ αt

∫
θ

[∫ ∞
−∞

max{V (y,R, θ)− U(y), 0} dF (R)

]
dΦ(θ) (1.2)

The value of temporary housing is the instantaneous utility from that state, y − c,
plus the probability αt that a searching tenant views a randomly chosen apartment
times the expected benefit of renting relative to temporary housing, V (y,R, θ)−U(y).
Again here, integrating over the cdf of accepted rents, F (R) and the cdf of match
quality parameters (Φ(θ)) gives the expected value of an opportunity to make a
contract.

The two continuous time Bellman equations can be combined by solving for the
value of renting, V (y,R, θ), in terms of U(y) using equation 1 and plugging that
expression into equation 2. Combined with the fact that the value of being housed at
the reservation rent is equal to the value of temporary housing, V (y,R∗(θ), θ) = U(y),
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at the optimum, we get the following expression for reservation rent (See Appendix
A for a full derivation).7

R∗(θ) = θ + c+
λ− αt
τ + λ

∫
θ

[∫ R∗(θ)

0

(R∗(θ)−R) dF (R)

]
dΦ(θ) (1.3)

The Landlord’s Problem

Landlords have two possible states for their units: (1) having a tenant paying rent
r, (2) on the market and searching for a tenant. The payoffs from these states are
R−m and −m respectively, where m is the maintenance cost of a unit.

Landlords set rents to maximize profit from being on the market, trading off
higher rent and the probability of vacancy. We assume that they know both the
distribution of offered rents and the match quality parameter. I will compare three
cases in my analysis: (Case 1) landlords pay for energy, (Case 2) tenants pay for
energy and have full information about energy costs, and (Case 3) tenants pay for
energy and have no information about energy costs

Case 1: Landlords pay for energy

For a landlord who pays energy costs, the continuous time Bellman equation for the
value of being vacant and looking for a tenant is as follows:

τW0 = Max
r
{−m+ P (r)αl(W1(r)−W0)} (1.4)

where τ is the discount rate and τW0 is the flow (per period) value of being vacant,
W1(r) is the value of a contract at posted rent level r, αl is the arrival rate of
prospective tenants, and P (r) is the probability of renting as a function of posted
rent. The probability of renting is a function of the distribution of the match quality
parameter and reservation rents, R∗(θ). τW0 equals the sum of the instantaneous
payoff from being in that state, −m, plus the expected value of any changes to that
state, P (r)αl(W1(r) −W0). P (r)αl is the instantaneous probability of renting and
W1(r)−W0 is the change in value from acquiring a tenant.

7Compared to a more basic model where contracts are not revisited, the rate of renewal oppor-
tunities, λ, affects R∗(θ) by changing the effective discount rate from τ to τ + λ. The opportunity
to revisit the contract means that tenants can go through periods of being in temporary housing,
reducing the value of the future. In addition, if λ < αt, then R∗(θ) > c, meaning tenants might
be willing to rent in a unit that costs more than c for the reduced search cost when their match
quality parameter changes, rather than searching while in temporary housing.
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The value of a contract at rent r can be described by the following continuous
time Bellman equation:

τW1(r) = r −m− µ+ λ [(1− P (r))(W0 −W1(r))] (1.5)

The flow of the value of renting, τW1(r), is the instantaneous payoff from having
a tenant (rent level, r, minus the maintenance cost, m, minus the energy payment,
µ) plus the expected value of losing the tenant. λ is the probability that a tenant’s
preferences will change and the contract will be revisited, 1−P (r), is the probability
that the tenant will decide to leave, so λ(1− P (r)) is the instantaneous probability
that the landlord will no longer have a tenant. W0 −W1(r) is the change in value
from losing the tenant. Note that when landlords pay the energy costs, the energy
cost parameter, µ, enters through the revenue component of the maximization.

Case 2: Fully informed tenants pay for energy

When tenants pay for the energy costs, µ enters the landlord’s maximization by
reducing the probability of renting the unit for a given listed rent, r.

τW0 = Max
r
{−m+ P (r + µ)αl(W1(r)−W0)} (1.6)

τW1(r) = r −m+ λ [(1− P (r + µ))(W0 −W1(r))] (1.7)

If tenants are fully informed about the energy costs and use the same amount of
energy under both payment regimes, the full cost of a renting a unit inclusive of the
energy costs should be the same for any given fuel type irrespective of who pays for
energy. As a result, the relative value of having an oil or gas unit should also be the
same irrespective of which party pays the energy costs.

Case 3: Uninformed tenants pay for energy

For both oil and gas units, the value of renting at posted rent r, W1(r), is unchanged
from the full information case (equation 7) now that tenants lack information. If the
contract is revisited, the tenants will know the true energy costs because they have
been living there and making payments. New tenants will be uninformed about the
true energy payment. For simplicity, I will assume that when tenants lack informa-
tion, they will match with a unit based on the expected energy payment µ̄ = E[µ]
rather than the true energy payment.8 The difference in the maximization problem

8Another way of modeling this, which would yield similar predictions, would be to assume
that tenants have knowledge about whether they heat with oil or gas. They may assign a certain
premium to gas, but they are not aware of how the prices move relative to each other over time.
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for landlords is that the lack of information increases the value of having the unit
on the market, W0, for oil units and decreases W0 for gas units. This is because new
tenants will lack information and 0 = µgas < µ̄ < µoil. The change in the value of
W0 changes landlords’ incentives and affects the three market outcomes of interest
when tenants pay for energy.

τW0 = Max
r
{−m+ P (r + µ̄)αl(W1(r)−W0)} (1.8)

τW1(r) = r −m+ λ [(1− P (r + µ))(W0 −W1(r))] (1.9)

Incidence of Energy Costs

Full Information

When landlords pay for energy costs, a change in µ leads to a parallel shift in revenue
for oil units and when tenants pay, a change in µ leads to a parallel shift in perceived
demand for oil units. ∂r

∂µ
> 0 if landlords pay the energy costs, because they will pass

some of the increase in marginal costs through. ∂r
∂µ
< 0 when tenants pay the energy

costs, because the increase in costs will lower the probability of renting the unit.
However, the total payment inclusive of energy costs, R, or the incidence of the

energy cost change on the tenant, ∂R
∂µ

, will be the same no matter which party pays
the energy costs, similar to the incidence of a tax. The cost savings of a gas unit will
therefore be the same under both payment regimes:

Roil
l −R

gas
l = Roil

t −R
gas
t

where the superscripts denote heating fuel (oil, gas) and the subscripts denote which
party pays for energy: landlords (l) or tenants (t).

Asymmetric Information

The incidence of the energy costs will no longer be the same under both payment
regimes if there are information asymmetries. The perceived demand for oil and
gas units will be the same for landlords renting to new tenants who pay for energy
costs. As a result, landlords will choose higher posted rents, r, for oil units and
lower r for gas units relative to the full information case.9 Therefore, the difference
in posted rents rgas− roil will be lower with asymmetric information than in the full
information case when tenants pay for energy.

9Recall that for the model the assumption is that oil is more expensive than natural gas
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The total payment inclusive of energy costs, R, for oil units will be higher when
tenants pay for the energy costs than when landlords pay, because landlords will not
have to offer a discount for the more expensive fuel. Conversely, R will be lower for
gas units when tenants pay for the energy costs than when landlords pay:

Roil
l < Roil

t

Rgas
l > Rgas

t

There are several testable predictions for the capitalization of energy costs into rents
under the three different cases.

Predictions, Energy Cost Capitalization: An increase in the price difference be-
tween oil and natural gas will cause

• Case 1 Landlords Pay For Energy: an increase in the rent difference between
oil and gas units

• Case 2 Fully Informed Tenants Pay For Energy: an decrease in the rent differ-
ence between oil and gas units

• Case 3 Uninformed Tenants Pay For Energy: less than the full Case 2 adjust-
ment in the rent difference between oil and gas units

The magnitude of the pass-through in Cases 1 and 2 depends on the relative elas-
ticities of supply and demand for apartment units, which I will explore further in
section 2.9.

Unit Turnover

Full Information

The probability of unit turnover is the probability that the contract will be revisited
times the probability that the tenant will not renew, λ(1 − P (R)). Since R will be
the same for tenants regardless of who pays the energy costs, the likelihood that a
unit that heats with a particular fuel will turn over will also be the same regardless
of who pays for the energy costs.

Asymmetric Information

Under asymmetric information, oil units will be more likely than gas units to turn
over when tenants pay for energy than when landlords pay. Since the total payments
for tenant-pay oil units, Roil

t , are higher under the lack of information case than the
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full information case, the returning tenant is less likely to remain a match after their
preferences change. Conversely, Rgas is lower when tenants pay for energy and lack
information than when they have full information, so returning tenants are more
likely to remain a match when the contract is up. Under lack of information:

Roil
l < Roil

t =⇒ λ(1− P (Roil
l )) < λ(1− P (Roil

t ))

Rgas
l > Rgas

t =⇒ λ(1− P (Rgas
l )) > λ(1− P (Rgas

t ))

There are two testable predictions for turnover rates under symmetric and asymmet-
ric information.
Testable Predictions, Turnover Rates: An increase in the price difference between oil
and natural gas will cause

• Tenants Fully Informed: no difference in relative turnover rates of oil and gas
units between the two payment regimes

• Tenants Uninformed: higher turnover rates of oil units relative to natural gas
units when tenants pay for energy as opposed to when landlords pay

Investment In Converting Fuel Type

Full Information

Landlords will convert from oil to gas if the premium from having a gas unit on the
market as opposed to an oil unit exceeds the upfront capital costs of investment, K:

W gas
0 −W oil

0 > K

Assume for simplicity that K is the same for all units and is not changing over time.
Again, since the incidence of the energy costs is the same irrespective of which party
pays, there should be no difference in switching from oil to gas rates between the
two payment regimes.

Asymmetric Information

When tenants lack information and pay for energy, the premium from having a vacant
gas unit on the market, W gas

0 −W oil
0 , is reduced and landlords are less likely to invest

in switching from oil to gas:

W gas
0,l −W

oil
0,l > W gas

0,t −W oil
0,t
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This is the classic landlord-tenant problem as described in the introduction. There
are two testable predictions for conversion rates from oil to gas under symmetric and
asymmetric information.
Testable Predictions, Conversion From Oil to Gas: An increase in the price difference
between oil and natural gas will cause

• Tenants Fully Informed: no difference in the conversion rate from oil to gas
between the two payment regimes

• Tenants Uninformed: a higher conversion rate from oil to gas when landlords
pay for energy as opposed to when tenants pay

Supply and Demand Elasticities and Pass-through

There are combinations of supply and demand elasticities that would result in little
to no pass-through when tenants pay for energy and full pass-through when landlords
pay for energy even if both parties are fully informed. If housing supply were perfectly
elastic or demand were perfectly inelastic, shifts in supply would affect rent levels,
but shifts in demand would not. Asymmetric information would predict a similar
outcome.

Housing supply in the Northeast Census Region, however, is relatively inelastic
in that housing prices have escalated faster than construction costs over time. Urban
areas such as Boston and New York, the largest metropolitan areas in my sample,
are particularly inelastic (Glaeser et al. 2008). In the empirical section, I limit my
sample to urban areas as a robustness check. We would expect to see the greatest
effects of shifts in demand on monthly rents when tenants pay for energy in supply
inelastic markets.

Since the Northeast Census Region has inelastic supply conditions, it is unlikely
that the relative supply and demand elasticities fully explain why we see pass-through
of energy costs into rents when landlords pay for energy but not when tenants pay
for energy. In addition, supply and demand elasticities should not differentially
affect turnover or investment rates in one payment regime relative to the other, as
asymmetric information would predict.

Overuse When Landlords Pay for Energy

So far we have assumed that there is no moral hazard and tenants use the same
amount of energy whether they pay for energy or not. However, in reality, tenants
have little incentive to conserve when they face zero marginal cost of consumption
and will tend to use more energy when landlords pay for it. On the other hand, if
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there is asymmetric information about energy costs, landlords that pay for energy
will be more likely to make energy efficiency investments in insulation and other
measures.

Levinson and Niemann (2004) and Gillingham et al. (2010) use residential en-
ergy consumption surveys to compare self-reported thermostat adjustment patterns
between individuals that pay for energy themselves, and those that have energy in-
cluded in the rent. Both studies find that respondents are more likely to turn the
thermostat down when they leave and at night when they pay for energy than when
they do not. Levinson and Niemann estimate the effect of this behavioral change to
be relatively small, 1-2% of total energy expenditure. Gillingham et al. also find that
owner occupied dwellings are 20% more likely to have well-insulated attics/ceilings
and 12-14% more likely to have well-insulated walls. While homeowners are different
than renters, their estimates indicate that the lack of insulation in rental units where
tenants pay for energy leads to greater additional energy consumption than overuse
when landlords pay for energy.

While the amount overuse caused by moral hazard is likely to be small, it could
affect the market outcomes of interest, even if tenants are fully informed about energy
costs. First, rent differences between oil and gas units may appear more compressed
when tenants pay for energy than when landlords pay for energy, because more
energy is used when landlords pay for energy. The level of pass-through depends
on the relative elasticities of supply and demand, so pass-through to rent would
look different under the two payment regimes. Therefore, finding that rents are
correlated with the price difference when landlords pay for energy but not when
tenants pay for energy will be necessary but not sufficient to demonstrate asymmetric
information. Second, similar to the presence of asymmetric information, overuse will
make conversion from oil to gas more attractive when landlords pay for energy than
when tenants pay for energy.

There is one major distinguishing feature between the effect of overuse and that of
asymmetric information. Overuse predicts that differences in the incidence of energy
costs on tenants will be larger between oil and gas units when landlords pay for the
energy than when tenants pay. Asymmetric information predicts the opposite. This
difference between the effects of asymmetric information and overuse would also be
reflected in the turnover rates. Therefore, if we see a higher turnover differential
between oil and gas units when tenants pay for energy than when landlords pay, it
is strong evidence of the presence of asymmetric information.

In addition, I consider another outcome that separates overuse from asymmetric
information: the decision to switch from rental to owner occupied. If all parties are
fully informed about energy costs, landlords as well as owner occupiers should receive
a market premium for heating with gas. If the energy cost differences between oil
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and gas units are arbitraged away through market prices, conversions from rental to
owner occupied should not be correlated with the fuel price difference. However, if
tenants lack information about energy costs, landlords of gas units will not receive the
full premium for their unit when tenants pay for energy. This will make them more
likely to switch to the outside option (owner occupied) as the price of oil gets high
relative to natural gas. The presence of overuse or perfectly elastic rental housing
supply would not result in differential switching from rental to owner occupied status.
(See Appendix A2 for full theoretical discussion).

1.3 Data

Rental Housing Data

I use data from the national American Housing Survey (AHS) from 1985 to 2009,
which surveys over 50,000 households every two years and is designed to be repre-
sentative of the housing stock in the United States. Beginning in 1985, the same
housing units were surveyed every odd numbered year with additions to reflect new
construction. I focus on the Northeast Census region, where 30–40% of homes heat
with oil over the time period.10

The AHS reports data on many attributes of the housing unit. My main variables
of interest are monthly rent, whether utilities are included in the rent, and primary
heating fuel. I also use data on other attributes, including number of rooms, bath-
rooms, half bathrooms and bedrooms, year built, a degree day variable, household
income, degree of urbanization, and number of units in the building. In addition, I
use several indicator variables for the presence of clothes dryers, dishwashers, central
air, room air, and poor living conditions. Unfortunately, there is little identifying
geographic information other than the four census regions, a range of heating and
cooling degree days, and a five-level scale of urbanization.

I use only rental housing units that pay rent on a monthly basis. This excludes
3% (1704 observations) from the sample, which are recorded as paying annually,
weekly, or quarterly. In addition, I drop observations that have any rental adjustment
limitations. These limitations include rent adjustments due to the relationship with
the owner, rent control/stabilization, households that receive vouchers to help pay
the rent, and occupants of public housing. I drop about 12% of the remaining sample
(6143 observations) due to these limitations on rental adustments, mostly due to rent

10The Northeast Census region, region 1, is comprised of the following states: Maine, New
Hampshire, Vermont, New York, Massachusetts, Connecticut, Rhode Island, Pennsylvania, and
New Jersey.
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control. The highest 3% of rental amounts in the survey are top-coded for privacy
concerns, so I drop the top 3% and bottom 3% of rent values for each survey year,
limiting my analysis to the middle 94% of the distribution of rents.

A housing unit’s primary heating fuel can change between surveys, if landlords
invest in new capital equipment and infrastructure. In addition, there can be some
errors in reporting the fuel type during the enumeration of the survey. In some cases
there is missing information on which party pays for the heating fuel. If the unit
was categorized as vacant, the payment information was not available. I take several
steps to reduce the noise from errors in the sample and fill in information for vacant
units (see Appendix A3).

My final sample has 3957 housing units. I assign each housing unit the most
common heating fuel and most common payment regime observed for that unit in
order to provide summary statistics at the household level in Table 1. In units where
gas is the primary heating fuel, tenants pay the utilities in 69% of cases and in units
where oil is the primary heating fuel, tenants pay the utilities in 25% of cases.

Table 1.1 displays the results of t-tests comparing the means of the covariates
between the two different payment regimes. Units where landlords pay for energy
differ in predictable ways from those where tenants pay for energy. For both heating
fuels, in units where landlords pay for energy, there are more units in the building,
units are smaller (i.e. fewer rooms, bedrooms, bathrooms, etc.), they are less likely
to have big appliances such as dishwashers and clothes dryers, they are more likely
to have poor conditions, and people with lower incomes live there. The units are
also slightly older on average when tenants pay for energy.

Figures 1.1–1.6 display the distribution of the number of rooms, bathrooms, and
units in the building as well as decade built, degree day scale, and urbanization scale.
Importantly, there is good overlap of these covariates between the four heating fuel
and payment regime combinations, so there are good counterfactual comparisons
across unit types.

While the mean covariate differences are significant among different types of
units, I will be able to control for differential trends in fuel type or payment regime
and flexibly control for differential trends in unit characteristics with covariate-by-
year fixed effects. Any remaining unobserved variation between oil and gas units or
between the two payment regimes would have to be correlated with the difference in
price between oil and gas in order to bias my estimates.

Heating Fuel Price Data

I created regional fuel price variables for the Northeast Census Region as a consumption-
weighted average of state-level annual residential prices reported by the EIA. For
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natural gas prices, I used average residential natural gas prices weighted by natural
gas deliveries to residential consumers. For heating oil prices, I used U.S. number
2 distillate residential prices weighted by distillate fuel oil sales for residential con-
sumers.11 There is little variation in retail prices among the states as fluctuations
in heating fuel prices are largely determined by world or national markets with ad-
justments for transportation costs. I inflated all prices to real 2011 dollars using the
consumer price index. Both natural gas and heating oil prices were converted into
the same units, dollars per MMBTU, in order to make them comparable.

Figure 1.7 displays the price variation in natural gas and residential heating oil
prices from 1985 to 2009. In the late 1980’s, the per-BTU prices of oil and gas were
comparable, followed by a period in the 1990’s when oil was less expensive than gas.
In the mid-2000s, oil became much more expensive as world demand increased and
in 2009, natural gas started getting less expensive with the development of hydraulic
fracturing techniques. Importantly, the variation in the difference in fuel prices does
not follow a simple linear trend, allowing me to separately identify the effects of fuel
price variation on housing rents.

1.4 Empirical Strategy and Results

Rent Capitalization

Empirical Strategy

I begin by estimating the effect of energy prices on monthly rent. I drop any units
that are classified as vacant, as I only want the rent of occupied units. For the basic
estimation, I estimate the effect separately for units where landlords pay for energy
and units where tenants pay for energy.

The basic estimating equation is as follows:

rentit = β0 + β1I
oil
it + β2I

oil
it × (poil

t − pgas
t ) + γt + ωi + ΣβXit + εit (1.10)

where Ioilit is an indicator of oil as the primary heating fuel in housing unit i in period
t. poil and pgas are the prices of oil and gas respectively in $/MMBTU. γt are year
fixed effects, ωi are unit fixed effects, βXit is a vector of covariates and εit is the
error term. rentit is the monthly rent. In addition to the covariates describing unit

11EIA state level natural gas prices are sourced from forms EIA-857 and EIA-910. No. 2
Distillate prices by sales type are sourced from forms EIA-782A&B and consumption levels come
from form EIA-821.
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characteristics, I include an indicator variable for new tenants, since landlords may
increase rents more between tenants than when leases are renewed.

The identification is coming from the interaction between the fuel price difference
and an indicator for oil as the fuel type. The coefficient of interest is β2, which can
be interpreted as the increase in rent for an oil unit relative to a natural gas unit if
the price of oil increases by $1/MMBTU relative to the price of natural gas. The
identifying assumption of this approach is that oil units do not systematically differ
from gas units in an unobservable or inadequately controlled for way that is correlated
with the difference in price between oil and gas.

In order to adequately control for the possibility that units change payment
regimes I will also estimate a fully-interacted regression for the whole sample:

rentit =β0+β1I
oil
it +β2 Ilpayit +β3I

oil
it ×Ilpayit +β4 Ioilit ×(poil

t − pgas
t )+β5I

lpay
it ×(poil

t − pgas
t )

+β6 Ilpayit ×(poil
t − pgas

t )× Ioilit +γt+ωi+ΣβXit + εit
(1.11)

where Ilpayit is an indicator for when the landlord pays for energy and the other
variables are as defined above.

In this fully interacted model we are interested in how the rent of oil units changes
relative to gas units for a $1/MMBTU increase in the price of oil relative to that of
natural gas for each of the two payment regimes. The coefficient β4 is comparable
to the coefficient of interest in the split sample regressions. β4 can be interpreted as
the increase in rent for an oil home relative to a natural gas home when tenants pay
for energy if the price of oil increases by $1/MMBTU relative to the price of natural
gas.

For the difference in rent associated with a $1/MMBTU increase in the fuel
price difference when landlords pay for energy, we need to look at the linear combi-
nation of β4 and β6. The triple interaction coefficient, β6 gives us the difference-in-
differences in rent between fuel type and payment regime, (landlord pay oil−landlord
pay gas)−(tenant pay oil−tenant pay gas), for a $1/MMBTU increase in the price of
oil relative to natural gas. Therefore, β4 + β6 is the increase in rent for an oil home
relative to a natural gas home when landlords pay for energy.

Endogenous Switching of Heating Fuel or Payment Regime

One potential concern is that when landlords make investments to switch their fuel
type or payment regime in response to the variation in the price difference between
fuel types, it will cause a compositional change among the four fuel type and payment
regime combinations. Unit fixed effects allow me to control for the time-invariant
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quality of a unit. Therefore, even if units with higher unobserved quality change
fuel type or payment regime in response to price changes, it will not bias my esti-
mates. However, it may be that landlords upgrade other aspects of the unit that
are unobserved in the data when they convert the heating fuel. For example, they
may redo the kitchen and buy a new gas stove. Then, the units post-conversion will
have an unobservably higher quality than before the conversion, which could bias
my estimates of the rent response to the fuel price variation.

Few if any landlords will convert from gas to oil over the time period since oil
is the dirtier, less convenient, and more expensive fuel. If upgrades are happening,
β1, would be negative and would control for this systematic increase in quality when
converting from oil to gas. With a fixed effects regression, β1 is identified from the
units that convert. Another time we might see upgrades would be in converting
from the landlord-pay regime to the tenant-pay regime. Switching from tenant-pay
to landlord-pay should be almost costless, so it is unlikely that major upgrades are
associated with those conversions. If units were getting unobservably nicer when they
switched to tenant pay, β2 would be negative and would control for the systematic
increase in quality.

Results

Figure 1.8 shows the variation over time in the difference in mean rent between oil
and gas units and the difference in price between oil and gas. The panel on the left
shows the differences in mean rent and fuel prices when landlords pay for energy.
As oil gets expensive relative to natural gas, the difference in rent for apartments
where energy costs are included should get bigger, reflecting the higher difference in
the marginal costs of heating. The rent difference does appear to follow the price
pattern when landlords pay for energy, particularly in the later part of the sample
when the price of oil is increasing quickly relative to natural gas.

The right panel shows the difference between the mean rent of gas units and that
of oil units when tenants pay for energy and the difference in fuel prices. Recall that
if the price changes were being capitalized into the rents, oil homes would actually
receive a discount relative to natural gas units when the price of oil is above the
price of natural gas. This is because oil units are less attractive than gas units for
tenants that have to make the utility payments. The mean rent difference in the
graph shows the premium that gas units are getting relative to oil units, which does
not appear particularly correlated with the price variation.

Table 1.2 shows the results from the estimation of the basic equation for the
split sample of units where landlords pay for energy and units where tenants pay for
energy. The results indicate that when landlords pay for energy, monthly rents in
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oil units go up by $7–$14 relative to gas units for a $1/MMBTU price increase in
heating oil relative to gas. According to the EIA, the average home that uses oil as
a primary heating fuel uses between 77 and 105 MMBTU/year.12 If a $1/MMBTU
price increase were spread over a 12 month period, full pass-through would be $6–$9
per month. Therefore, I cannot reject full pass-through of heating cost increases in
the market where landlords pay for energy. However, when the tenants pay for energy,
the change in rent for oil units relative to gas units is statistically indistinguishable
from zero for a $1/MMBTU price increase in heating oil relative to gas. These
findings are consistent with the presence of asymmetric information where landlords
are informed about heating costs, but tenants are not.

Table 1.3 shows the results from the estimation of the full interacted model.
The first three columns are directly analogous to the basic estimation from the split
sample and the point estimates are very similar to those reported in Table 1.2.
The results from the linear combination of the two coefficients indicate that when
landlords pay for energy, monthly rents in oil units go up by $5-$14 relative to gas
units for a $1/MMBTU price increase in heating oil relative to gas. However, when
tenants pay for energy the change in rent for oil units relative to gas units is still
statistically indistinguishable from zero for a $1/MMBTU increase in the price of oil
relative to natural gas.

Columns 4 and 5 display results for two robustness tests of the identifying parallel
trends assumption between the four payment regime and heating fuel combinations.
First (column 4), I included a “landlord pays” linear trend and an oil unit linear
trend. If my estimates were a result of a differential trend in homes where landlords
pay for energy or homes heated with oil rather than the fuel price variation, the in-
clusion of the trend should change my point estimates. However, the point estimates
of the fixed effects regressions change little with the inclusion of the landlord-pay
and fuel oil trends. Second (column 5), I interacted year fixed effects with each
of the covariates in the model. The concern is that there is something else follow-
ing a trend that differentially affects rents of certain payment regime/heating fuel
combinations. These year-by-covariate interactions allow me to control flexibly for
trends in these observable differences. Here too, the coefficients of interest change
little, suggesting that differences in the capitalization rates are driven by the price
variation and not by unobservable trends correlated with certain utility regime and
heating oil combinations.

12Source: Energy Information Administration Winter Fuels Outlook from the Short Term Energy
Outlook. Years 2000 to 2013.
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New Tenants and Urban Areas

Many cities have renter protection ordinances that limit how much landlords can
raise rents for existing tenants. Laws like these might affect the adjustment of rents
to changing heating costs. Therefore, as a robustness check, I limit the sample to
units with new tenants, where rents can be expected to adjust most freely.

Elasticity of the housing supply can also affect the degree to which shifts in de-
mand get capitalized into rents. The two capitalization results could also be consis-
tent with a very elastic housing supply, where shifts in supply would affect rent levels,
but shifts in demand would not. However, rental housing supply in the northeastern
United States is generally inelastic. Boston and New York, the largest metropolitan
areas in the northeastern United States, are classified as inelastic markets where hous-
ing prices have escalated relative to production costs over time (Glaeser et al. 2008).
When housing supply is inelastic, the incidence of relative fuel price changes will be
higher for landlords. In other words, we would expect to see the greatest effects of
shifts in demand on monthly rents when tenants pay for energy in supply-inelastic
markets. So, as another robustness check, I limit my sample to areas classified as
“urban,” where the elasticity of housing supply is likely to be relatively inelastic.

Table 1.4 displays the estimation results with these limited samples. Column 1
has estimation results with just new tenants, Column 2 has estimation results from
just urban areas, and Column 3 has estimation results for new tenants in urban
areas. In urban areas, the result still holds that the heating fuel price difference
is capitalized into rent when landlords pay for energy and not when tenants pay.
When the sample is limited to new tenants, the sample size is about a third of the
full sample. While the estimates lose power, the point estimates are still consistent
with the full sample results. Therefore, it does not appear that limitations on rent
adjustments are preventing landlords from capitalizing energy costs into rents when
tenants pay for energy.

Unit Turnover

Vacant units from the survey were included for the turnover analysis in order to
construct a binary “turnover” variable. A unit is designated as “turned over” if it
is either vacant or has a new tenant and was occupied at the time of the previous
survey (2 years ago). Observations were removed if they were the first observation
of the panel, missing from the previous survey, or were vacant (not occupied) in the
previous survey, as they would not be eligible to turnover.

If tenants are not informed about the differences in the energy costs between oil
and gas units, we would expect to see oil units turn over faster than natural gas units
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as oil prices get high, when tenants pay for energy. Landlords in oil units are able
to charge higher rents as a result of tenants’ ignorance, so when tenants discover the
“true” energy costs, they will be less likely to renew. Conversely, landlords with gas
units will not be able to charge the full premium of having the less expensive fuel
as a result of tenants’ ignorance, so that after tenants discover the “true” energy
costs, they will be more likely to renew. When landlords pay for energy, the heating
costs are included in the contract, so tenants do not receive cost shocks that affect
turnover rates.

Figure 1.9 is a graphical depiction of the difference-in-differences in mean turnover
of tenancy across the fuel types (oil−gas) and payment regimes (tenant pay−landlord
pay) over time. If oil units turn over faster relative to gas when tenants pay for energy
than when landlords pay for energy when the price of oil gets high relative to natural
gas, we would expect to see the difference-in-differences in probability of turnover to
follow the price variation. The solid line is price of fuel oil minus the price of gas
in $/MMBTU. The difference-in-differences in probability of turnover (the dashed
line) appears to be correlated with the price variation, which is consistent with the
presence of asymmetric information.

Table 1.5 shows the results of the basic estimation for each payment regime where
the dependent variable is a binary indicator for unit turnover. The first three columns
show the estimates when landlords pay for energy and the latter three columns have
the estimates when tenants pay for energy. When landlords pay for energy, the
difference in turnover between oil and gas units is not statistically distinguishable
from zero for a 1$/MMBTU increase in the price of oil relative to natural gas, with
relatively tight confidence intervals. However, when tenants pay for energy, the same
increase in the price of oil relative to natural gas causes a 1.5-1.7 percentage point
increase in the turnover of oil units relative to natural gas units. There is an average
turnover rate of 33% across the biannual surveys (about 16% a year), so annually oil
units are (1.6/33)*100=5% more likely than gas units to turn over for a 1$/MMBTU
increase in the price of oil relative to natural gas when tenants pay for energy. These
findings are consistent with the presence of cost shocks when tenants pay for energy,
but not when landlords pay for energy.

The results for the fully-interacted model are in Table 1.6. The first row gives
the coefficient estimates for Ioil×(poil-pgas), which is directly comparable to estimates
in the second half of Table 1.6, when tenants pay for energy. The second row gives
the coefficient estimates for the triple interaction term Ilpay×(poil-pgas)×Ioil, which
can be interpreted as the difference-in-differences in the probability of turnover for
oil units minus gas units when landlords pay for energy as opposed to when tenants
pay for energy ((landlord pays oil-landlord pays gas)-(tenant pays oil-tenant pays
gas)). The estimates of the coefficient for Ioil×(poil-pgas) are very similar to the split
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sample estimations when tenants pay for energy. They indicate 1.5-1.9 percentage
point (4-6%) increase in the turnover of oil units relative to natural gas units a
1$/MMBTU increase in the price difference. The coefficient estimates on the triple
interaction term indicate that the difference in turnover between the two heating fuels
is statistically smaller when landlords pay for energy as opposed to when tenants pay
for energy.

As with the rent results, columns 4 and 5 display the results for the two robust-
ness tests of the identifying parallel trends assumption between the four payment
regime/heating fuel combinations introduced earlier. The estimates in column 4 in-
clude landlord-pay and fuel oil specific time trends and the estimates in column 5
include covariate-by-year interaction terms for each of the covariates in the model.
The point estimates change very little with the inclusion of trends or the inclusion of
covariate by year fixed effects interactions, indicating that the differences in turnover
rates are driven by the price differences and not unobservable trends in the housing
unit characteristics.

Converting Heating Fuel from Oil to Natural Gas

Converting from oil heat to natural gas heat requires high upfront costs, and while
it is becoming more common as oil is getting more expensive relative to natural gas,
it is still relatively rare in the sample. Therefore, there is potential for measurement
error of converting (particularly if I observe heating fuel changing more than once
in the sample). I trim the sample in order to isolate only those observations that
are likely to be true heating fuel conversions. I start by keeping only those units
that I observe 4 times or more, which is about 40% of the units in the sample (2772
units, 19,696 observations). Further, I limit my sample to oil homes that have either
converted fuel types once or never, where I have at least two observations of oil as
the main heating fuel type followed by at least two observations of gas as the main
heating fuel type. Once a unit converts to gas, I remove subsequent observations
of that unit. This leaves me with 855 units and 4416 observations. I observe 163
conversions (20% of units) from heating oil to natural gas from 1989 to 2009.13

I use the following linear probability model in order to test whether landlords
who pay for energy are more likely to make the conversion investment than those
who do not pay for energy as the price of oil increases relative to natural gas:

convertit = β0 + β1I
lpay
it−1 + β2I

lpay
it−1 × (poil

t − pgas
t ) + γt + ΣβXit + εit

13See Appendix A4 for robustness checks of how I trim the sample to define conversions to
natural gas.
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Here convertit is an indicator for whether unit i converted to gas in year t. Ilpayit−1 is
an indicator for whether the landlord pays for energy. I use lagged values for the
payment regime status since it may be influenced by the current period’s price.

The coefficient of interest is β2, which can be interpreted as the increase in the
probability that a landlord will convert from oil to gas when landlords pays for energy
as opposed to when tenants pay for energy if the price of oil increases by $1/MMBTU
relative to the price of natural gas.

Figure 1.10 displays a graphical representation of the basic experiment. It plots
the price difference between oil and natural gas (poil−pgas) in $/MMBTU (left y-axis)
and the difference in the proportion of converting from oil to natural gas between
units where landlords pay for energy and units where tenants pay for energy (right
y-axis). The relative proportion of conversions when the landlord pays for energy
relative to when the tenant pays for energy appears to follow the pattern of the price
difference variation, particularly in the later years as the price of oil gets higher than
that of natural gas.

Table 1.7 shows the estimation results from the conversion regression described
above. The dependent variable equals zero when the home heats with oil and equals
one if the home converts fuel type to gas. The first two columns display the results
for the estimation equation with and without covariates. The coefficient on the inter-
action term Ilpayt−1×(poil-pgas) is positive and significant. This indicates that landlords
are more likely to make an investment to convert to gas as it gets relatively less ex-
pensive compared to oil if they pay for energy themselves rather than the tenant. For
a $1/MMBTU increase in the price of oil relative to natural gas, landlords that pay
for energy are 1 percentage point more likely to convert to gas than landlords that do
not pay for energy. With a baseline conversion rate of 4% biannually, a $1/MMBTU
increase in the price of oil relative to natural gas increases the probability that a
unit where the landlord pays for energy will convert to gas by 25% relative to a unit
where tenants pay for energy.

The third and fourth columns in Table 1.7 display results for two robustness
tests of the identifying parallel trends assumption between units where landlords
pay for energy and units where tenants pay for energy. First (column 3), I included
a landlord pay specific linear trend. In both cases, the coefficient on the interaction
term Ilpayt−1×(poil-pgas) changes very little, suggesting that the differences in conversion
rates are driven by the price variation and not by unobservable trends correlated with
landlords paying for energy or specific unit attributes. Table 1.8 displays the results
of probit estimates. The marginal effect estimates on the interaction term Ilpayt−1×(poil-
pgas) are similar in magnitude to the OLS estimates and highly significant as well.



CHAPTER 1. ASYMMETRIC INFORMATION IN RESIDENTIAL RENTAL
MARKETS: IMPLICATIONS FOR THE ENERGY EFFICIENCY GAP 27

Broader Implications for the Energy Efficiency Gap

I find that the capitalization of energy prices into rents, turnover rates, and invest-
ment in converting from oil to gas differ between the two payment regimes in ways
that are consistent with the presence of asymmetric information between landlords
and tenants. Taken together, these results show strong evidence of the existence of
the landlord-tenant problem.14

The distortion caused by asymmetric information in this context is under-investment
in conversions from oil to gas. In order to get a sense of the magnitude of the distor-
tion, I will estimate the energy costs that could be saved if the units where tenants
pay for energy convert from oil to gas at the same rate as the units where landlords
pay. The simplifying assumption is that the same proportion of apartment units
would be converting from oil to gas in the two different payment regimes absent the
landlord-tenant problem. This is a strong assumption because it requires that the
amount of energy used by tenants is similar between the two payment regimes. On
the one hand, tenants have the incentive to use more energy when it is included in
the rent. On the other hand, with asymmetric information about energy costs, land-
lords that pay for energy will be more likely to make energy efficient investments,
which will reduce energy consumption.

With world oil prices on the rise and the introduction of hydraulic fracturing
techniques for extraction of natural gas, the price difference between heating oil
and natural gas has been increasing in recent years. For example, in the winter of
2010-2011, the price difference was large with heating oil being $11/MMBTU more
expensive than gas.15 My results imply a one percentage point difference in bi-
annual conversions between the landlord-pay regime and the tenant-pay regime per
$1/MMBTU price difference between oil and natural gas. Therefore, the bi-annual
conversion differential is estimated to be close to 11 percentage points between 2009
and 2011. According to the 2011 American Housing Survey, the number of rental
units where tenants paid for oil in the northeast was 568,000 units, around 22% of
all oil units. If 11% of those units did not convert due to energy cost information
asymmetries between landlords and tenants, over 60,000 units should have converted
between 2009 and 2011, but did not. The annual savings for the average rental
household in the Northeast of converting from oil to gas was approximately $858, or

14I also find evidence that when tenants pay for energy, gas units are 15-20% more likely to
switch to owner-occupied when the price of oil goes up $1/MMBTU relative to natural gas. This
result implies that landlords are not receiving the full premium for having the less expensive fuel in
the presence of asymmetric information, making them more likely to switch to an outside option.
See Appendix A5 for a full explanation of the result.

15Table WF01 U.S. Energy Information Administration Short-Term Energy Outlook-March 2013
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8% of housing costs.16

Assuming a 18-year furnace lifetime, 4% real discount rate and a conversion cost
estimate of $3,000-$5,000 per unit, an approximation of the annualized cost savings
from converting from oil to gas is $300-$400 per unit per year. With expenditures
on heating oil at $1662/year for the mean usage of renters in the northeast, the lost
savings for the units that did not convert is 27-37% of heating costs per year.17

Converting from oil to gas is just one of the many capital investment decisions
that landlords are faced with on a regular basis. The end uses where tenants pay for
energy, but landlords make the capital investments, are most susceptible to under-
investment as a result of the landlord-tenant problem. The largest capital invest-
ments of this sort are in space heating, water heating, air conditioning and refrigera-
tion. According to the 2009 Residential Energy Consumption Survey (RECS), these
four end uses accounted for 72% of residential rental energy consumption, 67-88%
of which is paid for by tenants. This means that 50-63% of residential rental energy
consumption is likely to be vulnerable to inefficiencies due to the landlord-tenant
problem. These estimates cannot be directly applied to the potential savings from
other energy efficiency improvements, but if the lost savings from those measures are
similar in magnitude to the lost savings in converting from oil to gas, information
asymmetries could have a substantial effect on residential rental energy use.

16Calculations were made using the RECS 2009 average annual site consumption for a rental
unit in the Northeast using fuel oil of 53.2 MMBTU. 2011 fuel prices for oil and gas came from the
short term energy outlook. The prices were plugged into the Heating Fuel Comparison Calculator
(available: www.eia.gov/neic/experts/heatcalc.xls) to get cost comparison for the two fuels taking
into account fuel heat content and the standard efficiency ratings of 78% for oil furnaces and 82%
for gas furnaces. Assuming that energy consumption would be the same if the unit heated with oil
or natural gas, the estimated annual savings from conversion was $858.

17The life cycle cost estimator developed by the U.S. EPA and U.S. DOE for evaluating savings
from Energy Star furnaces assumes an 18-year life for a conventional furnace and a 4% discount
rate. The estimated savings are assumed to be the same in future years, since our best under-
standing of consumers’ expectations about future fuel prices are that they follow a random walk
(Anderson et al. 2012). Costs can vary significantly across conversion projects depending on
whether the oil tank is above or below ground, whether the chimney needs to be lined, gas pip-
ing requirements, and the cost of the furnace or boiler. For single family homes, costs can range
between $5,000 and $10,000 (see e.g. http://boston.cbslocal.com/2011/10/10/curious-about-the-
cost-of-converting-from-oil-to-natural-gas/).. Costs can scale down quickly for multi-unit buildings.
Buildings in Manhattan with hundreds of units have been converted for as little as $1000/unit
(http://www.nyccleanheat.org/content/case-studies-and-testimonials). Units where tenants pay for
oil in the northeast have 5 units in the building on average (see Table 1), so a plausible range for
conversion costs is $3000 to $5000 per unit.
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1.5 Conclusion

This paper provides and implements a framework to test for asymmetric information
between landlords and tenants. When tenants lack information, landlords under-
invest in energy efficiency because they cannot capitalize those investments into
higher rents. In this analysis I develop a search model for the rental housing market
to describe how landlords and tenants get together and make contracts. I derive
predictions about the capitalization of energy costs into rents, turnover rates, and
investment in efficiency under symmetric and asymmetric information.

I exploit the fact that heating oil and natural gas prices have fluctuated over
time, changing the relative energy costs of units that heat with oil versus units
that heat with gas. I focus on the northeastern United States, where for historical
reasons, many apartment units still heat with oil. This allows me to estimate the
effect of a change in energy costs, while controlling for unobserved changes in the
macroeconomic environment. In addition, I take advantage of the fact that in some
apartments the landlord pays for energy and in some apartments the tenant pays for
energy. When landlords pay for energy, they are likely to be well-informed about and
react to changes in energy costs. As a result, market outcomes when landlords pay
for energy can serve as a well-informed baseline to compare with market outcomes
when tenants pay for energy.

My results are consistent with the predictions of the model under asymmetric
information. I find that changes in relative energy costs are capitalized into rents
when landlords pay for energy but not when tenants pay for energy. This is evidence
that housing supply is shifting with changes in marginal costs, but the perceived
demand is not. Turnover, owner occupancy rates, and investments in converting
from oil to gas are also different between the two payment regimes in ways consistent
with asymmetric information.

Rough back-of-the-envelope calculations suggest that at recent price difference
levels, over 60,000 units in the northeast census region are not converting over a two
year period due asymmetric information when it would otherwise be cost effective.
The foregone savings from the under-investment in converting from oil to gas are
$300-$400 per year for each unit. The heating fuel used and its price are one of
the most easily observed energy cost features of an apartment unit, which suggests
that the information problem could be much more pervasive. For instance, it is
much more difficult for tenants to observe how well insulated an apartment is, or
the efficiency of major appliances such as air conditioners and refrigerators. If the
lost savings from under-investment in efficiency for other measures were similar in
magnitude to the lost savings in converting from oil to gas, the effects of asymmetric
information on residential rental energy use could be substantial.
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The energy efficiency gap has been recognized in the theoretical and policy liter-
ature for over 30 years, and while there are multiple hypotheses as to why we might
see this gap, few have been tested empirically. This paper provides some of the first
empirical evidence on one of the pathways for the energy efficiency gap using a causal
framework. It is particularly important to identify market failures that distort en-
ergy efficient investment in today’s policy climate where governments are spending
billions of dollars a year on energy efficiency.

The fact that the landlord-tenant problem can lead to significant under-investment
in energy efficiency has important policy implications. Price signals from carbon
policies such as cap-and-trade programs may not induce efficient levels of investment
energy efficiency in rental markets where tenants pay for energy. Programs that
provide information to tenants such as energy audit and disclosure requirements,
may help alleviate the information asymmetries between landlords and tenants. In
addition, energy efficiency standards for rental housing might be a cost effective way
to address the under-investment problem.
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Tables

Table 1.1: Covariate Comparison Between Payment Regimes

Tenant Pays Energy Landlord Pays Energy P-value of Diff
bedrooms 2.234 1.528 0.00∗∗∗

rooms 4.804 3.634 0.00∗∗∗

half baths 0.149 0.058 0.00∗∗∗

bathrooms 1.084 1.002 0.00∗∗∗

units in building 5.666 35.956 0.00∗∗∗

degree day scale 2.230 2.371 0.00∗∗∗

clothes dryer 0.417 0.118 0.00∗∗∗

dishwasher 0.228 0.160 0.00∗∗∗

decade built 1941 1945 0.00∗∗∗

room air 0.442 0.485 0.00∗∗∗

central air 0.119 0.094 0.00∗∗∗

moderate conditions 0.069 0.068 0.76

bad conditions 0.029 0.080 0.00∗∗∗

real income 45,715 39,153 0.00∗∗∗

Observations 2050 2080
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Table 1.2: Estimation of the Effect of Relative Prices on Relative Rents: Split Sample

Dep Var: Rent Landlord Pays Energy Tenant Pays Energy

Ioil×(poil−pgas) 13.97∗∗∗ 9.855∗∗∗ 7.722∗∗∗ 0.652 1.633 2.378
(3.677) (3.193) (2.825) (4.167) (4.676) (3.379)

Ioil 60.97∗∗∗ 64.11∗∗∗ -9.944 45.20∗∗∗ 19.87 -20.87
(11.29) (9.300) (9.474) (12.80) (14.26) (14.94)

Inew tenant 83.29∗∗∗ 80.02∗∗∗ 38.11∗∗∗ 71.00∗∗∗ 64.72∗∗∗ 48.15∗∗∗

(8.359) (6.808) (5.463) (6.858) (8.112) (4.725)

Covariates No Yes Yes No Yes Yes

Unit FE No No Yes No No Yes

Observations 13444 13444 13444 12764 12764 12764

Notes: Regressions are based on the American Housing Survey public access data for the Northeast
Census Region, years 1985-2009. The unit of observation is apartment unit×year. poil is the retail
price of home heating oil ($/MMBTU), pgas the retail price of natural gas ($/MMBTU) for the
Northeast Census region. All equations are estimated using OLS. All prices are inflated to 2011
dollars. All specifications include year fixed effects. Standard errors are clustered at unit level. ***,
** and * denote statistical significance at the 1, 5 and 10 percent levels.
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Table 1.3: Estimation of the Effect of Relative Prices on Relative Rents:

Fully Interacted Model

Dep Var: Rent (1) (2) (3) (4) (5)

(1) Ioil×(poil−pgas) 1.488 0.421 0.666 -1.819 1.243
(4.652) (4.196) (3.249) (3.226) (3.320)

(2) Ilpay × (poil − pgas)× Ioil 12.35∗∗ 9.826∗ 7.515∗ 6.628 5.281
(5.923) (5.285) (4.184) (4.212) (4.269)

Ioil 19.38 40.56∗∗∗ -16.00 -51.61∗∗∗ -12.08
(14.15) (12.39) (10.52) (12.25) (10.33)

Ilpay -41.40∗∗∗ -4.457 -6.127 7.506 -5.763
(11.00) (8.850) (7.000) (10.91) (7.126)

Ioil × Ilpay 41.27∗∗ 29.66∗∗ 7.245 -0.296 4.561
(17.15) (14.49) (11.40) (11.72) (11.51)

Ilpay × (poil − pgas) -7.594∗∗ -7.994∗∗∗ -5.807∗∗ -4.852∗∗ -4.581∗

(3.409) (2.974) (2.377) (2.413) (2.564)

Inew tenant 74.11∗∗∗ 76.73∗∗∗ 46.75∗∗∗ 47.01∗∗∗ 46.62∗∗∗

(5.935) (4.935) (3.548) (3.549) (3.589)

linear comb: (1)+(2) 13.83∗∗∗ 10.25∗∗∗ 8.181∗∗∗ 4.809∗ 6.523∗∗

SE (3.669) (3.206) (2.671) (2.685) (2.804)

Covariates No Yes Yes Yes Yes

Unit FE No No Yes Yes Yes

Trends No No No Yes No

Cov×Year interaction No No No No Yes

Observations 23312 23312 23312 23312 23312

Notes: Regressions are based on the American Housing Survey public access data for the Northeast

Census Region, years 1985-2009. The unit of observation is apartment unit×year. poil is the retail

price of home heating oil ($/MMBTU), pgas the retail price of natural gas ($/MMBTU) for the

Northeast Census region. All equations are estimated using OLS. All prices are inflated to 2011

dollars. All specifications include year fixed effects. Standard errors are clustered at unit level. ***,

** and * denote statistical significance at the 1, 5 and 10 percent levels.
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Table 1.4: Estimation of the Effect of Relative Prices on Relative Rents:

New Tenants and Urban Areas

Dep Var: Rent new tenants urban new tenants
& urban

(1) Ioil×(poil−pgas) 0.277 -0.560 2.910
(4.873) (4.248) (6.684)

(2) Ilpay × (poil − pgas)× Ioil 6.296 8.891∗ 4.817
(6.579) (5.108) (8.217)

Ioil 17.39 -19.04∗ 11.46
(18.90) (11.44) (21.77)

Ilpay 5.228 -8.062 4.376
(11.01) (7.441) (12.01)

Ioil × Ilpay -9.296 10.30 -3.839
(20.50) (12.44) (23.79)

Ilpay × (poil − pgas) -4.300 -6.008∗∗ -4.060
(3.586) (2.545) (3.866)

Inew tenant 48.57∗∗∗

(3.922)

linear comb: (1)+(2) 6.573 8.330∗∗∗ 7.727
SE (4.588) (2.857) (5.066)

Covariates Yes Yes Yes

Unit FE Yes Yes Yes

Observations 20677 7863 5829

Notes: Regressions are based on the American Housing Survey public access data for the Northeast

Census Region, years 1985-2009. The unit of observation is apartment unit×year. poil is the retail

price of home heating oil ($/MMBTU), pgas the retail price of natural gas ($/MMBTU) for the

Northeast Census region. All equations are estimated using OLS. All prices are inflated to 2011

dollars. All specifications include year fixed effects. Standard errors are clustered at unit level. ***,

** and * denote statistical significance at the 1, 5 and 10 percent levels.
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Table 1.5: Estimation of the Effect of Relative Fuel Prices on the Relative Probability

of Turnover: Split Sample

Dep Var: Turnover Landlord Pays Energy Tenant Pays Energy

Ioil×(poil−pgas) -0.00293 -0.00386 -0.00220 0.0175∗∗∗ 0.0151∗∗ 0.0166∗∗

(0.00513) (0.00506) (0.00590) (0.00677) (0.00653) (0.00788)

Ioil -0.0765∗∗∗ -0.0628∗∗∗ -0.0596∗∗∗ -0.0295∗ -0.0121 0.0353
(0.0133) (0.0134) (0.0209) (0.0153) (0.0155) (0.0312)

Covariates No Yes Yes

Unit FE No No Yes

Observations 8068 8068 8068 8031 8031 8031

Notes: Regressions are based on the American Housing Survey public access data for the Northeast
Census Region, years 1985-2009. The unit of observation is apartment unit×year. poil is the retail
price of home heating oil ($/MMBTU), pgas the retail price of natural gas ($/MMBTU) for the
Northeast Census region. All prices are inflated to 2011 dollars. All specifications include year fixed
effects. Standard errors are clustered at unit level. ***, ** and * denote statistical significance at
the 1, 5 and 10 percent levels.
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Table 1.6: Estimates of the Effect of Relative Fuel Prices on the Relative Probability of Turnover:
Fully Interacted Model

Dep Var: Turnover (1) (2) (3) (4) (5)

Ioil×(poil−pgas) 0.0173∗∗ 0.0149∗∗ 0.0157∗∗ 0.0149∗∗ 0.0193∗∗

(0.00675) (0.00652) (0.00739) (0.00745) (0.00770)

Ilpay × (poil − pgas)× Ioil -0.0200∗∗ -0.0179∗∗ -0.0201∗∗ -0.0202∗∗ -0.0222∗∗

(0.00841) (0.00818) (0.00912) (0.00918) (0.00936)

Ioil -0.0292∗ -0.0196 0.0117 0.00286 0.0187
(0.0153) (0.0150) (0.0228) (0.0302) (0.0228)

Ilpay -0.00259 -0.00176 0.0452∗∗∗ 0.0435 0.0486∗∗∗

(0.0126) (0.0126) (0.0161) (0.0287) (0.0162)

Ioil × Ilpay -0.0470∗∗ -0.0351∗ -0.0668∗∗∗ -0.0674∗∗∗ -0.0718∗∗∗

(0.0198) (0.0192) (0.0253) (0.0258) (0.0254)

Ilpay × (poil − pgas) 0.00435 0.00436 0.00877∗ 0.00863 0.0102∗

(0.00490) (0.00476) (0.00522) (0.00573) (0.00560)

Covariates No Yes Yes Yes Yes

Unit FE No No Yes Yes Yes

Trends No No No Yes No

Cov×Year interaction No No No No Yes

Observations 16099 16099 16099 16099 16099

Notes: Regressions are based on the American Housing Survey public access data for the Northeast
Census Region, years 1985-2009. The unit of observation is apartment unit×year. poil is the retail
price of home heating oil ($/MMBTU), pgas the retail price of natural gas ($/MMBTU) for the
Northeast Census region. All equations are estimated using OLS. All prices are inflated to 2011
dollars. All specifications include year fixed effects. Standard errors are clustered at unit level. ***,
** and * denote statistical significance at the 1, 5 and 10 percent levels.
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Table 1.7: Estimates of the Effect of Relative Fuel Prices on the Relative Probability
of Converting From Oil to Gas

Dep Var: convert to gas (1) (2) (3) (4)

Ilpayt−1×(poil-pgas) 0.0103∗∗∗ 0.00959∗∗∗ 0.0157∗∗∗ 0.00891∗∗

(0.00307) (0.00306) (0.00329) (0.00376)

Ilpayt−1 0.0113∗ -0.00415 0.0478∗∗∗ -0.00280
(0.00620) (0.00752) (0.0110) (0.00751)

Covariates No Yes Yes Yes

lpe trend No No Yes No

Cov×Year interaction No No No Yes

Observations 4142 4142 4142 4142

Notes: Regressions are based on the American Housing Survey public access data for the Northeast

Census Region, years 1985-2009. The sample is limited to those observed 4+ times, which is about

40% of the units in the sample (2772 units, 19,696 observations). The sample only includes oil

homes that have either switched fuel types once or never, where there are at least two observations

of oil as the main heating fuel type followed by at least two observations of gas as the main heating

fuel type. Once a unit switches to gas, subsequent observations are removed for that unit. The unit

of observation is apartment unit×year. poil is the retail price of home heating oil ($/MMBTU),

pgas the retail price of natural gas ($/MMBTU) for the Northeast Census region. All prices are

inflated to 2011 dollars. All specifications include year fixed effects. Standard errors are clustered

at unit level. ***, ** and * denote statistical significance at the 1, 5 and 10 percent levels
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Table 1.8: Probit Estimates of the Marginal Effect of Relative Fuel Prices on the
Relative Probability of Converting From Oil to Gas

Dep Var: convert to gas (1) (2)

Ilpayt−1×(poil-pgas) 0.0089∗∗∗ 0.0082∗∗∗

(0.0029) (0.0029)

Ilpayt−1 0.009 -0.006
(0.0068) (0.0073)

Covariates No Yes

Observations 4142 4063

Notes: Regressions are based on the American Housing Survey public access data for the Northeast

Census Region, years 1985-2009. The sample is limited to those observed 4+ times, which is about

40% of the units in the sample (2772 units, 19,696 observations). The sample only includes oil

homes that have either switched fuel types once or never, where there are at least two observations

of oil as the main heating fuel type followed by at least two observations of gas as the main heating

fuel type. Once a unit switches to gas, subsequent observations are removed for that unit. The unit

of observation is apartment unit×year. poil is the retail price of home heating oil ($/MMBTU),

pgas the retail price of natural gas ($/MMBTU) for the Northeast Census region. All prices are

inflated to 2011 dollars. All specifications include year fixed effects. Standard errors are clustered

at unit level. ***, ** and * denote statistical significance at the 1, 5 and 10 percent levels
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Figures

Figure 1.1: Density of Number of Rooms by Unit Type

Notes: Data are from the American Housing Survey public access data for the Northeast Census
Region, years 1985-2009. An observation is an apartment unit. The payment regime and heating
fuel status were assigned as the most commonly observed status for that unit
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Figure 1.2: Density of Number of Bathrooms by Unit Type

Notes: Data are from the American Housing Survey public access data for the Northeast Census
Region, years 1985-2009. An observation is an apartment unit. The payment regime and heating
fuel status were assigned as the most commonly observed status for that unit
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Figure 1.3: Density of Number of Units in Building by Unit Type

Notes: Data are from the American Housing Survey public access data for the Northeast Census
Region, years 1985-2009. An observation is an apartment unit. The payment regime and heating
fuel status were assigned as the most commonly observed status for that unit
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Figure 1.4: Density of Decade Built by Unit Type

Notes: Data are from the American Housing Survey public access data for the Northeast Census
Region, years 1985-2009. An observation is an apartment unit. The payment regime and heating
fuel status were assigned as the most commonly observed status for that unit
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Figure 1.5: Density of Degree Day Scale by Unit Type

Notes: Data are from the American Housing Survey public access data for the Northeast Census
Region, years 1985-2009. An observation is an apartment unit. The payment regime and heating
fuel status were assigned as the most commonly observed status for that unit
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Figure 1.6: Density of Urbanization Scale by Unit Type

Notes: Data are from the American Housing Survey public access data for the Northeast Census
Region, years 1985-2009. An observation is an apartment unit. The payment regime and heating
fuel status were assigned as the most commonly observed status for that unit



CHAPTER 1. ASYMMETRIC INFORMATION IN RESIDENTIAL RENTAL
MARKETS: IMPLICATIONS FOR THE ENERGY EFFICIENCY GAP 45

Figure 1.7: Biannual Real Fuel Prices: 2011 dollars

Notes: The prices are the consumption weighted average retail prices ($/MMBTU) for the states
in the Northeast Census region. All prices are inflated to 2011 dollars.

Figure 1.8: Difference in Mean Rent of Oil Units and Gas Units

The panel on the left shows the difference in mean rent of oil units minus gas units when landlords
pay for the energy costs. The panel on the right shows the difference in mean rent of gas units
minus oil units when tenants pay for the energy costs. The price difference shown in both graphs is
the average retail price of home heating oil ($/MMBTU) minus the average retail price of natural
gas ($/MMBTU) for the Northeast Census region. All prices are inflated to 2011 dollars.
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Figure 1.9: Difference-in-Differences of Mean Turnover of Tenancy

This figure shows the difference-in-difference in mean probability of turnover for oil units minus gas
units when tenants pay energy costs as opposed to when landlords pay energy costs ((tenant pays
oil-tenant pays gas)-(landlord pays oil-landlord pays gas)). The price difference is the average retail
price of home heating oil ($/MMBTU) minus the average retail price of natural gas ($/MMBTU)
for the Northeast Census region. All prices are inflated to 2011 dollars.
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Figure 1.10: Difference in Probability of Converting to Gas

This Figure plots the difference in mean probability of converting from oil to natural gas when
landlords pay for energy vs. when tenants pay for energy. The price difference is the average retail
price of home heating oil ($/MMBTU) minus the average retail price of natural gas ($/MMBTU)
for the Northeast Census region. All prices are inflated to 2011 dollars.
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Chapter 2

Are Home Buyers Myopic About
Energy Costs? Evidence From
Housing Sales

2.1 Introduction

According to EPA estimates, energy consumption in commercial and residential
buildings accounts for more than a third of U.S. greenhouse gas emissions, more
than a third of which come from space heating and cooling1. As end uses, heating
and cooling contribute almost as much to U.S. greenhouse gases emissions annually
(13%) as personal vehicles (15%). Therefore, reducing the energy needed for heating
and cooling with tighter building shells and more efficient appliances could have sig-
nificant impacts on greenhouse gas emissions. Economic theory would predict that
pricing pollution at the level of marginal damage through taxation or cap-and-trade
programs is the most efficient way to reduce energy consumption. If people are in-
formed about and pay attention to energy costs, a carbon tax will create incentives
to improve building stock as well as reduce the amount of energy people choose to
consume. However, if people lack information about or are not attentive to energy
costs, carbon taxes will not be as effective. In this case, policy instruments such as
information campaigns or building codes may be valuable in improving the market.
This paper looks at how housing prices change with the fluctuating prices of home
heating fuel (fuel oil and natural gas) to see if the housing market is accurately
reflecting the energy costs of a home.

1EPA: Inventory of U.S. Greenhouse Gas Emissions and Sinks: 1990-2012 and EIA: Residential
Energy Consumption Survey 2009, Commercial Buildings Energy Consumption Survey 2003
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In several contexts, researchers have found that consumers are more responsive
to changes in purchase price than less salient product costs such as shipping and
handling expenses (Hossaing and Morgan, 2006), sales tax (Chetty et al, 2009), and
operating costs of appliances (e.g. Hausman, 1979). Some policy makers believe
that energy costs are similarly undervalued relative to residential housing transac-
tion prices leading to underinvestment in efficiency. As an example, the SAVE Act
(Sensible Accounting to Value Energy) was designed address the issue by requiring
federal mortgage agencies to include energy savings from qualified investments in the
underwriting process2. According to Senator Michael Bennet, one of the bill’s spon-
sors, energy-saving construction materials are often “out of sight and out of mind
and are not valued3.” By requiring lenders to account for energy cost in appraisals,
law makers hope to encourage investment in energy efficiency and demand for energy
efficient homes.

Whether or not energy costs are capitalized in to residential housing prices may
also shed light on unresolved questions regarding the energy paradox. The energy
paradox, or energy-efficiency gap are terms for the observation that many invest-
ments in energy efficiency with high returns according to engineering estimates are
not realized in the actual market. Within the residential sector over 2/3 of the
cost-effective energy savings potential come from improving the building shell and
heating and cooling equipment in existing homes. While there are many reasons
why we may observe this apparent underinvestment in energy efficiency, few have
been tested empirically. For example the engineering estimates may overestimate
the savings realized on the ground because of poor installation, poor performance,
or behavioral factors. Or it could be that market failures, such as those stemming
from lack of information or attention lead individuals to under-invest in efficiency.
It is important to identify which, if any of these market failures exist in order to
determine if disclosure legislation such as the SAVE act would be effective.

It can be challenging to estimate whether energy costs are fully reflected in home
sales prices. Previous attempts have used hedonic approaches to see if utility bills
(Johnson and Kaserman 1983), measures of efficiency (Dinan and Miranowski 1989),
or efficiency letter grades (Brounen and Kok 2011) are capitalized into housing sales.
In general, these studies find that measures of home efficiency are capitalized into
housing prices. Estimated implied real discount rates have a median of 9-10% (John-
son and Kaserman 1989, Dinan and Miranowski 1989). However, the efficiency of a
home is not randomly assigned and can often be correlated with other factors that

2The SAVE Act [S. 1106] was introduced on June 6, 2013 by Senators Bennet (Democrat from
Colorado) and Isakson (Republican from Georgia)

3Cardwell, Dianne “Bill Would Sweeten Loans for Energy Efficient Homes” New York Times
June 7, 2012 page B3
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are unobervable to the researcher, such as renovations or other improvements in the
upkeep of a home.

In this study I use changes in fuel prices over time as variation in energy costs.
Energy costs are a function not only of the efficiency of the appliances and building
shell, but of fuel prices and energy services demanded as well. Therefore, shocks
to any one of these three components will create variation in energy costs. The
advantage of this approach is that fuel price movements are not correlated with
other housing characteristics the way changes in efficiency attributes might be.

In addition, I have variation in which fuel is used for space heating. Natural gas
is used to heat homes in most parts of the United States where substantial heating is
required. However, in the northeastern United States 30-40% of households still heat
with heating oil. For this study I use transaction data for over 20 years of housing
sales in Massachusetts where there is substantial geographic overlap in homes heated
with oil and homes heated with natural gas. I isolate exogenous variation in energy
costs by using the difference between heating oil and natural gas prices over time.
This allows me to determine the relative difference in transaction prices for oil vs. gas
homes that is caused by changes in relative energy costs over time while controlling
for unobserved variation in the macroeconomic environment. In addition, I observe
multiple sales of homes, which allows me to control for the time-invariatnt unobserved
quality of a home.

As is often the case, the housing characteristic data available from real estate
data firms give just one snapshot of the attributes of a house, so that the heating fuel
field may not be accurate for the exact timing of the transaction. In order to address
measurement error and issues of endogenous heating fuel conversions, I implement
an instrumental variables approach. I exploit spatial and temporal variation in the
proportion of houses built with heating oil. Exogenous factors affected fuel prices
and availability for homes being newly constructed. For example, between 1954 and
1978, there were wellhead price controls in place for natural gas in the United States.
The result was low natural gas prices for consumers, but shortages in supply since
there was less monetary incentive for new exploration. The way that many utilities
dealt with these shortages was to restrict access to new customers rather than by
rationing existing users. Therefore, homes built in the late 1970s in the northeast
were much more likely to be built with oil than homes built in the 1980s.

My findings suggest that it is unlikely that the observed energy efficiency gap in
residential housing is caused by lack of information disclosure about energy costs at
point of sale. I find that oil homes sell for $3500 less than gas homes on average for a
$1/MMBTU difference in the price of oil relative to natural gas. I estimate implicit
discount rates under a range of assumptions about annual energy consumption. I
find little evidence that home buyers are systematically “undervaluing” energy costs,
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as the implicit discount rates are near or below real mortgage borrowing rates.
These results are consistent with recent papers finding that consumers are not

particularly myopic about gasoline costs in automobile purchases (Salle et al. 2009,
Allcott and Wozy 2011, Busse et al. 2012). Likewise, Papineau (2013) finds that
energy savings from vintage building standards are fully priced into rents and pur-
chase prices of commercial building space. In commercial spaces, energy represents
a significant portion of monthly costs. Likewise, residential energy ($1945/year) and
gasoline ($2512/year) costs are large annual expenditures for the average household.
Because these expenses are large, they are likely to be more salient. In addition, it
is not very costly to acquire information about these expenses. Car buyers are often
familiar with gasoline costs, as prices are prominently posted at stations and they
have a good sense of how mileage translates into costs. Prospective home buyers also
have easy access cost information, often by requesting previous utility bills.

This paper proceeds as follows: section 2 describes the data, section 3 details
the empirical approach and results for the capitalization of energy costs into housing
transaction prices, section 4 describes the estimates of implicit discount rates, and
section 5 concludes.

2.2 Data

The housing transaction and unit characteristic data were provided by the real estate
data firm CoreLogic with over 1,000,000 transactions in the state of Massachusetts
between 1990 and 2012. The unit characteristic data contain information on the
number of bedrooms, bathrooms, stories, square feet, year built, exterior wall type,
heating fuel, and heating system type. The unit characteristic data and the trans-
action data were compiled by CoreLogic from different sources. As a result, the unit
characteristic data provide one snapshot of a home and do not necessarily reflect the
attributes at the point of sale. I carefully address this potential for measurement
error in the empirical analysis.

In addition, housing units were designated to 491 geographic units in order to
protect the proprietary nature of the data. Each geographic unit is made up of 3-41
census block groups, with a mean size of 10 census block groups. The criteria used
to group census block groups into geographic areas were (1) to allow no fewer than
10 sales within a geographic area in a year and (2) not to let the geographic areas
cross natural gas utility or county boundaries. The larger geographic areas are less
densely populated with fewer transactions.

I use the middle 99% of the distribution of non-zero housing transactions, drop-
ping the top and bottom 1/2% most extreme values. In addition, I drop observations
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if a unit is sold more than once in a year, indicating special circumstances such as
foreclosure (about 9% of observations). In property records, the “effective age” of a
building is adjusted for significant renovations or neglect. Over 99% of adjustments
to property age in the sample were for improvements, so that the “effective year
built” is later than the actual year built. I drop another 8% of the remaining sample
for these types of large renovations or improvements. The remaining data used have
987,384 transactions with 629,614 housing units sold between 1 and 10 times. 50%
of the sample heats with oil and 50% heats with gas. Over half of the sample (60%)
were sold only once during the sample period.

Massachusetts was chosen for this study because there is good geographic overlap
between oil and gas houses. Figure 2.1 shows the proportion of oil homes by the
geographic units described above. The white areas are Berkshire and Plymouth
counties for which no transaction data were available. The darker areas represent
geographies where a higher proportion of homes heat with gas. Very few of the
geographies have less than 10% of homes heating with oil. This means that even
where utility natural gas is available, there are still many houses that heat with
oil. In western Massachusetts more homes are heated with oil because there is less
population density, and in some areas, there is no utility gas available. Figure 2.2
displays which towns had utility natural gas service as of 2008. Figure 2.3 displays
the distribution of the numbers of bedrooms, bathrooms, square feet, and year built
for oil vs. gas units. Importantly, there is good overlap in these covariates between
the two heating types, so there are good counterfactual comparisons in terms of
characteristics as well as geographies.

The fuel price data are state-level annual residential prices reported by the EIA4.
I inflated all prices to real 2012 dollars using the consumer price index. Both natural
gas and heating oil prices were converted into $/MMBTU in order to make them
comparable. Figure 2.4 displays the price variation in residential natural gas and
heating oil prices from 1990 to 2012. In the mid-1990s, heating oil was less expensive
than natural gas. But, starting in the mid-2000s, the price of heating oil began to
rise, driven by world oil demand. The price of natural gas was rising in the early
2000s, until the use of hydraulic fracturing techniques began to drive prices down
after 2006. Figure 2.5 shows the price difference (price of oil-price of gas) between
the two fuels over the time period. Importantly, the price difference follows a bit of
a “U” shape rather than a simple linear trend allowing me to identify the effects of
fuel price variation rather than other trending variables on housing prices.

4EIA state level natural gas prices are sourced from forms EIA-857 and EIA-910. No 2 Distillate
prices by sales type are sourced from forms EIA-782AB.
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2.3 Empirical Strategy and Results

Basic Specification

In this section, I estimate the short-run equilibrium effects of relative fuel price
shifts on relative housing transaction prices. I will calculate a range of implied
discount rates from these estimates in the following section in order to determine
how myopic consumers are being when they make house purchasing decisions. As oil
gets expensive relative to natural gas, oil homes should sell at a discount relative to
natural gas homes, reflecting the net present value of the difference in energy costs.

The basic estimating equation is as follows:

house priceit = β0 + β1I
oil
i + β2I

oil
i × (poil

t − pgas
t ) + ΣβXi + γt + εit (2.1)

where Ioili indicates whether unit i heats with oil. The annual residential retail fuel
prices for year t are poil and pgas respectively. Xi is a vector of covariates (number
of bedrooms, bathrooms, stories, square feet, year built, exterior wall type, heating
fuel, and heating system type) for unit i and γt are year fixed effects.

The identification is coming from the interaction between the price difference and
whether the unit heats with oil. The coefficient of interest, β2, can be interpreted
as the casual impact of a $1/MMBTU increase in the price difference between oil
and natural gas on the housing transaction price difference between homes that
heat with oil and homes that heat with natural gas. The identifying assumption
of this approach is that oil units do not systematically differ from gas units in an
unobservable or inadequately controlled for way that is correlated with the difference
in price between oil and gas.

Table 2.1 displays the results from the estimation. The latter two columns include
unit fixed effects. Only 40% of houses in the sample are sold more than once, so the
sample size is smaller when unit fixed effects are included. These results indicate
that when the cost of heating with oil goes up by $1/MMBTU relative to natural gas,
it leads to a $650-$900 discount for oil homes compared to natural gas homes. This
evidence suggests that energy costs are at least partially capitalized into housing
transaction prices. To put these numbers in perspective, an average home that
heats with oil uses between 77 and 105 MMBTU/year and $1/MMBTU is about
$0.15/gallon of oil 5. As a point of reference, the net present value of an annual cost
savings of $95 in constant dollars over 30 years mortgage at a 5% real discount rate
would be $1466.

5Source: Energy Information Administration Winter Fuels Outlook from the Short Term Energy
Outlook. Years 2000 to 2013.
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Measurement Error and Endogenous Heating Fuel
Conversions

As is the case with most real estate transaction data, the unit characteristic data
provide only a single snap shot of a house’s attributes even though the transaction
data span over 20 years. Therefore, there is potential for measurement error in the
characteristics at the point of sale. Measurement error, particularly in the heating
fuel, will attenuate the estimates toward zero and make it more likely to find evidence
consistent with myopia.

Another source of potential bias stems from the fact that homeowners may choose
to convert from heating oil to natural gas in a way that is correlated with the price
difference. As oil gets expensive relative to natural gas, homeowners may convert
at higher rates. If, for example, the unobservably nicer houses are more likely to
convert, it would change the composition of the stock of oil and gas houses. Then,
the discount observed for oil houses when the price of oil is high relative to natural
gas may be a reflection of the lower relative quality of the stock, rather than the
effect of energy cost shifts. Fortunately, I do observe repeat sales in the sample,
so unit fixed effects can control for the time-invariant quality of a unit. Therefore,
even if oil houses with higher unobserved quality are converting, it will not bias my
estimates.

However, it could be that landlords are improving other aspects of the home that
are unobserved in the data when they are changing heating fuel. For example they
may choose to put in new flooring or new kitchen appliances such as a gas stove.
Then houses may have an unobservably higher quality after they convert than before.
Few if any homeowners would convert from gas to oil over the time period since oil
is the dirtier, less convenient, and more expensive fuel. Therefore, if conversions are
correlated with the price difference and are accompanied by other major renovations,
it would bias my estimates away from zero, making me more likely to find evidence
of capitalization.

I do several things to address both the measurement error and the concern about
endogenous switching of heating fuel with upgrades. First, in the initial cleaning
of the data, I removed any houses that appear to have had major upgrades where
the “effective year built” was not consistent with the “actual year built”. The “ef-
fective year built” is adjusted in county assessors data if a home was significantly
updated, for example with new kitchens and baths. This removes houses where the
characteristics changed significantly over time, reducing measurement error and the
prevalence of homes with endogenous major upgrades.

Second, I estimate the model using only newer homes (18 years old and younger),
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where it is unlikely that the furnace would need to be replaced yet6. In these newer
houses, the heating fuel and other home characteristics are more likely to be accurate
at the time of sale.

Table 2.2 displays the results from the estimation with the newest vintage homes
(1994-2012). The estimation in the first column includes flexible controls for unit
characteristics. The second estimation includes year built fixed effects interacted
with year fixed effects to flexibly control for changes in value for specific vintages
over time, such as those caused by aging. The estimation in the third column includes
unit fixed effects as well as flexibly controlling for vintage trends. The point estimates
for the effect of relative fuel price changes on relative housing prices are larger in
magnitude for newer homes than the full sample estimates. This is consistent with
there being less measurement error for the characteristics of newer homes.

The third thing I do to address concerns about measurement error and endoge-
nous switching of heating fuel with upgrades is an instrumental variables approach.
I exploit both spatial and temporal variation in fuel type in order to isolate variation
in fuel choice that is exogenous to the fuel price difference. Figure 2.6 displays the
proportion of homes built with oil in the sample for each year (1700-2012). The data
are noisier in the first two centuries when fewer homes were built, but generally, it
is clear that these older homes are more likely to heat with oil. However, focusing
on the last century, it is clear that there is variation in fuel choice that is separable
from a linear trend in vintage.

Figure 2.7 depicts several clear breaks in the data, which are associated with
policy changes that are exogenous to the local housing market. Starting in 1954,
wellhead price controls were introduced in the United States for natural gas, resulting
in low retail prices for consumers. There is a sharp kink in the proportion of homes
build with oil starting in 1954. After 1954, more and more homes are built with
gas until about 1974. The price control policy lead to shortages in supply. The way
that many utilities dealt with these shortages was to restrict access to new customers
rather than by rationing new consumers (Davis and Kilian 2011). In 1978, wellhead
controls were lifted and the proportion of homes built with oil dropped. Since then,
natural gas has been getting more and more common with the exception of a brief
increase in homes built with oil in the mid-1980’s following the crude oil price collapse
of 1986.

In addition, there is geographic variation in the availability of utility natural gas.
I use the absence of utility gas availability interacted with the proportion of homes
built with oil the year a house was built as instrument for oil heat. Using both

6The life cycle cost estimator developed by the U.S. EPA and U.S. DOE for evaluating savings
from Energy Star furnaces assumes an 18-year life for a conventional furnace
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geographic and temporal variation allows me to control flexibly for trends in decade
built as well as geography over time. The compliers of this instrument can be thought
of as oil homes that would have been built with gas if it were more readily available
either in space or time.

For this estimation, I use the rural counties only (Franklin, Hampshire, Hamp-
den, and Worcester). In these counties, there are areas both with and without utility
natural gas, so there are good counterfactual comparisons for the IV approach. Ta-
ble 2.3 shows the results for the OLS (columns 1 and 2) and IV (columns 3 and 4)
estimations for the rural counties. The point estimates for the interaction term of
interest are a little bit lower and noisier for the OLS estimates using just rural coun-
ties than using the full sample. Perhaps measurement error is more of an issue in less
populated areas, where gas was introduced more recently, leading to conversions.

With the IV approach, the point estimates for the effect of relative price move-
ments on relative home sales prices are quite a bit higher than with OLS. They are
higher than, but not statistically distinguishable from the OLS estimates using the
full sample for just newer houses. This evidence is also consistent with the capital-
ization of the relative energy cost differences resulting from relative fuel price shifts
into housing prices.

Robustness Tests

One worry is that since oil homes are older on average, the results might be explained
by the declining value of a vintage over time. In other words, when oil is getting most
expensive relative to natural gas in later years, oil homes are also getting older on
average compared to natural gas homes. This trend in age difference might partially
explain the observed discount for oil homes compared to natural gas homes. As a
robustness test, I include sale year by decade built fixed effects to flexibly control for
any trends in value for a particular vintage. In addition, I flexibly control for any
trends in the value of certain housing attributes by interacting year fixed effects with
each of the covariates in the model. The results of these estimations are displayed in
Table 2.4. The first two columns include just decade built by sale year interactions
and the second two columns include the full covariate by sale year interactions. The
decade built trends soak up some of the noise in the IV estimates, making them
more precise. Importantly the point estimates on the coefficients of interest change
little with the inclusion of these trends. That suggests that the differences in the
capitalization rates are driven by the fuel price variation and not by unobservable
trends in characteristics correlated with heating fuel types.



CHAPTER 2. ARE HOME BUYERS MYOPIC ABOUT ENERGY COSTS?
EVIDENCE FROM HOUSING SALES 57

2.4 Consumer Valuation of Future Energy Costs

In this section, I address whether home buyers are myopic about energy costs. I
compare consumers’ willingness to pay for lower heating fuel prices with the flow of
future energy cost savings in order to calculate implicit discount rates of consumers’
choices. Under the hedonic framework, the relative shift in equilibrium housing prices
caused by relative shifts in fuel costs (calculated in the previous section) reflects
buyers’ willingness to pay for the difference in the discounted value of future heating
costs (Rosen 1970). Calculating the flow of expected future heating costs requires
making assumptions about: 1) home buyers’ expectations about future heating prices
and 2) how much home buyers expect to heat in a year.

There are two likely possibilities for home buyers’ expectations about future heat-
ing costs. The first is that consumer’s believe that fuel prices follow a random walk,
so that contemporaneous fuel prices are the best predictor of future prices. A recent
study by Anderson et al. (2012) finds that consumers believe that gasoline prices
follow this type of pattern. Second, it could be the case that consumers are more
sophisticated, and they are aware of futures markets prices of the fuels. Figures 2.8-
2.9 show the spot prices and forward curves for crude oil (Figure 2.8) and natural
gas (Figure 2.9). The natural gas forward curves reflect the seasonality in prices,
whereas the crude oil forward curves are smoother. Figure 2.10 shows the difference
in the spot and forward prices between the two fuels (price of oil-price of gas). One
thing to note is that the forward curves do not deviate substantially from spot prices.
In addition, the price difference between oil and natural gas is in backwardation in
a significant part of the sample, particularly when oil is most expensive compared
to natural gas. Using contemporaneous prices would bias the results toward finding
myopia if consumers were truly sophisticated in periods of backwardation.

For calculating the flow of future energy costs, it is also necessary to make assump-
tions about how much energy consumers expect to use. According to the Residential
Energy Consumption Survey (2009), the average annual site consumption of heating
oil for a single family home in the northeastern United States that uses heating oil is
95.4 MMBTU7. For simplicity, I will assume that homeowners will consume the same
amount of heat regardless of fuel type. In reality, homeowners will likely consume
less of the more expensive fuel. Therefore this assumption biases the results toward
finding myopia since the true difference in energy costs between oil and gas homes is
likely lower than I would predict. Another consideration is that the standard natural
gas furnace is 4 percentage points more efficient than the standard oil furnace8. Ac-

7RECS Table CE 2.2: Household Site Fuel Consumption in the Northeast Census Region, Totals
and Averages, 2009

8EIA: Heating Fuel Comparison Calculator (available:www.eia.gov/neic/experts/heatcalc.xls)
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counting for furnace efficiency difference, the average annual savings of for a natural
gas home relative to an oil home when oil is $1/MMBTU more expensive than gas
would be $160/year

Comparing my estimates of willingness to pay for lower energy costs with the flow
of the resulting energy costs savings will allow me to calculate buyers’ implicit dis-
count rates. Table 2.5 shows the net present value of the low ($95.4) and high($160)
estimates of annual savings from a $1/MMBTU lower fuel price for a 5% interest
rate over 30, 100, and 300 years. The net present values range from $1550-$3700.
The point estimates for the IV estimates, which control for measurment error and
endogenous fuel switching issues, fall into the upper end of this range.

Table 2.6 displays the range of implicit discount values from the point estimates
assuming a 100 year future lifetime of the house and a mid-range $130/year savings
from the $1/MMBTU fuel price discount. The first row shows the range for the IV
estimates with unit fixed effects from Table 2.4 and the second row shows the more
precise IV estimates, which include flexible decade builtxyear fixed effects as well.
The implicit discount rate for the point estimates are quite small at 3.5%. With the
more precisely estimated model, I can rule out extreme levels of myopia as well with
13.7% at the upper end of the 95% confidence interval.

As a point of comparison, the implicit discount rate estimates are near or below
typical real mortgage rates. Figure 2.11 displays the average interest rates for fixed-
rate 30-year mortgages over the sample period. During the sample, interest rates
ranged from 0-7%

2.5 Conclusion

This paper explores how shifts in energy costs affect housing transaction prices to see
if home buyers are informed about and pay attention to energy costs. If home buyers
are not willing to pay for more for homes with lower energy costs, carbon pricing
policies may not be effective in inducing efficient levels of investment in efficiency. I
use shifts in natural gas and heating oil prices over time to isolate exogenous variation
in home energy costs. I use housing transaction data from Massachusetts, where
roughly an equal number of homes heat with oil as heat with natural gas. This allows
me to estimate the effect of a change in relative energy costs on a change in relative
housing prices, while controlling for changes in the macroeconomic environment and
in the value of different housing characteristics over time.

I use an instrumental variables approach to address measurement error in housing
characteristic data, as well as issues arising from endogenous heating fuel conversion
decisions. I exploit spatial and temporal variation in the proportion of homes built
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with heating oil as an instrument for fuel type. I find evidence that relative fuel price
fluctuations are being capitalized into relative housing transaction prices. I estimate
that oil homes receive a discount of roughly $3500 for a $1/MMBTU increase in
the price of oil relative to natural gas. Using a range of estimates on energy use, I
estimate implicit discount rates centered around 3.5%. These estimates are near or
below real mortgage interest rates over the sample time period.

My findings suggest that the observed efficiency gap in residential housing is
not caused by lack of information about or attention to energy costs at point of
sale. Therefore, policies aimed at energy cost information disclosure will likely not
improve the efficacy of carbon pricing programs for inducing efficient investment in
energy efficiency.
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Tables

Table 2.1: Estimation of the Effect of Relative Fuel Prices on Relative Transaction
Prices

sales price sales price sales price sales price

Ioil×(poil−pgas) -897.6∗∗∗ -756.2∗∗∗ -677.6∗∗∗ -649.2∗∗∗

(255.0) (233.5) (222.7) (189.9)

Ioil -13487.1∗∗ -9850.4∗∗

(6375.6) (3889.7)

Covariates No Yes No No
Unit FE No No Yes Yes
Year FE Yes Yes Yes No
Geo. AreaxYear FE No No No Yes
N 987384 929130 604213 604213

Notes: Regressions are based on the transaction and unit characteristic data provided by CoreLogic,

years 1990-2012. The unit of observation is house×year. poil, is the retail price of home heating oil

($/MMBTU), and pgas, is the retail price of natural gas ($/MMBTU) for the state of Massachusetts.

All equations are estimated using OLS. All prices are inflated to 2012 dollars. Standard errors are

clustered at unit level. ***, ** and * denote statistical significance at the 1, 5 and 10 percent levels.
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Table 2.2: Estimation of the Effect of Relative Fuel Prices on Relative Transaction
Prices:

Vintage 1994-2012

sales price sales price sales price

Ioil×(poil−pgas) -1523.1∗∗ -1201.3∗∗ -1093.8∗∗

(680.2) (565.1) (551.6)

Ioil -20923.9∗∗∗ -17941.3∗∗∗

(5315.7) (5041.2)

Covariates Yes Yes No

Year FE Yes No No
YearxYear Built FE No Yes Yes
Unit FE No No Yes
N 147085 147085 102417

Notes: Regressions are based on the transaction and unit characteristic data provided by CoreLogic,

years 1990-2012. The unit of observation is house×year. poil, is the retail price of home heating oil

($/MMBTU), and pgas, is the retail price of natural gas ($/MMBTU) for the state of Massachusetts.

All equations are estimated using OLS. All prices are inflated to 2012 dollars. Standard errors are

clustered at unit level. ***, ** and * denote statistical significance at the 1, 5 and 10 percent levels.
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Table 2.3: IV Estimation of the Effect of Relative Fuel Prices on Relative Transaction
Prices:

Western Rural Counties

dependent variable: OLS OLS IV IV
sales price

Ioil×(poil−pgas) -259.0 -402.3∗ -2887.2 -3449.8∗∗

(158.5) (209.3) (2067.8) (1722.7)

Ioil -7732.2∗ -176786.4∗∗∗

(4430.8) (42010.0)

Covariates Yes No Yes No

CountyxTime FE Yes Yes Yes Yes
Unit FE No Yes No Yes
N 246755 160788 246755 160788

Notes: Regressions are based on the transaction and unit characteristic data provided by CoreLogic,

years 1990-2012. The unit of observation is house×year. poil, is the retail price of home heating oil

($/MMBTU), and pgas, is the retail price of natural gas ($/MMBTU) for the state of Massachusetts.

All equations are estimated using OLS. All prices are inflated to 2012 dollars. Standard errors are

clustered at unit level. ***, ** and * denote statistical significance at the 1, 5 and 10 percent levels.
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Table 2.4: IV Estimation of the Effect of Relative Fuel Prices on Relative Transaction
Prices:

Western Rural Counties, Robustness Tests

sales price sales price sales price sales price

Ioil×(poil−pgas) -3441.5∗∗ -3573.0∗∗∗ -3138.6∗ -2607.7∗

(1745.4) (1337.5) (1779.4) (1509.5)

Ioil -177543.4∗∗∗ -178002.1∗∗∗

(42311.6) (41606.2)

Covariates Yes No Yes No

Unit FE No Yes No Yes
CountyxTime FE Yes Yes Yes Yes
YearxDecade Built FE Yes Yes Yes Yes
CovxYear FE No No Yes Yes
N 246755 160749 246755 153217

Notes: Regressions are based on the transaction and unit characteristic data provided by CoreLogic,

years 1990-2012. The unit of observation is house×year. poil, is the retail price of home heating oil

($/MMBTU), and pgas, is the retail price of natural gas ($/MMBTU) for the state of Massachusetts.

All equations are estimated using OLS. All prices are inflated to 2012 dollars. Standard errors are

clustered at unit level. ***, ** and * denote statistical significance at the 1, 5 and 10 percent levels.

Table 2.5: Net Present Value of Future Energy Cost Savings

5% discount rate

over (years) low annual savings ($95) high annual savings ($160)

30 $1467 $2460

100 $1894 $3176

300 $1908 $3200

Notes: Discount rates are compounded annually
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Table 2.6: Implicit Discount Estimates

$130 Annual Cost Savings Over 100 Year Remaining Life

Estimation Point Implicit 95% Implicit Discount
Estimate Discount Confidence Range

IV Unit FE $3450 3.6% $73 - $6827 .5% - 100%

IV Unit &Vin. FE 3573 3.5% $951 - $6195 .8% - 13.7%

Notes: Discount rates are compounded annually
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Figures

Figure 2.1: Proportion of Homes Heated With Oil

Notes: Unit characteristic data are from CoreLogic

Figure 2.2: Utility Natural Gas Provision: 2008

Notes: Natural gas utility territory data are from MassGIS
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Figure 2.3: Overlap of Covariates

Notes: Unit characteristic data are from CoreLogic

Figure 2.4: Real Residential Fuel Prices (2012 USD)

Notes: This figure displace the price of oil minus the price of natural gas. The prices are annual
retail prices ($/MMBTU) for the state of Massachusetts. All prices are inflated to 2012 dollars.
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Figure 2.5: Real Residential Price Difference (2012 USD)

Notes: The prices are annual retail prices ($/MMBTU) for the state of Massachusetts. All prices
are inflated to 2012 dollars.

Figure 2.6: Proportion of Homes Built With Oil By Year

Notes: Housing transaction and characteristic data are from CoreLogic.
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Figure 2.7: Proportion of Homes Built With Oil By Year (1900-2012)

Notes: Housing transaction and characteristic data are from CoreLogic.

Figure 2.8: Crude Spot and Futures Prices (2012 USD)

: The solid line is the spot price and the dashed lines are forward curves taken every June. All prices
are in 2012 dollars. Forward curves are inflated according to the trade date. Source: NYMEX.
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Figure 2.9: Natural Gas Spot and Futures Prices (2012 USD)

Notes: The solid line is the spot price and the dashed lines are forward curves taken every June.
All prices are in 2012 dollars. Forward curves are inflated according to the trade date. Source:
NYMEX.
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Figure 2.10: Difference Between Crude Oil and Natural Gas Spot and Futures Prices
(2012 USD)

Notes: This figure displace crude spot and futures prices minus natural gas spot and futures prices.
The solid line is the spot price and the dashed lines are forward curves taken every June. All prices
are in 2012 dollars. Forward curves are inflated according to the trade date. Source: NYMEX
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Figure 2.11: 30-Year Fixed-Rate Mortgage Rates

Source: Freddie Mac.
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Chapter 3

Asymmetric Cost Passthrough in
Multi-Unit Procurement Auctions:
an Experimental Approach

with AJ Bostian and Harrison Fell

3.1 Introduction

In a classic examination of the UK gasoline market, Bacon (1991) noted an inter-
esting empirical regularity between retail and gasoline prices and the corresponding
wholesale cost: retail prices tended to rise “like a rocket” when the wholesale cost
increased, but they fell “like a feather” when the wholesale cost decreased. In par-
ticular, the speeds of adjustment for a 1-pence change in the wholesale cost differed
by about a week for cost increases versus decreases. And, in fact, this asymmet-
ric adjustment of retail prices to wholesale or input costs has been found in many
settings: gasoline (Borenstein et al., 1997; Galeotti et al., 2003; Al-Gudhea et al.,
2007; Grasso and Manera, 2007; Lewis, 2008), supermarket products (Levy et al.,
2006; Muller and Ray, 2007), interest rates (Enders and Granger, 1998; Neumark
and Sharpe, 1992; Thompson, 2009), carbon dioxide emission permits (Zachmann
and von Hirschhausen, 2008), and various goods in the USA’s CPI and PPI baskets
(Peltzman, 2000).

Peltzman (2000) uses large samples of over 200 diverse consumer and producer
products and finds asymmetric pricing in more than two of every three markets
examined. Economic theory makes strong predictions about the equilibrium response
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to a change in input costs, but it is largely silent about how the new equilibrium is
reached. It is important to understand how markets adjust to cost shocks especially
if it leads to unexpected welfare allocations. Firms quickly pass on cost increases
but are much slower in transmitting cost decreases, which allows them to capture
more surplus than an equilibrium model would predict when prices fall. The welfare
impacts of this kind of pricing could be significant in markets where input prices
change frequently, leading to many instances of these short run asymmetries.

In this analysis, we use a laboratory experiment to test the effects of positive
versus negative cost shocks on output prices in markets that use repeated auctions to
sell products. In particular, we are interested in procurement auctions, also known as
reverse auctions, where one buyer wants to purchase a good from one or more sellers
who have private values. The most prominent use of procurement auctions is in
wholesale electricity markets where there is some evidence of asymmetric pricing. In
a recent study, Zachmann and von Hirschhausen (2008) find evidence of asymmetric
passthrough of carbon allowance prices to wholesale electricity prices in Germany.

We focus on the two most common multi-unit auction formats: discriminatory
(pay-as-bid) and uniform price. A typical benchmark for auction prices is the Wal-
rasian, or competitive, price. This is the price at the intersection of the aggregate
marginal cost curve (summed over all bidders) and the demand curve. In other
words, if every bidder bid exactly his cost for every unit, the marginal clearing price
in the auction would be the Walrasian price.

In this experiment, we look at two different kinds of cost shocks. The first type,
which we are calling “idiosyncratic” are shocks where the Walrasian price is moving
up or down, but the expected Walrasian price remains fixed. In a laboratory environ-
ment the Walrasian price would be lower than the expected Walrasian price if the
random cost draws from a known distribution happened to disproportionately come
from the lower end of the distribution. These idiosyncratic shifts are analogous to
shocks in markets where firms have imperfect information about other firms costs
and production processes.

We are calling the second kind of shock “industry wide”. Industry wide cost
shocks occur when the expected Walrasian price changes in a way that is known to
all bidders in the auction. These industry wide cost shocks are analogous to changes
in the prices of necessary inputs or permits for production. In the experimental
environment, we can isolate the effects of these two different types of cost shocks on
auction performance.

We find evidence for a new explanation for asymmetric passthrough in discrim-
inatory multi-unit auctions. If all bidders bid the expected Walrasian price for all
units with costs below the Walrasian price and cost for all units above the Walrasian
price (an equilibrium strategy as the number of bidders goes to infinity), there would



CHAPTER 3. ASYMMETRIC COST PASSTHROUGH IN MULTI-UNIT
PROCUREMENT AUCTIONS: AN EXPERIMENTAL APPROACH 74

be asymmetric passthrough of idiosyncratic shocks by construction. Our findings are
germane to two parts of the literature. First we offer a new mechanism for asymmet-
ric passtrough in discriminatory multi-unit auctions settings. While it is relatively
straightforward to identify an asymmetric passthrough pattern in price and cost
data, it is often difficult to isolate the causes of the patterns we observe. Second,
our findings shed some more light on the ongoing debate about the performance of
uniform versus discriminatory auctions.

While asymmetric pricing is relatively prevalent, it seems likely that the drivers
of the phenomenon differ across market settings. Common explanations include:

• Menu-cost frictions. If altering the retail price is costly, it may be profit-
maximizing to keep the price constant when an input cost falls, especially
if that cost is likely to rise later (Madsen and Yang, 1998; Peltzman, 2000;
Bhaskar, 2002; Ray et al., 2006)

• Inventory capacity constraints. If building additional inventory capacity is time
intensive, then supply can remain restricted even if the input cost falls, until
the new capacity is completed (Borenstein and Shepard, 2002).

• Consumer search limitations. If consumers’ opportunity costs of searching for
the best price are relatively high, then firms can exploit the fact that consumers
will not explore options very much by keeping the price high (Lewis, 2005; Lewis
and Marvel, 2007; Tappata, 2008; Yang and Ye, 2008).

• Short-run tacit collusion. Firms take advantage of short-term rigidities to hold
the price high as long as possible when costs fall.

Wholesale electricity markets do not have inventory capacity constraints nor
menu-cost frictions as electricity is produced to meet demand real time and prices
fluctuate regularly to reflect market conditions. In addition, consumer driven expla-
nations of asymmetric passthrough are irrelevant in these markets since the retail
rate structures are not designed to reflect instantaneous wholesale electricity prices.
Firms in repeated multi-unit auctions could tacitly collude, raising prices above the
competitive equilibrium price. However, it is unlikely these efforts would have asym-
metric effects following positive versus negative cost shocks.

Asymmetric pricing may arise in a repeated auction setting as a result of the
pricing rules and bidding behavior, independent of the explanations above. The
incentives for bidders depend on the rules of the auctions, and certain auction formats
may be more conducive to asymmetric pricing than others.
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Almost all electricity is sold in uniform first price auctions with the exception of
the UK, which uses discriminatory (pay-as-bid) auctions. In both auction formats
bidders are free to bid differing amounts on units of electricity they are willing to
produce and bids are ranked from low to high. Bids are accepted in ascending order
until the quantity demanded is filled. In discriminatory auctions, each seller is paid
the sum of her accepted bids. In uniform price auctions, sellers all receive the same
price for each unit accepted. Usually, the lowest rejected bid is the uniform price.

Whether one of these auction formats is superior to the other remains contro-
versial. There is currently no theoretical evidence that tells us that one auction
format outperforms another as there is no clear theoretical ranking between the two
in terms of prices or efficiency (Ausubel & Cramton, 2002; Back & Zender, 1993;
Bikhchandani & Huang, 1989; Binmore & Swierzbinkski, 2000). Therefore, it is
largely an empirical question as to which auction format will be preferred under
which circumstances.

If bidders tacitly collude in procurement auctions, it could lead to higher prices
than a competitive equilibrium would predict. There are some settings where re-
searchers find that discriminatory auctions lead to higher prices than uniform auc-
tions (Rassenti et al., 2003). However, in many other settings, people find that
uniform price auctions facilitate collusion more than discriminatory auctions (Back
& Zender, 1993; Klemperer, 2002; Fabra et al., 2006; Goswami et al., 1996). Fabra
(2003) shows that uniform auctions are more prone to collusion particularly in re-
peated settings because infra-marginal bids are payoff irrelevant and can be used to
facilitate collusion near the margin. In fact, when the UK switched from the uniform
auction format to discriminatory for wholesale electricity, the regulatory authorities
cited higher average prices in uniform auctions as the reason (Fabra, 2003).

Since discrimatory auctions are pay-as-bid for each accepted unit, there are strong
incentives to bid above marginal cost, especially on low cost units. Bidders must
decide how much to “pad” their bids based on their expectations about the auction
clearing price. This inframarginal bid padding can make discriminatory auctions less
flexible than uniform price auctions at tracking cost shocks, especially if bidders do
not have full information about the nature of the cost shocks.

Burtraw et al. ran a series of multi-unit auction experimental studies designed
to compare the performance of several auction formats for the sale of environmental
emissions allowances (Burtraw et al., 2009, 2011; Shobe et al. 2010). They look at
traditional auctions (one seller many buyers) rather than procurement auctions (one
buyer many sellers), but the two are directly comparable as the theoretical predictions
exactly mirror one another. They use several experimental designs to “stress” auction
performance by making environments less competitive or introducing unanticipated
shifts in demand. They find that uniform and discriminatory auctions perform very
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similarly in terms of revenue and allocative efficiency for all of the environments they
analyze with the exception of an unanticipated demand shift. They find that after
the shock, changes in purchase prices in the uniform auction were reasonably close
to predicted changes while changes in discriminatory auction prices were not. This
poor price tracking in discriminatory auctions reduced allocative efficiency. Abbink
et al. (2003) also find that discriminatory auctions are less efficient in experimental
treatments where bidders have asymmetric information.

Laboratory experiments are a valuable tool for the study of auction performance.
Theoretically, the strategy space in multi-unit auctions is complex, and no closed
form solutions have been characterized. First order conditions for optimal bidding
can be derived for the different auction formats under standard assumptions (inde-
pendent values, bids monotone in values, contiguous support of competing bids) (e.g.
Engelbrecht-Wiggans and Kahn, 1998). But optimal bidding requires sophisticated
mathematical understanding of the per unit trade off between increasing profits and
decreasing the likelihood of winning. In the lab, costs (which are normally private)
are known to the experimenter. This allows us to isolate the effects of both idiosyn-
cratic and industry wide cost shocks on bidding behavior and auction payments.

In the next section we describe our experimental procedures. In section 3 we
describe our hypotheses for the passthrough of idiosyncratic and industry wide cost
shocks in discriminatory and uniform multi-unit procurement auctions. In section 4
we present our results and in section 5 we conclude.

3.2 Procedures

The experiments took place in January and April of 2010 at Veconlab, the experi-
mental economics laboratory at the University of Virginia. There were 6 participants
per experimental session recruited from the undergraduate population. Participants
acted as producers with the capacity to produce up to 8 units of an indivisible, iden-
tical product in each of 12 periods. The total supply capacity for the experiment
was 6× 8 = 48 units each period and the quantity demanded by the buyer was fixed
at 32 units. Each period, producers could sell units of the good at auction, submit-
ting up to 8 bids. If the bid for a particular unit was accepted, participants earned
the difference between the price and the production costs. The production cost for
each unit had two components: a variable cost and an industry wide cost. The vari-
able costs for each unit were randomly generated in each period and differed among
participants in the experiment. The industry wide cost was the same experimental
dollar amount for each unit for all producers in a period.

The moderator read the experimental instructions out loud at the start of each
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session, outlining the experimental software, cost parameters, how to bid, and the
auction rules for determining earnings and profits. The context of the experiment
was quite general: producers bidding at auction to produce a product. This framing
simplified the task for participants and left little room for outside biases to affect
bidding.

We had three experimental treatments of the industry wide cost: a baseline treat-
ment, a positive cost shock treatment, and a negative cost shock treatment. In the
baseline treatment, the industry wide cost was invariant at $6 experimental dollars
per unit for all 12 periods of the experiment. In the positive cost shock treatment,
the industry wide cost was $6 experimental dollars for periods 1-6 and $9 exper-
imental dollars for periods 7-12. Likewise, in negative cost shock treatments, the
industry wide cost was $6 experimental dollars for periods 1-6 and $3 experimental
dollars for periods 7-12. In every period of the experiment, individuals’ variable cost
were drawn from a uniform distribution of $5 − $10 experimental dollars in $0.25
increments. These different cost draws determined the direction of the idiosyncratic
cost shocks. Bids for each unit were chosen from a drop down menu with values
between $8 and $25 experimental dollars in $0.25 increments.

We ran 6 sessions for each industry wide cost treatment for each auction format.
Each subject participated in only one experimental session. There were a total of 36
experimental sessions that involved 216 individuals. Participants earned an average
of about $22 for a session lasting around an hour. They received $6 for showing up
in addition to earnings from selling units for prices above their costs.

3.3 Hypotheses

Bidders use different strategies to extract maximum surplus for each auction type.
Figure 3.1 displays some example bidding behavior with a discriminatory bidder
pictured on the left and a uniform bidder pictured on the right. The x-axis is
the bid and the y-axis is cost. Cost is the sum of the unit variable cost and the
industry wide cost (total unit cost). The red line is a 45 degree line, so any bids on
this line are at cost. The green line is the marginal clearing price for the auction.
In discriminatory auctions, bidders earn the most by bidding at highest accepted
marginal price without bidding below cost. In uniform auctions, one strategy for
maximizing surplus is to bid cost (or a little above cost on the margin) for each unit.
In Figure 3.1, the discriminatory bidder’s strategy could be described as follows:

bidut = MPt · 1(costut < MPt) + costut · (1− 1(costut < MPt))

In Figure 3.1, the uniform bidder’s strategy could be described as follows:
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bidut = costut

where u indicates the unit, t indicates the experimental period, cost is the total unit
cost (variable + industry wide), and MP is the marginal price.

Figure 3.1: Example Bids

Discriminatory Auctions

For bidders in discriminatory auctions, it may be difficult to execute the strategy in
Figure 3.1 if they cannot perfectly predict the marginal clearing price each period.
One reasonable rule of thumb is that marginal clearing price will be equal to the
expectation of the Walrasian price. In that case, a bidders strategy would be to bid
the expected Walrasian price for all units with costs below the expected Walrasian
price and to bid cost for all units with costs above the expected Walrasian price. 1

If all bidders were to use this strategy, we would expect to see asymmetric
passthrough of idiosyncratic cost shocks. In the top half of Figure 3.2, we have

1Despite the complexities of equilibria in finite player multi-unit auctions, Swinkles (1999) shows
that, in the limit, as the number of bidders increases they essentially become price takers at a price
that converges to the competitive equilibrium price. Because of this asymptotic property of bidding
in discriminatory auctions, bidders may use this strategy in a competitive enough environment.
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an illustration of the outcomes of positive idiosyncratic cost shocks (left) and nega-
tive idiosyncratic cost shocks (right). The solid black line represents the cumulative
marginal cost curve and the solid blue line represents the supply curve. There is
a vertical line at 32 units representing the inelastic demand. The market clearing
price is the intersection of supply and demand. In this illustration, there is a pos-
itive idiosyncratic shock such that the expected Walrasian price is $14.3 and the
Walrasian price is $15.3. All bidders bid $14.3 for all units with cost less than $14.3
and cost for all units with cost above $14.3. The result is a clearing price of $15.3.
The average and marginal prices paid by the buyer reflect the level of the Walrasian
price, i.e. full pass through of positive idiosyncratic cost shocks. Now imagine there
is a negative idiosyncratic cost shock such that the expected Walrasian price is $14.3
and the Walrasian price is $13.3. Again, all bidders bid $14.3 for all units with cost
less than $14.3 and cost for all units with cost above $14.3. The result is a clearing
price of $14.3. Here the average and marginal prices paid by the buyer will be higher
than the Walrasian price, and the negative cost shock is not passed through.

In the bottom half of Figure 3.2, there is an illustration of the outcomes of positive
(left) and negative (right) industry wide cost shocks. We would not expect to see
asymmetric passthrough of industry wide cost shocks. In this picture there are no
idiosyncratic shocks so that the expected Walrasian price and the Walrasian price are
are equal. Here there is a positive industry wide cost shock such that the Walrasian
price increases from $14.3 to $15.3. All bidders bid $15.3 for all units with cost less
than $15.3 and cost for all units with cost above $15.3. The result is a clearing price
of $15.3, full passthrough of the $1 price increase.

Now suppose there is a negative industry wide cost shock where the Walrasian
price decreases from $14.3 to $13.3. All bidders bid $13.3 for all units with cost less
than $13.3 and cost for all units with cost above $13.3. The result is a clearing price
of $13.3, full passthrough of the $1 price drop. To conclude, if all players were to
play this strategy, we would expect to see asymmetric passthrough of idiosyncratic
cost shocks but not industry wide cost shocks in discriminatory auctions.

In addition, the failure to passthrough negative idiosyncratic cost shocks may
lead to production inefficiencies. The most efficient outcome is one where the units
purchased are being produced at the lowest production cost to meet demand. If the
auction clears at a price that is higher than the competitive (Walrasian) equilibrium
price, bids on higher cost units may be accepted over those on lower cost units,
leading to production inefficiencies. Therefore, we would expect lower efficiency
following negative idiosyncratic cost shocks than following positive idiosyncratic cost
shocks, but we would not expect industry wide cost shocks to affect production
efficiency.
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Figure 3.2: Discriminatory Strategy:

All bidders bid the expected Walrasian price for units with costs below the expected Walrasian
Price and bid cost for all units with costs above the expected Walrasian Price

Uniform Price Auctions

Now consider bidders in a uniform price auction that bid their cost for each unit as
pictured on the right of Figure 3.1.2 If all players bid their costs for all units, we
would expect full passthrough of all types of cost shocks. As pictured in Figure 3.3

2Similar to the strategy we consider for discriminatory auctions, this strategy is an equilibrium
if all bidders act as price takers, an assumption that is appropriate as the number of bidders in an
auction increase (Noussair, 1995).
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Figure 3.3: Uniform Strategy:

Unit Bid = Unit Cost

above, the marginal cost curve and the supply curve are equivalent and the clearing
price will always be equal to the Walrasian price (i.e. full passthrough). With bidders
bidding their cost for each unit we would not expect any type of cost shock to affect
production efficiency.

3.4 Results

We begin our analysis with a general comparison of the performance of the uniform
versus discriminatory auctions in order to put our experiment in the context of the
current literature on the subject. Then, we look at the individual bid data to see if
we find evidence that bidders are using the proposed strategies. We end our analysis
by testing our hypotheses regarding the passthrough of idiosyncratic and industry
wide cost shocks in uniform and discriminatory auctions.

A General Comparison of Uniform vs. Discriminatory

In a repeated multi-unit auction setting the buyer might be interested in how cost
shocks affect his procurement payments. With discriminatory auctions, cost shocks
will affect both the total payment (average price of accepted bids) and the marginal
price of the last accepted unit. With uniform price auctions the marginal and average
price are both equal to the auction clearing price. Another measure of auction
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performance is allocative efficiency. Maximum efficiency is achieved by minimizing
production costs to meet demand.

Figure 3.4 offers a comparison of these performance measures between uniform
and discriminatory auctions for each of the three industry wide cost shock treat-
ments. In order to create a common metric across treatments, we normalize the
price measures by subtracting the Walrasian price. Likewise, to assess efficiency, we
normalize the cost of meeting demand by subtracting the minimum cost of meeting
demand.

The left side of Figure 3.4 displays a comparison of the normalized price measures
among the industry wide cost shock treatments. Because of the normalization, any
point above zero represents a price above the Walrasian price and any point below
zero represents a price below the Walrasian price. The y-axis indicates the normal-
ized price and the x-axis indicates experimental period. Each point on the graph
represents the price measure averaged over the six sessions of that treatment. It is
clear in this figure that the marginal price in discriminatory auctions (MP dis) is
well above the average price (AP dis). However, if we are concerned with the total
amount paid by the buyer, the average price in a discriminatory auction is a more
direct comparison to the uniform price. It is difficult to determine from the graph
whether uniform price is higher than the average price in discriminatory auctions.

The right side of Figure 3.4 offers a comparison of the allocative efficiency among
the industry wide cost shock treatments. Here the y-axis indicates normalized cost.
Again, each point on the graph is the normalized cost averaged over the 6 sessions
of that treatment. Here, zero represents maximum efficiency and positive values
represent deviations from minimum cost. Examining the graphical evidence, it seems
that the auctions perform similarly in terms of efficiency with the exception of the
discriminatory auction following the negative industry wide cost shock in period 7.
This observation is consistent with earlier findings that cost shocks can hurt efficiency
in discriminatory auctions (Burtraw, et al. 2011).

Focusing on the negative industry wide cost shock treatment in the last row of
Figure 3.4, it is interesting to note that average prices appear to rise and efficiency
appears to fall for discriminatory auctions following the shock at the start of period 7.
We do not see a similar pattern with positive industry wide cost shock treatments.
While we would not predict asymmetric passthrough of industry wide costs, the
graphical evidence is consistent with that story.

We turn now to regression analysis to see if we can draw any stronger conclusions.
We begin by testing whether there are any revenue or efficiency differences between
uniform and discriminatory auctions controlling for the different cost treatment vari-
ables. In order to have a common metric across treatments and increase ease of
interpretation, we normalize the price and cost variables as described above. We
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Figure 3.4: Normalized Prices and Costs Averaged Over Sessions
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include indicators for positive and negative idiosyncratic cost shocks (pos idio, neg
idio). Recall we define “idiosyncratic” cost shocks as being negative if the Walrasian
price is below the expectation of the Walrasian price and positive if the Walrasian
price is above the expectation of the Walrasian price. We also include indicators
for positive and negative industry wide cost shocks (pos iw, neg iw). The industry
wide cost shock is negative if the expectation of the Walrasian price goes down and
positive if the expectation of the Walrasian price goes up. We regress the normalized
price on an indicator for auction type, cost shock indicators, period fixed effects and
session fixed effects. We use period fixed effects to control for any time trends that
are common across experimental sessions. Session fixed effects are included to control
for any period invariant unobservables unique to a group of bidders. Standard errors
are clustered by experimental session. The model is as follows, where s subscripts
indicate session and t subscripts indicate period:

PN
st = β1 · 1(uniform)st + β2 · 1(pos iw)st + β3 · 1(neg iw)st + β4 · 1(pos idio)st+

β5 · 1(neg idio)st + FEt + FEs + εst
(3.1)

We estimate a similar model for normalized cost:

CN
st = β1 · 1(uniform)st + β2 · 1(pos iw)st + β3 · 1(neg iw)st + β4 · 1(pos idio)st +

β5 · 1(neg idio)st + FEt + FEs + εst

(3.2)

Because our dependent variables are normalized, if a coefficient is significantly dif-
ferent from zero, it represents a deviation from the Walrasian price, or minimum
production costs. The estimation results are displayed in Table 3.1. In both cases,
the coefficient on “uniform” is positive and significant indicating that prices and pro-
duction costs are higher in uniform auctions than in discriminatory auctions. This is
consistent with findings in the literature that it is easier to tacitly collude in uniform
price auctions (e.g. Fabra, 2003). The coefficients on the cost shock indicators are
less informative as the results are pooled across uniform and discriminatory auctions.
In the last part of the analysis, we will look at the effects of the different cost shocks
on each auction type separately.

Analysis of Individual Bidding Strategies

We based our hypotheses on the idea that bidders are following certain strategies. For
discriminatory auctions, we proposed that bidders would bid the expected Walrasian
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Table 3.1: Effects of Auction Type on Price and Cost

Average-Walrasian Cost-Min Cost

uniform 0.132∗∗∗ 3.036∗∗∗

(0.0213) (0.238)

pos iw 0.107 -0.764
(0.166) (1.103)

neg iw 0.226 3.365
(0.211) (2.009)

pos idio -0.178 7.892∗∗∗

(0.186) (1.013)

neg idio 0.0928 9.119∗∗∗

(0.171) (1.170)

Period FE yes yes

Session FE yes yes

Observations 432 432

Standard errors in parentheses

SE clustered at experimental session
∗ p < 0.05, ∗∗ p < 0.01, ∗∗∗ p < 0.001

price for all units with costs below the Walrasian price and cost for all units with
costs above the Walrasian price. For uniform price auctions, we proposed that bidders
would bid their cost for each unit. There are no closed form solutions for optimal
bidding in these auctions, but our proposed strategies are equilibria in the limit if
the buyer demands a fixed proportion of supply and the number of bidders goes
to infinity. Therefore, bidders may use these strategies in a competitive enough
environment. Since our environments have a finite number of bidders, bids can
affect the probability of acceptance. However, bidders know little about how others
costs are changing each round, so it is difficult to assess the probability of acceptance.
We will now look at individual bid data to assess the extent to which these are valid
benchmarks.
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Figure 3.5: Average Unit Bid vs. Unit Cost: Discriminatory

Discriminatory

Figure 3.5 depicts the evolution of bidding strategies over experimental periods with
discriminatory auctions. We display data from our baseline treatment for ease of
exposition. The y-axis is average unit bid and the x-axis is unit cost (these are
drawn in $0.25 increments. The red line represents our proposed strategy and is
flat at the expected Walrasian price (14.3) for unit cost < 14.3 and then takes a 45
degree angle for all unit costs above 14.3. It is clear that in early periods, bidding
strategies appear quite different from what we propose. However, as subjects refine
their strategies over time, the bids begin to converge on the red line. By period 9,
bidders appear to be following the strategy relatively closely. Table 3.2 displays the
summary statistics for the accepted bids over experimental periods in discriminatory
auctions. The mean accepted bid approaches the expected Walrasian price in the
later periods. Also notable is that bid variance drops dramatically in later periods
as bidders hone their strategies.

If bidders were following our proposed strategy, we would expect to see a “kink”
in bidding behavior at the point where the unit cost is above the expected Walrasian
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Table 3.2: Summary Statistics: Accepted Bids Discriminatory

Period Mean Std. Dev. Min Max

1 13.06 2.17 8 17
2 13.91 1.34 10.75 16.5
3 14.18 1.15 11.25 16
4 14.17 1.03 11.25 15.75
5 14.40 0.88 11.5 16
6 14.08 0.94 11.5 15.75
7 14.45 0.92 11.25 16
8 14.36 0.90 11.25 16
9 14.33 0.85 11.25 15.75

10 14.40 0.88 11.25 16
11 14.44 0.74 12 15.5
12 14.57 0.76 12 15.5

price. At that point, bidders should stop bidding above cost. We are using the
following model as a crude “test” of this hypothesis:

bidut = β0 + β1costut + β2 · 1(cost > E[WP ]) ∗ costut + FEi + εut

Here u indicates an individual unit, t indicates period, and i indicates individual.
The cost variable is the total unit cost (variable + industry wide) and E[WP] is
the expectation of the Walrasian price. We control for cost, so we expect β2 to be
negative (less padding) and significant if we have a “kink” and zero if we do not.
The results are shown in Table 3.3 below. Since β2 is negative and significant as we
predict, we have some further evidence that players are using the proposed strategy.

Uniform

Figure 3.6 displays the evolution of bidding strategies over experimental periods with
uniform price auctions. This figure is analogous to Figure 3.5 for discriminatory
auctions: we use data from baseline treatments, we graph average bid against unit
cost for each period, and the red line represents our proposed strategy for uniform
price auctions (bid = cost). While there is some noise, it does appear that in general
bidders are bidding at cost. There looks to be less adjustment in bidding over time
relative to the discriminatory auctions. Table 3.4 displays the summary statistics
for the accepted bids by experimental period. The mean and variance of the bids
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Table 3.3: Discriminatory Strategy

unit bid

unit cost 0.8299∗∗∗

(.0350)

unit cost*above exp -.02625∗∗∗

(.0061)

Constant 3.982∗∗∗

( .4646)

Individual FE yes

Observations 9504

t statistics in parentheses

SE clustered at experimental session
∗ p < 0.05, ∗∗ p < 0.01, ∗∗∗ p < 0.001

are relatively constant over the 12 periods. Perhaps the incentives in uniform price
auctions are more transparent to bidders than in discriminatory auctions, allowing
them to hone in on a strategy sooner.

Table 3.4: Summary Statistics: Accepted Bids Uniform

Period Mean St. Dev. Min Max

1 12.85 2.03 8 16.75
2 12.54 1.64 8 15.5
3 12.17 2.09 8 15
4 12.29 2.21 8 15.5
5 12.00 2.15 8 15.5
6 12.14 2.03 8 15
7 11.82 2.26 8 15.25
8 12.06 2.33 8 15.25
9 11.72 2.18 8 15

10 11.87 2.16 8 15.5
11 12.15 2.18 8 15
12 11.66 2.04 8 15

In order to test the hypothesis that bidders bid their cost for all units, we regress
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Figure 3.6: Average Unit Bid vs. Unit Cost: Uniform

unit bid on unit cost and individual fixed effects and test the restriction that the
coefficient on unit cost is equal to 1.

bidut = β0 + β1costut + FEi + εut

The results from this regression are displayed in Table 3.5. We fail to reject that
β1 = 1, which supports our hypothesis that bidders bid their cost for each unit.

Analysis of Passthrough Rates

We hypothesized that we would find asymmetric passthrough of idiosyncratic cost
shocks for discriminatory auctions but not for uniform price auctions. Figure 3.7
provides graphical evidence of this claim. The y-axis is the average price paid for
accepted units. For discriminatory auctions, this is the average accepted bid and for
uniform price auctions it is the average uniform price. The x-axis is the Walrasian,
or competitive equilibrium price. The 45 degree line represents points where the
average price is equal to the Walrasian price. The three sets of points are data
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Table 3.5: Uniform Strategy

unit bid

unit value 1.003∗∗∗

(0.0477)

Constant -0.0604
(0.643)

Individual FE yes

Observations 9504

F-test Restriction
unit value = 1 Fstat=0, pval=.9564

Standard errors in parentheses

SE clustered at experimental session
∗ p < 0.05, ∗∗ p < 0.01, ∗∗∗ p < 0.001

from the negative, baseline, and positive cost shock treatments. We use data from
the last 4 periods in the auction to allow time for bidders to refine their strategy.
Each vertical line represents the expected Walrasian price for the treatment. If there
was full passthrough of all idiosyncratic cost shocks, we would expect to see average
price follow the 45 degree line. The uniform price auction data on the right appear
to roughly follow this pattern. If there were asymmetric passthrough of idiosyncratic
cost shocks average prices would be above the 45 degree line to the left of the expected
Walrasian price and on the 45 degree line to the right of the expected Walrasian price.
It is clear that in the discriminatory data on the left, prices are above the 45 degree
line to the left of the expected Walrasian price, and they may follow the 45 degree
line to the right of the expected Walrasian price.

We also hypothesized that we would not find asymmetric passthrough of indus-
try wide cost shocks for either of the auction formats. Figure 3.8 compares the
passthrough rates following the industry wide cost shocks. To ease the comparison
across treatments, we normalize the price by subtracting the Walrasian price so that
a zeros represents the competive equilibrium price. The price for discriminatory auc-
tions is the average accepted bid and for uniform auctions, it is the uniform price.
We plot the mean of the normalized price measure with 95% confidence intervals for
the auction immediately following the cost shock (period 7) and for the last half of
the experiment. There appears to be overlap in the distribution of the normalized
prices across the three treatments for both auction formats, suggesting symmetric
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Figure 3.7: Average Price vs. Walrasian Price

passthrough of industry wide cost shocks.
We now use regression analysis to test these claims more rigorously. We are

interested in whether there is an asymmetry in the adjustment from positive and
negative costs within an auction type. We are also interested in how negative and
positive cost shocks of both kinds affect discriminatory and uniform price auctions
differently. In order to tease out these individual effects, we need to interact the cost
shock indicators with auction type. Since we have 2 auction formats (uni and dis),
2 types of industry wide cost shock (pos iw, neg iw), and 2 types of idiosyncratic
shocks (pos idio, neg idio), there are a total of 8 treatment indicators. We regress
the normalized outcome variables on the 8 treatment indicators period fixed effects,
and session fixed effects. We estimate models (3) and (4), where s indicates session
and t indicates period:

Average Price-Walrasian Pricest = β1 · 1(uni pos iw)st + β2 · 1(uni neg iw)st+

β3 · 1(uni pos idio)st + β4 · 1(uni neg idio)st+

β5 · 1(dis pos iw)st + β6 · 1(dis neg iw)st+

β7 · 1(dis pos iw)st + β8 · 1(dis neg idio)st+

FEs + FEt + εst
(3.3)
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Figure 3.8: Average Price - Walrasian Price For Industry Wide Cost Shock Treat-
ments

Cost-Minimum Costst = β1 · 1(uni pos iw)st + β2 · 1(uni neg iw)st+

β3 · 1(uni pos idio)st + β4 · 1(uni neg idio)st+

β5 · 1(dis pos iw)st + β6 · 1(dis neg iw)st+

β7 · 1(dis pos iw)st + β8 · 1(dis neg idio)st+

FEs + FEt + εst

(3.4)

The results from these two estimations are shown in Table 3.6. We can see that
in general the coefficients on negative cost shocks are higher (more positive) than
the coefficients on positive cost shocks. This means that prices and costs are higher
relative to the competitive equilibrium with negative cost shocks than with positive
cost shocks, which is consistent with the hypothesis of asymmetric passthrough. To
see which of these differences are significant, we use F-tests to test the restriction
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that a positive cost shock coefficient is equal to a negative cost shock coefficient.
The results are shown in Table 3.7. The first set of results tests these restrictions
for the average price model and the second set tests these restrictions for the cost
model. As hypothesized, in the price model, the difference between the coefficients
on idiosyncratic positive and idiosyncratic negative is highly significant for discrim-
inatory auctions. None of the other positive and negative cost shock comparisons
are significantly different at the 5% level. However, the difference between positive
and negative idiosyncratic shocks for uniform auctions and the difference between
positive and negative industry wide cost shocks for the discriminatory auction are
significant a the 10% level. It is also interesting to note that industry wide cost shocks
in discriminatory auctions and the idiosyncratic cost shocks in uniform auctions have
an asymmetric effect on efficiency.

At the bottom of Table 3.7, we test the hypotheses that the difference in the effects
of positive and negative costs shocks are the same between auction types. The only
difference between auction types is in the efficiency effects following industry wide
cost shocks. The discriminatory auction clearly loses efficiency following negative
cost shocks. There is some evidence that prices are higher in discriminatory auctions
following negative industry wide cost shocks but not positive industry wide cost
shocks. Higher prices can hurt efficiency, because more plants can produce profitably
and higher cost firms can produce in the place of lower cost firms. As there are no
significant differences between the effects of positive and negative industry wide
cost shocks in uniform auctions, this may account for the finding that there is a
larger differential effect on efficiency between positive and negative industry wide
cost shocks in discriminatory auctions.
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Table 3.6: Estimation of Treatment Effects

(1) (2)
Average-Walrasian Cost-Min Cost

uni pos iw -0.262 -1.025
(0.154) (1.472)

uni neg iw -0.110 -2.809
(0.297) (1.676)

uni pos idio -0.0140 10.39∗∗∗

(0.204) (1.073)

uni neg idio 0.193 12.13∗∗∗

(0.191) (1.080)

dis pos iw 0.0344 0.0726
(0.126) (1.446)

dis neg iw 0.316∗ 2.231
(0.149) (2.362)

dis pos idio -0.801∗∗∗ 6.984∗∗∗

(0.161) (1.178)

dis neg idio -0.461∗∗ 7.745∗∗∗

(0.148) (1.206)

Period FE yes yes

Session FE yes yes

Observations 432 432

Standard errors in parentheses

SE clustered at experimental session
∗ p < 0.05, ∗∗ p < 0.01, ∗∗∗ p < 0.001
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3.5 Conclusion

Asymmetric pricing is observed in many markets. It can be a problem because it
may lead to unexpected shifts in welfare if firms capture more surplus than an equi-
librium model would predict when prices fall. Common explanations of asymmetric
pricing include menu-cost frictions, inventory capacity constraints, consumer search
limitations, and short-run tacit collusion. We find evidence for a new explanation for
asymmetric passthrough in discriminatory multi-unit procurement auctions. If all
bidders bid the expected Walrasian price for all units with costs below the Walrasian
price and cost for all units above the Walrasian price (an equilibrium strategy as
the number of bidders goes to infinity), there would be asymmetric passthrough of
idiosyncratic cost shocks by construction.

This finding sheds some more light on the ongoing debate about the performance
of uniform versus discriminatory auctions. The primary markets that use multi-
unit procurement auctions are wholesale electricity markets. Almost all electricity
is sold in uniform price auctions, but there has been debate as to whether uniform
price auctions facilitate tacit collusion, raising prices. For instance, the regulatory
authority in the UK switched over to discriminatory price auction, hoping to lower
wholesale prices. On the other hand, some researchers have found that discriminatory
auctions can be a poor platform for tracking shifts in market costs. Bidders bid above
marginal cost for low cost units, so if there are cost shifts (especially in the presence
of asymmetric information) it is difficult to find the new equilibrium price.

We used a laboratory experiment to test the effects of positive versus negative
cost shocks in uniform and discriminatory auctions. We look at the effects of both
idiosyncratic and industry wide cost shocks. Our idiosyncratic shifts are analogous
to shocks in markets where firms have imperfect information about other firms costs
or production processes. We define “industry wide” cost shocks as shifts in the
expected Walrasian price in ways that are known to all bidders in the auction. This
is analogous to changes in the price of necessary inputs or permits for production.
The laboratory environment has several advantages: 1) we can test outcomes in
multi-unit auctions where there are no closed form solutions for bidding behavior,
2) Firms’ costs are known to the experimenter, 3) We can isolate the effects of two
different types of cost shocks.

In order to maximize surplus, we would expect bidders to use different strategies
for the two auction formats. In particular, in discriminatory auctions, players want
to bid as close as they can to the clearing price without bidding below cost. We
hypothesized that if players used the expected Walrasian price as a proxy for the
clearing price, then we would see asymmetric passthrough of idiosyncratic shocks but
not of industry wide cost shocks. In uniform price auctions, players can maximize
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surplus by bidding cost (or a little above on the margin) for each unit. If all players
were using this strategy, we would not expect to see any asymmetry in pricing.

We did find strong evidence of asymmetric passthrough of idiosyncratic cost
shocks in discriminatory auctions as expected. However, we also found some evi-
dence of asymmetric passthrough of idiosyncratic cost shocks in uniform price auc-
tions. We did find that uniform price auctions had higher prices on average than
discriminatory auctions. It is possible that players were in engaging in short term
tacit collusion that was facilitated when the Walrasian price fell below the expected
Walrasian price. While we failed to reject the hypothesis that players were bidding
their unit costs, if only a few bidders bid differently on the margin, it could change
the clearing price.

We also found evidence of asymmetric passthrough of industry wide cost shocks
in discriminatory auctions. While the crude test that we ran gave us some evidence
that there is a “kink” in bidding behavior at the expected Walrasian price, it is
possible that not all bidders were following our proposed strategy. Suppose instead
that several bidders were using the marginal clearing price last period as a proxy for
the clearing price this period. This could lead to higher prices and poorer efficiency
when cost shifts down as opposed to when costs shift up. The poor “price discovery”
property that researchers are finding with discriminatory auctions may also explain
asymmetric passthrough of industry wide cost shocks. Further research would be
needed to determine if asymmetric passthrough of industry wide cost shocks in dis-
criminatory auctions is common.

Our results contribute to the debate between using uniform or discriminatory
price auctions in settings such as wholesale electricity markets. It may be the case
that uniform price auctions facilitate higher prices on average. However, there may
be costs of moving to discriminatory auctions, particularly in markets with input
prices that fluctuate frequently or where there is a lot of private information.



98

Bibliography

Abbink, K., J. Brandts, and T. McDaniel (2003). “Asymmetric Demand Information
in Uniform and Discriminatory Call Auctions: an Experimental Analysis Motivated
by Electricity Markets,” Journal of Regulatory Economics, 23, pp. 125-144.

Akerlof, G. (1970). “The Market for Lemons: Quality Uncertainty and the Market
Mechanism,” Quarterly Journal of Economics, 84(3), pp. 488–500.

Al-Gudhea, S., T. Kenc, and S. Dibooglu (2007). “Do Retail Gasoline Prices Rise
More Readily Than They Fall? A Threshold Cointegration Approach,” Journal of
Economics and Business, 59(6), pp. 560–574.

Allcott, H. and M. Greenstone (2012). “Is There an Energy Efficiency Gap?,” Journal
of Economic Perspectives, 26(1), pp. 3–28.

Allcott, H. and N. Wozy (2011). “Gasoline Prices, Fuel Economy, and the Energy
Paradox,” Discussion paper, New York University.

Anderson, S., R. Kellogg, and J. Sallee (2013). “What Do Consumers Believe About
Future Gasoline Prices?” Journal of Environmental Economics and Management,
forthcoming.

Arnott, R. and M. Igarashi. (2000) “Rent Control, Mismatch Costs and Search
Efficiency,” Regional Science and Urban Economics, 30, pp. 249–288.

Ausubel, L., and P. Cramton (2002). “Demand Reduction and Inefficiency in Multi-
Unit Auctions,” Working Papers. College Park: University of Maryland Department
of Economics.

Back, K. and J. Zender (1993). “Auctions of Divisible Goods: On the Rationale for
the Treasury Experiment,” Review of Financial Studies, 6, pp. 733-764.



99

Bacon, R.W. (1991). “Rockets and Feathers: The Asymmetric Speed of Adjustment
of UK Retail Gasoline Prices to Cost Changes,” Energy Economics, 13(3) pp. 211–
218.

Barbose, G.L., C.A. Goldman, I.M. Hoffman, and M. Billingsley (2013) “The Future
of Utility Customer–Funded Energy Efficiency Programs in the United States: Pro-
jected Spending and Savings to 2025,” Discussion paper, Lawrence Berkeley National
Laboratory, LBNL–5803E.

Blumstein, C., B. Krieg, L. Schipper, and C. York. (1980) “Overcoming Social and
Institutional Barriers to Energy Conservation,” Energy, 5, 355–371.

Bhaskar, V. (2002). “Asymmetric Price Adjustment: Micro-Foundations and Macroe-
conomic Implications,” Discussion paper, University of Essex.

Bikhchandani, S. and C.F. Huang (1989). “Auctions With Resale Markets: An Ex-
ploratory Model of Treasury Bill Markets,” Review of Financial Studies,” 2, pp. 311-
339.

Binmore, K. and J. Swierzbinkski (2000). “Treasury Auctions: Uniform or Discrim-
inatory,” Review of Economic Design, 5, pp. 387-410.

Bond, E.W. (1982) “A Direct Test of the ‘Lemons’ Model: The Market for Used
Pickup Trucks,” American Economic Review, 72(4), pp. 836–40.

Borenstein, S., A.C. Cameron, and R. Gilbert (1997). “Do Gasoline Prices Respond
Asymmetrically to Crude Oil Price Changes?” Quarterly Journal of Economics,
112(1) pp. 305–339.

Borenstein, S. and A. Shepard (2002) “Sticky Prices, Inventories, and Market Power
in Wholesale Gasoline Markets,” RAND Journal of Economics, 33(1), pp. 116-139.

Brounen, D. and N. Kok (2011). “On the Economics of Energy Labels in the Housing
Market,” Journal of Environmental Economis and Management, 62, pp. 166–179.

Burtraw, D., J. Goeree, C. Holt, E. Myers, K. Palmer, and W. Shobe (2009). “Col-
lusion in Auctions for Emissions Permits: An Experimental Analysis,” Journal of
Policy Analysis and Management, 28(4) pp. 672-691.

Burtraw, D., J. Goeree, C. Holt, E. Myers, K. Palmer, and W. Shobe (2011). “Price
Discovery in Emissions Permits Auctions” in Experiments on Energy, the Environ-
ment, and Sustainability Research in Experimental Economics, Volume 14, 1136.



100

Busse, M., C. Knittel, and F. Zettelmeyer (2012). “Are Consumers Myopic? Evi-
dence from New and Used Car Purchases,” The American Economic Review, Forth-
coming.

Chang, C. and Y. Wang (1996), “Human Capital Investment Under Asymmetric
Information: The Pigouvian Conjecture Revisited,” Journal of Labor Economics,
14, pp. 555–570.

Chetty, R., A. Looney, and K. Kroft (2009). “Salience and Taxation: Theory and
Evidence,” The American Economic Review, 99(4)), pp. 1145–1177.

Congressional Budget Office (2/13/2009), House Committee on Appropriations.

Davis, L. (2012) “Evaluating the Slow Adoption of Energy Efficient Investments: Are
Renters Less Likely to Have Energy Efficient Appliances?” in The Design and Imple-
mentation of U.S. Climate Policy, edited by Don Fullerton and Catherine Wolfram,
University of Chicago Press, 2012.

Davis, L. and L. Kilian (2011). “The Allocative Cost of Price Ceilings in the U.S.
Residential Market for Natural Gas,” Journal of Political Economy, 119(2), pp. 212-
241.

Dinan T., J. Miranowski (1989). “Estimating the implicit price of energy efficiency
improvements in the residential housing market: A hedonic approach,” Journal of
Urban Economics, 25, pp. 52–67.

Dobbie, W. and P.M. Skiba (2013) “Information Asymmetries in Consumer Credit
Markets: Evidence from Payday Lending,” American Economic Journal: Applied
Economics, 5(4), pp. 256–282.

EIA (2013) “Annual Energy Outlook 2013”.

Enders, W. and C.W.J. Granger (1998). “Unit-Root Tests and Asymmetric Ad-
justment with an Example Using the Term Structure of Interest Rates,” Journal of
Business and Economic Statistics, 16(3) pp. 304–311.

Engelbrecht-Wiggans, R. and C.M. Kahn. (1998). “Multi Unit Pay Your Bid Auc-
tions with Variable Awards,” Games and Economic Behavior 23 pp. 25–42.

Fabra, N. (2003). “Tacit Collusion in Repeated Auctions: Uniform Versus Discrim-
inatory,” Journal of Economic Perspectives, 51, pp. 271–293.



101

Fabra,N., N. von der Fehr and D. Harbord (2006). “Designing Electricity Auctions,”
The RAND Journal of Economics, 37(1), pp. 23–46.

Farber, H.S. and R. Gibbons (1996) “Learning and Wage Dynamics,” Quarterly
Journal of Economics, 111, pp. 1007–1047.

Finkelstein, A. and J. Poterba (2004) “Adverse Selection in Insurance Markets: Pol-
icyholder Evidence from the U.K Annuity Market,” Journal of Political Economy,
112(1) pp. 183–208.

Finkelstein, A. and J. Poterba (2013) “Testing for Adverse Selection with Unused
Observables,” Journal of Risk and Insurance, forthcoming.

Galeotti, M., A. Lanza, and M. Manera (2003). “Rockets and Feathers Revisited:
An International Comparison of European Gasoline Markets,” Energy Economics,
25(2), pp. 175–190.

Gibbons, R. and L.F. Katz (1991) “Layoffs and Lemons,” Journal of Labor Eco-
nomics, 9, pp. 351–380.

Gillingham, K., M. Harding and D. Rapson. (2012) “Split Incentives in Residential
Energy Consumption,” Energy Journal, 33(2), pp. 37–62.

Glaeser, E.L., J. Gyourko, A. Saiz (2008) “Housing Supply and Housing Bubbles,”
Journal of Urban Economics, 64, pp. 198–217.

Greenwald, B.C. (1996) “Adverse Selection in the Labor Market,” Review of Eco-
nomic Studies, 53, pp. 325–347.

Grasso, M. and M. Manera (2007). “Asymmetric Error Correction Models for the
Oil-Gasoline Price Relationship,” Energy Policy, 35(1), pp. 156–177.

Goswami, G., T. Noe and M. Rebello (1996). “Collusion in Uniform-Price Auctions:
Experimental Evidence and Implications for Treasury Auctions,” Review of Financial
Studies, 9, pp. 757-785.

Hausman, J. (1979). “Individual Discount Rates and the Purchase and Utilization
of Energy-Using Durables,” Bell Journal of Economics, 10(1), pp. 220–225.

Hossain, T. and J. Morgan (2006). “Plus Shipping and Handling: Revenue (Non)Equivalence
in Field Experiments on eBay,” Advances in Economic Analysis and Policy.



102

Johnson R. and D. L. Kasserman (1983). “Housing market capitalization of energy
saving durable good investment,” Economic Inquiry, 21, pp. 374–386.

Kahn, L.B. (2013) “Asymmetric Information Between Employers,” American Eco-
nomic Journal: Applied Economics, 5(4), pp. 165–205.

Katz, E. and A. Zilderman. (1990) “Investment in General Training: The Role of
Information in Labour Mobility,” Economic Journal 100, pp. 1147–1158.

Klemperer, P. (2002). “What Really Matters in Auction Design,” Journal of Eco-
nomic Perspectives, 16, pp. 169–190.

Lange, F. (2007) “The Speed of Employer Learning.” Journal of Labor Economics,
25, pp. 1–35.

Levinson, A. and S. Neimann. (2004) “Energy Use by Apartment Tenants When
Landlords Pay for Utilities,” Resource and Energy Economics, 26, pp. 51–75.

Levy, D., H.A. Chen, S. Ray, and M.E. Bergen (2006). “Asymmetric Price Ad-
justment in the Small: An Implication of Rational Inattention,” Discussion paper,
Bar-Ilan University.

Lewis, G. (2011) “Asymmetric Information, Adverse Selection and Online Disclosure:
The Case of eBay Motors,” American Economic Review, 101, pp. 1535–1546.

Lewis, M.S. (2011). “Asymmetric Price Adjustment and Consumer Search: An
Examination of the Retail Gasoline Market,” Journal of Economics and Management
Strategy, 20(2), pp. 409–449.

Lewis, M.S. (2009). “Temporary Wholesale Gasoline Price Spikes Have Long-Lasting
Retail Effects: The Aftermath of Hurricane Rita,” Journal of Law and Economics,
52(3), pp. 581-606.

Lewis, M.S. and H.P. Marvel (2011). “When Do Consumers Search?” Journal of
Industrial Economics, 59(3), pp. 457–483.

Madsen, J.B. and B.Z. Yang (1998). “Asymmetric Price Adjustment in a Menu-Cost
Model,” Journal of Economics, 68(3), pp. 295–309.

McBreen, J. F. Geoffette-Nagot and Pablo Jensen (2011) “Information and Search
on the Housing Market: An Agent-based Model,” ERSA Conference Working Paper.



103

Muller, G. and S. Ray (2007) “Asymmetric Price Adjustment: Evidence From
Weekly Product Level Scanner Price Data,” Managerial and Decision Economics,
28(7), pp. 723–736.

Neumark, D/ and S.A. Sharpe (1992) “Market Structure and the Nature of Price
Rigidity: Evidence from the Market for Consumer Deposits,” Quarterly Journal of
Economics, 107(2), pp. 657–680.

Noussair, C. (1995). “Equilibria in a Multi-Object Uniform Price Sealed Bid Auction
with Multi-Unit Demands,” Economic Theory, 5, pp. 337–351.

Papineau, M. (2013). “Energy Codes and the Landlord-Tenant Problem,” Carleton
University Working Paper

Peltzman, S. (2000). “Prices Rise Faster Than They Fall,”. Journal of Political
Economy, 108(3), pp. 466–502.

Ray, S., H.A. Chen, M.E. Bergen, and D. Levy (2006). “Asymmetric Wholesale
pricing: Theory and Evidence,” Marketing Science, 25(2), pp. 131-154.

Rassenti, S., V. Smith and B. Wilson (2003). “Discriminatory Price Auctions in
Electricity Markets: Low Volatility at the Expense of High Price Levels,” Journal of
Regulatory Economics 23, pp. 109-123.

Read, C. (1993) “Tenants’ Search and Vacancies in Rental Housing Markets,” Re-
gional Science and Urban Economics, 23, pp. 171–183.

Read, C. (1997) “Vacancies and Rent Dispersion in a Stochastic Search Model with
Generalized Tenant Demand,” Journal of Real Estate Finance and Economics, 15(3),
pp. 223–237.

Rogerson, R., R. Shimer, and R. Wright. (2005) “Search Theoretic Models of the
Labor Market: A Survey,” Journal of Economic Literature, 43, pp. 959–988.

Rosen, S. (1974). “Hedonic Prices and Implicit Markets: Product Differentiation in
Pure Competition,” Journal of Political Economy, 82(1), pp. 34–55.

Rothschild, M. and J. Stiglitz. (1976) “An Essay on the Economics of Imperfect
Information,” Quarterly Journal of Economics, 90, pp. 629–649.



104

Sallee, J., S. West, and W. Fan (2009). “Consumer Valuation of Fuel Economy: A
Microdata Approach,” Discussion Paper, National Tax Association Conference and
Proceedings.
Shobe, W., K. Palmer, E. Myers, C.A. Holt, J. Goeree and D. Burtraw (2010). “An
Experimental Analysis of Auctioning Emissions Allowances Under a Loose Cap,”
Agricultural and Resource Economics Review, 29(2), pp. 162-175.

Schonberg, U. (2007) “Testing for Asymmetric Employer Learning,” Journal of Labor
Economics, 25, pp. 651–692.

Swinkels, J. M. (1999). “Asymptotic Efficiency of Discriminatory Private Value
Auctions,” The Review of Economic Studies, 66, pp. 509–528.

Tappata, M. (2009). “Rockets and Feathers: Understanding Asymmetric Pricing,”
RAND Journal of Eonomics, 40(4) pp. 673–687.

Thompson, M.A. (2009). “Asymmetric Adjustment in the Prime Lending-Deposit
Rate Spread,” Review of Financial Economics, 15(4), pp. 323–329.

Train, K. (1985). “Discount Rates in Consumers’ Energy-Related Decisions: A Re-
view of the Literature,” Energy, (December) pp. 1243–1253.

US Census Bureau (2010) “Current Population Survey/Housing Vacancy Survey”.
Waldman, M. (1990) “Up-or-Out Contracts: A Signaling Perspective,” Journal of
Labor Economics, 8, pp. 230–250.
Yang, H. and L. Ye. (2008). “Search With Learning: Understanding Asymmetric
Price Adjustments,” RAND Journal of Economics, 39(2), pp. 547–564.

Zachmann, G. and C. von Hirschhausen (2008). “First Evidence of Asymmetric Cost
Passthrough of EU Emissions Allowances: Examining Wholesale Electricity Prices
in Germany,” Economics Letters, 99(3), pp. 465-469.



105

Appendix A

Appendix for Chapter 1

A.1 Derivation of Reservation Rents

Equations (1) and (2) are the two Bellman equations for the tenant’s problem and
equation (3) is the condition for the tenant’s stopping rule.

τV (y,R, θ) = y−R+θ+λ

∫
θ

[∫ ∞
−∞

max{V (y,R, θ′)− V (y,R, θ), U(y)− V (y,R, θ)} dF (R)

]
dΦ(θ)

(A.1)

τU(y) = y − c+ αt

∫
θ

[∫ ∞
−∞

max{V (y,R, θ)− U(y), 0} dF (R)

]
dΦ(θ) (A.2)

V (y,R∗(θ), θ) = U(y) (A.3)

Begin by pulling V (y,R, θ) out of the integration in equation (1):

τV (y,R, θ) = y −R+ θ + λ

∫
θ

[∫ ∞
−∞

max{V (y,R, θ′), U(y)} dF (R)

]
dΦ(θ)− λV (y,R, θ) (A.4)

Since θ and θ′ are independently drawn from Φ(θ), V (y,R, θ′) = V (y,R, θ). Dividing
the maximization into the sum of two integrals and substituting V (y,R∗(θ), θ) for
U(y) yields:

(τ+λ)V (y,R∗(θ), θ) = y−R+θ+λ

∫
θ

[∫ R∗(θ)

−∞
{V (y,R, θ} dF (R) +

∫ ∞
R∗(θ)

{V (y,R∗(θ), θ)} dF (R)

]
dΦ(θ)

(A.5)
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= y−R+θ+λ

∫
θ

[∫ R∗(θ)

−∞
{V (y,R, θ} dF (R) + V (y,R∗(θ), θ)−

∫ R∗(θ)

−∞
{V (y,R∗(θ), θ)}dF (R)

]
dΦ(θ)

(A.6)

Evaluating this at R∗(θ) and subtracting λV (y,R∗(θ), θ) from both sides gives the
following:

τV (y,R∗(θ), θ) = y −R∗(θ) + θ + λ

∫
θ

[∫ R∗(θ)

−∞
{V (y,R, θ)− V (y,R∗(θ), θ)}dF (R)

]
dΦ (A.7)

The right side of equation (7) can now be plugged into the left side of equation (2)
since V (y,R∗(θ), θ) = U(y). So that:

R∗ = θ + c+ (λ− αt)
∫
θ

[∫ R∗(θ)

−∞
{max{V (y,R, θ)− V (y,R∗(θ), θ)} dF (R)

]
dΦ(θ) (A.8)

Dividing both sides of equation (4) by λ + τ gives an expression for V (y,R, θ).
Plugging this expression for V (y,R, θ) and the value evaluated at R∗, V (y,R∗(θ), θ),
into equation (8) above gives the result:

R∗(θ) = θ + c+
λ− αt
τ + λ

∫
θ

[∫ R∗(θ)

0

(R∗(θ)−R) dF (R)

]
dΦ(θ) (A.9)

A.2 Switching to Owner Occupied: Theory

Full Information:
Landlords may choose to leave the rental market for the owner occupier market

if the profits from switching, O, exceed the stream of revenues in the rental market,
W0. If all parties are fully informed about energy costs, landlords as well as owner
occupiers should receive a market premium for heating with gas. If the energy cost
differences between oil and gas units are arbitraged away through market prices,
conversions from rental to owner occupied should not be correlated with the fuel price
difference. In addition, we would expect the incentives to switch to owner occupier
to be the same for landlords under both payment regimes. Landlords switch if:

Ogas > W gas
0 or Ooil > W oil

0

Asymmetric Information:
The higher value for W oil

0 for oil units when tenants pay for energy makes oil units
less likely to switch to the owner occupier market under asymmetric information. In
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contrast, the lower value for W gas
0 for gas units when tenants pay for energy makes

gas units more likely to switch to the owner occupier market under asymmetric
information.
There are two testable predictions for rates of switching to owner occupied under
symmetric and asymmetric information.
Testable Prediction 4, Switching to Owner Occupied: An increase in the price dif-
ference between oil and natural gas will cause

• Tenants Fully Informed: no difference in rate of switching from rental to owner
occupied between the two payment regimes

• Tenants Uninformed: a higher switching rate to owner occupied for gas units
relative to oil units when tenants pay for energy as opposed to when landlords
pay for energy.

A.3 Reducing Noise and Filling in Information

for Vacant Units

First, I keep only units where the payment type was present (i.e. tenant pay for oil
or tenant pays for gas) and the fuel of the payment type matched the heating fuel
(either oil or gas) in two of the first three times that unit appeared in the survey.
This results in dropping 28% of the sample (11,953 observations), mostly due to the
fact that the primary heating fuel was electricity rather than heating oil or natural
gas. Second, I replace any missing values for heating fuel or payment regime with
the value from the previous survey where the information was recorded. Third,
for the time invariant features of the apartment unit, including number of rooms,
bedrooms, bathrooms, year built, number of units in the building, degree day zone,
and urbanization indicator, I replaced all entries with the most commonly observed
value for the unit. Lastly, I dropped all units only observed in a single year. 7% of
the sample (1843 observations) is dropped because the housing unit is a singleton.

A.4 Robustness Checks of Sample Restrictions

for Conversion from Oil to Gas Estimations

Table A.1 displays the results from estimations with variations on how I trim the
sample to define a conversion from oil to natural gas. I still require that a unit only
converts heating fuel once, as it would be highly unlikely that a building owner would
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make the investment to convert heating fuels more than once in a 20 year period and
would be much more likely to be measurement or survey error. For the estimates
in the first two columns, I restrict the sample to units I observe only three or more
times rather than four or more times. In column 1, I define a conversion as at least
two periods of oil followed by at least one period of gas. While in column 2, I define a
conversion as at least one period of oil followed by at least 2 periods of gas. The point
estimates on the coefficient of interest Ilpay×(poil-pgas) are very similar to the initial
estimates in Table 9. In column 3, I restrict the sample to six or more observations
in the sample; requiring at least 3 periods of oil followed by at least 3 periods of
gas. This further restricts the time period over which I can observe conversions. The
coefficient of interest is slightly smaller in magnitude than my initial estimates, but
not statistically different. Therefore, my results are not highly sensitive to the exact
criteria that I choose to define conversions.

A.5 Switching to Owner Occupied: Estimation

The rent differences between oil and gas units get compressed when there are infor-
mation asymmetries as opposed to when both parties are fully informed. Units with
the more expensive heating fuel are worth more and units with the less expensive
heating fuel are worth less relative to the full information case. As the price difference
between the fuels gets larger, the this distortion will have a larger economic impact
on landlords. As a result, the outside options for rental units will be more attractive
for units that heat with the less expensive fuel and less attractive for units that heat
with the more expensive fuel in a way that is correlated with the price difference.

The outside option considered here is switching to the owner occupier market. In
order to construct an indicator variable for switching to owner occupied, I appended
the rental data with units with owner occupier status. A unit is designated as
“switched to owner occupied” if it is coded as owner occupier and that unit was
observed in the previous survey (2 years ago) as a rental. In order to do a hazard type
analysis, once a unit switched from rental to owner occupier, subsequent observations
for that unit were removed from the sample. Any units that were never rentals were
removed from the sample. As with the turnover variable, observations were removed
if they were the first observation of the panel, or missing from the previous survey,
as they would not be eligible to switch to owner occupier.

Since units where landlords pay for energy are not affected by asymmetric infor-
mation, the relative rates of switching to owner occupied in oil vs. gas units should
not be correlated with the price difference. Figure 10 plots the price difference vari-
ation in $/MMBTU with variation in the difference-in-differences between oil and



APPENDIX A. APPENDIX FOR CHAPTER 1 109

gas and tenant payer and landlord payer of switching rates to owner occupied. The
difference-in-differences in the turnover rates appears to be correlated with the price
difference, indicating that the relative switching rates when tenants pay for energy
are more correlated with the price variation than when landlords pay for energy.

The results of the basic estimation for the split sample are displayed in Table A.2.
The question being asked here is: what is the change in probability switching to owner
occupied for an oil unit relative to a gas unit when the price difference increases by
$1/MMBTU? As predicted, when landlords pay for energy (columns 1-2), the relative
rates of switching to owner occupied in oil vs. gas units are not correlated with the
price difference variation. However, when tenants pay for energy (columns 3-4), oil
units become .9-1 percentage point less likely than gas units to switch to owner
occupier. About 5% of rental gas units switch to owner occupied between biannual
surveys on average (2.5% per yer). Therefore, the results suggest that when tenants
pay for energy, there is a (.9/5)*100 = 15-20% increase in the annual rate of gas
rental units switching to owner occupied for a $1/MMBTU increase in the price of
oil relative to natural gas. This suggests that tenants lack information about energy
costs and units with the less expensive fuel are not receiving the full premium for
their lower costs when tenants pay for energy.

Table A.3 displays the results for the of the fully interacted model. As with the
turnover and rent results, the estimates are consistent with the split sample result.
When tenants pay for energy oil units are .7-1 percentage points less likely than
gas units to convert to owner occupier. In addition, this difference-in-differences
in the probability of switching is statistically significant in almost all specifications.
Columns 4-5 show the results for the two robustness tests for the parallel trends
assumption. The point estimates change little with the inclusion of trends or the
inclusion of covariate by year fixed effects interactions, indicating that the differences
in the rates of switching to owner occupier are driven by the price differences and
not unobservable trends in the housing unit characteristics.

Table A.4 displays the results of a probit estimation of the full interacted model.
With discrete time data where units leave the sample once they switch to owner
occupied, estimating a probit model is similar to a hazard model set up. The esti-
mates are consistent with the OLS estimates in that when tenants pay for energy, a
$1/MMBTU increase in the price of oil relative to natural gas increases the proba-
bility that gas units will switch to owner occupied relative to oil units. In addition,
a $1/MMBTU increase in the price of oil relative to natural gas does not cause a
statistically significant increase in the probability that gas units will switch to owner
occupied relative to oil units when landlords pay for energy.
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Appendix Figures

Figure A.1: Difference-in-Differences in Mean Probability of Switching to Owner
Occupied

This figure shows the difference-in-difference in mean probability of switching to owner occupied for
gas units minus oil units when tenants pay energy costs as opposed to when landlords pay energy
costs ((tenant pays gas-tenant pays oil)-(landlord pays gas-landlord pays oil)). The price difference
is the average retail price of home heating oil ($/MMBTU) minus the average retail price of natural
gas ($/MMBTU) for the Northeast Census region. All prices are inflated to 2011 dollars.
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Appendix Tables

Table A.1: Estimates of the Effect of Relative Fuel Prices on the Relative Probability
of Converting From Oil to Gas

Dep Var: convert to gas (1) (2) (3)

Ilpayt−1×(poil-pgas) 0.00973∗∗∗ 0.00828∗∗∗ 0.00617∗∗

(0.00311) (0.00274) (0.00291)

Ilpayt−1 0.00546 0.000905 -0.0111
(0.00765) (0.00626) (0.00811)

Covariates Yes Yes Yes

Observations 4751 4916 2786

Notes: Regressions are based on the American Housing Survey public access data for the Northeast

Census Region, years 1985-2009. For columns 1 & 2 the sample is limited to those observed 4+

times, which is about 40% of the units in the sample (2772 units, 19,696 observations). The sample

only includes oil homes that have either switched fuel types once or never. In column 1, a switch

is defined as at least two periods of oil followed by at least one period of gas. In column 2, a

switch defined as at least one period of oil followed by at least 2 periods of gas. In column 3, the

sample is restricted to units with 6+ observations; requiring at least 3 periods of oil followed by at

least 3 periods of gas. Once a unit switches to gas, subsequent observations are removed for that

unit. The unit of observation is apartment unit×year. poil is the retail price of home heating oil

($/MMBTU), pgas the retail price of natural gas ($/MMBTU) for the Northeast Census region.

All prices are inflated to 2011 dollars. All specifications include year fixed effects. Standard errors

are clustered at unit level. ***, ** and * denote statistical significance at the 1, 5 and 10 percent

levels.
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Table A.2: Estimation of the Effect of Relative Fuel Prices on the Relative Probability
of Switching to Owner Occupied: Split Sample

Dep Var: Switch to Own Landlord Pays Energy Tenant Pays Energy

Ioil×(poil−pgas) -0.00119 -0.00267 -0.00926∗∗∗ -0.0102∗∗∗

(0.00184) (0.00178) (0.00314) (0.00305)

Inew tenant 0.000318 -0.00346 0.0278∗∗∗ 0.00905
(0.00390) (0.00423) (0.00682) (0.00753)

Covariates No Yes No Yes

Observations 8291 8291 8352 8352

Notes: Regressions are based on the American Housing Survey public access data for the Northeast
Census Region, years 1985-2009. All equations are estimated using OLS. The unit of observation is
apartment unit×year. poil is the retail price of home heating oil ($/MMBTU), pgas the retail price
of natural gas ($/MMBTU) for the Northeast Census region. All prices are inflated to 2011 dollars.
All specifications include year fixed effects. Standard errors are clustered at unit level. ***, ** and
* denote statistical significance at the 1, 5 and 10 percent levels.
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Table A.3: OLS Estimates of the Effect of Relative Fuel Prices on the Relative
Probability of Switching to Owner Occupied: Fully Interacted Model

Dep Var: Switch to Own (1) (2) (3) (4)

Ioil×(poil−pgas) -0.00927∗∗∗ -0.0102∗∗∗ -0.00952∗∗∗ -0.00747∗∗

(0.00314) (0.00304) (0.00324) (0.00327)

Ilpay × (poil − pgas)× Ioil 0.00806∗∗ 0.00744∗∗ 0.00735∗∗ 0.00421
(0.00362) (0.00350) (0.00349) (0.00370)

Inew tenant 0.0271∗∗∗ 0.00779 0.0147 0.0106
(0.00679) (0.00722) (0.0104) (0.00724)

Ilpay -0.0211∗∗∗ 0.00462 0.0185∗ 0.00399
(0.00415) (0.00444) (0.00975) (0.00443)

Ioil × Ilpay -0.0261∗∗∗ -0.00966 -0.0104 -0.0130
(0.00781) (0.00813) (0.00824) (0.00813)

Ilpay × (poil − pgas) 0.00193 0.00208 0.00350∗ 0.00206
(0.00193) (0.00187) (0.00211) (0.00209)

Covariates No Yes Yes Yes

Trends No No Yes No

CovxYear interaction No No No Yes

Observations 16643 16643 16643 16643

Notes: Regressions are based on the American Housing Survey public access data for the Northeast

Census Region, years 1985-2009. The unit of observation is apartment unit×year. poil is the retail

price of home heating oil ($/MMBTU), pgas the retail price of natural gas ($/MMBTU) for the

Northeast Census region. All equations are estimated using OLS. All prices are inflated to 2011

dollars. All specifications include year fixed effects. Standard errors are clustered at unit level. ***,

** and * denote statistical significance at the 1, 5 and 10 percent levels.
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Table A.4: Probit Estimates of the Marginal Effects of Relative Fuel Prices on the
Relative Probability of Switching to Owner Occupied: Fully Interacted Model

Dep Var: Switch to Own (1) (2)

(Ioil×(poil−pgas)) -0.0058∗∗ -0.0062∗∗∗

(0.0022) (0.0022)

Ilpay × (poil − pgas)× Ioil 0.0044 0.0037
(0.0032) (0.0031)

Ioil 0.0197∗∗∗ 0.0041
(0.0050) (0.0055)

Ilpay -0.0225∗∗∗ 0.0017
(0.0047) (0.0048)

Ioil × Ilpay -0.0187∗∗∗ -0.0057
(0.0071) (0.0072)

Ilpay × (poil − pgas) 0.0022 0.0014
(0.0020) (0.0019)

Covariates No Yes

Observations 16643 16627

Notes: Probit models are based on the American Housing Survey public access data
for the Northeast Census Region, years 1985-2009. The unit of observation is apart-
ment unit×year. poil is the retail price of home heating oil ($/MMBTU), pgas the
retail price of natural gas ($/MMBTU) for the Northeast Census region. All prices
are inflated to 2011 dollars. All specifications include year fixed effects. Standard
errors are clustered at unit level. ***, ** and * denote statistical significance at the
1, 5 and 10 percent levels.




