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Abstract
Greater adoption of renewable energy technologies by
households is a key component of decarbonization and
energy transition goals. Although existing literature has
examined how sociodemographic characteristics, “green”
preferences, and peer effects impact adoption of new
energy technology, the role of behavioral preferences has
not been adequately studied. In this paper, we examine
the effect of two types of behavioral preferences, namely
the degree of risk tolerance (risk preference) and attitude
toward delayed reward (time preference) on the contract
decision to lease or own a solar photovoltaic (PV) system.
We develop a theoretical framework to show that the
effect of risk and time preferences on the relative utilities
from the two contracts is monotonic: Lower risk aversion
and lower discount rate (more patience) imply a higher
chance of solar PV ownership. To test these predictions
empirically, we first estimate preference parameters (risk
aversion and discount rate) from laboratory data collected
from solar PV adopters. We then combine the parameter
estimates with data on actual solar PV contract choice to
examine the relationship between solar PV adopters’ time
and risk preferences and their lease-versus-own choice.
Our regression results confirm that less risk averse indi-
viduals have a higher tendency to choose the ownership
option, whereas more patient individuals are (weakly)
more likely to own their solar PV systems. These findings
contribute to a greater understanding of the role of behav-
ioral factors in household decisions related to energy
technologies.
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1 | INTRODUCTION

Many national and regional economies around the world are undergoing energy transition, replacing
fossil fuel energy sources with clean and renewable energy sources like wind and solar. The
U.S. Energy Information Agency estimates that by 2050, 42% of electricity will be sourced from
renewable energy sources, which primarily will be wind and solar (Nalley & LaRose, 2021). The
drivers behind this transition are myriad, including concerns about climate change, health, and envi-
ronmental impacts of fossil-based energy, falling costs, and geopolitics. One distinguishing charac-
teristic of renewable energy sources is that electricity production is more decentralized, compared to
conventional coal or gas-fired power plants. In particular, for solar power, a significant share of elec-
tricity will be produced from rooftop solar photovoltaic (PV) installations, which include residential
systems. The shift from centralized generation to a more distributed energy generation (and storage)
structure puts electricity production under the direct control of households. In this new energy land-
scape, household-level decisions regarding the adoption and use of solar energy will have far-
reaching impacts on the broader energy market. For this reason, it is increasingly important to
understand the factors affecting household decisions in the solar PV market.

Earlier literature has examined many observable household characteristics, such as income, edu-
cation, and pro-environment preference, and found that they are correlated with households’ choices
in the energy domain (De Groote et al., 2016; Jacksohn et al., 2019; Schelly & Letzelter, 2020).
Unobservable yet crucially important factors, such as behavioral preferences and decision anomalies,
have not been adequately studied. The importance of including these “unobservables” in explaining
real-world decision making is demonstrated by a large and growing behavioral economics literature
under a variety of domains, including the labor market, health, and personal finance (Anderson &
Mellor, 2008; Elston et al., 2005; Lusk & Coble, 2005). In this study, we aim to capture behavioral
preference parameters using state-of-the-art experiments and structural estimation techniques. We
then use these parameters to explain household contract choices in the solar PV market. In particu-
lar, we examine two types of behavioral preferences, namely the degree of risk tolerance (risk prefer-
ence measured by risk aversion) and attitude toward delayed reward (time preference measured by
the discount rate). Using these two preference measures, we aim to explain contract choice in the
solar PV market, which can be broadly categorized into either a leasing contract or an ownership
contract (hereafter, “lease-versus-own” contract).

We focus our attention on risk and time preferences, as they are the most relevant decision
parameters that distinguish a solar ownership contract from a solar leasing contract. To own the
solar PV outright, one must pay a high upfront installation cost. The ownership option, therefore,
requires the decision maker to be patient, which is a strong willingness to trade off short-term losses
with long-term gains. Solar PV owners also face a more volatile stream of financial returns, which
suggests that owners may be a select group of individuals who have higher risk tolerance. In contrast
to ownership, leasing solar panels involves little upfront cost and delivers predictable benefits over
time. Hence, it is not necessary for someone to possess the same high level of risk tolerance and
patience to become a solar lessee.

In addition to the implications of the lease-versus-own decision on individual household welfare,
this choice has important implications for policies that support renewable energy. For example,
when households choose ownership, more of the financial benefits accrue to the local economy. This
is because ownership of solar panels typically results in the hiring of local installers and local sourc-
ing of equipment compared to leasing solar panels from a third-party owner, which tends to operate
nationally and sources materials from outside the state. Moreover, the tax credit for solar installation
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is given to the owner of the panels. If a household owns its panels, the financial benefit of the tax
credit is more likely to go to the local economy (MA-DOER, 2013). Knowing whether the choice to
own is correlated with behavioral and demographic factors can help policymakers design better poli-
cies to localize the benefits of solar adoption.

We formally model the above-mentioned tradeoffs between leasing and owning using a frame-
work that involves both firm and consumer optimization. We assume firms who offer both leasing
and owning contracts to be risk neutral and discount with ongoing market interest rate. We establish
that there is an equilibrium leasing fee that equalizes the firm’s profit from the two contracts. We
then specify the household’s utility function from owning and leasing based on the equilibrium leas-
ing fee. Our model allows households to have flexible utility functions under various behavioral
assumptions: Households may have heterogeneous risk parameters and a discount rate that differs
from the market interest rate. We obtain analytical expressions to show that the effect of risk and
time preferences on the relative utilities from the two options is monotonic. Lower risk aversion
implies a higher chance of choosing ownership. Similarly, a lower discount rate (more patient indi-
vidual) implies a higher chance of ownership. To our knowledge, our model constitutes the first
attempt to formally model household contract choice in the solar PV market.

To properly test the model’s predictions, it is crucial to obtain accurate measures of owners’ and
lessees’ risk and time preferences. We obtain these measures by applying state-of-the-art experimen-
tal design to elicit these preferences using a sample of solar adopters from the state of Massachu-
setts.1 In particular, we implement an “incentive-compatible” experimental design with subjects
recruited from actual solar PV adopters. Incentive compatibility ensures that the choices
subjects make in the laboratory reflect their actual risk and time preferences in both theoretical and
empirical contexts. The carefully designed laboratory tasks also involve repeated decisions from each
subject in two types of decision environments, one involving risky lotteries and the other delayed
rewards. With multiple decisions collected from each subject, it is possible to infer risk and time
preferences for each individual using both nonparametric count data and structurally estimated util-
ity parameters under a variety of parametric utility assumptions (e.g., expected utility and rank
dependent utility). Additionally, our experimental design allows joint estimation of the risk and time
preference parameters, which is key to avoiding upward bias of the discount rate when risk neutrality
is imposed on risk averse individuals (Andersen et al., 2008; Andreoni & Sprenger, 2012).

Combining robust laboratory inferences with data on actual contract choice of households, we
empirically examine the relationship between solar adopters’ time and risk preferences, and their
lease-vs-own decision. We find that solar lessees are on average more risk averse than solar owners.
The difference in the risk parameter between owners and lessees is statistically significant. Our result
can be interpreted as evidence of risk preference playing a role in solar contract choice; More
risk-averse individuals favor the less risky solar leasing contract. Our results on the effect of an indi-
vidual’s time preference on their lease-versus-own decision are a bit mixed. In the nonparametric
analysis, patient individuals who chose larger later payment options have a higher tendency to own
their panels. This result is significant and robust across multiple specifications with or without con-
trols. The parametric analysis, however, does not yield similar statistical significance. That is, we find
that individuals with lower discount rates (those who are more patient) are no more likely to own
their solar PV systems.

There are some studies that have linked risk and time preferences with household decisions in
energy and environmental settings (Qiu et al., 2014; Qiu et al., 2017; Schleich et al., 2019). These
studies are primarily empirical. We add to the literature by providing a theoretical decision model in
the context of renewable energy adoption. Moreover, our empirical strategy largely differs from the
above-mentioned literature. Schleich et al. (2019) obtain their the preference parameters by numeri-
cally solving for them in an equation system. This approach limits the number of parameters to be
solved, which in turn imposes a strict assumption on the utility functional form. Qiu et al. (2014,

1In 2022, Massachusetts ranked eighth in the nation for net generation from solar energy (U.S. Energy Information Administration, 2023).
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2017) infer the range of parameters from raw data and assign the midpoint value. Their inference,
therefore, is less precise and not applicable for decisions that involve multiple switching.2 To
improve upon these limitations, we apply maximum likelihood structural estimations to obtain pref-
erence parameters. In particular, we jointly estimate the optimal value for a large set of parameters
to maximize the chance of observing a particular pattern of choices from each individual. The main
advantage of adopting such an approach is that it (1) allows for a variety of flexible utility assump-
tions to establish robust inferences, (2) accounts for multiple switching by modeling decision noise,
and (3) can avoid biasing the time preference parameter by jointly estimating it with the risk prefer-
ence parameter.

Our work is related to research that examines household lease-versus-own decision in the solar
PV market. Existing studies primarily focus on nonbehavioral factors, such as demographic differ-
ences (Drury et al., 2011; Rai & Sigrin, 2013), information search (Pless et al., 2020), and cashflow
constraints (Rai & Sigrin, 2013). Although our focus is on behavioral factors, we take nonbehavioral
factors into account by including them in our regressions as control variables.

We also contribute to the experimental economics literature that link the behavioral preferences
to decision making. Although previous literature has demonstrated the linkage between risk and
time preferences, and individual choices in various domains (e.g., agricultural technology
[Liu, 2013], financial decisions [Belzil & Sidibé, 2016], and health [Anderson & Mellor, 2008]), our
study provides a novel example where risk and time preferences play an important role in determin-
ing households’ long-term environmental and energy choices.

Finally, we contribute to the growing literature on the adoption of green energy technologies by
bringing attention to important and understudied behavioral factors. Previous studies have identified
the importance of policy incentives (Crago & Chernyakhovskiy, 2017; Hughes & Podolefsky, 2015),
peer effects (Bollinger & Gillingham, 2012), uncertainty (Bauner & Crago, 2015), and pro-
environmental preferences (Dastrup et al., 2012) in the decision to adopt solar panels. Our study is
the first to examine the role of risk and time preferences in the context of solar PV adoption. More-
over, we are the first to develop a theoretical framework for solar adopters’ lease versus own deci-
sions and to derive testable hypotheses. We test our theoretical predictions using a novel
experimental approach with data collected from real-world solar adopters.

2 | BACKGROUND ON CONTRACT CHOICE FOR RESIDENTIAL
SOLAR PV

Owning and leasing are two contract types available to households who want to install solar PV sys-
tems on their residential properties. These two contracts have significantly different features. Owning
entails paying for the solar PV system upfront and being responsible for operation and maintenance
costs throughout the approximately 25-year lifespan of the solar PV system. Solar PV owners are eli-
gible for rebates and tax incentives offered by state and federal governments. In states where they are
available, owners also receive solar renewable energy certificates (SRECs) generated by the PV sys-
tem and can sell those in the SREC marketplace.3 Finally, owners also have complete control of their
equipment and do not face constraints of checking with the third-party owner (TPO) of their solar
PV system when they need to make modifications to the panels or conduct home maintenance that
may affect solar panels.

2The experiments in Qiu et al. (2014, 2017) are applications of the design in Holt and Laury (2002) in which rational utility maximizers are
assumed to only switch once from the low risk lottery to the high risk lottery as the expected return monotonically increases for the latter. If
subjects switch back and forth, one cannot infer their range of risk aversion using the switching point. This limitation similarly applies to time
preference experiments that rely on a single switch point.
3The state of MA had an SREC program until 2018. All participants in our study installed solar PV systems in years when the SREC program
was active. The SREC program (also called solar “carve out”) allows owners of solar PV systems to obtain a credit for every 1 MWh of solar
electricity produced for 10 years. This credit can then be sold in the SREC market where the price is determined by supply and demand for
SRECs. SREC holders can also sell their SRECs at the state managed Solar Credit Clearinghouse Auction (SCCA) at a predetermined price.
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Leasing arrangements fall into two categories: paying a monthly fee to rent the solar panels and
equipment (equipment lease option) or entering into a power purchase agreement (PPA) with a
third-party-owner (PPA option). With both leasing options, there is little to no upfront cost. The
TPO installs the system and is responsible for any maintenance issues that come up over the lifetime
of the solar PV system. Lessees are not eligible to receive rebates, tax credits, and SRECs, which go to
the TPO.4 Lessees also have to coordinate with the TPO of their solar PV system for any home
maintenance that will impact the panels.

Adopting a new technology involves some risk, and solar PV technology adopters (both owners
and lessees) accept risk in varying degrees when they decide to adopt solar PV technology. Table 1
shows the different risks borne by solar PV owners and lessees. All solar PV households bear the risk
of lower electricity prices. If electricity prices are lower than expected, the savings from having solar-
generated electricity becomes smaller. Owners and lessees also bear the risk of lower than expected
electricity production of the solar panels—say due to a long gray winter.5

There are also risks that are unique to the ownership option. These include the risk of equipment
failure and damage, and lower than expected SREC prices. The risk of equipment failure is statisti-
cally low (UMass CFARE, 2020).6 The volatility of SREC prices is another risk to which owners are
uniquely subject. Figure 1 shows considerable variation in SREC prices, especially in the early part of
the program. This early time period is important for the study, as SREC trends in these early years
may have formed the basis of solar adopters’ beliefs about the risks associated with SREC prices.
SREC revenue accounted for 57%–95% of the net present value (NPV) of financial return from solar
PV investment in the years 2014 to 2018, which is when our subjects installed their solar PV sys-
tems.7 Due to the variability in future SREC prices, owners of solar PV systems incur the risk of fac-
ing lower than expected SREC prices, which could decrease the value of their solar investment.

In terms of financial returns from owning or leasing, owning yields greater financial benefits
based on net present value calculations alone. Based on data from Massachusetts, the NPV of a
7 kWC system installed in 2019 is about $22,000 if the system is owned, and $6000 if the system is
leased (Crago et al., 2023). NPV calculations assume that the decision maker is risk neutral and dis-
counts using the ongoing market rate. However, these two assumptions rarely hold (Elston
et al., 2005; Frederick et al., 2002). Hence, we investigate the role of risk and time preferences in this
particular contract choice. Of course, there may be reasons other than financial gain that motivate
households to lease rather than own. Households may be motivated to adopt solar panels for other
nonfinancial reasons such as the desire to help the environment as well as to obtain a “warm glow”
for contributing to the public good (Dastrup et al., 2012; Sexton & Sexton, 2014; Sun et al., 2020). In
our empirical analysis, we control for these nonfinancial motivators.

T A B L E 1 Risks borne by solar PV owners and lessees.

Risk Own Lease

Underproduction of electricity from panels � �
Lower than expected electricity price � �
Lower than expected SREC price �
Equipment failure �

4Lessees may indirectly benefit from these policies to the extent that TPOs pass some of those benefits to households in the form of lower lease
payments.
5Lessees under a PPA option do not face the risk of lower electricity prices as they are only obligated to buy the electricity that is produced by
the solar panels.
6Solar panel equipment typically carries a warranty on the panels’ level of electricity production for 20–25 years on average. In addition, solar
panels can be covered under a home insurance policy.
7Source: Authors’ calculations based on data from MA in years 2014–2018.
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3 | THEORETICAL FRAMEWORK

In this section, we model the tradeoffs between leasing and owning using a framework that involves
both firm and consumer optimization. In Section 3.1, we establish the equilibrium leasing fee assum-
ing that firms are risk neutral and discount with the ongoing market interest rate. Based on the equi-
librium leasing fee, we then specify the household’s utility function from owning and leasing in
Section 3.2. We obtain analytical expressions to show that the effect of time and risk preferences on
the relative utilities of owning and leasing is monotonic in Sections 3.3 and 3.4.

3.1 | Firm behavior

Assume a representative firm that offers contracts to provide solar PV systems to consumers. The
firm is risk neutral and uses the market interest rate in calculating the value of future payoffs.
The firm supplies solar PV systems based on the profit maximizing condition that its marginal cost
to install a complete solar PV system is equal to I, the price of a solar PV system.8 In addition to sell-
ing complete systems to consumers, the firm also offers leasing contracts. Under a leasing contract,
the firm retains ownership of the system and collects applicable incentives, including rebates and
SRECs. The lessee pays a leasing fee to the firm specified in the leasing contract.9 As shown in
Equation (1), the firm prices the leasing option such that its revenue from selling a complete solar
system is the same as its revenue from offering a lease contract.10

F I G U R E 1 Average annual solar renewable energy certificate (SREC) market prices in Massachusetts. Data Source:
SRECTrade.com.

8This is inclusive of all hardware, equipment, fees, and labor.
9Some lessees only pay for electricity produced by solar panels under a power purchase agreement (PPA). The standard leasing model can be
modeled equivalent to a PPA because the electricity rate discount under a PPA can be set to yield revenue equal to the firm’s revenue under a
standard leasing contract.
10We have assumed that the firm equalizes returns from leasing and selling complete solar PV systems to make the model tractable. This
assumption implies that all rebate and SREC benefits are passed on to the consumer. If firms do not pass on rebate and SREC benefits to the
consumer, the leasing rate will be higher and will result in the utility of ownership being greater than the utility of leasing even under risk
neutrality and equal discount factors for the firm and consumer. Even in this case, our theoretical results still hold: Consumers having a greater
degree of risk aversion and a lower discount factor relative to the firm leads to a decrease in the relative utility of ownership compared to
leasing. In other words, more risk averse and less patient individuals will be less likely to own.

6 BEHAVIORAL PREFERENCES AND RESIDENTIAL SOLAR
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I¼Rþ
XN
t¼1

δtf LþEf pt
� �� � ð1Þ

The left hand side of Equation (1) is the firm’s revenue from selling a solar PV system, whereas
the right hand side is the firm’s revenue from leasing the system to a customer.11 In the case of direct
sale to the customer, the firm receives I from the customer. In the case of leasing to the customer,
the firm receives available upfront financial incentives or rebates (R) and a stream of payments con-
sisting of the annual lease payment (L) and annual SREC revenues. Ef pt

� �
is the expected value of

annual SREC revenues, which depends on the random variable p denoting SREC prices (the sub-
script f in Ef denotes expectations by the firm). SREC payments depend on the SREC price, the
capacity of the solar PV system, and the electricity production of solar panels. Capacity and electric-
ity production can be predicted with a fair amount of accuracy over N periods, whereas the SREC
price is subject to market volatility arising from the market. Without loss of generality, we set capac-
ity and electricity production to 1. We assume that the firm makes rational predictions about future
SREC prices and payments based on available information at the time of installation. Annual lease
payments and SREC revenues over N periods are discounted using the discount factor δ. Solving for
the equilibrium leasing rate L� yields:

L� ¼
I�R�PN

t¼1δ
t
f Ef pt
� �� �

1�δNþ1
f

1�δf
�1

: ð2Þ

3.2 | Household behavior

Assume a representative consumer who chooses to install solar panels. The consumer may be risk
neutral, risk averse, or risk seeking. The consumer has the choice to purchase the solar PV system
outright from the firm or to enter into a leasing contract with the firm. The cost of purchasing a
solar PV system outright (net of rebates) is I�R. The annualized value of this upfront cost over the
lifetime of the solar panels is I�R

1�δNþ1
c

1�δc
�1
.12 The utility from owning (UO) is given by:

UO ¼ u wð Þþ
XN
t¼1

δtcEc u et � I�R
1�δNþ1

c
1�δc

�1

0
@

1
Aþpt

0
@

1
A

2
4

3
5 ð3Þ

The first term on the right-hand side of Equation (3) is the utility from background wealth w,
whereas the second term is the present value of expected financial return from installing solar
PV. The dollar value of annual energy savings from solar panels is denoted by e. The annualized cost

of the solar PV system is given by I�R
1�δNþ1

c
1�δc

�1

 !
, and pt represents annual SREC revenues that depend

on the realizations of the random variable p representing SREC prices. As in Section 3.1, other deter-
minants of SREC revenue, such as electricity production and system capacity, are set to 1. The

11The cost of providing an owned system and a leased system is the same, hence equating revenue is equivalent to equating profit.
12Note that the cost of purchasing with own capital and taking out a loan to purchase the solar PV system is equivalent, assuming that the
present value of forgone interest from the capital investment is the same as the present value of interest paid to the lender. Equivalently, this
implies that the interest rate of investments is equal to the loan interest rate.
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consumer discounts future financial payoff using the discount factor δc. Similar to the firm, con-
sumers make rational predictions about future SREC prices and payments based on available infor-
mation at the time of installation. Realizations of p are subject to volatility. Thus u in the second
term of Equation (3) is enclosed by the expectation operator Ec, where the subscript c denotes expec-
tations by the consumer.

The utility from leasing (UL) is given by:

UL ¼ u wð Þþ
XN
t¼1

δtcu et�L�ð Þ ð4Þ

Substituting the equilibrium leasing price L� from Equation (2) yields:

UL ¼ u wð Þþ
XN
t¼1

δtcu et �
I�Rð Þ�PN

t¼1δ
t
f Ef pt
� �

1�δNþ1
f

1�δf
�1

0
B@

1
CA ð5Þ

Or equivalently,

UL ¼ u wð Þþ
XN
t¼1

δtcu et� I�R
1�δNþ1

f

1�δf
�1

0
B@

1
CAþ

PN
t¼1δ

t
f Ef pt
� �

PN
t¼1δ

t
f

0
B@

1
CA ð6Þ

Similar to Equation (3), the first term on the right hand side of Equation (6) is the utility
from background wealth w, whereas the second term is the present value of utility from
the expected financial return from leasing a solar PV system. The leasing rate reflects the firm’s
financial cost of installing solar PV as well as its expected revenue from selling SRECs. Unlike in
Equation (3) where utility depends on annual realizations of p, the utility from leasing is not subject
to market volatility and depends on the firm’s expected SREC revenues as reflected in the
leasing rate.

Note that for every period, the last term in Equation (6) is just Ef pt
� �

. Thus, the expressions for
utility from owning and leasing for each period, t¼ 1 to t¼N , are:

UOt ¼ u wð Þt þδtcEc u et� I�R
1�δNþ1

c
1�δc

�1

0
@

1
Aþpt

0
@

1
A

2
4

3
5 ð7Þ

ULt ¼ u wð Þt þδtcu et � I�R
1�δNþ1

f

1�δf
�1

0
B@

1
CAþEf pt

� �0
B@

1
CA ð8Þ

Our model focuses on the risk associated with SREC price changes, which is the major source of
risk in our setting. Risks borne by owners and the leasing company from unexpected costs due to
repairs and maintenance are not explicitly modeled. However, if one views E pt

� �
as the net SREC

revenue after accounting for unexpected costs due to repairs in maintenance, the model can capture
these risks as well.
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3.3 | Effect of risk preference on utility of owning and leasing

We are interested in examining the relative utility of owning versus leasing under different
assumptions of consumer risk preference. To isolate the effect of risk preference from time
discounting in comparing the utility of owning and leasing, we assume for the moment that the
firm and consumer have the same discount factor, or δc ¼ δf ¼ δ. To simplify our expressions, we

express the annual financial flows as A pt
� �¼ et � I�R

1�δNþ1
c

1�δc
�1

 !
þpt in Equation (7) and

A E pt
� �� �¼ et � I�R

1�δNþ1
f

1�δf
�1

0
@

1
AþEf pt

� �
in Equation (8). We now have the following equations for each

time period t:

UOt ¼ u wð ÞtþδEc u A pt
� �� �� � ð9Þ

ULt ¼ u wð Þtþδu A E pt
� �� �� � ð10Þ

Note that the degree of risk aversion determines the curvature of the utility function. Risk neu-
trality implies a linear utility function, whereas risk aversion (seeking) implies concave (convex) util-
ity. Based on Equations (9) and (10), assuming that the consumer and firm have the same
expectations about the realizations of SREC payments, the linear form of u implies that UOt ¼ULt

(and thus, UO ¼UL). In other words, risk neutral consumers will be indifferent toward owning or
leasing. If the consumer is risk averse and the utility function is concave, Jensen’s Inequality results
in Ec u A pt

� �� �� �
≤ u A E pt

� �� �� �
. Consequently, UOt <ULt (UO <UL) for risk averse consumers. This

result implies that all else being equal, risk averse consumers will be more likely to choose the leasing
option rather than ownership. If the consumer is risk seeking, the convexity of u leads to
Ec u A pt

� �� �� �
≥ u A E pt

� �� �� �
by Jensen’s Inequality. Thus, UOt >ULt (UO >UL) for risk seeking con-

sumers, that is, absent other considerations for owning or leasing, risk seeking consumers will be
more likely to choose ownership rather than leasing.

3.4 | Effect of time preference on utility of owning and leasing

To isolate the effect of time preference on the utility of owning and leasing, assume for now that con-
sumers are risk neutral. Based on Equations (7) and (8), if the firm is more patient or has a higher
discount factor than the consumer (δf > δc), the cost of installing solar panels net of rebates will be

lower for the firm compared to the consumer I�R
1�δNþ1

f
1�δf

�1

0
@

1
A < I�R

1�δNþ1
c

1�δc
�1

 !
. This results in UOt <ULt

(UO <UL). The intuition is that with the cost of capital being lower for the firm, the firm will
be able to offer a more favorable leasing rate to consumers. Conversely, if the consumer is
more patient or has a higher discount factor than the firm (δf < δc), the firm’s leasing rate will
be less favorable and will lead to the utility of owning being greater than the utility of leasing. In
sum, all else being equal, more patient consumers are more likely to choose the ownership option.
Under the special case where the consumer is risk neutral like the firm, and the discount factor is the
same for the consumer and the firm, consumers will be indifferent between the owning and leasing
options.
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4 | EXPERIMENT

4.1 | Design principles

Because the aim of our study is to examine the relationship between solar contract choice and indi-
vidual preferences, it is critical to incorporate design principles that maximize our ability to precisely
estimate these individual risk and time preferences. The first principle is to reduce choice complex-
ity. Asking subjects to conduct complex calculations and produce numerical answers
(of probabilities, payment amounts, time horizons, etc.) can be overwhelming. Participants may have
diverse levels of educational attainment and ability to conduct numerical calculations. To make the
choice transparent and easy to understand, we adopt a simple binary choice procedure to elicit risk
and time preferences. That is, subjects are asked to select one preferred option out of two available
options. To capture risk preferences, each option is a lottery where the prizes and probability of win-
ning the prizes vary. To capture time preferences, each option is a payment amount to be delivered
at a specific payment date. We specify the details of these options in Section 4.2 below.

The second principle is to relax the assumption of linear utility. Earlier experimental work on
time preferences assumed that utility is linear (which can be interpreted as the risk neutrality
assumption). Recent work by Andersen et al. (2008) and Andreoni and Sprenger (2012) established
empirical evidence that imposing linear utility leads to largely overestimated discount rates, making
patient and risk-averse subjects appear to be impatient and risk neutral. With one set of decisions on
risk and the other on time, we can adopt the approach in Andersen et al. (2008) to jointly estimate
risk and time preference parameters. Our results confirm the importance of allowing for utility con-
cavity when estimating time preference.

The third principle is to ensure that the credibility of payments is constant across all payment
dates, as any doubt in receipt of future payments implies a higher transaction cost, which could
translate into overestimated discount rates. To minimize the differences in the transaction cost, we
designed the time tasks to always include a delay of either 1 or 4 months for the sooner payment.
We provided a promissory note that clearly stated the amount and date of payments and included
the signature, full name, and contact information of the lead researchers. In addition, the payment
recipients were asked to write their own name and address on the envelope that was used to mail all
future check payments. Finally, in our survey, we asked participants to indicate on the 0–100 scale,
“How much do you trust that the researchers will make the payment to you in [1, 2, 4, or 7]
month(s)?” The mean choice ranges from 95.2 to 96.6, with a median of 100.

4.2 | Laboratory tasks

1Guided by the above principles, we designed each laboratory session to include three major stages:
risk preference stage, time preference stage, and survey stage. Each subject went through the above
three stages in sequence.13

The risk preference stage included 40 tasks. Each task is a binary decision between two lotteries,
similar to the original design that first appeared in Loomes and Sugden (1998) and Coller and Wil-
liams (1999). Our design is a variation of the original design, in which we optimize the selections of
probabilities and prizes to ensure robust inferences on a wide range of a subject’s preference parame-
ters. In particular, we create each lottery to be composed of three different prizes with its
corresponding probabilities.14 One important constraint on the lottery parameters is that one lottery
always has a lower variance than the other. We call the former the “safer” lottery and the latter the

13The complete experiment instructions can be found in the Online Supplementary Appendix A.
14It is possible that one or two out of the three probabilities in a given lottery equals to zero. In that case, subjects see fewer than three prizes.
This design helps to simplify the decision complexity.
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“riskier” lottery. This additional constraint allows us to draw nonparametric conclusions on subjects’
risk preferences by simply counting the number of chosen “safer” lotteries. The actual numerical
values for lotteries used in the experiment are presented in Appendix Table A.1.

To facilitate the understanding of the lottery choice, we presented the lotteries visually with two pie
charts (see Appendix Figure A.1 for an example screenshot). The pie is divided into colored areas that
are proportional to the probability of winning each prize. Once a subject submits her choice, the unse-
lected pie chart disappears, and the selected pie starts to spin and then stops randomly. The subject
wins the prize corresponding to the colored area where a stationary white pin rests inside the pie chart.
After that, the new lottery pair appears on the screen and the process repeats until the subject has sub-
mitted her decisions for all 40 lottery pairs. At the end of all 40 tasks, we randomly chose one task and
paid the subject the prize for that specific task.15 To avoid the order effect, we also randomized the
sequence of the 40 tasks16 and the location where the “safer” lottery is displayed on each screen.

The second stage of the experiment includes 40 time preference elicitation tasks. Each task is a
binary choice between two payment options. Each option includes a payment amount and payment
date. We chose the payment amounts and dates so that one of the options implies a sooner and smaller
payment, whereas the other implies a later and larger payment. The sooner payment can occur either
1 or 4 months after the date of the experiment.17 The later payment can occur either 2, 4, or 7 months
after the experiment. The combination of these delayed dates yields four sets of decision environments
(1 vs. 2 months, 1 vs. 4 months, 1 vs. 7 months, and 4 vs. 7 months).18 Within each set, we
implemented 10 binary tasks with the earlier payment always equal to 200 US dollars and the later
payment varying from 201 to 253 US dollars. These payment amounts were carefully chosen so that
the implied annual interest rates vary from 5.06% to 79.59%. These interest rate offers allow us to make
robust inferences on individuals’ discount rates over a wide parameter range and for various delay
lengths. Appendix Table A.2 lists all parameters used in the time preference tasks.

To make it easier for subjects to perceive the time delay, we displayed a calendar on the decision
screen. We highlighted the experiment date, sooner payment date, and later payment date on the
same calendar using different colors. The payment amount for each future date was placed directly
below the corresponding calendar month (see Appendix Figure A.2 for an example). The instruc-
tions emphasized to the subjects that they can only receive one of the two payments and never both.
After completing all 40 time preference tasks, one task is randomly selected for payment. Each sub-
ject has a 1 in 10 chance to receive the actual payment.19 Similar to the risk preference tasks, we also
randomized the sequence of the 40 tasks and displayed them one at a time on the computer screen.

The third and final part of the experiment is a detailed survey. We collected demographic infor-
mation as well as the key decision variable, the lease-versus-own decision, in this survey.20 In terms

15The design of the above risk-elicitation procedure corresponds to the “Pay One Randomly, Played Out Sequentially” method (PORpos) in
(Cox et al., 2015). Their paper clarifies the superiority of the PORpos payment scheme by demonstrating that the choice pattern under PORpos
highly resembles the ideal but costly “One Task” mechanism. In a similar context, Brown and Healy (2018) demonstrate that when each binary
choice is shown on a separate screen with random order and one of the choices is randomly selected for payment, incentive compatibility is
best recovered.
16Note that the design feature of the random ordering means that the lottery tasks are not presented to subjects with monotonically increasing
or decreasing pattern. This certainly makes transitivity violations possible in observed choices. Brown and Healy (2018) argue that these
intransitivities are part of the human decision process. With structural estimation, we can account for these violations by including a parameter
for decision error as part of the estimation model.
17We carefully exclude the possibility of immediate payment in time preference tasks. This helps to equalize the transaction cost of all delayed
payments.
18We chose these delay dates so that we can estimate a hyperbolic discounting model. However, we did not find any evidence for hyperbolic
discounting from the decision data, so we combined decisions from all delay dates in the analysis section and estimated the discount rates
assuming exponential discounting.
19An experimenter placed nine white balls and one yellow ball in an opaque box in front of all the subjects. Each subject was asked to draw one
ball from the box (with replacement). This design is common in economic experiments and allows us to increase the stake of the task while
maintaining a reasonable research budget.
20We also have access to official state data on whether each subject owns or leases their solar PV system. Out of the 247 subjects, self-reported
and state data on solar PV ownership do not match for nine subjects. Our main analysis uses self-reported own or lease status because we deem
this as more reliable. Using the state data on own or lease status does not meaningfully affect our results for estimated coeffcients and statistical
significance.
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of demographics, our survey collected data on age, education, political affiliation, and household
income range. We also collected variables that can act as proxies for “green choices,” such as practice
of recycling and composting, ownership of hybrid or electric vehicles, and membership in or dona-
tion to environmental organizations. In addition, we asked whether subjects had a third party renew-
able energy supplier prior to installing solar panels. We also collected data on the number of
households that have installed solar panels prior to the participant’s adoption decision among the
participant’s circle of family, friends, and acquaintances. We use the information as a proxy for “peer
effect.” We control for these factors in our analysis.

Subjects participated in one of the 12 experiment sessions between September 2018 and
November 2018. Each session lasted �2.5 h. All participants were promised a “show up bonus” of
50 US dollars, which they received at the end of the experiment session. They also received 2 US dol-
lars for completing the survey and payments related to earnings from the risk and time preferences
tasks. The average payment received from the risk preference tasks was 11.15 US dollars. Payments
from the time preference tasks were realized with a 1 in 10 chance. The delayed payment amount
was on average 212 US dollars. As of November 2019, all checks for delayed payments have been
mailed and cashed with no issues.

4.3 | Recruitment procedure and sample description

The subjects were identified using a dataset of all solar adopters provided by the Massachusetts
Department of Energy and Resources. The dataset is administrative; hence, it included all the physi-
cal addresses of residential solar adopters at the time of recruitment. We sent invitation letters to
adopters within Hampshire County, MA, so that potential participants are within driving distance of
the experimental lab. The invitation letter asked the person most responsible for the decision to
install solar panels to participate in the study. No further restriction was applied to the recruitment
list. A total of 2644 postal letters were sent, and 247 subjects completed the study.

Table 2 shows key characteristics of the study participants, who are homeowners who have
adopted solar panels either by owning or leasing. A wide range of income groups are represented,
with the majority of the respondents belonging to the middle household income category. Over 25%
of the owners had a household income of at least $160,000, compared to under 8% for lessees. Over
half of the participants have a graduate degree (51%). Of those that do not, 60% have a bachelor’s
degree. Most respondents engaged in environmentally conscious behaviors such as contributing to
environmental organizations, recycling, and composting. A larger share of owners have a hybrid or
electric vehicle, and a larger share of owners had a prior contract with a third party renewable energy
supplier prior to installing solar PV. Owners also appear to have spent more effort on the solar adop-
tion decision. Compared to lessees, more owners had more than one installer visit their property.
Owners also appear to have larger exposure to solar PV in their social network with owners having
more peers that have already installed solar panels. Table 2 also shows the number of solar systems
installed each year for owners and lessees. Owners tended to adopt solar PV earlier than lessees. In
general, solar installation has increased over time, peaking in the years 2015 and 2016 in our data.
This trend is consistent with statewide solar installation trends in the state of Massachusetts (Crago
et al., 2023). We control for these differences among owners and lessees in our empirical analysis.

5 | EMPIRICAL STRATEGY AND RESULTS

A key advantage of our experimental design is that it allows for the joint estimation of multiple pref-
erence parameters under various flexible utility assumptions. In Section 5.1, we present the likeli-
hood function used in the structural estimation. We explain how individual level estimations are
implemented to exploit the full potential of the repeated decision data. In Section 5.2, we present the

12 BEHAVIORAL PREFERENCES AND RESIDENTIAL SOLAR

 14678276, 0, D
ow

nloaded from
 https://onlinelibrary.w

iley.com
/doi/10.1111/ajae.12487 by U

niversity O
f M

assachusetts, W
iley O

nline Library on [30/09/2024]. See the Term
s and C

onditions (https://onlinelibrary.w
iley.com

/term
s-and-conditions) on W

iley O
nline Library for rules of use; O

A
 articles are governed by the applicable C

reative C
om

m
ons License



T A B L E 2 Summary statistics for study participants.

All Own Lease

Frequency

Incomea

Less than $50,000 29 12 17

$50,000–$159,000 171 91 80

$160,000–$199,999 23 17 6

$200,000 and above 24 22 2

Educationa

Less than bachelor’s degree 48 22 26

Bachelor’s degree 72 37 35

Graduate degree 127 83 44

Year born

1925–1945 28 19 9

1964–1964 133 75 58

1965–1980 71 42 29

After 1980 12 5 7

Peers with solara

None 70 31 39

1–5 154 94 60

6–10 11 9 2

More than 10 12 8 4

Number of installer visit

Only 1 126 64 62

2–3 107 68 39

4–7 13 10 3

8–10 1 0 1

Year of PV installationa

2012 2 2 0

2013 1 1 0

2014 43 28 15

2015 83 47 36

2016 83 38 45

2017 35 26 9

Mean

Binary variables

Democrat 0.6 0.6 0.5

Contributes to environmental orgb 0.6 0.7 0.4

Owns hybrid vehicleb 0.3 0.4 0.1

Always recycles 1 1 1

Always composts 0.5 0.6 0.5

Third party renewable energy 0.2 0.3 0.2

aSignificantly different at 5% using chi2 test for independence for categorical variables.
bSignificantly different at 5% using t-test comparison of means.
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results of logistic regressions to examine the correlation between individuals’ preference parameters
and their decisions to own or lease their solar PV systems. One potential drawback of implementing
structural parameter estimation is that the results may depend on the imposed structural assump-
tions. To check robustness of our findings, in Section 5.3, we present analysis using raw decision
data. We confirmed that absent structural assumptions about the functional form of the utility func-
tion of subjects, the number of risky options and longer delayed payoffs chosen are correlated with
solar PV ownership, similar to the result in Section 5.2.

5.1 | Structural estimation of risk and time preference parameters

Using data generated from the laboratory experiment, we estimated risk and time preference param-
eters using the maximum likelihood approach.21 We jointly estimated the risk and time preference
parameters by maximizing the joint log likelihood function for the risk and time preference tasks.

We define the log likelihood function for risky lotteries as:

lnLrisk r,μjy,Xð Þ¼
X

ln
U

1
μ

A

U
1
μ

AþU
1
μ

B

0
@

1
Ajyi ¼ 1

0
@

1
Aþ ln

U
1
μ

B

U
1
μ

AþU
1
μ

B

0
@

1
Ajyi ¼�1

0
@

1
A

0
@

1
A ð11Þ

where yi ¼ 1 �1ð Þ denotes the choice of the Option A (B) lottery in risk preference task i, r is the risk
preference parameter, X is a vector of individual characteristics, and μ is a structural “noise parame-
ter” that allows errors to enter the deterministic utility model (Wilcox, 2011). Uj j¼A,Bð Þ refers to
the utility for a particular lottery within a pair of risk lotteries. Uj is further defined as
Uj ¼

P
k¼1,2,3 p Mkð Þ�U Mkð Þð Þ, in which U Mkð Þ and p Mkð Þ refer to the utility of receiving a partic-

ular prize Mk and its corresponding probability weighting. With standard expected utility
(EU) assumptions, Uj takes on the simple form where p Mkð Þ is the probability of winning the prize
Mk, specified in the parameter table (Appendix Table A.1). With the constant relative risk aversion
(CRRA) assumption, the utility of receiving prize Mk can be written as U Mkð Þ¼M 1�rð Þ

k = 1� rð Þ,
where r is the CRRA risk preference parameter. We apply these standard assumptions of EU and
CRRA in our main analysis. Our structural estimation, however, is flexible enough to allow for other
utility assumptions. In particular, when the rank dependent utility (RDU) model is assumed, p Mkð Þ
can be replaced with the RDU probability weighting function.

Similarly, we define the log likelihood function for time preference tasks as follows:

lnLtime r,d,νjy,Xð Þ¼
X

ln
PV

1
ν
A

PV
1
ν
AþPV

1
ν
B

 !
jyi ¼ 1

 !
þ ln
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1
ν
B
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1
ν
AþPV

1
ν
B

 !
jyi ¼�1

 ! !
ð12Þ

where yi ¼ 1 �1ð Þ denotes the choice of the Option A (B) in time preference task i, r is the risk pref-
erence parameter, d is the time preference parameter or discount rate (note that δ¼ 1

1þdð Þ.), X is a
vector of individual characteristics, and ν is a noise parameter for the choices made in the time pref-
erence tasks. PVj j¼A,Bð Þ refers to the time-discounted utility for a chosen option in a particular
time preference task. PVj is further defined as PVj ¼ δ tð Þ�U Mkð Þð Þ, t¼ 1,2,4,7 in which U Mkð Þ
refers to the instant utility of receiving the payment of Mk. Because Mk is always paid after a period

21Note that these parameters are obtained from objectives measures of risk and time preference, as opposed to subjective measures obtained
from simply asking subjects to report how risk averse or impatient they are. An important feature of our objective measures of risk and time
preferences is that they are consistent with economic theory and numerical results can be compared across studies. Objective measures using
lotteries and delayed payments also ensure a uniform context for measuring these parameters, whereas in subjective measures, the context may
vary for each individual. For example, one subject may think of risk in terms of financial risk whereas another may relate risk to risky physical
activities.
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of delay (either 1, 2, 4, or 7months), the discounted utility of option j is the instant utility multiplied
by a discount factor δ tð Þ. One of the common structural assumptions on δ tð Þ is exponential dis-
counting, where δ tð Þ¼ 1= 1þdð Þt=12 and d is the annual discount rate, the key parameter we intend
to estimate. For brevity, our baseline analysis for time preference assumes exponential discounting
and EU, although our model allows for other forms of discounting.

We assemble both log likelihood functions into the joint log likelihood:

lnLjoint r,d,μ,νjy,Xð Þ¼ lnLrisk r,y,X,μð Þþ lnLtime r,d,y,X,νð Þ ð13Þ

When we maximize the above joint log likelihood function using all decision data from all sub-
jects, it yields a group-aggregate average risk aversion and time preference parameters. When we
maximize the joint log likelihood using data from each individual, we obtain individual risk and time
preference parameters.

The group-aggregate average constant relative risk aversion (CRRA) parameter for our sample is
0.74, suggesting a moderate risk aversion level similar to the results found in other laboratory risk
attitude calibration studies (Charness et al., 2020; Harrison & Rutström, 2008). After adjusting for
risk aversion, the average annual discount rate for the full sample is estimated to be 5.7%. The aver-
age discount rate we found is in the range of current ongoing market interest rates and similar to
those found in previous literature where risk aversion is controlled for (Anderson et al., 2008;
Andreoni & Sprenger, 2012; Imai et al., 2021; Matousek et al., 2022).

The group level analysis yields reasonable estimates for risk and time preference parameters. Our
main task, however, requires us to explore individual heterogeneity in risk and time preference
parameters. We do so by estimating risk and time preference parameters for each individual subject.
To do that, we take advantage of the variations within the 80 decisions made by a particular
subject. Using Equation (13) we ran a separate maximum likelihood estimation using each subject’s
own decisions. In an ideal case, we would like to recover individual risk and time preference parame-
ters for all of the subjects. One critical obstacle to achieving this ideal is the issue of nonconvergence
in maximum likelihood estimations. It is possible that individuals could adopt drastically different
strategies and heuristics when making their decisions in the risk and time preference tasks. They
may also make "corner" decisions. That is, in the risk preference tasks, a participant may choose the
safer option (or risky option) for all 40 lottery pairs. Similarly, for the time preference tasks, a subject
may choose all sooner payments or all later payments for all 40 binary tasks. These are reasons that
could lead to difficulties in recovering multiple preference parameters using structural estimation. In
our case, the experimental design and careful calibration approach resulted in high quality decision
data: Most subjects’ decisions achieved convergence using maximum likelihood estimation coupled
with standard utility function assumptions. For 191 out of the total 247 subjects, individuals’ choices
led to convergence with joint estimation on both time and risk preferences. For an additional 48 sub-
jects, convergence is achieved using only decisions in risk preference tasks but not the time prefer-
ence tasks.22 We also vary the utility functional form in both groups of estimations to be either EU
or RDU. The majority of our subjects made decisions that can be explained with EU assumptions.
The more flexible RDU models only added six more subjects whose estimations did not converge
under EU. Finally, there is a small set of subjects (8 out of 247 individuals, 3.24%) whose choices
cannot be reasonably rationalized under any standard utility assumptions, whether we consider their
choices in both risk and time tasks or in risk tasks only.

The above procedure led to a 96.76% recovery rate for risk preference parameters and 77.33%
recovery rate for time preference parameters. A closer inspection of the choices made by the 56 sub-
jects who did not converge on time preference estimation revealed that 42 of them chose either all
sooner payments or all later payments for each of the 40 time preference tasks. Theoretically (and

22We chose not to estimate the discount rate using time preference tasks alone. Recall that estimating the discount rate using decisions made in
time preference tasks alone forces one to assume risk neutrality, which will lead to a biased result.
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empirically), it is impossible to recover the time preference parameter for these 42 subjects. However,
it is possible to assign a lower bound discount rate for these subjects. In particular, for the highly
impatient subjects who chose all 40 sooner payments, it is reasonable to infer that their discount rate
is at least as high as the highest interest rate we offered, which is 79.59%. Thus, we set those subjects’
discount rate to 79.59%. For the subjects who are highly patient and chose all 40 later payments, it is
reasonable to assume that their discount rate is likely to be small and bounded from below by 0%.
For those subjects, we set the discount rate to 0%. These assigned discount rates are conservative,
which means that if we find significant results under these assumptions, the significance of the
results is likely to be stronger under the true discount rates.

Table 3 shows the number and percentage of individuals who achieved convergence using data
from both risk and time tasks, and from risk tasks only. We also separated the count for those who
did not converge in time preference by whether it is possible to assign a lower bound for their dis-
count rate. Only four subjects (1.62% of the sample, Table 3, Row 6) did not achieve convergence on
both parameters, nor could they be assigned a lower bound discount rate based on their raw
decision data.

5.2 | Analysis using estimated preference parameters

In this section, we link estimated risk and time preference parameters with the decision to own or
lease solar panels. Define Y as:

Y ¼ 1, if owned,with probability q:

0, if leased,with probability 1�q:

�
ð14Þ

The probability of owning (denoted by q) is parameterized by an index function xβ, where x is a
vector of regressors and β is a vector of coefficients to be estimated. q¼ Pr y¼ 1jxð Þ¼ F xβð Þ, where
F �ð Þ is the specific parametric function of xβ. Our base specification uses the logit model, that is,
F xβð Þ¼Λ xβð Þ¼ exβ, the cumulative distribution function of the logistic distribution. In all specifica-
tions discussed below, we include the risk aversion parameter (r) and time discount rate (d) as the
main regressors. Statistically significant coefficients on these preference parameters indicate that risk
and time preferences between owners and lessees are different. We also include a large set of control
variables as well as installation year fixed effects to control for time varying factors that may affect
the choice between ownership and leasing.23

T A B L E 3 Number and percentage of subjects by convergence types.

Type Risk preference r Time preference d Utility form # of subjects % of subjects

1 Estimated Estimated EU 185 74.90%

2 Estimated Estimated RDU 6 2.43%

3 Estimated Lower bound EU 38 15.38%

4 Estimated Not exist EU 10 4.05%

5 Not exist Lower bound - 4 1.62%

6 Not exist Not exist - 4 1.62%

Total 247 100%

Abbreviations: EU, expected utility; RDU, rank dependent utility.

23In addition to the control variables shown in Table 4, variables such as age of respondent and level of education were also used as explanatory
variables in our regressions, but these variables were not significant and did not improve model fit, and were thus not included in the final
specification.
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Table 4 presents the marginal effects from the logistic regressions.24 Our main specifications in
Columns (1)–(3) impose conservative lower bound inferences on the discount rate of subjects who
chose either all sooner payments or all later payments for the entire list of 40 tasks (d= 79.59% for
those who choose all sooner payments; d= 0% for those who choose all later payments). Imposing
lower bounds allowed us to include 92.7% of the subjects (227 individuals) in the regression.25 Col-
umns (4)–(6) show results when we do not impose any bounds on the discount rate of participants
who choose to receive either all sooner or all later payments for the entire set of 40 binary choices.
We find that subjects who are more risk averse are less likely to own their solar panels. The marginal
effect size in Column (1) suggests that for every unit increase in the subject’s CRRA risk aversion
parameter, the likelihood of ownership decreases by 18.4%. Recall that for CRRA utility, when the
risk parameter equals 0, the individual is risk neutral. For most empirical studies, the risk aversion
parameter falls between 0 and 1. A shift of the CRRA parameter from 0 to 1, therefore, should be
interpreted as a comparison between those who are risk neutral and extremely risk averse. For a
moderate decrease in risk preference, say a decrease in the CRRA parameter of 0.1, our results show
an average 1.84% increase in the probability of choosing the ownership option. In summary, our
logit regression detects a negative relationship between risk aversion and solar ownership. The effect
is statistically significant and the significance persists with a large set of control variables and year
fixed effects.

Another result from our regressions is that the effect of the discount rate is negative as predicted
but not statistically significant in most specifications. In Column (1), when no control variables are
present, a 0.1 unit increase in the annual discount rate (subject becoming less patient) leads to a
3.21% decrease in the probability of ownership. The parameter is statistically significant at the 10%
level. The statistical significance goes away once we added control variables. We hesitate to draw any
strong conclusions regarding the effect of the discount rate on the ownership choice. The reason is
that for the results in Columns (1)–(3), the discount rates took the most conservative lower bound
value. It is quite likely that subjects who chose all sooner payments hold higher discount rates than
79.59%. Our lower bound inference may contribute to the lack of statistical significance observed in
this case.

For robustness check, we also report the regression results without imposing any bounds on the
discount rates for those who made all 40 choices that are either all sooner or all later payments (see
Columns (4)–(6) in Table 3). Recall that this analysis is not ideal as 38 subjects are dropped. The
much smaller sample size may make it harder to detect an existing effect. With this smaller sample,
we continue to observe the negative effect of the risk parameter on solar PV ownership. The effect
size is larger at �0.326 in Column (4) and �0.206 in Column (6), though the statistical significance
level decreases from 5% to 10% in the specification without controls (Column 4) and is not signifi-
cant in the specification with full controls (Column 6). The effect of time preference on ownership is
not significant in these specifications.

We include a large set of control variables, including measures of household income, education,
age, political orientation, peer effect, pro-environmental preferences, and year-of-installation fixed
effects. We report the results in Columns (2), (3), (5), and (6). These controls were included based
on findings from previous literature about factors that affect solar PV adoption as well as leasing ver-
sus owning.26 Income is represented by yearly income categories (low income, less than $50,000;
middle income, $50,000–$159,999; high income, $160,000–$199,999; highest income, $200,000 and
above) based on the income categorizations used by the Pew Research Center (2021). Income

24These are average partial effects.
25Three more subjects are dropped in Column (2) due to missing information in the survey data.
26Only a few studies exist on the determinants of the choice to own or lease solar panels. Rai and Sigrin (2013) and Pless et al. (2020) found
little to no difference in terms of demographics between owners and lessees in Texas and California respectively. This is in contrast with an
earlier study by Drury et al. (2011), who found that third party ownership opened up the PV market to younger, less affluent, and less educated
market segments. Because the geographic location of our study is different, and because there is no consensus in the literature about the likely
demographic correlates of owning versus leasing, we include variables that have been shown to be correlated with solar PV adoption, including
income, peer effect, and different measures of pro-environmental behavior (Crago & Chernyakhovskiy, 2017).
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T A B L E 4 Marginal effects from logistic regressions using estimated r and d parameters.

Dependent variable Y ¼ 1 if own

With bounds No bounds

(1) (2) (3) (4) (5) (6)

CRRA parameter r �0.184** �0.149** �0.130** �0.326* �0.161 �0.206

(0.072) (0.069) (0.066) (0.176) (0.163) (0.152)

Annual discount rate d �0.321* �0.144 �0.122 �0.335 0.129 0.050

(0.193) (0.173) (0.169) (0.471) (0.436) (0.419)

Base: Income less than $50,000

$50,000–$159,999 0.141 0.121 0.151 0.132

(0.101) (0.100) (0.111) (0.108)

$160,000–$199,999 0.351** 0.333** 0.360** 0.345**

(0.146) (0.144) (0.156) (0.152)

$200,000 and above 0.480*** 0.457*** 0.546*** 0.520***

(0.121) (0.124) (0.119) (0.124)

Base: Peers with solar equal to 0

1–5 0.112+ 0.144** 0.110 0.115+

(0.068) (0.069) (0.078) (0.079)

5–10 0.244+ 0.287* 0.269* 0.281*

(0.154) (0.148) (0.153) (0.150)

More than 10 0.189 0.284** 0.136 0.256*

(0.144) (0.133) (0.165) (0.148)

Base: Number of installer visits equal to 1

2–3 0.083 0.105* 0.088 0.109+

(0.063) (0.062) (0.069) (0.067)

4–7 0.232* 0.266** 0.227+ 0.273**

(0.119) (0.111) (0.139) (0.129)

8–10 0.000 0.000 0.000 0.000

(.) (.) (.) (.)

Democrat 0.025 0.011 0.029 �0.001

(0.062) (0.062) (0.067) (0.068)

Contributes to envt org 0.118* 0.108* 0.117* 0.117*

(0.064) (0.064) (0.070) (0.071)

Owns hybrid vehicle 0.139* 0.135* 0.076 0.052

(0.077) (0.074) (0.085) (0.082)

Always recycles 0.069 0.125 0.157 0.227

(0.181) (0.172) (0.232) (0.222)

Always composts 0.097+ 0.094+ 0.076 0.083

(0.060) (0.059) (0.066) (0.064)

Third party renewable energy 0.059 0.046 0.051 0.053

(0.073) (0.070) (0.082) (0.077)

N 229 225 222 191 188 185

Note: Variables age and education level are also included in the regressions but their coefficients are not significant and are not
reported for brevity.
+p < 0.15;
*p < 0.10; **p < 0.05; ***p < 0.01.
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variables are used to account for cash liquidity or access to financing under the assumption that
higher income households have more available capital to spend on purchasing solar panels and have
easier access to finance for their solar PV systems. The peer effect variable indicates the number of
households among friends, family, and acquaintances that have installed solar panels prior to the
subject installing solar panels. Variables that represent pro-environmental preferences include con-
tributing to environmental organizations, driving an electric or hybrid vehicle, the practice of
recycling and composting, as well as contracting with a third-party renewable energy supplier prior
to the installing solar panels. Attention to the solar adoption decision is captured by the number of
installers that visited the property prior to installation of solar panels. Finally, year fixed effects cap-
ture time varying factors common to all solar adopters in our sample, including solar installation
costs and other market conditions that affect the favorability of owning versus leasing.

We find that households with an annual income above $160,000 are more likely to choose the
ownership option. It is well known that risk aversion is correlated with wealth, where wealthy indi-
viduals tend to be less risk averse (e.g., (Tanaka et al., 2010)). However, after controlling for income,
our main specification shows that the effect of risk preference remains statistically significant. We
also find positive and significant coefficients on the peer effect variable indicating that the knowledge
of solar panels through social networks increases the probability of owning, and the effect is gener-
ally larger as the number of peers who also have solar panels increases. Finally, those who drive an
electric or hybrid vehicle and those who donate or contribute to environmental organizations are
more likely to own their panels. Note that compared to other pro-environmental behaviors (such as
recycling and composting, which were also included as controls), these two behaviors involve signifi-
cant financial commitment. The significance of these two variables matches well with our expecta-
tions given that the ownership of solar panels is also an environmentally friendly action that requires
financial investment.

5.3 | Robustness check with raw decision data

In this section, we conduct additional logistic regressions using the raw decision data from the exper-
iment as main regressors. For each subject, the raw decision data that we use are the count of the
number of choices for the safer option in the risk preference tasks and the count of the choices for
sooner payment option in the time preference tasks.

There are two main advantages of using raw data collected from the risk and time preference
tasks as regressors. First, we are able to include all subjects in our experiment in the raw data analy-
sis. Second, we significantly reduce the assumptions needed during the parameter estimation stage.
In particular, we remove the assumption that the subject’s utility follows a specific function form.
Subjects may not be maximizing standard utility functions in EU or RDU frameworks. These non-
standard utility maximizers did not yield convergence in the maximum likelihood procedure as
shown in previous sections. Their raw decision data, however, still carry important information
regarding their aversion to risk and patience toward delayed rewards. Recall that for each paired
risky lottery choice, we chose the parameter values for the prizes and probability of winning prizes
in such a way that one of the two lotteries always has a lower variance than the other. We name this
lottery with lower variance as the “safer” lottery. The count of safer lottery a subject chooses, there-
fore, carries the meaningful interpretation of how risk averse the subject is without the need to
impose any parametric structure on how the choice over the lottery is made. This nonparametric
count of safer lottery choices takes a value between 0 and 40. Similarly, we can interpret the choice
made in the time preference tasks in a nonparametric way. In particular, the number of times a sub-
ject chose the smaller sooner payment is a continuous measure of how impatient she is. The more of
these sooner payments are chosen, the more impatient is the subject.

Despite these advantages, caution must be taken in interpreting the results from the raw data
analysis because of these limitations: (1) Choices in time preference tasks are confounded by risk
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aversion, and thus it is impossible to separate the two, and (2) the coefficients from the raw data
analysis cannot be directly interpreted for out-of-the-sample interpretation. This is contrary to the
parameters obtained from structural estimation: CRRA risk parameters and annual discount rates
presented in earlier sections are fundamental elements of general utility functions and can be readily
used for out-of-the-sample interpretation. Hence, the purpose of this additional analysis is to provide
a robustness check for our main results. We show that without structural assumptions about the util-
ity function, the directional predictions made in our model continue to hold.

In Table 5, we first present the marginal effects from logit regressions where we regress solar
ownership on the number of safe choices made by each subject in the risky lottery tasks (Columns
(1) to (3)). The number of safe choices provides a rough measure of risk aversion without making
any assumptions about the form of the utility function and nature of risk aversion. The results show
that the number of safe choices has a negative coefficient. This provides additional evidence of a neg-
ative relationship between one’s risk aversion and the decision to own. The result is statistically sig-
nificant and robust to additional control variables and year fixed effects. In Columns (4) to (6), we
add the raw data from the time preference tasks, the count of sooner payment option chosen by each
subject as an additional regressor. Recall that when subjects choose between a sooner smaller and
later larger payment, such a choice is reflective of not only their attitude toward delayed reward but
also their tendency to avoid higher risk implied by choosing the later payment. We find that the
coefficient for the count of sooner payment is negative and statistically significant at the 5% level
with controls and year fixed effects (Column 6), whereas the coefficient of the count of safe choices
remains negative and statistically significant at 15%. We take these results in Table 5 as additional
supporting evidence for the main results in Table 4 and Section 5.2.

6 | CONCLUSIONS AND POLICY IMPLICATIONS

In this study, we provide novel evidence that risk preference is an important factor that affects con-
tract choice in the solar PV market. Specifically, more risk tolerant individuals are more likely to
own their solar panels. We also find some evidence based on nonparametric analysis that time pref-
erence plays a role in solar contract choices, where more patient individuals are more likely to own
their panels. These results highlight the importance of behavioral factors in households’ green energy
decisions.

Our experimental data are collected in the state of Massachusetts, which is one of the leading
states in small-scale solar deployment (ranked fourth in the nation as of 2022 [Dutzik et al., 2024]).
The new insights from our study can be applied more broadly toward understanding residential solar
adoption in other US states because households in the US face similar financial portfolios and trade-
offs in solar contract choice described in this study. However, we will refrain from generalizing our
findings to decisions made by firms in commercial-scale or utility-scale solar adoption settings.

One of the limitations of the current research method is that we are only able to capture people’s
risk and time preferences at a particular moment. If these preference changes are idiosyncratic, our
regressions will still be able to capture the true correlation between risk and time preferences and
solar contract choice. It is also possible that there has been a level shift over the years: As people
become older, they become less risk averse and more patient. However, it can be argued that such a
shift has occurred more or less universally to all of our subjects as they aged. If so, our analysis can
still capture the relative difference in people’s risk attitudes and patience and their impact on solar
contract choice. Although the longitudinal dynamics of risk and time preferences are an important
consideration, it is beyond the scope of this study. Despite this shortcoming, we believe that our
experimental design is still optimized to document the essential connection between behavioral pref-
erences and an important choice in the green energy domain.

The availability of the option to own or lease may facilitate self-selection of customers to each
option depending on their risk and time preferences. In this regard, the market may be functioning
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T A B L E 5 Marginal effects from logistic regressions using raw decision data.

Dependent variable Y ¼ 1 if own

(1) (2) (3) (4) (5) (6)

# Safe lotteries �0.008* �0.007+ �0.008* �0.007+ �0.006 �0.006+

(0.004) (0.004) (0.004) (0.004) (0.004) (0.004)

# Sooner Payments �0.005** �0.004+ �0.004*

(0.002) (0.002) (0.002)

Base: Income less than $50,000

$50,000–$159,999 0.120 0.085 0.112 0.077

(0.097) (0.095) (0.096) (0.094)

$160,000–$199,999 0.278** 0.254* 0.267* 0.244*

(0.139) (0.136) (0.138) (0.133)

$200,000 and above 0.467*** 0.429*** 0.453*** 0.418***

(0.116) (0.119) (0.117) (0.118)

Base: Peers with solar equal to 0

1–5 0.118* 0.157** 0.132** 0.176***

(0.067) (0.066) (0.067) (0.067)

5–10 0.269* 0.313** 0.291** 0.342**

(0.151) (0.146) (0.148) (0.142)

More than 10 0.136 0.243* 0.165 0.287**

(0.144) (0.135) (0.143) (0.133)

Base: Number of installer visit equal to 1

2–3 0.070 0.093+ 0.071 0.093+

(0.061) (0.059) (0.060) (0.059)

4–7 0.211* 0.252** 0.184+ 0.224*

(0.120) (0.111) (0.125) (0.115)

8–10 0.000 0.000 0.000 0.000

(.) (.) (.) (.)

Democrat 0.025 0.015 0.025 0.013

(0.061) (0.060) (0.061) (0.059)

Contributes to envt org 0.128** 0.114* 0.126** 0.113*

(0.062) (0.062) (0.062) (0.062)

Owns hybrid vehicle 0.168** 0.157** 0.162** 0.152**

(0.072) (0.069) (0.072) (0.069)

Always recycles 0.146 0.195 0.154 0.201

(0.177) (0.166) (0.178) (0.165)

Always composts 0.096+ 0.086+ 0.087+ 0.074

(0.059) (0.057) (0.059) (0.057)

Third party renewable energy 0.074 0.064 0.070 0.056

(0.072) (0.070) (0.071) (0.069)

N 247 243 240 247 243 240

Note: Standard errors in parentheses. Raw decision data for each individual consists of the count of safe lottery choices in the risk preference
tasks and count of sooner payment choices in the time preference tasks. Variables age and education level are also included in the regressions
but their coefficients are not significant and are not reported for brevity.
+p < 0.15;
*p < 0.10; **p < 0.05; ***p < 0.01.
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well to bring about an optimal outcome: Those willing to bear the risk of owning and are more
patient are rewarded with higher financial payoff, whereas those who are more risk averse and less
patient have the option to choose a less risky option with immediate benefit, albeit with overall lower
financial payoff. Without knowing the exact financial condition of each individual (income, access to
credit, return to other financial investments, etc), it would be impossible to judge whether an indi-
vidual has indeed made the optimal contract choice. This type of investigation is outside of the scope
of this paper. Although making judgments on whether a particular contract choice is optimal at the
individual level is difficult, there may be some scenarios where policy intervention to encourage
ownership of solar PV is warranted. Studies show that benefits to local and state governments are
better localized with ownership compared to leasing (MA-DOER, 2013). In Massachusetts, 70% of
benefits stay in state when solar systems are owned, compared with 50% for leased systems. A study
by Crago et al. (2023) found that with leased systems, homeowners only get 30% of the 20-year net
present value of financial returns from installing homeowner-owned solar panels. If there is a desire
to localize benefits from state solar incentives, our results suggest that it could be helpful to devise
state policies that (1) lower the risks of owning solar panels and (2) provide expanded access to
credit and low-interest loans. Recently, issues of equity in renewable energy markets have gained
prominence in the social discourse. For example, the Inflation Reduction Act of 2022 carries signifi-
cant provisions to address energy equity (U.S. Environmental Protection Agency, 2023). Because
lower income status has been empirically linked to greater risk aversion and less patience for delayed
financial rewards, these policies may also increase access of low and middle income households to
solar PV ownership. Given that owning one’s solar panels provides significantly more financial bene-
fits compared to leasing, and that wealthier households tend to own, such policies may work to dis-
tribute gains from the solar market in a more equitable manner.
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APPENDIX A

TAB L E A . 1 Lottery parameters in 40 risk preference tasks.

No Option A Option B

Safe Risky

Prob Prob Prob Prob Prob Prob

Prize 1 Prize 1 Prize 2 Prize 2 Prize 3 Prize 3 Prize 1 Prize 1 Prize 2 Prize 2 Prize 3 Prize 3

1 $1 0% $5 100% $10 0% $1 50% $5 0% $10 50%

2 $1 0% $5 40% $10 60% $1 20% $5 0% $10 80%

3 $1 10% $5 90% $10 0% $1 40% $5 0% $10 60%

4 $1 0% $5 60% $10 40% $1 20% $5 0% $10 80%

5 $2 10% $10 90% $20 0% $2 40% $10 0% $20 60%

6 $2 0% $10 60% $20 40% $2 20% $10 0% $20 80%

7 $2 0% $10 100% $20 0% $2 50% $10 0% $20 50%

8 $2 0% $10 40% $20 60% $2 20% $10 0% $20 80%

9 $1 10% $10 90% $15 0% $1 40% $10 0% $15 60%

10 $1 0% $10 60% $15 40% $1 20% $10 0% $15 80%

11 $1 0% $10 70% $15 30% $1 20% $10 0% $15 80%

12 $1 30% $10 70% $15 0% $1 50% $10 0% $15 50%

13 $1 0% $10 100% $15 0% $1 20% $10 0% $15 80%

14 $1 50% $10 50% $15 0% $1 60% $10 0% $15 40%

15 $1 50% $10 50% $20 0% $1 80% $10 0% $20 20%

16 $1 0% $10 100% $20 0% $1 60% $10 0% $20 40%

17 $1 0% $10 100% $20 0% $1 40% $10 0% $20 60%

18 $1 50% $10 50% $20 0% $1 70% $10 0% $20 30%

19 $1 0% $10 60% $20 40% $1 20% $10 0% $20 80%

20 $1 40% $10 60% $20 0% $1 60% $10 0% $20 40%

21 $1 0% $10 100% $20 0% $1 20% $10 0% $20 80%

22 $1 50% $10 50% $20 0% $1 60% $10 0% $20 40%

23 $1 0% $10 100% $25 0% $1 80% $10 0% $25 20%

24 $1 20% $10 50% $25 30% $1 60% $10 0% $25 40%

25 $1 50% $10 50% $25 0% $1 80% $10 0% $25 20%

26 $1 0% $10 100% $25 0% $1 60% $10 0% $25 40%

27 $1 0% $15 100% $30 0% $1 40% $15 0% $30 60%

28 $1 50% $15 50% $30 0% $1 70% $15 0% $30 30%

29 $1 0% $15 90% $30 10% $1 20% $15 0% $30 80%

30 $1 10% $15 90% $30 0% $1 30% $15 0% $30 70%

31 $5 0% $10 100% $20 0% $5 80% $10 0% $20 20%

32 $5 20% $10 50% $20 30% $5 60% $10 0% $20 40%

33 $5 20% $10 30% $20 50% $5 40% $10 0% $20 60%

34 $5 0% $10 60% $20 40% $5 20% $10 30% $20 50%

35 $5 0% $10 100% $20 0% $5 40% $10 0% $20 60%

36 $5 50% $10 50% $20 0% $5 70% $10 0% $20 30%

37 $5 50% $15 50% $25 0% $5 80% $15 0% $25 20%

38 $5 0% $15 100% $25 0% $5 60% $15 0% $25 40%

39 $5 0% $15 100% $25 0% $5 40% $15 0% $25 60%

40 $5 50% $15 50% $25 0% $5 70% $15 0% $25 30%
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TA B L E A . 2 Parameters used in 40 time preference tasks.

Option A Option B Calculated annual

Interest rate

Sooner date Sooner payment Later date Later payment not shown

(month) (USD) (month) (USD) to subjects

1 1 200 7 205 5.06%

2 1 200 7 210 10.25%

3 1 200 7 215 15.56%

4 1 200 7 221 22.10%

5 1 200 7 226 27.69%

6 1 200 7 231 33.40%

7 1 200 7 237 40.42%

8 1 200 7 242 46.41%

9 1 200 7 248 53.76%

10 1 200 7 253 60.02%

11 1 200 4 203 6.14%

12 1 200 4 205 10.38%

13 1 200 4 208 16.99%

14 1 200 4 210 21.55%

15 1 200 4 213 28.65%

16 1 200 4 215 33.55%

17 1 200 4 218 41.16%

18 1 200 4 220 46.41%

19 1 200 4 223 54.56%

20 1 200 4 225 60.18%

21 1 200 2 201 6.17%

22 1 200 2 202 12.68%

23 1 200 2 203 19.56%

24 1 200 2 204 26.82%

25 1 200 2 205 34.49%

26 1 200 2 206 42.58%

27 1 200 2 207 51.11%

28 1 200 2 208 60.10%

29 1 200 2 209 69.59%

30 1 200 2 210 79.59%

31 4 200 7 203 6.14%

32 4 200 7 205 10.38%

33 4 200 7 208 16.99%

34 4 200 7 210 21.55%

35 4 200 7 213 28.65%

36 4 200 7 215 33.55%

37 4 200 7 218 41.16%

38 4 200 7 220 46.41%

39 4 200 7 223 54.56%

40 4 200 7 225 60.18%
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F I G U R E A . 1 Screenshot of risk task.

F I G U R E A . 2 Screenshot of time task.
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