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flexibility for customers. This paper examines willingness to pay for bundled smart home
energy products and information services, using data from a set of two discrete choice
experiments that were part of a survey by the regional energy provider of upstate New
York. To let the data reveal how preferences are distributed in the population, a logit-mixed
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The flexible logit-mixed logit estimates provide evidence of important heterogeneity in
preferences: whereas most of the population has a positive—albeit rather low—valuation

I . of smart energy products and services, there is a considerable percentage of customers with
Logit-mixed logit
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1. Introduction

Energy markets are rapidly changing with smarter infrastructure and cleaner generation on the supply side, and more
choice, greater control and enhanced flexibility for customers (Kubli et al., 2018). Flexibility in the provision of home energy
products and services is allowing utilities (energy service providers) to offer bundles that their residential and business
customers can personalize. For example, taking advantage of the detailed information collected by smart meters, utilities are
offering to their customers the possibility of checking their energy usage online at a granular level paired with personalized
information that can be used to make more energy efficient choices. Customers are also now able to choose the proportion
of energy that is coming from renewable sources, as well as to make informed decisions regarding shifting energy use to
off-peak times (e.g. OCA, 2010; Helms et al., 2016). In fact, smart energy management systems can automatically respond
to dynamic pricing. Since residential customers have a plethora of options, energy service providers need to identify which
smart home energy products and services best meet preferences and needs of their customer base.

This study focuses on customer willingness to pay for bundled smart home energy technology and information services,
in the context of the Smart Energy Community (ESC) initiative in New York State. ESC is a pilot project launched by the
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regional electricity and gas provider in Tompkins County, NY. For the estimation of willingness to pay for bundle features,
a set of two discrete choice experiments is used to fit logit-type models of demand (McFadden, 1973). Both experiments
were part of a survey of residents of upstate New York that took place in 2016, before the installation of 12,400 electric
smart meters in 2017. The first discrete choice experiment presented bundled smart energy technology that would help
controlling energy use, such as a battery back-up system, a smart thermostat, and a home energy management system. The
second discrete choice experiment focused on information provision, including granularity, timing, baseline comparisons,
and access method. Both experiments had a price attribute for the additional monthly cost of the added features, which
make estimation of marginal willingness to pay possible.

In a surprisingly limited existing literature looking into customer response to smart home energy,! this work is closest
to Richter and Pollitt (2018) even though the focus of the discrete choice experiments differ. In that paper, using data from a
stated-choice experiment conducted in 2015 in the UK, the authors fitted a parametric generalized multinomial logit (Fiebig
et al., 2010) to model heterogeneity in the willingness to pay for smart electricity contract terms. Experimental contract
attributes were: monthly fee, bill savings, usage monitoring, control of electrical devices, technical support, and data privacy
and security. Although British customers are shown to see the value of access to technical support, a statistically significant
economic compensation (negative willingness to pay) is found for accepting contract terms involving giving up control,
being remotely monitored by the energy provider and sharing usage data with third parties. The unconditional means of
the willingness to pay for real-time in-house monitoring with alerts in case of unusual usage and for smart control by the
household were not significant. In the context of electric vehicles, Parsons et al. (2014) used a choice experiment to study
contract terms of domestic vehicle-to-grid services. The authors found evidence of heavy discounting of expected revenues
in the future from selling electricity back to the grid as well as of negative perception of charging conditions imposed by the
experimental contracts.

From a technical point of view, heterogeneity in the willingness to pay for bundled energy products and services is
analyzed in this paper using a logit-mixed logit model (Train, 2016), which is a flexible discrete choice model. Although
the use of continuous, parametric distributions (as in mixed logit models, Boyd and Mellman, 1980; McFadden and Train,
2000) dominate empirical work including Richter and Pollitt (2018), the use of flexible (semi, non, or seminonparametric)
heterogeneity distributions that do not impose a specific shape to the preference variations is desired. The logit-mixed logit
model effectively allows the data to reveal the shape of the heterogeneous distribution of willingness to pay measures.
Besides, working with parametric mixing distributions is associated with multiple empirical problems (Louviere and Eagle,
2006; Fosgerau and Hess, 2007; Louviere and Meyer, 2008). The logit mixed logit both approximates and generalizes previous
discrete choice models with seminonparametric and nonparametric mixing distributions (Bajari et al., 2007; Fosgerau and
Bierlaire, 2007; Train, 2008; Bastin et al.,2010; Fox etal.,2011; Fosgerau and Mabit, 2013), many of which exploit polynomial
approximations.

The paper is organized as follows. Section2 proposes a general logit-mixed logit specification that accounts for both
observed and unobserved preference heterogeneity (the model as derived in Train, 2016, only considered unobserved pref-
erence heterogeneity), partly specified in willingness to pay space. Section 3 describes the data as well as the context and
are of study for the empirical application of the proposed flexible logit model. Section 4 discusses estimates of the model,
with a focus on willingness to pay for smart home package features and for attributes of a home energy monitoring system.
An analysis of sociodemographics that characterize the customer segments that are either more or less likely to opt-in for
the smart energy bundles is also presented. Finally, Section 5 concludes.

2. A general logit-mixed logit model of preference heterogeneity
2.1. Logit-mixed logit specification

For the estimation of flexible distributions of willingness to pay a logit-mixed logit model (Train, 2016) is derived, taking
into consideration both observed and unobserved preference heterogeneity in a utility function that is partly? specified in
willingness-to-pay space (Train and Weeks, 2005). Let N be the number of customers making discrete choices in the sample.
Customer i faces a choice among ] alternatives, in each of T time periods. The following general logit-type specification will
be considered, in which the customer’s truncated indirect utility from alternative j in period t is:

/
Ujje = —0i(X};, @i — Pije) + dije 8 + &4 (1)
w; = IIw; + &, (2)
1 Richter and Pollitt (2018) reviews related demand-side work, including Kaufmann et al. (2013), Diitschke and Paetz (2013), and Paetz et al. (2012).
Among the reviewed papers, only (Kaufmann et al., 2013) and (Diitschke and Paetz, 2013) used discrete choice experiments for smart home energy products.

2 Whereas discrete choice models in WTP-space recast all parameters to represent willingness-to-pay metrics, in our specification alternative-specific
constants and attributes that are better analyzed in terms of relative-risk metrics are left in preference space.
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where x;;; and d;;; are choice-specific attributes, o; is the random marginal utility of income of customer i, @; is a random
vector of customer-specific willingness to pay for marginal improvements in X, py is price, 4 is a fixed (nonrandom?)
vector of marginal utilities for characteristics dyj, £y is an iid type-I extreme value preference shock, &; is a random vector
of average marginal willingness to pay with a flexible (seminonparametric) heterogeneity distribution, w; are customer-
specific characteristics, and IT is a parameter matrix representing observed preference heterogeneity (deterministic taste
variations). Note that the system of equations above can be rewritten as a reduced form that involves a combination of
random parameters for recovering unobserved preference heterogeneity ( ﬂR = {0}, &;}) and fixed parameters ( ﬂ (6, IT}):

Ujje = ol(xut - pijt) — olxl]tl'[w,- + dgjté + &ijt. (3)

Both o; and ¢; are assumed to have a discrete heterogeneity distribution leading to the flexible logit-mixed logit specifica-
tion (Train, 2016) as modified in Bansal et al. (2018) for the consideration of observed preference heterogeneity.* Following
Train (2016), the discrete heterogeneity distribution of ﬁR is defined using a logit link for the probability w that ﬂf equals a

specific value ﬂf over a support set S, i.e.:

R/
wiBfle) = gl = gy = PP @
Dses exp(z(Bs) @)

where « is a vector of parameters, and z( ﬂf) is a vector-valued function that captures the shape of the mixing distribution
and can be specified using the method of sieves (i.e. polynomials, step functions or splines). Intuition behind the logit-mixed
logit model is straightforward: its discrete preference heterogeneity specification mimics that of a latent class logit model
(which is a mixed logit model with a discrete mixture, Boxall and Adamowicz, 2002) with two major differences. First,
in a logit-mixed logit model elements ﬂf are fixed within a prespecified multidimensional, large-dimensional grid (in a
given support set) and are not estimated (whereas the vector ﬂf in a latent class logit would be treated as a parameter
to be estimated, with a much lower dimensionality). Second, the logit link probability of Eq. (4) is not a class assignment
probability but a semi-nonparametric representation of the discrete probability mass at the given point in the grid, which
is estimated using the method of sieves (Chen, 2007).

2.2. Logit-mixed logit choice probabilities

Despite the differences of the logit-mixed logit model with standard mixed logit models, the derivation of the logit-mixed
logit choice probabilities still takes advantage of the conditional logit kernel that results from the i.i.d. EV1 assumption for
&ijt. If jir denotes the actual choice by customer i at time t, the probability of the sequence of choices {ji, .. ., jir} conditional

on a realization of the random ,Bf =<0, & >is° :

exp[—oj(x 1] € p']lr[) UIXU tHW,—i—dU ¢S]

x\m,e, szgjexp[ a,(xute, Dije) — szufHWi+dfjr5]~

(5)

As in any mixed logit model, the unconditional probability of the sequence of choices made by a customer as a function
of the unknown parameters keeps the conditional logit kernel and becomes the individual contribution to the likelihood.
In the specific case of the logit-mixed logit model, the unconditional probability of the sequence of choices is simply the
following expected value:

exp[—o; f(xu +&i,r = Dijt) — 0, ’Xu tle+d,]tt8]

reZStzl ZJ €J exp[ -0 r(xutsl r = Dijt) — O rxutHW, + lefS]

w(BRe). (6)

An interesting fact of the expression above is that the weighted average considers all possible values of the random
parameters over the support set S (the prespecified multidimensional grid). Thus, the parameters to estimate are reduced
tof=<a,lIl,j>.

3 Since § represents either alternative-specific constants, deterministic taste variations, or measures of relative risk, the consideration of a nonrandom
vector ensures identification (Bansal et al., 2018).

4 The logit-mixed logit model as originally proposed in Train (2016) considered all parameters to be random. However, there are many empirical instances
where non-random parameters are needed, namely: alternative-specific fixed effects such as alternative-specific constants and deterministic variations in
the means of random parameters interacted with sociodemographics. Consideration of these fixed effects as random leads to identification issues (Bansal
etal, 2018).

5 Because the logit-mixed logit model a multidimensional grid is prespecified for the random parameters, a realization of the random parameters is
equivalent to a random draw from that grid. A specific element ﬂf is selected with probability w(ﬂf\a).
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2.3. Maximum likelihood estimator

Adopting a frequentist approach to the estimation of the parameters of interest, the maximum likelihood estimator of
the logit-mixed logit model can be derived. The loglikelihood function is constructed from the individual contribution to the
likelihood ¢;(et, IT, §) in Eq. (6):

N
Ll I, 8) = Zlnz,-(a, m,s), (7)
i=1

which is equivalent to

N R/
e 1,8)= S In [ 370, i, 5) PP O ) ()
izzl: <§ & ZSES EXp(z(ﬂ§) o)

where the product of conditional logit kernels is a function of the fixed parameters and is evaluated at every value in the
grid S for the random parameters. Although the loglikelihood does not involve an integral, because the support S is of
large dimensions, evaluation and maximization of the loglikelihood is computationally expensive. If there are R random
parameters, and for each random parameter a grid of equally-space 1000 points is considered, then the cardinality of S is
103k, which becomes explosive quickly. For instance, the case study in Train (2016) has 8 random parameters that result in
10?4 points in the multidimensional grid.

A solution to the prohibitive computing cost of evaluating Eq. (8) due to the large dimension of S is to work with the
maximum simulated likelihood estimator, just as in the standard mixed logit model. A simulated likelihood can be built by
considering a random individual-specific subset S; c S:

N R\
e, 1,8)=Y 1 ¢ (T, 5P ) 9)
* ; ' ; 1 S ses, eXP((BS) @)

3. Data

3.1. Context and area of study

This study uses data from a survey of homeowners in upstate New York, which was contracted in 2016 by the regional
electricity provider to a market research company. The focus of the survey was to collect data on residential customer
interest in and response to smart electricity technologies and information services before the Energy Smart Community
(ESC) pilot program was launched in Tompkins County, NY. Tompkins County is now the first Energy Smart Community in
New York, with a declared goal to study the potential of smart meters and other grid upgrades in increasing energy efficiency
and sustainability. In fact, the ESC project is a response to the comprehensive energy strategy for New York Reforming the
Energy Vision (REV), which mandates 50% of New York’s energy be generated by renewable sources by 2030, as well as to
the Energy Roadmap for Tompkins County, which aims at an 80% greenhouse gas reduction from 2008 levels by 2050.

The ESC project in Tompkins County began with the installation of 12,400 electric smart meters and deployment of an
advanced grid management system in 2017. In addition to the roll-out of smart meters, the regional electricity provider has
also implemented: an online portal (Energy Manager) that allows customers to access their personal (day-by-day, hour-
by-hour) energy data and displays customized recommendations to save energy, an online marketplace (Smart Solutions)
for energy efficiency products and services, and a price incentive (Smart Usage Plan) to encourage customers to shift their
electricity use to off-peak times.

With a population of 101,564 (2010 US Census), Tompkins County comprises the collegetown of Ithaca and is home to
Cornell University. Cornell researchers have been actually involved in the ESC pilot program, advising the regional utility
in terms of community incentives and pricing mechanisms (Khezeli and Bitar, 2017), and collecting data (Bugden and
Stedman, 2019) with the goal of “leveraging virtual storage to turn advanced metering infrastructure into a smart service
system” (Cornell Chronicle, 2016).

3.2. Data Description

The survey was administered in November 2016. Participants were recruited from the regional utility’s email list of
residential customers in Tompkins County as well as from a purchased, representative panel sample of residents from the
remaining upstate New York areas of the utility’s customer base. Invitations to complete the survey were sent by email, with
biweekly regular reminders for incomplete links. The final sample comprises 1093 individuals, with 593 representing the
area of interest of Tompkins County.

Table 1 summarizes sociodemographics of the sample, which was ensured to be representative of key demographic and
geographic characteristics of the customer base of the regional utility.
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Table 1
Sample demographic statistics
Respondent characteristics Tompkins County (N = 593) (%) Outside Tompkins (N = 500) (%)
Male 48 48
18-24 years 13 11
25-34 years 14 15
35-44 years 16 16
45-54 years 20 20
55-64 years 17 17
65+ years 20 20
High school diploma or less 14 9
Some college experience 33 23
Bachelor’s degree 31 31
Graduate or professional degree 22 38
Household income < $25, 000 8 16
Household income > $25, 000 and < $35, 000 11 8
Household income > $35, 000 and < $50, 000 14 14
Household income > $50, 000 and < $75, 000 24 19
Household income > $75, 000 and < $100, 000 18 14
Household income > $100, 000 26 29
Homeowner 69 75
Table 2
Smart energy products DCE, bundle features and levels
Bundle features Levels Bundle features Levels
Pricing $17/month Length of contract 1-year contract
$35/month 2-year contract
$50/month 3-year contract
$99/month Home battery storage No battery back-up system
$161/month Battery back-up system
Provider Regional utility Internet package No Internet service
Local tel/Inet/Cable provider High-speed Internet (up to 50 Mbps)
Google High-speed Inet with streaming
SolarCity Home energy management No energy management system
Amazon Smart thermostat

Connected management system

The average time of completion of the instrument was 20 min, with a survey response of 50.3%. The instrument comprised
several sections, including brand perceptions, technology adoption, awareness and concerns about advanced metering infras-
tructure, interest in flexible electricity rate plans, engagement and communication preferences, energy attitudes, and interest
in home energy monitoring and information options. This latter section focused potential information and account manage-
ment tools that could be offered to customers by the regional utility. Within this section, two discrete choice experiments
were designed and implemented, as discussed in the subsection below.

3.3. Discrete choice experiments

The survey contained a set of two discrete choice experiments. Each experiment presented 6 choice situations, with 3
unlabelled, alternative bundles and the option to select none at each choice situation. Both experiments included an incre-
mental monthly cost attribute that made possible estimation of marginal willingness to pay for bundle features. Whereas all
attributes and levels were mandated by marketing research unit of the regional utility, combinations of the attribute levels
were designed using Sawtooth software for adaptive choice-based conjoint analysis.

The first discrete choice experiment presented bundled smart energy technology that would help controlling energy use,
such as a battery back-up system, a smart thermostat, and a home energy management system. The complete set of bundle
features is presented in Table 2.

The battery was described as a “system that charges and stores electricity at night for use during the day when electricity
is more expensive”. As home energy management, the second level was described as “a smart thermostat with a mobile
app for controlling your settings”, whereas the description for the third level was “a connected home energy management
system with a smart thermostat, smart plugs for lighting and appliances, and a mobile app for controlling them all”. Table 3
displays a sample of a choice card for this first discrete choice experiment.

The second discrete choice experiment focused on information provision, including granularity, timing, baseline com-
parisons, and access method (Table 4).

An example of a choice card for the second discrete choice experiment is shown in Table 5.
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Smart energy products DCE, sample choice card

If these were your only options, which smart home package would you choose?

Bundle A Bundle B Bundle C
Provider Regional Utility Google Your local phone, Internet, cable
provider
Pricing $50/month $17/month $161/month
Length of contract 1-year contract 2-year contract 3-year contract
Home battery No battery backup No battery backup A battery backup system that charges
electricity system system and stores electricity at night for use
storage during the day when electricity is more

Internet package

Home energy
management

No Internet service

No home energy
management system

High-speed Internet
(up to 50 Mbps)

A smart thermostat
with a mobile app for
controlling your
settings

expensive

High-speed Internet (up to 50 Mbps)
with online streaming content
membership

A connected home energy
management system with a smart
thermostat, smart plugs for lighting
and appliances, and a mobile app for
controlling them all

Preferred choice o Bundle A o Bundle B o Bundle C o None
Table 4
Information services DCE, bundle features and levels

Information bundle features Levels

Price

Information provided

Electricity usage detail provided

Usage information timing

Information access method

Free with pop-up banner ads
$1/month
$3/month
$5/month

Usage comparison to same time last year

Bill forecasting based on month-to-date and historical usage

Usage comparison to similar homes

Total electricity usage

Total electricity with HVAC usage detail broken out
Total electricity with HVAC, water heater, large appliance detail broken out
Total electricity detail for HVAC, large appliances, lights and smaller electronics

Updated once per month
Updated daily
Real-time

Print

Online

In-home display
Phone app

Table 5
Information services DCE, sample choice card

If these were your only options, which home energy monitoring system would you choose?

Bundle A

Bundle B

Bundle C

Information provided

usage

Bill forecasting based on
month-to-date and historical

Usage comparison to
similar homes

Usage comparison to same
time last year

Electricity usage detail
provided

Electricity and/or natural
gas usage information
timing

Information access method

Pricing

Preferred choice

Total electricity usage broken
out for HVAC and large
appliances, as well as lights
and smaller electronics like a
microwave, hair dryer, etc.
Updated daily

Phone app Online
$5/month

o Bundle A

Total electricity with HVAC
usage detail broken out

Updated once per month

$3/month

o Bundle B

Total electricity usage

Real time (You turn on
something &see the impact
immediately)
Print
Free with pop-up banner
ads
o Bundle C o None
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Table 6
Smart energy products, average monthly willingness-to-pay estimates
Bundle feature—segment Household income
<$50K $50-75K $75-100K >$100K
WTP [$/month]
Backup battery—Tompkins County $40.4** $42.5%* $48.9%* $50.5"**
Backup battery—Outside Tompkins County t $31.3*** $33.0"** $37.9%* $39.1***
Smart thermostat—Millennial $40.7** $42.8*** $49.2%** $50.8***
Smart thermostat—Gen. X $12.1% $12.7* $14.6"* $15.1%**
Smart thermostat—Baby Boomer $9.5%** $10.0"** $11.5%* $11.9**
Energy management system—Millennial $47.3*** $49.8*** $57.2%* $59.0%**
Energy management system—Gen. X $23.4% $24.6% $28.3*** $29.2%**
Energy management system—Baby Boomer $6.7* $7.0* $8.1* $8.4*
Highspeed internet® $64.8** $68.2"** $78.4*** $80.0"**
Highspeed internet with streaming’ $70.0"** $73.7%* $84.7** $87.4***

Note: Significance codes against base group (t: against 0); (.) 10%, (*) 5%, (**) 1%, (***) 0.1%.
4. Modeling willingness to pay for smart home energy products and services
Each of the two conjoint questions under analysis considered three alternatives with the possibility of opting out. For

each discrete choice experiment the following system of indirect utility—a particular case of the reduced form in Eq. (3)—is
specified:

Ujjr = —Uj(X;jté‘i — pUt) — O’jX;thW,' + Eijt (10)
Ujot :di6+‘9iotv (11)

where Eq. (10) applies to the three bundles of home energy products and services and considers unobserved preference
heterogeneity in the willingness to pay for bundle features (recovered in &;, which is seminonparametrically distributed) as
well as observed heterogeneity in the average willingness to pay (taste variations with respect to the population average
recovered in the elements of the matrix IT) as a function of customer covariates (w;).

For the opt-out alternative, a series of fixed effects is considered in Eq. (11) through a constant and sociodemographics
that enter in the vector d;. As a result, point estimates 8 can be used to analyze odd ratios of opting out.

As seminonparametric specification of the distribution of unobserved preference heterogeneity a fourth order polynomial
was adopted.

4.1. Willingness to pay estimates

As aresult of the adopted model specification (Eqs. (10) and (11)), maximum willingness to pay for bundle features ¢; are
treated as random parameters with a discrete, seminonparametric heterogeneity distribution. From the resulting hetero-
geneity distribution (as determined by the data), point estimates of the average maximum willingness to pay are derived and
reported. Appendix A summarizes the point estimates of the full parameters of the logit-mixed logit specifications for both
choice experiments, adding conditional logit models as benchmark. The model also considers the possibility of customer
covariates affecting the average willingness to pay through ITw;.

Average willingness to pay estimates for the first discrete choice experiment are reported in Table 6, together with the
customer covariate effects. In particular, interactions with income, residency in Tompkins County, and generation’ were
able to be estimated. Note that influence of income on willingness to pay is as expected: higher household income is related
to a higher average valuation. Residents of Tompkins County are willing to pay more for the battery backup system. Finally,
for the other smart energy services there is a generational divide, with younger generations exhibiting higher average
valuations. For instance, on average millennials are willing to pay 4 times more than baby boomers for a smart thermostat.
All the differences in willingness to pay estimates by identified groups in Table 6 are statistically significant at the 95%
confidence level with respect to their baselines (‘Outside Tompkins County’ for valuation of the backup battery; ‘Older than
baby boomers’ for smart thermostat and energy management system).

Are these estimates plausible? Whereas the smart energy technologies were not offered at the time of the survey, it
is at least possible to contrast the estimates of the resulting willingness to pay for high speed Internet with actual prices
of that service. In Tompkins county, it is possible to contract high speed Internet at home for a monthly cost of $40-80,
depending on offered speeds. Estimates of the population average willingness to pay for high speed Internet are in the range

6 See Table A6 in Appendix A for full-model estimates.

7 Specifications exploiting generations provided clearer behavioral insights than those using age as a continuous regressor. We adopted as working
definition of generations the following cutoffs, which are standard in marketing in the US, namely: millennials (born between 1981 and 1996), Generation
X (1965-1980), and Baby Boomers (1946-1964). Those born before 1946 were grouped together.
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of $65-81 per month. The fact that estimates of the willingness to pay for a service that is familiar to customers match actual
costs in reassuring as it partly validates customer valuation of the bundle attributes; however, the estimates for the smart
energy technologies need to be analyzed with caution as they result from a highly hypothetical scenario at the time of data
collection. In fact, when data was collected, information campaigns about the Energy Smart Community pilot program had
not yet started. Even though the local utility has deployed approximately 12,400 electric smart meters (with a 1.3% opt-out
rate) and launched an online marketplace, the actual current offerings around smart energy solutions do not yet reflect the
bundles under analysis in this study, making it difficult to contrast the WTP estimates with actual behavior. However, note
that from capitalized worth calculations for the Tesla Powerwall, at a purchase price of $7,800 and a discount rate of 7%,
present investment is equivalent to $44 per month, matching the range of average monthly WTP estimates for a backup
battery in Tompkins County ($40-50 per month).

Besides average willingness to pay, random parameter logit models also provide measures of the variability in preferences.
Table A1 summarizes the percentages of the population that according to the seminonparametric estimates exhibit an
unconditional positive willingness to pay for the bundle features, paired with the significant interactions with customer
covariates.

Combining the results of average willingness to pay and its dispersion it is possible to conclude that, in the case of smart
home packages, the provision of highspeed Internet is the highest valued attribute—in terms of average WTP from values
that are positive for the whole population. For the willingness to pay for smart energy technology, a generational divide was
identified as statistically significant. On the one hand, both smart thermostats and a home energy management system are
valued highest by millennials. On the other hand, there is a low proportion of individuals with a positive willingness to pay
among those from older (than baby boomer) generations. The backup battery is overall positively valued, with residents
of Tompkins County having a statistically significant higher percentage of customers willing to pay a positive amount for
energy storage. Whereas most consumers trust the regional utility, other potential providers are mostly and on average
negatively perceived for the provision of smart home products. Longer contracts are disliked, on average.

Regarding willingness to pay for features of a home energy monitoring system, Table A2 presents population averages.3
Unlike the case of the model for smart home packages, in this second discrete choice experiment it was not possible to
identify statistically significant, meaningful interactions with customer covariates.

Total electricity usage broken out for HVAC, large appliances, lights, and smaller electronics is the most highly valued
feature, which is also positively perceived by most customers. Frequent updates (daily or real time vs. once per month) are
positively valued on average, but the proportion of the population willing to pay a positive amount for these updates is
below 60%. Bill forecasting and usage comparison to similar homes are both less preferred than usage comparison to same
time last year. In fact, based on the flexible LML specification where preference heterogeneity is fully determined by the data,
on average customers desire a small compensation for receiving that information.” Finally, the preferred access method is
online, with an in-home display less favorably perceived (but still positively valued on average). Customers were neutral
regarding the use of a phone app, showing indifference with printed information (base level).

Based on the average WTP estimates, Table A3 shows monthly and annual maximum willingness to pay for hypothetical
bundled offers for both experiments. In the case of smart energy products, differing combinations of length of contract,
home battery backup system for electricity storage, and a connected home energy management system were considered for
incremental willingness to pay in the monthly electricity bill that range from $20.38 to $69.34. The latter, highest valuation
is for a short (1 year) contract of a bundle offering both the home battery backup and energy management systems. For the
information services, Table A3 also reports incremental willingness to pay for a similar exercise of hypothetical bundles by
varying full electricity usage detail (i.e., total electricity detail for HVAC, large appliances, lights, and smaller appliances vs.
simple total electricity usage), real time updates (vs. once-per-month updates), and online access information (vs. print).
The range of monthly willingness to pay for this information services is $0.41-2.22.

4.2. Who is opting in and out?

For the outside option of both discrete choice experiments, fixed parameters é in Eq. (11) can be used to make inference
on odds ratios for opting in or out as a function of customer covariates d. From the point estimates exp(S), Tables A4 and A5
present the variation of the odds ratio of opting in or out of the energy bundles, respectively for each discrete choice
experiment.

In both discrete choice experiments, the odds of choosing none of the bundles are greater for males. In the case of the
smart energy products, the odds ratio of opting out are 1.6 times higher than that of females, whereas the difference is 1.8
times higher for the information services. The rest of the significant covariates show an increase in the odds ratios of not
choosing the outside bundle. For instance, educated households with children are more likely to choose one of the offered
bundles.

8 See Table A7 in Appendix A for full-model estimates.
9 The unexpected negative average willingness to pay for receiving forecasts and comparison information of energy use that is derived from the data
could reflect negative perceptions of an overload of information.
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Even though there was no statistically significant effect of generations on the willingness to pay for features of the home
energy monitoring system, it is possible to see a generational divide in the likelihood of choosing one of the bundles in the
second discrete choice experiment.

For example, the odds ratio of opting in is 3.3 times higher than that of older (than baby boomers) generations.

5. Conclusions

In the context of evolving energy markets and as a response to connect informed customers with cleaner and reliable
power, the regional energy provider in upstate New York has launched a Smart Energy Community (ESC) pilot program in
Tompkins County. In addition to the installation of smart meters, which is only a first step, the program seeks to develop
and test those technologies, markets, and choices that will define the energy utilities of the future. The regional utility has
recognized both grid upgrades and community engagement as pillars of the program. In this paper, | have used survey data
collected by the regional electric and gas provider before launching the Smart Energy Community program to derive flexible
estimates of willingness to pay for smart energy technology and services. The survey included a set of two discrete choice
experiments with bundled packages of: (1) smart home technologies (energy storage, and energy management systems)
and (2) energy monitoring systems (i.e., packages that include information provision on energy usage, such as baseline
comparisons and information on usage by appliances).

To model the stated choices, I have proposed a general logit-mixed logit specification that accounts for both observed
and unobserved preference heterogeneity, partly specified in willingness to pay space.

It has been recognized that smart meters alone do not necessarily engage customers in adopting more sustainable energy
consumption. One of the goals of the ESC program is to analyze the smart energy potential of energy storage (actual backup
batteries or virtual residential storage) that would allow customers to store energy when dynamic electricity prices are
low and use that energy when prices are high. Although the flexible estimates show that customers do value the option
of residential storage, the average willingness to pay for a backup battery of $40-51 per month by residents of Tompkins
County (outside of Tompkins county, the average ranges between $31 and $39 as a function of household income) is low: the
ownership cost of an installed Tesla Powerwall 2 can reach $10,000. The logit-mixed logit estimates have also revealed high
heterogeneity in the valuation of energy storage: 22% of customers in Tompkins County exhibit a negative willingness to
pay for the backup battery (the percentage goes up to 28% outside of Tompkins County). Even though it is often recognized
that residents of Tompkins County are environmentally more conscious than those of other areas of upstate New York and
the estimates do show a slightly higher valuation of smart energy packages, the difference is rather small.

For home energy management there is an important generational divide with millennials being much more likely to
perceive the economic value of smart thermostat and of a home energy management system. For example, 90% of millennials
are willing to pay a positive amount per month for having a smart thermostat (only 40% of customers of the silent generation
have a positive willingness to pay). For a connected energy management system, the percentage of positive perceptions is
86% among millennials and just 37% for the silent generation.

Surprisingly, the highest valued feature of a smart home package was access to high-speed Internet. The average will-
ingness to pay for an Internet package not only is highest among bundled attributes ($65-80 per month), but also appears
as positively valued by the whole population. It is important to mention that the estimates obtained match the actual cost
of high-speed Internet services, and also that it was the experimental feature most familiar to customers. Since Internet
is a high-valued feature of smart home packages, it is interesting to discuss perceptions of who may be providing the
service. In addition to the regional energy utility, the first discrete choice experiment included Google, Amazon, the local
phone/Internet/cable company, and Solar City as potential providers of smart energy technology services. On average, only
the regional utility was positively perceived.

This work has shown that interest for bundled smart energy products and services exists and is economically reflected
in a positive average maximum willingness to pay for energy storage, smart thermostats, a fully connected home energy
management system, and detailed energy usage that is very frequently updated and can be accessed online. However, said
interest in somewhat narrow, with willingness to pay estimates that are low for those technologies that require major
investments (such as the purchase and installation of backup batteries). There are some limitations in the dataset that was
used, including data collection before the launching of the ESC program and a generic experimental design that was proposed
by the marketing research company hired by the regional utility. Whereas the estimates are interesting in the context of a
population without much knowledge about smart grids and energy markets, at the same time that lack of knowledge means
that respondents faced discrete choice games with unfamiliar attributes. Future research in the Tompkins County Smart
Energy Community area, since rollout of smart meters and other services has started together with information campaigns,
will target informed customers to analyze their perceptions and willingness to pay in the changes and choices that are
now available to them. Discrete choice and other behavioral economics experiments will be designed specifically for this
particular ESC context.

Acknowledgements

This research was supported by the National Science Foundation Award No. PFI:BIC 1632124. The author appreciates the
valuable comments of the anonymous reviewers and editor, as well as of the discussant of a previous version of this work



10 R.A. Daziano / Resource and Energy Economics 61 (2020) 101175

when presented at the 24th Annual Conference of the European Association of Environmental and Resource Economists
(EAERE) in Manchester.

Appendix A. Complete parameter estimates

See Tables A1, A2, A3, A4, A5, A6, and A7 .

Table A1

Smart energy products, proportion of population with positive preferences.
Bundle feature Percentage WTP > 0 (%)
Length of contract 26
Backup battery—Tompkins County 78
Backup battery—Outside Tompkins County 72
Provider: Regional utility 59
Provider: Google 30
Provider: Solar City 31
Provider: Amazon 31
Highspeed Internet 100
Highspeed Internet with streaming 929
Smart thermostat—Millennial 90
Smart thermostat—Generation X 65
Smart thermostat—Baby Boomer 62
Smart thermostat—Older generations 40
Energy management system—Millennial 86
Energy management system—Generation X 70
Energy management system—Baby Boomer 56
Energy management system—Older generations 37

Table A2

Information services, average monthly willingness-to-pay estimates, and proportion of population with positive preferences.
Bundle feature WTP [$/month] % WTP > 0 (%)
Info: bill forecasting based on historical use —$0.23"** 44
Info: usage comparison to similar homes —$0.78*** 32
Detail: HVAC use broken out $0.39*** 62
Detail: HVAC & appliances broken out $0.78*** 68
Detail: HVAC, appliances & mall electronics $0.91*** 69
Timing: updated daily $0.21*** 57
Timing: real time $0.40*** 59
Access method: online $0.83*** 69
Access method: in-home display $0.38*** 59
Access method: phone app $0.04*** 51

Note: Significance codes: (.) 10%, (*) 5%, (**) 1%, (***) 0.1%.

Table A3
Maximum incremental willingness to pay estimates for hypothetical bundles.

Smart energy products: hypothetical bundles

Maximum WTP Bundle attributes
Monthly Annual LoC Backup battery Mgmt Sys
Smart 1 $20.38 $244.44 3 years N Y
Smart 2 $26.17 $314.04 3 years Y N
Smart 3 $29.49 $353.88 1 year N Y
Smart 4 $60.22 $722.64 3 years Y Y
Smart 5 $69.34 $832.08 1 year Y Y
Information services: hypothetical bundles
Maximum WTP Bundle attributes
Monthly Annual Full detail Real time Online
Info 1 $0.41 $4.92 N N Y
Info 2 $0.86 $10.32 N Y N
Info 3 $0.94 $11.28 Y N N
Info 4 $1.81 $21.72 Y N Y
Info 5 $2.22 $26.64 Y Y Y

LoC: length of contract; Mgmt Sys: connected home energy management system.
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Table A4
Smart energy products bundle, variation in the odds ratios of opting in or out.

Sociodemographic segment Odds ratio in/out variation

Male 1.6x out

Household with children 3.1x in

Asians 2.6x in

Maximum education: BSc 1.6x in

Maximum education: grad or prof studies 1.5x in

Lives in an apartment 1.5x in
Table A5

Information services bundle, variation in the odds ratios of opting in or out.

Sociodemographic segment Odds ratio in/out variation

Male 1.8x out
Household with children 1.9x in
African American 1.9x in
Asian 2.2x in
Maximum education: BSc 1.3xin
Maximum education: grad or prof studies 1.6x in
Baby Boomer 1.1x in
Generation X 1.8x in
Millennial 3.3xin

Table A6

Point estimates—smart energy products.
Variable CL LML

Preference space
Pricing x HHInc < $50 K —0.020*** —0.031***
Pricing x $50 K < HHInc < $75 K -0.017*** —0.029***
Pricing x $75 K < HHInc < $100 K -0.015*** —0.026™**
Pricing x HHInc > $100 K —0.013*** —0.025"**
Opt-out constant 1.976** 1.712%
Opt-out x male 0.175** 0.479**
Opt-out x HH with children —0.574*** —1.063***
Opt-out x Asian —0.402** —-0.885"
Opt-out x max educ: BSc -0.181** -0.473**
Opt-out x max educ: grad/prof -0.153* -0.310
Opt-out x lives in an apartment —0.053 —0.439
WTP space

Means - base WTP ($50 K < HHInc < $75 K)
Length of contract —4.559** —36.083***
Backup battery 39.849*** 35.997***
Provider: Regional utility 18.828*** 11.389***
Provider: Google -5.229 —12.091***
Provider: Solar City -11.917** —16.754***
Provider: Amazon —6.646 -10.517***
Highspeed internet 74.098*** 77.645**
Highspeed internet with streaming 81.503*** 83.456***
Smart thermostat —12.475 —10.703
Energy management system -19.181 —16.549
Fixed interactions - base WTP ($50 K < HHInc < $75 K)
Backup battery x Tompkins County 11.444* 10.605***
Smart thermostat x millennial 78.226"** 51.615**
Smart thermostat x generation X 32.341* 21.866"**
Smart thermostat x baby boomer 19.295* 19.206***
Energy mgmt system x millennial 94.315*** 62.605"**
Energy mgmt system x generation X 55.481"** 38.515"**
Energy mgmt system x baby boomer 25.791* 21.021*
Standard deviations - base WTP ($50 K < HHInc < $75 K)
Length of contract 47.498"**
Backup battery 56.704***
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Table A6 (Continued)

Variable CL LML

Provider: Regional utility 40.137***
Provider: Google 23.235"**
Provider: Solar City 30.769***
Provider: Amazon 19.824**
Highspeed internet 24.173***
Highspeed internet with streaming 29.733"**
Smart thermostat 33.391%*
Energy management system 48.153***
Loglikelihood —6063.00 —4972.70
BIC 12372.04 10279.37

CL: conditional logit; LML: logit-mixed logit.
Note: Significance codes: (.) 10%, (*) 5%, (**) 1%, (***) 0.1%.

Table A7

Point estimates—information services.
Variable CL LML

Preference space
Pricing x HHInc < $50 K —0.564*** —0.831%**
Pricing x HHInc > $50 K —0.488*** —0.775***
Opt-out constant 1.195%** 1.162***
Opt-out x male 0.347** 0.579***
Opt-out x HH with children —0.390*** —0.643***
Opt-out x African American -0.530* —0.635.
Opt-out x Asian -0.527** -0.775**
Opt-out x max educ: BSc -0.201** —0.280*
Opt-out x max educ: grad/prof —0.341*** —0.457%**
Opt-out x baby boomer -0.197* -0.137
Opt-out x generation X —0.580"** —0.612%**
Opt-out x millennial —1.024*** —1.185***
WTP space

Means - base WTP (HHInc > $50 K)
Info: bill forecasting -0.029 —0.240***
Info: usage comparison similar homes —0.533*** —0.806***
Detail: HVAC broken out 0.540%** 0.398***
Detail: HVAC &appliances broken out 1.118*** 0.805***
Detail: HVAC, app. &small electronics 1.261%* 0.944***
Timing: updated daily 0.411* 0.221***
Timing: real time 0.698*** 0.412*%
Access: online 1.135* 0.863***
Access: in-home display 0.667*** 0.392***
Access: phone app 0.547** 0.042
Standard deviations - base WTP (HHInc > $50 K)
Bill forecasting 1.480***
Usage comparison similar homes 1.715%*
HVAC broken out 1.338"**
HVAC & appliances broken out 1.740***
HVAC, app. & mall electronics 1.928***
Timing: updated daily 1.299***
Timing: real time 1.748***
Access: online 1.711%
Access: in-home display 1.647***
Access: phone app 2.109***
Loglikelihood —7243.60 —6724.50
BIC 14680.46 13730.28

CL: conditional logit; LML: logit-mixed logit.
Note: Significance codes: (.) 10%, (*) 5%, (**) 1%, (***) 0.1%.
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