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ABSTRACT
Electricity-related technology and service offerings to customers have expanded in the past
decade. Whether these options are offered by utilities or other service providers, they often result
in load factor implications and other consequences that nonetheless affect utilities. As a result,
utilities need to understand and predict what their customers are likely to want and adopt so that
they may forecast, plan for, and provide grid support, accordingly. Doing so also enables
ancillary benefits, such as the ability to develop product and service choices that customers
actually want.
This report reviews methods for modeling consumer preferences across the three major
behavioral science disciplines that have dominated developments in this area: economics,
psychology, and sociology. The report contrasts the approaches used in each of these fields, and
identifies the conditions under which each method is most appropriate.
The methods are divided broadly into the categories of stated preference (those that deal with
studies where hypothetical choices are provided to consumers) and revealed preference (those
that deal with actual choices). The strengths and weaknesses of the most important approaches
are highlighted: 1) contingent valuation, 2) multi-attribute utility elicitation, 3) discrete choice
experiments, 4) econometric models, and 5) predictive analytics.
Moving forward, research gaps to address in relation to measuring customer preferences include
making more use of customer preference research in the utility industry, exploring the potential
benefits of combining revealed and stated preference approaches, predicting preferences across
disparate domains and choices, forecasting preferences into the future, and translating customer
preference research into discrete inputs that can be used by utility forecasting and planning
functions.
These gaps need to be addressed collaboratively via an overarching research agenda, and EPRI’s
contribution to this is the development of the “customer model” vision, which seeks to predict
customers’ interaction with the grid, including their adoption of products and services, as well as
other indirect behaviors that may impact the system. The ability to accurately measure customer
preferences is just one part of the customer model vision, albeit the part that may represent the
biggest unknown.
Keywords
Stated preference
Revealed preference
Customer adoption
Technology and services
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EXECUTIVE SUMMARY
Electricity-related technology and service offerings to customers have expanded in the past
decade. Customers can choose to add solar panels to their roofs, buy wind power from new and
incumbent utilities, purchase electric vehicles, select among a wide variety of lighting
technologies and controls, and manage their electricity in response to time-varying prices, among
many other choices.
Whether these options are offered by utilities or other service providers, they often result in load
factor implications and other consequences that nonetheless affect utilities. As a result, utilities
need to understand and predict what their customers are likely to want and adopt so that they
may forecast, plan for, and provide grid support, accordingly. Doing so also enables ancillary
benefits, such as the ability to develop product and service choices that customers actually want.
This report reviews methods for modeling consumer preferences across the three major
behavioral science disciplines that have dominated developments in this area: economics,
psychology, and sociology. The report contrasts the approaches used in each of these fields, and
identifies the conditions under which each method is most appropriate.
The methods are divided broadly into stated preferences, those that deal with studies where
hypothetical choices are provided consumers, and revealed preferences, those that deal with
actual choices. The strengths and weaknesses of the most important approaches are highlighted:
1) contingent valuation, 2) multi-attribute utility elicitation, 3) discrete choice experiments, 4)
econometric models, and 5) predictive analytics. These are summarized in Table ES-1.
A combination of stated and revealed preference methods is recommended to yield important
insights into customer decision-making. When using stated preferences methods, discrete choice
experiments are recommended, given their moderate resource requirements, ability to model
tradeoffs and heterogeneity, and firmly established theory in economics and psychology. When
using revealed preferences, both econometric models and predictive models can be useful for
understanding and explaining the past, as well as forecasting the future.
The results of academic research that has applied these approaches are also reviewed. Studies
focusing on choices between rate options such as fixed rate vs. time-varying pricing like time-ofuse (TOU), generally find that: 1) customers would prefer to stay on a fixed rate plan, and would
require a discount to switch to a dynamic pricing plan; 2) in randomized controlled trials,
framing the dynamic pricing program in different ways has had little effect on choices, whereas
education and information has shown some improved willingness to switch; and 3) there is
significant heterogeneity in willingness to switch, both at the individual level (such as aversion
to risk), and at the group level (such as high vs. low income groups).
Findings from the academic literature on solar photovoltaic (PV) adoption suggest that
motivations include energy cost savings and excess generation revenue for themselves, social
influence, and promoting energy independence and providing health/global warming benefits.
Barriers to adoption identified include high initial costs and long pay-back periods, poor
aesthetics, limited panel power warranties, and lack of information or familiarity with the
technologies and available incentives/rebates.
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Table ES-1
Suitability of Methods for Different Types of Questions and Data
Contingent
Valuation

MultiAttribute
Utility
Elicitation

Discrete
Choice
Experiments

Econometric
Choice
Models

Predictive
Analytics

Data Type

Stated
Preference:
Judgments

Stated
Preference:
Choices

Stated
Preferences:
Choices

Revealed
Preference:
Sales

Revealed
Preference:
Sales

Key
Advantage

Requires little
modeling;
easy to
implement and
understand

Deliberative;
Interactive

Controlled
experiment;
useful for
products that
do not yet
exist

Uses real
purchase
behavior in
market context

Uses real
purchase
behavior in
market context

Key
Disadvantage

Hypothetical
judgments
unlike tasks
consumers
face; potential
for bias from
survey design
and context

Extremely time
consuming;
requires
extensive
training and
resources;
cannot
examine
heterogeneity

Hypothetical
choices may
not match
choices in
marketplace;
bias from
survey design
and context

Lack of
controlled
experiment
causes bias if
not controlled
for;
measurement
error and
limited
information
about options
consumers
faced

Same
disadvantages
as
econometric
choice models;
also, results
based on
correlation and
not causation

Appropriate
When

Respondent
and
interviewer
time are
limited;
services/goods
are relatively
familiar

Interested in
what a single
decisionmaker cares
about and how
they weigh
different
attributes

Choice
process in the
survey is
similar to
market
context;
respondents
are willing to
give more time

Able to use
natural
experiments or
statistical
techniques to
control for
sources of
bias

Sales
prediction
desired and
causality and
attribute
contributions
of the decision
are
unimportant

Concerning electric vehicle choices, previous academic studies have concluded that, on average,
consumers prefer conventional vehicles to battery electric vehicles (BEVs) because of range,
cost, and time to refuel, and because of perceived restrictions on their charging behavior. While
mainstream consumers are reluctant to purchase BEVs, certain segments of the population
(“early adopters”) view these vehicles much more favorably. In contrast with BEVs, mainstream
consumers tend to view plug-in hybrid electric vehicles (PHEVs) with less reluctance, although
forecasts generally predict that PHEVs will continue to be a small portion of the market.
Moving forward, research gaps to address in relation to measuring customer preferences include
making more use of customer preference research in the utility industry, exploring the potential
benefits of combining revealed and stated preference approaches, predicting preferences across
disparate domains and choices, forecasting preferences into the future, and translating customer
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preference research into discrete inputs that can be used by utility forecasting and planning
functions.
These gaps need to be addressed collaboratively via an overarching research agenda that links
together all the disparate activities required. EPRI’s contribution to this is the development of the
“customer model” vision, which seeks to predict customers’ interaction with the grid, including
their adoption of products and services, and other indirect behaviors that may impact the system.
The ability to accurately measure customer preferences is just one part of the customer model
vision, albeit the part that may represent the biggest unknown.
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LIST OF ABBREVIATIONS
BEVs

battery electric vehicles

BMA

Bayesian Model Averaging

CHP

combined heat and power

CPP

critical peak pricing

DBR

declining block rates

DCE

discrete choice experiment

DERs

distributed energy resources

DLC

direct load control

EE

energy efficiency

GTM

green tariff mechanism

HOV

high-occupancy vehicle

HVAC

heating, ventilation and air conditioning

IBR

inclining block rates

IV

instrumental variable

KDD

knowledge discovery in databases

LED

light emitting diode

PEVs

plug-in electric vehicles

PHEVs

plug-in hybrid electric vehicles

PTRs

peak time rebates

PUCs

public utility commissions

PURPA

Public Utility Regulatory Policy Act

PV

photovoltaic

RTP

real-time pricing

TOU

time-of-use

VCM

voluntary contribution mechanism

VPP

variable peak pricing

WTP

willingness-to-pay
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INTRODUCTION
Utilities have provided customers with service choices to various degrees over the past 35 years,
driven largely by local supply conditions and regulatory circumstances that vary considerably
across the country. That explains why the choices offered were not uniform in nature or
construction, or universally available. Considerable research has been expended in developing
many of these services, and in some cases adoption forecasts have been developed specifically to
justify the implementation of a new service. The methods used have been too diverse and
situation-specific to produce a consensus on how to forecast adoption of services or technologies
under any circumstances, or on what methods are generally best. Very little has been done to
prepare the electricity sector for understanding preferences across alternatives that are
complements or substitutes.
What’s different now is that the forces for change in what customers are offered as services is
driven in large part by forces outside the electricity sector, by entities that want to become part of
the economic activity associated with the provision and delivery of power to end-users. A wide
variety of technologies is becoming available that utilities can use to design and offer new
services, or that customers will acquire on their own, resulting in changes in electricity demand
that must be foreseen and accommodated. The adoption of new usage behaviors serves
everybody’s interests, but customer diversity means that a portfolio of technologies and services
are needed to satiate demand and exhaust opportunities to improve market performance.
The electricity sector needs to undertake product research and development activities, especially
as it relates to forecasting adoption, to serve customers’ needs beneficially. It behooves the
industry to develop methods and protocols that address the complex needs for measuring
preferences and that are widely applicable. There are considerable benefits to a collective
development process, and the methods developed under such a research enterprise would provide
a framework for how to conduct analyses across diverse situations using common methods.
What service plans to offer and what technology adoption levels to prepare for depends on local
power supply and economic conditions, technology evolution, customer circumstances, and the
goals set by utilities and their regulators. Employing common methodologies across the
electricity sector ensures that best available methods are employed; the results serve to confirm
that they are sensible and useful, or to reveal that they need further refinement.
The review of methods that follows is a first step toward the development of robust and
universally applicable methods for measuring electricity customer wants, needs, and intentions.
But first, it is instructive to consider the history and structure of the utility industry, and the
implications these have had on the topic of customer choice.
Looking Back: The Electricity Sector and Customer Choice
Since its inception, the electricity sector has focused on reliability and affordability as the key
factors to meeting customers’ power demands. Electricity was considered a natural monopoly
subject to large economies of scale, so the path to affordability was expanded demand.
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Reliability has been improved by innovations affecting the performance of all elements of the
system, from generation to final delivery. New technology allows utilities to shorten the time of
many (very localized) distribution system outages and accelerate storm restoration over broader
areas.
Achieving these goals meant homogenizing the services offered, which was consistent with costbased rate-making that establishes rate structures applicable across broad customer classes (for
example, as residential, commercial, and industrial) and employing very basic pricing structures.
As a result, customers had neither the choice among utilities or a choice among service options
from their utility, but few complaints were voiced because power was affordable (to most) and
reliable (to almost all).
That economic and business model seemed on the verge of dissolution in the late 1970s and
1980s as a result of changes in federal regulation of the industry, combined with infrequent but
highly visible reliability shortfalls and rising electricity prices. 1 The Public Utility Regulatory
Policy Act (PURPA) opened the grid to independent power suppliers and mandated that state
regulators investigate ways to better align electric rates with marginal supply costs; it did not,
and could not, mandate the institution of the findings. A spate of pilots was conducted to
demonstrate that residential customers could and would adjust their usage when paying timedifferentiated pricing (largely TOU), and that large users, primarily heavy industry facilities,
would be willing to reduce their power usage substantially a few times a year on short notice.
EPRI and the Edison Electric Institute (EEI) contributed by organizing an extensive research
project to use the skills and expertise of the academic community to develop a marginal costbased pricing system.
The TOU pilots produced mixed results. Few state public utility commissions (PUCs) did more
than require utilities to offer time-differentiated rates as an alternative to residences, and in a few
cases mandated them for the very largest customers (commercial and industrial facilities). The
EPRI/EEI rates study produced volumes of information and recommendations that spoke well of
the intentions, but produced limited substantive pricing reform. Customer choice and widespread marginal cost-based rates remained aspirational but not an active pursuit for more than
two decades, with a couple of occasions of renewed but highly localized initiatives.
Interruptible/curtailable rates were adopted in several markets as a result of the urging of PURPA
and because regulators wanted to delay further investments in base load capacity. Participants
were paid an incentive in return for agreeing to reduce power usage at specific times. Selling a
lower level of reliability is a distinct form of service diversification. 2
Another form of diversification was real-time pricing (RTP), whereby (volunteer) customers
received new hourly price schedules every day, and those prices could vary considerably based
on prevailing supply conditions (by a factor of 50 or more in some cases, compared to TOU

Ironically, the spread of digital devices expanded electricity usage but reduced reliability because the early
versions were more sensitive to changes in power quality (for example, voltages swings).
2
The electricity delivery system is designed such that many premises are connected to a common radial thread of
the grid. Hence, all get essentially the same level of reliability and selling a higher level to some is not practically
feasible, even if some want more. However, it is possible to sell a lower level of reliability to some by arranging to
reduce the power flow to the premise or to specific devices on the premises.
1
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diurnal prices that varied by a factor of two to three). 3 RTP programs were launched in over 25
utilities in several parts of the country, almost exclusively available to larger customers,
sometimes as an alternative to an established load curtailment program. 4 Some customers
preferred to manage their usage on an ongoing basis based on posted prices rather than be
required to reduce load by a specified amount with less notice.
The move by the Federal Energy Regulatory Commission (FERC) to reform electricity markets
completely and permanently in the mid-1990s shed light on the fact that robust wholesale
electricity markets require responsive customer demand, at least at a level well above what was
available at the time. This produced a lot of moral and academic support for retail rate reform
and general acknowledgement that price response was important to achieve efficient markets.
Wholesale markets were created without ample provision for price responsive load and
consequently have had to undertake many adjustments in the market design. Nonetheless, service
choice began to find its way into some utility retail tariff books largely because of situations that
were caused by the changing nature of electricity demand. The proliferation of end-uses that are
used primarily during the middle hours of the day produced distinct peaks in electricity use, for
example air conditioning and space heating. Extreme temperatures required deploying generation
units capable of responding quickly, but that were required for only a few hours of the year. The
result was an expensive marginal supply cost that raised rates for everyone.
To avoid employing (and hence the need for) peaking units, some utilities sought to enter into
call options with customers that allowed the utility to alter the terms of service under specified
conditions. Typically, that involved informing customers that they had to reduce usage to a
prescribed level for a specified period (an event), and for agreeing to do so they received an upfront payment. The event notice was short (day ahead at most, sometimes an hour or less). But,
the duration of the load curtailment event was usually very short (4-8 hours), and the number of
events that could be called were few, so the inconvenience was acceptable to enough customers
(given the payment) that building and operating a peaking unit was avoided (or deemed to be
avoided), resulting in a net gain for all customers.
These so-called demand response programs proliferated in many states, especially those with an
accentuated system peak due to fast-growing HVAC loads but modest overall growth in power
usage. Programs that started with large customers as the intended participants branched out into
programs for residential customers employing individual household device controls (e.g.,
HVAC, pool pumps, water heaters) that automated the response to the curtailment demand,
providing greater assurance that the curtailments were undertaken. 5

3
The first prominent RTP rates were in Californian launched as a proof-of-concept pilot that encountered several
pitfalls and as a result did little to address the primary issue: would customers alter their usage based on price
changes? A controlled experiment in New York with large commercial, and institutional customers reported that
some customers did indeed respond to prices that follow the pattern of supply costs (Herriges et al., 1993).
4
Two Illinois utilities implemented residential RTP programs around 2005, both of which are available today but
are relative small in subscription.
5
The assurance is in many cases a presumption, as it is only after the facts that compliance is verified, including
ascertaining that the load was not already at or below the desired level, in which case the anticipated (and often
badly needed) system power usage load reduction was not realized.
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Progress has been much slower in attracting customers to enroll in services that vary the rate paid
over the day, for example TOU rates, where the price was always higher during the hours when
system load peaked (often weekday afternoons to early evening). The intent of TOU rates is to
get customers to shift load to the off-peak hours, thereby reducing peaking supply requirements
and producing savings for all. While many utilities have made TOU mandatory for the largest
customers, only a handful have done so for smaller commercial and residential customers. One
reason is that TOU service requires a time-sensitive meter that was expensive until recently.
Over 50% of residential customers now have such meters, but the number of residential TOU
subscribers remains under 10% because so few utilities offer that alternative.
Another barrier to TOU adoption has been convincing customers that they could indeed shift
power usage in ways that resulted in benefits worth the inconvenience. A related hurdle is the
nature of TOU rates that generally define long periods of the day as peak (some cases 8 a.m. to
10 p.m.), coupled with relatively low load shifting benefits, (defined by the difference between
the peak and off-peak price). 6 In other words, it might require a considerable effort on the part of
program subscribers to realize relative small bill savings.
Going Forward: A Topology for Service Diversification
The options for diversifying electric services go beyond time-varying pricing. Figure 1-1 defines
domains that represent families of distributed energy resources (DERs); 7 that is, service
alternatives that can and are being offered. Each has a distinct way in which load modification is
induced or incented. In some cases, these offerings come from providers other than utilities, but
have load factor implications and other consequences that nonetheless affect utilities. Figure 1-1
categorizes various DERs as either technology- or behavior-driven, referring to the main
mechanism by which the DER may alter the electricity usage profile of the customer. However,
there is cross-over as well, given, for example, rate structures can complement and affect
technology adoption choices.

These are related because TOU rates are designed to produce the same expected revenue as the standard rate, so
the total revenue in the design is fixed. The longer the TOU period for a given off-peak price, the lower the peak
price to achieve balanced class revenues. A commitment to a long TOU period because it is safe (little change in the
system peak occurs outside of those hours) results in a lower peak to off-peak price ratio.
7
EPRI defines these domains as DER because they reside on the customer’s premises and can affect the electric grid
in important ways (EPRI, 2015).
6
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Figure 1-1
DERs that represent consumer choice of service possibilities
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Technologies

Technologies include those that produce or store power on customers’ premises, electrification
technologies that drastically affect load levels and patterns such as electric vehicles, devices that
customers use to manage when and how they use electricity, and devices and end-uses that result
in more efficient use overall.
Power supply technologies include distributed generation, which is generation located on the
customer’s premise that produces electricity generation for the household or commercial facility.
Examples include wind, solar PV, fuels cells, and combined heat and power (CHP). Storage is a
temporal power transfer mechanism, storing power at low-cost times so it can be released for use
during higher-cost times.
Most of these technologies are available at a scale suitable for businesses and many residences.
For the latter, rooftop PV systems are the most market-ready; community solar provides
consumers whose premises are not suitable for locating a rooftop system, or who do not want or
cannot afford a system on their premises, the opportunity to realize the benefit from a large-scale
system located in their community. Other power generation technologies are under development
and may offer consumers and businesses alternatives to purchasing all their power needs from
the power grid. The costs and benefits will vary substantially based on where in the country
customers reside, the physical nature of their premises, what they pay for power today and
expect to pay in the future, and the costs to install and maintain the systems.
Even if these conditions are fulfilled, the adoption decision is not a forgone conclusion because
of the diversity of consumer and business decision-making that includes factors such as the
capital cost or available leasing arrangements, time value of money, and social and
environmental considerations such as concerns about reducing dependence on fossil fuels or
reducing greenhouse gas emissions.
The electrification category connotes new major end-uses that will have significant effects on the
level and patterns of electricity usage, and electric vehicles are one prime example (although
they can also be categorized as a storage technology).
Connected devices have been enabled by advances in sending and receiving data, and have
resulted in new ways that customers, especially residences, can control when and how they use
electricity. Smart devices are programmed to carry out instructions designed to reduce electricity
cost, as well as produce greater comfort, convenience and control.
Power supply options, electric vehicles, and connected devices all represent opportunities to
interact with pricing mechanisms and demand response overlays. For example, connected
devices can be especially beneficial for premises that are subscribed to demand response
programs by finding low inconvenience ways to meet curtailment demands. Power supply
options, electric vehicles, and connected devices also represent opportunities to converge with
other service offerings not related to electricity services. For example, home and building energy
management systems can complement entertainment, security, and other automation service
offerings.
Finally, utilities have for years promoted energy efficiency measures directly by offering
incentives to encourage customers to buy more efficient appliances, and by removing old,

1-6

inefficient appliances, which creates demand for new ones. 8 The success of these initiatives is in
part due to the relatively large monetary incentives available and well-designed programs to
identify candidates and deliver the program measures. In many places, the low hanging fruit (the
oldest and least efficient devices) have been replaced so the customer benefits are lower, and it is
now more difficult to achieve usage reduction goals in residences and businesses. To advance
energy efficiency investments, utilities need mechanisms to target customers based on their
circumstances (what measures are best for them), to be able to identify them in the population,
and to communicate with them effectively. An added challenge is that customers that install
power generation technologies like PV may be satisfied with the bill savings that result, and
thereafter be less inclined to make further investments in energy efficiency measures. How does
a utility balance goals for competing outcomes?
Behavior Modification
The behavioral domain illustrated in Figure 1-1 include three general categories: pricing plans,
including demand response overlays, feedback or customer-tailored information, and education.
Conservation refers to using less electricity overall. It involves information provided to
customers indicating ways they can use less power by being mindful of when devices are used.
For example, leaving lights on in rooms and areas that are not being used, not adjusting the
heating, ventilation and air conditioning (HVAC) setting to reflect when the home or business is
not occupied, and vampire power usage by devices (like computers, game consoles, printers,
TVs) that draw power even when they are shut off. The intent is to alter behavior so that it
becomes habit (an un-prompted behavior) to turn devices off and on as needed, and hence
conserve energy.
Rate structures and demand respond overlays refer to ways electric services can be structured
and priced. 9 Rate structures that are time varying price usage based on when power is consumed.
Prices can vary by season, diurnally (distinct peak and off-peak periods), or hourly or at even
lower time increments. Examples include TOU, RTP, critical peak pricing (CPP), or variable
peak pricing (VPP), which combines TOU and CPP, although the peak price can change daily as
needed).
Demand response overlays are conditions applied to a base rate structure to further differentiate
the nature of the service. Examples include direct load control, interruptible/curtailable load, and
peak time rebates (PTRs). They acknowledge the more nuanced aspects of the timing of supply
and hence cost, and seek to induce changes in usage that would avoid the incurrence of those
costs. Overlays alter one or more aspects of the base rate under specified conditions that
generally result in an event (call option is exercised).

These were complemented by initiatives, often supported by utilities, to raise device efficiencies across the board
that effectively reduces power consumption, at least by the rate of device replacement.
9
EPRI has developed a more detailed topology that describes the basic building blocks for structuring pricing plans
based on how they can be measured and therefore billed. See A System for Understanding Retail Electric Rate
Structures. EPRI, Palo Alto, CA: 2011. 1021962.
8
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Instead of time differentiation, the rate structure can be distinguished by usage levels, such as
with inclining block rates (IBR) or declining block rates (DBR), where higher blocks of usage
(defined by kWh levels) pay higher or lower prices, respectively. 10
In addition to the timing and level of kWh usage, other billing determinants can affect the rate
structure, such as the charge associated with the fixed costs of providing services (e.g.,
connection costs, customer service costs), the demand charge (related to the kW capacity
requirements to serve the customer), or hedging mechanisms. 11
Using these building blocks, overlays, and hedges, a large number of pricing plan variations can
be constructed, some of which employ variations in physical and financial attribute levels that
are intended to induce customers to respond. Customer acceptance of such pricing plans and how
they may respond to them remains a shortcoming to service diversification.
Information/feedback refers to customer-specific information about the amount and level they
consume that may help them learn about and ultimately adjust their consumption. 12 Direct
feedback includes in-home devices or apps that display premise or appliance usage in real-time
or appeals to reduce usage during critical periods with quick turnarounds on customer-specific
savings results. Indirect feedback refers to customer-specific reports or web-based information
that is not real-time. In some cases, customers choose to receive feedback as they would for any
technology or pricing option—for example, by agreeing to receive the in-home devices or to
download the app. In other cases, no choice is involved as information is provided to customers
by default on an opt-out basis. In these cases, the choice shifts to whether they choose to pay
attention to, or choose to respond to the information.
While not a DER per se, a noticeable exclusion from Figure 1-1 that could affect system load
impacts is the choice of power supplier. Some parts of the country have adopted customer choice
whereby consumers and businesses purchase power from an entity other than the local utility. In
most cases, the utility no longer is a choice for power supply so the choice is among competitive
suppliers of power service, delivered through the power delivery system built and maintained by
the utility. 13 This adds another element of choice, but one to be addressed by competitive
suppliers, and not the utility.
For the purposes of this discussion, the focus is on choices that directly affect utilities regardless
of the market structures they operate in. One would expect that service diversification has value
to competitive retail suppliers, as they face the same temporal supply cost variations as vertically
integrated utilities.

Other types of usage-level differentiated rates exists, including customer-specific blocks, and split power level.
See EPRI 1021962 for more detail.
11
Hedging can be related to price or quantity. See EPRI 1021962 for more detail.
12
EPRI developed a more detailed framework on the types of feedback. See Residential Electricity Use Feedback: A
Research Synthesis and Economic Framework. EPRI, Palo Alto, CA: 2009. 1016844.
13
Customers that do not choose a competitive supplier are served under a default power supply tariff the utility
offers. In most cases the utility no longer has any generation so it contracts with others (competitive suppliers) for
the power supplied to those default service (or provider of last resort) customers. The choice is to buy directly from
a single competitive supplier of from a pool of competitive suppliers.
10
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Summary
The distinction between technologies and behaviors as defining the choice customers have for
meeting their electricity demand is useful, but there are complexities to consider in quantifying
customer preferences among them. The service domains themselves in some situations are highlevel substitutes and in others complements, and subject to complexities that can perplex utility
service plan designers. Pricing plans that include demand response benefits and obligations may
cause customers to consider purchasing connected devices to manage their usage (a complement)
so they can fulfill obligations and maximize realized benefits, although perhaps to the detriment
of the intention to achieve power reductions. Or if savings result, this might lower customers’
inclination to practice other conservation behaviors or invest in more energy efficient appliances
(substitutes), undermining other utility goals.
Estimating customer participation in programs or their adoption of technologies requires
forecasting adoption across domains (PV and energy efficiency [EE] measures?), amongst
elements of a single domain (wind or fuel cell?), and amongst the alternatives in a sub-element
(e.g., rooftop or community solar PV).
This report reviews various methods for estimating what alternatives customers are likely to
adopt and why. It focuses mainly on alternatives that are closely related in nature, because
utilities are generally interested in one domain, or one family of alternatives in a domain, in order
to address specific needs. For example, utilities may find themselves facing the need to induce
changes in usage at a specific location on the distribution system at a specific time, for which
demand response is likely best suited. Alternatively, PV might be an attractive investment to
some customers, so foresting adoption is critical for utilities to be able to accommodate localized
power generation resources.
A broader perspective would address how customers consider all possible DER-related
technologies or services to decide whether to install PV, undertake energy efficiency
investments, do both, or switch to a new service plan altogether because it is the only option that
suits their specific circumstances. Broader still would be to address how customers decide
amongst DER-related choices in relation to any other choices they may be contemplating.
These are larger undertakings that future research should tackle. This report focuses on methods
to portray customer preferences and predict adoption from amongst close service and technology
alternatives that address immediate electricity sector needs. In addition, the focus is mainly
residential customers, although methods applicable to commercial and industrial customers have
been summarized in a companion report (EPRI, 2017).
Estimating Preferences and Adoption of Electricity-related Technologies and
Services: A Statement of Needs
Even by narrowing the focus to electricity-related choice decisions by residential customers, the
task is still substantial—how do utilities forecast adoption across diverse opportunities and
customer circumstances?
A variety of research methods are available, most derived from the behavioral science
disciplines, that have been used for product development and marketing in many industries.
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Are they applicable to the needs of the electricity sector, meaning they employ behavioral
characterizations that conceptually align with forecasting consumers’ preferences for how they
buy and use electricity, they are applicable to studying adoption of existing offerings, and they
can forecast adoption for new or hypothetical products and services? Have they been used in the
electricity sector, and are the results compelling and actionable?
The sections that follow are organized according to the questions analysts are likely to pose
when they encounter the need to estimate the adoption of a technology or behavior. Section 2
examines the drivers of adoption and important factors to be considered when estimating
preferences. The various disciplines that seek to explain decision-making behavior are then
compared in Section 3 in terms of how they postulate that behaviors are formulated, and how
decisions are derived from mental processes. Next, the methods employed by the disciplines are
summarized in Section 4, and Section 5 reviews the academic literature in relation to assessing
preferences for alternative rate structures, solar photovoltaics, and electric vehicles. Section 6
concludes with recommendations regarding the methods and protocols that appear to be the most
suited for estimating service and technology adoption, as well as a discussion of ways to apply
the report learnings going forward.
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2

CHARACTERIZING CUSTOMER PREFERENCES AND
CHOICES
Utilities are seeking to develop a comprehensive understanding of their customers’ wants and
needs to forecast purchase inclinations and behavioral changes. The focus is on change: what
actions do customers take that modify electricity demand permanently, episodically, or
evolutionary? From a utility program perspective, this involves participation (joining the
program offering), performance (how electricity demand changes once enrolled), and persistence
(how long does it last?). The focus of this report is participation, and in particular, purchase or
adoption decisions.
Drivers of Adoption Decisions
Adoption decision processes can be complicated and involve many drivers, such as the attributes
of the products and services, characteristics of the people making the decisions, and external
influences.
Product and Service Attributes
Attributes are the characteristics of the products or services. They may impact value directly (by
altering costs and benefits) or indirectly (by affecting availability, reliability, reduced
environmental emissions, a sense of control over costs, etc.).
As an example, the size of the PV system installed on a rooftop drives the power produced and
hence the net benefits realized and the financial obligation that is required. A smaller system may
be chosen because of limits on the household’s or business’s access to financing. The size would
be a distinct attribute only if it imparted value not directly associated with the financial outcome,
for example its large appearance may be felt to impart social status, or conversely, detract from
the resale of the premises. Because these interrelationships among attributes are so important,
determining which exerts influence and to what extent is important to understanding preferences
and the actions that they trigger.
Customer Characteristics
Developing associations between the inclination to adopt and customer characteristics provides a
means for sorting customers according to their likelihood of taking an action and when. Those
characteristics include demographics, the physical characteristics of the premises and the stock
of electric devices on the premises. Understanding these associations is important, especially
because of the wide range of technologies or services customers might adopt that affect when
and how they use electricity.
Some technologies or services may have relatively low adoption rates, appealing to a specific
audience, but result in substantial changes in electricity demand. For example, even a low level
of PV interconnection can disrupt the operation of some distribution circuits, while others can
accommodate a very high PV penetration. Finding those adopters cost-effectively is aided by
methods that sort customer by observable or acquirable characteristics and factors.
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External Influences
The net benefit realized by customers can depend on factors that utilities control or might
influence, and others they may not be able to affect at all. Some benefits are derived from several
attributes in complex ways. For example, the purchase cost of a plug-in electric vehicle (PEV) is
determined by manufactures and dealers, but subsidies and incentives offered by federal, state,
and local government can reduce the cost. A utility might influence the cost of ownership though
its rates ($/kWh and $/kW) for charging, through charging equipment services it offers to home
owners and businesses, or through efforts it makes to educate its customers on the monetary and
financial advantages of PEV ownership. Are these more or less influential than first cost and
other benefits that only government agencies can affect (e.g., avoided gas taxes, high-occupancy
vehicle [HOV] lanes, parking privileges)? The role a utility plays in PEV adoption depends on
what leverage it can apply.
A utility might be more influential in the adoption of PV systems on residences and businesses
through what it pays for power supplied to the grid, the cost of the grid interconnection, and
other benefits it extends because PV provides local and upstream benefits that inures to the
system (EPRI, 2016). It likely cannot directly affect the cost to build and install the system,
which is driven by innovation, productivity, and the extent of scale and scope economies.
Important Considerations in Estimating Preferences
Acknowledging and leveraging important distinctions in how choice decisions are made will
influence how utilities go about modeling customer adoption and other related behaviors.
Who is the Buyer/Adopter?
How are technology and behavior adoption decisions made? The decision-making process and
circumstances for consumers, businesses, and institutions are different. Consumers seek to fulfill
wants and needs conditioned on the availability of income and credit; they are maximizers of
their self-interest, which may go beyond what can be readily monetized. Customers might buy a
PEV or PV system because they attribute value to the environmental benefits that are not
monetized. Alternatively, they may be skeptical of the prospective (but not assured) benefits
relative to known costs and that renders the purchase undesirable. Forecasting adoption/purchase
decisions must account for customer heterogeneity in terms of their demographic and premise
situations, as well as how they attribute value to potential transactions, including tradeoffs
among alternatives.
Tastes and preferences reflect a customer’s experience and circumstances, at least to some
degree. Some may have preferences that are so homogeneous that they act similarly in specific
choice situations. They constitute a segment with homogeneous preferences that, if identified,
greatly enhances finding those customers on which to focus engagement activities. However, just
because they act alike in one electric service choice situation does not mean they would do so
over all choice situations. For example, purchasing a PEV might be driven in part by social and
environmental factors that are shared by homeowners and renters. But they would not necessarily
be expected to share the inclination to purchase a rooftop PV system (due to differences in their
premises) or subscribe to a dynamic pricing program (because of lifestyle differences).
Business decisions involve seeking to maximize economic gains measured in financial terms, the
net profit or gain from economic activities. While businesses may share the profit motive as a
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key driver to purchase and investment decisions, how that plays out depends on many factors
that vary across businesses due to their finance circumstances, the stock of capital investments
they consider, and the criteria they use to rank alternatives. These may be associated with
differences in the size of the business, the nature of its economic activity, where it is located, the
nature of its technology, and other factors, many of which are measurable and therefore can be
associated with individual firms. Premise characteristics are quite different from those of
residences, as they occupy larger and differently configured spaces stocked with a large range of
electric devices, some with large electric demand that makes demand charges important to
technology and service plan decisions.
Social concerns may play a role in decision-making that is subtle or overt. Distinguishing the
extent of such influences on decision-making in general, and on choices from among electric
service alternatives specifically, would help utilities more effectively convey alternatives to
businesses that are best suited to their needs.
Institutional customers are businesses operated by federal, state, and local agencies, as well as
non-profits. Examples include hospitals, education and health care facilities, and government
agencies. They are distinguished from businesses by their focus on serving public interests that
in many cases elevates the importance of social interests relative to a profit motive. They also
may face different capital access and utilization restrictions. Finally, their relationship with their
customers involves transactions of a different nature, generally involving many different but
interconnected power services that may be continuous, episodically used under specific
situations, and in some cases fulfilling nondiscretionary needs (e.g., safety).
Defining the Choice Situation
The choice situation being studied is distinguished by the scale and scope of the alternatives
available and the consequences of the decisions.
Choices Among Domains
Some utility analyses will involve customer choice from among alternatives of a single domain,
for example, to install a rooftop PV system or join a community solar project. Others will
involve an expanded choice set, for example a PV system purchase versus making substantial
premise improvements to increase energy efficiency, purchasing new technology, or subscribing
to a TOU service plan. All serve to reduce electricity costs but in different ways with different
consequences. The more diverse the set of alternatives customers have available, the greater the
complexity associated with their deciding what to do, and hence a greater challenge to predict or
forecast their decisions.
Reoccurring or Infrequent Choice Situations
How often a customer faces a decision influences what factors are relevant. More frequent
decisions (made routinely to fill ever-present needs) are likely influenced by exigent
circumstances, the current offerings available and their key attributes, and customer
circumstances. Those made only occasionally are more likely to depend on expectations of future
states and outcomes, because the choice has lasting implications. Many technology decisions
involve substantial investment in equipment that is expected to provide service for years. Making
such an investment may preclude undertaking other alternatives, and include considerations like
obsolescence risk.
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Choosing among pricing plan alternatives may involve less of a commitment, sometimes only a
few months, so the consequences of an undesirable outcome are less adverse. But, the
availability of that service may be short-lived, or key attributes and features may be changed,
making the alternative less desirable. For example, a utility might offer payments for curtailment
rights that are attractive because of the current supply situation, but that drop substantially, or are
eliminated, in a few years. Uncertainty as to how program specifics may change over time may
act as a barrier to adoption.
When Choice is Exercised
Utilities need to be able to forecast when a choice decision is exercised. This involves both
establishing when the circumstances that would trigger a choice decision come to fruition and
when the customer undertakes the purchase or adoption action. The implications are different if a
decision leads to an immediate change in electricity demand compared to a decision now to take
action in the future. If there is lag, what is the reason and how is it resolved? Is the delay due to
the availability of the service or technology, or do certain conditions have to be met for the
action to occur, such as permits to cite a PV system or the availability of public charging in the
case of PEV?
Having examined some key high-level considerations that are important in understanding
decision-making, the following section delves into this topic more deeply through the lens of the
disciplines of economics, psychology, and sociology.
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THEORETICAL CONSIDERATIONS ON MODELING
CHOICES
Researchers in economics, psychology, and sociology have studied human choice for over 100
years and have developed well-established methods to explain choice behavior.
As shown in Table 3-1, each discipline subscribes to a set of theories of human behavior that
specify both what people want (the content of preferences) and how people choose (the structure
of preferences). (For an alternative categorization of these disciplines, see Appendix A.)
The content of preferences ranges from more general information, such as attitudes and beliefs
about status, to more specific information like attitudes toward price and reliability, or beliefs
about climate change. The structure of preferences determines how pieces of content are related.
For example, the classical economic model of preference represents decision-makers' preferences
as a ranking of over all alternatives, where every alternative can be compared, and preferences
follow a logical ordering, called transitivity (for example, if I prefer A over B and B over C, then
I prefer A over C).
Neo-classical economics also generally assumes that consumers always want more of a good
thing (for example, all else being equal, higher efficiency is always better). In contrast, the
psychological model of preference structure takes the perspective that consumers use heuristics
(simplifying strategies) and other strategies to simplify their choice tasks, which can result in
unstable preferences or those that do not conform to rational behavior such as transitivity
(Tversky, 1972).
Table 3-1
Approaches to modeling consumer decision-making in economics, psychology, and sociology
Behavioral Sciences
Economics

Psychology

Sociology

Summary

Rational preferences that
maximize individual's
utility function.

Heuristics and strategies that simplify
choice task. Preferences can be
unstable and characterized by a nonutility maximizing framework.

Choice influenced by
social meaning. Choice
context controlled by
groups with power.

Structure

Stable order of
alternatives.

Ordering changes depending on
choice set, reference point, and
framing.

Ordering changes
depending on the
preferences of others.

Content

Prices, attributes.

Prices, attributes, attitudes, beliefs.

Social meaning, status.

Consumer Choice in Economics
In the neoclassical economic view of decision-making, individuals know exactly what they want.
For any set of options the decision-maker can consistently order them by preference and choose
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the most preferred one. This might involve weighing the attributes of each alternative (e.g., price
and quality) and choosing the alternative that has the highest utility or value to the consumer.
The decision-maker can assess any number of alternatives at once, and find their most preferred
option, even when the alternatives have many attributes (e.g., hundreds of car options with
differences in miles per gallon, acceleration, size, brand, price) (Frischknecht, Whitefoot, and
Papalambros, 2010). The decision-maker decides what to include and what emphasis to give
each element. In fact, a rational decision-maker is informed about the attributes for each
alternative, and the framing of this information does not affect the decisions made.
The decision-maker weighs those attributes consistently, fills in information gaps appropriately,
and evaluates all the options. Such a traditional view assumes, among other things, that the way
the alternatives are framed does not matter. Decisions are not dependent on the form in which
information is presented to the consumers; what matters is the context they attribute to it.
Extensions of these approaches have been pursued to account for uncertainty in the outcomes of
different choices by using expected utility functions which take into account the risk profile (risk
aversion, risk neutral, or risk-seeking behavior) of consumers as they perform choices among
different alternatives.
More recent developments, such as random utility models extend this approach. The random
utility model is predicated on individuals deriving utility from choosing an alternative. In these
models the choices are mutually exclusive, and they manifest the underlying utility or benefit
from a given choice. Random utility models allow randomness in respondent choices —
representing the uncertainty or unexplainable aspects of a respondent’s choice (e.g., due to the
researcher not measuring all the things people care about, due to unsystematic mistakes made by
the respondent) (Luce, 1959; Block and Marschak, 1960).
Consumer Choice in Psychology
Psychological researchers have concluded that these traditional economic models may have
limited descriptive accuracy, especially to explain an individual’s choice. These include
experimental demonstrations that:







Adding an option that nobody would choose can reverse preferences between other options
(Huber, Payne, and Puto, 1982).
Adding an extreme option (e.g., a super-sized soft-drink) can increase the likelihood of
people choosing a “compromise” option (large size) (Simonson and Tversky, 1992).
The more complex the choice task, the more people use simplifying strategies (heuristics) to
make their choices (e.g., "I'll just choose the cheapest one") (Payne, 1988; Payne, 1999).
People can make relative assessments (“I’m willing to pay more to save two endangered
animals than one”) but their absolute assessments are often arbitrary (“I'm not sure how
much I'm willing to pay to save an endangered animal”) (Coombs, 1958; Kahneman, 1982;
Fischhoff et al., 1984; Poulton, 1989; Fischhoff, 1991; Fischhoff, 2005).
Options are assessed relative to the status quo, and individuals are unwilling to make
tradeoffs relative to the status quo (Samuelson and Zeckhauser, 1988; Kahneman & Tversky,
1991; Hartman et al., 1991; Luce, 2005; Madrian and Shea, 2001).
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Logically identical alternatives can lead to very different choices depending on their
description or framing, for example as gains vs. losses (Kahneman & Tversky, 1979; Levin
and Gaeth, 1988; Diamond and Campbell, 1989; Chen, Monroe, and Lou, 1998; Hardesty
and Bearden, 2003).
People express uncertainty or ignorance about what they want (Fischhoff, 1991; Cubitt,
2015).

Bhatia (2013) broadly categorizes some of these issues into choice set dependence (where choice
processes are determined by what options are available), and reference dependence (where
choice processes are determined by what options are salient). There are three prominent groups
of theories that have emerged as alternatives to the neoclassical economic model. Prospect theory
integrates reference dependence, loss aversion, and perceptions of risk and probability
(Kahneman and Tversky, 1979). Another is the choice heuristic approach, which holds that
people use different heuristics for making their choices depending on task complexity (Payne,
1982; Payne, 1988), such as the novelty of choices, difficulty in processing attributes, number of
attributes, and the number of choice alternatives. A third approach allows preference to
accumulate dynamically. Decision-makers are assumed to search for information about choice
alternatives, retrieve and retain that information stochastically (randomly), and accumulate that
information over time until they have sufficient evidence to choose one option over another
(Busemeyer, 1993).
Sociological Approaches
Rather than focusing on individual processes, as is done in economics and psychology,
sociological approaches have focused on how alternatives enter the choice set and the meaning
(value) attributed to those alternatives. For example, choosing a light emitting diode (LED) over
an incandescent bulb might reflect a desire to join with others in doing the right thing (e.g., for
the environment), or a desire to oppose incandescent bulb manufacturers. As a result, consumers
do not simply consider the outcomes of choices, but also consider what choices mean in a
broader social context (Blumer, 1969), meanings that may or may not be consciously available
(Berger & Luckmann, 1966; Solomon, 1983). The social environment shapes the choices
available to consumers and their meanings, and this control is exerted by those in society with
power, who determine what alternatives enter the choice set, and how those alternatives are
portrayed and discussed (Foucault et al., 1991; Gramsci et al., 1971). Furthermore, there is an
association between what those of high status choose and the desirability of an alternative,
independent of the outcomes of that choice, meaning those who have power can again influence
what is desirable (Child, 1972; Zucker, 1977; Fournier, 1998).
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METHODS TO MEASURE AND PREDICT CHOICE
The methods that characterize and predict the choices a decision-maker will make can be divided
into those that use stated preferences or revealed preferences (Figure 4-1).
In the stated preferences framework, participants are asked hypothetical questions about what
they want, whereas in revealed preferences methods, historical market data on choices and
behavior are used to infer what people want.
Stated preferences can be further divided into judgments and choices. A judgment would be a
response to the question “How much are you willing to pay to clean up 30 miles of the
Susquehanna river?” whereas a choice would provide respondents with a coal cleanup project
and a river cleanup project and ask which project respondents would choose (Fischhoff et al.,
1993).

Figure 4-1
Classification of data sources used to quantify and predict choices

The most frequently used stated preference methods are described below, including contingent
valuation, discrete choice experiments, and multi-attribute utility elicitation, along with revealed
preference methods. Contingent valuation only asks for judgments, discrete choice experiments
ask for choices, and multi-attribute utility elicitation uses both. In contrast to stated preference
studies, revealed preference studies exclusively use choices in the marketplace. In this category,
the focus is on two different approaches for analyzing large datasets of consumer choices to
understand preferences: econometric choice models and predictive analytics.
All the methods listed below have their shortcomings. In stated preference approaches, the
hypothetical conditions provided to participants can include new products or services, but these
preferences will only reflect behavior if the hypothetical context matches the market context
(Payne, 1999), and people are able to predict their own behavior (Kahneman & Tversky, 1982).
On the other hand, revealed preference approaches that use historical data and regression models
lack the flexibility to incorporate new goods or services that were not available at the time the
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study was conducted, and because the environment is not controlled, may lead to biased
estimates.
Stated Preference Methods
Contingent Valuation
Overview
Contingent valuation methods ask respondents how much they are willing to pay for a market or
non-market good (Arrow et al., 1993). For example, respondents might be asked how much they
are willing to pay to clean up an oil spill or to have improved electric service reliability or
resiliency. This valuation can be used to estimate the consumer surplus, 14 enabling the use of the
analytical tools from the Von Neumann–Morgenstern expected utility theory. 15 An overview of
contingent valuation is shown in Figure 4-2.

Figure 4-2
Description of contingent valuation

Contingent valuation can also be used to assess a customer’s willingness to accept a product or
service, or their relative preference for it. In these scenarios, the studies generally make use of
rating and ranking questions, such as “To what degree would you be willing to sign up for this
service?” Customers are asked to rate the responses on a numeric scale (e.g., 1-5, 1-7, 1-100), or
to rank the options provided (1st, 2nd, etc.). In addition, respondents are usually only asked about
a single program, product offering or service choice.

The consumer surplus is an economic term that represents the amount people are willing and able to pay for a
good, minus the amount they actually pay. It measures the benefits of participating in a market, when it exists. It is a
sometimes controversial measure, because it involves measuring the utility received for a good or service.
15
Expected utility theory pertains to choosing rationally when the outcome of the choice is not certain. It involves
choosing options that provide the largest expected benefit, not just the largest expected value of a gamble.
14
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Advantages
The advantages of contingent valuation are that it is direct, eliciting a respondent’s willingness to
pay for or accept an offering from their responses, it provides the opportunity for responses to a
carefully constructed and realistic scenario, and it can be implemented economically, for
example by elicitation over the phone. It can also produce a monetary measure of the value of a
good or service, which can be used to inform policy making.
Disadvantages
There are two important disadvantages to contingent valuation. First, because contingent
valuation studies do not ask respondents how their preferences would change as a function of
varying attributes, only a single number is provided, rather than a marginal willingness to pay for
an attribute or a marginal rate of substitution across attributes. Second, features of the elicitation
context such as irrelevant anchors can strongly bias elicited values. For example, if respondents
are asked to think of the last few digits of their social security number before giving their
willingness to pay for a novel good, some of those with higher social security numbers tend to
give higher numbers (Kahneman et al., 1999; Ariely et al., 2003). A number of such task
characteristics reveal imprecision in peoples' preferences (Fischhoff, 1991; Fischhoff, 2005). For
example, when asked how much they would be willing to pay to save 2,000, 20,000, or 200,000
migrating birds, people indicate that they are willing to pay about the same amount (Kahneman
et al., 1994; Kahneman et al., 1999).
Examples
Some contingent valuation studies directly ask respondents about their willingness to pay for a
detailed good or service. Response formats include open-ended questions such as “How much
would you be willing to pay?” or accept/reject responses “Would you pay $X? If yes, would you
pay $X + $10?” or “Which of these cards shows the maximum amount you are willing to pay:
$X, $X + 10, etc.” For example, Cai, Deilami, and Train (1998) used a double-bounded
contingent valuation method to estimate willingness-to-pay for energy supplier attributes.
Respondents in the study were asked whether they would switch to a new supplier if they were
given an X% discount. If they said “yes” they were asked another question with a Y% discount
where Y<X. This was repeated until they said no, which identified the discount that they would
be willing to accept to switch energy suppliers if all other attributes remained the same.
Subsequently, respondents were asked if they would still switch if the new supplier had a
different attribute, such as not offering renewable power. If they said that they would not switch,
then the discount was increased to find their new indifference point, thus identifying their
willingness-to-pay for each attribute.
Stenner et al. (2017) used a rating scale to ask respondents about their intention to sign up for a
direct load control (DLC) program, and tested messaging designed to restore trust. Respondents
answered on a 0-100% scale of intention to register for the program.
Fell et al. (2017) used a similar approach asking about intentions to sign up for a dynamic pricing
program for home heating on a 1-5 scale. Different respondents were asked about different tariff
types (flat rate, TOU, dynamic TOU). Nicholson et al. (2017) used a similar 1 to 7 scale of
willingness to switch to a TOU rate, and correlated this willingness with measures of loss
aversion.
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Poortinga et al. (2003) conducted a study on which characteristics influence the preferences for
energy saving by households, differentiating by the domain (e.g., house-related, transportation
energy use), the strategy, and the amount of potential savings accrued. The authors used data
from a survey of Dutch households, collecting information on 23 energy-savings measures using
a Likert scale for energy saving measures, and using an environmental paradigm scale to collect
information on 12 items. The analysis uses a part worth model, summing the contributions from
domain, strategy, and amount. On average, the authors find that home-energy saving measures
are more acceptable than transport, and amount showed as the least important factor.
Table 4-1 summarizes the methods used within contingent valuation.
Table 4-1
Summary of contingent valuation methods

Multi-attribute Utility Elicitation Methods
Overview
Multi-attribute utility elicitation is a process where a decision analyst and respondent
collaboratively construct a multi-attribute utility function for the respondent (Keeney, 2013).
This process is a much more involved version of contingent valuation, where marginal rates of
substitution across different attributes are explicitly elicited, and the respondent's preferences are
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checked against the axioms of utility theory and are revised if inconsistent. An overview of
multi-attribute utility elicitation methods is shown in Figure 4-3.

Figure 4-3
Description of multi-attribute utility elicitation

Advantages
The advantage of this method is the creation of a multi-attribute utility function, allowing for
explicit quantitative evaluation of alternatives, including any situation described by the multiattribute state space, which may be abridged to make the problem tractable. The approach is also
prescriptive, using decision theory (e.g., expected utility theory) to guide the decision-maker to
an optimal decision with respect to some normative criterion. The formalization required to
perform the analysis can provide insight into a problem that could be unavailable without the
rigorous thinking required by the approach (Keeney, 1982). The process is iterative until the
respondent reaches a set of preferences that are consistent and reflect their values. This method
also attempts to reduce the impact of the previously mentioned biases (e.g., anchoring).
Disadvantages
This rigor also requires substantial time and effort on the part of the decision-maker(s) and
decision analyst, as well as substantial skill (and imposed subjectivities) from the latter (Keeney,
1980). It is also not clear how much the decision analyst biases the elicited preferences, where at
the end of the elicitation it is not clear whether the preferences reflect the respondent's or the
analyst's preferences (Fischhoff, 1991). Finally, determining which risk is explicitly included in
the decision process may be subjective, thereby personalizing the findings and limiting their
extensibility and predictability.
Examples
Keeney (1980) provides extensive examples of multi-attribute elicitation for evaluating the
impacts of energy siting decisions. This includes helping decision-makers make tradeoffs
between land use, fatalities, and the cost of electricity, among other attributes.
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A summary of multi-attribute utility elicitation methods is provided in Table 4-2.
Table 4-2
Summary of multi-attribute utility elicitation methods

Discrete Choice Experiments
Overview
Discrete choice experiments ask respondents to make a series of hypothetical choices between
alternative goods that vary on their attributes (Train, 2009). For example, a respondent might be
given 20 tasks where she is asked to choose between two cars in each task, each car varying on
its price, miles per gallon, and fuel source (electric vs. gas vs. hybrid). Key aspects of discrete
choice experiments are shown in Figure 4-4
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Figure 4-4
Description of discrete choice experiments

A common question is ‘What is the difference between a discrete choice experiment and a
conjoint analysis?’ A conjoint design simply involves asking people to make comparisons
between products or services that have different attributes. The conjoint design can include
ranking, rating, or choices of these alternatives, and it is generally not grounded in economic
theory. A discrete choice experiment involves i) asking participants to choose their preference
from a set of alternatives (versus asking rating- or ranking-type questions), and ii) uses these
choices to estimate the participants’ random utility function. As described previously, the
random utility function is a way to capture the uncertainty, or unexplainable aspects of the
participants’ choices (e.g., due to the researcher not measuring all the things people care about,
due to unsystematic mistakes made by the respondent). Discrete choice models are often
developed based stated preference research, but they can also be developed from revealed
preferences data—e.g., sales or other similar data that reflect actual choices from consumers in
the marketplace. (Note that in this case, a modeler is using a discrete choice model that does not
rely on a conjoint experimental design.)
Advantages
The advantages of discrete choice experiments are that they provide explicit models of market
share for each good, marginal willingness to pay for or adopt the good’s individual attributes
(sometimes referred to as the attributes’ “part worths”), marginal rates of substitution across
attributes, and the allowance for heterogeneous preferences across members of the population.
This approach has been widely applied in the energy sector (Train, 1985; Train, 1987, Min,
Azevedo, Michalek and Bruine de Bruin, 2014; Haaf et al. 2014; Haaf et al. 2016), and is
founded in sophisticated mathematical and theoretical development (Thurstone, 1927a, b; Luce,
1959; Block and Marschak, 1960; McFadden, 1973).
Disadvantages
The disadvantages are that discrete choice models rely on assumptions that allow the models to
derive marginal rates of substitution for different attributes. These key assumptions are regularity
(adding options to a choice set does not increase the choice share of other options) and
transitivity (if car 1 is preferred to car 2, and car 2 preferred to car 3, then car 1 must be preferred
to car 3). Violations of these core assumptions have been demonstrated, where adding
asymmetrically dominated alternatives 16 violates regularity (Huber, 1982), and similar
alternatives violates transitivity (Tversky, 1969).
Examples
Stated preference discrete choice experiments usually ask respondents to make repeated choices
between a small number of alternatives (usually no more than 4 to 5) that vary on a few attributes
(usually no more than 7 to 8). Studies that exceed these levels usually employ a sampling process
so that different customer groups receive surveys containing different choice sets to provide
appropriate coverage. Many of these approaches use either a mixed logit model, that can estimate
heterogeneity across decision-makers in their preferences and/or willingness-to-pay (WTP) for
Dominated alternatives are those that are clearly worse than others. This is described in more detail at the end of
this section.

16
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each attribute (e.g., caring about reliability), or a generalized extreme value model, such as the
multinomial logit or nested logit, that can capture unobserved similarity between available
alternatives (e.g., TOU and CPP are more similar than TOU and fixed price).
For example, in Neenan et al. (2016), respondents were asked to choose between three electric
service plans (flat rate, TOU, and fixed bill) that varied on the peak price, off-peak price, timing
and duration of peak time, contract length, and utility service territory. Choices of this type were
repeated several times, and WTP/preferences were estimated using a nested logit model. In
another example, Goett, Hudson, and Train (2000) surveyed owners of small and medium
commercial and industrial buildings. Respondents were given choices between four alternative
pricing plans that varied on the level of their attributes, and these choices were repeated 20 times.
Preferences/WTP was estimated using a mixed logit model. Huber and Train (2001) used a
similar approach but with residential customers. Buryk et al. (2015) examined choice among
fixed price, TOU, and critical peak pricing programs, and whether respondents were told about
the environmental and system benefits of switching to new tariffs.
Min et al. (2014) conducted a choice-based conjoint field experiment in which a series of
hypothetical light bulb choices were offered to consumers. Greater willingness to pay for lower
energy consumption and longer life was observed in conditions where estimated operating cost
information was provided. Providing estimated annual cost information to consumers reduced
their implicit discount rate by a factor of five, lowering barriers to adoption of energy efficient
alternatives with higher upfront costs. However, even with cost information provided, consumers
continued to adopt implicit discount rates of around 100%, which is larger than that observed for
other energy technologies.
A summary of methods within discrete choice is shown in Table 4-3.
Table 4-3
Summary of discrete choice experimental methods
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Important Considerations in Stated Preference Research
In designing survey research to evaluate preferences, typical design issues must be considered,
such as selection of a relevant population, sampling, recruitment and incentives for participation,
and dealing with non-response bias (Louviere, 2002; Dillman et al., 2008; Groves et al., 2009).
Standard approaches for survey design should be used, such as using cognitive interviews to
determine whether individuals understand what is being asked in the survey (Willis, 2004), and
pilot testing to check whether any unexpected issues come up (e.g., bugs in software, confusing
questions).
For discrete choice surveys in particular, some standard checks should be employed:
•

Comprehension: The survey should provide some context to the respondent.
Comprehension checks ask simple questions to determine whether the respondent
understands the context. For example, a price attribute might be described as a monthly
change in average bill, and the respondent could be asked whether the price attribute was
monthly change or annual change.

•

Dominance: Alternatives that are clearly worse than others are called dominated alternatives.
For example, an electric vehicle that has the same attributes as another but costs twice as
much is dominated. Dominated alternatives can be presented both at the beginning of the
survey (when respondents are “fresh” and most likely to notice) and end of the survey (when
fatigue may have set in) to determine whether respondents understand the task and whether
they are paying attention. A good practice is to remove the dominated alternatives from the
survey’s main choice sets.

•

Transitivity: As previously described, transitivity says that if the decision-maker prefers
alternative A over B, and B over C, then she should prefer A over C. It is simple to add a few
additional questions to make this comparison possible, for example, if the survey includes
comparisons of A and B, as well as A and C, then including a comparison between B and C
allows for transitivity to be checked.

•

Linearity: If preferences are linear with respect to the attributes, then transforming the
attributes (adding or subtracting some amount) should not affect choices. For example, if A is
preferred to B when their prices are $.10/kWh and $.9/kWh, respectively, then A should be
preferred to B if their prices are $.11/kWh and $.10/kWh, holding all else equal. Such scaling
can be useful in the survey design (Louviere, 2002)

Another consideration relates to the challenges of measuring preferences for offerings that are
new and unfamiliar to customers, given their uncertainty about the products’ usefulness or
drawbacks. Consumers can cope with this uncertainty by using techniques such as mental
simulation (i.e., thinking about the likely benefits and drawbacks of the product, and their
relative uncertainties) and analogies (i.e., using self-developed or provided analogies to other
products with which they are familiar) (Hoeffler, 2003). Stated preference methods for
conceptually new products could therefore be potentially improved by incorporating such
techniques. For example, Hoeffler (2003) found that incorporating mental simulation in
particular into stated preference tests did a better job of capturing preferences for very new
products.
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Revealed Preference Methods
Marketing and Econometric Studies Using Historical Data
Overview
Both marketing and econometric studies have estimated demand models using revealed
preference data of consumer purchases. Consumer panel databases (such as those compiled by
A.C. Nielsen or Information Resources, Inc.), have been widely used for marketing research
studies. Many of these marketing studies are primarily interested in what will be bought and who
is going to buy it (Guadagni and Little, 1983; Elrod, 1988; Kamakura and Russell, 1993). In
addition, studies focus on how consumers behave (or appear to behave) when making purchase
decisions (Hardie et al., 1993; Siddarth et al., 1995; Erdem, 1996; Chiang et al., 1998; Bell &
Lattin, 2000; Bronnenber et al., 2010). The former group of studies often estimate implicit brand
values, the impacts of marketing efforts or product attributes on demand, and/or market share for
a set of alternatives in the market. The second group of studies focuses on building models that
can emulate consumers’ specific behavioral patterns and comparing those models with other
simpler models that do not consider the patterns.
Econometric models also frequently use panel or cross-sectional databases to estimate consumer
choice parameters, such as their willingness-to-pay for energy efficiency or other product
attributes, how much demand changes in response to changes in price or product attributes, and
consumers' implicit discount rates (Berry et al., 1995; Dubin & McFadden, 1984; Goldberg,
1995). These models are also used to determine how product demand and firm profits are
influenced by public policies or changes in other exogenous factors, which are determined
outside the system of interest, such as fuel prices and consumer demographics (Frischknecht and
Whitefoot, 2014; Goldberg 1998, Klier and Linn 2012; Whitefoot and Skerlos, 2012). One
common estimation method is to determine the consumer preference parameters that maximize
the likelihood that expected choices generated from the model match the choices observed in the
data (relying on an assumption of the functional form of consumer utility). Some research has
compared different functional forms and estimation methods to assess predictive accuracy
(Frischknecht et al., 2010; Haaf et al., 2014; Haaf et al., 2016). Key aspects of econometric
choice models are shown in Figure 4-5.

Figure 4-5
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Description of econometric choice models with revealed preferences

Advantages
A major advantage of revealed preference methods using regressions and historical data is that
the approach relies on actual choices made by consumers in the marketplace. The findings from
stated and revealed preference studies generally differ in explaining market shares of goods, one
of the reasons being that all stated preference methods rely on hypothetical situations that may
differ from real market and choice conditions.
Disadvantages
While revealed preference econometric models may be useful to understand past behavior and
market choices, they may perform poorly at forecasting future market shares—such as when new
goods or services are entering the market and are significantly different from alternatives
available to consumers at the time the econometric study was performed (Haaf et al., 2014,
2016), or when tastes and preferences change. Another important issue associated with using
historical sales data is that researchers do not have information on alternatives that were also
available but not selected by consumers. Ideally, the exact set of products that the consumer
considered when making her final decisions would be known. Attribute values of alternatives in
the choice set are required for the estimation of a choice model. Also, because these types of
analyses do not rely on data generated from controlled experiments, parameter estimates may be
biased unless appropriate statistical techniques are used during estimation.
Table 4-4 summarizes marketing and econometric revealed preference methods.
Table 4-4
Summary of methods within econometric studies using revealed preferences
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Examples
Econometric and marketing models use regression as their main method of estimating consumer
preferences, but with important differences in the data and study design depending on the type of
analysis, which can broadly be clustered in the follow three categories: (1) econometric studies
using sales data; (2) Econometric studies in the context of natural experiments; and (3)
econometric studies in the context of randomized control trials, each of which is described
below.
Econometric Studies Using Sales Data

Using the OECD survey on Household Environmental Behaviour and Attitudes, Ameli and
Brandt (2015) examined investment choice regarding energy efficiency and renewable energy
technology. They found that the rate at which households choose to invest in clean energy
technologies is primarily determined by home ownership, income, social context and household
energy conservation practices. In addition, they validate the assumption that “home owners and
high-income households are more likely to invest than renters and low-income households.”
This, they posit, is indicative of credit constraints, as many energy efficiency and renewable
investments have high up-front fixed costs. Further, environmental attitudes and beliefs, also
play a relevant role in technology adoption. Households who are “in an environmental group or
who are ready to engage in low-cost energy conservation practices, are more likely to invest in
energy efficiency or renewable.”
McEachern and Hanson (2008) brought together the “adoption perspective”, which focuses on
individual characteristics, and the “market perspective”, which the authors define as focusing on
institutional context, as they investigated solar energy technology in Sri Lanka. The authors
argue that those two perspectives are important because “people are embedded in sociogeographic contexts that affect their perceptions of their situations, which in turn shape the
innovativeness of individuals and places”. They find that the duration of the decision maker’s
innovation decision process is shorter when they are less concerned with the opinions of those in
their social milieu, or less trusting of them.
Ito (2014) used a natural experiment to determine the preferences that consumers have on
nonlinear price changes, with the heterogeneity in price variation observed due to spatial
variations. The study finds that consumers respond to average and not marginal or expected
marginal prices. The study analyzed eight years’ worth of data from 40,729 households in 6
cities at the interface of the Southern California Edison (SCE) and the San Diego Gas and
Electric (SDG&E) service territories. The author found that nonlinear pricing leads to higher
consumption than if the tariff was flat, due to the average price use. If consumers were
responding to marginal prices, the tiered rates provide a decrease in consumption.
Sallee (2014) argued that paying limited attention to energy efficiency in purchasing energyconsuming durable goods could be a rational behavior. The paper developed a model that
showed how to value additional information about energy efficiency and used data on automobiles to show that consumers experience only limited welfare losses when forced to choose a
car without detailed energy efficiency information.
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Econometric Studies in the Context of Randomized Control Trials

Kotchen and Moore (2007) develop a theoretical model that analyzes the adoption of green
electricity programs by households, including a voluntary contribution mechanism (VCM) and a
green tariff mechanism (GTM), and performing an empirical investigation of the actual
participation in these programs. The theoretical model determines conditions under which the
VCM and the GTM are equivalent and illustrates differences according to the model parameters.
The data comes from different programs in Michigan (SolarCurrents, from Detroit Edison, and
Green Rate from Traverse City Light and Power [TCL&P]). For the SolarCurrents model, one
model predicts that environmental leanings and altruism have positive effects on contributions,
as well as income, albeit the income effect is small (a $1000 income increase leads to
contributions of 70 cents). The authors find that whether to contribute and how much are two
separate decisions, and that environmental concern, altruistic attitudes, household income,
gender, and household size influence the decision about whether to contribute to the
SolarCurrents program. However, only household income influences the decision of how much
to contribute. In the case of the GTM, the probability of participation increases with
environmental concern and altruistic attitudes, but it decreases with effective price of
participation. The results imply that participation based on a VCM will induce more green
electricity capacity than participation based on a fully flexible GTM. Also, targeting households
that have greater concern for the environment and/or stronger altruistic attitudes is likely to have
better responses.
The literature on using field experiments and randomized control trials to study framing effects
or other non-price interventions documents significant effects on consumption decisions. For
example, Chetty, Looney, and Kroft (2009) investigated consumers' reaction to taxes that were
not salient and found that posting tax-inclusive price tags reduced demand for grocery items by
8% vs. the case in which prices did not include the tax. Furthermore, increases in taxes included
in posted prices were found to reduce alcohol consumption more than increases in taxes applied
at the register.
Literature in development economics uses randomized field experiments to study adoption
decisions in developing countries. Although not in the domain of electricity or energy, and from
different economic milieux compared to the U.S., these studies may still shed light on certain
general aspects regarding adoption decisions. Ashraf, Berry, and Shapiro (2010) studied the
adoption of packaged chlorine to purify drinking water in Zambia, specifically whether charging
higher prices can increase use. The two rationales for charging higher prices are that doing so
may help target distribution to high-use households, what economists call a screening effect, and
it may induce a sunk-cost effect where, due to loss aversion, households who have paid higher
prices are more likely to use the product extensively. It was found that the higher use induced by
higher prices were due to the screening effect. No consistent evidence was obtained for the
alternative hypothesis based on loss aversion.
Dupas (2014) studied how short-run subsidies affect long-run adoption of health products. A
behavioral hypothesis against short-run subsidies is that the subsidized prices may lead to a
reference dependence where people, seeing the subsidized prices as the status quo, are not
willing to pay higher prices when the subsidies are over. On the other hand, the subsidies may
allow people to learn to use the products, thus boosting long-run adoption. Using a randomized
field experiment conducted in Kenya, this study showed that a one-time subsidy had a positive
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impact on subjects' willingness to pay for a new antimalarial bed net a year later. It was also
found that there was a large learning effect but no negative effect associated with reference
dependence.
Duflo, Kremer, and Robinson (2011) studied the adoption of fertilizers by farmers in Western
Kenya. It was found that many of these farmers failed to take advantage of profitable fertilizer
investments due to procrastination. They were, however, found to respond to small, temporary
discounts on the cost of acquiring fertilizer just after harvest. Calibration analysis suggests that
this time-sensitive policy (i.e., temporary discounts just after harvest) was more beneficial to the
farmers than laissez-faire policies or heavy subsidies.
Predictive Analytics and Forecasting Algorithms
Overview
Predictive analytics approaches are not directed at causality or estimation of key quantities (e.g.,
willingness to pay). They use as much data as possible to predict choices and market shares.
Predictive analytic methods attempt to determine: 1) what variables should be included in the
model and 2) how those variables should be included. Overall, they do not assume any
underlying theories of consumer choice.
Typically, sparsity is assumed, in that only some of the information collected is actually useful
for predicting choices. Methods closest to econometric models of choice using revealed
preference data are sparse choice models. Typical choice models such as the mixed logit,
multinomial logit, and nested logit can be augmented with a penalty for having additional
variables in the model. Sparse choice models retain the interpretability of typical choice models,
while allowing for the automatic selection of variables to enter the model.
Semi-parametric sparse choice models also allow for some of the selected variables to enter the
model non-linearly, for example as a cubic polynomial (in the case of additive models) (Wood,
2014). Non-parametric sparse choice models use flexible functions (e.g., kernels, random forests)
that allow non-linearity and interactions between variables entering the model (Breiman, 2001;
Zhu and Hastie, 2005). Deep choice models, use multi-layer neural networks to find the
relationship between characteristics of products and decision-makers and the choices they make
(Otsuka et al., 2016).
Key aspects of econometric choice models are shown in Figure 4-6.
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Figure 4-6
Description of predictive analytics and forecasting algorithms

Advantages
Sparse choice models can provide key information such as willingness to pay without prior
knowledge of what variables should enter the model and what functional form they should take.
This flexibility can capture complex relationships in the data and improve prediction.
Disadvantages
Predictive choice models are not very useful for understanding causality. The more flexible the
model the greater the computational cost and difficulty in understanding the model.
Examples
In liberalized electricity markets, customers have the option to choose their own provider, which
results in a scenario in which “retail companies compete for the electricity supply of end users.”
Figueiredo et al. (2005) employed data mining techniques to formulate an electric energy
consumer characterization framework. Based on a knowledge discovery in databases (KDD)
procedure, they present an electricity consumer characterization framework procedure. This
procedure is supported by data mining techniques applied on the different stages of the process,
where, at the heart of their framework, is a model that uses both unsupervised and supervised
learning techniques.
Further, there are two main modules at work: the load profiling module and the classification
module. “The load profiling module creates a set of consumer classes using a clustering
operation to create representative load profiles for each class.” This is achieved by partitioning
the initial data sample into a set of load shaped-defined classes, in which the load shapes come
from the consumer-specific representative load diagrams. The classification module then assigns
different consumers to the existing classes.
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Suitability of Methods for Estimating Customer Preferences for Alternative
Technologies and Services
Both stated preference and revealed preference methods have strengths and weaknesses, and the
methods discussed above are summarized in Table 4-5. The challenge is to develop a method
that provides sufficient information for analyses, makes the minimal set of assumptions,
minimizes biases and inconsistencies in respondent preferences, is good at forecasting, and is
feasible to conduct on a large scale.
Contingent valuation and multi-attribute utility elicitation are not suitable for estimating
consumer preferences when there are many consumers who may have heterogeneous preferences
and when there are many alternatives, each with several attributes that have several levels.
Contingent valuation generally does not provide information about how consumers make
tradeoffs among alternatives (and among attributes of those alternatives), making it difficult to
use information from contingent valuation studies to design products to gain the most market
share. Multi-attribute utility elicitation is too cumbersome to conduct on a large number of
people, and thus any conclusions derived from these studies will necessarily be limited to small
samples, requiring an assumption that preferences are relatively homogeneous across the
population.
Discrete choice experiments allow one to flexibly present many alternatives with varying
attributes to customers to get their reactions, identify part worths for the attributes (i.e., the
proportion of preference that individual attributes contribute to overall preference for the
product), and elicit marginal rates of substitution across attributes without overburdening
respondents. Discrete choice experiments also allow one to account for heterogeneity of
preferences across members of the population. The difficulty in discrete choice experiments is
designing the survey’s choice tasks so that they are well specified, and simple enough to be
completed competently by the respondent, and ensuring the assumptions of the model are correct
and verifiable.
Revealed preferences methods base inference on real choices made in a market context, but
unless a controlled experiment is performed, the specification of more complex models is
typically required. By comparing revealed preference and discrete choice stated preference data,
it is possible to isolate the things people care about (using discrete choice stated preference
models), and explore those things in a rich environment with a lot of data (using econometric
models on revealed preferences). There have been some efforts to combine stated preference data
with revealed preference data to capture some of the benefits that each offer (Axsen et al., 2009;
Brownstone et al., 2000).
A combination of stated and revealed preference methods is recommended to yield important
insights into customer decision-making. When using stated preferences methods, discrete choice
experiments are recommended, given their moderate resource requirements, ability to model
tradeoffs and heterogeneity, and firmly established theory in economics and psychology. Within
this space there is a place for scalable recommender systems (those that predict what products or
services individual customers are likely to prefer) that first elicit preferences, and then provide
customers advice about what would best suit them. When using revealed preferences, both
econometric models and predictive models can be useful for understanding and explaining the
past, as well as forecasting the future.
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Table 4-5
Suitability of methods for different types of questions and data
Contingent
Valuation

MultiAttribute
Utility
Elicitation

Discrete
Choice
Experiments

Econometric
Choice
Models

Predictive
Analytics

Data Type

Stated
Preference (SP):
Judgments

SP: Choices

SP: Choices

Stated
Preference
(RP): Sales

RP: Sales

Key
Advantage

Requires little
modeling; easy
to implement
and understand

Deliberative;
Interactive

Controlled
experiment;
useful for
products that do
not yet exist

Uses real
purchase
behavior in a
market context

Uses real
purchase
behavior in a
market context

Key
Disadvantage

Hypothetical
judgments
unlike tasks
consumers face;
potential for
bias from
survey design
and context

Extremely time
consuming;
requires
extensive
training and
resources;
cannot examine
heterogeneity

Hypothetical
choices may not
match choices
in the
marketplace;
bias from
survey design
and context

Lack of
controlled
experiment
causes bias if
not controlled
for;
measurement
error and
limited
information
about options
consumers faced

Same
disadvantages as
econometric
choice models;
also, results
based on
correlation and
not causation

Appropriate
When

Respondent and
interviewer time
are limited;
services/goods
are relatively
familiar

Interested in
what a single
decision-maker
cares about and
how she weighs
different
attributes

Choice process
in the survey is
similar to
market context;
respondents are
willing to give
more time

Able to use
natural
experiments or
statistical
techniques to
control for
sources of bias

Sales prediction
desired and
causality and
attribute
contributions of
the decision are
unimportant
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5

REVIEW OF THE LITERATURE ON ELECTRICITY
TECHNOLOGIES AND SERVICES CHOICE
In this section, the body of academic literature is reviewed that is directed at understanding the
choices for electricity services or technologies such as solar PV, electric vehicles, and alternative
rate structures for residential and commercial/business customers.
Table 5-1 summarizes the types of studies that are included in the review, and a summary of each
study can be found in Appendix B.
Table 5-1
Summary table with number of studies reviewed for each technology or service
Residential customers

Business/commercial
customers

Solar
PV

EVs

Rates

Solar
PV

EVs

Rates

Contingent valuation

2

1

1

0

0

1

Multi-attribute utility theory

0

0

0

0

0

0

Discrete choice
experiments

5

17

6

0

0

1

Rating

3

0

3

0

0

0

Econometric choice models

2

1

11

0

0

2

Predictive analytics

1

0

14

0

0

1

Combined

Pooled stated/revealed
preference models

0

1

7

0

0

1

Other

Parameters set by modeler,
informed by literature

2

5

0

0

0

0

Stated
preference

Revealed
preference
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Electricity Rate Choices
There are three key takeaways from the academic literature on residential customer preferences
for alternative rate structures:
1. The status quo (fixed rate) is generally preferred to dynamic pricing, although some studies
indicate a majority of customers prefer an alternative to the status quo.
2. There is mixed evidence on the impact of program framing, while informational/educational
approaches can lead to increased willingness to switch.
3. There is heterogeneity in willingness to switch plans, meaning willingness varies across
customer types, characteristics, etc.
The first key takeaway is that flat rates as the status quo is preferred to dynamic pricing
structures, all else equal, suggesting that customers would need substantial discounts to enroll in
these programs. Goett, Hudson, and Train (2000) found that respondents preferred fixed bill
plans, followed by seasonal pricing, followed by time-of-day pricing, with a required $.04/kWh
discount (around 35%) to switch from fixed rate pricing to hourly rates. Huber and Train (2001)
obtained similar results. Buryk et al. (2015) found that respondents would need a 10% discount
to switch from flat rate to TOU pricing, and about 18% to switch to critical peak pricing. Neenan
et al. (2016) found that respondents were particularly sensitive to changes in how many hours the
peak price is charged in a TOU plan.
Similarly, flat rate direct load control programs were generally found to be preferable to dynamic
pricing programs. Stenner et al. (2017) found that respondents gave an average probability of
63% of enrolling in a flat rate direct load control program, and Fell et al. (2015) found that direct
load control on a flat rate tariff was preferred to TOU pricing programs. The main exception to
this pattern was Verhagen et al. (2012), who found that overall, slightly less than half of
respondents indicated they would choose a flat rate program over a dynamic pricing program
(TOU or RTP). One factor driving this unwillingness to switch is likely a status quo bias, where
customers prefer to stick with their current programs and provider. Deilami, and Train (1998),
for example, found that customers would need an 8-20% discount to switch providers.
Salies (2013) developed a theoretical model accounting for transaction and behavioral costs
regarding the transition from static billing to dynamic pricing to account for the fact that some
consumers may not adopt real-time pricing. The driving mechanism, beyond the elasticity of
demand, is the change in the value of the utility function proportional to the savings accrued,
related to the switching costs. This also affects the consumer’s willingness to pay. While the
paper is theoretical in nature, it provides bounds on the adoption rate of dynamic pricing at an
aggregate level.
The second key takeaway relates to how alternative rate offerings are framed or communicated.
Randomized controlled trials provide mixed evidence on the impacts of framing, while
informational and education promotions tend to increase the willingness to enroll or switch
plans. Nicolson, Huebner, and Shipworth (2017) found no effect of framing a program in terms
of monetary gains or losses on willingness to enroll in a TOU program. Similarly, Stenner et al.
(2017) found no effect of providing a trust-restoring message to respondents prior to asking
about their willingness to enroll in a TOU program. On the other hand, Verhagen et al. (2012)
found that framing a program in terms of potential gains led people to more risk-seeking
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behavior, choosing green TOU over a green flat rate program, compared to a negative framing
that focused on potential losses. Providing information and education about the program in terms
of its environmental and system benefits has shown additional willingness to enroll (Buryk et al.,
2015).
While not specifically related to alternative electricity rate choices, the marketing literature has
consistently documented the existence of framing effects. Chen, Monroe, and Lou (1988), for
example, studied consumers' perception toward price reductions framed as percentage discounts
versus reductions in dollar terms and found that for a high-price product, subjects perceived
dollar reductions as more significant than reductions in percentage terms. The opposite was
observed for a low-price product. Hardesty and Bearden (2003) conducted a more refined study,
concluding that percentage price presentations are more effective as a promotion means when
large discounts are involved. Darke and Chung (2005) incorporated quality perceptions in the
investigation. They found that negative quality inferences moderated the framing effects from
discounts and undermined deal value, particularly when no assurance of product quality was
given. Alforda and Biswas (2002) investigated how price consciousness and proneness to sales
affect consumers' evaluations of offer value, search intention, and purchase intention. They
found that subjects' proneness to sales influences all three evaluations, while price consciousness
influences only search intention.
The third key takeaway is regarding preference variation with customer traits, or individual
differences and demographic characteristics that are associated with willingness to enroll.
Stenner et al. (2017) found that distrust in the utility (e.g., evaluations of the dynamic pricing
program like “The idea is a scam. It does nothing to really save money.”) was associated with
unwillingness to enroll. Nicolson, Huebner, and Shipworth (2017) found that individuals who
were risk averse (e.g., measured by rejection of 50/50 gambles of winning $11 vs. losing $10)
were less likely to enroll, but that hybrid/EV owners were more willing to switch to dynamic
pricing than those who owned traditional gasoline powered cars. Neenan et al. (2016) found that
younger respondents across most races were more likely to choose TOU than fixed bill or flat
rate pricing, and as income rises, so does willingness to choose TOU.
In general, there are some other considerations that may affect the willingness to change pricing
plans. Using the choice experiment (CE) method, Ozbafli and Jenkins (2016) examined
willingness to pay for an improved electricity service, with data from 350 in-person interviews
conducted in August 2008 in North Cyprus. Via a mixed logit model, they calculated
compensation variation estimates for a zero-outage scenario, which they find to be $3.02 USD
for summer and $11.74 USD for winter. Further, they state “in order to avoid the cost of outages,
households are willing to incur a 3.6% and a 13.9% increase in their monthly electricity bill for
summer and winter, respectively. The WTP per hour is $.13 USD for summer and $.49 USD for
winter.” After conducting a cost-benefit analysis the annualized economic benefits are roughly
$19.4 million USD for the residential sector. This, they find, would “justify an investment in
additional generation capacity of approximately 268 MW, which is far more than that which is
needed to eliminate the service reliability problem.”
Figure 5-1 lists some of the high-level findings from the 10 studies, and Appendix B contains
more detail on each study.
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Figure 5-1
Summary of 10 studies on rate structure choice in the residential sector

Other Related Offerings
In addition to pricing plans, several studies analyze other product domains related to electricity
or energy. A general issue faced is to understand two interrelated issues:
•
•

The characteristics that may influence the adoption of a program
The design of programs targeted towards a specific goal

First, for understanding characteristics influencing adoption, Banfi et al. (2008) use contingent
valuation methods to evaluate consumers’ willingness to pay for energy-saving measures (air
ventilation systems and insulation of windows and facades) in Switzerland’s residential
buildings. They found that the benefits of the energy-saving attributes, including individual
energy saving and environmental benefits, were significantly valued by the consumers.
Newell and Siikamaki (2014) studied the effectiveness of alternative energy efficiency labels in
guiding households' energy decisions. They found that lack of information can lead to
considerable undervaluation of energy efficiency. In fact, providing simple information on the
monetary value of energy savings was found to be the most important element in guiding costefficient energy efficiency investments. The literature on using these methods to elicit
preferences toward adoptions of technology or practices has shown that a wide array of factors
influence the decisions.
Arkesteijn and Oerlemans (2005) studied the factors that influenced the early adoption of green
electricity by Dutch residential users. It was found that cognitive and economic intentional
variables, as well as variables indicating basic knowledge and past behavior, are strong
predictors of the probability of adoption.
Corral (2003) investigated the determinants of the willingness to innovate in cleaner
technologies, concluding that stringent environmental regulation, without considering the
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dynamics of technical change and firms' risk perceptions on environmental and economic
variables, played against the promotion of innovation in cleaner production.
Pichert and Katsikopoulos (2008) present two laboratory experiments with 65 students and
people below 35 showing that participants are more likely to choose a green power option when
it is presented as the default than when it is presented as an alternative. Moreover, respondents
were more likely to remain with the default electricity plan, even though there may be cheaper
alternatives available, and the willingness to accept a price premium for green power was higher
than the willingness to pay for an equivalent green electricity mix. Therefore, once a green
default is established, people are less likely to move away from the new reference point, or
expect compensation or incentives to move them away. This default option plan requires
consumers to take explicit action to opt out, leading to higher participation rates.
An important aspect of new services is the implementation of technology facilitating this.
Kaufmann et al. (2013) employed both “an integrated social acceptance and a customerperceived value theory perspective in order to model the importance of customer value of smart
metering.” In continuation, they extend the model using a choice-based conjoint experiment
concerning Swiss private electricity customers. Their findings are two-fold. First, customers in
general perceive a positive value from smart metering and, as such, are willing to pay for these
perceived benefits. Further, clustering by customers’ value perceptions, they identify four unique
customer segments, each of which has a “distinct value perception profile for smart metering.”
They also find that “energy policy and management should integrate a solid understanding of
customer value for smart metering in their initiatives and consider different smart metering
markets and segments.”
Regarding the second factor – designing programs towards a given goal – Osbaldiston and Schott
(2012) performed a meta-analysis on 87 published experimental papers that studied how to
promote pro-environmental behavior. It was concluded that treatments including cognitive
dissonance, goal setting, social modeling, and prompts provided the overall largest effects.
Kaenzig et al. (2013) studied the German electricity residential market and the green electricity
offerings available. The authors analyzed the relative importance of alternative attributes. The
authors noted the issue with default choice described above. To determine the attributes that
matter to consumers, the study collected interviews from 414 German consumers, leading to a
dataset of 4,968 choices. Previous research showed that price, environmentally sound electricity
production, and incentives for new customers were important (Watson, 2012), as are reliability
and service quality (Rowlands, 2004). The hypothesis tested was that customers are willing pay a
significant price premium to move to a more environmentally friendly electricity mix. The
authors found that price is a more important consideration than the mix or security of supply
issues. The attributes included: mix, power provider, location, cost, certification, price guarantee,
and cancelation period. Overall, the study established a gap between the preferences and the
products being offered, particularly with respect to willingness to pay for green electricity, as
well as information on the electricity provided (similar to eco-labels or Energy Star
certifications).
Poortinga et al. (2003) used a conjoint analysis to study which characteristics influence the
preferences for energy saving measures by households, differentiating by the domain (e.g.,
residential, transportation), the strategy, and the amount of potential savings accrued. The
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authors used data collected using a survey of Dutch households, collecting information on 23
energy-savings measures using a Likert scale for energy saving measures, and using an
environmental paradigm scale to collect information on 12 items. The conjoint analysis used a
part worths model, summing the contributions from domain, strategy and amount. On average,
the authors found that home-energy saving measures were more acceptable than transport, and
that the savings amount showed as the least important factor.
Solar Photovoltaics
As with rate structures, consumer choice studies for PV panels can primarily be categorized into
models whose primary intent is to understand current consumer preferences (explanatory) vs.
those whose primary intent is to forecast future demand (predictive), which distinguishes the
methods used. Most of the studies identified used discrete choice models, with data obtained via
either stated or revealed preference approaches. However, some studies also used best-worst
ranking and interview data, and employed first differences regression models and/or machine
learning methods.
The explanatory literature estimates relative preference or willingness to pay for product
attributes or local generation product types. Since relatively few consumers have installed solar
PV on their homes, most of the surveys were stated preference with choices for PV products with
different attributes (e.g., total investment, buy vs. lease, CO2 savings, tax incentives) (Abdullah
and Jeanty, 2011; Faiers and Neame, 2006; Frischknecht and Whitefoot, 2014; Jager, 2006). For
the product comparisons, most studies were also stated preference and focused on
microgeneration options such options as solar PV, PV with storage, and wind turbines (Claudy,
Michelsen, Driscoll, and Mullen, 2010; Claudy, Michelsen, and O’Driscoll, 2011; Curry, Reiner,
Figueiredo, and Herzog, 2005; Goto and Ariu, 2009; Islam, 2014; Islam and Meade, 2013; Palm
and Tengvard, 2011; Scarpa and Willis, 2010; Willis, Scarpa, Gilroy, and Hamza, 2011).
The stated preference studies took place in all parts of the world, including the U.S., Australia,
Japan, and Kenya (Bollinger and Gillingham, 2012; Frischknecht and Whitefoot, 2014; Goto and
Ariu, 2009; Abdullah and Jeanty, 2011). Therefore, researchers gauged current preferences and
willingness to pay for a microgeneration technology that has varying but still generally low
levels of market penetration across the globe. Although consumer responses to hypothetical
technology investments may differ from future market behavior, these surveys remove some of
the issues observed in the revealed preference studies such as potential omitted variable bias and
inability to observe each consumer’s choice set.
Those stated preference studies that employed interviews allow insights into the tradeoffs
consumers make between various PV attributes such as cost and environmental benefits
(Keirstead, 2007; Palm and Tengvard, 2011; Taleb and Pitts, 2009). Furthermore, these
qualitative studies often illuminated other covariates (e.g., individual differences of consumers)
to include in quantitative discrete choice models.
Discrete choice surveys may not adequately represent the purchasing context that consumers will
face: issues of anchoring, ordering, and priming effects; and having issues with response biases
(importantly including social desirability bias for purchasing products such as PV). These
disadvantages are discussed in more detail in Section 4, along with the relative advantages of
each method. Good survey design and testing can reduce the importance of these adverse effects.
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The predictive literature uses estimates of consumer preferences or willingness to pay for
product attributes to make forecasts. Often, these studies are conducted by academic groups
interested in learning about key factors that influence diffusion or offering policy suggestions
(Frischknecht and Whitefoot, 2014; Higgins, Grozev, et al., 2014; Higgins, McNamara, and
Foliente, 2014; Islam, 2014). Additionally, this work is undertaken by consulting firms gauging
potential future markets. Much of this work analyzes existing datasets such as the California
Solar Initiative incentive application database (Bollinger and Gillingham, 2012; Chen, Honda,
and Yang, 2013; Kirkpatrick and Bennear, 2014). Therefore, methods often include revealed
preferences with first differences or difference-in-difference regressions. In addition, there are
some simulation and machine learning methods employed in this literature that predict PV
diffusion given different price tariffs or social influences (Chen, Honda, and Yang, 2013;
Higgins, McNamara, and Foliente, 2014). The issues with making forecasts from revealed
preference include not being able to observe full choice sets, multicollinearity, potential omitted
variable bias, and only being able to witness the behavior of certain populations.
Findings from the academic literature suggest that motivations for adopting PV include energy
cost savings and excess generation revenue, as well as promoting energy independence and
providing health/global warming benefits (Balcombe, Rigby, and Azapagic, 2014; Islam and
Meade, 2013; Curry, Reiner, Figueiredo, and Herzog, 2005; Goto and Ariu, 2009). Barriers to
adoption identified in the literature include high initial costs and long pay-back periods, poor
aesthetics, limited panel power warranties, and lack of information or familiarity with the
technologies and available incentives/rebates (Scarpa and Willis, 2010; Claudy, Michelsen, and
O’Driscoll, 2011; Claudy, Michelsen, Driscoll, and Mullen, 2010 ; Balcombe, Rigby, and
Azapagic, 2014; Chen, Honda, and Yang, 2013). Another predictor of solar PV adoption
involves social influence (Islam, 2014). For example, Bollinger and Gillingham (2012) found
that a PV installation in the region increases the probability of adoption by approximately 0.8%.
Figure 5-2 lists some of the studies’ high-level findings, and Appendix B contains more detail on
each study.

Figure 5-2
Summary of 14 studies on solar PV choice
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Electric Vehicles
Consumer choice studies for electric vehicles can largely be categorized into models like those of
solar PV: explanatory or predictive. A few of the explanatory studies also run counterfactual
scenarios, meaning they compare circumstances to a reference scenario. All of the studies
identified used discrete choice models with either stated or revealed preference data, or used
modeler judgment informed by the literature. By far the most popular approach is to design and
field choice-based conjoint surveys and estimate model parameters from the resulting choice
data.
The explanatory literature estimates relative preferences for or willingness to pay for product
attributes. The models used are typically random coefficient logit models (latent class or mixed
logit) and are most commonly conducted by academic groups and published in peer-reviewed
academic journals. Most of the explanatory studies that were reviewed used stated preference
data with choices (choice-based conjoint) as opposed to judgments, since EVs are new and there
is not a long record of market choices. Stated preference studies allow the researcher to ask
respondents about hypothetical future vehicle profiles, such as lower cost vehicles, longer range
vehicles, or larger vehicles than exist in today’s market. Further, stated preference studies allow
the researcher to sample across a large market of mainstream consumers, whereas EV purchase
data are still restricted to a relatively small group of earlier adopters that tend to be different from
mainstream consumers (although how they are different is not entirely clear).
Just two studies used revealed preference sales data, and one of these used it in conjunction with
stated preference data in a pooled model (Brownstone et al., 2000).
The predictive literature uses estimates of consumer preferences or willingness to pay for
product attributes to make forecasts; agent-based modeling has been employed in several studies.
The studies are more often conducted by government groups interested in using detailed, bottomup models to support decisions and planning. Often the parameter estimates (for individuals in
some cases) are borrowed or synthesized from other studies or assumed, even when those studies
used different methods and focused on different markets. In addition, a nested logit model
structure is commonly applied. The choice set used for forecasts is often simplified using
composite vehicles intended to represent entire technology categories (e.g., a choice set with one
electric vehicle and one gasoline vehicle). Most of the predictive studies and models are not
published in peer-reviewed academic journals, an exception being those produced by the U.S.
Department of Energy national laboratories (Greene et al., 2014; Brooker et al., 2015; Liu and
Lin, 2017).
The explanatory studies typically estimate preferences for or willingness to pay for vehicle
attributes or charging infrastructure attributes, and some use the data to identify consumer
segments with distinct choice patterns (e.g., latent class analysis) ) (Yu and Mackenzie, 2016;
Wen et al., 2016; Axsen et al., 2015). The forecasting studies make projections of future demand
for electric vehicles. In addition to publications, there are four models maintained by government
agencies and national labs that were developed to make forecasts of EV adoption under
alternative scenarios (TA Engineering Inc., 2012; Lin and Greene, 2013, Greene et al., 2014;
EIA, 2014, Brooker et al., 2015).
Findings from the literature include that consumers overall tend to view battery electric vehicles
(BEVs) as less desirable than conventional vehicles due to factors like range, cost, and time to
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refuel, and they are sensitive to potential restrictions on their charging behavior. However,
mainstream consumers tend to view plug-in hybrid electric vehicles (PHEVs) with less
reluctance than BEVs (Helveston et al., 2015), and certain segments of the population (early
adopters) view BEVs more favorably (Axsen et al., 2015, 2016). Forecasts generally predict that
plug-in electric vehicles (PEVs, which include both BEVs and PHEVs) will continue to be a
small portion of the market in the near future, although public policy can increase demand.
Some of the high level-findings are summarized in Figure 5-3, and Appendix B contains more
detail on each study.

Figure 5-3
Summary of 27 studies (and 4 models) on electric vehicle choice
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CONCLUSIONS
While utilities have offered various degrees of service and technology choice to customers over
the past 35 years, today’s technology advancements and changing regulatory and business
environments have provided more opportunities for customer choice than ever before.
Whether these options are offered by utilities or other service providers, load factor implications
and other consequences nonetheless affect utilities. As a result, utilities need to understand and
predict what their customers are likely to want and adopt so that they may forecast, plan for, and
provide grid support, accordingly. Doing so also enables ancillary benefits, such as the ability to
develop product and service choices that customers actually want.
Forecasting adoption across diverse services and customer circumstances is a challenging but
necessary task. It therefore behooves the industry to collectively develop a framework for
conducting analyses across diverse situations using common methods. This report has
contributed to this goal by outlining the research methods, rooted in the behavioral sciences, that
have been used for years across various industries, and by examining the application of these
methods to the electricity sector.
Such methods can be broadly categorized as relying on either stated preference or revealed
preference data. Each method has its benefits and limitations, and should be chosen based on
research questions to be addressed. When using stated preferences methods, discrete choice
experiments are recommended, given their moderate resource requirements, ability to model
tradeoffs and customer and product diversity, and theory firmly established in economics and
psychology. When using revealed preferences, both econometric models and predictive models
can be useful for understanding and explaining the past, as well as forecasting the future.
Predictive approaches in particular are experiencing reinvigorated interest and activity given the
era of “big data.”
Moving forward, some gaps to address include:
•

•

•

More utility industry applications: while the methods outlined in this report have been used
in academia and in other industries for some time, their application in the utility industry has
been limited. This is changing, however, and will likely continue to change as customers
become more integrated into the grid, and as utilities become more customer-centric.
Capitalizing on the combined benefits of revealed and stated preference data: Given the
industry changes afoot, a combination of stated and revealed preference methods will likely
be necessary to yield important insights into customer decision-making. For example, using
predictive analytics approaches that are augmented by eliciting preferences from customers
via a choice experiment. This combined approach has been used in other industries in the
development of scaled recommender systems (systems that recommend products or services
to individual customers that they are likely to prefer).
Predicting preferences across disparate domains: This report focused on methods to measure
preferences from among close service and technology alternatives. A broader perspective
would address how customers consider all possible DER-related technologies or services at
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•

•

once. Broader still would be to address how customers decide amongst DER-related choices
in relation to any other choices they may be contemplating. While this increases complexity,
research should always strive towards a better understanding of customers’ real-world frames
of references.
Forecasting into the future: even more challenging than assessing preferences in the context
of the myriad choices that people face is understanding how those preferences are likely to
change over time. The methods reviewed here can account for such changes. For example, a
discrete choice experiment can include “cost savings” as an attribute of a new technology,
and the resulting choice model can be used in sensitivity analyses regarding how future
policy changes could affect those savings. However, more research is needed to understand
how preferences measurement methods can be in used in conjunction with techniques such as
agent-based modelling, or other modelling approaches concerned with the dynamics of
technology and service adoption over time.
Translating customer preference estimates into inputs for utility forecasting and planning: the
vision is to translate the customer preference research described in this report into adoption
estimates, both now and over time, which can then be used as inputs into forecasting,
distribution planning and other utility functions. Research on how to move from this vision to
a practical reality is needed, and will likely involve facilitated dialogue between utility
functions that have traditionally not worked together.

The above gaps need to be addressed collaboratively via an overarching research agenda that
envelopes and links together all the disparate tasks and activities required. EPRI’s contribution to
this is the development of the “customer model” (Figure 6-1). The vision is the ability to know
and predict customers’ interaction with the grid, including their adoption of products and
services, and other indirect behaviors that may impact the system. The outcome of such a vision
could include more efficient and cost-effective grid operation, more prudent investments by
utilities, and more value for customers by better meeting their needs. The ability to accurately
measure customer preferences is just one part of the customer model vision, albeit the part that
likely represents the biggest unknown.

Figure 6-1
Vision of the EPRI Customer Model
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A

ALTERNATIVE MAPPING OF UNDERSTANDING
CONSUMERS
Table A-1
Comparative anatomy of human behavior disciplines
Psychodynamic

Behaviorism

Humanistic

Sociology

Cognitive

Economic

Primary driver
to observed
behavior

Biological drives

Environmental
stimuli

Person as seen
and as she sees
herself

Social structure

Thought,
experience,
senses

Maximization of
self-interest

Approach

Study of interaction
of mind, personality
and psychic energy to
explain behavior

Behaviors are
explained by
observed
environmental
stimuli and
experience

Key
contributors

Freud, Jung

Pavlov, Watson,
Skinner

Maslow,
Rogers

Weber, Marx,
Comte Spencer

Piaget, Bandura

Ricardo, Pigou
Lancaster,
McFadden

Branches

Facets of the psyche,
other drivers

Classical, radical
cognitive

Gestalt, clientcentered
therapies

Social
processes,
social welfare

Psychological,
social

Micro and macro
economics

Strengths

Long association
with philosophy of
natural man and
fatalism

Associates
behavior with
measurable
phenomenon,
emphasizes the
power of
learning to alter
behaviors

Considers
factors like
empathy,
emotion and
spontaneity that
may supersede
cognitive
forethought

Scientific
comparison of
social
phenomena
reveal the
source of
difference in
behavior

Stage of
developments
provide links to
ways to improve
cognition, and
hence
satisfaction

Focus on
individual
purchase
decisions,
analogous
empirical models
for quantification

Shortcomings

Few generalities,
does not explain the
sources of human
diversity

Does not explain
diversity of
behavior among
those facing
similar stimuli

Highly
qualitative in
nature, open to
alternative
clinical
interpretations

Lacks an
overarching
structure for
explaining the
role culture
plays in specific
decisions

Limited
predictive ability
in complex
situations,
neglects
emotions,
spontaneity

Rigid adherence to
rationality; lack of
a generalized
model of
irrationality

Classification

Intrinsic Man

Reactive Man

Emotional Man

Introspective
Man

Rational Man

Model of rational
behavior, has a
measurable analog
to explain

Social order,
disorder, and
change define
the interaction
of individual
and society

Adapted from Bray (2008).
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B

REVIEW OF PUBLISHED STUDIES
Electricity Rate Structures and Other Program Choices
Table B-1
Review of studies on electricity rate structure choices (and impacts)
(Note: the Key Findings are often quoted directly from the respective papers they are taken from, and cited accordingly)
Publication

Product Domain

Study Goals

Data Collection

Empirical
Approach

Key Findings

The income elasticities are highest during
peak hours for kitchen and lighting, with
point estimates of roughly 0.4, but
insigniﬁcant for space heating.
This study investigated the use of nonprice information strategies to motivate
conservation behavior. It was found that
environment and health-based messages
outperform monetary saving information
in driving behavioral changes.
Consumer's willingness-to-pay (WTP) for
renewable energy at approximately 15%
above that observed for conventional
energy

Year

Authors

Title

Category

Notes

Category

2016

Mattias Vesterberg

The hourly income
elasticity of
electricity

Electricity

Data comes from
experimental/
pilot data

Estimate income
elasticities

Metering project

Econometric
estimation

2015

Asensio & Delmas

Nonprice Incentives
and Energy
Conservation

Electricity

Understand
responses to
behavioral
interventions

Econometric
Studies in the
Context of
Randomized
Control Trials

Field experiment
with randomized
controlled trial

Differenceindifferences
panel
regression

2015

Carsten Herbes,
Christian Friege, Davide
Baldo and Kai-Markus
Mueller

Electricity

Neuroscience

Estimate differences
in willingness to
pay for green
electricity when
using neuroscience

2015

Karen Stenner, Elisha
Frederiks, Elizabeth V.
Hobman and Sarah
Meikle

Willingness to pay
lip service?
Applying a
neuroscience-based
method to WTP for
green electricity
Australian
Consumers' Likely
Response to CostReflective
Electricity Pricing

Electricity

Understanding
uptake

Explore
Counterfactuals

Likelihood
of accepting
rate changes

2014

Ahmad Faruqui, Sanem
Sergici and Lamine
Akaba

The Impact of
Dynamic Pricing on
Residential and
Small Commercial
and Industrial
Usage: New
Experimental
Evidence from
Connecticut

Electricity

Econometric
estimation of
different
programs and
information
salience

Estimate
preferences

Understand
effects of
rates,
technology,
parameters
and
customer
type on the
price
responsiveness

B-3

Notes

Nationwide
randomized
experiment survey

Contingent
valuation
methods
(CVM),
Neuro
signals
Discrete
Choice
Model

Econometric
estimation
with fixed
effects
model

Authors find how different rates stack to
each other, and the advantages over
different demographics (e.g., flat rates
more preferred by childless couples) and
housing types (e.g., renters have greater
uptake of real time)
C&I customers are not as responsive as
residential customers, CPP was the most
effective rate, enabling technologies have
mixed results

Publication

Product Domain

Study Goals

Data Collection

Year

Authors

Title

Category

Notes

Category

2014

Kowalska-Pyzalska et al

Electricity

Tariffs

Understand
preferences

Empirical

2014

Hoppmann, Huenteler
and Girod

Turning green:
Agent-based
modeling of the
adoption of
dynamic electricity
tariffs
Compulsive policy
making - the
evolution of the
German feed-in
tariff system for
solar photovoltaic
power

Electricity

Tariffs

Understand
preferences

Empirical

2014

Koichiro Ito

Electricity

Establish the price
signal used to make
decisions

2016

Ozbafli and Jenkins

Do Consumers
Respond to
Marginal or
Average Price?
Evidence from
Nonlinear
Electricity Pricing
Estimating the
willingness to pay
for reliable
electricity supply:
A choice
experiment study

Electricity

Understand
Preferences

B-4

Notes

Empirical
Approach

Agent-based model to study the dynamic
adoption of dynamic electricity tariffs,
and assume that the decision to change
the tariff is based on the unanimity of a
number of past opinions
OLS

Econometric
estimation,
IV

Survey

Key Findings

Choice
Experiment

They employ a qualitative case study to
demonstrate how complex interdependencies and the uncertain nature of
technological change "shape the process
of targeted policy interventions in sociotechnical systems." They analyze the
evolution of the German feed-in tariff
system for solar PV power, a highly
effective policy instrument targeted at
fostering the diffusion and development
of renewable energy technologies.
Further, they find that the policy has been
subject to a considerable amount of
changes, many of which are the result of
policy makers addressing specific system
issues and bottlenecks.
Evidence suggests that consumers
respond to average prices. This has large
implications in the ways to design
programs and likelihood of adoption of
new rate structures.
Authors examine willingness to pay for an
improved electricity service using the
choice experiment (CE) method. The data
used in the experiment come from 350 inperson interviews conducted in August
2008 in North Cyprus. Compensation
variation estimates for a zero-outage
scenario are calculated using the
parameter estimated from the mixed logit
model. Economic benefits would be
approximately $19.4 million USD for the
residential sector.

Publication

Product Domain

Study Goals

Year

Authors

Title

Category

Notes

Category

Notes

2013

Kirsten Gram-Hanssen

Efficient
technologies or user
behaviour, which is
the more important
when reducing
households' energy
consumption?

Electricity

Simulation and
survey

Disentangle the
effects of behavior
vs. technical fixes
on the energy
demand by
households

2013

Josef Kaenzig, Stefanie
Lena Heinzle, Rolf
Wustenhagen

Electricity

Investigates the
relative
importance of
different product
attributes in
creating
customer value

Study preferences
for green electricity
products in the case
of households,
including mix

2013

Newell and Siikamaki

Whatever the
customer wants, the
customer gets?
Exploring the gap
between consumer
preferences and
default electricity
products in
Germany
Nudging Energy
Efficiency
Behavior: The Role
of Information
Labels

Understand
whether
behavior or
energy
efficiency is
more
important
for energy
consumption,
incorporating effects
such as
rebound

Natural gas

Understand
responses to
behavioral
interventions

Preference
Elicitation using
Unincentivized
Surveys or
Laboratory
Experiments

2013

Evens Salies

Real-time pricing
when some
consumers resist in
saving electricity

Electricity

Theoretical
model

Determine the
theoretical response

2012

Yongxiu He, Bing
Wang, Jianhui Wang,
Wei Xiong and Tian Xia

Electricity

Survey, Monte
Carlo simulation
of the response

Explore
Counterfactuals

2011

Goettler and Clay

Residential demand
response behavior
analysis based on
Monte Carlo
simulation: The
case of Yinchuan in
China
Tariff Choice with
Consumer Learning
and Switching
Costs

Electricity

Tariffs
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Data Collection

Empirical
Approach

Key Findings

Different data sets
including Danish,
UK and Irish studies

Regression
and
statistical
analysis

User behavior is at least as important as
the building characteristics for energy
consumption related to heating.

Authors use Likert
scales to rank the
electricity attributes

Choice
experiment
and conjoint
analysis

Includes a choice experiment with
residential customers

Choice survey
experiment

Regression

This paper studied the effectiveness of
alternative energy efficiency labels in
guiding households' energy decisions. It
was found that insufficient information
can lead to considerable undervaluation of
energy efficiency. Simple information on
the monetary value of energy savings was
found to be the most important element in
guiding cost-efficient energy efficiency
investments.
The author theoretically models the
likelihood of adoption. While the paper is
theoretical in nature, it provides bounds
on the adoption rate of dynamic pricing at
an aggregate level
Estimated peak demand responsiveness is
8.41% (21.26%) when the peak-time price
increases by 20% (40%).

Theoretical

Estimate
response to
TOU price

Survey

Monte Carlo
simulation

Empirical

Bayesian
Learning

Consider tariff choice with consumer
learning and switching costs. They
propose a Bayesian learning model of
tariff and usage choice that explains this
flat-rate bias without relying on
behavioral misjudgments or tariff-specific
preferences

Publication

Product Domain

Study Goals

Data Collection

Empirical
Approach

Key Findings

Meta analysis

Meta
analysis

Publicly available
information

Simulation

This paper performed a meta analysis on
87 published experimental papers that
studied how to promote proenvironmental behavior. It was concluded
that treatments including cognitive
dissonance, goal setting, social modeling,
and prompts provided the overall largest
effects.
Studied three types of demand response
programs: illustrative studies, integrated
resource planning studies and program
evaluation studies, with program
evaluation showing benefits. Generally
benefits exceed costs by a factor of 7:1.
Evaluated consumers' willing to pay for
energy-saving measures (air ventilation
systems and insulation of windows and
facades) in Switzerland's residential
buildings. It was found that the benefits of
the energy-saving attributes, including
individual energy saving and
environmental benefits, are significantly
valued by the consumers.
Average 13% decrease in the five peak
hours for hot days (T>95°F)

Year

Authors

Title

Category

Notes

Category

2011

Osbaldiston and Schott

Environmental
Sustainability and
Behavioral Science:
Meta-Analysis of
Proenvironmental
Behavior
Experiments

N/A

Understanding
behavior

Meta Analysis and
Literature Survey

2008

M.H. Albadi and E.F.
El-Saadany

A summary of
demand response in
electricity markets

Electricity

Taxonomy to
study changes in
prices

Estimate
preferences

2008

Banfi et al.

Willingness to Pay
for Energy-Saving
Measures in
Residential
Buildings

Energy

Understanding
preference

Contingent
Valuation

Choice survey
experiment

Fixed-effect
logit model

2007

Karen Herter and Patrick
McAuliffe and Arthur
Rosenfeld

Electricity

Customers had a
PCT

Estimate the
response to a CPP
program

California statewide
pricing pilot (SPP)

Statistical
counterfactual

2007

Matthew J. Kotchen and
Michael R. Moore

2005

Darke and Chung

An exploratory
analysis of
California
residential customer
response to critical
peak pricing of
electricity
Private provision of
environmental
public goods:
Household
participation in
green-electricity
programs
Effects of Pricing
and Promotion on
Consumer
Perceptions: It
Depends on How
You Frame It

2005

Figueiredo et al

An electric energy
consumer
characterization
framework based
on data mining
techniques

Electricity

Electricity

Experimental

Notes

Lit. review

Determine
theoretically and
with an empirical
model the adoption
of green programs
Understand
preferences

Econometric

Important to distinguish decision to
participate from amount of participation
(extensive vs. intensive margin),

Incorporated quality perceptions in the
investigation of consumers' reactions to
discounts. It was found that negative
quality inferences moderated the framing
effects from discounts and undermined
deal value, particularly when no assurance
of product quality was given.
Used data mining techniques to formulate
an electric energy consumer characterization framework. They present an
electricity consumer characterization
framework based on a knowledge
discovery in databases (KDD) procedure,
supported by data mining techniques
applied to the different stages of the
process

Preference
Elicitation using
Unincentivized
Surveys or
Laboratory
Experiments

Laboratory
experiment

Analysis of
variance

Understand
preferences

Theoretical

Data Mining
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Publication

Product Domain

Study Goals

Data Collection

Empirical
Approach

Key Findings

Japanese experiment

Random
effects

In this experiment, the households had a
continuous display device that monitored
the electricity used in the residence. The
information is presented using graphs.
The econometric estimation assumes that
consumption depends on income,
predicted electricity price and the
predicted value of monitor usage, plus
additional controls for household
characteristics, appliances and time fixed
effects. The results indicate that monitor
usage contributed to energy conservation.
This paper studied the factors that
influenced the early adoption of green
electricity by Dutch residential users. It
was found that cognitive and economic
intentional variables, as well as variables
indicating basic knowledge and past
behavior, are strong predictors of the
probability of adoption.

Year

Authors

Title

Category

Notes

Category

Notes

2004

Izamu Matsukawa

The Effects of
Information
on Residential
Demand for
Electricity

Electricity

Information
salience

Understand current
preferences

Measure the
effects on
information
on the
residential
demand for
electricity

2003

Arkesteijn and
Oerlemans

Electricity

Understand
adoption
decision

Preference
Elicitation using
Unincentivized
Surveys or
Laboratory
Experiments

Survey

Regression

2003

Hardesty and Bearden

Experimental

Understand
preferences

Preference
Elicitation using
Unincentivized
Surveys or
Laboratory
Experiments

Laboratory
experiment

Analysis of
variance

This paper studied consumers' perception
toward discounts, concluding that
percentage price presentations are more
effective as a promotion means when
large discounts are involved.

2003

Hoeffer

The Early Adoption
of Green Power by
Dutch Households:
An Empirical
Exploration of
Factors Influencing
the Early Adoption
of Green Electricity
for Domestic
Purposes
Consumer
Evaluations of
Different
Promotion Types
and Price
Presentations: The
Moderating Role of
Promotional
Benefit Level
Measuring
Preferences for
Really New
Products

Diffusion

Diffusion

Lab Experiment

MANOVA

Assumes that consumers have greater
uncertainty when estimating the
usefulness of really new products than
they have with incremental new products.
He employs two studies. In the first the
above assumption is tested an validated
while in the second, consumers confront
sources of uncertainty in an effort to
improve the estimation of new benefits.
He finds that consumers cope with this
uncertainty by using certain inferential
techniques, which as it turns out, are not
well captured by standard preferences
techniques such as conjoint analysis.
Additionally, Hoeffer examines
techniques for incorporating both mental
stimulation and analogies into an existing
preference measurement technique and
shows that some methods enhance and
other methods hinder predictive accuracy.
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Publication

Product Domain

Study Goals

Data Collection

Empirical
Approach

Key Findings

Conjoint
analysis

Home-energy saving measures are more
acceptable than transport savings
measures.

Laboratory
experiment

Analysis of
variance

This study investigated how price
consciousness and proneness to sales
affect consumers' evaluations of offer
value, search intention, and purchase
intention. It was found that subjects'
proneness to sales influences all three
evaluations, while price consciousness
influences only search intention.

Year

Authors

Title

Category

Notes

Category

2003

Wouter Poortinga, Linda
Steg, Charles Vlek and
Gerwin Wiersma

Household
preferences for
energy-saving
measures: A
conjoint analysis

Electricity/
Energy

Determine
preferences

2002

Alforda & Biswas

Experimental

Understand
preferences

2002

Corral

Technology

Understand
adoption
decision

Preference
Elicitation using
Unincentivized
Surveys or
Laboratory
Experiments

Survey

Regression

This paper investigated the determinants
of the willingness to innovate in cleaner
technologies. It was found that stringent
environmental regulation without
considering the dynamics of technical
change and firms' risk perceptions on
environmental and economic variables
played against the promotion of
innovation in cleaner production.

1998

Chen, Monroe, and Lou

The Effects of
Discount Level,
Price
Consciousness and
Sale Proneness on
Consumers' Price
Perception and
Behavioral
Intention
Sustainable
Production and
Consumption
Systems-Cooperation for
Change: Assessing
and Simulating the
Willingness of the
Firm to
Adopt/Develop
Cleaner
Technologies. The
Case of the In-Bond
Industry in
Northern Mexico
The Effects of
Framing Price
Promotion
Messages on
Consumers'
Perceptions and
Purchase Intentions

Understand which
characteristics
influence
preferences for
energy saving
strategies
Preference
Elicitation using
Unincentivized
Surveys or
Laboratory
Experiments

Experimental

Understand
preferences

Preference
Elicitation using
Unincentivized
Surveys or
Laboratory
Experiments

Laboratory
experiment

Analysis of
variance

1980

Douglas W. Caves and
Laurits R. Christensen

Econometric
analysis of
residential time of
use electricity
pricing experiments

Electricity

Neo classical
model of
consumer
behavior

Understand current
preferences

Wisconsin Pricing
Experiment using
TOU

Econometric
estimation,
2sls

This paper studied consumers' perception
toward price reductions framed as
percentage discounts versus reductions in
dollar terms. It was found that for a highprice product, subjects perceived dollar
reductions as more significant than
reductions in percentage terms. The
opposite was observed for a low-price
product.
Finds significant substitution possibilities
between peak and off peak electricity
consumption
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Notes

Estimate
elasticities

Some Study Summaries
•

•

•

•

•

•

•

In a sample of 1,499 Australian residents using face-to-face recruitment on the street (n =
553), random digit dialing (n = 468, response rate 22%), and email (n = 478, response rate
15%), Stenner et al. (2017) found that a strong predictor of willingness to enroll in a direct
load control program was whether respondents mentioned distrust or suspicion of the utility
(e.g., “The idea is a scam. It does nothing to really save money.”). Furthermore, there was
little to no effect of a message that tried to restore trust.
In a mail/phone survey of a random sample of Sacramento Municipal Utility District
(SMUD) residential (n = 400) and business (n = 400) customers, Cai, Deilami, and Train
(1998) used a double-bounded contingent valuation method and found that customers would
need an 8-20% discount to switch providers. Furthermore, they cared the most about whether
electric service was reliable, and would need a 12-24% discount on their bills if there were
more outages. In mature competitive electric markets, commodity supply firms report that
price is the only effective distinguisher and switching is achieved by a half cent difference.
In an online survey experiment, Nicolson, Huebner, and Shipworth (2017) found that people
who are loss averse (e.g., unwilling to take a 50:50 gamble between winning $11 and losing
$10) are less likely to switch from flat to Time of Use rates, but there were no effects of
framing the switch as a gain or loss of money. Furthermore, those who owned hybrid/electric
vehicles were more likely to switch compared to those who owned traditional gas-powered
vehicles.
In a convenience sample discrete choice experiment, Buryk, Mead, Mourato, Torriti (2015)
found that residential bill-payers in the EU/U.S. generally disliked dynamic pricing
programs, but were more willing to switch when the pro-social environmental and system
benefits of those programs were presented.
In a survey of 361 residential customers, Huber and Train (2001) found that customers
tended to dislike TOU and seasonal pricing plans compared to flat rate plans, that preferences
for these rate structures were highly correlated with each other, and that there was significant
heterogeneity across people with respect to their views on dynamic pricing plans.
In a stratified random sample discrete choice experiment, Goett, Hudson, and Train (2000)
found that people disliked seasonal rates and time of day pricing, but were not very sensitive
to the difference between daily peak/off-peak pricing.
In a web/mail survey, Neenan et al. (2016) found that people would prefer peak times to be
from 3-6 p.m. or 2-6 p.m. (over 2-8 p.m.), and that those with higher income were more
likely to choose TOU than the status quo. They found that younger respondents across most
races were more likely to choose TOU than fixed bill or flat rate pricing, and as income rises,
so does willingness to choose TOU.

B-9

Table B-2
Literature on evaluation of performance and considerations from other domains
Publication

Product Domain

Study Goals
Notes

Data Collection

Empirical Approach

Key Findings

Year

Authors

Title

Category

Notes

Category

2015

Morgan
et al.

Landholder Adoption
of Low Emission
Agricultural Practices:
A Profiling Approach

Practice

Understand
adoption
decision

Preference Elicitation
using Unincentivized
Surveys or Laboratory
Experiments

Survey

Regression

This paper investigated the primary psychological
drivers and barriers associated with the adoption
of low emission agricultural practices among
Australian farmers. It was found that farmers were
more likely to adopt the practices if they: 1)
perceived a clear financial benefit, 2) believed
they possessed the relevant knowledge and skill,
3) were future oriented, and 4) exhibited low
levels of environmental apathy.

2014

Allcott
and
Rogers

The Short-Run and
Long-Run Effects of
Behavioral
Interventions:
Experimental Evidence
from Energy
Conservation

Electricity

Understand
responses to
behavioral
interventions

Econometric Studies
in the Context of
Randomized Control
Trials

Field experiment
with randomized
controlled trial

Regression

2014

Jessoe
and
Rapson

Knowledge is (Less)
Power: Experimental
Evidence from
Residential Energy
Use

Electricity

Understand
responses to
behavioral
interventions

Econometric Studies
in the Context of
Randomized Control
Trials

Field experiment
with randomized
controlled trial

OLS and 2SLS

2014

Sallee

Rational Inattention
and Energy Efficiency

Automobile

Understanding
preferences

Econometrics Studies
in the Context of
Naturally Occuring
Data

Real-world data

Regression

This paper evaluated the effectiveness of
programs run by OPOWER, which sent Home
Energy Report letters to residential utility
customers comparing their electricity usage to that
of their neighbors. It was found that initial
messages caused high-frequency "action and
backsliding," although these cycles attenuated
over time. Effects were found to be relatively
persistent, decaying at 10-20% per year, after the
messages were discontinued after two years. It
was also found that consumers were slow to
habituate.
Used a randomized control trial to test the effect
of high-frequency information about residential
electricity usage on the price elasticity of demand.
Informed households are three standard deviations
more responsive to temporary price increases, an
effect that is not attributable to price salience.
Conservation extends beyond pricing events in the
short and medium run, providing evidence of
habit formation and implying that the intervention
leads to greenhouse gas abatement. Survey
evidence suggests that information facilitates
learning.
This paper argued that paying limited attention to
energy efficiency in purchasing energy-consuming
durable goods could be a rational behavior. It
developed a model that showed how to value
additional information about energy efficiency
and used data on automobiles to show that
consumers experience only limited welfare losses
when forced to choose a car without detailed
energy efficiency information.
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Publication

Product Domain

Study Goals
Notes

Data Collection

Empirical Approach

Key Findings

Year

Authors

Title

Category

Notes

Category

2013

Ferraro
and Price

Using Nonpecuniary
Strategies to Influence
Behavior: Evidence
form a Large-Scale
Field Experiment

Water utility

Understand
responses to
behavioral
interventions

Econometric Studies
in the Context of
Randomized Control
Trials

Field experiment

Regression

This study examined the effect of norm-based
messages on residential water demand. It was
found that social comparison messages had a
greater influence on behavior than simple prosocial messages or technical information alone.
Using a randomized control trial, Jessoe and
Rapson (2014) studied the effect of highfrequency information about residential electricity
usage on the price elasticity of demand. It was
found that households so informed were three
standard deviations more responsive to temporary
price increases.

2012

Baumgart
-Getz,
Prokopy,
and
Floress

Why Farmers Adopt
Best Management
Practice in the United
States: A MetaAnalysis of the
Adoption Literature

Practice

Understand
adoption
decision

Meta Analysis and
Literature Survey

Meta analysis

Meta analysis

This paper performed a meta analysis on
published and unpublished papers that studied the
factors influencing the adoption of agricultural
best management practices in the United States. It
was found that access to and quality of
information, financial capacity, and being
connected to agency or local networks of farmers
or watershed groups were among the variables
that had the largest impact.

2011

Allcott

Social Norms and
Energy Conservation

Electricity

Understand
responses to
behavioral
interventions

Econometric Studies
in the Context of
Randomized Control
Trials

Field experiment
with randomized
controlled trial

Regression discontinuity

This paper evaluated the effectiveness of
programs run by OPOWER, which sent Home
Energy Report letters to residential utility
customers comparing their electricity usage to that
of their neighbors. It was found that the programs
reduced energy consumption by 2%. It was
demonstrated that non-price interventions can
substantially and cost effectively change
consumer behavior.

2009

Chetty,
Looney,
and Kroft

Salience and Taxation:
Theory and Evidence

Groceries

Understand
responses to
behavioral
interventions

Econometric Studies
in the Context of
Randomized Control
Trials

Field experiment

Difference-indifferences regression

This study investigated consumers' reaction to
taxes that were not salient. Using a field
experiment, they found that posting tax-inclusive
price tags reduced demand by 8%. Furthermore,
increases in taxes included in posted prices were
found to reduce alcohol consumption more than
increases in taxes applied at the register.

2009

Froehlich

Promoting Energy
Efficient Behaviors in
the Home through
Feedback: The Role of
Human-Computer
Interaction

Electricity

Conceptual
discussion

General Discussion

N/A

N/A

This paper discussed the potential of using
feedback to change energy consumption behavior.
It introduced ten dimensions of feedback
technology that can be used to build and evaluate
future energy systems.
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Publication

Product Domain

Study Goals

Year

Authors

Title

Category

Notes

Category

Notes

2008

Stephen
P.
Holland
and Erin
T.
Mansur

Is Real-Time Pricing
Green? The
Environmental Impacts
of Electricity Demand
Variance

Electricity

Econometric
estimation,
daily values
on NERC
regions

Explore
Counterfactuals

2008

Kathleen
Spees and
Lester
Lave

Impacts of Responsive
load in PJM: Load
Shifting and Real Time
Pricing

Electricity

Sizing the
potential
savings

Estimate the effect of
moving to real time
prices

1995

Lynn et
al.

Conservation
Technology Adoption
Decisions and the
Theory of Planned
Behavior

Water

Understand
adoption
decision

Preference Elicitation
using Unincentivized
Surveys or Laboratory
Experiments
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Data Collection
Calculate the
short run
environmental
impacts of real
time pricing
(RTP),
estimating the
load variations
effects on
emissions
Authors do not
attempt to
estimate
preferences,
they impose a
rational model
to estimate
savings
Survey

Empirical Approach

Key Findings

Econometric estimation

Panel with fixed effects, estimate elasticities in a
log-log model, GLS

Simulation

Consumers can reduce their expenses up to 10.7%

Regression

This paper studied water saving technology
adoption and technology investment behavior of
Florida strawberry farmers. It was found that
perceived and actual controls in the decisions to
become an adopter of technology and to invest
more capital in it both influenced the decisions.

Solar Photovoltaics
Table B-3
Review of studies of solar PV choices
(Note: the Key Findings are often quoted directly from the respective papers they are taken from, and cited accordingly)
Publication

Product
Domain

Study Goals

Data Source

Model Specification

Yea
r

Authors

Notes

Cat.

2011

Abdullah
, S. and
Jeanty,
P.W.

PV
WTP for grid
electricity (GE)
and photovoltaic
(PV) electricity
in Kenya

2014

Balcomb
e, P.,
Rigby,
D., and
Azapagic
, A.

PV
Microgeneration
technologies
such as PV,
solar thermal,
wind, and heat
pumps in the
UK domestic
energy supply

Notes

Cat.

Notes

Cat.

Notes,
Variables

Methods

Key Findings

Sample
Mechanis
m

Sample
Size

Understan
d current
preference
s

Estimate
WTP for grid
electricity and
PV electricity

SP
Choic
es

Discrete
choice
survey
results of
residents
in Kenya

Discret
e
Choice
Model

Double
bounded
dichotomou
s choice,
estimated
with
parametric
and
nonparametr
ic methods not explicit.

Respondents are willing
to pay more for GE
services than PV. The
total WTP estimates fro
GE and PV electricity
monthly payments are 1/2
of the lump sum.

Cluster
sampling
framework
; Kisumu
in Kenya

200

Understan
d current
preference
s

Identify the
relative
importance of
consumer
motivations
and barriers
associated
with the
adoption
decision and
to identify
relative
differences
between
adopters,
considerers,
and rejecters

SP
Judgm
ents

Best-worst
scaling
survey
responses
of
adopters,
considerer
s, and
rejecters of
microgene
ration
technologi
es in the
UK

Other

Double
bounded
dichotomous
choice;
income,
educational
attainment,
age of
respondent,
number of
household
members,
interest in
starting a
business, and
home
ownership
Best-worst
scaling
survey of
microgenerati
ons adopters:
if they have
bought or
previously
considered a
microgenerati
on system,
motivations,
barriers

Best-worst
scaling
survey;
multinomial
logit;
Hierarchich
al Bayes

The most important
motivations are earning
money from installation,
increasing household
energy independence and
protecting against future
high energy costs.
Financial factors are the
most important barriers
and of most importance
to rejecters is the prospect
of losing money if they
moved home.

Recruitme
nt was
undertaken
via
advertisem
ents on
websites
and
microgene
ration
forums;
leaflets in
neighrborh
oods
displaying
PV

291
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Data Source

Attributes
Data
Collecti
on
Year
August
2007

October
2012 March
2013

Grid
electricity
vs PV;
monthly
vs lump
sum

NA

Publication

Product
Domain

Study Goals

Yea
r

Authors

Notes

Cat.

2012

Bollinge
r, B. and
Gillingh
am, K.

PV
PV adoption in
California
residential sector

Explore
counterfact
uals

2013

Chen,
H.,
Honda,
T., &
Yang,
M.

PV
Technical and
nontechnical
attribute
preferences for
residential PV in
California

Understan
d current
preference
s

Data Source

Model Specification

Notes

Cat.

Notes

Cat.

Notes,
Variables

Methods

Key Findings

Sample
Mechanis
m

Sample
Size

Establish a
methodology
for
consistently
estimating
peer effects in
the adoption
of
technologies
that display a
lag between
the time of
adoption and
delivery
Applying
machine
learning
methods to
reveal
consumer
preferences
from market
data;
comparing
and validating
these
methods;
comparing
revealed
preferences
with selfexplicated
survey results

RP
Sales

California
Statistics
California
Solar
Initiative
incentive
application
database

Other

Firstdifferences
model of
probability
that a
household in
a zip code
adopts a solar
panel

First
differences
regression
model

At the average number of
owner-occupied homes in
a zip code, an additional
installation increases the
probability of an adoption
in the zip code by 0.78
percentage points.

California
Public
Utilitys
Commissi
on
(CPUC)
California
Solar
Initiative
(CSI)
incentive
database

85,046
requested
residentia
l
installati
ons

RP
Other

Market
data:
California
Statistics
California
Solar
Initiative
incentive
application
database.
Stated
preference
sales data:
138
responses
from
electronic
surveys of
PV
installers
in CA.

Other

Revealed
preference:
Artificial
neural
network,
random
forest, and
gradient
boosting
machine.
Stated
preference:
open-ended
and rating
questions of
top technical
and
nontechnical
attributes.
Attributes: 34
attributes
regarding
reputation
and service
quality,
aesthetics,
panel
efficiency,
etc.

Mixed:
comparing
revealed
preferences
(machine
learning)
with stated
preferences
(ranking
data)

PV panel choice
decision-making is made
predominantly by
installers, not
homeowners. Three
common critical
attributes are identified
from a pool of 34
technical attributes:
power warranty, panel
efficiency, and time on
market. Nontechnical
critical attributes include
panel manufacturer's
reputation, name
recognition, and
aesthetics.

SP data:
Targeted
all 2094
listed PV
installers
within the
state of
CA;
Comparing
incentive
program
database
with
survey
responses
of
installers
in CA

RP data:
32,896;
SP data:
138
electroni
c survey
responses

B-15

Data Source

Attributes
Data
Collecti
on
Year
January
2001 Decem
ber
2011

RP
data:
20072011;
SP data:
Jan. 27
- Feb.
18,
2012

34
attributes
regarding
reputation
and
service
quality,
aesthetics,
panel
efficiency,
etc.

Publication

Product
Domain

Study Goals

Yea
r

Authors

Notes

Cat.

2011

Claudy,
M.,
Michelse
n, C.,
and
O'Drisco
ll, A.

PV
Perception of
and WTP for
solar panels,
micro wind
turbines, solar
water heating
systems and
wood pellet
boilers in Ireland

Understan
d current
preference
s

Data Source

Model Specification

Notes

Cat.

Notes

Cat.

Notes,
Variables

Methods

Key Findings

Sample
Mechanis
m

Sample
Size

17

SP
Judgm
ents

Field
survey of
home
owners in
the
Republic
of Ireland

Conting
ent
Valuati
on

Doublebounded
contingent
valuation: (1)
is the home
owner aware
of the
technology
and partly or
fully
responsible
for making
financial
decisions, (2)
perceptions of
characteristic
s of the
respective
microgenerati
on
technology,
(3) WTP for
technology,
(4)
demographics
- each person
was asked
about one of
the following
technologies:
solar panels,
micro wind
turbines, solar
water heating
systems and
wood pellet
boilers

Doublebounded
contingent
valuation;
bivariate
probit
model

Irish home owners' WTP
for microgeneration
technologies is
significantly lower than
actual market prices.
Home owners' WTP is
not solely based on
rational financial
reasoning. Initial costs for
solar panels are a major
barrier.

Quota
sampling
approache
d
developed
with
Sustainabl
e Energy
Authority
of Ireland
and a
profession
al market
research
company
was
employed
to carry
out the
data
collection.

1012

17

Data Source

Attributes
Data
Collecti
on
Year
Novem
ber Decem
ber
2009

NA

Hypotheses: H1a - Perceived environmental friendliness has a positive effect on home owners' willingness to pay for microgeneration technologies. H1b - Perceived independence has a positive effect on home owners'
willingness to pay for microgeneration technologies. H2 - Perceived compatibility with habits and routines has a positive effect on home owners' willingness to pay for micro-generation technologies. H3 - Perceived complexity has
a negative effect on home owners' willingness to pay for microgeneration technologies. H4 - Perceived trialability has a positive effect on home owners' willingness to pay for microgeneration technologies. H5 - Perceived
subjective norms have a positive effect on home owners' willingness to pay for microgeneration technologies. H6 - Perceived compatibility-related costs have a negative effect on home owners' willingness to pay for
microgeneration technologies. H7a - Perceived performance risk has a negative effect on home owners' willingness to pay for microgeneration technologies. H7b - Perceived social risk has a negative effect on home owners'
willingness to pay for microgeneration technologies.

B-16

Publication

Product
Domain

Study Goals

Yea
r

Authors

Notes

Cat.

2010

Claudy,
M.,
Michelse
n, C.,
O'Drisco
ll, A.,
and
Mullen,
M.

PV
Awareness of
microgeneration
technologies in
the Republic of
Ireland

Other

Data Source

Model Specification

Notes

Cat.

Notes

Cat.

Notes,
Variables

Methods

Key Findings

Sample
Mechanis
m

Sample
Size

Gain a better
understanding
of the overall
and relative
levels of
awareness for
microgenerati
on
technologies
in the
Republic of
Ireland.
Understand
sociodemographic
factors which
influence the
likelihood of
awareness
and to
highlight
implications
for
practitioners
and
researchers.

SP
Judgm
ents

Discrete
choice
survey of
Irish
homeowne
rs

Discret
e
Choice
Model

Logit model:
Total
awareness for
microgenerati
on
technologies
and
awareness for
each
individual
technology,
age, gender,
employment,
and other
individual/ho
usehold
demographics

Ordered
logit model;
MLE

Awareness varies
significantly between the
individual technologies
and customer segments.
Whereas only 18% of
respondents had heard
about Micro CHP, about
80% were aware of PV
panels. Younger people
in Ireland are less likely
to be aware of
microgeneration
technologies.

Profession
al market
research
company
alongside
a
telephone
omnibus
survey of
the Irish
adult
population
.

1010

B-17

Data Source

Attributes
Data
Collecti
on
Year
Mar-09

NA

Publication

Product
Domain

Study Goals

Yea
r

Authors

Notes

Cat.

2005

Curry,
T.,
Reiner,
D.,
Figueire
do, M.,
and
Herzog,
H.

PV
Climate changemitigation
technologies in
the UK

Other

Data Source

Model Specification

Notes

Cat.

Notes

Cat.

Notes,
Variables

Methods

Key Findings

Sample
Mechanis
m

Sample
Size

Collecting
information
about attitues
toward global
warming and
climate
changemitiation
technologies;
levels of
public
understanding
of global
warming and
the carbon
cycle; and
awareness of
carbon
dioxide
capture and
storage (CCS)

SP
Judgm
ents

Survey
consisting
of 20
closeended
questions,
17 of the
questions
addressing
environme
ntal issues
and three
of the
question
regarding
demograph
ics in the
UK

Other

Ranking
exercises;
important
issues in the
UK,
important
environmenta
l concerns,
tradeoffs
between the
environment
and the
economy,
priorities for
the
Department
of Trade and
Industry,
opinions
about global
warming,
views on UK
government's
60%
emissions
reduction
target, public
understanding
of CCS,
attitudes
towards
climate
changemitigation
technologies

Ranked
data;
qualitative
analysis

Solar energy was the 3rd
highest ranking
technological preference
to address global
warming (behind energy
efficienct cars and energy
efficient appliances).
Majority of resondents
stated they would pay 510 pounds more per
month on their electricity
bill to solve global
warming.

YouGov
maintains
a panel of
46,000
electors in
the UK
recruited
via nonpolitical
websites
through
invitations
and popup
advertisem
ents;
respondent
s are
provided
monetary
incentives

1056

B-18

Data Source

Attributes
Data
Collecti
on
Year
Sep-04

NA

Publication

Product
Domain

Study Goals

Data Source

Model Specification

Yea
r

Authors

Notes

Cat.

2005

Faiers,
A. and
Neame,
C.

PV
Attribute
preferences of
PV in central
England

2014

Frischke
necht,
B., and
Whitefo
ot, K.

PV
Revenue
potential for
different PV
technologies in
New South
Wales, Australia

Notes

Cat.

Notes

Cat.

Notes,
Variables

Methods

Key Findings

Sample
Mechanis
m

Sample
Size

Understan
d current
preference
s

Investigates
householder
attitudes
towards
characteristic
s of solar
systems and
identifies
some of the
barriers to
adoption

SP
Judgm
ents

Kelly's
Repertory
grid
survey
responses
from UK
solar solar
power
adopters

Other

Kelly's
Repertory
grid

Suppliers and
manufactureres should
work closely with the
early adopters to develop
the operational,
economic, and aesthetic
aspects of the products.
Suppliers should seek to
achieve greater
understanding of what
customers' perceptions
actually are, in order for
them to develop products
that meet their needs.

Unknown;
in the UK

100
adopters
of solar
power
and 1000
previous
adopters
of other
types of
energy
efficienc
y
measures

Forecast
demand

Understandin
g the
interplay
between
product
design and
production
improvement
s, customer
behavior,
retailer
behavior, and
public policy
design

SP
Choic
es

Discrete
choice
survey
respondent
s were
recruited
from a
commercia
l web
panel and
screened
for
residents
in NSW

Discret
e
Choice
Model

Kelly's
Repertory
grid;
demographics
and socioeconomic
factors and
then 23 bipolor
descriptor
pairs that are
chategorized
into 5
Innovation
Attribute
chategories:
Relative
advantage,
compatibility,
complexity,
observability,
and
trialability
Mixed logit
random utility
model:
system
capacity, roof
space,
warranty
length,
payback time,
net price, and
utility of an
outside good.

Mixed logit
random
utility
model;
hierarchicha
l bayes

This paper demonstrates
a market simulation
based sensitivity
approach using product
performance metrics that
are available during
product development;
they can evaluate the
expected market
performance of a new or
existing solar panel in a
specific region

Commerci
al web
panel;
Residence
in NSW,
ownership
of a freestanding or
semidetach
ed
dwelling,
and
considerin
g purchase
of a
residential
solar
electricity
system in
the next 5
years

501
responde
nts
complete
d the
survey
from the
618 that
were
qualified

B-19

Data Source

Attributes
Data
Collecti
on
Year
Unkno
wn

20102012

23 bipolor
descriptor
pairs that
are
chategoriz
ed into 5
Innovation
Attribute
chategorie
s: Relative
advantage,
compatibil
ity,
complexit
y,
observabili
ty, and
trialability

system
capacity,
roof space,
warranty
length,
payback
time, net
price, and
utility of
an outside
good.

Publication

Product
Domain

Study Goals

Yea
r

Authors

Notes

Cat.

2009

Goto, H.
and
Ariu, T.

PV
(a) Electric
household
energy system
with PV and (b)
gas-centered
household
energy system
with gas home
generation
system in Japan.

Understan
d current
preference
s

2014

Higgins,
A.,
Grozev,
G., Ren,
Z.,
Garner,
S.,
Walden,
G., and
Taylor,
M.

PV
PV and battery
storage diffusion
in Townsville,
Australia

Forecast
demand

Data Source

Model Specification

Notes

Cat.

Notes

Cat.

Notes,
Variables

Methods

Key Findings

Sample
Mechanis
m

Sample
Size

Analyze
consumers'
preferences
for household
energy
systems that
reduce CO2
emissions.
They wish to
determine
which of the
following
factors are
most
important:
initial cost,
operations
costs, CO2
emissions,
and cobenefits
Apply a
choicediffusion
model to
forecast the
uptake of 8
solar PV and
battery
options under
different price
tariffs using a
case study of
residential
building stock
in
Townsville.

SP
Judgm
ents

2008
residential
customer
questionna
ire in
Japan

Other

Multiple
regression
analysis:
Initial cost,
energy cost,
CO2
emisions, risk
of fire,
healthy,
usability,
indoor
comfort, risk
of system
failure, fast
disaster
recovery

Likert scale
response of
preferences
and attribute
evaluations;
multiple
regression
analysis

Energy cost and added
values, such as usability
and health, are important
aspects in choosing low
carbon energy systems.
The preference for (A)
electric household energy
system with PV was
higher than that for (B)
gas-centered household
energy system. Low
energy costs, healthy,
usability, low risk of
system failure and fast
disaster recovery are
significant aspects to
increase use intention of
an electric household
energy system with PV.

Stratified
sampling
in Japan
(except
Okinawa),
household
customers,
mail
survey

3431

RP
Other

Simulated
data;
uptake
forecasts
are
produced
for each
geographic
al unit
(defined
by the
Australian
Bureau of
Statistics)
containing
about 180
households
.

Other

Integrated
diffusionchoice model
with multicriteria
analysis
(MCA) and
Displaced
Ideal
compromise
programming
; 8 PV
options
ranging in
capacity and
battery
storage,
annual
savings,
upfront cost,
household
income,
familiarity,
ABS index of
socioeconomic
advantage,
dwelling
density, %
green voters

Integrated
diffusionchoice
model with
a multicriteria
analysis
method
weighted
summation

Percentage of households
disconnecting from the
grid at 2025 is in the
order of one percent
depending on the price
tariff. A sensitivity
analysis showed battery
price was a major driver
to uptake whilst typical
financial subsidies to
purhcase price have a
lower effect.

Ergon
Energy
data
containing
the
number of
solar PV
installation
s

Calibrati
on data
included
2833
residentia
l PV
installati
ons in
Townsvil
le by
2013

B-20

Data Source

Attributes
Data
Collecti
on
Year
Nov-08

Calibrat
ion data
include
d
resident
ial
housing
by PV
size and
location
betwee
n 20072013

Initial
cost,
energy
cost, CO2
emisions,
risk of
fire,
healthy,
usability,
indoor
comfort,
risk of
system
failure,
fast
disaster
recovery

8 solar PV
and
battery
options
under
different
price
tariffs

Publication

Product
Domain

Study Goals

Data Source

Model Specification

Yea
r

Authors

Notes

Cat.

2014

Higgins,
A.,
McNama
ra, C.,
and
Foliente,
G.

PV
Water heaters
and solar PV
across housing
stock in the State
of New South
Wales (NSW)

2014

Islam

PV
Residential PV
in Ontario,
Canada

Notes

Cat.

Notes

Cat.

Notes,
Variables

Methods

Key Findings

Sample
Mechanis
m

Sample
Size

Forecast
demand

Analyze
future
adoption
patterns of
the competing
technology
options under
a range of
features for
purchase
timing and
chioce.

RP
Other

Simulated
data;
diffusionchoice
model
implement
ed across
2.7 million
residential
dwellings
in NSW
and
validated
against
actual PV
installation
s

Other

Integrated
diffusionchoice
model

For the greater Sydney
region, the number of PV
installations had a
correlation of 0.8
between model and
actual; the feed-in-tariff
was a more effective
incentive compared to
rebates for upfront cost

Data on
PV
installation
s: NSW
Office of
Environme
nt and
Heritage
for 2010

Model
was
impleme
nted
across
2.7
million
residentia
l
dwellings
to
estimate
future
stock of
PV for
250
househol
ds;
validatio
n sample
size
unknown

Forecast
demand

(1) elicit
preferences
for atrributes
of microgeneration
technologies
and (2) link
household
level attribute
preferences to
adoption time
probabilities

SP
Choic
es

Discrete
choice
survey
response
from
Ontario,
Canada

Discret
e
Choice
Model

Integrated
diffusionchoice model
with multicriteria
analysis
(MCA) and
Displaced
Ideal
compromise
programming
; three PV
options (no
PV, 1.5 kW,
3 kW), annual
savings,
upfront cost,
household
income,
familiarity,
ABS index of
socioeconomic
advantage,
dwelling
density, %
green voters
Balanced
Incomplete
Block
Design; scale
adjusted
latent class
model: Total
investment,
payback
period,
energy cost
savings, CO2
savings, tax
incentives/gra
nts, export
reward,
policy
changes,
yearly
inflation, %
of households
adopting

SCALM
with WLS

Younger households who
have a higher awareness
level and are less
sensitive to cost related
factors are prone to
higher early adoption
rates. There is a positive
impact energy cost
saving, export reward and
neighborhood adoption
rates through the wordof-mouth (WOM) effect

Online
panel
provider;
Study
participant
s were
screened
for living
and
owning a
house in
Ontario,
Canada
that has no
microgeneration
technologi
es

298

B-21

Data Source

Attributes
Data
Collecti
on
Year
Validati
on
period
for
installat
ions in
2010

June 1 15,
2011

the
technology
(solar
themral,
wind
turbine,
and solar
PV),
capital
cost,
maintenan
ce cost,
source of
the
recommen
dation, and
the energy
saved by
the
technology

Total
investment
, payback
period,
energy
cost
savings,
CO2
savings,
tax
incentives/
grants,
export
reward,
policy
changes,
yearly
inflation,
% of
household
s adopting

Publication

Product
Domain

Study Goals

Data Source

Model Specification

Yea
r

Authors

Notes

Cat.

2013

Islam
and
Meade

PV
Residential PV
in Ontario,
Canada

2006

Jager,
W.

PV
PV motivations
in Groningen
(Netherlands)

Notes

Cat.

Notes

Cat.

Notes,
Variables

Methods

Key Findings

Sample
Mechanis
m

Sample
Size

Understan
d current
preference
s

Understandin
g preference
and lifestyle
heterogeneity
among
potential EV
buyers (this
and the 2014
study look
identical…)

SP
Choic
es

Discrete
choice
survey
response
from
Ontario,
Canada

Discret
e
Choice
Model

GMNL

Significant preferences
include lower cost,
greater energy savings,
and lower fossil fuel
inflation. They found
high heterogeneity in
preferences for
investment criteria and
CO2 emissions,
suggesting that
campaigns should explain
more about investment
criteria, feed-in tariffs,
and environmental
effects.

Online
panel
provider;
Study
participant
s were
screened
for living
and
owning a
house in
Ontario,
Canada
that has no
microgeneration
techn.

298

Explain
past
adoption

How PV
adopters were
informed
about this
initiative,
their motives
for buying a
PV system,
the perceived
barriers, the
social
network
effects that
played a role,
and to what
extent the
information
and
instruction
meetings
affected their
motives.

SP
Judgm
ents

Questionn
aire
responses
of
residential
PV owners
who
adopted
their
technology
due to the
Groningen
initiative
to
stimulate
citizens to
buy a PV
systems

Other

Balanced
Incomplete
Block
Design;
Generalized
multinomial
logit model;
Total
investment,
payback
period,
energy cost
savings, CO2
savings, tax
incentives/gra
nts, export
reward,
policy
changes,
yearly
inflation, %
of households
adopting
Questionnaire
:
demographic
characteristic
s, general
environmenta
l problem
awareness,
motives for
purchasing a
PV system,
and the
installation of
the PV
system, NEP
scale

Questionnai
re,
qualitative
analysis; Ttests

Information and support
meetings organized in
Groningen had a strong
positive effect on the
diffusion of PV system.
Buyers of PV systems
had a higher general
environmental problem
awareness than average
citizens of Groningen.

Adopters
of PV
from the
Groningen
initiative
to
stimulate
citizens to
buy a PV
system

197

B-22

Data Source

Attributes
Data
Collecti
on
Year
June 1 15,
2011

Apr-04

Total
investment
, payback
period,
energy
cost
savings,
CO2
savings,
tax
incentives/
grants,
export
reward,
policy
changes,
yearly
inflation,
% of
household
s adopting
NA

Publication

Product
Domain

Study Goals

Yea
r

Authors

Notes

Cat.

2007

Keirstea
d, J.

PV
PV effect on
household
energy
consumption the
UK

Other

Data Source

Model Specification

Notes

Cat.

Notes

Cat.

Notes,
Variables

Methods

Key Findings

Sample
Mechanis
m

Sample
Size

(1) Describe
postinstallation
changes in
the energy
consumption
behavior of
PV
households
and offer
some
explanation
for why these
shifts have
occurred. (2)
Examine the
role of
industry and
government
to see how
behavioral
responses to
PV are
influenced by
the broader
sociotechnical
system.

SP
Judgm
ents

Questionn
aire
responses
and
interview
data of PV
owners in
the UK

Other

Questionnaire
: demograhic
and
attitudinal
characteristic
s, knowledge
of energy use,
self-identity

Questionnai
re,
qualitative
analysis,
interivews

Installation of PV
encouraged households to
reduce their overall
electricity consumption
by approximately 6% and
shift demand to times of
peak generation. The full
benefits of
microgeneration can only
be realized if informed
households are integrated
within supportive
industry and governent
frameworks.

UK PV
households
; selfaddressed
stamped
return
envelopes
with gift
certificate
incentive;
follow-up
interviews

118
questionn
aires and
63
interview
s

B-23

Data Source

Attributes
Data
Collecti
on
Year
Nov-04

NA

Publication

Product
Domain

Study Goals

Data Source

Model Specification

Yea
r

Authors

Notes

Cat.

2012

Kirkpatri
c, A.,
and
Bennear,
L.

PV
Residential PV
in Palm Desert,
Sonoma County
and Yucaipa
(California)

2004

Nomura,
N. and
Akai, M.

PV
WTP for
photovoltaic
power and wind
power in Japan

Notes

Cat.

Notes

Cat.

Notes,
Variables

Methods

Key Findings

Sample
Mechanis
m

Sample
Size

Explore
counterfact
uals

Estimate the
effect of three
California
PACE
programs on
residential PV
installations

RP
Sales

California
Statistics
California
Solar
Initiative
incentive
application
database
and US
Census
American
Communit
y Survey

Other

Differenceindifference

PACE financing
increases solar
installations by
approximately 3.8 watts
per owner-occupied
household per quarter, a
108% increase over the
mean watts per owneroccupied household.

Cities >
20,000
population
in Palm
Desert,
Sonoma
County
and
Yucaipa

411 cities

Understan
d current
preference
s

WTP for
renewable
energy

SP
Choic
es

Discrete
choice
survey
responses
in Japan
that
measure
WTP for
PV

Discret
e
Choice
Model

Differencein-difference
models and
synthetic
counterfactua
l models; DV
= watts per
owneroccupied
household;
controlled for
socioeconomic
city-level
data, real CSI
incentive rate,
base tier
power price,
annual
average solar
radiation,
representation
in state
assembly
Dichotomous
choice with
follow-up
questioning:
WTP for
technology,
demographics
, posession of
equipment
related to
energy use
and their
thinking
about the
Kyoto
Protocol.
Operation and
maintenance
questions.

MLE

Average premium
consumers are willing to
pay was 2000 yen per
month (this amount is
larger than that seen in
another survey). Those
who saw renewable
energy technologies
being used in the future
are willing to pay more
than others.

Probability
sampling
and
random
sampling
using the
1995
Japan
Census;
mail
survey

370

B-24

Data Source

Attributes
Data
Collecti
on
Year
20052010?

Feburar
y 2000

NA

Individual
PV
attributes
not
assessed

Publication

Product
Domain

Study Goals

Yea
r

Authors

Notes

Cat.

2011

Palm, J.
and
Tengvar
d, M.

PV
PV or
microwind
turbines in
Sweden

Understan
d current
preference
s

Data Source

Model Specification

Notes

Cat.

Notes

Cat.

Notes,
Variables

Methods

Key Findings

Sample
Mechanis
m

Sample
Size

What are the
motivations
and barriers
to adoptiong
PV and
microwind
turbines?

SP
Judgm
ents

Residential
consumers
semistructured
in-depth
interview
data.

Other

Semistructured indepth
interviews
covering the
following
topics:
background
data, first
contact with
the concept of
small-scale
electricity
production,
reason of
interest,
barriers to
and enablers
of product
adoption,
information
received on
the various
products,
advantages
and
disadvantages
of the various
solutions
under
consideration,
the stage of
the decisionmaking
process they
were
currently in,
and energy
use/awarenes
s.

Qualitative
analysis;
quotes

Niche markets for smallscale PV systems and
microwind turbines
overall attract people who
manifest strong
environmental concenrs
and embrace a "green"
lifestyle. Not all
interviewed households
have extenstive
knowledge of either the
energy system or the
associated technologies.
Installation was an
impediment in two
respects: the households
would either have to pay
someone to do it for them
or spend considerable
time on their own.

Residential
customers
in private
homes and
apartments
throughout
Sweden
who were
considerin
g PV or a
wind
turbine
and were
contacted
by the
respective
retail
managers.

20

B-25

Data Source

Attributes
Data
Collecti
on
Year
Unkno
wn

NA

Publication

Product
Domain

Study Goals

Data Source

Model Specification

Yea
r

Authors

Notes

Cat.

2013

Rai, V.,
& Sigrin,
B.

PV
Financial
choices of
residential PV
owners in Texas

2009

Scarpa,
R. and
Willis K.

PV
WTP for solar
photovoltaic in
the UK

Notes

Cat.

Notes

Cat.

Notes,
Variables

Methods

Key Findings

Sample
Mechanis
m

Sample
Size

Explain
past
adoption

Understandin
g financing
choices
(leasing vs
buying)

RP
Other

Survey of
adopters
choices for
financing
coupled
with
program
data

Other

Compared
NPV and
customer
charcteristics
between buy
vs. lease; cost
of ownership,
payback
period,
implied
discount rate

365
responses
from 922
Texas PV
owners
contacted
; matched
with 210
responde
nts with
program
data

Investigate
the
determinants
of the
adoption of
microgeneration
technologies
by
households in
the UK; and
their WTP for
these
renewable
energy
technologies

SP
Choic
es

Responses
of choice
experiment
between
microgeneration
technologi
es in
England,
Wales, and
Scotland.

Discret
e
Choice
Model

Discrete
choice
experiment:
participants
trade-off 5
attributes the
technology
(solar
themral, wind
turbine, and
solar PV),
capital cost,
maintenance
cost, source
of the
recommendat
ion, and the
energy saved
by the
technology

Majority of PV owners
use payback period, not
NPV; pre-rebated
installed costs of leased
PV systems are
significantly higher than
the bought systems;
buyers and leasers did
not represent different
demographic groups, but
rather different consumer
segments within the
residential PV market
Households value
renewable energy
adoption, but not enough
to cover the higher capital
costs of micro-generation
energy technologies;
consumers' time horizon
for cost is generally less
than 3 to 5 years; results
of this study suggest that
the British government
will have to give
substantially larger grants
than those currently
available.

Only
considers
households
who have
already
adopted
PV;
administer
ed online

Understan
d current
preference
s

Financial
model;
compare
exepected
lifecycle
costs and
revenues of
PV to
compare
reported
metrics with
modeled
metrics
Multinomial
logit, nested
logit, panel
mixed logit

Stratified
random
sample of
households
across
England,
Wales, and
Scotland

1279

B-26

Data Source

Attributes
Data
Collecti
on
Year
AugustNovem
ber
2011

Late
2007

cost of
ownership,
payback
period,
implied
discount
rate

technology
(solar
thermal,
wind
turbine,
and solar
PV),
capital
cost,
maintenan
ce cost,
source of
the
recommen
dation, and
the energy
saved by
the
technology

Publication

Product
Domain

Study Goals

Yea
r

Authors

Notes

Cat.

2017

Strazzera
, E., and
Statzu,
V.

PV
Acceptance of
PV and Building
Integrated PV
(BIPV) in six
Mediterranean
countries

Understan
d current
preference
s

Data Source

Model Specification

Notes

Cat.

Notes

Cat.

Notes,
Variables

Methods

Key Findings

Sample
Mechanis
m

Sample
Size

Examine
attitudes,
opinion, and
preferences
that residents
have in the
specified
Mediterranea
n cities with
respect to
issues related
to energy
efficiency and
renewable
energy

SP
Judgm
ents

Discrete
choice
survey
responses
in Tunisia,
Egypt,
Lebanon,
Jordan,
Spain and
Italy

Discret
e
Choice
Model

Feelings
towards city
in which
participant
lives,
opinions and
attitudes
towards
energy and
renewables;
selection
among
technologies
(solar
thermal, roof
insulation,
double and
triple glazing,
PV panels
and PV +
storage),
attitudes
towards PV,
awareness of
public
subsidies;
preferences
for subsidies
(tax
allowance,
credit
conditions,
FIT, and netmetering);
demographics

Bivariate
probit
model

Awareness of the benefits
arising from the PV
installation and
attachment toward the
city are important drivers
in both the public and
private dimensions.
Italian, Tunisan, and
Jordanian respondents
seem the most interested
in BIPV technologies.

Convenien
ce
sampling

600
responde
nts (100
in each
of the
following
countries
: Tunisia,
Egypt,
Lebanon,
Jordan,
Spain,
and Italy)

B-27

Data Source

Attributes
Data
Collecti
on
Year
July August
2014

Preference
s over
different
PV
application
s (BIPV
and PV
installation
preference
s)

Publication

Product
Domain

Study Goals

Yea
r

Authors

Notes

Cat.

2009

Taleb,
H.M.
and Pitts,
A.C.

PV
BIPV in Gulf
Cooperation
Council (GCC)
countries

Understan
d current
preference
s

Data Source

Model Specification

Notes

Cat.

Notes

Cat.

Notes,
Variables

Methods

Key Findings

Sample
Mechanis
m

Sample
Size

Examine the
potential use
of BIPV in
the buildings
of the GCC
countries
through
surveying a
number of
relevant
stakeholders
in the region.

SP
Judgm
ents

Online
surveys
and
interviews
in the
GCC
countries

Other

Online survey
for assessing
the level of
stakeholders'
awareness of
current
energy and
environmenta
l issues and
attitudes
towards BIPV
in GCC
countries;
slightly
modified
surveys for
the following
4 groups:
homeowners,
academics,
building
developers
and
architects; 9
follow-up
interviews
with 8
academics
and 1
architect

Survey and
follow-up
interviews;
qualitative
analysis

The main factors
hindering expansion are
high costs and the
negative public
perception of BIPV in the
countries concerned.
Three policy
recommendations: (1)
Energy and
environmental
consciousness needs to be
raised in the GCC
countries in order to
enhance the legitiy of
BIPV in the eyes of the
various potential
stakeholders, (2) GCC
governments need to
support the use of BIPV
as a part of achieving
sustainable buildings and
helping to address
increasing demands for
energy in buildings, (3)
financial incentives need
to be introduced.

Unknown
- targeted
homeowne
rs,
academics,
building
developers
and
academics
in the
Kingdom
of Saudi
Arabia, the
Kingdom
of Bahrain,
Kuwait,
United
Arab
Emirates,
Oman and
Qatar

244

B-28

Data Source

Attributes
Data
Collecti
on
Year
Jul-07

NA

Publication

Product
Domain

Study Goals

Yea
r

Authors

Notes

Cat.

2011

Willis,
K.,
Scarpa,
R.,
Gilroy,
R., and
Hamza,
N.

PV
Microgeneration
technologies
(solar thermal,
solar PV, and
wind turbine) in
England, Wales
and Scotland

Understan
d current
preference
s

Data Source

Model Specification

Notes

Cat.

Notes

Cat.

Notes,
Variables

Methods

Key Findings

Sample
Mechanis
m

Sample
Size

(1) Assess
whether age
results in
different
behavioral
responses; (2)
Investigate
whether
microgen.
RES are less
likely to be
adopted by
households
comprising
older people.

SP
Choic
es

2 choice
experiment
s in
England,
Wales, and
Scotland:
(1)
existing
heating
system
needed to
be
replaced
and (2)
discretiona
ry choice
to
supplemen
t existing
heating &
energy
sources
with a
microgen.

Discret
e
Choice
Model

Conditional
logit & mixed
logit models:
choice of
microgen.
source

Conditional
logit and
mixed logit
models:

Households comprised of
>= 65 yrs old are much
less likely to adopt
microgen. technologies
compared to the rest of
the population.

Stratified
random
sample of
households
across
England,
Wales, and
Scotland

1279

B-29

Data Source

Attributes
Data
Collecti
on
Year
Late
2007

technology
(solar
thermal,
wind
turbine &
PV),
capex,
maintenan
ce cost,
recommen
dation
source &
energy
saved

Electric Vehicles
Table B-4
Review of studies on electric vehicle choices
(Note: the Key Findings are often quoted directly from the respective papers they are taken from, and cited accordingly)
Publication

Product Domain

Study Goals

Data Source

Year

Authors

Category

Notes

Category

Notes

Category

Notes

Category

Notes, Variables

2016

Wen,
MacKenzie,
Keith

EVs

Charging
choices of
BEV drivers

Understand
current
preferences

Understanding
charging
choices

SP Choices

Survey with
hypothetical
charging
situations

Discrete
Choice
Model

Binary, mixed,
latent-class

2016

Yu and
MacKenzie

EVs

Charging
choices of
PHEV drivers

Understand
current
preferences

Understanding
charging
choices

RP Other

Instrumented
vehicle data

Discrete
Choice
Model

2017

Lin and Tan

EVs

BEV in China

Understand
current
preferences

BEV and
environmental
benefit
valuation

SP
Judgments

Survey (some
concerns)

Latent-class
compared with
mixed logit.
Attributes: battery
SOC, dwell time,
location, time of
day.
Contingent
Valuation / ordered
probit choice

2016

Wolinetz, Axsen

EVs

Plug-in
Electric
Vehicle
purchase in
BC, Canada

Explore
counterfactuals

Baseline +
policy scenarios

SP Choices

Choice-basedconjoint +
design space
exercise 2013
Canadian Plugin Electric
Vehicle Survey

Discrete
Choice
Model

Latent-class; price,
fuel cost, range,
recharge access,
recharge time

MLE with
Latent Gold

2015

Helveston, Liu,
Feit, Fuchs,
Klampfl,
Michalek

EVs

Vehicle
purchase in
US / China

Understand
current
preferences

Parameter
estimation

SP Choices

Choice-based
conjoint

Discrete
Choice
Model

Logit / mixed logit,
WTP space.
Variables: type,
brand, price, op
cost, accel, fast
charging

Maximum
likelihood

B-30

Model Specification
Methods

Key Findings
Three types of decisions makers
identified. Majority of
respondents estimated to WTP
$2.35/h for Lvl 2 charging and
$7.85/h for fast charging beyond
Lvl 1.
Amount of energy that can be
transferred during a charging
session was a better predictor of
charging behavior than SOC and
dwell time. All users more likely
to charge after 8pm and at times
that provided larger gain in SOC.
Positive [stated] WTP for EVs

Strong demand-side PEV
policies can increase PEV sales
in 2030 from baseline of 7% to
17-28%, and strong supplyfocused policy needed in
addition to boost above 30%.
Forecasts most sensitive to
assumptions about home
charging access, PEV model
availability and variety,
consumer familiarity with PEVs,
and incremental purchase price.
Chinese consumers are willing to
adopt today's BEVs and midrange PHEVs at similar rates
relative to their respective
gasoline counterparts, whereas
American consumers prefer lowrange PHEVs despite subsidies

Publication

Product Domain

Study Goals

Data Source

Year

Authors

Category

Notes

Category

Notes

Category

Notes

Category

Notes, Variables

Methods

Key Findings

2015

Axsen
, Bailey, Castro

EVs

Plug-in
Electric
Vehicle
purchase in
Canada

Understand
current
preferences

Understanding
preference and
lifestyle
heterogeneity
among potential
EV buyers

SP Choices

Choice-basedconjoint +
design space
exercise 2013
Canadian Plugin Electric
Vehicle Survey

Discrete
Choice
Model

Latent-class; price,
fuel cost, range,
recharge access,
recharge time

MLE with
Latent Gold

2015

Bailey, Axsen

EVs

Utility
controlled
charging of
EV in Canada

Explore
counterfactuals

Anticipating
PEV buyers’
acceptance of
utility controlled
charging

SP Choices

Choice-basedconjoint +
design space
exercise 2013
Canadian Plugin Electric
Vehicle Survey

Discrete
Choice
Model

Logit, latent-class;
% green electricity,
electricity source,
guaranteed
minimum charge,
monthly electricity
bill

MLE with
Latent Gold

2014

Tanaka, Ida,
Murakami,
Friedman

EVs

AFVs in US
and Japan

Understand
current
preferences

WTP for EV
and PHEV

SP Choices

Choice based
conjoint, 2012
US and Japan

Discrete
Choice
Model

Notable consumer segments:
"PEV-enthusiast" segment (8%)
with "extremely high valuation
of PEVs" and "broader PHEVoriented segment (25%) that
expressed moderately positive
valuation of PHEVs". Segments
also varied by valuation of
attributes such as fuel savings.
Study identified four distinct
consumer segments that value
utility controlled charging
(UCC) differently (renewablefocused, cost-motivated, chargefocused, anti-UCC).
Counterfactuals of cost-based
programs garnered higher
enrollment than renewable-based
programs.

2014

Hoen, Koetse

EVs

AFVs in the
Netherlands

Understand
current
preferences

WTP for AFV
attributes

SP Choices

Choice-basedconjoint,
Dutch
automotive
panel

Discrete
Choice
Model

MXL, MNL with
interactions.
Attributes based on
comprehensive
survey (see paper)

Nlogit
software

2014

Parsons, Hidrue,
Kempton,
Gardner

EVs

V2G EV and
contract terms
in the US

Understand
current
preferences

WTP for V2G

SP Choices

Choice-basedconjoint 2009
Univ of
Delaware
survey

Discrete
Choice
Model

2014

Greene, Park,
Liu (NRC
Transitions
report, + other
papers) (ORNL
LAVE-Trans)

EVs

Vehicle
purchase in
US

Forecast
demand

Projection of
scenarios

Modeler
judgment
informed
by
literature

Pref
parameters
stem from
Greene 2000,
Leiby and
Rubin 1998

Discrete
Choice
Model

Logit & Latentclass; min
guaranteed driving
range, required
plug-in time per
day, annual cash
back payment,
price relative to
your preferred
gasoline vehicle
Nested logit

B-31

Model Specification

n/a;
parameters
not
estimated

Negative WTP (=WTA) for
AFVs of 10-20k Euros.
Interaction model reveals
mileage is critical factor. EVs
most unappealing out of all
AFVs
Consumers were found to be
"extremely sensitive to V2G
restrictions." V2G more likely to
be successful if offered pay as
you go or advanced cash
payment as opposed to fixed prespecified contract requirements.

Publication

Product Domain

Study Goals

Data Source

Model Specification

Year

Authors

Category

Notes

Category

Notes

Category

Notes

Category

Notes, Variables

Methods

Key Findings

2013

Hackbarth,
Madlener

EVs

AFVs in
Germany

Understand
current
preferences

WTP for AFVs
and
counterfactual
scenarios

SP Choices

Choice-based
conjoint, 2011
commercial
German online
panel

Discrete
Choice
Model

MSLE

High reluctance toward BEV and
FCEV. Lower reluctance for
PHEV. German buyers WTP
vehicle feature improvements.

2013

Ito et al

EVs

AFV
infrastructure
in Japan

Logit and MXL;
price, fuel cost,
CO2, range, fuel
avail, reful time,
recharge time,
policy incentives

2013

Tran et al

EVs

data-less
parameters
with Monte
Carlo

Discrete
Choice
Model

2011

Hidrue, Parsons,
Kempton,
Gardner

EVs

Electric
vehicle
purchase
(relative to
respondent's
preferred
gasoline
vehicle)

Understand
current
preferences

WTP for EV
attributes

SP Choices

Choice-basedconjoint 2009
Univ of
Delaware
survey

Discrete
Choice
Model

Logit & Latentclass; price,
pollution, accel,
fuel/charge cost,
charging time,
range

2007

Potoglou and
Kanaroglou

EVs

Clean vehicles
in Canada

Understand
current
preferences

WTP for cleaner
vehicles

SP Choices

Discrete
Choice
Model

Nested logit

2002

Dagsvik,
Wennemo,
Wetterwald,
Aaberge

EVs

Alternative
fuel vehicle
purchase in
Norway

Understand
current
preferences

WTP for AFVs

SP Choices

Discrete
Choice
Model

Ranked logit; price
fuel cost, range, top
speed

2000

Ewing and
Sarigollu

EVs

Clean fuel
vehicles in
Canada

15 choice
experiments
per individual,
asking for
ranking of 3
hypothetical
vehicles

Discrete
Choice
Model

2000

Brownstone,
Bunch, Train

EVs

Alternative
fuel vehicle
purchase in
CA

Joint SP
conjoint + RP,
SP data from
1993-1994,
California

Discrete
Choice
Model

Logit; price, fuel
cost, repair/mtce
cost, commute
time, accel, range,
charging time
Mixed logit; price,
range, home refuel
time, home refuel
cost, station refuel
time, station refuel
cost, accel, top
speed, tailpipe
emission, vehicle
size, body type,
luggage space

WTP for
infrastructure

Forecast
demand

Modelling with
joint SP/RP to
improve
forecasting

RP Sales
and SP
Choices

B-32

Specific population
characteristics/segments have
higher propensity to buy EV.
Range, charge time, price are
main concerns. Range valued at
$35-75/mi, charge time $4253250/hr. More R&D on batteries
needed.
LIMDEP

AFVs appear competitive if
attributes are the same and given
suitable infrastructure and
electric driving range.

FullInformation
Maximum
Likelihood
FIML

Joint estimation using RP and SP
data can be advantageous and
useful (RP "critical for obtaining
realistic body-type choice and
scaling information" and SP
critical for obtaining information
about attributes not available in
the marketplace"

Publication

Product Domain

Study Goals

Data Source

Year

Authors

Category

Notes

Category

Notes

Category

Notes

Category

Notes, Variables

1999

Brownstone and
Train

EVs

Alternative
fuel vehicle
purchase in
CA

Understand
current
preferences

Compare MNL
and MXL

SP Choices

Conjoint SP
data from
1993-1994,
California

Discrete
Choice
Model

MNL and Mixed
logit; price, range,
home refuel time,
home refuel cost,
station refuel time,
station refuel cost,
accel, top speed,
tailpipe emission,
vehicle size, body
type, luggage space

1998

Ewing and
Sarigollu

EVs

Clean fuel
vehicles in
Canada

Discrete
Choice
Model

Logit; price, fuel
cost, repair/mtce
cost, commute
time, accel, range,
charging time

1998

Tompkins,
Bunch, Santini,
Bradley, Vyas,
Poyer

EVs

AFVs in the
United States

Understand
current
preferences

1996

Brownstone,
Bunch, Golob,
Ren

EVs

California,
simulation of
LA market

Forecast
demand

1993

Bunch, Bradley,
Golob,
Kitamura,
Occhiuzzo

EVs

Clean vehicles
in California

Understand
current
preferences

1985

Calfee

EVs

EV (for
multicar urban
household)

1981

Beggs, Cardell,
Hausman

EVs

EV (for
multicar urban
household)

AFV choice
outside
California

Understand
demand for
clean fuel
vehicles and
how they vary
as function of
attributes

Model Specification

SP Choices

surveys outside
California

Discrete
Choice
Model

SP Choices

Conjoint SP
data from
1993-1994,
California

Discrete
Choice
Model

MNL

SP Choices

Conjoint, SP
data from 1991

Discrete
Choice
Model

Logit + Nested
Logit +
Multinomial probit;
price, fuel cost,
range, accel, fuel
availability,
emissions
reduction,
dedicated vs
multifuel
capability. Also
binomial logit
model for fuel
choice.
Disaggregate logit;
price, op cost,
range, top speed,
seats

Discrete
Choice
Model
Understand
current
preferences

SP
Judgments

B-33

Rank order
survey

Discrete
Choice
Model

Ranked logit; price,
fuel cost, range, top
speed, seats,
warranty, accel, a/c

Methods

Key Findings
Mixed logit helps represent
flexible substitution patterns,
avoiding need to assume/impose
IIA substitution patterns.

2.6-4.4% EV share for 1998. 1422% for methanol and 14-20%
for CNG.
FIML with
ALOGIT
(Daly 1987)

Better understanding of attribute
tradeoffs. Range is critical
attribute. Preferences less
sensitive to fuel availability
when range and fuel costs
comparable to gasoline.

Low predicted market share,
range anxiety of primary
concern, significant preference
heterogeneity
Low predicted market share,
range anxiety of primary
concern, significant preference
heterogeneity

Publication

Product Domain

Study Goals

Data Source

Year

Authors

Category

Notes

Category

Notes

Category

1980

Train

EVs

Non-gasoline
vehicles

Forecast
demand

projection for
2000 and 2025

RP Sales

No
year

Lin, Liu, Greene,
ORNL (MA3T)
Model

EVs

Vehicle
purchase in
US

Forecast
demand

Projection of
scenarios

Modeler
judgment
informed
by
literature

2012

TA Engineering
Inc. (NPC FTF)
(LVChoice)
Model

EVs

Vehicle
purchase in
US

Forecast
demand

Projection of
scenarios

No
year

EIA (AEO)
(NEMS) Model

EVs

Vehicle
purchase in
US

Forecast
demand

Projection of
scenarios

Modeler
judgment
informed
by
literature
Modeler
judgment
informed
by
literature

No
year

Brooker (NREL
ADOPT) Model

EVs

Vehicle
purchase in
US

Forecast
demand

Projection of
scenarios

Modeler
judgment
informed
by
literature

B-34

Model Specification
Notes

Category

Notes, Variables

Methods

Key Findings

Discrete
Choice
Model

Logit; cost/income,
cost per mile, seats,
weight,
performance, size
class. EV's
separately
penalized for low
range.
Nested logit

MLE

High-temperature-battery
vehicles were forecast to capture
some of the market, while hybrid
and aluminum fuel vehicles
would capture even more
significant shares. Nickel-Zinc
and hydrogen vehicles would
capture very little share.

Pref
parameters
stem from
Greene 2000,
Leiby and
Rubin 1998
From NEMS

Discrete
Choice
Model

n/a;
parameters
not
estimated

Discrete
Choice
Model

Nested logit

n/a;
parameters
not
estimated

Pref
parameters
stem from
Greene 2000,
Leiby and
Rubin 1998
Unknown

Discrete
Choice
Model

Nested logit

n/a;
parameters
not
estimated

Discrete
Choice
Model

Logit/MXL variant

n/a;
parameters
not
estimated
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