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ARTICLE INFO ABSTRACT

Editor: Prof. Idiano D’Adamo Reconditioning electric vehicle (EV) batteries for reuse as spare parts could extend the lifespan of EVs and reduce
the environmental impact of battery production. However, this circular option’s viability depends on consumer
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to address this issue. A mixed logit behavioral model and Hierarchical Bayes estimation are used to evaluate the
choice experiment. The experiment was conducted online and surveyed 1152 participants, with 837 providing
sufficient data for analysis. The results indicate that there might be acceptance of reconditioned EV batteries as
spare parts. A considerable number of respondents opted for this option when presented with the hypothetical
choice of replacing a defective battery in their EV with a new or reconditioned spare battery, or scrapping the EV
and purchasing a working vehicle. The study finds that the choice is primarily influenced by the expected battery
lifetime and the associated costs. Ecological factors play a minimal role and are more of a bonus. The study also
reveals that younger respondents and non-EV owners exhibit greater concern regarding the lifetime losses of
reconditioned batteries compared to older respondents and EV owners. A self-assessment of the respondents
concerning the most and least decisive battery characteristics shows a connection between stated importance of
the attributes and the actual choice, but the connection is relatively weak. The results lead to the conclusion that
industry and academic institutes should see EV battery reconditioning as an emerging research field that requests
solutions for prolonging reconditioned batteries’ lifetime while ensuring economical pricing to satisfy the de-
mands of the consumers.
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Abbreviations
AIC Akaike information criterion
ANOVA Analysis of variance
BEV Battery electric vehicle
BIC Bayesian information criterion
COy Carbon dioxide
DCE Discrete choice experiment
EV Electric vehicle
EVB Electric vehicle battery
GHG Greenhouse gases
HB Hierarchical Bayes
MCMC Monte Carlo Markov Chain
OEM Original equipment manufacturer

1. Introduction

Considering the pressing issue of climate change, it is essential to
reduce greenhouse gas (GHG) emissions. Transportation is a significant
contributor to carbon emissions, accounting for approximately one-fifth
of all such emissions globally in 2021 (Crippa et al., 2021). There is a
particular focus on transitioning this sector from predominantly internal
combustion technology to less carbon-intensive alternatives. Electric
mobility, which has gained increasing acceptance among policymakers,
companies, and consumers, could be part of a viable solution for indi-
vidual transportation. Policy-wise, many countries worldwide have
enacted legislation banning internal combustion engine passenger cars
in the future, implemented incentives to purchase electric vehicles
(EVs), or established targets for EV quotas or charging infrastructure
(IEA, 2020). Company-wise, the product range for EVs has increased
over the last years (IEA, 2020), and some car manufacturers have
announced plans to cease the development of internal combustion en-
gine cars by the end of the decade (Ewing, 2021). At the consumer end,
there has been a remarkable increase in global EV sales from about 2
million EV sales in 2018 to >10 million in 2022 (IEA, 2023).

It is widely recognized by various studies that EVs have a lower
carbon footprint than those powered by internal combustion engines (e.
g., Girardi et al., 2015; Hill et al., 2020; Verma et al., 2022).This
advantage is expected to increase as the proportion of renewable energy
sources in electricity generation grows (Burchart-Korol et al., 2018).
Nevertheless, the production of electric vehicle batteries (EVBs) presents
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a challenge to their environmental friendliness as it is an energy- and
resource-intensive process that can cause other forms of pollution (Dai
et al., 2019). In the long term, it is crucial to develop less environmen-
tally harmful batteries (Murdock et al., 2021). However, in the short and
medium term, maximizing the effective use of EVBs is essential.

The service life of batteries within vehicles is limited. However, due
to the uneven aging of battery cells and modules, uninstalled batteries
from EVs still contain numerous well-functioning cells or modules that
could be reused (Kampker et al., 2020). The reconditioning process is
schematically illustrated in Fig. 1. Original equipment manufacturers
(OEMs) and independent remanufacturers have begun or plan to
manufacture reconditioned batteries that could be used as cost-efficient
spare parts for older EVs (Autocraft Solutions Group, 2023; Stellantis N.
V., 2023). For example, in 2022, Stellantis has remanufactured
approximately 46 % of all returning end-of-life batteries (1032 of 2261,
Stellantis N.V., 2023), Mercedes Benz operates a remanufacturing plant
without disclosing remanufacturing numbers (Mercedes-Benz Group,
2024), and Hyundai points out battery remanufacturing as a future path
(Hyundai Motor Company, 2023). Such reusing endeavors could serve
sustainability in three ways: First, the lifetime of existing vehicles can be
extended since spare parts could be an economically viable solution for a
longer time (Gloser-Chahoud et al., 2021). While electric cars are ex-
pected to last at least as long as internal combustion cars (Hoekstra and
Steinbuch, 2020), which is approximately 14 years in Germany (Oguchi
and Fuse, 2015), EVBs are expected to last for about 10 years (Schulz-
Monninghoff et al., 2021), so there is a potential lifespan mismatch.
Second, fewer new spare batteries would be needed (Huster et al., 2022),
resulting in a lower resource consumption for production. Third, the
value induced by the manufacturing process for the battery cells is
conserved, thus serving economic sustainability (Kampker et al., 2023).

However, remanufactured, reconditioned, and repaired products,
with the differences between the terms lying mainly in the quality and
warranty of the end product (Ijomah et al., 2004), serve a purpose only if
product demand exists. This demand exists only when there are batteries
that fail before the rest of the vehicle, necessitating spare parts for the
host vehicle. Simulations suggest a growing number of such vehicles in
the future (Gloser-Chahoud et al., 2021; Huster et al., 2022). Another
prerequisite is that customers accept reconditioned batteries. For other
products such as consumer electronics, some customers prefer new
products, even if the used products are remanufactured to a state as good
as new (Abbey et al., 2015a). However, the market for remanufactured
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Fig. 1. Schematic representation of battery reconditioning.
(Based on Kampker et al. (2020), and Gloser-Chahoud et al. (2021).)
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electronics is still expanding (Munde, 2024). Moreover, concerns
regarding EVs and their batteries, such as price and performance, may
also affect the acceptance of reconditioned EVBs (Stockkamp et al.,
2021).

Research on reconditioned batteries is limited, as many publications
have focused on recycling or repurposing EVBs for non-EV applications
after their first use phase in an EV (Cong et al., 2021; Zhu et al., 2021).
Consequently, consumer acceptance of reconditioned EVBs has not been
extensively examined and fundamental questions remain unanswered.
Specifically, the following research questions will be addressed:

e RQ1. Is there acceptance of reconditioned EVBs at all?

e RQ 2. What EVB attributes influence acceptance?

e RQ 3. Are there differences in acceptance among customers with
distinct attributes, for example, regarding their demographics?

Previous research in the field of consumer acceptance of remanu-
factured products often employed discrete choice experiments (DCEs)
(Hidrue et al., 2011; Helveston et al., 2015; Liao et al., 2018), sometimes
also referred to as choice-based conjoint experiments (Ben-Akiva et al.,
2019). While some authors argue that the concepts of DCEs and conjoint
analysis should be strictly separated since they are based on different
theoretical foundations (Louviere et al., 2010a), others regard choice-
based conjoint as an “umbrella term” for economic stated choice ex-
periments (Ben-Akiva et al., 2019). DCEs involve potential customers
selecting from multiple sets of options that vary in certain attributes
(Raghavarao et al., 2010). These experiments are usually based on
Random Utility Theory and can estimate the utility function and deci-
siveness of single attributes and their levels in a population (McFadden,
1974). It should be noted that there are choice situations that cannot be
modeled with the Random Utility framework, as Hess et al. (2018) have
pointed out. For some applications, other frameworks might fit the
choice problem better, for instance the Random Regret Minimization
Model (Chorus et al., 2014). DCEs were chosen as the research method
for this study because of their suitability for investigating consumer
preferences concerning electric vehicle battery reconditioning and their
wide application. Additionally, discrete choice experiment have been
found to be a good choice for obtaining information about future
behavior considering the alternatives of conducting a costly pilot project
or collect the opinion of experts who could be biased (Quaife et al.,
2018). However, findings about the external validity of discrete choice
experiments has been mixed (Telser and Zweifel, 2007; Rakotonarivo
et al., 2016; Quaife et al., 2018). The experiments were carried out via
an online survey in Germany. The questionnaire is provided in the
supplementary information.

The contribution of this study is threefold. First, it complements
existing literature about consumers’ views on circular products by
adding perspective on EVBs. As Section 2 will show, there is scarcity of
research on consumer preferences for reconditioned EVBs, and this
study seeks to overcome the limitations of existing literature, such as the
lack of realistic choice options. Second, the findings of this study can
support forecasting the demand for reconditioned batteries, which can
assist OEMs and independent operators in determining the economic
viability of building reconditioning capacity. Finally, by identifying the
key battery attributes that most influence consumer perceptions of
reconditioned batteries, this study can guide future research and
development efforts aimed at improving the performance of recondi-
tioned batteries. As such, this study can help to prioritize research
budgets for both public and private entities.

The structure of the paper is as follows: In Section 2, an overview of
consumer preferences regarding remanufactured products and EVs is
given, as well as a summary of existing literature regarding consumer
preferences for reconditioned electric vehicle batteries. In Section 3,
theoretical foundation of discrete choice models is provided, followed
by the specific implementation in this study. Additionally, the case study
is described in Section 3. The results are presented and discussed in
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Sections 4 and 5, and the study is concluded in Section 6 with an
outlook.

2. Literature review

When examining consumer behavior, the methods at hand to obtain
data are manifold and include qualitative approaches like forming focus
groups or observation, and quantitative procedures like surveys or ex-
periments (Chrysochou, 2017). The theoretical foundations of analyzing
the obtained data are equally diverse and encompass the theory of
planned behavior, the theory of reasoned action, utility theory and
others (Belbag and Belbag, 2023). With regard to consumer choice of
circular products, DCEs and conjoint analyses have gained popularity.
They belong to the class of stated preference methods and therefore to
the family of surveys (Alamri et al., 2023). For example, Koide et al.
(2023) examined the acceptance of buying or leasing circulated re-
frigerators in Japan with a DCE. They used a multinomial logit model
and estimated it with a Hierarchical Bayes approach. Their findings
indicate that there are customer segments that leaned towards certain
alternatives, namely brand-new refrigerators or subscriptions offers
respectively, and others who based their decision on all or some of the
attributes of the options. Similarly, Lieder et al. (2018) applied DCEs to
investigate the acceptance of renting washing machines or paying per
wash as opposed to purchasing washing machines, to enable product
remanufacturing. With their survey in Stockholm, they found that ser-
vice levels were the most decisive attribute, followed by the price and
payment scheme. Environmental friendliness was the least decisive
item. Hunka et al. (2021) used DCEs and Hierarchical Bayes analysis to
evaluate consumers choice of reused and remanufactured mobile phones
and robot vacuum cleaners in the United Kingdom. The importance of
the examined attributes varied between phones and vacuum cleaners,
but the price was the most important one for both products. The
importance differed the most for the attributes battery life, appearance
and ease of fixing. Further studies about consumers’ perspectives on
remanufactured products can be found in the literature review by Belbag
and Belbag (2023). They provide a summary of the theories employed,
the countries and product types for which analyses have been con-
ducted, and the methodologies applied. Belbag and Belbag (2023) found
that, besides experiments like DCEs, structural equation modeling and
regression analyses are popular methods for examining consumer pref-
erences towards remanufactured products.

DCEs have been used to predict EV adoption. For example, Liao et al.
(2018) conducted a DCE in the Netherlands to analyze which the effect
new business models, namely EV leasing and EVB leasing, have on the
adoption of battery electric vehicles and plug-in hybrid electric vehicles.
The availability of both EV and EVB leasing barely changes the attrac-
tiveness of EVs on the aggregate level compared to the case where
ownership is the only option. However, a latent class approach reveals
that some groups, especially the EV-affine group, are affected by the
availability of different business models (Liao et al., 2018). Han and Sun
(2024) examined the willingness to pay for EV attributes in China by
fitting a multinomial logit model and a latent class model. The attributes
were the EV purchasing price, maintenance cost, range, charging facility
coverage, fast charging time, replaceability of the battery and vehicle-to-
grid capability. They found that all attributes they examined had a sig-
nificant influence on the willingness to pay. Han and Sun (2024) found
that the willingness to pay for the attributes differ between distinct re-
gions in China. Bhat et al. (2024) conducted a similar DCE in India where
they examined the effect of different vehicle attributes, service attributes,
supporting schemes like toll tax exemption, socio-demographic factors
and latent factors such as environmental awareness on the intention to
adopt EVs. They found significantly negative effects for EV purchasing
prices, operating costs and charging time, and a significantly positive
influence of driving range and availability of charging facilities. Some
socio-demographic characteristics, like age, and latent characteristics also
influenced the adoption intention (Bhat et al., 2024).
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Examinations of consumer preferences for reconditioned EVBs have
been relatively limited. Tondolo et al. (2021) were among the first to
investigate the purchasing likelihood of reconditioned EVBs dependent
on the price and the service provided, and the perceived risk and value.
They employed the experimental vignette methodology with purchasing
likelihood as the dependent variable surveyed on a seven-point scale,
and price and service varying between the vignettes. The participants
were United States nationals. By regression analysis, Tondolo et al.
(2021) found that price and service of reconditioned EVBs interacted
with regard to the purchasing likelihood, and a higher perceived risk
had a negative impact on purchasing likelihood. Furthermore, they
observed that a higher willingness to pay was associated with the offer of
services such as free upgrades or roadside assistance. Chinen et al.
(2022) surveyed respondents in China on their perception of remanu-
factured EVBs and employed structural equation modeling for analysis.
They found that consumers’ price consciousness and perceived benefits
affect their purchasing intention, which in turn affects their willingness
to pay and acceptance. However, willingness to pay was not surveyed for
certain battery characteristics but was based on general beliefs about
remanufactured batteries.

It remains unclear whether the survey participants in the EVB studies
above were aware of alternatives to remanufactured or reconditioned
products, such as new replacement products or early scrapping of the
vehicle. It is generally recommended to include realistic options in
choice experiments, which may include opting-out or maintaining the
status quo (Adamowicz and Boxall, 2001; Determann et al., 2019). Not
including such alternative options when realistic, may influence the
obtained part-worth utilities or estimated willingness to pay, and
therefore overestimate demand (Ryan and Skatun, 2004; Campbell and
Erdem, 2019). However, depending on the choice situation and the
intended analysis, omitting none options, i.e., opting-out or maintaining
the status quo, can lead to equal relative importance of attributes as
including them (Veldwijk et al., 2014). Tao et al. (2022) partially
addressed the lack of realistic choices with regard to reconditioned EVBs
by determining consumer preferences for the alternatives “new spare
battery”, which 57 % chose, “refurbished battery” [26 %], and “directly
reused battery” [17 %]. They obtained this data via an online ques-
tionnaire in Japan and analyzed the data with a multinomial logit
model. However, they did not consider the “none” option and assumed
that all consumers would replace the EVB.

The authors are not aware of any other studies that have specifically
addressed consumer acceptance or perception of reconditioned or
remanufactured EV batteries. While previous studies have explored
consumers’ perspectives on other remanufactured or reconditioned
products than EVBs, it is not possible to easily transfer these results. For
instance, repulsion or disgust has been identified as a barrier to adopting
remanufactured household and personal products (Abbey et al., 2015a;
Lee and Kwak, 2020); however, this is not expected to apply to EVBs. All
existing studies on EVBs present their findings across a sample of con-
sumers without differentiating between consumer groups, such as de-
mographic groups. As EV adoption rates vary across demographic
groups (Yang and Tan, 2019; Shanmugavel et al., 2022), whether the
same is true for the adoption of reconditioned EVBs remains an open
research question. Additionally, it is unclear how consumer preferences
are linked to specific battery characteristics, such as the cost of one unit
of battery or the lifespan of one year.

3. Methods

First, this section presents background information on the applica-
tion of discrete choice experiments in conjunction with behavioral
models in the literature. Subsequently, the study design of the discrete
choice experiment is introduced in this section, including the selection
of items and the sample. The behavioral models for estimation and the
focus of the analysis are then outlined.
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3.1. Analysis of discrete choice experiments

Discrete choice experiments can be assessed using various behavioral
models, which are generally divided into logit and probit models (Zie-
gler, 2005). One foundational evaluation model upon which other
models are built is the multinomial logit model (Louviere et al., 2010b).
This model allows the estimation of utility as a function of the attribute
levels of an alternative, with the population weight of certain attribute
levels expressed as coefficients, and an error term (Hauber et al., 2016).
However, this multinomial logit behavioral model has certain limita-
tions. The most relevant limitation to this study is that it does not
consider taste variation within the population or the correlation of un-
observed factors over time (Train, 2009). The lack of taste variation
stems from the coefficients of the attribute levels being fixed values
(Train, 2009), meaning that the entire examined population has the
same valuation of an attribute level, such as one unit of cost savings.
While this assumption may be a simplification in general, it seems overly
simplistic for the case of EVB replacement evaluation and unsuitable for
the research questions proposed in Section 1. The mixed logit model is
an advanced logit model that addresses some of the limitations of the
multinomial logit model. This model contains distributed coefficients,
allowing for random taste variations within the population, and is robust
to correlation in unobserved patterns over time (Louviere et al., 2010b;
Hauber et al., 2016). In mixed logit models, the choice probability Py; of
decision maker n for choice option i among a set of I choices are denoted
as

P = [ LalpF (910, )

where f is the parameter vector, L,;(f) the logit probability evaluated at
B, and f(p) a density function (Train, 2009). In case a decision maker
faces a sequence of choice situations t, either over months or years in a
panel study, or within one questionnaire, the logit probability Ly;(f) is
typically represented as

ePnXnit

Lu(B) = W
i

@

with g, xn; being the observed utility share (Revelt and Train, 1998). As
per Hensher and Greene (2003), the utility Uy; of decision maker n from
option i in choice situation t can be expressed as

3

X refers to the observable variables of i and n, such as the price
attribute of option i or the age of decision maker n, in choice situation t.
The vector of coefficients for individual n is denoted by g,. Within the
population, these coefficients are distributed according to the density
function f(f), which distinguishes mixed logit from multinomial logit. In
the latter, g, equals f,, for all individuals m and n of the population
(Train, 2009). &, represents an independent and identically distributed
extreme value type I error term. While the decision maker is assumed to
be aware of their coefficients 3, and error term ¢, the researcher knows
only the values of x,;. Furthermore, the researcher assumes certain
distributions for the coefficients, often normal or lognormal distribu-
tions (Louviere et al., 2010b). By utilizing the knowledge of the
observable variables, assumptions about the coefficient distributions,
and integration of Eq. (1), the coefficients can be estimated, for example,
through simulation techniques (Hensher and Greene, 2003).

To gain more insight into the preferences of individual decision
makers or groups of decision makers, such as those with similar age or
educational backgrounds, one could apply a latent class approach.
However, this method requires specifying the number of groups prior to
estimation, and is not suitable for analyses in which individuals may
belong to multiple classes (Hauber et al., 2016). Considering this study’s
objective of examining different preferences for reconditioned batteries
among demographic groups and the presence of overlapping

Unit = ﬁnxni[ + €nit-
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demographic markers, such as age and income, the Hierarchical Bayes
(HB) approach appears to be a more appropriate choice. HB is an esti-
mation method that has gained popularity in recent years. Instead of
estimating the coefficients for the entire population, it estimates
individual-level parameters which can be aggregated at the population
level (Lenk, 2014). HB estimation can be applied to various behavioral
models, such as multinomial or mixed logit models (Huber and Train,
2001). Bayesian methods require making assumptions about the pa-
rameters and their relative weights before estimation, which are
referred to as prior distributions (Bolstad and Curran, 2016). These priors
are then updated with observed data and normalized to ensure inte-
gration to one, resulting in posterior distributions that are the focus of
estimation (Lenk, 2014). As it is unlikely that the posterior distribution
for the entire parameter vector will have a simple form that can be easily
drawn from, it is necessary to use sampling methods. In particular,
Monte Carlo Markov Chain (MCMC) methods have been employed for
HB sampling, such as Gibbs sampling and the Metropolis-Hastings al-
gorithm (Train, 2009). With MCMC methods, draws from the posterior
distribution can be taken for one parameter at the time. The means of
these draws converge to be the posterior parameter estimates (Qian
et al., 2003).

3.2. Study design of the discrete choice experiment

To address the research questions presented in Section 1 through the
use of a discrete choice experiment, it is first necessary to establish a
setting in which potential customers can choose a reconditioned battery.
As reconditioned products are typically utilized as spare parts, the sce-
nario must involve the respondents owning an EV whose battery has
failed. Given that battery exchanges are typically covered under war-
ranty for a period of 8 years or 160,000 km (ADAC, 2022), the customer
will only find themselves in a choice situation if their battery fails
beyond repair after the warranty expires, meaning that their vehicle is at
least 8 years old or has accumulated a mileage of 160,000 km or more. In
this instance, the customer has three viable alternatives: first, to replace
the faulty battery with a new spare battery to restore the car’s func-
tionality; second, to replace the battery with a reconditioned spare
battery to restore the car’s functionality; or third, to scrap the car and
purchase a new or used vehicle that is in working order. Of course, the
option of not replacing the car and simply discarding it would also be
available. Given that the aim of this study is not to examine preferences
for transportation modes, the option of switching to an alternative mode
of transportation will not be included in the experiment.

In order to gain a deeper understanding of the factors that influence
decisions beyond general beliefs about the available options, it is
important to determine the attributes and their respective levels of the
battery to be tested in the experiment. Consumers often consider the
price, quality, and environmental friendliness of reconditioned products
when making decisions (Abbey et al., 2015a; Wang et al., 2018; Aydin
and Mansour, 2023). Additionally, concerns about the price and per-
formance of new EVs and EV batteries (Li et al., 2017) and the envi-
ronmental impact of EV batteries (Hall and Lutsey, 2018; Dai et al.,
2019; Zhang et al., 2023) may indicate that these factors are also rele-
vant for reconditioned batteries. As a result, the battery’s price, its
environmental sustainability, represented by GHG emissions, and its
expected lifespan have been chosen as the battery attributes for this

Table 1

Attribute levels of the discrete choice experiment before and after transformation.
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study. The lifespan is assumed to incorporate concerns about perfor-
mance and quality, as the definition of lifespan used is that of most
warranty schemes, which consider a battery State-Of-Health (SOH) of
70 % as a threshold (ADAC, 2022). Thus, an expected lifespan of six
years implies that the SOH is expected to be above 70 % for six years.
Additionally, the price of a new EV is taken into account in the analysis
in order to determine whether the cost of acquiring a vehicle impacts the
preference for or against reconditioned spare parts.

In determining the price levels for new EVs, the approximate basis
prices of the Renault Twingo Electric, the VW ID.3 Pro, and the Mer-
cedes EQA were utilized, which amounted to approximately 25,000 €,
35,000 €, and 45,000 €, respectively. Within one choice set, the car price
is the same for all options.

The cost of a new battery was set at 10,000 € (corresponding to the
approximate cost of 161 € per kWh of battery for large car manufacturers
in 2022, BloombergNEF, 2023). The prices of reconditioned batteries
were examined at different discount levels of 25 %, 50 %, and 75 %,
resulting in prices of 7500 €, 5000 €, and 2500 €, respectively. The study
looked at battery life expectancies of 10 years for new batteries (Chen
et al., 2019; Bruno and Fiore, 2023), and 8, 6, 4, and 2 years for
reconditioned batteries. The environmental impact of the batteries was
assessed in terms of the GHG emissions, with levels of 4350, 2900, and
1450 kg CO, equivalents, corresponding to the GHG emissions associ-
ated with production (approx. 75 kg CO2 equivalents/kWh, Hoekstra
and Steinbuch, 2020), and assumed reductions of one-third and two-
thirds for reconditioned batteries. The emission reduction levels are
within the range found for remanufactured products (Sundin and Lee,
2012). For example, roeren GmbH (202.3) report 66 % GHG savings for a
remanufactured 4-cylinder combustion engine. The reduction levels
might be conservative for battery reconditioning, since LKQ Europe
(2022) assume more than 80 % reductions in GHGs for business models
including battery remanufacturing. The attributes and their levels are
summarized in Table 1. The characteristics and their levels of the battery
were redefined to facilitate more comprehensive analysis. For instance,
the price of the battery was transformed into the attribute “cost savings
compared to a new battery [10 %]”, which allows for the evaluation of
the utility gain for each unit of cost savings, i.e., 10 % of the cost savings.
Similarly, the environmental criterion of GHG emissions was trans-
formed into “GHG savings compared to a new battery [10 %]” to easily
assess the influence of GHG savings of 10 % on the utility of a recon-
ditioned battery. The battery life expectancy is measured in “Battery life
losses compared to a new battery [years]” so that the loss of one year in
life expectancy compared to a new battery can be evaluated. The vehicle
price was translated into an ordinal scale of “low”, “medium”, and
“high”, which was further transformed into “0”, “1”, and “2”. This means
that a cheap vehicle is always the reference point (0), and the results
show the difference between the cheapest and the medium-priced
vehicle as well as the difference between the medium-priced and the
highest examined price level. The level transformations are not expected
to change the results compared to using the original levels, as the
transformations are linear, and the utility will be specified linearly as
well (cf. Section 3.3). Therefore, the transformations could have been
performed either at this stage or later on when interpreting the results.
The transformations are summarized in Table 1.

As one aim of the study is to determine whether there could be
acceptance of reconditioned EVBs, it is necessary to label the options.

Attribute Levels

Transformation for analysis

Levels after transformation

Battery price [€]

Battery life expectancy [years]

Greenhouse gas emissions [kg CO; equivalents]
Car price [€]

2500; 5000; 7500; 10,000
2; 4; 6; 8; 10

1450; 2900; 4350
25,000; 35,000; 45,000

Cost savings compared to a new battery [10 %] 0; 2.5; 5; 7.5
Battery life losses compared to a new battery [years] 0; 2; 4; 6; 8
GHG savings compared to a new battery [10 %] 0; 3.3; 6.6

Car price level [ordinal scale]

Low (0); medium (1); high (2)
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The labels are “New battery”, “Reconditioned battery”, and “Vehicle
disposal” as the none option, in which no spare battery is installed, but
the whole vehicle is replaced instead.

The number of attributes and levels shown in Table 1 lead to many
possible combinations per option. However, the number of feasible
combinations is reduced due to some particularities of the examined
product laid out above, for example, the limitation that reconditioned
batteries will always have lower GHG emissions, a lower price, and a
lower expected lifespan than the new counterpart, or that all options
within one choice set should have the same car price. Still, not all
remaining combinations can be examined, as the number of choice sets
would become overwhelmingly large. There is no definitive answer
when determining the optimal number of questions and, consequently,
the maximum number of attribute combinations one can include in a
survey. For example, Caussade et al. (2005) find nine to ten choice sit-
uations to be optimal, but their results also depend on the number of
alternatives and levels presented. Chung et al. (2011) consider six choice
sets with five options optimal concerning variance, while Bech et al.
(2011) observe no significant change in variance for up to 17 choice
situations in a three-alternative DCE with six attributes. Johnson and
Orme (1996) analyzed 21 existing datasets from DCEs with eight to 20
choice tasks and three to six attributes and could not find a decline in
reliability. A review by Bekker-Grob et al. (2015) discovered that four to
six attributes and nine to 16 choice sets per respondent were common.
However, some of these studies do not reveal whether the respondents
were paid or otherwise incentivized. Reliability of the results is probably
the main concern for incentivized studies, while unincentivized studies
may additionally face a greater risk of participants exiting the survey
early. To minimize the risk of early dropouts, a comparatively low
number of 14 choice sets was chosen for this study. Ten test subjects pre-
tested the survey, and they needed approximately ten minutes to com-
plete the survey with 14 choice sets, which they subjectively rated as
appropriate.

An efficient design of choice sets would fulfill the criteria of “level
balance”, “orthogonality”, “minimal overlap”, and “utility balance”
(Huber and Zwerina, 1996). “Level balance” means that all attribute
levels should appear equally frequently (Rose and Bliemer, 2009).
“Orthogonality” describes the independence of the attributes (Mariel
et al., 2021). “Utility balance” ensures that all options within a set are
equally attractive, minimizing obvious preferences (Huber and Zwerina,
1996). However, simultaneously achieving these criteria can be
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challenging, and an orthogonal design may lead to unrealistic combi-
nations (Mariel et al., 2021). Because of the particularities of EVBs, in-
dependence of the attributes is not given, which inevitably leads to a
design violating orthogonality. Efficient designs could still be obtained
by measures derived from the asymptotic covariance matrix of param-
eter estimates (Mariel et al., 2021). However, designs obtained this way
are only optimized for a certain DCE model formulation (Rose and
Bliemer, 2009). As will be shown in Section 3.3, several utility functions
encompassing different parameters and coefficients will be tested.
Therefore, instead of optimizing the design for one of the utility for-
mulations, the efficiency criteria of level and utility balance and mini-
mal overlap were utilized to manually create a universal design,
incorporating knowledge about the product. However, it is not ensured
that the design is optimal for any or all of the utility functions tested with
regard to measures as D-efficiency or others. The initial design was
presented to ten test subjects in a small pilot study to ensure utility
balance.

An example of a choice set is depicted in Fig. 2. The full question-
naire is provided in the supplementary information.

The choice experiment was carried out as an online survey from
November 2021 to January 2022 using the Sawtooth software. The
survey link was distributed via German EV forums and a German You-
Tuber with a channel focused on battery-related topics (approximately
300,000 subscribers). Therefore, the regional focus of the study was
Germany. Participation was voluntary and not incentivized. A total of
1152 individuals participated in the survey, with 914 completing it. Of
the 914 completed questionnaires, 837 respondents provided complete
demographic information, including gender, age, education, household
income, residence, and EV ownership to enable analysis by population
characteristics. To enable best-worst scaling, respondents were addi-
tionally asked to rank the battery attributes (price, expected lifetime,
GHG emissions) by indicating the most and least important attribute. A
summary of the respondents’ characteristics is provided in Table 2,
which includes information on the attribute class sizes, as well as nu-
merical class names assigned to the attribute classes thought to have a
linear relationship to the coefficients. These numerical class names are
used as the xp;’s in Eq. (3) for later analysis. From Table 2 it becomes
clear that the sample is not representative of the German population, for
instance with regard to gender. There may be a selection bias due to the
distribution channels mentioned above, which will further be discussed
in Section 5.

to choose from:

Original car price: 25,000€
Battery price: 10,000€
Expected battery lifespan: 10 years
Greenhouse gas emissions: 4,350 kg CO,
equivalents

The battery in your electric car is defective and your manufacturer's warranty has already expired. This means that
your vehicle is at least 8 years old or has a milage of at least 160,000 kilometers. You now have the following options

1. You replace the defective battery with a new battery.
2. You replace the defective battery with a reconditioned battery.
3. You hand in the car and buy a new or used car in good working order.
You will find the conditions of the alternatives below. Which of the options below would you choose?

\_E=

f Vehicle disposal\

/ Reconditioned
battery

25,000€ 25,000€
5,000€
Buy a new or
6 years used vehicle
2,900 kg CO,
equivalents

N - DA - B

Fig. 2. Example choice set.
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Table 2
Respondents’ characteristics.
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Small or medium town
Suburb of a metropolis
Metropolis

EV ownership No

211 [25.2 %]
142 [17.0 %]
108 [12.9 %]
427 [51.0 %]

Attribute Attribute class Class size Numerical class name
Age” [years] <29 64 [7.6 %] -
30-39 165 [19.7 %] -
40-49 198 [23.7 %] -
50-59 265 [31.7 %] -
60-69 129 [15.4 %] -
>70 16 [1.9 %] -
Gender" Male 827 [98.8 %] -
Female 10 [1.2 %] -
Income [€] <999 23 [2.7 %] 0
1000-1999 88 [10.5 %] 1
2000-2999 187 [22.3 %] 2
3000-3999 181 [21.6 %] 3
4000-4999 179 [21.4 %] 4
>5000 179 [21.4 %] 5
Education Basic (secondary school for grades five to nine or ten) 217 [25.9 %] 0
Intermediate (A-levels or comparable) 189 [22.6 %] 1
Advanced (academic) 431 [51.5 %] 2
Residence Rural area 376 [44.9 %] 0
1
2
3
0
1

Yes

Battery price

Battery life expectancy
Greenhouse gas emissions
Battery price

Battery life expectancy
Greenhouse gas emissions

Most important attribute® (self-assessment)

Least important attribute® (self-assessment)

410[49 %]
358 [42.8 %] -
377 [45.0 %] -
102 [12.2 %] -
147 [17.6 %] -
96 [11.5 %] -
594[71 %] -

4 No numerical class name because no linear change of coefficients is assumed.

5 No completed survey forms for non-binary people.

¢ Insufficient data for non-male persons, therefore no analysis by gender is performed.

3.3. Estimation of the behavioral model

Eq. (3) is specified for the described use case to estimate the mixed
logit behavioral model. In the first instance, two fundamental formula-
tions for the utility, U n; and Us i, are contrasted, where n represents
the decision-maker and i represents the option, i.e., a remanufactured,
new, or no spare battery, and t the choice situation:

Ut nie = ascie + Z Boxb + ene, and @
Battery .
characteristics b
Upic = GSCi+ Y Sorxh + Byl + enie (5)

Battery .
characteristics b

asc; denotes alternative-specific constants that account for non-
included attributes (Tardiff, 1978) and can be interpreted as the
population-wide preference for or against one option, for example,
remanufactured spare batteries, independent of the option attributes.
The alternative-specific constant for new batteries, ascnew parery, is kept at
zero as a baseline. The attributes of a battery b include its price, the
battery longevity, and the battery GHG emissions. v represents the
vehicle characteristics, i.e., the vehicle price. The vehicles’ coefficients
pr, depend on the option i, and thus there are separate coefficients for
reconditioned batteries, new batteries, and the none option. With this
information, one can determine how a change in car size affects the
overall preference for a particular option. As a reminder, a low-priced
car serves as the reference point, with x}, set to zero for this category
(cf. Table 1).

The asc’s and the vehicle cost-specific coefficients are assumed to
follow a normal distribution, while the battery coefficients presumably
follow a lognormal distribution (“Cost savings compared to a new bat-
tery” and “GHG savings compared to a new battery”) or negative
lognormal distribution (“Battery life losses compared to a new battery™).
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In this way, all decision makers have a positive valuation of savings and
a negative valuation of losses.

With the utility functions Uy i and Uz ni, one can evaluate which
model best represents the data. As Uj ,; does not include coefficients for
vehicles, and Usz i does, a better fit of U, 5 would mean that explicitly
separating the effect induced by the vehicle size adds value to the model.
Therefore, the comparison of Uj n; and Us ni helps determine the rele-
vance of the vehicle price in estimating the demand for remanufactured
batteries. The actual significance of the influence would be determined
when analyzing the model results. There are numerous methods for
selecting the most appropriate model from a range of alternatives. Two
widely used measures from the class of penalized model selection
criteria are the Bayesian Information Criterion (BIC) and the Akaike
Information Criterion (AIC) (Kuha, 2004). These measures are based on
the log likelihood of the model and weigh it against its complexity
(Kuha, 2004). Consequently, if two models have the same explanatory
power but one model uses more attributes, making it more complex, the
simpler model with fewer attributes will have a better BIC and AIC. This
approach of penalizing complexity aims to prevent overfitting. Lower
values for AIC and BIC are considered preferable as they represent a
smaller information loss (Mariel et al., 2021).

The superior model is utilized to analyze statistically significant
differences within the population based on age, income, and other
characteristics by examining the coefficient means of subgroups using a
one-sided (Welch) Analysis of Variance (ANOVA), following the
approach Paetz (2020) applied. This technique is feasible since HB es-
timates coefficients at the individual respondent level. In essence, each
characteristic that is being examined (cf. Table 2) is treated as a cate-
gorical factor, and each respondent’s coefficient estimates are consid-
ered as one realization of an experiment. To determine whether the
mean of a specific coefficient, such as <@ differs between re-
spondents belonging to different groups, for example, income groups
0 to 5, the variances of the betas within and between the income groups
are compared with those of all other income groups. The results of an



S. Huster et al.

ANOVA indicate if the means of all groups are equal, or if at least one
pair of means is unequal (Shingala and Rajyaguru, 2015). Prior to
conducting the ANOVA, the normality and homoscedasticity assump-
tions are assessed using the Shapiro-Wilk test and the Levene statistic,
respectively, at a significance level of 0.05. IBM’s SPSS software is used
to perform these tests and the ANOVA. In the event that the ANOVA
reveals disparities among any of the classes, post hoc Games-Howell
tests are conducted at a significance level of 0.05 for further examina-
tion. The Games-Howell test is a multiple comparisons test that enables
the identification of which group means differ from each other, even in
the absence of homoscedasticity (Lee and Lee, 2018).

In addition to conducting an ANOVA to test for differences in the
coefficients based on one of the basic utility models, a third method for
estimating utility, Us ,;, is employed. This approach takes into account
the individual respondents’ characteristics c for the battery attributes. If
the model based on utility function Us,; outperforms the one that uti-
lizes Uj ni, the vehicle attributes are also included in the analysis.

Usme =asci+ D (B + %) X[+ (B + A7) %] + e
Battery
characteristics b
(6)

In Us,it, there are two coefficients, ﬁ’f’l(v) and ﬁf’l(v)'c, which are used to
describe the valuations placed on battery and vehicle attributes by the
entire population, as well as the deviations of certain subpopulations
from the population mean and their normal distribution. For instance,
the population’s ¥ could follow a lognormal distribution with a
mean of 2 and a standard deviation of 0.5. This indicates that a 10 %
reduction in battery costs would result in an average increase in utility of
2 utility units. However, for respondents in the age group of 20-30
years, the utility increase might be 0.7 units higher on average. This
would be represented by gt s 20-30 haying a mean of 0.7 and
Xﬁe 20-30 =1.

From Eq. (6) and Table 2 it becomes clear that, except for age, all
customer characteristics are considered to add to utility linearly. For
example, with regard to education that means f2°4“can js multiplied by
zero for the basic education group, by one for the intermediate group,
and by two for the advanced group (cf. Table 2). There are other ways to
specify utility, for example higher-order polynomials or semi-log
transformations, which could accommodate for rising or decreasing
influence of coefficients’ levels (Han et al., 2022). However, only the
simple linear specification was used, since other forms of interactions
could also be uncovered by descriptive statistics obtained from utility
functions U; and Us.

The reason for conducting a double evaluation of the influence of
respondent characteristics, once using ANOVA and once with a dedicated
model, is to address the issue of HB estimation causing individual co-
efficients to shrink towards the population mean (Crabbe and Vande-
broek, 2012). Consequential, differences between subgroups might be
reduced. By introducing covariates for respondent characteristics, there
are more potentially relevant subgroups to whose mean the covariates can
shrink. The third behavioral model is then compared to those estimated
using Egs. (4) and (5), with the AIC and BIC serving as evaluation criteria.
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The mixed logit models with HB estimation technique are calculated
using R, version 4.2.2, and the R-Package “Apollo” (Hess and Palma,
2019). All priors for normally distributed coefficients were set to zero.
The means of those following lognormal or negative lognormal distri-
butions were set to —3 and 3 respectively, to start close to zero as well.
The models were simulated using 100,000 burn-in iterations and 50,000
valid iterations in a MCMC simulation. The estimates were found to
converge within the burn-in iterations upon visual inspection.

4. Results

Reconditioned batteries have been chosen by the participants of the
survey in about half of the choice situations. A new spare battery and no
spare battery, i.e., a replacement of the vehicle, were selected with
approximately equal share (24 % each). Fig. 3 reveals that this distri-
bution of 52 % choice of reconditioned batteries and 24 % for both new
batteries and the none option is not valid for all respondents. There is a
small proportion of survey participants who never selected the recon-
ditioned battery (4 %), while 7 % selected them in all or almost all cases
(13 to 14 of 14 times). 5 % would replace their car in (almost) all cases,
while 40 % would never choose that option. The new battery option was
chosen zero times by 31 % of the respondents, and 13 to 14 times by 1 %
of the respondents. Many participants made choices between one and
twelve times for each option, indicating that the options’ attribute levels
(as shown in Table 1) influenced their decision. Overall, research
question 1 can be answered positively: It appears that there is accep-
tance of reconditioned batteries, albeit subject to specific conditions that
require further investigation and clarification.

4.1. Results concerning battery and vehicle characteristics

In Section 3, two initial models were developed to evaluate whether
vehicle attributes should be considered in the analysis, based on the
utility functions outlined in Egs. (4) and (5). The model based on Uj p,
which did not include vehicle attributes, resulted in an AIC of 15,359
(BIC: 15,506), while model U, ,;;, which included the attributes, yielded

Table 3
Posteriors of the mixed logit model with utility function Uz y; (Eq. (5)).
Mean Standard deviation
ASCnew battery” 0.00 0.00
ASCreconditioned battery 3.34 2.47
QASCnone option 0.89 4.24
pear price 1.50 0.52
new battery
pear price 1.13 0.46
reconditioned battery
pear price -0.14 1.05
none option
ﬁbattery cost savings 1.18 0.86
ghattery life losses ~1.53 1.03
gbattery GHG savings 0.26 0.29

# @SCnew battery 15 @ non-random coefficient with the fixed value “0” as a base-
line for the other asc’s.

0,
g =t 40% s
S 40% " o
s 31% a0 28%
g 4% 8
S 30% 24% 25%
2 0% 17% 16% 18%
g e 9% 0
= 10% 4% 6% 5% 1% 5%
o (J 2% 1%
© o mm [ | iy m-
© ()
5 0 1-3 4-6 7-9 10-12 13-14

Frequency with which respondents selected an option

® Reconditioned spare battery

m New spare battery

No spare battery

Fig. 3. Frequency of respondent selections of each option. Each respondent made 14 choices.
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an AIC of 14,811 (BIC: 15,134). As smaller values indicate a better
model fit, U, ,; is deemed superior to Uy ;. In accordance with Section
3.3, a third mixed-logit model was estimated that incorporated co-
efficients for respondents’ characteristics, based on utility function Us n;
as defined in Eq. (6). However, this model yielded much larger AIC and
BIC values (21,176 and 42,170), making it less suitable than the previ-
ously mentioned models. Consequently, both models U; i and Us ;; are
disregarded, and the analysis proceeds with the model based on Uy p;.
Table 3 displays the coefficient posteriors of the mixed-logit model.
The results indicate a positive alternative-specific constant for recondi-
tioned batteries, which provides a base utility of 3.34 units relative to
the “new battery” alternative. However, the standard deviation is rela-
tively large at 2.47. Nonetheless, a normal distribution with a mean of
3.34 and a standard deviation of 2.47 still yields positive values in

(3342472)(0) = 91%) . That

means, in 91 % of the cases a higher utility stems from choosing
reconditioned battery compared to choosing a new battery, before
considering specific battery and vehicle attributes. The alternative-
specific constant for the “none” option presents a different picture.
Although the mean is positive, providing an average utility of 0.89
relative to the “new battery” option, the standard deviation of 4.24 in-
dicates that only 58 % of the draws yield a positive part-worth utility

approximately 91 % of the draws (1 — Fy_

a- FX~N(0_89,4A242)(0) ~ 58%). Consequently, 42 % of the draws are

expected to produce a negative utility for the “none” option compared to
the “new battery” option. A negative value means that the option is less
favored than the baseline before considering specific option
characteristics.
The cost of a vehicle can alter the appeal of various alternatives. As a
reminder, the vehicle attributes contribute to the utility with the term
Y, @ X, (cf. Eq. (5)), and X}, is coded as 0, 1 and 2 for the low-cost,
medium-cost and the high-cost vehicles (cf. Table 1). The car prices
are the same for all options within one choice set. As automobile prices

increase, the appeal of both new and reconditioned battery options also
car price
new battery?

approximately one-third higher than that of a reconditioned battery,
car price
/ reconditioned battery®

battery option gains 1.5 utility units on average the higher the car price,

grorpree | pattery Of 1.13 shows 1.13 utility unit
gains on average the higher the car price. This indicates that the more
expensive the vehicle, the more likely it is that the battery will be
replaced with either a new or a reconditioned battery. Additionally, the
more costly the car, the more respondents tend to favor new batteries. It
is worth noting that the mean value of the car price attribute for the

rises, with the mean beta coefficient for a new battery, /3 being

}car price

new battery of 1.5 means that the new

Specifically, a mean

and analogously, a mean

Table 4
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“none” option is close to zero, suggesting that the “none” option was not
significantly impacted by the price of the vehicle.

The battery attributes also influence the utilities of the options
(/}’r’l . xﬁ, cf. Eq. (5)). Among the various attributes of a battery, the loss of
battery life compared to a new battery has the greatest impact on
average utility. With a mean of —1.53, the coefficient of one unit of
battery life loss (1 year or 10 %) is approximately 30 % higher than the
beta mean for a 10 % cost savings compared to a new battery and nearly
five times the beta mean for a 10 % GHG savings compared to a new
battery. It should be noted that the coefficients of battery attributes
follow lognormal distributions (as outlined in Section 3.3), thus ensuring
that the valuation of cost savings and GHG savings is always positive,
while the valuation of life losses is always negative.

4.2. Results concerning observable characteristics

The examination of coefficient means within subgroups to identify
statistically significant differences in age, income, and other observable
characteristics was conducted through a one-sided (Welch) ANOVA. The
Shapiro-Wilk test and Levene’s test at significance level 0.05 were uti-
lized to assess the normality and homoscedasticity of the mean distri-
butions (cf. Section 3.3). Only 20 % of the subgroups were found to
follow normal distributions, with the remainder being classified as non-
normal. One subgroup could be the means of SPate ost saVings within the
age group “30-39” (cf. Table 1). However, an ANOVA has shown to be
robust for non-normal data (Blanca et al., 2017), so non-normality does
not contradict the usage of a normal ANOVA. Homogeneity of variances
can be assumed for 82 % of the attributes according to a Levene’s test, i.
e., there is no homoscedasticity for 18 % of the attributes. This rules out
a classic ANOVA since it is not robust under the violation of homosce-
dasticity (Bishop and Dudewicz, 1981). In this case, it is often recom-
mended to use a Welch ANOVA instead (Jan and Shieh, 2014), which
was done here. However, the classic ANOVA and the more robust Welch
approximation lead to the same results concerning equality of means at
the significance level of 0.05.

The results indicate that there are no discernible differences among
participants with varying educational backgrounds. With regard to in-
come and residence classes, only one coefficient stands out as signifi-
cantly different. Specifically, for the income classes, it is the alternative-
specific constant for the “none” option, and for the residence classes, it is

car price
the ﬂ reconditioned battery

The most notable disparities between the coefficients’ means are
primarily evident in relation to the demographic characteristic of age (4

car price
new battery

that varies.

out of 8 coefficients, as demonstrated in Table 4). decreases

with higher age, so that older respondents differentiate slightly less

Welch ANOVA for the respondents’ attribute “age” and means of the coefficients within the age subgroups.

Welch ANOVA? Means for subgroup age [years]

Statistic® <29 30-39 40-49 50-59 60-69 >70
ASCreconditioned battery 0.776 3.413 3.105 3.405 3.380 3.371 3.472
@SCrone option 1.563 0.133 0.768 1.062 1.219 0.426 —0.006
ﬂ;z:vP,;i:;e’y * 1.554 1.506 1.491 1.507 1.466 1.456
/;f“’oi"’iil?; ned battery 1.548 1.143 1.127 1.134 1.128 1.151 1.155

econditioned ba

ﬂiﬁgj;‘;ﬂn 2.752%* —0.381 —0.162 —0.100 —0.136 —0.088 —0.122
phattery cost savings 3.942%%x 1.303 1.227 1.155 1.190 1.082 0.841
phattery life losses 6.731%** —1.858 —1.600 —1.460 —1.505 —1.436 -1.079
ﬁb‘lm’y GHG savings 1.435 0.308 0.255 0.241 0.254 0.277 0.289

#Analysis of variance.
bAsymptotically F distributed.
*Significant at the level of 0.1.
**Significant at the level of 0.05.
***Significant at the level of 0.01.
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Table 5
Welch ANOVA for the respondents’ attribute “EV ownership” and means of the
coefficients within the subgroups.

Welch ANOVA?  Means for subgroup electric vehicle
ownership
Statistic® No Yes
ASCreconditioned battery 0.488 3.295 3.375
ASCnone option 16.409%*** 0.345 1.405
pear price 0.019 1.499 1.500
new battery
g price 2.391 1.139 1.129
reconditioned battery
pear price. 3.132% —0.182  —-0.104
none option
ghattery cost savings 3.798*% 1.209 1.138
ghattery life losses 12.756%** -1.604 -1.435
phattery GHG savings 9.938*** 0.280 0.238

2Analysis of variance.
bAsymptotically F distributed.
*Significant at the level of 0.1.
**Significant at the level of 0.05.
***Significant at the level of 0.01.

between the vehicle price classes when opting for a new spare battery.
However, the decrease is not linear with age, and not all subgroups differ
from all other subgroups in a statistically significant manner. A Games-
Howell post hoc test reveals that the means of the youngest group
(“<29”) deviate from those of the “40-49”, “60-69” and “>70” year old

groups, while other deviations are not significant at the 0.05 level. A

car price

similar pattern is observed for B, ;¢ onrion-

Once again, significant dif-
ferences occur between the youngest group (“<29”) and older groups,
particularly the three groups between 30 and 69 years. The older groups
base their decision for or against the none option less on the car price
than the youngest group does. The mean values of the coefficients
phattery cost savings oy ghattery life losses 5154 differ between the age groups

according to the Welch ANOVA. However, for the gPattery cost savings:s that
only applies to the two youngest groups (“<29” and “30-39”) compared
to the oldest group (“>707) in a statistically significant manner, as
demonstrated by a Games-Howell post hoc test at the 0.05 significance
level. With regard to the gbattery lifelosses>s the youngest group’s means
are distinguishable from almost all other age groups’ means (“40-49”,
“50-59”, “60-69”, “>70"), and additionally significant differences occur
between the age groups “30-39” and “>70", and “50-59” and “>70".
Thus, in terms of age, the strongest influence is observed for the battery
lifetime reductions, that younger respondents punished to a greater
extent than older respondents.

Table 5 indicates notable variations between EV owners and non-EV
owners with respect to three coefficients. First, EV owners have a

Table 6
Influence of self-assessment on coefficients’ means.
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stronger preference for the “none” option compared to the “new” option
than non-EV owners (ascCnone option)- Second and third, non-EV owners
view each year of battery life losses from a reconditioned battery
compared to a new battery as worse than EV owners, and they also
derive slightly greater utility from less GHG-intensive options. As there
are only two groups involved, i.e., EV owners and non-EV owners, post
hoc tests are not applicable. Any statistically significant deviation in the
coefficient means detected by the Welch ANOVA by default is indicative
of differences between the two groups.

4.3. Results concerning self-assessment of the respondents

The study participants were asked to identify the most and least
important battery attributes regarding their decision, which are non-
observable and depend on their self-assessment. A Welch ANOVA was
applied, revealing statistically significant differences in the coefficients’
means of battery cost savings, battery life losses, and GHG savings be-
tween the groups who rated the attributes most, second-most, and least
important (cf. Table 6). The results indicate that respondents who rated
battery price as the most important attribute derive greater utility from
each 10 % of cost savings compared to those who rated it least impor-
tant. Similarly, those who considered battery life expectancy as the most
important attribute place a higher value on each year of battery life loss
than those who ranked it least important. Additionally, those who
ranked environmental friendliness as the most important attribute place
a higher value on every 10 % of GHG savings compared to those who
ranked it least important. However, the effect is smaller than expected,
measured by the Marginal Rates of Substitution, i.e., the rates at which
respondents are willing to trade one level of one attribute for a level of
another one (Lancsar and Louviere, 2008; Mott et al., 2020). Even those
who ranked environmental friendliness as the most important attribute,
require 41 % of GHG savings to compensate for one year (=10 %) of

battery life loss ( —1.367/0.335

~4.1 > For those who rated battery

price as the most important attribute, the intersection is at 66 % GHG

z5.9>

GHG savings for those who ranked battery life the most important
attribute.

Similarly, the statement that battery price is the most important
attribute does not imply that a 10 % reduction in price is equivalent to a
10 % loss in battery life. The respondents who ranked the battery price
as the top priority actually place a 10 % decline in battery life on par

—1.466/0.221 —-1.6150.276

w6.6>, and 59 % (

savings (

with a 11.7 % price reduction < —1.466/1.253

~ 1.17). Those who

selected life expectancy as their primary concern require an average

Self-assessment concerning importance of attributes

Bbattery cost savings

Bbattery life losses pbuttery GHG savings

most important 1.2 -1.466 0.221
Battery price 2" most important 1.188 -1.608 0.265
least important 0.953 -1.460 0.341
most important 1.168 -1.615 0.276
Battery life expectancy 2nd most important 1.205 -1.469 0.244
least important 1.082 -1.350 0.256
most important 0.922 -1.367 0.335
Environmental friendliness 2"d most important 1.063 -1.452 0.288
least important 1.244 -1.564 0.240

Shaded values indicate the corresponding coefficients and attributes

Shaded values indicate the corresponding coefficients and attributes.
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price reduction of 13.8 % <‘71.615/1.168

z1.38> to gain equal
utility.

5. Discussion

The discrete choice experiment addressed the three research ques-
tions presented in Section 1. Firstly, the study revealed that there could
be acceptance of reconditioned EV batteries as spare parts. A consider-
able number of respondents opted for this option when presented with
the hypothetical choice of replacing a faulty battery in their EV, outside
of the warranty period, with a new or reconditioned spare battery, or
scrapping the EV and purchasing a working vehicle. Secondly, the study
found that the choice is primarily influenced by the expected battery
lifetime and the associated costs. Ecological factors play a minimal role
and are more of a bonus. Moreover, the study identified that general
beliefs about the options, expressed as alternative specific constants,
play a role and are partially dependent on the EV’s original price.
Thirdly, differences between potential customer groups with regard to
observable factors are mainly related to the age of the respondents, and
to respondents actually owning an EV or not. EV owners, who may face a
less hypothetical choice situation than non-EV owners, were found to
slightly prefer the “none” option, i.e., scrapping the vehicle and
replacing it, over the “new” option. Additionally, they were less punitive
towards reductions in the life expectancy of reconditioned batteries
compared to new ones. This finding aligns with research that suggests
that the fear of a limited range of EVs, which is closely associated with
the expected battery lifetime, is more pronounced in individuals without
EV experience (Rauh et al., 2020). The self-assessment of the re-
spondents concerning the most and least decisive battery characteristics
showed a connection between stated choice and stated importance of the
attributes, however, the connection was relatively weak.

5.1. Comparison with other studies’ findings

The results mainly support the findings of other studies. The
importance of price attributes has been found for EVBs (Tondolo et al.,
2021), EVs (Bhat et al., 2024; Han and Sun, 2024) and non-EV related
products (Klemm and Kaufman, 2024). Also the decisiveness of battery
life has been pointed out before by Hunka et al. (2021) for remanufac-
tured mobile phones, or the quality of circular products in the tech-
nology, household and personal care sector by Abbey et al. (2015a). The
study found that the environmental attribute had a low influence, which
aligns with Aydin and Mansour (2023), who determined the relative
importance of CO, emissions compared to the other examined factors to
be 3.4 % only. Concerning the influence of socio-demographic factors,
results in the literature have been mixed. Bhat et al. (2024) examined
the adoption of EVs and found age and EV ownership to have significant
effects, which is in line with the findings of this study. The results of
Abbey et al. (2015b) indicate significant influence of age and number of
children on the attractiveness of remanufactured products of the tech-
nology, household, and personal care segments. Some of the segments
were also influence by other socio-demographic factors. For techno-
logical products, education and income did not show significant effects
(Abbey et al., 2015b). Kim et al. (2014) identified significant influences
of socio-demographics on the intention to purchase an EV for gender and
education, and no significances for age and income.

5.2. Limitations

While the findings regarding the examined attributes are mostly in
line with the literature, the attributes were limited to the vehicle price,
the battery price, the battery life expectancy and the battery GHG in-
tensity. There may be other attributes that also influence the decision
making of consumers. For example, Tondolo et al. (2021) found the
purchasing likelihood of EVBs to be higher when service was included.
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On the other hand, Liao et al. (2018) report only minor effects on EV
attractiveness when leasing options were present. The effect of service
offers or alternative business models in combination with the examined
attributes remains an open question. The same holds for other potential
attributes like policy interventions, that were examined for example by
Li et al. (2022) or Wang et al. (2017) with regard to EV adoption.

Further potential limitations may exist concerning the method of the
survey and the analysis. This study employed a mixed logit behavioral
model and Hierarchical Bayes estimation based on a stated choice study.
The data basis may be enhanced by combining it with data about
revealed preferences, i.e., observing peoples’ choice behavior, as for
example Brownstone et al. (2000) did. As the offers for reconditioned
EVBs are rare right now, the data basis would also be limited, but that
could change in the future. Additionally, applying a mixed logit model
requires making assumptions about the form of the density functions of
coefficients. In this study, all coefficients related to costs and quality
losses were defined to follow a negative lognormal distribution, all co-
efficients relating to GHG saving were assumed to follow a lognormal
distribution, and all other coefficients were modeled as normal distri-
butions. While those are common distributions (Hensher and Greene,
2003; Train, 2009), it has not been investigated if others fit the use case
better. Moreover, there is no standard way on how to define utility
functions. Here, three forms were tested and the selection criteria BIC
and AIC were used to choose the best one of the three. However, there
are many more ways utility could be defined, potentially affecting the
results. Furthermore, different approaches to reveal heterogeneity could
be applied. In this study, socio-demographic markers and the self-
assessment of respondents were used for a priori segmentation. A
latent class approach could be used to find segments instead (Eggers
et al., 2022).

One fundamental question remains regarding the scope of the re-
sults. The study utilized a discrete choice survey, which was completed
by 1152 participants, of whom 837 provided complete information for
further analysis. While this sample size is reasonable, as Johnson et al.
(2013) found that the precision of studies typically does not increase
significantly beyond 300 observations, it is important to note that the
analysis entailed sub-groups of much lower size (cf. Table 2). Conse-
quently, the results for these smaller groups must be interpreted with
caution. Additionally, the sample is not representative of the German
population. Probably due to the distribution channels of the survey link,
i.e., EV forums and a YouTube channel for battery related topics, and its
target group, about half of the respondents own an EV, and about 98 %
are male. However, one could argue that this technically interested
group that networks in EV forums and watches technical battery videos
could be the early adopters of reconditioned batteries, who may be
influential in shaping the opinions of other car owners. Nonetheless,
further research is necessary to validate the findings with a more diverse
and representative sample. Moreover, such further research could be a
panel and uncover whether there are developments in customers’ pref-
erences over time, since this study only covers a single survey.

5.3. Impact of stakeholders

It should be noted that the success of reconditioned batteries as spare
parts does not only depend on customer acceptance. It is essential that
workshops are aware of the option of reconditioned batteries, endorse it,
and present it to customers. This option is contingent upon the avail-
ability of reconditioned batteries in the market, which relies on OEMs
and potentially other market players such as independent third-party
refurbishing companies in the future. Currently, recycling is the
default battery End-of-Life option in the EU, as it is required by law, and
recycling an EV battery costs more than selling the regained raw ma-
terials yield (Gernant et al., 2022). OEMs are legally obligated to take
back used EV batteries and cover the costs for recycling (European
Parliament and European Council, 2023). Consequently, as long as
recycling remains unprofitable, third parties are likely to accept the
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enforced offer and return used batteries to the OEMs, who then decide
whether to recycle them directly or to recondition or repurpose them
first. Therefore, OEMs are currently the key players in deciding for or
against reconditioning. They also control their service network of
workshops and can influence whether or not their workshops offer
reconditioned spare parts. When recycling becomes profitable, control
over End-of-Life batteries may shift. If a third-party firm reconditions or
repurposes an EV battery, it assumes responsibility for the final treat-
ment, i.e., recycling, according to the new EU battery regulation (Eu-
ropean Parliament and European Council, 2023). Thus, the profitability
of recycling could enable other second-life strategies. On the other hand,
when recycling becomes profitable, it could be a strong alternative to
second-life concepts due to the lower economic risk. Furthermore, the
introduction of EU quotas for secondary raw materials in battery pro-
duction, which will take effect in 2031 (European Parliament and Eu-
ropean Council, 2023), may favor recycling over reconditioning. It is
evident that political will, as demonstrated through the enactment of
legislation, plays a significant role in determining the End-of-Life
pathways for EV batteries.

5.4. Implications for stakeholders

This study indicates that there may be demand from the customer
side when the batteries are durable and competitively priced. In case
policy makers want to foster the spread of reconditioned EVBs, these are
the starting points for action. Quality could be promoted by funding
research projects dealing with developing EVB reconditioning processes.
Another step for quality promotion has already been done by the EU
battery regulation by defining the term “remanufacturing” so that
remanufactured batteries must have a capacity of at least 90 % of the
original battery. In this way, customers can be certain about the quality
if the EVB is labelled “remanufactured”. Other terms, like reconditioning
or refurbishment, are not protected. The price of reconditioned EVBs can
be impacted by governments by various means. For example, they can
provide subsidies for end customers in the form of a circularity premium
or financially support reconditioning activities within the industry.
Additionally, governments can invest in research and development to
improve cost-efficient processes. Instead of lowering the costs and
improving the quality of reconditioned EVBs, policy makers can also
focus on changing customer perception of reconditioned batteries. For
example, they could support business models that rent out reconditioned
spare batteries, which could reduce the importance of battery longevity
and overall costs. Governments could, for instance, tax those circular
products less, create suitable legislative frameworks, or make use of
circular battery options in public vehicle fleets.

OEMs and reconditioners could also promote reconditioned batteries
without government support. To successfully introduce reconditioned
batteries to the market on a large scale, this study suggests they
concentrate their research and development efforts on the aspects of
battery longevity and cost competitiveness, and on batteries for more
expensive cars. The results of this study can also be used to target
advertising to different demographics, particularly younger consumers
who place a high value on battery life expectancy.

Lastly, end customers could evaluate their decision making based on
the study results. Although it may seem intuitive that a longer EVB
lifespan is always preferable, it could be argued that for vehicles aged
eight years or more, an EVB with a like-new lifespan may not always be
essential. By taking a step back and reflecting on their decision-making
process, end users may gain a different perspective and potentially alter
the outcome.

6. Conclusion
The findings of the study indicate that the durability of batteries is

the primary concern for consumers when deciding on the replacement of
defective EV batteries, followed closely by the batteries’ price. This is
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particularly true for respondents who are younger and those who do not
own electric vehicles. The significance of ecological sustainability in the
purchasing decision is relatively minor, even among those who consider
environmental friendliness to be the most important attribute in their
decision-making process. The vehicle price segment should also be taken
into account, as the results show that the likelihood of replacing a bat-
tery with either a new or reconditioned battery is greater in more
expensive vehicles. However, the more costly the car, the more re-
spondents tend to favor new batteries.

Future research may supplement the outcomes of this study by
implementing a more comprehensive and diverse survey sample, and by
collecting data from additional countries for cross-cultural comparisons.
Additionally, research could contribute to the topic of acceptance of
reconditioned batteries by broadening the scope from consumers to
other stakeholders in the battery value chain, like workshops.
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