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Abstract

This paper studies tenant behavior in rental housing when the landlord pays for
heating. I develop a model in which renters have heterogeneous preferences for home
size and indoor temperature. When energy is costly, renters choose smaller apartments
and turn down the heat—or sort into apartments with landlord-pay energy bills. I esti-
mate the model using exogenous variation in energy prices and use a machine-learning
algorithm to explore preference heterogeneity. Surprisingly, I find that renters who pre-
fer hotter temperatures do not systematically choose landlord-pay units, though I am
unable to rule out sorting on preferences for unobserved home attributes. Eliminating
moral hazard by forcing all renters to pay their own bill reduces energy consumption
by 25% due to renters turning down the heat (22%) and choosing smaller units (3%).
Moral hazard in residential energy contracts cost the United States $839 million per
year in welfare losses including $238 million from carbon emissions.

Keywords : Equilibrium sorting, principal-agent, moral hazard, energy, property rights

JEL Codes : D23, D62, Q41, R21

∗Michigan State University, Department of Economics and Environmental Science & Policy Program.
Thank you to Soren Anderson, Joe Herriges, Kyoo il Kim, Scott Swinton, Mike Conlin, Cody Orr, V. Kerry
Smith, Tim Fitzgerald, Randy Rucker, Max Auffhammer, Matt Kahn, Ryan Kellogg, Amanda Haislip, and
Joe Hamm for useful discussion. I am grateful for comments by seminar participants at Michigan State
University, the CU Environmental & Resource Economics Workshop, Midwest Energy Fest (Northwestern),
Energy Camp at Haas, Camp Resources (NC State), the Midwest Economics Association Annual Meeting,
and the Heartland Workshop (University of Illinois-Urbana Champaign). The Environmental Science & Pol-
icy Program at MSU provided funding for a choice experiment in the paper. The Property and Environment
Research Center provided fellowship support and two valuable workshops for which I am grateful. The latest
version is available at https://www.dylanbrewer.com/brewer_jmp/.

1

https://www.dylanbrewer.com/brewer_jmp/
https://www.dylanbrewer.com/brewer_jmp/


1 Introduction

Economic wisdom suggests that individuals make socially efficient decisions only when

they face the full costs and benefits of those decisions. In landlord-tenant rental regimes,

the energy-efficiency and energy-use decisions are fundamentally divided in what is called

the “split-incentive problem.” When the landlord pays for utilities, tenants face no marginal

cost for energy use and so are expected to use more energy than if they were facing the

full marginal cost—a form of moral hazard.1 Meanwhile, household sorting exacerbates

incentive problems through the choice of payment regime and home attributes that affect

energy efficiency. First, a household that expects to consume more energy services will have

a higher willingness to pay for landlord-pay utilities, all else equal. Second, conditional on

choosing a landlord-pay unit a household may choose a larger home because it knows it will

not pay the full cost to heat the larger home.2 Thus, the relevant causal effect of landlord-

pay utilities on energy use includes both the direct effect via temperature setting as well as

the indirect effect via the choice of payment regime and housing attributes. An estimated 17

percent of US rental housing has landlord-pay heating contracts, suggesting that eliminating

moral hazard may provide large private energy savings and reduced external costs from fossil

fuel combustion (US Census, 2013).

In this paper, I develop and estimate a model of renters making joint home-efficiency and

energy-use decisions that characterize moral hazard and equilibrium sorting in the residential

energy market. I find that landlord-pay households spend 25 percent more on energy for

heating than they would if all rental contracts required the household to pay for energy.3 The

moral hazard effect dominates, contributing to 22 percent of extra heating expenditures per

1Conversely, when the tenant pays for utilities, landlords do not directly benefit from energy efficiency
and so are expected to under-invest in energy efficiency—also a form of moral hazard.

2Recent work on energy use suggests that individuals are cognizant of energy costs and savings. Myers
(2017) provides convincing evidence that when purchasing a home, households discount future energy costs
at 8-10 percent. In commercial real estate, properties built under more stringent energy-efficiency standards
rent and sell at a premium relative to those built under less stringent energy-efficiency standards (Papineau,
2017).

3This calculation is relative to the average bill for tenant-pay units because the actual heating bill is not
observed for landlord-pay households.
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household. Meanwhile, landlord-pay households choose housing units that are 140 square

feet larger, contributing an additional 3 percent of extra heating expenditures. In addition,

I find that for a fixed cost of heating, households that choose tenant-pay contracts prefer

higher thermostat settings than households that choose landlord-pay contracts as predicted

by observables. This counter-intuitive result suggests that selection into the landlord-pay

regime is driven by preferences for unobserved characteristics of landlord-pay units. Finally,

I provide evidence of energy-efficiency economies of scale in multi-unit apartment buildings,

suggesting a possible explanation for the persistence of landlord-pay utility regimes.

In the model, renters have heterogeneous preferences for home size and temperature set-

ting. When energy is costly, renters either choose smaller apartments and turn down the

heat to conserve energy, or they sort into apartments with landlord-pay energy bills. Using

data on housing rents, temperature settings, and exogenous variation in energy prices, I

estimate equilibrium hedonic prices for home size and landlord-pay heating, the engineering

energy cost of home size, and the engineering energy cost of winter temperature settings.

Given these estimates, I then estimate how an average household’s indoor temperature set-

ting responds to the estimated marginal cost of heating the home. I corroborate the results

using a choice experiment that I designed and implemented on a nationally representative

sample of US households. These parameter estimates allow me to construct unique house-

hold utility functions from the model that I use to simulate counterfactuals. I simulate the

effects of eliminating moral hazard by requiring that all tenants pay for their own energy

bills and allow tenants to respond by re-sorting into housing units of different sizes. With

this counterfactual, I quantify the energy impacts of moral hazard, selection into housing

regime, and selection of housing attributes in the landlord-pay utility regime.

This paper makes several contributions to the economics literature studying energy ef-

ficiency. This is the first paper to use a structural model to analyze the split-incentive

problem for residential energy contracts. Experimental interventions requiring tenants to

pay the bills find average energy savings as high as 20 and 25 percent (Dewees and Tombe,
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2011; Elinder et al., 2017), while quasi-experimental approaches measure energy savings of

less than 3 percent (Levinson and Niemann, 2004; Jessoe et al., 2018).4 I measure an average

impact consistent with the literature, but my structural approach provides new insights into

the relative sizes of moral hazard and equilibrium sorting. This paper complements theoret-

ical and empirical work studying underinvestment in energy efficiency due to split-incentive

problems (e.g. Jaffe and Stavins, 1994; Harding et al., 2000; Davis, 2012; Gillingham et al.,

2012). While recent reviews conclude that the “energy-efficiency gap” is small in most sectors

(Allcott and Greenstone, 2012; Gillingham and Palmer, 2014), recent work on energy use in

rental housing suggests that asymmetric information between landlords and tenants signifi-

cantly distorts energy-efficiency investment incentives (Myers, 2018). Further, I add to recent

work investigating energy-efficiency scale economies in urban space (Borck and Brueckner,

2017). The modeling and estimation strategy used here can be adapted to other contexts

with an up-front energy-efficiency choice followed by a downstream energy-use choice.

In addition, this paper connects the literature on equilibrium sorting in housing markets

(Kuminoff et al., 2013) to the literature estimating moral hazard and adverse selection under

asymmetric information.5 I show how to estimate two-stage partial-equilibrium models of

selection and moral hazard using an assumption on the parametric form of the utility function

as in Bajari and Benkard (2005). One key insight from this paper is that the first-stage

choice of home attributes affects the second-stage heating costs. Households’ choices of

4Estimates of conservation behavior by tenants who pay for utilities vary by context. Levinson and
Niemann (2004) estimate that paying for heat reduces energy expenditures by less than 1 percent on average.
On the other extreme, Elinder et al. (2017) find 25 percent average reductions in electricity use when Swedish
renters were experimentally switched to tenant-pay. The top 20 percent of energy users completely drive this
result; the majority of households in the study did not change behavior. Furthermore, these households did
not use electricity for heating, and heat use is highly inelastic. An experiment based on a single condominium
complex found that submetering decreased electricity consumption by 20 percent (Dewees and Tombe, 2011).
Jessoe et al. (2018) find that switching to tenant-pay results in a 2.9 percent reduction in average daily
electricity use among the top decile of commercial users, but that the effect for the remaining 90 percent
of users is negligible. The difference between single-site experimental and multi-site quasi-experimental
treatment effects may reflect site-selection bias on the experimental side (Allcott, 2015).

5Most recent papers in this literature focus on asymmetric information in health insurance markets; e.g.,
Brot-Goldberg et al. (2017); Finkelstein et al. (2016); Baicker et al. (2015); Autor et al. (2014); Einav et al.
(2013). Other applications study lending markets (e.g. Veiga and Weyl, 2016; Crawford et al., 2018), crop
insurance markets (He et al., 2017a,b), online marketplaces (Hui et al., 2016), worker contracts (Jackson and
Schneider, 2011, 2015), and vehicle leasing (Weisburd et al., 2018).
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housing and subsequent heating use reveal relative preferences for housing attributes and

energy services when housing and fuel marginal costs vary over time and space. The main

appeal of this approach is that it allows for the estimation of completely heterogeneous

utility functions without making assumptions on the distribution of the error term and with

minimal supply-side assumptions. Another benefit is that estimation is computationally

simple and transparent. The parametric assumption on the utility function provides closed-

form solutions for the unknown parameters of each household’s utility function. These

parameters can be evaluated using household consumption decisions, hedonic prices, and

downstream energy costs estimated from the data.

Finally, I introduce a novel machine-learning approach to estimate energy-preference pa-

rameter heterogeneity in the structural model. Households that pay their own energy bills do

not reveal the counterfactual winter temperature settings they would choose if the landlord

was to pay for heat. Households in landlord-pay units do reveal their “bliss point” tem-

perature preferences (i.e., the temperature chosen at zero marginal cost). This bliss point

temperature setting is likely a function of physiological characteristics such as age and sex.6

I train a machine-learning algorithm to predict underlying bliss-point temperature settings

using demographic covariates and the revealed bliss points of households in landlord-pay

units. These predictions characterize household heating demand when there is zero marginal

cost for temperature setting and explore heterogeneity in household energy demand, con-

tributing to work analyzing household energy demand heterogeneity.(e.g. Reiss and White,

2005; Auffhammer and Rubin, 2018)

6Appendix A discusses the physiological determinants of temperature setting preferences with a thorough
review of science and engineering studies.
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2 Data and descriptive evidence of moral hazard

In this section, I provide descriptive evidence of moral hazard in rental energy use. In

2013, an estimated 17 percent of US renters had landlord-pay heating (US Census, 2013).7

Space heating accounted for approximately 42 percent of residential energy use by American

households in 2009 and is the single largest non-transportation residential energy item (EIA,

2013).8 For this reason, I focus on space heating and winter thermostat setting to analyze

heterogeneous demand for energy services and moral hazard in residential energy contracts.

Moral hazard arises in the landlord-pay regime because households do not face the

marginal cost of energy use. A housing unit’s utility payment regime has a larger effect

on the household’s marginal heating cost than home size or any other housing attribute. If

utility payments are bundled into the rent, the household has an effective marginal cost of

zero for heating services regardless of how large the home is. When the marginal cost of

heating is zero, the household will heat their home to a “bliss point,” regardless of energy

price or outside temperature. Thus, for a given household, heating use will be higher in

a landlord-pay regime than in a tenant-pay regime.9 Landlord-pay households do not re-

spond to market signals of scarcity or to the increased cost of heating due to low outside

temperatures.

Sorting into landlord-pay regimes on temperature preferences may also occur. Given

heterogeneous preferences for heat, households will differ in willingness to pay for the zero-

marginal-cost heating offered in a landlord-pay regime. Households with higher bliss point

temperature will be willing to pay more to heat without marginal cost all else equal. Those

with high energy demand are thus likely to sort into landlord-pay units, resulting in even

higher energy use uninformed by prices than if households were randomly assigned.

7This paper focuses on the rental case. While some owner-occupied housing units have the utility payment
bundled into the homeowners’ association fee, this case is relatively rare. Two percent of homeowners had
utility payments bundled into the rent payment or homeowners’ association fee.

8Shares are aggregate by BTU. For reference, air conditioning accounted for 6 percent, water heating for
18 percent, and all other appliances and electronics for 35 percent.

9The household may use the same amount of heat if in the constrained case (tenant-pay) the optimal
amount of heating is the bliss point—a corner solution.

6



To test for moral hazard, I turn to data in the Residential Energy Consumption Sur-

vey (RECS). The RECS asks landlord-pay and tenant-pay renters about their winter tem-

perature settings. The RECS is a repeated cross-sectional survey of nationally represen-

tative US households collected every four years. I examine 3,993 electric-heating and gas-

heating renters from the 2001, 2005, and 2009 surveys—3,164 tenant-pay households and 829

landlord-pay households.10 In addition to thermostat settings, the survey collects heating

bills for tenant-pay units, housing characteristics, heating and cooling degree days, location

at the census division level, and household demographics.

Figure 1 shows that landlord-pay households set their thermostats higher during the

winter than tenant-pay households during the winter. This difference by regime in average

thermostat setting can be explained either by moral hazard or by selection into landlord-

pay regime on temperature preference. Table 1 shows differences in the demographics of

tenant-pay and landlord-pay households. Landlord-pay renters are older and poorer than

tenant-pay renters—and thus may also be expected to differ in temperature preferences.

However, figure 2 shows a larger difference in temperature setting between the two regimes

when the household is out of the home. This evidence suggests that some of the difference

in temperature setting between regimes is driven exclusively by moral hazard rather than

sorting.

Households also endogenously select housing attributes that influence energy cost. For

example, perhaps an additional 100 square feet increases the rent by five dollars each month

but also increases energy cost by a dollar each month. Then the true cost of 100 additional

square feet is six dollars per month rather than five. Even if households take energy prices as

given, a household knows that it can influence the cost of energy services by selecting different

housing attributes. Likewise, it is more expensive to increase the thermostat setting in a

larger housing unit than a smaller unit.

I investigate the relationship between housing attributes, rent price, and utility payment

10See the appendix for notes on how the final sample is chosen.
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regime using data from the American Housing Survey (AHS). The AHS is a panel of housing

units labeled at the Metropolitan Statistical Area (MSA) level and includes information on

rental price and unit characteristics for 106,062 rental units from 1997 to 2013.11 Table

2 displays sample means for landlord-pay and tenant-pay units. On average, landlord-pay

units are cheaper, smaller, older, and in larger buildings than tenant-pay units. In addition,

landlord-pay units are less likely than tenant-pay units to have large energy-using appliances

such as in-unit laundry and air conditioning. Thus, landlord-pay units are older but otherwise

have attributes associated with lower energy use. It is difficult to draw conclusions about the

impacts of equilibrium sorting in this context, because if more landlord-pay units are in high-

cost rental areas we may be mistaking a movement along the demand curve of an attribute

for a systematic difference in regime type. The role of home attribute prices becomes clear

in the formal model—where I turn to next.

3 Modeling and empirical strategy

In this section, I develop a model that describes how renters make joint choices of housing

and heating. Renters with heterogeneous preferences select housing units with differentiated

attributes and utility payment regimes that influence the cost of heating. Renters subse-

quently choose temperature setting, trading off heating with other consumption. I begin

with a general model that demonstrates the connection between housing attributes, heat-

ing cost, and temperature setting. Next, I specify parametric forms of the utility function,

heating cost function, and hedonic price function that allow me to isolate and estimate the

welfare impacts of moral hazard and equilibrium sorting.

11An MSA is a statistical region often centered around a city and the surrounding population centers.
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3.1 General model

Consider households i ∈ {1, ..., I} choosing to live in housing units j ∈ {1, ..., J} located

in a housing market. Housing units differ in basic housing characteristics xj (e.g., square

feet), and the utility payment regime Rj (a binary variable equal to one if the tenant pays

the marginal cost of utilities and zero if the landlord pays). The equilibrium per-month

rental price of each housing unit is a function of attributes and is given by pj = p(xj, Rj, ξj),

where xj are observed housing characteristics and ξj are researcher-unobserved housing char-

acteristics. In this model, the choice of which market to live in is made before considering

housing and energy use so that a rental unit in one housing market is not a substitute for a

rental unit in another housing market. For example, households choose jobs that determine

which housing market is available to them before considering housing choice.12

Given incomes yi, households derive utility from the housing characteristics xj and ξj,

consumption of an outside good zi, and the temperature setting within the housing unit si.

I represent household preferences with the utility function ui(xj, si, ξj, zi), which is concave

in xj, si, and ξj. Furthermore, there exists a bliss point temperature preference sbi such that

∂ui
∂s

∣∣
s=sbi

= 0 and ∂2ui
∂s2

∣∣∣
s=sbi

< 0. Intuitively, the bliss point sbi is an individual’s preferred

heating temperature when facing a zero marginal cost for heating. In addition, I adopt

the assumptions of Bajari and Benkard (2005) to guarantee the existence of a differentiable

hedonic price surface in equilibrium.13

The amount the household spends on heating is a function of temperature setting si,

housing characteristics xj, the ambient temperature in the heating season Tj, and the market

price of energy Pe. Let H(xj, si, Tj, Pe, ξj) be the expected per-month cost of heating unit

12This assumption is realistic in modeling the short run where a household’s employment is fixed and
therefore tied to a housing market. In the long run, a household may move to take advantage of differential
housing and energy prices across markets. The short run view is more realistic given large moving costs.

13Specifically, the assumptions on the utility function are that (1) ui is continuously differentiable in zi
and strictly increasing in zi with ∂ui

∂zi
> ε for some ε > 0 and zi > 0, (2) ui is Lipschitz continuous in the

housing attributes, and (3) ui is strictly increasing in ξj . Given discrete housing attributes, condition (2) is
not satisfied, but preferences over continuous attributes are identified as the choice set becomes large (Bajari
and Benkard, 2005).
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j to temperature setting s given outdoor temperature Tj and energy prices Pe. H(·) can

be understood as a heating cost function. Households sign leases without exact knowledge

of the future outside temperature. Households choose among units j with different housing

attributes xj and ξj, taking into consideration future heating costs. Once the households

have moved in, they observe the outside temperature and choose the temperature setting si.

At this point, the households cannot change their optimally chosen housing units j∗(i), so

the housing attributes are fixed and denoted xj∗ .

In this framework, each household maximizes utility by first choosing a housing unit and

then choosing a temperature setting. Each household solves this problem by reverse induc-

tion: each decides how much heat to would use in a housing unit with given characteristics

xj and ξj and housing regime Rj and then uses this planned behavior to choose the preferred

housing unit j∗(i). The subsequent heating choice is a budget-constrained trade-off between

consumption of energy services and consumption of an outside good zi with price equal to

one.

Heating choice: max
{si,zi}

ui(xj∗ , si, ξj∗ , zi)

s.t. yi ≥ p(xj∗ , Rj∗ , ξj∗) +Rj∗ ·H(xj∗ , si, Tj∗ , Pe, ξj∗) + zi.

(1)

Note that the household cannot change the housing characteristics xj∗ because it has already

chosen its housing unit j∗(i). This problem yields the first-order condition for maximization:

=⇒ [si] :
∂ui
∂si

/
∂ui
∂zi

= Rj∗ ·
∂H

∂si
. (2)

Equation 2 describes the household’s temperature setting behavior. The left side of the

equation is the marginal rate of substitution between energy services and consumption of the

outside good. The right side is the price ratio with the price of the outside good normalized to

one. If the household is in a landlord-pay regime (Rj∗ = 0), the household sets temperature

to the bliss point sbi regardless of cost. Intuitively, the bliss point is the temperature at which
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the utility function peaks—beyond this point, a person feels too hot and before this point a

person feels too cold. Denote si = s∗i (xj∗ , Rj∗ , Tj∗ , Pe, yi) as the optimal “home heating rule”

as determined by the first-order condition in equation 2.

When sorting into a housing unit j, households consider the rent price of the unit and

future heating costs:

Housing choice: max
j

ui(xj, s
∗
i , ξj, zi)

s.t. yi ≥ p(xj, Rj, ξj) +Rj ·H(xj, si, Tj, Pe, ξj) + zi.

(3)

I treat future energy prices as known by households, which is a realistic assumption given

regulated residential energy prices. I further assume that utility is linearly separable in the

outside good to allow me to interpret the opportunity cost of housing and heating in dollar

terms.14 If there is a continuum of available housing attributes such that there is continuity

in attributes x and ξj, the first-order conditions to this problem characterize sorting behavior:

=⇒ [xj] :
∂ui
∂xj

/
∂ui
∂zi

=
∂p

∂xj
+Rj ·

∂H

∂xj
(4)

[Rj] : ui(x
r
j , s

r
i , ξ

r
j , z

r
i ) ≥ ui(x

−r
j , s−ri , ξ−rj z−ri ) for Rj = r ∈ {0, 1}, −r 6= r. (5)

These first-order conditions are instructive. The left side of equation 4 is the household’s

marginal rate of substitution between consumption of the housing attribute and consumption

of the outside good, while the right side is the price ratio with the cost of the outside good

normalized to one. Note that the implicit price to which each household responds depends

on whether the household sorts into a landlord-pay or tenant-pay regime. If in a tenant-

pay regime, then Rj = 1, so choices of xj (such as square feet) will affect the marginal

14Linear separability abstracts away from risk aversion. Given regulated energy prices, price uncertainty
plays a small role in this market. Empirical studies of farm tenancy (Allen and Lueck, 1992, 1999), timber
contracts (Leffler and Rucker, 1991), groundwater contracts (Aggarwal, 2007), and even health insurance
markets (Einav et al., 2013) reject risk aversion as a determinant of contract choice. Allen and Lueck (1995)
review the literature of contract choice across several settings and conclude generally that risk aversion does
not play a large role in contract choice.
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cost of energy use. If in a landlord-pay regime, then Rj = 0, so choices of xj no longer

affect the marginal cost of energy use, eliminating the price incentive to conserve energy.15

Equation 5 says that the household sorts into the payment regime that brings it the highest

utility when it considers the optimal housing characteristics for each. The dependence of the

first-order conditions on Rj confirms the intuition that households have different incentives

for energy consumption under each payment regime. These conditions also illustrate the

simultaneous choice of heating contract and other housing characteristics that necessitates

studying housing and heating decisions in a joint framework.

How much do the energy-use incentive distortions matter? To answer this question,

the difference in energy use under the current regime and under an alternative regime in

which all households have tenant-pay contracts must be calculated, relying fundamentally

on counterfactual housing and heating scenarios that cannot be observed. While the housing

and heating choices of households can be observed, household choices in a world with only

landlord-pay or tenant-pay options cannot be observed. To identify the counterfactual energy

outcomes and welfare implications, I estimate household utility functions with preferences

revealed by household sorting and temperature choices. These utility functions can be used

to estimate households’ behavioral responses to policy changes and to calculate the welfare

effects of moral hazard and choice of housing attributes.

3.2 Empirical model

Building upon Bajari and Kahn (2005) and Bajari and Benkard (2005), I specify a flexible

utility function for households:

ui(xj, si, ξj, zi) = β1,iln(xj)−
1

2β2

(si − sbi)2 + β3,iln(ξj) + zi. (6)

15A similar condition exists describing the choice of the unobserved attribute ξj but is not the focus of the
analysis.
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Households have heterogeneous preferences for how warm they like to keep their homes as

well as for consumption of housing attributes. Note that the utility parameters β1,i and

β3,i for housing attributes in equation 6 vary by household. The term sbi is household i’s

heterogeneous bliss point temperature setting. Deviation from the bliss point temperature

causes disutility at a rate that depends on parameter β2 and the bliss point for household

i.16

Monthly average heating cost for household i is the price of fuel Pe multiplied by the

quantity of fuel used Qe,i and the binary regime indicator Rj. The quantity of fuel used to

heat to a given indoor temperature setting is the difference in the temperature setting si from

the outside temperature during winter Tj, scaled by the housing unit’s efficiency level.17 I

assume that home attributes act as energy-efficiency complements (e.g., lower square footage

and low temperature setting could have a multiplicative effect):

Qe,i = (si − Tj)σ · xγj · ξκj (7)

where σ, γ, and κ are fuel-intensity parameters. From this specification, the marginal heat-

ing cost of attribute xj is Rj

(
γ · Pe·Qe,i

xj

)
, while the marginal heating cost of the temperature

setting is Rj

(
σ · Pe·Qe,i

si−Tj

)
. In the model, I make the computational assumption that house-

holds respond to marginal heating costs averaged by year, census division, regime, and fuel

type.18

In addition, I assume rents are a function of housing attributes xj, fuel prices Pe, regime

type Rj, and potentially unobserved housing or market attributes νdmj, according to the rent

16The distance norm is chosen for differentiability and simplicity. This parametric form is similar to that
adopted in Einav et al. (2013). A more general functional form could be used that allows for stronger
disutility from being too cold than too hot or vice versa, but this is not necessary given the focus on heating.

17To reflect heating-season temperatures, the outdoor temperature during winter Tj is interpreted as mean
outdoor temperature conditional on being colder than 65◦F. This is to reflect heating-season temperatures.

18While my specification provides estimates of completely heterogeneous marginal costs due to the func-
tional form of heating costs, any given estimate for i is likely a poor estimate (Wooldridge, 2010). Taken
on average over division, year, regime, and fuel type, the average marginal heating cost estimates are un-
biased and consistent while preserving the variation due to fuel prices and average housing stock efficiency
differences to identify heterogeneous effects.
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price function:

rentdmj = µ0,m + α1,dxj + α2,dPe,d + α3,d(1−Rj)Pe,d + α4,d(1−Rj) + µ1wj + νdmj, (8)

where rentdjm is the price of unit j in census division d, and MSA m.19 I allow coefficients on

attributes to vary by census division and allow mean rents to vary by MSA according to µ0,m.

The term wj are controls in estimation used to account for unobserved unit heterogeneity.20

Thus, α1,m represents the marginal rent cost of attribute xj in market m. The markup for

having the landlord pay for utilities is the difference in energy price pass-through, α3,dPe,d.

A higher fuel price should be capitalized into the implicit rental markup for a landlord-pay

housing unit. Different fuel prices should induce changes in markups for landlord-pay units

with different fuel types over time. If the fuel price was equal to zero, it would not matter

whether a housing unit’s heating bill was paid by the landlord or the tenant. Thus, the

interaction between fuel price and landlord-pay regime traces out the markup, while the

landlord-pay term controls for unobserved differences correlated with regime type.

Just as before, households set an optimal heating rule and choose housing attributes.

Households have unlimited wants and limited resources such that total spending on housing,

energy services, and other goods must be less than or equal to income yi. Under my funtional-

form assumptions, the first-order conditions in equations 2, 4, and 5 yield

[si] :
−1

β2,i

(s∗i − sbi) = Rj∗

(
σ · Pe,d ·Qe,i

si − Tj∗

)
(9)

[xj] :
β1,i

xj∗
= α1,m +Rj∗

(
γ · Pe,d ·Qe,i

xj∗

)
(10)

[Rj] : ui(x
r
j , s

r
i , ξ

r
j , z

r
i ) ≥ ui(x

−r
j , s−ri , ξ−rj , z−ri ) for Rj = r ∈ {0, 1}, −r 6= r. (11)

These equations characterize the choices of home heat setting si, home attributes xj, and

19Census divisions are regional groups of states: New England, Mid Atlantic, East North Central, West
North Central, South Atlantic/East South Central, West South Central, and Mountain/Pacific.

20For example, wj includes indicators by unit in the fixed-effects specification or individual means in the
correlated random effects specification.
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energy contract regime Rj.

3.3 Parameter identification

Identification of parameter β1,i is straightforward. Solving for β1,i in equation 10 reveals

for the optimal choice j∗(i):

β1,i = xj∗

(
α1,m +Rj∗

(
γ · Pe,d ·Qe,i

xj∗

))
. (12)

A household’s choice of housing characteristic xj∗ , with estimates of the hedonic price α1,m

and marginal cost of heating reveal an estimate of parameter β1,i. Estimation is discussed

in more detail later, but these are relatively simple applications of a hedonic price regression

and a “hedonic heat cost” regression. Note that the first-order conditions and the estimated

parameters can be solved for the counterfactual choices of xj under the two payment regimes.

Temperature preferences β2 and sbi are more difficult to identify. Using the home heating

rule in equation 9 for individuals in tenant-pay regimes (Rj = 1),:

s∗i = sbi −Rj∗

(
σ · Pe,d ·Qe,i

si − Tj∗

)
β2. (13)

Thus, temperature settings by landlord-pay households (Rj = 0) reveal bliss-point tempera-

ture settings, so sbi is directly observed for landlord-pay households. Likewise, temperature

settings by tenant-pay households reveal s∗i 6= sbi for tenant-pay households. With an esti-

mate of the disutility parameter β2 and the marginal cost of temperature setting, I can use

equation 13 to back out the unobserved bliss point for tenant-pay households as well as the

counterfactual optimal temperature setting under positive energy prices for current landlord-

pay households. I use two complementary approaches to identify the key parameter β2, both

based on equation 13: I estimate β2 using a revealed-preference approach in the RECS as

well as design and implement a choice experiment via a nationally-representative survey to

elicit changes in temperature setting in response to randomized variation in marginal heating
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costs.

First, I regress observed temperature setting on marginal costs, controlling for being in

landlord-pay and observed demographics. The bliss point is a physiological parameter that

depends on demographic characteristics Di. I therefore model sbi = S(Di) + δ(1−Rj∗) + hi,

where S(Di) is a function of demographics, δ(1 − Rj∗) represents unobserved differences in

bliss points for households which sort into landlord-pay units, and hi represents household

taste heterogeneity.21 Using these assumptions and equation 9, the optimal heating choice

can be rewritten as

s∗i = [S(Di) + δ(1−Rj) + h1,i] + [β2MC(Pe, Qe,i, si, Tj∗ , Rj∗)] , (14)

where MC(·) is the marginal cost of temperature setting: Rj∗ ·
(
σ · Pe·Qe,i

si−Tj∗

)
. Equation 14

traces out each household’s home heating rule. The first bracketed term represents the

bliss point as a function of demographics, while the second bracketed term represents the

response to the cost of home heating. Thus, a regression of temperature setting on household

demographics and the marginal cost of temperature setting (estimated in the heating cost

regression) provides an estimate of the mean disutility parameter β2. As a side benefit, the

coefficients on (1−Rj) and D have economically meaningful interpretations. The δ coefficient

on (1−Rj) represents the mean difference in bliss point preference for households in landlord-

pay regimes not explained by demographics. An estimate of S(Di) provides an estimate of

each household’s bliss point that is explained by observed demographic coefficients.

Second, to supplement this revealed-preference approach, I conduct a choice experiment

that allows me to estimate equation 13 directly using exogenous variation in energy costs. To

do so, I first elicit a subject’s bliss point by asking at what temperature they would set their

thermostats if heating was free. Next, I draw a low, medium, and high cost of changing the

thermostat that is calibrated from the estimated heating costs. Finally, I regress temperature

21I later discuss the possibility that the bliss point temperature setting may be different in different housing
units; e.g., a higher temperature may be preferred in an old and drafty unit relative to a new unit.
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setting on marginal cost to get an estimate of β2 that is free of endogeneity.

Thus, the model provides closed-form expressions for households’ heterogeneous pref-

erences β1,i and sbi . I use the estimated utility function parameters and heating costs to

calculate partial-equilibrium counterfactual energy use scenarios for each household and

characterize the relative effects of moral hazard, choice of home size, and sorting based

on temperature preference. The model allows me to estimate the welfare costs of moral

hazard and equilibrium sorting through deadweight loss and the external cost of emissions

from fossil fuels.

3.4 Empirical model strengths and limitations

The functional-form assumptions on the utility function eliminate the need for several

other assumptions common in the literature. First, the functional form allows the utility

parameters to vary arbitrarily by household. Though I specify the parametric form of the

utility function, the parameters are extremely flexible and general. Second, the random

coefficients do not require a researcher-imposed error term as is common in most random

coefficient utility models (Bajari and Kahn, 2005). Finally, some functional form assumptions

are necessary to simulate realistic counterfactuals in any setting.

Another attractive feature of the estimation strategy is that it does not require any as-

sumptions about supply-side market structure (Bajari and Kahn, 2005). Households react

to prices set outside of their influence. These prices could arise in a perfectly competitive

or monopolistic setting. The downside to this aspect of flexibility is that I cannot model

general-equilibrium supply-side effects. For example, in a counterfactual simulation of re-

moving the landlord-pay regime, landlords would likely respond by changing the level of

efficiency in the existing housing stock. While housing attributes such as square footage are

difficult to change, changes to appliances are a realistic response to a policy change. In ad-

dition, the hedonic prices of energy-efficiency features of housing units will adjust in general

equilibrium. Computed counterfactuals therefore only reflect the response of households in
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a partial equilibrium.

In addition to these relaxed constraints, the estimated parameters have an intuitive

reduced-form interpretation that lends credibility to the functional-form assumption. Equa-

tion 12 that identifies β1,i states that a household’s preference for a housing attribute

is revealed by the amount of a housing attribute xj purchased as well as the true cost,(
∂p
∂xj

+Rj · ∂H∂xj
)

, of the attribute. This makes sense: if household A purchases more square

feet than household B at the same price, all else equal, then household A’s preference for

square feet β1,A is revealed to be greater than B’s preference, β1,B. Similarly, if household A

faces higher cost per square foot than household B but chooses the same amount of square

feet, it is revealed that β1,A > β1,B. Thus, the utility parameters incorporate information

from variation in quantity chosen, the market price, and the cost to downstream heating.

The empirical identification of the utility parameters depends on the flexibility of the

estimated gradients. To see this, consider estimating an inflexible price gradient by restrict-

ing the coefficient on square feet to be the same for all households in the United States.

Call this estimate p̂sf , the marginal effect of square feet from a regression of price on hous-

ing attributes. Then consider two households: household A chooses a 1,000-square-foot

apartment with landlord-pay utilities in Los Angeles, California, and household B chooses

a 1,000-square-foot-apartment with landlord-pay utilities in Raleigh, North Carolina. Using

the framework developed above, β̂sf,A = β̂sf,B = 1, 000 · p̂sf . The issue is that the price of

an additional square foot is not the same in Los Angeles and Raleigh—the household in Los

Angeles has likely paid much more per square foot and has a stronger preference. The utility

differences between the two households are not identified due to unobserved price differences

between markets. In fact, the estimation of a single marginal price for square feet adds

no more information beyond the level choice of square footage. In this example, accurate

estimates of the marginal prices of square footage in each market identifies the difference

between two households’ utility parameters in different markets. The difference in quantities

purchased identifies within-market variation in a household’s utility parameters.
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I proceed by estimating the model parameters used to construct the utility parameters

above.

4 Estimation of model parameters

The key empirical objects needed to identify the model’s parameters are the marginal

impacts of thermostat setting and home size on heating cost as well as the hedonic price of

landlord-pay utilities and home size. I estimate these objects using a heat cost regression and

hedonic rent price regression. Using these estimates and individual home choices, I construct

estimates of the preference for square feet β1,i. I then use a regression-based approach to

estimate the temperature disutility parameter β2 and selection into landlord pay based on

bliss point. I corroborate these estimates using data from a choice experiment. Armed

with estimates of β2, I am able to back out unobserved bliss points for current tenant-

pay households. Finally, I use a LASSO regression to explore heterogeneity in bliss-point

temperature.

4.1 Heat costs

This step estimates the causal effect of home attributes and temperature-setting behavior

on home heating cost. How much more money does it cost to heat an additional square foot of

home space, ceteris paribus? Given that fuel use is governed by the relationship in equation

7, the marginal heating cost of attribute xj is
(
γ · Pe·Qe,i

xj

)
and the marginal heating cost of

temperature setting is
(
σ · Pe·Qe,i

si−Tj

)
. I estimate γ and σ by log-linearizing equation 7:22

ln(Qe) = σln(si − Tj) + γln(xj) + ln(uj), (15)

22For attributes with zero or negative values, I use the inverse hyperbolic sine transformation as an
approximation to the natural log.
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where si − Tj is the difference between the winter thermostat setting si and the average

outdoor temperature conditional on being less than 65◦F.23 Of course, the chosen heating

intensity si − Tj is an endogenous function q(·) of the fuel price Pe, home efficiency due to

attributes ln(xj), heating degree days HDDj, demographics Di, and unobserved tastes hi:
24

ln(si − Tj) = q(Pe, ln(xj), HDDj, Di, hi). (16)

Equations 15 and 16 are a classic demand system that I estimate using two-stage least

squares. Equation 15 is the structural equation of interest, in which si − Tj is endogenous.

Equation 16 points to a first-stage regression in which energy prices affect temperature setting

but satisfy the standard exclusion restriction and can be used as an instrumental variable

for temperature setting. The estimation sample is all tenant-pay renters in the RECS whose

fuel use is obtained directly from the utility company.25 Nearly all renters heat with either

electricity or gas; therefore, I estimate heat regressions for electricity and gas only. The final

sample of electricity-heated households includes a repeated cross section of 1,511 renters

surveyed in 2001, 2005, and 2009. The final sample of gas-heated households includes a

repeated cross section of 1,653 renters surveyed in 2001, 2005, and 2009.

Table 4 displays the ordinary least squares and two-stage least squares estimates of

equation 15. The two-stage least squares estimates of the energy-impacts of temperature

23The ideal but infeasible approach would be to calculate an individual measure of heating intensity for each
household i that measures the cumulative daily difference between the indoor temperature setting and the
outside temperature when the temperature outside is lower than the thermostat setting. Thus if T idealj,d is the

daily outdoor temperature, the ideal measure would be 1
365

∑365
d=1max{0, si−T idealj,d }. Because of data-privacy

concerns, I do not observe each household’s exact daily outdoor temperature over the year. Instead, I observe
“65◦F heating-degree days” for each household (HDDj), which is the cumulative difference between 65◦F and

the outdoor temperature when it is less than 65◦F outside (i.e., HDDj =
∑365
d=1max{0, 65−(T ij,ddeal|T idealj,d <

65)}). Using the provided HDDj , I back out the average outdoor temperature conditional on the outdoor
temperature being less than 65◦F and label this Tj . The constructed measure of heating intensity is the
difference between the temperature setting si and the average outdoor temperature conditional on the
outdoor temperature being less than 65◦F.

24See footnote 23 for a definition of heating degree days, a commonly-used measurement of frequency and
intensity of cold days per year.

25I exclude households whose fuel use is estimated. Note that fuel consumption and billing is not available
for landlord-pay households.
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setting σ and unit characteristics γ are precise. For gas-heated homes (with an average

monthly bill of $59), a one percent increase in thermostat setting increases the heating bill

by 0.49 percent, all else equal. A one percent increase in square feet increases the heating

bill by 0.21 percent, all else equal. Similarly, for electricity-heated homes (with an average

monthly bill of $91), a one percent increase in thermostat setting increases the heating bill

by 0.2 percent, all else equal. A one percent increase in square feet increases the heating bill

by 0.26 percent, all else equal.

Table 5 displays the estimated marginal costs using the two-stage least squares estimates.

Increasing the thermostat setting by one degree increases the heating bill by $3.57 on average

for gas-heated homes. It costs an average of $1.01 per month to heat an additional 100 square

feet for gas-heated homes. Increasing the thermostat setting by one degree increases the

heating bill by $2.89 on average for electricity-heated homes. It costs $2.42 per month to heat

an additional 100 square feet for electricity-heated homes. I use estimated marginal heating

costs averaged by year, census division, and by heating fuel type to construct preferences

and estimate welfare effects in the simulation model.

I also display the estimated savings from living in a larger apartment building. For gas-

and electricity-heated homes, heating bills are lower in buildings with a larger number of

units. This relationship between building size and energy savings is not due to the number

of floors as argued by Borck and Brueckner (2017). These results suggest economies of scale

in heating for large buildings with many units, independent of the number of floors.

4.2 Temperature disutility and bliss points

I first estimate the temperature disutility parameter (β2) in a regression of temperature

setting on estimated marginal cost using revealed-preference data from the RECS. My ordi-

nary least squares estimates are precise but inconsistent, while my two-stage least squares

estimates are consistent but imprecise. Thus, I use data from a choice experiment that I

conducted to get a precise causal estimate of β2 to corroborate the cross-sectional estimates.
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Finally, I explore potential heterogeneity in the disutility parameter using a LASSO ap-

proach. The point estimates of my revealed-preference approach are corroborated by the

choice experiment data.

First, I directly estimate the temperature disutility parameter β2 from the RECS using a

specification suggested by the heating rule in equation 14. I regress temperature settings on

demographics Di, a dummy for being on landlord-pay heating (1 − Rj), and the estimated

marginal cost M̂C:

si = ψ0 + ψ1Di + ψ2(1−Rj) + ψ3M̂Ci + hi, (17)

where hi is mean-zero heterogeneity. The marginal cost is estimated for household i in a

first stage as described in the preceding section.26 These predicted marginal cost terms are

endogenous because they depend mechanically on temperature setting, so I use fuel prices

as an instrument for temperature setting. Given the heating rule in equation 14, ψ̂3 is an

estimate of the mean disutility parameter β2, while ψ̂2 is the estimated difference in bliss-

point temperature preferences for households in landlord and tenant pay due to factors not

in Di.

Table 6 displays these estimates. The coefficient on the marginal-cost term is imprecise

and sensitive to controls in the two-stage least squares specifications. Meanwhile, the or-

dinary least squares estimates are tightly estimated around -0.55. Surprisingly, I find that

landlord-pay households have bliss points that are 1-3◦F lower than tenant-pay households

on average (67◦F vs 69-70◦F).

Next, to supplement imprecise estimates from the cross-sectional approaches, I conduct

a separate choice experiment to corroborate the estimates.27 The steps are as follows: First,

I elicit bliss point by asking subjects what temperature setting they would choose if there

was no cost to setting the thermostat. Next, I draw a low, medium, and high marginal cost

26Standard errors are bootstrapped and allow for sampling error in the estimation of the marginal cost
term.

27As described in Brewer (2018).
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for temperature setting from three independent uniform distributions. The temperature

marginal costs are calibrated from the estimates obtained from the RECS and range from $1

to $8 per month to change the thermostat by five degrees Fahrenheit. I then reveal each price

to the respondents and ask at what temperature they would set their thermostat, tracing

out each respondent’s demand for energy services.

I conducted the choice experiment in March 2018 using the Qualtrics Survey Panel.

The final sample includes 414 individuals drawn from a nationally representative sample

who each completed three temperature setting choices; combined, these choices make 1,242

individual-choice observations.28 Using the responses, I directly estimate equation 13 using

the following specification:

si,c − sbi = a+ bMCi,c + εi, (18)

where si,c is respondent i’s temperature setting for choice c and MCi,c is the randomly drawn

marginal cost. Given this estimating equation, b̂ is an estimate of β2.

Table 7 displays the ordinary least squares estimates, which indicate a β2 of -0.7. The

estimates are precise and are robust to controlling for individual fixed effects. These results

are similar to those obtained from the RECS approach, lending confidence to the estimates

above.

Across the well-powered estimation methods, the disutility parameter β2 ranges from -0.5

to -1. For the final simulation, I use the fixed-effects estimate of β̂2 = −0.79 from the choice

experiment and explore the sensitivity of the results to alternative parameter values of β2 =

-0.5 and -1. Figure 12 displays the estimated bliss-point temperature settings for landlord

and tenant-pay households assuming β2=-0.79. Surprisingly, landlord-pay households have

lower bliss points than tenant-pay households. Thus, I do not find strong evidence that

households select into landlord-pay regimes based on bliss-point temperature preference.29

28See the appendix for a more detailed description of sampling methodology, a description of how the final
sample was chosen, and exact question text.

29I explore alternative explanations to this finding in the appendix.
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4.2.1 Exploring heterogeneity with LASSO

Finally, I use a reduced-form double LASSO approach to flexibly explore heterogeneity

in the bliss point while allowing for heterogeneity in the temperature disutility parameter

β2.30 Here, I estimate an equation for temperature setting as a function of demographics Di,

housing attributes xi including Rj, and heating fuel prices faced by tenant-payers (RjPe).
31

I also include the interactions and squared terms of all these variables, resulting in 1,590

covariates. I estimate the equation

si =Υ0 + Υ1xj + Υ2x
2
j + Υ3Di + Υ4D

2
i + Υ5xjDi + Υ6(1−Rj) (19)

+ Υ7RjPe + Υ8RjP
2
e + Υ9(RjPe)xj + Υ10(RjPe)Di + ηi (20)

where ηi is unobserved mean-zero heterogeneity in preferences using the L1-norm LASSO

penalization.32 This approach flexibly traces out a predictive equation for temperature set-

ting. I use this equation to predict bliss-point temperatures for all households when prices

are equal to zero ŝi,lasso|Pe = 0 (landlord pay), and temperature settings for all households

when prices are positive ŝi,lasso|Pe > 0 (tenant pay).

Figure 7 displays the distribution of predicted bliss points using the LASSO algorithm.

The figure implies that landlord-pay households have observable attributes associated with

lower predicted bliss points than tenant-pay households. The distribution of estimated tem-

perature disutility parameters β2,i in figure 8 shows similar temperature disutilities by regime.

Landlord-pay households are less responsive to marginal heating costs than tenant-pay house-

holds on average, though the distribution of parameters is very similar overall. Finally, fig-

ures 9 and 10 display the distributions of predicted temperature settings under moral hazard

and fully internalized prices for landlord-pay and tenant-pay households. Both groups of

30The double LASSO uses a first-stage LASSO algorithm to select variables then performs ordinary least
squares regression on the selected variables. This approach eliminates the parameter bias introduced by
LASSO. See Belloni and Chernozhukov (2013).

31By using fuel prices rather than marginal cost in this regression I avoid the endogenous marginal cost
terms.

32I choose the penalization weight λ using 10-fold cross validation.
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households display significant predicted response to paying for heating.

To demonstrate the improved performance of the LASSO over OLS, I include cross-

validation performance metrics in table 8 and plot the predicted temperature settings versus

the true distribution in figure 11. I compare the LASSO to ordinary least squares and find

that LASSO significantly reduces mean-squared error and bias in cross validation. Despite

these performance gains and the wide variety of included predictors, the root-mean-squared

error of the best performing LASSO is still on the order of 5◦F. I conclude that a large degree

of heterogeneity in temperature preferences is idiosyncratic and difficult to predict.

4.3 Hedonic prices and preferences for attributes

The goal of this step is to recover the marginal prices of apartment unit attributes. For

example, how much does it cost to rent an apartment with more square feet, ceteris paribus?

Using the AHS data, I regress rental rate on unit characteristics while controlling for housing

market and year effects. I allow for different marginal price coefficients by census division,

which is the finest level of geography that can be used to link prices between the AHS and

RECS.

I estimate the hedonic gradient, allowing coefficients to vary by census division:

rentdmj = µ0,m + α1,dxj + α2,dPe,d + α3,d(1−Rj)Pe,d + α4,d(1−Rj) + µ1wj + νdmj, (21)

where rentdjm is the price of unit j in census division d, and MSA m. I allow coefficients

on attributes to vary by census division and allow mean rents to vary by MSA according

to µ0,m. The term xj represents attributes of unit j, (1 − Rj) is a binary variable equal to

one if the landlord pays for heat, Pe,d is the heating fuel price, wj are controls in estimation

used to account for unobserved unit heterogeneity, and νdmj are unobserved attributes or

market characteristics affecting rent.33 Pass-through of regional electricity and natural gas

33I control for unit square feet, bedrooms, bathrooms, air conditioning type, in-unit laundry, number of
units in the building, frequency of the rent payment, heating equipment type (e.g., furnace, electric room
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prices into the rent identifies the landlord-pay markup ∆p
∆R

—similar to a strategy used in two

recent papers by Myers (2017, 2018). If the fuel price was equal to zero, it would not matter

whether a housing unit’s heating bill was paid by the landlord or the tenant. However, a

positive fuel price should be capitalized into the implicit rental markup for a landlord-pay

housing unit. Further, variation in relative fuel prices should induce differential changes in

markups for landlord-pay vs tenant-pay units relying on different fuel types over time. This

intuition allows for the inclusion of a rich set of controls such as unit fixed effects, indicators

for fuel type, and flexible vintage by year indicators. Because of the relative variation in

fuel prices over time (depicted in figure 3), the landlord-pay markup is still identified when

including unit fixed effects. Intuitively, the identifying variation for the markup comes

from exogenous changes of fuel prices that are capitalized into higher rents for landlord pay

units. This strategy requires the assumption that rentals do not vary over time and space

between payment regimes in unobserved ways that are correlated with changes in relative

fuel prices over time. Figure 3 displays the time-series variation in the relative fuel prices

(in $/MMBTU) used to identify the markup.

Table 3 reports the estimates of the hedonic price of square feet and the estimated

markups by census division. The specifications include a “vanilla” ordinary least squares

estimation, a housing unit random-effects estimation, a housing unit fixed-effects estimation,

and a housing unit correlated-random-effects estimation. The preferred correlated-random-

effects specification uses the within-unit variation on fuel prices over time to trace out the

markup for having the landlord pay for heating but uses across-unit variation in square feet

to estimate the hedonic price of square feet. Figures 5 and 4 display the results from the

preferred correlated-random-effects specification. I find that 100 additional square feet costs

anywhere from $5-$20 extra per month to rent. These estimates are consistent across all

heaters, etc), non-heating utilities that the landlord pays, whether the unit was too cold last year, a sub-
jective rating of neighborhood quality, an indicator for gas heat, division interacted with fuel type, division
indicators, vintage by year interactions, landlord-pay interacted with division, MSA, and year dummies in-
teracted with the landlord-pay term. The wj term includes indicators by unit int he fixed-effects specification
or individual means in the correlated random effects specification.
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specifications. The high estimates in New England and the Mountain/Pacific divisions are

likely driven by expensive housing in New York City, San Francisco, and other such cities.

The confidence intervals for the estimated markup for having heat included in the rent are

wide and include zero for most census divisions. The point estimates suggest a markup as

low as zero and as high as $100 per month.

I construct household preferences for square feet β1,i by substituting the estimated values

for the hedonic price and average marginal heating cost into equation 12. Figure 13 displays

the distribution of estimated preferences for square feet. Landlord-pay households have

significantly lower preferences for square feet than tenant-pay households on average and

their choices are more sensitive to changes in the price per square foot.

5 Simulation results

Consider requiring all tenants to pay for their own heating bills. Landlord-pay households

would respond by re-sorting into different-sized housing units and changing their temperature

settings. I use the estimated utility parameters for temperature setting and housing unit

size to estimate household responses to such a change. Table 9 contains the results of the

simulation. Column (1) uses the preferred estimate of the temperature disutility parameter

β2 = −0.79 and columns (2) and (3) display results for alternative values of β2. On average,

landlord-pay households re-sort into housing units that are 140 square feet smaller and

reduce their thermostat settings by 4 degrees Fahrenheit. Overall, these changes translate

into lower energy expenditures of $218 per household per year or a 25 percent decrease

relative to observed energy bills.34 While 140 square feet seems like a large decrease in home

size, it only accounts for $30 per household per year. The moral hazard effect dominates,

accounting for a full $188 of lower expenditures per household per year.

What do these results imply for the welfare losses associated with the landlord pay

34This change is relative to the average bill for tenant-pay units because the actual heating bill is not
observed for landlord-pay households.
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regime? I calculate the deadweight loss from moral hazard and the sorting effect by con-

sidering not just additional expenditures but also each household’s benefit from consuming

additional energy services and square feet when the landlord pays. In addition, I calculate

the additional carbon dioxide emissions due to increased demand for fossil fuels.35 The total

calculated welfare loss is the deadweight loss plus the external cost of the carbon dioxide

emissions under landlord pay relative to a scenario in which all tenants pay for their own

heating and sort into different-sized housing units.36

Table 9 breaks down the yearly welfare cost per household and for the entire United

States. I calculate an average welfare loss of $154 dollars per household per year; external

emissions costs account for $43.68 of this total. Using the RECS survey weights, I calculate

the annual welfare loss across all landlord-pay households in the United States. I find that

the total welfare loss is $839 million per year. Of this amount, $238 million is due to the

external cost of carbon dioxide and $601 million is due to the deadweight loss. I also calculate

the welare costs based on the high and low range of disutility parameter (β2) estimates and

find that the total welfare loss ranges from $682 million to $1.26 billion per year.

The model estimates significant regional heterogeneity in welfare impacts. Both the East

North-Central and West North-Central regions have the lowest total deadweight loss impacts

at $117 and $70 per household per year. The Mountain/Pacific and South Atlantic/East

South Central regions have the highest total deadweight loss impacts at $203 per household

per year. Regional differences in fuel prices and the number of carbon-intensive electricity-

heated units drive this heterogeneity.

35I assume a $40/ton external cost of carbon dioxide. For natural gas, I assume that natural gas combustion
releases 53.12 kilograms of carbon dioxide per 1000 cubic feet (EIA, 2016). For electricity, I calculate a simple
carbon emission intensity for each census division by dividing total electricity production by total carbon
emissions from electricity production.

36In terms of the model, the total monthly welfare loss to society from moral hazard in landlord pay

household i is
∫ sbi
si|Rj=1

∂H
∂si

+β2
(
s− sbi

)
+Cs(e,m)ds where Cs(e) is the marginal carbon cost of temperature

setting for fuel type e in census division m. The total monthly welfare loss to society from sorting on attribute

xj is
∫ xj |Rj=0

xj |Rj=1

(
∂H
∂xj

+ ∂P
∂xj

)
− β1,i

x + Cx(e,m)dx where Cs(e) is the marginal carbon cost of square feet for

fuel type e in census division m.
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6 Conclusions

When the landlord pays for heating, the renter does not face any price incentive for

energy conservation—a clear form of moral hazard. Landlord-pay households thus choose

higher thermostat settings than if they paid for heating. In addition, when the landlord

pays for heating, the renter does not pay the implicit energy cost of of square feet and

other home attributes. Landlord-pay households thus have an incentive to choose larger

housing units than if they paid for heating. Landlord-pay residential energy contracts create

perverse energy-use incentives for moral hazard and equilibrium sorting that if eliminated

could provide private savings and reductions in fossil-fuel emissions.

In this paper, I build a model in which households jointly choose home attributes and

temperature setting. Households sort into housing units by selecting the heating contract

and the size of the unit, considering the difference in heating cost. After selecting a home,

the household chooses the indoor temperature setting. If in a tenant-pay unit, the household

faces a tradeoff between energy services and other consumption. If in a landlord-pay unit,

the household ignores heating costs and heats to its temperature bliss point. The model

allows me to estimate the welfare impacts of choosing a housing unit that is too large and

setting the thermostat too high.

Using observed rent prices, home attributes, energy bills, temperature settings, and a

choice experiment, I estimate key parameters in the model. I find that landlord-pay house-

holds heat 4◦F higher than if they were made to pay their own heating bills. In addition,

these households choose housing units 140 square feet larger than if they were made to pay

their own bills. These distortions result in welfare losses of about $154 per household per

year. Aggregated across all US landlord-pay households, these results imply $839 million

in welfare losses per year from landlord-pay contracts, including $238 million due to the

external cost of carbon emissions.

The landlord’s role in contract choice is still not well-understood. Future work should

explore the landlord’s role in selecting housing attributes and choosing to bundle utility
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payments into the rent. I find suggestive evidence for economies of scale in home heating: for

gas-heated units, units in larger apartment buildings are significantly less expensive to heat.

Units in larger apartment buildings are also significantly more likely to have landlord-pay

utilities. Landlord-pay units may have more energy-efficient appliances and insulation than

tenant-pay units (Myers, 2018; Gillingham et al., 2012). The results here and in the literature

suggest that landlords choose to pay for heating when it is profitable. The landlord’s joint

decision has not received much attention in the current literature and would shed light on

the other side of the market.
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Appendices

A Science and engineering findings on temperature pref-

erences

The science and engineering literatures characterize temperature preferences along three

dimensions: temperature sensitivity, temperature discomfort, and mean temperature pref-

erence (Kingma and van Marken Lichtenbelt, 2015; Karjalainen, 2012; Indraganti and Rao,

2010; Schellen et al., 2010) . Temperature sensitivity is the ability to detect changes in

temperature from a baseline. Temperature discomfort is a subjective rating of how uncom-

fortable deviations from a bliss point temperature are. Finally, mean temperature preference

refers to the temperature bliss point itself. In terms of the model in this paper, tempera-

ture sensitivity and discomfort are factors in determine the disutility parameter (β2, while

mean temperature preference is a measure of bliss point sbi (where the indoor temperature’s

contribution to utility is − 1
β2

(si − sbi)2).

Human temperature preferences depend on several physiological factors. Diets rich in Vi-

tamin C have been shown to improve extreme heat tolerance in many studies (Ringsdorrf Jr.

and Cheraskin, 1982). Older individuals prefer higher temperatures than younger individu-

als (Schellen et al., 2010), though the elderly have been shown to find colder temperatures

less unpleasant perhaps due to decreased sensitivity (Taylor et al., 1995). The majority of

scientific temperature studies conclude that women prefer higher temperatures and are more

sensitive to temperature extremes (Kingma and van Marken Lichtenbelt, 2015; Karjalainen,

2012).37

Culture may play a role in driving temperature preference differences between sexes. A

study of Finnish men and women found that while women report more discomfort than men

37See also Karjalainen (2007); Fanger (1970); Parsons (2002); Cena and de Dear (2001); Muzi et al. (1998);
Pellerin and Candas (2003); Griefahn and Knemund (2001); Nakano et al. (2002); Nagashima et al. (2002)
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in both low and high temperatures, women are less likely to adjust the thermostat and are

more likely to prefer warmer settings in general (Karjalainen, 2007). In another study, Indian

men and women exhibited a slightly different effect: while women were more sensitive to

temperature changes than men, they were less likely to report discomfort (Indraganti and

Rao, 2010). This cross-country difference is suggestive of a cultural role in temperature

preference. In the United States, women have been found to express greater temperature

discomfort than men (Beshir and Ramsey, 1981). Another study examining more general

aspects of workplace environment such as air quality, social conditions, and noise levels in

addition to temperature has found that women report a greater number of work-related

health symptoms than men in general (Reynolds et al., 2001). Surprisingly, temperature

was a statistically significant determinant of workplace health problems for men and not

women. The authors speculate that these findings are likely driven by cultural attitudes of

“stoic” behavior among men. In any case, sex and culture are both important determinants

of heat preference.

When exposed to heat and cold over time, the human body adapts physiologically to

become more tolerant of hot and cold temperatures (Young, 2010). Households living in

colder climates will likely be more tolerant of cool indoor temperatures. Through this chan-

nel, temperature preference may also be related to income if low-income households develop

a resilience to cold weather when conserving on heating costs, or if low-income households

tend to work or commute outdoors in cold weather. Indraganti and Rao (2010) demonstrate

an income-temperature effect for heat resilience in India with less wealthy individuals re-

porting a higher comfort level in extreme summer weather conditions. Thus, local climate

and income will likely influence temperature preference.38

Households reveal bliss-point temperature preferences when heating without price con-

38In theory, this acclimatization process could be used as a “defensive” behavior to mitigate energy ex-
penditures. There is recent experimental evidence that suggests individuals can consciously alter the body’s
internal temperature response with training (see Kox et al.’s (2014) study of the “Wim Hof method” in
the Proceedings of the National Academy of Sciences). This relatively unknown method involves bathing in
temperatures near 32◦F over weeks to become acclimatized to low temperatures. While this form of defensive
behavior might be used in theory to reduce heating costs, I do not think it is likely.
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straints. The science and engineering literature has found that physiological factors such

as age, sex, and previous temperature exposure influence temperature preferences. Other

factors such as culture, behavioral or psychological adaptation (de Dear and Brager, 1998),

and idiosyncratic preferences probably play a large role. If temperature preference is largely

determined physiologically, then preferences can be predicted using reported demographics

and revealed heating choices.

B Data cleaning notes

Vacation homes, vacant units, timeshares, tents, mobile homes, and hotel rooms are

dropped from the sample. This essentially leaves only traditional apartment units and rental

homes in the sample. In addition, units where no rent is paid, the rent is reported to

be adjusted due to relationship with the owner, the frequency of the rent payment is not

reported, and units where the square footage is not reported are dropped from the sample.

The American Housing Survey is topcoded in rent price, so units with the top 3% of rents in

the sample in the National sample are dropped, and the top 3% of rents in each geographic

area in the Metropolitan sample are dropped.

C Choice experiment methodology

I elicit the disutility parameter β2 from a choice experiment conducted through the

Qualtrics Panel. Participants are drawn from a nationally representative sample. I elim-

inated respondents if they failed Qualtrics speeding checks, failed attention check questions

placed in the survey (e.g. “Agree or disagree: I breathe more than once per day.”), if they

do not use heat in the winter, or if they provided poor-quality responses (e.g. gibberish in

free response boxes). The final sample includes 414 individuals.

First, I elicit bliss point by asking
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Imagine that you do not have to pay for heating your home during the winter. In

this situation, what temperature setting (degrees F) would you choose when you

are at home?

Next, respondents are shown an example

In this part of the survey, you will be asked to choose an indoor temperature

setting during the winter for when you are at home. Each question asks about a

scenario where heating is more or less expensive. The cost of heating your home

in each scenario is the monthly cost of increasing your thermostat setting by one

degree Fahrenheit while you are at home.

For example, if each degree Fahrenheit change cost $1 on your monthly heating

bill, the following changes to your thermostat setting would have these costs or

savings:

Thermostat change Cost per degree Monthly heating bill change

Decrease thermostat by 4◦F $1 Save $4

Decrease thermostat by 2◦F $1 Save $2

Do not change thermostat $1 No change

Increase thermostat by 2◦F $1 Spend $2

Increase thermostat by 4◦F $1 Spend $4

I draw a low, medium, and high marginal cost from three indepdendent uniform distri-

butions spanning $1 to $8 per month for a five degree Fahrenheit change when they are

home. Respondents see a price and are asked to input their chosen temperature setting. For

example,

Choice #3: Imagine increasing your thermostat by one degree Fahrenheit will

increase your monthly heating bill by $1.60 (or changing your thermostat by five

degrees Fahrenheit will increase your heating bill by $8).
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When a one degree change in temperature costs $1.60 per month, what tempera-

ture setting would you choose?

Remember that you said you would set your thermostat to 70 degrees Fahrenheit

if you weren’t paying for heating.

Respondents input their chosen temperature into a text-response box.

D Alternative explanations

I provide descriptive evidence showing that landlord-pay households are in control of

their temperature settings. One alternative explanation for the lack of evidence that house-

holds select into landlord pay regimes based on bliss point temperature preference is that

thermostat settings by landlord-payers may not reflect the true bliss point. If the landlord

controls the thermostat in these regimes, interpreting thermostat settings as revealed bliss

point is improper; however, there is only limited evidence to support this hypothesis. In the

2015 version of the Residential Energy Consumption Survey, respondents are asked whether

they control their thermostat. 86% of landlord-pay households report that they control the

temperature setting in their home. The difference in temperature settings between those in

control and not in control is not statistically different from zero. Given the small number of

households and the lack of perceivable differences in temperature settings, I conclude that

it is not likely that this effect is driving the results.
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E Figures and tables

Figure 1: Average temperature setting by year compared between landlord-pay and tenant-
pay regimes. The tenant-pay temperature settings statistically vary between sample years,
possibly due to changes in energy prices and resulting behaviors. This figure does not
include households that turn off the heat completely: 28 (3.1%) landlord-pay housholds and
244 (6.8%) tenant-pay households.
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Figure 2: Average temperature setting when out of the house between landlord-pay and
tenant-pay regimes. This figure does not include households that turn off the heat com-
pletely: 28 (3.1%) landlord-pay housholds and 244 (6.8%) tenant-pay households.
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Figure 3: Time series variation in the average ratio of electricity to natural gas price per
BTU.
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Figure 4: Plots of estimated average markup for having the landlord-pay heating ∆p
∆Rj

by

census division from the preferred correlated-random-effects regression in table 3. 95 percent
confidence intervals are derived using cluster-robust standard errors.
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Figure 5: Plots of estimated average hedonic price for 100 square feet ∂p̂
∂xj

by census division

from the preferred correlated-random-effects regression in table 3. 95 percent confidence
intervals are derived using cluster-robust standard errors.
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Figure 6: Density of bliss point temperature settings in two degree bins (left) and then
unbinned (right). Does not include 11 (1.2%) households that did not use heat in the
winter. Plotted against a normal distribution.

48



0
.0

2
.0

4
.0

6
.0

8
.1

kd
en

si
ty

 p
re

di
ct

ed
bl

is
s

40 60 80 100
x

LL payers, price = 0 Tenant payers, price = 0

LASSO predicted bliss point by regime

Figure 7: The LASSO-predicted temperature settings when price is zero (bliss point) for
landlord-pay and tenant-pay households. Landlord-pay households are predicted as having
lower bliss point temperature preferences.
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Figure 8: The implied temperature disutility parameters β2,i estimated from the LASSO
regression.
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Figure 9: The LASSO-predicted effect on temperature setting of requiring landlord-pay
households pay their own heating bills.
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Figure 10: The LASSO-predicted effect on temperature setting of moving tenant-pay house-
holds to a landlord-pay regime.
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Figure 11: The predicted temperature setting using LASSO versus the observed temperature
setting used to train the algorithm.
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Table 1: Comparison of means in Residential Energy Consumption Survey sample

Tenant-pay renters Landlord-pay renters
Mean Std dev Mean Std dev

Mean winter heat temp 67.36 (5.88) 67.40 (7.07)
Temp when home 70.12 (4.91) 70.34 (4.67)
Temp when gone 66.38 (7.02) 68.02 (5.94)
Temp at night 68.59 (5.83) 68.84 (5.69)
Household size 2.65 (1.57) 2.09 (1.38)
Age 40.56 (15.97) 46.59 (20.16)
Female 0.43 (0.49) 0.40 (0.49)
White 0.68 (0.47) 0.70 (0.46)
Black 0.20 (0.40) 0.19 (0.39)
Native American 0.02 (0.13) 0.01 (0.08)
Asian 0.04 (0.20) 0.05 (0.22)
Pacific Islander 0.00 (0.07) 0.00 (0.05)
Other 0.03 (0.17) 0.04 (0.19)
Multi-racial 0.02 (0.15) 0.01 (0.12)
Unemployed 0.29 (0.45) 0.39 (0.49)
Part-time 0.17 (0.38) 0.19 (0.39)
Income $0 to $4,999 0.05 (0.22) 0.09 (0.28)
Income $5,000 to $9,999 0.08 (0.28) 0.16 (0.37)
Income $10,000 to $14,999 0.09 (0.29) 0.16 (0.36)
Income $15,000 to $19,999 0.09 (0.28) 0.10 (0.29)
Income $20,000 to $29,999 0.17 (0.38) 0.16 (0.36)
Income $30,000 to $39,999 0.15 (0.35) 0.11 (0.32)
Income $40,000 to $49,999 0.12 (0.32) 0.08 (0.27)
Income $50,000 to $74,999 0.14 (0.35) 0.09 (0.29)
Income $75,000 to $99,000 0.06 (0.24) 0.03 (0.16)
Income $100,000 or more 0.05 (0.21) 0.03 (0.17)
New England 0.05 (0.23) 0.14 (0.34)
Middle Atlantic 0.07 (0.26) 0.21 (0.41)
East North Central 0.09 (0.29) 0.17 (0.38)
West North Central 0.10 (0.30) 0.09 (0.28)
South Atlantic 0.16 (0.37) 0.10 (0.30)
East South Central 0.06 (0.23) 0.03 (0.17)
West South Central 0.14 (0.34) 0.10 (0.30)
Mountain 0.09 (0.28) 0.07 (0.25)
Pacific 0.24 (0.43) 0.11 (0.31)

Observations 3,164 829
Sample means for tenant- and landlord-pay units using electric or gas heating in
the Residential Energy Consumption Survey. Standard deviations in parentheses.
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Table 2: Comparison of means in American Housing Survey sample

(1) (2)
Tenant-pay units Landlord-pay units
Mean Std dev Mean Std dev

Monthly rent 803.01 (388.74) 701.65 (401.02)
Energy price per MMBTU 23.07 (10.45) 19.29 (10.18)
Freq rent payment 11.99 (1.62) 12.25 (3.42)
Sq ft 1098.00 (1133.66) 876.79 (1139.78)
# Bedrooms 1.98 (0.89) 1.50 (0.84)
# Baths 1.29 (0.49) 1.09 (0.35)
# Rooms 4.42 (1.32) 3.70 (1.22)
Sq ft 1098.00 (1133.66) 876.79 (1139.78)
Neighborhood rating 7.48 (2.02) 7.45 (2.16)
Unit age (years) 40.76 (23.14) 47.48 (21.73)
# units in building 16.79 (49.95) 48.28 (89.50)
Urban 0.58 (0.49) 0.62 (0.49)
Laundry 0.52 (0.50) 0.19 (0.39)
Central air 0.60 (0.49) 0.43 (0.50)
Furnace heat 0.61 (0.49) 0.53 (0.50)
Gas heat 0.44 (0.50) 0.69 (0.46)
Unit too cold last year 0.09 (0.28) 0.09 (0.29)
Observations 88,700 17,371
Sample means for tenant- and landlord-pay units using electric
or gas heating in the American Housing Survey. Standard errors
in parentheses.
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Table 3: Hedonic price estimates using AHS data

(1) (2) (3) (4)
Y = rentj OLS RE FE CRE

Price, 100 sq ft
New England 13.15 13.87 12.69

[10.86,15.43] [10.12,17.61] [9.044,16.33]
Mid Atlantic 6.874 5.423 5.254

[5.466,8.282] [3.208,7.638] [3.025,7.483]
East North Central 7.416 7.960 6.957

[6.283,8.549] [6.649,9.271] [5.690,8.223]
West North Central 8.223 8.030 7.426

[6.457,9.989] [6.039,10.02] [5.499,9.353]
West South Central 9.148 10.05 8.340

[8.010,10.29] [8.720,11.38] [7.065,9.616]
South Atlantic/ 7.888 8.961 7.740
East South Central [7.049,8.727] [7.883,10.04] [6.671,8.809]
Mountain/Pacific 19.43 20.40 18.42

[18.59,20.27] [19.10,21.70] [17.08,19.76]
Landlord-pay markup
New England -79.09 14.78 123.5 128.4

[-192.2,34.05] [-112.3,141.9] [-69.39,316.4] [-66.60,323.4]
Mid Atlantic -83.20 -54.54 -26.90 -19.69

[-178.4,12.02] [-152.2,43.08] [-160.0,106.1] [-156.9,117.5]
East North Central 5.812 -11.72 -21.13 -24.39

[-56.59,68.22] [-68.37,44.93] [-92.44,50.18] [-96.58,47.81]
West North Central 18.12 12.97 31.08 29.03

[-63.72,99.96] [-55.75,81.69] [-58.80,121.0] [-61.33,119.4]
West South Central 39.63 81.98 148.4 141.1

[-53.41,132.7] [-7.716,171.7] [19.40,277.4] [12.11,270.1]
South Atlantic/ 92.19 115.0 146.9 141.5
East South Central [24.66,159.7] [37.85,192.2] [32.83,260.9] [27.16,255.8]
Mountain/Pacific -159.8 -102.6 -37.71 -41.19

[-209.0,-110.7] [-162.4,-42.77] [-118.2,42.79] [-121.7,39.33]

Unit characteristics Y Y Y Y
Vintage × year Y Y Y
Unit FE/means Y Y
LL pay × year Y Y Y Y
MSA Y Y Y
Observations 107,725 107,725 107,725 107,725

95 % confidence intervals in brackets constructed with cluster-robust standard errors. Interpretation is the
additional monthly rent for 100 additional square feet and the additional monthly rent to have landlord-
pay utilities (i.e., ˆα3,d

¯Pe,d), ceteris paribus. Unit characteristics controlled for are bedrooms, bathrooms,
air conditioning type, in-unit laundry, number of units in the building, frequency of the rent payment,
heating equipment type (e.g., furnace, electric room heaters, etc), non-heating utilities that the landlord
pays, whether the unit was too cold last year, a subjective rating of neighborhood quality, an indicator for
gas heat, and division interacted with fuel type.
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Table 4: Fuel use estimates using RECS data

Natural gas Electric
(1) (2) (3) (4)

Y = ln(Fuelquantity) OLS 2SLS OLS 2SLS
IHS(Tempindoor − Tempoutdoor) 0.100 0.49 0.019 0.20

[0.071,0.13] [0.39,0.59] [-0.0029,0.042] [0.079,0.33]

ln(Square feet) 0.21 0.21 0.28 0.26
[0.14,0.28] [0.14,0.29] [0.21,0.36] [0.14,0.39]

ln(Units in building) -0.14 -0.15 -0.057 -0.038
[-0.18,-0.10] [-0.19,-0.10] [-0.081,-0.033] [-0.078,0.0015]

Floors in building 0.042 0.027 -0.0035 -0.021
[0.0041,0.080] [-0.018,0.072] [-0.028,0.021] [-0.056,0.015]

Observations 1653 1653 1511 1511
Mean heat bill ($/month) 58.8 58.8 91.0 91.0
Unit characteristics Yes Yes Yes Yes
Appliances Yes Yes Yes Yes
VintageXYear Yes Yes Yes Yes
Interpretation: For a 1% increase in x, there is a b̂% increase in monthly heating bill for a fixed energy price,
ceteris paribus. Fuel prices at the division level and yearly heating and cooling degree days are instruments.
IHS is the inverse hyperbolic sine function, which approximates the natural log, but is defined for non-positive
values. 95% Confidence intervals calculated using heteroskedasticity-robust standard errors.
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Table 5: Average marginal effects on monthly heating costs using RECS data

(1) (2)
Natural gas Electric

Heat setting - one degree change 3.57 2.89
[2.76,4.37] [1.06,4.71]

Square feet - 100 sq ft change 1.01 2.42
[0.63,1.39] [1.31,3.53]

Units in building - one unit change -5.86 -1.74
[-7.71,-4.01] [-3.61,0.13]

Floors in building - one floor change 1.11 -1.18
[-0.80,3.02] [-3.25,0.90]

Observations 1653 1511
Unit characteristics Yes Yes
Appliances Yes Yes
VintageXYear Yes Yes
Interpretations: For a unit change in x, there is a b̂ dollar increase in monthly heating bill, ceteris
paribus. Estimates from the two stage least squares specification in table 4. 95% confidence
intervals are bootstrapped using 1,000 replications.
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Table 7: Temperature setting estimation using choice experiment

(1) (2)
OLS FE

β̂2 -0.76 -0.79
[-1.08,-0.43] [-0.97,-0.61]

Constant -0.45 -0.42
[-0.77,-0.14] [-0.60,-0.24]

Observations 1242 1242
FE Yes
Estimation of equation 18. 95 percent confidence intervals in brackets. Estimated on a sam-
ple of choice experiment respondents for which hypothetical marginal cost is varied randomly.
I conducted the choice experiment in March 2018 using the Qualtrics Panel and a nationally
representative sample of US individuals.

Table 8: LASSO heterogeneity

OLS LASSO
Mean predicted bliss temp 72.01 67.82
Std dev. 5.56 4.39
Mean predicted tenant pay temp 67.31 67.31
Std dev. 4.44 4.24
Mean implied β2 -1.54 -9.31
Std dev. 10.57 59.29

RMSPE 8.73 5.71
MSPE 76.15 32.55
Bias -0.01 0.00
Covariates 1590 1590
FinalCovariates 1590 1209
Observations 3993 3993
Mean-squared error, root-mean-squared error, and bias statistics calculated using ten-fold cross validation.
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Table 9: Simulation results:
Effect of changing all landlord-pay contracts to tenant-pay

(1) (2) (3)
Reduction in energy expenditures per household, per year
Temperature reduction 4.15 6.54 3.27
Square feet reduction 139.57 139.57 139.57

Implied welfare loss from landlord pay per household, per year
Moral hazard DWL $7.83 $12.33 $6.17
Sorting DWL $1.34 $1.34 $1.34
Carbon damages $3.64 $5.46 $2.97

Total US, per year average
US yearly welfare loss $839,000,000 $1,260,000,000 $682,000,000

β2 -0.79 -0.5 -1.00
Average household responses to eliminating moral hazard by requiring tenant-pay heat-
ing in all units. Total welfare losses include deadweight losses from moral hazard, equi-
librium sorting, and external cost of carbon ($40/ton CO2) over all landlord-pay units
using survey weights.
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